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Chapter 1 

2 

Outline and objectives 

For decades, batchwise manufacturing was the standard for production of oral solid dosage forms in 

the pharmaceutical industry. However, batch processes need excessive inventories, have high 

manufacturing costs, suffer from scale-up issues and are often sensitive to variability which may result 

in batch rejects and accordingly low manufacturing efficiencies.  

In contrast, continuous manufacturing offers several advantages such as accelerated development 

timelines, cost reduction, improved quality and real time release testing which are important 

economic drivers for change. However, before the tightly regulated pharmaceutical industry will 

embrace this technology as a viable platform for drug product development, a multivariate 

understanding of the technology and a fully tested and proven framework for process development 

and control need to be established. In this context, screening new formulations for their continuous 

manufacturability whilst minimizing material consumption is essential during early stages of drug 

product development where a limited amount of the active pharmaceutical ingredient is available. 

This project aimed to bridge the gap between this new continuous manufacturing technology and its 

implementation in the pharmaceutical industry. Although technical know-how about the continuous 

direct compression platform is available at the equipment manufacturer, a fundamental 

understanding of how equipment, process and material variables impact the performance of this 

innovative manufacturing platform in a multivariate way remains scarce within the industry. 

Moreover, the number of scientific papers that investigate these specific unit operations and/or 

integrated continuous direct compression platform remains very limited. Therefore, the ConsiGmaTM 

continuous direct compression platform was investigated to (a) improve process knowledge and 

process understanding of this novel manufacturing tool for a low dose immediate release and a high 

dose sustained release model formulation and (b) establish API sparing strategies for enabling drug 

product and process development on a commercial scale continuous manufacturing platform. To 

meet these objectives, the following specific studies were performed:  

Chapter two presents an introduction wherein the current landscape of continuous pharmaceutical 

manufacturing is described. The aim is to describe the drivers and barriers for continuous 

manufacturing and highlight its unique aspects. The ConsigmaTm continuous direct compression 

platform is described as an example of state-of-the-art technology.  

Chapter three presents a framework for process and product development on a continuous direct 

compression manufacturing platform. Literature studies revealed that significant challenges needed 

to be overcome to enable continuous direct compression of sustained release formulations. Among 
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them, in depth characterization of the continuous mixing stage, improving product quality and 

exploring the impact of operating at flow rates relevant for pharmaceutical manufacturing. In this 

work, a challenging sustained release prototype formulation with high content of a poorly flowing low-

density drug was selected. This study aims to investigate the impact of process parameters and HPMC 

grade on the process (e.g. material flow, strain and fill level) and product quality descriptors (e.g. blend 

uniformity, content uniformity, weight variability, tabletability) at the unit operation and integrated 

line level. This study also aimed to scale-up the flowrate towards its operational limit whilst evaluating 

the impact on the above-mentioned descriptors.  

Chapter four describes a continuous direct compression process for a low-dosed drug product. This 

study aimed to tackle the macroscopic and microscopic blend uniformity challenges inherently 

associated with continuous direct compression of cohesive and agglomerated APIs formulated at low 

dose. The central challenge was to design an impeller configuration which can meet the stringent 

uniformity requirements. A second aim was to investigate how the design of the equipment, 

formulation and process can impact the lubrication step of a continuous direct compression platform. 

In chapter five, a holistic material characterization was performed for a wide variety of active 

ingredients and excipients. This study aimed to rationalize the number of critical characterization 

techniques and to set-up a library for identification of surrogates that can substitute active ingredients 

during early drug product development. Principal component analysis was applied to reveal 

similarities and dissimilarities between materials and to identify overarching properties. Additionally, 

this database allows to establish predictive models for in silico process development.  

In chapter six, the residence time distribution (RTD) was characterized in two screw feeders for nine 

materials with differing properties which were dispensed at varying mass flow rates. In addition, the 

RTD was estimated at varying hopper fill levels to understand the material flow within the feeder. This 

study aimed to establish a quantitative relation between the material properties, mass flow rate and 

step change level as inputs and the RTD responses as outputs. Such approach could enable RTD 

prediction based on bench top material characterization which is relevant during drug product 

development when control strategies need to be established for clinical manufacturing and the 

availability of the active ingredient is limited. 

In chapter seven, twenty-nine divergent materials were selected out of the previously established raw 

material property database. Subsequently, these materials were subjected to volumetric and 

gravimetric feeding trials on two screw feeders. This study aimed to set-up a quantitative relation that 

describes feeding behaviour (feeding capacity and variability, feed factor decay, residual material in 

the hopper upon emptying) as a function of raw material properties and screw speed capacity for two 
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screw feeders. A second aim was to present a framework for analysis and interpretation of gravimetric 

feeder data. Both feeder models facilitate assessing the feasibility of processing a formulation on the 

continuous manufacturing platform. The predicted variability and/or gravimetric database allows, in 

combination with the residence time distribution process model, to optimize downstream units to 

ensure that upstream variations in the feeding units are sufficiently dampened.  

In chapter eight, thirty divergent blends were composed based on the established raw material 

property database. Subsequently, these blends were compressed on a rotary tablet press where the 

effect of paddle wheel and turret speed was investigated. This study aimed to establish a quantitative 

relation between blend properties, paddle wheel and turret speed as inputs and the quality attributes 

of the drug product and sensors of the die-filling process as outputs. This approach could save 

resources during early drug product development by screening the die-filling performance of new 

formulations through bench-top characterization in-lieu of material-consuming and destructive die-

filling studies on a rotary tablet press. 

Chapter nine gives a detailed outline of the broader international context wherein this research is 

situated, with specific attention to the economic and/or social relevance, future developments 

expected in this research area, and the potential contribution of this thesis to these developments.  

Finally, a summary and general conclusion are provided in chapter ten.  

A bibliography and curriculum vitae can be found in chapter eleven and twelve, respectively.  
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1 Manufacturing in the pharmaceutical industry 

For decades, batchwise manufacturing was the standard for production of oral solid dosage forms in 

the pharmaceutical industry (Vervaet and Remon, 2005). In contrast, the continuous manufacturing 

(CM) model has been used successfully for many years in the automotive, food, consumer and 

petrochemical industry to improve manufacturing efficiency and reduce costs (Ierapetritou et al., 

2016).  

2 Batch versus continuous manufacturing  

In a batch process, raw materials are charged into a single unit operation after which the process is 

run at validated settings until the pre-determined endpoint is achieved. Next, the material is 

discharged from the unit (Figure 1). The quality of the (intermediat product is then tested through off-

line, destructive and time-consuming analytical methods whilst the intermediates are temporarily 

stored in the warehouse until all quality requirements are met and the material can be introduced 

into the next unit operation.  

t = 0 t -> Steady statet =Start-up t = Emptying t = Endt = Steady state 

Product Product

Raw materials Raw materials Raw materials

Continuous process

Product

Raw materials

t = ∞ 

t = Loading t = Unloading t = Endt = Processing 

Product

Raw materials

t = 0

Batch process

 

Figure 1: Batch and continuous process. The green and red streams indicate inflow stream of raw 
materials, the yellow stream indicates the outflow stream of processed materials.  

In contrast, a continuous process uses the ‘one in, one out’ principle where materials are first loaded 

in the unit during start-up until the steady state hold-up mass is achieved, at which raw materials are 
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continuously fed into the process, transformed within the process, and the finished products 

continuously removed from the process at the same flow rate to maintain a constant hold-up mass in 

the unit operation during steady state processing (Lee et al., 2015b). For solid processes, flow rate is 

the instantaneous rate of a quantity per unit time at which material is either entering or leaving the 

system. These descriptions can be applied to an individual unit operation, a combination of unit 

operations, or the entire manufacturing process consisting of a series of unit operations.  

A conventional drug product manufacturing process consists of a series of separate unit operations 

which are intrinsically of batch (e.g. dispensing, blending, fluidized bed, high shear granulation and 

drying) or continuous nature (e.g. roller compaction, milling and tableting) (Figure 2).  

An integrated continuous manufacturing process integrates all unit operations in one production train, 

without starts or stops in between unit operations. The definition also includes hybrid process trains 

that integrate unit operations of batch and continuous nature. Consequently, assuring the quality of 

continuous process requires continuous monitoring of critical process parameters as well as quality 

attributes of raw materials, intermediates and final drug product via at-line, on-line or in-line 

measurements in the process stream. Perturbations can then be detected in real time which allows to 

steer the critical process parameters through feedback and feedforward loops to keep the system and 

the critical quality attributes of the final product within its (clinically relevant) operational range and 

minimize material losses. In case intermediate product is of unacceptable quality, one can isolate the 

intermediate from the respective unit operation and reject or recycle. In case such unit does not allow 

isolation of intermediates, residence time distribution principles can be apllied to isolate the material 

as final drug product. As raw materials are directly converted into finished products via an integrated 

process train, CM eliminates the need for handling process intermediates and thus accelerates the 

cycle time for release.   
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Figure 2: A conceptual integrated continuous manufacturing process for oral solid dosage products 
compared with a typical batch manufacturing process (Lee et al., 2015a). 

 

3 Drivers for continuous manufacturing 

Multiple drivers pushed the pharmaceutical industry to explore the potential of CM including 

accelerating product development to maximize profits during patent lifecycle, improving cost-

efficiency during development, transfer and commercialization, delivering high quality products and 

lowering environmental footprint. An integrated CM platform has the capabilities of overcoming the 

numerous shortcomings of batchwise manufacturing: 

- Equipment downtime: transitioning through the sequence of unit operations in the batchwise 

manufacturing model yields inefficient utilization of equipment. Each unit has a downtime due to 

the loading, processing and discharging phase of the process. Besides, additional delays arise due 

to sampling and testing of process intermediates but also for documenting that criteria are met 

prior to moving to the next unit operation. Thereby the overall time needed for finishing the 

manufacturing process and releasing the batch can accumulate to weeks in the batchwise 

manufacturing model. In contrast, the integration of lean continuous processes in one 

manufacturing train ensures conversion of powder into tablets in minutes.  

- Non-conforming material: in batchwise manufacturing, quality control and batch release are 

mainly driven through post-production analysis of a limited number of dosage forms. This renders 
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batchwise manufacturing more sensitive to various environmental factors as for instance raw 

material and process variability can propagate into the final drug product in the absence of in-

process control of intermediates. Hence, detection of non-conforming material can trigger the 

need for rejecting or reprocessing an entire batch. Consequently, a high volume of material is at 

risk once the material is loaded in the first unit operation. In contrast, accurate process monitoring 

and control (with feedforward and feedback control) during CM can reduce the number of defects. 

Moreover, if non-conforming material is produced it can be removed from the process stream 

through principles of traceability (Allison et al., 2015).  

- Human resources: the need for multiple manual interventions during and between unit operations 

make batchwise manufacturing labour intensive. In contrast, the communication between unit 

operation process is orchestrated through the automation system in the integrated CM line. This 

might change the workforce from a large operational staff to a small highly skilled crossfunctional 

team. In this context, there is an economic drive as the patent expiration of recent blockbusters 

instantaneously reduced profit margins and forced major pharmaceutical companies to cut in 

operational costs. 

- Supply chain: the scale of a batch process is determined by the dimensions of the equipment, 

whereas the scale of a continuous process can be adjusted through varying the production time. 

This scale flexibility supports a supply chain that can address market needs at all time and was a 

primary driver for other industries to move into continuous technology. Besides the demand 

aspect, batchwise manufacturing also yields inventory challenges: the fixed batch size and need 

for storage of intermediates results in large inventories and loss of shelf-life.  

- Scale-up: batch processes require typically three to five scale-ups between process development 

and commercialization when a scale factor of ten is applied. The additional process 

characterization activities as part of the technology transfer to the commercial manufacturing site 

particularly requires a large amount of resources. Moreover, scale-up activities are typically 

performed under stringent timelines to reach the market as soon as possible. In contrast, scaling 

of a continuous process in time can generally meet the supply demands for the launch of the drug 

product. Hence, CM can shorten commerzialization timelines through eliminating scale-up and 

tech transfer activities. In case the launch scale is sub-optimal over years, numbering up, flowrate 

scale-up or even a scale-up in dimensions can be achieved through post-approval changes when 

the launch pressure dissipated. Moreover, CM allows to develop the process at commercial scale 

and thereby de-risks late stage scale-up and site transfer challenges and potentially associated 

bio-equivalency or bio-availability studies. Pharmaceutical companies such as Janssen, Lilly and 

Vertex, used identical CM lines in the development, clinical and commercial department of their 
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organization. They acknowledge that a one-on-one process transfer unlocks the full potential of 

CM as it allows to reduce development time and consequently enhances the valorisation of the 

patent.  

- Process analytical technology: the Food and Drug Administration (FDA) defined process analytical 

technology (PAT) as a system for designing, analyzing and controlling manufacturing through 

timely measurements (i.e. during processing) of critical quality and performance attributes of raw 

and in-process materials and processes with the goal of ensuring final product quality (Food and 

Drug Administration, 2004). Process analytical tools can make a wealth of process knowledge 

available for process development, trending and decision making during continuous 

manufacturing and process verification, thereby accelerating the implementation of integrated 

quality systems that react in real time to process and product observations through feed forward 

and backward control (Fonteyne et al., 2015c). 

- Footprint: equipment vendors demonstrated their ability to integrate all necessary unit operations 

to convert powders into tablets in one room. Such compact manufacturing trains can reduce the 

size of production facilities and associated capital investment and operational costs (Vervaet and 

Remon, 2005). 

- Quality-by-design: Issues in product quality have produced recalls and caused drug shortages in 

the United States over the past few years. These quality issues were often due to outdated 

manufacturing technologies and equipment as well as lack of an effective quality management 

system (O’Connor et al., 2016). However, patients deserve a consistent supply of safe, effective 

and high-quality drug products and therefore the FDA supports modernizing pharmaceutical 

manufacturing to improve product quality. The pharmaceutical industry should pursue six-sigma 

capable processes with less than 3.4 defects per million opportunities. Besides improving the 

technology, building the quality of pharmaceuticals into the product during development will 

enhance process capability. Quality by design (QbD) is described by the International Conference 

on Harmonization (ICH) Q8 as a systematic approach to product development that begins with 

pre-defined objectives and emphasizes the importance of product and process understanding and 

process control as a strong scientific foundation to support quality risk management (International 

Conference on Harmonisation, 2009). A primary objective of QbD is to establish clinically relevant 

specifications, i.e. meaningful product quality specifications that are based on assuring clinical 

performance. Secondly, increasing process capability will reduce product variability and 

consequently reduce the prevalence of defects. Furthermore, profound process understanding 

will enhance manufacturing efficiency and facilitate post-approval change management. The key 

elements of pharmaceutical QbD include setting up a quality target product profile, product design 
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and understanding, process design and understanding, manufacturing process control through a 

rigorous strategy and continuous improvement (Yu et al., 2014). Several tools are available to 

facilitate the implementation of QbD: prior knowledge, risk assessment, experimental design and 

process analytical technology. Finally, product and process capability are assessed and continually 

improved post-approval during product lifecycle management. 

4 Barriers to continuous manufacturing 

The pharmaceutical industry has been rather conservative towards the integration of unit operations 

in a single process train. Today, several barriers still need to be broken before CM becomes a preferred 

and widely adopted technology platform throughout the industry.  

- New technology: implementation of new technologies, methodologies and equipment is needed 

to implement CM within the pharmaceutical industry. However, the initial research towards viable 

alternative continuous processing technology remains mostly driven through academia and 

equipment vendors. This lack of participation has put the pharmaceutical industry over the years 

in an unfavourable position where they, as end-user, were unable to steer key design aspects such 

as dimensions, material flow and traceability. Hence, late stage modifications to the equipment 

delayed the adoption of the technology.  

- Regulatory uncertainties: for years, the regulatory environment tended to stifle any post-approval 

changes to drug products. This contributed to a continued mindset wherein batch processes were 

perceived as the only acceptable way forward whilst missing upon opportunities to speed up the 

manufacturing and release process (Plumb, 2005). However, regulatory authorities such as FDA 

support the use of innovative technology. They recently recognized that continuous processing 

has the potential to improve product quality and are encouraging the industry to change their 

mindset by stating there are no regulatory hurdles to adopt CM, only a lack of experience by 

manufacturers and both internal and external regulators. Therefore, their emerging technology 

team (ETT) is willing to facilitate the development of this innovative technology through early and 

interactive discussions with the agency during development of a CM process (Food and Drug 

Administration, 2017). Moreover, this team recognized that continuous processes are intrinsically 

more homogenous and have thereby the potential to enhance process robustness. Moreover, 

they advocated the unique opportunities for implementation of advanced process control 

strategies. The FDA issued in 2004 the process analytical guidance for innovative pharmaceutical 

development, manufacturing and quality assurance and highlighted the potential of continuous 

processing to improve quality, safety and efficiency. Likewise, the European Medicine Agency 

(EMA) established a PAT team of assessors and inspectors from multiple regions of Europe to 
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support PAT and QbD activities. The Japanese Pharmaceutical and Medical Devices Agency 

(PMDA) established an innovative manufacturing technology working group. Although these 

teams help to clear out the regulatory misconceptions for the American, European and Japanese 

market, the main barrier for implementation of CM is the lack of global harmonization and 

standardization for control strategies, process validation and stability requirements. 

Pharmaceutical companies cannot afford to miss one part of the global market due to regulatory 

uncertainties, neither can they establish market-specific process control strategies. So far, the FDA 

and EMA have approved the Vertex products Orkambi and Symdeko as well as Prezista of 

Janssen. The FDA and PMDA have approved Verzenio of Lilly (Eli lilly, 2018; Vertex, 2018). Janssen 

implemented CM as a second source drug product manufacturing strategy for Prezista to 

demonstrate not only the technology and operational benefits, but also explore the regulatory 

pathway before engaging in new drug applications.  

- Control strategy: the lack of industry standards and regulatory guidelines resulted in the adoption 

of conservative control strategies during first commercial CM applications. However, these were 

mostly conversions from batch to continuous as second source drug product manufacturing 

strategy with no material or timeline restrictions. These projects set a high bar for clinical 

production that may not always be reached with the available resources and knowledge at earlier 

development stages. Moreover, the upstream active ingredient crystallization process is being 

developed in parallel with the drug product which complicates the attempt to achieve similar 

control capabilities.  

- Idle capacity: substantial investments are needed to replace the available batch equipment with 

novel CM technologies. In addition, there is often idle capacity on batch processing equipment in 

big pharmaceutical companies due to the inherent downtime associated with batchwise 

manufacturing, centralization of manufacturing sites, mergers and acquisitions and reduced 

market demand post the patent lifetime. Consequently, a strong business case is needed to justify 

additional investments in processing equipment.  

- Lack of internal and external knowledge: scientists, process engineers and operators with 

experience in CM are not widely available. Therefore trainings have been organized to facilitate 

transfer of state- of-the-art knowledge (Moghtadernejad et al., 2018). In addition, there are only 

a limited number of contract research and manufacturing organisations with state- of-the-art CM 

expertise and facilities, which reduces the manufacturing possibilities in the external network.  
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5 What is unique in continuous manufacturing? 

5.1 Batch definition 

Several aspects require special attention for enabling CM under current good manufacturing practices 

(cGMP). First and foremost, a clear strategy is required for the definition of a batch in a CM process. 

The FDA defined a batch in 21 CFR 210.3 as “a specific identified amount produced in a unit of time or 

quantity in a manner that assures its having uniform character and quality within specified limits”. 

Here the regulators do not distinguish between batch and continuous processing as the batch 

definition refers to the quantity and not to the manufacturing mode. Moreover, ICH Q7 stated: “In the 

case of continuous or semi‐continuous production, a batch may correspond to a define fraction of the 

production. The batch size can be defined either by a fixed quantity or by the amount produced in a 

fixed time interval” (International Conference on Harmonisation, 2000). Consequently, several 

strategies for batch definition can be pursued during submission. Non-exclusive examples are: driven 

through an elapsed production time, a specific amount of a raw material that was processed, expected 

quantity of material produced, operational considerations such as size of the active pharmaceutical 

ingredient (API) batch or an operator shift. Manufacturers can propose a flexible batch size such as 

the intended size for launch as well as the minimal and maximal anticipated batch size for future 

supplies. The ability to operate continuously over different periods of time enables demand-driven 

manufacturing. The main regulatory expectation is that the batch is produced according to a single 

manufacturing order and during the same manufacturing cycle, the batch size is determined prior to 

manufacturing and the drug product has uniform character and quality within specified limits. This 

flexible environment resulted in an FDA recommendation to align on batch definition prior to 

submission (Zhang, 2017). During batchwise manufacturing, the dosage forms manufactured out of 

one batch are identified by a unique batch number which ensures full traceability with respect to the 

utilized raw materials, settings of the critical process parameters, in-process controls and analytical 

release testing. During extended CM runs, an instant change in raw material batches will cause 

materials to intermingle throughout the process. As a result, understanding the residence time 

distribution is paramount for enabling the identification and diversion of non-confirming material 

during an integrated CM process.  

5.2 Control strategy 

5.2.1 Levels of control 

According to ICH Q8(R2) and Q10, “the control strategy is a planned set of controls, derived from 

current product and process understanding that ensures process and product quality. The controls 

can include parameters and attributes related to drug substance or drug product materials and 

components, facility and equipment operating conditions, in-process controls, finished product 



Chapter 2 

14 

specifications, and the associated methods and frequency of monitoring and control”  (International 

Conference on Harmonisation, 2009, 2008). A batch process requires homogeneity in space, whereas 

a continuous process should be homogeneous over time. Consequently, the control strategy of a 

continuous process should emphasize on controlling drug product quality in response to variations in 

the process and equipment conditions, incoming raw materials, or environment factors over time 

(Nasr et al., 2017). Control strategy implementations generally can be categorized into three levels 

(Lee et al., 2015b).  

The lowest level of control (i.e. level 3) relies on tightly constrained material attributes and process 

parameters. Here extensive end-product testing compensates for the limited understanding of various 

variability sources. However, in such approach the sampling plan of the end-product needs to be 

aligned with the system dynamics as continuous processes are sensitive to transient process 

disturbances.  

An intermediate level of control (i.e. level 2) aims to operate the process with flexible raw material 

attributes and process parameters through the establishment of a multivariate design space. Here the 

improved product and process understanding facilitates the identification of potential variability 

sources that can impact product quality and opens a window of opportunity to shift controls upstream 

and reduce the amount of end-product testing.  

The highest level of control (i.e. level 1) ensures monitoring and control of the quality attributes of 

materials in real time. Here process parameters are adjusted in response to disturbances to ensure 

that quality attributes consistently comply with the established acceptance criteria. This level of 

control requires the design of an engineering control system that expresses dynamic relations among 

process parameters, raw materials and product attributes in a quantitative and predictive manner 

(Rehrl et al., 2018). The risk of producing out-of-specification product is lowered through the 

implementation of adaptive engineering controls which can enable a real time release strategy (Figure 

3). 
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Figure 3: Schematic overview of a traditional (top) and advanced process control (bottom) strategy 
where input variability is mitigated through varying process to ensure uniform product quality. 

 

5.2.2 State of control 

A critical aspect in the control strategy of a CM process is the definition of the state of control. The 

ICH Q10 guideline defines state of control as “a condition in which a set of controls consistently 

provides assurance of continued process performance and product quality” (International Conference 

on Harmonisation, 2008). ‘State of control’ means a condition in which a deviation remains within the 

control limits under the established set of controls, even if the condition changes over time due to the 

fluctuation of external factors. A state of control does not imply the process is at steady state (i.e. the 

state in which the rate of change of all measurable variables within the system are equal to zero). 

Although continuous unit operations can be designed to operate at a steady state, they often run at a 

condition in which a set of critical process parameters and quality attributes are kept within a specified 

range of their target values (i.e. state of control). During normal operation, deviations from these 

target values can occur due to disturbances, but these can be detected and are often small enough to 

be negligible or controllable, resulting in no or minimal impact on product quality. Larger changes in 

process variables and/or quality attributes may happen when the CM process is in a transient state 

(i.e. start-up, emptying, change in operating conditions or material attributes). It is therefore 

paramount for CM to establish a robust control strategy that covers the entire manufacturing 

processs, including also the transient state of the process, and to demonstrate that a state of control 

can be maintained (Almaya et al., 2017). Therefore CM processes may be designed to operate around 

or near a steady state which led to the definition of pseudo steady state for a condition wherein the 

rate of change of one variable, while not zero, is so slow compared to other variables that it can be 

statistically assumed to approximate zero. Furthermore, a quasi steady state is defined for a variable 

that does not hold a steady value but does rapidly cycle around one. Figure 4 depicts the relation 

between the phases of a CM process and the assurance of state of control and steady state. At the 
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start of the process, quality attributes are often outside the control range which requires product 

diversion. Subsequently, product that still reflects the start-up phase moves within the control ranges. 

It is thereby theoretically possible to guarantee “state of control” if the controlled quality attribute is 

within the control range and if robustness during process changes is demonstrated despite the 

transient state of the process. However, one should consider that manufacturing with an unsteady 

process could be technically more challenging (Matsuda, 2018). In contrast, the process can also be in 

a steady state but outside the control ranges which requires diversion of the product. Below, key 

control elements in the control strategy of a CM process are discussed.
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Figure 4: Conceptual diagram that reflects the relation between steady state and state of control. The blue solid lines constraint the control range around 
the target (blue dashed line). Adopted from Matsuda (2018). 
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5.2.2.1 Material traceability 

Tracking raw and intermediate materials to the final product is essential for understanding how 

material and process variation propagates throughout the manufacturing process to determine the 

product that needs to be rejected (García-Muñoz et al., 2017). A batch processes has a discrete, 

physical separation of raw materials which facilitates compliance for traceability. In contrast, 

traceability for a CM process is based on residence time distributions as they elucidate where a 

material resides in the process at any given time (Engisch and Muzzio a, 2015; Nasr et al., 2017). For 

material flowing through a volume, the residence time is a measure of how much time a discrete and 

specific element of the material spends within the volume. The residence time distribution can be 

defined as the overall statistical distribution of all possible residence times that a set of discrete 

elements could potentially stay within the system.  

5.2.2.2 Feeding performance 

In batchwise manufacturing, product homogeneity is controlled through setting tolerances on the 

accuracy of weighing, transferring the materials to a bin which is subsequently run using fixed process 

conditions that were identified during development. In CM, automated dispensing stations ensure the 

homogeneity of the blend. However, these dispensing stations are a primary source of process 

variation as they introduce mass flow errors of various magnitude and duration which propagates into 

inhomogeneities in the inlet stream (Sanchez, 2018). This variation is mitigated through the residence 

time distribution in the unit operations where typically the continuous blenders foresee adequate 

mixed-flow to dampen these mass flow rate deviations (Gao et al., 2011). Obviously, implementing 

residence time distribution modelling in the control strategy is a key asset for operations as it allows 

to predict tablet potency over time and divert non-conforming product when feeder or tablet potency 

limits are exceeded. However, there are several regulatory expectations to implement process models 

for diversion of non-conforming material. First, capabilities of diverting non-conforming material 

should be qualified and validated during development under conditions that reflect routine 

commercial production. Secondly, the conditions in which the model can be applied to adequately 

monitor material traceability need to be defined. Thirdly, maintenance of the strategy is required when 

new sources of material variability (not part of calibration or validation) are introduced during 

commercial manufacturing. Moreover, to enable flexible manufacturing processes that can operate 

within the normal ranges of critical material attributes and process parameters, one needs to 

understand how the residence time distribution model parameters vary across the design space. 

Setting limits on feeder performance is an alternative control measure for handling feeder deviations. 

Yet setting scientifically sound feeder limits is challenging as both the magnitude and the duration of 

the excursion determine the impact on the potency of the final tablet (Meier et al., 2016). 
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Consequently, an endless amount of combinations could trigger an alarm. In addition, there is a 

regulatory expectation to establish the acceptable formulation variability during product development 

(Zhang, 2017). In the continuous mindset, one need to ensure that the allowed feeder deviations 

cannot exceed the defined formulation variability ranges which guarantee tablet performance towards 

their critical quality attributes. First, formulation robustness studies should be performed to identify 

the tolerated ranges on the concentration of the individual components. Subsequently, RTD modelling 

allows to set scientifically solid limits (considering simultaneously the magnitude and duration of the 

error) on the performance of individual feeders to comply with the established tolerated ranges 

(Figure 5).  

Figure 5: Example of in-silico feeder deviation impact analysis that supports solid scientific feeder-
alarm limit setting based on both duration and magnitude of the deviation.   
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5.2.2.3 Control of raw materials 

Batch processing typically requires only manual handling of individual raw materials and is 

consequently less sensitive towards variation in individual raw material properties for the dispensing 

step. In a continuous process, material handling systems ensure the supply of individual materials 

towards the respective dispensing stations. Therefore, evaluation of material attributes in relation to 

the process performance of the selected unit operations in the manufacturing train is of key 

importance. The gathered knowledge contributes to understanding the system capability in handling 

batch-to batch variability during commercial manufacturing and to set appropriate specifications for 

incoming raw materials. The latter should be updated as part of continual process improvement 

throughout the product lifecycle.  

5.2.2.4 Process monitoring and control 

Real time monitoring of quality attributes during CM may consist of process parameter trending, 

process analytical tools (e.g. spectroscopic and/or soft sensors) and chemometric models for 

condensing the information. The aim of process monitoring is to detect transient disturbances and 

enable advanced process control, diversion of non-conforming material and real time release testing 

(Nasr et al., 2017). 

5.2.2.5 Sampling  

The sampling frequency of a continuous process should be tuned to the dynamics of the process and 

fit the purpose (Engisch and Muzzio, 2015a). The intention of a sampling plan can fit into three 

categories (Nasr et al., 2017).  

A first category aims to set the sample frequency sufficiently high to ensure that the most rapid 

changes are detected (e.g. short but intense disturbance). The frequency is therefore set based on the 

maximal observed rate of change and the acceptable range of the attribute such that all product out 

of range can be detected. Such a high frequency is typically employed to gain process understanding 

during development, demonstrate a continued state of control or capture the system dynamics.  

A second approach is to ensure the sampling is frequent enough to detect process drifts and enable 

trend analysis. Such strategy is suitable for sampling the dynamic phases of the process in order to 

determine when the system reaches its state of control. In such case, the frequency is set based on the 

dynamics of the transient state. This frequency can be set during process verification stage in case the 

capability of the process is already demonstrated. 

A third approach is to establish the sampling frequency to assess the quality of a batch based on 

statistical criteria. An example is a ‘large n sampling plan’ to support real time release.  
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The selected sampling frequency at each control point should collectively be sufficient to respond to 

disturbances and ensure a continued state of control in order to assure product quality.  

5.2.2.6 Performance-based approach 

Monitoring and controlling quality attributes opens a window of opportunity for implementing a 

performance-based approach to demonstrate final drug product quality. This regulatory approach 

focuses on desired, measurable outcomes rather than prescriptive procedures (Yu, 2018). The quality 

in a performance-based approach is assured by showing conformance to the specifications at relevant 

control points in the process that are directly linked to the final product critical quality attributes. This 

approach provides regulatory oversight and enhances the operational flexibility to manage and 

improve the process within its quality management system (Nasr et al., 2017). 

5.2.2.7 Diversion of non-conforming material 

The aim of process development is to design a robust CM process that is controlled through a rigorous 

strategy such that a state of control can be maintained throughout the entire production run. However, 

a temporary feeding disturbance can trigger the diversion of non-conforming material in case it cannot 

be adequately filtered through the residence time distribution of the system. The ability to divert the 

non-conforming materials relies on the selected control points, sampling frequency, speed of the 

controller and material collection procedure. For example, in case a controller is not able to divert 

timely a small segment of non-conforming material, one could still automate collection of material into 

subfractions and divert the entire subfraction that contains the non-conforming material. In addition, 

when process analytical technology is used for rejection it is paramount to understand the material 

flow (i.e. residence time distribution) between the location of the process analyzer and the diverter 

location (Sanchez, 2018).  

The start-up and emptying phases can also cause an excursion from the state of control. Here the 

control strategy should ensure that product collection only occurs when the CM process reaches state 

of control. 
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5.2.2.8 Control strategy example 

Figure 6 depicts a series of actions that together contribute to assuring the state of control of a 

continuous direct compression process starting from raw materials that are released for 

manufacturing.  

 

Figure 6: General control strategy for a continuous direct compression process starting from raw 
materials till tableting. 
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Table 1 gives insight in how various data sources can be used for monitoring, control, 
diversion and release of the final drug product.  

 

Table 1: Overview of potential use of data for monitoring, control, diversion and release.   

Data 
Monitoring 

In-process 

control 
Diversion Release 

Feeder performance  Y Y  

Blender speed   Y  

API concentration using RTD process 

model 
  Y  

API concentration using PAT Y  N/Y  

Compression data  Y Y  

IPC tablet weight, thickness and hardness  Y Y Y 

QC test API concentration    Y 

 

A first control measure is the monitoring of process parameters, for example an alarm can be triggered 

when the speed of the continuous blender deviates too much from its target. Such events are defined 

as process critical alarms and cause the system to pause to allow for an investigation.  

A second measure is the active control of a process parameter at its unit operation level. For example, 

the mass flow rate of a screw feeder is controlled through adjusting the screw speed based on the 

deviation between observed and target weight loss over time. Here the feeder data is used to monitor, 

control and divert yet not to release the product.  

The impact of these feeder deviations can be assessed through an overarching residence time 

distribution-based process model. Such a model can typically be used to monitor the process and divert 

product, yet not to release the product as the model does not describe microscopic mixing phenomena 

(Gao et al., 2011). The output of the residence time distribution model could conceptually be used to 

steer the process, for instance blending parameters could be adjusted to prolong the residence time 

in case a special cause feeder deviation occurs (e.g. a material supply inconsistency) that at target 

process settings would result in out of specification tablets. However, such capabilities have not been 

demonstrated in the industry or published by academic groups.  

In-line spectroscopic process analytical tools can be utilized for continued process verification, building 

in redundancy for process model (e.g. to prove the validity of process models or to mitigate their 

potential integration issues), gathering additional information during manufacturing, measuring in-
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process controls, enabling multivariate statistical process control and ultimately real time release 

testing. However, the latter would require thorough understanding between blend and content 

uniformity. In general, inclusion of in-line spectroscopic process analytical tools in the control strategy 

translates into higher detectability of process deviations. For example, the spectroscopic process 

analytical tool can identify the occurrence of specific failure modes that instead need to be designed 

out of the system when using an RTD based control strategy, including the use of simulated mass flow 

during feeder hopper refill ,use of a non representative mass flow measurements, absence of of micro-

mixing measurements, adhesion of API to equipment, improperly installed feeders, mistakes in 

material handling set-up and etc. As process understanding increases and risk evaluation evolves, one 

can propose changes in the inclusion of process analytical tools or in the above-mentioned role of 

process analytical technology in the control strategy of an oral solid dosage continuous manufacturing 

process (Cruz, 2018).  

Samples for in-process control are typically collected in the accepted product steam. An at-line process 

analytical tool can be used to support real time release testing for assay, content uniformity and 

potentially dissolution. Besides, due to the fast analysis compared to wet analysis methods, it can 

support adaptive sampling during the dynamic phases (start-up and emptying) to ensure that the rate 

of sampling respects the dynamics of the system. Similarly, adaptive sampling can ensure that the 

desired product quality is achieved after the material was held steady in the system for an extended 

duration (e.g. in between two operator shifts). The quality control (i.e. release) sample is then collected 

only on all accepted subfractions which is used to triger an accept or reject of the batch.  

5.3 Process validation  

Process validation is defined as the collection and evaluation of data, from the process design stage 

through commercial production, which establishes scientific evidence that a process is capable of 

consistently delivering quality product (Food and Drug Administration, 2011). The FDA describes 

process validation activities in three-stages. Stage 1 is process design where the commercial 

manufacturing process is defined based on development and scale-up activities. During the process 

performance qualification stage (stage 2), the process capability is evaluated to ensure reproducible 

commercial manufacturing. Next, continued process verification (stage 3) assures a state of control is 

maintained during routine production.  

Although some aspects of process validation for continuous processes are the same as those for 

traditional batch processes, there are some unique considerations.  

The FDA guidance has the implicit assumption that process performance qualification (PPQ) starts at 

manufacturing scale which is not necessarily the case for CM as manufacturers can foresee commercial 

supplies at development conditions through extending the runtime. However, several caveats restrict 
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the use of development trials for PPQ. First, the FDA guideline states that PPQ activities require cGMP 

compliant procedures whereas process design trials not necessarily do so. Secondly, the same 

guideline states that ‘manufacturers should consider the effects of scale’ which implies that process 

validation needs to be performed using the batch size at production scale. Agencies suggested publicly 

that the batch size should be established by taking into consideration the operability of manufacturing 

equipment over a longer operation time as well as the effect of accumulated substances on the 

manufacturing equipment (Matsuda, 2018). Moreover, three validation batches proved recently to 

remain the golden standard for Japanese agencies (Garcia, 2018; Matsuda, 2018). These requirements 

implicate that validation of a continuous process will require significant resources which jeopardizes 

one of the primary economical drivers of its business case namely lean technology transfer for fast 

access to the market. These economic barriers become even more relevant in case the continuously 

manufactured drug product is an orphan drug or personalized medicine.  

Continuous process verification is an alternative approach to traditional process validation in which 

manufacturing process performance is continuously monitored and evaluated (International 

Conference on Harmonisation, 2009). The continuous process verification strategy should state the 

process parameters and material attributes that need to be monitored and the various analytical 

methods that will be employed for determining product quality. Implementation of PAT tools are by 

concept key enablers for moving into continuous process verification. In fact, the standard for a 

commercial CM process will include process monitoring and control capabilities which de facto imply 

continuous process verification. Therefore the UK Medicines and Healthcare products Regulatory 

Agency (MHRA) stated that continuous process verification is considered to be the most appropriate 

method to validate a continuous process (Birse, 2018). The number of batches that are included in the 

verification needs to be justified based on the complexity of the process, process understanding and 

relevant prior knowledge (ASTM, 2016). Figure 7 shows how continuous process verification can be 

envisioned for a product with continuous manufacturing process (Meier, 2018).  
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Figure 7: Lifecycle approach for a new drug product developed and launched on a continuous 
manufacturing platform, adapted from Meier (2018).  

 

Introducing CM from early development to commercial manufacturing allows to eliminate scale-up 

(identical equipment for development and commercial) and ensures a data-rich environment (PAT 

tools implemented during process development and productions runs). These unique features 

facilitate early execution of process validation activities and process improvement, opening a window 

of opportunity to pursue continuous process verification as an alternative validation approach for CM 

processes. In this framework, data from (clinical) production batches can be utilized to validate the 

process and demonstrate processing in accordance with the total system design concept. Therefore, 

continuous process verification essentially supports validation with each manufacturing batch and can 

replace the historically more conventional process validation approach (e.g. 3 validation-batches at 

target) (Nasr et al., 2017). Thereby one process verification batch may be sufficient prior to moving 

into commercial manufacturing, provided that the process is continuously monitored, well 

characterized during development, without scale dependencies in between development and 

manufacturing and a significant amount of data is available.  

5.4 Quality-by-design 

A crucial factor to enable continuous manufacturing is that quality is built into the product throughout 

the process and not tested into the final product which is the standard for batch processes. This is 

supported by the PAT and Quality by Design (QbD) initiatives (Food and Drug Administration, 2004; Yu 

et al., 2014). Pharmaceutical QbD aims to deliver a consistent drug product that meets the required 

critical quality attributes. Therefore, a quality target product profile (QTPP) should be established that 

identifies the critical quality attributes (CQAs) for the specific drug product. Therefore, the 

identification of critical equipment settings (CES), material attributes (CMAs) and process parameters 

(CPPs) is paramount during drug product development with the aim of deriving direct relations 
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between CES, CMAs, CPPs and CQAs. The latter requires process development through design of 

experiments to define the design space (‘the multi-dimensional combination and interaction of input 

variables that have demonstrated to provide quality assurance’) and determine the limitations of the 

process where a product meeting all specifications can be assured (Yu and Kopcha, 2017). 

Subsequently, experimental findings need to be integrated in a control strategy that requires 

specifications for the drug substance, excipients and CQAs of the final drug product as well as critical 

control points for each step of the manufacturing process. Finally, the quality attributes of the final 

drug product should be monitored through process capability analysis and continual improvement 

practices.  

Parameters can be considered as non-critical, potentially critical or critical based on the severity of the 

impact and available knowledge of a process. A non-inclusive overview of parameters and quality 

attributes for the feeding, blending and tableting process is provided in Table 2, Table 3 andTable 5.  

A science-based approach via PAT and QbD of continuous manufacturing processes will ultimately 

support real time product release, allow to mitigate all critical sources of variability through the 

manufacturing process, result in flexible yet robust manufacturing processes, offer the possibility to 

rapidly detect and compensate deviations via high-frequency in-line monitoring. Modern quality 

assurance systems implemented for continuous processing will move from rigid processes and offer 

the possibility of continuous improvement towards a system with minimal deviation from the 

optimum. 
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6 Continuous manufacturing technology 

6.1 Scope 

An end-to-end continuous manufacturing process couples primary (API production) and secondary 

(final dosage form production) manufacturing steps in one continuous manufacturing train. Primary 

manufacturing has been studied by various research groups that addressed continuous API synthesis 

and crystallization (Baxendale et al., 2015; Furuta et al., 2016; Jolliffe and Gerogiorgis, 2016; 

Poechlauer et al., 2013; Proctor and Warr, 2002; Srai et al., 2015). This thesis focuses on secondary 

manufacturing of tablets through direct compression. Tablets still account for more than 80% of all 

pharmaceutical products. The popularity of tablets is mainly due to their accurate dosing, ease and 

low cost of manufacturing, high patient compliance and good chemical and physical stability 

(Armstrong, 2007). 

Direct compression requires dispensing and mixing of API and excipients prior to compression. Direct 

compression limits the number of unit operations, subprocesses (particle enlargement, drying and 

densification), product transfers and interruptions. This simplicity and cost effectiveness makes direct 

compression the preferred manufacturing route throughout the pharmaceutical industry. However, 

inclusion of a dry or wet granulation step in the manufacturing process may be required to improve 

the flow by particle enlargement, to densify the blend and minimize the displaced volume during die-

filling accordingly, to overcome poor tabletability and stability due to intimate dispersion of binders 

and stabilizers, respectively.  

Historically, manufacturing was performed through a batchwise model, even despite the intrinsic 

continuous nature of certain unit operations such as roller compaction, milling and tableting. Potential 

root causes are the manual operations associated with dispensing and the batch nature of tumbling 

mixing, fluidized bed/high shear granulation and drying. Over the past years, innovation in oral solid 

dosage drug product manufacturing occurred through converting manual dispensing to loss-in-weight 

twin screw feeding, tumbling to convective paddle-based mixing, high-shear granulation to twin screw 

wet granulation. GEA Group launched the ConsiGmaTM CDC50 in 2014 as the first commercially 

available fully integrated continuous direct compression unit. Recently, Glatt and Fette compacting 

joined forces to develop continuous manufacturing solutions, combining a linear continuous Glatt 

blender with a Fette FE35 rotary tablet press (Manufacturing chemist, 2017). Likewise, the recently 

developed QBCON 25 platform of L.B. Bohle has a direct compression route that combines Gericke 

feeders, Gericke blenders with a Korsch Tablet press (L.B. Bohle, 2019). This work focused on 

technology integrated by the GEA Group.  
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6.2 Failure modes 

Several technical challenges need to be overcome during development of a continuously direct 

compressed drug product. A first challenge is gathering multivariate understanding of the critical 

process parameters, material attributes and equipment settings for this new technology through 

quality-by-design principles. It is thereby critical to identify and mitigate the potentially occurring 

failure modes of a continuous direct compression manufacturing process:  

• Flow obstructions in the material supply and screw feeding units 

• Adhesion of the active ingredient to equipment surfaces 

• Insufficient macroscopic mixing (dampening capability) in relation to anticipated feeder 

perturbations 

• Poor homogeneity of the blend at a microscopic level  

• Flow obstructions in the feed tube  

• Insufficient or inconsistent die-filling  

• Lack of tablet tensile strength 

• Poor in-vitro or in-vivo dissolution performance 

Occurring failure modes often need to be mitigated through enabling or powder agglomeration 

technology. Consequently, the equipment design should enable a robust process design for a wide 

range of direct compression formulations.  

A second technical challenge is the implementation of an automated strategy to control normal (e.g. 

feeder mass flow variation in between refills) and special cause variation (e.g. feeder mass flow 

variation during refill or start-up). Therefore, a continuous manufacturing line should not only focus 

on integrating equipment but also on the implementation of in-line process analyzers, thus creating a 

flexible environment for incorporating predictive models into the automation architecture such as 

predictive blend uniformity models based on spectroscopic analyzers, residence time distribution 

process models for tablet potency prediction based on feeder mass flow. Here the automation should 

enable the segregation of non-conforming intermediate and/or final product.  

6.3 ConsiGmaTM 

Over the past years, GEA Group has delivered a handful of customized continuous manufacturing lines 

(Vertex, Janssen, Hovione, Merck, Pfizer, GSK, Astra Zeneca, UCB, etc). This section describes the 
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equipment design, inputs and outputs and control logics of the Janssen ConSigmaTM platform for 

continuous direct compression, which reflects the current state-of-the-art technology.  

The Janssen ConsiGmaTM platform for continuous direct compression integrates material supply, two 

consecutive feeding-blending steps, process analytical technology and tableting. Each feeding-

blending platform integrates four dispensing stations that feed into the inlet of the continuous blender. 

A dispensing station connects a material supply unit with a volume-based refill system and screw 

feeder. The first feeding-platform holds three GEA compact feeders (CF) and one K-Tron KT20 (KT20) 

whereas four CF dispense into the second blender. The blender in the first and second platform is set-

up for intensive mixing and lubrication, respectively. A near infrared spectroscopy (NIRs)-based 

process analytical tool for blend uniformity sensing can be implemented in the feed frame of the 

MODULTM P tablet press. At-line PAT capabilities are enabled through a Bruker Tandem combitester 

that can measure tablet hardness, thickness, diameter and weight as well as content through NIR 

transmission or reflection.  

6.3.1 Material supply 

A material supply unit aims to supply an individual raw material from its recipient (i.e. bag, drum or 

intermediate bulk container) towards an intermediate hopper from which the material is being refilled 

into the hopper of the screw feeder. At each dispensing station, either a vacuum- or gravity-based 

material supply unit can be mounted on top of the refill system.  

6.3.1.1 Vacuum-based material supply 

A VolkmannTM vacuum conveying unit consists of a conical hopper with a volume of 3.2 L that is 

equipped with a capacity-based level sensor and vibrator (Figure 8).  
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Figure 8: Vacuum-based material supply unit (VolkmannTM) with material inlet, level sensor and 
pneumatic vibrator (left) and vacuum system with blowback vessel (right). 

 

A vacuum-based material supply unit operates through a specific sequence of controller actions. After 

every refill, a vibrator is actuated to clear material from the sensor. Subsequently, the vacuum cycle is 

activated after each refill under the condition that the level sensors does not detect material. A lack of 

sensor sensitivity will trigger a vacuum cycle after every refill and result in overfill of the level hopper. 

Therefore, a process critical alarm (i.e. instantaneous pause of the system) will be triggered when no 

material is sensed after a pre-defined number of vacuum cycles. In contrast, too sensitive sensors or 

fouling can lead to a false positive hopper level. Hence the lack of a trigger for vacuum cycling will 

empty the hopper over time. The vibration duration can be prolonged to clear material from the sensor 

and prevent thereby sensor fouling. In the event of an empty top-up, a process critical alarm will be 

triggered when the feeder net weight does not increase after refill. In addition, poor feeding 

performance at low hopper fill can be prevented through definition of a “low limit volume”. A process 

critical alarm will be triggered when the net hopper weight is below the weight that corresponds to 

this limit. In addition, a maximal number of refills in between vacuum cycles can be defined to prevent 

the occurrence of empty refills during feeding.  

6.3.1.2 Gravity-based material supply 

Three distinct gravity-based material supply options are available. Either a Hicoflex® disposable 

container (Figure 9), a stainless-steel cylindrical feed tube or an intermediate bin container.  
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Figure 9: Gravity-based material supply unit set-up for a Hicoflex® bag (Courtesy of GEA Group). 

 

6.3.2 Screw feeders 

A screw feeder aims to dispense the materials in the inlet of the blender at the mass flow rate setpoint 

which is calculated based on the formulation composition and line flow rate. 

6.3.2.1 K-Tron KT20 feeder  

6.3.2.1.1 Design 

The KT20 feeder consists of a bowl and extension hopper, vertical impeller, twin screw conveying 

system and motor that sit on top of a load cell (Figure 10).  
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Figure 10: Schematic (left, courtesy of coperion) and picture (middle) of K-Tron KT20 feeder, with 
zoom on bowl and refill inlet (right).  

 

A cylindrical hopper of 10 or 20 L extends the hemispherical “bowl hopper” of 5L that connects to the 

twin screw conveying system. A vertical impellor, which consists of two curved blades that match the 

profile of the bowl hopper, travels through the powder bed to aid the flow of the material towards the 

screws. The standard concave screws have a length of 35 cm, diameter of 2 cm, pitch of 2 cm and 

volumetric feed factor of 4.46 (volume dispensed per screw rotation, i.e. ml/screw rotation). The 

loadcell (SFS24, Coperion K-Tron) has an operational range of 24 kg. The motor has a maximal speed 

of 2000 rpm and is mostly connected to a gearbox type A or B to yield a maximum screw speed of 746 

and 357 rpm, respectively. The vertical agitator rotates at 20% of the screw speed.  

6.3.2.1.2 Control logics 

The KT20 feeder can be refilled through a rotary or butterfly valve. The maximum refill volume, 

minimum refill volume, low limit volume and density are recipe parameters. A refill will be triggered 

when the weight corresponding to the minimum refill volume exceeds the actual net weight. 

The amount of material refilled through a rotary valve (Figure 11) depends on the duration of 

metering. The maximum refill volume prevents the hopper from being overfilled as a process critical 

alarm will be triggered above this level.  
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Figure 11: Rotary valve in bottom housing in de-activated position. 

 

Upon refill through a butterfly valve, the valve rotates 90° upon which the entire Volkmann content is 

loaded into the KT20 hopper (Figure 12). Hence the refill mass depends on the vacuum settings (i.e; 

number cycles and loading time). Extending the vibration time can facilitate material flow out of the 

VolkmannTM.  

 

 

Figure 12: Butterfly valve in bottom housing in closed position. 

 

The feeder compares its actual mass flow rate (ΔW/Δt) to its setpoint to determine a new screw speed 

value (a level 1 control). The KT20 allows to set the tuning to very slow, slow, normal, aggressive and 

very aggressive. The aggressive mode sets the motor control gain to 30%. In addition, adaptive tuning 

can be enabled such that key tuning parameters are automatically optimized according to the actual 
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feeding performance and the measured signal-to-noise ratio. This enables the system to automatically 

and appropriately respond to disturbances while not overreacting to excess noise. The motor control 

gain is the gravimetric response correction factor used by the loss-in-weight feeder software. The 

gravimetric control algorithm multiplies the motor control gain by the short-term mass flow error 

signal to determine the update to the feeder motor speed. The sample time, or the time interval in 

which weight loss is measured, will be set automatically when adaptive tuning is used.  

The displayed mass flow is a moving average for which the time window depends on the tuning 

parameters (e.g. 30 s using default setting).  

6.3.2.2 GEA compact feeder 

6.3.2.2.1 Design 

The CF feeder consists of a powder pump, load cell and gearbox. The powder pump resides in an 

isolation cabinet and consists of a 2 L cylindrical hopper that connects with a twin screw conveying 

system. The powder pump is mounted on top of an electromechanical cabinet which isolates the servo 

motor from the load cell (Figure 13). A horizontal impeller rotates counterclockwise at the bottom of 

the cylindrical hopper just above the screws to ensure forced and consistent filling of the screw flights 

and prevent bridging in the hopper.  

 

 

Figure 13: GEA CF feeder powder pump and isolation cabinet.  

 

The standard concave screws have a length of 37 cm, diameter of 2 cm and pitch of 1 or 2 cm which 

are further referred to as fine and coarse. The 1 and 2 cm pitch concave screws (Figure 14) have a 

volumetric feed factor of 2.401 and 4.861 mL/rotation.  
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Figure 14: CF concave screws with a pitch size of 20 mm (top) and 10 mm (bottom). 

 

The load cell has a range of 2 kg. The servo motor has a maximal speed of 9000 revolutions per minute 

(rpm) and can be configured with a 63:1, 235:1 and 455:1 gear reduction which eventually translates 

in a maximum screw speed of 462, 124 and 64 rpm (equation 1). The additional numbers reflect fixed 

gear reductions inside the equipment.  

𝑆𝑐𝑟𝑒𝑤 𝑠𝑝𝑒𝑒𝑑 (𝑟𝑝𝑚) =
21×2 ×𝑆𝑒𝑟𝑣𝑜 𝑠𝑝𝑒𝑒𝑑 (𝑟𝑝𝑚)

13 ×𝐺𝑒𝑎𝑟 𝑟𝑎𝑡𝑖𝑜
      (equation 1) 

The horizontal impeller and screws are both driven through the servo motor but with an an additional 

gear reduction in between. A stirrer can be mounted on the horizontal impeller to limit adhesion to 

the hopper wall, whereas a static baffle can be installed inside the hopper to prevent accumulation of 

powder on top of the horizontal impeller (Figure 15).  

Minimal angle (<5
o
)
 

Top down view
Side view

Static baffle

 

Figure 15: Static baffle and asymmetric scrapers on the impeller of the GEA compact feeder (Courtesy 
of GEA Group). 
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A mesh with 1 and 3 mm pore size or a cross grid can be installed on the outlet of the screw feeder 

barrel (Figure 16). A mesh allows to mitigate the pulsating feeding behavior that is typically observed 

at low screw speed feeding (e.g. below 15 rpm). The motor current needs to be monitored when a 

mesh is installed as the increased screw fill level will typically require higher current which can result 

in an alarm during extended processing time. When a high current or clogging is observed, either the 

3 mm pore size or the cross grid should be opted for.  

 

Figure 16: CF mesh grids with a pore size of 1 (left) and 3 mm (middle) and cross grid (right). 
 

6.3.2.2.2 Control logics 

The CF screw feeder is refilled through a bowl valve (Figure 17) which volume can be adjusted to 1.6, 

1.2, 0.8 or 0.4 L (Figure 18). The ‘refill volume’, ‘minimum refill volume’, ‘low limit volume’ and ‘density’ 

are recipe parameters. A refill is triggered when the weight corresponding to the minimum refill 

volume exceeds the actual net weight. The sum of ‘refill volume’ and ‘minimum refill volume’ should 

not exceed 2 L to prevent overfill. Poor or drifting feeding performance at too low hopper level is 

prevented by an alarm that will be triggered when the hopper weight reaches the product of low limit 

volume and density.  

 

 

Figure 17: Bowl valve in upward direction in bottom housing (left) and assembling top housing (right).  
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Figure 18: CF refill bowl valves with volume of 0.4, 0.8, 1.2 and 1.6 L. 

 

In volumetric feeding mode, the screw speed is set based on the mass flow setpoint and feed factor 

value in the recipe. The feed factor decay as a function of weight is integrated in the control logic: the 

hopper is discretized in ten fill level fractions (0-10, …, 90-100%) for which each a feed factor needs to 

be set. This allows the screw speed to be modulated during and after refill based on the feed factor 

that corresponds with the increasing hopper weight. The calculated refill weight can be adjusted 

automatically based on the actual refill weight during processing.  

To enable transition from volumetric to gravimetric feeding mode, the mass flow variability in 

volumetric mode should remain below a pre-defined limit for a specific time window. In gravimetric 

mode, the screw speed is modulated to control the mass flow. Pre-defined PID control settings that 

reflect aggressive, standard and slow control settings suit most pharmaceutical dosing requirements 

yet, control settings can be customized product dependent if needed.  

The feed factor recipe values are overwritten during the manufacturing process. The feed factor 

standard deviation reflects the uncertainty on the feed factor and will gradually reduce when the feed 

factor values are updated.  

The performance of each individual feeder can be controlled at a unit operation level. The impact of a 

feeder disturbance depends on the magnitude and the duration of the observed deviation. Therefore, 

a feeder alarm will be triggered when the deviation exceeds both the allowed magnitude and duration.  

6.3.2.3 Inputs and outputs 

A non-inclusive overview of equipment setting, material attributes and process parameters for the 

feeding process is provided in Table 2.   
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Table 2: Overview of inputs and outputs of the feeding process. 

Inputs Outputs 

Material attributes Equipment 

settings 

Process 

parameters 

Process Product 

Cohesion Hopper volume Mass flow 

setpoint 

Mass flow 

process value 

Assay 

Compressibility Refill volume Minimum refill 

weight 

Feed factor Blend uniformity 

Density Screw design Minimum weight Screw speed Content 

uniformity 

Electrostatics Screw pitch  Net weight Disintegration 

Moisture content Impeller design   Dissolution 

Particle size 

distribution 

Motor speed   Tablet dimensions 

Particle shape Gear ratio   Tablet weight 

Permeability    Tensile strength 

Solid state     

Wall friction     

 

6.3.3 Continuous blender 

6.3.3.1 Design 

The blending process is conducted by two consecutive GEA continuous dry powder blenders which 

separate the blending process into an intensive mixing and lubrication stage. The GEA continuous dry 

powder blender consists of a cylindrical processing chamber in which an impeller is rotating and an 

outlet valve to prevent material out-flow powder during line-filling stage (Figure 19). The impeller is a 

shaft which holds 74 mixing blades that have a fixed tolerance with the upwards tilted (15°) processing 

chamber. The maximal rotation rate is restricted to 300 rpm for explosion safety although operation 

at 450 rpm was demonstrated at GEA. 
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Figure 19: Continuous dry powder blender (courtesy of GEA Pharma System) 

 

The impeller consists of 37 screw elements that each hold two blades. Each blade can be oriented as 

a transport or radial mixing blade at 45° or 0°, respectively, along the axis of the shaft. This yields three 

different combinations: transport/transport, mixing/transport and mixing/mixing element (Figure 20).  

 

 

Figure 20: Transport/transport (left) and mixing/transport (right) screw elements.  
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A preferred impeller configuration is defined for the intensive mixing (Figure 21) and lubrication stage 

(Figure 22). The intensive mixing impeller consist of three different sections. The first section holds 10 

transport/transport elements to prevent material build up at the inlet of the blender. The second 

section holds 16 mixing/transport elements in a spiral configuration to restrict the powder flow in the 

impeller. To increase the fill level, the shear section can be extended by including additional 

mixing/transport elements symmetrically at both sides of the impeller. The third section holds 11 

transport/transport elements to center the shear section on the impeller and enable material flow.  

 

 

Figure 21: Schematic in 3D (top, courtesy of GEA Group) and side view (middle, courtesy of GEA Group) 
and image (bottom) of preferred impeller configuration for intensive mixing.  
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The preferred impeller configuration for the lubrication stage holds 37 screw elements with 

transport/transport blades (Figure 21). 

 

 

Figure 22: Schematic in 3D (top, courtesy of GEA Group) and side view (middle, courtesy of GEA Group) 
and image (bottom) of preferred impeller configuration for lubrication. 

 

The impeller configuration may need to be modified based on the formulation (e.g. mixing of non-

shear sensitive excipients) or process (e.g. throughput scale-up) requirements. In any case lubrication 

effects need to be balanced with the desired macroscopic and microscopic uniformity of dispensed 

materials. 

6.3.3.2 Control logics 

The blender outlet valve remains closed during line-filling until the mass dispensed in the blender 

(based on integration of mass flows) exceeds the fill level defined in the recipe. The impeller will 

commence rotating when the dispensed mass exceeds the pre-defined minimum fill level. The impeller 

will accelerate at the pre-defined ramp rate (e.g. rpm/s) to target impeller speed. Variation in impeller 
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speed is mitigated through definition of a warning and alarm limit. Impeller rotation will be stopped 

during line emptying when the estimated fill (based on emptying time and flow rate) is lower than the 

predefined empty fill level.  

6.3.3.3 Inputs and outputs 

A non-inclusive overview of equipment settings, material attributes and process parameters for the 

blending process is provided in Table 3. 

Table 3: Overview of inputs and outputs of the blending process. 

Inputs Outputs 

Material attributes Equipment 

settings 

Process 

parameters 

Process Product 

Cohesion Dimension of 

shaft and 

processing 

chamber 

Impeller speed Fill level Assay 

Compressibility Total number of 

elements 

Flow rate Bulk residence 

time 

Blend uniformity 

Density # transport-

transport 

elements 

Fill level to open 

outlet valve 

Strain Content 

uniformity 

Electrostatics # mixing-

transport 

elements 

 Residence 

time 

distribution 

Disintegration 

Moisture content # mixing-mixing 

elements 

  Dissolution 

Particle size 

distribution 

Distribution of 

elements on 

impeller 

  Tablet dimensions 

Particle shape    Tablet weight 

Permeability    Tensile strength 

Solid state     

Wall friction     
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6.3.4 Feed tube and powder dosing valve 

The blend flows in a fluidized state from the outlet of the lubrication blender through a stainless-steel 

feed tube before settling into a Teflon level hopper (Figure 23). The level is read out automatically 

through the level sensor assembly or visually through calibrated score lines. The level hopper connects 

at its bottom with a stainless steel cylindrical hopper wherein the material travels as a dense powder 

bed towards the powder dosing valve, preferably in a plug-flow mode.  

 

 

Figure 23: Level hopper assembly on top of the tablet press 

 

During line-filling, the powder flows into the feed tube whilst there is no outflow until target hopper 

level is achieved. Subsequently, the feed frame and compression stage are primed through manual 

activation of the powder dosing valve and paddle wheels after which the turret is rotated for two 

revolutions at low speed. The turret can operate in manual or speed control mode which regulates the 

turret speed (i.e. actuating variable) automatically based on the sensed level in the hopper (i.e. 

controlled variable). A customizable proportional-integral-derivative (PID) controller ensures the 

process operates around its target hopper level (%). In speed control mode, the turret will commence 

rotating at target turret speed once the hopper level achieved its target whereas no control actions 

will be performed as long the hopper level remains within the pre-defined tolerance limits. The turret 
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speed will be accelerated above the upper hopper level control limit and vice versa. A maximal 

difference between actual and target turret speed is defined to ensure the impact on the tableting 

process remains limited and controlled. The upstream feeding-blending process will be paused once 

the hopper level reached its pre-defined maximum. The feeding and blending process will restart when 

the target hopper level is achieved. Alternatively, the turret will be paused once the hopper level 

equals the pre-defined minimal hopper fill level.  

The powder dosing valve dispenses material in the inlet tube of the feed frame and induces material 

transport in accordance to plug-flow through the feed tube (i.e. first in first out principle). The valve 

consists of a centered outlet, a cone that is mounted on top of this outlet and guides the material to 

an outside ring, and a horizontal impeller which rotates above the outlet to dispense the material to 

the feed frame inlet tube (Figure 24). The valve is installed at the bottom of the feed tube, on top of 

the exchangeable compression module, and interrupts thereby the pressure build up at the bottom of 

the feed tube. The powder dosing valve can be operated in a saturated or open-outlet mode. An 

increase in speed of the powder dosing valve will result in a higher mass flow through its outlet when 

the powder flow is not physically interrupted, i.e. there is no powder in or directly below the outlet. 

This regime is generally not preferred as the pressure exerted on the bottom of the feed frame inlet 

tube builds up particularly during the initial increase in height of the powder bed. In this regime, any 

powder height variation will directly translate into pressure and consequently density and tablet 

weight variation. Operating the powder dosing valve in a saturated regime ensures that the feed frame 

inlet tube remains filled. Here the outlet is partially covered with material and the powder dosing valve 

will only fill the free volume below the outlet. Therefore, the powder dosing valve needs to operate at 

higher speed than is required to match the mass flow of the subsequent unit operation in open regime.  

Alternatively, the feed tube can be connected directly to the forced feeder. Here the level in the tube 

regulates the exerted pressure and thereby potentially the density and tablet weight.  
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Figure 24: Powder dosing valve assembly 

 

6.3.5 Rotary tablet press 

6.3.5.1 Design 

Tablet presses with different capacity have been integrated in ConSigmaTM platforms for continuous 

direct compression.  

A schematic linear and top view of the compression cycle is provided in Figure 25 and Figure 26, 

respectively. The tableting process can be generally divided into three distinct stages: (a) die filling, (b) 

compaction and (c) ejection. 
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Figure 25: Schematic linear overview of the compression cycle (Courtesy of GEA GroupTM). 

 

The forced feeder distributes the powder into the dies at the filling station. After weight adjustment, 

the punches pass through the pre- and main compression rollers. Next, the top punch moves upwards 

and the tablet is ejected by the lower punch as it passes through the ejection cam. Finally, the ejection 

finger scrapes the tablet off immediately after ejection which propels the tablets towards the ejection 

chute.  

The upper and lower punches reside in the upper and lower punch guide, respectively. The MODULTM 

P and S are equipped with 26 and 38 punch stations for Euro B and 21 and 31 punches for Euro D 

tooling, respectively. As the turret rotates, the movement of the upper and lower punches are 

controlled by cam tracks and compression rollers.   



Chapter 2 

48 

 

Figure 26:  Schematic top-view representation of the compression cycle (Courtesy of GEA GroupTM).  

 

6.3.5.2 Die-filling 

The feed frame and cam tracks are designed to fill the dies accurately and consistently. Figure 27 

depicts a schematic overview of the feed frame chamber with a feeding (a) and metering (b) wheel, 

and infeed (c) and recirculation (d) area.  

 

Figure 27: Schematic overview of the feed frame (Courtesy of GEA GroupTM). 
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The punch movement during die-filling is guided by cam tracks: the upper punch stays at an elevated 

yet fixed position as it travels over the feed frame, whereas the lower punch gradually varies in position 

to ensure complete and consistent die-filling.  

 

 

Figure 28: Bottom punch cam track during die-filling 

 

As the lower punch enters and travels through the first chamber of the forced feeder, it is gradually 

pulled down in the overfill cam track to overfill the dies (Figure 28). The height of the overfill cam 

depends on the installed cam and can be adjusted typically with discrete steps of 2 mm with a 

maximum cam height of 19 mm for both the MODULTM P and S (Euro B tooling). After overfilling, the 

die cavity contains more material than necessary to ensure complete filling of the dies and improve 

tablet weight uniformity. After overfilling the die cavity, the lower punch is raised to a preset height as 

it passes over the dosing or fill cam. This ensures that the tablet weight can be accurately adjusted 

with discrete fill depth steps of 0.01 mm, assuming a linear relation between fill depth and tablet 

weight. Upon transition from the overfill to the fill cam, the excess of powder is pushed out of the die 

in the second feed frame chamber. A narrow clearance between forced feeder and die table causes 

some material loss on the die table. This excess of powder is scraped from the die table immediately 

after the forced feeder and subsequently redirected into the recirculation channel in the middle of the 

turret. Finally, the lower punch is lowered to minimize uncontrolled material loss due to centrifugal 

forces prior to pre-compression station (underfill). 

Subsequently, the inner track material is recirculated through the powder recirculation finger towards 

the die-cavity induced by the pre-fill position of the bottom punch.  
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6.3.5.3 Compression 

The MODULTM P is equipped with two pairs of compression rollers. During pre-compression, punches 

apply an initial load to de-aerate the powder bed prior to final compression which occurs at higher 

load between the main compression rollers.  

A standard rotary tablet press operates with fixed roller position during compression. Here the position 

of the top roller regulates the top punch penetration depth, whereas the bottom roller position 

regulates the main compression force that is required to achieve the in-die compact thickness.  

The MODULTm P rotary tablet press is equipped with an air compensator of constant pressure at pre- 

and main-compression to allow for displacement of the upper compression roller. The MODULTm S can 

work only with fixed rollers at main compression. Here the upper roller is pushed downwards by the 

air pressure against a fixed stop, whereas the position of the lower roller remains adjustable just as 

with any other conventional fixed roller tablet press. The top punch penetrates the die as it contacts 

the upper roller during compression. Simultaneously the bottom punch is pushed upwards by the 

bottom roller which increases the compression force and consolidates the powder bed. Displacement 

of the top roller occurs when the pressure to consolidate the powder bed exceeds the applied pressure 

on the roller. The bottom punch, powder bed and top punch move simultaneously with the bottom 

compression roller and consequently the top roller moves upward. The distance by which the top roller 

is displaced depends on the position of the lower compression roller. The contact time between the 

punch head and roller prolongs as the top roller displaces. Accordingly, an extended dwell-time at 

identical turret speed can be achieved through displacement of the top roller. The press operates 

under the fixed roller principle if the air pressure on the compensator exceeds the compression 

pressure.  

6.3.5.4 Set of controls 

A rotary tablet press can only control tablet properties indirectly through parametric control and 

release. The correction and rejection limits of process parameters that impact tablet CQAs are set in 

the recipe of the tableting process. In closed loop, a parameter will be adjusted when its nominal value 

(i.e. the mean value of a pre-defined number of punch stations) exceeds its correction limits. A single 

tablet is rejected when the parameter of the corresponding compression exceeds the rejection limits. 

In addition, the press is stopped when a pre-defined number of consecutive tablets is rejected. These 

functionalities are referred to as “Control Reject Stop”. The controls available on the press are weight, 

force and displacement control. 
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6.3.5.4.1 Weight 

Weight control can be achieved through relating individual tablet weight to main compression force. 

Thus, non-conforming tablets can be diverted if the main compression force exceeds the rejection 

limits. The fill depth will be increased when the lower control limit is exceeded and vice versa. The 

exponential force-weight relation requires an experimental calibration of the compression force as a 

function of weight. This control principle is less sensitive for a low tablet weight or compression force. 

Weight control can be achieved through relating individual tablet weight with pre-compression top 

roller displacement. This control principle relies on a linear relation between tablet weight and height. 

Weight-displacement control allows for automatic calculation of the reject limits and is preferred at 

low compression force (i.e. at pre-compression) where the powder bed is compressed to a low density 

and a small variation in weight will result in a larger change in displacement, resulting in a higher 

sensitivity. 

6.3.5.4.2 Force 

The main compression force is controlled through a feedback loop with the bottom punch height. 

Force control is only feasible with fixed rollers. The tablet press will modulate the distance between 

the punches (i.e. bottom punch height) at main compression whenever the main compression force 

exceeds the correction limits.  

6.3.5.4.3 Displacement 

The MODULTM P allows for control of the main compression top roller displacement through a feedback 

loop with the bottom punch height. Obviously, displacement control is only feasible with moving 

rollers. The purpose of displacement control is to control the displacement or dwell time dependent 

on the selection of the control mode. 

6.3.5.4.4 Ejection control 

The MODULTM P can measure the force that is required to eject the tablet from the die. The tableting 

will be stopped when ejection force exceeds a pre-defined maximal force to prevent wearing of the 

press utilities and/or tablet defects.  

6.3.5.5 Blend uniformity 

An NIRs SentronicTm probe can be implemented in the top plate of the feed frame just before the die-

filling position for in-line blend uniformity monitoring (Figure 29). Alternatively, a GEA Lighthouse 

probeTm (in-line NIRs) can be mounted in the feed tube (GEA, 2018). Both probe implementations 

should be characterized for their robustness, intrinsic variation in spectral quality and material flow in 

between measurement and diversion location.   
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Figure 29: In-line NIRs implementation in the feed frame of the tablet press for blend uniformity sensing 
(a). Probe position is regulated through a micro-meter (b) (De Leersnyder et al., 2018). 

 

6.3.5.6 Control modes 

Combining the above-mentioned weight, force and displacement control mechanisms results in six 

control modes which are depicted in Table 4. The ejection force and blend-uniformity monitoring can 

be activated irrespective of the selected control modes.  
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Table 4: Overview of the control mechanisms in the six control modes available on the MODULTM P. 

  Mode 1 Mode 2 Mode 3 Mode 4 Mode 5 Mode 6 

Operation 

principle top 

roller 

Pre-compression Moving Moving Moving Moving Fixed Moving 

Main compression Fixed Fixed Moving Moving Fixed Fixed 

Control modes 

Pre-compression 
Weight by 

displacement 

Weight by 

displacement 
Weight by displacement 

Weight by 

displacement 
/ / 

Main compression / Force control 

Displacement control 

(↘ dwell time for ↗ 

speed) 

Dwell time control 

(↗ displacement 

for ↗ speed) 

Weight by 

force 

Weight by 

force 
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6.3.5.7 Inputs and outputs 

A non-inclusive overview of equipment settings, material attributes and process parameters for the 

tableting process is provided in Table 5. Depending on the control mode, process parameters can be 

an in- or output process variable (e.g. compression force, displacement and dwell time).  

Table 5: Overview of inputs and outputs of the tableting process. 

Inputs Outputs 

Material attributes Equipment 

settings 

Process 

parameters 

Process Product 

Cohesion Feed frame 

chamber design 

Displacement pre- 

and main 

compression 

Fill level Appearance 

Compressibility Fill cam Dwell time pre- 

and main 

compression 

Residence time 

distribution 

Assay 

Density Hopper design Force at pre- and 

main compression 

Pre-compression 

displacement 

Blend 

uniformity 

Electrostatics Number of 

stations on turret 

In die punch 

positions pre- and 

main compression 

Main compression 

force  

Content 

uniformity 

Mechanical 

properties 

Paddle wheel 

design 

Flowrate Ejection force Tablet 

dimensions 

Moisture content Tooling design Fill depth  Disintegration 

Particle size 

distribution 

 Overfill  Dissolution 

Particle shape  Paddle wheels 

speed 

 Tensile 

strength 

Permeability  Turret speed  Tablet weight 

Solid state    Weight 

uniformity 

Wall friction     
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6.3.6 Overarching control logics 

6.3.6.1 Residence time distribution process model 

An overarching residence time distribution process model is embedded in the control system of the 

ConsiGmaTM platform for continuous direct compression. The process model allows to predict the API 

potency in the tablets based on the feeder mass flow data, target API concentration and the residence 

time distributions that are provided to the manufacturing system. The potency at the outlet of the 

tablet press is compared with the allowed % deviation from the target potency. Material with potency 

beyond this tolerance limits is identified as non-conforming and will be segregated from the process 

stream as tablets. The manufacturing of conforming product can continue when tablet potency is back 

within tolerance. The process can be paused automatically after compression of a pre-defined number 

of out of specification tablets.  

6.3.6.2 Dynamic speed adjustment 

The control logics can adjust the speed of the powder dosing valve and paddle wheels dynamically 

based on the actual turret speed. Such functionality could be applied when a linear relation between 

these parameters was identified during process development. 
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Chapter specific abbreviations 

Cin (t)   tracer concentration in the inlet stream 

Cout (t)   tracer concentration in the outlet stream predicted by macro-mixing model 

d   tablet diameter 

F   tablet crushing force 

Methocel CR   K4M premium CR hydroxypropyl methylcellulose 

Methocel DC2  K4M premium DC2 hydroxypropyl methylcellulose 

IAR   immediate axial recovery 

k   kinetic constant power law model 

MgSt   magnesium stearate 

Mt   amount of drug released at time t (power law model) 

M∞   amount of drug released after infinite time (power law model) 

n   release exponent power law model 

ntanks    number of continuous stirred tank reactors 

NAP   naproxen 

p   plug-flow volume fraction 

Pe   Péclet number 

R2    coefficient of determination  

R2Y   goodness of fit, responses PLS model 

RSDCout   residual standard deviation on Cout of macro-mixing model 

RSDcu   residual standard deviation on tablet content 

RSDwv   residual standard deviation on tablet weight 

RSDss steady state blend uniformity, residual standard deviation predicted NAP 

content 
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RSDif short term blend uniformity, residual standard deviation in case of ideal 

feeding 

SiO2   fumed silica 

Starch 1500   partially pre-gelatinized starch 

t20%   time (h) to reach 20% drug release  

t50%   time (h) to reach 50% drug release 

T   tablet thickness 

tm   mean residence time 

tmin   minimum residence time or lag time 

Vscrew    volume dispensed per screw revolution 

Q2Y   goodness of prediction, responses PLS model 

εpowder   powder porosity 

εtablet   tablet porosity 

εfill    screw flight fill fraction 

ρapp   apparent tablet density 

ρconsolidation  density under consolidation 

ρscrew   density at the screw inlet 

ρtrue   true density 

𝜎𝑡𝑚
2   variance  

𝜎θ
2   normalized variance 

Θ   dimensionless time 

ωscrew   screw rotation rate 
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1 Introduction  

Interest in continuous processing is gaining momentum for pharmaceutical drug product 

manufacturing. Although drug products are traditionally manufactured via a series of batch-wise unit 

operations (Engisch and Muzzio, 2015a), continuous processing offers several advantages to improve 

the manufacturing efficiency of solid dosage forms: reduced costs through faster development and 

less scale-up, smaller equipment footprint and elimination of intermediate storage (Vercruysse et al., 

2013). Implementation of in-line process analyzers allows to monitor continuous processes which 

improves process understanding. This enables the design of a process control and real-time-release 

strategy which should ultimately improve the quality of the end product (Fonteyne et al., 2015b; 

Simonaho et al., 2016).  

Although direct compression is an inherently continuous technique, simple unit operations preceding 

tableting (i.e. weighing and blending) are historically performed in batches. To enable continuous 

direct compression, the integration of continuous powder feeding units, a continuous dry powder 

mixer and tablet press is required. A handful of research papers recently described the feeding unit 

operation (Cartwright et al., 2013; Engisch and Muzzio, 2015b, 2014, 2012; Meier et al., 2016). Feeders 

can transfer problems of composition and flow rate variability to subsequent unit operations when 

their flow rate variability is not well balanced with the amount of axial mixing within the blender. 

Therefore, the ability to accurately dose a powder over time is a key challenge within the overall 

manufacturing process. Continuous mixing studies previously focused on the influence of process and 

design variables on the mixing efficiency and flow behavior within mixers (Pernenkil and Cooney, 

2006). Multiple models are available in the literature to describe mixing and transport of particles 

through a continuous mixer (Fogler, 2006). The main limitation of using residence time distribution 

(RTD) as a predictive tool for mixing performance (Levenspiel, 1999) is its inability to capture micro-

mixing. This is especially important for pharmaceutical blending processes as they combine high 

product uniformity requirements with small sample sizes. Studies correlating mixing performance 

with RTD suggested better mixing performance when the RTD is broader (Gao et al., 2011) whilst other 

studies suggested the performance is governed by the number of revolutions (Vanarase et al., 2010; 

Portillo et al., 2008). Due to its importance in batch-wise processing, an impressive number of 

experimental and conceptual compaction studies have been presented (Yu et al., 2014). Patel et al. 

(2006) underpinned the importance of material properties and tableting speed on compressibility, 

tabletability and compactibility. 

This research characterized the integrated continuous direct compression process and unit operations 

through an experimental and/or model-based approach. Reports on characterization of integrated 

from-powder-to-tablet continuous manufacturing platforms remain limited (Ervasti et al., 2015; K. 
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Järvinen et al., 2013a; Järvinen et al., 2013b; Simonaho et al., 2016; Vercruysse et al., 2013). Moreover, 

none of the described systems utilized an automated hopper refill system which is a critical point 

within the manufacturing process (Engisch and Muzzio, 2015b). Continuous direct compression of an 

immediate release formulation was first reported by Järvinen et al. (2013b). Tablets with good 

mechanical properties were produced although pharmacopeial uniformity requirements were not 

met under some conditions. The continuous manufacturing of extended release tablets via continuous 

direct compression was up to now exclusively investigated by Ervasti et al. (2015). They mainly 

investigated the impact of particle size (active and HPMC), drug load and mixer speed on product 

quality. HPMC particle size was a critical material attribute as it impacted the quality attributes of 

sustained release tablets such as weight variability and tablet strength (Ervasti et al., 2015). Tablet 

properties were more robust when a better flowing HPMC was incorporated as hydrophilic matrix 

former although drug release remained prone to mixer settings. Moreover, tablet quality showed 

significant variability over time as well as within one grab sample. In addition, the mixing performance 

was not related to the powder flow behavior within the mixer. Furthermore, a low system flow rate 

was selected (3.5 kg/h) throughout their study. Clearly, significant challenges need to be overcome to 

enable continuous direct compression of sustained release formulations. Among them, in depth 

characterization of the continuous mixing stage, improving product quality and exploring the impact 

of operating at flow rates relevant for pharmaceutical manufacturing. 

2 Continuous direct compression equipment 

The CDC-50 (GEA APC Pharma Solids, Wommelgem, Belgium) combines material handling, loss-in-

weight feeding, two stage continuous blending, compression and in-line NIRs to monitor blend 

uniformity in an integrated manufacturing system (figure 1).  
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Figure 1: Flowsheet of CDC-50. Powder supply and refill mechanism (■), twin screw feeding (■), 

blending (■), lubrication (■), feed tube (■), in-line NIRs as PAT tool (■) and tablet press (■).  

 

The individual materials are transferred to dedicated top up systems through vacuum conveying or 

gravity. The gravity feed system consists of a cylindrical feed tube and is used when powders undergo 

triboelectric charging during vacuum transfer. Both systems are connected to a rotating top-up valve.  

Up to 6 GEA compact twin screw feeders can be integrated on the manufacturing system. The feeders 

can be distributed over two feeding stations positioned at the inlet of the first and second continuous 

mixer which holds a maximum of 6 and 2 feeders, respectively.  

The GEA CDC50 blending process is conducted by two consecutive GEA continuous dry powder 

blenders which separate the blending process into two distinct stages: the first blender is used for 

intensive mixing, whereas shear-sensitive materials are introduced in the second blender. The blender 

consists of a cylindrical processing chamber in which an impeller is rotating. The impeller is a shaft 

which holds 60 mixing blades that have a fixed tolerance with the upwards tilted (15°) processing 

chamber. Each blade can be positioned as a transport blade or a radial mixing blade (RMB) oriented 
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respectively at 45° or 0° along the axis of the shaft. The mixer has a rotation rate that ranges from 45 

to 450 rpm.  

The blend is collected at the outlet of the second blender and guided via a borosilicate feed tube into 

the feed frame of the tablet press (MODUL™ S, GEA APC Pharma Solids, Halle, Belgium). A level sensor 

detects the fill level of the feed tube, which is maintained at its target during manufacturing by 

modulating the turret speed. A fiber optic contact probe (Lighthouse™ probe, GEA APC Pharma Solids, 

Wommelgem, Belgium) is connected to an NIR spectrometer (Tidas P analyzer, J&M Analytik, 

Essingen, Germany) and implemented in the feed tube just before the inlet of the feed frame. Spectra 

are recorded every second during tablet production. The MODUL™ S is equipped with moving rollers 

at the pre-compression station and fixed rollers at the main compression station.  

3 Materials  

Naproxen sodium was selected as a freely soluble cohesive model drug. The formulation contained 

30% w/w naproxen sodium (‘NAP’, Zhejiang Charioteer Pharmaceutical Company, Tongyuanxi, China), 

30% w/w hydroxypropyl methylcellulose (Methocel K4M premium CR, ‘CR’, Dow, Michigan, USA), 29% 

w/w spray dried lactose (Fast Flo 316, ‘FF316’, Kerry, Naas, Ireland), 10% w/w partially pre-gelatinized 

starch (‘Starch 1500’, Colorcon, Harleysvile, USA), 0.5% w/w fumed silica (CAB-O-SIL M-5P, ’SiO2’, 

Cabot, Amersfoort, The Netherlands) and 0.5% w/w magnesium stearate (Ligamed MF-2-V, ‘MgSt’, 

Peter Greven, Venlo, The Netherlands). Methocel CR grade was compared to its Methocel DC2 

equivalent to study the impact of HPMC particle size and flow.  

4 Methods  

4.1 Raw material characterization 

4.1.1 Particle size distribution 

The particle size distribution of raw materials was measured in triplicate by laser diffraction 

(Mastersizer S long bench, Malvern Instruments, Worcestershire, UK). The measurements were done 

via the dry dispersion method in volumetric distribution mode using a 300 RF lens combined with a 

dry powder feeder (Malvern Instruments, Malvern, UK) at a feeding rate of 3.0 G and a jet pressure of 

2.0 bar. The particle size distribution was analyzed via the Mastersizer 2000 software and reported as 

d10 and d50 values.  
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4.1.2 Density and porosity 

The bulk (ρbulk) and tapped density (ρtapped) were determined in a 100 ml graduated cylinder (n=3) 

mounted on a tapping device (J. Engelsmann, Ludwigshafen am Rhein, Germany). An exact mass of 

powder was gently poured into the graduated cylinder. The initial volume and volume after 1250 taps 

were recorded to calculate the bulk and tapped density, respectively. These values were used to 

calculate both Hausner ratio (HR) and Compressibility index (CI) for completeness: 

𝐻𝑎𝑢𝑠𝑛𝑒𝑟 𝑟𝑎𝑡𝑖𝑜 =  
𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑣𝑜𝑙𝑢𝑚𝑒

𝑉𝑜𝑙𝑢𝑚𝑒 𝑎𝑓𝑡𝑒𝑟 1250 𝑡𝑎𝑝𝑠
       (1) 

𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 𝑖𝑛𝑑𝑒𝑥 (%) =  100 × 
𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑣𝑜𝑙𝑢𝑚𝑒 − 𝑉𝑜𝑙𝑢𝑚𝑒 𝑎𝑓𝑡𝑒𝑟 1250 𝑡𝑎𝑝𝑠

𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑣𝑜𝑙𝑢𝑚𝑒
   (2) 

The true density of all raw materials and blends were measured using helium pycnometry (AccuPyc 

1330, Micrometrics, Norcross, U.S.A.) at an equilibration rate of 0.0050 psig/min with the number of 

purges set to 10. The powder porosity, εpowder, was calculated (3) where ρtrue denotes true density 

(g/ml).  

𝜀𝑝𝑜𝑤𝑑𝑒𝑟 = 1 −
𝜌𝑏𝑢𝑙𝑘

𝜌𝑡𝑟𝑢𝑒
          (3) 

4.1.3 Flowability of powders 

Powder flowability was measured in triplicate using a ring shear tester (Type RST-XS, Dietmar Schulze 

Schüttgutmesstechnik, Wolfenbuttel, Germany). The applied normal load at pre-shear was 1000 Pa, 

afterwards the powders were sheared under three different consolidation stresses: 400, 600 and 800 

Pa. The density under consolidation at pre-shear (ρconsolidation) was recorded. Powder cohesion (тc) was 

determined using the yield locus to estimate the shear stress at zero normal load. The flow function 

coefficient (ffc) was used to evaluate flowability. Furthermore, the density-weighed flow was 

calculated to assess the flow under gravity and expressed as ffp (4) and ffrho (5). 

𝑓𝑓𝑝 = 𝑓𝑓𝑐 × 𝜌𝑏𝑢𝑙𝑘          (4) 

𝑓𝑓𝑟ℎ𝑜 = 𝑓𝑓𝑐 × 𝜌𝑐𝑜𝑛𝑠𝑜𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛          (5) 

4.2 Loss in weight feeding 

4.2.1 Experimental set up 

The feeding behavior of materials included in this study was verified on the compact feeder (GEA, 

Wommelgem, Belgium). First, screws were primed prior to each run. Subsequently, the hopper was 

gently filled up to 2L. The corresponding weight (g) was recorded and considered as maximal. The 

hopper was run completely empty while the operation mode (volumetric or gravimetric), screw speed 

(rpm), net weight (g), feed factor (g/screw revolution) and flow rate (g/s) were logged every second. 
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The drive command (%) was calculated by normalizing the screw speed with the max screw speed (462 

rpm).  

4.2.2 Feed factor decay 

The volumetric flow rate (mL/s) of any screw feeder can be calculated (Engisch and Muzzio, 2014): 

𝑉𝑜𝑙𝑢𝑚𝑒𝑡𝑟𝑖𝑐 𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 = 𝑉𝑠𝑐𝑟𝑒𝑤 × 𝜀𝑓𝑖𝑙𝑙 × 𝜔𝑠𝑐𝑟𝑒𝑤        (6) 

Where Vscrew (mL/revolution), εfill, ωscrew (revolutions/s) denote the volume dispensed per screw 

revolution, screw flight fill fraction and screw rotation rate, respectively. The volume dispensed per 

screw revolution is 4.861 or 2.401 mL for screws with a pitch of 20 or 10 mm, respectively. The fill 

fraction accounts for incomplete screw flight filling due to poor powder flow in the screw flights or 

screw layering. To calculate the gravimetric feed rate (g/s) at a certain time, one should multiply 

volumetric flow rate with the density (g/mL) of the material at the screw inlet,  ρscrew: 

𝐺𝑟𝑎𝑣𝑖𝑚𝑒𝑡𝑟𝑖𝑐 𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 = 𝜌𝑠𝑐𝑟𝑒𝑤  × 𝑣𝑜𝑙𝑢𝑚𝑒𝑡𝑟𝑖𝑐 𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒      (7) 

At a fixed screw speed, the gravimetric flow rate over time (8) is solely related to the feed factor over 

time (9). If one assumes that εfill remains constant during steady state feeding, ρscrew(t) need to be 

determined to predict the gravimetric flow rate over time. Furthermore, a theoretical feed factor 

value is calculated by substituting ρscrew with ρbulk in equation 9 and assuming complete screw flight 

filling. It was then evaluated if the theoretical feed factor provides a good estimate of the actual value.  

𝐺𝑟𝑎𝑣𝑖𝑚𝑒𝑡𝑟𝑖𝑐 𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 (𝑡) = 𝑓𝑒𝑒𝑑 𝑓𝑎𝑐𝑡𝑜𝑟 (𝑡) × 𝜔𝑠𝑐𝑟𝑒𝑤      (8) 

𝐹𝑒𝑒𝑑 𝑓𝑎𝑐𝑡𝑜𝑟 (𝑡) = 𝜌𝑠𝑐𝑟𝑒𝑤(𝑡) ×  𝑉𝑠𝑐𝑟𝑒𝑤 × 𝜀𝑓𝑖𝑙𝑙        (9) 

The feed factor versus weight profiles, further referred to as feed factor profiles, indicate the feed 

factor and hence also the density at screw inlet decay with a decreasing net weight in the hopper. To 

compare the feeding behavior of materials with different density, the variable hopper fill level (10) is 

introduced to normalize the net hopper weight for the maximum weight in the hopper. The maximum 

feed factor is typically observed at higher fill levels where the feed factor remains relatively stable. It 

can be used to estimate the feeding capacity for a material. Normalized feed factor profiles were 

constructed by normalizing the feed factor for the maximum feed factor (11). These normalized feed 

factor profiles allow to study the shape of the feed factor decay in case of absolute differences in the 

maximum feed factor.  Hence normalized feed factor profiles allow to define a minimum fill level and 

select a suitable refill regime for each material.  

𝐹𝑖𝑙𝑙 𝑙𝑒𝑣𝑒𝑙 (𝑡) =
𝑁𝑒𝑡 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑡)

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑤𝑒𝑖𝑔ℎ𝑡
× 100        (10) 
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𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑓𝑒𝑒𝑑 𝑓𝑎𝑐𝑡𝑜𝑟(𝑡) =
𝑓𝑒𝑒𝑑 𝑓𝑎𝑐𝑡𝑜𝑟(𝑡)

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑓𝑒𝑒𝑑 𝑓𝑎𝑐𝑡𝑜𝑟
× 100     (11) 

4.3 Continuous blending 

4.3.1 Experimental set-up 

At the first blending stage, the impact of impeller rotation rate and configuration was investigated 

according to a full factorial design of experiments where each factor was tested at three levels. The 

impeller configuration (figure 2) was considered as a quantitative factor by extending the shear zone 

in the middle of the impeller with RMB (8, 12 or 16).  

 

 

Figure 2: Schematic presentation of an impeller equipped with 8 RMB ( ) and extensions to 12 (

) and 16 ( ) RMB. The RMB were centered on the impeller whereas remaining blades were positioned 

in full transport orientation.  

 

The impeller speed was set at 200, 300 and 400 rpm for each impeller configuration. The flow rate 

(25 kg/h), second blender settings and formulation (CR grade) remained fixed during this experimental 

design. The investigated responses were flow behavior within the continuous mixer (fill level, strain, 

RTD analysis and modeling), mixing performance (BU) and tablet quality (content uniformity and 

weight variation). Additional experiments were performed to evaluate the impact of HPMC grade. 

Finally, the feasibility of operating at high flow rates (50 and 75 kg/h) was explored for the better 

flowing Methocel DC2-based formulation. For these trials tablet quality characterization was extended 

with tensile strength and dissolution.  

4.3.2 Development and verification of NIR blend uniformity models  

NIR-based Partial Least Square (PLS) regression models were constructed during in-line monitoring of 

NAP content. Data analysis was performed using SIMCA 14 (Umetrics AB, Umeå, Sweden). The PLS 

models were developed by regressing 2750 (11 calibration standards x 250 spectra/standard) inline 

collected and pre-processed NIR spectra with their corresponding concentration of NAP. Spectra were 

collected in the spectral region from 1091 to 2107 nm with a pixel dispersion of 3.97 nm. Each 

spectrum was collected with an integration time of 60 ms and averaged over seven scans. Spectra 
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were recorded every second. The verification set consisted of 11 independent verification standards 

which each contained 50 spectra. At nominal concentration (30.5 %), three independent calibration 

and verification runs were performed. The NAP level of each standard is depicted in table 1.  

 

Table 1: Verification of in-line NIRs blend uniformity model: NAP target and predicted concentration, 

bias and RMSEP.  

 

Two spectral regions specific for NAP were selected for analysis (1130-1230 and 1404-1739 nm). These 

spectral regions were standard normal variate corrected and mean-centered before PLS was 

performed. Three PLS components were chosen as the goodness of prediction of the model did not 

significantly improved (Q²Y = 0.99) when adding extra components. The scores and loading plot of the 

first component confirmed this component represents the variation in NIR spectra caused by the 

difference in NAP concentration. Positive peaks in the loading of the first component corresponds to 

spectral peaks of NAP which confirmed thereby the specificity of the method. A higher score for 

component 1 therefore indicates a higher NAP concentration.  

Standard cross-validation was applied by dividing the dataset in 7 groups. The root mean squared 

error of cross validation of this three component PLS model was 0.52 % (w/w). The predictive 

performance of this model was subsequently evaluated by predicting the concentration for all 

verification standards (table 1). This resulted in an overall root mean squared error of prediction value 

of 0.51% (w/w). A linear relation between target concentration and model predicted concentration 

was found (R² = 0.99).  

Target (%w/w) Predicted (%w/w) Bias (%w/w) RMSEP(%w/w) 

21.00 20.84 0.16 0.40 

24.50 24.41 0.09 0.31 

27.45 27.34 0.11 0.29 

28.98 28.79 0.19 0.33 

30.5 - "Day 1" 30.49 0.01 0.44 

30.5 - "Day 2" 30.49 0.01 0.26 

30.5 - "Day 3" 30.35 0.15 0.34 

32.08 31.12 0.96 1.00 

33.35 34.37 -1.02 0.86 

36.60 37.30 -0.70 0.76 

39.65 39.26 0.39 0.46 
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4.3.3 RTD estimation and analysis 

The RTD was estimated by performing an impulse response test: a pulse of NAP was introduced at the 

inlet of the first blender whilst its concentration was monitored via in-line NIRs as a function of time 

at the system outlet (feed tube of the tablet press). The response is the concentration as a function of 

time (s), i.e. the concentration profile c(t). The amount of tracer (max 25 g) was selected such that the 

system response was detectable with near infrared spectroscopy and within the calibrated range. 

Furthermore, the pulse size was limited to ensure the steady state of the process was not disturbed. 

The c(t) curve was used to calculate the RTD function e(t) with equation (12). Note that e(t) normalizes 

the concentration profile c(t) by the total amount of tracer ∫ 𝑐(𝑡)𝑑𝑡
∞

0
. 

𝑒(𝑡) =
𝑐(𝑡)

∫ 𝑐(𝑡)𝑑𝑡
∞

0

          (12) 

The RTD function e(t) and mean residence time (tm) were used to obtain the normalized residence 

time which is calculated as e(θ) = e(t) × tm and where θ is the dimensionless time, i.e. θ =
 t

tm
. The 

variance (𝜎𝑡𝑚
2) and normalized variance (𝜎θ

2) are measures of the spread of the RTD and normalized 

RTD curve, respectively. The RTDs were quantitatively assessed by calculating tm, 𝜎𝑡𝑚
2 and 𝜎θ

2 

(equation 13 – 15) (Fogler, 2006). By treating the boundary condition of the mixer as a closed system 

with no axial or radial variation in upstream and downstream concentrations to axial dispersion model, 

Péclet number (Pe) was calculated using equation 16 (Kumar et al., 2014). The dimensionless Péclet 

number is the ratio of the rate of convection and dispersion. Further interpretation of these RTD 

measures is described in section 5.  

𝑡𝑚 =
∫ 𝑡∙𝑒(𝑡)𝑑𝑡

∞

0

∫ 𝑒(𝑡)𝑑𝑡
∞

0

           (13) 

𝜎𝑡𝑚
2 =

∫ (𝑡−𝑡𝑚)2∙𝑒(𝑡)𝑑𝑡
∞

0

∫ 𝑒(𝑡)𝑑𝑡
∞

0

         (14) 

𝜎𝜃
2 =

𝜎𝑡𝑚
2

𝑡𝑚
2             (15) 

𝜎𝑡𝑚
2

𝑡𝑚
2 ≈

2𝑃𝑒−2+2∙𝑒−𝑃𝑒

𝑃𝑒2           (16) 

4.3.4 RTD Modeling  

A non-ideal flow model has been used to describe the powder flow inside the continuous mixer: the 

tanks in series model with plug-flow volume fraction was selected to fit the normalized RTDs, e(θ). 

The model (17) is a three parameter flow model (Levenspiel, 1999).  

𝑒(𝜃) =
𝑏[ 𝑏(𝜃−𝑝)]𝑛−1

(𝑛−1)!
exp[−𝑏(𝜃 − 𝑝)]        (17) 
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Where 𝑛 = 𝑛𝑡𝑎𝑛𝑘𝑠  =  𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑜𝑢𝑠 𝑠𝑡𝑖𝑟𝑟𝑒𝑑 𝑡𝑎𝑛𝑘 𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠, 𝑝 =
𝑡𝑚𝑖𝑛

𝑡𝑚
 and 𝑏 =  

𝑛

1−𝑝
 (18) 

Where tmin is the minimum residence time and p is the volume fraction of the continuous mixer that 

is assumed to correspond to plug-flow. The parameters defining e(ɵ) are the number of tanks in series 

and the minimum and mean residence time. The mean residence time was calculated (13) whereas 

the number of tanks and minimum residence time were estimated by minimizing the residual sum of 

squares (19) between experimental and fitted data as described by Kumar et al. (2015). The coefficient 

of determination (R2) was used to assess model performance.  

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠 =  ∑( 𝑒(𝜃)𝑒𝑥𝑝 − 𝑒(𝜃)𝑠𝑖𝑚)2     (19) 

One can calculate the fitted RTD using the fitted normalized RTD, 
e(θ)

tm
= e(t)    (20) 

4.3.5 Model based macro-mixing evaluation 

Axial mixing describes the transport and back mixing in the system and is characterized by estimating 

the RTD. The design and process variables of the continuous blender must be carefully selected such 

that its RTD has sufficient macro-mixing ability to filter out feeder fluctuations. Levenspiel (1999) 

illustrated one can predict the concentration of the active in the outlet stream of a continuous mixer 

Cout(t). Therefore, the fitted RTD and concentration of the active in the inlet stream (Cin) have to be 

determined using equations 20 and 21, respectively. Subsequently, these signals were convoluted (22) 

in Matlab R2015b (Mathworks, Natick, Massachusetts, USA). 

𝐶𝑖𝑛 (𝑡) =  
𝐹𝑅𝑁𝐴𝑃+𝑆𝑖𝑂2(𝑡)

𝐹𝑅𝑁𝐴𝑃+𝑆𝑖𝑂2(𝑡)+𝐹𝑅𝐹𝐹316(𝑡)+𝐹𝑅𝐻𝑃𝑀𝐶 (𝑡)+𝐹𝑅𝑆𝑡𝑎𝑟𝑐ℎ(𝑡)+𝐹𝑅𝑀𝑔𝑆𝑡(𝑡)
× 100   (21) 

Where FR(t) is the gravimetric flow rate over time for the component specified.  

𝐶𝑜𝑢𝑡 
(𝑡) =  ∫ 𝐶𝑖𝑛 (𝑡 − 𝑡′) 𝑒(𝑡′) 𝑑𝑡′ =  ∫ 𝐶𝑖𝑛 (𝑡′) 𝑒(𝑡 − 𝑡′) 𝑑𝑡′ 

𝑡

0
 

𝑡

0
     (22) 

The residual standard deviation on the tracer concentration in the outlet stream (RSD_Cout) was 

determined as an indicator of macro-mixing performance.  

4.3.6 Fill level measurement 

The fill level or residence mass is defined as the amount of material in the mixer. During start-up, the 

fill level increases with time before a plateau is reached. The mixer operating under constant fill level 

is considered to be operating at steady state conditions. The fill level in the mixer determines the 

residence time and thus the strain experienced by the powder inside the mixer. The fill level in the 

blender was determined by stopping the steady state process instantaneously. The powder inside the 

blender was then collected pneumatically. In the absence of dead volumes inside the continuous 
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mixer, fill level measurement is complementary to mean residence time calculation from RTD 

estimation (Vanarase and Muzzio, 2011). 

𝐵𝑢𝑙𝑘 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑡𝑖𝑚𝑒 (𝑠) =
𝐹𝑖𝑙𝑙 𝑙𝑒𝑣𝑒𝑙 (𝑔)

𝐹𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 (
𝑔

𝑠
)
       (23) 

4.3.7 Strain measurement 

In convective continuous mixers, energy input is provided by the rotating impeller. The impeller speed 

influences the fill level and mean residence time. Strain is thereby proportional to the product of speed 

and mean residence time which reflects the number of blade passes in the mixer (Vanarase et al., 

2013b).  

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑙𝑎𝑑𝑒 𝑝𝑎𝑠𝑠𝑒𝑠 = 𝑀𝑒𝑎𝑛 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑡𝑖𝑚𝑒 (𝑠) ∗
𝐼𝑚𝑝𝑒𝑙𝑙𝑒𝑟 𝑠𝑝𝑒𝑒𝑑 (𝑟𝑝𝑚)

60
   (24) 

4.4 Tableting 

4.4.1 Experimental set-up 

The MODULTM S press was equipped with an overfill cam of 14 mm and 38 punches (euro B, 10 mm 

diameter, concave) to produce tablets with a target weight of 400 mg. The press operated in an 

automatic mode where the pre-compression displacement signal was used to monitor tablet weight 

which was controlled by adjusting fill depth. The standard paddles were installed in the forced feeder 

and their speeds were kept constant at 30 and 60 rpm for the first and second paddle feeder, 

respectively. The turret speed was set to ensure that the theoretical flow rate of the press matched 

the total flow rate of the feeders. This corresponded to a speed of 27, 55 and 82 rpm for a flow rate 

of 25, 50 and 75 kg/h, respectively. During start-up the feed tube level initiated turret rotation at its 

target (50%). The turret speed was modulated during processing to maintain this target. Below 20% 

feed tube level, the press was stopped to allow filling of the feed tube, whereas at 100% feed tube 

level the mixer and feeders were stopped. Pre-compression force was set at 15.2 MPa. The pre-

compression height, i.e. the distance between the punches at pre-compression, was regulated with 

0.01 mm adjustments such that a minimal pre-compression displacement of 0.1 mm at the rollers was 

maintained. The main compaction height was set at 2.252 mm whilst the main compression pressure 

was monitored. At each flow rate, tabletability, compressibility and compactibility profiles were 

constructed by tableting at a main compaction pressure of 127, 190, 229, 254, 318 and 381 MPa.  

4.4.2 Tablet characterization 

4.4.2.1 Weight variability 

Tablets (n=10) were randomly selected from grab samples collected at an interval of 10 s. Tablet 

weight variability was expressed as the residual standard deviation on the tablet weight (RSDWV).  
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4.4.2.2 Tablet strength and porosity 

Tablets (n=20) were weighed and their hardness, thickness and diameter were determined (Sotax HT 

10, Basel, Switzerland). The tablet tensile strength (MPa) was calculated using equation 25 where F, d 

and T denote the crushing force (N), tablet diameter (mm) and tablet thickness (mm), respectively. 

𝑇𝑒𝑛𝑠𝑖𝑙𝑒 𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ =
2𝐹

𝜋𝑑𝑇
         (25) 

The porosity of the formed compacts was calculated using equation 26 where ρapp denotes the 

apparent tablet density (g/mL) which was calculated by dividing the tablet mass by its volume.  

𝜀𝑇𝑎𝑏𝑙𝑒𝑡 = 1 −
𝜌𝑎𝑝𝑝

𝜌𝑡𝑟𝑢𝑒
          (26) 

4.4.2.3 Immediate axial recovery (IAR) 

Immediate axial recovery of tablets after ejection was calculated via equation 27 (Armstrong and 

Haines-Nutt, 1972): 

𝐼𝑚𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑎𝑥𝑖𝑎𝑙 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦 % =
𝑡𝑎𝑏𝑙𝑒𝑡 ℎ𝑒𝑖𝑔ℎ𝑡 𝑎𝑓𝑡𝑒𝑟 𝑒𝑗𝑒𝑐𝑡𝑖𝑜𝑛 −  ℎ𝑒𝑖𝑔ℎ𝑡 𝑢𝑛𝑑𝑒𝑟 𝑚𝑎𝑖𝑛 𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛

𝑡𝑎𝑏𝑙𝑒𝑡 ℎ𝑒𝑖𝑔ℎ𝑡 𝑢𝑛𝑑𝑒𝑟 𝑚𝑎𝑖𝑛 𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛
 × 100 (27) 

4.4.2.4 Content uniformity 

Tablets (n=30) were randomly selected from a grab sample collected during steady state processing. 

Each tablet was weighed and homogenized in 400 mL phosphate buffer with a pH of 7.4 (USP 

monograph) using an automated tablet preparation workstation (TPW™, Sotax, Basel, Switzerland). 

Subsequently, 10.0 mL of homogenate was filtered, and the NAP content derived from the absorbance 

of the filtrate at 332 nm using a UV spectrophotometer with 0.5 cm cell (Agilent 8453, Agilent 

technologies, Santa Clara, USA). The weight corrected content uniformity (CU) was expressed as the 

residual standard deviation on the NAP concentration in the tablet (RSDcu). 

4.4.2.5 Dissolution 

Dissolution tests were performed (n=6) in pH 7.4 phosphate buffer using the paddle method with 

sinkers (USP monograph for NAP tablets). The temperature of the dissolution medium was maintained 

at 37 ± 0.5 °C, while the rotation speed was set at 100 rpm. Samples of 9 mL were withdrawn after 

0.5, 1, 2, 4, 6, 8, 10, 12 and 16 h. The drug content in these samples was derived from the absorbance 

of the samples at 332 nm using an UV spectrophotometer (1 cm cells).  

The percent drug released versus time profiles were used to investigate the mechanism of drug 

release and evaluate the influence of process settings. The power law was used as a simple semi-

empirical equation (28) to describe the drug release from the polymeric systems (Siepmann and 

Peppas, 2012):  
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𝑀𝑡

𝑀∞
= 𝑘𝑡𝑛           (28) 

Where, Mt is the amount of drug released at time t, M∞ is the amount of drug released after infinite 

time, k is a kinetic constant incorporating structural and geometric characteristics of the tablet, and n 

is the release exponent, indicative for the drug release mechanism. The model was fitted using the 

curve fitting toolbox in Matlab R2015b. For matrix tablets, a release exponent of 0.5 indicates 

diffusion-controlled drug release whereas 1.0 indicates erosion or swelling-controlled release. 

Intermediate values suggest that diffusion and erosion contribute to the overall release mechanism 

(Levina and Rajabi-Siahboomi, 2004; Siepmann and Peppas, 2012). The time to reach 20% and 50% 

release were also included as responses. 

5 Results and discussion 

5.1 Raw material characterization 

Individual materials and blends were characterized extensively to compile a multivariate dataset 

(complementary data in paper). Subsequently, principal component analysis was applied on this 

dataset (SIMCA 14). Eriksson et. al. provided a detailed guideline for multivariate data analysis (2006). 

In brief, the score plot was used (figure 3, left) to identify how individual materials and blends are 

situated with respect to each other whereas the loading plot (figure 3, right) was used to reveal how 

variables are related to each other. The score and loading plots were observed simultaneously to 

reveal the physical meaning of these components. Materials with a specific location on the score plot 

have high values for variables with similar position on the loading plot (positively correlated) and low 

values for variables at the opposite side of the loading plot (negatively correlated). To evaluate a 

variable, one can draw a straight line through the origin and project other variables of interest on that 

line to assess their correlation. Additionally, the correlation matrix (complementary data in 

manuscript) was used to verify their magnitude of correlation. 
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Figure 3: Scores (left) and loadings plot (right) of PCA model describing material properties. Observations on score plot are colored according to their 

functionality and blends are labeled according to NAP+SiO2 content and HPMC grade. The abbreviations of properties on the loading plot are described in 

methods section.  
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Three components were fitted in the model explaining 96 % of the variation in the dataset. The first, 

second and third component explained 74, 16 and 6 %, respectively. The first component corresponds 

to density-weighed flow as these variables have high positive loadings for the first component but 

relatively low loadings for the second component. Materials with high scores for component 1 flow 

well under gravity and usually consist of larger particles. Furthermore, the different densities are 

correlated as they cluster in the right top corner and are negatively correlated with porosity which is 

located in the left bottom corner. Powder flow and fines are positioned in the right bottom corner of 

the loading plot (figure 3, right) and are negatively correlated with cohesion (left top corner). Powder 

flow deteriorated when the powder bed contained more fine particles due to their high cohesiveness. 

The variation in the dataset for density, flow, cohesion and porosity is clearly described by the second 

principal component. However, there is no single property which truly describes this second 

component as these variables are not completely independent from the first component (i.e. density-

weighed flow). The variability in compressibility and cohesion of the powder bed is described by 

component 3 (not shown). The key properties of each individual material are depicted in table 2.  

 

Table 2.  Key material properties of individual raw materials.  

Material ffp ρbulk (g/mL) ffc d50 (µm) HR 

Methocel CR 1.46 0.30 4.81 82 1.36 

Methocel DC2 1.95 0.31 6.18 102 1.27 

FF316 4.81 0.63 7.64 88 1.13 

NAP 0.36 0.25 1.43 13 1.37 

NAP+SiO2 0.57 0.25 2.28 13 1.76 

MgSt 0.42 0.19 2.21 8 1.65 

Starch1500 2.35 0.62 3.81 65 1.29 

 

The score plot reveals Starch 1500 is situated in the top right corner: the powder combined easy flow 

with high density and flowed as a consequence well under gravity. Spray dried lactose (FF316) 

combined better flow with similar density which explains why its density-weighed flow was even 

higher. FF316 had a remarkably lower tapped density (0.71 g/mL) compared to Starch 1500 (0.80 

g/mL) and has therefore lower scores for component 2. MgSt is situated in the left bottom corner of 

the score plot due to its poor density-weighed flow (ffp = 0.42) combined with its specifically low true 

density  (1.04 g/mL) and high porosity (0.82). Compared to MgSt, NAP is situated slightly more to the 

right side but significantly higher along the axis of component 2. NAP flows also poor under gravity (ffp 

= 0.34) but is significantly denser. Pre-blending NAP with SiO2 improved powder flow although SiO2 
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made the powder bed more compressible. Both HPMC grades had a unique location on the score plot: 

low positive scores for component 1 and high negative scores for component 2. The HPMCs combine 

easy flow with relatively low density. The Methocel DC2 grade was plotted to the right of Methocel 

CR grade. The direct compression grade has a higher particle size which improves powder flow and 

reduces the cohesiveness and compressibility of the powder bed.  

Two placebo sustained release platform formulations, composed of either Methocel CR or Methocel 

DC2 as matrix former, were characterized to evaluate the impact of HPMC grade on blend properties. 

The Methocel DC2 blend was positioned to the right of the Methocel CR blend on the score plot. This 

was attributed to the improved flow (flow function coefficient of 6.80 compared to 5.75) and slightly 

higher bulk density (0.46 vs 0.44 g/mL) of the Methocel DC2 blend. Both placebo blends shifted to the 

left on the score plot when 30% NAP was incorporated in the formulations. The high level of NAP 

reduced the density and deteriorated the flow. However, the Methocel DC2-based blend clearly 

retained the most favorable blend properties as it had higher scores for component 1 and 2. The score 

plot also revealed the impact of drug load on blend properties. An increase in NAP content gradually 

reduced the density and deteriorated the flow: a drug load increase from 21 to 40% reduced the flow 

function coefficient from 2.15 to 1.53 and the bulk density from 0.41 to 0.29 g/mL.  

This principal component model functions as a dynamic raw material property database that reveals 

in which properties materials differ. Loading new samples in the model allows to situate them among 

materials for which process knowledge is already established. Moreover, characterizing materials 

enabled correlation and modeling of their properties with process and product responses. In other 

words, the key material properties at the loss-in-weight feeding, continuous blending and tableting 

unit operation could be revealed. 

5.2 Loss-in-weight feeding 

All feed factor profiles showed a similar trend: the feed factor was initially near its maximum when 

the hopper of the feeder was completely full (Figure 4). The feed factor remained then relatively stable 

during emptying until a material specific hopper fill level was reached. Subsequently the feed factor 

decreased gradually towards a minimal feed factor (figure 4, left). One can assume that the actual 

weight of the powder bed regulates the compression of powder at the screw inlet over time. The 

powder bed is densified as a function of the gravitational pressure exerted by its own weight. Hence 

the compressive pressure decreased when feeders emptied their hopper. The resulting decrease in 

density at the screw inlet is hypothesized to cause this feed factor decay.
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Figure 4: Feed factor (left) and normalized feed factor (middle) decay as a function of hopper fill level (%) using concave screws with 20 mm pitch. Starch1500 

(_____), FF316 (_____), Methocel DC2(_____), NAP+SiO2(_____), MgSt (_____) and NAP (_____). Right: theoretical (- - -) and experimental (●) density-feed factor relation.  
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The maximum feed factor was correlated with bulk density (R2 = 0.85) (figure 4, right). Twin screws act 

as a pump by displacing a fixed volume, i.e. the volumetric feed factor, every screw revolution. 

Therefore, a higher density at the screw inlet yields theoretically a higher feed factor. This theoretically 

predicted feed factor-bulk density relation corresponds relatively well with the experimentally derived 

feed factor-bulk density relation. However, flow properties clearly confounded the bulk density-feed 

factor correlation. Two materials deviated from the theoretical curve which indicated that bulk density 

is not the only property governing the transport capacity. NAP is classified as a very cohesive material 

and has a significantly lower feed factor compared to slightly better flowing materials with similar 

density (i.e. NAP+SiO2). This might be attributed due to screw layering and/or incomplete screw flight 

filling by NAP. In contrast, the experimentally derived feed factor of the freely flowing FF316 was lower 

than the theoretically predicted feed factor. As incomplete screw filling seems unlikely for FF316, the 

density in the screw inlet must have been significantly lower than the bulk density. It is hypothesized 

the powder was loosely packed in the screw because the particles flowed freely in the rotating screw 

instead of being transported as a packed bed. Interestingly, the maximum feed factor for Starch 1500 

(2.97) was significantly higher compared to FF316 (2.12). Both materials have a similar bulk density (≈ 

0.63 g/mL) but packed significantly different (i.e. Starch 1500 has a Hauser ratio of 1.29 compared to 

1.13 for FF316) and flowability (i.e. Starch 1500 flow is passable and FF316 flow is good). Due to its 

compressibility, Starch 1500 can densify in the hopper and/or screw. In combination with its moderate 

flow properties, Starch 1500 will be efficiently transported as a packed bed instead of loose particles. 

Furthermore, tapped density, compared to bulk density, generally correlated better with the 

maximum feed factor (R2 = 0.91). These observations underpinned that bulk density, compressibility 

and powder flow impact the maximum feed factor value.  

Table 3 presents the feeder flow rate ranges based on a system flow rate range of 25 to 75 kg/h and 

the ratio of the components in the formulation.  
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Table 3: Overview of flow rate ranges covered in this study and their corresponding drive command 

estimated using the maximum feed factor. A screw speed of 462 rpm corresponds to 100% drive 

command.  

 

The maximum feed factor value was used to estimate the drive command at the intended flow rates. 

Twin concave screws with 20 mm pitch appeared to be perfectly suited to dose the high throughput 

products FF316 and Methocel DC2. Due to its high feed factor, a relatively low drive command (3.0 %) 

was required to dose Starch 1500 at 2.5 kg/h. The feeder was therefore equipped with 10 mm pitch 

concave screws to enable operation at double the drive command (6.1%) and avoid thereby pulsating 

mass flow. Due to its low dose in the formulation, MgSt required an extremely low mass flow (0.125 

kg/h) which inevitably resulted in an extremely low drive command (0.5 %) using concave screws with 

20 mm pitch. Hence, screws with 10 mm pitch were selected to enable MgSt dosing at higher drive 

command (1.3 %). A single feeder dosing pure NAP was not able to achieve the maximum flow rate of 

22.5 kg/h. One strategy could be to set-up multiple NAP feeders in parallel. Alternatively, feeding a 

NAP+SiO2 pre-blend at the maximum flow rate (22.9 kg/h) required 76.4% drive command. During in-

line blending trials at 75 kg/h two NAP+SiO2 feeders were eventually installed to prevent operating 

near the drive command limits at lower hopper fill levels.  

A hopper refill strategy was derived from the normalized feed factor profiles (figure 4, middle). The 

goal is to operate the feeder within a fill level window where the feed factor remains stable and close 

to its maximum value. Hence, less control actions are required to deal with feed factor kinetics during 

emptying and refilling of the hopper. The feed factor remained relatively stable till low fill levels for 

Starch 1500, FF316 and HPMC: a feed factor reduction of 5% was only observed below 15 % fill level. 

Their feeders were therefore run down to 20% fill level before triggering a refill. Highly compressible 

powders with low density displayed a decay at significantly higher fill level. A decay of 5% was already 

Material Flow rate range 
(kg/h) 

Screw pitch 
(mm) 

Max feed factor 
(g/revolution) 

Drive command (%) at 
flow rate ranges 

Methocel CR 7.5 – 22.5 20 1.36 20.0 – 59.9 

Methocel DC2 7.5 – 22.5 20 1.34 20.1 – 60.4 

FF316 7.25 – 21.75 20 2.12 12.3 – 37.0 

MgSt 0.125 – 0.375 20 0.84 0.5 – 1.6 

MgSt 0.125 – 0.375 10 0.35 1.3 – 3.9 

NAP 7.5 – 22.5 20 0.64 42.2 – 126.5 

NAP+SiO2 7.75 – 22.88 20 1.08 25.9 – 76.4 

Starch 1500 2.5 – 7.5 20 2.98 3.0 – 9.1 

Starch 1500 2.5 – 7.5 10 1.48 6.1 – 18.3 



Chapter 3 

78 

reached at 80, 50 and 20% fill level for NAP, MgSt and NAP+SiO2, respectively. The normalized feed 

factor profile clearly illustrated an additional advantage of dosing NAP+SiO2 pre-blend: the normalized 

feed factor remained constant till 40% fill level for the pre-blend whereas the decay was initiated from 

the start for NAP. A refill at 40% fill level was triggered for the pre-blend and MgSt. Operating in the 

same feed factor window with NAP would require more frequent refills. The actual impact of hopper 

refills during continuous manufacturing was further investigated at the feeding and blending unit 

operation. 

5.3 Effect of impeller configuration and speed 

Residence time estimation was performed as a function of impeller speed (i.e. RPM) and configuration 

(i.e. RMB) (figure 5).  
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Figure. 5: Experimental RTD (—) and model fit (---) using tanks in series with plug-flow volume fraction 

model. Impeller equipped with 8 (---), 12 (---) and 16 (---) RMB operating at 200 (left) and 400 (right) 

rpm.  

 

Besides changes in RTD profiles, the impact of process and design parameters was clearly reflected in 

other process and product responses. Therefore, a PLS model was fit, simultaneously representing the 

variation of all responses to the variation and interaction of the factors. Thereby the loading plot is a 

useful tool to understand how factors and responses are correlated (figure 6).  
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Figure 6: Blending DOE: loading plot of PLS model. RMB and RPM denote impeller configuration and 

impeller speed. The responses corresponding to the abbreviations are described below and ranked 

according to their R2Y : Fill level = 1.00 (FL), bulk residence time = 1.00 (btm), strain or number of blade 

passes = 1.00 (Strai), number of tanks in series = 0.96 (ntanks), model based macro-mixing performance 

or RSD_Cout = 0.93 (RSDco), Péclet = 0.92 (Pe), mean residence time = 0.92 (tm), variance = 0.91 (𝜎𝑡𝑚
2), 

normalized variance = 0.90 (𝜎θ
2), tablet content uniformity = 0.88 (RSDcu), tablet weight variation = 

0.84 (RSDwv), minimum residence time = 0.78 (tmin), plug-flow volume fraction = 0.56 (p), short term 

blend uniformity = 0.54 (RSDif), steady state blend uniformity = 0.38 (RSDss).  

 

The loading plot shows that the first PLS component is dominated by the number of RMB mounted on 

the impeller (on the negative side of the X-axis) and to a lesser extent by impeller speed (on the 

positive side). The second component is a combination of impeller speed and the quadratic and 

interaction model terms. Several responses appear to be correlated: the spread of the (normalized) 

RTD, fill level, strain, bulk and mean residence time cluster along the axis of component 1 on the 

loading plot. These responses have higher values when the impeller is equipped with more RMB and 

operates at lower speed. Responses describing the ratio of convective transport and dispersive mixing 

(péclet number and number of tanks) showed negative correlation with this response cluster, 

especially with the normalized variance. Installing more RMB and lowering the mixing speed improved 

the axial mixing efficiency (low number of péclet and tanks and low variability in the outlet stream). 
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Remarkably, the blend uniformity measures are located near the origin and hence not significantly 

impacted by the investigated factors. Variability in tablet weight and content was higher for high 

values of the second component indicating the importance of the quadratic terms to describe their 

variance. Remarkably, these tablet properties did not group with RTD related responses. Hence one 

can conclude that both RTD estimation and product quality determination were required to fully 

characterize the manufacturing system. Effects and factor interactions are discussed in more detail 

below using figures 7, 8, 9 and 10. The size of the effect is presented in a table below the corresponding 

effect plot.  

 

 

Figure 7: Blending DOE: effect (above) and interaction (below) plot for responses bulk residence time 

(left), mean (tm, middle) and minimum time (tmin, right). The table presents the size of the effect.  

 

5.3.1 Powder flow behavior in the continuous mixer  

5.3.1.1 Effect on fill level, bulk residence time and mean residence time 

The responses fill level, bulk residence time and mean residence time spanned a wide range from 

0.096 to 0.610 kg, 24 to 88 s and 97 to196 s, respectively. Overall, good correlation (R2=0.96) was 

observed between the responses bulk residence time and mean residence time, indicating that fill 

level measurements and RTD estimations are complementary. The NIRs probe is implemented in the 

feed tube of the tablet press which explains the absolute difference between bulk and mean residence 
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time. The impeller configuration is an important factor to include in RTD studies for continuous mixers 

as the impeller drives the mixing and transport of particles through the mixer. The RMB had a 

significant effect on fill level, bulk and mean residence time (figure 7, top). By extending the RMB 

section, more powder accumulated in the mixer due to more restricted material flow. For fill level and 

bulk residence time, this effect was not linear and intensified when more RMB were installed. The 

experimental error inherently associated with RTD estimation (higher error bars compared to fill level 

estimation) probably caused statistical insignificance of the quadratic term for mean residence time. 

Next to the number of RMB, the main effect of impeller speed was significant for fill level, bulk and 

mean residence time. This can be explained by the higher conveying rate of powder within the blender 

when the impeller rotates faster. The impact of speed on fill level and bulk residence time was mainly 

linear as the quadratic term had a statistically significant although very limited effect. The interaction 

effect (figure 7, bottom) of RMB and speed on fill level, bulk and mean residence time was significant. 

Remarkably, an increase in speed reduced the impact of the impeller configuration. At low filling 

conditions (i.e. for low number of RMB), marginal differences in these responses were observed when 

the impeller speed was varied from its low to high level. For this configuration, the conveying rate at 

low impeller speed was still sufficiently high to prevent an accumulation of powder in the mixing 

section. When the length of the mixing section is extended, and the mixer operates at low speed, the 

powder transported by the initial conveying section is less able to pass the mixing section without 

undergoing restriction to flow. Consequently, the powder accumulates in the mixer under these 

conditions. Operating at high impeller speed level increased the conveying rate which reduced the 

efficiency of the shear zone to restrict powder flow. Consequently, fill level, bulk and mean residence 

time were more reduced (figure 7).  
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Figure 8: Blending DOE: effect (above) and interaction (below) plot for responses normalized variance 

(𝜎θ
2, left), peclet (Pé, middle) and number of tanks (ntanks, right). The table presents the size of the 

effect. 

 

 

Figure 9: Blending DOE: effect (above) and interaction (below) plot for responses strain (left), tablet 

CU (RSDcu, middle) and tablet weight variability (RSDwv, right). The table presents the size of the effect. 
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Figure 10: RTD model based macro-mixing evaluation. Left: NAP+SiO2 (%) label claim as a function of 

time in feed stream (—) and in blender outlet stream using 8 (—) and 16 RMB (—) at 400 rpm. Right: 

Blending DOE: effect size and plot for response NAP+SiO2 (%) variability in outlet stream (RSDCout).  

 

5.3.1.2 Effect on minimum residence time 

The lag time describes the rate of transport through the blender. Quantifying the minimum residence 

time is important to understand when disturbances at the feeding stage will reach the inlet of the 

tablet press. The minimum residence time ranged from 7 to 53 s. The effect plot shows the main 

effects of impeller speed and number of RMB are statistically significant in contrast to their quadratic 

and interaction terms (figure 7, top). Remarkably, the minimum residence time is the only response 

where speed is the most influential factor. The enhanced conveying rate reduced transport time 

through the blender. In contrast, equipping the impeller with more RMB restricted powder flow which 

slowed down the transport rate.  

5.3.1.3 Effect on normalized variance 

Perfectly mixed-flow is described by a continuously stirred tank reactor and for such a system the 

spread of the normalized RTD curve is equal to one. By contrast, a plug-flow reactor describes a 

perfectly unmixed system and under this condition the normalized variance is equal to zero (Fogler, 

2006). A higher normalized variance indicates better axial mixing conditions. In our study, the impeller 

configuration and speed significantly affected the normalized variance (figure 8, top) which ranged 

from 0.04 to 0.18 and suggests the flow behavior in the blender was in between mixed and plug-flow. 

Extending the mixing section on the impeller from 8 to 16 RMB yielded a higher normalized variance 

which indicates the RMBs induced dispersion. Changing speed from 200 to 400 rpm reduced the 

spread of the normalized RTD,  indicating less dispersion occurred at higher conveying rate. The data 
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suggest a linear effect of impeller configuration and speed as the quadratic and interaction terms were 

not statistically significant and limited in size (figure 8, top). Hence the normalized RTD can be widened 

by combining a low impeller speed with high number of RMB (figure 8, bottom).  

5.3.1.4 Effect on péclet number, number of tanks and plug-flow volume fraction   

As the spread of the RTD curve approaches zero, the péclet number approaches infinity indicating the 

extent of axial mixing is low and the mixer characteristics approach a plug-flow reactor. This regime is 

not favorable for continuous processing as plug-flow corresponds to low axial mixing efficiency which 

can result in poor dampening of instream fluctuations (Kumar et al., 2014). The applied normalized 

RTD model contained two physically significant parameters namely the plug-flow volume fraction and 

number of constantly stirred tank reactors in series. These allow the quantification of the plug-flow 

volume fraction and axial mixing efficiency, respectively. Less tanks in series corresponds to more 

efficient axial mixing. Figure 5 confirms good model fit was achieved using the selected RTD model (R2 

= 0.95-0.99).  

Impeller configuration and speed had a significant impact on axial mixing efficiency (figure 8, top). 

Within this investigation the number of péclet and tanks ranged from 10 to 47 and 2 to 18, 

respectively. In contrast, these factors had no significant impact on the plug-flow volume fraction 

which indicates the impeller configuration had a similar impact on the minimum and mean residence 

time (figure 7, top). The impeller configuration had the largest impact on the axial mixing efficiency. 

By extending the impeller configuration with RMB, the powder undergoes relatively more dispersion 

than transport within the mixer. In contrast, the main effect of impeller speed is a higher péclet 

number and more tanks in series. Higher speed yields higher conveying rates which results in less axial 

mixing and more plug-flow like material transport through the mixer. A strong interaction occurred 

between impeller configuration and speed for the péclet number and amount of tanks in series (figure 

8, bottom). Processing conditions which resulted in high blender fill levels increased the axial mixing 

efficiency. When the impeller is equipped with low number of RMB, axial mixing is only effective at 

low speed as material flow is then restricted in the mixing section more frequently. An impeller with 

high number of RMB subjected particles to a critical strain and homogenization force making speed 

less influential for the efficiency of axial mixing. Hence equipping the impeller with high number of 

RMB is a powerful tool to maintain optimal dispersion at high impeller speed.  

5.3.2 Strain 

The strain or number of blade passes experienced by the powder within the continuous mixer was 

clearly dominated by the impeller configuration (figure 9, top). Significantly more strain was applied 

on the powder when the number of RMB was varied from low to high. The quadratic term had a 
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significant albeit small positive effect, indicating that extending the shear zone with more RMB 

gradually resulted in more blade passes. The increase in strain originates from a significant change in 

bulk residence time associated with higher number of RMB (figure 7, top). Next to impeller 

configuration, the main effect of impeller speed and its quadratic term had a negative impact on the 

applied strain (figure 9, top). In general, the number of blade passes was maximal at intermediate 

impeller speed (figure 9, bottom). This was previously reported by other researchers for different 

continuous mixers and formulations (Vanarase and Muzzio, 2011; Vanarase et al., 2013). However, an 

interaction occurred when a high number of RMB was combined with low impeller speed, yielding 

similar blade passes compared to intermediate speed (figure 9, bottom). This observation can be 

explained by the interaction plot of bulk residence time (figure 7, bottom). At low speed and high 

number of RMB, the maximized bulk residence time compensates for the lower speed and yields 

similar blade passes.  

5.3.3 Blend Uniformity 

Section 5.3.1 described the macroscopic powder flow behavior within the continuous mixer. However, 

these RTDs do not capture the mixing performance. Therefore, the mixing process was monitored 

using in-line NIRs to determine the homogeneity of the blend stream from the mixer. The relative 

standard deviation on the content of NAP in the blend during pseudo or quasi steady state processing 

was calculated as a mixing index (RSDss) and accounts for variability on the long and short term. 

Imperfections in the feed rate can introduce variability on the long term. By contrast, micro-mixing 

performance refers specifically to the extent of de-agglomeration and local segregation and is 

expressed as the NAP variability over a short time interval (RSDif). This corresponds to the remaining 

variability in the case of ideal feeding performance (Gao et al., 2011) which can be due to incomplete 

micro-mixing but includes also the error of the analytical method (Vanarase et al., 2013a). This short-

term variability was calculated by correcting the NIR predictions for drifts using the curve fitting 

toolbox in MATLAB (Mathworks, Natick, Massachusetts, USA). Despite, the impeller speed and 

configuration had no statistically significant impact on both the long and short-term variability. This is 

due to the narrow ranges that were observed for these mixing indices, 0.70-1.10% and 0.65-0.80% 

respectively, which indicated excellent blend uniformity during steady state processing. The limited 

difference between long and short-term variability illustrated the continuous mixer had sufficient axial 

mixing to filter out feeder fluctuations. Additionally, the root mean squared error of prediction of the 

in-line NIR model was 0.24% which indicated that for a target drug load of 30% the lowest achievable 

RSD would be around 0.24%/30% ≈ 0.80%. Hence, one can conclude the best possible mixing 

performance was achieved that could be detected with the employed analytical method.  
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5.3.4 Tablet content uniformity 

Content uniformity ranged from 0.51 to 1.28% and indicated excellent micro-mixing performance. The 

impeller configuration had a statistically significant effect on tablet content uniformity (figure 9, top). 

However, this effect was nonlinear as reflected by the significant quadratic term. When the number 

of RMB changed from 8 to 12, tablet content variability decreased marginally. However, equipping the 

impeller with 16 RMB increased tablet content variability (e.g. 0.45% difference for 200 rpm 

respectively). The impeller speed had no statistically and significant influence on content uniformity 

when it was varied from its low to high setting. However, also for speed the quadratic term was 

significant indicating a curved effect (figure 9, top). The interaction plot (figure 9, bottom) confirms 

that optimal homogeneity could be achieved at intermediate impeller speed for a fixed impeller 

configuration. This can be attributed to the maximum number of blade passes which the powder 

experienced at intermediate speed (figure 9, bottom). However, the good correlation between 

content uniformity and strain for a fixed impeller configuration (e.g. R2 = 0.91 for 8 RMB) deteriorated 

when data obtained from multiple impeller configurations is included (R2 = 0.45). These findings 

suggest that not only the number of blade passes but also the number of RMB on the impeller impacts 

micro-mixing and hence content uniformity. Visual inspection of the RTD profiles confirmed that more 

frequent variation in concentration was present when the number of RMB increased (figure 5).  

5.3.5 Tablet weight variability 

Tablet weight variability spanned a wide range from 2.07 to 4.77% within this design which 

underpinned the impact of the blending process on tablet quality. The moderate to high tablet weight 

variation is due to the poorly flowing Methocel CR-based formulation. The impact of improved blend 

properties, using Methocel DC2, on tablet weight variability is described in section 5.5.2. However, for 

the more cohesive Methocel CR-based formulation, the impeller configuration had a statistically 

significant influence on tablet weight variability (figure 9, top). Tablets varied more in weight when 

the impeller was equipped with more RMB. This impact of the impeller configuration was nonlinear 

and even intensified at high number of RMB. This counterintuitive observation indicated that a higher 

fill level, prolonged mixing time and more blade passes not necessarily resulted in improved blend 

properties for high speed tableting. De-mixing of cohesive blends was previously described for batch 

blending processes and was attributed to re-agglomeration or compaction of the blend when the 

mixing time extended (Augsburger and Hoag, 2008). The higher levels of strain associated with 

prolonged mixing may have compacted the blend and hence deteriorated the die filling consistency 

and resulting in a higher tablet weight variation. Also mixing speed impacted weight variation in a 

rather complex way (figure 9, top). For an impeller equipped with 16 RMB, mixing speed had only a 

limited impact as weight variability was mostly dominated by the impeller design. For an intermediate 
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shear zone (12 RMB), the highest weight variability was observed when the impeller was set at 

intermediate speed. This observation confirms that higher levels of strain can induce tablet weight 

variation. But interestingly an interaction occurred when a high impeller speed was combined with 

low number of RMB (figure 9, bottom) which resulted in high tablet weight variability. This observation 

suggests that still a minimal fill level, mixing time and strain is required to achieve blend properties 

suitable for tableting. It is clear that mixing time and strain need to be well balanced with tablet 

properties for the Methocel CR formulation.  

5.3.6 Macro-mixing performance 

5.3.6.1 Model based analysis 

A representative image of the variability on the active content in the feed stream was derived from 

an extended run including multiple hopper refills (figure 10, left). Hence, the practical relevance of 

differences in RTDs can be evaluated by quantifying their ability to dampen both steady state flow 

rate deviations and perturbations introduced by hopper refill. The variability in the feed stream 

remained relatively low (1.07%). The relatively high screw speed (average ≈ 290 rpm) eliminated 

pulsation and provided a fast response to perturbations, resulting in good precision (low variability) 

and high accuracy (mean label claim 100.15%). All investigated blender settings were able to 

sufficiently dampen the observed fluctuations in the inlet stream. The label claim range (i.e. difference 

between maximum and minimum) in the outlet stream varied from 3.46% for the lowest axial mixing 

condition (8 RMB at 400 rpm) towards 1.44 % for the highest axial mixing condition (16 RMB at 200 

rpm) which is significantly lower than the label claim range in the feed stream (12.7 %). The model- 

based analysis revealed the active content variability in the outlet stream ranged from 0.32 to 0.59 %. 

The effect plot (figure 10, right) shows that processing with more RMB or at lower speed clearly 

reduced label claim variability in the blender outlet stream. The loading (figure 6) and effect plots 

confirmed this is due to a combination of more efficient axial mixing (figure 8: higher péclet number 

and less tanks in series) and a higher residence time (figure 7: higher bulk and mean residence time). 

In conclusion, the continuous blender has the proper design and process ranges to filter out the noise 

introduced by the feeders and hence excellent macro-mixing performance was achieved.  

5.3.6.2 Experimental analysis 

The macro-mixing performance was experimentally verified by content uniformity analysis of grab 

samples collected at an interval of 10 s over an extended processing time (figure 11).  
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Figure 11: Content uniformity analysis as macro-mixing verification. Mean tablet content (n=10) and 

RSD (error bars) as function of process time. Left and right represent low and high axial mixing 

condition.  

 

Two runs were selected based on their extreme axial mixing performance: 8 RMB at 400 rpm as low 

axial mixing or “lean” condition, and 16 RMB at 200 rpm as high axial mixing or “robust” condition. 

The content uniformity was 0.49 and 0.61% for the high and low axial mixing setting, respectively. The 

average and individual tablet content remained well within standard requirements. These findings 

supported our previous conclusions regarding the excellent macro-mixing performance of the system. 

In conclusion, uniform tablet characteristics were achieved during the pseudo and/or quasi steady 

state of the manufacturing process.  

5.4 Effect of drug load 

The NIR standards depicted in table 1 were processed using fixed settings. Changing drug load from 

21.35 to 39.65% reduced fill level from 0.536 to 0.234 kg and hence also bulk residence time from 74 

to 34 s. Bulk density was the key material property impacting the fill level (figure 12, left) which 

indicates the material was transported as a dense stirred powder bed under these conditions (16 RMB, 

200 rpm).  
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Figure 12: Left: impact of the bulk density of the blend on the steady state fill level in the continuous 

mixer. Right: steady state blend uniformity determined via NIRs as a function of drug load.  

 

The bulk density has been shown to be less influential when the powder bed is fluidized (e.g. at high 

impeller speed) (Vanarase et al., 2013b). Blend uniformity ranged from 0.65 to 1.70 % suggesting good 

mixing performance. Despite theoretically improved product (higher density and better flow) and 

process (higher fill level and strain) responses, a lower content resulted in less homogenous blends 

(figure 12, right). It is hypothesized this slightly reduced mixing performance can be attributed due to 

more challenging micro-mixing inherently associated with the lower drug load. Furthermore, a higher 

level of strain has been shown to adversely impact the distribution of the drug in the final HPMC CR 

product.  

5.5 Effect of HPMC grade and flow rate 

5.5.1 Characterization of powder flow behavior in the continuous mixer  

5.5.1.1 Effect of HPMC grade 

The RTD was estimated for both Methocel DC2 and CR-based formulations at various processing 

conditions. The mixing time was slightly higher (+ 20 s) for the Methocel DC2-based formulation when 

low mixing speed is combined with high number of RMB. Here the higher bulk density of the Methocel 

DC2 formulation extended residence time within the mixer. This corresponds well with the previously 

described density-fill level relation and confirms the powder bed is in a dense regime under these 

conditions. Furthermore, powder flow was in this regime best described by 2 tanks for both 

formulations, indicating the ratio of mixing and transport remained unaffected (figure 13, a).  
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Figure 13: Impact of HPMC grade on process and product responses: a) Number of tanks for optimal 

model fit of blender RTD, b) tablet weight variability, c) tablet content uniformity. Legend: (x) DC2 – 

400 rpm, (+) DC2 – 300 rpm, (■) DC2 – 200 rpm, (x) CR – 400 rpm, (+) CR – 300 rpm and (■) CR – 200 

rpm.  

 

However, when the impeller was equipped with less RMB and/or operated at higher speed, 

considerably more tanks were required to fit RTDs of the Methocel CR formulation compared to DC2 

(figure 13, a). This indicated that convective transport dominated over dispersive transport for the 

more cohesive Methocel CR formulation under such conditions. The interaction between material 

properties and process parameters govern the particle-particle dissipation rate and hence the powder 

flow behavior within the mixer. Overall, the axial mixing efficiency was more robust to process changes 

for Methocel DC2 compared to CR.  

5.5.1.2 Effect of flow rate 

Processing the Methocel DC2-based formulation at higher flow rates increased the steady state fill 

level of the blender (figure 14, left). The bulk residence time (figure 14, middle) and strain (figure 14, 

right) decreased from 131 to 45 s and 412 to 170 revolutions when flow rate increased from 25 to 75 

kg/h, respectively.  
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Figure 14: Effect of flow rate on fill level (a), bulk residence time (b) and number of blade passes (c) in 

blender 1 (●).  
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Although the difference in responses leveled off slightly between 50 and 75 kg/h, the mixer did not 

yet reach its maximum fill level. The mixer could fill up more when the flow rate is set beyond the 

investigated limit. However, the tablet press had a maximum capacity of 91 kg/h for this formulation, 

hence the practical operational boundaries were covered within this study. 

5.5.2 Tablet quality 

5.5.2.1 Tablet weight variability 

Figure 13b shows tablet weight variability is overall significantly lower when Methocel DC2 is used a 

matrix former (1.44 – 1.79%) compared to CR (2.07– 4.77%). This can be attributed to the better flow 

of the DC2 grade which yielded improved blend properties even at high drug load. The latter resulted 

eventually in more consistent die filling and lower weight variability. Moreover, the Methocel DC2 

formulation was more robust to changes in process and design variables. Figure 13b clearly shows that 

the mixer speed and configuration had only a marginal impact on tablet weight variability using the 

DC2 grade. This is an advantage compared to the Methocel CR formulation where low tablet weight 

variability was only achieved at specific settings where other responses (e.g. axial mixing) were less 

optimal. It is hypothesized that the better flowing Methocel DC2 formulation is not prone to de-mixing 

or compaction phenomena during blending at high fill levels and hence die filling was more consistent. 

Furthermore, weight variability remained comparable whilst operating at a flow rate of 25 (1.61%), 50 

(1.50%) and 75 (1.72%) kg/h. Despite the high drug load, the Methocel DC2 formulation flowed 

sufficiently for high speed tableting. These findings illustrated that selecting appropriate excipient 

characteristics can enable continuous direct compression of poorly flowing, low density APIs 

formulated at high drug load. 

5.5.2.2 Tablet content uniformity 

Although tablets with excellent uniformity could be manufactured using both formulations, the active 

content for the Methocel DC2 formulation was more uniform and significantly more robust (figure 

13c). Furthermore, content uniformity for the DC2 grade remained excellent when the flow rate was 

increased to 50 (0.74%) and 75 (0.71%) kg/h. Apparently, the micro-mixing performance was not 

significantly impacted by flow rate despite the reduced strain and residence time.  

5.5.2.3 Tabletability, compressibility, compactibility and axial recovery 

Tabletability describes tensile strength as a function of applied compaction pressure (Patel et al., 

2006). Tablets were stronger when compressed at higher pressures (figure 15, a). Friability was at 

relevant compaction pressures (≥ 200 MPa) for all formulations and processing condition less than 0.3 

% (data not shown).  
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Figure 15: Tabletability (a), immediate axial recovery (b), compressibility (c) and compactibility (d) 

plot for HPMC DC2 processed at 25 (▼), 50 (▲) and 75 (■) kg/h and HPMC CR (◊) at 25 kg/h. Error 

bars indicate standard deviation (n=10).  

 

The steep increase in strength in the low-pressure region is due to reduced tablet porosity upon 

particle rearrangements and volume reduction, resulting in more bonding area. More immediate axial 

recovery was observed at higher compaction pressures (figure 15, b) as the porosity was already 

reduced and a further increase of pressure induced elastic deformation of particles. Elastic recovery 

occurred after compression thereby weakening interparticulate bonding (Sun and Grant, 2001). 

Consequently, the tabletability curve gradually leveled off. The observed immediate axial recovery is 

relatively high compared to values reported for a different formulation and processing condition (e.g. 

15 %) (Grymonpre et al., 2018). Peeters reported that the IAR increases with pressure and tableting 

speed, conditions that were relevant for our experiments (Peeters et al., 2018). Haware et al. reported 

30% axial recovery 24 h after compression, presumably due to the elasticity of the material (Haware 

et al, 2009c). Hence, the high axial recovery values in this study indicate the evaluated formulation is 



Continuous direct compression as manufacturing platform for sustained release tablets 

93 

partially of elastic nature, presumably due to presence of elastic components Starch 1500 (Haware et 

al., 2009c) and Naproxen (Abbas et al., 2018).  

Formulations with Methocel CR as matrix former showed superior compaction behavior compared to 

Methocel DC2. It is hypothesized that the smaller particles of the CR grade resulted in a higher packing 

density and more contact points between particles, thereby improving inter-particle bonding and 

yielding a better tabletability (Sun and Himmelspach, 2006; Thoorens et al., 2014). Tablet strength is 

determined by bonding area and bonding strength per unit bonding area. Contributions from each of 

these factors cannot be separated by means of the tabletability curves. Therefore, the compressibility 

and compactibility was evaluated in order to understand the observed differences in tableting 

behavior. Compressibility is the ability of a material to undergo volume reduction under the applied 

pressure, whereas compactibility normalizes tablet strength by porosity. The Methocel CR-based 

formulation exhibited more compressibility compared to the Methocel DC2 formulation processed at 

the same flow rate (figure 15, c). At the same compaction pressures, tablet porosity was consistently 

lower which is correlated to a higher bonding area within a tablet. For all profiles, the tensile strength 

was negatively correlated with porosity (figure. 15, d). Although Methocel CR-based formulations 

exhibited a better tabletability, its compactibility curve partially overlapped the Methocel DC2 curve. 

This observation suggested that its greater compressibility is at the origin of the better tabletability of 

Methocel DC2. Therefore, the superior tabletability is a result of its greater bonding area and not of 

its greater bonding strength per unit bonding area. I 

Another observation is the strain rate sensitivity of the Methocel DC2 formulation: a change in flow 

rate from 25 to 75 kg/h yielded weaker tablets when the compaction pressure remained constant. 

The Methocel CR formulation could not be evaluated at higher flowrate due to restrictions in available 

fill cam heights. In a continuous process, increasing the flow rate affected each unit operation. 

Operating at higher flow rate reduced RTD and strain in the continuous blenders and tablet press feed 

frame. As a result, the lubricant mixing time is reduced which potentially improved tabletability. Also 

the dwell time during main compression decreased from 15.90 to 5.30 ms at higher flow rate as the 

turret needed to rotate at higher speed (27 to 82 rpm) to maintain the correct mass balance. As some 

deformation processes are time dependent, a prolonged dwell time results in more plastic 

deformation, leading to more consolidation. In this case, the net effect of the longer lubrication and 

prolonged dwell time improved tabletability, indicating that the reduced dwell time is the dominating 

factor for the observed strain rate sensitivity. Tablets compacted with longer dwell time showed 

improved compressibility. As plastic deformation is time dependent, the volume reduction and hence 

increase in bonding area is more important when dwell time was longer. In addition, the overlapping 

compactibility profiles indicated that bonding strength per unit bonding area was not significantly 
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influenced by dwell time. Studying tabletability, compressibility and compactibility profiles highlighted 

the importance of porosity. One can manufacture tablets with similar tensile strength by targeting 

equal tablet porosity.  

5.5.2.4 Drug release 

The impact of compaction pressure and flow rate on drug release from Methocel DC2-based 

formulation was investigated by means of a two-level full factorial screening design. Figure 16 shows 

drug release over 16 h and the fit of the applied model.  
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Figure 16: Experimental drug release (●) and model fit (---). Flowrate set at 25 (left) and 75 (right) 

kg/h. Color coding according to main compaction pressure.  

 

To elucidate which tablet properties steer the dissolution rate, the responses derived from the 

dissolution profiles and their corresponding tablet properties were both included. A PLS model was 

fit: the loading plot (figure 17) revealed the experimental responses clustered. This indicates the time 

to reach 20 and 50% drug release was highly correlated (R2 =0.99). Interestingly, the release exponent 

of the dissolution model co-varied with these experimental responses (R2= 0.95-0.98). By contrast, 

the kinetic constant of the dissolution model lies on the opposite side of the straight line that connects 

the origin with the cluster of dissolution responses. This indicates the kinetic constant is negatively 

correlated with the release exponent (R2 = -0.99) and the time to reach 20 (R2 = -0.99) and 50% (R2 = 

-0.97) drug release. The high correlation between experimental and model-based dissolution 

responses indicated that the power law model was adequate to describe drug release. Moreover, the 

experimental and simulated dissolution data correlated well (R2> 0.99) and confirmed the suitability 

of the model. The release exponent ranged between 0.46 and 0.51, indicating diffusion-controlled 

drug release.  
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Figure 17: Tablet quality DOE: loading plot of PLS model. Responses and abbreviations ranked 

according to R2: tensile strength (TS) = 0.94, hardness (Hard) = 0.94 , time to release 50% drug (t50%) 

= 0.92, time to release 20% drug (t20%) = 0.90, kinetic constant power law model (k_pl) = 0.87, tablet 

porosity (Por) = 0.83, release exponent power law model (n_pl) = 0.79, tablet area (Area) = 0.73, 

thickness (Thi) = 0.72. The factors compaction pressure and flow rate were abbreviated as CP and FR.  

 

The experimental design revealed that compaction pressure significantly affected dissolution 

responses and tablet properties. Levina and Rajabi-Siahboomi (2004) described that the sensitivity of 

drug release to compaction pressure depended upon the compressibility of the formulation: in 

matrices with lower porosity the water uptake and water front movement was slower, which reduced 

the drug release rate. Also in the current study, drug release was significantly slower at higher 

compaction pressure which was reflected by lower values for the kinetic constant but higher values 

for release exponent and a prolonged time to reach 20 and 50% time drug release. Compacting at 

higher pressure reduced tablet thickness, area and porosity, whereas tablet strength and hardness 

improved. These observations combined resulted in a slower drug release. Based on their correlation 

with dissolution responses, the importance of tablet properties could be ranked from high to low as: 

tablet area, thickness, tensile strength, hardness and porosity. Tablet area was previously reported to 

steer the release rate (Li et al., 2005) and hence thickness was a simple tablet property that correlated 

well with all dissolution responses (R2 : 0.90 to 0.95). Ensuring low thickness variation during 

manufacturing of sustained release tablets is hence crucial.  
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The rate of drug release was relatively slow as the cumulative release was limited to about 60% after 

16h. One of the research goals was to elucidate the impact of HPMC grade on tablet properties. To 

this extent, a high percentage of HPMC was selected in the model formulation to evoke potential 

differences in blend and tablet properties. This relatively low drug-to-polymer ratio extended the drug 

release (Li et al., 2005). Altering the ratio of tablet surface area and weight was a simple tool to 

accelerate drug release: 80% drug was released after 16 h when this ratio increased with only 14% 

(data not shown). Comparative dissolution testing between HPMC CR and DC2 grade was not in scope 

of this work as similar dissolution performance of these grades has been reported by Lakio et al. (2016) 

and Morker et al (2017). Future work can focus on steering the rate of drug release from continuously 

produced matrix tablets by modifying the ratio and physico-chemical properties of HPMC and fillers 

(Levina and Rajabi-Siahboomi, 2004). 

6 Conclusion 

This study presented a framework for process and product development on a continuous direct 

compression platform. The ability to continuously manufacture sustained release tablets was explored 

using a formulation with high drug load of a poorly flowing low-density API. Each unit operation was 

thoroughly investigated to reveal how design aspects, process settings and material properties 

impacted the process behavior and product quality. Two HPMC matrices were evaluated: standard 

Methocel CR and direct compressible DC2. Characterization revealed the DC2 grade flowed better 

than CR and yielded eventually improved blend properties. The capacity of feeding correlated directly 

with the density of the materials. Determining the feed factor and flow rate requirement allowed to 

estimate drive command which rationalized the selection of screw pitch. Most materials showed a 

limited feed factor decay and were emptied till 20% fill level before triggering a refill. By contrast, 

more compressible powders initiated the decay at higher fill levels and were as a consequence refilled 

at 40% fill level. Inline NIRs was shown to be an adequate tool for RTD estimation and process 

monitoring. The blender possessed good macro-mixing capabilities as NIRs suggested excellent blend 

uniformity during steady state processing. The model-based analysis of macro-mixing performance 

confirmed the RTD was able to dampen the observed feeder fluctuations. In addition, the excellent 

mixing performance was confirmed experimentally by analyzing the content of tablets sampled over 

an extended sampling time. The experimental design with Methocel CR revealed the impeller 

configuration had a significant impact on the powder flow within the mixer. Extending the shear zone 

restricted powder transport and enhanced dispersion which resulted in a higher residence time and 

fill level, yielding thereby more strain and optimal axial mixing efficiency. The effect of speed on mixing 

and transport of powder was more pronounced at high filling degree. Higher conveying rates shifted 
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RTD curves to the left, while fill level, strain and axial mixing efficiency were reduced. Furthermore, 

bulk density was a key blend property as a higher density resulted in a higher fill level during blending. 

Using Methocel CR, the axial mixing and strain needed to be well balanced with tablet properties. 

Tablet quality deteriorated when more axial mixing was achieved through extending the shear zone 

on the impeller. However, an impeller with small shear zone achieved optimal tablets with low weight 

and content variability when the applied strain was maximized via the impeller speed. A higher 

robustness to changes in the blending process was achieved with Methocel DC2. The better flow of 

the Methocel DC2 blend yielded overall lower tablet weight and content variability and enabled 

manufacturing at 75 kg/h. This observation underpinned the importance of flow during continuous 

blending and die-filling. Blends with Methocel CR showed better tabletability driven by a higher 

compressibility that originates from its higher bonding area. Up to the maximal strength of the 

Methocel DC2, tablets of similar strength as CR could be produced with DC2 by targeting equal 

porosity. Controlling thickness during continuous manufacturing of sustained release tablets appeared 

to be crucial.  
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Chapter specific abbreviations 

APAP_P   acetaminophen powder 

BL1   blender 1 

C8    configuration with 8 centered RMB 

C16   configuration with 16 centered RMB 

Cin (t)   tracer concentration in the inlet feed stream 

Cout (t)   tracer concentration in the outlet stream predicted by macro-mixing model 

D8    configuration with 8 distributed RMB 

D12   configuration with 12 distributed RMB 

FF   feed factor 

Δ FF   maximum - minimum feed factor 

FT   full transport configuration 

ntanks    number of continuous stirred tank reactors 

p   plug-flow volume fraction 

Pé    Péclet number 

R2    coefficient of determination  

tm   mean residence time 

tmin   minimum residence time or lag time 

P8   configuration with 8 paired RMB 

P16   configuration with 16 paired RMB 

𝜎𝑡𝑚
2   variance  

𝜎θ
2   normalized variance 

Θ   dimensionless time 

ωscrew   screw rotation rate 

WTH   weight, thickness and hardness 
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1 Introduction  

The pharmaceutical sector should aim for efficient, agile and flexible manufacturing of reliable high-

quality drug products. Today most pharmaceuticals processes remain relatively inefficient and less 

understood compared to processes in other industries (Lee et al., 2015b; Vervaet and Remon, 2005). 

Innovation in pharmaceutical manufacturing via continuous processing has a high potential to improve 

not only process understanding but also the quality of the end product. In addition the pharmaceutical 

industry is under pressure to reduce development and manufacturing costs due to limited health care 

budgets coupled with a growing market share for generic drugs (Ierapetritou et al., 2016). In this 

context cost reduction prevails as an additional driver to accelerate the transition towards more 

efficient and robust processes (Schaber et al., 2011). Finally, the FDA recently paved the way for 

personalized medicines which will require development of many more drug products in a shorter time 

frame (Food and drug administration, 2013). In brief, medicines will inevitably require a flexible 

development and commercialization strategy in the future. Continuous processing technologies 

provide one possible path forward to meet the abovementioned requirements. The recent 

development of a portable, continuous, miniature and modular manufacturing platform for 

production of tablets by GEA Group, Pfizer and GCON clearly reflects the need for innovative 

approaches (ISPE, 2016). 

A well designed continuous manufacturing system integrates continuous unit operations and allows 

monitoring of product quality with state of the art process analytical tools and parametric control. 

Tableting is an inherently continuous process that is historically preceded by batch-wise weighing and 

blending. However, several research groups recently converted the batch concept of direct 

compression towards a continuous version (Engisch and Muzzio, 2015a; Ervasti et al., 2015; K. Järvinen 

et al., 2013a; Järvinen et al., 2013b). Their continuous direct compression manufacturing process 

consisted of several loss-in-weight (LIW) feeders, a horizontal mixer, a surge hopper and tablet press. 

Remarkably, automated hopper refill was not yet addressed whilst it is a key step during continuous 

processing. Refilling disrupts the steady state nature of the feeding process (Van Snick et al., 2017a) 

and is particularly challenging for low-dosed drugs. These compounds require low flow rates, hence 

the feeder operates at low screw speeds which yields a slow response to perturbations induced by 

hopper refill.  

Although direct compression is the simplest and most cost-efficient tablet manufacturing route, it is 

not often considered as the preferred strategy. High drug loads are perceived as too challenging with 

respect to flowability and compactibility (Patel et al., 2006) and the direct compression route is often 

considered to lack robustness as there are no processing steps to mitigate variable material properties 

(Leane et al., 2015). In addition, low-dose formulations manufactured via direct compression can 
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suffer from uniformity issues as it is particularly challenging to disperse a small amount of a poorly 

flowing and cohesive drug uniformly in the powder blend (Bi et al., 2011). Byrn et al. (2015) postulated 

that transitioning from batch to continuous direct compression may prevent segregation and bridging 

issues that are inherently associated with batch-wise direct compression. However, scientific evidence 

is lacking to validate that continuous direct compression improves product quality of challenging 

formulations. Certain studies indicated that process optimization was required to produce tablets with 

acceptable content uniformity (Ervasti et al., 2015; Järvinen et al., 2013b) and consistent drug release 

(Lakio et al., 2016). However, none of the cited work devoted attention to the relation between mixing 

dynamics and product quality.  

This paper aims to provide a strategy for process and product development on a continuous direct 

compression system for low dosed compounds. A conventional placebo platform formulation for 

direct compression was selected to gain process understanding at the feeding, blending and tableting 

stage. Next, a poorly flowing cohesive model active ingredient was included in the formulation at low 

drug load to elucidate the impact of process and design variables on product quality.  

2 Materials  

Acetaminophen powder (‘APAP_P’, Mallinckrodt, St. Louis, USA) was selected as a cohesive and 

agglomerated model drug. Formulation A contained 2.50 % w/w APAP_P, 41% microcrystalline 

cellulose (Avicel PH102, ‘PH102’, FMC biopolymer, Cork, Ireland), 51.25% w/w spray dried lactose 

(Fast Flo 316, ‘FF316’, Kerry, Naas, Ireland), 4% w/w sodium croscarmellose (Ac-Di-Sol SD-711, 

‘SD711’, FMC biopolymer) and 1.25% w/w magnesium stearate (Ligamed MF-2-V, ‘MgSt’, Peter 

Greven, Venlo, The Netherlands). In Formulation B 1% FF316 of Formulation A was replaced by sodium 

lauryl sulfate (Texapon K12, ‘SLS’, BASF, Ludwigshafen, Germany) to study the impact of a minor 

formulation change. 

3 Methods 

3.1 Raw material characterization 

3.1.1 Particle size distribution 

The particle size distribution of raw materials was measured in triplicate by laser diffraction 

(Mastersizer S long bench, Malvern Instruments, Worcestershire, UK). The measurements were 

performed via the dry dispersion method using a 300 RF lens combined with a dry powder feeder 

(Malvern Instruments, Malvern, UK) at a feeding rate of 3.0 G and a jet pressure of 2.0 bar. The data 
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was analyzed via the Mastersizer 2000 software and reported as d10, d50 and d90 values in volumetric 

distribution mode. 

3.1.2 Density 

The bulk (ρbulk) and tapped (ρtapped) density were determined in a 100 ml graduated cylinder (n=3) 

mounted on a tapping device (J. Engelsmann, Ludwigshafen am Rhein, Germany). An exact mass of 

powder was gently poured into a graduated cylinder. The initial volume and volume after 1250 taps 

were recorded. These values were used to calculate the hausner ratio and compressibility index (CI): 

𝐻𝑎𝑢𝑠𝑛𝑒𝑟 𝑟𝑎𝑡𝑖𝑜 =  
𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑣𝑜𝑙𝑢𝑚𝑒

𝑉𝑜𝑙𝑢𝑚𝑒 𝑎𝑓𝑡𝑒𝑟 1250 
        (1) 

𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 𝑖𝑛𝑑𝑒𝑥 (%) =  100 × 
𝑉𝑜𝑙𝑢𝑚𝑒 𝑎𝑓𝑡𝑒𝑟 1250 𝑡𝑎𝑝𝑠− 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑣𝑜𝑙𝑢𝑚𝑒

𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑣𝑜𝑙𝑢𝑚𝑒
   (2) 

3.1.3 Flowability of powders 

Powder flowability was measured in triplicate using a ring shear tester (Type RST-XS, Dietmar Schulze 

Schüttgutmesstechnik, Wolfenbuttel, Germany). The applied normal load at pre-shear was 1000 Pa, 

afterwards the powders were sheared under three different consolidation stresses: 400, 600 and 800 

Pa. The flow function coefficient (ffc) was used to evaluate flowability. 

3.2 Continuous direct compression 

The research was performed on a continuous direct compression unit (CDC-50, GEA APC Pharma 

Solids, Wommelgem, Belgium). This manufacturing system was described in detail in our previous 

manuscript (Van Snick et al., 2017a). In brief, the CDC-50 combines loss-in-weight feeding, two stage 

blending and compression with in-line NIRs measurements in one integrated system. Figure 1 

visualizes the process flow diagrams explored in this work.  
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Figure 1: Standard and alternative process flow diagrams with MgSt dispensed at the second (left) 

and first mixing stage (right), respectively.  

 

3.2.1 Loss-in-weight feeding 

First, the feeding behavior of each material was investigated on a stand-alone compact feeder (GEA, 

Wommelgem, Belgium) to ensure an optimal feeder set-up during the continuous direct compression 

trials. A full hopper was run completely empty while the operation mode (volumetric or gravimetric), 

screw speed (rpm), net weight (g), feed factor (g / screw revolution) and flow rate (g/s) were logged 

every second. The feeder dispensed the powder in a collection bucket which was placed on an external 

balance (K-sampler, Coperion K-Tron, Niederlenz, Switzerland) that logged the weight gain every 

second. The hopper fill level (%) represents the net weight normalized by the maximum weight. 

Additionally, the normalized feed factor represents the feed factor normalized by the initial feed factor 

at maximum fill level, i.e. maximum feed factor. The feed factor reduced gradually when the hopper 

fill level drops. The minimum feed factor was defined as the feed factor value just before the hopper 

ran empty. The difference between maximum and minimum feed factor was calculated (Δ feed factor) 

and normalized for the maximum feed factor value (Δ normalized feed factor). This loss-in-weight 

feeding verification step allowed to estimate the feeding capacity and to define a suitable refill 

window by evaluating feed factor decay. The interval of refilling was calculated by dividing the refill 

weight (g) by the flow rate (g/s).  

3.2.2 First mixing stage 

3.2.2.1 Effect of impeller speed and throughput for three impeller configurations 
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The first part of this paper aims to characterize the macroscopic powder flow and mixing performance 

of the GEA continuous dry powder mixer. The impeller holds 60 blades that are equally spaced along 

the shaft in 30 sets of two blades which are positioned opposite to each other. Figure 2 visualizes how 

each blade of the set is positioned as a radial mixing (RMB) or transport blade (TB).  

 

 

Figure 2: Left: Top view reflecting the orientation of a transport and radial mixing blade on the impeller. 

Right: Front view of available blade sets that each hold two opposite blades. Each pair of blades can 

be oriented as a transport or radial mixing blades and as a consequence three possible blade sets can 

be defined. 

 

Figure 3 describes the different impeller configurations tested within this study. The impact of impeller 

speed (200, 250 and 300 rpm) and flow rate (24, 30 and 36 kg/h) was investigated for three impeller 

configurations (D8, D12 and P16) according to a full factorial experimental design where each factor 

is tested at three levels (27 experimental settings). The mixing dynamics were characterized by 

measuring fill level, strain and RTD, whereas the mixing performance was characterized by blend and 

content uniformity.  
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Figure 3: Full transport configuration (FT) and impeller configurations with 8 (D8) and 12 (D12) 

distributed RMB, 8 (P8) and 16 (P16) paired RMB and 8 (C8) and 16 (C16) centered RMB.  

 

3.2.2.2 Effect of impeller speed for alternative impeller configurations 

The second part of this paper aims to elucidate the effect of impeller configuration on the same 

responses. Not only the number of RMB (0, 8, 12, 16) but also their pattern (transport, distributed, 

paired and centered) was investigated. The amount of RMB that can be mounted in a distributed 

pattern was due to geometric dimensions restricted to 12. The impeller speed was varied between 

100 and 300 rpm, while the flow rate (30 kg/h) and second blender settings (250 rpm) remained fixed.  

3.2.3 Second mixing stage 

A full factorial experimental design was performed at the lubrication stage: three levels were tested 

for flow rate (24, 30 and 36 kg/h) and impeller speed (200, 250 and 300 rpm). The mixing dynamics 

were characterized by measuring fill level, strain and RTD whereas the extent of lubrication was 
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evaluated by the tablet hardness. The full transport configuration was selected to prevent over 

lubrication.  

3.2.4 Mixing responses 

3.2.4.1 RTD estimation and analysis 

The RTD was estimated by performing an impulse response test: a pulse of APAP_P (i.e. 10 – 15 g) was 

introduced at the inlet of the first blender while its concentration was monitored via in-line NIRs as a 

function of time at the system outlet (i.e. at the feed tube of the tablet press). The response is the 

concentration profile, i.e. c(t). The pulse size was selected such that the system response was 

detectable with NIRs. In addition, the steady state nature of the process was monitored via the fill 

level of the feed tube. The c(t) curve was used to calculate the RTD function e(t) using equation 3. 

Note that e(t) normalizes the concentration profile by the total amount of tracer. 

𝑒(𝑡) =
𝑐(𝑡)

∫ 𝑐(𝑡)𝑑𝑡
∞

0

           (3) 

The RTDs were quantitatively assessed by calculating the mean residence time (tm), variance (𝜎𝑡𝑚
2), 

normalized variance (𝜎θ
2) and Péclet number (Pé) using equation 4, 5, 6 and 7, respectively. (Fogler, 

2006). The RTD function e(t) and tm were used to obtain the normalized residence time which is 

calculated as e(θ) = e(t) × tm and where θ is the dimensionless time, i.e. θ =
 t

tm
. The variance and 

normalized variance are measures of the spread of the RTD and normalized RTD curve, respectively. 

The dimensionless Péclet number is the ratio of the rate of convection and dispersion.  

𝑡𝑚 =
∫ 𝑡∙𝑒(𝑡)𝑑𝑡

∞

0

∫ 𝑒(𝑡)𝑑𝑡
∞

0

           (4) 

𝜎𝑡𝑚
2 =

∫ (𝑡−𝑡𝑚)2∙𝑒(𝑡)𝑑𝑡
∞

0

∫ 𝑒(𝑡)𝑑𝑡
∞

0

         (5) 

𝜎𝜃
2 =

𝜎𝑡𝑚
2

𝑡𝑚
2             (6) 

𝜎𝑡𝑚
2

𝑡𝑚
2 ≈

2𝑃𝑒−2+2∙𝑒−𝑃𝑒

𝑃𝑒2           (7) 

3.2.4.2 RTD Modeling  

A non-ideal flow model has been used to describe the powder flow inside the continuous mixer: the 

tanks in series model with plug-flow volume fraction was selected to fit the normalized RTDs, e(θ). 

This model (8) is a three parameter flow model (Levenspiel, 1999).  

𝑒(𝜃) =
𝑏[ 𝑏(𝜃−𝑝)]𝑛−1

(𝑛−1)!
exp[−𝑏(𝜃 − 𝑝)]        (8) 
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Where 𝑛 = 𝑛𝑡𝑎𝑛𝑘𝑠  =  𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑜𝑢𝑠 𝑠𝑡𝑖𝑟𝑟𝑒𝑑 𝑡𝑎𝑛𝑘 𝑟𝑒𝑎𝑐𝑡𝑜𝑟𝑠, 𝑝 =
𝑡𝑚𝑖𝑛

𝑡𝑚
 and 𝑏 =  

𝑛

1−𝑝
 (9) 

And tmin is the minimum residence time and p is the volume fraction of the continuous mixer that is 

assumed to correspond to plug-flow. The parameters defining e(θ) are tm, tmin and ntanks. Model 

parameter tm was calculated using equation 4. The estimation of ntanks and tmin was done by minimizing 

the residual sum of squares (10) between experimental and fitted data using the algorithms described 

by Kumar et al. (2015). The root mean square error (square root of the residual sum of squares) was 

used to assess model performance. 

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠 =  ∑( 𝑒(𝜃)𝑒𝑥𝑝 − 𝑒(𝜃)𝑠𝑖𝑚)2     (10) 

The fitted RTD can be calculated using the fitted normalized RTD, 
e(θ)

tm
= e(t)    (11) 

3.2.4.3 Model-based macro-mixing evaluation 

Axial mixing describes the transport and mixing of powder in the mixer at a macroscopic level. The 

design and process variables of the continuous blender must be carefully selected such that its RTD 

has sufficient macro-mixing ability to filter out fluctuations of the incoming flow rate. The latter was 

calculated via equation 12 where FR(t) denotes the flow rate as a function of time for the below 

mentioned compound. The RTD process model presented by Levenspiel (1999) enables prediction of 

the tracer concentration in the outlet stream of a continuous mixer. To achieve this the simulated 

residence time in the mixer (11) and tracer concentration in the inlet stream (12) were convoluted 

(13) using Matlab R2015b (Mathworks, Natick, Massachusetts, USA). Where t reflects the time in the 

inlet and outlet concentration and t’ reflects the time in the RTD function.  

𝐶𝑖𝑛 (𝑡) =  
𝐹𝑅𝐴𝑃𝐴𝑃(𝑡)

𝐹𝑅𝐴𝑃𝐴𝑃(𝑡)+𝐹𝑅𝐹𝐹316(𝑡)+𝐹𝑅𝑃𝐻102 (𝑡)+𝐹𝑅𝑁𝐴𝐶𝑀𝐶(𝑡)+𝐹𝑅𝑀𝑔𝑆𝑡(𝑡)
× 100    (12) 

𝐶𝑜𝑢𝑡 
(𝑡) =  ∫ 𝐶𝑖𝑛 (𝑡′) 𝑒(𝑡 − 𝑡′) 𝑑𝑡′ 

𝑡

0
         (13) 

Blend uniformity was determined by calculating the relative standard deviation (RSD) on the potency 

predicted by the RTD process model. The RSD is the most commonly used mixing index and is the ratio 

of the sample standard deviation and mean concentration. 

3.2.4.4 Fill level measurement 

The fill level or residence mass is defined as the amount of material in the mixer at steady state 

conditions. The fill level in the mixer determines the residence time and thus the strain experienced 

by the powder inside the mixer. The fill level in the blender was determined by stopping the process 

instantaneously, collecting the powder pneumatically and determining its total weight. In the absence 
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of dead volumes inside the continuous mixer, fill level measurement is complementary to the mean 

residence time calculation from the RTD estimation (Vanarase and Muzzio, 2011). 

𝐵𝑢𝑙𝑘 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑡𝑖𝑚𝑒 (𝑠) =
𝐹𝑖𝑙𝑙 𝑙𝑒𝑣𝑒𝑙 (𝐾𝑔)

𝐹𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 (
𝐾𝑔

𝑠
)
       (14) 

3.2.4.5 Strain measurement 

In convective continuous mixers, the energy input is provided by rotating the impeller. The impeller 

speed influences the fill level and mean residence time. Strain is thereby proportional to the product 

of speed and mean residence time which reflects the number of blade passes in the mixer (Vanarase 

et al., 2013b).  

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑙𝑎𝑑𝑒 𝑝𝑎𝑠𝑠𝑒𝑠 = 𝑀𝑒𝑎𝑛 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑡𝑖𝑚𝑒 (𝑠) ∗
𝐼𝑚𝑝𝑒𝑙𝑙𝑒𝑟 𝑠𝑝𝑒𝑒𝑑 (𝑟𝑝𝑚)

60
   (15) 

3.2.4.6 Blend uniformity 

NIR-based partial least square regression models were constructed for quantification of the APAP_P 

content in the continuously produced blend. A fiber optic contact probe (Lighthouse™ probe, GEA APC 

Pharma Solids, Wommelgem, Belgium) was connected to an NIR spectrometer (Tidas P analyzer, J&M 

Analytik, Essingen, Germany). The probe was implemented in the feed tube of the tablet press, just 

before the inlet of the feed frame. Spectra were collected in the spectral region from 1091 to 2107 

nm with a pixel dispersion of 3.97 nm. Each spectrum was collected with an integration time of 60 ms 

and averaged over seven scans which corresponded to a sample size of about 27 mg (assuming equal 

material flow velocity through the tube at bulk density, penetration depth of 0.5 mm and combining 

static and dynamic sampling; i.e. swept volume). During continuous manufacturing, the Lighthouse™ 

probe recorded an in-line blend spectrum every second. Data analysis and modeling was performed 

using SIMCA 14 (Umetrics AB, Umeå, Sweden). The models were built regressing 300 (10 calibration 

standards x 30 spectra/standard) offline collected pre-processed NIR spectra with the nominal APAP_P 

label claim. Standard cross-validation was applied in SIMCA and the root mean squared error of cross 

validation was about 8% label claim. The performance of this model for in-line measurements during 

continuous direct compression was verified by performing step changes with the active feeder. The 

average bias at nominal label claim was 0.58%.  

3.2.5 Tableting 

The tablet press was equipped with an overfill cam of 12 mm and 38 punches to produce tablets in 

automatic production mode with a target weight of 200 mg (punch details could not be disclosed). 

Curved paddle wheels were installed in the forced feeder and the speed of the first and second paddle 

was kept constant at 30 and 60 rpm, respectively. The turret speed was set at 53, 67 and 79 rpm for a 
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flow rate of 24, 30 and 36 kg/h, respectively. Pre-compression force was set at 1.2 kN. The pre-

compression height, i.e. the distance between the punches at pre-compression, was regulated with 

0.01 mm adjustments such that a minimal pre-compression displacement of 0.1 mm at the rollers was 

maintained. At each flow rate and lubrication settings, the main compression height was varied 

between 3.25 and 2.25 mm with 0.1 adjustments while the main compression force was recorded. 

During steady state processing the main compression height was set at 2.65 mm.  

3.2.6 Tablet characterization 

3.2.6.1 Sampling 

A grab sample refers to an instantaneous sample of 20 tablets. For tablet weight variability and 

content uniformity studies, thirty grab samples were collected at an interval of 10 s during quasi or 

pseudo steady state processing (i.e. stable mass balance of all unit operations). Each grab sample is 

considered as a subgroup and calculating the pooled standard deviation enabled estimation of the 

RSD within a grab sample. For tabletability studies, only one grab sample per compression setting was 

collected. 

3.2.6.2 Physical tablet properties 

For tabletability studies tablet (n=10) hardness, thickness and diameter were determined (Sotax HT 

10, Basel, Switzerland). The disintegration time was determined (n=6) using the apparatus described 

in Eur. Ph. (PTZ-E Pharma Test, Hainburg, Germany). Tests were performed in distilled water at 

37 ± 0.5 °C using disks. 

3.2.6.3 Content uniformity 

NIR-based partial least square regression models were constructed for routine quantification of the 

APAP_P content in the tablets. Data analysis and modeling was performed in SIMCA. Tablet NIR 

spectra were measured using an Antaris™ II FT-NIR Analyzer (Thermo Fisher Scientific inc. , Waltham, 

USA). Each spectrum was collected in transmission mode using 128 scans without attenuator and a 

detector gain of 100. The full spectral region ranged from 833.47 to 1333.16 nm with a spacing of 3.86 

nm. The raw spectra exhibited additive baseline shifts due to physical differences between the tablets. 

Therefore, spectra were pre-processed using a Savitzky-Golay first derivate with 13 point segment size 

and first order polynomial fit. A spectral region specific for APAP_P (i.e. 1098.90-1156.07 nm) was pre-

processed and mean-centered. UV-VIS analysis was performed as analytical reference method. Each 

tablet was homogenized in 100 mL distilled water and the APAP_P content in the tablet was derived 

from the absorbance of the filtrate at 243 nm using a UV spectrophotometer with 1 cm cell (Shimadzu 

UV-1650PC, Shimadzu Corporation, Kyoto, Japan). The models regressed 300 (10 calibration standards 
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x 3 thicknesses/standard x 10 tablets/thickness) pre-processed NIR spectra with the corresponding 

reference concentration of APAP_P. Besides the standard cross-validation in SIMCA, the model was 

verified by comparing the predicted APAP_P content with the reference value for 30 independent 

tablets (10 verification standards x 3 thicknesses/standard). Based on the verification step, a model 

with two components was selected for optimal prediction of content uniformity (Table 1). 

 

Table 1: NIRs-based model for content uniformity: variance described in the spectral (R2X) and 

reference (R2Y) dataset, goodness of prediction (Q2Y), overall root mean squared error of cross 

validation (RMSECV) and prediction (RMSEP), bias and correlation coefficient between predicted and 

observed values (R2(val)) in the verification set, all expressed as %. 

# of PCs R2X R2Y Q2Y RMSECV RMSEP Bias R2 (Val) 

1 0.58 0.92 0.92 6.44 7.20 5.78 0.72 

2 0.97 0.97 0.97 4.30 4.24 3.28 0.89 

3 0.98 0.98 0.97 3.71 4.34 3.43 0.89 

 

4 Results and discussion 

4.1 Loss-in-weight feeding 

Materials with a broad range of properties were processed on a GEA compact feeder equipped with 

20 mm concave screws (table 2).  

 

Table 2: Key properties of individual raw materials 

 

All materials could be processed without manual intervention using the standard equipment set-up 

and control settings. The maximum feed factor was observed at high hopper fill level (figure 4, left).  

Material d10 

(µm) 

d50 

(µm) 

d90 

(µm) 

ρbulk 

(g/mL) 

ρtapped 

(g/mL) 

CI 

(%) 

ffc 

APAP_P 2.4 13.6 91.3 0.32 0.45 38.9 1.01 

FF316 44.5 88.2 151.0 0.63 0.71 11.8 7.64 

MgSt 1.7 5.8 14.4 0.19 0.32 64.6 2.20 

PH102 32.9 96.5 200.6 0.36 0.44 23.2 4.27 

SD711 18.0 40.7 97.0 0.53 0.70 31.6 4.27 

SLS 5.8 75.3 338.5 0.32 0.36 11.7 8.94 
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Figure 4: Feed factor (left) and normalized feed factor (right) decay as a function of hopper fill level 

(%). FF316 (_____), SD711 (_____), SLS (_____), PH102 (_____), APAP (_____) and MgSt (_____).  

 

The screws dispense a fixed volume per revolution and therefore transported a higher mass per 

revolution for denser materials (R2 = 0.94). Nonetheless, the scatter on the bulk density-feed factor 

relation (figure 5 left) suggests the feed factor is the product of the effective volume transported per 

screw revolution and the effective density in the screw. For instance, the easy flowing SLS and very 

cohesive APAP_P had equal bulk density (table 2) but distinct feed factor (table 3).  

 

Table 3: Feeding behavior (concave screws 20 mm pitch) and refill settings 

 

APAP_P layered the screw and barrel and thus the effective transport volume and feed factor reduced. 

The density in the screw flight exceeded the bulk density in case the powder densified in the hopper 

(e.g. SD711). Figure 4 (right) illustrates that compressible materials (MgSt, APAP_P and SD711) 

exhibited a more pronounced normalized feed factor decay. The absolute difference between the 

maximum and minimum feed factor (Δ feed factor) quantified the extent of feed factor decay (figure 

5, middle). Similarly, the difference between bulk and tapped density provided an estimate for the 

Material 
Max FF 

(g/revolution) 
Min FF 

(g/revolution) 

𝜟 𝑭𝑭

𝑴𝒂𝒙 𝑭𝑭
 

(%) 

Minimum 
refill level 

(%) 

Refill interval 
(s) 

APAP_P 1.05 0.52 50.5 60 369 

FF316 2.13 1.85 13.1 20 71 

MgSt 0.75 0.27 64.0 60 438 

PH102 1.25 0.99 20.8 20 50 

SD711 2.11 1.50 28.9 40 572 

SLS 1.48 1.38 6.8 20 1382 
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maximum density difference at the screw inlet. A high correlation between Δ feed factor and Δ density 

was found (R2 = 0.97). Moreover, the correlation persisted (R2 = 0.94) when Δ feed factor and Δ density 

were normalized for the max feed factor and tapped density, respectively. In other words, the 

normalized feed factor correlated well with the compressibility index. This conclusion confirms that 

the actual weight of the powder bed regulated the compression and hence density of the powder at 

the screw inlet over time. The decrease in compressive pressure upon emptying of the hopper reduced 

the density at the screw inlet and caused the feed factor to decay accordingly.  

The hopper refill strategy was derived from these normalized feed factor profiles (figure 4, right). The 

feeders were operated within a stable feed factor window to limit control actions. The feed factor 

remained stable till low fill level for FF316, PH102 and SLS. Their minimum refill level was therefore 

set at 20% which resulted in a refill interval of 71, 51 and 1382 s, respectively. The hopper refill for 

PH102 took 3 s whereas another 3 s where required to stabilize and return towards gravimetric 

feeding mode. The latter indicates the PH102 feeder operated around 11% of its time “blind”. The 

feed factor of SD711 initiated its decay around 40% fill level at which a refill was performed 

approximately every 572s. The highly compressible APAP and MgSt were refilled at 60% fill level. Their 

refill interval was sufficiently long as a consequence of their lower flow rate requirement.  

The gravimetric steady state feeding performance was defined as the residual standard deviation at 

the minimal flowrate setpoint. The K-sampler flowrate signal was used during analysis (Table 4). 

 

Table 4: Overview of gravimetric feeding performance at the minimal flow rate requirement of each 

material. The flow rate of the external balance was used to estimate the residual standard deviation.  

*: screws with 10 mm pitch were used 

 

The data suggests that using a sufficiently high screw speed during feeding is crucial to ensure limited 

flow rate variability. Excellent feeding performance (RSD < 1.00%) was observed for spray dried lactose 

(FF316) and microcrystalline cellulose (PH102). Their high flow rate setpoints resulted in high screw 

speed which impeded pulsating feeding behavior. Croscarmellose (SD711) combined a high feed 

Material  
Minimal flow rate  

(Kg/h) 
Screw speed 

(rpm) 
Flow rate RSD 

(%) 

APAP_P 0.55 8.7 12.5 

FF316 10.12 79.2 0.6 
*MgSt 0.10 2.2 22.1 
PH102 8.67 115.6 0.6 
SD711 0.80 6.3 4.2 

SLS 0.20 2.3 7.6 
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factor with a moderate flow rate requirement which resulted in a relatively low screw speed (6.3 rpm) 

and higher flow rate variability (i.e. 4.20% RSD). The remaining materials (i.e. MgSt, SLS and APAP_P) 

required also a low screw speed and displayed accordingly high flow rate variability. However, flow 

properties contribute to the feeding performance: at similar screw speed the cohesive MgSt exhibited 

higher flow rate variability (22.06%) than the easy flowing SLS (7.57%). To confirm this hypothesis, all 

materials were processed at a fixed screw speed (46.2 rpm). The flow rate variability increased 

exponentially when powder flow deteriorated (Figure 5, right). These results indicated that the 

horizontal impeller ensures excellent screw filling consistency until a critical level of cohesion was 

reached (flow function coefficient ≤ 2, figure 5 right). The impact of feeding perturbations on blend 

uniformity will be discussed in section 4.2.4. 
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Figure 5: Left: maximum feed factor as a function of bulk density. Middle: Δ maximum and minimum 

feed factor as a function of Δ tapped and bulk density. Right: flow rate variability as a function of 

flow function coefficient at a fixed screw speed (46.2 rpm). 

 

4.2 Continuous mixing: standard impeller configurations 

The results described in this section were obtained using impeller configurations D8, D12 and P16. 

This section aims to elucidate the effects of process variables (impeller speed and flow rate) on process 

behavior. Therefore, fill level, bulk residence time, strain, RTD, mean and minimum residence time, 

normalized variance, number of Péclet, number of tanks and plug flow volume fraction were 

evaluated. Subsequently, the effect on mixing performance (i.e. blend and content uniformity) was 

evaluated.  

4.2.1 Effect on mixing dynamics 

4.2.1.1 Effect on fill level 
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The fill level strongly depended on the impeller speed irrespective of the flow rate and configuration. 

The mixer operated under lower fill level when the impeller rotated faster (figure 6) as the flow regime 

transitioned from a dense to a fluidized bed. Interestingly, the shape of this transition curve depended 

on the RMB pattern. The configurations with distributed RMB (i.e. D8 and D12) showed an exponential 

increase in fill level when the mixing speed reduced because the gravitational acceleration 

overwhelmed the diminished rotational acceleration at low rotation rate. In contrast, the fill level 

started to level off below a mixing speed of 250 rpm for an impeller with 16 paired RMB. Moreover, 

the fill level in the mixer was always higher for impeller P16. This can be attributed to the position of 

the RMB within a blade set: the two opposite RMB spinned the powder around the circumference of 

the barrel. This created a local shear zone which restricted the powder flow even at high rotational 

acceleration.  

Flow rate affected the fill level but displayed an interaction with impeller speed and blade pattern. 

The mixer operated overall at higher fill level when flow rate was elevated. This was particularly true 

for mixer settings that resulted in moderate fill levels. For instance, the fill level ranged from 0.49 to 

1.03 kg when flow rate was varied for a mixer with distributed RMB that ran at low speed (200 rpm). 

In contrast, the effect of flow rate on fill level (16P at 200 rpm: 1.33 to 1.53 kg) was less pronounced 

when the mixer approached its maximum filling degree. In such regime the powder bed was already 

densely stirred with limited space to fill up the mixer more. In contrast, a completely fluidized powder 

bed was also less susceptive to the filling force of flow rate. The fill level ranged only from 0.19 to 0.21 

when flow rate was varied at high mixer speed (300 rpm) using impeller D8. Whereas the impact of 

flow rate was clearly more pronounced (fill level ranged from 0.25 to 0.66 kg) when impeller P16 

operated at high speed. As mentioned above, the paired RMB pattern hampered complete fluidization 

of the powder bed. In conclusion, the process is less robust at the inflection point of fluidization as at 

these conditions relatively small process changes can impact the extent of fluidization and hence fill 

level.  
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Figure 6: Effect of impeller speed at 24󠄀 (▲), 30 (■) and 36 (▼) kg/h for impeller configuration D8 (left), D12 (middle) and P16 (right). Top: fill level blender 1, 

middle: bulk residence time blender 1, bottom: number of blade passes in blender 1.   
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4.2.1.2 Effect on bulk residence time 

The powder spent less time inside the continuous mixer when the impeller rotated faster. The impeller 

speed and configuration had a similar impact on bulk residence time as on fill level. The blade pattern 

of the impeller dictated the shape of the bulk residence time versus speed profile. For an impeller with 

distributed RMB pattern (D8 and D12) the bulk residence time increased exponentially when the 

impeller speed reduced. Whereas for impeller P16 the bulk residence time leveled off when the speed 

varied between 250 and 200 rpm. The number of RMB included in the distributed pattern only 

extended the bulk residence time at high filling conditions (i.e. 200 rpm). Notably, the spacing (i.e. 2 

full transport blade sets) between the RMB containing blade sets was identical for impeller D8 and 

P16. Their distinct behavior was therefore attributed to the selected mixing blade set. Two opposite 

RMB in one blade set spinned the powder around the circumference of the barrel which restricted the 

powder flow more efficiently than a blade set which combined one RMB and TB.  

Interestingly, flow rate affected bulk residence time and fill level differently. The variation in fill level 

due to flow rate changes (section 4.2.1.1) had no impact on the bulk residence time for the distributed 

RMB pattern. Only at low impeller speed (D8 at 150 rpm) the bulk residence time reduced linearly 

when the flow rate increased. The paired blade pattern (P16) behaved differently: an increase in flow 

rate shortened the residence time at low and moderate mixing speed whereas at high mixing speed 

the residence time extended. Recall that bulk residence time is the ratio of fill level and flowrate. 

Hence one can attribute this divergent behavior to the relatively high filling force of flow rate at 

intermediate fill level (i.e. 300 rpm for P16) in relation to the moderate increase in flow rate. The 

limited impact of flow rate near maximal and minimum fill level mitigated the effect on bulk residence 

time.  

4.2.1.3 Effect on strain 

The number of blade passes estimates the mean strain that is exerted on the powder bed inside the 

continuous mixer. The applied strain was a strong function of impeller speed and distribution of RMB 

on the impeller. Flow rate had a similar effect on strain as on bulk residence time. For the distributed 

RMB pattern, the blend was subjected to a higher number of blade passes when the impeller rotated 

slower. The number of distributed RMB affected strain positively at higher filling conditions (i.e. 200 

rpm). The paired RMB blade pattern behaved differently as operating at intermediate impeller speed 

maximized the number of blade passes. Interestingly, research conducted on other continuous mixers 

(e.g. Glatt GCG-70) concluded the maximum number of blade passes was obtained at the highest 

impeller speed (Osorio and Muzzio, 2016; Portillo et al., 2008). This could indicate they did not operate 

the mixer in the fluidized regime. Our findings (for multiple impeller configurations) and those of 
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Vanarase and Muzzio (2011) (Gericke GCM 250) found that, depending on the experimental setting, 

the maximal strain can be situated at low, intermediate or high mixing speed. Osorio and Muzzio 

attributed this discrepancy to geometry differences namely the length-to-diameter ratio and the total 

number of blades. This paper offered clear evidence that the pattern of the blades on the impeller 

impacted the relation between strain and impeller speed and should therefore be considered as key 

geometrical descriptor. The impact of blade pattern was therefore further elucidated in section 4.3. 

4.2.2 Experimental analysis of RTD 

4.2.2.1 Effect on mean and minimum residence time 

Figure 7 illustrates the RTD of the mixing system (from first mixer to feed tube) as a function of mixer 

speed. The minimum residence time describes the rate of convective transport through the mixing 

system and elucidates when a feeder disturbance reaches the inlet of the tablet press.  
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Figure 7: Residence time distribution as a function of mixer speed (300 —, 250 —, 200 — and 150 — 

rpm) for impeller configuration D8 (left) and P16 (right) at a flow rate of 30 Kg/h. 

 

The mean residence time determines the average time a particle resides in the mixing system and 

reflects therefore the average mixing time. The minimum and mean residence time spanned a wide 

range within the experimental domain from 35 to 97 s and 67 to 231 s, respectively. The mean 

residence time (figure 8, top) correlated strongly with the bulk residence time (figure 6, middle) which 

confirmed the validity of both measurement set-ups (R2=0.95). Performing extra impulse-response 

tests at the inlet of the second mixer elucidated the contribution of the second mixer and feed tube 

to the residence time of the entire mixing system. For the latter RTD experiments, operating at a flow 

rate of 36, 30 and 24 kg/h yielded a minimum residence time of 21, 35 and 41 s and an average mixing 

time of 45, 59 and 70 s, respectively. These results suggested that the second mixer and feed tube 
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added a flow rate-specific minimum residence time to the minimum residence time in the first mixer. 

The RTDs were generally short-spanned at higher impeller speed (figure 7) which confirmed the 

powder spent less time in the mixer due to a higher conveying rate. However, the relation between 

residence time and impeller speed depended in particular on the RMB pattern. For an impeller with 

distributed RMB, the mean residence time extended at low impeller speed (i.e. at 150 rpm). Operating 

at such a low speed reduced the rate of transport and accordingly caused a significantly delayed onset 

time (figure 8). Remarkably, increasing the impeller speed from 200 to 300 rpm reduced the mean 

residence time more than the minimum residence time which indicates the mixed-flow time 

shortened. A mixer with paired RMB maintained its high mean residence time until 250 rpm. The 

powder bed started to fluidize above this speed which reduced the average mixing time accordingly 

(figure 8, top). Notably, lowering the impeller speed reduced the mean residence time relatively more 

than the minimum residence time (figure 8, right).  

For configurations with distributed RMB, flow rate impacted the filling degree but not the bulk 

residence time of the first mixer (figure 6, top and middle). In contrast, flow rate had a limited yet 

consistent effect on minimum and mean residence time (figure 8). A higher flow rate facilitated 

material conveying as the minimum and mean residence time reduced. Recall that the bulk and mean 

residence time describe the average mixing time in BL1 and the residence time from the first mixer to 

the feed tube, respectively. Based on the different impact of flow rate on bulk and mean residence 

time, it can be inferred that flow rate reduced the mean residence time by shortening the minimum 

residence time between the second mixer and feed tube.  
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Figure 8: Mean and minimum residence time as a function of mixer speed and throughput (24 =▲, 30 = ■ and 36 =▼Kg/h) for impeller configuration D8 (left), 

D12 (middle) and P16 (right).  
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4.2.2.2 Effect on axial mixing capacity 

Mixing of the materials within the shortest possible residence time is of key importance to design a 

lean continuous blending process within an integrated continuous drug product manufacturing 

system. To identify optimal axial mixing capacity, the normalized variance and Péclet number were 

quantified. A higher normalized variance reflects more spread of the normalized RTD curve and 

consequently enhanced dispersion. The Péclet number approaches infinity when the spread of the 

normalized RTD curve converges to zero which represents inefficient axial mixing. Such a plug-flow 

regime is unfavorable for continuous mixing processes as low axial mixing capacity potentially can 

result in poorly mixed feed streams (Kumar et al., 2014). 

An impeller with distributed RMB lacked robustness for axial mixing capacity: the Péclet number and 

normalized variance spanned a wide range from 8.0 to 37.9 and 0.05 to 0.22, respectively. By contrast, 

paired RMB yielded more robust axial mixing capacity: narrow ranges were obtained for both Péclet 

(7.0 to 12.2) and normalized variance (0.11 to 0.24). The impeller speed dominated axial mixing 

capacity for impellers with distributed RMB (D8 and D12). Irrespective of flow rate, the width of the 

normalized RTD was maximized and the Péclet number minimized at 200 rpm (figure 9, top and 

bottom). The axial mixing capacity is limited at high mixing speed because the high conveying rate 

forced the powder bed to move more according to plug-flow. The mixing capacity improved at lower 

conveying rate as the RMB are then more efficient in restricting the flow of the particles. However, 

below a critical speed (i.e. < 200 rpm) the impeller conveyed the powder bed as a bulk as the impeller 

lacked the critical homogenization force to intermingle the individual particles. Besides, varying the 

number of distributed RMB had limited effect on the length and shape of the RTD. It was again the 

pattern of RMB that regulated the relationship between impeller speed and axial mixing capacity. 

Firstly, the generally lower Péclet number and higher normalized variance indicated more efficient 

axial mixing with paired RMB. Secondly, the mixing capacity was more robust to setpoint changes for 

this impeller. Thirdly, the paired RMB pattern retained more efficient axial mixing at maximal mixing 

speed. The Péclet number increased only slightly at low filling conditions (i.e. low flow rate combined 

with high impeller speed). Interestingly, maximal axial mixing capacity (P16) was achieved at higher 

speed (275 rpm) compared to the distributed pattern (200 rpm). Impeller P16 is conceptually 

interesting as it combined a relatively high tip speed (i.e. high shear forces) with efficient axial mixing 

and a relatively high mixing time and strain. The drawback is the sudden change in responses beyond 

the optimal speed (275 rpm) which questions the robustness of the process.  
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Figure 9: Normalized variance (top) and péclet number (bottom) as a function of mixer speed at a flowrate (24 = ▲, 30 = ■ and 36 = ▼Kg/h) for impeller 

configuration D8 (left), D12 (middle) and P16 (right).  
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The main effect of flow rate on axial mixing capacity was inconsistent and insignificant for all 

configurations. Apparently flow rate altered the size but not the shape of the RTD. The investigated 

flow rate range (Δ 12 kg/h) was limited but spanned the constraints of the feeding and tableting stage. 

The macro-mixing performance depends ultimately on the balance of mean residence time and axial 

mixing capacity. The RTDs were modeled (section 4.2.3) to enable model-based analysis of macro-

mixing performance (section 4.2.4).  

4.2.3 Model-based analysis of RTD 

The tanks in series with plug-flow volume model structure allowed quantification of the plug-flow 

volume fraction (p) and the axial mixing capacity (ntanks). The volume fraction corresponding to plug-

flow is the ratio between minimum and mean residence time (9). The existence of a plug-flow regime 

was clearly identified by the model as the value of p ranged between 0.33 and 0.61 for the different 

runs. The axial mixing capacity is directly quantified in terms of the number of constantly stirred tank 

reactors (ntanks) where infinite tanks in series and one tank reflect ideal plug- and mixed-flow, 

respectively. In this paper, the estimated values of n varied in between 2 and 13 which suggest there 

is a deviation from ideal flow behavior in the mixing system. Acceptable R2 values (0.85 - 0.99) were 

obtained, indicating that this model approximates the true behavior of the system. Moreover, no 

significant improvement in fit was established by introducing a term for dead zones in the model 

structure, indicating that the mixer has no zones with stagnant powder (Kumar et al., 2015). The model 

conceptually described the RTD in the mixing system within the investigated experimental ranges. 

Hence the calculated values for p and n can be reliably used for characterization of residence time and 

mixing in the continuous mixer. 

The mixer speed dominated p for the distributed RMB pattern: an increase in speed yielded a higher 

fraction of plug-flow irrespective of the flow rate and number of RMB (figure 10, top). Interestingly, p 

was consistently lower for an impeller with paired RMB (P16). Moreover, p was minimal at 

intermediate mixing speed (250 rpm) for this configuration. The homogenization force diminished 

below this speed which induced more convection than dispersion.   
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Figure 10: Plug-flow volume fraction and number of tanks as a function of mixer speed and flow rate (24 =▲, 30 = ■ and 36 =▼Kg/h) for impeller configuration 

D8 (left), D12 (middle) and P16 (right).   
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The experimental section (4.2.2.1) showed that an increase in flow rate or impeller speed reduced the 

minimum and mean residence time. The model-based analysis pointed out these process variables 

impacted p differently. Flow rate had no impact on p and hence it can be inferred that flow rate caused 

a similar variation of the minimum and mean residence time. In contrast, a higher mixing speed 

affected the mean residence time more than the minimum residence time which caused p to increase 

with speed. Note that a substantial part of the minimum residence time in the mixing system is due 

to the minimum residence time of the feed tube (section 4.2.2.1) which mitigated any variation in 

minimum residence time provoked by the first mixer.  

The relation between number of tanks in series (ntanks) and process settings revealed the extent of 

axial mixing was most dominantly controlled by the impeller speed and blade pattern. The model-

based analysis confirmed that flow rate had no significant effect on ntanks. The relation between n and 

impeller speed followed the same trend for both distributed RMB patterns (D8 and D12) (figure 10, 

bottom). The value of n was above 10 at high mixing speed, whereas it was mostly 2 for experiments 

conducted at low mixing speed (200 rpm). The axial mixing capacity of impeller P16 was notably more 

robust to changes in impeller speed as most processing conditions resulted in 2 tanks in series. Pairing 

the RMB oppositely in a blade set pushed the powder around the circumference of the shaft. This 

hindered convection and induced dispersion in the axial direction. The number of tanks was slightly 

higher (i.e. 4) when a high mixer speed was combined with low flow rate as this resulted in a relatively 

low filling degree (section 4.2.1.1) which slightly reduced the restrictive capacity of these blade sets.  

4.2.4 Macro-mixing performance 

A representative image of the feed stream variability was derived from an extended run with multiple 

hopper refills (figure 11, top). A feeder disturbance with assignable cause occurred after ± 1750 s of 

processing: the powder flow hampered in the hopper above the refill valve. This led to inconsistent 

refill of the active feeder and provoked temporary flow rate fluctuations. Interestingly, the content 

predicted by the in-line NIRs and RTD process model had similar profiles (figure 11, top). Both blend 

uniformity methods should be incorporated in the product release strategy to divert product with 

potency outside acceptance limits. The continuous mixer dampened steady state feeder variability but 

propagated the feeder disturbance through the system (i.e. the blend potency approached 75% label 

claim). The selected experimental condition (D8, 250 rpm and 30 kg/h) resulted in a short and narrow 

RTD (Section 4.2.2) and accordingly in too limited axial mixing. Opportunities for enhancement were 

explored through simulations of the macro-mixing performance. The feed stream dataset was 

convoluted with the set of RTDs. 
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Figure 11: Top: active concentration in feed stream (—) and blend measured via in-line NIRs (—) and RTD process model (—) at a system flow rate of 30 kg/h 

using impeller D8 at 250 rpm. Simulations for blend uniformity (bottom, left) and yield (bottom, right) using the respective RTDs. Legend: D8 =▲, D12 = ■ and 

P16 =▼. Yield is the blend fraction with potency between 97.5 and 102.5 % label claim.   
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The variability on the predicted blend potency was considered as a measure of blend uniformity at a 

macroscopic level (figure 11, bottom left). The fraction of blend with potency between 97.5 and 102.5 

was defined as yield (figure 11, bottom right). Operating impeller D8 and D12 at lower mixer speed 

gradually reduced potency variability and increased yield because the mixing time extended and the 

mixing capacity improved. The latter was indicated by the lower péclet number, number of tanks and 

higher normalized variance (section 4.2.2). The number of distributed RMB had no significant impact 

on potency variability and yield. Configuration P16 resulted generally in a more uniform blend and 

higher yield due to its considerably wider RTDs. The impeller speed had limited impact on the potency 

variability when it was varied between 200 and 275 rpm. The macro-mixing performance deteriorated 

rapidly beyond this speed, mainly due to reduced mean residence time and less efficient axial mixing.  

The central analytical challenge is that both blend uniformity methods (in-line NIRs and RTD process 

model) predicted the average blend potency over time but failed to monitor micro-mixing phenomena 

(i.e. the scale of segregation and extent of de-agglomeration) which are of particular interest for low-

dosed formulations. The in-line NIRs method lacked sensitivity, whereas the RTD process model 

assumed that no segregation occurred. In addition, the mixing continued in the feed frame which 

impacted not only the uniformity at macroscopic but also at microscopic level. Therefore, at-line 

testing of content uniformity is indispensable to close the micro-mixing monitoring gap in the product 

release strategy. 

4.2.5 Micro-mixing performance 

This section aims to characterize the uniformity of the product at the microscopic level, irrespective 

of potential fluctuations in the average concentration over time. Therefore, an estimate of content 

uniformity within a grab sample was calculated to quantify the micro-mixing performance (section 

3.2.6.1). Determining the microscopic uniformity of tablets instead of blends was preferred for 

analytical (higher precision of at line NIRs transmission method) and practical (ease and quality of 

sampling) reasons. The second mixer, feed tube and feed frame of the tablet press were 

acknowledged as a potential source of (in)homogeneity. However, in an integrated manufacturing 

system the interest is primarily situated in the homogeneity of the end product, i.e. the tablets. 
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Figure 12: Uniformity of tablets for impeller configuration D8 (left) and P16 (right). Top: content 

uniformity as a function of impeller speed at 24 (▲), 30 (■) and 36 (▼) Kg/h. Bottom: relative density 

distribution for API concentration in tablet (% label claim) at the center point of the experimental 

domain (250 rpm and 30 Kg/h). 

 

The variability in tablet content was higher than the variability in the blend content predicted by the 

RTD process model. The latter neglected microscopic sources of inhomogeneity and considered the 

variability in the average concentration over time. Tablets manufactured with impeller D8 spanned a 

wide range in content uniformity from 1.71 to 7.88 % (figure 12, top left). These results indicated that 

under specific conditions agglomerates of the active persisted throughout the blending process. These 

micro-agglomerates are a manifestation of poor micro-mixing performance and occasionally resulted 

in super potent tablets (figure 12, bottom left) (Llusa, 2008). The impeller speed exerted a curved 

effect on content uniformity as an intermediate speed (250 rpm) maximized the content variability. In 

contrast, the residence time and strain increased exponentially when the mixer ran slower. This 

observation underpins that the content uniformity within a grab sample is mainly governed by 

microscopic rather than macroscopic phenomena. Good content uniformity was obtained at high 

mixing speed probably because the maximized tip speed applied sufficient shear to break up the 
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agglomerates. In contrast, a low mixer speed (200 rpm) limited content variability because the higher 

number of blade passes compensated for the lower tip speed. The intermediate mixing speed must 

have lacked a critical number of blade passes or shear to ensure robust de-agglomeration.  

Furthermore, a higher flow rate deteriorated tablet content uniformity. It should be considered that 

flow rate affected fill level to a limited extent whereas its effect on bulk residence time and strain was 

insignificant (section 4.2.1.1). It seems unlikely that a minor variation in fill level altered the 

microscopic impact of the blade on the powder bed. Interestingly, flow rate affected the residence 

time at other unit operations of the manufacturing process (section 4.2.2.1). An impulse response test 

at the inlet of the feed frame revealed that the blend resided a notably long time inside the feed 

frame: the mean residence time was 83 s at 30 kg/h. The feed frame should therefore be regarded as 

the final mixing step before compression. Moreover, a change in flow rate resulted in a large shift in 

residence time inside the feed frame. Logging the compression data (i.e. the pre-compression 

displacement) during the impulse response tests enabled in-line estimation of the RTD between the 

second mixer and compression stage. This revealed the blend resided longer when the flow rate 

reduced: 24, 30 and 36 kg/h resulted in a mean residence time (from second mixer to compression) 

of 192, 148 and 118 s, respectively. The improved content uniformity at lower flow rate is therefore 

due to extended mixing in the feed frame. Overall, these results indicated that an impeller with 

distributed RMB pattern applied insufficient shear to disperse the active uniformly in the blend. 

Additionally, this blade pattern lacked robustness to changes in processing conditions.  

In contrast, tablets were generally more uniform when produced with impeller P16 (figure 12, top 

right). The narrower content uniformity range (2.32 to 2.94 %) indicated an improved robustness. 

Moreover, no super potent tablets were identified which indicated this configuration was more 

efficient in de-agglomeration (figure 12, bottom right). This can be attributed to the creation of local 

shear zones by the opposite RMB in the blade sets which repeatedly forced the blend through the 

narrow clearance between blade and barrel. Furthermore, the tablets were slightly yet consistently 

more uniform at a mixer speed of 250 rpm as this condition maximized the number of revolutions that 

were exerted on the powder bed. Blends prepared with impeller P16 were delivered uniformly to the 

feed frame. Hence their content uniformity was not impacted by flow rate-induced variations in feed 

frame mixing. 

4.3 Continuous mixing: alternative impeller configurations 

The previous section elucidated that pairing RMB on the impeller vastly improved the macro-mixing 

performance and product uniformity (i.e. micro-mixing). Previous results suggested that modifying 

the pattern of RMB on the impeller is the key to modify the powder flow in the mixer. With this in 
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mind, new configurations were explored to further elucidate the impact of varying both the number 

and pattern of RMB on the impeller. The aim is to maximize the mixing time at the highest mixing 

speed, while optimal mixing capacity is retained. This is particularly interesting as such a configuration 

would theoretically result in a highly uniform product as it combines optimal macro-mixing with 

maximal tip speed and strain to ensure efficient micro-mixing.  

4.3.1 Full transport configuration 

The full transport configuration positions all blades in the transport direction to induce powder flow 

through the mixer. The impeller fluidized the powder bed completely above a rotation rate of 200 

rpm. Below this critical point, the gravitational acceleration gradually exceeded the rotational 

acceleration as the powder transitioned from a fluidized towards a densely-stirred powder bed. 

Consequently, the mixer operated below 200 rpm at higher fill level and extended bulk and mean 

residence time (figure 13, top left and top middle). Reducing the mixing speed prolonged the minimum 

residence time gradually but reduced the plug-flow volume fraction (figure 13, right top and right 

middle). The inflection point for axial mixing capacity was at 200 rpm as the driving conveying force 

was less at lower rotational acceleration. Moreover, this intensified the impact of gravitational forces 

and caused more intermingling of particles. Axial mixing capacity deteriorated again at a mixing speed 

of 100 rpm, suggesting that a minimal speed was required to achieve dispersion which cannot merely 

rely on gravitational acceleration (figure 13, middle left and middle).  

The full transport configuration generally resulted in the least uniform blends (figure 13, left bottom). 

This configuration only approximated the macro-mixing performance of the other tested impeller 

configurations when the speed of mixing was set below 200 rpm due to extended and more efficient 

mixing. The content uniformity improved at the lowest mixing speed (100 rpm) as more blade 

revolutions were exerted on the blend (figure 13, middle bottom). However, the presence of super 

potent tablets pointed out these low tip speeds resulted in a lack of shear and blade revolutions (figure 

13, right bottom). 
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Figure 13: Top: bulk, mean and minimum residence time. Middle: péclet number, tanks in series and plug-flow volume fraction. Bottom: blend uniformity 

predicted by RTD process model, number of blade passes exerted by blender 1 and tablet content uniformity as function of blade passes in the first 

continuous mixer. Legend: full transport configuration (▲), 8 (Δ) and 16 (∇) paired or 8 (x) and 16 (+) centered radial mixing blades on impeller. Flow rate set 

at 30 kg/h.   



Development of a continuous direct compression platform for low-dose drug products 

131 

4.3.2 Paired and centered radial mixing blade configurations 

An impeller holding 8 paired or centered RMB extended the residence time and improved the blend 

uniformity compared to the full transport configuration. Between 250 and 300 rpm, the centered 

pattern (C8) dampened feeder fluctuations more efficiently than the paired pattern (P8) due to an 

extended residence time and better axial mixing capacity. In contrast, the pattern of these 8 RMB did 

not impact blend uniformity below 250 rpm as the axial mixing capacity improved for the paired 

pattern (P8) due to a diminished conveying force. Interestingly, also the relation between plug-flow 

volume fraction (p) and mixer speed depended on the pattern of the 8 RMB. A mixer with paired RMB 

exhibited lower p when speed reduced. The more efficient axial mixing at low speed caused the mean 

residence time to increase relatively more than the minimum residence time (low p at low speed). In 

contrast, the centered RMB maintained its efficient axial mixing at high speed. The minimum residence 

time diminished thereby relatively more than the mean residence time when the mixer rotated faster 

(low p at high speed). 

Positioning 16 RMB on the impeller generally improved blend uniformity due to longer residence times 

and optimization of axial mixing capacity. Accordingly, a negative shift in p occurred when more RMB 

were installed on the impeller. At maximal speed, the pattern of RMB had a prominent impact on 

mixing dynamics. As an impeller with 16 paired RMB lost its ability to restrict powder flow, the high 

conveying rate shortened the residence time and reduced axial mixing capacity which caused blend 

uniformity to deteriorate rapidly. Interestingly, configuration C16 maintained excellent macroscopic 

blend uniformity at maximum speed as it maintained both a high residence time and excellent axial 

mixing capacity. In this context, the Péclet number is more informative than the number of tanks due 

to the discrete nature of the latter response. Interestingly, the relationship between plug-flow fraction 

and impeller speed was again dominated by the RMB pattern. 

The micro-mixing performance improved using 16 RMB as the impeller exerted a higher number of 

revolutions on the blend for most conditions. While a mixing speed of 100 rpm for FT and 300 rpm for 

P16 resulted in an equivalent number of blade passes, these conditions resulted in a different content 

uniformity. Tablets blended with the full transport configuration were less uniform which indicates 

that both tip speed and impeller configuration impact the de-agglomeration efficiency per revolution. 

Overall, the 16 paired RMB ensured overall good and robust micro-mixing. However, configuration 

C16 was more promising in terms of micro-mixing as it combined a longer mixing time with a high 

speed which resulted in maximal blade revolutions. Tablet content uniformity converged to the error 

of the analytical method which indicates these levels of strain and shear approximated the best 

possible mixing performance. Moreover, configuration C16 yielded no super potent tablets. These 
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observations provided abundant evidence to define the impeller with 16 centered RMB as the 

standard for continuous direct compression of low-dosed drug products. Furthermore, simply 

adjusting the length of the centered shear zone (i.e. number of RMB) allowed to tailor the extent of 

macro-mixing and strain. This is the proposed strategy if new drug product applications would require 

further optimization.  

4.4 Continuous lubrication  

The negative impact of MgSt on the hardness of tablets is a well-known phenomenon in batch-wise 

processing. The extent of this effect mainly depends on the concentration of MgSt in the formulation 

and on the intensity and duration of mixing (Sheth, 1980).To our knowledge, no research reported on 

the (over)lubrication effects in a continuous mixer. This is particularly interesting as dispensing MgSt 

in a continuous manufacturing process is often perceived as challenging due to the cohesive nature of 

the powder coupled with its low flow rate requirements (Engisch and Muzzio, 2014). During 

continuous lubrication, the axial mixing required to dampen the MgSt feeder fluctuations should 

therefore be well balanced with the average mixing time and strain to ensure robust tablet properties 

but prevent overlubrication effects.  

4.4.1 Effect of MgSt concentration 

The in-line feeding behavior of MgSt was verified by varying the concentration of MgSt with 0.25% 

increments between 0.50 and 1.75%. The system flow rate and speed of the second impeller were 

fixed at 30 kg/h and 250 rpm, respectively. This approach elucidated the impact of a MgSt content on 

the properties of continuously produced tablets compressed at 4.2, 6.5 and 12.2 kN. The GEA compact 

feeder was able to operate in the gravimetric feeding mode at all MgSt concentrations. Likewise, the 

feeder operated with a high degree of accuracy as the maximum bias was 0.01 % w/w. In contrast, the 

concentration of MgSt had a significant impact on the variability of feeding. Reducing the 

concentration of MgSt lowered the flow rate setpoints and consequently the feeder operated at lower 

screw speeds which intensified the RSD on the flow rate signal (figure 14, left). A higher concentration 

of MgSt reduced the tablet hardness irrespectively of the compression force (figure 14, middle).  

Nonetheless, all concentrations resulted in sufficiently hard tablets when compressed at high force. 

Tablet disintegration was controlled by the applied compression force but remained unaffected by the 

concentration of MgSt. Dissolution was only avaluated at target MgSt as complete release was 

achieved within 10 minutes. The dissolution rate was considered to be disintegration controlled. The 

tablet property variability was low irrespective of the MgSt concentration which indicates the MgSt 

feeder fluctuations were sufficiently dampened by the axial mixing in the second mixer and feed frame 
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while the extent of lubrication was under control. In conclusion, tablets could be manufactured 

successfully irrespective of the MgSt level.  
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Figure 14: Impact of MgSt level (% w/w) on the feeding performance (left) and properties of 

continuously manufactured tablets: hardness (middle) and disintegration time (right). The main 

compression force was set at 4.2 (▲), 6.5 (■) and 12.2 (▼) kN. 

 

4.4.2 Effect of flow rate and impeller speed  

The variation in fill level (0.064 to 0.153 kg), bulk residence time (9 to 16 s) and strain (47 to 63 

revolutions) in the 2nd mixer remained limited within the investigated flow rate (24-36 kg/h) and 

impeller speed (200-300 rpm) ranges. In this context, the fill level estimation was more informative 

than RTD estimation which was more susceptive to variability. The powder bed was fluidized due to 

limited flow restriction in the absence of RMB. Nonetheless, the main effect of impeller speed and 

flow rate was significant for fill level (figure 15, top left) and bulk residence time (figure 15, top right), 

whereas their quadratic and interaction model terms were either insignificant or irrelevant.  

The fill level declined, and the residence time shortened when the impeller rotated faster. An increase 

in flow rate filled up the mixer but still yielded a negative net effect on bulk residence time. Notably 

the number of blade passes was maximized at intermediate impeller speed as confirmed by the 

significance of the quadratic and linear term in the model (figure 15, bottom left). Flow rate negatively 

impacted strain due to a shorter residence time, while its quadratic and interaction terms were 

insignificant. 
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Figure 15: Effect plot for fill level (top left), bulk residence time (top right), number of blade passes 

(strain, bottom left) of BL2 and hardness (bottom right). The table presents the size of the effect.  

Operating at high flow rate limitedly reduced the mixing time and strain in the 2nd blender but 

hardened the tablets. Remarkably tablet hardness was not affected by impeller speed although this 

parameter shortened the mixing time and strain even more than flow rate. This observation indicates 

that altered mixing dynamics in the 2nd mixer was not the root cause of the reduced hardness at low 

flow rate. This statement could be confirmed by revealing the impact of flow rate on the subsequent 

unit operations (section 4.2.5). The lubricated blend mixed considerably longer in the feed frame than 

in the second mixer: 83 compared to 15 s, respectively (at 30 Kg/h). Moreover, the mixing time in the 

feed frame extended with 74 s when the flow rate reduced from 36 to 24 kg/h (section 4.2.5). 

Consequently, the paddle wheels exerted more revolutions on the blend at low flow rate which 

induced more intimate mixing and softened the tablets accordingly. The exact strain was not 

quantified as the residence time of the entire feed frame was estimated whereas both paddle wheels 

rotate at different speed and the degree of fill is unknown in both feed frame chambers. In conclusion, 

the feed frame lubricated more intense than the low shear second mixer. It should be underpinned 

that lowering the flow rate also improved content uniformity due to prolonged mixing in the feed 

frame. In case one relies on the feed frame as final mixing step, the API uniformity at microscopic scale 

should be well balanced with the extent of lubrication.  
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4.4.3 Effect of mixing order 

The standard process flow diagram of the GEA CDC-50 foresees two mixing stages to decouple 

lubrication from the main mixing step. This is a unique concept as other systems dispensed the 

lubricant in the main inlet or in a second inlet near the end of the mixer (Ervasti et al., 2015). The latter 

approach still prevents complete decoupling of mixing and lubrication as the impeller can only rotate 

at a single speed. This section aims to verify the added value of the two-stage mixing concept. To this 

extent an alternative process flow was evaluated where MgSt is dispensed in the first mixer. A low 

level of lubricant impacted the fill level, average mixing time and strain in the first blender. The mixing 

time in the first mixer (figure 16, left) generally prolonged as the impeller conveyed the lubricated 

powder with less efficiency. It is hypothesized that MgSt coated the surface of the blades due to its 

high shear sensitivity. These lubricated blades slipped more through the powder bed as the friction 

between the blade wall and powder reduced. The impact of the lubricant on the powder flow within 

the mixer was less pronounced near the maximum (densely stirred powder bed) and minimum 

(completely fluidized) fill level. An experimental setting that results in partial fluidization (e.g. 

intermediate mixing speed) was besides being less robust for a variation in impeller speed (section 

4.2.1.1) also less robust for a change in mixing order.  
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Figure 16: Left: Ratio of bulk residence time in BL1 using standard and alternative process flow. Right: 

Normalized hardness as a function of blade passes in BL1: a value of 1 reflects hardness equivalent to 

the standard process flow. Compression force was set at 3.5 (◊), 6.5 (▲), 9.5 (■) and 12.5 (▼) kN.  

 

The mixing order not only affected macro-mixing but also tablet properties: the tablet hardness 

normalized for the hardness obtained with standard mixing order declined linearly when the impeller 



Chapter 4 

136 

incrementally imparted more strain (figure 16, right). The effect was most pronounced for tablets 

compressed at low force: a main compression of 3.5 kN resulted in a particularly low relative tablet 

hardness of 0.6. In conclusion, two stage mixing offered additional flexibility and robustness to the 

manufacturing process. 

4.4.4 Impact of formulation 

The physical blend properties can impact the flow behavior inside a continuous mixer. However, the 

mixing process should possess robustness towards changes in blend properties as operating with 

consistent residence time is the key to provide a uniform blend over time. Direct compression 

formulations can include SLS for lubrication or wetting. Figure 17 visualizes the impact of including 1% 

SLS in the formulation by comparing the residence time of formulation A (composition described in 

section 2) and B (modification of formulation A: 1% FF316 replaced by SLS).  
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Figure 17: Impeller D8 (○) and C16 (□) were evaluated for their robustness towards a formulation 

change. The impact of formulation on reside time was expressed as the ratio of mean residence time 

for formulation B over the mean residence time for formulation A. 

 

This was done for an impeller with 8 distributed (D8) and 16 centered RMB (C16). The residence time 

shortened when SLS was incorporated in the formulation and dispensed in the first mixer. Freeman et 

al. (2015) illustrated that SLS altered the blend properties as it reduced the resistance to flow by 

intensifying the lubrication of the blend. In addition, SLS coated the stainless-steel equipment which 

modified the impact of the blade on the powder bed. The distributed impeller lacked robustness to 

changes in blend properties. The residence time was stable in the fluidized regime (300 rpm) but 

dropped in the presence of SLS at low speed (200 rpm). The latter jeopardizes the macro-mixing 
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performance of impeller D8 which achieved only sufficiently high residence time at low mixing speed 

(section 4.2.4). In contrast, configuration C16 retained a high residence time in the presence of SLS 

irrespective of the mixing speed. This indicates centering the RMB on the impeller ensures efficient 

mixing of blends with varying properties. The latter confirms our recommendation to select an 

impeller with centered RMB as standard for mixing of low-dosed drug products (section 4.3.2). 

5 Conclusion 

This study presented a framework for developing and monitoring a continuous direct compression 

process of a low-dose drug product. The raw material properties played a significant role in feeding 

behavior. Bulk density regulated the maximum feed factor, whereas the compressibility determined 

the extent of feed factor decay. The flow rate variability during feeding depended on the screw speed 

and powder flow. 

Determining the fill level and residence time in the mixers elucidated the impact of design (number 

and pattern of radial mixing blades) and process (impeller speed and flow rate) variables on the 

blending process. The full transport and distributed impeller configuration only yielded 

macroscopically uniform blends at low mixing speed. These configurations mostly applied insufficient 

strain and shear to de-lump the active and disperse it uniformly in the blend. Extending the mixing 

time in the feed frame by lowering the flow rate resolved such uniformity issues, yielding uniform 

tablets at a microscopic level.  

An impeller with 16 paired RMB restricted conveying and enhanced dispersion which resulted in 

macroscopically more uniform blends. The higher level of strain resulted in a better and more robust 

content uniformity. Nonetheless, operating at maximum mixing speed shortened the residence time 

and reduced axial mixing capacity which resulted in poorer macroscopic blend uniformity. As an 

impeller with 16 centered RMB combined a high residence time, optimal axial mixing capacity and 

maximal strain at maximal speed, this configuration yielded blends and tablets of excellent uniformity 

at microscopic and macroscopic scale over a wide range of processing conditions.  

The lubrication step needed critical attention during the design of the equipment, process and 

formulation. Increasing the magnesium stearate concentration impacted tablet hardness negatively. 

The second mixer did not impact tablet hardness as the strain was limited due to the fluidized powder 

bed within the investigated ranges. Lowering the flow rate extended the mixing time in the feed frame 

and reduced tablet hardness. Furthermore, the amount of revolutions exerted by the first mixer was 

directly proportional with tablet hardness using the alternative process flow (i.e. addition of the 

lubricant in the first mixer).  
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In conclusion, an optimized continuous direct compression process enabled manufacturing of a 

challenging low-dose drug product of high quality. New low-dosed compounds in the pipeline with 

suitable physico-chemical properties can be screened for their continuous direct compression 

potential at the optimal condition of the platform. This could potentially shorten the development 

phase, reduce API quantities and related costs during process development of a drug product. 
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Chapter specific abbreviations 

R2   coefficient of determination 

R2X   goodness of fit 

Q2X   goodness of prediction 
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1 Introduction 

The aim of pharmaceutical development is to design a high quality manufacturing process that 

consistently delivers a drug product with the intended performance (ICH, 2009). Therefore, a 

systematic approach is required to obtain sufficient knowledge about the physical properties of the 

active pharmaceutical ingredients (APIs) and selected excipients. Such an extensive raw material 

characterization will not only reveal major variability between materials, but also subtle batch-to-

batch variability (Chamarthy et al., 2009). Consistently logging the material properties using a 

multifaceted and standardized characterization protocol creates a multivariate database that can be 

utilized during drug product development. Even more, establishing such a database is the first step 

towards identification of critical material attributes at each unit operation of a manufacturing process. 

The latter allows to limit time- and material-consuming characterization to a subset of informative 

techniques which suit the sample and process of interest. Defining preferred API properties can steer 

the API crystallization and sizing processes, whilst understanding the excipient properties will help to 

design a formulation more efficiently. As only a limited amount of API is available during drug product 

development, the main objective of creating an extensive material property database is to link the 

properties of materials with their performance and behavior at each unit operation in order to 

establish predictive models and simulate the process and product performance. Additionally, a 

material property database will limit API consumption through identification of a readily available 

surrogate powder for process development of individual unit operations. 

The behavior of powders during processing depends on the intrinsic physical properties (particle size, 

shape, surface properties and density), bulk properties (size distribution, bulk density, cohesion and 

flow), external factors (temperature and humidity) and processing conditions (state of aeration and 

compression) (Schulze, 2008a, 2008b). Fu et al. (2012) and Jager et al. (2015) demonstrated that larger 

and more spherical particles resulted into better flowability over a wide range of stress conditions. 

However, powder flow is not an inherent material property and hence there is no single descriptor 

that enables a complete understanding of flow behavior. Depending on the unit operation and the 

process parameters powders are subjected to a wide range of conditions which can vary the powder 

state from a fluidized to a packed powder bed. Therefore, a multifaceted characterization is required 

to understand the behavior of a given powder in the different unit operations of a manufacturing 

process. To that end, multivariate data analysis (MVDA) emerged as an indispensable tool to identify 

correlations between materials and their properties in large datasets.  

Multiple studies attempted to link raw material properties with process performance (Chamarthy et 

al., 2009; Hagrasy and Hennenkamp, 2013;Fonteyne et al., 2015a; Fu et al., 2012; Herting and 

Kleinebudde, 2007; Steckel et al., 2006). Herting and Kleinebudde (2007) demonstrated for a roller 
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compaction process that the tablets became stronger when the particle size of the API or excipient 

decreased. Chamarthy et al. (2009) showed that starch grades with higher surface energy resulted in 

stronger compacts. Haware et al. (2009a) investigated the impact of lactose properties on tablet 

tensile strength under multiple compression settings. The same authors (2009b) applied MVDA to 

distinguish, quantify and predict the compression behavior of pure excipients and binary blends. 

Thoorens et al. (2015) used MVDA to understand the impact of MCC properties on tabletability and 

identified moisture content, tapped density, conductivity and pH as critical quality attributes. Willecke 

et al. (2017) characterized wet granulation fillers and binders to link their properties with twin screw 

granulation behavior. Fonteyne et al. (2014, 2015a) investigated the influence of raw material 

properties of theophylline and MCC upon critical quality attributes of continuously produced granules 

and tablets and concluded that variation in the water binding capacity of MCC affected the granule 

size distributions. Van Snick et al. (2017) correlated raw material and blend properties with the 

feeding, blending, die-filling and compression step of a continuous direct compression system. The 

density at the screw flight determined the amount of material transported per screw revolution, 

whereas the compressibility of the bed regulated the sensitivity of the feed factor to the hopper fill 

level. The screw filling consistency was less consistent for poorly flowing powders. At the continuous 

mixing stage bulk density was directly related to the residence time in the mixer. Finally, the 

consistency of die filling during tableting depended on the flowability of the blend, whereas the 

particle size of the filler impacted the strength of the compacts. These studies illustrated that a raw 

material property database can offer a holistic approach to predict how a material behaves at each 

unit operation of a manufacturing process. Interestingly, García-Muñoz developed a model structure 

that enables to pursue the ultimate deliverable for drug product developers: predicting process 

behavior and product quality as a function of raw material properties, blend ratios and processing 

conditions (Garcia-Munoz, 2014). Leane et al. (2015) proposed to establish a manufacturing 

classification system to aid selection of the appropriate manufacturing technology and to define 

preferred API properties for all manufacturing routes. Sun (2009) has introduced the concept of a 

material science tetrahedron to consistently track the relation between the structure, properties, 

processability and performance of a drug product. These approaches are steps towards a state-of-the-

art scientific formulation development which will improve the quality of drug products and accelerate 

their development (Dave et al., 2015; Rantanen and Khinast, 2015). 

Previous studies in this field mostly focused on the characterization of a limited number of materials 

to elucidate their key properties for the process under investigation. In this work, 55 pharmaceutical 

powders were characterized using a wide variety of techniques, yielding more than a hundred raw 

material descriptors. These materials differed in chemical and physical properties and included 
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commonly used direct compression, roller compaction and wet granulation excipients with different 

functionalities (binders, co-processed materials, disintegrants, fillers, glidants, and lubricants) and 

APIs (coarse to micronized powders, densely crystallized, directly compressible and granulated 

materials). A multivariate dataset was hence compiled and principal component analysis (PCA) was 

applied.  

The main aims of current study were to identify (anti-)correlated and non-relevant property 

descriptors and to reduce the large number of descriptors into a comprehensible number of super 

properties or principal components in order to support a rational selection of routine characterization 

techniques that provide maximal information with minimal characterization effort. During early drug 

product development insufficient amounts of NCE are typically available to allow production-scale 

experiments, while the final drug product formulation must be filed as soon as possible. Consequently, 

this can result in sub-optimal drug product quality. Identification of a surrogate material, whose critical 

material attributes match those of the NCE, is of interest as this could allow to perform extensive 

production-scale experiments during early drug product development by replacing the NCE with a 

surrogate material. In this approach, identification of a suitable surrogate based on meaningful 

material properties and thorough multivariate data-analysis is critical. Therefore, in current paper PCA 

of an extensive dataset of widely differing materials and properties was performed and a stepwise 

approach was developed to cope with missing data and to select critical material properties in the 

context of surrogate identification.  

In a next step, the material properties could also be linked to the performance of materials on different 

unit operations of a direct compression line via empirical models which could ultimately allow 

prediction of the critical process and material attributes based on material characteristics.  

2 Materials and Methods 

2.1 Materials 

The materials included in this study were purchased from DFE Pharma (Goch, Germany), Meggle 

(Wasserburg, Germany), Roquette (Lestrem, France), FMC (Philadelphia, PA, USA), JRS Pharma 

(Rosenberg, Germany), Cargill (Minneapolis, MN, USA), BASF (Ludwigshafen, Germany), Colorcon 

(Dartford, UK), Ashland (Covington, KY, USA), Imerys (Paris, France), Evonik (Hanau-Wolfgang, 

Germany), Peter Greven (Bad Münstereifel, Germany) and JMC (Ulsan, South-Korea). Table 1 provides 

an overview of the investigated materials as well as their brand name, abbreviation, functional class 

and supplier. The details of APIs were not provided due to confidentiality reasons.



Chapter 5 

144 

Table 1: Overview of materials 

Material Brand Name Abbreviation Class Supplier 

Caffeine Anhydrous Powder  C_P API BASF 

Caffeine Granular  C_Gr API BASF 

Spray Dried API  API_sd API Janssen 

Mebendazole  Meb_µ API Janssen 

Metformine Regular  M_R API Janssen 
Metformine Fine  M_F API Janssen 

Metoprolol Micronized  Mpt_µ API Utag 

Paracetamol Micronized  P_µ API Mallinckrodt 

Paracetamol Fine  P_F API Mallinckrodt 

Paracetamol Semi-Fine  P_SF API Mallinckrodt 

Paracetamol Powder  P_P API Mallinckrodt 

Paracetamol Dense Powder  P_DP API Mallinckrodt 

Paracetamol Granular  P_Gr API Mallinckrodt 

Paracetamol Compap WSE  P_WSE API Mallinckrodt 

Paracetamol Compap PVP3  P_PVP3 API Mallinckrodt 

Theophylline Anhydrous Micronized  T_µ API Mallinckrodt 

Theophylline 325M  T_325M API BASF 

Theophylline Anhydrous Powder  T_P API BASF 

Lactose Monohydrate SuperTab 11SD 11SD Filler DFE 

Lactose Monohydrate Tablettose 80 T80 Filler Meggle 

Lactose Monohydrate Lactose 200M 200M Filler DFE 

Mannitol Pearlitol 100 SD SD100 Filler Roquette 

Mannitol Pearlitol 160 C 160C Filler Roquette 

MCC Avicel PH-101 PH101 Filler FMC 

MCC Avicel PH-102 PH102 Filler FMC 

MCC Avicel PH-301 PH301 Filler FMC 

MCC Avicel PH-302 PH302 Filler FMC 

MCC Avicel PH-105 PH105 Filler FMC 
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MCC Avicel PH-200 PH200 Filler FMC 

Co-processed Lactose-MCC MicroceLac 100 MCL100 Filler Meggle 

Dibasic Calcium Phosphate (DCP) Emcompress AN DCP Filler JRS 

Unmodified Maize Starch C*Pharmagel 03302 Pgel Filler Cargill 

Silicified MCC Prosolv HD90 HD90 Filler JRS 

PVP Kollidon 30 K30 Binder BASF 

Copovidone Kollidon VA 64 VA64 Binder BASF 

Copovidone Kollidon VA 64 Fine VA64F Binder BASF 

HPMC Methocel E 15 E15 Binder Colorcon 

Crospovidone Polyplasdone XL-10 XL10 Disintegrant Ashland 

HPMC K4M Premium CR CR Matrix filler Colorcon 

HPMC K4M Premium DC2 DC2 Matrix Filler Colorcon 

Pre-Gelatinized Starch Starch 1500 S1500 Filler Colorcon 

HPC Klucel EF KEF Binder Ashland 

HPC Klucel EXF KEXF Binder Ashland 

MCC + DCP Avicel DG DG Filler FMC 

Mannitol + Starch Pearlitol Flash Flash Filler Roquette 

Polyvinyl Caprolactam Polyvinyl Acetate - Polyethylene Glycol Soluplus Sol Filler BASF 

Croscarmellose Ac-Di-Sol SD711 SD711 Disintegrant FMC 

Crospovidone Kollidon CL-F CLF Disintegrant BASF 

Crospovidone Kollidon CL CL Disintegrant BASF 

Sodium Lauryl Sulphate Texapon K 12P PH SLS Disintegrant BASF 

Talc Talc Luzenac Talc Glidant Imerys 

Colloidal Silicon Dioxide Aerosil 200 Pharma SiO2 Glidant Evonik 

Magnesium Stearate Ligamed MF-2-V MgSt Lubricant Peter Greven 

Sodium Stearyl Fumarate PRUV SSF Lubricant JRS 

Sodium Saccharin Saccharine Powder Sach API JMC 
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2.2 Methods 

An overview of applied characterization techniques, descriptors and abbreviations is provided in table 

2.  

2.2.1 Laser diffraction 

Particle size distribution (PSD) was measured in triplicate by laser diffraction (Mastersizer 2000, 

Malvern Instruments, Worcestershire, UK) to construct the average volume-based PSD. The 

measurements were performed via the dry dispersion method in volumetric distribution mode using 

a 550 RF lens combined with a Sirocco 2000 dry dispersion unit at a feeding rate of 3.0 G. The standard 

jet pressure of 2.0 bar was increased to 3.5 bar for dispersing agglomerated powders. Powders were 

considered agglomerated when a bimodal distribution and variable dv90 values were observed during 

preliminary measurements at low jet pressure. The particle size is reported as a volume equivalent 

sphere diameter. The PSD was analyzed via the Mastersizer 2000 software. For each volumetric 

distribution, the 10 %, 50 % and 90 % cumulative undersize was reported as dv10, dv50 and dv90. The 

volume-weighted mean was reported as D[4,3] and surface-weighted mean as D[3,2]. Furthermore, 

the width (dwidth) and span (dspan) were calculated to describe the particle size distribution. Width 

equals dv90-dv10, whereas span equals dwidth/dv50. 
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Table 2: Overview of quantitative characterization techniques, corresponding descriptors and utilized abbreviations 

Characterization 
technique 

Descriptor Abbreviation 

Charge density Charge-to-mass ratio (*absolute value) CD, CD* 

Drained angle of repose Drained angle of repose and cohesion AoR_TA, AoR_GH and σr_GH 

Dynamic avalanche angle 

Dynamic flow angle during increasing (2, 10, 20 rpm) and decreasing speed cycle (10 rpm) AI2, AI10, AI20, AD10 

Dynamic cohesive index during increasing (2, 10, 20 rpm) and decreasing speed cycle (10 rpm) CI2, CI10, CI20 and CD20 

Hysteresis value for dynamic flow angle and cohesive index (decreasing - increasing speed cycle)  AD10-AI10 and CDI0-CI10 

Change in flow angle as a function of speed  AI10-AI2, AI20-AI2, AI10/AI2and AI20/AI2 

Change in dynamic cohesive index as a function of speed CI10-CI2, CI20-CI2, CI10/CI2 and CI20/CI2 

Dynamic vapor sorption 

Moisture content in sorption (S) and desorption (D) cycle at 40, 60 and 80 % relative humidity S40, S60, S80, D80, D60 and D40 

Hysteresis: difference between desorption and sorption profile at 40 and 60 % relative humidity H40 and H60 

Water uptake from 40 to 80% relative humidity S80-S40 

Flow through an orifice Flowrate FP 

Laser diffraction 

10, 50 and 90% cumulative undersize of volumetric PSD dv10, dv50 and dv90 

Width and span of volumetric PSD dwidth and dspan 

Volume and surface-weighted mean particle size D[4,3] and D[3,2] 

Loss on drying Moisture content LoD 

Powder density and 
porosity 

Bulk and tapped density ρb and ρt 

Compressibility index and Hausner ratio CI and HR 

True density and porosity ρtrue and ε 

Powder rheometer 

Compressibility at 15 kPa, Maximum compressibility and b in Kawakita equation C_15kPa, Cmax and b 

Conditioned bulk density CBD 

Permeability at 1 and 15kPa k_1kPa and k_15kPa 

Permeability density susceptibility (slope) k_ρ_Sus 

Normalized aeration sensitivity NAS 

Normalized flow energy, flow energy and residual standard deviation flow energy nBFE, BFE and RSD_BFE 

Flow rate index, stability index (*normalized) and specific energy FRI, SI, SI* and SE 

Minimal flowability energy (index) and corresponding airflow AE_min (AI_Emin) and U_min 

Residual flowability energy (index) and corresponding airflow AE_r (AI_Er) and U_r 

Flowability energy (index) and corresponding airflow at onset of fluidization AE_on (AI_on) and U_on 

Flowability energy (index) at airflow of 40, 10 and 0 mm/s AE_40 (AI_40), AE_10 (AI_10) and AE_0 

Wall friction angle WFA_FT4 

Ring shear test Flow function coefficient, major principal stress and unconfined yield stress ffc, MPS and UYS 
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Bulk and consolidated density-weighed flow ffp and ffrho 

Cohesion тc 

Angle of internal friction, angle of internal friction steady state flow, effective angle of internal 
friction 

Фlin, Фsf and Фe 

Wall friction angle WFA_S 

Specific surface area Specific surface area SSA 

Static image analysis 

10%, 50% and 90% cumulative undersize of volumetric PSD CEDv10, CEDv50 and CEDv90 

Width and span of volumetric PSD CEDwidth and CEDspan 

Volume and surface weighted mean particle size CED[4,3] and CED[3,2] 

10%, 50% and 90% cumulative undersize for numeric PSHD (i.e. AR, HSCL and SL) 
AR10, AR50 and AR90 
HSCL10, HSCL50 and HSCL90 
SL10, SL50 and SL90 

Span of numeric PSHD (i.e. AR, HSCL and SL) ARspan, HSCLspan and SLspan 

Mean of numeric PSHD (i.e. AR, HSCL and SL) ARmean, HSCLmean, SLmean 
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2.2.2 Static image analysis 

The Morphologi G3 static image analysis system (Malvern instruments, Worcestershire, UK) was used 

to derive PSD and particle shape distribution (PSHD) information in addition to laser diffraction (Tinke 

et al., 2008). Applying the methodology and modified settings described below are indispensable for 

successful analysis of particle shape. The sample dispersion unit was used for dry dispersion of 

powders. Applying sufficient dispersion energy to detach small agglomerated particles was balanced 

against breakage of large brittle particles. The samples were dispersed using a fixed injection and 

settling time of 20 ms and 120 s, respectively. The injection pressure was set at 1 bar during a first 

screening phase. Persisting agglomerates were typically observed for fine powders and hence their 

injection pressure was increased to 5 bar to achieve dispersion. Furthermore, sampling a 

representative number of particles was balanced against the risk of overlapping particles. The selected 

sample volume was 1, 5 and 13 mm3 for samples with a particle size range of <10, 10-100 and > 100 

µm, respectively. The light intensity was set at 80 % ± 0.2 %, whereas the optical magnification was 

selected based upon the particle size ranges of the sample: 5x magnification for a particle size range 

of 6.5-420 µm and 20x for 1.75-100 µm. A minimum of 50000 particles was counted for each sample. 

The size of each particle was defined as the circular equivalent diameter (CED). Particles were only 

evaluated for size when their projected area consisted at least of 10 pixels. For each volumetric 

distribution, the 10 %, 50 % and 90 % cumulative undersize was reported as CEDv10, CEDv50 and 

CEDv90, respectively. The volume and surface-weighted mean were defined as CED[4,3] and CED[3,2]. 

Furthermore, the distribution was described by calculating the width (CEDwidth) and span (CEDspan). 

Width equals CEDv90-CEDv10, whereas span equals CEDwidth/CEDv50. To ensure accurate particle 

shape quantification, particles were only evaluated for shape when their projected area contains a 

minimum of 100 pixels. Moreover, only particles that were part of the main peak of the volume-based 

PSD (CED > CEDv10) were included in the numeric-based PSHD. A detailed description of selected 

shape parameters were aspect ratio (AR), convexity (CV), high sensitivity circularity (HSCL) and solidity 

(SL) can be found in the user manual (Malvern, 2013). The AR (equation 1) describes the overall 

particle shape, whereas convexity (equation 2) measures the edge roughness of a particle. The 

convexity measures the spikiness of a particle where 0 and 1 reflect a spiky and smooth particle, 

respectively. Likewise, solidity (equation 3) was calculated as an additional measure of roughness. In 

contrast, HSCL (equation 4) measures how close the particle shape approaches a perfect circle (1 

reflects a perfect circle and 0 a spiky or irregular particle). HSCL is not only sensitive to overall particle 

shape but also to the roughness of the particle edge. Hence HSCL can only limitedly distinguish spiky 

and elliptical particles. The 10, 50 and 90 % cumulative undersize of the number-based PSHD was 

reported.  
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𝐴𝑠𝑝𝑒𝑐𝑡 𝑟𝑎𝑡𝑖𝑜 =
𝑊𝑖𝑑𝑡ℎ 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒

𝐿𝑒𝑛𝑔𝑡ℎ 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒
         (1) 

𝐶𝑜𝑛𝑣𝑒𝑥𝑖𝑡𝑦 =
𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 𝑐𝑜𝑛𝑣𝑒𝑥 ℎ𝑢𝑙𝑙

𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒
        (2) 

𝑆𝑜𝑙𝑖𝑑𝑖𝑡𝑦 =
𝐴𝑟𝑒𝑎 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒

𝐴𝑟𝑒𝑎 𝑐𝑜𝑛𝑣𝑒𝑥 ℎ𝑢𝑙𝑙
         (3) 

𝐻𝑖𝑔ℎ 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝑐𝑖𝑟𝑐𝑢𝑙𝑎𝑟𝑖𝑡𝑦 =
𝐶𝑖𝑟𝑐𝑢𝑚𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑐𝑖𝑟𝑐𝑙𝑒 𝑤𝑖𝑡ℎ 𝑒𝑞𝑢𝑎𝑙 𝑎𝑟𝑒𝑎 𝑎𝑠 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 2

𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒2    (4) 

2.2.3 Scanning electron microscopy 

To visualize the morphology of each powder, images were recorded with a FEI Company Phenom™ 

benchtop scanning electron microscope (Hillsboro, OR, USA). For this purpose, a small amount of the 

product was deposited on an aluminum stub covered with conductive carbon tape. After gold coating 

the sample using a Q150 RS Gold Coater (Quorum Technologies, East Sussex, UK), the backscatter 

electron signal was measured at approximately 5 kV. These images were utilized for explanatory 

purpose as no quantitative descriptors could be incorporated into the database.  

2.2.4 Specific surface area 

The samples were degassed for 24h at 60 °C using the vacuum mode of the VacPrep (Micrometrics, 

Norcross, USA) and then purged with nitrogen for 1 hour. Subsequently, samples were subjected to 

nitrogen adsorption measurements (TriStar II, Micrometrics) and the specific surface area (SSA) of the 

samples was derived from the adsorption isotherm using the Brunauer–Emmett–Teller theory. 

2.2.5 Density and porosity 

The bulk (ρb) and tapped (ρt) density (g/ml) were determined in triplicate using a graduated cylinder 

mounted on a SVM 12 tapping device (Erweka, Heusenstamm, Germany). A known mass (M) of 

powder was gently poured into the graduated cylinder. The initial volume (V0) and volume after 1250 

taps(V1250) (ml) were recorded. Bulk and tapped density were calculated as M/V0 and M/V1250, 

respectively. These values were used to calculate the Hausner Ratio (HR=V0/V1250) and Compressibility 

Index (CI=
𝑉0− 𝑉1250

𝑉0
): 

The true density ρtrue (g/ml) of all powders was measured using an AccuPyc 1330 helium pycnometer 

(Micrometrics, Norcross, GA, USA) at an equilibration rate of 0.0050 psig/min with the number of 

purges set to 10. Powder bed porosity (ε) was calculated using equation (5).  

𝜀 = 1 −
𝜌𝑏

𝜌𝑡𝑟𝑢𝑒
           (5) 
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2.2.6 Angle of repose 

2.2.6.1 Drained angle of repose 

The drained angle of repose (AoR_TA) was determined in triplicate using an in-house built device 

(Janssen tangens α, Beerse, Belgium). An excess of material was positioned above a fixed diameter 

base and drained from a container which was elevated at a fixed speed of 0.1 mm/s. Formation of a 

powder cone on the base plate (with diameter d) allowed determination of the drained angle of 

repose. The height of the cone pile (h) was determined to calculate the angle of repose α (°) from 

equation (6): 

𝑡𝑎𝑛(𝛼) =
ℎ

0.5 × 𝑑
          (6) 

A cohesive material typically forms a powder heap with large angle of repose and shape that deviates 

strongly from the conical shape. Therefore, quantifying the heap shape provides additional 

information about the extent of cohesiveness (Boschini et al., 2015; Lumay et al., 2012). The 

GranuHeap instrument (GranuTools, Awans, Belgium) was used to determine the angle of repose and 

to quantify the deviation from an ideal cone. The initialization tube was manually filled with powder 

and subsequently lifted at a constant speed of 5 mm/s. The powder flowed and formed a heap on the 

cylindrical support. Subsequently a camera took 17 pictures of the heap while the support was slowly 

rotated around its axis. Each picture was separated by a rotation of 10.5 ° and image analysis was 

applied to detect the powder/air interface. The angle of repose of the heap is quantified as (AoR_GH) 

which is the angle of an isosceles triangle with the same surface area. The cohesive index (σr_GH) 

quantifies the extent of deviation from an ideal conically shaped heap (non-cohesive powder:  σr_GH 

≈ 0). 

2.2.6.2 Dynamic avalanche angle 

The GranuDrum instrument (GranuTools, Awans, Belgium) characterizes the flowability based upon 

the rotating drum principle (Pirard et al., 2009). The drum was filled with 55 ml sample and rotated 

around its axis with increasing angular velocities ranging from 2 to 20 rotations per minute (rpm). 

Subsequently, the velocity was reduced over the same rpm range. The position of the air/powder 

interface was measured via image analysis. The average interface position and fluctuations were 

calculated on 50 images taken at each rotating speed. The dynamic flow angle was computed from 

the average interface position and the dynamic cohesive index was measured from the interface 

fluctuations. The dynamic flow angle at x rpm was abbreviated as AIx or ADx in the increasing or 

decreasing speed trajectory, respectively. The dynamic cohesive index was similarly abbreviated as 

CIx or CDx. A low flow angle generally corresponds to good flowability, although Boschini et al. (2015) 

described that other properties confound this relation. In contrast, the dynamic cohesive index is 
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mainly related to cohesion as the flow in the rotating drum is intermittent for a cohesive powder, 

whereas a continuous flow is observed for a non-cohesive powder. The dynamic cohesive index 

describes the extent of interface fluctuation which gradually increases when the powder is more 

cohesive. In this manuscript, new metrics for the rheological behavior of powders were defined: the 

change in dynamic flow angle and cohesion as a function of rotation rate (AI10-AI2 and AI20-AI2) and 

as their ratio (AI10/AI2 and AI20/AI2). Finally, comparing the results obtained at fixed speed but during 

the increasing and decreasing speed trajectory describes if properties tend to alter during processing.  

2.2.7 Ring shear test 

Powder flowability was measured in triplicate using a ring shear tester (FDA, 2016) (Type RST-XS, 

Dietmar Schulze Schüttgutmesstechnik, Wolfenbüttel, Germany). Prior to measurement, the 30 cm³ 

XS-Mr shear cell was gently filled with powder. Next, a normal load of 1000 Pa was applied during the 

pre-shear step. The powders were sheared under three different consolidation stresses: 400, 600 and 

800 Pa. Finally, the shear stress (τ) was plotted as a function of the applied normal stress (σ). A linear 

fit was applied and defined as the yield locus. An extensive and detailed explanation of the data 

analysis and theory is given by Schulze (Schulze, 2008c, 2008a). The unconfined yield strength (UYS) 

and major principal stress (MPS) were determined to calculate the flow function coefficient (ffc) (7) 

which can be used for evaluation of the flowability. 

𝑓𝑓𝑐 =  
𝑀𝑃𝑆

𝑈𝑌𝑆
           (7) 

Furthermore, the bulk and consolidated density-weighed flow were calculated to assess the flow 

under gravity and is expressed as ffp (8) and ffrho (9), respectively. ρconsolidation represents the density 

under consolidation (1000 Pa).  

𝑓𝑓𝑝 = 𝑓𝑓𝑐 × 𝜌𝑏          (8) 

𝑓𝑓𝑟ℎ𝑜 = 𝑓𝑓𝑐 × 𝜌𝑐𝑜𝑛𝑠𝑜𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛         (9) 

The slope of the yield locus is the linear angle of internal friction φlin. The intercept of the yield locus 

with the shear stress axis is referred to as powder cohesion (тc). The slope of the straight line through 

the origin of the σ,τ-diagram and the pre-shear data point is the angle of internal friction at shear 

failure φsf, while a straight line through the origin of the σ,τ-diagram and tangent to the greater Mohr 

circle is referred to as the effective yield locus. It encloses the σ-axis with the effective angle of internal 

friction φe. 

A XS-WL shear cell (having a 316 stainless steel bottom plate with surface roughness Ra of 0.28 µm) 

was used to determine the wall friction angle (WFA_S). The cell was gently filled with ± 4 mm of 

powder. Subsequently, the wall disc applied a pre-consolidation normal stress of 4.00 kPa and the wall 
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friction was measured under decreasing wall normal stresses: 3.28, 2.56, 1.84, 1.12 and 0.40 kPa. 

WFA_S was calculated from the resulting wall yield locus (FDA, 2016; Schulze, 2008d).  

2.2.8 Flow through an orifice 

The flow rate (mg/s) through an orifice (FP) (Seppälä et al., 2010; Soppela et al., 2010) with 3 mm 

diameter was measured (n = 5) using the FlowPro™ (iPAT, Turku, Finland). The sample holder was 

cleaned and dried with pressurized air prior to each measurement.  

2.2.9 Powder rheometer 

Cylindrical vessels (diameter: 50 mm) were used during material characterization with the FT4 powder 

rheometer (Freeman Technology, Tewkesbury, UK). Additional information on the powder rheometer 

was previously presented by Freeman (Freeman, 2007). 

2.2.9.1 Stability and variable flow Rate 

The stability and variable flow rate test program was performed by pouring 160 ml sample in the 

vessel. A conditioning cycle was performed prior to recording test data to assure stable starting 

conditions. The Conditioned Bulk Density (CBD) of the powder was recorded after this conditioning 

cycle. During the test cycle, the blade tip speed was set at 100 mm/s and the flow energy E (mJ) is 

calculated from the work done to move blade through the powder from the top to the bottom of the 

vessel (test cycle). Seven identical test cycles were performed to achieve stable flow energy and to 

assess if the powder exhibits unstable flow behavior whilst testing. Next, the blade tip speed is 

gradually reduced (100, 70, 40 and 10 mm/s) from tests 8 till 11 respectively to evaluate the sensitivity 

of the powder to shear rate. The responses derived from these tests are the Basic Flow Energy (BFE) 

(10), the novel metrics RSD on Basic Flow Energy (RSD_BFE) (11) and normalized BFE (nBFE) (12), 

Stability Index (SI) (13), Flow Rate Index (FRI) (14) and specific energy (SE) (15): 

𝐵𝐹𝐸 (𝑚𝐽) = 𝐹𝑙𝑜𝑤 𝑒𝑛𝑒𝑟𝑔𝑦 𝑡𝑒𝑠𝑡 7        (10) 

𝑅𝑆𝐷 𝐵𝐹𝐸 =
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 (𝐹𝑙𝑜𝑤 𝑒𝑛𝑒𝑟𝑔𝑦 𝑡𝑒𝑠𝑡 1− 7)

𝑀𝑒𝑎𝑛 (𝐹𝑙𝑜𝑤 𝑒𝑛𝑒𝑟𝑔𝑦 𝑡𝑒𝑠𝑡 1− 7)
       (11) 

𝑛𝐵𝐹𝐸 (
𝑚𝐽

𝑔
) =

𝐵𝐹𝐸

𝑆𝑎𝑚𝑝𝑙𝑒 𝑚𝑎𝑠𝑠(𝑔)
         (12) 

𝑆𝐼 =
𝐹𝑙𝑜𝑤 𝑒𝑛𝑒𝑟𝑔𝑦 𝑡𝑒𝑠𝑡 7

𝐹𝑙𝑜𝑤 𝑒𝑛𝑒𝑟𝑔𝑦 𝑡𝑒𝑠𝑡 1
          (13) 

𝐹𝑅𝐼 =
𝐹𝑙𝑜𝑤 𝑒𝑛𝑒𝑟𝑔𝑦 𝑡𝑒𝑠𝑡 11

𝐹𝑙𝑜𝑤 𝑒𝑛𝑒𝑟𝑔𝑦 𝑡𝑒𝑠𝑡 8
         (14) 

𝑆𝐸 (
𝑚𝐽

𝑔
) =

(𝑈𝑝 𝑒𝑛𝑒𝑟𝑔𝑦 𝑐𝑦𝑐𝑙𝑒  6+ 𝑈𝑝 𝑒𝑛𝑒𝑟𝑔𝑦 𝑐𝑦𝑐𝑙𝑒 7)/2

𝑆𝑎𝑚𝑝𝑙𝑒 𝑚𝑎𝑠𝑠 (𝑔) 
       (15) 



Chapter 5 

154 

2.2.9.2 Aeration 

A modified aeration test program was performed to evaluate the impact of aeration on flow 

properties. A vessel with aeration base was filled with approximately 160 ml sample. First, a pre-

conditioning step was performed without aeration. Next the initial flow energy (AE_0) (mJ) was 

measured without aeration. During the next steps, the air velocity (U_x where x designates air 

velocity) was gradually increased (x = 0.5, 1, 2, 4, 6, 8, 10, 15, 20, 30 and 40 mm/s) while the 

corresponding flow energy (AE_x) was measured. This manuscript defined multiple novel descriptors 

for aeration tendency of a powder bed. In a first phase, the resistance to flow gradually diminished 

with increasing air velocity as the powder bed fluidized incrementally (e.g. the fine and coarse particles 

fluidize at different air velocity). In the second phase, the aerated flow energy converged to a plateau 

of residual flow energy (U_r, AE_r) of a fluidized bed wherein also the minimal flow energy (U_min, 

AE_min) was observed. A linear fit was applied on both phases of the flow energy-air velocity curve. 

The onset of fluidization was defined as the intercept (U_on, AE_on) of both fitting lines (Leturia et 

al., 2014). The following descriptors were defined in this manuscript: initial flow energy (AE_0), 

residual flow energy (AE_r) and corresponding air velocity (U_r), onset of fluidization (U_on) and 

corresponding flow energy (AE_on). Furthermore, the aerated flow energies were normalized with 

the initial flow energy (AI_x = AE_x/AE_0) to quantify the reduction in flow energy while transitioning 

from a densely stirred to fluidized powder bed. The normalized aeration sensitivity is the difference in 

normalized flow energy divided by the difference in air velocity. The maximum normalized aeration 

sensitivity (NAS, s/mm) was reported. 

2.2.9.3 Compressibility 

The sample was subjected to a pre-conditioning step before the applied normal stress σ was gradually 

increased (0.5, 1, 2, 4, 6, 8, 10, 12 and 15 kPa) using a vented piston and the percentage of change in 

volume was recorded. The compressibility at 15 kPa was reported as C_15kPa. In addition, a model-

based way of describing the compressibility was included, the authors fitted the σ,C-diagram using the 

Kawakita equation (16) where Cmax represents the maximum compressibility and the reciprocal of b 

defines the pressure needed to reduce the powder bed volume by 50 %. 

𝜎

𝐶
=

𝜎

𝐶𝑚𝑎𝑥 
+  

1

𝐶𝑚𝑎𝑥×𝑏
           (16) 

2.2.9.4 Permeability 

The permeability (unit m2 according to Darcy’s law) was measured as a function of applied normal 

stress (1, 2, 4, 6, 8, 10, 12 and 15 kPa) whilst a constant air velocity of 10 mm/s was maintained during 

compression. The permeability at a normal stress of 1 and 15kPa were reported as k_1kPa and 
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k_15kPa, respectively. Additionally, the logarithm of permeability was plotted as a function of density. 

The slope of this curve represents the susceptibility of permeability to density (k_ρ_Sus). 

2.2.9.5 Wall Friction 

Wall friction was determined using a wall disc made of 316 stainless steel with an average surface 

roughness Ra of 0.05 µm. After the conditioning step, the wall disc applied a pre-consolidation normal 

stress of 4.00 kPa. The shear stress at the wall material was determined at five normal stresses (3.28, 

2.56, 1.84, 1.12, 0.40 kPa) and plotted as a function of the applied normal stress. The linear fit through 

these data points is the kinematic wall friction yield locus. The kinematic angle of wall friction 

(WFA_FT4) is the angle enclosed by the wall friction yield locus and x-axis. This response quantifies 

the effort required to move a bulk solid across the surface of a specific wall material.  

2.2.10 Charge Density 

The amount of electrostatic charge acquired by a powder is typically expressed as the charge-to-mass 

ratio (CD), i.e. the charge density (nC/g). Multiple methods to induce tribo-electrification of powders 

were described in the literature (Matsusaka et al., 2010; Šupuk et al., 2012; Zarrebini et al., 2013). In 

this work, tribo-electrification was induced through a novel method where the powder was dispersed 

with a controlled air pulse. Approximately 30 mg of powder was accurately weighed in the sample 

holder of the dispersion unit of the Morphologi G3 static image analysis system (section 2.2.2). This 

system was used to inject a pulse of air for 20 ms at 4 bar. The sample dispersion unit was closely 

connected to a faraday pail (JCI 150, Dekra Insight, Southampton, UK) in which the dispersed powder 

settled. The faraday pail was connected to an electrometer (JCI 178) to measure the acquired charge.  

2.2.11 Loss on drying 

The residual moisture content of the powders was determined in triplicate via loss on drying (LoD) 

using a Mettler Toledo HR73 Halogen Moisture Analyzer (Mettler-Toledo, Zaventem, Belgium). A 

sample of 5 g was dried at 105 °C until the change in moisture content was less than 0.1 % over a 

period of 30 s. The % LoD was then recorded.  

2.2.12 Dynamic vapor sorption 

The water sorption behavior or hygroscopicity of the raw materials was measured using the Dynamic 

Vapor Sorption (DVS) Intrinsic (Surface Measurement Systems, Alperton London, UK). About 20 mg of 

sample was placed on the instrument’s microbalance and dried by a stream of dry nitrogen at 25 °C 

until equilibrium was reached (i.e. a weight change of less than 0.002 % per min during at least 15 

min). The samples were subsequently exposed to a relative humidity (RH) varying between 0 – 80 % 

in 20 % increments and equilibrated at each RH. The moisture uptake (%) between 0 and 40, 60 and 

80 % RH was reported in both the sorption (S40, S60, S80) and desorption cycle (D40, D60 and D80). 
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In addition, the moisture uptake between 40 and 80 % RH was defined as (S80-S40) to reflect a 

relevant RH fluctuation. Hysteresis values were calculated at 40 % and 60 % RH as Desorption-Sorption 

(H60 = D60-S60 and H60 = D40-S40). 

2.2.13 Multivariate data analysis 

The multivariate dataset was analyzed using SIMCA 14.1 software (Umetrics, MKS, Umea, Sweden). 

During construction of the PCA models, the built-in scores, loadings, summary of fit, X/Y overview, 

Hoteling’s T2, DModx, correlation matrix and point to point comparison tools were utilized.  

  



A multivariate raw material property database to facilitate drug product development and enable in-
silico design of pharmaceutical dry powder processes 

157 

3 Results and discussion 

Figure 1 depicts the sequence of steps to convert the raw material property database in an initial PCA 

model. These steps are discussed in more detail below.  

 

Compile database

Unit variance scaling

Transform non-normally 
distributed descriptors 

Preliminary PCA

Exclude descriptor
Non random missingness 

descriptor > 15%
Yes

No

Hotelling’s T2 range > 
T2crit(99%)

Exclude materialYes

No

Non random missingness 
material  > 20%

Exclude materialYes

No

Initial PCA model M1_4

AOR_TA+ Dynamic AOR 
descriptors

KEF

SiO2

Excluded descriptors 
and  observations

 

Figure 1: Flowchart: from raw material property database to an initial PCA model. The excluded 

descriptors and materials refer to the initial model  

 

3.1 Missing data  

Any characterization technique that is part of a raw material property database should provide a 

meaningful quantitative result for a broad range of materials. Non-random missing data occurs when 

a characterization technique fails to provide a value for a certain material because of its properties. 

This source of missingness should be limited or taken into account during multivariate data analysis 
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(Nelson et al., 1996). For descriptors, the level of non-random missing data was expressed as a 

percentage (%) and calculated by normalizing the number of non-random missing values for each 

descriptor by the total number of materials. Non-random missingness was present for descriptors 

derived by ring shear testing (1.79 %), stability and variable flow rate FT4 test (1.79 %), aeration FT4 

test (1.79 %), Schulze wall friction test (1.79 %), FT4 permeability test (7.14 %), SSA (8.93 %), angle of 

repose AoR_TA (19.64 %) and dynamic angle of repose (23.21 %). A maximum of 15% non-random 

missing data was allowed per descriptor. This limit was chosen in such a way that descriptors 

containing too many missing data were excluded, while test methods that showed occasional failures 

for certain powders were retained. For example, the ring shear tester was retained as it was not able 

to establish a yield locus for only one material, micronized API (T_µ). This could be overcome from a 

material characterization perspective through adjustment of the measuring conditions (higher 

consolidation stresses). However, such data cannot be incorporated in the raw material property 

database as it was not compliant with the standardized protocols.  

Another source of non-random missing data originates from specific materials that could not be 

measured with multiple techniques. For materials, non-random missingness was expressed as a 

percentage and calculated by normalizing the number of non-random missing descriptors for each 

material through the total number of descriptors. A maximum of 20 % non-random missing data was 

allowed per material. At this stage, the material KEF was excluded from the dataset as these particles, 

that have a long fibrous shape, tend to interlock during flow and cause failures of multiple measuring 

techniques. 

When submodels are developed, the need for excluding properties and materials based on non-

random missingness should be re-evaluated according the above described decision tree.   

3.2 Principal Component Analysis  

3.2.1 Data pre-treatment 

The data was inspected and pre-treated prior to principal component analysis (PCA). Data inspection 

revealed a first challenge: the charge-to-mass ratio was centered around zero and varied in the 

positive and negative direction. Therefore, the absolute value of charge-to-mass ratio (CD*) was 

reported to evaluate its correlation with other material properties. A similar strategy was applied for 

stability index (SI) where the absolute value of the deviation from 1 was reported as SI*. Next, unit 

variance scaling was applied on the dataset which re-scales the variability of the different variables to 

equalize the importance of the standard deviation within a variable. Next, a log transformation was 

applied on non-normally distributed responses (PSD, Ring Shear descriptors, FP, k_1kPa, k_15kPa, 

CD*, SSA) as a significant part of the powders had a small particle size and consequently size-related 
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descriptors were also skewed. The following step was to exclude outlying materials. A preliminary 

model with four principal components (PC) was constructed and the T2 hoteling plot constructed. One 

serious outlier (SiO2) was identified using the 99 % confidence threshold and excluded from the 

dataset. This material had extreme values for multiple descriptors (e.g. ρb, ρtrue, SSA and CD).  

3.2.2 Complete database: initial PCA model (M1) 

3.2.2.1 Summary of fit 

An initial PCA model was developed for which the loading and score scatter plot will be discussed in 

detail below (section 3.2.2.2 – 3.2.2.6.). Table 3 represents the amount of explained (R2X) and 

predicted (Q2X) variation in the raw material property database per added principal component (PC). 

The goodness of fit of the model (R2X) is related to the amount of variability that is captured by the 

principal components. The goodness of prediction (Q²X) is calculated by deleting randomly a part of 

the database to generate a data void that is subsequently predicted by the model and compared to 

the actual values. The rule of thumb is to select the number of PCs that result in optimal goodness of 

prediction (highest Q2X) for the PCA model. A four PC model (M1_4) explained 64 % and predicted 50 

% of the variation in the material property database. M1_4 was thus selected as initial model. Adding 

an extra PC did not improve the predictive ability of the model. Moreover, although a 3 PC model 

(M1_3) explained 9 % less variability, it predicted a similar share of the variability (only 1 % less) 

compared to the 5 PC model (M1_5). This indicated a tradeoff between goodness of fit, prediction and 

simplicity should be considered in this case.  
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Table 3: Summary of fit PCA models: fraction of variation in the raw material property database explained (R2X) 
and predicted (Q2X) by the model through cross-validation.  
 

Model Model number # of PCs R2X (%) R2X (% cum) Q2X (%) Q2X (% cum) 

Complete 

database 

model 

M1_1 1 29 29 24 24 

M1_2 2 18 47 12 38 

M1_3 3 12 59 11 49 

M1_4 4 5 64 1 50 

M1_5 5 4 68 0 50 

M1_6 4 / 62 / 39 

M1_7 4 / 73 / 44 

M1_8 4 / 73 / 53 

API model 

M2_1 3 64 64 15 15 

M2_2 3 -1 63 -5 10 

M2_3 4 12 75 11 21 

DC Filler 

model 

M3_1 2 56 56 34 34 

M3_2 2 1 57 -6 28 

M3_3 2 11 68 16 44 

M3_4 2 8 76 19 63 

 

A principal component can be regarded as an overarching property which represents specific 

underlying material descriptors. It is crucial to identify the overarching property of the PCs included in 

the model. In this context, the loadings indicate the importance of descriptors towards the principal 

components. Hence the loading scatter plots were used to assign overarching descriptors to the 

respective PCs because descriptors with large positive or negative loadings strongly impact these PCs. 

In contrast, a property near the origin of the loading scatter plot is not relevant for the respective PCs. 

This allowed to extract via PCA the most relevant information from the dataset. Additionally, the 

loading scatter plots were used to reveal if descriptors are positively, negatively or not related to each 

other. One can visualize how descriptors relate to each other by drawing an imaginary line through 

the descriptor of interest and the origin of the loading scatter plot. Next, any other descriptor can be 

projected perpendicular on that line to assess their correlation. The descriptors are positively 

correlated when the projected descriptor was positioned close to the selected property on the 

imaginary line. In contrast, the descriptors are anti-correlated when their projection is located on the 

opposite side of the straight line. The correlation is weaker when the projection is close to the origin 
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of the loading scatter plot. This strategy was applied to identify the relation between most relevant 

descriptors. In addition, the magnitude of the correlation was verified by the correlation matrix.  

3.2.2.2 PC1: Flow related descriptors 

The first component (R2X= 29 and Q2X = 24) is mainly influenced by flowability, cohesion and 

compressibility. High positive PC1 loadings were observed for the powder flow under consolidation 

(ffc, figure 2) which was positively related to the flowrate through an orifice (FP) and density-weighed 

flow (ffp and ffrho). A coarse particle size (e.g. high dv50) and the ability to transmit air through the 

powder bed (high k_15kPa) also contributed to good powder flow. In contrast, flowability was 

negatively related to cohesion (тc, SE and AoR_GH) and compressibility (C_15kPa). UYS reflects the 

stress required to initialize flow of a consolidated mass of material when it is in an unconfined state 

(i.e. free unstressed surface) and correlated particularly well with other descriptors that measured 

flow in this state (e.g. SE, CI2) (figure 2). In conclusion, PC 1 merely described flow related descriptors.  
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Figure 2: Initial model (“M1_4󠄀”): Loading scatter plot of PC1 and PC2. The circles cluster related descriptors and describe the overarching physical property to 

which they contribute.   
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3.2.2.3 PC2: Particulate descriptors 

The particle shape distribution descriptors that are related to particle roughness (CV and SL) were 

located at the top of the PC1 vs PC2 loading scatter plot, whereas the overall particle form (AR) was 

positioned in the top right corner (figure 2). The circularity (HSCL) described both the particle 

elongation and roughness and is thus located between the abovementioned descriptors. Overall the 

location of particle shape descriptors on the PC1 vs PC2 loading scatter plot confirmed common 

pharmaceutical knowledge: more spherical particles (with high AR) generally flowed better (i.e. they 

have a higher PC1 value). The span descriptors of the particle shape variables (AR_span, CV_span, 

HSCL_span and SL_span) were located in the bottom left corner of the PC1 vs PC2 loading scatter plot, 

opposite of the sphericity descriptors (AR, HSCL) (figure 2). This indicated that shape distributions of 

less circular particles had a wider span which is related to their crystallization/drying process as for 

instance a spray drying process typically results in smooth spherical particles with a narrow unimodal 

size and shape distribution (Masters, 2002).  

The particle size distribution descriptors (e.g. CEDv50 and dv50) were positioned in the bottom right 

corner (i.e. at higher PC1 and moderately negative PC2 loadings, figure 2) which confirmed the validity 

of both size analysis methods, static image analysis and laser diffraction. As expected, larger particles 

flowed in general better. The similar location of flow energy-related descriptors (e.g. BFE) on the 

loading scatter plot (figure 2, bottom right) suggested that more energy was required to move the 

blade through a bed that consists of large irregular particles. BFE relates to the work done to move 

the blade downwards through the powder bed in a compressive, relatively high stress flow mode. 

However, multiple physical descriptors impacted BFE as the loading scatter plot (figure 2) and 

correlation matrix (not shown) indicated that BFE also correlated with density (ρb, R2=0.68). It is 

therefore recommended to evaluate nBFE as flow descriptor as it normalized BFE for density. 

Additional challenges were encountered during testing of flow energy for materials with (self-

)lubricating properties (e.g. MgSt and MCC). For such powders, the obtained flow energy was not 

informative as limited energy was required to move the lubricated blade through the bed. The angle 

of internal friction (Фlin) had a neutral PC1 and strongly negative PC2 loading values and did not 

correlate well with other descriptors. This indicated that the relation between shear and consolidation 

stress provided a unique insight in the database. In conclusion, the second PC (R2X = 18 and Q2X = 14) 

was identified to mainly represent the particulate descriptors (size and shape distribution) in the 

dataset. 

3.2.2.4 PC3: Fluidization and moisture related descriptors 

PC3 (R2X = 12 and Q2X = 11) mainly explained the variability in moisture uptake (e.g. S40, S80, D40) 

and residual moisture content (LoD) between the examined materials. The PC3 vs PC4 loading scatter 
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plot (figure 3) illustrated that these moisture-related descriptors (right bottom corner) were anti-

correlated with aspect ratio (top left corner). The materials with high moisture uptake were mostly 

synthetic polymers (CL, CLF, VA64, VA64F, K30 and XL10) that consisted of spherical particles. 

Obviously, the chemical composition rather than the spherical nature of these synthetic polymers was 

the root cause of their ability to absorb moisture. This example illustrated the importance of 

differentiating correlation and causality during PCA.  

The fluidization behavior of materials was also regulated through multiple physical descriptors. 

Fluidization of a dense powder bed (high CBD, ρb and ρt) tended to be less complete (e.g. high AE_r) 

as more gravitational forces must be overcome. Materials that consisted of coarse particles did not 

achieve complete fluidization (high AE_r) and required a higher airflow to fluidize the powder bed 

completely. Likewise, cohesive (high тc, SE) and impermeable powder beds (low k_15kPa) were 

particularly hard to fluidize. Powder plugs rather than individual particles were fluidized which caused 

the bed of such materials to fluidize inconsistently and incomplete. 

3.2.2.5 PC4: Permeability, rheology, porosity, SSA and true density 

The fourth PC (R2X = 5 and Q2X = 1) covered descriptors related to rheology and permeability of the 

powder bed. Positive PC4 loadings were observed for descriptors that described the stability of the 

flow energy upon repetitive shear cycles (SI*, RSD_BFE). Negative PC4 loadings were observed for 

specific energy (SE), normalized flow energy (nBFE) and permeability (k_1kPa). It seems physically 

amenable that the flow behavior of impermeable powders is less stable. PC4 also explained the 

variability in porosity (ε) and SSA (top right) where a moderate correlation was identified (R2 = 0.61). 

The fourth PC could also be attributed to ρtrue (top).  

In conclusion, the overarching descriptors of four PCs could be identified although the contribution of 

the 4th PC to the predictive power of the model was limited. This can be attributed to the randomness 

of its underlying descriptors: ρtrue was difficult to model as it displayed limited variability in its values 

(1.13 – 1.76 g/mL), except for two extremes (2.76 and 2.86 g/mL). Similarly, the SSA values were 

mostly below 2 m2/g, except for five materials (3.7 to 14 m2/g).
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Figure 3: Initial model (“M1_4󠄀”): Loading scatter plot of PC3 and PC4󠄀.   
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3.2.2.6 Score scatter plot 

The score scatter plots show the correlation between different materials based on their descriptors. 

The materials cluster in this plot if they possess similar descriptors for the plotted PCs. In contrast, 

materials with distinctly different descriptors will be located on opposite sides of the score scatter plot 

origin (i.e., anti-correlation). The score and loading scatter plots were evaluated simultaneously: 

materials with a specific location (i.e. scores combination) on the score scatter plot possess high values 

for descriptors with similar location (i.e. loadings combination) on the corresponding loading scatter 

plot (positive correlation) and low values for descriptors at the opposite side of the origin (negative 

correlation). 

The PC1 vs PC2 loading scatter plots (figure 2) showed that PC1 and PC2 were related to flow and 

particulate descriptors, respectively. DC fillers (i.e. DCP, PH200, PH102, PH302, 11SD, MCL100, Flash, 

SD100, Sol) were clustered on the right side of the PC1 vs PC2 score scatter plot (figure 4). These 

materials flowed easy to freely as these particles were engineered for DC. Likewise, the directly 

compressible (P_WSE and P_PVP3) and densely crystallized (P_DP) APIs fell within the DC filler cluster. 

The granulated APIs (C_Gr and P_Gr) were positioned in the right bottom corner due to their larger 

particles. Consequently, micronized APIs (Meb_µ, Mpt_µ, P_µ and T_µ) were located on the opposite 

side (top left corner) which confirmed that particle micronization results in a non-flowing bed. 

Remarkably, the flow behavior of P_µ was similar to P_F despite their distinct particulate descriptors. 

This could be linked to the smaller yet less elongated and smoother particles of P_µ. The synthetic 

polymers (API_sd, CL, CLF, K30, SLS, VA64, VA64F and XL10) were located on the top of the plot due 

to their particle morphology (highly spherical particles), water uptake (high S40) and ease of 

fluidization (low AE_r). WG fillers were located between DC fillers and micronized APIs. The PC1 scores 

of PH301, CR and 160C are close to zero since the flow of these powders was average. As expected, 

the flow of PH105 was inferior compared to other WG fillers due to its elongated rough particles and 

low-density compressible powder bed.  

The PCA model not only highlights the main (dis)similarities between materials, but also their subtle 

variation in descriptors. As an example, PH200 and DCP clustered in the PC1 vs PC2 score scatter plot 

(figure 4). Their identical free-flowing behavior was at the base of their similar PC1 scores. In contrast, 

both materials had distinct particulate descriptors and hence – as illustrated below - a more profound 

analysis was required to explain their identical scores for PC2.   
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Figure 4: Initial model (“M1_4󠄀”): The PC1 vs PC2 score scatter plot. The color of the material indicates its functional class: active ingredient (API, ●), filler for 

direct compression (F_DC, ●) and wet granulation (F_WG, ●), binder (●), disintegrant (Dis, ●) and lubricant or glidant (LG, ●). The arrows indicate how the 

properties of the materials vary upon moving across the plot.  
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The contribution plot was constructed via the point-to-point comparison tool that is built-in the SIMCA 

software (figure 5). This plot shows, for each property, the difference between two materials (in this 

case DCP and PH200). The size and direction of the bar on the Y-axis represent how much the 

respective materials differ for each property with its standard deviation used to scale the absolute 

difference. The “DCP - PH200” contribution plot revealed that PH200 consisted of larger yet less 

circular, more elongated and rougher particles. Furthermore, this plot confirmed that there were no 

differences in consolidated flow, cohesion or compressibility. DCP particles and powder bed were 

remarkably denser which resulted in a higher-density weighed flow and flow rate through an orifice 

(for DCP, the values of ffp and FP deviated more than three standard deviations from the mean in the 

dataset). This illustrated that their particle size (bottom right corner in the loading scatter plot of PC1 

and PC2, figure 2) values were balanced by their distinct particle morphology descriptors (top in the 

loading scatter plot of PC1 and PC2, figure 2). This can be represented in a simplified way: one can 

envision individual vectors that pull on a material to yield a resultant vector. Two powders can have 

different magnitudes for their individual vectors but still yield the same resultant vector.  

 

 

Figure 5: Initial model (“M1_4󠄀”): Contribution plot that displays per descriptor the difference between 

DCP and PH200. The Y-axis presents the scaled difference per descriptor using the standard deviation 

within a descriptor as scaling factor. For DCP, the orange colored descriptors had a value that deviated 

more than three standard deviations from the average.  
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Figure 6: Initial model (“M1_4󠄀”): The PC3 vs PC4󠄀 score scatter plot.   
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Evaluating PC3 vs PC4 scores also elucidated in which descriptors PH200 and DCP differed. Their 

distinct PC3 scores allowed to distinguish these materials as the scores represented particulate and 

moisture-related descriptors (figure 6). PH200 had a higher moisture sorption and consisted of larger 

yet less circular particles. Both materials could be distinguished through their PC4 scores based on the 

particularly high ρtrue of DCP. 

3.2.3 Complete database: towards refined (M1_6) and optimized PCA model (M1_8) 

3.2.3.1 Modeling procedure and summary of fit 

Including all raw data in the PCA model (M1) does not always provide a clear overview of the observed 

(dis)similarities between the studied materials and techniques. Moreover, including many similar 

(correlated) descriptors can introduce noise in the model when some of the correlated descriptors are 

less precise then the driving highes quality descriptor. The loading scatter plots (figure 2 and 3) 

revealed the presence of several clusters (e.g. PSD descriptors) that contain multiple highly correlated 

descriptors that possess similar loadings across the four PCs. Moreover, discrepancies in cluster size 

can yield an unbalanced model as numerical overweight artificially increases the relevance of these 

related descriptors Therefore, a refined PCA model was constructed that contained only one 

descriptor per cluster that cannot be excluded without impact on the completeness of the model. A 

typical example here is laser diffraction which describes the particle size distribution via multiple 

correlated descriptors (e.g. dv10, dv50, dv90, d[4,3], d[3,2]). Hence particle size could dominate a 

material property that is described by a single descriptor (e.g. SSA) derived through one 

characterization technique. Two main strategies can be followed to correct for a numerical overweight 

of some descriptors. The first would be to group similar descriptors (e.g. dv10, dv50 and dv90) in a 

block and distribute the weight over the number of blocks instead of the descriptors. However, this 

weight-scaling approach does not reduce the characterization effort as it still requires determination 

of all descriptors. Besides, weight scaling reduced the predictive power of the model (lower Q2X) as 

the models needed to predict the full block instead of a single descriptor. To calculate Q²X of a variable, 

the software leaves this variable out of the database and predicts that variable based on all remaining 

variables in the dataset. This is particularly challenging with weight scaling as the descriptors 

incorporated in the group typically correlate with the variable that is left out during cross-validation 

and are in that case not able to contribute to its prediction. Therefore, another approach was pursued 

and the initial PCA model was refined as depicted in figure 7. A unique descriptor was selected from 

each material property cluster to ensure that the underlying material properties have a similar weight 

in the model. The loading scatter plots of the initial model (M1_4) were used to identify overlapping 

and hence highly correlated descriptors within a cluster. Subsequently, these were excluded from the 

model to yield a refined PCA model (M1_6).  
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Figure 7: Decision making process to go from an initial to a refined PCA model.  

 

The following criteria were utilized to facilitate objective selection of descriptors: availability and 

simplicity compared to quality of the characterization technique (e.g. ρb over CBD), fundamental 

descriptors were preferred over truly empirical descriptors (e.g. AE_r over AE_40) and for descriptors 

of a distribution the central moments were selected (e.g. dv50 over dv10). The descriptors included 

in model M1_6 are depicted in Table 4. The overall trends in this refined model were in line with the 

initial model (M1_4), but due to a more in-depth data analysis it was possible to better differentiate 

between the PCs. This refined model (M1_6) contained 4 PCs and had a reduced yet more realistic 

goodness of fit (R2X = 62 %) and prediction (Q2X = 39 %) as there were no redundant descriptors (two 

or more descriptors that carry similar information) available during cross validation. To optimize the 

ability to predict the values of missing descriptors, the refined PCA model was updated as depicted in 

figure 8.   
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Table 4: Overview of included descriptors in the refined (M1_6) and optimized (M1_8) complete model, API and 

DC filler model.  

Included descriptors 

Model Particle descriptors Bulk descriptors 

M1_6 

o dv50, dspan 
o ARmean, ARspan, HSCLmean, 

HSCLspan, SLmean and SLspan 
o CD, CD* 
o SSA 

o ρb, ρt, ε, ρtrue 
o CI, C_15kPa, b 
o ffc, ffp, τc, φlin, φsf, MPS, UYS 
o FP 
o BFE, nBFE, RSD_BFE, FRI, SE 
o NAS, AE_r, AI_Er, U_r, AE_on, AI_on, U_on 
o k_1kPa, k_15kPa, k_ρ_Sus 
o WFA_FT4, WFA_S 
o AoR_GH, σr_GH 
o LoD, S60 

M1_8 

o dv50 
o ARmean, ARspan, HSCLmean, 

HSCLspan, SLmean and SLspan 
o CD 
o SSA 

o ρb, ρt, ε 
o CI, C_15kPa 
o ffc, ffp, τc, φlin, φe, φsf, MPS, UYS 
o FP 
o BFE, nBFE, FRI, SE 
o AE_r, AI_Er, U_r 
o k_15kPa, k_ρ_Sus 
o WFA_FT4, WFA_S 
o AoR_GH, σr_GH 
o S60 

M2_3 

o dv50, dspan 
o ARmean, ARspan, HSCLmean, 

HSCLspan 
o CD 
o SSA 

o ρb, ρt, ε, ρtrue 
o CI, C_15kPa 
o ffc, ffp, τc, φsf, MPS, UYS 
o BFE, nBFE, RSD_BFE, FRI, SE 
o k_15kPa, k_ρ_Sus 
o WFA_FT4, WFA_S 
o S60 

M3_4 

o dv50 
o ARmean, ARspan, HSCLmean, 

HSCLspan, SLmean and SLspan 
o SSA 

o ρb, ρt 
o AI10, AI10/AI2, CI10 
o CI, C_15kPa 
o ffc, ffp, τc, φe, φsf, MPS, UYS 
o FP 
o SE 
o AI_Er, U_on 
o k_15kPa 
o AoR_GH 
o S60 
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Figure 8: Decision making process to optimize the goodness of prediction of the refined models. 

 

First, all descriptors with a Q²X below 0.1 were evaluated to be omitted from the PCA model as their 

values cannot be properly predicted based on the remainder of the training set. One root cause for 

poor predictive ability is that some characterization techniques lump multiple properties into one 

descriptor (e.g. RSD_BFE, k_1kPa, U_on, AE_on, AI_on, NAS). For example, the database indicated that 

variability of the flow energy (RSD_BFE) depended not only on the cohesion but also on the auto-

agglomerating, strain sensitivity and self-lubricating tendency of the material (e.g. highest RSD_BFE 

observed for PH102). Consequently, when there is no clear correlation with the remaining individual 

descriptors these lumped descriptors cannot be predicted well. Therefore, the refined model (M1_6) 

was updated by excluding the lumped descriptors with a Q2X below 0.1, thereby yielding model 

(M1_7) with an R2X of 73 and Q2X of 44 %. Another root cause for poor predictive ability can be that 

the descriptor describes a physically relevant yet unique property that did not correlate well with 

other individual descriptors. In addition, these descriptors (e.g. dspan, ρtrue, LoD, b, CD*) contained 

outliers, i.e. materials that deviated more than 3 standard deviations from the average value of that 
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descriptor. Importantly, these outliers originated all from materials with unique values for these 

descriptors.  

Figure 9 depicts an example of such outlying behavior for ρtrue: most powders fall within a narrow 

confidence interval except for some extreme value (as explained for ρtrue in section 3.2.2.5). 

Excluding these fundamental descriptors resulted in a 4 PC model (M1_8) with improved predictive 

power (R2X=73 % and Q2X=53 %) yet lower selectivity. Another outlier handling strategy could be to 

remove the materials that cause these outlying descriptor values from the model. This strategy was 

not pursued as it would significantly reduce the number of materials included in the model: different 

materials were responsible for the outlying values in the descriptors (C_P for dspan; DCP and Talc for 

ρtrue; VA64F and MgSt for b, P_µ for CD*; Pgel for LOD).  

 

Figure 9: The variability in ρtrue across the materials included in the refined model (“M1_6”). The 

deviation from the mean was expressed in units of standard deviation.  

3.2.3.2 PC1: Flow related descriptors 

The first PC explained (R2X) 30 and predicted (Q2X) 23 % of the variability in the dataset. Figure 10 

indicates that flow-related descriptors such as ffc, ffp and FP were located on the right side of the PC1 

vs PC2 loading scatter plot. Descriptors related to compressibility (C_15kPa) or cohesion (e.g. τc, 

AoR_GH, SE and UYS) were located on the left side of this plot. Cohesive powders will form a stable 

cone with high AoR values due to interparticle forces and will flow poorly.  
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Figure 10: Optimized model (“M1_8”): The PC1 vs PC2 loading scatter plot. 
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Likewise, a high cohesiveness allows the powder bed to be compressed easily and flow poorly. All 

above mentioned descriptors had relatively low loading values for PC2 and thus it can be concluded 

that PC1 represents flow-related descriptors. The particle size descriptor (dv50) had positive loading 

values towards the first and second PC, indicating that larger particles improve powder flow and 

reduce cohesiveness and compressibility.  

3.2.3.3 PC2: Yield locus, (normalized) flow energy and shape related descriptors 

The second PC explained (R2X) 15 and predicted (Q2X) 9 % of the variability in the dataset. The PC1 vs 

PC2 loading scatter plot (Figure 10) illustrated that most powder descriptors not only vary along the 

first but also along the second PC. The yield locus (фlin) and normalized flow energy (nBFE) were the 

only descriptors that combined a strong (positive) loading for PC2 with a neutral loading for PC1, 

indicating that фlin and nBFE are rather unique descriptors with limited correlation with the flow-

related descriptors that contribute to PC1. The shape descriptors (ARmean, HSCLmean and SLmean) 

exhibited moderately positive PC1 and high negative PC2 loadings. As expected, the span of these 

shape descriptors was located at the opposite side of the plot, i.e. the top left corner. The moisture-

related descriptor (S60) and electrostatic charge (CD) had moderately positive and negative loadings 

for PC1 and PC2, respectively. In this dataset, S60 and CD were confounded with the particle shape as 

all synthetic polymers consisted of spherical particles that, due to their chemical nature, absorbed 

moisture and acquired electrostatic charges (section 3.2.2.4). Obviously, it does not implicate that a 

new spherical particle will behave similar in particular when it is no or a different type of polymer. The 

particle size (dv50) and density (ρb and ρt) related descriptors had positive and moderately positive 

loadings for the first two PCs, respectively. Again, BFE clustered with the above-mentioned particle 

size and density-related descriptors which indicates that stirring a powder bed comprised of coarse 

particles or having a high density requires a higher flow energy. In conclusion, BFE as indicator of 

flowability should be interpreted with care. In contrast, a conventional flow descriptor such as ffc had 

more neutral loadings for PC2, indicating that ffc provided a better intrinsic measure of flow which is 

less confounded with other bulk and particle descriptors. A porous powder (high ε) had in general a 

loose (low ρb) and compressible (high CI) bed where the flow energy was sensitive to shear rate (high 

FRI). Interestingly, the permeability of dense powders with low porosity was susceptible to variations 

in density of the bed under compression (k_ρ_Sus).  

Interestingly, refining the raw model did not alter the main physical meaning or overarching 

descriptors allocated to the first two principal components. Moreover, excluding similar and poorly 

modeled descriptors helped to identify the nuances between powders and improved the predictive 

powder of the model.  
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3.2.3.4 PC3: Aeration, shape and moisture uptake related descriptors 

The third PC explained (R2X) 12 and predicted (Q2X) 7 % of the variability in the dataset. The PC3 vs 

PC4 loading scatter plot (figure 11) illustrated that PC 3 separated particle roughness (positive PC3 

loadings for SLmean) from the water uptake-related descriptor (negative PC3 loadings for S60). This is 

beneficial as the first two PCs were not able to separate the artificial correlation between smooth 

polymer particles and water absorption (figure 11). The position of residual flow energy (AE_r) can be 

explained based on the location of density-related descriptors (figure 11, bottom right corner) which 

elucidates that dense powders are harder to fluidize. Consequently, the third PC was identified as 

being related to aeration, shape and moisture uptake descriptors.  

3.2.3.5 PC4: Density, porosity, specific surface area and water binding capacity 

The fourth PC explained (R2X) 6 and predicted (Q2X) 0 % of the variability in the dataset. The 

normalized flow energy (nBFE) was located at the top of the PC3 vs PC4 loading scatter plot (figure 

11). Interestingly, nBFE was only clearly separated from фlin through the third and fourth PC. The 

imperfection (σr_GH) and angle of the heap (AoR_GH) during drained angle of repose testing were 

located at the bottom of the PC3 vs PC4 loading scatter plot. The other descriptors combined positive 

or negative PC3 loadings with strong PC4 loading values. For example, SSA and ε clustered on the top 

left corner whereas density-related descriptors (ρb, ρt and CBD) clustered in the bottom right corner. 

The latter indicated that low density usually coincides with high surface area and porosity. Although 

the fourth PC had limited impact on the goodness of fit; it can help to gain a better understanding of 

how specific samples and descriptors with rather unique behavior relate to each other. 
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Figure 11: Optimized model (“M1_8”): The PC3 vs PC4󠄀 loading scatter plot. 
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3.2.3.6 Score scatter plot 

DC fillers and granular materials clustered on the right side, whereas fine APIs clustered on the left 

side of the PC1 vs PC2 score scatter plot (figure 12). DC fillers flowed easy to freely, whereas 

micronized particles yielded difficult to handle powder beds (e.g. Meb_µ, P_µ, T_µ and Mpt_µ), 

indicating the general findings are compliant with those of the initial PCA model (M1). Interestingly, 

the refined model could separate DCP from PH200 based on the first two PCs. This is attributed to the 

higher relevance of density-related descriptors in the refined model compared to the initial model 

M1_4 (section 3.2.2.6). Model M1_8 could also separate the flow of two granular actives: paracetamol 

granular flowed easy (ffc = 6.36) because the bed mainly consisted of coarse particles (dv10 = 40 µm 

and dv50 = 267 µm), whereas granular caffeine was more cohesive (ffc = 3.71) due to the presence of 

fine particles in the granules (dv10 = 10 µm and dv50 = 218 µm). Interestingly, P_Gr and C_Gr did not 

flow freely although both consisted of coarse particles similar to free-flowing fillers for direct 

compression. This observation underpins that the sub-optimal shape of the granules (AR of 0.64 and 

0.73 for P_Gr and C_Gr, respectively) had a detrimental impact on flowability. The lubricants (MgSt 

and SSF) clustered in the bottom left corner due to their low density and high porosity. The synthetic 

polymers (e.g. VA64) clustered in the bottom right corner as they fluidized easily due to their spherical 

shape and low to moderate density. In contrast, T_p was situated in the top left corner because its 

powder bed did not fluidize due to the moderate density and irregular particle shape.  

The PC3 vs PC4 score scatter plot illustrated that Mpt_µ was located at the top because it combined 

a high SSA, nBFE, porosity, WFA_S and WFA_FT4 with a low density (figure 13). Meb_µ had similar 

properties, except for its lower nBFE which explains its lower position on the PC3 vs PC4 score scatter 

plot. DCP combined a high SSA with a high density, hence its position of DCP on the score scatter plot 

shifted slightly downwards compared to Meb_µ and Mpt_µ.  
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Figure 12: Optimized model (“M1_8”): The PC1 vs PC2 score scatter plot.  
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Figure 13: Optimized model (“M1_8”): The PC3 vs PC4󠄀 score scatter plot. 
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3.2.4 API model (M3) 

3.2.4.1 Modeling procedure and summary of fit 

The physical descriptors of the active pharmaceutical ingredient often define the constraints of the 

process and formulation. In this regard, an API sub-model was constructed. The aim was to focus on 

cohesive materials and therefore granulated APIs (C_Gr, P_Gr, P_PVP3 and P_WSE) were not 

incorporated in the model as their particles were engineered for direct compression. Consequently, 

these materials were not representative for most pharmaceutical actives which are often challenging 

during handling. 

The same decision-making process (figure 1) was applied for this subset of cohesive materials. A high 

fraction of non-random missingness was present for multiple descriptors due to the challenging nature 

of the materials included in this model: 43, 50 and 57 % for AoR_TA, φe and dynamic angle of repose, 

respectively. It is not recommended to apply these techniques for most actives and consequently their 

results were omitted from the dataset. All materials could be retained as they did not cross the 20 % 

non-random missingness limit for their descriptors. Moreover, no outliers were detected on the T2 

hoteling plot. The model constructed with the remaining dataset had poor predictive power (M2_1: 

R2X=64 and Q2X=15 %). Next, the initial API model was refined as previously described (section 

3.2.3.1). The resulting model (M2_2) had poor predictive power (R2X=63 and Q²X=10 %). The x/y 

overview elucidated the presence of descriptors with a Q2X ≈ 0. Detailed inspection of this sub-dataset 

revealed this was attributed to the limited variability within a descriptor (SLspan, SLmean, σr_GH, b), 

and to techniques that were not fit for characterizing cohesive materials (FP, NAS, U_r, AE_r, AI_r, 

U_on, AE_on, AI_on, φlin and k_1kPa) due to high variability. All above-mentioned descriptors were 

excluded from the refined API model. Unique materials are another source of outlying descriptor 

values. For example, spray dried API was hygroscopic which resulted in an outlying value of S60. 

Furthermore, Meb_µ, MPT_µ and T_µ had a significantly higher wall friction angle (WFA_S) than the 

rest of the set. These descriptors were retained in the model as they describe relevant properties for 

active ingredients. This yielded a 4 PC model (M2_3) with improved predictive power: R2X of 75 % and 

Q2X of 21 %. Improving the goodness of prediction was feasible but came at the cost of excluding 

descriptors that were deemed relevant for active ingredients. The latter suggested that the flow of 

active ingredients is not merely related to the extensive list of physical particle and bulk properties 

included in this study but that surface (e.g. surface energy) and chemical properties (e.g.  partition 

coefficient) also contribute to a large extent to powder flow.  

3.2.4.2 Loading scatter plot 

The PC1 vs PC2 loading scatter plot (figure 14, right) revealed that the APIs differed mostly with respect 

to particle size, density, flow, density-weighed flow, permeability (high positive loading values for 
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PC1), specific energy, compressibility, cohesion and porosity (high negative loading values for PC1). 

Additionally, APIs could be differentiated by the rheology descriptors FRI and RSD_BFE and the span 

as these descriptors showed neutral loading values for PC1 and were solely related to the second PC. 

This indicates that the latter descriptors are essential for evaluation of the flowability and particle size 

of the APIs as they can offer supplementary information on the API behavior next to the descriptors 

for particle size and flowability with high negative or positive loading values along PC1. The PC3 vs PC4 

loading scatter plot (not shown) revealed that ρtrue and CI had strong positive loading values for PC3. 

In contrast, strong negative PC3 loading values were observed for nBFE and WFA_FT4.  

3.2.4.3 Score scatter plot 

The spray dried API was positioned in the bottom right corner of the PC1 vs PC2 score scatter plot 

(figure 14, left) as spray drying resulted in fine spherical particles with a narrow size and shape 

distribution. These favorable particle properties formed a non-dense bed that flowed relatively well 

compared to other active ingredients. In addition, the particulate and bulk descriptors allowed the 

material to easily and completely fluidize. The position of micronized APIs (P_µ, Meb_µ, Mpt_µ and 

T_µ) on the score scatter plot is based on their small particle size and low density, yielding a poor 

density-weighed flow. The overlap of Meb_µ and Mpt_µ on this score scatter plot confirmed that 

these materials had similar values for their particulate and bulk property descriptors. The score scatter 

plot revealed that P_µ shifted slightly to the top compared to Meb_µ and Mpt_µ, due to its slightly 

larger particles, higher cohesion and tendency to acquire negative electrostatic charges. Compared to 

micronized paracetamol (P_µ), the larger particles of the fine grade (P_F) were more irregular and 

consequently both grades flowed similarly. Interestingly, the score scatter plot revealed that only 

dense and coarse paracetamol particles (P_DP) significantly improved the density-weighed flow, 

compared to the fine paracetamol grade P_F. The PC1 vs PC3 score scatter plot (not shown) allowed 

differentiation of Mpt_µ and Meb_µ based on ρtrue and their sensitivity to shear (rate) (nBFE and 

FRI). 
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Figure 14: API model (“M2_3”): PC1 vs PC2 loading (left) and score (right) scatter plot. 
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3.2.5 DC Filler model (M3) 

3.2.5.1 Modeling procedure and summary of fit 

Selection of DC fillers with appropriate descriptors can mitigate the impact of the API on the final 

blend. To understand their differences, a sub-model was created for commonly used fillers in DC 

processes. The decision-making process presented in figure 1 was applied to develop the initial DC 

model. As the DC materials were easy to handle, their subset did not contain non-random missing 

data. Moreover, as no outliers were detected on the T2 hoteling plot all DC fillers were retained in the 

model. The resulting model (i.e. M3_1) had a goodness of fit and prediction of 56 % and 34 %, 

respectively. This initial model was refined as presented in figure 7 and described in section 3.2.3.1. 

The resulting two PC model (M3_2) had a lower fit (R2X=57 %) and less predictive ability (Q2X=28 %) 

as the artificial correlations due to numerical overweight were eliminated. Next, lumped descriptors 

with a Q2X < 0.1 were excluded which resulted in a model (M3_3) with improved goodness of fit and 

prediction (i.e. R²X=68 % and Q²X=44 %). The model was further improved by excluding descriptors 

that were poorly predicted due to limited variation in their values (CD, dspan, dv50, ε, SSA and ρtrue). 

This final model (M3_4) for DC fillers explained 76 % (R²X) and predicted 63 % (Q²X) in this subset of 

the material property database (table 3). 

3.2.5.2 Loading scatter plot 

The loading scatter plot revealed that the first PC was related to density-weighed flow and cohesion 

in the negative and positive direction, respectively (figure 15, left). Remarkably, all powder flow 

characterization techniques described the flowability of these DC fillers in a quantitative, meaningful 

manner. As an example, the dynamic angle of repose and flow rate through an orifice could not be 

determined for difficult to handle APIs, whereas they revealed clear differences among the DC 

samples. The flow rate through an orifice is a good example to demonstrate the interaction between 

the density and flow of powder. Besides favorable flow, a high density enhanced the flow rate through 

an orifice by increasing the gravitational acceleration. Flow (i.e. ffc) and density (ρb) had positive and 

negative loading values for the 2nd PC, whereas the density-weighed flow did not impact PC2. The 

variability on the dynamic angle of repose (e.g. CI10) related well with AoR_Gh, C_15kPa and τc which 

indicated that the rotating drum principle can provide a good estimation of cohesion for easy to free-

flowing materials. The 2nd PC was clearly related to particle size as dv50 showed high positive loading 

values for PC2 whereas it had no impact on PC1. The particle shape descriptors (HSCL_mean, AR_mean 

and SL_mean) had positive loadings for PC1 and negative loadings for PC2. These were inversely 

correlated to the moisture-related properties (S60 and LoD) which contributed to both PCs and were 

grouped in the top left corner.  
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Figure 15: DC filler model (“M3_4󠄀”): PC1 vs PC2 loading (left) and score (right) scatter plot.  
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This indicates that DC fillers comprised of irregular particles absorbed in general a high amount of 

water within this subset due to correlation rather than causality. The relative energy to stir an aerated 

powder bed (AI_Er in bottom left corner) was negatively correlated with the ability to transmit air 

through the powder bed (k_15kPa in top right corner) and the particle size (i.e. dv50), indicating that 

air can permeate more easily through coarser particles which facilitates fluidization of the powder 

bed.  

3.2.5.3 Score scatter plot 

The PC1 vs PC2 score scatter plot elucidated that PH101 exhibited the worst flowability due to its 

elongated and rough small particles (figure 15, right). In contrast, PH200 flowed freely because its 

particles were not only coarser but their morphology was also optimized compared to PH101. A cluster 

of materials (MCL100, SD100 and Flash) flowed particularly easy due to their optimized sphericity and 

roughness. PH200 was positioned above this cluster as it consisted of coarser yet more elongated 

particles and had also a more permeable bed compared to MCL100, SD100 and Flash. DCP also flowed 

easily due its coarser particles and denser bed. T80 (positioned at the bottom of the plot) consisted of 

fine particles with average particle shape, hence this dense powder flowed only moderately. Rather 

remarkably, MCC grades were positioned along a straight line that connected PH200 (top left) and 

PH101 (center right). This can be explained by their common high tendency to absorb moisture (e.g. 

S60 and LOD at top left corner of loading scatter plot), elongated particles and low density (AR and ρb 

at bottom right corner of loading scatter plot) while the grades differ in particle size. 

4 Essential aspects related to implementation of the database 

4.1 Need for standardization 

The critical issue for material characterization is that procedures are mostly not standardized but 

product specific for quality control or research purposes. Therefore, harmonization of characterization 

techniques and procedures is of key importance to establish a raw material property database of high 

quality. Characterizing the materials via a standardized protocol is an essential first step to compare 

different materials through applying quantitative data analysis (e.g. multivariate modeling), enable 

prediction of unit operation behavior based upon material properties and facilitate transfer of 

methodologies and data within and across organizations. Obviously, ad hoc specific methods can be 

applied to unravel subtle differences between samples or routine release of material batches.  

4.2 Model maintenance 

The current material property database will be an indispensable tool during particle engineering and 

drug product development programs. The database can be expanded by subjecting new molecular 

entities (NMEs) to the same characterization protocol and subsequently the model can be maintained 
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by including these data in the PCA. As materials with extreme properties were included in this study, 

there is a high probability that NMEs will exhibit values for their descriptors that are covered within 

the current database. This allows to situate the NMEs within the historical data for which process 

knowledge is available. In the unlikely event the NME falls outside the established PCA space, the 

database should be populated with new materials that ressemble the properties of the NME and if 

feasible establish a submodel. It is also feasible to add a new descriptor to the database, yet this 

requires that all included materials must be characterized for that newly defined descriptor to 

minimize missing data. This is more challenging as samples of the same lot are often no longer 

available and as the properties of these samples could change over time. In addition, the models need 

to be maintained in parallel with the increasing level of process knowledge. These studies will help to 

assess the importance of a descriptor in the raw material property database and PCA models as it is 

plausible that processes are regulated through descriptors that not necessarily contribute to the main 

principal components.  

4.3 Surrogate identification tool for drug product development 

During the early phases of a development program API availability is often too limited to develop a 

continuous manufacturing process. Therefore, performing most process development and traceability 

studies with a surrogate would allow to reduce consumption of the new molecular entity (NME) and 

enable its introduction in a continuous manufacturing platform at an earlier stage. In this context, the 

established PCA models can be utilized as a surrogate identification tool. The first criteria for selecting 

the surrogate is that it should be readily available at low cost and preferably safe. The APIs included 

in the database that was composed in current study comply to this criterium. In addition, the surrogate 

should match the NME for the relevant material attributes of the unit operations of interest. For 

example, surrogates for feeding studies should possess similar values for compressibility, density and 

flowability as the NME (Van Snick et al., 2017). For unit operations involving blends, mixing the 

surrogate with the excipients should result in similar blend properties. The surrogate should also be 

sensitive to an analytical method to serve product uniformity and traceability studies.  

To select a good surrogate, complying to the criterium for matching critical material attributes, an 

overview including the recommended steps is presented below. Firstly, the NME should be 

characterized following the same protocols as the materials included in the database. If no or limited 

unit operation knowledge is available, the next step would be to construct a refined PCA model that 

includes the NME. Subsequently, the number of eligible surrogate candidates can be reduced through 

scoring the similarity in terms of overall particle and bulk properties in the PC space. Therefore, the 

score values could be used to calculate the weighed distance between each material and NME on the 

score scatter plots where the fraction of explained variability per PC was used as a scaling factor (Wang 
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et al., 2017). This approach allowed to quantify the similarity of materials in terms of the overarching 

properties that reflect these PCs. However, ideally information on the influence of material descriptors 

on the unit operation under consideration is available. Then it is most important to select a surrogate 

which resembles the NME most closely for these material descriptors. To address this, a point-to-point 

comparison can be used to verify per descriptor the difference between the NME and the surrogate 

candidate(s). Ultimately, process knowledge could help scientists to set alarm and threshold limits (in 

absolute values) above which, respectively, the surrogate behaves likely or surely too different from 

the NME on the unit operation under consideration.  

Next to its use as surrogate identification tool, the developed database and PCA models could be used 

for drug product development when the material properties are linked to process responses of unit 

operations via mixture models such as JRPLS or TPLS (Garcia-Munoz, 2014). These models allow to link 

individual material properties, mixing ratios and process settings to the product responses and 

ultimately to quantitatively compose a formulation that complies to the predetermined product 

responses (Garcia_Munoz, 2014).  

5 Conclusion 

It is not recommended to differentiate powders based on any individual particle or bulk property. To 

address this issue, a holistic characterization procedure was applied on a large set of materials 

commonly used in DC and WG processes that differed not only in chemical and/or physical nature but 

also in functionality. Therefore, multivariate data analysis (PCA) was applied on the established raw 

material property database. PCA revealed (dis)similarities among materials based on their variation in 

overarching material properties. Besides, the model was a useful tool to identify (anti-)correlated as 

well as non-relevant descriptors. The variability within all materials included in the raw material 

property dataset could be explained through a 4PC model. Cohesion, compressibility, flow, 

fluidization, particulate descriptors, permeability, porosity, rheology, shear descriptors, specific 

surface area, true density and water uptake were identified as critical material attributes for a diverse 

group of materials. However, multivariate data-analysis of a large dataset including divergent 

materials is also challenging due to missing data and correlated properties. Therefore, a methodology 

was presented in flowchart format to deal with these challenges and to improve the predictive ability 

of the PCA model. 

The presented PCA provides a first step towards rationalizing the number of critical techniques for 

routine characterization based on how they relate to each other. Additionally, it can be used for 

surrogate identification during early drug product development. In a next phase, this raw material 

property database will be related to the actual behavior of the materials during specific unit 
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operations (feeding, blending, granulation and tableting) of a continuous manufacturing process. 

These process studies will not only facilitate the criticality analysis of a material property for a specific 

unit operation, but also allow to build end-to-end predictive platforms for process and formulation 

development. These models will help to minimize the API requirement during process development 

of each unit operation. By maximizing the information derived per kg of material one can accelerate 

the launch of new molecular entities on continuous manufacturing platforms.  
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Chapter specific abbreviations 

Co   Initial concentration prior to step change 

CStep size   Size of step change 

CSTR   Continuously stirred tank reactor (PFR+CSTR model) 

cstr1/2 Ratio of residence time in first and second continuously stirred tank reactor 

(PFR+TIS model) 

cstr1/(cstr1+2) Ratio of residence time in first and sum of first and second continuously stirred 

tank reactor (PFR+TIS model) 

cstr2/(cstr1+2) Ratio of residence time in first and sum of first and second continuously stirred 

tank reactor (PFR+TIS model) 

E(t)PFR+TIS  Residence time distribution function (PFR+TIS model) 

F(t)experimental  Experimental cumulative residence time distribution (PFR+TIS model) 

F(t)PFR+CSTR  Fitted cumulative residence time distribution (PFR+CSTR model) 

F(t)PFR+TIS  Fitted cumulative residence time distribution (PFR+TIS model) 

MAPE_pfr_cstr  Mean absolute percentage error (PFR+CSTR model) 

MAPE_pfr_tis  Mean absolute percentage error (PFR+TIS model) 

PFR   Plug-flow reactor 

PFR+CSTR  Plug-flow reactor in series with a continuously stirred tank reactor 

PFR+TIS Plug-flow reactor and two variable-volume continuously stirred tank reactors 

in series 

p_pfr_cstr  Plug-flow volume fraction (PFR+CSTR model) 

m_pfr_cstr  Mixed-flow volume fraction (PFR+CSTR model) 

R2Y   Goodness of fit, responses PLS model 

tcstr   Mean residence time in continuously stirred tank reactor (PFR+CSTR model) 

tcstr1   Mean residence time in first continuously stirred tank reactor (PFR+TIS model) 
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tcstr2 Mean residence time in second continuously stirred tank reactor (PFR+TIS 

model) 

tθ   Mean residence time in plug-flow reactor (PFR+TIS model) 

tmin   Mean residence time in plug-flow reactor (PFR+CSTR model) 

tpfr_cstr Sum of mean residence time in the plug-flow and continuously stirred tank 

reactor (PFR+CSTR model) 

tpfr_tis Sum of mean residence time in the plug-flow and two continuously stirred 

tank reactors in series (PFR+TIS model) 

TIS   Variable-volume continuously stirred tank reactors in series 

Q2Y   Goodness of prediction, responses PLS model 
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1 Introduction  

Continuous processing within the pharmaceutical industry remains an innovative manufacturing 

concept that generated significant attention over the past years (Engisch and Muzzio, 2015a). The 

pharmaceutical industry is currently facing challenges associated with transitioning from a batch to a 

continuous manufacturing model (Teżyk et al., 2016). Estimation and modeling of the residence time 

distribution (RTD) of materials to enable product quality control of a continuous manufacturing 

process is among the major challenges related to continuous manufacturing in the pharmaceutical 

industry. The RTD determines how long a material resides inside the unit operation of a continuous 

manufacturing platform and is thereby often linked with the performance of that unit (Van Snick et 

al., 2017b). Characterizing RTD across the design space allows to understand how equipment design, 

process parameters and material attributes impact the material flow and to relate this information 

with the performance of the system. Moreover, RTD is a critical tool for the quality assurance of a 

continuous process as it is directly linked to the batch definition, sampling and control (Engisch and 

Muzzio, 2015a).  

So far, traceability studies focused on characterizing RTD in a continuous blender or tablet press feed 

frame to establish an RTD process model that supports the identification and diversion of non-

conforming materials based on tablet potency prediction (Gao et al., 2011; Kruisz et al., 2017; Van 

Snick et al., 2017; Van Snick et al., 2017a; Vanarase et al., 2013b; Vanarase and Muzzio, 2011). 

Strikingly, RTD in screw feeders has not been addressed in literature. So far, screw feeding studies 

focused on establishing a testing methodology (Engisch and Muzzio, 2012), characterization of feeding 

behavior and performance (Engisch and Muzzio, 2014; Engisch and Muzzio, 2015b; Meier et al., 2016) 

and impact of material properties (Escotet-Espinoza et al., 2018; Falk et al., 2015). Besides improving 

our understanding of how materials flow in these screw feeders, estimating RTD is also important to 

track raw materials back to their intermediate bulk container (Engisch, 2014). Combined with RTDs of 

other unit operations, it is necessary to develop a strategy for batch definition in a continuous process 

as it reveals how two distinct consecutive lots of a raw material eventually intermingle in the final 

product. Here first, second and third sub-fractions can be defined that consist solely of the first lot, a 

mix of both lots and the second lot containing minimal residues of the first lot, respectively. In 

addition, screw feeders are also integrated as intermediate unit operations in more complex 

continuous manufacturing processes. In the wet granulation work stream, screw feeders are 

employed to dispense a continuously produced blend into a twin-screw granulator. In addition, both 

in dry and wet granulation, screw feeders dispense the granules into the downstream continuous 

mixing process. For such continuous manufacturing processes, knowing RTD of a screw feeder can be 

critical to support the use of an RTD process model as part of an integrated overall control strategy. If 
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no diversion point is available prior to the screw feeder, having an estimate of feeder’s RTD is essential 

to divert potentially non-conforming material based on the tablet potency predicted through the RTD 

process model. 

The objective of this work is to establish an empirical correlation between the model inputs (i.e. 

material and process variables) and the model outputs (i.e. descriptors of RTD in the feeding unit 

operation). These models were established for two screw feeders with clearly distinct dimensions. 

These models allow to predict RTD for a broad range of materials based on the selected equipment, 

process and material variables rather than testing it experimentally for every new manufacturing 

process.  

2 Materials 

Table 1 depicts the materials that were evaluated in this study as well as their abbreviation and 

supplier.  

 

Table 1: Overview of materials and their key properties.  

Material Chemical name Supplier Code 
CBD 

(g/mL) 

C_15kPa 

(%) 

Τc 

(Pa) 

SuperTab 11SD Lactose monohydrate DFE 11SD 0.62 8.4 73 

Lactose 200M Lactose monohydrate DFE 200M 0.64 21.4 281 

Pearlitol 160 C Mannitol Roquette 160C 0.63 18.2 172 

Avicel PH-102 Microcrystalline cellulose FMC PH102 0.36 12.6 126 

Avicel PH-105 Microcrystalline cellulose FMC PH105 0.38 20.3 346 

C*PharmGel 

03302 

Maize starch Cargill Cgel 0.59 14 501 

Prosolv HD90 Silicified microcrystalline 

cellulose 

JRS HD90 0.47 7.28 70 

Kollidon CL-F 
Polyvinylpyrrolidone, 

crosslinked 
BASF CLF 0.26 15.13 97 

Kollidon CL 
Polyvinylpyrrolidone, 

crosslinked 
BASF CL 0.34 10.90 90 

 

3 Equipment 

The loss-in-weight feeders characterized in this work are the GEA compact feeder (‘CF’, GEA, 

Wommelgem, Belgium) and K-Tron KT20 (‘KT20’, Coperion K-Tron, Niederlenz, Switzerland). Table 2 

provides an overview of the relevant technical features of each feeder.  
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Table 2: Overview of relevant feeder specifications. The hopper was refilled till its maximal fill level.  

Equipment feature GEA CF KT20 

Base hopper volume (L) 2 5 

Extension hopper volume (L) NA 20 

Refill volume (L)* 0.4, 0.8 or 1.2 5 

Agitator Horizontal Vertical 

 

The CF has been extensively described in our previous manuscripts (Van Snick et al., 2017a, 2017b).  

Its powder pump consists of a 2 L cylinder that connects with a twin screw conveying system. A 

horizontal impeller rotates counterclockwise at the bottom of the cylindrical hopper just above the 

screws to ensure forced and consistent filling of the screw flights and prevent bridging in the hopper. 

In this study, the screws were rotated through a servo motor that was equipped with a 63:1 gear 

reduction. Rotation of the horizontal impeller was driven through the screws at an 8:1 ratio (screw 

over impeller speed) through implementation of an additional gear reduction. The small hopper 

volume of CF yields a feeder suitable for operating at low to medium throughput as higher 

throughputs demand too frequent refilling. In this study, the hopper was refilled through a bowl valve 

which is a cup with an adjustable volume (in discrete steps of 0.4, 0.8, 1.2 or 1.6 L) that rotates 180° 

downwards after which material can flow out of the cup through gravitational acceleration. Next, the 

bowl valve rotates upwards to pick up material for the next refill.  

The KT20 consists of a base and extension hopper, vertical agitator, twin screw conveying system and 

motor that rest together on top of a weighing bridge. A cylindrical hopper of 20L extends the 

hemispherical hopper of 5L that connects to the twin screw conveying system. A vertical agitator, 

which consists of two curved blades that match the profile of the bowl, travels through the powder 

bed in upward direction and aids the material to flow in the screws whilst moving downwards. The 

motor was in this study connected to a gearbox (i.e. K-Tron type A) to yield a maximum screw rotation 

rate of 746 rpm at a maximal motor speed of 2000 rpm. The screws and vertical agitator rotate at a 

5:1 speed ratio.  

4 Methods 

4.1 General approach 

The following steps were performed to establish a predictive relation between the input and outputs 

of the model. First, the selected raw materials were characterized for their properties (listed in Table 

3). Next, an experimental design was replicated for all these materials on both feeders (i.e. KT20 and 

CF). Thereby one could elucidate how changes in process variables (i.e. fill level and flowrate) impact 
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RTD in the feeder for a wide range of materials. Next, conceptual RTD models were selected and the 

best fitting model parameters were obtained through minimizing the error between fitted and 

experimental RTD profiles. Consequently, as the model parameters represent RTD, they enable 

treatment of RTD in the screw feeder as an output (i.e. Y block) of the empirical model. Finally, 

multivariate partial-least-square (PLS) regression modeling was used for predictive modeling of RTD 

as a function of any input in the model, either process or material related.  

4.2 Raw material characterization 

A multivariate raw material property database to facilitate drug product development and enable in-

silico design of pharmaceutical dry powder processes was presented by Van Snick et al. (2018). The 

raw materials included in this study were extensively characterized using the methodology described 

in our previous manuscript to whom readers interested in material characterization aspects are 

referred to. Yet the number of material properties selected for inclusion in the PLS models were 

restricted to key material properties identified in Van Snick et al. (2018) and exploratory data analysis 

importance: median of particle aspect ratio distribution (AR50), cohesion or shear stress at zero 

normal load (τc), compressibility at 15 kPa(C_15kPa), conditioned bulk density (CBD), permeability or 

the ability of a material to transmit air through its powder bed at 15 kPa (k_15kPa), porosity (ε) and 

median of particle size distribution (dv50). Table 3 provides an overview of all material descriptors 

that were included in the PLS models as well as their abbreviation and the characterization techniques 

used to derive them. 

 

Table 3: Overview of quantitative characterization techniques, corresponding descriptors and utilized 

abbreviations 

Characterization 
technique 

Descriptor Abbreviation 

FT4 powder 

rheometer 

Compressibility at 15 kPa C_15kPa 

Conditioned bulk density CBD 

Permeability at 15kPa k_15kPa 

Laser diffraction 50 % cumulative undersize of volumetric particle size distribution dv50  

Malvern 

morphologi g3 

50 % cumulative undersize numeric particle shape distribution aspect 

ratio 
AR50 

Pycnometer Porosity ε 

Schulze ring shear 

tester 

Cohesion тc 
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4.3 Residence time estimation in screw feeding equipment 

4.3.1 Experimental set-up 

RTD in a screw feeder was estimated through a wash-out experiment which simulates how long it 

takes for a new material to wash out the previous material. Hence, the experimentally derived RTD is 

only valid at the level in the screw feeder where the step change was induced. Figure 1 provides a 

schematic overview of the experimental set-up. Figure 2 depicts the KT20 and CF. 

 

Feeder

NIRs

Conveyer belt
 

Figure 1: Experimental set-up: the screw feeder dispenses the material on the conveyer belt on which 

an NIRs probe is mounted above the conveyer belt for monitoring the composition of the material.  

 

 

Figure2: Left: schematic, full and detailed picture of the KT20. Right: top view of CF 

 

The feeder dispensed the powder on a conveyer belt in gravimetric feeding mode to ensure a stable 

mass flow rate during the entire RTD estimation experiment. The speed of the belt was set prior to 

the experiment to ensure the powder bed had a sufficient and consistent volume to minimize density 

variations during NIR monitoring. Small variations in density were accounted for through a spectral 

pre-processing step (section 4.3.2). The outlet stream of the feeder was monitored through an in-line 

near infrared spectroscopy probe (SentroPAT FO, Sentronic, Dresden, Germany) that was mounted 

above the conveyer belt as close as possible to the outlet of the feeder to limit differences in lag time. 

Moreover, spectra that corresponded to the lag-time of the belt were cut of the dataset. The first step 

of the RTD estimation experiment was to induce an instant change in the feedstock, i.e. from a binary 

pre-blend of material and saccharine tracer (in a 95:5 wt/wt ratio) to the neat material under 
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investigation. As 5% of tracer was within the calibrated and verified range of the principal component 

analysis model. A too low tracer concentration would inflate the signal to noise ratio of the analytical 

data and accordingly complicate RTD modeling. For KT20, a clearly separated layer of tracer pre-blend 

and neat material was prepared at a specific level in the feeder (figure 3).  

 

 

Figure 3: Schematic presentation of the step change experiment: two layers (tracer + material at the 

bottom with neat material added on top at a specific fill level) were prepared in the KT20 hopper (top 

left) while an instantaneous change in composition was induced In the CF through interchanging the 

material supplied by the refill valve (bottom left). Overview of the experimental designs performed on 

KT20 (top right) and CF (bottom right).  

 

Consequently, the KT20 RTD experiment starts simultaneously with activation of the feeder. 

Subsequently, the KT20 was operated in between a fill level regime of 80 and 100% throughout the 

entire run. For CF, the step change was introduced through the refill valve by interchanging the refill 

material instantaneously from the tracer pre-blend to the neat material. When the refill valve rotated, 

the time was recorded to define time zero of the concentration profile for the wash out experiment. 
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The same fill level regime was maintained throughout the entire CF experiment. The tracer 

concentration was estimated through a near infrared spectroscopic based chemometric model. To 

derive the experimental cumulative RTD distribution, F(t)experimental, the initial concentration, i.e. C0, 

was subtracted from the concentration profile, i.e. C(t). Subsequently, this profile was reflected over 

the x-axis and normalized for the size of the step (CStep size).  

𝐹(𝑡)𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙 =
𝐶(𝑡)−𝐶0

−𝐶𝑆𝑡𝑒𝑝 𝑠𝑖𝑧𝑒
        (1) 

4.3.2 Development of chemometric models to monitor the tracer concentration 

An NIR-based principal component analysis model was constructed for semi-quantitative monitoring 

of the saccharin content in binary blends. Data analysis was performed using SIMCA version 14 

(Umetrics AB, Umeå, Sweden). The principal component model was calibrated by including in-line 

collected and pre-processed NIR spectra of multiple binary mixtures with different saccharin 

concentration levels (i.e. 0, 2, 4, 6 and 8% w/w). Spectra were collected in the spectral region from 

1000 to 2500 nm with a spectral resolution of 3.86 nm. Each second a spectrum was acquired which 

was the average of 7 scans with a 60 ms integration time. In addition, verification samples with a 

saccharin level of 1, 3, 5 and 7 % w/w level were measured in-line. These samples served as an 

independent prediction set to verify if the predicted scores are situated in between scores of the 

calibration set. The calibration and verification samples were prepared using a batch wise tumbling 

mixer (20L Bioengineering, Inversina, Wald, Switzerland). Two thirds of the bin were filled with the 

required amounts of tracer and excipients and the powders were mixed during 10 min at a speed of 

25 rpm. Two spectral regions related to saccharin were selected for analysis (1630-1720 and 1940-

2045 nm). These spectral regions were standard normal variate corrected, subjected to a first 

derivative (with 17-point Savitzky-Golay smoothing pre-treatment) and mean-centered before 

principal component analysis was performed. Two principal components were chosen as the goodness 

of prediction of the model did not significantly improve (Q2X = 0.99) when adding extra components. 

The scores and loading plot of the first component confirmed that this component represented the 

variation in NIR spectra caused by the difference in saccharin concentration. Positive peaks in the 

loading of the first component corresponded to spectral peaks of saccharin which confirmed the 

specificity of the method.  

4.3.3 Experimental settings  

The flow rate and step change level (i.e. % step) were evaluated as quantitative process variables in 

an experimental design for CF and KT20 as depicted in figure 3. The variable flow rate defines the mass 

dispensed by the screw feeders per unit of time. The variable step change level refers to the hopper 

fill level at which the step change was triggered, i.e. ratio of weight at moment of step and maximal 
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weight of the hopper. Here a step refers to an instant change in tracer concentration from one level 

to the next. The range of the variable flow rate was identical for both feeders (10 – 30 kg/h). For CF, 

the range of the step change level was set based on the design of the equipment as the volume of the 

refill valve is either 20, 40 or 60% of the hopper volume which requires refill at 80, 60 and 40% of the 

level hopper. Hence, a three-level full factorial design (n = 9 distinct conditions per material) was 

performed for CF.  

For KT20, a meaningful range for % step was identified through screening experiments. Therefore, 

RTD was estimated at increasing fill levels (i.e. 20, 30, 40, 60, 80 %) at a fixed throughput (i.e. 30 kg/h) 

for one material (i.e. PH102). A scientifically sound range was selected for variable step change fill 

level in the KT20 design namely 30 and 80 % fill level. Here 30% was selected as minimal step change 

level as these preliminary experiments suggested that only-mixed flow occurred below 30% fill level 

which corresponds to 6.66 L and approaches the volume through which the vertical agitator rotates. 

The maximal step change level equals the maximal refill level that can be achieved for a robust 

pharmaceutical manufacturing process wherein overfill is prevented. Consequently, these ranges for 

the variable step change level ensure that the feeder is characterized over a broad yet meaningful 

range. For both step change levels, the hopper was refilled at 20 L with a volume of 5L to ensure the 

maximal fill level is achieved after every refill.  

Both variables were evaluated at two levels and a center point for KT20 (n = 5 distinct conditions per 

material). The RTD descriptors described below (section 4.3.4) were included as responses.  

4.3.4 Residence time distribution modeling 

Experimental tracer concentration profiles of RTD experiments consist of three main parts: a baseline 

for the initial tracer concentration (i.e. plug-flow time), a section where intermingling of the two feed 

stocks occurs and where the tracer concentration gradually varies to its new value (mixed-flow time), 

and finally a baseline for the new tracer concentration value (figure 4). The physical basis for these 

profiles can be found in how materials flow through screw feeders. The hypothesis evaluated in this 

manuscript is that specific sections of the screw feeder are responsible for transport (i.e. transport of 

materials through the screws and transport through the higher volume fraction of the hopper which 

is not impacted by the agitator) and mixing (i.e. in the volume fraction of the hopper where the 

agitator has a direct impact on the powder bed). The experiments were designed to test these 

hypotheses and two conceptual models are identified and established that can describe this physical 

behavior numerically.  
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Figure 4: Example of cumulative residence time distributions in the GEA CF screw feeding process of 

SD11 (10 Kg/h) with step changes introduced at different hopper fill levels: 40 (○), 60 (○) and 80 (○) %. 

Simulated curves are presented in addition to the raw datasets using both the PFR+ CSTR (―) and 

PFR+TIS (―) model.  

 

4.3.4.1 Plug flow and continuously stirred tank reactor in series 

The experimentally estimated cumulative RTD, i.e. F(t)Experimental, were fitted using an ideal RTD model 

which connects a plug flow reactor (PFR) in series with a continuously stirred tank reactor (CSTR), 

further referred to as the PFR+CSTR model.  

𝐹(𝑡)𝑃𝐹𝑅+𝐶𝑆𝑇𝑅 = {
0, 𝑡 < 𝑡𝑚𝑖𝑛

1 − 𝑒
𝑡𝑚𝑖𝑛−𝑡

𝑡𝑐𝑠𝑡𝑟 , 𝑡 ≥ 𝑡𝑚𝑖𝑛

       (2) 

Where tmin and tcstr denote the mean residence time in PFR (i.e. plug-flow, delay or minimal residence 

time) and CSTR (i.e. mixed-flow time), respectively. Including tmin in the equation ensures that F(t) 

crosses the x-axis when t exceeds tmin. The mean residence in the screw feeder is equal to the sum of 

the mean residence time in each reactor.  

𝑡𝑝𝑓𝑟_𝑐𝑠𝑡𝑟  = 𝑡𝑚𝑖𝑛 + 𝑡𝑐𝑠𝑡𝑟         (3) 

The plug-flow volume fraction p is the volume fraction of the screw feeder that is assumed to 

correspond to plug-flow (4). Likewise, the mixed-flow volume fraction m can be defined (5).  

𝑝_𝑝𝑓𝑟_𝑐𝑠𝑡𝑟 =  
𝑡𝑚𝑖𝑛

𝑡𝑝𝑓𝑟_𝑐𝑠𝑡𝑟
           (4) 

𝑚_𝑝𝑓𝑟_𝑐𝑠𝑡𝑟 =  
𝑡𝑐𝑠𝑡𝑟

𝑡𝑝𝑓𝑟_𝑐𝑠𝑡𝑟
          (5) 
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Obviously, multiplying these fractions with the characterized volume yields the actual plug-flow and 

mixed flow volume during the experiment.  

The parameters defining F(t)PFR+CSTR are tcstr and tmin. The mean absolute percentage deviation between 

experimental and fitted data was reported to assess the goodness of the prediction. 

𝑀𝐴𝑃𝐸_𝑝𝑓𝑟_𝑐𝑠𝑡𝑟 =
100

𝑛
  ∑ |

𝐹(𝑡)𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙−𝐹(𝑡)𝑃𝐹𝑅+𝐶𝑆𝑇𝑅

𝐹(𝑡)𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙
|𝑛

𝑡=1      (6) 

4.3.4.2 Plug flow and two continuously stirred tank reactors in series  

The experimentally estimated cumulative RTD, i.e. F(t)Experimental, were fitted using an RTD model that 

connects a PFR and two variable-volume CSTRs in series, further referred to as the PFR+TIS model. The 

RTD function of this conceptual model, i.e. e(t)PFR+TIS, is described by equation 7. This model concept 

was applied to evaluate its potential for describing the sigmoidal onset of the cumulative residence 

time distribution. Here tθ, tcstr1 and tcstr2 describe the mean residence time in PFR and first and second 

CSTR, respectively. Estimation of tcstr1 was constrained to be larger than tcstr2. Furthermore, tcstr1 or tcstr2 

could not be set equal to zero. The selected nomenclature ensured differentiation between the 

parameters of the PFR+CSTR and PFR+TIS model.  

𝑒(𝑡)𝑃𝐹𝑅+𝑇𝐼𝑆 = {

0 𝑡 < 𝑡𝜃

𝑒

𝑡𝜃−𝑡

𝑡𝑐𝑠𝑡𝑟1−𝑒

𝑡𝜃−𝑡

𝑡𝑐𝑠𝑡𝑟2

𝑡𝑐𝑠𝑡𝑟1−𝑡𝑐𝑠𝑡𝑟2
  𝑡 ≥ 𝑡𝜃

        (7) 

Therefore, the fitted RTD function, i.e. e(t)PFR+TIS, was converted to its cumulative variant, i.e. F(t)PFR+TIS. 

𝐹(𝑡)𝑃𝐹𝑅+𝑇𝐼𝑆 = ∫ 𝑒(𝑡)𝑃𝐹𝑅+𝑇𝐼𝑆𝑑𝑡
𝑡

𝑜
        (8) 

The mean residence in the screw feeder remains equal to the sum of the mean residence time in each 

reactor. 

𝑡𝑝𝑓𝑟_𝑡𝑖𝑠  = 𝑡𝜃 + 𝑡𝑐𝑠𝑡𝑟1 + 𝑡𝑐𝑠𝑡𝑟2         (9) 

Here the plug-flow and mixed-flow volume fraction can be calculated using equation 9 and 10, 

respectively.  

𝑝_𝑝𝑓𝑟_𝑡𝑖𝑠 =  
𝑡𝜃

𝑡𝜃+𝑡𝑐𝑠𝑡𝑟1+𝑡𝑐𝑠𝑡𝑟2
         (10) 

𝑚_𝑝𝑓𝑟_𝑡𝑖𝑠 =
𝑡𝑐𝑠𝑡𝑟1+𝑡𝑐𝑠𝑡𝑟2

𝑡𝜃+𝑡𝑐𝑠𝑡𝑟1+𝑡𝑐𝑠𝑡𝑟2
         (11) 

Additional responses were defined to quantify the ratio of the residence time in the CSTR as they are 

indicative for the shape of the mixing section in the profile.  
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𝑐𝑠𝑡𝑟1/2 =
𝑡𝑐𝑠𝑡𝑟1

𝑡𝑐𝑠𝑡𝑟2
          (12) 

𝑐𝑠𝑡𝑟1/(𝑐𝑠𝑡𝑟1 + 2) =
𝑡𝑐𝑠𝑡𝑟1

𝑡𝑐𝑠𝑡𝑟1+𝑡𝑐𝑠𝑡𝑟2
        (13) 

𝑐𝑠𝑡𝑟2/(𝑐𝑠𝑡𝑟1 + 2) =
𝑡𝑐𝑠𝑡𝑟2

𝑡𝑐𝑠𝑡𝑟1+𝑡𝑐𝑠𝑡𝑟2
        (14) 

Model parameter estimation was performed by minimizing the root mean squared error between 

fitted and experimental RTD profiles. The mean absolute percentage error (MAPE) was reported as a 

metric of goodness of prediction as it reduces the sensitivity towards outliers compared to the root 

mean square error (√
∑ ((𝐹(𝑡)𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙−  𝐹(𝑡)𝑀𝑜𝑑𝑒𝑙)2)𝑛

𝑡=1

𝑛
 ) where due to squaring of the error, larger 

deviations will increase the estimated average error.  

𝑀𝐴𝑃𝐸_𝑝𝑓𝑟_𝑡𝑖𝑠 =
100

𝑛
 ∑ |

𝐹(𝑡)𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙−𝐹(𝑡)𝑃𝐹𝑅+𝑇𝐼𝑆

𝐹(𝑡)𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙
|𝑛

𝑡=1       (15) 

When the experimental F(t) converged to zero, the error computation resulted for that point in an 

undefined result. In that event, the specific data point was omitted from the dataset to enable error 

quantification. 

4.3.4.3 Conditionals for residence time distribution modeling in screw feeders 

Both models (equation 2 and 7) describe RTD in a steady state system with a valid mass balance: i.e. 

operating with a constant residence mass and equal mass flow in and out of the system. However, 

screw feeders operate in a discontinuous way when evaluated over a short time-interval. The screw 

feeders dispense the powder until the refill level has been reached. During this phase there is material 

flow out of the feeder without inflow of fresh material. Subsequently, a refill is triggered at the refill 

level. During this phase the material flow rate in the feeder is higher than the outflow rate. 

Consequently, the mass balance is respected across one refill period as the amount that has been 

refilled is emptied prior to the next refill. Thus, the residence mass or amount of material in the hopper 

at refill will remain constant throughout the manufacturing process which is further guaranteed 

through control logics (i.e. minimal refill level triggers refill). Consequently, RTD from this minimal refill 

level (i.e. level of the step change) till the outlet of the barrel will be a constant during the entire 

manufacturing process. The presented models are considered valid under the condition that they 

describe only the RTD in the screw feeder from the refill level onwards. Therefore, experiments at 

multiple refill levels were performed to understand the impact of refill level on the values of the RTD 

model parameters. In case the step change is performed below the available mixed-flow volume, CSTR 

will be in an emptying state (out-flow but no material in-flow) in between the fill level window 

enclosed by the available mixed-flow volume and minimum fill level. Our approach assumes that 
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mixing occurred through a mixed-flow volume that remained entirely filled throughout the 

experiment (i.e. full CSTR). Hence, a constraint needs to be defined for the refill level to support the 

validity of this hypothesis. As part of this study, the volume available for mixed-flow is determined for 

all conditions to understand where the above described conditional is met.  

4.4 Partial least square regression of material and process inputs and residence time distribution 

outputs.  

Data pre-treatment and PLS regression were performed in SIMCA version 14.1 (Umetrics, Umeå, 

Sweden). During construction of the PLS models, the built-in scores, loadings, summary of fit, X/Y 

overview, Hoteling’s T2, distance to model, correlation matrix and coefficient plots were utilized for 

data visualization and interpretation, identification of significant variables and evaluation of model 

performance. Table 5 provides an overview of the constructed chemometric models.  

5 Results and discussion 

First, the goodness of fit of the RTD model was evaluated for all profiles of CF and KT20. Subsequently, 

the experimental and model-based analysis of the RTD profiles were univariately related to the 

process and material variables. Next, multiple multivariate models were established to enable 

prediction of RTD based on the critical material and process variables.  

5.1 Goodness of fit RTD models 

5.1.1 CF 

Figure 5 depicts the mean absolute percentage error (MAPE) between experimental and fitted data 

for CF derived from the PFR+CSTR and PFR+TIS model. In general, both models had similar MAPE 

values, i.e. ≤ 20 % error, for step changes conducted at 80 and 60 % fill level. The PFR+CSTR model 

outperformed the PFR+TIS model for PH102 (10 kg/h and 80 % step), 11SD (30 kg/h and 80 % step) 

and CLF (20 kg/h and 60 % step), whereas the PFR+TIS model showed lower error values for CGEL (10 

kg/h and 60 % step). In general, both models described RTD with a step change at 40 % fill level with 

higher residual error which will be discussed below (section 5.2.1.1). Consequently, the more complex 

PFR+TIS model could slightly improve the fit for some runs (e.g. 11SD and PH102 at 10 and 20 kg/h) 

as the additional parameter in the model allowed to tune the shape of the fitted curve better. In fact, 

RTD experiments with variable step change level at 40% was fitted less well through the RTD models. 

Apparently not all conditionals for RTD modeling in screw feeders (section 4.3.4.3) were fulfilled when 

the step change was triggered at 40% hopper level. The root cause is further described in section 

5.2.1.1. Overall, screw feeder RTDs can be described well by the PFR+CSTR model for all conditions 

where % step is at least 60% and the flow rate varies between 10 and 30 kg/h.  
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Figure 5: Mean absolute percentage error of the PFR+CSTR (▪) and PFR+TIS (▪) model for the GEA CF. 
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5.1.2 KT20 

Figure 6 depicts the MAPE values for KT20 derived via the PFR+CSTR and PFR+TIS models. RTDs were 

generally described with less than 40% error. Performing the step at 80% fill level increased on average 

the error value. These RTD profiles had the longest plug-flow section relative to the entire RTD and 

hence their calculated error inflated as the experimental RTD values in this plug-flow section are 

randomly dispersed around zero whilst being present in the denominator of the equation for 

calculating the error of the data point. The PFR+CSTR model resulted generally in the lowest error, 

except for Kollidon CL (CL, Table 1) where a higher error was observed for two conditions (20 kg/h, 55 

% step and 10 kg/h, 30 % step).  
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Figure 6: Mean absolute percentage error of the PFR+CSTR (▪) and PFR+TIS (▪) model for KT20. 

 

In conclusion, the PFR+CSTR model adequately fitted the RTD data for both feeders with a similar 

performance as the PFR+TIS model. Hence, the parameters of both RTD models will be included in the 

PLS model to elucidate under which conditions an additional CSTR in the model is preferred.  

5.2 Experimental and model-based data analysis of cumulative residence time distributions 

The experimental and fitted cumulative RTD curves were analyzed individually prior to inclusion in the 

PLS models. Sections 5.2.1 and 5.2.2 describe the results of initial screening experiments for CF and 

KT20, respectively.  
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5.2.1 CF 

5.2.1.1 Effect of step level 

Lowering the level of the step change from 80 to 60 % reduced the minimal residence time whereas 

no clear impact on the mixing section of the curve could be identified. Consequently, one can establish 

the hypothesis that the fill level above 60 % is fully contributing to the plug-flow volume fraction. In 

contrast, lowering the step change level to 40 % hopper fill level impacted the shape of the mixing 

section. The latter could be attributed to a gradual reduction of the available mixed-flow volume upon 

emptying the screw feeder. Prior to the second refill, the plug-flow volume on top of the mixed-flow 

volume is already empty and consequently the level of the available mixed-flow volume will reduce as 

no material is entering this section during feeding. Hence, the tracer concentration leveled at 

intermediate levels as the available material was being homogenized before the next pure material 

entered the hopper through a refill.  

The physical basis for the mixed-flow in the hopper is the horizontal impeller at the bottom of the 

hopper above the screws. This impeller can agitate the material that resides in the mixed-flow volume 

whereas above this hopper level the material will move according to plug-flow.  

5.2.1.2 Effect of flow rate and materials 

Figure 7 depicts that similar RTD curves were observed for SD11 and 200M, whereas shorter mean 

residence times were observed for PH102 and PH105. This seems linked to the higher density of 11SD 

and 200M compared to PH102 and PH105. Therefore, the hypothesis that density is the only critical 

material attribute impacting RTD was evaluated during the multivariate analysis. An additional 

observation was that increasing the flow rate to 30 kg/h narrowed RTD for all these materials. Hence 

one needs to investigate if flow rate impacts all RTD model parameters to the same extent.  
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Figure 7: Effect of flowrate on cumulative residence time distribution in the GEA CF with step change 

introduced at 80% fill level. Top: 11SD (+ 10, + 20 and + 30 Kg/h) and 200M (○ 10, ○ 20 and ○ 30 Kg/h). 

Bottom: PH102 (+ 10, + 20 and + 30 Kg/h) and PH105 (○ 20 and ○ 30 Kg/h). Simulated curves are 

presented in addition to the raw datasets using both the PFR+ CSTR (―) and PFR+TIS (―) model. 

 

5.2.2 KT20  

5.2.2.1 Effect of step level 

Figure 8 describes the effect of step change level on RTD in KT20 dispensing PH102 at a flow rate of 

30 kg/h. Reducing the level of the step change from 80 to 30 % of the hopper reduced the plug-flow 

time. At 30 % fill level, the plug-flow time converged to zero indicating that there is only dispersed 

flow below this level. No clear impact was observed on the mixed-flow section of the RTD curves. 

Consequently, one can conclude that mainly transportation occurred between the 80 and 30 % hopper 

fill level. The step change conducted at 20% hopper level confirmed that primarily dispersion occurred 

below 30% fill level. Moreover, the irregular section in the start of the profile indicated that this level 

of the step change was below the mixed-flow volume fraction: material of the upper layer reached 

the inlet of the screw prior to being gradually homogenized with the rest of the mixed-flow volume.   



Chapter 6 

210 

0 5 0 0 1 0 0 0 1 5 0 0 2 0 0 0

0 .0

0 .2

0 .4

0 .6

0 .8

1 .0

E la p s e d  t im e  (s )

F
(
t
)

Figure 8: Example of cumulative residence time distributions in the KT20 screw feeding process of 

PH102 (30 Kg/h) with step changes introduced at different fill levels: 20 (○), 30 (○), 40 (○), 60 (○) and 

80 (○) % hopper fill level. Simulated curves are presented in addition to the raw datasets using both 

the PFR+ CSTR (―) and PFR+TIS (―) model.  

 

5.2.2.2 Effect of flow rate and materials 

Figure 9 displays the effect of flow rate on RTD in KT20 for SD11, 200M, PH102 and PH105. Increasing 

the flow rate from 10 to 30 kg/h reduced the mean residence time for all materials. Again, similar RTD 

profiles were observed for SD11 and 200M and for PH102 and PH105. Thereby the hypothesis that 

two separate volumes are responsible for the mixing and transport of the materials in the screw feeder 

was evaluated using the multivariate model. Under this hypothesis, two materials of equal density 

yield equal amounts of material that reside in the plug-flow and mixed-flow volume. At an equal flow 

rate this will result in similar RTDs as the same amount of materials needs to be depleted from the 

unit operation.  
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Figure 9: Effect of flowrate on cumulative residence time distributions in the KT20 screw feeder. Top: 

11SD and 200M operating at 10 (○11SD and ○ 200M) and 30 (○11SD and ○ 200M) Kg/h. Bottom: PH105 

and PH102 at 10 (○ PH102 and ○ PH05) and 30 (○ PH102 and ○ PH105) Kg/h. Simulated curves are 

presented in addition to the raw datasets using both the PFR+ CSTR (―) and PFR+TIS (―) model. 

 

5.3 Partial least square regression modeling of material and process inputs and residence time 

distribution outputs.  

5.3.1 CF 

5.3.1.1 Data pre-treatment 

The data was inspected and pre-treated prior to PLS regression. The univariate analysis (Section 5.2.1) 

revealed that the actual mixed-flow volume reduced upon emptying the hopper below 60 % fill. The 

range of variable ‘% step’ was restricted as the conditional of the RTD model was not fulfilled (Section 

4.3.4.3).  
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Next, unit variance scaling was applied on the dataset which re-scales the variability of the different 

variables to equalize the importance of the standard deviation within a variable. Next, log 

transformation was applied on non-normally distributed responses: tmin, tcstr, t_pfr_cstr, p_pfr_cstr, 

m_pfr_cstr, MAPE_pfr_cstr, tθ, tcstr1, tcstr2, t_pfr_tis, m_pfr_tis, cstr1/2, cstr1/(cstr1+2), cstr2/(cstr1+2) 

and MAPE_pfr_tis.  

5.3.1.2 Summary of fit 

Table 4 provides an overview of the variables and responses that were included in the established PLS 

models.  

Table 4: Overview of responses in residence time distribution estimation 

PLS Model 
Variables RTD model Responses 

GEA KT20 

PLS_RTD_GEA_1 PLS_RTD_KT20_1 

Flow rate 

% step 

AR50 

CDB 

C_15kPa 

dv50 

ε 

k_15kPa 

τc 

Plug-flow reactor and 

a continuously stirred 

tank reactor in series 

tmin 

tcstr 

t_pfr_cstr 

p_pfr_cstr 

m_pfr_cstr 

MAPE_pfr_cstr 

Plug-flow reactor and 

two continuously 

stirred tank reactors 

in series 

tθ 

tcstr1, tcstr2 

t_pfr_tis 

p_pfr_tis 

m_pfr_tis 

cstr1/2, 

cstr1/(cstr1+2) 

cstr2/(cstr1+2) 

MAPE_pfr_tis 

PLS_RTD_GEA_2 PLS_RTD_KT20_2 

Flow rate 

% step 

CBD 

Idem PLS_RTD_GEA_1 

Idem PLS_RTD_KT20_1 

PLS_RTD_GEA_3 PLS_RTD_KT20_3 

Flow rate 

% step 

CBD 

Plug-flow reactor and 

a continuously stirred 

tank reactor in series 

tmin 

tcstr 
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Table 5 depicts the overall goodness of fit (R²Y) and prediction (Q²Y) of the responses in the PLS model 

as a function of the number of included principal components (PCs). Figure 10 shows the individual fit 

of responses in these models. Therefore, cross validation was performed using the standard settings 

in Simca 14.1. Three PCs, explaining 39, 12 and 12 % of the variability, were included in the general 

PLS model (PLS_RTD_GEA_1) as inclusion of more PCs did not improve its predictive performance. The 

moderate goodness of fit (R2Y = 0.62) and prediction (Q2Y = 0.49) can be attributed to inclusion of 

responses that were poorly described by the PLS model. Figure 10 shows how well the individual 

responses of the PLS model were described and predicted (R2Y and Q2Y) through cross-validation. 

Although high Q2Y values (> 0.75) were obtained for the mean residence time in PFR (tmin and tcstr) and 

CSTR (tθ and tcstr1), Q2Y values below 0.2 were reported for the mean residence time in the second 

CSTR (tcstr2). Hence simulating the RTD profiles accurately based on PLS predicted parameters of the 

PFR+TIS model will be more challenging. The plug-flow (p_pfr_cstr and p_pfr_tis) and mixed-flow 

(m_pfr_cstr and m_pfr_cstr) volume fraction and the ratio of residence times in the CSTRs (i.e. cstr1/2, 

cstr1/(cstr1+2) and cstr2/(cstr1+2)) had Q2Y values above 0.3. The mean absolute percentage error of 

the PFR+CSTR and PFR+TIS model was poorly described by the PLS model: Q2Y values below 0.2 

indicate that predicting the goodness of fit of RTDs will be challenging. 

Table 5: Overview of responses in residence time distribution estimation 

Model PCs R2Y (% cum) Q2Y (% cum) 

PLS_RTD_GEA_1 

1 38.8 31.1 

2 50.6 38.0 

3 62.3 48.7 

4 65.2 49.0 

PLS_RTD_GEA_2 
1 48.0 43.5 

2 59.4 52.4 

PLS_RTD_GEA_3 
1 78.0 74.4 

2 84.6 80.4 

PLS_RTD_KT20_1 

1 

 

45.9 35.8 

2 61.1 51.8 

3 69.6 60.3 

4 70.2 56.8 

PLS_RTD_KT20_2 
1 49.3 42.0 

2 68.0 61.8 

PLS_RTD_KT20_3 
1 53.9 42.0 

2 89.7 85.8 
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Further optimization was done through exclusion of non-significant variables in the PLS model 

according to the coefficient plot in SIMCA (i.e. PLS_RTD_GEA_2). In addition, only the necessary 

parameters for construction of RTD profiles based on the PFR+CSTR model (i.e. PLS_RTD_GEA_3) 

which improved PLS model performance through exclusion of poorly described RTD responses (e.g. 

MAPE_pfr_cstr).  
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Figure 10: The explained (black) and predicted (grey) variability for the individual responses for 

PLS_RTD_GEA_1. The underscore in t_min, t_θ, t_cstr, t_cstr1, t_cstr2 is represented as subscript in 

text. 

 

5.3.1.3 Loadings scatter plot 

In the PC1 vs PC2 loading scatter plot of PLS_RTD_GEA_1 (figure 11), distinctive groups of responses 

could be identified for which variables co-varied in the dataset. The response groups related to the 

minimal residence time (i.e. tmin and tθ), the mean residence time in the first CSTR (tcstr and tcstr1) and 

the total residence time (t_pfr_cstr and t_pfr_tis) are found on the right side of the PC1 axis. The 

responses that described the total residence time are situated in between the group of tmin and tcstr as 

these variables impact the total residence time directly. These groups indicate that the corresponding 

parameters in the PFR+CSTR and PFR+TIS RTD model are highly related to each other which elucidates 

that these RTD response will be impacted similarly through the process and material variables. The 

group describing the error between fitted and experimental RTD data (MAPE_pfr_tis and 

MAPE_pfr_cstr) was positioned in the middle of this PC1 x-axis, suggesting no clear relation between 

error of fit and process or material variables could be derived. The group of plug-flow volume fractions 
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(p_pfr_cstr and p_pfr_tis) were located on the negative side of the PC2 axis. This suggests the plug-

flow volume fraction responses is positively related with the fill level at which the step change has 

been introduced (i.e. % Step) (bottom right corner). As expected based on their mathematical relation, 

the mixed-flow volume fraction group (m_pfr_cstr and m_pfr_tis) was found straight opposite to plug-

flow volume responses. The group of variables that described the ratio of residence times in the two 

CSTRs (cstr1/2 and cstr1/(cstr1+2)) is positively related to the group of the residence times in the first 

CSTR (tcstr and tcstr1). The latter can be attributed to the high variation of tcstr1 (from 14.2 to 214.0 s) in 

the nominator relative to the limited variation of tcstr2 in the denominator (from 5.6 to 33.3 s) of the 

equation.  

The variable flow rate was situated in the top left corner of this plot, which indicated that the flow 

rate caused a strong negative impact on the mean residence time: an increase in flow rate reduced 

the plug-flow (tmin and tθ) and mixed-flow (tcstr and tcstr1) time and consequently the total RTD 

(t_pfr_cstr and t_pfr_tis). Interestingly, the time spent in the second CSTR (tcstr2) was situated closer 

to the origin, indicating this response remains rather constant and irrespective of the selected 

flowrate. Thereby indicating that mixing occurred according to ideal mixed flow and flow rate did not 

impact mixing enough to require a deviation from the one CSTR model.  

The variable density (CDB) was situated on the positive side of the PC1 x-axis. Thereby indicating that 

an increase in density induced a higher mean residence time in the plug-flow (tmin and tθ) and mixed-

flow (tcstr, tcstr1 and tcstr2) reactors and consequently in the total screw feeder RTD. This indicates that a 

similar volume regulates the mixing in the hopper as in such case an increase in density will translate 

in a higher amount of material that is involved in the-mixing process. Consequently, it will take longer 

to clear tracer out of the hopper at identical flow rate. The porosity (i.e. ε) was inversely related to the 

spread of the residence time which can be attributed to the inverse relation of conditioned bulk 

density and porosity.  

The hopper fill level at which the step change was introduced (i.e. % step) was in the bottom right 

corner of this plot, indicating that this variable was positively related with the plug-flow volume 

fraction (p_pfr_cstr and p_pfr_tis). Likewise, the lower position of the minimal residence time group 

(tmin and tθ) compared to the total residence time can also be attributed to the variable % step as 

introducing the step at higher level caused a delay in the concentration change.  
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Figure 11: PC1 vs PC2 loadings scatter plot for PLS_RTD_GEA_1 where the first PC is expressed along the x-axis and the second PC along the y-axis. The 

underscore in t_min, t_θ, t_cstr, t_cstr1, t_cstr2 is represented as subscript in text.  
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5.3.1.4 Scores scatter plot 

Figure 12 shows the PC1 vs PC2 score scatter plot of the general PLS model (i.e. PLS_RTD_GEA_1). The 

score scatter plot allows to understand how runs differ from each other with respect to the influence 

of materials and process variables. The runs clustered based on the material under evaluation which 

indicates that material properties exert a strong impact. For example, a square could be identified for 

PH102 that connected the negative side of the PC1 and PC2 axis, thereby spanning the bottom left 

quadrant. Within this cluster, a clear trend could be identified where runs shifted in the left upward 

direction as they were performed at higher flow rate. Interestingly, runs that were performed at mean 

flow rate were positioned in the middle of the line that connects the runs at low and high flow rates, 

indicating this variable exerted a linear effect. In addition, the runs shifted in the right downwards 

direction as the step change was induced at a higher level in the hopper. An identical pattern could be 

identified for other components such as 11SD, yet its cluster shifted towards higher PC1 scores due to 

its higher density. Thus, the broadest RTD in the screw feeder was found for dense materials operated 

at low flow rate with step change performed at a high hopper level (e.g. t_pfr_cstr of 200M, 10 kg/h 

and % step of 80 = 432 s) whereas opposite values for these factors resulted in the shortest residence 

time (e.g. t_pfr_cstr of CLF, 30 kg/h and % step of 60 = 35.0 s). This indicates that within a 

pharmaceutically relevant range for the process and material variables, an order of magnitude 

difference in total residence time can be observed within the CF screw feeding step.  

5.3.1.5 Coefficients 

Table 6 summarizes the significant coefficients of the CF-specific PLS models. These coefficients were 

used to summarize the relationship between the inputs and the outputs and to evaluate the statistical 

significance of the variables for the observations derived from the loading plots.  
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Figure 12: PC1 vs PC2 scores scatter plot for PLS_RTD_GEA_1 where the scores of the first PC is expressed along the x-axis and the scores of the second PC 

along the y-axis. The green and blue arrows indicate the relation with variables and responses, respectively.  
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Table 6: Overview of coefficients in the PLS models for the CF. Only the significant variables are displayed for PLS_RTD_GEA_1 and 2.  

Responses PLS_RTD_GEA_1 PLS_RTD_GEA_2 PLS_RTD_GEA_3 

tmin Flow rate 

CBD 

ε 

-0.63 

0.28 

-0.22 

Flow rate 

CBD 

-0.64 

0.41 

Flow rate 

% Step 

CBD 

-0.64 

0.47 

0.43 

tcstr Flow rate -0.82 Flow rate 

CBD 

-0.81 

0.49 

Flow rate  

CBD 

-0.81 

0.51 

t_pfr_cstr Flow rate -0.80 Flow rate 

% Step 

-0.80 

0.50 

/ 

p_pfr_cstr / 

/ 

% Step 0.59 

m_pfr_cstr / 

/ 

% Step -0.64 

tθ Flow rate 

CBD 

ε 

-0.65 

0.31 

-0.26 

 

Flow rate 

CBD 

-0.68 

0.43 

tcstr1 Flow rate -0.82 Flow rate 

CBD 

-0.80 

0.48 

tcstr2 CBD 

ε 

0.15 

-0.14 
/ 

t_pfr_tis Flow rate 

 

-0.79 Flow rate 

CBD 

-0.80 

0.50 

p_pfr_tis / 

/ 

% Step 0.61 

m_pfr_tis / % Step -0.62 

cstr1/2 Flow rate 

 

-0.75 Flow rate 

CBD 

-0.69 

0.42 

cstr1/(cstr1+2) Flow rate -0.65 Flow rate 

CBD 

-0.69 

0.42 

cstr2/(cstr1+2) Flow rate 0.77 Flow rate 

CBD 

0.70 

-0.42 

 MAPE_pfr_cstr % Step 0.48 % Step 

CBD 

0.47 

0.21 

MAPE_pft_tis % Step 0.51 % Step 0.51 
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5.3.1.5.1 Plug-flow time 

Flow rate exerted the most dominant effect on the minimal residence time (tmin and tθ). A reduction 

in flow rate and porosity and an increase in density extended the minimal residence time significantly 

according to PLS_RTD_GEA_1. Here, the effect of porosity can be attributed to its inverse relation with 

density. The particle properties (AR50 and dv50), cohesion (τc), compressibility (C_15kPa) and 

permeability (k_15kPa) had no direct impact on the minimal residence time. The PLS model could be 

refined through exclusion of porosity (inversely related with CBD) and all non-significant variables 

across (i.e. particle size and shape, cohesion, compressibility, permeability). The resulting PLS model 

(i.e. PLS_RTD_GEA_2) indicated that density had a relatively higher impact. The model can be further 

simplified (PLS_RTD_GEA_3) through focusing on the two key RTD model parameters namely tmin and 

tcstr. This model elucidated that % step exerted a moderate yet significant effect. Remarkably, the 

variation in flow rate had a relatively large effect on RTD in comparison with the rather limited 

variation in absolute volume (i.e. 0.4 L) associated with varying variable % step.  

5.3.1.5.2 Mixed-flow time 

Flow rate had the most pronounced impact on the mixed-flow time: an increase in flow rate reduced 

tcstr and tcstr1 linearly. Density (i.e. CBD) had the second largest impact on the mixed-flow time: an 

increase in bulk density increased the mixed flow time as the amount of material in the constant 

mixed-flow volume fraction increased. This effect was not significant in the general PLS model (i.e. 

PLS_RTD_GEA_1), whereas model PLS_RTD_GEA_2 elucidated that the positive effect of CBD was in 

fact significant. The level of the step change exerted no effect on the mixed-flow time for all PLS 

models, thereby confirming that mixing occurs below the lowest step change level.  

The coefficients of PLS_RTD_GEA_1 elucidated that density had a small positive yet significant effect 

on the mean residence time in the second CSTR of the PFR+TIS model (i.e. tcstr2). However, the size of 

this effect reduced further in the refined model (i.e. PLS_RTD_GEA_2), where none of the variables 

significantly impacted tcstr2. In general, the mean residence time in the first CSTR was relatively high 

(i.e. average value of tcstr1 = 77.6 s) compared to the one in the second reactor (i.e. average value of 

tcstr2 = 11.6 s), indicating that the contribution of this additional model term to the fit of the RTD profiles 

is limited. Combined with the poor predictive performance for tcstr2, one can conclude the PFR+CSTR 

model is preferred for inclusion in the overarching PLS model as it holds only two parameters, thus 

facilitating the relation between inputs and outputs.  

5.3.1.5.3 Plug-flow and mixed-flow volume fraction 

The only factor impacting the plug-flow volume fraction was the step change level. This can be 

attributed to the moderately positive and neutral effect of % step on the plug-flow and mixed-flow 
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time, respectively. In contrast, an increase in flow rate reduced not only the plug-flow but also the 

mixed-flow time to the same extent, thereby cancelling out its impact on the plug-flow volume 

fraction. In addition, no impact of key material properties as particle size and shape, cohesion, 

compressibility, density, porosity and permeability was observed. Thus, CF can be physically 

represented as a unit with constant mixing and transport volumes across broad ranges of key material 

properties and process parameters. As the volume in the feeder corresponds either to transport or 

mixing, the effects on m_pfr_cstr and p_pfr_cstr are simply inversely related.  

5.3.1.5.4 Relation of residence times in the continuously stirred tank reactors 

The responses cstr1/2 and cstr1/(cstr1+2) were mainly negatively impacted by the flow rate, which is 

linked to the negative and absent effect of flow rate on tcstr1 and tcstr2, respectively. Likewise, flow rate 

had a positive effect on the response cstr2/(cstr1+2). The same rationale applies to density, yet the 

effect was less pronounced and in opposite direction as this variable exerted a moderate positive 

effect on tcstr1. 

5.3.1.5.5 Mean absolute percentage error 

The % step exerted a positive effect on the mean absolute percentage error (MAPE_pfr_cstr and 

MAPE_pfr_tis). An increase in the % step extended the plug-flow time whereas the mixed-flow time 

was not affected. Consequently, relatively more data points are part of the plug-flow section that 

contribute thereby to a higher absolute percentage error.  

5.3.2 KT20 

5.3.2.1 Data pre-treatment 

No restriction was applied for the KT20 data-matrix. The same materials properties were selected for 

inclusion in the data matrix of the CF and KT20 feeder. Next, unit-variance scaling and log 

transformation were applied on non-normally distributed responses: tmin, tcstr, t_pfr_cstr, 

MAPE_pfr_cstr, MAPE_pfr_tis, tcstr1, tcstr2, t_pfr_tis, cstr1/2, cstr1/(cstr1+2) and cstr2/(cstr1+2).  

5.3.2.2 Summary of fit 

A model with three principal components (PCs), explaining 45.9, 15.2 and 8.5 % of the variability, was 

constructed as inclusion of more PCs did not improve Q2Y of the model. An overview of R²Y and Q²Y 

of the individual responses included in the overall PLS model (PLS_RTD_KT20_1) is shown in figure 13.  

Interestingly, the predictive ability of the parameters included in the PFR+CSTR model outperformed 

the ones of the PFR+TIS model. The Q2Y values obtained for tmin and tcstr were above 0.8, whereas the 

value for tθ and tcstr1 was only above 0.5. However, the residence time in the second CSTR could be 

described better for KT20 as Q2Y values exceeded 0.4 compared to 0.2 for CF. This indicated that tcstr2 
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could be related with some model inputs for KT20 rather than being the constant parameter as 

observed for CF. Moreover, the ratio of tcstr1 and tcstr2 was significantly lower for KT20 (median cstr1/2 

of 2.2 for KT20 vs 6.1 for CF), suggesting that inclusion of the second CSTR is more relevant to achieve 

optimal fit for on the KT20 RTDs. In contrast, even though a better fit of the RTD profiles can be 

achieved using the PFR+TIS model, the PLS models can still predict the PFR+CSTR parameters more 

accurately. Therefore, inclusion of the simpler PFR+CSTR remains the preferred option for 

constructing the fitted RTD profiles. 
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Figure 13: The explained (black) and predicted (grey) variability for the individual responses for 

PLS_RTD_KT20_1. The underscore in t_min, t_θ, t_cstr, t_cstr1, t_cstr2 is represented as subscript in 

text. 

 

For both RTD models, Q2Y values for the plug-flow volume fraction responses (p_pfr_cstr and 

p_pfr_tis) were higher for KT20 (PLS_RTD_KT20) compared to CF (PLS_RTD_CF). The latter can be 

attributed to the improved signal-to-noise ratio of the effect: the larger hopper dimensions of the 

KT20 yielded a significantly higher absolute variation in volume for a comparable variation in % step.  

Rather low Q²Y values (> 0.2) were observed for cstr1/2, cstr1/(cstr1+2) and cstr2/(cstr1+2) in the 

PLS_RTD_KT20_1 model. In contrast to CF, the tcstr1 value no longer dominated tcstr2. This is due to the 

relatively high values of tcstr2 in the KT20 dataset: tcstr2 varied between 1.6 and 1046.3 s for KT20 

compared to 5.6 to 33.3 s for CF. Consequently, the responses that describe the ratio of residence 

times in CSTRs are much more susceptible to the values of tcstr2. In fact, the sum of tcstr1 and tcstr2 

determines the magnitude of the RTD profile, whereas the ratio of these parameters determines the 
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shape. Thereby the mixing section of the RTD in the CF was closer to an ideal mixed-flow, i.e. single 

CSTR, whereas the RTD in KT20 was in between a one and two CSTR in series, making it more 

challenging to predict, and thereby resulting in lower Q2Y values for cstr1/2, cstr1/(cstr1+2) and 

cstr2/(cstr1+2) in the PLS_RTD_KT20_1 model.  

Similar as for CF, low Q2Y were observed for MAPE_PFR_CSTR and MAPE_PFR_TIS, indicating that it is 

challenging to identify the variables that affect the goodness of fit and prediction.  

5.3.2.3 Loading scatter plot 

Figure 14 illustrates the PC1 vs PC2 loading scatter plot for PLS_RTD_KT20_1. The total residence time 

(t_pfr_cstr and t_pfr_tis) grouped on the positive side of the X-axis on the PC1 vs PC2 loading scatter 

plot. The minimal residence time (tmin and tθ) had similar PC1 loadings in combination with moderately 

positive PC2 loadings. The residence time in the first CSTR (tcstr and tcstr1) had moderately positive and 

negative loadings for PC1 and PC2, respectively. The latter indicates that the plug- and mixed-flow 

times are impacted differently by the process and/or material variables that contribute to the second 

principal component. Interestingly, the residence time in the second CSTR (tcstr2) co-varied with the 

total residence. Moreover, the relation of the residence time in the first and second CSTR (i.e. cstr1/2) 

was inversely related to the total residence time (t_pfr_cstr and t_pfr_tis). Suggesting that for a longer 

total residence time, the residence time in the second CSTR will increase relatively more compared to 

the residence time in the first CSTR. The plug-flow volume fraction (p_pfr_tis and p_pfr_cstr) was 

situated in the top right corner and inversely related to the mixed-flow volume fraction (m_pfr_cstr 

and m_pfr_tis). The error of fitted RTD curves (MAPE_RTD_GEA and MAPE_RTD_KT20) had 

moderately positive loadings for PC2. Thereby confirming that the RTD model deviated more from the 

experimental profiles when the plug-flow volume increased.  

CBD and flow rate had a positive and negative impact on the plug-flow (tmin and tθ) and mixed-flow 

(tcstr and tcstr1) time responses, respectively. The % step could be related to the plug-flow time but had 

a neutral projection on the imaginary connection line between the origin and the mixed-flow time. 

Accordingly, an increase in the % step elevated the plug-flow time (tmin and tθ) but not the mixed-flow 

(tcstr and tcstr1) time. In addition, the relative increase in residence time will be less for t_pfr_cstr and 

t_pfr_tis than for tmin and tθ. Accordingly, the % step and the plug-flow volume fraction (p_pfr_cstr) 

are positively related which indicates that the upper part of the hopper corresponds to plug-flow.  

Interestingly, similar relations between responses could be identified on the loading plots of the two 

feeders. Identical key variables were identified for CF and KT20: CBD, % step and flow rate. The 

patterns between variables and responses were similar yet not identical for CF and KT20, indicating 

that variables exert in principal a similar effect on the RTD yet that the magnitude of the effect differs. 
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Figure 14: PC1 vs PC2 loadings scatter plot for PLS_RTD_KT20_1. The underscore in t_min, t_θ, t_cstr, t_cstr1, t_cstr2 is represented as subscript in text.  
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5.3.2.4 Score scatter plot 

The PC1 vs PC2 score scatter plot of the PLS model shows that the runs performed with the same 

material clustered (figure 15). For example, a square could be identified for 200M that spanned the 

positive and negative side of the PC1 and PC2 axis: i.e. the bottom right quadrant. Within this cluster, 

a clear trend could be identified where runs shifted in the left upward direction, as they were 

performed at higher flow rate. In addition, the runs shifted in right upwards direction as the step 

change was induced at a higher level in the hopper. The center point of the experimental design was 

positioned in the middle of this material cluster indicating the process variables exerted linear effects 

on the responses. For other components an identical pattern could be identified that shifted in the 

upper left direction in function of the density. Consequently, the runs that were positioned in the 

bottom right corner had the longest residence time as they combined high density, low flow rate and 

RTD estimation at high hopper level: i.e. t_pfr_cstr = 4969 s for 200M, 10 kg/h and % step at 80%. In 

contrast, the run with shortest residence time could be found in the top left corner: i.e. t_pfr_tis = 

178.7 for CLF, 30 kg/h and % step at 30%. Indicating the total residence time in the KT20 can differ to 

a significant extent within relevant ranges for operational and material variables.  
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Figure 15: PC1 vs PC2 scores scatter plot for PLS_RTD_KT20_1. The runs are labeled based on the utilized material, flowrate and % Step separated through 

underscores. The green and blue arrows indicate the relation with variables and responses, respectively. 
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5.3.2.5 Coefficients 

The coefficients of the KT20 specific PLS models are summarized in table 7 wherein only the significant 

variables where displayed.  

5.3.2.5.1 Plug-flow time 

Remarkably, the % step had a dominant positive effect on the plug-flow time (i.e. tmin and tθ) whereas 

this effect was only moderate for CF. Moreover, the main effects for CF (flow rate and CBD) were not 

significant for KT20. The variation in the % step resulted in a larger absolute variation in hopper volume 

for KT20 compared to CF due to their difference in maximal volume. This resulted in a larger absolute 

variation in tmin and tθ for KT20. Consequently, the positive and negative effect exerted by density 

(CBD) and flow rate, respectively, was less pronounced and not significant according to model 

PLS_RTD_KT20_1. Further model refinement through exclusion of insignificant variables and non-

critical responses (PLS_RTD_KT20_3) confirmed the less pronounced negative and positive effect of 

flow rate and density.  

5.3.2.5.2 Mixed flow time 

Flow rate had a significantly negative effect on the mean residence time in the first CSTR (tcstr and 

tcstr1). Density had the second largest effect yet in opposite direction. The % step had no significant 

impact on tcstr and tcstr1, confirming that mixing occurred below 30% hopper fill. The mean residence 

time in the second CSTR (tcstr2) was negatively affected by the flow rate. The % step had a positive yet 

insignificant impact on tcstr2 according to the general (PLS_RTD_KT20_1) and refined 

(PLS_RTD_KT20_2) PLS model. This could indicate that inclusion of the second CSTR is more relevant 

for RTDs estimated at a high % step in KT20 but that additional data is required to confirm this 

observed effect.  

5.3.2.5.3 Plug- and mixed-flow volume fraction 

The % step exerted a strong positive effect on the plug-flow volume fraction (p_pfr_cstr and p_pfr_tis). 

Moreover, as none of the other variables influenced the plug-flow volume fraction, these responses 

could be considered as constant for a given % step. Thereby confirming that one can represent the 

feeder as an upper and lower fraction where merely transport and mixing occurs, respectively. 

5.3.2.5.4 Relation of residence times in the continuously stirred tank reactors 

The % step exerted a moderately positive effect on cstr1/2 and cstr1/(cstr1+2), but a negative impact 

on cstr2/(cstr1+2). The latter can be attributed to the presumptive positive, yet insignificant, effect of 

% step on tcstr2 (section 5.3.1.5.4). This observation indicated that RTD deviated further from ideal 

mixing, i.e. CSTR, when the step change was performed at a higher fill level. In contrast to CF, flow 
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rate exerted no impact on these responses for KT20 as flow rate had a similar impact on cstr1 and 

tcstr2.  

5.3.2.5.5 Mean absolute percentage error 

The % step had a moderately positive effect on the mean absolute percentage error of the PFR+TIS 

(i.e. MAPE_PFR+TIS) model as explained above (section 5.3.1.5.5). In conclusion, this research 

revealed that statistically relevant and practically meaningful error quantification of RTD modelling 

remains an open research field for applied statistics.  

5.4 Comparison of the residence time distribution in the CF and KT20 

Figure 16 (left plot) depicts the cumulative RTD profiles in CF and KT20 for PH105 dispensed at 30 kg/h 

with a step change performed at a hopper level of 80%. Both profiles consist of the same key phases 

(plug-flow, mixed-flow and steady state level of the tracer concentration) yet differ significantly in the 

duration of each phase. Figure 16 (middle) illustrates the scatter plot of the total residence time in CF 

and KT20 revealed that both responses are highly correlated which could be confirmed through the 

high goodness of fit (R2 = 0.99). 680, the total residence time in KT20 was on average 11.8 times higher 

in CF (at 10 kg/h) which corresponded relatively well with the ratio of volume below the step change 

level (i.e. 12.5). The time needed for clearing 99.5 % of the initial material from the feeding unit 

operation was calculated for both screw feeders which spanned a range of 1916 to 11881 s for KT20 

compared to 131 to 1371 s for CF (figure 16, right). This can be attributed to the observed plug-flow 

and mixed-flow volume differences: 17.8 and 7.24 L for KT20 and 1.29 and 0.71 L for CF, respectively. 

Remarkably, both the vertical and horizontal agitator were able to provoke mixed-flow at the bottom 

of the screw feeder. The bulk residence time in the feeder is given through the ratio of the residence 

mass below the step change and the flow rate. When comparing the RTD of the KT20 and CF for a 

material with equal density and flow rate, the time to clear material from the feeder is directly related 

to the amount of material involved in the mixing process which is regulated through the mixed-flow 

volume at the bottom of the feeder. 

RTD in KT20 proved to be excessively long when put in perspective with RTDs of other unit operations 

that are commonly integrated in a continuous manufacturing platform such as twin-screw granulation 

(e.g. τcstr 3 to 10s), capsule filling (e.g. τcstr 50 – 150 s) (Kruisz et al., 2018a, 2018b), continuous dry 

powder blending (e.g. τcstr 20 to 200s), roller compaction (Kruisz et al., 2017) (e.g. τcstr ≈ 100 s) and die-

filling (e.g τcstr: 80 – 490 s)(Dülle et al., 2018a, 2018b, 2018c; Kumar et al., 2014; Van Snick et al., 2018a, 

2017; Van Snick et al., 2017a) 
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Table 7: Overview of coefficients in the PLS models for the KT20. Only the significant variables are displayed for PLS_RTD_KT20_1 and 2. 

 PLS_RTD_KT20_1 PLS_RTD_KT20_2 PLS_RTD_KT20_3 

Responses Variable Coefficient Variable Coefficient Variable Coefficient 

tmin % Step 0.92 % Step 0.93 % Step 

Flow rate 

CBD 

0.93 

-0.18 

0.11 

tcstr Flow rate 

CBD 

-0.68 

0.48 

Flow rate 

CBD 

-0.73 

0.58 

Flow rate 

CBD 

% Step 

-0.73 

0.59 

0.00 

t_pfr_cstr % Step 

Flow rate 

CBD 

0.62 

-0.59 

0.39 

% Step 

Flow rate 

0.62 

-0.61 

/ 

p_pfr_cstr % Step 0.96 % Step 0.98 

m_pfr_cstr % Step -0.96 % Step -0.98* 

tθ % Step 0.70 % Step 0.71 

tcstr1 Flow rate 

CBD 

-0.67 

0.46 

Flow rate 

CBD 

-0.70 

0.56 

tcstr2 / Flow rate -0.41 

t_pfr_tis Flow rate 

% Step 

-0.63 

0.56 

Flow rate 

% Step 

-0.64 

0.55 

p_pfr_tis % Step 0.94 Flow rate 0.95 

m_pfr_tis % Step -0.94 Flow rate -0.95 

cstr1/2 % Step -0.50 % Step -0.49 

cstr1/(cstr1+2) % Step -0.51 % Step -0.51 

cstr2/(cstr1+2) / 

/ 

% Step 0.48 

MAPE_pfr_cstr / 

MAPE_pft_tis % Step 0.56 % Step 0.57 
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Figure 16: Left: simulated (―) and experimental cumulative residence time distribution profiles in the CF (―) and KT20 (―) for PH105 at 30 Kg/h. Middle and 

right comparison of residence time in CF and KT20 at 10 (○) and 30 (○) Kg/h. Middle: scatter plot of total residence time. Right: scatter plot of clearance time.
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6 Conclusion 

This manuscript presented an efficient PLS modeling-based approach to establish a predictive relation 

between material properties, critical process variables and RTD in screw feeders.  

Two screws feeders, i.e. the GEA CF and K-Tron KT20, were characterized for their RTD according to 

an experimental design where both the flow rate and the hopper level at which the step change was 

introduced were varied. RTD in both feeders was adequately described by a plug-flow reactor in series 

with a continuously stirred tank reactor within the defined ranges for the evaluated variables. 

Interestingly, multivariate data analysis elucidated that similar relations between inputs and outputs 

exist for CF and KT20. The flow rate, hopper level and density of the material were identified as critical 

process parameters and material attributes. The effect of the step level on RTD was more pronounced 

for KT20 due to the higher absolute variation in volume. An increase in flow rate reduced the plug-

flow and mixed-flow time to the same extent, whereas an increase in bulk density had an inverse 

effect on these parameters. Executing the step change at a higher level in the hopper only prolonged 

the plug-flow time and consequently the plug-flow volume fraction of RTD. Interestingly, this plug-

flow fraction was not affected by variation in flow rate or material properties. Consequently, simple 

PLS models could be developed that use the density and the flow rate to predict RTD at a given hopper 

level.  

This approach is particularly valuable during drug product development when material and time 

resources are limited for RTD characterization. Moreover, the established predictive PLS model allows 

to characterize the new material and predict RTD within the investigated ranges. Future work should 

test the validity of the conclusions beyond the evaluated ranges for the material properties and 

process variables. 

In conclusion, this research revealed that the screw feeder type exerted a strong and relevant impact 

on RTD of the feeding unit operation at conventional flow rates for pharmaceutical development and 

commercialization. Therefore, the screw feeder type must be considered as a critical equipment 

setting during the design of a continuous manufacturing platform with respect to controlling the 

traceability and limiting material dispersion in the line.  

   



Chapter 7 

232 

 

 

 

7 

Impact of material and process 

parameters on the twin screw 

feeding behavior and 

performance 

  



Impact of material and process parameters on the twin screw feeding behavior and performance 

233 

Chapter specific abbreviations 

FF_CI   Normalized feed factor difference 

FF_max   Feed factor value at maximum fill level 

FF_max_RSD  Feed factor variability between maximum and refill weight  

FF_mean  Average feed factor across profile 

FF_Mov_RSD  Feed factor variability through moving average algorithm  

FF_min   Feed factor value at minimal fill level 

FF_RSD   Feed factor variability across profile 

FL   Fill level 

FL_min   Residual volume fraction in hopper 

K Decay constant feed factor versus weight model 

M_K Mean absolute percentage error between model and experimental feed 

factor versus weight profile 

M_P Mean absolute percentage error between model and experimental feed 

factor versus fill level profile 

P   Decay constant feed factor versus fill level model 

W_max   Maximum weight in hopper 

W_refill  Weight at refill level 

Q2Y   Goodness of prediction 

Res_A   Amplitude of feeding deviation  

Res_AUC  Accumulated error of feeding deviation 

Res_D   Duration of feeding deviation 

Res_RSD  Relative standard deviation residuals 

R2Y   Goodness of fit  

W_min    Residual weight in hopper 

ρscrew   Density in the screw flight 

Vscrew    Theoretical volume that is transported per screw revolution 

εfill    Fraction of theoretical volume available for transportation 

ω    Screw speed  
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1 Introduction  

Continuous processing offers many advantages over batch processing in pharmaceutical 

manufacturing. A superior product quality can be obtained in terms of content uniformity as the 

processes are intrinsically more robust and equipped with in-line process controls. Moreover, the 

manufacturing is more cost effective due to the smaller footprint and, reduced labor requirements by 

eliminating powder handling, smaller inventory and less or no scale-up through scaling in time (Lee et 

al., 2015b). Despite these potential advantages, the adoption of continuous technology for 

pharmaceutical manufacturing remains slow (Ervasti et al., 2015). Typically, the stringent regulatory 

requirements and high product uniformity requirements compared to other industries are cited to 

delay the switch from batch to continuous manufacturing (Engisch and Muzzio, 2015a). Moreover, 

there is still a lack of processing equipment with proven six-sigma process capability (Engisch and 

Muzzio, 2015a; Ervasti et al., 2015). The characterization of powder flow behavior within each unit 

operation of a continuous manufacturing process also remains limited. To establish this new mode of 

operation, a steep learning curve has to be overcome including the characterization and 

understanding of new processing equipment such as feeders and continuous blenders (Ierapetritou 

et al., 2016). 

These feeders generally consist of a hopper in conjunction with a screw-conveying mechanism to 

discharge the material from the feeder. The components are mounted on a load cell which determines 

the flow rate via the weight difference over a certain time increment. Further integration of a feedback 

controller allows to achieve accurate feeding by varying the screw speed to accommodate for changes 

in density at the screw inlet over time which typically occurs during emptying or refilling of a feeder 

(Engisch and Muzzio, 2015b). The hopper volume dictates the amount of material that can be stored 

in the feeder and consequently plays a major role in the frequency of refilling at a given throughput. 

In addition, the hopper dimensions and geometry can impact the flow through the hopper and from 

the hopper into the screws and thus also the consistency of feeding. Therefore, the hopper usually 

contains a secondary conveying mechanism at the base, known as a bridge breaker, to force the 

powder into the screws as a means to improve the screw filling consistency. Besides avoiding the 

formation of arches, bridges and ratholes in the hopper, bridge breakers also aim to limit the impact 

of hopper fill level, i.e. head pressure, on density at the screw inlet.  

Loss-in-weight feeding is the first unit operation within an integrated continuous manufacturing 

process. Feeders dispense powders to subsequent unit operations and thereby ensure the 

compositional constancy during steady-state manufacturing. Hence feeding is the equivalent of 

weighing in batch processing. Therefore, the need to feed a powder accurately and continuously over 
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time has been emphasized for integrated continuous manufacturing processes (Engisch and Muzzio, 

2014).  

Despite the key importance of feeders, only a limited number of studies are available concerning the 

feeding of pharmaceutical powders. Engisch and Muzzio presented a method for evaluating the 

steady-state performance of loss-in-weight powder feeding equipment (Engisch and Muzzio, 2012). 

This methodology proposed trials at constant screw speed (volumetric mode) to estimate the feeding 

capacity of a material. A linear relationship between screw speed and mass flow was established in 

volumetric mode. The screw flight filling was consistent and reliable during the dispensing of free-

flowing powders. They claimed that a non-linear relationship is related with inconsistent screw flight 

filling and consequently poor feeding performance. Furthermore, they hypothesized that powder 

bridging in the hopper and powder adhesion to the screws are the two main sources of inconsistent 

screw flight filling. However, these hypotheses were neither experimentally derived nor verified. They 

concluded that a database of feeder performance and powder properties needs to be established such 

that feeding tooling can be selected based on the desired mass flow and measured powder properties 

rather than on trial and error.  

Cartwright et al. (2013) described the use of both rigid and flexible frame feeders for the feeding of a 

low bulk density poorly-flowing API in a twin screw granulation prcoess. Several challenges were 

encountered using the rigid frame feeder (K-Tron KT20). First, the choice of screws was crucial as both 

auger and fine concave screws resulted in an increase in torque over time. This was due to compaction 

of material within the screws and between the screw and barrel. In contrast, the core and spiral screws 

could successfully feed the API, although the achieved capacity was limited. A second challenge was 

bridging within the hopper due to the design of the blades in the internal agitation system. Although 

designed to keep the powder bed moving and to convey powder towards the feeding zone, these 

blades encouraged bridging and compacted the material against the hopper wall and blade surface. 

Manual intervention was required to break bridges and ensure that the API was conveyed to the 

screws. The flexible frame feeders (Schenk Accurate Purefeed AP 300, Brabender FW 18 and 40) had 

flexible hoppers and an open spiral single screw. These designs were more successful than a twin-

screw K-Tron feeder in achieving the desired capacity (FW 40) and delivering a consistent flow without 

manual intervention. This study clearly illustrated the impact of equipment variables such as hopper, 

agitator and screw design on the twin-screw feeding behavior but was limited to one material. Engisch 

and Muzzio presented a continuous feeding strategy for five components of a pharmaceutical 

formulation processed via a continuous direct compression system (Engisch and Muzzio, 2014). The 

applied methodology differed significantly from the approach presented in their earlier study (Engisch 

and Muzzio, 2012). During this case study, all feeder trials were performed in gravimetric mode at 
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specific flow rates differing for each powder. The selected flow rates depended on the composition of 

the formulation and the total flow rate of the continuous direct compression system. The feeding 

performance of all free-flowing powders could be optimized with minimal difficulty. In contrast, the 

feeding of magnesium stearate drifted due to its sensitivity to shear in the hopper and its tendency to 

coat metal tooling. Additionally, silicon dioxide adhered to the equipment due to its low density and 

strong electrostatic behavior. This case study illustrated the importance of material properties on twin 

screw feeding behavior. However, the feeding performance was not linked with any material 

characteristics and hence limited fundamental knowledge was acquired.  

Within the biomass industry, Falk et al. correlated the mass flow rate (variability) during screw feeding 

with the particle and bulk properties of biomass powders (Falk et al., 2015). Likewise, Wang et. al 

examined two methodologies, principal component analysis and partial least squares (PLS) regression, 

to establish correlations between the material properties of six catalyst powders and their feeder 

performance (Wang et al., 2017b). Both studies were limited in the number of evaluated materials, 

covered process ranges and characterized feeding equipment. Moreover, properties of catalyst and 

biomass powders differ significantly from pharmaceutical powders and consequently key findings of 

this work could not be extrapolated for use in drug product development. So far, research on screw 

feeding of pharmaceutical powders has primarily focused on case studies, where typically a trial-and-

error approach was applied to identify the optimal feeder set-up at a target flow rate.  

This work addresses the remaining gaps of previous feeding studies and aims to correlate the screw 

feeding behaviour with an extensive list of material characteristics for a wide range of pharmaceutical 

powders using multivariate models (Van Snick et al., 2018). This work aims to predict feeding 

behaviour based on the selected equipment and material characterization  

2 Materials 

Table 1 depicts the materials that were evaluated in this screw feeding study. The table also specifies 

the supplier and abbreviation of the materials as well as the experiments that were conducted for 

each material on both screw feeders. 
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Table 1: Overview of materials.  

Material Supplier Code Volumetric Gravimetric 

CF KT20 CF KT20 

Caffeine Anhydrous Powder BASF C_P X  X  

Spray Dried API Janssen API_sd X  X  

Mebendazole Janssen Meb_µ X X X X 

Metformine Regular Janssen M_R X X X X 

Metoprolol Micronized Utag Mpt_µ X  X  

Paracetamol Micronized Mallinckrodt APAP_µ X X X X 

Paracetamol Fine Mallinckrodt APAP_FP X  X  

Paracetamol Powder Mallinckrodt APAP_P X X X X 

Paracetamol Dense Powder Mallinckrodt APAP_DP X X X X 

Theophylline Anhydrous Micronized Mallinckrodt T_µ X  X  

SuperTab 11SD DFE 11SD X X X X 

Tablettose 80 Meggle T80 X  X  

Lactose 200M DFE 200M X X X X 

Pearlitol 100 SD Roquette SD100 X X X X 

Pearlitol 160 C Roquette 160C X    

Avicel PH-101 FMC PH101 X  X  

Avicel PH-102 FMC PH102 X X X X 

Avicel PH-105 FMC PH105 X X X X 

Avicel PH-200 FMC PH200 X  X  

Emcompress AN JRS DCP X X X X 

C*Pharmagel 03302 Cargill Pgel X    

Prosolv HD90 JRS HD90 X X X X 

Polyplasdone XL-10 Ashland XL10 X X X X 

Ac-Di-Sol SD711 FMC SD711 X X X X 

Kollidon CL-F BASF CLF X    

Kollidon CL BASF CL X X X X 

Texapon K 12P PH BASF SLS X X X X 

Aerosil 200 Pharma Evonik SiO2 X X X X 

Ligamed MF-2-V Peter Greven MgSt X X X X 

 

3 Equipment 

3.1 Screw feeders 

The loss-in-weight feeders characterized in this work are the GEA compact feeder (‘CF’, GEA, 

Wommelgem, Belgium) and K-Tron KT20 (‘KT20’, Coperion K-Tron, Niederlenz, Switzerland). Table 2 

provides an overview of the relevant technical features of each feeder. CF and KT20 were described 

in detail in our previous studies (B Van Snick et al., 2018b; B. Van Snick et al., 2017a, 2017b). Relevant 

features for this study are described below.  

3.1.1 CF 

A horizontal impeller rotates counter-clockwise at the bottom of the cylindrical hopper above the 

screws to ensure forced and consistent filling of the screw flights and prevent bridging in the hopper. 

The horizontal impeller and screws rotate at an 8:1 speed ratio. In this study, 2 cm pitch concave 
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screws were selected which have a volumetric feed factor of 4.86 (ml/screw rotation). The servo 

motor was configured with a 63:1, 235:1 or 455:1 gear reduction to operate the servo motor between 

900 and 8000 rpm. These gear reductions translate in a maximum screw rotation rate of 462, 124 and 

64 (rpm), respectively. 

Table 2: Overview of feeder specifications  

Equipment feature CF KT20 

Load cell range (Kg) 2 24 

Maximum screw speed (rpm) 462 746 

Volumetric feed factor (mL/revolution) 4.86 4.47 

Maximum volumetric output (L/h) 135 200 

Base hopper volume (L) 2 5 

Extension hopper volume (L) NA 20 

Max number of hoppers processed per h 67.5 8.0 

Agitator Horizontal Vertical 

 

3.1.2 KT20 

The feeder consists of a hemispherical base and cylindrical extension hopper, vertical agitator, twin 

screw conveying system and motor that rest together on a weighing bridge. A vertical agitator, which 

consists of two curved blades that match the profile of the bowl, travels through the powder bed in 

upward direction and aids the material to flow in the screws whilst moving downwards. In this study, 

2 cm pitch concave screws were selected which have a volumetric feed factor of 4.46. The motor was 

connected to a gearbox type A to yield a maximum screw rotation rate of 746 rpm. The vertical agitator 

rotates at 20% of the screw speed.  

3.2 External balance 

CF and KT20 have load cells that differ in capacity, accuracy and sensitivity. In addition, the feeders 

apply different filtering algorithms on the raw load cell signal to remove noise (e.g. introduced by the 

rotating equipment parts). Thus, comparing mass flow data extracted from different feeders impedes 

a fair and accurate comparison. Therefore, a container was placed on a gain-in-weight external catch-

scale (SFS24, K-sampler, Coperion K-Tron) to have a feeder-independent measurement of the mass 

flow rate. The catch-scale recorded the mass flow rate at 1s-intervals. The container was placed 40 

cm below the barrel of the feeder. Careful consideration was taken to isolate and minimize 

environmental disturbances on the load cells. 
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4 Methods 

4.1 Raw material characterization 

The raw materials included in this study were extensively characterized for their particle and bulk 

properties as described by Van Snick et al. (2018). This study proposed a set of particle and bulk 

descriptors that can be used for unit operation modeling, i.e. refined set of properties, which was 

the initial material descriptor set for this study. Table 3 depicts the characterization techniques, 

derived descriptors and utilized abbreviations.  

4.2 Data collection procedure 

A standardized procedure was followed during volumetric and gravimetric screw feeding trials. The 

screws were primed to achieve a pseudo and/or quasi steady state feed factor at the screw speed 

relevant for the trial. Subsequently, the hopper was manually filled to the maximum operational level 

of the CF and KT20 feeder. For each trial, the feeder and catch scale were synchronized to enable 

comparison of both data sources. In addition to catch scale data, the feeder screw speed (rpm), net 

weight (g), mode of operation (volumetric or gravimetric) and mass flow rate (g/s) data were acquired 

at 1s-intervals for KT20 and CF. Importantly, the logged flow rate data is a filtered signal of the raw 

load cell measurements of the catch scale. The feed factor (g/screw revolution) represents the amount 

of material that fits in a screw flight and can be calculated experimentally at any time point in the 

process through normalizing the mass flow rate for the screw speed (ωscrew). 

𝐹𝑒𝑒𝑑 𝑓𝑎𝑐𝑡𝑜𝑟 (
𝑔

𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛
) =

𝑀𝑎𝑠𝑠 𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 (
𝑔

𝑠
)

𝑆𝑐𝑟𝑒𝑤 𝑠𝑝𝑒𝑒𝑑 (
𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠

𝑠
)
       (1) 

Both feeding systems can be compared as they were systematically characterized through the same 

protocol using external mass flow data. Subsequently, the same data analysis was applied on both 

datasets. 
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Table 3: Overview of quantitative characterization techniques, corresponding descriptors and utilized abbreviations 

Characterization technique Descriptor Abbreviation 

Angle of repose (Granuheap) Drained angle of repose and cohesion AoR_GH, σr_GH 

Dispersion unit and faraday pail Charge-to-mass ratio CD 

Dynamic vapor sorption Moisture content in sorption cycle at 60 % relative humidity S60 

Flow through an orifice Flowrate FP 

FT4 powder rheometer 

Compressibility at 15 kPa and b in Kawakita equation C_15kPa, b 

Permeability at 1 and 15kPa k_1kPa, k_15kPa 

Permeability density susceptibility (slope) k_ρ_Sus 

Normalized aeration sensitivity NAS 

Normalized flow energy, flow energy and residual standard deviation flow energy nBFE, BFE, RSD_BFE 

Flow rate index and specific energy FRI, SE 

Residual flowability energy (index) and corresponding airflow AE_r (AI_Er), U_r 

Wall friction angle WFA_FT4 

Helium pycnometry True density and porosity ρtrue and ε 

Laser diffraction 10, 50 and 90% cumulative undersize of volumetric PSD dv10, dv50 and dv90 

Span of volumetric PSD dspan 

Loss on drying Moisture content LoD 

Nitrogen adsorption Specific surface area SSA 

Static image analysis Mean of numeric PSHD (i.e. AR, CV, HSCL and SL) ARmean, CVspan, HSCLmean, SLmean 

Tapping device Bulk and tapped density ρb, ρt 

Hausner ratio HR 

Ring shear tester 

Flow function coefficient, major principal stress and unconfined yield stress ffc, MPS, UYS 

Consolidated density-weighed flow ffp 

Cohesion тc 

Angle of internal friction, angle of internal friction steady state flow, effective angle of 

internal friction 
Фlin, Фsf, Фe 

Wall friction angle WFA_S 
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4.3 Feed factor analysis 

Based on first principles, the feed factor can be calculated as the product of the material density (g/ml) 

in the screw flight (ρscrew), the theoretical volume (ml) that is transported per screw revolution (Vscrew 

or volumetric feed factor) and the fraction of that volume available for transportation (εfill).  

𝐹𝑒𝑒𝑑 𝑓𝑎𝑐𝑡𝑜𝑟 (𝑡) = 𝜌𝑠𝑐𝑟𝑒𝑤(𝑡) ×  𝑉𝑠𝑐𝑟𝑒𝑤 × 𝜀𝑓𝑖𝑙𝑙(𝑡)      (2) 

Even if one assumes that εfill remains constant during steady state feeding, the central challenge to 

predict the feed factor based on first principles remains that both ρscrew and εfill are material dependent 

variables that currently cannot be accurately estimated through a characterization, experimental or 

model-based approach. Moreover, one relies on the equipment specifications to provide an accurate 

estimate of Vscrew. A commonly used approach is to assume that the complete volume of the screw is 

available for transportation (εfill = 1) and to substitute ρscrew for ρbulk throughout the entire run (i.e. 

theoretical feed factor estimation). However, previous studies indicated that the feed factor is a strong 

function of the net weight in the hopper (Van Snick et al., 2017; Van Snick et al., 2017a). Consequently, 

substituting ρscrew for the constant ρbulk proved to be an invalid assumption. Moreover, screw layering 

reduced the effective transport volume drastically. Therefore, the feed factor was experimentally 

evaluated as it lumps the above-mentioned variables into a single descriptor that can be related to 

material and process parameters. Feed factor versus net weight, referred to as feed factor profiles 

throughout the manuscript, were constructed for multiple feeder-process-material combinations. 

Normalization was performed for the dimensions of the hopper and density of the material. Therefore, 

the variable hopper fill level normalizes the actual weight in the hopper for the maximum weight, i.e. 

the weight of a full hopper.  

𝐹𝑖𝑙𝑙 𝑙𝑒𝑣𝑒𝑙 (𝑡) =
𝑁𝑒𝑡 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑡)

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑤𝑒𝑖𝑔ℎ𝑡
× 100        (3) 

4.4 Characterization of screw feeding behavior 

4.4.1 Experimental settings 

Volumetric feeding trials were performed to characterize the inherent feeding behavior of materials. 

During these trials, a fully filled feeder was emptied at a fixed screw speed to cancel out the impact of 

controller actions and elucidate the intrinsic relation between the materials, screw speed and feeder 

design. The screw speed capacity (SC) normalizes the screw speed by the maximum screw speed (i.e. 

462 and 746 rpm for the CF and KT20, respectively).  

𝑆𝑐𝑟𝑒𝑤 𝑠𝑝𝑒𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 =  100 ×
𝑆𝑐𝑟𝑒𝑤 𝑠𝑝𝑒𝑒𝑑 

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑠𝑐𝑟𝑒𝑤 𝑠𝑝𝑒𝑒𝑑 
      (4) 
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Table 4 depicts the selection of screw capacities for the volumetric feeding trials. The CF trials at 0.54 

and 2.77 % screw capacity were stopped when the elapsed time exceeded 1800 s. 

Table 4: Overview of experimental settings for trials in volumetric and gravimetric feeding mode.  

Experiment Variable CF KT20 

Volumetric feeding mode Screw capacity (%) 0.54, 2.77, 5, 10, 50 & 90 10, 50 & 90 

Gravimetric feeding mode Mass flow rate 

(Kg/h) 

0.1, 0.55, 1, 2, 6, 10, 20 and 30 Kg/h 

0.1, 0.55, 1, 2, 6, 10, 20 and 30 Kg/h  

4.4.2 Descriptors of the feed factor profile 

Suitable descriptors estimating hopper and feeding capacity, feed factor variability, feed factor decay 

and residual material in the hopper upon emptying were derived from the feed factor profiles to 

improve understanding of the feeding behavior.  

4.4.2.1 Residual material 

At the end of the volumetric feeding trial, the amount of material in the hopper was recorded just 

before the screws were exposed. This residual weight (W_min) was normalized by the maximum 

weight (i.e. W_max or weight of a full hopper) to express it as a residual volume fraction (FL_min) in 

the hopper (5). 

𝐹𝐿_ 𝑚𝑖𝑛 = 100 ×  
𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑤𝑒𝑖𝑔ℎ𝑡 

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑤𝑒𝑖𝑔ℎ𝑡
        (5) 

4.4.2.2 Capacity 

All screw feeding processes have a preferred window of operation where the feed factor remains at 

its pseudo- and/or quasi-steady state where its value is independent of the fill level in the hopper. In 

this regime, limited controller actions are required to accommodate for drifts in the feed factor. 

Therefore, feeders are typically refilled when the fill level reaches the lower boundary of its stable 

feed factor window (i.e. W_refill) to fill the hopper back to its maximum level (100 % hopper fill or 

W_max). The average feed factor in this specific fill level window was defined as the maximum feed 

factor (i.e. FF_max).  

It is also paramount to understand how far feeders can be emptied before the mass flow rate 

requirements are no longer met. Therefore, the feed factor value at minimal fill level (FL_min) was 

defined as the minimal feed factor (i.e. FF_min). 

Both the maximum (i.e. FF_max) and minimum feed factor (i.e. FF_min) were directly derived from 

the feed factor profiles. Besides, the average feed factor (i.e. FF_mean) across the entire feed factor 
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profile was calculated to have a central feed factor estimate. The mass flow rate from a feeder can be 

described mathematically via equation 6 by substituting equation 2 in equation 1  

𝑀𝑎𝑠𝑠 𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 = 𝜌𝑠𝑐𝑟𝑒𝑤 × 𝑉𝑠𝑐𝑟𝑒𝑤 × 𝜀𝑓𝑖𝑙𝑙 × 𝜔𝑠𝑐𝑟𝑒𝑤      (6) 

This allows to estimate the maximum flow rate of the feeder (i.e. capacity) when it operates within 

the preferred fill level window (equation 7) and when the hopper is quasi empty (equation 8). Both 

equations work under the assumption that the feed factor does not depend on the screw speed.  

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑟𝑒𝑓𝑖𝑙𝑙 𝑤𝑖𝑛𝑑𝑜𝑤 (
𝑔

𝑠
) = 𝐹𝐹𝑚𝑎𝑥  (

𝑔

𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛
) ×  𝑀𝑎𝑥 𝑠𝑐𝑟𝑒𝑤 𝑠𝑝𝑒𝑒𝑑 (

𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠

𝑠
)  (7) 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑞𝑢𝑎𝑠𝑖 𝑒𝑚𝑝𝑡𝑦  (
𝑔

𝑠
) = 𝐹𝐹𝑚𝑖𝑛 (

𝑔

𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛
) ×  𝑀𝑎𝑥 𝑠𝑐𝑟𝑒𝑤 𝑠𝑝𝑒𝑒𝑑 (

𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠

𝑠
)  (8) 

Once a theoretical (𝐹𝐹 =  𝜌 × 𝑉 × 𝜀 ) or experimental estimate of FF_max is available, equation 9 

allows to calculate the required screw speed setpoint (ω setpoint) to approximate the mass flow rate 

setpoint. This allows selecting the optimal gear reduction for gravimetric feeding trials. 

𝜔 𝑠𝑒𝑡𝑝𝑜𝑖𝑛𝑡 (
𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠

𝑠
) =

𝑀𝑎𝑠𝑠 𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 𝑠𝑒𝑡 𝑝𝑜𝑖𝑛𝑡 (
𝑔

𝑠
)

𝐹𝐹_𝑚𝑎𝑥 (𝑔/𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛)
      (9) 

4.4.2.3 Feed factor decay 

The feed factor depends strongly on the net weight in the hopper (Van Snick et al., 2017; Van Snick et 

al., 2017a; Wang et al., 2017). The extent of feed factor decay can be quantified through the relative 

standard deviation of the feed factor across the entire profile (FF_RSD, equation 10). This descriptor 

lumps all sources of feed factor variation and assumes that the feed factor decay contributes more to 

the total feed factor variability than a short deviation around the local average of the feed factor.  

𝐹𝐹𝑅𝑆𝐷 = 100 × 
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 (𝑓𝑒𝑒𝑑 𝑓𝑎𝑐𝑡𝑜𝑟)

𝑀𝑒𝑎𝑛 (𝑓𝑒𝑒𝑑 𝑓𝑎𝑐𝑡𝑜𝑟)
       (10) 

The maximum difference in density at the screw inlet can be estimated using the difference between 

the minimum and maximum feed factor. This difference is normalized by the maximum feed factor 

value to provide an estimate of the compressibility, i.e. relative change in the powder density at the 

screw inlet (FF_CI, equation 11). 

𝐹𝐹_𝐶𝐼 = 100
𝐹𝐹_𝑚𝑎𝑥−𝐹𝐹_min 

𝐹𝐹_max 
         (11) 

Wang et al described the feed factor versus weight profiles through a modified Heckel model but no 

experimental or simulation data were provided as proof of concept in their study (Wang et al., 2017). 

Their model was modified in this study to deal with material residues that remain in the hopper upon 

emptying (equation 12).  
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𝐹𝐹(𝑤(𝑡)) = 𝐹𝐹𝑚𝑎𝑥 − (𝐹𝐹𝑚𝑎𝑥 − 𝐹𝐹𝑚𝑖𝑛)𝑒(−𝐾(𝑊(𝑡)−𝑊min ))     (12) 

The equation can be re-written to describe feed factor versus fill level (FL) profiles (equation 13). 

𝐹𝐹(𝐹𝐿(𝑡)) = 𝐹𝐹𝑚𝑎𝑥 − (𝐹𝐹𝑚𝑎𝑥 − 𝐹𝐹𝑚𝑖𝑛)𝑒(−𝑃(𝐹𝐿(𝑡)−𝐹𝐿_𝑚𝑖𝑛))     (13) 

The variables FF_max, FF_min, W_min and FL_min were derived from the feed factor profiles. The 

constants K and P describe the exponential decay of the feed factor between its maximum and 

minimum value as a function of weight and fill level, respectively. These constants were regressed 

from the respective profiles using the curve fitting toolbox in Matlab (Mathworks, Natick, 

Massachusetts, USA). The constant K is a lumped variable which depends on the pressure-density 

susceptibility of the material and the geometry of the equipment. As P is independent of the maximum 

weight in the hopper, it describes more fundamentally how susceptible the density was towards the 

fill level of the hopper. The mean absolute percentage error (M) was calculated using equation 14 to 

quantify model accuracy of the feed factor versus weight (equation 12) and fill level (equation 13) 

model which were depicted as M_K and M_P, respectively. This allows to understand for which 

materials the proposed model can be applied.  

𝑀 =
100

𝑛
 ∑ |

𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙−𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛

𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙
|𝑛

𝑡=1        (14) 

4.4.2.4 Feed factor variability 

The relative standard deviation on the maximum feed factor (FF_max_RSD) represents the variability 

in a fill level window where no feed factor drift is present.  

As an alternative approach, the short-term feed factor variability was estimated using the moving 

relative standard deviation as this makes the feed factor variability less susceptible to any feed factor 

drift. Therefore, the local relative standard deviation was calculated on a window of ten consecutive 

feed factors. This window was moved across the entire feed factor profile to yield the local relative 

standard deviation on the feed factor at each point of the profile. Next, the mean of these local relative 

standard deviations was calculated using equation 15. 

𝐹𝐹_𝑀𝑜𝑣_𝑅𝑆𝐷  = 𝑀𝑒𝑎𝑛(100
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝐹𝐹 𝑤𝑖𝑛𝑑𝑜𝑤 1

𝑀𝑒𝑎𝑛 𝑤𝑖𝑛𝑑𝑜𝑤 1 
; … ;  100

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝐹𝐹 𝑤𝑖𝑛𝑑𝑜𝑤 𝑛

𝑀𝑒𝑎𝑛 𝑤𝑖𝑛𝑑𝑜𝑤 𝑛
)

            (15) 

A third approach was to correct for the decay of the feed factor profiles. Therefore, the first step was 

to fit a polynomial through the feed factor profile using the curve fitting toolbox (Matlab, Mathworks, 

Natick, Massachusetts, USA). Next, the residuals of fit were determined which represent the deviation 

between fit and experimental feed factor profile. The relative standard deviation of these residuals 

was calculated (Res_RSD). 
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4.4.2.5 Characterization of disturbances 

Importantly, the relative standard deviation assesses only the amplitude and not the frequency of the 

mass flow deviation (Meier et al., 2016). Therefore, each disturbance in the residual time series (i.e. 

each deviation between experimental and polynomial fit as a function of time) was characterized for 

its duration (Res_D), area under the curve (Res_AUC) and amplitude (Res_A) of the rectangle with 

equal area under the curve using equation 16 and 17.  

𝑅𝑒𝑠_𝐴𝑈𝐶 =   ∫ 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠(𝑡)𝑑𝑡
𝑡 𝑒𝑛𝑑 𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒

𝑡 𝑠𝑡𝑎𝑟𝑡 𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒
      (16) 

𝑅𝑒𝑠_𝐴 =  
𝐴𝑈𝐶

𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒
         (17) 

4.5 Characterization of screw feeding performance 

The performance in gravimetric feeding mode depends on the intrinsic stability of the mass flow rate 

and the corrective action of the controller. A feeding error occurs when the mass flow rate value 

differs from its set point due to a variation in ρscrew or εfill. Based on this error, the controller will 

manipulate the screw speed (ωscrew) to maintain a constant mass flow rate.  

4.5.1 Experimental settings 

The screws were primed before calibrating the feed factor in triplicate at the target mass flow rate 

with a full hopper. Subsequently, the feeder was run in gravimetric feeding mode until a full hopper 

ran empty or the elapsed time exceeded 20 min. Common mass flow rate set points (0.1, 0.55,1, 2, 6, 

10, 20 and 30 kg/h) were selected for both feeders (Table 4). Standard PID control settings were 

applied: Tc multiplier 3 and aggressive control for CF and KT20, respectively. All data analysis was 

performed on the part of a gravimetric feeding trial that was in pseudo- and/or quasi-steady state.  

4.5.2 Descriptors of gravimetric feeding performance 

The mass flow rate was normalized by the mass flow set point to yield the percentage label claim 

dispensed by the feeders. Subsequently, the relative deviation from target was calculated as a function 

of time. The feeding accuracy was quantified as the mean relative deviation. Due to its simplicity, the 

relative standard deviation on the percentage label claim dispensed by the feeder is the most widely 

employed descriptor of the gravimetric feeding performance (Cartwright et al., 2013; Engisch and 

Muzzio, 2014, 2012; Falk et al., 2015; Meier et al., 2016; Van Snick et al., 2017b; Wang et al., 2017). 

To characterize the disturbances in the relative deviation time series, the duration, amplitude and AUC 

of the observed deviations were characterized using equation 16 and 17. The relative deviation of the 

tablet potency could be calculated through convoluting the residence time distribution of the system 

with the feeder relative deviation timeseries (Matlab, Mathworks, Natick, Massachusetts, USA). 



Chapter 7 

246 

4.6 Modeling the impact of raw material properties on screw feeding 

The data matrix of particle and bulk properties was concatenated with the corresponding feeding 

process parameters and descriptors to compile a data matrix that was subjected to multivariate 

analysis. The material properties and process parameters were considered as variables, while the 

screw feeding descriptors were treated as responses. The constructed datasets were specific for the 

screw feeding equipment to avoid inclusion of qualitative variables in the model. Each dataset was 

pre-treated prior to PLS regression: unit variance scaling was applied which re-scales the variability of 

the different variables to equalize the importance of the standard deviation within a variable. Next, 

log transformation was applied on non-normally distributed responses. Subsequently, partial least 

square (PLS) regression modeling was performed in SIMCA 14.1 (Umetrics, Umeå, Sweden).  

5 Results and discussion 

5.1 Theoretical feed factor  

A direct relation between the observed and theoretical feed factor was found for both feeders which 

confirms our previous assumption, based on a limited dataset, that bulk density regulates the amount 

of product that is dispensed per screw revolution (Figure 1) (Van Snick et al., 2017b, 2017a).   
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Figure 1: Observed versus predicted maximal feed factor (FF_max). The feed factor was predicted 

through the product of bulk density and displaced volume per screw revolution (dashed line: - - - -). 

Top: CF, Bottom: KT20.   
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However, the feed factor for CF was consistently lower compared to the theoretical estimate, whereas 

for KT20 most runs scattered around this estimate (equation 2). No major differences in layering of 

the screw and/or barrel were observed between both feeders. Furthermore, the material density in 

the screw flight is likely not reduced below the loose bulk density. Consequently, the most plausible 

root cause for overestimating the feed factor is an inaccurate value of the displaced volume per screw 

revolution. Furthermore, the theoretical feed factor over- and under-estimated the actual feed factor 

for certain materials. For instance, materials that compress easily (such as APAP_P) can densify in the 

screws which results in a higher amount of material transported per screw revolution compared to 

the theoretical estimate based on bulk density. Remarkably, this was more pronounced for KT20 

compared to CF, presumably due to the higher normal load at the bottom of the KT20 hopper due to 

its larger volume. Alternatively, the downward stroke of the vertical impeller of KT20 could have 

densified APAP_P upon guiding it to the screw. In contrast, the horizontal impeller of CF rotates above 

the screw, hence no vertical forces are applied that could densify the material. Materials that adhered 

to the screw (such as Meb_µ and MPT_µ) showed a reduced effective transport volume with a 

significantly lower observed feed factor compared to the theoretical estimate. Thus, an empirical 

calibration between material properties and feed factor is recommended for each screw type.  

5.2 Feed factor profile characterization  

5.2.1 CF 

Figure 2 and 3 depict the experimental and simulated feed factor profiles of the different materials 

for CF (using equation 12). The profiles were distributed from left to right and top to bottom based on 

increasing values for mean absolute percentage error between experimental data and model fit (i.e. 

M_K). In general, the feed factor strongly depended on the net weight in the hopper. The maximum 

feed factor was observed for a full hopper. Subsequently, the feed factor remained relatively stable 

during emptying until a material-specific hopper fill level was reached. Below this level, the feed factor 

decreased gradually towards the minimal feed factor. The reduction in compression at lower net 

weight reduced the density at the screw inlet which caused the feed factor to decay (Van Snick et al., 

2017; Van Snick et al., 2017a). Several observations can be derived from these feed factor profiles.  

The maximum feed factor for CF varied between 0.15 (i.e. SiO2) and 3.05 (i.e. M_R) g/revolution. The 

noise on the feed factor profiles tended to increase with a reduction in screw speed. Figure 4 depicts 

the feed factor variability as function of screw speed capacity and elucidates that an exponential 

increase in variability occurred below 5% screw speed capacity. However, the feed factor variability 

range at a low screw speed capacity suggests there is a strong impact of material properties.  
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Figure 2: CF: Experimental and simulated (−) feed factor profiles at 5 (○), 10 (○), 50 (○) and 90 (○) % 

screw capacity. Materials are ranked based on their average simulated error (M_K) which increases 

from left to right and top to bottom. The depicted materials have an M below 0.9%. 

For several materials, the feed factor decay only initiated close to the residual fill level in the hopper 

(e.g. T80, 11SD). In contrast, other materials displayed a more gradual decay that already started at 

higher fill level (e.g. around 50% for 200M and C_P).  

Materials T80 and 11SD yielded consistent feed factor profiles, irrespective of the screw speed 

capacity. Other materials such as PH200, PH102, PH101, 200M and PH105 displayed slightly more 

variation in the maximum feed factor without a clear relation to screw speed capacity. In contrast, the 

feed factor profiles for M_R, DCP, CL, SLS, XL10, API_SD and C_P shifted upwards (i.e. higher FF_max) 

at 5 % screw speed capacity, presumably because relatively more time was available to fill the screw 

flights upon rotation and/or less fluidization occurred upon screw rotation. Remarkably, the feed 
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factor profiles of SD7111 shifted upwards with an increase in speed. The latter could be attributed to 

densification or improved flow at higher screw speed. The irregular feed factor profiles of very 

cohesive materials indicated that poor material flow which can impede complete screw filling and 

cause the feed factor to vary accordingly. Moreover, the higher deviation of simulated profiles 

suggests screw filling of very cohesive materials is constrained through material flow rather than 

pressure/density sensitivity (e.g. MPT_µ).  

 

Figure 3: CF: Experimental and simulated (−) feed factor profiles at 5 (○), 10 (○), 50 (○) and 90 (○) % 

screw capacity. Materials are ranked based on their average simulation error (M_K) which increases 

from left to right and top to bottom. Materials XL10, PH105, API_SD, C_P, APAP_P, MgSt, T_µ have 

an M value in between 0.9% and 4.8 %.   
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Both the residual hopper volume and material density regulated the residual amount of material in 

the hopper. The residual amount increased for very cohesive powders due to accumulation of material 

on top of the horizontal impeller or adhesion to the hopper walls. For example, APAP_F (ffc = 0.92) 

and CLF (ffc = 5.53) are classified as not and easy flowing and have a comparable density (ρb=0.26 and 

0.24 g/mL, respectively) which translated in a residual amount of 0.31 and 0.04 Kg for APAP_F and 

CLF, respectively. The very cohesive APAP_F rested on top of the impeller and adhered to the hopper 

wall, thereby occupying a larger volume in the hopper at the end of the feed factor profile. In contrast, 

for easy to free-flowing materials an increase in density (e.g. CLF with a ρb = 0.24 g/mL compared to 

DCP with a ρb = 0.68 g/mL) resulted in a higher residual amount of material (0.04 and 0.17 Kg, 

respectively).  

 

Figure 4: Left: feed factor variability as a function of screw speed capacity for CF (○) and KT20 (○). 

Right: normalized feed factor profile for DCP (dashed line) and SLS (full line) at 10 (--), 50 (--), 90 (--) % 

screw capacity in KT20. 

5.2.2 KT20 

Figure 5 depicts the experimental and simulated feed factor profiles of the KT20. Interestingly, some 

materials behaved similarly in both screw feeders. For instance, the maximal feed factor for SiO2 and 

M_R was 0.1 and 3 g/revolution, respectively. The 11SD powder displayed limited variation in its 

maximal feed factor and the extent of decay. In contrast, other materials displayed distinct feeding 

behavior on KT20. For example, the feed factor profile of 200M and APAP_P shifted significantly 

downwards at higher screw speed capacity, probably because the material did not flow sufficiently 

well to fill a rapidly rotating screw. Remarkably, other cohesive materials behaved differently: the 

profile of Meb_µ shifted upwards at higher screw speed capacity, presumably because the material 

flowed better under the higher shear stress induced by the high screw and impeller speed.  
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Figure 5: KT20: Experimental and simulated (−) feed factor profiles for KT20 at 10 (○), 50 (○) and 90 (○) % screw 

capacity. Materials are ranked based on their average simulation error (M) which increases from left to right and 

top to bottom. Material SD711 to CL: M ≤ 1.2%, 200M to APAPP: M < 5%, APAP_µ - Meb: M ≈ 18%  
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This behavior was not observed with the CF, it suggests that screw filling was more complete at high 

screw speed when the powder was metered in the screw flight via a horizontal impeller. For DCP and 

SLS, the feed factor decreased also gradually until the feed factor increased again around 7.5 and 3.75 

Kg, respectively. Subsequently, the feed factor continued its decay. Comparing the normalized feed 

factor profiles of both materials (Figure 4, right) illustrated that the sudden increase in feed factor 

occurred in between 35 and 25 % fill level, which corresponds to a volume of 8.75 and 6.25 L, 

respectively. Interestingly, the highest position of the vertical impeller occupies a hopper volume of 

7L. Moreover, our previous manuscript (Van Snick et al., 2018b) elucidated the material flow 

transitioned from plug- to mixed-flow on average at a hopper volume of 7.25 L. Therefore, the 

observed feed factor dynamics are probably related to the change in material flow when the powder 

bed height transitioned from the extension to the upper position of the vertical impeller and then 

further towards and through the base hopper. The initial decay can be attributed to the reduction in 

compressive pressure upon emptying of the extension hopper. The sudden increase in feed factor 

occurred when the vertical impeller started to reach the air-powder interface in its upward position 

and impacted the powder bed in its downward motion, which may have densified the power bed and 

increased the feed factor accordingly. For the fragmenting DCP, it is hypothesized the repeated impact 

may have generated fine particles that could fill the interparticle voids and caused the powder bed to 

densify accordingly (Patel et al., 2006). Subsequently, the continued reduction in compressive 

pressure reduced the feed factor further upon emptying of the base hopper. 

Remarkably, the amount of displaced APAP_µ per screw revolution at 10 % screw speed capacity 

reduced until no material flow was observed close to 50% fill level. This was attributed to bridging and 

ratholing in the hopper which prevented the material from flowing into the screw.  
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5.3 CF: Partial least square regression modeling 

Table 5 depicts the derived responses for volumetric and gravimetric feeding trials.  

Table 5: Overview of responses in volumetric and gravimetric feeding mode.  

Experiment Response type Response 

Volumetric feeding mode 

Residual material 
FL_min 

W_min 

Capacity 

FF_max 

FF_min 

FF_mean 

Feed factor decay 

FF_RSD 

FF_CI 

K 

P 

M_K 

M_P 

Screw filling consistency 

FF_max_RSD  

FF_Mov_RSD 

Res_RSD 

Res_A 

Res_D 

Res_AUC 

Gravimetric feeding mode 

Accuracy Mean relative deviation 

Disturbance characterization 

Res_RSD 

Res_A 

Res_D 

Res_AUC 

 

Table 6 provides an overview of the constructed chemometric models and the specific variables and 

responses that were included in all models. As well as their goodness of fit and prediction. 
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Table 6: Overview of goodness of fit (R2Y) and prediction (Q2Y) 

 

 

Model Variables  Responses PCs R2Y (%cum) Q2Y (% cum) 

PLS_FF_CF_1 

Material properties: 
Table 2 
Screw speed capacity: 
5-90%   

Cfr. table 5 

1 29 27 

2 38 35 

3 46 40 

4 50 43 

PLS_FF_CF_2 

Material properties: 
dv50, ARmean, SLmean 
ρb, ρt, HR, ε 
ffc, ffp, τc, Ѱlin, WFA_S 
C_15kPa 
k_15kPa 
Screw speed capacity: 
5-90% 

Cfr. Table 5 

1 32 30 

2 39 37 

3 44 40 

4 45 41 

PLS_FF_CF_3 

Material properties: 
Table 2 
 
Screw speed capacity: 
0.54-90%   

FF_max 
W_max 
FF_max_RSD 
FF_Mov_RSD 
 Res_A 
Res_AUC 
Res_D 
Res_RSD 

1 36 35 

2 46 43 

3 67 61 

4 68 67 

PLS_FF_CF_4 

Material properties: 
dv50, ARmean, SLmean 
ρb, ρt, HR, ε 
ffc, ffp, τc, Ѱlin, WFA_S 
C_15kPa 
k_15kPa 
 
Screw speed capacity: 
0.54-90% 

FF_max 
W_max 
FF_max_RSD 
FF_Mov_RSD 
Res_A 
Res_AUC 
Res_D 
Res_RSD 

1 41 39 

2 63 56 

3 72 65 

4 73 66 

PLS_FF_CF_5* Cfr PLS_FF_CF_4 + SC*SC Cfr PLS_FF_CF_4 4 78 73 

PLS_FF_KT20_1 

Material properties: 
Table 2 
 
Screw speed capacity: 
10-90%   

Table 5 

1 33 27 

2 47 39 

3 57 43 

4 63 45 

PLS_FF_KT20_2 

Material properties: 
dv50, ARmean, SLmean 
ρb, ρt, HR, ε 
ffc, ffp, τc, Ѱlin, WFA_S 
C_15kPa 
k_15kPa 
 
Screw speed capacity: 
10-90%   

FF_max 
W_max 
FF_max_RSD 
FF_Mov_RSD 
Res_A 
Res_AUC 
Res_D 
Res_RSD 

1 37 33 

2 49 41 

3 57 46 

4 62 49 
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Table 7 and 8 summarize the effects for the significant coefficients in the multivariate models. A PLS 

feed factor profile model (PLS_FF_CF_1) was constructed to link the material properties and screw 

speed with all feed factor profile descriptors. This model included all feeding trials ≥ 5% screw speed 

capacity for which an entire feed factor versus weight profiles was recorded. Consequently, all feeding 

descriptors could be included in the model. In PLS_FF_CF_2, the performance of the PLS model was 

verified when only a minimal set of key particle and bulk properties were selected for modeling the 

same feeder dataset. The entire feeder dataset (i.e. all screw speed capacities) was included in 

PLS_FF_CF_3. As feeding trials < 5% screw speed capacity were intentionally stopped after 1200 s, 

only a partial feed factor versus weight profile could be derived for such settings. Consequently, only 

the capacity (FF_max and W_max) and variability (i.e. FF_max_RSD, FF_Mov_RSD, Res_RSD, Res_A, 

Res_D and Res_AUC) related descriptors could be included in PLS_FF_CF_3. The predictive capability 

of a minimal set of key particle and bulk properties was verified in PLS_FF_CF_4. The previous model 

was upgraded through inclusion of a squared term for screw speed capacity, i.e. PLS_FF_CF_5.  
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Table 7: Overview of coefficients for PLS_FF_CF_1 and 2. Variables with significant coefficients above 

0.05 were reported. Significance was determined using a 90% confidence level.  

Response PLS_FF_CF_1 PLS_FF_CF_2 

FF_Max ε 
RSD_BFE 
SE 
nBFE 
S60 

-0.14 
-0.08 
-0.07 
-0.06 
-0.06 

ρt 
ρb 
BFE 
AE_r 
AoR_GH 
dv50 
ρtrue 
ffp 
dv90 

0.25 
0.24 
0.09 
0.09 
0.09 
0.08 
0.08 
0.08 
0.08 

ε 
ffc 

-0.22 
-0.06 

ρt 
ρb 
ffp 
k_15kPa 

0.32 
0.31 
0.11 
0.07 

FF_Mean ε 
RSD_BFE 
SE 
nBFE 
S60 

-0.13 
-0.07 
-0.07 
-0.06 
-0.06 

ρt 
ρb 
BFE 
dv50 
ffp 
AE_r 
ρtrue 
dv90 
AoR_Gh 

0.24 
0.23 
0.09 
0.08 
0.08 
0.08 
0.08 
0.08 
0.08 

ε 
WFA_S 

-0.20 
-0.07 

ρt 
ρb 
ffp 
k_15kPa 
dv50 

0.30 
0.29 
0.11 
0.08 
0.07 

FF_Min ε 
RSD_BFE 
SE 

-0.11 
-0.07 
-0.06 

ρt 
ρb 
BFE 
dv50, dv90 
ffp 
ρtrue 
AE_r 
AoR_GH 

0.21 
0.21 
0.08 
0.08, 
0.07 
0.08 
0.08 
0.06 

ε 
WFA_S 
C_15kPa 

-0.17 
-0.07 
-0.05 

ρt 
ρb 
ffp 
k_15kPa 
dv50 

0.26 
0.25 
0.11 
0.09 
0.09 

W_max ε 
RSD_BFE 
S60 
LOD 

-0.13 
-0.08 
-0.06 
-0.06 

ρt 
ρb 
BFE 
AE_r 
ffp 
dv50, dv90 
AoR_GH 
ρtrue 

0.24, 
0.23 
0.11 
0.09 
0.08 
0.07, 
0.07 
0.07 

ε 
ffc 

-0.22 
-0.07 
 

ρt 
ρb 
ffp 
k_15kPa 
τc 

0.32 
0.32 
0.11 
0.07 
0.06 

FF_RSD ρt 
ρb 
dv50 
dv90 
dv10 
ffp 

-0.08 
-0.07 
-0.07 
-0.07 
-0.07 
-0.06 

SE 
nBFE 
WFA_S 
Ѱsf 
WFA_FT4 

0.08 
0.07 
0.07 
0.06 
0.06 

dv50 
k_15kPa 
ffc 
ffp 

-0.16 
-0.10 
-0.10 
-0.08 

WFA_S 
C_15kPa 
τc 

0.17 
0.11 
0.11 
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Response PLS_FF_CF_1 PLS_FF_CF_2 

FF_CI dv50 -0.06 SE 0.06 dv50 
ffc 
k_15kPa 
ffp 

-0.15 
-0.11 
-0.10 
-0.09 

WFA_S 
τc 
C_15kPa 

0.12 
0.12 
0.12 

K k_ρ_Sus 
BFE 

-0.11 
-0.07 

SSA 
b 

0.11 
0.07 

ρt 
ρb 
SC 
dv50 
τc 

-0.19 
-0.17 
-0.11 
-0.06 
-0.06 

ε 
WFA_S 
ffc 
Ѱlin 

0.13 
0.10 
0.07 
0.06 

FF_mov_RSD ρt 
ρb 
dv90 
dv50 

-0.08 
-0.07 
-0.07 
-0.06 

WFA_S 
WFA_FT4 
SE 
CVmean 
ε 
nBFE 

0.08 
0.07 
0.06 
0.06 
0.06 
0.06 

ρt 
dv50 
ρb 
ffp 

-0.12 
-0.11 
-0.09 
-0.07 

WFA_S 
ε 
C_15kPa 

0.17 
0.08 
0.06 

FF_max_RSD ρt 
ρb 
FRI 
dv90 
dv50, 
dv10 
AoR_GH 
HR 
NAS 

-0.12 
-0.11 
-0.08 
-0.07 
-0.07 
-0.06 
-0.07 
-0.06 
-0.06 

nBFE 
SE 
WFA_S 
WFA_FT4 
ε 
CVmean 
Ѱsf 
MPS 

0.12 
0.10 
0.08 
0.08 
0.07 
0.06 
0.06 
0.06 

HR 
dv50 
ρt 
k_15kPa 

-0.18 
-0.16 
-0.09 
-0.08 

WFA_S 0.22 

Res_RSD ρt 
ρb 
dv90, 
FRI 
dv50 
HR 
AoR_GH 
dv10 

-0.12 
-0.10 
-0.07 
-0.07 
-0.07 
-0.06 
-0.06 
-0.06 

nBFE 
SE 
WFA_S & 
FT4 
ε 
CVmean 
Ѱsf 

0.11 
0.09 
0.08 
0.07 
0.07 
0.06 
0.06 

HR 
dv50 
ρt 
k_15kPa 
ρb 

-0.20 
-0.18 
-0.10 
-0.08 
-0.06 

WFA_S 0.24 

Res_A ρt 
ρb 
dv90 
HR 
dv50 

-0.10 
-0.08 
-0.07 
-0.06 
-0.06 

nBFE 
WFA_S 
SE, ε 
WFA_FT4 
CVmean 

0.09 
0.08 
0.07 
0.07 
0.06 

dv50 
ρt 
k_15kPa 
ρb 

-0.15 
-0.10 
-0.07 
-0.07 

WFA_S 0.21 

Res_D FRI 
NAS 
HR 

-0.08 
-0.07 
-0.06 

nBFE 
SE 
Ѱsf 

0.11 
0.08 
0.06 

HR 
k_15kPa 

-0.16 
-0.06 

WFA_S 0.19 

Res_AUC ρt 
ρb 
FRI 
AoR_GH 
NAS 
HR 

-0.11 
-0.09 
-0.08 
-0.07 
-0.06 
-0.06 

nBFE 
SE 
ε 
Ѱsf 

0.11 
0.08 
0.06 
0.06 

HR 
ρt 
k_15kPa 

-0.16 
-0.06 
-0.06 

WFA_S 0.19 
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Response PLS_FF_CF_1 PLS_FF_CF_2 

W_min NAS 
FRI 

-0.06 
-0.06 

nBFE 0.07 Ffc 
ε 

-0.08 
-0.06 

ρt 
ρb 
τc 

0.10 
0.10 
0.07 

FL_min ρt 
ρb 
dv90 
dv50 
FRI 

-0.10 
-0.09 
-0.06 
-0.06 
-0.06 

nBFE 
SE 
WFA_S 
WFA_FT4 
ε 

0.09 
0.07 
0.07 
0.06 
0.06 

ρt 
dv50 
ρb 
ffp 

-0.09 
-0.08 
-0.06 
-0.06 

WFA_S 
ε 

0.15 
0.06 
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Table 8: Overview of coefficients in PLS_FF_CF_3 and 4. Significant variables above 0.05 were 

reported using a 90% confidence level 

Responses PLS_FF_CF_3 PLS_FF_CF_4 

FF_Max SSA 

ε 

RSD_BFE 

-0.12 

-0.11 

-0.06 

ρt 

ρb 

BFE 

dv90 

ffp 

dv50 

0.16 

0.15 

0.09 

0.08 

0.07 

0.06 

ε 

ffc 

-0.21 

-0.06 

ρt 

ρb 

ffp 

0.35 

0.34 

0.12 

W_Max SSA 

ε 

NAS 

-0.11 

-0.11 

-0.06 

ρt 

ρb 

BFE 

ffp 

dv90 

0.16 

0.13 

0.11 

0.07 

0.07 

/ 

ρt 

ρb 

ffp 

0.38 

0.37 

0.14 

FF_Mov_RSD SC 

ρt 

ρb 

dv50 

dv90 

-0.49 

-0.10 

-0.09 

-0.07 

-0.06 

/ 

SC 

dv50 

ffp 

-0.50 

-0.12 

-0.08 

WFA_S 0.11 

FF_max_RSD SC 

ρt 

ρb 

dv50 

dv90 

-0.61 

-0.10 

-0.09 

-0.08 

-0.07 

/ 

SC 

dv50 

ffp 

-0.61 

-0.14 

-0.07 

WFA_S 0.15 

Res_RSD SC 

ρt 

ρb 

dv50 

dv90 

-0.70 

-0.10 

-0.09 

-0.08 

-0.06 

/ 

SC 

dv50 

ffp 

-0.70 

-0.14 

-0.07 

WFA_S 0.15 

Res_A SC 

ρt 

ρb 

dv50 

dv90 

-0.69 

-0.10 

-0.09 

-0.08 

-0.06 

/ 

SC 

dv50 

ffp 

-0.70 

-0.12 

-0.07 / 

Res_D SC 

NAS 

LoD 

S60 

-0.19 

-0.06 

-0.06 

-0.06 

WFA_S 

Ѱsf 

0.06 

0.05 

SC -0.14 WFA_S 0.19 

Res_AUC SC 

ρt 

dv50 

ρb 

dv90 

-0.65 

-0.10 

-0.09 

-0.08 

-0.07 

/ 

SC 

dv50 

ffp 

-0.64 

-0.16 

-0.06 

WFA_S 0.18 
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5.3.1 Feed factor profile model: PLS_FF_CF_1 

5.3.1.1 Summary of fit 

A model with 4 PCs, explaining each 29, 9, 8 and 4% and predicting 27, 8, 5 and 3% of the variability, 

respectively, was constructed as inclusion of more PCs did not improve the predictability (Q²Y) of the 

model based on cross-validation. To construct this PLS model (PLS_FF_CF_1), redundant properties in 

our published raw material property database were excluded to avoid distortion of the model (Bernd 

Van Snick et al., 2018). 

An overview of the goodness of fit (R²Y) and prediction (Q²Y) of every response in PLS_FF_CF_1 is 

shown in Figure 6. Good R²Y and Q²Y values (>0.80) were obtained for the hopper (W_max) and screw 

feeding (FF_max, FF_mean, FF_min) capacity. Acceptable values (>0.40) were observed for feed factor 

decay descriptors (FF_RSD, FF_CI and K) and feed factor variability descriptors (FF_max_RSD, Res_RSD 

and FF_Mov_RSD). Low R²Y and Q²Y values (>0.2) were found for the descriptors of a feeding 

disturbance (Res_D, Res_AUC and Res_A) and the residual material in the hopper (FL_min and 

W_min). Inacceptable goodness of fit and prediction (R²Y and Q²Y values < 0.2) was identified for the 

feed factor decay constant of weight-normalized feed factor model (P). In addition, R²Y and Q²Y values 

below 0.2 were observed for the mean absolute percentage error between the feed factor decay 

models (M_K and M_P). 

5.3.1.2 Loading scatter plot and coefficients 

Figure 7 and 8 depict the PC1 vs PC2 and PC3 vs PC4 loading scatter plot of the CF feed factor profile 

model (PLS_FF_CF_1). Table 7 depicts the coefficients of significant variables included in this model. 

The screw speed capacity had neutral loadings for the first two PCs which indicates that the main part 

of the variability is due to variation in material properties and not to the screw feeding capacity.
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Figure 6: Overview of the goodness-of-fit (R2Y, top) and prediction (Q2Y, bottom). From left to right PLS_FF_CF_1 (⬛), PLS_FF_CF_2 (⬛), PLS_FF_CF_3 (⬛), 

PLS_FF_CF_4 (⬛), PLS_FF_CF_5 (⬛), PLS_FF_KT20_1 (⬛), PLS_FF_KT20_2 (⬛).  
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Figure 7: PC1 vs PC2 loading scatter plot of CF feed factor model (PLS_FF_CF_1). Variables and responses are indicated in green and blue, respectively  
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Figure 8: PC3 vs PC4 loading scatter plot of CF feed factor model (PLS_FF_CF_1). Variables and responses are indicated in green and blue, respectively.  
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5.3.1.2.1 Screw feeding and hopper capacity 

The descriptors related to screw feeding and hopper capacity (FF_max, FF_mean, FF_min and W_max) 

clustered in the bottom right corner of the PC1 vs PC2 loading scatter plot. These responses were 

primarily regulated by the density of the material (ρb and ρt). This is intuitive as the product of 

apparent density and hopper volume yields its maximum weight. Likewise, the screws displace a fixed 

volume per revolution and accordingly a higher density in the screw flight will translate in a higher 

amount of material in the screw flight. For screw feeding capacity (FF_max, FF_mean and FF_min), the 

particle size contributed positively to higher feed factor values. Probably, the better flow of larger 

particles ensured a more complete fill of the screw flight. In addition, larger particles tend to adhere 

less to metal surfaces which may have maximized the effective volume that is available for 

transportation. Descriptor ‘ffp’ lumps the flow function coefficient and density into one descriptor 

that contributed significantly to a higher maximal feed factor and hopper weight value. This illustrates 

that favorable flow properties in combination with a high density will ensure a complete fill of the 

screw. As the basic flowability energy (BFE) lumps the density and particle size of the material, a 

positive relation between BFE and screw feeding capacity could also be identified. The underlying 

relation between density and BFE made this material property significant towards capacity rather than 

a true underlying physical effect. In contrast, materials with a variable flow energy (RSD_BFE) and high 

normalized flow energy in a confined (nBFE) and unconfined environment (SE) had a significantly 

reduced feed factor. A high normalized flow energy indicates that a high amount of normalized energy 

is required to stir a blade into a vessel. Consequently, the normalized flow energy lumps the adhesive 

and cohesive forces that need to be overcome to induce material flow, indicating that materials which 

flow is inconsistent and hard to induce will typically yield an incomplete filling of the volume available 

for transportation. The residual energy during aeration (AE_r) exerted a small positive effect on the 

feeding and hopper capacity. As denser materials typically achieve a less complete fluidization, the 

significance of AE_r is presumably due to the underlying physical effect of density. Remarkably, 

materials with a high angle of repose, which are generally considered as cohesive, exerted a small 

positive impact on the feeding and hopper capacity. This can be attributed to a better packing of 

cohesive materials in the screw flight. The negative effect observed for porosity (ε) is presumably due 

to the intrinsic inverse correlation between porosity and density. In addition, porous materials could 

have a lower feed factor as they possess the intrinsic tendency to reduce in density due to permeation 

of air through the voids of the bed upon rotation of the screw. The moisture at 60% relative humidity 

exerted a small negative impact on FF_Max, FF_mean and W_max. Within the material dataset, 

hygroscopic materials often had a low density as these materials were of spray-dried and polymeric 
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nature (e.g. API_SD, CL, CL_F and XL10). Hence the negative effect of moisture was due to correlation 

where their low density caused the underlying effect  

5.3.1.2.2 Feed factor decay 

The relative standard deviation on the feed factor (FF_RSD) was directly related to the normalized 

difference between the maximum and minimum feed factor (FF_CI) and clustered on the left side of 

the loading scatter plot. Both descriptors provided an empirical quantification of the extent of feed 

factor decay. A high specific energy (SE), effective angle of shear failure (Ѱsf), normalized flow energy 

(nBFE) and wall friction (WFA_S and WFA_FT4) resulted in high values for FF_RSD. In contrast, a higher 

density (ρb and ρt), particle size (dv10, dv50 and dv90) and density-weighed flow (ffp) reduced the 

feed factor variation across the profile. These material descriptors are related as for instance cohesive 

and adhesive materials are often composed of small particles that form a loose bed.  

Interestingly, only the particle size and cohesion were significant material descriptors for FF_CI. This 

response is sensitive towards the maximal and minimal feed factor value compared to FF_RSD where 

all feed factor values were included in the calculation which enhanced its robustness.  

The feed factor model (equation 12) provides a constant of decay K. A feed factor profile with a high 

value for K retains its maximum feed factor longer upon emptying of the feeder, i.e. no gradual but 

steep decay at low hopper weight. Descriptor K was located in the top left corner of the PC1 vs PC2 

loading scatter plot which indicates that a high feed factor value (FF_max, FF_mean and FF_min) 

typically coincides with a low K value. The coefficients suggested that high surface area (SSA) 

contributed to high K values with SiO2, MgSt and PH105 as main drivers for this correlation. The 

extremely high SSA of SiO2 caused the coefficient of this descriptor to be significant for K, whereas 

MgSt (0.20 g/mL) and PH105 (0.32 g/mL) combined a low-density with a moderate (11.24 m2/g) to low 

(1.99 m2/g) SSA, respectively. This suggests that a relatively low density was the main driver for a high 

K value. This was confirmed through evaluating the constant of decay for the feed factor versus fill 

level profile (P). Here, the net weight was normalized by the maximum weight in the hopper (W_max) 

to yield the fill level. This indirect normalization for density made the contribution of all material and 

process parameters insignificant towards P, as suggested through its neutral position on the PC1 vs 

PC2 loading scatter plot. This hypothesis (i.e. density impacts the decay constant) will be further 

evaluated in PLS_FF_CF_2 where only a limited number of descriptors will be included.  

According to PLS_FF_CF_1, no material descriptors are significantly impacting the error between 

experimental and simulated feed factor versus weight (M_K) or fill level (M_P) profiles.  
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5.3.1.2.3 Feed factor variability 

A set of descriptors that quantify the magnitude of the feed factor deviation (FF_Mov_RSD, 

FF_max_RSD, Res_RSD, and Res_A) grouped on the left side of the PC1 vs PC2 and PC3 vs PC4 loading 

scatter plots. High values for these descriptors reflect an inconsistent mass flow which was mainly 

attributed to a high normalized flow energy (nBFE), cohesion (SE), wall friction angle (WFA_S and 

WFA_FT4) and porosity (ε) and to a low density (ρb and ρt) and particle size (dv50 and dv90). The 

adhesive properties associated with a high wall friction angle resulted in layering of the screws and 

adhesion to the hopper wall, eventually prohibiting the material to consistently flow into the screw 

flight. In addition, high cohesion can impede the material flow into the screw irrespective of its 

adhesive tendency. The normalized flow energy lumps the adhesive and cohesive forces that need to 

be overcome to induce material flow. The variables contributing to high nBFE values also deteriorated 

the feed factor variability which explained the positive impact of nBFE on FF_mov_RSD, FF_max_RSD, 

Res_RSD and Res_A. The coefficients indicated a negative effect of density on these responses which 

suggested that higher gravitational forces can improve the material to flow into the screw flight. In 

contrast, a high fraction of voids in the bed (high porosity) can vary the powder density in the screw 

flight, resulting in feed factor variability.  

A high normalized flow energy in a confined (nBFE) and unconfined environment (SE) significantly 

increased the mean duration (Res_D) of the disturbance. This suggested that materials which require 

more energy to flow will deviate for a longer time. In addition, a higher angle of internal friction at 

shear failure (Ѱsf) also resulted in longer deviations. In contrast, materials that are more sensitive 

towards aeration (NAS) deviated for a shorter time, suggesting that easy fluidizing materials are filling 

the screws more consistently over a short time window. Remarkably, FRI and HR, which are correlated 

with cohesion, exerted a negative impact on the duration of the disturbance. This observation is 

further evaluated in PLS_FF_CF_2.  

The normalized error (Res_AUC) was impacted by the variables that impact the amplitude and the 

duration (i.e. Res_A and Res_D).  

Positive loadings for screws speed capacity were observed in the third PC. An inverse yet insignificant 

relation between screw speed capacity and feed factor variability was identified (FF_max_RSD, Res_A, 

Res_AUC, Res_D and Res_RSD). The observed feed factor variability range was rather limited within 

the investigated screw speed capacity range (5-90 % SC). Therefore, the impact of screw speed 

capacity is further elucidated in PLS_FF_CF_3 and PLS_FF_CF_4 where its range was extended to 

0.54% which amplified the observed variability in screw filling to facilitate modeling.  
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5.3.1.2.4 Residual material or fill fraction in the hopper 

The PC1 vs PC2 loading scatter plot revealed that the residual volume fraction of the hopper (FL_min) 

correlated with the feed factor variability-related descriptors (FF_Mov_RSD, Res_RSD, FF_max_RSD 

and Res_A). Materials with a high WFA adhered to the screw and hopper wall, thereby increasing the 

residual fill level fraction in the hopper (FL_min). In addition, cohesive materials can increase the 

residual fraction by formation of a bridge or rathole that does not collapse upon emptying of the 

hopper or by forming a heap on top of the impeller (figure 9). In contrast, dense materials reduce the 

residual volume fraction of the hopper (FL_min), presumably because they induce the flow in the 

screw due to the elevated gravitational force at the bottom of the hopper. A larger particle size also 

reduced the residual fill fraction, presumably due to its inverse relation with cohesion. The impact of 

material properties on the residual weight in the hopper (W_min) was more complex. As for FL_min, 

the residual weight in the hopper was influenced by the high normalized flow energy (nBFE) which 

increased the residual weight in the hopper through the adhesive and cohesive properties of the 

materials. In PLS_FF_CF_1, the material density was not identified as significant towards the residual 

material in the hopper as two different physical phenomena cancelled out: density elevated the 

gravitational forces which reduced the residual volume in the hopper, whereas a higher mass will be 

present in the volume that remained in the hopper. 

 

Figure 9: left: layering of hopper wall and screws (Meb), ratholing in hopper (MPT) and accumulation 

of material on top of impeller (Theo_µ).  
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5.3.1.3 Score scatter plot 

Figure 10 shows the PC1 vs PC2 score scatter plot of model PLS_FF_CF_1: the screw feeding trials 

clearly clustered based on the material properties. Along PC1, the position of the runs was mainly 

determined by the particle size (dv10, dv50 and dv90) and density-weighed flow (ffp) in the positive 

direction, and by compressibility (C_15kPa), cohesion (SE) and wall friction angle (WFA_S and 

WFA_FT4) in the negative direction. These material properties showed the strongest influence on the 

screw flight filling variability. In absolute numbers, the mean moving relative standard deviation on 

the feed factor exceeded 2.5 % for C_P, APAP_P, MgSt, T_µ, Meb_µ, SiO2, MPT_µ, APAP_µ and APAP_F 

which indicates that materials with strong negative score values for PC1 were clearly the most difficult 

to feed materials. Visual inspection of feed factor profiles, screws and hopper confirmed this 

observation (figure 3 and 10).  

Along PC2, the position of the runs was mainly determined by the normalized aeration sensitivity 

(NAS) and airflow of fluidization (U_r) in the positive and negative direction, respectively. Meaning 

that when the flow of a material is sensitive to the introduction of air, it will achieve more complete 

fluidization at a low air flow. Easy to fluidize powders (such as API_SD, XL_10, CLF and CL) possessed 

high PC2 scores values which suggests their hopper could be emptied more completely upon 

emptying.  

Additional properties need to be considered for interpretation of the PC2 score values. For instance, 

the material density had strong positive and negative values for the loadings of PC1 and PC2, 

respectively. Hence, high density materials (such as APAP_DP, Met and DCP) were situated in the 

bottom right quadrant of the PC1 vs PC2 score scatter plot whereas materials of low density such as 

SiO2 grouped in the top left corner. The effects of density translated directly in the feed factor 

(FF_max, FF_mean and FF_min) and maximum weight in the hopper (W_max). Thus, high density 

materials APAP_DP, MET and DCP had the highest feed factor (FF_max, FF_mean and FF_min), 

whereas SiO2, Meb and MPT showed the lowest feed factor.  

Besides the material properties, a moderate effect of the applied screw speed capacity was observed 

along PC3 (Figure 11). Experiments performed at low screw speed capacity showed stronger negative 

score values along PC3 as the lower screw speed resulted in pulsatory feeding behavior and 

accordingly in higher feed factor variability. 
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Figure 10: PC1 vs PC2 scores scatter plot of CF (PLS_FF_CF_1, left) and KT20 (PLS_FF_KT20_1, right) feed factor model. A different color was used for each 

material. Multiple screw capacities (5-90%) were characterized for each material.   
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Figure 11: PC3 vs PC4 scores scatter plot of CF feed factor model (PLS_FF_CF_1). The runs are labeled through the selected material and screw speed 

capacity. 
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5.3.2 Feed factor profile model using a minimal set of properties: PLS_FF_CF_2 

A minimal set of properties were included in PLS_FF_CF_2 to verify the predictive capability of the PLS 

model when resources allow only to perform minimal material characterization. The following 

material descriptors were included in the model: particle size (dv50) and shape (ARmean, SLmean), 

cohesion (τc), compressibility (C_15kPa), density (ρb and ρt), density-weighed flow (ffp), flow function 

coefficient (ffc), hausner ratio (HR), permeability (k_15kPa), porosity (ε), yield locus (Ѱlin) and wall 

friction angle (WFA_S). These descriptors can be derived through six characterization techniques: a 

graduated cylinder with tapping device, helium pycnometer, ring shear tester, FT4 powder rheometer, 

laser diffractor and static image analysis. Moreover, this selection covered to a large extent the 

descriptors that possessed the most relevant significant coefficients for the feed factor profile 

responses.  

5.3.2.1 Summary of fit 

A model with 4 PCs, explaining each 32, 7, 5 and 1 % and predicting 30, 7, 3 and 1 % of the variability, 

respectively, was constructed, indicating that no major loss of predictive performance occurred when 

less critical material attributes were omitted from the model. Moreover, Figure 6 illustrated that the 

individual responses could be predicted with similar performance, except for the decay constant (K) 

and residual weight (W_min) whose Q2Y values reduced moderately. Table 6 and 7 elucidated this is 

due to the exclusion of material attributes relevant for K: surface area (SSA), permeability-density 

susceptibility (k_ρ_Sus), flow energy (BFE) and the Kawakita compressibility constant (b). However, 

this correlation was mainly driven through inclusion of the unique properties of SiO2 which does not 

contribute to a robust predictive ability. Likewise, the critical material attributes for residual weight 

(W_min) were not included in PLS_FF_CF_2: normalized flow energy (nBFE), normalized air sensitivity 

(NAS) and flow rate index (FRI). Q2Y values of Res_AUC and Res_D were also slightly reduced due to 

the exclusion of NAS and FRI. However, these responses were only moderately (K) to poorly (W_min, 

Res_AUC and Res_D) predicted through model PLS_FF_CF_1. In addition, the most relevant responses 

for drug product development (i.e. screw feeding capacity and variability) can be predicted with 

similar performance through this reduced model which requires only a relatively limited set of 

material properties.  

5.3.2.2 Coefficients 

Table 7 depicts the coefficients of all variables included in PLS_FF_CF_2. In general, PLS_FF_CF_2 

confirmed the findings described in PLS_FF_CF_1 (section 5.3.1.2), yet some specific insights gained 

through PLS_FF_CF_2 are described below. 
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5.3.2.2.1 Screw feeding and hopper capacity 

Wall friction angle (WFA_S) exerted a negative impact on the mean (FF_Mean) and minimal feed 

factor (FF_Min). Materials with a high wall friction angle (Meb and MPT) tend to layer the screws, 

thereby reducing the effective volume available for transportation. Permeable materials possessed 

higher feed factors (i.e. for FF_max, FF_mean and FF_min) as they densified more easily due to the 

escape of air through the bed.  

5.3.2.2.2 Feed factor decay 

The effect of density on the experimental feed factor decay descriptors (FF_RSD and FF_CI) became 

insignificant. Instead, PLS_FF_CF_2 elucidated that the cohesion and compressibility (C_15kPa) 

exerted a positive effect, whereas flow function (ffc) and permeability (k_15kPa) exerted a negative 

effect on FF_RSD and FF_CI. A compressible material will densify more at the screw inlet at similar 

compressive pressure, causing a larger decay of the feed factor. PLS_FF_CF_2 confirmed that low 

density (ρb and ρt) and high porosity (ε) were the root cause for high values of decay constant K (and 

not b, BFE, k_ρ_Sus or SSA).  

5.3.2.2.3 Feed factor variability 

Model PLS_FF_CF_2 indicated that wall friction exerted a dominant effect on the feed factor variability 

(FF_max_RSD, Res_RSD, Res_A and Res_AUC) whereas the effect of cohesion turned insignificant. 

Hence adhesion to tooling exerts probably the most detrimental effect on the consistency of screw 

filling. Remarkably, permeability (k_15kPa) is an additional critical material attribute for feed factor 

variability: more permeable powders exhibited less variability as they transmitted air more easily 

through their bed which resulted in a more consistent density and consequently less feed factor 

variability. Moreover, a larger difference between tapped and bulk density (HR) reduced the feed 

factor variability as these powders pack more easily which leads to a higher yet more consistent 

density in the screw over a short time interval.  

5.3.2.2.4 Residual material or fill fraction in the hopper 

Model PLS_FF_CF_2 elucidated that density and cohesion exerted a negative impact on the residual 

weight in the hopper (W_min), whereas flow and porosity displayed the opposite effect. Cohesive and 

poorly-flowing materials could not flow in the screw upon emptying.  

5.3.3 Feed factor and variability model: PLS_FF_CF_3 

For the CF, a third PLS model was constructed (PLS_FF_CF_3) that related material properties (cfr 

PLS_FF_CF_1) and screw speed with screw feeding (FF_max) and hopper capacity (W_max) as well as 

with descriptors of feeding variability (FF_max_RSD, FF_Mov_RSD, Res_A, Res_AUC, Res_D and 

Res_RSD) (Table 6). This model included screw feeding trials at all screw speed capacities. As a full 
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feed factor profile was not recorded below 5% screw speed capacity, the descriptors related to feed 

factor decay, residual weight and fill level could not be included in this multivariate model. This model 

aims to improve the predictive ability of the feed factor and its variability.  

5.3.3.1 Summary of fit 

A model with 4 PCs, explaining each 36, 10, 21 and 7% and predicting 35, 8, 18 and 6% of the variability, 

respectively, was constructed. Figure 6 depicts the R²Y and Q²Y values of individual responses included 

in the PLS model. Good R²Y and Q²Y values (>0.80) were obtained for the screw feeding (FF_max) and 

hopper (W_max) capacity. Notably higher R²Y and Q²Y values (>0.70) were observed for the feed 

factor variability descriptors (Res_RSD, Res_AUC, Res_A and FF_max_RSD) compared to the PLS feed 

factor profile model PLS_FF_CF_1. The short-term feed factor variability amplified rapidly below 5% 

screw speed capacity. Consequently, the wider range in screw filling-related descriptors facilitated 

modeling the impact of process and material properties on feeding capacity and variability. Moderate 

R²Y and Q²Y values (> 0.50) were observed for FF_Mov_RSD, whereas low values (>0.3) were found 

for the duration of a disturbance (Res_D). 

5.3.3.2 Loading scatter plot and coefficients 

Figure 12 depicts the loading scatter plot of the PLS_FF_CF_3 model. In general, key physical findings 

derived from PLS_FF_CF_1 (section 5.3.1.2) and PLS_FF_CF_2 (section 5.3.2.2) were confirmed 

through PLS_FF_CF_3. Additional observations in PLS_FF_CF_3 are discussed below.  

Remarkably, surface area exerted a negative effect on the feeding and hopper capacity which is 

presumably due the confounding effect of SiO2 (i.e. very low density with extremely high surface 

area). The variability on the feed factor (FF_max_RSD, FF_mov_RSD and Res_RSD) grouped together 

with the mean amplitude of the disturbance (Res_A), thus confirming that RSD as feeding performance 

descriptor mainly reflects the amplitude of the disturbance.  
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Figure 12: PC1 vs PC2 loading scatter plot CF feed factor and variability model (PLS_FF_CF_3).
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Within a screw capacity range of 10 to 90%, the material properties regulated the feed factor 

variability, whereas the effect of screw speed capacity was limited and non-significant according to 

PLS_FF_CF_1. By lowering the screw speed capacity range towards 0.54 %, an exponential increase in 

feed factor variability occurred. Consequently, the coefficients of PLS_FF_CF_3 elucidated that screw 

speed capacity dominated all descriptors that relate to the amplitude and accumulated error of 

feeding deviations (Table 8). The negative effect of screw speed capacity on the duration of 

disturbances was relatively less pronounced compared to the amplitude. Besides, the observed 

negative effect of moisture uptake (LOD and S60) was probably confounded as active ingredients 

typically combined a low moisture content with poor flow which is the underlying root cause of longer 

feeding disturbances. 

5.3.3.3 Score scatter plot 

Figure 13 shows the PC1 vs PC2 score scatter plot of model PLS_FF_CF_3: the screw feeding trials 

clearly clustered based on the properties of their material. Along PC1, the position of the runs was 

mainly determined by the particle size (dv10, dv50 and dv90), density-weighed flow (ffp) in the 

positive direction and compressibility (C_15kPa), cohesion (SE) and wall friction angle (WFA_S and 

WFA_FT4) in the negative direction. The screw filling was more consistent when C_15kPa, SE, WFA_S, 

WFA_FT4 had low values as that will result in positive loadings for PC1 and consequently in higher PC1 

score values. The APIs tend to group on the left side of the plot which suggested they are more likely 

to display higher and longer mass flow deviations during feeding.  

In addition, the screw speed capacity had high positive loadings for PC1. Within a cluster of a specific 

material, the screw feeding trials were positioned based on the screw speed capacity. Hence, the PC1 

score value of the screw feeding trial increased together with screw speed capacity.  
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Figure 13: PC1 vs PC2 scores scatter plot CF feed factor and variability model (PLS_FF_CF_3). The runs are labeled through the selected material 
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Along PC2, the position of the runs was mainly determined by the airflow of fluidization (U_r) and 

normalized aeration sensitivity (NAS) in the positive and negative direction, respectively. 

Consequently, easy to fluidize powders such as API_SD, XL_10 and CLF possessed high negative PC2 

score values. In addition, the density (ρb and ρt) had high positive values for the loadings of PC1 and 

PC2. As the density of the materials increased when one moved from the bottom left to the top right 

corner of the PC1 vs PC2 scores scatter plot, the maximum feed factor and hopper capacity increased 

simultaneously. Hence, high density and capacity materials (APAP_DP, Met, 200M and DCP) grouped 

in the top right corner, whereas low density – capacity materials (SiO2) located in the bottom left 

corner of the PC1 vs PC2 score scatter plot.  

5.3.4 Feed factor and variability model using a minimal set of properties: PLS_FF_CF_4 

A fourth PLS model (PLS_FF_CF_4) was constructed using the minimal set of material properties and 

the responses related to screw feeding (FF_max) and hopper capacity (W_max) and variability 

(FF_max_RSD, FF_Mov_RSD, Res_1, Res_AUC, Res_D and Res_RSD) (table 6). The entire screw speed 

capacity range was included as the focus was on modeling the feed factor variability.  

5.3.4.1 Summary of fit 

Four PCs were included in this model, explaining each 41, 22, 9 and 1% and predicting 39, 17, 9 and 1 

% of the variability, respectively. Figure 6 depicts the R²Y and Q²Y values of the individual responses. 

High R²Y and Q²Y values (>0.80) were obtained for the screw feeding (FF_max) and hopper (W_max) 

capacity. The R²Y and Q²Y values of the feed factor variability descriptors (FF_max_RSD, Res_RSD, 

FF_Mov_RSD, Res_A, Res_D and Res_AUC) reduced slightly for PLS_FF_CF_4 compared to 

PLS_FF_CF_3, presumably due to exclusion of minorly contributing descriptors. However, 

PLS_FF_CF_4 still outperformed the PLS PLS_FF_CF_1 and PLS_FF_CF_2 for these variability 

descriptors. 

5.3.4.2 Coefficients 

Table 8 depicts the coefficients for all variables included in PLS_FF_CF_4. In general, PLS_FF_CF_4 

confirmed the previously described findings of PLS_FF_CF_3 (section 5.3.3). Specific insights gained 

through PLS_FF_CF_4 are described below.   
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Table 8: Overview of coefficients in PLS_FF_CF_3 and 4. Significant variables above 0.05 were 

reported using a 90% confidence level 

Responses PLS_FF_CF_3 PLS_FF_CF_4 

FF_Max SSA 

ε 

RSD_BFE 

-0.12 

-0.11 

-0.06 

ρt 

ρb 

BFE 

dv90 

ffp 

dv50 

0.16 

0.15 

0.09 

0.08 

0.07 

0.06 

ε 

ffc 

-0.21 

-0.06 

ρt 

ρb 

ffp 

0.35 

0.34 

0.12 

W_Max SSA 

ε 

NAS 

-0.11 

-0.11 

-0.06 

ρt 

ρb 

BFE 

ffp 

dv90 

0.16 

0.13 

0.11 

0.07 

0.07 

/ 

ρt 

ρb 

ffp 

0.38 

0.37 

0.14 

FF_Mov_RSD SC 

ρt 

ρb 

dv50 

dv90 

-0.49 

-0.10 

-0.09 

-0.07 

-0.06 

/ 

SC 

dv50 

ffp 

-0.50 

-0.12 

-0.08 

WFA_S 0.11 

FF_max_RSD SC 

ρt 

ρb 

dv50 

dv90 

-0.61 

-0.10 

-0.09 

-0.08 

-0.07 

/ 

SC 

dv50 

Ffp 

-0.61 

-0.14 

-0.07 

WFA_S 0.15 

Res_RSD SC 

ρt 

ρb 

dv50 

dv90 

-0.70 

-0.10 

-0.09 

-0.08 

-0.06 

/ 

SC 

dv50 

ffp 

-0.70 

-0.14 

-0.07 

WFA_S 0.15 

Res_A SC 

ρt 

ρb 

dv50 

dv90 

-0.69 

-0.10 

-0.09 

-0.08 

-0.06 

/ 

SC 

dv50 

ffp 

-0.70 

-0.12 

-0.07 / 

Res_D SC 

NAS 

LoD 

S60 

-0.19 

-0.06 

-0.06 

-0.06 

WFA_S 

Ѱsf 

0.06 

0.05 

SC -0.14 WFA_S 0.19 

Res_AUC SC 

ρt 

dv50 

ρb 

dv90 

-0.65 

-0.10 

-0.09 

-0.08 

-0.07 

/ 

SC 

dv50 

ffp 

-0.64 

-0.16 

-0.06 

WFA_S 0.18 
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5.3.4.2.1 Feeding and hopper capacity 

Remarkably, the flow function coefficient exerted a small negative effect on screw feeding capacity. 

Some free-flowing powders (e.g. SD11 and HD90) had a lower feed factor than expected based on 

their density presumably due to fluidization in the screw  

5.3.4.2.2 Feed factor variability 

Density-weighed flow exhibited a small negative effect on feed factor variability (FF_Mov_RSD, 

FF_max_RSD, Res_RSD, Res_A and Res_AUC) which suggested that easy flowing behavior in 

combination with elevated gravitational forces can reduce the variability of screw filling. Furthermore, 

adhesive properties to tooling deteriorated the consistency of screw filling: all responses related to 

the amplitude (FF_mov_RSD, FF_max_RSD, and Res_RSD), duration (Res_D and Res_AUC) and 

normalized error (Res_AUC) of the deviation were positively related with wall friction.  

5.3.5 Feed factor and variability model with squared screw speed capacity term: PLS_FF_CF_5 

Four PCs were included in this model, explaining each 42, 22, 9 and 3 % and predicting 41, 20, 10 and 

2 % of the variability, respectively. Figure 6 depicts the R²Y and Q²Y values of the individual responses. 

Adding a squared screw speed capacity term to PLS_FF_CF_4 allowed to describe its non-linear impact 

on feed factor variability-related descriptors, which yielded an improved Q2Y value for FF_max_RSD 

(0.73), FF_Mov_RSD (0.78), Res_RSD (0.70) and Res_A (0.76) but not for Res_D. This squared screw 

speed capacity variable possessed positive coefficients for FF_Mov_RSD (0.39), Res_A (0.28), 

FF_max_RSD (0.22) and Res_RSD (0.21), negative coefficients for Res_D (-0.20) and no significant 

coefficients for capacity-related responses. Remarkably, the squared screw speed capacity term was 

the second largest contributing term for feed factor variability related responses, following screw 

speed capacity.  

Future statistical studies could focus on optimizing predictive performance through alternative 

approaches for modeling non-linear and complex relations such as neural networking and machine 

learning. 
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5.4 KT20: Partial least square regression modeling 

Table 6 and 9 summarize the goodness of fit and the effects of significant coefficients in the 

multivariate models.  

5.4.1 Feed factor profile model: PLS_FF_KT20_1 

A PLS feed factor profile model (PLS_FF_KT20_1) was constructed that links material properties and 

screw speed capacity with the feed factor profile descriptors of KT20 (Table 6). The screw feeding trials 

were conducted at 10, 50 and 90 % screw speed capacity. Figure 5 depicts the feed factor variability 

as a function of screw speed capacity and elucidated that the variability remained constant in between 

90 and 50% but varied slightly more at 10% screw capacity. Interestingly, the feed factor variability at 

moderate and high screw speed capacity was lower for KT20 compared to CF which could be 

attributed to the rapidly changing feed factor dynamics at high screw speeds in the small CF hopper, 

even over a short time window of 10s.  
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Table 9: Overview of coefficients in PLS_FF_KT20_1 and 2. Significant variables above 0.05 were 

reported using a 90% confidence level 

Response PLS_FF_KT20_1 PLS_FF_KT20_2 

FF_Max ε 
SSA 
RSD_BFE 
NAS 

-0.12 
-0.10 
-0.07 
-0.07 

ρt  
ρb 
BFE 
ffp 

0.13 
0.13 
0.09 
0.06 

ε 
ffc 

-0.26 
-0.10 

ρt 
ρb 
τc 
ffp 
k_15kPa 

0.31 
0.29 
0.10 
0.09 
0.09 

FF_Mean ε 
SSA 
RSD_BFE 
NAS 

-0.12 
-0.10 
-0.07 
-0.06 

ρt 
ρb 
BFE 
ffp 

0.13 
0.12 
0.09 
0.07 

Ε -0.24 ρt 
ρb 
ffp 

0.28 
0.27 
0.11 

FF_Min ε 
SSA 
C_15kPa  
RSD_BFE 

-0.12 
-0.09 
-0.06 
-0.06 

ρt 
ρb 
ffp 
BFE 

0.13 
0.12 
0.08 
0.08 

ffc 
ε 

-0.15 
-0.15 

ρt 
τc 
ρb 

0.17 
0.16 
0.15 

W_max ε 
SSA 
RSD_BFE 

-0.13 
-0.10 
-0.07 

ρt 
ρb 
BFE 
ffp 

0.14 
0.13 
0.09 
0.08 

ε -0.25 ρt 
ρb 
ffp 
k_15kPa 

0.29 
0.28 
0.11 
0.10 

W_min ffc 
HSCLmean 
NAS 

-0.05 
-0.05 
-0.05 

Ѱe 
Ѱsf 
U_r 
SE 
τc 

0.08 
0.07 
0.07 
0.06 
0.06 

ffc 
ε 

-0.15 
-0.15 

ρt 
τc 
ρb 

0.17 
0.16 
0.15 

FL_min ffp 
ρt  

-0.06 
-0.06 / 

ffp 
dv50 
k_15kPa 

-0.09 
-0.09 
-0.07 

τc 
C_15kPa 
HR 

0.10 
0.09 
0.09 

FF_mov_RSD SC 
ρt 
ρb 
ffp 

-0.28 
-0.13 
-0.12 
-0.09 

ε 
WFA_FT4 
SSA 
C_15kPa 

0.13 
0.12 
0.10 
0.08 

SC 
ρt 
ffp 
ρb 

-0.49 
-0.11 
-0.11 
-0.09 
 

ε 
C_15kPa 
WFA_S 

0.13 
0.12 
0.10 

FF_max_RSD ρt 
ρb 
ffp 
UYS 

-0.10 
-0.10 
-0.06 
-0.06 

ε 
SSA 
WFA_FT4 

0.10 
0.08* 
0.08 

SC 
ρt 
ρb 

-0.58 
-0.10 
-0.07 

ε 
C_15kPa 

0.13 
0.10 

Res_RSD SC 
ρt 
ρb 
ffp 

-0.28 
-0.13 
-0.12 
-0.08 

ε 
WFA_FT4 
SSA 
C_15kPa 
U_r 

0.13 
0.12 
0.09 
0.07 
0.07 

SC 
ffp 
ρt 
ρb 

-0.61 
-0.09 
-0.08 
-0.06 

C_15kPa 
ε 
WFA_S 

0.12 
0.12 
0.10 

Res_A SC 
ffp 

-0.29 
-0.08 

ε 
WFA_FT4 
SSA 
C_15kPa 
U_r 

0.14 
0.12 
0.10 
0.07 
0.07 

SC 
ρt 
ffp 
ρb 

-0.60 
-0.10 
-0.10 
-0.08 

ε 
C_15kPa 
WFA_S 

0.14 
0.12 
0.09 

Res_D LOD 
NAS 
Ѱlin 

-0.08 
-0.07 
-0.06 

U_r 
WFA_FT4 
SLmean 

0.09 
0.08 
0.07 

SC 
ffp 
ρt 
ρb 

-0.61 
-0.09 
-0.08 
-0.06 

C_15kPa 
ε 
WFA_S 

0.12 
0.12 
0.10 
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Response PLS_FF_KT20_1 PLS_FF_KT20_2 

Res_AUC SC 
ffp 

-0.29 
-0.08 

WFA_FT4 
ε 
SSA 
U_r 
C_15kPa 

0.13 
0.13 
0.09 
0.09 
0.07 

SC 
ffp 

-0.52 
-0.10 

WFA_S 
C_15kPa 
ε 

0.13 
0.12 
0.10 

FF_RSD ffp 
ffc 

-0.07 
-0.06 

WFA_FT4 
C_15kPa 
τc 

0.08 
0.07 
0.07 

ffc 
Ѱlin 
ffp 
dv50 
k_15kPa 

-0.14 
-0.11 
-0.10 
-0.10 
-0.06 

τc 
WFA_S 
C_15kPa 
SLmean 

0.14 
0.12 
0.11 
0.08 

FF_CI ffp 
ffc 

-0.06 
-0.06 

τc 
WFA_FT4 
C_15kPa 

0.06 
0.06 
0.06 

ffc 
Ѱlin 
ffp 
dv50 
k_15kPa 

-0.16 
-0.11 
-0.11 
-0.10 
-0.07 

τc 
C_15kPa 
WFA_S 

0.16 
0.13 
0.11 
 

K ρt 
ρb 
BFE 
ffp 

-0.13 
-0.12 
-0.08 
-0.06 

ε 
SSA 
RSD_BFE 

0.12 
0.10 
0.07 

ρt 
ρb 
k_15kPa 
ffp 

-0.24 
-0.22 
-0.08 
-0.07 

ε 0.22 

P / ρt 
ρb 

-0.13 
-0.12 

ε 0.14 

M_K ffp 
Ѱlin 
LOD 

-0.07 
-0.07 
-0.06 
 

WFA_FT4 
ε 
SSA 
C_15kPa 

0.11 
0.10 
0.07 
0.07 

Ѱlin 
ffp 
ρt 
ρb 

-0.11 
-0.09 
-0.08 
-0.07 

SLmean 
WFA_S 
C_15kPa 
ε 

0.16 
0.16 
0.09 
0.08 

M_P ρt 
ffp 
Ѱlin 
LOD 

-0.09 
-0.07 
-0.07 
-0.06 

WFA_FT4 
ε 
SSA 
C_15kPa 

0.11 
0.10 
0.07 
0.07 

Ѱlin 
ffp 
ρt 
ρb 
dv50 

-0.11 
-0.10 
-0.09 
-0.07 
-0.07 

WFA_S 
SL_mean 
C_15kPa 
ε 

0.16 
0.15 
0.09 
0.08 

 

5.4.1.1 Summary of fit 

A model with 4 PCs, explaining each 33, 13, 10 and 6 % and predicting 27, 16, 7 and 4 % of the variability 

was constructed as inclusion of more PCs did not improve Q²Y of the model. Figure 6 reports R2Y and 

Q2Y values for the individual responses in the KT20 PLS feed factor profile model (PLS_FF_KT20_1) 

next to the corresponding values for the CF.  

The maximum weight in the hopper (W_max) and the mean (FF_mean), maximum (FF_max) and 

minimum (FF_min) feed factor had Q2Y values above 0.7. Slightly lower Q2Y values (> 0.5) were 

observed for the overall feed factor profile variability (FF_RSD and FF_CI). The responses for short-

term feed factor variability (Res_RSD, FF_Mov_RSD and Res_A) had moderate Q2Y values (> 0.4) 

except for FF_max_RSD which was poorly predicted by PLS_FF_KT20_1 (Q2Y = 0.16). In general, these 

short-term feed factor variability responses were better described by the CF feed factor model 
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(PLS_FF_CF_3 and 4) as higher variation was observed for these responses in the CF dataset due to 

inclusion of screw speed capacity trials below 10%.  

Moderate Q2Y values (> 0.4) were observed for the remaining parameters in the feed factor decay 

model: the decay constant (K) and the residual weight in the hopper (W_min). Moreover, the M_K 

was significantly better predicted (Q2Y around 0.4) compared to the PLS_FF_CF_1 model (Q2Y around 

0.1). However, normalizing the weight for maximum weight drastically deteriorated the fit of decay 

constant P (Q2Y≈0), whereas model parameter residual fill level (FL_min) and the error of the model 

(M_P) remained moderately well predicted by PLS_FF_KT20_1 (Q2Y > 0.4). 

5.4.1.2 Loading scatter plot and coefficients 

Figure 14 depicts the PC1 vs PC2 loading scatter plot on which several response groups could be 

identified that covaried with key material properties. The significant coefficients above 0.05 are 

displayed in Table 9.  

5.4.1.2.1 Feeding and hopper capacity 

Similar as for CF, the screw feeding (FF_max, FF_mean and FF_min) and hopper capacity (W_max) 

were driven by density through the same physical principle. The flow energy (BFE) and density-

weighed flow (ffp) were identified as significant variables as they covary with density. Likewise, the 

porosity exerted a negative effect on screw feeding capacity. The surface area displayed a moderate 

negative effect on the feed factor. This can be attributed to the low screw feeding capacity (FF_max, 

FF_Mean and FF_Min) values of SiO2 which combined a high SSA and low density, which is the 

underlying physically relevant variable. The later was confirmed during exploratory data-analysis: 

when all SiO2 runs were excluded from model PLS_FF_KT20_1 (details not shown) the SSA did no 

longer exert a significant effect. The sensitivity of flow energy to aeration (NAS) and intrinsic variation 

on flow energy (RSD_BFE) negatively impacted the screw feeding capacity, thus suggesting that a 

fluidized and/or instable flow results in less complete screw fill. 



Impact of material and process parameters on the twin screw feeding behavior and performance 

285 

 

Figure 14: PC1 vs PC2 loading scatter plot KT20 feed factor model (PLS_FF_KT20_1). The green and blue labels represent variables (material and process) and 

feeding descriptors, respectively. 
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5.4.1.2.2 Feed factor variability 

The short-term feed factor variability descriptors (FF_Mov_RSD, FF_max_RSD, Res_RSD and Res_A) 

grouped on the right side of the PC1 axis. These responses covaried with the compressibility 

(C_15kPa), wall friction angle (WFA_FT4 and WFA_S) and porosity (ε), but were inversely related to 

density (ρ) and density-weighed flow (ffp). A decrease in screw speed capacity (SC) deteriorated the 

mass flow consistency as more pulsatory feeding was observed at lower speed. In contrast, the 

powder streamed consistently from the screw at higher speed. Remarkably, the effect of screw speed 

capacity was not significant for CF across the same screw speed capacity range, which is probably 

linked to the higher absolute screw speed variation for KT20.  

5.4.1.2.3 Feed factor decay 

The overall feed factor decay responses (FF_RSD and FF_CI) were located in the right upper corner of 

the PC1 vs PC2 loading scatter plot and correlated with cohesion (τc) and compressibility (C_15kPa). 

Very cohesive and poorly flowing materials tend to be more compressible (C_15kPa), hence varied 

more in density at the inlet of the screw upon emptying of the hopper. Again, the feed factor of 

materials with adhesive properties (i.e. high wall friction angle) oscillated with higher amplitude and 

duration (section 5.4.1.2.2). Remarkably, adhesive materials also possessed higher FF_RSD values, 

which suggested that their feed factor also varied more over the entire feed factor profile. This 

indicated that adhesion not only causes short term but also longer deviations and/or drift in the feed 

factor.  

The feed factor decay constant K was again inversely related to density (ρb), whereas no significant 

material properties could be identified for the normalized decay constant P (section 5.3.1.2.2). 

Normalized decay constant P shifted in the left upward direction on the PC1 vs PC2 loading scatter 

plot. Describing the feed factor as a function of fill level instead of weight reduced the impact of 

density on P compared to K, as the weight is regulated through density.  

The error of the simulated and (normalized) feed factor decay profiles (M_K and M_P), covaried with 

wall friction (WFA_FT4), porosity (ε), surface area (SSA) and compressibility (C_15kPa). Materials that 

adhered to the hopper wall deviated more from the (normalized) feed factor model which confirmed 

the flow in the screw was regulating their feed factor value and not the reduction of density due to a 

lower compressive pressure.  

5.4.1.2.4 Residual material 

The residual weight (W_min), with neutral PC1 but strong positive PC2 loadings, was situated between 

the capacity cluster and the residual fill level (FL_min). A higher density will not only increase capacity 

but should theoretically also increase the amount of material that is present in the residual volume of 
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the hopper. However, this effect was not significant according to PLS_FF_KT20_1. In contrast, 

cohesion (SE and τc) had a positive impact on the residual amount of material, presumably due to an 

increase in the residual volume of the hopper, yet this effect was not significant according to 

PLS_FF_KT20_1. The relation between the material and process variables and the responses W_min 

and FL_min will be analyzed further in PLS_FF_KT20_2 (section 5.4.2.2.3). 

5.4.1.3 Score scatter plot 

Figure 10 depicts the PC1 vs PC2 score scatter plot of the CF (left) and KT20 (right) feed factor profile 

model. Along PC1, the position of materials was mainly based on short-term feed factor variability 

which reduced as one moved in the positive direction of the PC1 axis. The dense and free flowing DC 

fillers 11SD and DCP showed very consistent screw filling, whereas compressible, cohesive and 

adhesive active ingredients (MEB, APAP_P and APAP_µ) oscillated with a large amplitude around the 

feed factor profile. Along PC2, the residual weight in the hopper (W_min) determined the position of 

the run. More materials will remain in the hopper for denser and cohesive materials. For example, 

200M and MET combine a high density and cohesion which hampered an efficient flow into the screws 

and impeded emptying of the material. In contrast, XL10 flowed easily into the screws which - in 

combination with its low density - resulted in a minimal residual weight. The runs shifted in the left 

upward direction when they were performed with materials of higher density. For example, the dense 

materials APAP_DP and DCP were located on the upper left corner of the plot, opposite from the low 

density SiO2.  

In addition, the runs shifted in the right upwards direction in case they had a higher feed factor 

variability. For example, cohesive materials such as Meb, APAP_P and APAP_µ are located in the top 

right corner of the plot as their cohesiveness resulted in a high feed factor decay.  

In conclusion, similar material clusters were identified on the score scatter plot of CF and KT20, which 

suggested the feeding behavior of these materials is driven through the same physical effects. This 

observation reveals opportunities for performing proof-of-concept feeding trials at small-scale 

feeding equipment.  

5.4.2 Feed factor profile model using a minimal set of properties: PLS_FF_KT20_2 

A second PLS feed factor profile model (PLS_FF_KT20_2) was constructed for KT20 where the 

previously defined minimal set of material properties, i.e. section 5.3.2, was related to the full KT20 

feeder dataset. 
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5.4.2.1 Summary of fit 

A PLS model (PLS_FF_KT20_2) that consisted of 4 PCs explaining each 37, 12, 8 and 5 % yet predicting 

33, 8, 5 and 3 % of the variability in the dataset. PLS_FF_KT20_2 yielded high R2Y and Q2Y values for 

the responses that relate to hopper (W_Max) and screw feeding (FF_mean, FF_max and FF_min) 

capacity. Moderate Q2Y values (> 0.5) were reported for the experimental feed factor decay (FF_RSD 

and FF_CI) and feed factor variability descriptors (FF_max_RSD, Res_RSD, FF_Mov_RSD, Res_A and 

Res_AUC). Interestingly, PLS_FF_KT20_2 outperformed PLS_FF_KT20_1 for responses that relate to 

the amplitude of the feed factor deviations (FF_max_RSD, Res_RSD, FF_Mov_RSD and Res_A), 

indicating that it is feasible to restrict the selection of material properties to a limited number of key 

properties without jeopardizing the predictive performance of the multivariate feed factor profile and 

variability models. The same key properties ensured adequate predictive performance for CF and 

KT20. Consequently, future modeling of feeding equipment could restrict characterization to these 

properties.  

5.4.2.2 Coefficients 

In general, PLS_FF_KT20_2 confirmed the previously described findings of PLS_FF_KT20_1 (section 

5.4.1). Specific insights gained through PLS_FF_KT20_2 are described below.  

5.4.2.2.1 Feeding and hopper capacity 

High cohesion and permeability improved the packing in the screw and contributed to a higher feed 

factor value. In addition, good flow properties slightly reduced the feed factor presumably due to 

fluidization in the screw, as suggested through the significance of NAS in PLS_FF_KT20_1 and as was 

also observed for CF (section 5.3.2.2.2).  

5.4.2.2.2 Feed factor decay 

The particle size (dv50), linear angle of internal friction (Ѱlin) and permeability (k_15kPa) had a 

negative impact on FF_RSD and FF_CI. As decay constant K was equally well described through 

PLS_FF_KT20_1 and PLS_FF_KT20_2, the observed effect of SSA on K proved to be non-critical and 

was due to its inverse correlation with density. The normalized decay constant P was negatively 

impacted by density which indicated that materials with a higher density will more gradually decay 

across the fill level.  

5.4.2.2.3 Residual material 

Cohesion (τc) and compressibility (C_15kPa and HR) exerted a significant positive effect on residual 

volume as cohesive materials can bridge and increase the residual volume (FL_min). In contrast, a 

larger particle size or more permeable powder reduced FL_min as such material could sustain their 

flow into the screw, even in a quasi-empty hopper feeder. 
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5.5 Cross-validation 

To dispense material in gravimetric mode with CF, a discretized feed factor profile needs to be entered 

in the controller (e.g. one feed factor value per 10% fill level). Alternatively, the KT20 controller 

requires a maximal feed factor value as input for gravimetric feeding.  

The established multivariate models aimed to simulate the CF and KT20 feed factor versus weight 

profiles by predicting the individual parameters of feed factor model: FF_max (figure 15), FF_min 

(figure 16), K (figure 17) and W_min (figure 18), which allows to define the theoretically preferred refill 

regime. The section below describes the observed versus predicted plot for these responses, using the 

specific PLS model with highest Q2Y values for each individual response (figure  6). 

The observed versus predicted plot of the maximum feed factor (FF_max) indicated good predictive 

performance (Q2Y=0.89 and 0.75 for PLS_FF_CF_4 and PLS_FF_KT20_2, respectively). In absolute 

terms, the FF_max values were higher for KT20, presumably due to the higher normal pressure which 

increased the in-situ density (i.e. feed factor / volumetric feed factor) on average with 0.07 g/ml, with 

a maximum increase of 0.36 g/ml for APAP_P. In addition, more scatter was observed for KT20, 

presumably because the higher normal pressure densified the material rather inconsistently in the 

screw. Both variability and bias contributed to the prediction error. The observed variability was 

material specific as for instance FF_max spanned a wider range for MET compared to 200M (using CF). 

A bias appeared when an entire material group (i.e. cluster of feed factor values for one material) 

deviated from the expected curve. For instance, the free-flowing dense material SD11 had lower 

maximum feed factor values than predicted (using CF), probably due to fluidization in the screw. In 

contrast, the spread on its maximum feed factor value was minimal which indicated that the density 

in the screw was irrespective of speed.   
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Figure 15: CF: observed versus predicted plot for the maximum feed factor of the CF (PLS_FF_CF_4, 

top) and KT20 (PLS_FF_KT20_2, bottom). 
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Good predictive performance (Q2Y=0.82 and 0.85 for PLS_FF_CF_2 and PLS_FF_KT20_2, respectively) 

was observed for the minimum feed factor (FF_min) (Figure 16). The scatter on the observed versus 

predicted plot for CF was slightly more pronounced compared to FF_max which indicated that for a 

quasi-empty hopper, the amount of product in the screw flight is probably not merely regulated by 

the bulk density but also through more complex phenomena. For instance, the normal pressure 

reduced at low hopper level which facilitated fluidization and reduced the density of the material in 

the screw flight. Fluidized flow behavior is generally more challenging to describe compared to flow 

in a densely packed state as various levels of air entrainment can be achieved. Less scatter was 

observed on the minimal feed factor of KT20, suggesting that the vertical impeller guided the material 

more uniformly to the screw upon emptying.  

Poor predictive performance was achieved for the feed factor decay constant K, (Q2Y = 0.42 and 0.24 

for PLS_FF_GEA_1 and PLS_FF_KT20_1, respectively) (figure 17). For the CF, most profiles had a K 

value that scattered between 5 and 15 for their feed factor profiles, except for the low-density 

materials (e.g. SiO2 and MgSt). The cross-validation of K suggested that feed factor profile simulations 

for low-density materials will deviate more from the experimental profile. Exploratory multivariate 

data-analysis revealed that excluding SiO2 and MgSt did not improve the goodness of prediction for K 

as this reduced the variation in the dataset and weakened the correlation between inputs and outputs. 

The KT20 decay constant spanned a significantly narrower range (from 0.05 to 1) compared to CF (up 

to 130), suggesting that the KT20 feed factor decayed less per Kg of material. The predicted K values 

matched the experimental values up to 1, after which outlying predictions significantly deteriorated 

the predictive performance.  

Poor predictive performance was observed for the residual hopper weight after emptying (Q2Y = 0.17 

and 0.31 for PLS_FF_GEA_1 and PLS_FF_KT20_1) (figure 18). The effect and interaction between 

adhesion, cohesion, density and fluidization made the residual weight challenging to model with 

adequate predictive performance. Remarkably, the residual material in the KT20 hopper spanned a 

wide range between 0.025 and 0.550 Kg. The maximum observed residual material was relatively high 

in comparison to the CF (i.e. 0.35 Kg) which suggests the hemispherical KT20 hopper cannot be 

emptied as complete as the cylindrical CF hopper where the horizontal impeller actively fed all the 

material in the screw. The higher residual level of KT20 could have contributed to the higher minimal 

feed factor values.   
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Figure 16: KT20: Observed versus predicted plot for the minimum feed factor of the CF (PLS_FF_CF_2, 

top) and KT20 (PLS_FF_KT20_2, bottom).  
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Achieving accurate predictions of the feed factor model parameters proved to be challenging. In 

addition, the prediction error on each feed factor model parameter can accumulate and amplify the 

error of the predicted feed factor profile accordingly. However, FF_max and FF_min, the most 

important parameters from an end-user perspective, can be estimated with adequate accuracy. In 

practice, a gravimetric feeder trial can be initiated using the predicted FF_max after which the control 

system will gradually overwrite the preset feed factor values during the decay. The predicted 

minimum feed factor allows to estimate a conservative capacity through equation 8.  

Modeling the amplitude and duration of feeding disturbances allows to screen new materials for their 

overall feedability. In addition, having a representative amplitude and duration of feeding 

disturbances provides a guideline for the minimally required residence time distribution in the 

downstream blending and tableting process to ensure adequate mitigation of disturbances.  

Moderate predictive performance was observed for the amplitude of the disturbances (Res_A had a 

Q2Y of 0.76 and 0.69 for PLS_FF_CF_5 and PLS_FF_KT20_2, respectively) (Figure 19). The disturbances 

in most CF and KT20 feed factor profiles had a mean amplitude below 2%. For CF, root causes for 

exceeding this threshold are feeding ≤ 10 % screw speed capacity, dispensing very cohesive materials 

and rotating the screws too fast. For example, feeding of APAP_µ, APAP_FP and MPT at 50 % screw 

capacity varied more than expected. Probably a physical interaction between flowability and screw 

speed occurred as these materials flowed too poor to ensure a consistent fill of the rapidly rotating 

screw. The model did not adequately account for such interaction between speed and flow which 

caused the predictions to be biased. For KT20, the 1% amplitude threshold was exceeded whilst 

feeding cohesive materials at 10% screw speed capacity (APAP_µ, SiO2, Meb, MgSt and APAP_P).  

Moderate to poor predictive performance was observed for the duration of the disturbances (Res_D 

had a Q2Y of 0.31 and 0.22 for PLS_FF_CF_3 and PLS_FF_KT20_1, respectively) (Figure 20). Down to 

10% screw capacity, the duration of a disturbance was in most cases less than 10 s for KT20 and CF. 

Several excursions were observed for very cohesive materials such as APAP_P, APAP_FP, P_µ, T_µ, 

Meb_µ and MPT_µ which had a Res_D of 40 s (excursions not in zoom). Their poor flow prohibited a 

constant flow in the screw, hence the feed factor oscillated for a longer period around the mean. In 

addition, CF screws rotated at lower screw speed for equal capacity setpoints due to higher maximum 

speed. Increasing the screw speed generally shortened the mean duration of the disturbances. 

Although a relatively long disturbance was observed when a very cohesive material was processed at 

high screw speed capacity (e.g. APAP_FP_50 and Meb_µ_90). 
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Figure 17: observed versus predicted plot for the decay constant K of the CF (PLS_FF_CF_1, top) and 

KT20 (PLS_FF_KT20_1, bottom).  
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Figure 18: observed versus predicted plot for the residual hopper weight of the CF (PLS_FF_CF_1, top) 

and KT20 (PLS_FF_KT20_1, bottom)   
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Figure 19: observed versus predicted plot for the amplitude of disturbances for CF (PLS_FF_CF_5, top) 

and KT20 (PLS_FF_KT20_2, bottom).  



Impact of material and process parameters on the twin screw feeding behavior and performance 

297 

 

 

Figure 20: observed versus predicted plot for the duration of disturbances for CF (PLS_FF_CF_3, top) 

and KT20 (PLS_FF_KT20_1, bottom).  
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5.6 Future perspective 

This study illustrated that simulating the complete feed factor profile through data-driven models 

requires further scientific attention. The experimental data illustrated that the feed factor of a 

material is a strong function of its adhesion, cohesion, compressibility, density and permeability. 

Moreover, the feed factor decay deviated significantly from the pressure-density model available in 

literature. Therefore, future modeling initiates could focus on establishing feed factor models that 

include the potential densification due to the forces that originiate from impeller rotation. 

Furthermore, feed factor modeling should also account for potential changes in density that occur 

when the material flows from the bottom of the hopper into the screw, which is bottlenecked through 

the ability to flow in the screw but depends also on the compression and packing in the screw and the 

fluidization upon rotation. The complexity of this dataset illustrated that future modeling initiatives 

should be verified experimentally.  

5.7 Gravimetric feeding performance 

Gravimetric feeding data was not included in the multivariate models since in gravimetric mode the 

impact of material properties on the feeding behavior is reduced due to the control system of the 

feeder which were not systematically studied in this research.  

5.7.1 Flowrate variability 

Figure 21 depicts that, irrespective of the feeder under investigation, flowrate variability was in 

function of the average screw speed. The observed flow rate variability was generally low above a 

critical screw speed level. In contrast, below this threshold, the variability increased exponentially with 

a reduction of screw speed. For CF, a limited number of data points deviated from this trend as an 

unexpectedly high flow rate variability was observed at moderate to high screw speed. This could be 

attributed to an interaction of screw speed and flow where the horizontal impeller did not provide 

adequate forced feeding to fill the rapidly rotating screw with cohesive materials. This was not 

observed for KT20, indicating that the vertical agitator and bowl design provided a more sustainable 

flow in the high-speed regime. However, the threshold screw speed depended on the screw feeding 

system: approximately 10 and 5 rpm for KT20 and CF, respectively. Consequently, the higher flow rate 

variability in the lower range of screw speed of KT20 can be partially attributed to the earlier onset of 

the exponential increase. Future gravimetric studies that evaluate multiple gear reductions could 

elucidate if this relatively higher variability is due to more variation on screw fill or to a less stable 

motor and hence screw speed. In conclusion, combining KT20 and CF feeders in a continuous 

manufacturing platform ensures the ability to feed scale-flexible processes.  



Impact of material and process parameters on the twin screw feeding behavior and performance 

299 

0 .1 1 1 0 1 0 0 1 0 0 0

0

5 0

1 0 0

1 5 0

2 0 0

S c re w  s p e e d  (rp m )

F
lo

w
 r

a
te

 v
a

r
ia

b
il

it
y

 (
%

)

 

Figure 21: Flowrate variability as a function of screw speed for the KT20 (○) and CF (○).  
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5.7.2 Feeder deviation impact analysis 

Evaluating the amplitude and duration of the disturbance simultaneously in a scatter plot is a powerful 

tool to evaluate the impact of process and design variables on screw feeding performance. 

Nonetheless, the residence time of the downstream manufacturing process (e.g. blending, lubrication, 

material transfer and tableting) needs to be estimated to assess if a certain combination of amplitude 

and duration resulted in out-of-specification potency (García-Muñoz et al., 2017). Figure 22 depicts a 

funnel plot for Lactose 200M dispensed at 1, 0.55 and 0.1 Kg/h with a CF using relevant yet 

conservative RTD parameter values, i.e. a mean residence time of 100 s (i.e. in CSTR), for a continuous 

direct compression platform (Van Snick et al., 2017b, 2017a). The duration and magnitude of the 

deviation increased with lowering the mass flow rate. The impact on the tablet potency remained 

within 2.5% at flow rate ≥ 0.5 Kg/h. Instead, excursions to 10% could be observed for the 0.1 Kg/h 

setpoint. 

 

Figure 22: Feeder deviation impact analysis using a mean residence time of 100 s in the CSTR for 

simulations of active concentration in tablet (% label claim). The isolines represent the impact of a 

feeder relative deviation on the active concentration deviation in a tablet (% label claim). The observed 

relative deviations during dispensing of 200M at 1 (▪), 0.55 (•) and 0.1 (○) Kg/h overlay the isolines 

that represent the impact of feeder relative deviation on the active concentration deviation in a tablet 

(% label claim).  
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This behavior was anticipated based on the observed flow rate variability during gravimetric feeding 

and on the feed factor profile study which revealed both the amplitude and duration of the feed factor 

were inversely related to screw speed. This methodology evaluates the impact of a single disturbance, 

whereas disturbances occur consecutively. Two consecutive disturbances in the opposite or same 

direction can have a cancelling or reinforcing effect on the impact to the product. Therefore, the 

residence time distribution and feeder potency time series can be used to predict the tablet potency 

deviation timeseries. Figure 23 depicts the feeder and tablet relative deviation for the above-

mentioned example (dispensing 200M at 1, 0.55 and 0.1 Kg/h with CF). 
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Figure 23: Feeder (top) and tablet (bottom) potency deviation timeseries for dispensing 200M at 1 (○), 

0.55 (○) and 0.1 (○) Kg/h with the CF. A mean residence time of 100 s in the CSTR was used for tablet 

potency simulations.   
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The oscillation around the mass flow rate target was efficiently dampened at 0.55 and 1 Kg/h, whereas 

at 0.1 Kg/h some feeder variability propagated through the system and exceeded 5% tablet potency 

relative deviation at specific timepoints. Furthermore, the accuracy could be verified through the 

mean relative deviation of the feeder which revealed that a small deviation from target occurred 

namely 0.63, 0.66 and -1.03% at 1, 0.55 and 0.1 Kg/h, respectively. Such systematic overdosing cannot 

be mitigated through the residence time distribution of the system and could result in relatively small 

assay deviations. This observation also elucidated a bias between the measured flow rate of different 

weighing system requires further attention (i.e. internal versus external load cell).  

6 Conclusion 

This study established a quantitative relation between material properties, screw speed capacity and 

screw feeding behaviour. Multivariate modelling elucidated that both material properties and screw 

speed significantly affected the feeding behaviour. The capacity was regulated through density. High 

screw feeding variability occurred when the screw layered with material or when an inconsistent flow 

or density of materials in the screw was observed. In addition, an inverse relation between screw 

speed and feeding variability was revealed. The feed factor decay was more pronounced for cohesive 

and compressible materials. The residual material in the feeder was driven through the density and 

the adhesive and cohesive properties of the materials. Cross validation elucidated that predicted and 

observed results were in good agreement for capacity-related responses. The feeding variability and 

decay-related responses could be predicted with lower accuracy. Nevertheless, the impact of the 

critical material attributes was understood, and predictions could serve as a risk assessment tool for 

identification of challenging feeding behaviour. Hence, data-driven models such as PLS proved to be 

promising to reduce material requirements through bench-top characterization effort, thus, lowering 

development and operational costs and shortening overall development timelines. The presented 

approach is especially valuable when material, equipment and time resources are limited as it allows 

to screen new molecular entities for their feeding behaviour in silico and timely identify feeding 

challenges. In addition, this work paved the way for connecting the material, formulation and process 

design space. In case a (presumptive) failure occurs at the feeding stage, one can in-silico screen 

alternatives at small scale to improve the feeding behaviour.  
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Chapter specific abbreviations 

BRT   bulk residence time 

EF   ejection force 

FFFF   feed frame fill fraction 

PS   paddle speed 

RMF   residence mass feed frame 

R2   Coefficient of determination 

R2X   goodness of fit, variables PCA 

Q2X   goodness of prediction, variables PCA 

R2Y   goodness of fit, responses PLS 

Q2Y   goodness of prediction, responses PLS 

RSD_PCD  residual standard deviation on the pre-compression displacement 

RSD_MCF  residual standard deviation on the main compression force 

RSD_TW_mean  residual standard deviation on the mean tablet weights of 20 samples 

RSD_TW_sample pooled residual standard deviation on the tablet weight 
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1 Introduction 

Oral solid dosage forms are most used and desirable for drug administration to large populations. Even 

though alternative drug delivery forms generate significant academic interest, tablets still account for 

more than 80% of all pharmaceutical products. The popularity of tablets is mainly due to their accurate 

dosing, ease and low cost of manufacturing, high patient compliance and good chemical and physical 

stability (Armstrong, 2007). 

Tablets are manufactured by compressing a powder or granular material in a die and mass production 

of tablets is performed on high-speed rotary presses. Three distinct steps can be distinguished in the 

tableting process: filling of materials in the die, compressing the material to a tablet and ejecting the 

tablet from the die. Current study focused on the die filling step as it is often the rate limiting step of 

the tableting process. Reproducible die filling is of key importance during tableting as the volumetric 

filling process implicates that the amount of powder metered in the die dictates the tablet weight and 

consequently, the drug dose administered to the patient. As consistent and uniform filling of dies is 

directly linked to the variation in tablet weight and consequently compression force, it could also 

impact other critical tablet quality attributes as tensile strength, porosity and drug release and 

eventually even the bioavailability of specific drug products (Armstrong, 2007).  

The die filling process is governed by multiple mechanisms: gravity, forced feeding in the feed frame, 

suction fill, centrifugal forces and overhead pressure. The powder flows into the die under the effect 

of gravity (i.e. gravity feeding) and is thereby assisted by the paddle wheels in the feed frame (i.e. 

forced feeding). In addition, the rapid downward motion of the lower punch creates a partial vacuum 

in the die which pulls the powder in the cavity (i.e. suction fill) and the rotation of the turret implicates 

that centrifugal forces are also present during the die-filling step. Finally, the overhead pressure also 

contributes to die filling as the powder bed is densified at the inlet of the feed frame due to the 

pressure induced by the weight of the powder in the feed tube (Jackson et al., 2007; Peeters, 2015; 

Schneider et al., 2007; Sinka et al., 2004; Xie and Puri, 2006). After die filling, the amount of powder 

filled into the die can be reduced when the lower punch moves upwards to eject an excess of powder 

(i.e. weight adjustment). This weight adjustment step can mitigate non-reproducible die filling as small 

weight differences are leveled off by removing the excess of powder.  

The powder properties and the process parameters affect the die filling step of the tableting process. 

Powders flow under the applied forces and their flow behavior is dependent on bulk (e.g. density) and 

particle (e.g. size and shape distribution) properties, environmental conditions (humidity and 

temperature) and state of the powder (e.g. aerated or dense powder bed) under the applied 

processing conditions. Previous research focused on characterization of tablet weight variability as a 
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function of paddle wheel and turret speed, but was limited to only a few model formulations (Jackson 

et al., 2007; Mendez et al., 2012; Peeters et al., 2015; Sinka et al., 2004; Van Snick et al., 2017a). In 

contrast, current work aims to reveal the impact of both process settings and a wide variety of blend 

properties on the die-filling step of the tableting process. To address this, a blend property database 

consisting of divergent blends was composed and these blends were tableted at different process 

settings. In contrast to previous studies, the blend property database included not only flowability-

related descriptors but also descriptors for density, porosity, wall friction angle, permeability and 

compressibility (Jackson et al., 2007; Mendez et al., 2012; Peeters et al., 2015; Sinka et al., 2004). 

Finally, partial least squares (PLS) modeling was applied to reveal the impact of blend properties and 

process settings on tablet properties and tableting process responses. 

Current research aims to (1) reveal the correlations between blend properties, process parameters 

and process and product responses related to die filling and (2) establish a predictive empirical model 

for prediction of these responses via PLS.  

Recently, advanced multivariate modeling strategies (e.g. T-PLS) were reported that aim to link the 

properties of each raw material, mixing ratios and process conditions with multiple product or process 

responses (Garcia-Munoz, 2014; García-Muñoz and Polizzi, 2012; Polizzi and García-Muñoz, 2011; 

Tomba et al., 2014). These approaches could enable in-silico formulation development but require 

large datasets to calibrate all linear and non-linear formulation effects in such a holistic model. 

Moreover, they rely completely on the availability of characterization results of a relevant lot for the 

individual raw materials. Therefore, current research established a PLS model that directly links the 

blend properties (instead of raw material properties and mixing ratios) to the die filling responses. In 

this research paper, variation in blend properties was induced during calibration through 

interchanging the active component and/or excipients in tertiary formulations thereby ensuring 

model robustness towards new formulations. The latter approach is both lean in calibration (no effects 

of individual materials and composition need to be estimated) and use (it requires only 

characterization of the blend of interest to predict die filling behavior of any formulation provided the 

design space boundaries are respected). In drug product development, the model could allow to 

evaluate the die-filling performance of different characterized formulations of interest (e.g. different 

platform formulations or varying drug load in a platform formulation). Blend characterization 

consumes only a limited amount of API compared to high speed compression trials on a rotary tablet 

press. Therefore, the presented approach could facilitate formulation development during early 

phases of drug product development when only a limited amount of API is available at high costs and 

the final dose still needs to be defined.  
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2 Materials 

Table 1 provides an overview of the investigated materials as well as their brand name, abbreviation, 

functional class and supplier. The details of API _SD were not provided due to confidentiality reasons. 

Table 1: Overview of the materials included in the study.  

Material Brand Name Abbreviation Class Supplier 

Caffeine Anhydrous Powder / C_P API BASF 

Spray dried API / API_sd API Janssen 

Metoprolol Micronized / Mpt_µ API Utag 

Paracetamol Micronized / P_µ API Mallinckrodt 

Paracetamol Powder / P_P API Mallinckrodt 

Paracetamol Dense Powder / P_DP API Mallinckrodt 

Lactose Monohydrate Tablettose 80 T80 Filler Meggle 

Mannitol Pearlitol 100 SD SD100 Filler Roquette 

Microcrystalline cellulose Avicel PH101 PH101 Filler FMC 

Microcrystalline cellulose Avicel PH200 PH200 Filler FMC 

Dibasic Calcium Phosphate 

(DCP) 

Emcompress AN DCP Filler JRS 

Magnesium Stearate Ligamed MF2-V MgSt Lubricant Peter Greven 

 

3 Methods 

3.1 Blend selection  

Binary blends composed of an active ingredient and a filler were investigated in a 10/90 weight ratio. 

Additionally, 1.25% and 0.75% magnesium stearate was added to the blends with mannitol as filler 

and the other blends, respectively. Thirty divergent blends were selected to correlate the impact of 

blend properties with die filling during tableting. The blends were designed to span a wide range of 

properties by combining 5 DC fillers with 6 APIs. Therefore, these materials were selected based on a 

database which was developed through extensive characterization of a wide range of materials (Van 

Snick et al. 2018). Table 2 provides an overview of the studied formulations.  
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Table 2: Overview of included formulations.  

Formulation Abbreviation API (9.93%) Excipient 

(89.33%) 

Lubricant  

F1 100SD_P_µ P_µ SD100 MgSt 

F2 100SD_P_P P_P SD100 MgSt 

F3 100SD_P_DP P_DP SD100 MgSt 

F4 100SD_C_P C_P SD100 MgSt 

F5 100SD_API_sd API_sd SD100 MgSt 

F6 100SD_Mpt_µ Mpt_µ SD100 MgSt 

F7 DCP_P_µ P_µ DCP MgSt 

F8 DCP_P_P P_P DCP MgSt 

F9 DCP_P_DP P_DP DCP MgSt 

F10 DCP_C_P C_P DCP MgSt 

F11 DCP_API_sd API_sd DCP MgSt 

F12 DCP_Mpt_µ Mpt_µ DCP MgSt 

F13 101_P_µ P_µ PH101 MgSt 

F14 101_P_P P_P PH101 MgSt 

F15 101_P_DP P_DP PH101 MgSt 

F16 101_C_P C_P PH101 MgSt 

F17 101_API_sd API_sd PH101 MgSt 

F18 101_Mpt_µ Mpt_µ PH101 MgSt 

F19 T_P_µ P_µ T80 MgSt 

F20 T_P_P P_P T80 MgSt 

F21 T_P_DP P_DP T80 MgSt 

F22 T_C_P C_P T80 MgSt 

F23 T_API_sd API_sd T80 MgSt 

F24 T_Mpt_µ Mpt_µ T80 MgSt 

F25 200_P_µ P_µ PH200 MgSt 

F26 200_P_P P_P PH200 MgSt 

F27 200_P_DP P_DP PH200 MgSt 

F28 200_C_P C_P PH200 MgSt 

F29 200_API_sd API_sd PH200 MgSt 

F30 200_Mpt_µ Mpt_µ PH200 MgSt 
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3.2 Raw material and blend characterization 

The raw materials included in this study were characterized using the protocols described in a previous 

publication (Van Snick et al., 2018). As particle properties were not considered relevant for blends, 

the unlubricated blends were characterized for a subset of these properties: compressibility, density, 

flowability, permeability, wall friction and porosity. An overview of the included descriptors for these 

properties and the used equipment is given in Table 3. Additionally, the wall friction of the lubricated 

blends was determined.  

 

Table 3: Overview of characterization techniques for direct compression blends, derived material 

properties and utilized abbreviations.  

Characterization 
technique 

Reference details Material property Abbreviation 

Flow through an 
orifice 

FlowPro™, iPAT, 
Turku, Finland 

Flowrate FP 

Powder 
rheometer 

FT4, Freeman 
Technology, 
Tewkesbury, UK 

Compressibility at 15 kPa, maximal 
compressibility, inverse of pressure 
needed to reduce the powder bed 
volume by 50% 

C_15kPa, 
C_max, b  

Conditioned bulk density CBD 

Permeability at 2 kPa and 15 kPa 
k_2kPa, 
k_15kPa 

Permeability density and permeability 
compressibility susceptibility (slope) 

k_ρ_Sus, 
k_CI_Sus 

Helium 
pycnometry 

Accupyc 1330, 
Micrometrics, 
Norcross, USA 

True density and porosity ρtrue and ε 

Tapping device 
SVM 12, Erweka, 
Heusenstamm, 
Germany 

Bulk and tapped density ρb and ρt 

Compressibility index and hausner 
ratio 

CI and HR 

Ring shear tester 

Type RST-XS, Dietmar 
Schulze 
Schüttgutmesstechnik, 
Wolfenbüttel, 
Germany 

Flow function coefficient, major 
principal stress and unconfined yield 
stress 

ffc, MPS and 
UYS 

Bulk and consolidated density-
weighed flow 

FFp and 
FFRHO 

Cohesion тc 

Angle of internal friction, angle of 
internal friction steady state flow, 
effective angle of internal friction 

Фlin, Фsf and 
Фe 

Wall friction angle WFA 

Bulk density RHOB 
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3.3 Blend preparation 

3.3.1 Standard blending procedure 

First, the actives were screened through a 1400 µm sieve. The active and filler were transferred to a 

20 L stainless steel drum which was filled to 60% of its volume. This drum was tumbled (Inversina, 

Bioengineering, Wald, Switzerland) for 15 min at 25 rpm. Finally, magnesium stearate was added, and 

tumble mixed for 5 min at 15 rpm. The blends were stored in double low-density polyethylene bags 

that were stored within a high-density polyethylene plastic container prior to tableting.  

3.3.2 Blending procedure for agglomerated actives 

As some active ingredients (paracetamol powder, micronized paracetamol and micronized 

metoprolol) contained agglomerates, the additional steps described below were added to the 

standard blending procedure to de-lump the agglomerates and disperse the active uniformly 

throughout the blend at primary particle level. Therefore, equal amounts of active and filler (50:50 

w/w ratio) were tumble mixed for 15 min at 25 rpm. Subsequently, the pre-mix was co-milled through 

a screen of 1400 µm (U5, Quadro, Canada, Ontario) and tumble mixed an additional 5 min at 25 rpm. 

Next, the remaining amount of filler was added to the pre-mix and blended during 15 min at 25 rpm. 

Finally, magnesium stearate was added, and tumble mixed for 5 min at 15 rpm. 

3.4 Tableting 

3.4.1 Experimental set-up and procedure 

The blends were tableted on a MODUL™ P rotary tablet press (GEA Group, Halle, Belgium). First, the 

lubricated blend was transferred from the conical hopper to the plexiglass feed tube of the tablet 

press by means of a rotary valve. A level sensor continuously monitored the height of the powder bed 

in the feed tube and provided feedback to the rotary valve. When no material was present at the 

height of the level sensor, the rotary valve refilled the feed tube up to the level of the sensor. This set-

up ensured minimal variation in the overhead pressure on the powder bed. The tablet press feed 

frame was equipped with standard curved paddle wheels and ten flat faced Euro B punch pairs (10 

mm diameter). The set-up of the tablet press is shown in Figure 1. The tablets were collected on an 

external balance (K-sampler, Coperion K-Tron, Niederlenz, Switzerland) that logged the weight gain 

every second. Multi V software (GEA Group, Belgium) was installed on the MODUL™ P which allowed 

logging of in-line process responses (pre-compression displacement and force, ejection force) at one-

second intervals. The pseudo and quasi steady state phase of the tableting process was determined 

during each run based on the powder flow rate through the press (measured using the external 
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balance) and in-line process analyzers logging the pre-compression displacement and main 

compression force.  

Figure 1: Experimental set-up from top to bottom: (1) conical hopper, (2) rotary valve, (3) level sensor 

on (4) plexiglass feed tube and (5) feed frame in exchangeable module of GEA MODULTM P tablet press.  

 

The tablet press was operated in a manual mode without active feedback control loop for adjustment 

of tablet weight or hardness during tableting. Therefore, the fill depth and overfill level were fixed at 

8 mm and 2 mm, respectively. For each experiment, the punch positions were adjusted to reach an 

average pre-compression displacement, pre-compression force and main compression force of 0.5 

mm, 2 kN and 15.0 kN, respectively. The speed of the first paddle wheel and turret was varied 

according to a two-level full factorial screening design of experiments with duplicate center point. 

Table 4 depicts the experimental conditions and run order in the experimental design. The ratio of the 

speed of the second over the first paddle wheel was fixed at 1.2.   
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Table 4: Applied process conditions in the design of experiments where paddle wheel 1 speed (PS) and 

turret speed (TS) were evaluated as quantitative factors. This design was performed for the blends 

depicted in Table 2. 

 Rotation rate (rpm) 

Run number PS TS 

1 15 10 

2 15 100 

3 100 10 

4 100 100 

5 57.5 55 

6 57.5 55 

 

After reaching pseudo and/or quasi steady state, twenty grab samples were collected following a pre-

defined sampling strategy, i.e. the duration and interval of sampling were adjusted based upon the 

rotation rate of the turret (Table 5).  

 

Table 5: Overview of sampling plan. Twenty grab samples were collected during each run.  

Turret speed (rpm) Run time (min) Sample duration (s) Sample interval (s) 

10 40.0 20.0 100 

55 7.2 3.6 18 

100 4.0 2.0 10 

 

 

3.4.2 Product responses 

3.4.2.1 Tablet weight  

The average tablet weight (TW) was included as a response since the tableting process operated in 

open loop, i.e. fill depth and overfill level were fixed throughout the entire run. This allowed to 

characterize the intrinsic relation between die filling and blend properties without any impact of 

controller actions. 

3.4.2.2 Tablet weight variability 

The overall variability in tablet weight can be due to drifts or oscillations in mean tablet weight during 

processing or to inherent variability in die filling at any random point in the process. To differentiate 



Impact of blend properties on die-filling during tableting 

313 

between these distinct causes of tablet weight variability, the relative standard deviation on the mean 

tablet weights of the twenty samples (RSD_TW_mean: Equation 1) and their pooled residual standard 

deviation were calculated (RSD_TW_sample: Equation 2). RSD_TW_mean indicates the variability of 

the mean tablet weight and consequently provides information on intrinsic drifts or oscillations during 

tableting. In contrast, RSD_TW_sample estimates the variability within a random sample.  

𝑅𝑆𝐷_𝑇𝑊_𝑚𝑒𝑎𝑛 (%) = 100  ×  
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 (𝑚𝑒𝑎𝑛 𝑤𝑒𝑖𝑔ℎ𝑡 𝑆1 ; ....  ;  𝑚𝑒𝑎𝑛 𝑤𝑒𝑖𝑔ℎ𝑡 𝑆20)

𝑀𝑒𝑎𝑛 (𝑚𝑒𝑎𝑛 𝑤𝑒𝑖𝑔ℎ𝑡 𝑆1 ; ....  ; 𝑚𝑒𝑎𝑛 𝑤𝑒𝑖𝑔ℎ𝑡 𝑆20)
  (1) 

𝑅𝑆𝐷_𝑇𝑊_𝑠𝑎𝑚𝑝𝑙𝑒 (%) = 100  ×  
𝑃𝑜𝑜𝑙𝑒𝑑 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

𝑃𝑜𝑜𝑙𝑒𝑑 𝑚𝑒𝑎𝑛
     (2) 

3.4.3 Process responses 

3.4.3.1 Die fill fraction 

The die fill fraction (DFF) was calculated as the ratio of the actual mass in the die (i.e. tablet weight 

TW) and the mass calculated from tapped density of a specific blend and the die volume (equation 3). 

Both tapped and bulk density cannot represent the in-situ density in the feed frame, the die fill fraction 

was not calculated based on the bulk density as this resulted in die fill fractions >1, which is physically 

impossible. 

𝐷𝑖𝑒 𝑓𝑖𝑙𝑙 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 =
𝑀𝑒𝑎𝑛 𝑡𝑎𝑏𝑙𝑒𝑡 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑔)

𝑇𝑎𝑝𝑝𝑒𝑑 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 (
𝑔

𝑚𝐿
)× 𝐷𝑖𝑒 𝑣𝑜𝑙𝑢𝑚𝑒 (𝑚𝐿)

     (3) 

 

3.4.3.2 Residence mass and fill fraction of the feed frame 

The residence mass in the feed frame (RMF) was determined by weighing the residual blend mass in 

the feed frame after stopping the pseudo and/or quasi steady state tableting process instantaneously. 

Additionally, the residence volume in the feed frame (RVF) was calculated by normalizing the 

residence mass in the feed frame based on the tapped density of the formulation using Equation 4: 

𝑅𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑣𝑜𝑙𝑢𝑚𝑒 𝑓𝑒𝑒𝑑 𝑓𝑟𝑎𝑚𝑒 (𝑚𝑙) =
𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑚𝑎𝑠𝑠 (𝑔)

𝑡𝑎𝑝𝑝𝑒𝑑 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 (
𝑔

𝑚𝑙
)
     (4) 

Next, the feed frame fill fraction (FFFF) was calculated as the ratio of the residence volume of the feed 

frame and the feed frame volume (equation 5).  

𝐹𝑒𝑒𝑑 𝑓𝑟𝑎𝑚𝑒 𝑓𝑖𝑙𝑙 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 =
𝑅𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑣𝑜𝑙𝑢𝑚𝑒 𝑓𝑒𝑒𝑑 𝑓𝑟𝑎𝑚𝑒 (𝑚𝐿)

 𝐹𝑒𝑒𝑑 𝑓𝑟𝑎𝑚𝑒 𝑣𝑜𝑙𝑢𝑚𝑒 (𝑚𝐿)
     (5) 
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3.4.3.3 Bulk residence time in the feed frame 

The average flow rate through the press was calculated by multiplying the turret speed with the 

average amount of blend that was compressed per turret revolution using equation 6. 

𝐹𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 (
𝑔

𝑠
) = 𝑇𝑢𝑟𝑟𝑒𝑡 𝑠𝑝𝑒𝑒𝑑 (

𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛

𝑠
) ×  𝑇𝑎𝑏𝑙𝑒𝑡 𝑤𝑒𝑖𝑔ℎ𝑡 (

𝑔

𝑝𝑢𝑛𝑐ℎ
) ×  10 (

𝑝𝑢𝑛𝑐ℎ

𝑟𝑒𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛
)  (6) 

Next, the bulk residence time (BRT) in the feed frame of the tablet press was calculated using equation 

7: 

𝐵𝑢𝑙𝑘 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑡𝑖𝑚𝑒 (𝑠) =
𝑅𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑚𝑎𝑠𝑠 (𝑔)

𝐹𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 (
𝑔

𝑠
)

       (7) 

3.4.3.4 Variability on pre-compression displacement and main compression force 

The experimental set-up and procedure allowed to assess the suitability of in-line process analyzers 

for monitoring tablet weight variability throughout the process. The relative standard deviation was 

calculated for the pre-compression displacement (RSD_PCD) and main compression force (RSD_MCF) 

signals which were continuously collected during the experiments and statistical analysis was applied 

across the sampling period.  

3.4.4 Multivariate data analysis 

Simca 14.1 software (Umetrics, Umea, Sweden) was used for principal component analysis (PCA) and 

partial least square (PLS) modeling.  

4 Results and discussion 

4.1 Principal component analysis of blend property database 

PCA was applied on the blend property database to reveal how blend properties are related and how 

blends differ. The principal components (PCs) derived from the PCA model can be considered as 

overarching properties which represent specific underlying material properties, whereas the loading 

of the PCA model indicates the importance of properties towards the principal components. 

Therefore, loading scatter plots were used to assign overarching properties to the respective PCs 

because descriptors with large positive or negative loadings strongly impact these PCs. In contrast, a 

descriptor near the origin of the loading scatter plot is not relevant for the respective PCs. In addition, 

the loading scatter plot visualizes how properties relate to each other by drawing an imaginary line 

through the property of interest and the origin of the loading scatter plot. Next, any other property 

can be projected perpendicular on that line to assess their correlation. The properties are positively 

correlated when the projected property was positioned close to the selected property on the 
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imaginary line. In contrast, the properties are anti-correlated when their projection is located on the 

opposite side of the straight line. The (anti)-correlation is weaker when the projection is close to the 

origin of the loading scatter plot. 

4.1.1 Summary of fit 

Up to 4 PCs were included in the PCA model (“PCA_blends”). For every PC, R2X and a Q2X values were 

calculated (Table 6). R2X is a quantitative measurement of the goodness of fit (= the explained 

variation) where 0 and 1 indicate no fit or a perfect fit, respectively. Q2X is a quantitative measurement 

of the goodness of prediction, calculated via cross-validation using the default Simca settings. R2X 

value converges to 1 when increasing the number of PCs, yet if too many PCs are included in the 

model, Q²X decreases due to overfitting. No increase of Q2X was observed when increasing the 

number of PCs from three to four. Nonetheless, the 4th PC was retained in the PCA model as a physical 

meaning could be attributed to this PC (section 4.1.2.4) which included rather unique information.  

Table 6: Summary of fit for multivariate PCA and PLS models  

Model 
PCs 

R2X / R2Y  

(% cum) 

Q2 X / R2Y 

(% cum) 

PCA_blends 

1 44 36 

2 69 59 

3 83 72 

4 88 72 

PLS_overall 

1 26 24 

2 48 45 

3 64 60 

PLS_high_TS 

1 40 39 

2 64 61 

3 74 70 

PLS_reduced 

1 42 41 

2 66 65 

3 78 76 

 

4.1.2 Loading scatter plot 

4.1.2.1 PC1: Flow, cohesion and compressibility-related properties 

The first component (R2X=44 and Q2X=36%) was mainly influenced by flowability, cohesion and 

compressibility. High positive PC1 loadings were observed for density-weighed flow (ffp and ffrho, 

Figure 2), powder flow under consolidation (ffc) and flowrate through an orifice (FP). These responses 
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were positively related to the change in permeability per unit of density (k_ρ_sus), signifying that 

poorly flowing blends will have a higher reduction in permeability (i.e. negative values for k_ρ_sus). 

The flowability was negatively related to the cohesion (тc, UYS), internal friction (Φe and Φsf) and 

compressibility (C_15kPa, Cmax). UYS reflects the stress required to initialize the flow of a 

consolidated mass of material when it is in an unconfined state (i.e. free unstressed surface). This 

response clustered with C_15kPa, Cmax and тc, indicating these properties describe the intrinsic 

cohesiveness of a powder. The kinetic constant of the compressibility – pressure relation (i.e. b, the 

pressure needed to reduce the powder bed volume by 50%) showed moderately positive PC1 loadings. 

This position suggested that blends with a low compressibility tended to achieve half of their maximal 

volume reduction at lower pressures. The above-mentioned properties were particularly interesting 

for PC1 as they all showed relatively neutral loadings for the 2nd PC.  

4.1.2.2 PC2: Permeability and density-related properties 

The second PC explained 25% and predicted 23% of the variability in the blend property database. The 

permeability descriptors (k_2kPa and k_15kPa) were located at the bottom center of the PC1 vs PC2 

loading scatter plot (Figure 2), whereas the density descriptors (ρtrue, ρb, ρt, CBD, RHOB) clustered in 

the top right corner. This indicated that air can permeate less easily through a denser powder bed. 

The plot illustrated also that ρb correlated particularly well with CBD (R2 = 1.0), confirming the validity 

of both methodologies. The porosity (ε) was inversely related to the density descriptors, indicating 

that dense powders generally have a low void fraction. HR and CI clustered together as descriptors of 

the propensity of powders to be compressed. However, they correlated only moderately with the 

corresponding descriptors of the FT4 compressibility test (R2 CI and C_15kPa = 0.6). This discrepancy 

indicated that the stress levels of both tests were not comparable. The PC1 vs PC2 loading scatter plot 

suggested that the permeability reduced more per unit of compressibility (%) for highly compressible 

powders (R2 CI and k_CI_Sus = 0.50). Φlin, and WFA had neutral loadings for both PC1 and PC2.  
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Figure 2: Blend property model (“PCA_blends”): loading scatter plot of PC1 and PC2.  
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4.1.2.3 PC3: WFA and ε, Φlin and MPS 

The PC3 vs PC4 loading scatter plot indicated strong positive PC3 loadings for WFA (Figure 3). Strong 

negative PC3 loadings were observed for ε, Φlin and MPS. Blends with a higher MPS have in general a 

shear stress that is more susceptible to the applied normal stress, i.e. a higher Φlin (R2=0.82). 

Furthermore, blends with a high void fraction (ε) tended to have a lower WFA presumably due to 

correlation as filler P101 and PH200 both combine high porosity with low WFA (R2 = -0.83).  

4.1.2.4 PC4: b, k_CI_Sus and permeability 

Descriptors k_CI_Sus and b were situated at the top center of the PC3 vs PC4 loading scatter plot 

(Figure 3). Their correlation (R2 k_CI_sus and b = 0.63) suggested that blends with high b values suffer 

generally less from a reduction in permeability per unit increase in compressibility. The permeability-

related descriptors (k_15kPa and k_2kPa) were situated in the bottom center of the loading scatter 

plot.  
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Figure 3: Blend property model (“PCA_blends”): loading scatter plot of PC3 and PC4󠄀.  
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4.1.3 Score scatter plot 

The score scatter plots (Figure 4 and 5) show the relation between different blends based on the score 

values of their principal components. The blends cluster on the plot if they possess similar values for 

the descriptors that contribute to the respective PCs. In contrast, the blends are located on different 

regions of the score scatter plot if they are distinctly different. The score and loading scatter plots 

were evaluated simultaneously: blends with a specific location (i.e. scores combination) on the score 

scatter plot possess high values for properties with similar location (i.e. loadings combination) on the 

loading scatter plot (positive correlation) and low values for properties at the opposite side of the 

loading scatter plot origin (negative correlation).  

The PC1 vs PC2 and PC3 vs PC 4 score scatter plot (Figure 4) show how the blends clustered based on 

the selected filler which indicated the importance of excipient screening for formulations with a low 

drug load (10% API). In addition, similar patterns were observed within each filler cluster which 

highlights that actives can exert even at a 10% drug load a significant impact on blend properties. The 

PC1 vs PC2 scores plot revealed that blends manufactured with DCP have the highest density followed 

by T80, 100SD, PH200 and PH101. Blends composed of 100SD and DCP flowed generally best followed 

by PH200, T80 and PH101. The blends composed of different fillers possessed different score values 

for both PCs, whereas blends composed of the same filler differed mostly along PC1. Thus, the impact 

of API properties was more pronounced on the flow (PC1) than on the density of the blend (PC2).  
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Figure 4: Blend property model (“PCA_blends”): score scatter plot of PC1 and PC2. The color of the material indicates the utilized filler: 100SD (●), DCP (●), 

PH101 (●), T80 (●) and PH200 (●). 
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Figure 5: Blend property model (“PCA_blends”): score scatter plot of PC3 and PC4󠄀. The color of the material indicates the utilized filler: 100SD (●), DCP (●), 

PH101 (●), T80 (●) and PH200 (●).  
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4.1.4 Goodness of fit and prediction of individual properties 

Excellent R2X and Q2X (>0.9) were obtained for the density measures (i.e. ρb, ρt, CBD and RHOB) as 

their redundancy ensured good predictive ability during cross-validation (Figure 6). Most techniques 

related to cohesion, compressibility and flow (UYS, FFc, FFRHO, FFp, ffc, C_15kPa, Cmax, тc, Φe, Φsf, 

C_15kPa and Cmax) achieved Q2X above 0.7 because these physical properties are intrinsically related 

to each other (Figure 6). In contrast, lower predictive performance (Q2X < 0.5) was observed for FP, 

permeability (k_2kPa, k_15kPa), WFA, Φlin and b as these are rather unique properties. Although 

excluding these unrelated properties from the PCA would improve the overall predictive performance 

of the model, it could also jeopardize its ability to distinguish blends that are similar per the first two 

PCs but differ in such unique properties.  

4.2 PLS model to link blend and process parameters with die-filling responses 

All blends were processed on the rotary tablet press according to the experimental design presented 

in Table 4. However, some blends could not be tableted due to capping (F1, F2, F3) or high ejection 

forces (> 1.2 kN) (F6, F12, F24, F30). Based on the PCA analysis described in section 4.1, several blends 

(F20, F22, F26, F28 and F29) were only processed at center point settings as blends with similar 

properties (similar score values for PC1, PC2, PC3 and PC4) were already characterized and thereby 

the variation they induce was already enclosed during calibration. Formulations F1, F2 and F3 

contained 100SD as filler in combination with a paracetamol grade (P_µ, P_P and P_DP) and exhibited 

capping which could be attributed to the elastic behavior of paracetamol upon compression (Di 

Martino et al., 1996; Garekani et al., 2000). Formulations F6, F12, F24 and F30 could not be processed 

due to excessive ejection forces and included MPT as API in combination with SD100, DCP, T80 and 

PH200. MPT had the highest WFA (WFA=29.4°) among the APIs included in the study and the 

corresponding lubricated MPT blends with 100SD, T80, PH200 and DCP also showed the highest WFA 

(Figure 7). EF correlated with WFA of the lubricated blends, but a less clear correlation was observed 

with WFA of unlubricated blends (Figure 7). Generally, WFA of the blends dropped after lubrication. 

However, WFA of MPT formulations did not decrease after lubrication with DCP, PH101, PH200 and 

SD100 as fillers. Thus, it appeared that lubrication did not affect WFA of these MPT formulations which 

could possibly be attributed to the high specific surface area of micronized metoprolol tartrate. In 

conclusion, lack of processability due to high EF could only be assessed based on lubricated WFA 

values. 
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Figure 6: Blend property model (“PCA_blends”): R2X (green) and Q2X (blue) overview of individual properties.  
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Figure 7: Overview of the wall friction angles measured on lubricated (black) and unlubricated (grey) blends and of the corresponding ejection forces (yellow 

dots) of the blends during tableting. Shaded bars represent formulations that could not be tableted due to excessively high ejection forces 

0

100

200

300

400

500

600

700

0

2

4

6

8

10

12

14

16

18

20

Ej
e

ct
io

n
 f

o
rc

e 
(N

)

W
FA

 (
°)



Chapter 8 

326 

4.2.1 Partial least square regressions 

4.2.1.1 Summary of fit 

An overall PLS model (“PLS_overall”) was constructed to link the blend properties and tableting 

process parameters with the logged process responses and tablet quality attributes. A model with 3 

PCs, explaining each 26%, 22% and 16% of the correlation, respectively, was constructed as inclusion 

of more PCs did not improve the predictability (Q²Y) of the model. The highly-correlated blend 

properties (R² > 0.98) CI (R² CI and HR: 1.00), FFp (R² FFp and FFRHO: 1.00), RHOB (R² RHOB and ρb: 

0.99), CBD (R² CBD and ρb: 1.00) and k_2kPa (R² k_2kPa and k_15kPa: 0.98) were excluded from the 

PLS model to avoid model distortion. Similarly, a strong correlation between these blend properties 

was observed by PCA (section 4.1). EF was excluded from the model as it was exclusively linked to 

WFA. An overview of the goodness of fit (R²Y) and goodness of prediction (Q²Y) of every response in 

the overall PLS model is shown in Figure 8. High values for R²Y and Q²Y (>0.70) were obtained for BRT, 

DFF and TW, whereas descriptors related to die filling consistency were more challenging to model. 

While construction of a sub-model including only poorly flowing formulations (FFc < 4) was not 

effective to improve R²Y and Q²Y, a submodel (“PLS_high_TS”) including runs performed at turret 

speeds of 55 and 100 rpm was successful to improve R²Y and Q²Y for all responses in the model. In the 

latter model, 3 PCs were included, explaining each 40%, 24% and 10% of the correlation, respectively, 

and R²Y and Q²Y values of at least 0.77 and 0.65 were obtained for the individual responses (Figure 8). 

This approach enabled to model the descriptors related to tablet weight variability (RSD_TW_mean: 

R²Y 0.79, Q²Y 0.71 and RSD_TW_sample: R²Y 0.82, Q²Y 0.75) which are most critical and relevant to 

the tableting process. In contrast, the correlation between blend properties, process parameters and 

tablet weight variability responses was poor when the tablets were manufactured at low turret speeds 

(10 rpm) as the observed tablet weight variability was consistently low (RSD_TW_mean below 1.2% 

RSD), irrespective of the blend properties (Figure 9). At low turret speeds, reproducible die filling 

proved less dependent on the blend properties as more time was available for die filling. In contrast, 

processing of the blends at higher turret speeds resulted in higher tablet weight variability 

(RSD_TW_mean up to 4.4% RSD). When less time was available for die-filling, the blend properties 

had a major impact on the consistency of die filling step and consequently it was more convenient to 

model tablet weight variability-related responses under such conditions.   
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Figure 8: Overview of the goodness-of-fit (left) and goodness-of-prediction (right) of the developed PLS models (“PLS_overall”, “PLS_high_TS”, “PLS_reduced”). 
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Figure 9: Observed ranges for RSD_TW_sample (left) and RSD_TW_mean (right) as a function of the applied turret speed.   
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4.2.1.2 Loading scatter plots 

The loading scatter plots of the PLS models were analyzed to unravel the link between process 

responses, blend properties and process parameters. Similar correlations were identified on the 

loading scatter plots of the overall- and sub-PLS model (“PLS_high_TS”). Figure 10 shows the loading 

scatter plot (PC1 vs PC2) of the PLS_high_TS model: the descriptors for tablet weight variability 

(RSD_TW_mean, RSD_TW_sample) clustered together with the variability on the pre-compression 

displacement (RSD_PCD) and main compression force (RSD_MCF). This proved the validity of the 

concept on which control loops for adjustment of the tablet weight in rotary tablet presses are based. 

Interestingly, RSD_TW_mean and RSD_TW_sample clustered closely on the PLS loading scatter plot 

which indicates that the variability on the mean tablet weight across the run was high when there was 

a higher weight variability within a grab sample. However, the absolute values observed for 

RSD_TW_sample were generally higher in comparison to the RSD_TW_mean. The blend properties 

describing flowability (ffc, FFRHO, FP, UYS, MPS), friction (Φe, Φsf, Φlin), permeability (k_15kPa), 

compressibility (b, Cmax), cohesion (тc), porosity (ε) and wall friction angle (WFA) highly affected the 

tablet weight variability. Lower tablet weight variability was obtained for blends with a low porosity, 

low compressibility, high wall friction angle, high permeability and good flowability. It is generally 

recognized that low tablet weight variability can be achieved when tableting well flowing materials as 

these materials flow easily and reproducibly into the die (Mehrotra et al., 2009; Mendez et al., 2012; 

Peeters et al., 2015; Sinka et al., 2004; Sun, 2010; B. Van Snick et al., 2017a; Yaginuma et al., 2007). 

However, the permeability, compressibility, wall friction angle and porosity of the blend showed an 

equally strong influence on tablet weight variability and should therefore also be considered whilst 

formulating a blend for a direct tableting process. Porous blends were often found to be highly 

compressible, hence resulting in poor die filling consistency. The effect of WFA on the tablet weight 

variability can be attributed to the observed anti-correlation between porosity and WFA in section 

4.1.2.3. In addition, it seems physically amenable that blends with adhesive properties tend to flow 

more irregular in the narrow die cavities. Besides these blend properties, the turret speed also 

exhibited a dominant effect on the tablet weight variability. As less time for die filling was available at 

higher turret speeds, non-reproducible die filling resulted in high tablet weight variability (Mehrotra 

et al., 2009; Peeters et al., 2015). Tablet weight was situated opposite to the descriptors for tablet 

weight variability along the first PC and showed similar scores on the second PC. This implies that 

relatively higher tablet weights were obtained when die filling was reproducible (low tablet weight 

variability). Additionally, TW was highly influenced by the blend density.  
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Figure 10: “PLS_high_TS”: PC1 vs PC2 loading scatter plot. Variables and responses are indicated in green and blue, respectively. 
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A third cluster of responses, including bulk residence time (BRT), die fill fraction (DFF) and feed frame 

fill fraction (FFFF) exhibited negative scores along PC1 in combination with positive scores along PC2. 

This clustering indicated that tableting with a high degree of fill in the feed frame resulted in complete 

die filling and longer BRT. Considering a fixed volume of the feed frame, it seems physically amenable 

that a higher filling degree of the feed frame resulted in a longer BRT as more mixing took place when 

a higher number of particles was present in the fixed volume of the feed frame. A higher FFFF resulted 

in more complete die-filling (higher DFF) as more particles were available for die filling. The 

permeability (k_15kPa) showed the strongest influence on the third response cluster. The better the 

permeation of air through the blend, the more complete the feed frame and the dies were filled and 

the longer the BRT. Additionally, BRT, DFF and FFFF were influenced by the paddle speed (PS) and 

turret speed (TS). Increasing turret speed will reduce the BRT as the material is emptied out of the 

feed frame at a higher mass flow rate. Besides at high paddle speed and low turret speed, relatively 

more material was fed in the feed frame by the paddle wheels whilst it was filled at slower pace into 

the dies, resulting in a high filling degree of the feed frame and the dies and a long BRT. Mixing in the 

feed frame at a macro- and microscopic level is regulated through BRT which reflects the average 

mixing time in that unit operation. The macroscopic powder flow in the feed frame is known to be 

between plug and mixed flow and can be described through a series of continuously stirred tanks with 

a plug-flow volume fraction (Van Snick et al., 2017). Additional macroscopic mixing in the feed frame 

can convert a blend of non-confirming quality (i.e. out of specification for potency) into tablets which 

meet the potency specifications. Whereas from a raw material tracking and batch definition 

perspective within a continuous manufacturing system, the macroscopic mixing in the feed frame is 

preferably as short as possible to minimize intermingling of two distinct material lots. At a microscopic 

level, a higher BRT maximizes the applied strain in the feed frame which could improve the uniformity 

of content but reduces the tablet hardness due to over-lubrication effects (Peeters et al., 2016; Van 

Snick et al., 2017). Interestingly, BRT was inversely related to the tablet weight variability which 

remains the principal response of any die filling study. In conclusion, whilst formulators and operators 

optimize the tablet weight variability by finetuning the paddle wheel speed they should not overlook 

the potential impact of this parameter on the macro- and micro-mixing effects.  

The third PC of the PLS model explained 10 % of the variability in the dataset. All variables and 

responses showed neutral scores for the third PC, except for TS and BRT with negative and positive 

loadings for PC3. This highlighted the strong influence of TS on BRT. 

4.2.1.3 Score scatter plot 

Figure 11 shows the PC1 vs PC2 score scatter plot of the “PLS_high_TS” model.  
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Figure 11: “PLS_high_TS”: PC1 vs PC2 scores scatter plot. The color of the material indicates the utilized filler: 100SD (●), DCP (●), PH101 (●), T80 (●) and 

PH200 (●). 
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The runs are clearly clustered based on the filler. A similar trend was observed on the PC1 vs PC2 

scores plot of the blend property PCA (Figure 4). Along PC1, the position of the runs was mainly 

determined by the blend cohesion, compressibility, flowability, porosity and effective angle of internal 

friction as these properties showed the strongest influence on the tablet weight variability descriptors 

(RSD_TW_mean, RSD_TW_sample, RSD_PCD and RSD_MCF). In addition, density of the blend had a 

strong impact on tablet weight. Thus, blends with DCP and 100SD showed the highest tablet weight 

and the lowest tablet weight variability, whereas PH101-based blends had the lowest tablet weight 

and highest tablet weight variability. In absolute numbers, RSD_TW_mean was below 1.5% for blends 

based on PH200, T80, 100SD and DCP. In contrast, absolute values for RSD_TW_mean up to 5% were 

observed for PH101-based blends. It should be noted that the latter filler lacked good flow properties 

as it was not engineered for direct compression (Bernd Van Snick et al., 2018). Tablet weight and tablet 

weight variability were also influenced by the API included in the formulation. Inclusion of P_DP, an 

API with low porosity, high density and high density-weighed flow, generally yielded higher tablet 

weights and lower tablet weight variability. In contrast, tableting of blends with porous, low density 

and poorly flowing model APIs (P_µ and Mpt_µ) resulted in tablets with lower tablet weight and higher 

weight variability. All PH101-based formulations showed low tablet weight and relatively high tablet 

weight variability, independently of the API in the formulation and the applied process parameters. 

Robustness of the PH101-based formulations towards changes in model API was also concluded based 

on the PCA blend model. Although this aspect could be attracting to formulators, it should be noted 

that the tablet weight variability of these formulations was high.  

Along PC2, the position of the runs was mainly determined by the blend permeability and density. 

When PH200 and 100 SD were utilized as filler, they generally showed high positive loadings for PC2 

as high FFFF and DFF values and relatively long BRTs were observed due to their high permeability. In 

contrast, DCP-based blends had negative loadings for PC2 as they are characterized by a low 

permeability and high density, resulting in low FFFF and DFF values and relatively short BRTs given its 

density. 

In addition to the blend properties, a dominant effect of TS and a minor effect of PS on the responses 

were also observed along PC1 and PC2. This is illustrated in Figure 12 for the overall PLS model 

(“PLS_overall”). Within an API-filler combination, experiments performed at low TS (run numbers 1 

and 3) showed lower scores along PC1 and higher scores along PC2 in comparison to the runs 

performed at high TS (run numbers 2 and 4) as lower TS resulted in less tablet weight variability, higher 

TW and longer BRT. The influence of PS on the responses was opposite but less pronounced compared 

to TS as the position of PS was opposite to TS but closer to the loading scatter plot’s origin.  
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Figure 12: “PLS_overall”: PC1 vs PC2 scores scatter plot. The color of the material indicates the utilized filler: 100SD (●), DCP (●), PH101 (●), T80 (●) and PH200 

(●) and the run number. The zoomed in area shows the typical pattern of experiments depending on the applied process settings. 
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4.2.2 Discussion on the PLS model 

The developed PLS models allowed to gain insight into the correlation between blend properties, 

process parameters and both process and product responses related to die filling. Moreover, these 

models will enable prediction of die filling behavior based upon characterized blend properties. This 

is particularly valuable during the early phases of drug product development when only a limited 

amount of API is available at high cost. Consequently, performing high speed compression trials on a 

rotary tablet press is often not feasible due to limited API availability. The established PLS model and 

identified relation between WFA and EF allow to assess the feasibility of high speed compression 

during early drug product development phases. Instead of performing API-consuming rotary tableting 

trials, six blend properties (compressibility, density, flowability, permeability, porosity and wall friction 

angle) should be determined to estimate the most critical die filling-related responses 

(RSD_TW_sample, RSD_TW_mean, TW, BRT) and EF. The model is an endeavor to obtain information 

on die filling whilst formulating the API in multiple excipient concepts or at multiple drug loads. It is 

thereby critical that the properties and process conditions of the new formulation fall within the 

material and process space that is currently covered by the PCA model. 

It was also evaluated if similar or improved model predictivity (Q²Y) could be obtained by exclusion of 

non-significant property descriptors. The significance of a descriptor was evaluated based on the 

coefficient plots of the individual responses (not shown). Figure 8 provides an overview of R²Y and Q²Y 

of the resulting model (“PLS_reduced”). The following descriptors significantly contributed to the 

reduced PLS model: ρb, ρt, ρtrue, HR, ε, FFRHO, Фsf, Фe, C_15kPa, k_15kPa and UYS. The Q²Y values 

of this model indicated a slight but negligible improvement in predictivity of tablet weight (variability)-

related descriptors. Although a similar predictive performance was achieved whilst retaining only six 

blend properties in the model, all characterization methods had to be applied to derive these six 

descriptors that are mandatory for predicting die filling behavior.  

In the future, the accuracy of the established models can be verified using formulations that are 

currently in late drug product development or in commercial manufacturing. Additionally, the models 

will be expanded with multicomponent blends including additional excipients (such as disintegrants, 

binders, flow aids), varying API/excipient ratios, process parameters (such as additional fill depth 

levels) and equipment settings (such as different paddle wheel designs). 

5 Conclusions 

Thirty divergent blends were characterized for their properties to construct a blend property 

database. PCA analysis revealed how these blend properties related to each other and elucidated the 
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impact of the excipient and API on blend properties. Next, a PLS model was constructed to link the 

blend properties and applied process parameters with the process and product responses of the die-

filling process. Moreover, these PLS models can be used for prediction of die-filling behavior based on 

the characterization of a formulation for six blend properties without performing any tableting 

experiments. Therefore, the approach used in current study is a powerful tool to limit consumption of 

resources in early drug product development.  
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1 Broader international context 

Implementation of continuous manufacturing in the pharmaceutical industry requires global and 

cross-functional collaboration. Gaining in-depth process knowledge for new continuous processing 

equipment is just the start of the innovation journey. First, the design of the line should fit within 

existing facilities which becomes gradually more challenging as more and more unit-operations are 

being integrated to deliver flexible continuous manufacturing platforms that integrate the drug 

substance and drug product workstream. Next, the optimal unit operations need to be integrated in 

the automation and control system of the manufacturing line to enable robust manufacturing through 

optimal control logics. This allows formulation scientists and process engineers to deliver a holistic 

control strategy that efficiently controls and assures drug product quality, whilst being compliant with 

the current good manufacturing practice and regulatory landscape. Therefore, academia, equipment 

manufacturers, pharmaceutical companies, regulators, research institutes, technology providers and 

integrators joined forces in several global consortia: 

- The Center for Structured Organic Particulate Systems (C-SOPS) is a multi-university 

consortium between Rutgers University, Purdue University, New Jersey Institute of Technology and 

University of Puerto Rico, founded in 2006 with funding of the National Science Foundation. 

Nowadays, the consortium is self-supporting as over 50 international companies including technology 

suppliers, technology integrators and pharmaceutical companies contributed with membership. The 

consortium interacts regularly with health authorities and recently received significant funding from 

the Food and Drug Administration (FDA) to establish regulatory science and train the agency (C-SOPS, 

2018).  

- The International Institute for Advanced Pharmaceutical Manufacturing (I2APM) brings 

together world-leading academic expertise with the goal of advancing the science and technology of 

integrated primary and secondary continuous manufacturing of pharmaceutical products to deliver 

new end-to-end continuous manufacturing capabilities that will transform the global supply chain for 

medicines. The institute is a partnership between the continuous manufacturing and advanced 

crystallization hub (CMAC, UK), C-SOPS and the Research Center for Pharmaceutical Engineering 

(RCPE, Austria). The joint program leverages existing extensive investments in the UK, US and EU by 

creating a vibrant international manufacturing research community that aims to accelerate progress 

through excellence in research. Furthermore, by engaging with regulators the research will be 

targeted to maximize impact for end users. I2APM is a research and educational partnership (I2APM, 

2018). 
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- The European Consortium on Continuous Pharmaceutical Manufacturing (ECCPM) was 

founded to address the challenges of transferring continuous manufacturing concepts from 

development to commercial scale. Multiple pharmaceutical partners (Bayer, UCB and Astra Zeneca), 

technology providers and integrators (GEA, Automatik and Siemens), universities (University of 

Eastern Finland, Ghent University, TU Graz) and research institutes (RCPE) joined forces in this 

consortium. The consortium established three “use cases” which focused on key technologies for 

continuous manufacturing, namely hot-melt extrusion, wet extrusion granulation and direct 

compaction. The consortium provided a collaborative platform for companies and academic 

institutions to develop a collective vision on key concepts such as process analytical technology (PAT) 

implementation, batch definition, control and release strategies. Recently, the consortium announced 

to renew research activities with an updated list of partners (ECCPM, 2018).  

- The ReMediES project (Re-configuring MEDIcines End-to-end Supply) brought together 

researchers, pharmaceutical manufacturers and technology providers to re-imagine how medicines 

are trialed, manufactured, packaged and distributed. Its aim was to make British medicine 

manufacturing best-in-class and best-for-patients. An impressive 11 million pounds was funded by the 

UK government and matched by 23 industry partners including GSK and Astra Zeneca as 

pharmaceutical companies, whereas GEA and Perceptive Engineering were on board as technology 

providers and integrators for enabling multivariate modeling and advanced process control solutions. 

Academic research was led by the University of Cambridge’s Institute for Manufacturing. Moreover, 

the Medicines and Healthcare products Regulatory Agency (MHRA) supported the project through 

delivering a regulatory framework (Remedies, 2018).  

- The LB Bohle Technology Center is a consortium under the guidance of L.B. Bohle between 

academia (Rutgers University, Heinrich-Heine-University and Rheinisch-Westfälische Technische 

Hochschule - Aachen), technology providers (Bohle, Korsch and Gericke) and enablers of monitoring 

and control (Siemens, Kaiser optical systems, Sentronic and Kraemer Electronic). The consortium 

designed a flexible continuous production unit with direct compression, wet and dry-granulation 

capabilities where unit operations can be exchanged or removed (L.B. Bohle, 2018).  

- Novartis-MIT Center for Continuous Manufacturing is a 10-year research collaboration with a 

65-million-dollar budget aimed at transforming pharmaceutical production. Combining the industrial 

expertise of Novartis with MIT’s scientific and technological leadership, the center develops new 

technologies to replace the pharmaceutical industry’s conventional batch-based system with an end-

to-end continuous manufacturing process including drug substance synthesis, crystallization, filtration 

and drying coupled with an integrated extrusion-molding-coating process for drug product 



Chapter 9 

340 

manufacturing (Novartis-MIT, 2018). Besides, the Novartis-MIT center co-sponsors the International 

Symposium on Continuous Manufacturing of Pharmaceuticals (ISCMP) which aims to connect drug 

substance and drug product manufacturers, technology suppliers, research institutions, regulatory 

agencies and the International Council for Harmonization (ICH). This symposium is held every two-

year and aims to present the latest advancement (knowledge, opportunities, challenges, gaps and 

regulatory aspects) in the field which are then summarized in high quality papers (Allison et al., 2015).  

- The International Society for Pharmaceutical Engineers (ISPE) aims to connect pharmaceutical 

knowledge. This society efficiently connected leading academia, equipment vendors and 

pharmaceutical companies to discuss cross-functional topics including advancements in technology, 

control strategies, cleaning and process validation, quality assurance etc. Moreover, minimal user 

requirements for unit operations, integrated continuous manufacturing lines and PAT tools have been 

successfully defined in specific workgroups (ISPE, 2018).  

This collaborative spirit, combined with encouraging regulatory initiatives, created a dynamic 

environment wherein the benefits of continuous manufacturing could materialize. The 

pharmaceutical industry and health authorities recently shared their initial success stories: OrkambiTM 

(lumacaftor and ivacaftor against cystic fibrosis) was approved by FDA in July 2015. OrkambiTM was 

the first ever oral solid dosage drug to be manufactured using a continuous process. In April 2016, 

Johnson & Johnson announced the first FDA-approved conversion from batch to continuous for 

PrezistaTM (darunavir against HIV-1). To expedite global regulatory pathways, Johnson & Johnson 

engaged in multiple regulatory interactions which resulted in approvals in Switzerland, the EU, 

Canada, Australia, New Zealand, Brazil, Serbia and Israel. Successful global alignment for a legacy 

product was a prerequisite to endorse submissions of new drug applications with low risk. Lilly 

announced in September 2017 the approval of VerzenioTm (metastatic breast cancer) as its first solid 

oral dosage form to be made using continuous manufacturing (Eli lilly, 2018). In February 2018, Vertex 

announced that SymdekoTM (tezacaftor/ivacaftor) is the second FDA-approved drug made using a 

continuous manufacturing process for the treatment of cystic fibrosis (Vertex, 2018). Interestingly, a 

local pharma company named Chinoin received approval for the continuous manufacturing of Severin 

tablets (nimesulide) for supply of the Mexican market (Pharma, 2017).  

However, conference and workshop proceedings indicated more pharmaceutical companies are 

investing in continuous manufacturing facilities. Pfizer and GSK partnered with GEA and successfully 

developed a portable modular prototype unit that enables continuous manufacturing around the 

globe within weeks (ISPE, 2016). Merck invested in a ConsiGmaTm platform for the continuous direct 

compression of a legacy product. They actively shared their residence time distribution (RTD) 



Broader international context, relevance and future perspectives 

341 

modeling approach (Moore et al., 2017), operational and release strategies (Meyer, 2016) and 

regulatory position (Moore, 2017). Astra Zeneca installed a ConsiGmaTm 25 continuous wet 

granulation unit to strengthen its clinical trial manufacturing capabilities (Manufacturing chemist, 

2013). Johnson & Johnson continued its continuous manufacturing journey by installing identical lines 

for continuous direct compression and roller compaction in their development, clinical and 

commercial supply chain, thereby aiming to develop 80% of their oral solid dosage portfolio on the 

ConsiGmaTM platform (Di Pretoro, 2018). Novartis initiated the technology transfer of the Novartis-

MIT prototype process that produces finished drug tablets from raw chemical ingredients through a 

fully integrated, non-stop, end-to-end continuous process to its novel continuous manufacturing unit 

(“Technikum”) in Basel (Continuus, 2018). Other companies have explored the potential of continuous 

manufacturing without making capital investments. For example, BMS shared a holistic control 

strategy for a continuous direct compression process (Vanarase et al., 2016).  

To enroll continuous manufacturing, pharmaceutical companies might also consider partnerships with 

contract research organisations and contract manufacturing organizations. Although big 

pharamaceutical companies with adequate idle capacity on continuous manufacturing technology 

remain rather reluctant to share their intellectual property with third parties on innovative and 

sensitive topics as control, operational, process analytical technology, real time release and regulatory 

strategies. Nevertheless, the contract manufacturing organization concept shows synergism with 

flexibility enhancement of the supply chain, which the pharmaceutical industry is looking to achieve 

with continuous manufacturing. In addition, smaller pharmaceutical might lack the resources for 

capital investment in continuous manufacturing. Furthermore, due to their focus on process 

development and manufacturing combined with their abundant interactions across companies, the 

CMO could become rapidly centres of excellence for continuous manufacturing. The biggest hurdle is 

probably the necessary capital investments that need to be done by the CMOs, which could be 

overcome through enganging in partnerships with the pharmaceutical industry or equipment vendors. 

In conclusion, continuous manufacturing is gaining momentum and is likely to become the 

manufacturing standard for new drug products over the next few years. 

2 Relevance 

2.1 Social relevance 

Tablets remain by far the most dominant dosage form in the global pharmaceutical market. They 

account for more than 80% of all pharmaceutical products due to their accurate dosing, ease and low 

cost of manufacturing, high patient compliance and good chemical and physical stability (Armstrong, 
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2007). In 2017, the world pharmaceutical market for oral solid dosage forms reached an astonishing 

493 billion dollar (Future market insights, 2018).  

The FDA regulates pharmaceutical drug products to ensure a continuous supply of high-quality drugs 

in the US. However, the Wall Street Journal revealed in 2003 that the pharmaceutical industry has 

manufacturing techniques that lag far behind those of potato-chip and laundry-soap makers (Abboud 

and Hensley, 2018). Therefore, the FDA launched the “Pharmaceutical Quality for the 21st Century” 

initiative which aims to promote a maximally efficient, agile, flexible pharmaceutical manufacturing 

sector that reliably produces high quality drugs without extensive regulatory oversight (FDA, 2004). 

Although substantial progress was made over the past decade, drug shortages and product recalls 

occurred at unprecedented rates, limiting patient access to critical medicines and undermining health 

care in the US. The FDA stated that these issues reflected deficiencies in pharmaceutical quality and 

manufacturing such as stretching the capability of outdated manufacturing technology and ineffective 

quality management systems (O’Connor et al., 2016). Likewise, the Netherlands faced shortages of 

anti-conception drugs as four out of seven manufacturers were simultaneously not able to supply drug 

product of adequate quality (NOS, 2018).  

FDA director Janet Woodcock stated in 2011 that “manufacturing experts from the 1950’s would easily 

recognize the pharmaceutical manufacturing processes of today. It is predicted that manufacturing 

will change in the next 25 years as current manufacturing practices are abandoned in favor of cleaner, 

flexible, more efficient continuous manufacturing” (Woodcock, 2011). This new technology will not 

only benefit the industry but also health care providers and ultimately patients by ensuring that 

affordable drugs of adequate drugs are timely made available through the pharmaceutical supply 

chain. Besides, continuous manufacturing allows to accelerate drug product development and thereby 

bring the drug product faster to the patients by shortening development timelines in between clinical 

studies. To expedite this benefit, reimaging the clinical trial design could create synergism as clinal 

studies are often the rate limiting step during the development.  

In conclusion, the significant investments in continuous pharmaceutical manufacturing research, the 

adoption of quality-by-design (QbD) and the advancement of PAT for process design, monitoring and 

control have progressed the scientific and regulatory readiness for continuous manufacturing (Lee et 

al., 2015b).  

2.2 Economical relevance 

2.2.1 High-skilled job creation as economical driver 

For years, the pharmaceutical industry has been moving its manufacturing sites outside of the US and 

EU towards low loan cost or tax-sheltered nations. The batchwise manufacturing model was an 
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important driver as it entails labor-intensive and repetitive work that can be conducted through low-

skilled operators and technicians. In contrast, delivering a highly automated continuous 

manufacturing processes enables cost-efficient manufacturing through minimizing operator 

headcount and off-line testing. Instead, a highly skilled cross-functional team will be required for 

formulation and process development, RTD modeling, in-line monitoring and control, real time release 

testing and embedding the control strategy in the architecture of the line control system. Over the 

past decade, an impressive list of top notch consortia delivered scientifically skilled frontrunners that 

drove the introduction and witnessed the broad roll-out of this technology. This pool of talent often 

continues their career in the pharmaceutical industry. The availability of continuous manufacturing 

experts will, in combination with a reduced footprint and smaller inventory, make the US and EU again 

a great location for investment in continuous manufacturing facilities. The latest investments of 

Johnson & Johnson (Belgium and Italy), Merck (England), Lilly (Ireland), Hovione, Vertex and Pfizer 

(US) seem to confirm this hypothesis. The associated jobs within academia, technology providers, 

pharmaceutical industry and health authorities are expected to boost the economy and create a 

snowball effect that can make continuous manufacturing the standard mode of manufacturing. 

2.2.2 Reduction of development cost 

Continuous manufacturing can reduce the development cost through several aspects.  

• Late-stage resource savings: process development at a commercially viable flow rate allows 

to eliminate scale-up activities and unlock the potential of a one-on-one technology transfer. 

Consequently, continuous manufacturing alleviates the traditional need for re-establishing 

the design space at commercial batch size. These upscaling and characterization batches 

consume significant analytical, active pharmaceutical ingredient (API) and human recourses. 

Moreover, scale-up might involve a change in site and/or manufacturing technology which 

preferably is supported through the SUPAC guidelines for immediate release formulation. In 

case multi point dissolution comparison fails, one deviates from the SUPAC guideline, argues 

with agencies on interpretation of SUPAC guideline, or for any other risk averse consideration, 

a scale-up and/or transfer activities can potentially trigger a supportive bio availability or bio 

equivalence study which inflates the clinical cost. Using continuous manufacturing, the clinical 

studies can be supplied at commercial scale which should alleviate the risk of these clinical 

studies. Likewise, stability studies can be eliminated.  

• Continuous process verification in lieu of traditional process validation has the potential to 

reduce the number of validation batches and associated API, human and analytical resources.  
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In contrast, utilizing continuous manufacturing for clinical trial manufacturing may necessitate 

frontloading of API resources. Alternatively, in-silico modeling and the identification of surrogates may 

allow to control API consumption whilst still delivering an adequately optimized and controlled 

manufacturing process for clinical trials that are intended to provide evidence for a drug marketing 

approval, as the clinical impact of optimization driven process changes between early and late clinical 

studies (e.g. bioavailability) could understood during such evidence providing clinical trials.  

2.2.3 Faster to market increases revenue 

It is generally cited that continuous manufacturing can accelerate process development and reduce 

the time to market accordingly. In contrast, the development timlines are often driven by the planning 

of the clinical trials. Yet there can occur situations during development that one need to wait for a 

read out of a clinical study and then accelerate completion of the updated development plan before 

the next clinical studies can initiate. For example, a clinical study to identify the most optimal dose 

should be completed before the evidence supporting clinical study can start. Hence the final product 

and process development can only commence after the dose is known and often needs to be 

completed as fast as possible. Moreover, the scale-up, transfer and validation activities for batchwise 

processes take often one year of development time in a critical window where the clinical trials are 

often being or have been finalized. Consequently, continuous manufacturing has the potential to 

substantially reduce the time-to-market through shortening timelines in between clinical studies and 

by ensuring a one-on-one tech transfer of the manufacturing process, PAT and release methods. This 

strategy also de-risks the occurrence of unexpected quality issues which as well may impact timelines. 

These shorter development timelines can have an extremely high impact on the revenue increase: for 

a blockbuster product every day sooner on the market can represent a value of 1 million dollar (R & D 

returns, 2010). Hence even marginal reductions in timelines can be relvant. To maximize the potential 

of CM, one should further attempt to allign how trial and develop new drugs.  

2.2.4 Financial and operational benefits 

Recently, Johnson & Johnson shared the financial and operational benefits associated with converting 

PrezistaTM from batch to continuous (Di Pretoro, 2018). Per 1000 kg of finished drug product, the 

manufacturing cycle reduced from 13 to 1.1 days, whereas labor hours reduced with 70%. The seven 

rooms and six discrete equipment batch units could be replaced through one material handling and 

continuous manufacturing room with a total reduction in footprint of 50%. Furthermore, 

implementing in- and at-line quality assurance tools and establishing real-time release models (for 

assay, dissolution, identification and uniformity of dosage units) allowed to cut the in-process and 

release test cycle from 30 to 5 days. This brought quality control to a new level as historically only 10 

out of 265 000 tablets were analyzed for their critical quality attributes. This illustrates that the 
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continuous manufacturing science can be brought into practice with significant financial and quality 

assurance merits. 

2.2.5 Socio-economic contributions of this research 

Characterizing the ConsiGmaTM for continuous direct compression platform allowed to identify and 

mitigate early challenges. This research demonstrated excellent process capability of an optimized 

continuous direct compression platform which may have encouraged pharmaceutical companies to 

invest in this technology.  

Unraveling the impact of equipment, material and process parameters on the quality attributes of a 

continuous direct compression process could facilitate and accelerate the adoption of QbD and risk-

based approaches. Furthermore, this research delivered a successful proof of concept for PAT tools 

and RTD process models as quality assurance tools. Both contributions paved the way for improving 

the quality of tomorrow’s drugs which ultimately benefits patients. The established surrogate 

identification tool allows to establish a more elaborated process design without additional API 

consumption, while unit operation models enable digital process design which not only reduces the 

API needs but also the time-to-market.  

In brief, the results of this research have the potential to contribute to a better quality of life for 

millions of people as it will assist in making new medicines available as quickly as possible, at a good 

quality and at a good cost. Besides, the project created further opportunities for Ghent University, 

GEA Group and Janssen to present itself as centers of excellence for continuous manufacturing. This 

project also gave the opportunity to multiple students to understand the pharmaceutical 

manufacturing of the future which facilitated their career start in the pharmaceutical industry. 

3 Future perspectives 

3.1 Anticipated progress in the current good manufacturing practice, quality and regulatory field 

Continuous manufacturing of oral solid dosage forms is expected to evolve as a viable alternative for 

conventional batch-wise manufacturing. Recently, the leading regulatory bodies encouraged the 

pharmaceutical industry to improve the quality of their manufacturing processes through various 

initiatives such as PAT, QbD and the emerging technology team (Food and Drug Administration, 2017, 

2004; Yu and Kopcha, 2017). 

Nevertheless, there remains a lack of global standardization which creates legitimate concerns on 

various regulatory aspects, including: 

- Formulation flexibility strategies to avoid costly and complex bio-equivalency studies for 

minor formulation changes. For example, when switching from batch to continuous different 
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excipient grades or varying lubricant levels could be considered. Moreover, a ratio control 

strategy aims to control the API fraction by intentionally inducing changes in excipient ratios: 

i.e. an increase in API mass flow rate can be mitigated through a same relative increase in 

excipient mass flow (Hanson, 2018). Minor formulation changes can enhance the robustness 

of the continuous manufacturing process. Although the ability to have two registered 

compositions in a dossier have been accepted by multiple healt authorities, some agencies 

rejected this approach by claiming that product performance and appearance need to be 

identical for products made through different processes (Moore, 2017). 

- Parallel manufacturing processes for the same market through a batch and continuous 

manufacturing process. This would require integration of multiple manufacturing methods 

and control strategies in a single dossier. Although the international council for harmonization 

(ICH) supports this approach through ICH Q8/9/10, which state that different control 

strategies could be applied for the same product at different sites, global authorities 

expressed their expectation to have only one composition with one manufacturing process in 

the dossier. This limits the agility and growth for continuous manufacturing (Moore, 2017).  

- Consistent control and release strategies across markets such as equal acceptance and 

maintenance requirements for an RTD process model, near infrared spectroscopy-based 

blend uniformity model and real-time release methods and in-process control sampling plans. 

Here one should strive for the same level of redundancy as well as identical contingency 

procedures to mitigate failures of control tools (e.g. spectroscopic methods) (Moore, 2017). 

- Manufacturing with a flexible batch size where both the length and rate of manufacturing can 

be varied, even beyond the validated range, through implementation of an adequate set of 

controls. The scientific justification for the selected process validation approach should be 

accepted globally.  

- Alignment on stability expectations such as the acceptance of sunset procedures for 

impurities.  

As the pharmaceutical industry is looking for an optimal service towards patients by making their 

medicines available worldwide, continuous manufacturing forces the pharmaceutical industry into 

ethical dilemmas. To serve patients and stakeholders to the best of their abilities, the industry strives 

for maximal quality assurance of economically efficient manufacturing processes (Meyer, 2016). As 

this requires the ability to supply all markets, a failure to gain regulatory alignment jeopardizes the 

implementation of continuous manufacturing technology.  

This lack of global harmonization was often cited to create a regulatory deadlock for new continuously 

manufactured drug products. Interestingly, the ICH committed to draft guideline ICH Q13, which is 
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intended to support the introduction of continuous manufacturing into the pharmaceutical industry 

(ICH, 2018). By 2021, the ICH aims to define harmonized definitions, scientific principles, regulatory 

expectations, state-of-the-art control strategy and process validation approaches. Consequently, this 

initiative has the potential to facilitate and accelerate the implementation of continuous 

manufacturing in the industry over the next few years.  

Based on the same drivers, the United States Pharmacopeia (USP) published its perspective on 

pharmaceutical continuous manufacturing (USP, 2018). Their article discusses and reviews how 

continuous manufacturing processes impact the future of drug product manufacturing, regulatory 

expectations, relevant material properties and characterization techniques, PAT implementation and 

risk management strategies. The USP provided the first attempt towards standardizing the terms and 

definitions used in the domain of continuous manufacturing.  

3.2 Remaining scientific challenges 

The research reported in this thesis was an important step in the characterization of the ConsiGmaTm 

platform for continuous direct compression. However, additional knowledge and experience are 

required before continuous manufacturing lines will be the standard for the manufacturing of oral 

solid dosage products. Several research questions remain about characterization and modeling of unit 

operation and integrated line, such as improving our understanding during the transient phases of the 

process (e.g. start-up), characterization of process dynamics, implementation of new PAT tools, 

establishing advanced control strategies to mitigate the propagation of upstream process or material 

variability, defining a design space framework for enabling flexible process validation strategies. The 

studies described below can contribute towards achieving these goals: 

3.2.1 Material characterization 

The established raw material property database includes descriptors of the particle and bulk 

properties which enables modeling of pharmaceutical dry-powder processes. Consequently, the 

database cannot support the modeling of other relevant pharmaceutical processes such as 

compaction which would require the determination of mechanical properties and wet granulation 

which may be driven through the solubility and wettability of the components.  

3.2.2 Exploring statistical methodologies for surrogate identification  

A raw material property database and principal component analysis model was established in chapter 

5. In addition, critical material attributes during feeding have been identified in chapter 6 and 7. This 

allows to explore different statistical approaches for identification of surrogate components with 

matching values for the relevant critical material attributes of the unit operation under evaluation. 
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Here, multivariate strategies could be established to define the maximal allowed differences of the 

individual properties between the API and its surrogate.  

In chapter 8, a quantitative relation was established between blend properties, process parameters 

and descriptors of the die-filling process. However, identifying a surrogate for the blending and 

tableting unit operation would rely on the assumption that the best matching surrogate at the raw 

material property level would translate into optimal surrogate blend properties with similar behavior 

on the integrated line. To address this fundamental leap in knowledge, future research could focus on 

modeling the blend properties based on the mixing ratios and the properties of the individual raw 

materials. Alternatively, advanced multivariate models could be pursued that integrate mixing ratios 

and material properties directly with the descriptors of process and product quality (Garcia-Munoz, 

2014).  

3.2.3 Overcoming poor processability 

Material supply challenges were observed for very cohesive materials such as bridging in the vacuum 

hopper and material adhesion to the bowl valve. In addition, feeding problems can occur due to 

adhesion of material to the screws, hopper wall and horizontal impeller. Such behavior can force the 

continuous manufacturing process to stop before the required quantity of drug product is 

manufactured and jeopardize the operational advantages of continuous manufacturing. Moreover, 

lack of robustness during feeding will affect all subsequent unit operations and result in an 

uncontrolled overall process. Therefore, future studies could explore different formulation and 

technical strategies to ensure stable feeding and refilling of very cohesive materials. The effect of pre-

blending very cohesive materials with different glidant grades (varying in hydrophobicity, specific 

surface area and density) on refilling and feeding performance could be evaluated. From a 

technological point-of-view, the refill performance of new valves with lower tendency to clog could 

be evaluated. Ultimately, the goal would be to establish a decision tree for selection of the most 

suitable type, grade and concentration of glidant in a pre-blend with very cohesive APIs to overcome 

processing issues for a refill valve.  

3.2.4 Establishing unit operation RTD models 

Understanding the traceability or RTD of materials in a continuous line is critical for process 

understanding, quality assurance and batch definition. The final product quality should be assured by 

an effective control system based on RTD and/or PAT. Therefore, RTD determination of each unit 

operation and transfer is key for development of a sound process control strategy and assurance of 

the final drug product quality. However, the experiments needed to determine RTD require a large 

amount of material and are a significant analytical burden for every drug product in the development 
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pipeline. Therefore, generic models for RTD prediction in the blending, lubrication, material transfer 

and tableting unit as a function of material properties and process parameters should be calibrated to 

alleviate the API and analytical requirements. Development of RTD models for specific formulations 

based on extensive experimentation on the different unit operations of a continuous direct 

compression line is described in literature. However, a generic predictive RTD model based on raw 

material and blend properties is required to reduce the experimental workload for RTD determination 

of new drug products. 

3.2.5 Towards mechanistical modeling 

The data driven multivariate models established in this thesis are specific for the characterized 

equipment and the calibrated ranges of the process and material variables. However, such 

multivariate models are extremely useful to establish mechanistical models for the unit operations as 

they indicate which physical properties or forces (derived from process parameters) play an important 

role on the performance of the equipment. As such, the results from this work can be used to verify 

mechanistic unit operation models that are established for this equipment. The validity of this idea 

was partially addressed in chapter 6 and 7, where two different feeding units were included in the 

experimental study and the statistical models identified that similar material properties and process 

variables were significant, which aids to justify assumptions during mechanistic modeling.  

3.2.6 Enabling scale-flexible manufacturing processes 

To maximize the economic benefits of continuous manufacturing, the process should be developed at 

the same scale as it will be commercialized such that a ‘one-on-one’ technology transfer to the final 

manufacturing site can occur. However, this will require a shift in mentality as historically commercial 

supply chains tended to operate their manufacturing processes at maximal flow rate irrespective of 

the actual demand to minimize equipment occupation. In contrast, process development and clinical 

supplies can often not commence at maximal throughput due to limited API availability during early 

development. To meet larger commercial demands, one should balance increasing the runtime at the 

same throughput (i.e. lean technology transfer but increased line occupancy) versus increasing the 

throughput to decrease the runtime (i.e. efficient line occupancy but impact on relevance of 

development activities). Today, additional development activities are required to scale-out the 

process on the same equipment, particularly because achieving optimal quality of drug products near 

the maximal flow rate is challenging. Moreover, an increase in flowrate impacts many aspects of a 

continuous manufacturing process such as the established design space, control strategy, system 

dynamics, validation and performance of the chemometric PAT model, material traceability, rejection 

criteria, sampling frequency, real time release models, etc. Therefore, future research could focus on 

defining scale-out tools to establish a commercial manufacturing process at a high flow rate based on 
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a low flow rate development process without a major increase in API consumption. Scaling-out a direct 

compression process requires emphasis at the particle (e.g. blend homogeneity, tablet tensile 

strength, weight variability), process (e.g. material flow and RTD) and equipment scale (e.g. number 

of punch tips). Future research could focus on characterizing the feeding process at different 

throughputs to identify optimized feeder control approaches. At the blending and tableting stage 

combinations of discrete element modeling, computational fluid dynamics and finite element 

modeling can be explored to characterize the flow behavior at different throughputs. Positron 

emission particle tracking technology and RTD studies could then be used to verify the findings of 

modeling work. In addition, experimental characterization of multi-tip tooling performance might 

increase in relevance to accommodate a wide flow rate range with the same equipment.  

3.2.7 Progress in technological field 

Although this research evaluated and proved the capability of the ConsiGmaTm platform for continuous 

direct compression, several opportunities for technological innovation remain present.  

An RTD-based control strategy assumes that the residence time remains constant when the 

manufacturing process operates with a constant mass balance. However, drifts in RTD can occur due 

to environmental factors such as wear and tear of the equipment, batch-to-batch variability of 

excipients and/or active ingredients, extended runtimes, minor shifts in process parameters, etc. The 

RTD is directly related to the residence mass in the unit operations which conventionally can only be 

collected at the end of the manufacturing process. Placing the blending unit on load cells would enable 

in-line monitoring of the residence mass throughout the manufacturing process. Alternatively, indirect 

monitoring methods of the residence mass in the blending process could be explored such as torque 

measurements on the impeller. Consequently, the parameters of the RTD model could be adjusted in 

real-time to the observed residence mass at any point of the manufacturing process. The mass flow 

measurements of the feeding stations serve as an input of the RTD process model for prediction of 

tablet potency. However, the mass flow cannot be measured accurately during hopper refill as there 

is a simultaneous in- and out-flow of material in the hopper during this event. High throughput 

manufacturing requires more frequent refills, which depending on the formulations, may result in 

more than 15% volumetric feeding which is typically addressed through in-silico simulations as part of 

a failure mode event analysis. Alternatively, indirect measurements of mass flow through torque and 

the implementation of alternative methods for mass flow monitoring such as microwave (Meier et al., 

2017) or x-ray (Ganesh et al., 2017) sensors. Both technological advancements could convert the RTD 

based process model from a procedure- to a performance-based quality assurance method.  
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1 Summary 

Traditionally, the production of pharmaceutical oral solid dosage forms has been achieved by 

batchwise processes which carry a high development and manufacturing cost, have a low 

manufacturing efficiency and are poorly scalable. Driven by regulatory and socio-economic pressure, 

continuous manufacturing emerged as an attractive technology for making affordable drugs of high 

quality timely available. The significant investments in continuous pharmaceutical manufacturing 

research, the adoption of quality-by-design and the advancement of process analytical technology 

(PAT) for process design, monitoring and control have progressed the scientific and regulatory 

readiness for continuous manufacturing. This resulted in the recent approval of several continuously 

manufactured drug products: OrkambiTm, PrezistaTm, VerzenioTm, SymdekoTm and SeverinTm. 

Chapter one outlined the general objectives of this thesis. The ConsiGmaTM continuous direct 

compression platform was investigated to (a) improve process knowledge and process understanding 

and (b) establish API-sparing strategies for enabling drug product and process development. 

Chapter two presented an introduction wherein the current landscape of continuous pharmaceutical 

manufacturing was described. Several drivers were highlighted including operational (minimizing 

equipment downtime, labor and footprint), supply chain (more agile and flexible) and quality benefits 

(through adoption of quality-by-design, process analytical technology and segregation of non-

conforming material). Identified barriers for adoption of continuous manufacturing included the risk-

averse mindset of the pharmaceutical industry, global regulatory uncertainties, poorly defined control 

strategy requirements, idle capacity and lack of knowledge. In addition, unique continuous 

manufacturing aspects were discussed such as batch definition, control strategy considerations, 

process validation approaches and adoption of the quality-by-design concept. A control strategy 

framework for a continuous direct compression process was shared. Finally, the ConsiGmaTm for 

continuous direct compression platform was described as research was conducted on this technology.  

Chapter three presented a framework for process and product development on a continuous direct 

compression manufacturing platform. A challenging sustained release formulation with high content 

of a poorly flowing low-density drug was selected. Two HPMC grades were evaluated as matrix former: 

standard MethocelTm CR and directly compressible MethocelTm DC2. The feeding behavior of each 

formulation component was investigated by deriving feed factor profiles. The maximum feed factor 

was used to estimate the drive command and depended strongly upon the density of the material. 

Furthermore, the shape of the feed factor profile allowed definition of a customized refill regime for 

each material. Inline NIRs was used to estimate the residence time distribution (RTD) in the mixer and 

monitor blend uniformity. Tablet content and weight variability were determined as additional 



Summary and general conclusions 

353 

measures of mixing performance. For MethocelTm CR, the best axial mixing (i.e. feeder fluctuation 

dampening) was achieved when an impeller with high number of radial mixing blades operated at low 

speed. However, the variability in tablet weight and content uniformity deteriorated under this 

condition. One can therefore conclude that balancing axial mixing with tablet quality is critical for 

MethocelTm CR. However, reformulating with the direct compressible MethocelTm DC2 as matrix 

former vastly improved tablet quality. Furthermore, both process and product were significantly more 

robust to changes in process and design variables. This observation underpins the importance of 

flowability during continuous blending and die-filling. At the compaction stage, blends with 

MethocelTm CR showed a better tabletability driven by a higher compressibility as the smaller CR 

particles have a higher bonding area. However, tablets of similar strength were achieved using 

MethocelTm DC2 by targeting equal porosity. Compaction pressure impacted tablet properties and 

dissolution. Hence controlling thickness during continuous manufacturing of sustained release tablets 

was crucial to ensure reproducible dissolution. 

In chapter four, a continuous direct compression process was developed for a low-dosed drug product. 

This research aimed to tackle the macroscopic and microscopic blend uniformity challenges inherently 

associated with continuous direct compression of cohesive and agglomerated APIs formulated at low 

dose. Each unit operation of the continuous direct compression platform was thoroughly investigated. 

Density, compressibility and flowability were identified as key material properties at the feeding stage. 

The screw speed coupled with powder flow regulated the gravimetric feeding performance. The 

impact of process and design variables was elucidated at the blending stage. The impeller 

configuration (number and pattern of radial mixing blades) and speed were key variables to steer the 

residence time distribution at the blending stage. An impeller configuration with distributed radial 

mixing blades could sufficiently filter the steady-state feeding variability at low mixer speed, but 

exerted limited strain and shear on the blend. Hence, micro-agglomerates persisted through the 

blending process and occasionally resulted in super-potent tablets. Therefore, a new configuration 

was evaluated with more radial mixing blades centered on the impeller. This configuration resulted in 

a longer mixing time at high tip speed which induced a maximized strain and shear. Consequently, 

excellent uniformity of the blend and tablets at macroscopic and microscopic level was achieved. 

Besides, this impeller improved robustness towards feeding disturbances, changes in process settings 

and variable blend properties. Next, it was demonstrated that the lubrication step requires critical 

attention during the design of the equipment, formulation and process. This study provided abundant 

evidence that an optimized continuous direct compression process allows direct compression of 

challenging low-dose drug products. 
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Chapter five proposed a holistic material characterization approach. An extensive raw material 

property database was established which included a wide variety of APIs and excipients with different 

functionalities. In total 55 different materials were characterized and described by over 100 raw 

material descriptors related to particle size and shape distribution, specific surface area, bulk, tapped 

and true density, compressibility, electrostatic charge, moisture content, hygroscopicity, permeability, 

flowability and wall friction. Principal component analysis was applied to reveal similarities and 

dissimilarities between materials and to identify their overarching properties. Multivariate data-

analysis of this large dataset proved to be challenging due to missing data and correlated properties. 

As mitigation, a methodology was presented in a flowchart format to improve the predictive ability of 

the model. The variability within the raw material property dataset could be explained through a 4PC 

model in which cohesion, compressibility, flow, fluidization, particulate descriptors, permeability, 

porosity, rheology, shear descriptors, specific surface area, true density and water uptake were 

identified as important material attributes. The principal component analysis allowed to rationalize 

the number of critical characterization techniques during routine characterization and to identify 

surrogates for use during early drug product development stages when limited amounts of active 

pharmaceutical ingredients are available. Additionally, the developed database was a building block 

for the predictive feeder unit operation models established in chapter six and seven. In that sense, the 

raw material property database contributed to enabling in-silico process and formulation 

development. 

Chapter six described feeding unit operation models that aimed to establish a quantitative relation 

between the material properties, mass flow rate and step change level as inputs and RTD responses 

as outputs. Characterizing and modelling the RTD of materials in feeders is indispensable to 

understand the traceability of raw materials from the drum till the tablet, which enables the 

segregation of non-confirming material. The proposed methodology addressed this leap in knowledge 

by characterizing materials, performing RTD trials according to an experimental design, applying RTD 

models and establishing a partial least square (PLS) regression model between the above-mentioned 

inputs and outputs. Results showed that RTD of both screw feeders was adequately described by a 

plug-flow reactor in series with a continuously stirred tank reactor within certain ranges of the hopper 

level. Three variables impacted the residence time distribution in feeders namely flow rate, hopper 

level and conditioned bulk density. Executing the step change at a higher level in the hopper prolonged 

the plug-flow time of the RTD and consequently the plug-flow volume fraction. Interestingly, this 

fraction was not affected by variations in flow rate or material properties. An increase in flow rate 

reduced the plug-flow and mixed-flow time to the same extent, whereas an increase in bulk density 

had an inverse effect on these parameters. Consequently, simple PLS models could be developed that 



Summary and general conclusions 

355 

use density and flow rate to predict RTD at a given hopper level. The effect of the step level on RTD 

was more pronounced for KT20 due to the higher absolute variation in volume. This research revealed 

that the screw feeder type exerted a strong and relevant impact on RTD of the feeding unit operation 

at conventional flow rates for pharmaceutical development and commercialization. Therefore, the 

screw feeder type must be considered as a critical equipment setting during the design of a continuous 

manufacturing platform with respect to controlling the traceability and limiting material dispersion in 

the line. The presented approach is particularly valuable for RTD prediction based on bulk density in 

the early phases of drug product development when control strategies for clinical manufacturing need 

to be established and material availability is still limited.  

Chapter seven described feeder models that aimed to describe feeding behaviour as a function of raw 

material properties and screw speed capacity for two screw feeders. In addition, this work presented 

a framework for analysis of gravimetric feeding data. Screening new formulations for their continuous 

manufacturability whilst minimizing material consumption is essential during early stages of drug 

product development. In fact, dispensing dry powders into a continuous blender through screw 

feeding is commonly acknowledged as the primary source of process variability during continuous 

manufacturing. First, twenty-nine materials with divergent properties were selected from the raw 

material property database established in chapter five, which yielded 109 descriptors of particle and 

bulk properties for each material. Subsequently, a rigorous experimental design including volumetric 

and gravimetric feeding trials was performed on the GEA CF and KT-20 screw feeder for these 

materials. Each feed factor profile was analysed quantitatively to estimate the screw feeding capacity 

and variability as well as the feed factor decay and material residue upon hopper emptying. The PLS 

models that relate the above-mentioned inputs and outputs elucidated that both material properties 

and screw speed can affect feeding behaviour significantly. The screw feeding capacity could be 

predicted accurately for both feeders and was mainly regulated through the density of the material. 

Screw feeding variability reduced as a function of screw speed and density but deteriorated for 

materials with adhesive and compressive properties. Particularly high screw feeding variability 

occurred when the screws layered or when an inconsistent flow in the screw was observed. The feed 

factor variation across the profile was more pronounced for cohesive and compressible materials, 

whilst the rate of change in feed factor was higher for low density materials. The material residue in 

the hopper after emptying was regulated through a balance of its adhesion, cohesion and density. 

Cross-validation elucidated that predicted and observed results were in good agreement for capacity-

related responses. The feeding variability, decay and material residue-related responses could be 

predicted with lower accuracy. Nevertheless, the impact of critical material attributes was 

understood, and predictions could serve a warning system for identification of challenging feeding 
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behaviour. In conclusion, feeder unit operation models allow to predict the capacity and assess the 

feasibility for continuous manufacturing of proposed formulations. Hence data-driven models such as 

PLS could reduce material requirements by substituting material-consuming feeder trials through a 

bench-top characterization effort. In combination with a residence time distribution model for tablet 

potency prediction, this information allows to optimize subsequent units based on upstream variation 

in the feeding units.  

Chapter eight aimed to establish a quantitative relation between blend properties, paddle wheel and 

turret speed as inputs and die-filling related drug product and process descriptors as outputs. Based 

on characterization of a wide range of fillers and APIs, thirty divergent blends were composed and 

subsequently compressed on a rotary tablet press. For every formulation, paddle wheel and turret 

speed were varied according to a full factorial experimental design. During each run, the tablet weight 

variability was determined of 20 grab samples that consisted each of 20 tablets. Additionally, the 

corresponding bulk residence time, ejection force, pre-compression displacement, main compression 

force, die fill fraction and feed frame fill fraction were determined during each run as descriptors of 

the die-filling process. PLS was applied to investigate the relation between these inputs and outputs. 

Blends with metoprolol tartrate as API showed high ejection forces. This behavior could be linked to 

the high wall friction value of metoprolol tartrate. Besides the process variables turret speed and 

paddle speed, six material variables significantly contributed to the PLS model performance, namely 

porosity, wall friction angle, flowability, density, compressibility and permeability. PLS modeling 

confirmed that tablet weight variability was highly correlated with the observed variability on pre-

compression displacement and main compression force which justifies the commonly applied control 

loops during routine manufacturing. The amount of material in the die was mainly related to density, 

although die-filling was more complete under conditions that reflect consistent filling. In addition, 

tableting with a high degree of fill in the feed frame resulted in complete die filling and a relatively 

longer bulk residence time. Establishing a model with adequate predictive performance for tablet 

weight variability was more challenging and required narrower ranges of the process variable turret 

speed. At low turret speeds, more reproducible die filling was observed as more time was available 

for die filling. In contrast, applying a higher turret speeds resulted in higher tablet weight variability as 

favorable blend properties were required to achieve consistent die-filling when the dies passed more 

rapidly through the feed frame. Consequently, it was more convenient to model tablet weight 

variability-related responses based on blend properties under high turret speed conditions. In 

conclusion, the main die filling-related responses could be predicted via a PLS model based on blend 

characteristics. The applied approach can save resources (material, time) during early drug product 

development. 
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Chapter 9 gave a detailed outline of the broader international context in relation to the research 

performed in this thesis, with specific attention to the economic and/or social relevance, future 

developments expected in this research area, and the potential contribution from this thesis to these 

developments. 
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2 General conclusions 

This research project evaluated the unique opportunities of continuous direct compression for making 

new medicines available as quickly as possible, with improved quality, higher quality assurance and at 

an affordable price. The ConsiGmaTM system demonstrated its excellent process capability for the 

manufacturing of challenging formulations. Moreover, process analytical and residence time 

distribution-based quality assurance tools proved their value during process design and are potential 

cornerstones of a fully integrated control strategy where the continuous manufacturing process is 

kept in a state of control and final product quality is constantly guaranteed through advanced control 

loops.  

During new drug product development, continuous manufacturing can offer substantial tech transfer 

benefits through elimination of scale-up. However, the active ingredients are only limitedly available 

at high cost during early phases of development. Hence material-saving strategies should be explored 

to limit consumption of active ingredients during process and product development. This research 

demonstrated the potential of a raw material property database for surrogate identification and 

enabling predictive unit operation models. Future research should expand on unit operation modeling 

to enable the digital design of oral solid dosage forms. 
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