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Abstract 

Most of the window use models developed for building energy simulations include physical environmental variables 

as drivers. Even though it is a common approach to include these variables, the validity of this approach can be 

questioned based on observations in literature regarding the consistency and seasonality of the relationship 

between these variables and the window use. Additionally, it was questioned whether this approach could capture 

the inter-occupant diversity. To assess the extent of the uncertainties, modelling methods from literature were 

applied to a case study. The results revealed that a large share of the variance in window use can be attributed to 

the season and the household-ID. This indicates that the window use varied across the year but was stable within 

one season, and that these behaviours differed significantly between households. Thus, occupants interacted with 

windows according to seasonal habits, more so then according to momentaneous environmental conditions. 
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1. Introduction 

Ventilation is an area of great interest in residential buildings. The ventilation rate should be sufficiently high to 

provide an adequate indoor air quality to prevent health problems, discomfort (e.g., odour) or moisture related 

damage to the building. On the other hand, in the heating season and during very warm periods it should not be 

higher than that to avoid excessive energy use for heating and cooling. With the evolution towards nearly zero-

energy buildings (NZEB), the relative influence of window airing on energy use has increased, since heat losses by 

transmission, infiltration and dedicated ventilation are reduced compared to less energy efficient buildings. For this 

reason, opening a window in a NZEB can have a substantial impact on its total energy demand [1]. In the Belgian 

EPBD-calculation1 [2] it is assumed that the ventilation heat loss, as part of the energy use for space heating 

calculation, only depends on the building airtightness and the characteristics of the installed ventilation system. 

However, occupants who live in dwellings with a mechanical ventilation system still open their windows, even to 

the same extent as occupants of naturally ventilated buildings, according to some studies [3,4]. To make better 

estimates of the residential energy use and indoor environmental quality, adequate window use models are needed. 

Window use models are most often created by applying (multiple) linear regression [5–10] or (multiple) logistic 

regression [11–17]. The logistic models can predict the probability that a window is in a certain state (open/closed) 

or the probability that an action is undertaken (opening/closing). In recent years, the latter option has gained 

popularity as these probabilities can be used as transition probabilities for Markov Chain models [15,17,18]. Models 

focussing on the occupant itself as actor, the so called agent-based models (ABM), are recently developed for 

occupant behaviour in buildings [19–22]. Finally, artificial intelligence techniques such as machine learning [23,24] 

can be applied as well.  

Depending on the goal of the study different model requirements need to be met. Mainly two distinct types of 

applications can be supposed. First, window use models can be used to assess the influence of window use on 

aggregate energy use predictions (e.g., monthly or yearly calculations). For this application it is not necessary to 

have highly time resolved window use predictions. Consequently, for this application it is interesting to look at 

window use variables that represent the opening duration over a specific period, such as the number or proportion 

of open windows [3,6,9,25] or the opening percentages per day [5,26,27]. Secondly, window use models can be 

applied in more detailed simulations to assess the indoor air quality, performance of systems and energy use on a 

finer scale. For this application, window use data with a fine time-granularity need to be used, e.g., window state 

per hour/minute or the moment the action is taken. The latter is more often applied since the action-data may be 

more telling about the circumstances in which the occupant decided to perform an action [15]. Additionally, the 

use of the state of the window may lead to distorted relationships with indoor climate variables since the state of 

the window will affect the indoor environment [11,28]. For this second application, it is necessary that the window 

use models predict realistic window actions. It is not sufficient that the total opening duration per day is correctly 

predicted. For example, the window may be opened half of the time but the impact on the indoor environment, 

energy use and occupants’ comfort will be highly diverse when this is during the night or during the day. The focus 

is not necessarily on the exact time the action is performed, rather on the fact that the action should coincide with 

the daily life of the occupants. Furthermore, for both applications, it is necessary that the diversity between 

households is captured [17,29]. Occupant behaviour is highly variable therefore window use models need to allow 

 
1 The Energy Performance of Buildings Directive (EPBD) is the European Union's main legislative instrument aiming to promote 

the improvement of the energy performance of buildings within the Community. Each country has its own legislation 
implementing these guidelines.  



for variation in the window use. Additionally, a causal relationship between the independent variables and the 

window use is preferred to allow for extrapolation to other contexts. Models based on variables that are correlated 

to the window use, but lack a causal relationship, will only be valid for that context. In other contexts, these models 

may not predict accurate window use due to changes in the real causes of the window opening behaviour. 

Many studies have been carried out over the last decades to predict the window opening behaviour. In the majority 

of the models developed for building energy simulations, mainly physical environmental variables and time-

dependent variables are included as window use predictors [5,7,17,18,24,27,30–33,8–13,15,16]. Most models 

include thermal variables such as outdoor temperature [5,6,16–18,24,7–13,15] and indoor temperature [7,11–

13,15–17,24]. Thermal comfort is as well the driving factor for action in some ABM’s [20,21]. Other variables that 

are often included are wind speed [5,8–13,15], solar radiation [8,10,11,13,24], indoor relative humidity [11–

13,16,17,24], outdoor relative humidity [9,11–13,15,16], precipitation [13,15] and CO2-concentration 

[11,12,16,17,24].  

In addition to the environmental variables, the time of day is often included in window use models as well 

[6,9,10,16,18,24]. Conan[9], for example, found that for every hour that passed between 9 am and 6 pm, there 

was a drop in fraction of open windows to openable windows. In the model developed by Cali et al.[18] transition 

probability matrices are defined for every minute of the day. Multiple studies [33–35] found that window opening 

actions in offices usually happen around the same time when workers arrive in or depart from the office. Similar 

insights are included in the ABM’s of Chapman et al.[19] and Langevin et al.[20]. Kalvelage et al.[22] developed a 

task-based model since they observed that different types of work in offices required different environmental 

conditions that resulted in different behaviour. These last types of models are based on the performance of actions 

or occupancy-changes rather than on the exact time of day, relating the window use closer to the daily life of the 

occupants. 

Even though it is a common approach to include environmental and time-dependent variables in window use 

models, the validity of this approach can be questioned based on some observations in literature: 

Uncertainty regarding the consistency of the relationship with physical environmental variables. 

As discussed above, most window use models include one or more physical environmental variables. Often at least 

one thermal variable is included. In studies based on the state of the window the outdoor temperature has mostly 

been defined as the preferred driver [6,12,35,36], while in studies based on action data the indoor temperature is 

favoured [11,13,15,33,34,36]. Other variables are not consistently included. The lack of consensus indicates that 

some selected parameters may only be indirectly correlated with the window use and do not represent a direct 

relationship. If there was a strong direct relationship, the same parameters would have more likely been selected 

in each model.  

Surprisingly, variables that are associated with ventilation related discomfort such as odour or noise are not 

included, even though often mentioned as a reason for opening or closing windows [3,26,35,37]. Odour for example 

is a variable that is easily detectable by humans and is a common trigger for ventilation related actions. 

Many of the environmental variables are inter-correlated; therefore, the directionality of the relationship is highly 

dependent on the included variables. For example, the indoor and outdoor temperature were found to individually 

have a positive relationship with the opening of windows, but when jointly included the directionality of the 

regression coefficients can switch [6,11–13,34,36]. Combining intercorrelated variables may induce erroneous 



trends. Due to the inter-correlation, it is not clear whether there is a direct influence of the environmental variable 

on the window use or whether this is indirect. The presence of indirect relations may reduce the quality of the 

model due to a dampening of the contribution of the direct drivers. 

Additionally, the explanatory power of physical environmental variables is rather limited in most studies. The 

Nagelkerke R² values of the logistic models for the window state are for example: .170 for the model of Rijal[14], 

.286 for the model of Yao and Zhao[12], .283 for the model of Haldi and Robinson[15] and .230 and .530 for the 

Tokyo and Neuchâtel models of Schweiker et al.[36]. The Nagelkerke R² for the opening probability are respectively, 

.040, .009 and .057 for opening actions during presence according to Haldi and Robinson[15] and Schweiker et 

al.[36] in Tokyo and Neuchâtel. The relatively low predictive power of the environmental variables indicates that 

these variables alone are insufficient to describe the set of circumstances under which window actions take place 

[34]. 

Seasonality 

Window use models are often created to predict the window use year-round. However, Tahmasebi and Mahdavi[38] 

compared different window opening models developed for offices with measured data and found good 

correspondence in free floating situation but not in wintertime. Some studies include this seasonality by creating 

distinctive models for the seasons [11,13,14,26]. Rijal[14], for example, defined a model based on environmental 

variables solely for the free running period. During the heating and cooling periods, it was assumed that the 

windows were always closed since very few actions were registered in these periods. It can be questioned if physical 

environmental variables are good window use predictors year-round, or only in specific seasons.  

Inter-occupant diversity 

Occupant behaviour is specifically characterized by large inter-occupant diversity [3,7,11,15–17,25,27,29,33]. In 

most studies the goal was to determine an aggregated model that captures the main tendencies regarding window 

use, sometimes allowing for some variability across households through stochastics or random factors. However, 

the problem is accurately defined by O’Brien et al.[29]: “This results in a statistically representative occupant rather 

than a true representation of a population of occupants.” Aggregating distinct behaviours to an average window 

opening behaviour is insufficient especially when the model is applied to assess the robustness of a design or to 

predict extreme energy demands [17]. 

Another way of including inter-occupant diversity is by categorizing occupants [25,33,39–41]. Rijal et al.[41], for 

example, categorized the occupants as active or passive based on their response regarding the frequency of window 

adjustments. This approach is a simple way to include diversity in window use models, however, difficulties arise 

when defining the thresholds for clustering. The distinction between the clusters is often not clear from observed 

data as it is often a continuous distribution, consequently defining a threshold is arbitrary [17,29]. Therefore, Haldi 

et al.[17] created a mixed-model, by adding a random variable that affects the effect of each of the environmental 

variables on the window use. Most models try to include the diversity by randomized factors. However, to be able 

to improve the models it is necessary to understand the causes for the high diversity between occupants. 

To assess the extent of the uncertainties discussed above, the modelling methods found in literature are applied to 

monitoring data collected in NZEB residential buildings to evaluate the consistency, seasonality, and diversity of the 

relationship between window use and explanatory variables. Three research questions are defined: 

 



1) Is the relationship between window use and the explanatory variables consistent?  

Are the same variables included in the models in different contexts? Is the relationship consistently 

positive/negative? Can the physical environmental and time-dependent variables explain enough of 

variance in the window use? 

2) Is the relationship between window use and the explanatory variables sensitive to seasonal changes?  

Are window use models developed for a year valid in all seasons? Can the same variables predict the 

window use in summer and winter? Is the predictive power of these variables equally strong across 

seasons? 

3) Is the relationship between window use and the explanatory variables comparable for individual 

households?  

Are the same variables identified as drivers for all households? Is the directional relationship with each 

variable similar across households? Are the differences between households captured sufficiently by the 

model? 

In this paper, we first discuss the case study and some general observations regarding the window use in the case 

study. Next, the three research questions are tackled. For each research question the relationship between window 

use and the explanatory variables is assessed, both for the state of the window defined as opening percentage per 

day and the opening actions, and compared to findings from literature. In the discussion and conclusion, we 

elaborate on the key findings and suggest some future perspectives. 

2. Materials & Methods 

2.1. Case study 

Window opening data was gathered from a NZEB social housing neighbourhood in Belgium [42] consisting of 106 

apartments and 90 single family dwellings. The building design was based on the passive house standards, aiming 

at a net energy demand of 15 kWh/m²/year for space heating, leading to building envelope U-values below 0.15 

W/m²K and an airtightness n50 of 0.6 h-1. The apartments and 39 houses are fitted with a balanced mechanical 

ventilation system with heat recovery; the other dwellings have demand-controlled exhaust ventilation with trickle 

vents. From the living rooms there is direct access to a terrace or garden by a full-height window. In the other 

rooms smaller turn-tilt windows are present. Only when the rooms are situated at the top floor, the window can be 

a pivoting roof window. The layout of a typical apartment and a typical house are shown in the appendix. 

The dwellings were commissioned by a social housing association; as a result, the average income in the case study 

is approximately one third of the average income in Flanders [43]. Still the occupants need to pay their energy bills 

themselves (the heating bill was averagely 2.5% of the households income). The apartments were mostly rented 

out to elderly people (average age 60), while most houses were occupied by families (average age head of the 

household 53). More occupants of the houses (31%) went to work during the day than occupants of the apartments 

(25%). Nevertheless, in most houses (80%) at least one person stayed at home. 

2.2. Measurements 

An extensive monitoring campaign was set-up in the neighbourhood. Detailed monitoring was present in a small 

sample of dwellings for in-depth studies. For this study, the data of the year 2016 was chosen, as the least gaps 

were present in the data for this year. In 12 apartments and 14 houses, window sensors were installed on every 

window, which provided direct measurements on the window actions. The time and state of the windows were 



registered when a window was opened or closed. However, only one sensor was installed on each window; 

therefore, it was impossible to differentiate between turning and tilting actions and there was no indication of the 

opening width. In the apartments, the signals of the sensors were combined into one signal, representing the 

moment that a first window in the apartment was opened and the moment that the last open window was closed. 

As a result, the actions with each individual window were not registered in the apartments. In the single-family 

dwellings the signals of the sensors were gathered at room-level. In total data is gathered in 31 bedrooms, 13 

bathrooms, 12 living rooms, 3 kitchens and 3 hallways. Since the data-sample for the kitchens and hallways was 

small, these data were not used in further analyses.  

Additionally, a weather station was installed on the project site. The station measured the outdoor temperature 

[°C], wind speed [m/s], relative humidity [%], the global horizontal solar radiation [W/m²] and precipitation 

[yes/no] every 5 minutes. The amount of precipitation per hour [mm] was gathered from a climate station situated 

less than 5 km from the project site. Indoor climate variables were measured as well, with an interval of 15 minutes. 

In all dwellings the indoor temperature [°C] and relative humidity [%] was measured in the living room, while the 

bedroom temperature was measured in a smaller set of dwellings. The descriptive statistics of the monitored 

variables are given in Table 1. The daily mean variables of most of these parameters were strongly intercorrelated, 

as shown in Table 2. 

Table 1: Descriptive statistics of the monitored variables for the observed year. 

  min max median mean SD 

outdoor      

Temperature [°C] -2.0 36.4 11.2 12.5 6.7 

Wind speed [m/s] 0.2 16.7 1.7 2.1 1.7 

Relative humidity [%] 28 96 77 75 13 

Global horizontal solar radiation [W/m²] 0 1325 0 125 217 

Precipitation [mm/h] 0.0 26.4 0.0 0.1 0.5 

indoor -  living room      

Temperature [°C] 11.4 32.3 23.2 23.5 2.4 

Relative humidity [%] 24 80 48 48 8 

indoor -  bedroom      

Temperature [°C] 10.6 30.9 21.5 21.9 3.0 

 
Table 2: Correlations of the daily mean of the environmental variables of one year (N=318). Correlation is significant at the 
**0.01/*0.05-level (2-tailed). Indoor variables as derived from the houses. 

Kendall’s tau Te SR Wind RHe Prec. Ti,liv Ti,bedr RHi 

Outdoor temperature 1        

Solar radiation .438** 1       

Wind speed .024 -.072 1      

Outdoor relative 
humidity 

-.321** -.657** .097** 1     

Precipitation -.138** -.268** .349** .302** 1    

Indoor temperature 
Living room 

.378** -.252** .002 -.183** -.098** 1   

Indoor temperature 
Bedroom 

.495** .401** -.037** -.304** -.148** - 1  

Indoor relative humidity 
Living room 

.479** .151** .016 -.046** -.038** .195** - 1 

 



2.3. Limitations of dataset 

In this study little data is available regarding the occupancy of the residents. The survey responses regarding 

employment status revealed that many occupants are unemployed or retired. This could indicate a high presence-

level in the households; however, this is speculative. Due to the uncertainty of the occupancy in the buildings the 

window use models in this study are created based on data from the full observation period. A few studies from 

literature [13,16,24] followed the same approach by not correcting for the occupancy. The lack of occupancy data 

will not have implications for the analysis of the opening percentage per day, however, it might have implications 

on the analysis of the window opening actions. 

2.4. Data processing & statistics 

The analyses are performed both for the state of the window defined as opening percentage per day and the 

opening actions. These two types of data can be used to illustrate the approaches found in literature. Closing 

actions were not discussed in this study, as the approach is similar as for opening actions.  

When a window is opened, the exact timestamp is registered by the window sensors. In addition, the duration of 

these openings can easily be derived since the closing actions are registered as well. In this way, the action-data 

consist of a time-series indicating the opening actions (1=opening action, 0=no action), with additionally the 

corresponding durations of these openings. Since the living room window was often used as door, the openings 

with a duration shorter than 3 minutes were excluded from the analysis. Next to the action-data, window state-

data are analysed as well. The window state is quantified by the opening percentage per day, this is the fraction of 

the day that a window was opened. This value is comparable to variables as ‘hours per day’ or ‘fraction of the day’ 

[5,6,9,26]. The opening percentages per window were directly obtained by calculating the mean value per day. 

The relationship between the different variables and window use was statistically tested with SPSS Statistics. The 

opening percentages and action-data did not fulfil the assumptions for parametric tests, so instead of Pearson’s 

correlation analysis and t-test, respectively Kendall’s tau-b correlation analysis and Mann-Whitney U tests were 

used. Additionally, bias-corrected and accelerated bootstrapping was performed to generate a confidence interval 

for the statistics. Backwards and forwards variable selection was performed based on the Akaike information 

criterion (AIC), with lower AIC-values representing better models [11,13,36]. Additionally, Nagelkerke R² is reported 

as an indication of the predictive power of the model. 

3. Results 

3.1. Initial observations 

First, the window opening variables of the case study were analysed. Both yearly data and data for the astronomical 

winter and summer were assessed. The windows in the bedrooms stayed open the most during the year (average 

opening percentage 26%), followed by the bathroom (24%) and the living room (21%) (Figure 1). The rank order 

for the rooms is similar as in literature [3,5], where the windows in the master bedroom stayed open the most and 

the windows in the living area the least. In summertime the windows stayed opened the most in the living room 

(48%) followed by the bathroom (42%) and bedroom (41%). In winter, on the other hand, the living room windows 

were opened the least with an average opening percentage of only 3%. In the bedroom the average opening 

percentage dropped to only 9%. The bathroom was the room with the highest average opening percentage in 

winter (16%). It should be noted that in winter many outliers were observed, the median opening percentages 

were only 0.6%, 0.7% and 0.5% respectively for the bedroom, bathroom and living room. A large variation was 



observed between the opening percentages of the individual houses. In the bedroom, the opening percentages 

ranged from 0% to 66% when an entire year was considered, while in summer the opening percentage ranged 

from 0% to 100%.   

 

Figure 1: Opening percentages per room, results of 13 houses. The box represents the 25 to 75-percentile, the circles represent 
the outliers, the stars represent the extremes, the horizontal line represents the median, and the cross represents the mean. 

The opening percentages in the bedroom compare well with an old Belgian study [26]. In the other rooms the 

measured opening percentages were higher for the case study, indicating that in these NZEB-dwellings the windows 

stayed open longer compared to the older, less energy-efficient buildings of the previous study. Another more 

recent survey by Delghust [44] regarding window use in the heating period in a social housing neighbourhood in 

Belgium compared well with the opening percentages in the living room and bathroom but not in the bedroom, 

with much higher opening percentages (25%) in the old neighbourhood. 

The yearly average duration of the window openings was analysed as well. In the houses, the bathroom had the 

highest average opening duration of 48 hours, followed by the bedrooms (35h), and the living room (3h) (Figure 

2). These average opening times are relatively long, mostly due to some very long openings. In the living room the 

windows were most often opened (yearly average 6.0/day), but for the shortest time. The bathroom windows 

(0.2/day) and the master bedroom windows (0.6/day) were less often opened, but for a longer time. This difference 

could be attributed to the use of the space. There tends to be a higher occupation during daytime in the living 

room compared to bedrooms, consequently the occupants can interact more with the windows to adapt faster to 

their comfort needs. In the bedrooms, windows are opened longer since during the day there is no need to change 

the state of the windows when nobody is present and during the night the occupants are asleep.  

 



Figure 2: Duration of window openings in hours, results of 13 houses. The box represents the 25 to 75-percentile, the circles 
represent the outliers, the stars represent the extremes, and the horizontal line represents the median. 

3.2. Consistency & seasonality 

The introduction discussed the lack of consensus about which environmental variables to include in window use 

models. Additionally, the predictive power of the models was rather low, and some studies revealed that the models 

developed based on yearly data may not predict the window use accurately in separate seasons. To evaluate the 

consistency and seasonality, the relationship between the window use and the physical environmental variables is 

assessed for this case study. The analysis was performed for both the opening percentage per day and the opening 

actions. The environmental variables that were measured in this case study and that were influential in one or more 

studies in literature were included in the analysis. 

3.2.1. Opening percentage  

Most environmental variables were correlated to the opening percentage per day when considering an entire year’s 

worth of data (Table 3). Across all rooms the outdoor temperature was the strongest correlated to the opening 

percentage, followed by the solar radiation and outdoor relative humidity. It should be noted that these variables 

were as well the ones that are the strongest intercorrelated, so it is uncertain if all variables have a direct effect on 

the window use. In this case the correlation with the outdoor temperature is stronger than with the indoor 

temperature, affirming several studies based on window state data from literature [6,12,35,36]. The directionality 

of the correlations is as expected with positive correlations for the outdoor temperature, solar radiation and indoor 

temperature, and negative correlations with the outdoor relative humidity, windspeed, precipitation and indoor 

relative humidity.  

Of equal interest is the amount of variance explained by these variables. The logistic models were fitted using 

multiple linear regression with the logit of the opening percentage as dependent variable (Equation 1) and the 

environmental variables as independent variables.  

log (
𝑂𝑃

1−𝑂𝑃
) = 𝑏0 + 𝑏1 ∗ 𝑥1 + 𝑏2 ∗ 𝑥2 +⋯        (1) 

With OP the opening percentage per day, and x1, x2, … the different explanatory variables.  

 



Table 3: Correlations (Kendall's tau-b) of the opening percentages per day with the daily mean environmental variables. Winter and summer refer to the astronomical seasons. Correlation is 
significant at the **0.01/*0.05-level (2-tailed). The underlined values indicate inconsistencies.  

Kendall’s tau 

correlation 

coefficient  

Houses   

Apartments 
 

Bedroom Bathroom Living room 

Year Winter Summer Year Winter Summer Year Winter Summer Year Winter Summer 

N=2362 N=586 N=579 N=3012 N=784 N=729 N=2832 N=774 N=650 N=6894 N=1795 N=1631 

Outdoor 

temperature 
.366** .068* .024 .320** -.003 .028 .372** .027 .035 .242** .088** .107** 

Solar Radiation .301** -.001 -.043 .230** -.077** .005 .313** .054* .008 .171** .038** .024 

Wind speed -.025 .011 -.022 -.047** .003 -.035 -.028* -.010 -.015 -.020** .034* -.054** 

Outdoor relative 

humidity 
-.231** -.027 -.003 -.170** .071* -.015 -.237** -.064** -.008 -.134** -.059** -.036* 

Precipitation -.121** .002 -.006 -.116** -.025 .006 -.112** -.029 -.023 -.044** .005 -.046** 

  
Bedroom Bathroom Living room Bedroom Living room 

Year Winter Summer Year Winter Summer Year Winter Summer Year Winter Summer Year Winter Summer 

Indoor 

temperature 
.225** .097** -.254** - - - .098** .091* -.496** .195** .003 -.001 .301** .241** .075** 

Indoor relative 

humidity 
- - - - - - .223** -.213** .195** - - - .099** -.065** .036* 



A summary of the evaluated models is given in Table 4. The table includes results of the models based on physical 

environmental variables, season, and ID of the households; the latter two will be discussed later in the article. The 

best fitted model including environmental variables was selected based on the AIC. In the models based on yearly 

data up to four variables are included in the different rooms, namely the outdoor temperature, solar radiation, 

windspeed and indoor temperature. While both for the indoor temperature and outdoor temperature a positive 

correlation was present, when jointly added in a regression model they have opposing signs. This affirms the 

observations of several studies in literature [6,11–13,34,36] and indicates that the resulting models should be 

cautiously evaluated. 

The predictive power of the yearly models was of similar magnitude as results from literature [12,14,15,36]. The 

outdoor temperature was the most important window opening driver, followed by the indoor temperature and solar 

radiation. In most window use models based on the state of the window the outdoor temperature was indeed 

defined as most important driver.  

In the apartments, the developed models were less significant compared to the houses. This can probably be 

attributed to the fact that the data in the apartments are collected on housing-level instead of room-level, neglecting 

the distinct window use in the different rooms. 

Table 4: Goodness-of-fit estimators (Nagelkerke R² and AIC)  for logistic models including one or more variables for the opening 
percentage per day trained and tested on respectively, year, winter, and summer. The underlined values are the best models 
including physical environmental variables. Significant at the **0.01/*0.05-level. 

Opening percentage per day Year Winter Summer 

R N² AIC R N² AIC R N² AIC 

B
e
d
ro

o
m

 

Te .218** 17275.645 .002 3205.569 .001 4767.404 

Te, Ti .239** 17207.877 .008 3204.069 .075** 4718.651 

Te, Ti, SR .248** 17178.008 .009 3205.806 .089** 4710.882 

Te, Ti, SR, v .251** 17171.919 .009 3207.622 .089** 4712.857 

ID .211** 17313.393 .114** 3149.615 .570** 4229.431 

Season .180** 17399.085     

ID & Season .360** 16787.665     

B
a
th

ro
o
m

 

Te .189** 20607.963 .002 3949.601 .002 5423.226 

Te, v .195** 20586.111 .002 3951.599 .003 5433.558 

RHe, Precipitation .047 21097.140 .018* 3939.046 .001 5434.970 

ID .245** 20412.269 .078** 3905.455 .617** 4752.152 

Season .210** 20531.761     

ID & Season .437** 19533.959     

L
iv

in
g
 r

o
o
m

 

Te .190** 17045.853 .001 4183.345 .001 4316.019 

Te, Ti .264** 16777.153 .046 4150.195 .447** 3933.800 

Te, Ti, SR .271** 16755.513 .053 4146.002 .451* 3931.793 

Te, Ti, RHi .267** 16772.025 .162** 4051.797 .450 3932.334 

Te, Ti, RHe .267** 16770.962 .053 4145.923 .453** 3929.100 

ID .399** 16223.549 .540** 3605.091 .724** 3496.866 

Season .203** 17007.868     

ID & Season .615** 14973.869     

A
p
a
rt

m
e
n
ts

 

Ti, liv .037** 25795.041 .029** 8704.662 .006* 3885.454 

Ti, bed .026** 25848.835 .006** 8740.995 .012** 3880.988 

Ti liv, SR .041** 25776.344 .033* 8700.882 .008 3886.417 

Ti liv, SR, RHi .042** 25772.495 .034 8701.714 .010 3886.632 

ID .213** 24871.298 .238** 8351.189 .412** 3500.907 

Season .017** 25892.507     

ID & Season .240** 24715.467     

 



Even though on yearly basis the opening percentage was closely correlated to the environmental variables, both in 

wintertime and in summertime most correlations lost significance (Table 3). Similarly, the logistic regression models 

trained and fitted for the individual seasons had little to no predictive power (Table 4). Only the model of the living 

room was significant with a predictive power of .162 in winter and .453 in summer. The lack of significance and 

the low correlation coefficients indicate that within the individual seasons the opening actions undertaken by the 

occupants were less or not influenced by the climate variation, except for the living room. These results are in 

correspondence to the findings of Tahmasebi and Mahdavi[38], namely that the window use models are good 

predictors during free-floating situation but not in wintertime.  

This problem of seasonality can be illustrated by examining the relationship between the opening percentage and 

the outdoor temperature (Figure 3). A significant difference was observed between the window use on cold days 

and on warm days in both the living rooms and bedrooms. Over the entire year a strongly positive correlation was 

observed. However, in wintertime only the data-cloud at low temperatures and low opening percentages was 

considered in which the correlations were not significant. Similarly, in summer the correlation was less strong 

compared to the total year. The ‘jump’ between cold and warm days is more gradual in the living room in comparison 

to the bedroom. This could explain why the model of the living room with environmental variables shows a better 

fit than the models of the other rooms. 

  

Figure 3: Relationship between the daily average outdoor temperature (binned per 1°C) and the opening percentage per day 
in the master bedrooms (N=14) (left) and the living rooms (N=12) (right). The box represents the 25 to 75-percentile, the circles 
represent the outliers, and the stars represent the extremes. 

Based on these observations, it can be hypothesized that the variability in window use may be explained by the 

seasonal change instead of the environmental variables, especially for the bedroom and bathroom. It might be that 

the window use is distinct over the separate seasons, but within the season relatively constant. To test this 

assumption a model was created with the season (four categories) as explanatory variable. This model has a R² of 

respectively .180, .210 and .203 in the bedroom, bathroom and living room, which is comparable to the models 

based on environmental variables (Table 4). The fact that the models based on environmental variables have a low 

predictive power in the separate seasons and the predictive power of the season itself is of equal magnitude, leads 

us to affirm the assumption that the window use in this case study is distinct across seasons, but rather stable 

within the season itself. A comparable observation was made in the study of Herkel et al.[35] in offices. They 

revealed that the window use was rather related to the seasons than to the temperature itself, as they found 

distinct window use on warm winter days and cold summer days with similar temperatures. 



3.2.2. Opening actions 

The analysis is repeated for the opening actions. The instantaneous values of the environmental variables were 

used. Since the probability of performing a window opening action was evaluated, data-points when the window 

was already in an open state were discarded in the analysis. The performance of actions was recorded with 1 

minute time-intervals (no actions during time-interval = 0, action(s) = 1). Consequently, many data points were 

available for each window. This large sample size had an important influence on the significance of the different 

statistical tests, therefore special attention was given to the evaluation of these tests. Additionally, it should be 

noted that the window use data is not corrected for the occupancy. This might have implications for the relationship 

between window use and the time of day and with environmental variables that follow a daily cycle (e.g. outdoor 

temperature, solar radiation). It is assumed that the correlations with the time of day might be stronger than when 

occupancy would be considered since the most actions will occur at times occupants are present. Correspondingly, 

the correlations with the environmental variables might be smaller since the range of observed values for these 

environmental variables is larger than when occupancy would be considered. Nevertheless, the lack of occupancy-

data may as well lead to stronger correlations with some environmental variables. E.g., the indoor temperature will 

increase with occupancy, which could lead to stronger correlations when considering all data instead of only the 

occupied data. 

In general, the results of the Mann-Whitney U tests for the opening actions led to the same conclusions as the 

correlation analysis with the daily opening percentage. The results are given in Table 5, both the Mann-Whitney U 

statistics and the mean differences between the two groups (opening action/no action) are reported. Opening 

actions were performed with higher outdoor temperatures, higher solar radiation, and lower outdoor relative 

humidity, as shown by the sign of the mean differences. It should be noted that the mean differences were small. 

The relationship with the indoor temperature is less clear. In the bedroom more actions are performed when the 

indoor temperature is higher, which could be expected. In the living room, on the other hand, more actions are 

taken with lower indoor temperatures and higher relative humidity. Instantaneous values of the environmental 

variables are used so this will not be caused by the effect of opening actions on the indoor environment. We will 

further elaborate on this in Section 3.3. 

In many studies the time of day was found to be a window opening driver as well [6,9–11,16,18,24]. From the 

visualization of the number of opening actions per hour in Figure 4, it is clear that there were more interactions 

with the windows during daytime, when occupants were more likely awake. Most opening actions occurred in the 

morning, and in the living room in the evening as well. 

 

 

 

 

 

 

 



Table 5: Results of Mann-Whitney U test for the evaluation of the relationship between opening actions and the instantaneous 
values of  the physical environmental variables. The mean difference between two groups (action/no action) is given as well. 
Correlation is significant at the **0.01/*0.05-level. 

Mann-Whitney U 

&  

Mean difference 

Houses   

Bedroom Bathroom Living room 

Year Winter Summer Year Winter Summer Year Winter Summer 

N=3742135 

Nact=452 

N=847033 

Nact=87 

N=505197 

Nact=195 

N=4430862 

Nact=434 

N=1098064 

Nact=92 

N=542229 

Nact=142 

N=4407333 

Nact=23964 

N=1063531 

Nact=5897 

N=496139 

Nact=2879 

Outdoor 

temperature 

3.796E+8** 2.606E+7** 4.587E+7 5.490E+8** 4.764E+7 3.518E+7 3.826E+10** 2.666E+9** 6.403E+8 

4.33 1.46 -0.52 3.17 0.07 0.41 0.48 0.54 0.81 

Solar Radiation 
3.924E+8** 2.849E+7* 4.045E+7** 4.878E+8** 3.655E+7** 3.143E+7** 3.225E+10** 2.321E+9** 5.551E+8** 

108 66 14 103 23 62 37 38 59 

Wind speed 
5.992E+8 2.800E+7** 4.655E+7 7.142E+8 4.571E+7 3.844E+7 4.000E+10 2.849E+9** 6.389E+8** 

0.16 0.81 -0.04 0.16 -0.17 0.13 0.04 0.14 0.30 

Outdoor relative 

humidity 

5.137E+8** 2.749E+7** 4.500E+7* 6.155E+8** 4.427E+7 3.613E+7 3.821E+10** 2.820E+9** 6.254E+8** 

-4.1 -4.4 2.0 -4.3 0.9 -1.4 -1.3 -1.6 -2.8 

  
Bedroom Bathroom Living room 

Year Winter Summer Year Winter Summer Year Winter Summer 

Indoor 

temperature 

3.842E+8** 1.648E+7** 4.058E+7** - - - 4.058E+10** 2.823E+9** 6.431E+8** 

1.91 2.17 -0.60 - - - -0.14 0.32 -0.32 

Indoor relative 

humidity 

- - - - - - 2.713E+10** 2.213E+9** 4.241E+8** 

- - - - - - 1.6 0.4 1.4 

 

 
Figure 4: Number of opening actions per hour of the day for the bedroom, bathroom and living room of the houses and the 
apartments, summed over all buildings and all days of the year.  

Logistic models were created for the action-data using stepwise binary logistic regression (Equation 2). A summary 

of the evaluated models is given in Table 6. 

log (
𝑃

1−𝑃
) = 𝑏0 + 𝑏1 ∗ 𝑥1 + 𝑏2 ∗ 𝑥2 +⋯        (2) 

With P the probability that a window will be opened per minute, and x1, x2, … the different explanatory variables.  

Goodness-of-fit improves when indoor environmental variables and solar radiation are included in the model. 

Nevertheless, in the bathroom, the models are little significant, which may be attributed to the small number of 

opening actions. The observation that the indoor variables have the highest predictive power in the window opening 

action models is in correspondence with findings in literature [11,13,15]. These studies indicate that the indoor 

variables are most important for the opening probability as they describe the environment the closest to the 

occupant, while for the closing probability the outdoor temperature is more important [15].  



When only the winter or summer was considered, the models based on environmental variables were less strong 

and not significant in the bedroom and bathroom. Therefore, separate models were created including the season 

as explanatory variable, similarly as with the opening percentages. As Table 6 shows, the season itself could explain 

a lot of variance in these rooms (bedroom:.026, bathroom:.011, living room:.011). In the living room however, the 

environmental variables still have a significant influence in the separate seasons, indicating that in the living room 

the window use is closer related to the environmental conditions compared to the other rooms. This can be 

attributed to the use of the room. In the living room occupants are more actively present and therefore more 

susceptible to adaptive behaviour, in contrast to the other rooms in which the presence is rather short or the 

occupants are asleep. 

Additionally, the time of day was included in the analysis as well. Since the time of day is periodic, the use of a 

continuous variable (e.g. hour of the day) may lead to unrealistic results, therefore, the time of day is included as 

a categorical variable, defined as bins per hour. The yearly regression models based solely on the time of day had 

R²-values of respectively .028, .034 and .042 for the bedroom, bathroom and living room, which is slightly higher 

than the values obtained for the models based solely on environmental variables, especially in the bathroom and 

living room (Table 6). Consequently, it can be assumed that the window use in this case study is related to the 

daily routines of the occupants, even to the same extent as environmental variables. Since the environmental 

variables are strongly correlated with the time of day it is uncertain which of these are most influential. However, 

when evaluating the models in the separate seasons, the models including the time of day were still significant in 

the separate seasons, with a predictive power similar as for the entire year. This leads to the assumption that the 

window use is closer related to the performance of daily activities than to the environmental conditions. 

Table 6: Goodness-of-fit estimators (Nagelkerke R² and AIC) for logistic models including one or more variables for the opening 
probability per minute trained and tested on respectively, year, winter, and summer. The underlined values are the best models 
including physical environmental variables. Significant at the **0.01/*0.05-level. 

Probability of opening window Year Winter Summer 

R²N AIC R²N AIC R²N AIC 

B
e
d
ro

o
m

 

Te .021** 8194.147 .010** 1626.768 .001 3327.465 

Ti .021** 8191.929 .087** 1501.350 .006* 3310.508 

Te, Ti, SR, RHe .029** 8136.561 .100 1479.330 .008 3309.310 

Ti, SR, v .027 8149.037 .111** 1465.924 .007 3312.171 

Time .028** 8182.329 .045** 1613.821 .044** 3229.283 

ID .026** 8172.136 .087** 1514.053 .074** 3099.954 

Season .026** 8159.012     

ID & Season .056** 7921.665     

B
a
th

ro
o
m

 

Te .012** 8203.829 .000 1747.536 .000 2549.825 

SR .010** 8215.459 .001 1745.118 .003** 2543.819 

Te, SR .015** 8180.704 .001 1747.090 .003 2545.469 

Time .034** 8061.799 .070** 1669.631 .037** 2500.859 

ID .051** 7893.181 .122** 1553.357 .064** 2404.649 

Season .011** 8208.772     

ID & Season .057** 7851.109     

L
iv

in
g
 r

o
o
m

 

Ti .002** 220968.894 .002** 53487.025 .013** 27119.739 

RHi .004** 220570.247 .0004** 53599.250 .006** 27297.175 

SR, Ti, RHI .018** 217716.062 .015** 52835.064 .028** 26734.947 

Te, Ti, v, RHe, RHi .017* 217835.641 .007 53241.945 .042** 26351.623 

Te, Ti, SR, v, RHe, RHi .020** 217186.264 .015 52836.127 .042 26351.447 

Time .042** 212441.610 .053** 50884.210 .034** 26602.639 

ID .109** 198206.107 .080** 49468.901 .078** 25399.765 

Season .011** 219020.919     

ID & Season .109** 198085.051     



The results revealed that the environmental variables can predict some of the variance in window use across a 

year, however in separate seasons the models are less strong. It can be concluded that the window use in this case 

study is distinct across seasons, however, within seasons the window use is relatively stable, and only slightly 

influenced by the momentaneous environmental conditions, especially in the bedroom and bathroom. Additionally, 

the models including the time of day have a higher predictive power than the models based on environmental 

variables, especially in the separate seasons, indicating that the window use in this case study is strongly influenced 

by the daily routines of the occupants, and less by the physical environmental variables. 

3.3. Inter-occupant diversity 

The initial observations showed that the behaviour in different households is highly diverse (Figure 1, Figure 2). In 

most studies in literature aggregated models are created to predict the window use over the general population, 

which neglects this inter-occupant diversity. The validity of the aggregated approach is tested by repeating the 

analysis for each individual household. Figure 5 gives for example the correlation coefficients for the opening 

percentage and the environmental variables for the individual dwellings. Most correlation coefficients for the 

individual households are either nonsignificant or vary substantially between the households. The correlation 

coefficient for a specific environmental variable can differ up to .600 in value. Nevertheless, the correlations based 

on yearly data were unidirectional across all houses, but in the separate seasons this was not always the case.  

 
Figure 5: Variation in the correlation coefficients (Kendall’s tau) of the opening percentages per day with the daily mean 
environmental variables across the living rooms (N=12). Only the significant correlation coefficients (p<.05) are included. 

 
A large variation in time dependency was observed as well. In Figure 6, the mean opening percentages for each 

hour for different dwellings during wintertime are illustrated. In some dwellings the relation between opening 

percentage and time of day was very pronounced. Consequently, on individual level the hour of the day was a 

stronger driver than on aggregated level.  

The lack of consistent relationships can in some cases even lead to questionable aggregated results. For example, 

we observed in Section 3.2.2 a negative relationship between the opening probability and the indoor living room 

temperature. When analysing this relationship in more depth, it was revealed that this negative relationship resulted 

from one household which had relatively low indoor temperatures (21.5°C in comparison to the average of 23.5 

°C) and performed a lot of opening actions. The many actions at low indoor temperatures resulted in an overall 

negative relationship, even though in most houses it was positive. This affirms that the between-household 

variations should not be neglected. 



Consequently, we can not assume that the measured window use is independent of the dwelling it was obtained 

from, which is a prerequisite for the application of logistic regression. Andersen et al.[11] tackled this problem by 

testing variable independency through the analysis of the interaction terms between the explanatory variables and 

the dwelling index. If the interaction term was retained in the model, it was taken as an indication of dependence 

and the explanatory variable was removed from the model. However, they indicated already that this might not be 

an accurate way to handle this, since possible important variables may be excluded from the model. Applying this 

approach to the case study would result in none of the environmental variables being included in the model since 

all interaction terms proved to be significant. 

 

Figure 6: Average opening percentage for each hour of the day in wintertime for different dwellings 

Haldi et al.[17] suggested the mixed-model approach, in which random factors are added to the regression 

coefficient to capture this diversity. Generalised Linear Mixed-Models (GLMM) can be used as they account for the 

non-independence of the measurements by adding random effects. This results in an equation similar as for 

standard logistic regression but with the addition of extra randomised terms (Equation 3). For a more detailed 

explanation of the use of GLMM for window use data we refer to the article of Haldi et al.[17].  

log (
𝑃

1−𝑃
) = 𝑏0 + 𝑎0 +∑ (𝑏𝑘𝑥𝑘 + 𝑎𝑘𝑥𝑘)

𝑘=𝑛
𝑘=1          (3) 

With P the probability that a window will be opened or the opening percentage, xk the different predictors, bk the 

regression coefficients of the fixed effects and ak the random variable representing the deviation from the mean 

distributed as a normal distribution N(0,σ²). 

In this method, it is assumed that the regression coefficients of the random effects (ak) are normally distributed. 

However, in this case study these were often found nonsignificant, especially in the separate seasons. This indicates 

that the variability in window use of the different households in this study is difficult to grasp by adding a normally 

distributed random effect.  

The distinct window use can be illustrated as well by examining the relationship between the window use and the 

household-ID (Table 4 and Table 6). The predictive power in the bedroom, bathroom and living room increased 

significantly just by adding the ID as explanatory variable. The ID can predict the same amount of variance as the 

other explanatory variables and is in the living room even a significantly better predictor.  

The inter-occupant diversity in window use is difficult to capture with aggregated models. The predictive power of 

the ID of the household reveals that the variance in window use is larger between households than over the days 



in individual households, especially in the living room. It is important to conduct more research on the causes for 

this diversity between households.  

4. Discussion 

It can be concluded that the window use in this case is distinct across seasons, however, within seasons the window 

use is relatively stable, and only slightly influenced by the momentaneous environmental conditions, especially in 

the bedroom and bathroom. Additionally, the between-household diversity is significant. It seems that within 

individual households the window use is relatively consistent in each season, but that these behaviours differ 

significantly between households. 

While the window use models based on environmental variables had R² values of respectively .251, .195 and .267 

for the opening percentage in the bedroom, bathroom and living room, the ID and season alone had R² of .360, 

.437 and .615 (Table 4). Similar results were obtained regarding the probability to open a window (Table 6). In 

general the ID and the season together could predict two to five times more variance in window use compared to 

the environmental variables. This indicates that even though environmental variables may have an influence on the 

window opening behaviour, a large part of the variance can already be explained by the distinct repetitive behaviour 

of different households in different seasons. The fact that window opening behaviour is repetitive was already 

described in the study of Lyberg in 1983 [7]. “It was found that the variation between households in terms of their 

total daily window opening was greater than that within households. There were indications that occupants adopt 

consistent airing patterns.” 

From the results of the time of day it was revealed that many occupants interact with the windows repetitively 

around the same time. The predictive power of the time of day is significant but not always very strong. It is 

assumed that window use in residential buildings is related to the repetitive performance of domestic activities 

[3,6,12,16,27,32,45], rather than at an exact time. E.g. many occupants open the windows when they wake up 

[46], however, other occupants may wake up later or earlier (e.g. Figure 6). The primary driver for opening the 

window would than be the waking-up event, so not the hour of the day which is obviously closely related to the 

waking-up event. A similar approach is taken in the model of Haldi and Robinson[15], relating the window use to 

arriving in, working, and leaving the office. Schweiker et al.[36] proved that this model works well for living rooms. 

However, they indicated that this model may not capture the often habitual behaviours which are specific to the 

residential setting, such as opening the window while cooking or opening the window when waking up. Research 

regarding the repetitive window use in relation to different domestic activities has been carried out by Verbruggen 

et al.[46] in a study regarding window use habits in Belgian households. In this study the window use was queried 

in relationship with different occupancy states and activities (e.g., going to bed, cooking, …). A model based on 

these observed window use habits is currently under development. This activity-based approach is comparable to 

the task-based approach of Kalvelage et al.[22] and can lead to promising results for the residential setting as well. 

Further research should therefore focus more on the repetitive behaviour and only in a second step on the 

environmental variables which possibly still explain some of the variance in window use.  

The residual correlations of the environmental variables are rather small in this case study which might be attributed 

to the lack of data on occupancy. The lack of occupancy-data may induce an important bias in the obtained results. 

Nevertheless, the lack of occupancy-data may even lead to stronger correlations with some environmental variables. 

Further research is necessary to assess the impact of neglecting the occupancy on the conclusions drawn from this 

study. 



Shifting the focus to repetitive behaviour will lead to models that can be easily implemented in building energy 

simulations, since the habits are not dependent on any other simulated variables such as indoor temperature or 

CO2-concentration. Additionally, this will lead to realistic actions that fit in the day-to-day life of the occupants and 

it will better capture the diversity between households. 

5. Conclusion 

Even though it is a common approach to include environmental and time-dependent variables in window use 

models, the validity of this approach can be questioned based on uncertainties discussed in literature. To assess 

the implications of these uncertainties, the modelling methods found in literature were applied to monitoring data 

of NZEB residential buildings to evaluate the consistency, seasonality, and diversity of the relationship between 

window use and explanatory variables. The results revealed that a large share of the observed variance in window 

opening behaviour can be attributed to the season and the household-ID. This indicates that the window use varies 

across the year but is rather stable within one season, and that these behaviours differ significantly between 

households. These observations indicate that occupant open or close windows according to specific seasonal habits, 

which are often related to daily activities. Since the ID and season could explain significantly more of the variance 

in window use compared to environmental variables, window use studies should focus more on analysing the 

repetitive behaviour of the occupants. This will improve the models to better represent realistic window actions and 

include the inter-occupant diversity. 
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Appendix 

  

Figure 7: Floorplan of a two-story terraced house 



                

Figure 8: Floorplan of two typical apartments 

 

 


