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Albert Einstein once said that it is the theory that describes what we can 

observe. Beyond question, the available research methods and statistical 

techniques influence what scientists will see and discover in their data (Simpson, 

2006). What may be underappreciated, however, is that new data-analytic models 

can also influence and change the way in which scientists think theoretically 

(Simpson, 2006). 

In the absence of dyadic models, most interpersonal concepts were historically 

examined within a person-centered framework. That is, both dyad members were 

studied but the individual was selected as the unit of analysis as traditional 

statistical methods (i.e., multiple regression or analysis of variance) were applied 

to it (Kenny & Cook, 1999). Especially with not randomly assigned dyad members 

(e.g., romantic partners, friends, family members, etc.), which is the focus of this 

dissertation, this person-centered view is not appropriate. In particular, when the 

individual is selected as the unit of analysis, the implicit assumption made is that 

a score derived from one dyad member is independent of the score of the other 

dyad member (Kashy & Kenny, 1990). This assumption is not tenable. Marital 

satisfaction, for example, tends to be correlated between husbands and wives. A 

problematic consequence of violating this assumption can lead to inaccurate 

estimates of standard errors, and so p-values are biased (Cook & Snyder, 2005; 

Kenny, 1996; Kenny & Judd, 1986; Kenny, 1995; West, Popp, & Kenny, 2008). In 

order to have a genuine interpersonal science, its theories and data analytical 

methods must be able to take into account the interpersonal nature inherent to 

dyadic data (Simpson, 2006).  

One of the most fundamental changes in the thinking of relationship scientists 

came when the concept of interdependence (Kelley, 1979; Kelley et al., 2003) was 

introduced. Interdependence is the phenomena in which dyadic partners inevitably 

influence each other’s behavior, emotions and cognitions (De Mol & Buysse, 2008; 

De Mol, Buysse, & Cook, 2010; Kelley et al., 2003; Kelley & Thibaut, 1978), either 

intentionally or unintentionally (De Mol, 2007). From a methodological point of 
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view, dyad members are considered to be interdependent when they affect each 

other’s outcome (Cook, 1993). As a consequence, the observations of two dyadic 

partners are correlated (Cook & Kenny, 2005). Hence, this concept is closely 

related to the general notion of nonindependence, meaning that the responses of 

two dyad members are correlated (Cook & Kenny, 2005; Kenny & Cook, 1999). 

Starting from this point, relationship researchers became aware that the two 

members of a dyad cannot be viewed as two independent individuals and that the 

behavior of one person has consequences that go beyond that one individual (Cook, 

2005). As another consequence, researchers got more interested in what the effect 

is of an “actor” on their “partner” (Simpson, 2006).  

Relationship scientists were now facing a new challenge: how to model this 

nonindependence properly? Researchers started testing the presence of 

nonindependence by calculating some sort of correlation between dyadic partners 

(e.g., intraclass correlation). If there was nonindependence, then the dyad was 

treated as the unit of analysis, and if there was not, the individual would be the 

unit (Kenny, 2018). Unfortunately, data-analytic models that could capture both 

units of analysis simultaneously were lacking. Nonetheless, a dyadic data point 

can be influenced by people as individuals or by some synergistic influence of the 

people in combination (Bond & Kenny, 2002; Sears, 1951). This is what Bond and 

Kenny (2002) called the different levels of causation. The absence of such models 

was one of the major reasons that most relationship researchers kept using the old 

traditions with all its artefacts. Indeed, from a theoretical point of view it is 

difficult to think about nonindependence and levels of causation in the absence of 

data-analytic tools that allow one to model this adequately.  

Kenny and his colleagues solved this problem by introducing different dyadic 

models in the last decades (Kenny, 1996; Kenny & Cook, 1999; Kenny & La Voie, 

1984, 1985; Kenny & Albright, 1987; Kenny, Gomes, & Kowal, 2015). These 

cutting-edge data-analytic models are believed to be groundbreaking as they could 

conceptualize interpersonal concepts adequately while simultaneously modeling 
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the statistical nonindependence in these relationships (Simpson, 2006). They also 

enabled researchers to take into account the different levels of causation 

simultaneously. It is important to underline that these models not only enabled 

relationship researchers to obtain correct estimates, they also broadened and 

deepened the theoretical understanding of interpersonal phenomena (Simpson, 

2006).  

In this dissertation we highlight the two most well-known and commonly used 

dyadic models: the Actor-Partner Interdependence Model (APIM; Kenny, 1996; 

Kenny & Cook, 1999) and the Social Relations Model (SRM; Cook & Dreyer, 1984; 

Kenny & La Voie, 1984). We will start with a brief introduction of both the APIM 

and the SRM. Note that the emphasis of this dissertation is not on elaborating on 

the in-depth statistical details of these two models. Rather, we aim to make these 

models more accessible and extend their possibilities, as will be explained in the 

final section of this introduction.  

THE ACTOR-PARTNER INTERDEPENDENCE MODEL  

The Actor-Partner Interdependence Model (APIM; Cook & Kenny, 2005b; 

Kashy & Kenny, 2000; Kenny, 1996; Kenny & Cook, 1999) is developed to analyze 

data from one particular type of dyads (e.g., romantic couples). It integrates a 

conceptual view of interdependence together with the relevant statistical 

techniques for measuring and testing it (Cook & Kenny, 2005b). In essence, the 

APIM allows researchers to examine the effect of one’s own predictor score on 

one’s own outcome (i.e., the actor effect), and on the outcome of his or her partner 

(i.e., the partner effect). These two effects can be measured simultaneously while 

proper statistical allowances are made for the interdependence in the two persons’ 

responses (Kenny & Ledermann, 2010). 
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As an example, consider the study of Vanhee, Lemmens, Stas, Loeys and 

Verhofstadt (2016). Reasoning on the basis that all people have the universal 

psychological need to feel related (Chen et al., 2015; Deci & Ryan, 2000), these 

authors posited that a frustration of this need might affect the number of conflicts 

romantic partners initiate. In Figure 1, the APIM of this study is depicted. Each 

member of the couple has a score on the predictor variable “Relatedness 

frustration” and on the outcome variable “Conflict frequency”. These authors found 

positive actor effects for both men and women (i.e., a1 and a2, respectively), 

indicating that the more frustrated romantic partners were, the more conflicts 

they tended to initiate themselves. The substantial contribution of this model is 

that it can also take into account the interdependent nature of these observations. 

How many conflicts do they initiate because their partner’s needs are frustrated? 

Results showed positive partner effects for both men and women (i.e., p21 and p12, 

respectively), implying that they tend to initiate more conflicts when their partner 

felt less loved. These findings demonstrate that romantic partners should not be 

studied in isolation as their individual outcomes are not only influenced by their 

own predictor variable, but also by that of their partner.  

Figure 1 also shows two double-headed arrows, which represent correlations. 

The arrow between the two predictor variables measures how strongly the 

relatedness frustration of men and women are correlated. The double-headed 

arrow on the right is the residual nonindependence in their outcome scores, which 

is represented by the correlation between E1 and E2. That is, the nonindependence 

that was not explained by the variables included in the model.  

We should note that the APIM can be used for distinguishable as well as 

indistinguishable dyads. In this example, dyad members are distinguishable 

because of their gender. Dyads are indistinguishable when there is no meaningful 

group variable and, thus, both members belong to the same class (Ledermann & 

Kenny, 2017), such as same-sex friends and identical twins. Readers who are 
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interested in the formulas involved or who wish more statistical details are referred 

to the book of Kashy, Kenny and Cook (Chapter 7, 2006). 

 

 

Figure 1: The Actor-Partner Interdependence Model. Single-headed arrows represent predictive 
paths, with horizontal lines in the middle as actor effects and diagonal lines as partner effects. The 
double headed arrow between “Relatedness frustration men” and “Relatedness frustration woman” 
represents its covariance. The double headed arrow between “Conflict frequency men” and “Conflict 
frequency women” is the residual nonindependence in these outcome scores, which is represented 
by the correlation between their corresponding two error terms.  

 

By introducing the APIM, relationship researchers became able to model and 

test both actor and partner effects, which brought the dyad into the mainstream 

study of relationships (Simpson, 2006). The model has been used to study various 

types of dyads, among which romantic partners (Hinnekens, Stas, Gistelinck, & 

Verhofstadt, 2019), patients and caregivers (Shamali, Konradsen, Stas, & 

Østergaard, 2019), parent-child dyads (Brenning, Soenens, Van Petegem, & Kins, 

2017; Pesonen, Räikkönen, & Heinonen, 2006), and siblings (Kenny & Cook, 1999). 

The APIM has become the most popular method for dyadic analysis (Kenny, 2018) 

and has been cited in over 600 articles (see 

http://davidakenny.net/doc/apimbiblio.pdf for a bibliography).  
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THE SOCIAL RELATIONS MODEL 

The second model that we will discuss is the Social Relations Model (SRM; 

Cook & Dreyer, 1984; Kenny & La Voie, 1984). Whereas the APIM is developed 

for the analysis of a single dyad, the SRM can examine data from groups with a 

minimum of three members. Originally, this model was developed for 

interchangeable, largely unacquainted group members in short-term relationships 

(Hsiung & Bagozzi, 2003; Kenny, 1994; Kenny & La Voie, 1984). Cook and Dreyer 

(1984) adapted this model for the analysis of family data, which is the model of 

interest in this dissertation. This adaptation was essential because families are 

characterized by well acquainted subjects who continue in long-term relationships 

and who have distinct roles (e.g., mother, father, and children; Cook & Dreyer, 

1984; Kashy & Kenny, 1990). The family SRM is a conceptual and analytical 

model that is capable of capturing the nonindependent nature of family 

relationships while simultaneously taking into account the full complexity inherent 

to families. That is, when more than two individuals are studied in a round-robin 

design (see further), the possible units of analysis are no longer limited to the 

individual and the dyad because the data also contain information about the group 

itself (e.g., the family). As a major advantage of the SRM, researchers do not need 

to select a priori a unit of analysis, as the model allows to examine dynamics at 

the individual, dyadic and family level simultaneously. Consider as an example 

the study of De Meulenaere, Stas, Antrop, Buysse and Lemmens (2019) who 

examined adolescent’s attachment anxiety in the family context. In order to 

perform an SRM analysis, data was gathered in a round-robin design, which is 

shown in Figure 2. In such design, every family member has to rate every other 

family member. In this particular study, every member rated how anxious they 

felt that each of the other family members would abandon or reject them. High 

scores represent high levels of anxiety, low scores signify the feeling that the 

evaluated person serves as a secure base (Brennan, Clark, & Shaver, 1998; Van 
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Petegem, Beyers, Brenning, & Vansteenkiste, 2013). In Figure 2, these ratings are 

depicted as arrows, with the person at the beginning of the arrow rating the person 

at the end of the arrow. In this study, four-person families were questioned, 

resulting in twelve observed scores (i.e., four family members evaluate each of the 

three other members). Both the older and younger children were adolescents.  

Note that even though these authors’ primary interest was in the attachment 

of adolescents, this study was not performed in a person-centered view, solely 

focusing on the adolescents. Rather, they opted to study adolescents’ attachment 

in the context of interest: the family. This has two important advantages: (1) by 

using the SRM, one appropriately deals with the nonindependence in family data 

and (2) the model can filter out the other levels of causation, resulting in “pure” 

or unentangled estimates. We will explain this second advantage by means of one 

of the principal findings of this study in the following paragraph.  

 

 

 

 

 

 

 

 
Figure 2: The round-robin design. In this design, all family members rate each other on the same 
item(s). The person at the beginning of the arrow rates the person at the end of the arrow. In four-
person families, this results in twelve observed scores. 

 

The observed scores (cfr. the arrows in Figure 2) revealed that older children 

reported the least anxiety in relation to their mother. The question may arise how 

this low score can be explained. The SRM can answer this as it allows to inspect 
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how individual, dyadic and family characteristics contribute to an observed score. 

In particular, the SRM assumes that when older children rate their mother, these 

observed scores contain information about the rating children (i.e., older children’s 

actor effect), the mothers being rated (i.e., mothers’ partner effect), their unique 

relationship (i.e., the older child-mother relationship effect) and the family they 

live in (i.e., the family effect). We will explain these components in more detail 

using this attachment study as an example: 

The family effect. The family component is a group effect and aims to measure 

family characteristics (Cook, 2005). Perhaps adolescents report low levels of 

anxiety because they live in securely attached families.  

The actor effect. The actor effect measures the general tendency of a rater. In 

particular, it targets characteristics that make a person evaluate all others in the 

same way. From a methodological point of view, it is the cross-relational 

consistency in how a person reports about all other family members (De Mol et 

al., 2010). In the attachment example, the actor effect of older children measures 

how much anxiety these children report in all their relationships. Maybe, this low 

score can be explained by the fact that these adolescents are securely attached in 

relation to everyone.  

The partner effect. The partner effect targets characteristics of the person being 

rated. It measures the tendency of a person to elicit a certain emotion, cognition 

or behavior from all other family members. Methodologically, it is the cross-

relational consistency of all ratings about a particular person. Adolescents low 

score might reflect that these mothers are very responsive and are, therefore, seen 

as a secure base by all family members. Thus, the observed score can also reflect 

a characteristic of mothers, rather than one of the older children (cfr. their actor 

effect).  

The relationship effect. The relationship effect refers to the unique adaptation 

that one family member makes towards another above and beyond family, actor 

and partner characteristics. In the attachment example, the older child-mother 
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relationship effect indicates to which extend these adolescents express an unique 

amount of anxiety in relation to their mother, controlling for the overall level of 

anxiety in families (i.e., family effect), older children’s general tendency to express 

anxiety in relation others (i.e., older children’s actor effect), and mothers’ 

tendency to elicit anxiety from others (i.e., mothers’ partner effect).  

 

These components can be specified as latent variables in a confirmatory factor 

analysis (CFA). Figure 3 shows the CFA model for four-person families. Here, the 

observed scores are presented in boxes and the SRM components are depicted in 

circles. We used the following abbreviations: M (mother), F (father), O (older 

child), and Y (younger child). The observed score of oldest children rating their 

mother (i.e., XOM), for instance, is predicted by the family effect, the actor effect 

of the older child, the partner effect of the mother and the older child-mother 

relationship effect. Therefore, arrows point from those four latent variables 

towards this observed score. Typically, all paths from the SRM components to the 

observed scores are fixed to one (see also Kenny et al 2005 p. 236).  

Taken together, the SRM allows to decompose an observed score into different 

SRM components. By simultaneously estimating each of these components, 

researchers control for the influence of the other levels of causation (the other 

components), resulting in pure and unentangled estimates.  

 

Interestingly, the SRM can investigate different kinds of reciprocities as well, 

which are indicated by double headed arrows in Figure 3. We will explain 
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two types of reciprocities. First, an individual reciprocity examines reciprocal 

effects for a specific person as it is defined by the correlation between a person’s 

actor and partner effect. For example, if adolescents express low levels of anxiety 

in relation to all family members, do they also elicit few anxiety by others? A 

dyadic reciprocity explores the reciprocal effects in a specific dyad as it estimates 

the correlation between two relationship effects. For example, if adolescents 

express unique levels of anxiety in relation to their mother, do mothers also express 

unique anxiety in relation to these adolescents? Readers who are interested in the 

matrices involved in an SRM analysis or who wish more statistical details are 

referred to the book of Kashy, Kenny and Cook (Chapter 9, 2006).  

 

Traditionally, only the variances are estimated in an SRM study. The variances 

of the SRM components give insight in why there are between-family differences. 

So, why do some older children experience more anxiety in relation to their mother 

than others? Results of the attachment study revealed that this is due to differing 

family characteristics (i.e., significant family variance) and differing characteristics 

of these older children (i.e., significant actor variance older child). Interestingly, 

characteristics of the mother nor the unique bond these children had with their 

mother were of importance for explaining between-family differences. 

During the last decade, the SRM means are increasingly gaining attention. 

They provide insight in the average levels of the SRM component and can be used 

to address, for example, the question why older children on average report such 

low levels of anxiety in relation to their mother. Results revealed that this is due 

to the fact that they experience low levels of anxiety in all their relationships (i.e., 

negative actor effect for older children) and because of their unique bond with 

their mother (i.e., negative older child-mother relationship effect) but not because 

of mother’s characteristics.  
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The impact of the SRM was enormous in interpersonal science. It suddenly 

allowed relationship researchers to ask, test and answer genuinely relational 

questions that were the province of armchair speculations just a decade earlier 

(Simpson, 2006). This model has become one of the most popular models to 

analyze family data and is cited in over 340 articles and book chapters (see 

http://davidakenny.net/srm/srm.htm for a bibliography). It has been used to 

study a wide range of variables such as trust (Buyukcan-Tetik, Finkenauer, 

Siersema, Vander Heyden, & Krabbendam, 2015), separation anxiety (Kins, 

Soenens, & Beyers, 2013), negativity (Eichelsheim et al., 2011), relationship 

satisfaction (Finkenauer, Engels, Branje, & Meeus, 2004),  relational support 

(Branje, van Aken, & van Lieshout, 2002),  anger (Halberstadt, Beale, Meade, 

Craig, & Parker, 2015), psychological control (Aunola, Tolvanen, Viljaranta, & 

Nurmi, 2013), and influence (Cook, 1993, 1994; De Mol et al., 2010) in families.  

CHALLENGES AND OBJECTIVES 

While relationship researchers now have the theories and data-analytic models 

to study dyads and families in their full complexity, new challenges appear. That 

is, some researchers are currently facing practical hindrances whereas others are 

limited by the borders of current conceptualizations. First, both dyadic models 

require advanced statistical knowledge, which might be a barrier for some 

researchers. That is, in order to fit a social relations model one needs to be able 

to specify either a confirmatory factor analysis model (cfr. Figure 3) or a multilevel 

model1. For the actor-partner interdependence model, one must have knowledge 

of path analysis (cfr. Figure 1), multilevel modeling or pooled regression methods1. 

As relationship researchers’ main interest is in interpersonal theories rather than 

                                                      
1 We refer the interested reader to the book “Dyadic Data Analysis” (Kenny et al., 2006a) for 

a detailed description of these statistical procedures. 
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in statistics, these advanced statistical methods can be a hurdle. Second, across 

studies, the contribution of the family effect is found to be negligible as it hardly 

explained any variance (Eichelsheim, Deković, Buist, & Cook, 2009). The question 

may arise if an alternative conceptualization of this family effect would be more 

appropriate.  Third, the SRM cannot be used for all types of dyadic data. Consider 

a researcher who is interested in how frequent family members watch TV together. 

The amount of times mothers and daughters watch TV together can be captured 

with a single score (e.g., five times a week), whereas the round-robin design in 

Figure 2 expects two directed scores per dyad (i.e., dyad members’ rating of each 

other). Hence, the SRM is not appropriate for such measures. 

 

The goal of this dissertation is to extend the statistical toolbox for relationship 

researchers. The topics of the chapters are chosen in such a way to make both 

models more accessible and user-friendly. Moreover, we aimed to extend the 

possibilities of these models, so they become applicable in more settings and can 

be used to answer an even broader range of research questions.  

Chapter 2 aims to make the APIM more accessible and user-friendly. The 

necessity of supporting practitioners with their APIM analysis becomes clear when 

one knows that the second-most cited APIM article is a step-by-step guide for its 

analysis (Campbell & Kashy, 2002). However, a license and/or prior knowledge of 

SAS (Singer, 1998) or HLM (Raudenbush, Bryk, Cheong, & Congdon, 2001) are 

required for using the code described in this article. Therefore, we present in this 

chapter a free user-friendly app that automatically performs the statistical 

analyses associated with both simple and more complex APIMs. This app is called 

APIM_SEM because path analysis, which is a structural equation modeling 

(SEM) technique, is used in the background. Users do not need to install any 

software, nor is an in-depth statistical knowledge required. The app is online 

accessible and is presented in a user-friendly point-and-click interface (Chang, 

Cheng, Allaire, Xie, & Jonathan, 2015). By providing only a minimal of input 
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information in a point-and-click interface, users get access to a wealth of 

knowledge. The program enables researchers to estimate actor and partner effects 

of one or two predictors, to examine dyadic patterns (Kenny & Ledermann, 2010), 

and to control for different types of covariates (Garcia, Kenny, & Ledermann, 

2015). The output is presented  in software and text format, complemented by 

summary tables and figures, maximally supporting researchers with their 

interpretation. Diagnostic checks are automatically performed and its results are 

graphically depicted as well. For transparency reasons, the app shows the lavaan 

(i.e., an R package for structural equation modeling; Rosseel, 2012) code for fitting 

this model, thereby allowing other researchers to replicate their results.  

Chapter 3, 4 and 5 focus on the SRM. The statistical complexity of the SRM 

and the lack of user-friendly software to perform the required analyses may have 

hindered family researchers to use this model. In Chapter 3 we aim to bridge that 

gap and introduce an open-source R-package (R Development Core Team, 2004). 

The package is called fSRM (Schönbrodt, Stas, & Loeys, 2014), which stands for 

family SRM, and covers the majority of published SRM analyses. It performs 

almost automatically the rather complex SRM analysis by only specifying a single 

line of code. It also introduces new possibilities for assessing differences between 

SRM means as well as between variances, both within and between groups of 

families. 

Although the SRM is a widely used model to examine family data, we question 

one of its basic assumptions in Chapter 4. In particular, the SRM for families is a 

translation of the model for interchangeable group members and therefore assumes 

that all group members equally contribute to their group effect (i.e., the equal 

weights assumption). However, in families, distinct roles are present (e.g., mother, 

father, and children) and one may question whether this assumption still holds in 

the family version of the SRM. That is, can we truly assume that every observed 

score is equally important for the family effect? Literature suggest otherwise as it 

has been shown that family members’ perceptions of each other (cfr. the observed 
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scores) can have a different influence on family characteristics (cfr. the family 

effect). Therefore, we relax this equal weights assumption in Chapter 4 and 

propose an alternative conceptualization of the family effect. This adapted model 

is called the Flexible SRM. Its family effect is a weighted mean with some scores 

contributing more to this average than others. For example, mother’s perception 

of father’s trustworthiness might contribute more to the overall sense of trust in 

families than how much a child trusts his or her sibling. We believe that this 

alternative conceptualization allows family researchers to target family 

characteristics better, whereas the traditional family effect only provides 

information on the average score of the average family member. We will test the 

added value of this model as compared to the traditional family SRM in two steps. 

First, a large simulation study is conducted which examines the effects of violating 

this assumption on the performances of both the traditional and Flexible SRM. 

Second, by reviewing published SRM studies we aim to find out if in reality this 

assumption is fulfilled or not.  

In Chapter 5 we explain that there are at least two types of dyadic data: 

directed dyadic data and purely dyadic data. Directed dyadic data measure a 

rater’s perspective in relation to a partner, resulting in two scores per dyad (i.e., 

one for each rating dyad member). Purely dyadic data, on the other hand, measure 

something that two dyad members have in common or do together with a single 

score. The number of time family members watch TV together, how frequently 

they hug, the length of their conversation, how many conflicts they have, and how 

often they exercise together are all examples of purely dyadic data. This data type 

is encountered in interpersonal literature as well because measures of dyadic 

subsystems often target what is common between two people or that evaluate the 

dyad as a whole (Cook & Kenny, 2006). Because purely dyadic measures result in 

a single score, the SRM in its current form is not appropriate for the analysis of 

such data. Therefore, we will introduce the Purely Dyadic Social Relations Model 

(PD SRM) in this chapter. The PD SRM is an adaptation of the family SRM for 
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the analysis of purely dyad data. We will also present a free user-friendly online 

app to easily analyze such measures with this model. This chapter aims to extend 

the possibilities of the SRM by adapting it in such a way that it can be used to 

analyze a different type of dyadic data. 
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ABSTRACT 

The actor–partner interdependence model (APIM) is widely used for analyzing 

dyadic data. Although dyadic research has become immensely popular, its 

statistical complexity can be a barrier. To remedy this, a free user-friendly web 

application, called APIM_SEM, has been developed. This app automatically 

performs the statistical analyses (i.e., structural equation modeling) of both simple 

and complex APIMs. It allows the researcher to analyze distinguishable or 

indistinguishable dyads, to examine dyadic patterns, to estimate actor and partner 

effects of one or two predictors, and to control for covariates. Results are provided 

in software and text format, complemented by summary tables and figures. As an 

illustration, the effect of perception of the partner on satisfaction is assessed by 

fitting APIMs with varying complexity.  
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 INTRODUCTION  

The actor-partner interdependence model (APIM; Kashy & Kenny, 2000) is a 

widely used framework for analyzing dyadic data. It integrates a conceptual view 

of interdependence together with the relevant statistical techniques for measuring 

and testing it (Cook & Kenny, 2005). In essence, the APIM allows researchers to 

simultaneously examine the effect of one’s own predictor score on one’s own 

outcome (i.e., the actor effect) and on the outcome of his or her partner (i.e., the 

partner effect). The latter reflects the interdependent nature of relationships. 

Since its first appearance in scientific literature, over 600 articles have used the 

APIM to analyze dyadic data (Ledermann & Kenny, 2015), and further conceptual 

and statistical additions were made (Garcia, Kenny, & Ledermann, 2015a; David 

A Kenny & Ledermann, 2010; Thomas Ledermann, Macho, & Kenny, 2011). One 

of the most cited APIM articles is a step-by-step guide for its analysis using SAS 

or HLM (Raudenbush, Bryk, Cheong, & Congdon, 2001) by Campbell and Kashy 

(2002), which illustrates the necessity of supporting practitioners with their APIM 

analysis. A license and/or prior knowledge of SAS or HLM are required, however, 

to execute the code described in this article. Here, we present a user-friendly online 

app that automatically performs the statistical analyses associated with both 

simple and more complex APIMs. Behind the scenes, analyses are automatically 

performed mainly using lavaan  (Rosseel, 2012), an R-package for structural 

equation modeling (SEM). Because SEM techniques are used to fit the APIM, the 

app is called APIM_SEM. The program that we present is freely accessible and 

requires neither statistical software nor a detailed background knowledge of the 

statistical techniques to use all of its features. The program is written in shiny 

(Chang, Cheng, Allaire, Xie, & Jonathan, 2015) a web application framework for 

R (R Development Core Team, 2004) by RStudio (RStudio Team, 2015), and has 

an appealing point-and-click interface. Although R is used in the background, 
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users do not have to install R (or any other software) nor do they need to specify 

any R-code. The program is freely accessible at http://lavaan.org/APIM_SEM/. 

The program can be used to analyze data from dyads that are indistinguishable 

(e.g., two friends of the same gender) or distinguishable (e.g., husbands and wives). 

It also allows the user to model actor and partner effects for one or more predictors 

and to control for additional covariates, measured at either the individual or the 

couple level. After importing the data and specifying the variables of interest, the 

app automatically produces several types of output. Besides the usual software 

output, the results are presented in full-text format, complemented with summary 

tables and figures. The text describes all estimated parameters, along with their 

interpretation, in words. In addition, APIM_SEM can be used to examine dyadic 

patterns. Exploration of such patterns in the APIM was first presented by Kenny 

and Ledermann (2010). 

The aim of this article is to illustrate the most important features of 

APIM_SEM by means of an example data set on the association between 

perception of one’s partner and relationship satisfaction. Using data from a 

longitudinal study (Acitelli, 1997; Acitelli, Veroff, & Douvan, 2013), we explore 

actor and partner effects of the perception of the significant other on satisfaction 

in 238 heterosexual couples. The data set is included in the app. It can be used to 

reproduce the presented results and to become familiar with the APIM_SEM 

program. 

This article is organized as follows. We start with a description of the data and 

formulate the research hypotheses of interest. Next, we describe how, with 

minimum effort, the basic APIM (with a single predictor) can easily be fitted with 

the app and discuss the automatically generated output. Still focusing on the 

substantive application, we further illustrate how APIMs with additional actor 

and partner effects and covariates can be fitted as well. We end with a discussion. 
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DATA AND HYPOTHESIS 

As an illustrating example, the couple data gathered by Acitelli (1997) are 

used. In this longitudinal study, data were collected in two waves (Wave 1: March 

1993 through January 1994; Wave 2: 1.5–2 years later). Only data from the first 

wave are included in the analysis, resulting in 238 American couples. Participants 

rated themselves and their partners on five different topics: being cooperative, 

mature, friendly, hardworking, and caring about others. The average scores of 

these five items are calculated and are the self-perception and perception of the 

significant other, respectively. For the remainder of the text, we refer to these two 

variables as “Self-Perception” and “Other Perception.” We aim to analyze the effect 

of Other Perception on relationship satisfaction. We are not the first to study this 

topic. It is a well-documented finding that holding favorable perceptions of the 

partner is strongly associated with relationship satisfaction (e.g., Luo, Zhang, 

Watson, & Snider, 2010; Murray, Holmes, & Griffin, 1996; Neff & Karney, 2005). 

In the first APIM, we explore the link between Other Perception and Satisfaction. 

Two hypotheses are tested: (a) Do individuals who see their partner in a more 

positive light experience greater satisfaction? (b) Do intimates who are viewed 

more positively by their partners experience greater satisfaction? Given that we 

are interested in the effect of the own and the partner’s perception of the 

significant other on satisfaction (Figure 1), accounting for the correlation of 

outcomes within couples, the APIM is perfectly suitable to explore these 

hypotheses. Indeed, the first question can be tested by means of the actor effects, 

the second by the partner effects. Relying on the APIM in Figure 1,we explore 

actor and partner effects of Other Perception on the Satisfaction score in the next 

section and refer to this model as the “basic APIM.” 

In the second model, a second independent variable is added to the basic APIM. 

When a variable is correlated with both the independent and dependent variables, 

it is important  
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Figure 1. The horizontal output tab “Figures” includes two kinds of path diagrams of the fitted 
actor–partner interdependence model (APIM). (a) The basic APIM figure is a static black-and-
white figure, displaying estimated actor and partner effects with corresponding standard errors and 
the significance level of a single independent variable. (b) The full APIM figure displays all 
variables in the fitted model, including possible additional independent variables or covariates. 
This figure uses color coding with positive estimates indicated by green arrows and negative 
estimates by red arrows. The stronger the effect, the thicker the line of the arrow. Both: Single-
headed arrows represent causal or predictive paths, with horizontal lines in the middle as actor 
effects and diagonal lines partner effects. The double-headed arrow between “Other Perception 
Man” and “Other Perception Woman” represents its covariance. The double-headed arrow between 
“Satisfaction Woman” and “Satisfaction Man” is the residual nonindependence in these outcome 
scores, which is represented by the covariance between their corresponding two error terms. These 
figures are copied from the APIM_SEM app. 
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To control for this confounder. Even if predictors are strongly  

associated with the outcome but not with the other predictors, such an adjustment 

still leads to more precise estimators of actor and partner effects. In line with a 

study of Murray et al. (1996), we control for the variable Self-Perception as a 

potential confounder. These authors studied the effect of idealization on 

relationship satisfaction. Idealizing a person is seeing this individual better than 

he or she really is. So, in order to measure the effect of idealization, we need to 

control for the true characteristics of these persons. Following Murray et al., a 

person’s self-perception can be used to measure that person’s actual 

characteristics. They called this the subjective reality baseline (p. 80) because the 

partner’s own self-perception is not an exact representation of his or her 

characteristics but a good approximation to that reality. So, in this second model, 

we aim to measure an idealization effect by controlling for the self-perception of 

both dyad members. By doing so, we can then investigate whether the link 

between Other Perception and Satisfaction still holds when controlling for dyad 

members’ actual characteristics. When controlling for the partner’s self-

perception, Murray et al. found that people who view their partner in a more 

positive way are more satisfied. They concluded that an idealized construction is 

a critical feature for satisfaction in both dating and married couples. 

In our search for other potential confounders of the relationship between Other 

Perception and Satisfaction, we also selected marital status (Murray et al., 1996) 

and anxious attachment style (see the review of Li & Chan, 2012). In the third 

model, we adjust for those covariates as well. In the next sections, we show how 

these three APIMs can easily be fitted with APIM_SEM. 
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FITTING THE APIM WITH APIM_SEM 

APIM_SEM is a free online program with a point-and-click interface that can 

be used for fitting standard or more complex APIMs. Our app provides a graphical 

user interface that requires only a minimum of input information. No prior 

knowledge of any (statistical) software is needed to use all features of the app. 

The program can be freely accessed through the following link: 

http://lavaan.org/APIM_SEM/. 

For a wide variety of researchers, APIM_SEM can be a valuable tool: For 

researchers who are used to working with R or know SEM, the lavaan (i.e., an R-

package for SEM) syntax is provided for each fitted model, together with the 

lavaan output. All users are encouraged to use this syntax in their own follow-up 

analyses. For researchers who are unfamiliar with R or SEM, all results are 

presented in full-text format, complemented by illustrating figures and summary 

tables to aid self-learning.  

The APIM_SEM app uses color coding to easily explain all its features (see 

Figure 2). At the top, the program is divided into three main pages, indicated in 

yellow: 

1. The Fitting the Actor Partner Interdependence Model page is used to 

fit a model and view its output; 

2. The Extra Info page contains documentation on how to use the program, 

as well as background resources for self-study of the APIM, lavaan, and 

SEM (i.e., webinars and references to papers and books); 

3. The About & Contact page provides contact information of the 

developers. 

For this article, the focus is on the first page. On that page, relevant information 

for the model can be specified in the vertical input tabs: Blue tabs are mandatory 

(Select Data and Variables), and black tabs are optional (Additional and  
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Download Output). The model is fitted by hitting the “Run Analysis!” button 

once. After that, the program is reactive, and so, the output will automatically 

change if the input is modified. The output is displayed in the green horizontal 

tabs. For every analysis, the results are presented in the “Lavaan Output” tab, 

and their interpretation is provided in the “Data 2 Text” tab. Because these results 

with extensive interpretation speak for themselves, we do not discuss that output 

tab in much detail here but rather focus on the other output tabs. All information, 

figures, and tables that are presented in this article are directly obtained from the 

APIM_SEM app. Note that a full report, including all results as produced by the 

app, can be downloaded in the program in PDF, HTML, or Word format (see 

Figure 3c). 

Fitting a basic APIM 

In this section, we illustrate basic features of the app for fitting a basic APIM. 

Two hypotheses are tested: Intimates who view their partner more positively (a) 

are more satisfied (i.e., positive actor effect) and (b) have partners that are more 

satisfied (i.e., positive partner effects). Dyadic patterns are explored as well. The 

complete output can be consulted in Appendix 1. 

Input 

Only three steps are needed to fit a basic APIM: (a) A data set can be uploaded 

in the app via the blue input tab “Select Data” (see Figure 4) and should have a 

dyadic structure (i.e., one row for every dyad, sometimes called a wide format). If 

the data set is not yet in that format, the ItoD app of Ledermann and Kenny 

(2015) provides an easy tool to transform a data set from long format (i.e., with  

one row for each dyad member) to a dyadic data set. The program accepts Text 

files (.txt), CSV files (.csv), SPSS files (.sav), and SAS XPORT files (.xpt). (b) 

The independent and dependent variables needs to be specified in the blue input  
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(c) 

 

         

   (a) 

Figure 3. Input tabs of APIM_SEM. (a) In the vertical input tab “Variables,” the variables of 
interest can be selected and labels can be specified. The labels will be used for the text output. 
Users can specify if a distinguishable or indistinguishable analysis needs to be performed. (b) After 
loading the data and specifying the desired variables with corresponding labels, one can run the 
analysis by clicking on “Run Analysis!” in the vertical input tab “Run Analysis.” (c) The content 
from all output tabs can be downloaded to your local computer in either PDF, Word, or HTML 
format from the tab “Download Output.” 
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tab “Variables” (see Figure 3a) together with their labels for the text output. 

Specify Other Perception for women and men (Other_F and Other_M, 

respectively) as independent variables and both Satisfaction scores (Sat_F and 

Sat_M, respectively) as dependent variables. Because women and men are 

considered distinguishable dyad members, a distinguishable analysis is 

requested(see Figure 3a). (c) Hit the button in the blue input tab that says “Run 

Analysis” (see Figure 3b) to perform the analysis. 

Output 

A complete description of the summary statistics, the assumed model, and all 

associated results can be found in the horizontal output tab “Data 2 Text.” In that 

text (see Appendix 1), interpretations of the estimated parameters are described 

in full sentences. In the horizontal output tab “Tables,” the means, standard 

deviations, and minimum and maximum values of both independent and 

dependent variables can be found by role (see Table 1). There appear to be no 

meaningful differences between men and women in the means or standard 

deviations. In the last column, the number of nonmissing observations on both the 

independent and dependent variables are given for both roles. 

Table 1 
Basic actor–partner interdependence model (APIM): Descriptive statistics of the 
raw data (observation 22 removed) 
Variable Role Mean SD Minimum Maximum n 
Other Perception Women 4.220 0.525 2.600 5.000 237 

 Men 4.210 0.553 1.800 5.000 237 
Relationship Satisfaction Women 3.569 0.603 1.500 4.000 236 

 Men 3.541 0.609 1.000 4.000 238 
 

A bivariate exploration of the data can be found at the bottom of the output 

tab “Diagnostics” (see Figure 5). For each role, the outcome of the rater and person 

being rated are plotted against the independent variable. The left plot shows that 

- both for men and women - the higher the Other Perception, the more satisfied  
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they tend to be. On the right plot, we see that intimates who are rated more 

positively by their partner are generally more satisfied. These preliminary findings 

are in line with our hypotheses. However, it is important to note that these 

bivariate plots are strictly meant for data exploration because they do not 

represent pure actor (partner) effects from the APIM. Indeed, in the first plot, the 

effect of one’s own predictor on one’s own outcome is not adjusted for the effect 

of the predictor of the partner and hence does not strictly reflect the actor effect 

of the APIM. We, therefore, refer to these effects as “semi-actor effects.” Similarly, 

the second plot shows the “semi-partner  effects.” To assess whether it is reasonable 

to assume linear effects of the independent variable on the outcome, a smoother 

(i.e., a nonparametric best fitting curve) is added to the plots as a dotted line. 

For an easy graphical representation of the fitted APIM, two types of path 

diagrams are created in the output tab “Figures”: the basic APIM figure and the 

full APIM figure. The former is a static black-and-white figure, displaying 

estimated actor and partner effects with corresponding standard errors and the 

significance level of one independent variable (cf. Figure 1). The second figure 

displays effects for all variables in the model simultaneously using the R-package 

semPlot (Epskamp, 2015), including possible additional independent variables or 

covariates (see extended models discussed later). Here, positive estimates are 

indicated with green arrows and negative estimates with red arrows. The stronger 

the effect, the thicker the line of the arrow will be. The actor effects are the 

strongest effects in the fitted model, as can be seen from Figure 1. These bold 

green arrows imply that intimates who see their partner more positively experience 

greater satisfaction (actor effect men=.52, p < .001; actor effect women=.41, p < 

.001). In addition, both partner effects are found to be significant (partner effect  

women to men = .22, p < .001; partner effect men to women=.29, p < .001), 

indicating that intimates who are viewed more positively by their partners tend 

to be more satisfied. These results provide support for our hypotheses. Note that 
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both types of path diagrams can be obtained with either raw or standardized 

estimates. 

The “Data 2 Text” tab contains all information of the other tabs in full 

sentences, as well as information on additional tests. For example, in case of 

distinguishable dyads, one may want to explore whether the actor and partner 

effects differ between roles. In the Satisfaction data set, neither the difference in 

actor effects, −.11, 95% CI [−.30, .08], p = .250, nor the difference in partner 

effects, .06, 95% CI [−.12, .25], p = .512, is significant. Because no difference was 

found, one may  wonder whether a model with indistinguishable members would 

also fit the data. For each analysis with distinguishable dyad members, an 

additional model that treats the dyad members as indistinguishable is fitted 

behind the scenes (see Table 2). This model assumes not only equal actor and 

partner effects for both roles but also equal intercepts, as well as equal error 

variances for the outcomes in men and women. In addition, the mean and the 

variance of the predictor variables are assumed to be the same for men and women. 

This model is sometimes referred to as complete indistinguishability (David A. 

Kenny, Kashy, & Cook, 2006a). In the basic APIM, six parameters are thus 

constrained to be equal when testing for complete indistinguishability. The app 

provides a test of complete indistinguishability by performing a model comparison 

between an APIM with and without these restrictions, as described in the “Data 

2 Text” tab: 

In order to test if Gender makes a statistically meaningful difference, a model 

comparison is performed between a model with distinguishable members and a 

model with indistinguishable members. This overall test of distinguishability 

yields a chi square statistic with 6 degrees of freedom which equals 2.922 (p 

=.819). Because this test of distinguishability is not statistically significant, we 

cannot conclude that members can be statistically distinguished based on the 

variable Gender. In Table 4 of the tab “Tables,” you can find the results of a 

model that treats the dyad members as indistinguishable. If it is theoretically 
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justifiable, you can perform all analyses with indistinguishable dyad members 

by selecting indistinguishable dyad members in the input tab “Variables.”   

 

Table 2 
Basic APIM: Results Assuming Same Actor and Partner effects for both roles 

  95 % CI   
Effect Estimate [Lower, Upper] p value 
Intercept 0.500 [-0.081, 1.081] .092 
Actor 0.469 [0.385, 0.554] < .001 
Partner 0.255 [0.170, 0.339] < .001 

 

Dyadic patterns in the APIM.  

Kenny and Ledermann (2010) proposed a method to detect and measure 

different theoretically important dyadic patterns in the APIM based on the 

interdependence theory (Kelley et al., 2003). To measure these patterns, they 

suggested the estimation of the parameter k, which is the ratio of the partner effect 

to the actor effect. Although k can take any value in practice, relationship 

researchers are particularly interested in three values. If k equals 1, a “couple 

pattern” is detected, indicating equal partner and actor effects. The outcome of a 

dyad member is equally influenced by his or her own predictor variable as by the 

predictor variable of the partner. When k equals −1, a “contrast pattern” is 

observed, with actor and partner effects equal in size but different in sign. An 

“actor-only pattern” occurs when k equals 0, indicating a partner effect of zero. In 

general, for k to be defined, the actor effect must be nonzero to avoid division by 

zero. For every analysis performed with APIM_SEM, such patterns are tested 

and also described in the “Data 2 Text” tab. For this basic APIM, the value of k 

for women equals .69, whereas for men, k equals .43 (see Table 3). Thus, for men, 

for example, the effect on satisfaction of how they perceive their significant other 

(i.e., men’s actor effect) is almost twice as large as the effect of how their partners 
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perceive them (i.e., men’s partner effect). It is useful to supplement the estimator 

of k with a confidence interval, such that a range of plausible values can be 

determined, and more firm conclusions can be made about the pattern. Because k 

is a ratio of estimated parameters, its standard error is not straightforward to 

calculate, and its distribution is presumably skewed. One may, therefore, 

alternatively rely on quasi Monte Carlo techniques or bootstrap instead of relying 

on the normality of the estimator. Both approaches are implemented in 

APIM_SEM: Once the variables and labels are specified in the input tab 

“Variables,” one can select the box Do you want to bootstrap the CI(’s) of the 

k(’s)? in the input tab “Additional” (see Figure 6). Note that the bootstrapping 

method is rather computationally intensive and likely takes some time to calculate, 

whereas the Monte Carlo approximation is much faster. For women, the couple 

model (k = 1) seems plausible because the 95% confidence intervals for k range 

from .28 to 1.10 (Table 3). This suggests that women’s satisfaction is equally 

influenced by their own perception of their partner as with how these partners 

perceive them. For men, the model is in between the actor-only (k = 0) and the 

couple (k = 1) model, with confidence intervals ranging from .15 to .71. The actor-

only model implies that their satisfaction score is influenced by their own 

perception of the partner but not by how these partners perceive them. 

An APIM with Two Independent Variables  

In line with the study of Murray and colleagues (1996), we control for the 

variable Self-Perception as a potential confounder. By doing so, we can investigate 

if the previous effects still hold after controlling for this variable. Just as Murray 

and colleagues (1996), we aim to investigate the link between idealization and 

satisfaction. Idealizing a partner is seeing this person better than he or she really 

is. Thus, to investigate the degree of idealization, we must control for the actual 

characteristics of these partners. One’s self-perception can be used as a measure 

of  
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Figure 6. Additional features that can be applied to all models are found in the “Additional” tab 
of the APIM_SEM program: (a) specifying the significance level; (b) centering predictor variables; 
(c) centering covariates; (d) how to deal with missing data and (e) run a model correcting for 
unreliability. 
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that person’s actual characteristics (Murray et al., 1996). In this model, actor and 

partner effects are therefore estimated for both Other Perception and Self-

Perception. We illustrate how this more complex APIM can easily be fitted with 

APIM_SEM. The complete output is in Appendix 2. 

Input  

To include a second independent variable, check the box Include 2nd 

independent variable in the input tab Variables (see Figure 3a) and select for both 

roles the appropriate variables (Self_F and Self_M).  

Output  

In this model, four actor and four partner effects are simultaneously 

estimated. In the horizontal output tab Tables, the results of the fitted APIM are 

provided in table format (see Table 4). It shows the estimated intercepts, actor 

and partner effects for each role and independent variable, with associated 

confidence intervals and p-values. After controlling for the potential confounding 

effects of Self-Perception, evidence is still found for our two hypotheses: (1) 

Intimates who see their partner in a more positive light experience greater 

satisfaction (actor effect women = 0.46, p < .001; actor effect men = 0.55, p < 

.001) and (2) Intimates who are viewed more positively by their partners are more 

satisfied (partner effect men to women = 0.32, p < .001; partner effect women to 

men = 0.26, p < .001). In line with Murray and colleagues (1996), we controlled 

for the self-perception of the partner as a measure of this partner’s actual 

characteristics. By doing so, the effect of idealization on relationship satisfaction 

can be examined. We can conclude that, both for men and women, intimates who 

have more idealized impressions of their partner are more satisfied (i.e., actor  
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effects). Also, intimates who are idealized more by their partner are more satisfied 

(i.e., partner effects). These effects are found for both men and women. 

Interestingly, neither actor nor partner effects differ significantly between men and 

women (difference actor effects = -0.09, 95% CI [-0.28, 0.09], p = .325; difference 

partner effects = -0.06, 95% CI [-0.13, 0.25], p = .531), indicating the same pattern 

for both.  

Note that in Table 4 two versions of standardized regression coefficients are 

presented. The first uses the overall standard deviation across all persons (o) for 

standardization and the other uses the standard deviation for women and men 

separately (s). If betas are to be compared across members, the Beta (o) value 

should be preferred. Here, the effect of Other Perception on Satisfaction seems to 

be greater for men than for women (beta(o) of men = 0.49; beta(o) of women = 

0.32). The pairwise partial correlations (i.e., correlation between specific predictor 

and outcome, after controlling for the other predictor in the model) are given in 

the last column. For men, a positive correlation is found between Other Perception 

and Satisfaction, after controlling for women’s Other Perception (r = 0.47). So, 

when controlling for how women view their partner, we found that the better these 

men perceive their partner, the more satisfied they tend to be. 

When examining the estimates of Self-Perception, it is perhaps surprising 

that all estimates are negative. Yet, only the partner effect of women is significant, 

indicating that the higher men rate themselves, the less satisfied their female 

partners are (partner effect men to women = -0.219, p = .012).  

Add Covariates to the Model 

In a third model, covariates are added to the previous APIM. A distinction 

can be made between between-dyad, within-dyad and mixed covariates. A 

between-dyad covariate contains a single score for both members of the same dyad, 

scores only varying between dyads. Marital status (1 = married, -1 = dating) is 

included as a between-dyad covariate. A within-dyad covariate has a different 
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score for the two members of the same dyad, scores only varying within dyads 

(e.g., gender). The sum of the two persons’ scores is the same for every dyad. A 

mixed covariate varies both between and within dyads. Previous research pointed 

out the association between an anxious attachment style and satisfaction (e.g., the 

review of Li & Chan, 2012). Hence, this variable is included in the final model as 

a within-dyad covariate. The program currently allows for up to two mixed or 

within-dyad covariates and three between-dyad covariates, either continuous or 

binary. The complete output can be consulted in Appendix 3. 

Input 

Check the box under “Do you want to include covariates?” and select the 

variables of interest (Married as a between-dyad covariate, Anx_F and Anx_M 

for the mixed covariate; see Figure 7). Note that Married is a dummy variable 

where 1 indicates married and 0 indicates dating. For every binary variable, its 

preferred reference category can be specified in the app. 

Output  

This final model includes three possible confounders: intimates’ self-

perception, marital status and anxious attachment style. Figure 8 (from the output 

tab Figures) shows the actor and partner effects, while taking into account all 

variables in the model. Figure 8a shows the actor and partner effects from the 

basic APIM. Figure 8b shows the same actor and partner effects, but controls for 

the effects of the three potential confounders.  After controlling for these three 

variables, there is an increase in intercepts for Other Perception. Concerning the 

slopes, the trend in both actor and partner effects hardly change (actor effect men 

= 0.48, actor effect women = 0.42, partner effect women to men = 0.23; partner 

effect men to women = 0.25). We conclude that the associations between Other 

Perception and Satisfaction are robust for potential confounding due to these three 

variables. 
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The estimates of the covariates itself are described in the text output. Results 

show that married men have on average a Satisfaction score that is 0.33 points 

higher than dating men (p < .001). Although married women seem to be more 

satisfied than dating women as well, this effect is only marginally significant (b = 

0.13, p = .075). The estimates of the within dyad covariate show that more 

 

 
Figure 7. In the vertical input tab “Variables”, different type of covariates can be added, either 
continuous or binary. Up to three between dyad covariates (containing a single score for both 
members of the same dyad) and two within dyad covariates (containing different scores for both 
members of the same dyad) can be added. When binary, the desired reference category can be 
specified. 
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Figure 8. (a) The effect of Other Perception on Satisfaction. (b) The effect of Other Perception 
on Satisfaction, controlled for the Self-Perception of the rater. Both: In the output tab ’Figures’ 
the actor and partner effects for both roles are drawn, taking into account all variables in the 
model. Figure (a) shows the actor and partner effects of a basic APIM with Other Perception as 
the single independent variable. Figure (b) shows the effects of Other Perception in an APIM that 
also controls for Self-Perception, marital status and anxious attachment. These plots are copied 
from the APIM_SEM program. 
 
 
anxiously attached women are less satisfied (b = -0.10, p = .019). No significant 

association held for men (b = -0.06, p = .114). 
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ADDITIONAL FEATURES OF APIM_SEM 

So far, the default output for different APIM models has been discussed. The 

input tab Additional contains extra features that can be requested for every model 

(see Figure 6). First, one can modify the significance level used for calculating the 

confidence intervals and for assessing the significance of the results in Data 2 Text.  

For instance, one could change alpha from .05 to .01. Second, one can request to 

center predictor variables and covariates around their mean. Centering predictor 

variables may facilitate the interpretation of the intercepts. Note that independent 

variables, as well as within dyad covariates are centered around a common mean 

for both roles (i.e., grand mean centering). Third, one can choose which method 

should be used to deal with missing data. By default, Full Information Maximum 

Likelihood is used, guaranteeing that all available data are used. This approach 

will yield valid inference as long as the missingness is missing at random. 

Alternatively, one can opt for listwise deletion whereby only couples with complete 

outcomes and predictors are included in the analysis. The latter approach is only 

valid when data are missing completely at random. Fourth, as predictors in the 

model may be measured with error, one can request a new fit of the model 

correcting for such unreliability. To this end, the user needs to check the box under 

Correct for unreliability and specify the presumed reliability of the different 

independent variables. Fifth, outliers of the fitted model are listed in the Data 2 

Text tab with their row numbers. If one desires to remove these outliers (or other 

rows of the dataset), observations can manually be excluded from the analyses in 

the vertical input tab Additional (see Figure 6). This tab also allows users to 

specify the number of standard deviations used to label an observation as an 

outlier (see Figure 6). It is important to note that model diagnostics, such as 

normality of the residuals, can also be obtained in the Diagnostic tab (see Figure 

9). As with all statistical analyses, users are advised to check their diagnostics and 

potential outliers before interpreting the APIM estimates. Although not within the 
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scope of this paper, guidelines for interpreting these diagnostics are given in the 

app itself.  

 

 
 
Figure 9. These two figures are copied from the horizontal output tab “Diagnostics”: (a) The 
distributions of the residuals of the fitted model for both men and women. (b) Boxplots of the 
residuals of the fitted model for both men and women. 

IMPORTANT NOTES ON USING APIM_SEM  

In the background, lavaan (i.e., an R-package for analyzing latent variables; 

Rosseel, 2012) is used. It is strongly advised to save the lavaan script as a record 
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of the analysis performed by the app. This script allows to easily replicate the 

results, alter that script for additional analyses, and, provides other researchers 

with insight into the analysis, thereby increasing transparency. The lavaan script 

can be found in the output tab Lavaan Syntax and can be directly copy-pasted in 

R to specify the lavaan model. An URL to a step-by-step tutorial of lavaan can 

be found in the main tab ‘Extra Info’. This tutorial is suitable for users who have 

never used R and/or lavaan.  

In the Data 2 Text tab interpretations of the estimated parameters are 

described in full sentences. This is meant for getting familiar with all the 

information that can be retrieved from an APIM analysis and for getting 

acquainted with the method in order to better understand the numeric output. 

However, users should be able to fully understand all text provided. Therefore, the 

app also contains additional resources to self-study the AIPM, SEM and lavaan 

(i.e., webinars and references to papers and books; see main tab ‘Extra Info’).  

Some might be concerned that automated software make p-hacking (e.g., 

deleting observations or exploratory multiple testing for obtaining a significant 

result) easier. We therefore suggest that researchers pre-register a plan on which 

hypotheses will be tested and how to outliers would be handled. 

Users that include information from app in a paper/manuscript, should make 

sure that they acknowledge using APIM_SEM by citing this paper.  

 DISCUSSION 

The APIM_SEM app is part of a bigger project DyadR (Kenny, 2019). 

DyadR1 is a cluster of web applications that have recently been developed to aid 

researchers in using and understanding both simple and more complex APIM 

analyses (e.g., APIM with a mediating variable). APIMs can be fitted with either 

                                                      
1 All apps can be consulted at http://davidakenny.net/DyadR/DyadR.htm.  
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SEM or multilevel models (MLM). There is a similar app based on MLM is also 

available (see https://davidakenny.shinyapps.io/APIM_MM/).  We believe that 

the SEM-framework offers some key advantages over MLM. First, when dyads are 

completely indistinguishable, it is easy in both frameworks to set intercepts, actor 

and partner effect, and variances of the outcomes equal between roles. However, 

there are no reasons why the population mean and the population variances of the 

predictors in the APIM would be different between roles in case of complete 

indistinguishability. Any difference observed in the sample should be attributed to 

chance. In contrast to the MLM-framework, the SEM-framework allows to 

constrain the mean and variance of the independent variables and additional 

within-dyad covariates to be equal across roles. Second, the SEM-framework can 

relatively easily allow for the unreliability of predictors whereas MLM cannot. 

Measurement error in predictors is often ignored in practice. This may lead to 

attenuation bias (i.e. the estimated actor and partner effects may be wrongly 

estimated). Although it is not always easy to have a good idea of the reliability 

factor, we recommend to explore the robustness of findings when accounting for 

unreliability. Third, in case of missing data Full Information Maximum Likelihood 

(FIML), is used by default in APIM_SEM, whereas MLM analyses use the likely 

much inferior method of listwise deletion.  Although the app presented in this 

paper already covers a substantial amount of the APIMs described in the 

literature, further extensions are in progress. Moderation and mediation analysis 

in the APIM-framework for example has recently received much attention (Garcia 

et al., 2015). Currently, two apps have been developed to account for mediation 

and moderation effects in the APIM as well: APIMeM and APIMoM, respectively 

(Garcia, Kenny, & Ledermann, 2015b; Kenny, 2015). A power app for the APIM 

exists too: APIMPowerR (Ackerman & Kenny, 2016). This app determines the 

power for a given sample size and specified effect sizes. Alternatively, the sample 

size can be calculated given the power and the effect sizes.  
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A limitation of the current apps is that they are restricted to outcomes 

measured at the interval level that follow a normal distribution. Loeys and 

Molenberghs (2013) explored how generalized linear mixed models can be used to 

fit the APIM with categorical outcomes and compared their performance with an 

approach based on generalized estimating equations (GEE). The latter approach 

may outperform the first, especially when the number of dyads is small. For a non-

technical introduction of the implementation of GEE in SPSS or R, we refer the 

interested reader to Loeys et al. (2014). The APIM with categorical outcomes can 

be fitted within the SEM-framework (Josephy, Loeys, & Rosseel, 2016).  

With longitudinal data, one might also be interested in fitting a cross-lagged 

model (Kenny, Kashy, & Cook, 2006b). Such model accounts for over-time dyadic 

data by including the outcome at a previous time point (i.e. its lagged value) as 

an independent variable. Extending the app for more complex longitudinal dyadic 

models would be an additional desirable feature (Bolger & Laurenceau, 2013; 

David A. Kenny et al., 2006b). 

A general note on the APIM is that when researchers use the same method 

(e.g., self-report) for the assessment of predictor and outcome, actor or partner 

effects can be biased (Orth, 2013). Adding latent variables to an APIM analysis 

with self-report and partner report as indicators could improve the estimates 

(Ledermann & Kenny, 2017; Orth, 2013). Although multimethod data are not 

always feasible due to its increased complexity and costs (Orth, 2013), researchers 

might keep this in mind when interpreting the k parameter.  

CONCLUSION 

This article presents a user-friendly online app for fitting the APIM, which 

is freely accessible from a web browser. The program allows to easily model a 

regular APIM, but also allows to include a second independent variable, to control 



SOFTWARE FOR THE APIM 

 
57 

C
hapter 2 

for different covariates and to examine dyadic patterns. Output is given in plain 

computer output, accompanied by full text output, tables, diagnostics and 

summarizing figures. 
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  APPENDIX 1: APIM_SEM  OUTPUT FROM THE BASIC APIM  

1. Text 

 

           APIM: Distinguishable Dyads Using lavaan  
             ****************************************  
  
  
Standard Model 
============== 
  
Introduction 
------------ 
      The focus of this study is the investigation of the effect of Other  
Perception on Satisfaction.  The dyad members are treated as if they are  
distinguishable by the variable Gender. The two roles used are: Women and  
Men.  Both the effect of own Other Perception (actor) and the effect of  
partner's Other Perception (partner) on one's own Satisfaction are  
studied.  The total number of dyads (N) is 238. There are missing data for
  
one or more of the variables: The number of cases for Women on Other  
Perception is 237 and on Satisfaction 236. For Men the number of cases on  
Other Perception is 237 and on Satisfaction 238.  Residuals of the fitted  
model that are more extreme than  4 standard deviations (absolute value)  
are called outliers. Based on this data set it can be concluded that the  
observations of the following row(s) of the data set are more extreme than
  
4 standard deviations: 22. Outliers can be removed from the data set in  
the Additional tab under the header 'Remove observations'. 
 
   
 Analyses  
 --------  
      The analyses use structural equation modeling with maximum  
likelihood estimation using the program lavaan (Rosseel, 2012). The tests  
of coefficients are Z tests. Effect sizes for actor and partner effects  
are partial correlations. Betas are given twice, one using the overall  
standard deviation across all persons (o) for standardization  and a  
second using the standard deviation for Women and Men separately (s). If  
betas are to be compared across members, the beta (o) value should be  
examined. For all these analyses, alpha is set at 0.05. The descriptive  
statistics of the raw variables are contained in Table 1 and the FIML  
estimated means and standard  deviations in Table 2 in the output tab  
'Tables'. If there are no missing data, the raw and the FIML means should  
be the same: the FIML standard deviations differ from the raw ones by the  
square root of N - 1 divided by N. 
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Results  
-------  
       The lavaan model converged after 38 iterations. A summary of  
results of the APIM analyses is contained in Table 3 and the overall  
effects in Table 4 in the output tab 'Tables'. The variance of the errors  
for the Women and Men are 0.281 and 0.260, respectively. The R squared for 
the Women is .232, and for the Men it is .297. The partial intraclass  
correlation for Satisfaction controlling for the other predictor variables 
is equal to .130 and is statistically significant (p < .001, 95% CI [0.09, 
0.17]). Thus, when one member of the dyad scores high (low) on the  
variable Satisfaction after controlling for the predictor variables, the  
other member also tends to have a high (low) score.  
 
        The intercept (the predicted score on Satisfaction when the  
variables of Other Perception equal zero) for Women is equal to 0.627 and  
is not statistically significant (p = .075, 95% CI [-0.06, 1.32])  
different from zero. The intercept for Men is equal to 0.407 and is not  
statistically significant (p = .226, 95% CI [-0.25, 1.07]) different from  
zero.  The difference in intercepts is equal to 0.220, this difference is  
not statistically significant (p = .533, 95% CI [-0.47, 0.91]), which  
means that there is no main effect of Gender.  
 
       The actor effect for the Women is equal to 0.411 (p < .001, 95% CI  
[0.28, 0.54]). The overall standardized effect for the Women is 0.365  
(partial r = .359).  The actor effect for the Men is equal to 0.521 (p < .
001, 95% CI [0.4, 0.64]) and the overall standardized actor effect for the
 Men is 0.462 (partial r = .471). When tested if the two actor effects are
 equal, the difference was found not to be statistically significant, p = 
.250, 95% CI [-0.3, 0.08]. The overall actor effect is equal to 0.466 and 
is statistically significant (p < .001, 95% CI [0.38, 0.55]).  
 
       The partner effect from Men to Women is equal to 0.285, which is  
statistically significant (p < .001, 95% CI [0.16, 0.41]), and its overall 
standardized effect is 0.253 (partial r = .287). The partner effect from W
omen to Men is equal to 0.223 and is statistically significant (p < .001, 
95% CI [0.1, 0.35]) and its overall standardized partner effect is 0.197 (
partial r = .216).  When tested if the two partner effects are equal, the 
difference was found  not to be statistically significant (p = .512, 95% C
I [-0.12, 0.25]).  The overall partner effect is equal to 0.254 is statist
ically significant (p < .001, 95% CI [0.17, 0.34]).  
 
       Next, the relative sizes of the actor and partner effects are  
considered. If the standardized actor effects of both Women and Men are  
greater than .1 in absolute value and they are statistically significant,  
k (i.e. the ratio of the partner effect to the actor effect) can be  
interpreted. This is the case for this data set. The value of k for the  
Women equals 0.69, the k of the Men is equal to 0.43. In order to  
investigate dyadic patterns in the Actor-Partner Interdependence Model,  
the confidence interval of k is calculated by means of monte carlo  
sampling (i.e., parametric bootstrap). For Women, it can be concluded that
  
the couple model (k = 1) is plausible. This can be deduced from their 95%  
percentile confidence interval which ranges from 0.28 to 1.1. For Men, it  
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can be concluded that the model is in between the actor-only (k = 0) and  
the couple (k = 1) models. In particular, their confidence interval ranges 
from 0.15 to 0.71. 
 
 
Test of Distinguishability:  
       In order to test if Gender makes a statistically meaningful  
difference, a model comparison is performed between a model with  
distinguishable members and a model with indistinguishable members. This  
overall test of distinguishability yields a chi square statistic with 6  
degrees of freedom which equals 2.922 (p = .819). Because this test of  
distinguishability is not statistically significant, we cannot conclude  
that members can be statistically distinguished based on the variable  
Gender. In Table 4 of the tab 'Tables', you can find the results of a  
model that treats the dyad members as indistinguishable. If it is  
theoretically justifiable, you can perform all analyses with  
indistinguishable dyad members by selecting indistinguishable dyad members 
in the input tab 'Variables'. 

 

2. Tables 

 
 Table 1: Descriptive Statistics of the Raw Data  
 -----------------------------------------------  
         Variable  Role  Mean    SD Minimum Maximum   n 
 Other Perception Women 4.220 0.525   2.600   5.000 237 
                    Men 4.210 0.553   1.800   5.000 237 
     Satisfaction Women 3.569 0.603   1.500   4.000 236 
                    Men 3.541 0.609   1.000   4.000 238 
 
  
 Table 2: FIML Means and Standard Deviations  
 -------------------------------------------  
         Variable  Role  Mean    SD 
 Other Perception Women 4.221 0.523 
                    Men 4.211 0.552 
     Satisfaction Women 3.564 0.605 
                    Men 3.541 0.608 
 
  
 Table 3: APIM Results Assuming Different Actor and Partner Effects for Bo
th Roles  
 -------------------------------------------------------------------------
--------  
    Effect  Role Estimate  Lower 95% CI Upper p value Beta (o) Beta (s)     r 
 Intercept Women    0.627 -0.064   to   1.318    .075                    
     Actor          0.411   0.28   to   0.543   <.001    0.318    0.356   0.359 
   Partner          0.285  0.160   to   0.410   <.001    0.253    0.260   0.287 
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         k          0.693  0.282   to   1.103                           
 Intercept   Men    0.407 -0.253   to   1.068    .226                   
     Actor          0.521  0.401   to   0.641   <.001    0.462    0.473     0.471 
   Partner          0.223  0.096   to   0.349   <.001    0.197    0.192     0.216 
         k          0.427  0.148   to   0.707                           
       
 
  
 Table 4: APIM Results Assuming Same Actor and Partner Effects for Both Ro
les  
 -------------------------------------------------------------------------
---  
    Effect Estimate  Lower 95% CI Upper p value 
 Intercept    0.500 -0.081   to   1.081    .092 
     Actor    0.469  0.385   to   0.554   <.001 
   Partner    0.255  0.170   to   0.339   <.001 

 

3. Figures 

3.1. Graphical Presentation of the Fitted Model 

3.1.1. Full Figures 

Positive estimates are indicated with green arrows, negative estimates  
with red arrows. The stronger the effect, the thicker the line of the  
arrow will be.  
The double headed arrow between "Other Perception Man" and  
"Other Perception Woman" represents its covariance. The double headed  
arrow between "Satisfaction Woman" and "Satisfaction Man" is the residual  
nonindependence in these outcome scores, which is represented by the  
covariance between their corresponding two errorterms. 
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Standard model:   

   
Model with standardized parameter estimates:   
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3.1.2. Basic Figures 

The two plots below are identical to the ones above, but only show the basic APIM. 
Covariates and other requested parameters are still estimated, but for simplicity only the 
estimates of the actor and partner effects are presented, together with the residual 
nonindependence in the outcome scores. In particular, the estimates, standard error and 
level of significance are shown. 

 

Standard model:   
 

 

 

 

 

 

 

 

 

 

 
Model with standardized parameter estimates:   

 * p < 
.05; ** p < .01; *** p < .001       
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3.2. Actor and Partner Effects 

The plots presented below are based on the fitted model. They take into account all 
estimated parameters. 

 

4. lavaan Output 

All output displayed in this document are based on (calculations of) the following lavaan 
output. 

 
             APIM: Distinguishable Dyads Using lavaan  
             ****************************************  
  
  
Note: xv1 = Other_F, xv2 = Other_M, yv1 = Sat_F and yv2 = Sat_M 
  
  
Standard Model 
==============  
 
lavaan (0.5-22) converged normally after  38 iterations 
 
  Number of observations                           238 
 
  Number of missing patterns                         4 
 
  Estimator                                         ML 
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  Minimum Function Test Statistic                0.000 
  Degrees of freedom                                 0 
 
Parameter Estimates: 
 
  Information                                 Observed 
  Standard Errors                             Standard 
 
Regressions: 
                   Estimate  Std.Err  z-value  P(>|z|) 
  yv1 ~                                                
    xv1       (a1)    0.411    0.067    6.116    0.000 
  yv2 ~                                                
    xv2       (a2)    0.521    0.061    8.510    0.000 
  yv1 ~                                                
    xv2      (p12)    0.285    0.064    4.461    0.000 
  yv2 ~                                                
    xv1      (p21)    0.223    0.065    3.451    0.001 
 
Covariances: 
                   Estimate  Std.Err  z-value  P(>|z|) 
  xv1 ~~                                               
    xv2       (cx)    0.058    0.019    3.046    0.002 
 .yv1 ~~                                               
   .yv2       (cy)    0.130    0.020    6.644    0.000 
 
Intercepts: 
                   Estimate  Std.Err  z-value  P(>|z|) 
    xv1      (mx1)    4.221    0.034  124.200    0.000 
    xv2      (mx2)    4.211    0.036  117.477    0.000 
   .yv1      (my1)    0.627    0.353    1.779    0.075 
   .yv2      (my2)    0.407    0.337    1.210    0.226 
 
Variances: 
                   Estimate  Std.Err  z-value  P(>|z|) 
    xv1      (vx1)    0.274    0.025   10.890    0.000 
    xv2      (vx2)    0.305    0.028   10.893    0.000 
   .yv1      (vy1)    0.281    0.026   10.834    0.000 
   .yv2      (vy2)    0.260    0.024   10.898    0.000 
 
Defined Parameters: 
                   Estimate  Std.Err  z-value  P(>|z|) 
    a_diff           -0.110    0.095   -1.150    0.250 
    p_diff            0.062    0.095    0.656    0.512 
    k1                0.693    0.209    3.307    0.001 
    k2                0.427    0.143    2.995    0.003 
    k_diff            0.265    0.300    0.884    0.377 
    i_diff            0.220    0.353    0.623    0.533 
    a_ave             0.466    0.043   10.781    0.000 
    p_ave             0.254    0.043    5.885    0.000 
    i_ave             0.517    0.296    1.746    0.081 
    sum1              0.348    0.042    8.375    0.000 
    sum2              0.372    0.040    9.353    0.000 
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    cont1             0.126    0.102    1.246    0.213 
    cont2             0.298    0.097    3.061    0.00 

5. Diagnostics 

5.1. Check Normality and Outliers 

In order to check the normality of the residuals, one can consult the following three plots.  
Guidelines for interpretation:   
*  The density function of the residuals ideally looks bell-shaped.  
* The boxplot should look symmetric around zero with limited number of outliers (or none 
at all).  
*  For the QQ-Plot, the dots should be situated on or close to the straight line.  
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 5.2. Effects in Raw Data 

The following plots are an exploration of actor (partner) effects, ignoring partner (actor) 
effects and the effects of plausible covariates. So stricto sensu, these effects are no real 
actor (partner) effects since they do not take into account partner (actor) effects. These 
plots are solely ment for data exploration. 

When one is interested in the estimated actor and partner effects of the fitted model, 
please consult the section Figures. 
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APPENDICES 2 AND 3 

Appendix 1 contains the APIM_SEM output for a single independent variable. Appendix 

2 adds a second independent variable to this model, whereas Appendix 3 also adds additional 

covariates. Because the large overlap in content between these three appendices, 

Appendices 2 and 3 are not included in this chapter but can be consulted online: 

https://osf.io/prtyb/. 



 

 

Chapter 3 
Getting the most out of  

family data with the  

R package fSRM 
 

 

 

 

 

 

 

 

 

This chapter is based on: Stas, L., Schonbrodt, F., & Loeys, 
T. (2015). Getting the Most Out of Family Data With the R 
Package fSRM. Journal of Family Psychology, 29(2), 263–
275. 
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  ABSTRACT  

Family research aims to explore family processes, but is often limited to the 

examination of unidirectional processes. As the behavior of one person has 

consequences that go beyond that one individual, family functioning should be 

investigated in its full complexity. The Social Relations Model (SRM; Cook & 

Dreyer, 1984; Kenny & La Voie, 1984) is a conceptual and analytical model which 

can disentangle family data from a round-robin design at three different levels: the 

individual level (actor and partner effects), the dyadic level (relationship effects) 

and the family level (family effect). Its statistical complexity may however be a 

hurdle for family researchers. The user-friendly R package fSRM performs almost 

automatically those rather complex SRM analyses and introduces new possibilities 

for assessing differences between SRM-means and between SRM-variances, both 

within and between groups of families. Using family data on negative processes, 

different type of research questions are formulated and corresponding analyses 

with fSRM are presented.   
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 INTRODUCTION  

Family research aims to explore family processes, but is often limited to the 

examination of unidirectional processes. Taking the examination of how parents 

influence and shape their children (i.e., parenting) as an example, the historically 

dominating view has considered children to be passive receivers of these parental 

influences (Maccoby, 2003). It is however possible that children influence their 

parents too (Kerr & Stattin, 2003). The latter effects are called child effects. Both 

unidirectional views alone (i.e., parenting and child effects) are considered unable 

to capture the full complexity of family processes though. A bidirectional view is 

therefore gaining attention in the scientific literature (Cappa, Begle, Conger, 

Dumas, & Conger, 2010; Cook, 2001; Majdandžić, de Vente, Feinberg, Aktar, & 

Bögels, 2012; Padilla-Walker, Carlo, Christensen, & Yorgason, 2012). 

Bidirectionality emphasizes dynamics from the parent toward the child as well as 

from the child toward the parent (Kuczynski, 2003). Despite the growing interest 

in bidirectional processes, popular methodologies are not always capable to capture 

these processes adequately and simultaneously (Cook, 2012). Since the behavior 

of one person within a family has consequences that go beyond that one individual 

(Cook, 2005) it is recommended to investigate the family functioning in its full 

complexity. The parent-child relationship for example is a specific dyad within a 

family as a whole and should not be viewed in isolation (Eichelsheim, Deković, 

Buist, & Cook, 2009).  

The Social Relations Model with roles (SRM; Cook & Dreyer, 1984; Kenny 

& La Voie, 1984) is a conceptual and analytical model that allows family 

researchers to simultaneously investigate such complex processes (Kashy & Kenny, 

1990) while accounting for the different roles within a family.  For example, the 

SRM assumes that when a mother rates her child on a given characteristic, the 

obtained score is not solely an objective description of this child’s feature. Rather, 

it contains information about the mother who evaluates (i.e., the actor of the 
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dyad), about the child being rated (i.e., the partner of the dyad), something about 

their unique relationship and information about their family culture. The SRM 

thus enables researchers to disentangle processes within family relationships at 

three different levels: the individual level (actor and partner effect), the dyadic 

level (relationship effect) and the family level (family effect) 1. We refer the 

interested reader to Cook (2005); Kenny, Kashy, & Cook (2006); Back & Kenny 

(2010) for further details about the different SRM components.  

The popularity of the SRM has risen over the last decade and has already 

been used to measure a wide range of variables like relationship satisfaction 

(Finkenauer, & Meeus, 2007), attachment (Buist, Dekovic, Meeus, & van Aken, 

2004), perceived support (Branje, van Aken, & van Lieshout, 2002), trust (Delsing, 

Oud, De Bruyn, & Van Aken, 2003) and warmth or hostility (Manders et al., 

2007) in families. The vast majority of these studies has focused on isolating and 

investigating the different sources of variability in family processes (Cook, 2005). 

Indeed, the SRM allows researchers to calculate how much variance in the 

observed measurements can be explained by every SRM component. These 

proportions serve as an indication of the relative importance of each component 

separately. For example, Eichelsheim and colleagues (2009) found that, averaged 

over studies, the actor effects generally explain the largest proportion of variance 

in the influence domain. Finding substantial actor variance for mothers, implies 

that some mothers experience more influence towards all family members than 

other mothers in other families. Besides the examination of the SRM-variances, 

one may gain important information from the SRM-means too. This has only been 

examined in a limited number of studies (e.g., Eichelsheim et al., 2011; Rasbash, 

Jenkins, O’Connor, Tackett, & Reiss, 2011). Unfortunately, the computational 

details on the calculations of these SRM-means have not been described in current 

literature. 

                                                      
1 Please note that the presented SRM and corresponding analyses are applicable to all sorts of 

groups with distuingishable roles. 
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The rather complex analyses associated with the SRM and the lack of a 

user-friendly software package to specifically perform SRM analyses may have 

hindered family researchers to get the most out of their data. The current paper 

aims to bridge that gap and provides the description of an open-source package 

for the free R Environment for Statistical Computing (R Development Core Team, 

2008). It should make those analyses much easier to perform. The package is called 

fSRM (Schönbrodt, Stas, & Loeys, 2014), which stands for “family SRM”. With 

this package, SRM analyses can be performed for groups defined by roles (e.g., 

families). For SRM-analyses with groups without roles (e.g., friends) the TripleR 

package was recently developed (Schönbrodt, Back, & Schmukle, 2012), but the 

required analyses fundamentally differ. In particular, for groups without roles the 

SRM-analysis is based on an ANOVA, which cannot be used for the SRM-analysis 

with roles. The latter analysis is typically based on a confirmatory factor analysis 

(CFA) approach. Therefore, the presented package builds on lavaan (Rosseel, 

2012), a popular R package developed for structural equation modeling. The fSRM 

package is especially tailored to the SRM-analysis. Provided the data follow a 

specific structure - which will be described later - one simple line of R-code in the 

fSRM package may suffice to perform the required SRM-analysis. Its associated 

output provides overview tables of all parameters of interest, such as SRM 

variances, variance decompositions and reciprocities. In addition, several 

supplementary options are built in, such as the calculation of SRM-means, tests 

for differences between roles in terms of both variances and means. One can also 

add or relax restrictions of the default SRM model implemented in fSRM. Finally, 

the package also allows researchers to perform all those analyses in multigroup 

studies.  

The structure of this paper is as follows. First, data on negative interactions in 

families, mimicking a study by Eichelsheim et al. (2011), are introduced. The goal 

of this study was to investigate how patterns of negativity manifest in families 

with an adolescent with externalizing problem. In this paper, we will first describe 
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several research questions about such processes that can be addressed by means 

of the SRM. Because estimation of the relevant parameters is typically performed 

by means of a structural equation model (SEM), the SRM is next casted within 

the SEM-framework. Readers not familiar with SEM may not be able to grasp all 

the technical details herein and may want to skip that section, but those more 

familiar with SEM may find it useful to understand the default assumptions made 

in the fSRM package. Next, we show with fSRM how a few lines of R-code performs 

all the analyses needed to easily address the aforementioned research questions. 

The R-syntax and -output are explained in detail in the appendices, and require 

only a minimal amount of experience with R. Readers who wish to see additional 

or more complex examples can consult the supplementary materials. In those 

materials, two analyses described in detail in the reference book on dyadic data 

analysis by Kenny et al. (2006) are replicated step-by-step with fSRM. We end 

this paper with some additional technical features of the fSRM package that may 

require more advanced SEM- and/or R-knowledge. 

MOTIVATING EXAMPLE ON NEGATIVITY IN FAMILIES 

Data 

Eichelsheim et al. (2011) collected data from four-person families in a 

round-robin design. In such design, which is required for the application of the 

SRM,  data are obtained on each individual’s behavior, perceptions or emotions 

in relation to each of the other family members. In the study of Eichelsheim et al. 

(2011), four members of the same family (mother, father, target adolescent and 

sibling) reported on the amount of negativity they experienced in relation to each 

other. In total, these authors studied 120 Dutch four-person families with a target 

adolescent scoring above the externalizing behavior clinical norm scores on either 

the Child Behavior Check List (N = 47; CBCL; Achenbach, 1991) or the Youth 
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Self Report (N = 73; YSR; Achenbach, 1991) and 153 four-person families of which 

the adolescents scored below the subclinical norm scores of both questionnaires. 

These two groups are further referred to as the problematic and non-problematic 

families, respectively. Because of confidentiality reasons, not the original data but 

mimicked data are used here, so results will deviate from the original paper. In 

first instance we will focus on the problematic families alone and their data are 

referred to in the fSRM package as the clinical dataset. The dataset containing 

both groups is referred to as the two.groups dataset in the fSRM package. All 

analyses presented throughout this paper can be replicated by the reader with the 

code provided in the appendices.  

The primary purpose of the illustrating data is to explain the wealth of 

information that can be retrieved from such data with the SRM and how all that 

information can be easily obtained using fSRM. 

Descriptive Statistics 

In our motivating example, 12 dyadic measurements are obtained from every four-

person family. Table 1 presents the mean and standard deviation per observed 

dyadic measurement on negativity in problematic and non-problematic families, 

respectively. Significant mean differences between these two types of families are 

most pronounced when the target adolescent is the rater or the person being rated. 

Interestingly, the highest amount of negativity in the problematic families is 

reported between the two siblings, in both directions. Furthermore, we observe 

the highest variability in those two dyadic measures too (e.g. variance target – 

sibling = .96; variance sibling – target = .87). Table A.2 in Appendix A shows the 

observed variance-covariance matrix for the 12 measurements in the problematic 

families: on the diagonal one finds the variance of each of the 12 measurements, 

while off the diagonal the covariances are shown. As correlations  
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Table 1 
Means, Standard Deviations, and ANOVA of Observed Dyadic Measurements 
Relationshi

p 
Problemati

c families 
Nonproblemati

c families 
F(1,271) η  

M-F 
F-M 
M-T 
T-M 
M-S 
S-M 
F-T 
T-F 
F-S 
S-F 
T-S 
S-T 

1.63 (.72) 
1.55 (.67) 
1.77 (.64) 
1.92 (.78) 
1.71 (.75) 
1.64 (.83) 
1.78 (.69) 
1.87 (.78) 
1.64 (.60) 
1.64 (.79) 
2.54 (.96) 
2.56 (.87) 

1.41 (.62) 
1.55 (.61) 
1.23 (.54) 
1.48 (.61) 
1.41 (.68) 
1.63 (.78) 
1.40 (.48) 
1.36 (.48) 
1.59 (.60) 
1.63 (.68) 
2.14 (.68) 
2.28 (.86) 

7.41** 
.00 
56.06*** 
26.98*** 
11.73*** 
.019 
28.78*** 
43.71*** 
.50 
.01 
16.09*** 
7.02** 

.03 

.00 

.17 

.09 

.04 

.00 

.10 

.14 

.00 

.00 

.06 

.03 
Note.  T represents the target adolescent, M the mother, F the father and S the sibling. E.g., M-
F = mother rating father 
 

always lie between -1 and 1, those are easier to interpret than covariances. 

Therefore the correlation matrix of the problematic families is shown in Table 2. 

The highest correlations are observed for dyadic measurements reported by the 
 

Table 2 
Correlation Matrix of Observed Dyadic Measurements of the ProblematicFamilies 
      M-F  F-M   M-T   T-M  M-S  S-M  F-T  T-F   F-S   S-F  T-S  
M-F    
F-M  .45    
M-T  .07  .02     
T-M  .19 .15   .35     
M-S  .12  .04   .15   .23  
S-M  .15  .12   .10   .14  .27    
F-T  .12  .10   .28   .18  .05  .00  
T-F  .26  .12   .23   .31  .12  .13  .53    
F-S  .10  .05  -.05  -.07  .11  .10  .14  .00     
S-F  .23  .17  -.04   .02  .15  .27  .14  .14   .37     
T-S  .12  .09   .11   .20  .25  .10  .12  .18   .02   .08  
S-T  .07  .09   .16   .08  .13  .18  .17  .07   .02   .17  .38  
Note.  T represents the target adolescent, M the mother, F the father and S the sibling. E.g., M-
F = score of mother rating the father 
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same two dyad members in relation to each other. Further, modest correlations 

are observed for dyadic measurements when the rater or person being rated is the 

same. Appendix A contains all R-code to obtain these descriptive statistics. 

TRANSLATING RESEARCH QUESTIONS INTO THE SRM-FRAMEWORK 

Based on the observations from Tables 1 and 2, family researchers may be 

interested in a number of relevant questions that can be addressed with the SRM. 

Below is a non-exhaustive list of example questions that will be discussed 

throughout this paper. The first five questions pertain to the problematic families 

alone, while the last two questions consider comparisons between the problematic 

and non-problematic families: 

Q1. The observed dyadic measurements (cfr. Table 1) can be disentangled 

into different SRM-components. But what is driving for example the variation in 

the dyadic measurements associated with adolescents with externalizing problem 

behavior? The highest variability is observed for the target-sibling relationship 

(see Table 1). Is this variation mainly due to differences in the way that target 

adolescents experience negativity in relation to all other family members (i.e., 

actor variance of the targets)? Some target adolescents may experience a lot of 

negativity in relation to all other family members, whereas others do not 

experience much negativity in relation to all other family members. Or is it due 

the differences in the way that negativity in relation with the siblings is 

experienced (i.e., a partner variance of the siblings)? Is it due to the unique 

relationship between these target adolescents and siblings (i.e., a relationship 

variance)? Or do families differ in general in the amount of negativity (i.e., a 

family variance)? Therapists may want to identify the importance of each of these 

SRM components since they may want to intervene in those processes that vary 

between families, and might thus be subject to change. 
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Q2. Is the amount of negativity that the target adolescent is experiencing 

with other family members (i.e., actor effect target adolescent) associated with the 

amount of negativity that the other family members experience in relation to 

him/her (i.e., partner effect target adolescent)? Similar questions can be raised for 

the other roles in the family. These associations are sometimes referred to as 

generalized or individual reciprocities. We indeed noted modest correlations for 

dyadic measurements whose rater or person being rated are the same, but the 

individual reciprocities themselves cannot be directly read from Table 2 since the 

observed measurements are composed by different SRM-components.  

Q3. Is the unique amount of negativity that the target child is experiencing 

in relation to the sibling also associated with the unique amount of negativity that 

the sibling is experiencing from him/her, independent of the more general 

characteristics of both children and the family? Such associations are referred to 

as dyadic reciprocities. Note that these cannot be read directly from the correlation 

matrix presented in Table 2 either because those correlations do not have the  

actor and partner effects filtered out yet. 

Q4. Are parents (respectively children), similar in the way they experience 

negativity in relation with all other family members (i.e., their actor effects), and 

in the way they are experienced by other members (i.e., their partner effects)? In 

other words, do we observe similarities within the same generation (i.e. 

intragenerational similarities)? 

Q5. Why is  more negativity reported when an adolescent with externalizing 

problem behavior is involved (cfr. Table 1)? Are the interactions with this target 

adolescent  more negative because he/she typically identifies all his/her family 

members as negative (i.e., actor effect target adolescents)? As an alternative, do 

all other family members experience a lot of negativity in relation to this target 

(i.e., partner effect target adolescent)? Or is it due to a unique effect of a particular 

family relation (i.e.,  relationship effect)? While Q1 focusses on the variability of 
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the SRM components, Q2 to Q4 on correlations of SRM-components, Q5 is 

concerned with  the mean of the SRM components.  

Q6. Are the sources of variation in negativity the same in problematic and 

non-problematic families? Do target adolescents in problematic families, for 

example, show larger variation in the amount of negativity they experience in 

relation to all their family members than their matching adolescents in the non-

problematic group (i.e., different actor variance of the targets between both 

groups)?  

Q7. Which SRM components account for the differences in mean negative 

processes between the problematic and nonproblematic families in Table 1? Is the 

overall amount of negativity experienced in problematic families equal to the 

amount experienced in non-problematic families (i.e., mean difference in family 

effects between these two groups). Is the amount of negativity that target 

adolescents in problematic families experience in relation to all their family 

members the same as the amount experienced by the matching adolescents in the 

non-problematic group (i.e., mean difference in actor effects)? 

THE SRM WITHIN THE SEM-FRAMEWORK 

As noted in the introduction, one of the strengths of the SRM is that it 

allows to disentangle the dyadic measurements at three different levels: the 

individual, the dyadic and the family level. In this section, we elaborate on the 

standard assumptions of the SRM and discuss how each of the questions raised in 

the previous section can be formulated in terms of the SRM parameters. 

Let Xij  represent the score of the person with role i (i = mother, father, 

target, sibling) rating person with role j (j = mother, father, target, sibling). The 

SRM then assumes that each dyadic measurement Xij  is a function of four latent 

effects: a family effect, an actor effect, a partner effect and a relation-specific effect. 
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Figure 1 shows the four-person model with these SRM components specified as 

latent variables. The subscripts m, f, t and s refer to the mother, father, target, 

and sibling, respectively. The dyadic measure of the target adolescent rating the 

sibling (i.e., Xts), for instance, is predicted by the family-effect, the actor effect of 

the target, the partner effect of  the sibling, and the target-sibling relation-specific 

effect. Therefore, arrows point from those four latent variables towards this dyadic 

measurement. Typically all paths from the SRM components to the observed 

scores are fixed to one in the CFA-approach (for more details see Kenny et al., 

2006, p. 236). The fSRM package makes that assumption too. The variances of 

the SRM-components on the other hand are estimated and therefore an asterisk 

is displayed in Figure 1. For a clear description of the different matrices involved 

in the CFA-formulation, we refer the interested reader to Kenny et al. (2006). 

Alternatively one can view the SRM as a multilevel model (Rasbash et al., 

2011; Snijders & Kenny, 1999). The score Xtsk of the target adolescent rating its 

sibling in family k (k=1,…,N) is the sum of a family effect fk, an actor effect atk, a 

partner effect psk , a relationship effect rtsk and a residual error term tsk :                                              

                            tsk k tk sk tsk tskX f a p r        (1) 

with fam fam~ N( , ² )kf , act, t~ N( , ² )tk ta , s par, s~ N( , ² )skp , ts rel, ts~ N( , ² )tskr  and 

res~ N(0, ² )tsk . Note that similar equations can be formulated for each of the 11 

other dyadic measurements. The parameters σ fam, σ act,t, σ par,s and σ rel,ts 

represent the family variance, actor variances of target adolescents, partner 

variances of siblings and their relation-specific variances, respectively. Once we 

have estimated each of these variances from the model, we will be able to answer 

question Q1 on what is driving the variation in that outcome. Note that in the 

fSRM package, the model in Equation (1) is fitted within a CFA framework since  
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it allows greater flexibility in constraining and updating the model than the 

multilevel framework.  

It should be noted that with only one indicator/measurement per construct it 

is impossible to separate the relationship effect from the residual (Cook, 1994). 

Separation of those effects requires the use of at least two indicators/observations 

for each dyadic measurement. With two indicators instead of one, the observed 

variance-covariance is a 24 24 matrix instead of a 12 12 matrix. Given the 

relatively small sample sizes typically encountered in family research, the use of 

two indicators can however result in a low subject-per-variable ratio. As the latter 

may lead to unstable estimates of the SRM components (Cook, 1994; Cook & 

Goldstein, 1993), the use of two indicators is often avoided. Eichelsheim et al. 

(2011) measured negativity using the negative interaction subscale of the Network 

of Relationship Inventory (NRI; Furman & Buhrmester, 1985), consisting of  six 

items that reflect hostile behavior as well as (the frequency of) conflicts to be 

answered on a 5-point scale. In the case of one indicator, one does simply take the 

average of those 6 items. For the case of two indicators one could take for example 

the average of the first 3 items as the first indicator, and the average of the last 

three items as the second indicator. fSRM allows both for one or multiple 

indicators. If only a single indicator is specified for each dyadic measurement, the 

relation-specific variance presented by the fSRM package will also contain the 

residual error variance. With two indicators, the residual error will automatically 

be separated from the relation-specific effect. In the four-person model with a 

single indicator, the SRM-analysis results in 21 SRM variances: one family 

variance, four actor variances, four partner variances and twelve relationship 

variances. As will be illustrated in the next section, the package will by default 

provide estimates of all these SRM-variances together with a decomposition of 

every dyadic measure showing the relative contribution of each component. When 

two indicators are provided, the fSRM package additionally assumes 24 residual 

variances (i.e., one residual variance for each of the 12x2 dyadic measurements). 
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In this paper we will focus on settings with a single indictor, but additional 

examples for two indicators can be found in the supplementary material.  

In addition to the SRM-variances, reciprocities can be specified as well. 

These reciprocities are shown in Figure 1 as double-headed arrows. Two types of 

reciprocities are assumed by default in the fSRM package: reciprocities at the 

individual level (needed to address Q2) and reciprocities at the dyadic level 

(needed to address Q3). At the individual level, generalized reciprocities are 

characterized as the correlation between a person’s actor and partner effect. At 

the dyadic level, reciprocities are marked as the correlation between the 

relationship effects of the two members of the same dyad. In the four-person model, 

there are four generalized and six dyadic reciprocities. The SRM optionally allows 

researchers to request intragenerational similarities (needed to address Q4) 

between family members (Cook, 2000; De Mol, Buysse, & Cook, 2010; Kashy & 

Kenny, 1990), but those are not assumed by default. Intragenerational reciprocities 

are characterized by the correlations of the actor (partner) effects of family 

members from the same generation. In sum, applying the defaults of the fSRM 

package in the four-person model with a single indicator, the SRM assumes 31 

unknown parameters (21 variances and 10 reciprocities) while 12 13/2=78 (co-

)variances are observed. In the CFA-approach implemented here, this model is 

then overidentified with 47 degrees of freedom (df). The goodness-of-fit of the 

model can be assessed by comparing the observed variance-covariance matrix (as 

shown for example in Appendix A Table A.2) with the model-implied variance-

covariance matrix. More details on model fit assessment are provided in Appendix 

C. When two indicators are specified for each dyadic measurement, fSRM will 

automatically correlate errors within the same indicator to capture measurement 

method variance due to the use of the same items (as suggested by Kenny et al., 

2006, p. 247). In that case, the default four-person model in the fSRM package 

has 187 unknown parameters (21 SRM-variances, 10 reciprocities, 24 residual 
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variances and 132 method covariances) while 24 25/2=300 (co-)variances are 

observed (i.e., df=113).  

So far, the SRM has been discussed in terms of (co-)variances, but each of 

these variances measure deviations around a mean effect. Equation (1) makes this 

more explicit. The parameters μfam, αt, βs and γts describe an average family effect, 

average actor effect for the target adolescents, average partner effect of the 

siblings, and their average relationship effects, respectively. In the four-person 

model with one indicator per relationship, we have in total 21 SRM-means (1 

family mean, 4 actor means, 4 partner means and 12 relation-specific means), but 

only 12 means are observed (see Table 1). Therefore, restrictions are commonly 

applied such that the mean actor effects sum to zero, the mean partner effects 

sum to zero, and the mean SRM relationship effects sum to zero for a given actor 

or a given partner. Both actor and partner means then represent deviations from 

the overall grand-mean (i.e., the family mean; Eichelsheim et al., 2009; Kenny et 

al., 2006; Rasbash et al., 2011). In the fSRM package, this particular 

parameterization is used too, and the SRM-means are estimated (cfr. Q5) by 

adding a mean structure to the SRM basic covariance structure. Technically, the 

above described restrictions on the SRM-means are implemented by adding 

equality constraints. When these SRM-means are requested by the user, fSRM 

actually performs a CFA with structured means. Note that when two or more 

indicators are used for each relationship measure, the fSRM package assumes 

common means for each SRM component since the indicators are typically 

replications of the same underlying construct (e.g., two indicators are assumed to 

measure the same family mean). This assumption can easily be checked by 

comparing the fit of the model with and without means specified. The latter 

approach indeed corresponds to assuming different means for each indicator. The 

difference between the two chi-squares of those models is itself a chi-square with 

12 df (in case of a four-person model with two indicators).  
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When multiple groups are involved (cfr. Q6 and Q7) the default SRM is 

basically fitted to the data of each group separately.  

SRM-ANALYSES WITH THE FSRM PACKAGE 

This section illustrates the use of the fSRM package by means of the 

aforementioned data on negative processes within families and the seven research 

questions raised. First, the basics on  installing and loading R-packages, and on 

importing data in R are briefly described. Next, it is demonstrated how to perform 

SRM analyses with fSRM along with a discussion of the associated output. 

Installing and Loading the Package 

The fSRM package was built under R version 3.1. Hence, this version or 

more recent versions of R are required to use fSRM. In order to install and load 

fSRM, write install.packages("fSRM") and library("fSRM") on the 

command line in R, respectively.  

The Pop-Up Window: Easily Inserting and Transforming a Dataset                 

SRM data are typically organized in a wide format such as in the left panel 

of Figure 2 (i.e., each column representing one observed dyadic measurement, and 

one row for each family). However, in order to use fSRM, the data need to be 

organized in a long format, such as in the right panel of Figure 2. The long data 

format consists of at least four columns: a column representing the role of the 

actor, a column for the role of the partner, one with the observed score and a 

column representing the family identification number. If multiple indicators 

and/or groups are used, additional columns defining the indicator and/or group 

are needed. The fSRM package can transform a dataset from a wide format into 

such long format for the user, provided that the variable names of the original 
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dataset follow some restrictions. In the left panel of Figure 2, the variable names 

are constituted by different characters, with the first character indicating the role 

of the actor, the second character the role of the partner and the last three the 

indicator of the construct being measured (i.e., “neg” represents the construct 

negative interactions).  

 

 

 

 

 

 

 
 

Figure 2: Transformation of the clinical dataset from wide to long format.  For example, MFneg 
(left panel) represents the mother rating the father with 2.38 on negativity.  

 

In order to be able to use this transformation tool, the number of characters used 

for the identification of the rater and the person being rated should be the same. 

For instance, the negativity rating of the mother (“M”) about the target adolescent 

(“T”) can be labeled “MTneg”, but not “MOTneg”. The characters for the roles in 

the variable names will be used later in the output as labels for the different roles. 

Note that, when multiple indicators are present, the number of characters 

specifying these indicators in the variable name, should be the same. For example, 

if the first indicator of a dyadic rating of the mother about the target adolescent 

is called “MTneg1” or “MTxxx”, the second indicator should have variable name 

“MTneg2” or “MTzzz”, respectively. To transform the original wide format dataset, 

complying with those variable name restrictions, into a dataset with long format, 

one should next type the command import() on the R command line. A pop-up 



SOFTWARE FOR THE SRM WITH ROLES 

 
91 

C
hapter 3 

window then appears (see Figure 3), which allows the user to identify the location 

of the original dataset (which should have extensions .txt, .csv or .sav). After 

importing the datafile, the label of the button will change into “datafile added”. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: The pop-up window allows to easily read and transform datasets. 

 

Next, one should click the button “Transform my data”, after which a 

new window will appear (see Figure 4). First, the column number of both the 

family and the group identification variable in the original dataset should be 

provided, if present. In the absence of a family identification variable in the 
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original dataset, fSRM automatically creates the required family identification 

variable. Next, the user needs to specify the columns in the original dataset which 

contain the dyadic measurements for the SRM analyses2. The enumerated columns 

need to be separated with a comma, consecutive columns are defined by means of 

colon (e.g., 1:12 defines the first until the twelfth column in the original 

clinical.wide dataset3, containing the 12 dyadic measurements). Finally, the user 

is asked to define the position of the characters of the rater in the previously 

selected  measurements, the person being rated and the indicator (if present), 

which should be filled in for the clinical dataset as “1 to 1”, “2 to 2” and empty, 

respectively. By clicking on “OK” the user returns to the main window. 

In this main window the user can agree with the default labels of the SRM 

components (i.e. “FE” for family effect,  “A” for actor effect, “P” for the partner 

effect and “R” for the relationship effect) by clicking on “Confirm output format” 

or he/she can specify alternative labels. The “Confirm output format” button than 

changes into output “Output format confirmed”.  By clicking on “OK” at the 

bottom of the window the transformed dataset will be saved as a hidden variable. 

In this dataset the variables defining the actors, partners, groups and indicators 

are called actor.id, partner.id, group, ind, and family.id, respectively. In 

order to access this hidden variable, the user needs to call the function  

getImport(). For example, after entering mydata <- getImport() on the R 

command line, the transformed dataset can be used as mydata in the fSRM() 

function. 

 

  

                                                      
2 When multiple constructs are of interest, a separate input dataset should be created for each 

construct. 
3 The content of this dataset in wide format is identical to the clinical dataset, which is in long 

format. The clinical.wide dataset is available in the online supplemental material, as well as within 
the fSRM package. 
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Figure 4. For automatically transforming a dataset from wide to long format, the user needs to 

complete this pop-up window. 

 

The Standard Four-Person Model with one Indicator and one Group 

Using the clinical dataset in long format from the fSRM package, this 

section first illustrates how the SRM (co-)variances can easily be obtained using 

the main function in the package the fSRM() function. In this function, the so 

called “formula syntax” together with the name of the dataset needs to be specified. 

In particular, the formula is constituted as DV ~ actor.id * partner.id 

|family.id, where DV is the name of the variable that contains the value of the 

construct of interest, actor.id is the name of the variable which specifies the 

role of the actor, partner.id is the name of the variable that specifies the role of 
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the partner, and family.id is the name of the variable that identifies the family 

(see also the right panel of Figure 2, where DV is the “value” column here). So 

here, one specifies: 

fSRM.4.1 <- fSRM(neg ~ actor.id*partner.id | family.id, data=clinical) 

This single line of R-code and its associated output are presented in Appendix B 

in the section “Code 1: Basic SRM analyses”.  In the output the heading “SRM 

with roles” shows the label names of the roles of the different family members 

together with the dependent variable. Next, a brief model summary is provided 

under the heading “Model Summary” (with the earlier described 47 df), followed 

by the fit indices under the header “Model Fit”, revealing an excellent fit here4. 

Under the header “variance decomposition” the estimates of the SRM 

variances are presented. In the first column the different labels of the SRM 

components are shown. The character(s) preceding the dot represent the labels of 

the different SRM components as confirmed in the pop-up window. The characters 

following the dot define the role of the family member (e.g., A.m. denotes the 

actor effect of the mother, P.f. the partner effect of the father). In case of 

relationship effects the character after the first dot represents the rater in the 

dyadic measurement and the character after the second dot the person who is 

being rated (e.g., the relationship effect of the mother towards the father is R.m.f). 

The second column with heading “estimate” shows the variance estimates of each 

SRM component. The remaining columns show the standard errors (i.e., the se-

column), the z-value (i.e., the z-column), the 1-sided p-value (i.e., the p.value-

column), the significance level (with the usual convention for 1 to 3 asterisks 

denoting p < 0.05, p < 0.01, and p < 0.001, respectively) and the 2-sided 90% 

confidence interval conform with the one-sided p-values (i.e., the ci.lower- and 

                                                      
4 For guidance on the model fit assessment the interested reader is referred to Appendix C. 
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ci.upper-column). By default, fSRM will report one-sided p-values and two-sided 

90% confidence intervals for the variance components5.  

To answer  research question Q1 (i.e., “What is driving the variation in the 

dyadic measurements associated with the adolescents with externalizing problem 

behavior?”), one finds significant variation across problematic families in the 

amount of negative interaction the target adolescent reports with all his/her family 

members (i.e., actor variance target child = 0.080, p < .05). Likewise, across these 

families a significant difference exists in the amount of negative interactions all 

his/her relatives report in relation to him/her (i.e., partner variance target child 

= 0.072, p < .05). Furthermore, all the SRM relationship effects are significant (p 

< .001).  

In order to gain a better understanding of the size of each SRM component 

the section “Relative variance decomposition” is printed in the output. The 

columns reflect the relative importance of each SRM component both per observed 

relationship, as well as averaged over the different relationships. Note that 

summing up the different components results in 100%. As there is only one 

indicator per relationship measure in this example, the residual variance is 

contained in the relationship-specific variance and therefore set to zero. A 

graphical representation of this table can be obtained by applying the plot() 

function to the fitted SRM object (see appendix B: Code 1). From the resulting 

figure (illustrated by Figure 5), one can easily see that on average the majority of 

the variance is explained by the relationship effects, followed by both the partner 

and the actor effects. Likewise, this figure clearly reflects that the variation on the 

reported negativity between two siblings is mainly an effect of their unique 

relationship. Therefore, these data may indicate that in therapy it may be useful 

to focus on unique relationships rather than on characteristics of individual family 

                                                      
5 The default confidence level is set for all parameters to 95%, except for the SRM variance 

components. The latter are set to 90%, conform the one-sided p-values for the variance 
components. 
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members. One should realize however that with one indicator here, the residual 

error variance is part of the relationship variance too. 

In the last two parts of the output, the generalized and dyadic reciprocities 

are displayed6. Here, the “estimate”-column contains the covariances, the “r”-

column the correlations. The corresponding output can be used to answer Q2 and 

Q3, respectively. In this study no significant correlation. between the actor and 

partner effects is found for any role (p > .05). For example, the amount of 

negativity that the target child is experiencing with all other family members (i.e., 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Relative variance decomposition plot. Every bar represents an observed dyadic 
measurement and shows the relative importance of each SRM variance per observed relationship. 
Note.  T represents the target adolescent, M the mother, F the father and S the sibling. (E.g., F-
M = father rating the mother). 

 

                                                      
6 Please note that it is only useful to interpret these reciprocities when both corresponding 

variance component differ significantly from zero. 
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actor effect of the target adolescent) is not associated with the amount of 

negativity that the other family members experience with him/her (i.e., partner 

effect of the target adolescent). At the dyadic level on the other hand, significant 

reciprocity effects are observed for the relationships of both children with the 

father (T-F: r = .263, p < .05 and S-F: r = .286, p < .05), between the parents (r 

= .300, p < .05). and between the siblings (r = .300, p < .05). The latter indicates 

that  the more (less) negativity the target adolescent is experiencing with the 

sibling, the more (less) negativity the sibling will report in relation to this child, 

independent from their actor and partner effects.  

Intragenerational similarities are not assumed by default and must be 

requested by simply inserting the IGSIM-argument to the fSRM() function. This 

option assumes correlation between the actor and partner effects of members of 

the same generation. One can perform an omnibus test to test the overall presence 

of intragenerational similarities by comparing the chi-square test of the default 

model to this model. Additionally each intragenerational similarity can be 

separately assessed at the 5% significance level with the standard Wald-test. The 

R-code and corresponding output can be found in Code 2 of Appendix B. In this 

dataset, no intragenerational similarities were withdrawn (p > .05). 

In order to obtain information about the mean levels of the SRM 

components, the argument means=TRUE needs to be added to the fSRM() function 

(see code 3 in Appendix B).  The average negativity score across families equals 

1.854. The highest levels of negativity are related with characteristics of the target 

adolescent as he/she experiences the other family members as most negative (i.e., 

mean actor effect T = 0.356, p < .001). These adolescents are also experienced as 

most negative by their relatives (i.e., mean partner effect T = 0.299, p < .001). 

Finally, the target-sibling and sibling-target relation-specific effects are among the 

highest too. Figure 6 helps understanding the decomposition of the dyadic 

measurements into these  SRM components. This graphical representation of the 

mean SRM-components can be requested by adding the option means = TRUE to 
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the plot function (see code 3 in Appendix B) and is shown in Figure 6. The 12 

labels on the X-axis represent the 12 dyadic measurements, with the character 

before the hyphen representing the rater (i.e. the  actor of the dyad is represented 

by a solid line) and the character after the hyphen indicating the person being 

rated (i.e., the partner of the dyad is represented by a dashed line). For instance, 

we noted before that on average adolescents with externalizing problem behavior  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Decomposition of the mean dyadic measurements into the mean SRM components. The 
character before the hyphen represents the rater (i.e., the actor of the dyad), the character after 
the hyphen the person being rated (i.e., the partner of the dyad). 
Note.  T represents the target adolescent, M the mother, F the father and S the sibling. (E.g.,  
F->M = father rating the mother). 

 

rated their mothers as negative (cfr. Table 1). The tenth set of arrows in Figure 4 

disentangles this mean score into its exact etiology (i.e., the SRM components). 

The target adolescent typically reports a high average level of negativity in relation 

to everybody (i.e., actor effect target = 0.356, p < .001), which can be seen at his 
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solid line. Mothers on the other hand are in general rated as less negative (i.e., 

partner effect mother = -0.226, p < .001), as the dashed line lowers the score. 

And, although not significant, target adolescents experience less unique negativity 

in relation to their mother since the dotted line lowers the score even further 

(relationship target-mother = -0.068, p = .095). In sum, the elevated score is 

mainly due to the adolescents’ general sense of negativity in relation to all family 

members, instead of the specific mother-child relationship.  

It can further be interesting to formally test whether the mean SRM 

components differ significantly by role. For example, is there a difference in the 

amount of negativity that each of the  family members report towards their other 

family members (i.e., comparing actor effects)? Typically this is done by 

comparing the chi-squares of a constrained model (which assumes all actor means 

to be zero, for example) with an unconstrained model (Kenny et al., 2006; Rasbash 

et al., 2011), but such approach is computationally very slow as it requires fitting 

a constrained model for each type of SRM component. Therefore, alternative 

methods were explored to test the equality of mean effects effectively and 

accurately7. Since this Wald-test is computationally much faster (it only requires 

fitting the unconstrained  model), this approach is included in fSRM. Testing 

whether all the actor, partner or relationship means are equal across roles can 

easily be done by the function equalMeans(). Additionally, one can ask for 

pairwise comparisons of the means of the actor (and partner) effects between two 

roles. This is done by adding pairwise = TRUE in the fSRM() function.  For an 

example and additional comments on the latter two functions, please consult code 

4 in appendix B. 

                                                      
7 Using simulations, a test based on the multivariate Wald–test was evaluated and compared 

with the results of the chi-square difference test (see  supplementary material). Both approaches 
typically produce similar results. 
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Examining and Comparing Multiple Groups 

The package can also be used to compare two groups (for example, the 

problematic versus the non-problematic families), using the group option. In 

analogy to single group analyses the output presents a model summary and fit 

indices, followed by the variance decomposition, relative variance decomposition, 

generalized and dyadic reciprocities for each of the groups separately. In such a 

multiple group setting, it is interesting to investigate whether the variances and/or 

the means of the SRM components differ between groups. Typically, such 

comparisons are based on a chi-square difference test (Eichelsheim et al., 2011). 

But such approach requires a large amount of constrained models (one for each 

comparison) to be compared with the unconstrained model that allows all means 

and variances to differ between groups. The Wald-test, with the standard error of 

the difference calculated following the delta-method, requires only one model to 

be fitted and is used in fSRM8. By simply adding the option diff = TRUE to the 

fSRM() formula the output presents the differences between groups in terms of 

SRM variances. The difference in SRM means are requested by additionally 

specifying the means option. The corresponding R-code and -output can be found 

in code 5 of Appendix B  and can be used to answer Q6 and Q7. The differences 

in the sources of variation between problematic and non-problematic families are 

situated at the dyadic level (i.e., significant differences in the variance of SRM 

relation-specific effects) but not at the individual or family level. In terms of the 

means, the adolescent with externalizing problems experiences more negativity in 

relation to all his/her family members than the matching adolescent in the 

nonproblematic group (i.e., M = 0.262, p < .001). Likewise, a significant difference 

in family means is observed between problematic (group 1) and nonproblematic 

                                                      
8 Simulation studies again showed that the test based on the chi-square differences and on the 

Wald test using the delta method are comparable in terms of power and Type I error (cfr. 
supplementary material). 
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families (group 2), with problematic families overall reporting more than 

nonproblematic families (M = 0.209, p < .001).  

ADDITIONAL FEATURES OF FSRM 

So far, we presented the main functionalities of the default SRM in fSRM. 

The different features of the package enable the users to investigate their family 

data from a round robin design with a minimum of effort. When the default 

settings of the standard model yield a reasonable fit, the user can immediately 

focus on the interpretation of the results. The output from the fSRM package 

provides the most relevant pieces from the CFA in an organized and clear fashion. 

When the standard SRM is not fitting well, one may try to find out the reasons 

by exploring the so-called modification indices, and assess whether the fit can be 

improved with some additional assumptions. To identify the origin of the bad fit, 

the function mod() in fSRM can be used and will yield a listing of all possible 

adjustments with a modification index exceeding 10. Some familiarity with the 

notational conventions in lavaan (Rosseel, 2012) is needed, though, to understand 

this listing. Moreover, any adjustments to the model should not be solely based 

on statistical grounds, but have some theoretical rationale. The add-option in the 

fSRM-function can be used to add one or more adjustments to the standard model. 

It is possible to request the lavaan code behind the fSRM() function applied to a 

specific model by using cat(object$syntax), where object is the name assigned 

to the fitted fSRM object. Users familiar with lavaan may start from that code to 

go beyond the features that are provided by fSRM. One could think about several 

extensions.  

We focused above on the standard design with four people in all families 

and a single indicator. The supplementary material contains an example with two 

indicators and illustrates how the error variance can be separated from the 
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relationship variance. All the described SRM-parameters can simultaneously be 

estimated when there are more than four persons too. But in order for the SRM-

parameters of a three-person model to be identified, some components of the model 

have to be dropped (Kenny et al., 2006 p. 245). As in most studies published so 

far the family variance tended to be small, the fSRM package therefore drops by 

default the family variance in the three-person model. This allows all other co-

variances to be estimated. However, the user can specify alternative models by 

adding the drop-argument to the fSRM() function. One can choose to alternatively 

drop all the actor effects (and corresponding reciprocities), all the partner effects 

(and corresponding reciprocities) or the generalized reciprocities by adding drop 

= with "actor", "partner" or "GR", respectively. We refer the interested reader 

to Kenny et al. (2006, p. 250) for a clear description when each of these options 

make sense. A detailed example of a three person analysis can be found in the 

online supplementary material too. 

To avoid listwise deletion in the presence of missing data, the default in 

fSRM is set to Full Information Maximum Likelihood (FIML) rather than 

Maximum Likelihood. One may also choose not to use the maximum likelihood 

estimators for the SRM-parameters, but rely on alternative options in lavaan such 

as Generalized Least Squares estimators, or rely on bootstrap standard errors 

rather than the conventional standard errors by adding estimator = "GLS" or 

se = "boot" to the fSRM() function, respectively. Recently, it was discussed how 

to include covariates within the SRM in a Bayesian multilevel framework (Lüdtke 

et al., 2013), but such adjustments are also possible within the traditional SEM-

framework.  

Negative SRM-variances are not set to zero by default like other common 

software packages (e.g., EQS) as they might be an indicator for model 

misspecification. Nonetheless, this can be achieved by using the noNegVar option 

of the fSRM() function. The default uses noNegVar = FALSE, and will provide 

the output from the original model with possible negative variances. Adding 
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noNegVar = TRUE to the fSRM() function will automatically constrain negative 

SRM-variances to be equal or greater than zero.  

Furthermore, an option is included that enables the user to test whether 

the social relations model fits the data better than a null model. In such a null 

model the (co-)variances of the different components  are equal across roles, and 

the mean actor, partner and relationship effects equal to zero. The R-code for such 

model comparison can be found in code 6 of Appendix B. When a significant 

difference is found, one can conclude that the roles in the family really matter. 

Finally note that like any other software package, fSRM may produce 

warning messages which may point to model misspecification, amongst other 

things. These are not inherent to the package but are due to the data and/or the 

specified model.  

CONCLUSION 

This paper provides a user-friendly package that covers the majority of the 

published SRM-analyses. Avoiding a multitude of model comparisons, it is 

computationally fast. In principal, every SEM-software can perform these SRM 

analyses. But while these software packages require a detailed knowledge of both 

the syntax and CFA, this is not the case with the fSRM package. Indeed, with 

fSRM, a single line of code may suffice to fit even complex Social Relations Models. 

Moreover the software is freely available. It could be useful if family researchers 

who publish SRM analyses in the future provide the complete fSRM-output as 

supplemental material to their paper.  

Our hope is that family researchers who want to analyze their data from a 

round-robin design with the SRM in the future find it an easy tool that allows 

them to get the most out of their data and to communicate about their results. 
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APPENDIX A 

A.1. Creating Table 1: Means, Standard Deviations, and ANOVA of Observed 

Dyadic Measurements 

Table 1 presents the mean and standard deviation per observed dyadic 

measurement in problematic and non-problematic families, respectively. These 

descriptive statistics are calculated for the dataset in wide format and can be 

achieved by means of the following code for the clinical group: 

# load the build-in data set in wide format 
data(clinical.wide) 
 
# inspect the first lines of this dataset 
head(clinical.wide) 
##      MF     FM     MT    TM     MS     SM       FT      TF    FS       SF 
## 1 2.381 2.8413 2.6620 1.107 2.1921 2.2834  0.08884 -0.0332 2.971  2.17129 
## 2 1.591 0.8535 1.4976 1.899 1.3468 1.8355  1.44565  2.4987 2.236  2.80324 
## 3 1.549 1.0344 2.2852 1.198 1.5026 0.7456  2.68362  1.1500 2.301  1.50745 
## 4 1.509 1.0840 2.6291 2.421 0.9293 1.2024  1.28669  2.2439 0.314 -0.09622 
## 5 1.650 2.1478 2.2032 1.564 1.8838 0.9847  2.34102  1.3382 2.121  2.56036 
## 6 2.432 1.5616 0.2203 1.743 2.0488 1.4693 -0.10485  1.6200 1.511  2.46852 
 
##      TS    ST group 
## 1 2.450 2.150     1 
## 2 3.251 2.462     1 
## 3 1.542 2.152     1 
## 4 0.818 1.761     1 
## 5 2.601 1.947     1 
## 6 3.852 1.040     1 

# install package to compute the standard deviations for each column (this only needs to
 be  
# done once) 
install.packages("psych") 
 
# load the package 
library("psych") 
 
# calculate the mean and standard deviations per observed dyadic measurement 
colMeans(clinical.wide) 
##    MF    FM    MT    TM    MS    SM    FT    TF    FS    SF    TS    ST  
## 1.630 1.553 1.766 1.916 1.709 1.643 1.775 1.873 1.641 1.639 2.544 2.562  
 

## group  
## 1.000 
 

SD(clinical.wide) 
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##     MF     FM     MT     TM     MS     SM     FT     TF     FS     SF  
## 0.7156 0.6656 0.6446 0.7825 0.7536 0.8339 0.6868 0.7835 0.6004 0.7950  
 

##     TS     ST  group  
## 0.9640 0.8666 0.0000 

 

Next, a model comparison is conducted by means of an ANOVA to check 

whether there are significant differences between these two types of families. The 

dataset containing both types of families is called two.groups.wide. For the first 

observed dyadic measurement (which is the first column of this dataset) the 

following code provides all necessary information: 

# load the dataset containing both groups in wide format 
data(two.groups.wide) 
 
# perform a model comparison for the first dyadic measurement in this dataset,  
# the grouping variable is called group in the here.  
mc <- aov(two.groups.wide[,1] ~ two.groups.wide$group) 
summary(mc) 
##                        Df Sum Sq Mean Sq F value Pr(>F)    
## two.groups.wide$group   1    3.3    3.26    7.41 0.0069 ** 
## Residuals             271  119.1    0.44                   
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

#  first install the lsr-package (this only needs to be done once) 
install.packages("lsr") 
 
# load the lsr-package and calculate the effect size 
library("lsr")    
etaSquared(mc)           

##                          eta.sq eta.sq.part 
## two.groups.wide$group 0.02524138  0.02524138 

 

A.2. Creating a Variance-Covariance and Correlation Matrix in R 

A variance-covariance matrix can be calculated by means of the following code: 

varcov <- cov(clinical.wide[,1:12]) 
For the problematic families, the output of the variance-covariance matrix is 

displayed in Table A.2. Please note that with a single indicator a 12x12 matrix is 

constructed since every family member in the four-person family rates every other 



CHAPTER 3 

 

C
ha

pt
er

 3
 

112 

family member. When two indicators are present the dimension of the variance-

covariance matrix will be 24x24 (2x12). This will allow to split the SRM relation 

effect from the error variance. 

The variance-covariance matrix can easily be transformed into a correlation 

matrix of the observed dyadic measurements (cfr. Table A.2) by means of the 

following code: 

varcor <- cov2cor(varcov) 

 

Table A.2. 
Variance-covariance matrix of the observed dyadic measurements in four-person 
families 

     MF  FM   MT   TM  MS  SM  FT  TF   FS   SF  TS ST 
MF  .45  
FM  .19  .40   
MT  .03  .01   .41   
TM  .09  .07   .16   .52  
MS  .06  .02   .07   .12  .53  
SM  .08  .06   .05   .08  .16  .65  
FT  .05  .04   .11   .08  .02  .00  .37  
TF  .12 .05   .10   .15  .06  .07  .22  .46   
FS  .04  .02  -.02  -.03 .05  .05  .05  .00   .36   
SF .11  .08  -.02  .01 .08  .16  .06  .07   .16   .53  
TS  .07  .05   .06   .12  .15  .07  .06  .10   .01   .05  .70  
ST  .04  .05   .09   .05  .08  .13  .09  .04   .01   .11  .28 .76 

Note.  T represents the target adolescent, M the mother, F the father and S 
the sibling. E.g., M-F = score of mother rating the father 
  



SOFTWARE FOR THE SRM WITH ROLES 

 
113 

C
hapter 3 

APPENDIX B: ESSENTIAL COMPUTER CODE AND OUTPUT 

Code 1: Basic SRM Analyses 

# load the build-in data set 
data(clinical) 
 
# show the first few lines of the dataset  
head(clinical) 
##   family.id actor.id partner.id   neg 
## 1         1        T          S  2.45 
## 2         1        T          F -0.03 
## 3         1        T          M  1.11 
## 4         1        S          T  2.15 
## 5         1        S          F  2.17 
## 6         1        S          M  2.28 

 

# fit the model and request the output 
fSRM.4.1 <- fSRM(neg ~ actor.id*partner.id | family.id, data = clinica
l) 
fSRM.4.1 

## fSRM version 0.6 
## ================================ 
##  
## SRM with roles (Roles: F, M, S, T); DVs = neg 
##  
## Model summary: 
## ---------------- 
## lavaan (0.5-16) converged normally after  48 iterations 
##  
##   Number of observations                           120 
##  
##   Estimator                                         ML 
##   Minimum Function Test Statistic               45.887 
##   Degrees of freedom                                47 
##   P-value (Chi-square)                           0.519 
##  
## Model Fit: 
## ---------------- 
## Chi2 (df=47) = 45.887, p = 0.519 
## CFI = 1 
## TLI / NNFI = 1.015 
## RMSEA = 0 [0;0.058]; Test of close fit: p(data | true value == .05) = 0.902 
##  
##  
## Variance decomposition: 
## ---------------- 
##         component estimate    se     z  p.value sig ci.lower ci.upper 
## 1        FE ~~ FE    0.008 0.018 0.450 p = .326       -0.022    0.039 
## 2      A.F ~~ A.F    0.005 0.026 0.175 p = .430       -0.038    0.047 
## 3      A.M ~~ A.M    0.015 0.028 0.527 p = .299       -0.031    0.060 
## 4      A.S ~~ A.S    0.140 0.045 3.142 p < .001 ***    0.067    0.213 
## 5      A.T ~~ A.T    0.080 0.042 1.903 p = .028   *    0.011    0.148 
## 6      P.F ~~ P.F    0.101 0.037 2.696 p = .004  **    0.039    0.162 
## 7      P.M ~~ P.M    0.015 0.031 0.483 p = .314       -0.036    0.067 
## 8      P.S ~~ P.S    0.046 0.034 1.346 p = .089   †   -0.010    0.103 
## 9      P.T ~~ P.T    0.072 0.034 2.137 p = .016   *    0.017    0.127 
## 10 R.F.M ~~ R.F.M    0.405 0.065 6.261 p < .001 ***    0.299    0.512 
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## 11 R.F.S ~~ R.F.S    0.318 0.057 5.527 p < .001 ***    0.223    0.412 
## 12 R.F.T ~~ R.F.T    0.380 0.064 5.985 p < .001 ***    0.276    0.485 
## 13 R.M.F ~~ R.M.F    0.362 0.065 5.577 p < .001 ***    0.255    0.469 
## 14 R.M.S ~~ R.M.S    0.474 0.075 6.284 p < .001 ***    0.350    0.598 
## 15 R.M.T ~~ R.M.T    0.332 0.060 5.528 p < .001 ***    0.233    0.431 
## 16 R.S.F ~~ R.S.F    0.368 0.073 5.023 p < .001 ***    0.247    0.488 
## 17 R.S.M ~~ R.S.M    0.508 0.085 5.950 p < .001 ***    0.367    0.648 
## 18 R.S.T ~~ R.S.T    0.523 0.089 5.858 p < .001 ***    0.376    0.670 
## 19 R.T.F ~~ R.T.F    0.442 0.080 5.513 p < .001 ***    0.310    0.574 
## 20 R.T.M ~~ R.T.M    0.485 0.082 5.926 p < .001 ***    0.350    0.619 
## 21 R.T.S ~~ R.T.S    0.811 0.122 6.662 p < .001 ***    0.611    1.012 
##  
## (p-values are for one-sided tests for variances;confidence level for CIs is 
90%) 
##  
##  
##  
## Relative variance decomposition: 
## ---------------- 
##      Family Actor Partner Relationship Error Explained 
## F_M       2     1       3           94     0       100 
## F_S       2     1      12           84     0       100 
## F_T       2     1      15           82     0       100 
## M_F       2     3      21           75     0       100 
## M_S       2     3       9           87     0       100 
## M_T       2     3      17           78     0       100 
## S_F       1    23      16           60     0       100 
## S_M       1    21       2           76     0       100 
## S_T       1    19      10           70     0       100 
## T_F       1    13      16           70     0       100 
## T_M       1    14       3           82     0       100 
## T_S       1     8       5           86     0       100 
## mean      2     9      11           79     0       100 
##  
##  
## Generalized reciprocity (actor-partner covariances): 
## ---------------- 
##    component estimate    se     z  p.value sig ci.lower ci.upper    r 
## 1 A.F ~~ P.F    0.043 0.025 1.719 p = .086   †   -0.006    0.092   NA 
## 2 A.M ~~ P.M    0.020 0.023 0.868 p = .385       -0.026    0.066   NA 
## 3 A.S ~~ P.S    0.018 0.030 0.600 p = .549       -0.040    0.076 .221 
## 4 A.T ~~ P.T    0.034 0.029 1.188 p = .235       -0.022    0.091 .455 
##  
##  
## Dyadic reciprocity (relationship covariances): 
## ---------------- 
##        component estimate    se      z  p.value sig ci.lower ci.upper 
## 1 R.F.M ~~ R.M.F    0.115 0.049  2.351 p = .019   *    0.019    0.210 
## 2 R.F.S ~~ R.S.F    0.098 0.048  2.048 p = .041   *    0.004    0.192 
## 3 R.F.T ~~ R.T.F    0.108 0.053  2.037 p = .042   *    0.004    0.212 
## 4 R.M.S ~~ R.S.M    0.071 0.058  1.221 p = .222       -0.043    0.185 
## 5 R.M.T ~~ R.T.M   -0.005 0.050 -0.096 p = .923       -0.103    0.094 
## 6 R.S.T ~~ R.T.S    0.195 0.077  2.531 p = .011   *    0.044    0.347 
## 
##       r 
## 1  .300 
## 2  .286 
## 3  .263 
## 4  .145 
## 5 -.012 
## 6  .300 
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Clarifying comments on the notation in the output. 

First note that the heading "SRM with roles" shows the labels of the roles 

together with the dependent variable. The same labels are used throughout the 

whole output. For example in the first column of the section "Variance 

decomposition" the different labels of the SRM components are shown. The 

character(s) preceding the dot represent the labels of the different SRM 

components. The characters following the dot define the role of the family member 

(e.g., A.M. denotes the actor effect of the mother, P.F. the partner effect of the 

father). In case of relationship effects the character after the first dot represents 

the rater in the dyadic measurement and the character after the second dot the 

person who is being rated (e.g., the relationship effect of the mother towards the 

father is R.M.F). The second column with heading "estimate" shows the variance 

estimates of each SRM component. The remaining columns show the standard 

errors (i.e., the se-column), the z-value (i.e., the z-column), the one-sided p-value 

(i.e., the p.value-column), stars indicating the significance at the 5% level (i.e., the 

sig-column), and the 90% confidence interval (i.e., the ci.lower- and ci.upper-

column)9. A more detailed interpretation of this output can be found in the main 

paper under the heading "The Standard Four-Person Model with one Indicator 

and one Group".  

For a graphical representation of the relative variance decomposition it 

suffices to enter plot(fSRM.4.1) on the R command line, after fitting the previous 

function. For a black and white plot, please enter plot(fSRM.4.1, bw = TRUE). 

  

                                                      
9  The default confidence level is set for all parameters to 95%, except for the SRM variance 

components. The latter are set to 90%, conform the one-sided p-values for the variance components. 



CHAPTER 3 

 

C
ha

pt
er

 3
 

116 

Code 2: Intragenerational Similarities 

# fit the model and ask for the intragenerational similarities: 
# enter between quotes labels of the roles from the same generation in a separate vector 
  fSRM.4.1.g <- fSRM(neg ~ actor.id*partner.id | family.id,  
                     data =clinical,  
                     IGSIM=list(c("M", "F"), c("T", "S"))) 
 
# test the necessity of including intra-generational effects by comparing the fits of  
# a model with and without these effects 
anova(fSRM.4.1$fit, fSRM.4.1.g$fit) 
## Chi Square Difference Test 
##  
##                Df  AIC  BIC Chisq Chisq diff Df diff Pr(>Chisq) 
## fSRM.4.1.g$fit 43 3193 3290  39.7                               
## fSRM.4.1$fit   47 3191 3277  45.9       6.17       4       0.19 

 

# show the output 
fSRM.4.1.g 

## Intragenerational similarity: 
## ---------------- 
##     component estimate    se      z  p.value sig ci.lower ci.upper     r 
## 80 A.F ~~ A.M   -0.009 0.022 -0.424 p = .672       -0.053    0.034    NA 
## 81 P.F ~~ P.M    0.051 0.029  1.739 p = .082   †   -0.007    0.109  .844 
## 82 A.S ~~ A.T   -0.005 0.030 -0.159 p = .873       -0.064    0.055 -.059 
## 83 P.S ~~ P.T   -0.015 0.025 -0.627 p = .531       -0.064    0.033 -.277 

 

After fitting the model an omnibus test of the necessity of including intra-

generational effects can be performed. This test compares the fit of the model with 

and without these intra-generational effects. In this example, there is no evidence 

that the fit of the model with the intra-generational effects is better than the 

model without (p = .23). When looking at each of the intragenerational effects 

separately, one finds that none of them is significant. 

Note.  Although the original variances and correlations (cfr. code 1) might 

slightly change after inclusion of the intragenerational similarities, only the extra 

paragraph in the output is displayed for this illustration.  
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Code 3: Requesting the mean SRM components 

# fit the model and ask for the mean SRM components 
fSRM.4.1.m <- fSRM(neg ~ actor.id*partner.id | family.id, data = clini
cal,    
                   means = TRUE) 
 
# request the output 
fSRM.4.1.m 

## Mean structure 
## ---------------- 
##    factor estimate    se      z  p.value sig ci.lower ci.upper 
## 1      FE    1.854 0.029 64.902 p < .001 ***    1.807    1.901 
## 2     A.F   -0.275 0.035 -7.959 p < .001 ***   -0.332   -0.218 
## 3     A.M   -0.228 0.036 -6.401 p < .001 ***   -0.286   -0.169 
## 4     A.S    0.146 0.042  3.447 p < .001 ***    0.077    0.216 
## 5     A.T    0.356 0.042  8.515 p < .001 ***    0.288    0.425 
## 6     P.F   -0.232 0.040 -5.756 p < .001 ***   -0.299   -0.166 
## 7     P.M   -0.226 0.037 -6.076 p < .001 ***   -0.288   -0.165 
## 8     P.S    0.159 0.039  4.088 p < .001 ***    0.095    0.223 
## 9     P.T    0.299 0.038  7.842 p < .001 ***    0.236    0.362 
## 10  R.F.M    0.200 0.039  5.106 p < .001 ***    0.136    0.265 
## 11  R.F.S   -0.097 0.036 -2.674 p = .007  **   -0.157   -0.037 
## 12  R.F.T   -0.103 0.036 -2.843 p = .004  **   -0.163   -0.043 
## 13  R.M.F    0.235 0.038  6.182 p < .001 ***    0.173    0.298 
## 14  R.M.S   -0.076 0.039 -1.947 p = .052   †   -0.141   -0.012 
## 15  R.M.T   -0.159 0.036 -4.400 p < .001 ***   -0.218   -0.100 
## 16  R.S.F   -0.130 0.036 -3.600 p < .001 ***   -0.189   -0.071 
## 17  R.S.M   -0.132 0.040 -3.329 p < .001 ***   -0.197   -0.067 
## 18  R.S.T    0.262 0.038  6.808 p < .001 ***    0.199    0.325 
## 19  R.T.F   -0.105 0.039 -2.672 p = .008  **   -0.170   -0.041 
## 20  R.T.M   -0.068 0.041 -1.668 p = .095   †   -0.135   -0.001 
## 21  R.T.S    0.173 0.044  3.951 p < .001 ***    0.101    0.246 

 

A more detailed interpretation of this output can be found in the main 

paper under the heading "The Standard Four-Person Model with one Indicator 

and one Group". For a graphical representation of the decomposition of the dyadic 

measurements in the mean SRM components please enter plot(fSRM.4.1.m, means 

= TRUE) on the R command line, after fitting the previous function.   

Code 4: Testing for Mean Differences in SRM Components both across Roles 

and Pairwise 

Building on code 3, the following syntax tests formally if the mean SRM 

components differ significantly across roles. 

 



CHAPTER 3 

 

C
ha

pt
er

 3
 

118 

equalMeans(fSRM.4.1.m) 
##                                Wald df  p.value sig 
## H0: Equal actor means        123.43  3 p < .001 *** 
## H0: Equal partner means       99.48  3 p < .001 *** 
## H0: Equal relationship means  63.83  5 p < .001 *** 

 

Note that the tests for both the actor and partner means contain one degree of 

freedom less than there are roles because the GLM-restrictions define the sum of 

these means to be zero. Given the restrictions on the relationship mean, the test 

of overall equality for the relation specific means reduces to a Wald-test on 3 df 

in a four-person family. We find evidence against the equality in actor means and 

partner means of the four different roles and the equality of the six relationship 

means at the 5% significance level (all p < .001). 

One can ask additionally for pairwise comparisons of the means of the actor 

(and partner) effects between two roles. This is done by adding pairwise = TRUE 

in the fSRM() function. For the fSRM.4.1.m-example this results in the following 

output: 

fSRM.4.1.p <- fSRM(neg ~ actor.id*partner.id | family.id, data = clini
cal,  
                   means = TRUE, pairwise = TRUE) 

The notation of the new output is similar to the previously described ones. 

For example, C.means.A.T.F represents the pairwise comparison between the 

actor effects of the target adolescent and the father. There is evidence that both 

the actor and partner effects differ significantly across all roles. A more detailed 

interpretation of this output can be found in the main paper under the heading 

"The Standard Four-Person Model with one Indicator and One Group". 

Code 5: SRM with Multiple Groups 

# read in the build in dataset 
data(two.groups) 
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# inspect the first lines of this dataset 
head(two.groups) 
##   family.id group variable   neg actor.id partner.id 
## 1         1     1       MF 2.381        M          F 
## 2         2     1       MF 1.591        M          F 
## 3         3     1       MF 1.549        M          F 
## 4         4     1       MF 1.509        M          F 
## 5         5     1       MF 1.650        M          F 
## 6         6     1       MF 2.432        M          F 

 

# run the fSRM function, the group variable is called “group”  
fSRM.2gr.d <- fSRM(neg ~ actor.id*partner.id | family.id,  
                   data = two.groups, group = "group", means = TRUE, 
                   diff = TRUE)  
fSRM.2gr.d 

## ##################################### 
## Difference of means between groups (1-2) 
## ##################################### 
##        component   diff    se      z  p.value sig ci.lower ci.upper 
##     .meanDiff.FE  0.209 0.030  7.043 p < .001 ***    0.151    0.267 
##    .meanDiff.A.F -0.136 0.045 -3.023 p = .003  **   -0.224   -0.048 
##    .meanDiff.A.M  0.060 0.045  1.316 p = .188       -0.029    0.149 
##    .meanDiff.A.S -0.186 0.055 -3.399 p = .001  **   -0.293   -0.079 
##    .meanDiff.A.T  0.262 0.050  5.188 p < .001 ***    0.163    0.361 
##    .meanDiff.P.F -0.008 0.050 -0.166 p = .868       -0.106    0.089 
##    .meanDiff.P.M -0.038 0.049 -0.774 p = .439       -0.133    0.058 
##    .meanDiff.P.S -0.021 0.050 -0.429 p = .668       -0.119    0.076 
##    .meanDiff.P.T  0.276 0.048  5.714 p < .001 ***    0.181    0.371 
##  .meanDiff.R.F.M -0.031 0.048 -0.651 p = .515       -0.124    0.062 
##  .meanDiff.R.F.S  0.000 0.044  0.006 p = .995       -0.086    0.087 
##  .meanDiff.R.F.T  0.031 0.044  0.707 p = .480       -0.055    0.116 
##  .meanDiff.R.M.F -0.040 0.047 -0.852 p = .394       -0.133    0.053 
##  .meanDiff.R.M.S  0.050 0.048  1.031 p = .303       -0.045    0.144 
##  .meanDiff.R.M.T -0.009 0.045 -0.207 p = .836       -0.097    0.079 
##  .meanDiff.R.S.F -0.006 0.045 -0.139 p = .890       -0.095    0.083 
##  .meanDiff.R.S.M  0.028 0.050  0.560 p = .576       -0.070    0.125 
##  .meanDiff.R.S.T -0.021 0.050 -0.432 p = .666       -0.119    0.076 
##  .meanDiff.R.T.F  0.047 0.046  1.022 p = .307       -0.043    0.136 
##  .meanDiff.R.T.M  0.003 0.048  0.068 p = .946       -0.091    0.097 
##  .meanDiff.R.T.S -0.050 0.051 -0.974 p = .330       -0.151    0.051 
##  
##  
## ##################################### 
## Difference of variances between groups (1-2) 
## ##################################### 
##       component   diff    se      z  p.value sig ci.lower ci.upper 
##     .varDiff.FE  0.004 0.023  0.163 p = .870       -0.041    0.048 
##    .varDiff.A.F -0.057 0.032 -1.788 p = .074   †   -0.120    0.006 
##    .varDiff.A.M -0.010 0.034 -0.303 p = .762       -0.077    0.056 
##    .varDiff.A.S  0.027 0.055  0.494 p = .621       -0.081    0.136 
##    .varDiff.A.T  0.023 0.046  0.498 p = .618       -0.067    0.112 
##    .varDiff.P.F  0.052 0.041  1.257 p = .209       -0.029    0.133 
##    .varDiff.P.M -0.065 0.040 -1.648 p = .099   †   -0.143    0.012 
##    .varDiff.P.S -0.008 0.041 -0.183 p = .855       -0.088    0.073 
##    .varDiff.P.T  0.034 0.038  0.885 p = .376       -0.041    0.108 
##  .varDiff.R.F.M  0.171 0.076  2.259 p = .024   *    0.023    0.319 
##  .varDiff.R.F.S  0.074 0.070  1.070 p = .285       -0.062    0.211 
##  .varDiff.R.F.T  0.255 0.069  3.677 p < .001 ***    0.119    0.390 
##  .varDiff.R.M.F  0.066 0.078  0.844 p = .399       -0.087    0.218 
##  .varDiff.R.M.S  0.105 0.091  1.152 p = .249       -0.074    0.284 
##  .varDiff.R.M.T  0.112 0.069  1.611 p = .107       -0.024    0.248 
##  .varDiff.R.S.F  0.084 0.088  0.963 p = .335       -0.087    0.256 
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##  .varDiff.R.S.M  0.091 0.106  0.856 p = .392       -0.118    0.300 
##  .varDiff.R.S.T -0.061 0.119 -0.512 p = .609       -0.295    0.173 
##  .varDiff.R.T.F  0.327 0.085  3.869 p < .001 ***    0.161    0.493 
##  .varDiff.R.T.M  0.275 0.089  3.077 p = .002  **    0.100    0.450 
##  .varDiff.R.T.S  0.462 0.131  3.515 p < .001 ***    0.205    0.720 

Note. To limit the output, the results by group are not presented, only the 

differences between both groups.  

In the output it can be seen that for each difference in means (variances) 

between groups, the value of the second group is subtracted from that of the first 

group, as indicated by (1−2) in the headers. The first column contains the label 

for each difference where .meanDiff and .varDiff stand for the difference in 

means and variances, respectively. After the second dot the different SRM 

components are defined. After the third dot the corresponding role is displayed 

(e.g., .meanDiff.A.F denotes the difference between the actor mean of fathers 

between group 1 and group 2). As before, for the relationship effect first the role 

of the rater, followed by the role of the person being rated is displayed (e.g., 

.varDiff.R.M.F denotes the difference between the mother-father relationship 

variance in both groups). 

Code 6: Testing whether the Social Relations Model Fits the Data Better than 

a Null Model 

It can be formally tested whether family roles matter at all. This is done 

by a model comparison to compare the Social Relations Model with a constrained 

model which assumes equal SRM-means across roles, equal actor, partner, 

relationship variances and reciprocities. 

# fit a regular SRM with the data 
freeroles <- fSRM(neg ~ actor.id*partner.id | family.id, data=clinical
,  
                  means=TRUE) 
 
# fit a complete constrained model with the data 
equalroles <- fSRM(neg ~ actor.id*partner.id | family.id, data=clinica
l,  
                   means=TRUE, rolesEqual=TRUE) 
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# compare both models 
anova(freeroles$fit, equalroles$fit) 
## Chi Square Difference Test 
##  
##                Df  AIC  BIC Chisq Chisq diff Df diff Pr(>Chisq)     
## freeroles$fit  47 3215 3335  45.9                                   
## equalroles$fit 83 3416 3435 318.8        273      36     <2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

 

Since the constrained model is significantly worse than a model with family 

roles (p < .001) , it can be concluded that the roles in the family matter. 
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APPENDIX C: MODEL FIT ASSESSMENT 

The goodness-of-fit of a model can be assessed by comparing the observed 

variance-covariance matrix (as shown for example in Table 2) with the model-

implied variance-covariance matrix. Different fit indices are presented under the 

heading Model Summary in the fSRM-output. They enable the user to evaluate 

how well the Social Relations Model fits their data. First, if the chi-square is not 

significant, the model is considered acceptable since the observed covariance 

matrix is considered similar to the model-implied covariance matrix. The 

Comparative Fit Index (CFI) is suitable for small (n < 100) sample sizes (Bentler, 

1989). In the context of the SRM it is advised that the CFI exceeds .90 or, ideally, 

.95 (Cook, 1994). Next, a value of the Tucker Lewis Index (TLI) or Non-Normed 

Fit Index (NNFI) between .90 and .95 is considered as a marginal fit, values 

exceeding .95 represent a good fit (Kenny, 2014). Concerning the Root Mean-

Square Error of Approximation (RMSEA) a value of 0.01 indicates an excellent 

fit, 0.04 a good and 0.08 a moderate fit (Kline, 2010). However, small simulation 

studies in the SRM-setting (see the online supplementary material) indicate that 

a cut-off of .08 for the RMSEA may be more suitable. 
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  ABSTRACT  

Originating from the Social Relations Model (SRM) with interchangeable dyad 

members (Kenny & La Voie, 1984), the family version of the SRM assumes that the 

family effect (e.g., the family climate) influences all family members’ perceptions about 

each other in the same way (i.e., equal weights assumption). We argue that this 

assumption might be too stringent for the family model and therefore introduce the 

Flexible SRM. This model uses an alternative conceptualization of the family effect 

that is tested and validated in two steps. First, by examining 60,000 simulated data 

sets, we conclude that the traditional SRM results in bad model fits and incorrect 

(biased) estimators of the SRM variances when the equal weights assumption is not 

fulfilled. The Flexible SRM, on the contrary, results in good fitting models and unbiased 

estimators regardless of whether this assumption is fulfilled or not. Second, by reviewing 

published SRM studies, we find evidence against the equal weights assumption in real 

settings. Family researchers should be aware that using the traditional 

conceptualization of the family effect can have unintended effects. Our findings might 

also explain why the contribution of the family effect is often found to be negligible 

when using the traditional SRM, as its variance might be systematically 

underestimated. Interpretational advantages of the flexible SRM are highlighted as 

well.  
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INTRODUCTION 

Over the past decades, the Social Relations Model for families (SRM; Cook & 

Dreyer, 1984; Kenny & La Voie, 1984) has become one of the most widely used models 

for the analysis of dyadic data. The SRM is a conceptual and analytical model that 

allows researchers to simultaneously investigate complex family processes at different 

levels (Kashy & Kenny, 1990) while accounting for the different roles within a family 

(Cook & Dreyer, 1984). With over 340 articles and book chapters since its first 

appearance (see http://davidakenny.net/doc/srmbiblio.pdf for a bibliography of the 

SRM), it is one of the most important models to perform a systemic analysis of family 

data. The SRM has been used to examine a wide range of constructs such as trust 

(Buyukcan-Tetik, Finkenauer, Siersema, Vander Heyden, & Krabbendam, 2015), anger 

(Halberstadt, Beale, Meade, Craig, & Parker, 2015b), attachment (Buist, Dekovic, 

Meeus, & van Aken, 2004; Cook, 2000), influence (Coesens, De Mol, De Bourdeaudhuij, 

& Buysse, 2010; Cook, 2001), psychological control (Aunola, Tolvanen, Viljaranta, & 

Nurmi, 2013), and relational support (Branje, van Aken, & van Lieshout, 2002) in 

families.  

 

In order to use an SRM, every family member must rate how he or she perceives 

every other family member on the same item(s). As a result, the observed scores 

measure family members’ perceptions about each other. For every construct of interest, 

the SRM is then capable of decomposing these perceptions into components at three 

different levels: the individual, the dyadic and the family level. The model assumes that 

when a child rates how much she trusts her mother, for example, this observed score 

contains information about the child who evaluates (i.e., child’s actor effect), the 

mother who is being rated (i.e., mother’s partner effect), their unique relationship (i.e., 

child-mother relationship effect), and their family characteristics (i.e., family effect; 

Kenny, Kashy, & Cook, 2006).  

SRM components have been used to examine between-family differences (e.g., Do 

families differ from each other because of varying individual, dyadic or family 
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characteristics?) as well as the average levels of a given construct (e.g., How 

trustworthy do adolescents generally perceive their family members?). In addition, the 

SRM allows investigating reciprocities at the individual (e.g., if children in general tend 

to trust all others, are they also experienced as trustworthy?) and dyadic level (e.g., if 

children uniquely trust their mother, do mothers then also uniquely tend to trust their 

child?). In this manuscript, the conceptualization of the family effect is of special 

interest1. This family effect is a group effect aimed to describe family characteristics 

(Manders et al., 2007), such as the family climate (Cook & Kenny, 2004; De Mol, 

Buysse, & Cook, 2010; Delsing, Aken, Oud, Bruyn, & Scholte, 2005; Eichelsheim et al., 

2011; Lanz & Tagliabue, 2014; Rasbash et al., 2011; Tagliabue & Lanz, 2009).  

 

Originally, the SRM was developed for small groups with interchangeable, largely 

unacquainted partners in short-term relationships (Hsiung & Bagozzi, 2003; Kenny, 

1994). Its group effect is conceptualized as the average score of the average group 

member (Kenny & La Voie, 1984), which is interpreted as a measure of similarity (Cook 

& Kenny, 2004; De Mol, Buysse, & Cook, 2010; Eichelsheim, Deković, Buist, & Cook, 

2009; Migerode, 2012). With interchangeable group members, it is reasonable to assume 

that every member is of equal importance for this group average and, therefore, all 

their perceptions (i.e., the observed scores) receive the same weight. Hence, this group 

effect is an unweighted average. 

 

In contrast, the family SRM is an adaptation of this model intended to unravel 

family dynamics. In this setting, subjects are well acquainted, continue in long-term 

relationships with each other, and have distinct roles (e.g., mother, father, and children; 

Cook & Dreyer, 1984; Kashy & Kenny, 1990). Consequently, two important issues arise 

for the family version of the SRM. First, one may wonder whether the average score of 

the average family member is a good conceptualization of a family characteristic. While 

                                                      
1 Although not within the scope of this manuscript, Appendix A contains a detailed description of the other 

SRM effects as well. 
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in the indistinguishable model the group effect is interpreted as a measure of similarity, 

this does not seem generalizable to the family setting. Indeed, a systematic review of 

the family SRM concluded that “being from the same family does not make family 

members similar” (Eichelsheim et al., 2009; Plomin, Asbury, & Dunn, 2001), implying 

that this overall average is not an adequate measure of family characteristics. Moreover, 

across studies the contribution of the family effect in its current form was found to be 

negligible as it hardly explained any variance of family members’ perceptions 

(Eichelsheim et al., 2009). 

Second, as a consequence of the previous, the question arises whether the 

assumption still holds that all scores are of equal importance for the group effect in the 

family model. For instance, numerous studies have used the SRM to measure the family 

climate (Cook & Kenny, 2004; De Mol, Buysse, & Cook, 2010; Delsing, Aken, Oud, 

Bruyn, & Scholte, 2005; Eichelsheim et al., 2011; Lanz & Tagliabue, 2014; Rasbash et 

al., 2011; Tagliabue & Lanz, 2009). But can the model truly assume that every family 

members’ perception has the same effect on the family climate? Consider as an example 

Amy who is an enthusiastic and optimistic thirteen-year old child. Her mother, father 

and little brother think that she always lights up the room. Therefore, it is not 

unreasonable to assume that their family climate of positivity is highly influenced by 

the positive perceptions about Amy. This reasoning is in line with family literature as 

research has repeatedly shown that family members’ perceptions contribute differently 

to family characteristics, such as the family climate. Conversely, family characteristics 

have also shown to have a different impact on family members’ perceptions (Dohmen, 

Falk, & Huffman, 2012; Gauly, 2017; Halberstadt, Beale, Meade, Craig, & Parker, 

2015a; Manders et al., 2007b). For example, it has been described that mothers appear 

to be more sensitive perceivers of the family climate of warmth (Manders et al., 2007a), 

whereas fathers are relatively less attuned to the overall climate of anger in families 

(Halberstadt, Beale, Meade, Craig, & Parker, 2015). As a result, we believe that the 

assumption that all scores contribute equally to the group effect (i.e., the assumption 

of equal importance) is too stringent for the family version of the SRM. 
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To fill this gap in scientific literature, we introduce in this manuscript the Flexible 

SRM which relaxes the assumption of equal weights for the family effect. This adapted 

model has several essential advantages. First, the Flexible SRM may allow family 

researchers to more adequately measure family characteristics, such as the family 

climate, instead of providing information about the average score of the average family 

member. Second, we believe that the model is able to capture family dynamics better 

as it can also deal with data in which family characteristics have a different impact on 

family members’ perceptions. Third, the model provides information on how these 

family characteristics influence family members’ perceptions. For example, to what 

extent are children’s perception of mothers’ trustworthiness determined by the overall 

family climate of trust?  

 

The aim of this article is to test and validate the added value of the Flexible SRM 

as compared to the traditional family SRM2. In particular, this manuscript examines 

the added value of the flexible conceptualization of the family effect and whether  it 

should be preferred over that of the traditional SRM. We postulate two research 

questions:  

 

Question 1: Does the Flexible SRM perform better than the traditional SRM in 

terms of model fit and bias? 

The question arises what the consequences are when this equal weights 

assumption is or is not fulfilled while using the traditional and Flexible SRM. 

By means of a simulation study, two types of realities are mimicked: (a) the 

family climate influences all family members perceptions in the same way (i.e., 

assumption of equal weights fulfilled), and (b) family members’ perceptions are 

differently influenced by the family climate (i.e., equal weights assumption not 

fulfilled). In the first scenario, both models are expected to capture these family 

                                                      
2 In the remainder of this manuscript,  this traditional family SRM is simply called the “traditional model”, not 

to be confused with the original SRM with interchangeable group members. 
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processes equally well. In the second scenario, however, we believe that the 

Flexible SRM will outperform the traditional model as it is able to capture these 

family dynamics better and will better fit the data. Moreover, the traditional 

SRM may result in incorrect (biased) estimates for the family effect, due to 

model misspecification (Yuan, Marshall, & Bentler, 2003). 

 

Question 2: Which scenario matches the reality encountered in family research 

best? 

By answering the first research question, one knows how both models perform 

when the assumption of equal weights is or is not fulfilled (cfr. it allowed to 

manipulate the underlying truth). This second question aims to investigate 

which of these two scenarios may capture the reality encountered in family 

research best. To answer this, we review and re-analyze published SRM studies 

with both the traditional and Flexible SRM. As we expect that in reality the 

equal weights assumption is not always fulfilled, we predict that the Flexible 

SRM will fit the observed data better than the traditional SRM. 

 

This article is organized as follows. We start with a description of the Flexible SRM: 

its required design, the underlying statistical model and its interpretation. Next, the 

simulation study and review are presented. We end this paper with a discussion. 

THE FLEXIBLE SOCIAL RELATIONS MODEL 

Design and Model 

In order to identify all the SRM components in four-person families (i.e. the family 

effect, the four actor effects, the four partner effects and the 12 relation-specific effects), 

every family member needs to rate how he or she perceives every other family member 

on the same item(s) (i.e., a round-robin design). As a running example, we will consider 
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relational trust. In a study with four-person families, for instance, children rate how 

much they trust their sibling, mother and father. Similar ratings are made by the other 

family members, resulting in twelve observed scores. Suppose the following roles are 

present in a study consisting of four-person families: M (mother), F (father), O (older 

child) and Y (younger child). When the older child rates how much he or she trusts his 

or her mother this score can be written as XOM; father’s score of mother’s 

trustworthiness can be denoted as XFM and so on. We use this notation throughout the 

remainder of the manuscript, with the first character identifying the evaluating person 

and the second character the person being rated. 

 

The SRM components are typically specified as latent variables in a confirmatory 

factor analysis, which are measured through the aforementioned observed scores. The 

SRM for four-person families is shown in Figure 1. Consider, for example, the observed 

score of the mother rating the father, which is written as XMF. This score then loads 

on the family effect, the actor effect of the mother (she is the rater), the partner effect 

of the father (he is the person being rated), and the mother-father relationship effect. 

Consequently, single-headed arrows point from these components to this observed 

score. Note that, similar to the traditional SRM, two indicators are required to separate 

the relationship effect from the residual (Cook, 1994). For instance, Eichelsheim et al. 

(2011) measured negativity using six items which asked for hostile behavior and 

conflicts. In the case of one indicator, one simply takes the average of those six items. 

For the case of two indicators one could take the average of the first three items to 

serve as the first indicator, and the average of the last three items for the second 

indicator.  

As described in the introduction, the model allows for both individual and dyadic 

reciprocities. These reciprocities are shown in Figure 1 as double-headed arrows.  
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Factor Loadings as Weights  

In the traditional SRM, all paths from the SRM components to the observed scores 

are fixed to 1.0. These paths are called the factor loadings. When all factor loadings 

are fixed to the same value, every score receives the same weight, implying that they 

are all influenced in the same way by the corresponding SRM component (i.e., the 

assumption of equal weights). For example, an actor effect measures characteristics of 

the rater that influences all his or her relationships in the same way, such as personality 

or attachment. As a person’s relationships are all identically influenced by this factor, 

equal weights are assigned to all ratings of this particular person. Even though the 

assumption of equal weights makes sense for the individual and dyadic components3, 

we argued in the introduction that it may seem too stringent for the family effect. The 

Flexible SRM, therefore, relaxes this assumption and allows to freely estimate the factor 

loadings of the family effect instead of fixing them to 1.0. These freely estimated factor 

loadings are denoted with lambda’s in Figure 1. Note that the conceptualization of the 

other components (i.e., actor, partner and relationship effect) is identical to those in 

the traditional SRM, with their factor loadings being fixed to 1.0.  

 

 

 

 

 

 

                                                      
3 For the individual and dyadic components this assumption is very intuitive. As described in Appendix A and 

in the body of the text, the actor effect measures the cross-relational consistency in the perceptions of a specific 

rater (De Mol, Buysse, & Cook, 2010). Consequently, equal weights are assigned to all perceptions of this person. 

Similarly, the partner effect is the cross-relational consistency in how a particular person is perceived by all other 

family members (De Mol et al., 2010). Therefore, equal weights are assigned to the different perceptions about this 

person, as well. What is unique for a specific relationship is captured by the relationship effect. Typically, a single 

measure is used (which naturally receives 1.0 as a weight). To separate the relationship effect from the error, each 

score is measured twice. Needless to say that these replications receive the same weight (i.e., 1.0) since they measure 

the same thing.  
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When the factor loadings of a latent variable can be freely estimated, one has to 

choose a strategy to set its scale. Considering that the most commonly used strategies 

have severe drawbacks for the SRM4, we opt to use the lambda approach5 (Little, 

Slegers, & Card, 2006). With this approach, all factor loadings of the family effect can 

be freely estimated while the scale is set by fixing their average to one. In Figure 1, 

these freely estimated factor loadings are indicated with lambda’s. These lambda’s can 

be interpreted as weights of the corresponding scores, revealing how family 

characteristics influence family members’ perceptions of each other. The next section 

elucidates different ways of interpreting these factor loadings. 

 

Interpretation of the Components and Factor Loadings 

This section clarifies how to interpret the Flexible SRM components and the factor 

loadings of the family effect. In the flexible model, the family effect is a weighted mean 

where some scores might be more influenced by this family effect than others6. Its 

conceptualization enables to target family characteristics better, such as the family 

climate. For comparability reasons, note that in the traditional SRM, the family effect 

is an unweighted mean with all scores being identically influenced by this family effect.  

                                                      
4 Traditionally, within the CFA-framework, ULI (i.e., unit loading identification) or UVI (i.e., unit variance 

identification) are used. With ULI, one rating serves as a reference indicator by fixing its factor loading to 1.0 while 

the other factor loadings can be freely estimated. This approach has two drawbacks for the SRM. First, how should 

one decide which score serves as the reference indicator? Second, it complicates the interpretation of the family 

effect. With UVI, the variance of the family effect would be fixed to one. This is not desirable as well, because the 

variances are typically of primary interest for SRM researchers. It can pinpoint, for example, if there are between-

family differences in the overall family climate of trust. 

5 Factor loadings are typically displayed using lambda’s. Therefore, the strategy of Little and colleagues (2006) 

is called the lambda approach in this article. Note that these authors originally named it the effects-coding method. 

6 Note that both models in their current forms do not allow for causal conclusions between the latent and 

manifest variables. Therefore, the model that assumes that the observed scores are influenced by the family effect 

(i.e., reflective indicators) will yield the same results as the model that assumes these observed scores to be influenced 

by the family effect (i.e., formative indicators). For reasons of clarity and to stay in line with the traditional SRM 

interpretation, we opt to present the model in a reflective way.   
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Using the usual ANOVA-based approach (Kenny, Kashy, & Cook, 2006), the 

specification of the other SRM components remains identical as in the traditional SRM: 

the actor and partner effect (i.e., the individual components) are still deviations from 

the family effect and the relationship effect remains the deviation from these individual 

components. Note, however, that due to the alternative conceptualization of the family 

effect, a different reference level is used for these individual and dyadic effects. Consider 

as a fictive example a study in which family members rate how much they trust each 

other on a nine-point Likert scale. When inspecting the means, researchers find a family 

effect of seven and a partner effect for mothers of one. This indicates that families are 

characterized by high levels of trust (i.e., the family climate) and that mothers are on 

average perceived to be even more trustworthy in this overall family climate of trust. 

For the purpose of comparison, note that with the traditional SRM these results can 

be interpreted as follows: the average rating shows that family members on average 

perceive each other as highly trustworthy. Compared with this average, mothers are 

perceived to be even more trustworthy by all family members.  

There are three different aspects in the factor loadings of the family effect that can 

be considered. First, one can examine how each observed score is influenced by the 

family climate by comparing its factor loading with the value 1.0, the average of all 

loadings 7 . A factor loading exceeding 1.0 indicates that this perception is more 

influenced by the family climate than the average perception is. For example, a factor 

loading for MF above 1.0 implies that mother’s perception of fathers’ trustworthiness 

is influenced more by the overall family climate than the average perception. This 

approach can also be used for exploring the effect of the family climate on a specific 

role (e.g., mother, father, child) or a generation. For example, if mothers’ perceptions 

are influenced more than average by the family climate of trust, all her factor loadings 

will be above one. l 

Second, the nature of the association between a perception and the family 

component can be inspected through the sign of the factor loading. That is, factor 

                                                      
7 This is a consequence of the lambda approach, which constraints the average of all factor loadings to be 1.0. 
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loadings are in essence regression coefficients and can be interpreted likewise. For 

example, a positive factor loading of FM on the family effect suggests that the more an 

overall climate of trust exists in families, the more fathers trust mothers.  

Third, one can compare the relative sizes of the factor loadings. For example, if the 

loading for FM is larger than the loading for YO, the family climate of trust seems 

more important for explaining how much fathers trust mothers than how much younger 

children trust their older sibling.  

SIMULATION STUDY 

This section addresses the first research question: Does the Flexible SRM perform 

better than the traditional SRM in terms of model fit and bias? 

Method 

Data are simulated according to two scenario’s, mimicking two types of realities: 

(a) the family climate influences all family members perceptions in the same way (i.e., 

assumption of equal weights fulfilled), and (b) the family climate influences family 

members’ perceptions differently (i.e., equal weights assumption not fulfilled). In 

particular, data are simulated as shown in Figure 1 with all lambda’s fixed to 1.0 in 

scenario a, whereas in scenario b these lambda’s are free parameters. The average of 

all loadings was constrained to 1.0 in scenario b, following the lambda approach. We 

choose the values of the factor loadings to be 0.5 or 1.5. One should be aware that the 

larger the deviation from 1 in reality is, the greater the effect of deviating from the 

equal weights assumptions will be. The means of all dyadic scores are set to zero8. 

Under both scenario’s, 5000 data sets with six different sample sizes (i.e., n = 50, 75, 

100, 150, 300 and 500) are simulated using the R-package lavaan (i.e., an R package 

                                                      
8 The results for the simulation studies which did include a mean structure are very similar to those presented 

here. Means were not included in current section to correspond with the models in the review section. 
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for a.o. confirmatory factor analysis; Rosseel, 2012)9. On every data set, both the 

traditional and the Flexible SRM are fitted. Next, the performance of both models is 

examined using two criteria: (1) Does the Flexible SRM fit the data better than the 

traditional SRM? and (2) Do both models result in correct (i.e., unbiased) estimates of 

the variances? 

For the first criterium, we evaluate for every simulated data set how well the fitted 

models match the dynamics in the data. In statistical terms: the model fit is inspected 

to evaluate whether the model implied variance-covariance matrix matches the 

observed variance-covariance matrix. First, a non-significant p-value of the chi-square 

goodness-of-fit test indicates that the model fits the data well. Therefore, models with 

a p-value exceeding .05 for this test are considered as good fitting models. The model 

fit is also assessed using the Comparative Fit Index (CFI), the Tucker-Lewis index 

(TLI), the Root Mean Square Error of Approximation (RMSEA), and the Standardized 

Root Mean Square Residual (SRMR). For these fit indices, the cutoff values of Hu and 

Bentler (1999) are used in this paper. These authors recommend the following 

guidelines for structural equation models with Maximum Likelihood Estimation: for the 

CFI and TLI values should exceed .95, whereas values for the RMSEA and SRMR 

should be below .06 and .08, respectively. For each fit index under each scenario, we 

calculated the proportion good fitting models according to these indices.  

For the second criterium, plausible bias in the estimation of the variance of the 

family effect is inspected. Bias is the tendency to over- or under-estimate the value of 

the population parameter (i.e., the true value). By performing a simulation study, we 

know the true value of the population parameter because these true values need to be 

specified in the data generating model. This allows to inspect if the models correctly 

estimate these parameters. A boxplot is used to plot the difference between the median 

of the estimated effects and the true value. A systematic difference between both values 

signifies the presence of bias. Note that the median of all estimated effects is used to 

minimize the impact of possible outliers. 

                                                      
9 For more statistical details on how data were simulated, we refer the interested reader to Appendix C.  
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This simulation study was done twice: once for models with a single indicator and 

once for models with two indicators. For reasons of parsimony, we only present the 

results of the simulation study using a single indicator in the body of the text. Similar 

results are obtained with two indicators. The interested reader is referred to Appendix 

C (section: Results using Two Indicators) for further details. 

Results and Interpretation 

Model fit 

The results for the data generated under scenario a (i.e., assumption of equal weights 

fulfilled) are discussed first. Both the flexible and traditional SRM are fitted with these 

data sets and their performances are inspected in terms of the model fit, which are 

shown in Figure 2 and 3. Note that six different sample sizes are considered, which are 

denoted with a dot in these figures. We connected these dots to highlight general 

patterns. The left panel of Figure 2 shows the results of the chi-square goodness-of-fit 

test for scenario a. Although negligible, the Flexible SRM performs slightly better than 

the traditional SRM. With increasing sample sizes, both models fit the data well in 

95% of the cases. This is in line with what is expected with a typical Type I error rate 

of 5%.  

The upper panel of Figure 3 confirms this similar performance in terms of model fit 

of both models when using the CFI, TLI and RMSEA. When inspecting the results for 

the SRMR, the Flexible SRM seems to fit the data better than the traditional model. 

However, this is most likely an artefact of this fit index rather than the model. To be 

more precise, it has been described that the value of the SRMR tends to decrease in 

models with fewer degrees of freedom (Taasoobshirazi & Wang, 2016). Because the 

Flexible SRM has 11 degrees of freedom less than the traditional SRM, this result 

should not surprise. Moreover, the value of the SRMR tends to decrease with larger 

samples, explaining why the traditional model also results in good values for the SRMR 

with sample sizes starting from 150. In general, we conclude that, besides the SRMR, 
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all fit indices reveal that both models perform equally well across sample sizes when 

the equal weights assumption is fulfilled.  

 

 

 (a)           (b) 

Figure 2. The proportion of models with a p-value of the chi-square goodness-of-fit test exceeding .05. 
Figure (a) shows the performance of the traditional SRM (solid line) and Flexible SRM (dashed line) 
when the equal weights assumption is fulfilled. Figure (b) displays the performance of both models when 
this assumption is not fulfilled. 

 

 

When considering scenario b (i.e., equal weights assumption not fulfilled), the fit 

statistics indicate a much better fit for the Flexible SRM than for the traditional model. 

In particular, Figure 2b shows that the chi-square goodness-of-fit test reveals a bad 

model fit for the traditional SRM in the majority of samples (i.e., p < 0.05). The larger 

the sample size, the smaller the number of good fitting models according to this index. 

For a sample size of 150, for example, less than 6% of all data sets had a p-value larger 

than 5% for this test statistic. This result stands in contrast with that of the Flexible 

SRM, which has similar fit statistics as in scenario a (cfr. Figure 2a).  

 

It is noteworthy that a considerable amount of published SRM studies report 

significant p-values for the chi-square goodness-of-fit test, indicating a bad model fit 

(e.g., Ackerman, Kashy, Donnellan, & Conger, 2011; Branje et al., 2002; Buyukcan-
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Tetik et al., 2015; Cook, Dezangré, & Mol, 2018). Although this is generally explained 

by the idea that this test performs worse with large samples, Figure 2b shows that this 

result might also be due to model misspecification.  

The other fit indices confirm these results (cfr. lower panel of Figure 3). In 

particular, the fit statistics of the more Flexible SRM remains as in scenario a. The 

traditional SRM, on the contrary, generally results in a bad model fits according to all 

fit indices. Here, the TLI  and RMSEA both show that in small samples (50  n  

100) approximately only 20% of all fitted models receive a satisfactory fit value for 

these fit indices. This number even decreases with increasing sample size. A similar 

pattern is found for the CFI. Interestingly, none of the samples receive an acceptable 

fit value according to the SRMR, regardless of its sample size.  

Taken together, if the equal weights assumption is fulfilled or not, this does not 

affect the fit statistics of the Flexible SRM. This stands in contrast with the traditional 

SRM. which tends to show poorer fitting models when in reality the family climate 

influences family members’ perceptions differently. 
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Bias 

This section inspects if both models estimate the variances of the components 

correctly when the equal weights assumption is or is not fulfilled. Plausible bias in the 

estimates is inspected by comparing the median of the estimated value of the model 

with the true value. Results for the family effect are shown in Figure 4. The horizontal 

line represents the true value of the variance under the data generating models. In 

scenario a (see upper panel Figure 4), no bias is present in either model’s variance 

estimates, indicating that both models result in correct estimates for the variance of 

the family component. When data are simulated under scenario b (see lower panel 

Figure 4), the Flexible SRM outperforms the traditional model. In particular, the 

Flexible SRM still provides unbiased estimates, whereas the traditional SRM results in 

biased estimates of the family variance. Interestingly, the traditional model 

systematically underestimates the variance of the family effect.  

When inspecting the estimates of the actor and partner effect, similar results are 

found. Under scenario a, both models result in unbiased estimates. Under scenario b, 

however, the traditional SRM systematically results in biased estimates of these 

variances. The interested reader is referred to Appendix B for a graphical 

representation of these latter results. Note that we did not examine the estimates of 

the relationship effects as these estimates are by definition confounded with error in 

models with a single indicator.  
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DISCUSSION 

This section addressed the first research question: Does the Flexible SRM perform 

better than the traditional SRM in terms of model fit and bias? After examining 60,000 

simulated data sets with varying sample sizes under each scenario, we conclude that 

the flexible model either outperforms the traditional model (scenario b) on these two 

criteria or performs alike (scenario a). To be specific, in terms of the model fit, both 

models behave well in scenario a. In scenario b, the Flexible SRM still fitted the data 

well, while all fit indices of the traditional SRM revealed a bad fit. Taken together, the 

Flexible SRM is able to capture all dynamics at the family level adequately, whereas 

the traditional model only succeeds to capture these dynamics adequately when the 

equal weights assumption is fulfilled.  

In terms of bias, both models show no bias in SRM variance estimators under 

scenario a. In scenario b, however, the traditional SRM results in incorrect (biased) 

estimators. This bias results in an underestimation of the variance of the family effect. 

With family researchers mainly being interested in the variances of the SRM 

components, this result has important implications. It could explain why family 

researchers hardly found significant family variances across studies (Eichelsheim et al., 

2009). Interestingly, the performance of the flexible approach is not affected by the fact 

if the equal weights assumption is or is not fulfilled. In both scenario’s, it results in 

good fitting models and correct, unbiased estimates. 

 

As an answer to the first research question, we conclude that the flexible model 

outperforms the traditional SRM on these two criteria as it shows good fitting models 

and correct estimates under both scenarios, whereas the traditional model only seems 

suitable to deal with scenario a. This naturally rises to the second research question: 

“Which scenario matches the reality encountered in family research best?”  
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REVIEW 

This section addresses the second research question by reviewing published SRM 

studies. Both the flexible and traditional SRM are fitted on the published data. We 

compare their model fit and try to gain insight in the plausibility of the equal weights 

assumption. In depth interpretations of the factor loadings are given as well.  

Method 

Inclusion Criteria and Study Characteristics 

For transparency reasons, solely published studies are included in the review. We 

targeted single-group research that was conducted in four-person families (two-parents-

two-children families). Studies using confirmatory factor analysis were of interest 

because this approach allows to inspect the model fit. We searched Web of Science for 

studies that met these criteria. The search terms “social relations model”, and “social 

relations analysis” were used, cross-referencing them with the search term “famil*”. As 

our goal was not to be exhaustive, only studies published in the year 2000 or later were 

screened. Studies with a non-perfect fit (i.e., a value below 1.0 for the CFI and TLI) 

were selected as they still had room for improvement in the model fit.  

Study characteristics are shown in the first columns of Table 2. In total, we were 

able to obtain the raw data of eight SRM analyses of six different studies from the 

original authors, with sample sizes varying from 51 to 451 families. The samples were 

obtained in three different countries: the United States, Belgium and the Netherlands. 

Studies using both a single and two indicators were included.  

 

Analysis  

All data are analyzed using lavaan (Rosseel, 2012) in a step-by-step approach. In a 

first step, the original results with the traditional SRM are replicated based on the 

corresponding publication. The accuracy of our replications are checked using the 

reported degrees of freedom, fit indices and parameter estimates. Small discrepancies 
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with the original study might occur due to the usage of different software. In line with 

Cook (1993), some studies fixed components with negative variances to zero as 

variances can never be negative. For comparability reasons10, we opted not to constrain 

these variances to zero but rather force all variances to be positive. This approach 

yields identical results for the traditional SRM because these negative variances are 

automatically set to a value close to zero11. In a second step, the Flexible SRM is fitted. 

Here, the same model is fitted as in the previous step, only the factor loadings of the 

family effect are now freely estimated instead of being fixed to 1.0. The same 

assumptions were made as in the simulation study: the average of the factor loadings 

of the family effect is fixed to 1.0, these loadings were only allowed to vary between -

20 and 20, and the mean structure was left unspecified. Lastly, we formally test if the 

Flexible SRM (step 2) fits the family data significantly better than the original model 

(step 1) by means of the chi-square difference test. This test will show if a significant 

improvement in model fit occurs when the factor loadings are set free. If so, this 

indicates that for the observed family data the assumption of equal weights may not 

be fulfilled.  

Results and Interpretation 

For seven out of eight constructs, the Flexible SRM fits the family data significantly 

better than the traditional SRM (see third column of Table 2). Only in two samples, 

no evidence is found against the assumption that the traditional model performs equally 

well as the flexible approach. This suggests that for the majority of studied variables, 

the equal weights assumption is not fulfilled, meaning that the family climate exhibits 

a different influence on family members’ perceptions. This also suggests that it depends 

on the measured construct if this assumption is fulfilled or not. For most constructs, 

this assumption seems too stringent, whereas for others (i.e., positive influence and 

                                                      
10 Remember that the family effect is the baseline to which the other SRM components are compared to. Because of its different conceptualization, the meaning of this baseline 

differs (i.e., the average score of the average family member versus a measure of family characteristics) and, consequently, the other SRM components can be estimated differently in both 

models as they are compared to a different baseline.  
11 Note that by not fixing these variances to zero, but rather allowing their non-negative estimation, it is possible that the fitted models results in fewer degrees of freedom than 

the original models. Therefore, discrepancies between the published and reported degrees of freedom might occur.  
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comfort depending on the partner) this assumption seems valid. With the sample of 

Migerode (2012), however, the question arises if no difference between both models is 

found due to the construct of interest (i.e., positive influence), because of other family 

characteristics (i.e., this study investigates families with a child with a disability) or 

due to lack of power. 

 

Particularly interesting when using the Flexible SRM is the interpretation of the 

factor loadings of the family effect. Their estimation allows researchers to gain insight 

in how the family climate influences family members’ perceptions of each other. The 

estimated factor loadings are shown in the last twelve columns of Table 2. Noteworthy, 

when analyzing different constructs different patterns appear.  

First, when comparing the factor loadings with 1.0 (i.e., the average effect of the 

family climate on the perceptions), a generational pattern is detected for some 

constructs. For example, when investigating attachment anxiety (Cook, 2000), all 

factor loadings of children’s perception (i.e., OM, OF, OY, YM, YF and YO) are above 

one whereas those of the parents (i.e., MF, MO, MY, FM, FO and FY) are below one. 

This implies that the family climate is informative for explaining children’s fear of 

rejection in relation to all others, whereas it has less influence on  
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parent’s fear of rejection. A similar pattern is found when investigating positive 

engagement behaviors (an interpersonal style characterized by attentiveness, warmth, 

cooperation, and clear communication; Ackerman et al., 2011). That is, children’s 

positive engagement seems to be influenced more by the family climate than those of 

the parents. These findings are in line with the idea of socialization. 

Besides revealing a generational pattern, comparing the factor loadings with the 

value 1.0 can expose valuable information for a specific role, as well. When studying 

relational support (Branje et al., 2002), for example, the family climate seems 

important for explaining how much support older children perceive in relation to every 

family member. That is, all corresponding factor loadings are estimated above 1.0 (i.e., 

OM = 1.68, SE OM) = 0.21; OF = 2.08, SE( OF) = 0.20, OY = 1.27, SE( OY) = 0.20), 

while the factor loadings of the other family members are all below (or close to) 1.0 

(i.e., range 0.50 – 1.04). Interestingly, these older siblings were on average 15 years 

old12. This suggests that the influence of the family climate on the amount of support 

that adolescents in the pubertal phase perceive is higher than for other family members.  

Second, by inspecting the sign of the factor loadings one gains insight in the nature 

of the association between the corresponding perception and the family climate. When 

studying trust (Buyukcan-Tetik et al., 2015), for example, it appears the more an 

overall sense of trust exists in families, the more younger children tend to trust their 

older siblings ( YO = 3.93, SE( YO) = 1.30, YO = 0.36)13. In the study of perceived 

responsiveness, it appears that the more an overall climate of responsiveness exists in 

families, the more responsive mothers are in relation to their younger child ( MY = 6.98, 

SE( MY) = 2.23, MY = 0.31) but the less responsive this younger child will be in 

relation to his or her older sibling ( YO = -7.98, SE( YO) = 2.53, YO = -0.34). It also 

appears that the more a climate of self-control exists in families, the more self-control 

the younger child will perceives from the older child ( YO = 7.57, SE( YO) = 5.42, YO 

                                                      
12 Branje et al. (2002) described that the older children was on average 14.5 years of age, whereas the younger sibling was 12.4 years old. 
13 Note that an estimated factor loading is denoted by , whereas the standardized factor loading is shown as  (without a hat). The latter can be interpreted as the correlation 

between this perception and the family effect. Also, by squaring the standardized factor loading, one gains insight in the percentage of variability of this perception is explained by the 

family effect. 
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= 0.41), but the less self-control the father perceives from the older child ( FO = -5.18, 

SE( FO) = 5.22, FO = -0.30).  

Third, by comparing the relative sizes of the factor loadings a gender difference in 

the marital relationship is found for comfort depending on the partner (Cook, 2000). 

Specifically, the factor loading of MF ( MF = 1.81, SE( MF) = 0.73, MF = 0.24) is much 

larger than that of FM ( FM = 0.09, SE( FM) = 0.78, FM = 0.01). This suggests that 

the family climate has a larger effect on mother’s perception of the father, than it has 

on father’s perception of the mother. In particular, when mothers evaluate how 

comfortable they feel to depend on the father this will be highly influenced by their 

family climate, whereas father’s comfort to depend on the mother is far less influenced 

by their family climate. Note that this interpretation is solely made for illustrative 

purposes as we found no evidence that these factor loadings differed significantly from 

1.0 (p > .05). 

Lastly, when all factor loadings are close to 1, it could be that all perceptions are 

equally influenced by the family climate. This is what was found when studying positive 

influence (range: 0.73 – 1.50; Migerode, 2012). This finding is in line with the non-

significant result of the chi-square difference test (p > .05).  

Discussion 

In this section, the second research question is addressed: Which scenario matches 

the reality encountered in family research? Results show that for seven out of eight 

constructs the Flexible SRM fits the family data significantly better than the traditional 

SRM. This indicates that when measuring these constructs, family members’ 

perceptions contribute differently to the overall family climate, providing evidence for 

our flexible conceptualization of the family effect. When considering positive influence 

or the dependent axis of attachment, however, no difference between both models was 

found. We therefore conclude that the usage of the flexible model is recommended as 

it can deal with both scenario’s whereas the traditional SRM might result in worse 

fitting models and incorrect estimates (cfr. simulation study). Also, by using the flexible 
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model family researcher gain information in how the family climate influences family 

members’ perceptions of each other. Current review found that by analyzing different 

constructs different patterns in the factor loadings showed up. That is, for some 

constructs a generational pattern appeared while for other constructs the family climate 

was informative for the perceptions of a particular person. We also showed how to 

compare two perceptions with each other as well as how to gain insight in the 

association between a single perception and the family climate.  

GENERAL DISCUSSION AND CONCLUSION 

Similar as in the SRM with interchangeable and unacquainted group members, the 

family effect in the SRM with roles is an unweighted mean  (Cook & Dreyer, 1984; 

Eichelsheim et al., 2009; Kenny & La Voie, 1984). This assumes that the family effect 

influences family members’ perceptions all in the same way (i.e., assumption of equal 

weights). To relax the assumption, we introduced the Flexible SRM which allows the 

family effect to have a different influence on the different perceptions. Evidence for the 

added value of the Flexible SRM, as compared to the traditional SRM, is provided by 

means of a simulation study and a small meta-analytic review of published SRM 

studies.  

The current article has important implications for family researchers. First, we 

provided family researchers with an alternative conceptualization of the family effect. 

Second, as a consequence, the proposed conceptualization adequately complies with the 

recurrent interpretation of the family effect as the family climate as defined over a 

particular variable (e.g., Cook & Kenny, 2004; De Mol, Buysse, & Cook, 2010; Delsing, 

Aken, Oud, Bruyn, & Scholte, 2005; Eichelsheim et al., 2011; Lanz & Tagliabue, 2014; 

Rasbash, Jenkins, O’Connor, Tackett, & Reiss, 2011). Third, we provided evidence 

that the traditional SRM might result in bad model fits and incorrect (biased) estimates 

if the equal weights assumption is violated. These implications might affect family 

researchers’ future choice of conceptualization of the family effect. Fourth, we suspect 
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that whether or not the assumption of equal weights is fulfilled might depend on the 

construct of interest. When researchers expect that this assumption is fulfilled and, 

consequently, use the traditional conceptualization, we suggest to inspect the values of 

the SRMR and the chi-square goodness-of-fit test. Starting from sample sizes of 150, a 

significant p-value of the chi-square goodness-of-fit test and an SRMR fit value below 

.08 are suggestive for misspecification of the family effect. Significant improvement of 

the model fit might occur when the factor loadings of the family effect are freely 

estimated with the lambda approach.  

 

A notable strength of the present project is that we conducted an in-depth analysis 

in two steps. First, by using a simulation study we were able to check what the 

consequences are when the equal weights assumption is or is not fulfilled by examining 

60,000 simulated data sets. Next, family researchers provided us with their published 

SRM data, allowing us to examine if this assumption is likely to be fulfilled or not.  

 

There are also limitations. First, a limitation of the review is that it concerns only 

seven independent samples. It would be interesting to check the equal weights 

assumption in other studies. Second, we only interpreted the family effect as the family 

climate as defined over a particular variable. Although not taken into account in 

current article, one should be aware that other family characteristics might influence 

the results as well (e.g., number of family members, neighborhood, socioeconomic 

status, etc.). Third, in our  analyses we did not include a mean structure because of 

two reasons: (a) the majority of SRM studies are solely interested in the SRM variances 

and (b) our study revealed (results not shown) that when including a mean structure 

in two-indicator models, the model can become unstable resulting in extreme factor 

loadings. In particular, it has been described that using two indicators with the 

traditional SRM might lead to unstable estimates (Cook, 1993, 1994). When allowing 

the factor loadings to be freely estimated, the model  became unstable and resulted in 

extreme estimates of these loadings. This problem can easily be avoided by excluding 
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the mean structure from the analysis. The SRM means can still be calculated using the 

formulas provided by Kenny and his colleagues (2006; pp. 253-257).  

 

In a future project, we will include this alternative conceptualization of the family 

effect in the R package fSRM (i.e., an R package for easily analyzing data with the 

family SRM; Schönbrodt, Stas, & Loeys, 2014; Stas, Schonbrodt, & Loeys, 2015), 

allowing family researchers to easily analyze their data with the Flexible SRM.  

We believe that the proposed method can yield a significant contribution to family 

research as it contains a better conceptualization of the family effect, adequately 

complies with the recurrent interpretation of the family effect as the family climate, 

results in unbiased estimators for the SRM variances when the equal weights 

assumption is not fulfilled and is able to capture the dynamics inherent to family data 

better. 
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APPENDICES 

Appendix A: The Original SRM Components and Reciprocities  

The SRM describes four types of components: (a) the family effect, (b) the actor 

effect, (c) the partner effect and (d) the relationship effect (Kenny, Kashy, & Cook, 

2006). When children are asked to rate how much they trust their mother, for example, 

this observed score is a function of these four components.  

The family effect measures factors at the family level (Cook, 2005). For example, 

children’s’ trust in mothers may reflect the fact that they live in trusting families. In 

the traditional model it is conceptualized as the average of all family members’ 

perceptions (ratings) and, therefore, measures characteristics of the average family 

member. Note that only this component is conceptualized differently by the flexible 

SRM as the latter allows some perceptions to be more important than others for 

defining the family climate (see section …).  

The actor effect measures characteristics of the rater (i.e., the actor). Children’s 

trust in mothers might reflect the fact that children are in general trusting persons. It 

is conceptualized as the deviation from the family effect. For example, a positive actor 

effect for children means that, on average, children tend to trust all family members 

more than the average family member does.  

The partner effect measures characteristics of the person being rated (i.e., the 

partner). Children’s reported trust of their mother may reflect the fact that mothers 

are seen as very trustworthy persons. Again, this component is conceptualized as the 

deviation from the overall family effect. A positive partner effect for mothers, for 

example, indicates that mothers are perceived as more trustworthy than the average 

family member.  

Lastly, the relationship effect refers to the unique adaptation that one family 

member makes towards another above and beyond family, actor and partner effects. 

For example, the child-mother relationship effect of trust indicates to which extend 

children uniquely trust their mother, controlling for the overall level of trust in the 
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families (i.e., family effect), children’s general tendency to trust others (i.e., children’s 

actor effect), and mothers’ tendency to elicit trust from others (i.e., mother’s partner 

effect).  

 

The SRM also allows to investigate reciprocities. Generalized reciprocity examines 

reciprocal effects for a specific person as it is defined by the correlation between a 

person’s actor and partner effect. For example, are mothers who tend to trust all their 

family members also perceived as trustworthy by these other family members? Dyadic 

reciprocity explores the reciprocal effects in a specific dyad as it is conceptualized as 

the correlation between two relationship effects. For example, if children express unique 

trust in their mother, do mothers also tend to uniquely trust these children? 

 

Appendix B: Details of the Simulation Study 

1. The Data Generating Model 

Data are simulated according to two scenario’s, mimicking two types of realities: 

(a) the family climate influences all family members perceptions in the same way (i.e., 

assumption of equal weights fulfilled), and (b) family members’ perceptions are 

differently influenced by the family climate (i.e., equal weights assumption not 

fulfilled). In both models the variance of the family effect and the variances of all the 

actor effects are set to 1, the variances of all the partner variances are set to 0.5 and 

the variances of all the relationship effects are set to 1.5. The covariances of the 

generalized reciprocities are all set to 0.05, those of the dyadic reciprocities are set to 

0.02 and 0.5. No mean structure was defined. The main difference between the two 

data-generating models lies in the specification of the factor loadings or the weights of 

the dyadic measurements. In the first data-generating model (i.e., scenario a) all the 

factor loadings on the family effect are fixed to 1, hereby giving the same weight to all 

the family members’ perceptions. In the second data-generating model (i.e., scenario b) 

all the factor loadings of the family effect are different from 1 but their average equals 
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1, hereby allowing the different dyadic measurements to have a different impact on the 

family effect. Stated differently, the lambda’s of Figure 1 are all fixed to 1 in scenario 

a and are free in scenario b.   

To ensure convergence, we restricted in both estimation models the variances to be 

positive in both the original and flexible SRM. This is in line with other software, like 

EQS (Bentler, 1989), which by default constrains variances to be positive. In particular, 

we restricted the variances to have a value larger than 0.001 as suggested in the MPlus 

manual (Muthén & Muthén, 2011). Additionally, we also restricted the factor loadings 

of the flexible SRM to lie within the interval -20 and 20. 

 

2. One indicator: Estimation of the Actor and Partner Effects 

When the equal weights assumption is fulfilled, the flexible and traditional SRM 

both result in unbiased estimates for the actor and partner variances. When this 

assumption is not fulfilled, the traditional approach either over- or underestimates these 

variances (see Figure 1 on the following pages). For the partner variances, the amount 

of bias as denoted with the median is rather small, probably due to the fact that its 

true value under the data generating model was closer to zero (i.e., 0.5) than those of 

the actor effects (i.e., 1.0). 
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3. Results using Two Indicators 
3.1. Model Fit 

Figure 2 shows the model fit measures of the flexible SRM (dashed line) and 

traditional SRM (solid line) when the equal weights assumption is or is not fulfilled 

(Figure 2a and Figure2b, respectively). The performance of the flexible SRM is 

nearly identical under both scenario’s. The traditional SRM, on the other hand, 

performs similar to the flexible model when the equal loading assumption is 

fulfilled, but underperforms when this assumption is not met. To be specific, the 

proportion of fitted models that show a good model fit under this scenario varies 

between approximately 13 and 25% in samples of 150 or lower. With samples of 

300 or higher, none of the fitted models showed a good model fit.   

When inspecting the other fit indices (see Figure 3), the flexible SRM again 

performs nearly identical under both scenario’s. Nonetheless, interesting patterns 

occur for these fit indices. To be specific, the values of the TLI and CFI are 

virtually always estimated above the specified cutoff of .95. This finding is in line 

with the study of Taasoobshirazi and Wang (2016). These authors showed that 

when these fit indices are applied to models with many degrees of freedom, they 

tend to result in large values. For example, models with 50 degrees of freedom had 

an average CFI of 0.995 and an average TLI of 0.992. These values even increased 

with increasing sample sizes. Thus, we can conclude that these fit indices are not 

informative for the SRM’s with two indicators, as these models typically have over 

240 degrees of freedom.  

Under both scenario’s, the majority of both models have a value exceeding the 

specified cutoff of the RMSEA. This phenomenon has been described in scientific 

literature, as the RMSEA typically yields very large values when the degrees of 

freedom are large and with large sample sizes (Taasoobshirazi & Wang, 2016). So, 

again this fit index might not be very informative for the SRM with two indicators.  
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Lastly, when examining the results of the SRMR, 0% of the fitted models 

showed a good performance when the equal weights assumption was not met.  

Interestingly, when the assumption was fulfilled, the majority of small samples 

also received a value below this cutoff.  

This can be explained by the fact that the rejection rate of the SRMR is 

artificially high in small samples (n  50; Taasoobshirazi & Wang, 2016). We 

therefore suggest to only use this index with samples of 100 and upward.  

Taken together, not all fit indices are suitable for evaluating the model fit in 

two-indicator models. We suggest to use the chi-square difference test (n  50) 

and the SRMR (n 100) for these models. These fit indices show good 

performances of both models when the equal weights assumption is fulfilled. 

However, when this assumption is not met, these fit indices showed a bad model 

fit for the traditional SRM in the majority of the fitted models.   

 

3.2. Bias 

Figure 4 and 5 portray the results of the two-indicator models under scenario 

a and b, respectively. For reasons of parsimony, only the results are shown for 

sample sizes up to 150. The same median value was found in larger samples is in 

that of size 150, only the amount of variability decreased. Under scenario a (i.e., 

equal weights assumption not fulfilled), it is interesting to note that in the smallest 

samples (n = 50 and n = 75) the median value of the family effect shows small 

bias, resulting in a slight underestimation of the family effect variance. This bias 

disappears in sample sizes of 100 and upward. In the estimation of the actor and 

partner effect variances we detected a similar pattern. These median values also 

show small portions of bias in samples comprised of 50  families, but disappears 

as sample sizes increase. This can be linked to previous research which describes 

that the usage of two indicators with the SRM can result in a low subject-per-

variable ratio (Stas, Schonbrodt, & Loeys, 2015), which may lead to unstable  
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estimates of the SRM components (Cook, 1993, 1994). In line with this, this 

simulation study shows that in the smallest samples the usage of two indicators 

may lead to biased estimation of the SRM components.  

When the equal weights assumption is not fulfilled (see Figure 5), the same 

general patterns can be detected as in the models with a single indicator and 

those described above. In particular, the traditional SRM systematically results 

in an underestimation of the variance of the family effect, whereas the flexible 

model estimates these variances correctly starting from a sample size of 100. 

Concerning the actor effects, the traditional model again shows biased 

estimates as it systematically over- or underestimates its variance. The flexible 

model performs well starting from sample sizes of 100. Although the 

distributions for the partner effects are skewed, the median denotes that bias 

in these estimates is less severe. 

Taken together, we found that a low-subject-per-variable might result in 

biased estimates in the smallest samples, even when models are specified 

correctly. We therefore suggest to avoid the usage of two indicator models in 

samples smaller than 100. When we take this finding into account, we find 

unbiased estimates of the variances for both models when the equal weights 

assumption is fulfilled, whereas the traditional model results in biased 

estimates for both the family and actor effects.  
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Figure 4. The estimation of the variance of the flexible and traditional SRM using two indicators 
under scenario a 
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Figure 5. The estimation of the variance of the flexible and traditional SRM using two indicators 
under scenario b. 
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This chapter is based on: Stas, L., Cook, W. L., & Loeys, T. 
(2019). The Purely Dyadic Social Relations Model. 
Unpublished manuscript. 
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ABSTRACT 

Purely dyadic data target something that is common between two people or 

evaluate the dyad as a whole. This article is the first to present a model for the 

in-depth analysis of such data: the Purely Dyadic Social Relations Model (PD 

SRM). This model enables researchers to decompose a purely dyadic measure into 

individual, dyadic and family level components. To make this model more 

accessible, we developed a shiny app, called PDSRM, which is freely online 

available. We illustrate both the model and the app with data from a Flemish 

study in 106 families and explore the family dynamics of sharing meals. 
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 INTRODUCTION 

Over the past decades, the analysis of dyadic data has become a core 

principle for the study of family relationships. Two types of dyadic data are 

prevalent: directed dyadic data and purely dyadic data. Directed dyadic data 

involve a person’s rating in relation to a partner. For example, a mother and child 

can both rate how much they trust each other (Buyukcan-Tetik, Finkenauer, 

Siersema, Vander Heyden, & Krabbendam, 2015). The amount of trust this 

mother has in her child not necessarily equals the amount of trust this child has 

in the mother. Directed dyadic data measure a rater’s perspective in relation to a 

partner, resulting in two scores per dyad (i.e., one for each rating dyad member). 

Purely dyadic data, also called symmetric data (Bond & Kenny, 2002), measure 

something that two dyad members have in common with a single score, and are 

frequently encountered as well. Indeed, measures of dyadic subsystems often target 

what is common between two people or evaluate the dyad as a whole (Cook & 

Kenny, 2006). The amount of time two people spend together, the number of 

activities they do together, the distance they stand from each other, and the 

duration of their conversation are all examples of purely dyadic data.  

  

Both types of dyadic data capture information on three different levels: the 

individual, dyadic and family level. In order to obtain access to this information, 

the Social Relations Model (SRM; Cook & Dreyer, 1984; Kenny & La Voie, 1984) 

was developed for directed dyadic data. The SRM allows researchers to 

simultaneously investigate complex family processes at different levels (Kashy & 

Kenny, 1990), while accounting for the different roles within a family (Cook & 

Dreyer, 1984). Consider the example where a child rates how trustworthy she 

perceives her mother. The SRM then assumes that this score contains information 

about the child who evaluates (how trusting this child is in general), the mother 

being rated (how trustworthy this mother is generally perceived), something about 
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their unique relationship (the unique trust this child experiences in relation to the 

mother), and information about their family (how trusting their family is). 

Unfortunately, the SRM can only be used for directed dyadic data. To the best of 

our knowledge, an alternative model for purely dyadic data is lacking in family 

literature.  

 

This paper fills this gap as it is the first to present a model for the in-depth 

analysis of purely dyadic data. In the next section, we will introduce the Purely 

Dyadic Social Relations Model (PD SRM), which closely corresponds to the SRM 

with roles. This model is able to capture the complexity inherent to purely dyadic 

data as it can decompose these measures into individual, dyadic and family level 

components. Next, we discuss the underlying statistics. Readers not familiar with 

confirmatory factor analysis may not be able to grasp all the technical details in 

this more technical section and may opt to skip this, but those who are familiar 

may find it useful to understand the assumptions made by the model.  

The second part of this manuscript applies the PD SRM to data on family 

meals in a sample of 106 Belgian families. Here, we also present a user-friendly 

online app called PDSRM which automatically performs the statistical analyses 

associated with both the standard and extended PD SRM’s. The PDSRM app is 

freely accessible at https://larastas.shinyapps.io/PDSRM/ (see Figure 5). We end 

with a discussion. 

THE PURELY DYADIC SOCIAL RELATIONS M ODEL 

The Purely Dyadic Social Relations Model is a conceptual and analytical 

model for purely dyadic data that is capable of capturing the complexity inherent 
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to family data1. The model assumes that a purely dyadic measure is not solely a 

measure of a dyadic characteristic. Instead, this measure is a composition of 

dyadic, individual and group (i.e., family) characteristics. The PD SRM is 

developed to capture this entanglement by unravelling these measures into 

components at the individual, dyadic and family level. In order to perform such 

decomposition, data need to be collected in a round-robin design. In such design, 

measures are gathered for each person in relationship to each of the other people 

in the group. In a four-person nuclear family (i.e., two biological parents with two 

children), this will result in six purely dyadic measures: mother-father, mother-

older child, mother-younger child, father-older child, father-younger child and 

older child-younger child. This is illustrated in Figure 1a. Each double-headed 

arrow represents one purely dyadic measure, measuring something that  

 

 

 

 

 

  

       (a)         (b) 

 
Figure 1. In a round-robin design, measures are collected for each person in relationship to each 
of the other people in the group. Figure (a) shows the round-robin design for purely dyadic data. 
A double-headed arrow represents a purely dyadic measure, targeting something that both dyad 
members have in common. Figure (b) shows the round-robin design for directed dyadic data. A 
single-headed arrow represents a directed dyadic measure, signifying a person’s rating in relation 
to a partner.  

  

                                                      
1 Although this model is specifically developed for family researchers, it can be applied to all psychological 

disciplines like clinical, personality, social, developmental, educational, organizational, and cognitive 

psychology. A prerequisite for using the model are purely dyadic data, but the family context is not 

mandatory. That is, the PD SRM can be applied to every group with four or more distinct roles (e.g., trainees, 

their supervisors, their officemate and their boss) as long as a round-robin design is used (cfr. Figure 1a). 
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they have in common. For comparability reasons, the round-robin design for 

directed dyadic data is presented in Figure 1b. Note that these arrows are single-

headed, representing a person’s rating in relation to a partner. In four-person 

families, this will result in 12 directed dyadic measures (e.g., mother to father, 

father to mother, and so on).   

Consider as a running example the number of meals shared by family 

members (Offer 2013), and suppose information is obtained from a round-robin 

design. For now, we first focus on the number of meals shared by a mother and 

her adolescent child (Offer, 2013). This is a purely dyadic measure because it 

quantifies something that two dyad members have in common with a single score. 

When one finds that mothers and children frequently share meals together, 

multiple explanations are possible which are captured by the different components.  

The components  

The family component is a group effect and measures factors at the family 

level. Kenny and colleagues (2006) describe that families can to some extent be 

viewed as small cultures with their own norms and values. For example, some 

families might find it important to have daily interactions with each other. In 

these families everyone would try to join the family meal, resulting in a high score 

for the family component. In other families, this might be less important and those 

family members tend to share less meals with each other, resulting in a low score 

for the family component. In our running example, mothers and children possibly 

frequently share meals together because all family members tend to frequently 

share meals.  

The individual component refers to a person’s general tendency, after 

controlling for the family climate (i.e., the family component). Mother’s individual 

component, for example, reveals how many meals mothers tend to share with all 

family members, after controlling for the amount of meals family members 
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generally share. Perhaps mothers and children frequently eat together because 

mothers actively organize meals with whoever is at home. Likewise, characteristics 

of the child might be of importance as well. For example, perhaps children like to 

talk about their day at school and therefore engage in family meals with whoever 

wants to join. In the PD SRM, individual components are computed for each role. 

For example, in four-person nuclear families there will be an individual component 

for the mother, one for the father, one for the older child and one for the younger 

child.  

The dyadic component refers to the unique coordination that two family 

members make towards each other, after controlling for their general tendencies 

(i.e., their individual effects). In the family meals example, the mother-child dyadic 

effect assesses the unique number of meals mothers and adolescents share together, 

after controlling for their general tendencies to share meals with family members. 

With four-person families, the PD SRM has six dyadic components, one for each 

dyad (e.g., mother-father, mother-older child, mother-younger child, father-older 

child, father-younger child, older-younger child).  

 

In sum, the number of meals shared by a mother and her younger child may 

be due to characteristics of the family, characteristics of the mother, characteristics 

of the child, and characteristics of the mother-child dyad. Of course, it is possible 

– maybe even likely – that a combination of these components is required to 

explain this purely dyadic scores.  

Means and Variances  

The means and variances of the PD SRM components provide researchers 

with  distinct but useful information. It should be noted that in the traditional 
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SRM, solely the variances of the components were traditionally estimated. Only 

in a limited number of studies SRM means were examined too (e.g., Eichelsheim 

et al., 2011; Rasbash, Jenkins, O’Connor, Tackett, & Reiss, 2011a). Cook (2015) 

reasons that this can be explained by the fact that most research does not involve 

groups in which members have meaningful roles. In family research, however, 

individuals are not randomly assigned to their family nor to their role in the family 

(Cook, 2015). Therefore, we advise to consider both the means and the variances 

of the PD SRM components.  

The variances of the components provide information about between-family 

differences. That is, finding substantial variance for a particular component 

indicates that families differ in terms of this component. For example, substantial 

variance for the mother-child dyadic component indicates that some mothers and 

children share more unique meals together than other mothers and children do. 

When no substantial variance for a particular component can be found, this 

implies that this component is a constant across families rather than something 

that varies and differs between families.  

The means provide insight into two different aspects. First, it provides 

information on the average level of a particular component. Or, from a meta-

perspective, the mean scores describe the average family. In our running example, 

the family component shows how many meals family members share on average 

in the average family. Children’s mean individual component, for example, shows 

the average deviation in the number of meals children share with their family 

members from the family average. Likewise, the mean mother-child dyadic 

component reveals how on average mothers and children deviate from the family 

mean, after controlling for their individual components. Second, means can also 

be used to examine the levels of causation (Bond & Kenny, 2002). That is, Bond 
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and Kenny (2002) described that a data point might be influenced by people as 

individuals, by some synergistic influence of the people in combination (Sears, 

1951) or by the family they live in. In line with this, means can be used to answer 

the question if individual, dyadic or family characteristics are responsible for a 

particularly high or low average purely dyadic score? 

Correlations among the Model Components   

Besides the means and variances of the PD SRM components, one may look 

at different kinds of similarities as well. These similarities are defined as 

correlations between two PD SRM components. We first consider a test for 

intragenerational similarity (Kenny et al., 2006) among family members. This 

similarity is measured by the correlation between the two individual effects of 

same-generation family members. For example, for the parent dyad, 

intragenerational similarity measures whether mothers who frequently share meals 

with all others have husbands who also frequently share family meals with 

everyone. For both generations, a separate test for intragenerational similarity can 

be defined.  

Researchers may want to consider other correlations as well. The 

specification of these correlations should be theoretically driven. For example, a 

study investigated if mothers engage similarly in emotional interactions with their 

firstborn and their second born child (Bornstein, Putnick, & Suwalsky, 2016). This 

question can be answered by allowing a correlation between the mother-firstborn 

dyadic component and the mother-second born dyadic component. As another 

example, researchers may be interested in the effect that a child has on his or her 

parents (De Mol, Buysse, & Verhofstadt, 2008; Kuczynski, Pitman, Ta-Young, & 

Harach, 2016). With the PD SRM, one can assess if a child interacts in a similar 
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fashion with the mother and with the father by allowing a correlation between the 

child-mother dyadic component and the child-father dyadic component.  

STATISTICAL ANALYSIS OF THE PD SRM 

The PD SRM assumes that every purely dyadic measure can be unraveled 

into four PD SRM components. For each of these purely dyadic scores an equation 

can be developed. The general formula for decomposing a purely dyadic score of 

role i and role j in family k (Xijk) is as follows: 

Xijk = k + ik + jk + ijk + ijk.                         (1) 

That is, this purely dyadic score (Xijk) is the sum of four components: a family 

component ( k), the individual component of role i ( ik), the individual component 

of role j ( jk), a dyadic component of role i and j ( ijk) and errors of measurement 

( ijk). Obviously, these four components are not directly observable. Such 

unobserved quantities are also referred to as latent variables. 

The PD SRM as a Confirmatory Factor Analysis 

A CFA with one or two indicators  

When studying groups of families, the PD SRM components can thus be 

viewed as latent quantities which are theoretically meaningful (Kenny, Gomes, & 

Kowal, 2015). The purely dyadic measures, which are observed scores, serve as 

manifestations of these latent components. Therefore, confirmatory factor analysis 

(CFA) naturally suits the needs here. In a CFA, one specifies which observed 

variables (i.e., purely dyadic measures) are manifestations of which latent variables 

(i.e., PD SRM components). Following equation 1, Figure 2 shows the  
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decomposition of the purely dyadic measure of role i and role j as a  

CFA model. Consider a study of four-person families in which the following  

abbreviations are used: “m” for mother, “f” for father, “y” for younger child and “c” 

for older child. The CFA model for these families is shown in Figure 3. Note that 

in four-person families six purely dyadic measures2 are present and that each 

measure is predicted by four components (i.e., a family component, two individual 

components and a dyadic component).  

 

 

 

 

 

 

Figure 2. Confirmatory factor analysis model for the latent variables affecting the mother-older 
child score (i.e., Xmo). The rectangle represents the purely dyadic (observed) measure, the circles 
the PD SRM components which are latent variables. Note that only one indicator (i.e., Xmo) is 
present. Indiv. = individual component; dyad. = dyadic component; m = mother; o = older child. 

 

Similar to the traditional SRM, the usage of a single indicator does not allow 

to separate the dyadic effect from the error. This because the dyadic component 

is operationalized as that part of the purely dyadic score that is not accounted for 

by the other components. What remains after calculating the family and individual 

components is the dyadic component, confounded with error. When one wishes to 

                                                      
2 Four-person families (n = 4) are composed of six ( ) dyads. Thus, with a single indicator per 

purely dyadic measure, six scores are observed per family. With two indicators per purely dyadic measure, 

twelve observed scores are present.  
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separate the dyadic component from the error, two (or more) indicators are 

required. This is depicted in Figure 4 by the usage of two rectangles. 

 

Figure 3: The PD SRM for four-person families in a confirmatory factor analysis. The rectangles 
represent the purely dyadic (observed) measures, the circles the PD SRM components which are 
latent variables. Indiv = individual component; dyad = dyadic component; m = mother; f = 
father; y = younger child; o = older child. 

 

We propose three strategies to obtain the replication measures that are 

needed to separate this component from the error. First, one can use two (or more) 

indicators for the same dyadic measurement (Kenny et al., 2006). This can be 

done by simply using a two-item scale or by splitting a multiple-item scale into 

two parcels and averaging the scores of each parcel. With this strategy, the dyadic 

component is based on the cross-item consistency. A second strategy is to measure 

purely dyadic measures at two (or more) points in time (Kenny et al., 2006). With 
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this strategy, the dyadic component will be based on temporal stability. Lastly, 

one can question both dyad members about the purely dyadic measure at the same 

point in time. For example, both mothers and older children rate how many meals 

they shared together during the last week, resulting in two indicators of this purely 

dyadic measure. With this strategy, the dyadic component is based on the cross-

rater consistency. In sum, in order to separate the true dyadic component from 

the error replications are required, either across items, over time, or across raters. 

For the remainder of the paper, the model with a single indicator will be 

considered. Please note that the PDSRM app, which we will present in the next 

section, can also deal with two indicators.  

 

Figure 4. The two indicators of the mother-older child measurement (i.e., Xmo1 and Xmo2) are 
affected by the latent variables in the confirmatory factor analysis model. The rectangles represent 
the purely dyadic (observed) measures, the circles the PD SRM components which are latent 
variables. By allowing two different measures, the dyadic component can be separate from the 
residual. Indiv = individual component; dyad. = dyadic component; m = mother; o = older child. 

 

Correlations among the Model Components  

Another important aspect in the specification of the model is whether the 

researcher wants to include similarity correlations or not. Note that these 

correlations can only be interpreted when the corresponding components have 

significant variances. Intragenerational similarity among family members is 
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presented in Figure 4 by the double-headed arrows. These similarities are 

computed by the correlation between the individual effects of the family members 

of the same generation. For example, if older children tend to share a lot of meals 

with all other family members, do the younger children do too? Researchers may 

opt to exclude these from their model or may want to include other kinds of 

correlation in the model depending on their own research questions and the fit of 

the model (see later).  

Factor loadings 

The CFA approach of the traditional SRM typically fixes all paths from the 

components to the observed scores (i.e., the factor loadings) to one (for more 

details see Kenny et al., 2006, p. 236). We make the same assumption for the 

individual and dyadic components of the PD SRM. For the family component, 

however, this assumption seems very stringent. When one fixes all its factor 

loadings to one, one assigns equal weights to every purely dyadic score. In terms 

of the means, when trying to capture how often family members on average eat 

together, for example, it seems unrealistic that all dyadic measures are of equal 

importance for the average amount of share meals in families. One can assume 

that the child-dyad ( oy) is of less importance for the average amount of meals 

that are shared within the family than the parental dyad ( mf), for example. In 

terms of the variances, one could reason that the variability in children’s eating 

behavior (i.e., var(Xoy)) is more influenced by family characteristics than that 

these family characteristics explain variability in parents eating behavior 

(var(Xmf)). We therefore suggest that the PD SRM allows to freely estimate the 

factor loadings of the family component, but set the scale of the latent variables 

by fixing the mean of these loadings to 1.0. This so-called lambda approach (Little, 

Slegers, & Card, 2006) was extensively tested and confirmed for the PD SRM by 
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means of a large simulation study (see Appendix A). Note that setting the mean 

of the loadings to 1.0 is just one possible identification strategy. Alternatively, one 

could have set the factor loading of one of the indicators to one (i.e. unit loading 

identification). The latter indicator then serves as the reference and all other 

effects are relative to that reference. With the lambda approach, we opted to use 

the average family member as a reference. 

 Using the lambda approach with this constraint, all six factor loadings of 

the family component can be estimated and the relative importance of each purely 

dyadic measure for the family component can be assessed. In Figure 4, the freely 

estimated factor loadings are indicated with lambda’s. When freeing these factor 

loadings, the family mean can be viewed as a weighted mean where some dyads 

(i.e., purely dyadic scores) contribute more to this mean than other dyads. Because 

the previous chapter was fully dedicated to the conceptualization and 

interpretation of the family component, we choose to simply interpret this 

component as the (weighted) group mean in current chapter. This allows us to 

keep the focus on the model, rather than on the conceptualization of the family 

component. 

Degrees of freedom 

The degrees of freedom (df) for a CFA-model are calculated as the difference 

between the number of data points and the number of freely estimated parameters 

in the model. In the standard PD SRM without any correlations, there are 17 

unknown parameters in the four-person model with a single indicator: one family 

variance, four individual variances (one for each family member), and six dyadic 

variances (one for each dyad), and six factor loadings for the family component. 

Note that one degree of freedom is gained by fixing the mean of the factor loadings 
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to 1.0. In four-person families with a single indicator, six purely dyadic measures 

(p) are observed. The observed variance-covariance matrix is a 6 x 6 matrix, 

resulting in 21 (i.e.,  = ) observed (co-)variances or data points.  Thus, 

the model with a single indicator is overidentified with 5 degrees of freedom 

(number of datapoints minus number of free parameters: ). Note 

that when one includes intragenerational similarities, two additional degrees of 

freedom will be lost (one for each estimated parameter per generation). 

The model fit 

Before one can interpret the results of a PD SRM analysis, the goodness-of-

fit of the PD SRM needs to be assessed. Different fit indices are usually available 

in SEM-software, such as the chi-square test, the SRMR, the CFI and TLI, and 

the RMSEA. In the absence of clear guidelines in the SRM setting, different 

authors have been using different cut-offs to evaluate their model fit. To avoid 

this problem with the PD SRM, we conducted a simulation study to evaluate the 

performance of the different fit indices under different sample sizes (see Appendix 

A, Model 3c). By combining these results with the general goodness-of-fit 

guidelines, practical rules of thumb per sample size are presented in Table 1.  

The chi-square test tests the null hypothesis that the observed covariance 

matrix is equal to the model-implied covariance matrix. In other words, do the 

family dynamics in the data match with those of the PD SRM? A p-value 

exceeding .05 suggests no significant difference between both and is therefore 

recommended as a cut-off. It should be noted that this test is too liberal for non-

normal distributions (Kenny, 2015). Next, Hu and Bentler (1999) state that the 

SRMR is the most sensitive index to models with mis specified factor covariance(s) 



CHAPTER 5 

 

C
ha

pt
er

 5
 

190 

or latent structure, and the TLI, CFI and RMSEA are the most sensitive indexes 

to models with mis specified factor loadings. These authors suggest a two-index 

presentation strategy, meaning that the SRMR should be accompanied with at 

least one of the three other fit measure when evaluating the model fit (Hu & 

Bentler, 1999; Kenny, 2016). For the PD SRM, the same strategy is recommended. 

Depending on the sample size, different cut-offs can be used for these fit indices 

(cfr. Table 1). 

 

Table 1.  
Fit Measures with Cut-Offs according to Sample Sizes 

Fit index Cut-off Sample size 
 p-value ≥ .05 n ≥ 50 

SRMR 0.08 n ≥ 50 
CFI 0.95 n ≥ 50 
TLI 0.90 75 < n  ≤ 150 
 0.95 n ≥ 150 
RMSEA 0.08 200 < n ≤ 500  
 0.04 500 < n ≤  1000 

 

Variance decomposition 

Since a purely dyadic score is decomposed into different PD SRM 

components, the total variance of this purely dyadic score can be decomposed into 

the variance of the different components as well. By doing so, one can assess the 

relative contribution of each component to the total variability. Assuming the PD 

SRM shown in Figure 3, the variance of the number of meals mothers and younger 

children shared (i.e., ), for example, can be estimated as: 

   (2)       
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In this expression,  represents the estimated weight of the family component 

(μ) for the mother-younger child purely dyadic score (i.e., its factor loading). The 

estimated variances of the family component μ, the individual component of the 

mother , the individual component of the younger child , and the mother-child 

dyadic component  are represented by  , 

and ,  respectively. Note that a hat (^) indicates an estimated 

effect (i.e., the estimated PD SRM variance from the CFA-analysis). One should 

be aware that in the presence of correlations, the presented formula can have an 

extra term. For example, in Figure 3, the correlation between the individual 

components of mothers and fathers is additionally allowed (i.e., the test for 

intragenerational similarity). When one wants to calculate the variance 

decomposition of the purely dyadic measure (e.g., the number of meals 

mothers and fathers shared), the expression becomes: 

 

                                             (3)         

Where  represents the test for intragenerational similarity in this 

parental dyad (i.e., the covariance of the individual effect of the mother and father, 

respectively).  

ILLUSTRATION : THE FAM ILY M EALS STUDY 

Background  

Shared family activities facilitate bonds that increase the psychosocial well-

being of parents and have developmental advantages for children (Bowlby & 

Zeanah, 1988; Crosnoe & Trinitapoli, 2008; Crouter, Head, McHale, & Tucker, 
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2004; Snow & Beals, 2007). The current study focusses on shared family meals, 

which is one of the most important shared family activities. Research has shown 

positive effects of shared meals on family relationships (Martin-Biggers et al., 2014; 

Neumark-Sztainer, Larson, Fulkerson, Eisenberg, & Story, 2010; Welsh, French, 

& Wall, 2011), family connectedness (Fulkerson et al., 2011; Quick, Fiese, 

Anderson, Koester, & Marlin, 2011) and family cohesion (Welsh et al., 2011). 

Consistent evidence has also been found for the positive relation between frequent 

family meals and greater consumption of healthy foods among all age groups 

(Gillman et al., 2000; Sweetman, McGowan, Croker, & Cooke, 2011; Videon & 

Manning, 2003; Welsh et al., 2011). 

Previous research has emphasized the importance of identifying factors 

within the home environment that can increase the occurrence of family meals, so 

youth can benefit from the protective nature of family meals (Berge, Wall, 

Neumark-Sztainer, Larson, & Story, 2010). This research can be further informed 

by identifying whether sharing meals is due to the characteristics of individual 

family members, characteristics of particular dyads, or characteristics of the family 

as a group. This will be addressed by inspecting the means of the PD SRM 

components. The variances of the components reveal at which level there are 

between-family differences in the number of shared family meals. If a component 

varies across families, it is changeable and it can be targeted to increase the 

occurrence of family meals. 

Also of interest is the direct comparison of two mean PD SRM components. 

For example, one may test whether the individual contribution to meal-sharing 

differs between roles in the family. One review claimed that mothers were more 

likely to be present at family meals than fathers (Mccullough, Robson, & Stark, 

2016).  However, a person’s participation in family meals could be due individual, 

dyadic, or family level factors. With the PD SRM one can compare the individual 



THE PURELY DYADIC SOCIAL RELATIONS MODEL 

 
193 

C
hapter 5 

differences between mothers’ and fathers’ participation in family meals while 

controlling for the confounding effects of dyad and family level factors.  Indeed, if 

characteristics of mothers are important in explaining why they share more family 

meals with all other family members than fathers, the mean individual component 

for mothers should be significantly higher than the mean individual component for 

fathers.  

The goal of this section is two-fold: (1) to examine data of 106 Flemish 

families on shared family meals, and (2) to illustrate the use of the PDSRM app 

with this example at hand. 

Participants  

The sample consists of 106 four-person families: two biological parents with 

two children3.  All families lived in Flanders (Belgium) and had between 2 and 6 

children (M = 2.58, SD = 0.79). The participating children lived together with 

their parents. The average age of the older sibling was 15.91 years (SD = 2.02 , 

range = 11 - 22) and for the younger sibling was 13.19 years (SD = 1.81, range = 

9 - 17). The gender distribution was 51% male for the older siblings and 49% male 

for the younger siblings. Ninety-six percent of the older siblings and 74% of the 

younger siblings were in secondary school. If there were other children in the 

family, they did not participate in the study.  The average age of the mothers was 

44.35 years (SD = 3.10, range = 37-52) and for fathers was 46.25 years old (SD = 

3.88, range = 37-58). Seventy-six percent of the mothers and 70% percent of the 

fathers had at least a college level of education. The average length of the marriage 

was 23.26 years (SD = 4.38, range = 13 – 35). 

                                                      
3 Demographics are missing for three families, so the sample description is approximate. 
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This study was part of a larger investigation of shared family activities. It 

was approved by the ethical committee of Ghent University. Families were 

recruited through social media, schools, youth movements and word of mouth by 

four students in the psychology master’s degree program. All family members 

voluntarily participated and signed an online informed consent. Parents also signed 

an informed consent for their children’s participation. 

Measures 

Shared family activities were measured using a Dutch translation of items 

from the Nonshared Environment in Adolescent Development study (NEAD; 

Neiderhiser, Reiss, & Hetherington, 2007). The method of forward and back 

translation was used to establish conceptual equivalence, rather than linguistic or 

literal equivalence, between both questionnaires. The translated questionnaire was 

validated using a pilot study.  In total, eight items measuring different types of 

shared family activities where established. We focus here on the shared family 

meals item: ‘How often did you have lunch or dinner with ______ in the last 

month?’ Each family member from consenting families received an e-mail with a 

personal URL, linking them to the online questionnaire. The questionnaire 

instructions informed the respondent to mentally insert the role of that person 

(mother, father, etc.) on the blank line within the item. This form of questionnaire 

item has been used in most – if not all – family round-robin studies. The item was 

scaled according to a 7-point Likert format anchored by: 0 = not at all, 1 = not 

at all in the last week, but at least once in the last month, 2 = once or twice in 

the last week, 3 = three or four times during the last week, 4 = 5 or 6 times in the 

last week, 5 =every day, and 6 = more than once a day. In accordance with the 

round-robin design, each respondent rated this behavior for each of the three dyads 

in which he or she participated.  
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Procedure 

To demonstrate the model, we needed an objective measure of the number 

of meals shared by the different family members. Because training and hiring an 

observer (who could observe how many meals were actually shared) was too time 

and money expensive, we opted to for a two-step approach. First, all participating 

family members filled in an online questionnaire. No more than two days after 

family members completed the online questionnaire, a home visit by one of the 

recruiting master’s students was conducted. In case of discrepant scores between 

two dyad members, the student invited them to reach a consensus about how 

many meals they really ate together. The student took the role of an external 

observer and recorded the consensus score. 

Fitting the Purely Dyadic Social Relations Model with the PDSRM  App 

The PDSRM app is a user-friendly online program with a point and click 

interface (see Figure 5) and is freely accessible at 

https://larastas.shinyapps.io/PDSRM/. Behind the scenes, lavaan (Rosseel, 2012) 

is used, which is an R-package for Structural Equation Modeling (SEM). Our 

program is written in Shiny (Chang, Cheng, Allaire, Xie, & Jonathan, 2015), a 

web application framework for R (R Core Team, 2016) by RStudio (RStudio 

Team, 2015) and has an appealing point and click interface. Although R is used 

in the background, users do not have to install R (or any other software) nor do 

they need to specify any R-code. This app requires only a minimum of input 

information. In the background, the lavaan syntax is automatically created and 

fitted with the data. It is strongly advised to save the lavaan script as a record of 

the analysis performed by the app. This script allows users to easily replicate the 

results, thereby increasing transparency. The syntax can be found in the output 

tab Lavaan Syntax and can be directly copy-pasted into R.  As can be seen in  
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Figure 5. The opening screen of the PDSRM app. The program uses color coding to explain its 

features. The three main pages are indicated in yellow: (1) The Purely Dyadic Social Relations 

Model page is used to fit the model and view its output, (2) The Extra Info page provides more 

information on how to use the program, and (3) The About & Contact page contains general 

information and contact information of its developer.  The focus is on the first page in this paper 

were information of the desired model can be specified in the vertical input tabs: Blue tabs are 

mandatory (Select Data and Variables), black tabs are optional (Additional and Download Output). 

The output is displayed in the green horizontal tabs on the right. 

 

Figure 5, the app uses color coding to easily explain its features. In particular, the 

program is divided in three main pages, indicated with a yellow color: (1) The 

Purely Dyadic Social Relations Model page is used to fit the model and view its 

output, (2) The Extra Info page provides more information on how to use the 

program, and (3) The About & Contact page contains general information and 

contact information of its developer. For this paper, the focus is on the first page.  
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Here, information of the desired model can be specified in the vertical input tabs 

on the left: Blue tabs are mandatory (Select Data and Variables), black tabs are 

optional (Additional and Download Output). On the right, the output is displayed 

in green horizontal tabs. Note that all output, as produced by the app, can be 

downloaded from the program in PDF, HTML or Word format (see Figure 6c). 

Fitting the Default PD SRM. 

To fit the default PD SRM, only two steps are required. First, a dataset 

must be uploaded via the blue input tab Select Data (see Figure 5). The program 

accepts Text files (.txt), CSV files (.csv), SPSS files (.sav) and SAS XPORT files 

(.xpt). The dataset needs to be a dyadic dataset (i.e., one row for each family, also 

called wide format). If the dataset is not yet in that format, the app of Ledermann 

and Kenny (2015) provides an easy tool to transform a dataset from long format 

(i.e., with one row for each dyad in every family) to a dyadic dataset. As described, 

the program automatically creates the lavaan syntax required for fitting the PD 

SRM with the data of the user. In order to do so, the variable names need to be 

a combination of the roles that form this PD score. Users have to make sure the 

same amount of characters are used for each role. For example, the variable with 

the PD score of mothers and fathers can be labelled as MF or MOFA, but not as 

MFA. In the presence of two indicators, also make sure the same amount of 

characters is used for both indicators. For example, the two indicators of the 

mother-father purely dyadic measure can be labelled MF1 and MF2, but not MF01 

and MF2. In the app, two example data sets are included which can be selected 

in the vertical input tab Select Data. In this manuscript, the example dataset 

Family meals (1 indicator) is used. Users interested in fitting a model with two 

indicators can use the simulated dataset called Family meals (2 indicators). The 

data can be inspected in the output tab Data (cfr. Figure 5).  
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Second, one needs to complete the input tab Variables. Here, the number of 

indicators needs to be selected, followed by the purely dyadic measures of interest 

(see Figure 6a). Using a single indicator in four-person families results in six purely 

dyadic variables (cfr. Figure 1a). Therefore, six variables are selected here. By 

clicking on the Run Analysis! button, the model syntax is automatically created 

behind the scenes (cfr. output tab Lavaan Syntax) and fitted to  the data. The 

output will then be displayed. 

Descriptive Statistics. 

The Descriptive Statistics tab, contains two summary table. First, the means 

and standard deviations of the purely dyadic variables are presented (see Table 

2). In general, all dyads share a similar number of meals together (range = 5.47 - 

5.92). Mothers seem to share more meals with children than fathers do (t102 = 

3.41, p < .001 and t102 = 3.55, p < .001, with the older and younger child 

respectively), supporting the findings of the review of McCullough (2016). In the 

following section, a PD SRM analysis can point out which component explains 

this difference. Do these purely dyadic measures differ because of individual or 

dyadic characteristics?  

 

Table 2 
Means and Standard Deviations of Purely Dyadic Scores 
PD Score  Mean SD 
MF 5.75 0.96 
MO 5.76 0.97 
MY 5.85 0.99 
FO 5.47 1.11 
FY 5.55 1.08 
YO 5.92 0.92 

Note: M = mother, F = Father, O = older child, Y = younger child. 
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The correlations among the observed scores are presented in Table 3. The 

largest correlation was between the scores of the father with his two children (r = 

.90), followed by those of the mother and her children (r = .82). This implies that 

if fathers (or mothers) share a lot of meals with the younger child, they also share 

a lot of meals with the older child.  

 

Table 3 
Correlation Matrix of the Purely Dyadic Measurements 
 MF MO MY FO FY OY 
MF 1      
MO .43 1     
MY .50 .82 1    
FO .68 .64 .64 1   
FY .69 .56 .66 .90 1  
YO .26 .55 .52 .51 .41 1 
Note: M = mother, F = father, O = older child, Y = younger child. 

 

Standard PD SRM. 

We start by fitting the standard PD SRM without any similarities. The 

output of the fitted model can be inspected in the green output tab Output. For 

interpreting the lavaan output, different steps can be followed. In a first step, the 

model fit needs to be evaluated (cfr. Table 1). With the chi-square test being non-

significant, a CFI greater than .95 and an SRMR lower than .08, these fit indices 

reveal an excellent fit (  = 1.663, p = .894; CFI = 1; TLI = 1.02; SRMR = .015, 

respectively).  

In the second step, the factor loadings of the family component (FC) are 

inspected. Under the header Latent Variables in the output (see also Table 4), one 

can see that the smallest weights are assigned to the purely dyadic scores of same-
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generation-members (factor loading mother-father = 0.573, p < .001; factor 

loading children = 0.753, p < .001). This indicates the average amount of meals 

that are shared within families is mostly explained by the parent-child scores, but 

less by the same-generation scores.  

 

Table 4 
The Factor Loadings of the Family Component 
Purely Dyadic Measure Factor Loading 
Mother-Father 
Mother-Older Child 
Mother-Younger Child 
Father-Older Child 
Father-Younger Child 
Younger Child-Older Child 

0.573 
1.068 
1.278 
1.163 
1.166 
0.753 

 

In a third step, the output of the PD SRM is interpreted (see Table 4). First, 

the means, which can be found under the header Intercepts, clarify which 

components explain why family members share meals together. On average, family 

members share family meals almost daily (family mean = 4.716, p < .001; a score 

of five representing daily meals). Interestingly, none of the average individual 

components is significant (all p > .05), implying that all four roles in the family 

do not deviate significantly from the average amount of shared meals within 

families. The dyadic components, on the other hand, are all significant (all p < 

.01), indicating that the unique coordination two dyad members make towards 

each other (partially) explains the amount of family meals. For example, positive 

estimates are found for the dyadic components of same-generation-members 

(mother-father dyadic components = 1.712, p < .001 and younger-older child 

dyadic component = 0.473, p < .001), pinpointing that they uniquely share more 

meals together than the family average, after controlling for their general 

tendencies to share meals with others (i.e., their individual components). 
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Interestingly, all parent-child dyadic components are negative. The mother-

younger child dyadic component, for instance, shows that mothers tend to share 

less unique meals with the younger child than the family average when controlling 

for their general tendencies to share meals with others (mother-younger child 

dyadic component = -1.102, p < .001). In sum, when investigating how many meals 

family members share together we found that both family and dyadic 

characteristics are of importance.  

Next, possible between-family differences are examined through the 

variances, which are found under the header Variances. In our sample, families 

differ in the average amount of meals they share together (variance family 

component = 0.473; p < .001). Families also differ in terms of mother’s, father’s 

and older child’s individual components (variance individual component mother 

= 0.129, p = .001; variance individual component father = 0.417, p < .001; 

variance individual component older child = 0.099, p < .001). Father’s individual 

component, for example, indicates that some fathers share more meals with all 

their family members than other fathers do. No significant variation was found for 

the individual component of the younger child4, denoting that this component can 

be considered as a constant across families. Furthermore, four out of six dyadic 

components yield significant variances. For these dyads, significant variation 

across families is found in the unique coordination dyad members have towards 

each other. In particular, the largest between-family differences seem to exist in 

the unique amount of meals same-generation dyads share, after controlling for 

their general tendency to share meals with others (variance mother-father dyadic 

component = .261, p = .001; variance older-younger child dyadic effect = .473, p 

                                                      
4 Initially, the variance of the younger child was estimated negatively. This can be deduced from the 

output as zero is the estimate of this component and its standard error is set to NA. No z- nor p-value are 

calculated. 
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< .001). In sum, when investigating who or which (sub-)system explains why some 

dyads share more meals than others we found that individual, dyadic and family 

characteristics are of importance. As they seem to vary, they are changeable and 

can be targeted when trying to increase the number of family meals.  

Researchers are encouraged to combine the information of the means and the 

variances as they result in more nuanced findings. For example, we now know that 

mothers and younger children tend to share less unique meals with each other 

than the family average (mean mother-younger child dyadic component = -1.322) 

and that this is rather constant across families (variance mother-younger child 

dyadic component = 0.063, p > .05). 

 
Table 5 
Purely Dyadic Social Relations Analysis of Shared Family Meals 
Factor Mean Variance 
Family component 
 
Individual components 
 Mother 
 Father 
 Younger child 
 Older child 
 
Dyadic components 
 Mother-Father 
 Mother-Older Child 
 Mother-Younger Child 
 Father-Older Child 
 Father-Younger Child 
 Younger-Older Child 

4.716*** 
 
 
0.297 
0.038 
-0.374 
0.039 
 
 
1.712*** 
-0.610** 
-1.102*** 
-1.102*** 
-0.610** 
1.712*** 

0.473*** 
 
 
0.129** 
0.417*** 
0 
0.099*** 

 
 

0.261** 
0.168*** 
0.063 
0.045 
0.094** 
0.473*** 

* p < .05; ** p < .01;  *** p <.001  
   

When one is interested in disentangling a purely dyadic score (cfr. Table 2) 

in its PD SRM components (cfr. Table 5), the relative importance of each 

component can be calculated. In particular, one can calculate how much variance 

in a purely dyadic score can be explained by each component. With a single 
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indicator, the PDSRM app automatically calculates these proportions and a table 

shows up below the lavaan output. For example, Table 2 showed the largest 

variance for the father-older child observed score. This variance is a function of 

the variance of the family component, the individual component of fathers, the 

individual components of older children and the father-older child dyadic 

component. By calculating the ratio of each of the components to this sum one 

gains insight in the percentage of variance accounted for by each of the 

components. Table 6 is copied from the app and shows the relative importance of 

each component relative to the corresponding purely dyadic score. For example, 

 

Table 6 
Percentage of Variance in Shared Family Meals explained by the PD SRM 
Components 
 PD SRM components 
PD Score Family Individuala Individualb Dyadic 
Mother-Father 
Mother-Older Child 
Mother-Younger Child 
Father-Older Child 
Father-Younger Child 
Younger Child-Older Child 
M ean 

16.13 
57.68 
80.13 
53.27 
55.73 
31.89 
49.14 

13.40 
13.78 
13.36 
34.72 
36.16 
0 
18.57 

43.37 
10.60 
0 
8.25 
0 
11.80 
12.34 

27.10 
17.93 
6.51 
3.76 
8.11 
56.31 
19.95 

a individual component of the person before the hyphen, b individual component of the 
person after the hyphen 
 

 

one can easily see that the variance of the father-older child observed score is 

mainly explained by family characteristics (53.73%), followed by fathers’ 

individual characteristics (34.72%). So, if one aims to explain why some fathers 

share more meals with their older child than others (i.e., observed PD score), both 

familial and father’s individual characteristics are of importance. Similar 

reasonings can be made for the other purely dyadic scores. For example, some 
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mothers share more meals with their older child than other mothers do mainly 

because of family characteristics (57.68%).  

Note that summing the different components results in 100% (after rounding) 

and the significance level of the components is not taken into account.  
 

Extending the PD SRM  

With the Additional input tab, the standard PD SRM can be extended to 

investigate more complex research questions as well (see Figure 6b). Three kinds 

of extensions are available in the app. First, if one aims to estimate 

intragenerational similarities, the box under “Estimate intragenerational 

similarities (IGSIM)?” should be checked. Now, one can specify which two roles 

define the first and second generation, respectively (see Figure 7a). After clicking 

the confirm button, the estimates of these two correlations can be found in the 

lavaan output with the labels IGSIM1 and IGSIM2 in the column Std.all. In our 

example, no evidence is found for intragenerational similarities (IGSIM1 = - 0.063, 

r = -.361, p = .545; IGSIM2 = 0.006, r = .212, p = .952). Covariances should not 

be tested when the variances of the factors involved are not statistically significant. 

The similarity of the children may be particularly useful for behavior geneticists, 

who use the covariance (or correlation) between children when estimating a genetic 

contribution (e.g., Rasbash, Jenkins, O’Connor, Tackett, & Reiss, 2011b).  

Intragenerational correlations are studied frequently enough to merit a unique 

function in the app.   

Second, additional covariances can be requested by checking the box under 

“Estimate additional covariances” and defining the two components of interest. 

The app allows up to two additional covariances, besides the IGSIM, which are 

labeled as cov1 and cov2 in the lavaan output. For example, if one aims to 

investigate if it is true that the more meals the younger child shares with the 
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mother, the more he/she also tend to share with the father, one can allow a 

correlation between the mother-younger child dyadic component and the father-

younger child dyadic component (see Figure 7b). We found no evidence for this 

association (cov = -0.075, r = -.055,  p = .892). 

 

Figure 7. Extending the PD SRM by the estimation of (a) intragenerational similarities, (b) 
additional covariances, and (c) estimating the difference between two components of interest. 
These figures are detailed pictures of the Additional input tab. 

 

Third, one might want to test an hypotheses that involves the direct 

comparison of two PD SRM components by checking the box under “Compare two 

components?”. After completing the requested info and clicking on the confirm 

button (see Figure 7c), the app automatically estimates a new parameter which is 

defined as the difference between the two components. For example, one can 
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examine if mothers share more meals with all family members than fathers do by 

defining the difference between their average individual components. As this 

parameter does not differ significantly from zero (Diff.mean.MF = 0.251, p = .739), 

no difference is found between the amount of meals mothers and fathers tend to 

share with all others. Note that this result stands in contrast with the statement 

of McCullough and colleagues (2016) who solely inspected the observed scores and 

not the underlying components. This highlights that by using the PD SRM more 

nuanced conclusions can be drawn. 

DISCUSSION  

This paper is the first to present a model that allows to decompose purely 

dyadic measures into individual, dyadic and family level components. As the 

statistical analysis might be a barrier for using this model, we also presented a free 

online app which automatically performs the required analysis. The model and the 

app were illustrated using data of 106 Flemish families on shared family meals. 

This example data nicely demonstrated that a purely dyadic measure not only 

contains information about the dyad itself, but is influenced by individual and 

family characteristics as well. For example, the fact that in some families mothers 

and younger children share more meals together than in others families (cfr. Table 

2 for the variance of the purely dyadic measures) did not seem to depend on dyadic 

level characteristics, as its variance was found to be nonsignificant (cfr. Table 5 

for the variance of the PD SRM components). Instead, we found significant 

variance at the family level and at the individual level for mothers, revealing that 

family characteristics and mothers’ individual characteristics explain this between-

family difference. Taken together, even though purely dyadic data look like they 
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solely target the dyad level, it is important to realize that these ratings contain 

information from individual and family level factors as well (Bond & Kenny, 2002). 

 

The current article yields important contributions and implications for family 

literature, family researchers and practitioners. First, this article extends the 

statistical toolbox of family researchers by providing a model for purely dyadic 

data. Second, by using the  PD SRM, researchers can gain insight into the different 

levels of causation in these purely dyadic measures and, as a result, may come to 

more nuanced findings and conclusions. Third, the results of a PD SRM analysis 

can guide interventions. That is, if a component varies across families, it is 

changeable and can be targeted. For example, the significant variances shown in 

Table 5 suggest who or which (sub)system can be targeted if one aims to increase 

the occurrence of family means. Fourth, in most literature using the traditional 

SRM, solely the variances are estimated. By using our app, the means are 

calculated as well. By combining the information of both the means and the 

variances more nuanced findings can be reported. That is, one has information 

about the average level of a component and if this average level differs across 

families.  

 

This project has some strengths that are worth to discuss. First, in the 

absence of clear guidelines to evaluate the model fit, different SRM authors have 

been using different cut-offs. To avoid this problem with the PD SRM, we 

combined the general goodness-of-fit guidelines with the results of our simulation 

study, leading to practical rules of thumbs for model evaluation per sample size. 

Second, the complex underlying statistics associated with interpersonal models can 

be a barrier for using these models. To overcome this, we developed an app that 

automatically performs these analyses, making the model more accessible. Third, 
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for transparency reasons, the app provides a lavaan script as a record of its 

analysis. By sharing this script, users allow other researchers to replicate their 

results. Fourth, in accordance to the previous chapter, the PD SRM uses a similar 

conceptualization of the family component. This enables researchers to truly target 

family characteristics, such as the family climate.  

There are also limitations that are worth considering. First, the example data 

set used only a single indicator per purely dyadic measurement. With the dyadic 

component not separated from the error, the dyadic components might be inflated. 

Second, the question can be raised if data in which every family member rates 

every dyad in the family is a special kind of purely dyadic data. For example, Cole 

and Jordan (1989) had family members rate the cohesiveness of each dyad. 

Because this kind of data necessitates a different design than the proposed round-

robin design and results in a different data format, we opted not to include it in 

current manuscript. Future research might want to expand the PD SRM so it can 

deal with this kind of data, as well. Third, the app currently does not provide any 

graphical representation of the data nor the model. This can be the scope of a 

future project.  

CONCLUSION 

This article is the first to present a model for the in-depth analysis of purely 

dyadic data: the Purely Dyadic Social Relations Model (PD SRM). This model 

enables researchers to decompose a purely dyadic measure into individual, dyadic 

and family level components. We developed a Shiny app (Chang et al., 2015), 

called PDSRM, to easily analyze such dyadic data. This user-friendly app is freely 

available, automatically performs all the required statistical analysis and does not 

require any prior knowledge of R nor lavaan. With just a few clicks, the user gets 
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access to a wealth of information: from the descriptive statistics to the results of 

the confirmatory factor analysis.  

Our hope is that this article enables family researchers to easily analyze their 

purely dyadic data from a round-robin design, allowing them to gain insight into 

information at multiple levels of the family system. 
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The goal of this doctoral thesis was to extent the statistical toolbox for 

relationship researchers. To this end, we have automated the analysis of the two 

most popular dyadic models (Chapters 2 & 3), questioned a basic assumption of 

the SRM while providing an alternative for it (Chapter 4) and developed a dyadic 

model for the analysis of purely dyadic data (Chapter 5).  

This discussion will briefly recapitulate how the different chapters contribute 

to the extension of the statistical toolbox of relationship researchers and elaborate 

on their implications. We end this chapter with an overview of some strengths and 

limitations of this thesis, hereby also considering some interesting topics for future 

research.   

GENERAL OVERVIEW 

The two most well-known and commonly used dyadic models are the actor-

partner interdependence model and the social relations model. Because their 

statistical complexity might be a barrier for some relationship researchers, we 

developed free software which automatically performs the required analysis in 

Chapters 2 and 3. In particular, Chapter 2 introduces the Shiny app APIM_SEM. 

This user-friendly online app has an appealing point-and-click interface. By 

providing only a minimum of input information, the user gets access to a wealth 

of knowledge. That is, besides the lavaan output, the results are presented in full-

text format, complemented with summary tables and figures. Some diagnostical 

tests are shown graphically as well. Furthermore, the app can model actor and 

partner effects for one or more predictors, can be used to examine dyadic patterns 

(Kenny & Ledermann, 2010), and allows to control for additional covariates, 

measured at either the individual or the couple level. This app is part of a bigger 

project called DyadR (Kenny, 2019). DyadR is a cluster of web applications for 

dyadic data analysis. All apps are freely online accessible and do not require the 
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installation of any software. The ease of these apps inspired Gistelinck and Loeys 

(2019) developed a Shiny app for the analysis of longitudinal dyadic data using 

the APIM.  

We think the APIM_SEM app successfully extended the statistical toolbox of 

relationship researchers as it has been consulted by 1965 unique visitors from 65 

different countries since its first launch (see also Figure 1).  

 
Figure 1. Users of APIM_SEM per country during the 19 months after its first release (map 
created on 09/28/2019). 

 

Chapter 3 presented a user-friendly R-package, called fSRM (Schönbrodt, Stas, 

& Loeys, 2014). This package can be used for analyzing round-robin family data 

with the social relations model. We showed that specifying a single line of code 

suffices to perform the required confirmatory factor analysis (CFA). No detailed 

knowledge of CFA, R nor lavaan is needed to use all the features of this package. 

The package also includes different kinds of graphical representations, facilitating 

the interpretation of the corresponding numeric tables. The options of this package 
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cover the majority of published SRM analyses, such that it can be used to estimate 

the SRM means, variances and reciprocities, for variance decomposition and to 

perform group comparisons. Furthermore, we showed that the app uses new 

techniques to minimize computation time.  

We hope that by introducing these two software packages (Chapter 2 & 3), we 

removed the practical obstacles from using these two models, allowing relationship 

researchers to properly analyze their dyadic data while taking into the 

nonindependence in their observations. 

 

In Chapter 4, we questioned one of the basic assumptions of the SRM. That is, 

the SRM assumes that the group effect influences all group members’ perceptions 

in the same way (i.e., equal weights assumption). Although this seems reasonable 

for groups with interchangeable and unacquainted members (Kenny & La Voie, 

1984), we questioned if this assumption might be too stringent for the family 

version of the SRM. Therefore, we proposed the Flexible SRM which relaxes this 

assumption. We provided firm evidence for the added value of this model as 

compared to the traditional family SRM in two steps. First, we could conclude by  

examining 60,000 simulated data sets that the traditional SRM tends to result in 

bad fitting models and incorrect estimates when this equal weights assumption is 

not fulfilled, whereas this does not affect the performance of the Flexible SRM. 

Next, reviewing published SRM studies confirmed that this assumption is indeed 

often not met in reality. Relationship researchers should, therefore, be cautious 

when using the traditional SRM as it can result in undesired consequences like 

biased estimates. Additionally, we demonstrated that the Flexible SRM can have 

five important implications for family researchers. First, an SRM review pointed 

out that the contribution of the family effect in the model was negligible as it 

hardly explained any variance (Eichelsheim, Deković, Buist, & Cook, 2009). 

Interestingly, our simulation study showed that its traditional conceptualization 
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systematically underestimates this family variance when the equal weights 

assumption is not fulfilled, which might explain this finding. We believe that by 

using the flexible conceptualization the estimation of the family variance will be 

unbiased regardless if this assumption is fulfilled or not. Second, by using our 

alternative conceptualization, the family effect becomes a better measure of family 

characteristics, instead of being a measure of similarity. Third, as a consequence, 

the proposed conceptualization adequately complies with the recurrent 

interpretation of the family effect as the family climate (e.g., Cook & Kenny, 2004; 

De Mol, Buysse, & Cook, 2010; Delsing, Aken, Oud, Bruyn, & Scholte, 2005; 

Eichelsheim et al., 2011; Lanz & Tagliabue, 2014; Rasbash, Jenkins, O’Connor, 

Tackett, & Reiss, 2011). Fourth, by inspecting the factor loadings of the family 

effect, one can gain detailed insight in how the family climate influences family 

members’ perception about each other. Lastly, the possible unfavorable 

consequences of using the traditional SRM together with the previous implications 

might affect researchers’ future choice of conceptualization. Researchers who wish 

to use the traditional conceptualization are given practical guidelines for 

signalizing clues that the equal weights assumption is not fulfilled. 

In general, we hope that the proposed model expands the theories of 

relationship researchers, enhances their thinking in terms of family characteristics 

and, therefore, enables them to measure trends  that could not be detected with 

the traditional conceptualization.  

 

In the final empirical chapter (Chapter 5) we introduced the Purely Dyadic 

Social Relations Model. This model is developed for the analysis of purely dyadic 

data. Such data target what is common between two people or that evaluate the 

dyad as a whole. The model enables researchers to decompose a purely dyadic 

measure into individual, dyadic and family components. As researchers can now 

gain insight into the different levels of causation (Bond & Kenny, 2002), they can 



GENERAL DISCUSSION 

 
221 

C
hapter 6 

come to more nuanced findings and conclusions. To overcome the barriers 

associated with the statistical complexity of this model, we presented a Shiny app 

(Chang, Cheng, Allaire, Xie, & Jonathan, 2015), called PDSRM, to easily analyze 

such dyadic data. This user-friendly app is freely available, automatically performs 

all the required statistical analysis and does not require any prior knowledge of R 

nor lavaan. With just a few clicks, the user gets access to a wealth of information: 

from the descriptive statistics to the results of the required confirmatory factor 

analysis. As we are the first to introduce a model for the in-depth analysis of 

purely dyadic data, we hereby hope to extend the statistical toolbox of family 

researchers. That is, the model enables them to answer research questions that 

necessitate a different data type. Besides its relevance for researchers, the model 

can also guide interventions. In particular, if a PD SRM component varies across 

families, it is changeable and can be targeted in therapy. Thus, by inspecting the 

variances of the PD SRM components, practitioners can make informed decisions 

whom to invite to therapy: an individual, a dyad or the family as a whole.  

Taken together, this chapter aimed to extend the possibilities of the SRM by 

presenting an adapted model that can be used to analyze a different type of dyadic 

data. We hope that this new data-analytic model will cause a change in 

interpersonal thinking such that purely dyadic measures will become more 

frequently the focus of interpersonal studies. 

STRENGTHS, LIMITATIONS AND FUTURE DIRECTIONS 

The projects of this doctoral thesis have some strengths and limitations that 

are worth to discuss. We will also discuss some directions for future research. First, 

a strength of the APIM_SEM app (Chapter 2) is that it can cover a wide range 

of research questions and can analyze data from dyads that are indistinguishable 
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(e.g., two same-sex friends) as well as distinguishable (e.g., husbands and wives). 

Another strength of this app is that it does not require any installed software as 

it can be consulted directly through a web browser. For the fSRM package 

(Chapter 3), we are well aware that the necessity to use R might introduce 

unwanted barriers for users who are not familiar with this free software 

environment. As a strength of this project, we tried to counter this by including a 

point-and-click pop-up window which gives users a tool to (1) easily import their 

dataset, (2) transform their data to the required format, and (3) customize the 

labels that are used in the output. Even though we took great effort to overcome 

the obstacles associated with the usage of R, researchers might still feel reluctant 

to install and use this software. A future project might solve by converting the 

fSRM package to a web based point-and-click app (e.g., a Shiny app). It is 

noteworthy that Loncke and Loeys (2019) recently developed such an app for 

practitioners and clinicians. This app can be used to easily perform a family 

assessment based on the SRM. By presenting it in such a user-friendly format, 

users do not need to worry about the statistics involved and, thereby, these 

authors removed all statistical barriers in advance.  

A limitation of both chapters (Chapters 2 & 3) is that the presented software 

can only be used for analyzing continuous outcomes. Extending the features of 

these programs to categorical responses might be a topic for future research as 

well.  

 

Next, a notable strength of the Flexible SRM-project (Chapter 4) is that we 

conducted an in-depth analysis in two steps in order to come to well-substantiated 

conclusions. First, by using a simulation study we were able to check what the 

consequences are when the equal weights assumption is or is not fulfilled. Next, 

thanks to family researchers who provided us with their published SRM data, we 

could examine the performance of the traditional and Flexible SRM with real 
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family data. This project also has some limitations that are worth considering. 

First, our review included only seven independent samples. Possibly, by examining 

other samples, other results might show up. Second, we did not include a mean 

structure when performing the simulation study, nor when we reexamined the 

published SRM studies. This because our analysis revealed that by including a 

mean structure in a two-indicator model, the model can become unstable and 

consequently result in extreme factor loadings. This problem can easily be avoided 

by excluding the mean structure from the analysis, while calculating the formulas 

provided by Kenny and his colleagues (2006; pp. 253-257). Although different 

studies have already calculated these means manually (e.g., Buyukcan-Tetik, 

Finkenauer, Siersema, Vander Heyden, & Krabbendam, 2015), we suggest to 

automate this calculation in a future project. Furthermore, to enable family 

researchers to easily analyze their data with the Flexible SRM, we aim to include 

this alternative conceptualization of the family effect in the fSRM package. 

  

Lastly, the PD SRM chapter (Chapter 5) has three important strengths. 

First, in the absence of clear guidelines to evaluate the model fit, different SRM 

authors report different cut-offs. To avoid this problem with the PD SRM 

(Chapter 5), we presented practical rules of thumbs per sample size based on the 

general goodness-of-fit guidelines and the results of our simulation study. Second, 

the presentation of a user-friendly online app to avoid possible statistical barriers 

users might have. Third, as this app provides the lavaan script as a record of its 

analysis, family researchers are encouraged to (1) use R themselves, (2) keep a 

record of their analysis, and (3) share this script for transparency reasons. There 

are also some limitations that are worth to discuss. First, the app in its current 

form does not include any graphical representations of the data nor the model. 

This can be the scope of a future project. Second, the model cannot deal with data 

in which all family members rate each dyad in the family. Because such data come 
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from a different design and result in a different data format, we opted not to 

include it in current manuscript. However, future research might want to expand 

the possibilities of the PD SRM so it can deal with this kind of dyadic data as 

well.  

 

In this dissertation, we hope to have presented different tools, guidelines  and 

models to extend the statistical toolbox of relationship researchers which, 

therefore, allow them to tackle their future dyadic research questions with more 

ease. 
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ENGLISH SUMMARY 

Over the past decades, the analysis of dyadic data has become a core principle 

in interpersonal science. This dissertation targets the two most well-known and 

commonly used dyadic models: the Actor-Partner Interdependence Model (APIM; 

Cook & Kenny, 2005; Kashy & Kenny, 2000; Kenny, 1996; Kenny & Cook, 1999) 

and the Social Relations Model (SRM; Cook & Dreyer, 1984; Kenny & La Voie, 

1984).  

For analyzing data from a single dyad, the APIM is by far the most popular 

dyadic model (Kenny, 2018). It allows to simultaneously examine the effect of 

one’s own predictor score on one’s own outcome (i.e., the actor effect), and on the 

outcome of his or her partner (i.e., the partner effect). These two effects can be 

measured simultaneously while proper statistical allowances are made for the 

interdependence in the two persons’ responses (Kenny & Ledermann, 2010). 

Starting from groups with three members, the SRM can be used. This is one of 

the most popular models to analyze family data. Using a round-robin design, it 

allows to decompose the observed scores into individual, dyadic and family 

characteristics.  

This dissertation aims to extent the statistical toolbox for relationship 

researchers by making these two models more accessible and by expanding their 

possibilities. This is done in four distinct projects. First, the statistical complexities 

and the lack of user-friendly software might be a barrier for relationship 

researchers to use these two models. Therefore, the first two projects cover free 

software that automatically performs the required analysis of the APIM and the 

SRM. In particular, for the APIM we developed a user-friendly online app, called 

APIM_SEM. By providing only a minimum of input information, the user gets 

access to the output which is presented in different formats. Besides the plain  

lavaan (Rosseel, 2012) output, results are written in full-text format accompanied 
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by figures and summary tables. APIM_SEM can be used to examine both simple 

and complex APIMs as it can model actor and partner effects for one or more 

predictor variables, allows to control for different kinds of covariates and can be 

used to examine dyadic patterns (Kenny & Ledermann, 2010). Second, for the 

SRM we developed an open-source R-package (R Development Core Team, 2004) 

called fSRM, which stands for family SRM. By specifying a single line of code, the 

required confirmatory factor analysis is automatically performed. No detailed 

statistical knowledge nor software-related background is required to use all 

features of this package. The options of this package cover the majority of 

published SRM analyses. That is, it can be used to estimate the SRM means, 

variances and reciprocities as well as it can perform variance decompositions and 

group comparisons. This package includes different graphical representations and 

introduces new techniques that minimize computation time.  

Third, although the SRM is a widely used model to examine family data, we 

question one of its basic assumptions. In particular, the SRM assumes that the 

group effect influences all group members’ perceptions in the same way (i.e., equal 

weights assumption). Although this seems reasonable for groups with 

interchangeable and unacquainted members (Kenny & La Voie, 1984), we 

questioned if this assumption might be too stringent for the family version of the 

SRM. Therefore, we propose an adapted model, called the Flexible SRM, which 

relaxes this assumption. We test the added value of this model as compared to 

the traditional family SRM in two steps. First, by examining 60,000 simulated 

data sets we conclude that the traditional SRM tends to result in bad fitting 

models and incorrect estimates when this equal weights assumption is not fulfilled, 

whereas this does not affect the performance of the Flexible SRM. Second, by 

reviewing published family SRM studies we could conclude that this assumption 

is indeed often not fulfilled in reality.  

Fourth, we extend the possibilities of the SRM by developing an alternative 

model that can analyze purely dyadic data. Purely dyadic data target what is 
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common between two people or that evaluate the dyad as a whole. For example, 

the number of meals two dyadic partners share together or the distance they stand 

from each other. The model that we propose is called the Purely Dyadic Social 

Relations Model and enables researchers to decompose a purely dyadic measure 

into individual, dyadic and family components. To prevent barriers associated 

with the statistical complexity of this model, we presented an online app called 

PDSRM. This user-friendly app is freely available, automatically performs all the 

required statistical analysis and does not require any prior knowledge of R. With 

just a few clicks, the user gets access to a wealth of information: from the 

descriptive statistics to the results of the required confirmatory factor analysis. 
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Tijdens de laatste decennia is het analyseren van dyadische data een 

kernmethodiek geworden binnen interpersoonlijk onderzoek. Deze thesis behandelt 

de twee bekendste en meest gebruikte dyadische modellen: het Actor-Partner 

Interdependence Model (APIM; Cook & Kenny, 2005; Kashy & Kenny, 2000; 

Kenny, 1996; Kenny & Cook, 1999) en het Social Relations Model (SRM; Cook & 

Dreyer, 1984; Kenny & La Voie, 1984).  

Voor het analyseren van één enkele dyade is het APIM veruit het meest 

populaire dyadische model (Kenny, 2018). Dit model stelt onderzoekers in staat 

om simultaan te onderzoeken wat het effect is van iemands eigen predictor score 

op zijn/haar eigen outcome score (i.e., het actor effect) alsook op de outcome van 

zijn/haar partner (i.e., het partner effect). Het APIM kan deze twee effecten 

simultaan meten terwijl het statistisch rekening houdt met de interafhankelijkheid 

die bestaat tussen de responsen van deze twee personen (Kenny & Ledermann, 

2010). Wanneer drie of meer personen worden bevraagd is het gebruik van het 

SRM aangewezen. Het SRM is een van de meest populaire modellen om familiale 

data te analyseren. Wanneer een round-robin design gebruikt wordt, stelt het 

onderzoekers in staat om een geobserveerde score te ontrafelen in componenten op 

het individuele, dyadische en familiale niveau.  

Huidige thesis stelt als doel om de statistische toolbox voor relatie-onderzoekers 

uit te breiden door enerzijds deze twee modellen meer toegankelijk te maken en 

anderzijds hun mogelijkheden uit te breiden. Dit doel pogen we te bereiken d.m.v. 

vier projecten. Vooreerst kan de statistische complexiteit van beide modellen en 

het gebrek aan gebruiksvriendelijke software een obstakel zijn voor relatie-

onderzoekers. Bijgevolg focussen de eerste twee projecten op het ontwikkelen en 

presenteren van gratis software dewelke de vereiste analyses automatisch uitvoert. 
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Concreet presenteren we voor het APIM een gebruiksvriendelijke online app (i.e., 

APIM_SEM) in een eerste project. Met slechts een minimum aan inputinformatie 

krijgt de gebruiker toegang tot de output in verschillende vormen. Zo worden de 

resultaten weergegeven in de standaard lavaan output (Rosseel, 2012), maar 

worden ze ook beschreven in een tekstbestand met bijhorende tabellen en figuren. 

Het programma kan gebruikt worden om zowel eenvoudige als complexe APIM-

analyses uit te voeren aangezien het actor en partner effecten van één of meerdere 

predictor variabelen kan schatten, het toelaat om te controleren voor verschillende 

soorten covariaten en het gebruikt kan worden om dyadische patronen in de data 

te detecteren (Kenny & Ledermann, 2010).  

In een tweede project ontwikkelen we voor het SRM een open-source R-pakket 

(R Development Core Team, 2004) genaamd fSRM, dewelke staat voor familie 

SRM. Door slechts één lijn R-code te specifiëren wordt de vereiste confirmatorische 

factor analyse automatisch uitgevoerd. Een diepgaande statistische kennis of 

software gerelateerde achtergrond zijn niet vereist om alle aspecten van dit pakket 

te kunnen gebruiken. Het merendeel van de gepubliceerde SRM analyses wordt 

gecoverd door de opties van fSRM. Concreet kan het pakket gebruikt worden om 

SRM gemiddelden, varianties en reciprociteiten te schatten. Daarnaast kan het 

ook gebruikt worden om een variantie decompositie uit te voeren en groepen met 

elkaar te vergelijken. Tot slot biedt het pakket ook verschillende grafische 

representaties aan en omvat het computationeel snellere analytische technieken. 

In een derde project stellen we één van de basisassumpties van het SRM in 

vraag. Concreet veronderstelt het SRM dat de groepscomponent een gelijke 

invloed heeft op de percepties van elk individu (i.e., de assumptie van gelijke 

gewichten). Ook al lijkt deze assumptie redelijk voor groepen met inwisselbare 

groepsleden die elkaar niet kennen (Kenny & La Voie, 1984), stellen we ons de 

vraag of deze assumptie te streng is wanneer men families bestudeert. Bijgevolg 

introduceren we een model dat deze assumptie niet oplegt: het Flexible SRM. De 

toegevoegde waarde van dit model wordt uitvoerig getest in twee stappen. In een 
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eerste stap worden 60 000 gesimuleerde datasets geanalyseerd. Dit laat ons toe om 

te besluiten dat, wanneer deze assumptie niet is voldaan, het traditionele SRM 

resulteert in slecht fittende modellen en foute schattingen. De performantie van 

het Flexible SRM wordt hierdoor echter niet beïnvloedt. In een tweede stap 

reviewen we gepubliceerde familiale SRM studies. Dit laat ons toe om te besluiten 

dat de assumptie van gelijke gewichten in de praktijk inderdaad vaak niet voldaan 

is.  

In een vierde project breiden we de mogelijkheden van het SRM uit door een 

gerelateerd model te ontwikkelen voor de analyse van puur dyadische data. Puur 

dyadische data meten iets wat twee mensen gemeenschappelijke hebben of 

beoordelen de dyade als een geheel. Bijvoorbeeld, het aantal maaltijden dat twee 

personen samen delen of de fysieke afstand tussen hun voeten zijn voorbeelden 

van puur dyadische data. Het model dat we introduceren noemt het Puur 

Dyadische Social Relations Model en stelt onderzoekers in staat om een puur 

dyadische score te ontrafelen in individuele, dyadische en familiale componenten. 

Teneinde mogelijke obstakels gerelateerd aan de statistische complexiteit van dit 

model te vermijden, presenteren we eveneens een online app genaamd PDSRM. 

Deze gebruiksvriendelijke app is gratis beschikbaar, voert automatisch de vereiste 

statistische analyses uit en noodzaakt geen voorkennis van R. Met enkele 

muisklikken krijgt de gebruiker toegang tot een rijkdom van informatie: van de 

descriptieve statistieken tot het resultaat van de vereiste confirmatorische factor 

analyse.  
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DATA STORAGE FACT SHEET CHAPTER 2 
 

% Data Storage Fact Sheet 

 

% Name/identifier study: Giving dyadic data analysis away: A user-

friendly app for actor–partner interdependence models. 

% Author: Lara Stas 

% Date: 14/10/2019 

 

1. Contact details 

=========================================================== 

 

1a. Main researcher 

----------------------------------------------------------- 

- name: Lara Stas  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Lara.Stas@UGent.be 

 

1b. Responsible Staff Member (ZAP)  

----------------------------------------------------------- 

- name: Tom Loeys  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Tom.Loeys@UGent.be 

 

If a response is not received when using the above contact details, 

please send an email to data.pp@ugent.be or contact Data 

Management, Faculty of Psychology and Educational Sciences, Henri 

Dunantlaan 2, 9000 Ghent, Belgium. 

 

 

2. Information about the datasets to which this sheet applies  

=========================================================== 

* Reference of the publication in which the datasets are reported: 
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Stas, L., Kenny, D. A., Mayer, A., & Loeys, T. (2018). Giving 

dyadic data analysis away: A user-friendly app for actor–partner 

interdependence models. Personal Relationships, 25, 103-109. 

 

* Which datasets in that publication does this sheet apply to?: the 

sheet applies to all the data used in the publication. 

 

 

 

3. Information about the files that have been stored 

=========================================================== 

 

 

3a. Raw data 

----------------------------------------------------------- 

 

* Have the raw data been stored by the main researcher? [ ] YES / 

[X] NO 

If NO, please justify: The data are publicaly available and were 

retrieved from  

http://www.icpsr.umich.edu/icpsrweb/ICPSR/studies/22081/version/1 

 

* On which platform are the raw data stored? 

  - [ ] researcher PC 

  - [ ] research group file server 

  - [ ] other (specify): ... 

 

* Who has direct access to the raw data (i.e., without intervention 

of another person)? 

  - [ ] main researcher 

  - [ ] responsible ZAP 

  - [ ] all members of the research group 

  - [ ] all members of UGent 

  - [ ] other (specify): ... 

    

 

3b. Other files 

----------------------------------------------------------- 
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* Which other files have been stored? 

  - [ ] file(s) describing the transition from raw data to reported 

results. Specify: ... 

  - [X] file(s) containing processed data. Specify: the used data 

are publicaly available at http://lavaan.org/APIM_SEM/ 

  - [X] file(s) containing analyses. Specify: these are included in 

the paper and corresponding appendices. 

  - [ ] files(s) containing information about informed consent  

  - [ ] a file specifying legal and ethical provisions  

  - [X] file(s) that describe the content of the stored files and 

how this content should be interpreted. Specify: these are included 

in the paper and corresponding appendices. 

  - [ ] other files. Specify: ... 

 

     

* On which platform are these other files stored?  

  - [X] individual PC 

  - [X] research group file server 

  - [X] other: http://lavaan.org/APIM_SEM/  

 

* Who has direct access to these other files (i.e., without 

intervention of another person)?  

  - [X] main researcher 

  - [X] responsible ZAP 

  - [X] all members of the research group 

  - [X] all members of UGent 

  - [X] other (specify): everyone who has access to the internet.   

 

4. Reproduction  

=========================================================== 

* Have the results been reproduced independently?: [ ] YES / [X] NO 

 

* If yes, by whom (add if multiple): 

   - name:  

   - address:  

   - affiliation:  

   - e-mail:  
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DATA STORAGE FACT SHEET CHAPTER 3 
 

Main paper  

% Data Storage Fact Sheet  

 

% Name/identifier study: Getting the Most Out of Family Data With 

the R Package fSRM  

% Author: Lara Stas 

% Date: 14/10/2019 

 

 

1. Contact details 

=========================================================== 

 

1a. Main researcher 

----------------------------------------------------------- 

- name: Lara Stas  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Lara.Stas@UGent.be 

 

1b. Responsible Staff Member (ZAP)  

----------------------------------------------------------- 

- name: Tom Loeys  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Tom.Loeys@UGent.be 

 

If a response is not received when using the above contact details, 

please send an email to data.pp@ugent.be or contact Data 

Management, Faculty of Psychology and Educational Sciences, Henri 

Dunantlaan 2, 9000 Ghent, Belgium. 

 

 

2. Information about the datasets to which this sheet applies  

=========================================================== 

* Reference of the publication in which the datasets are reported: 
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Stas, L., Schonbrodt, F., & Loeys, T. (2015). Getting the Most Out 

of Family Data With the R Package fSRM. Journal of Family 

Psychology, 29(2), 263–275. 

 

* Which datasets in that publication does this sheet apply to?: 

the sheet applies to the data used in the appendices. 

 

 

3. Information about the files that have been stored 

=========================================================== 

 

 

3a. Raw data 

----------------------------------------------------------- 

 

* Have the raw data been stored by the main researcher? [X] YES / [ 

] NO 

If NO, please justify: 

 

* On which platform are the raw data stored? 

  - [X] researcher PC: data were simulated based on the following 

paper: Eichelsheim, V. I., Buist, K. L., Deković, M., Cook, W. L., 

Manders, W., Branje, S. J. T. (2011). Negativity in Problematic and 

Nonproblematic Families: A Multigroup Social Relations Analysis with 

Structured Means.  Journal of family psychology, 25(1), 152–156. 

doi:10.1037/a0022450. 

 The script for simulating this data set is stored on the 

researcher PC and shared with Tom Loeys. 

  - [X] research group file server: The script for simulating this 

data set is stored on the share "data_stas". 

  - [X] other (specify): data were simulated based on the following 

paper: Eichelsheim, V. I., Buist, K. L., Deković, M., Cook, W. L., 

Manders, W., Branje, S. J. T. (2011). Negativity in Problematic and 

Nonproblematic Families: A Multigroup Social Relations Analysis with 

Structured Means.  Journal of family psychology, 25(1), 152–156. 

doi:10.1037/a0022450. The script for simulating this data set is 

stored on the researcher PC, the share “data_stas” and shared with 

Tom Loeys. 
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* Who has direct access to the raw data (i.e., without intervention 

of another person)? 

  - [X] main researcher 

  - [X] responsible ZAP 

  - [ ] all members of the research group 

  - [ ] all members of UGent 

  - [ ] other (specify) 

    

 

3b. Other files 

----------------------------------------------------------- 

 

* Which other files have been stored? 

  - [ ] file(s) describing the transition from raw data to reported 

results. Specify:  

  - [X] file(s) containing processed data. Specify: all data are 

stored in the R-package fSRM (CRAN). The steps how to get access to 

the data are described in the fSRM paper. Data are also stored on 

the share "data_stas". 

  - [X] file(s) containing analyses. Specify: included in the fSRM 

paper. 

  - [ ] files(s) containing information about informed consent: the 

data were retrieved from the website of the Dyadic Data Analysis 

book (http://davidakenny.net/kkc/kkc.htm) 

  - [ ] a file specifying legal and ethical provisions: the data 

were retrieved from the website of the Dyadic Data Analysis book 

(http://davidakenny.net/kkc/kkc.htm) 

  - [X] file(s) that describe the content of the stored files and 

how this content should be interpreted. Specify: included in the 

fSRM paper and in the corresponding appendices. 

  - [ ] other files. Specify: ... 

 

     

* On which platform are these other files stored?  

  - [ ] individual PC 

  - [ ] research group file server 

  - [X] other: included in the fSRM paper. 
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* Who has direct access to these other files (i.e., without 

intervention of another person)?  

  - [X] main researcher 

  - [X] responsible ZAP 

  - [X] all members of the research group 

  - [X] all members of UGent 

  - [X] other (specify): everyone who has access to the paper.    

 

 

4. Reproduction  

=========================================================== 

* Have the results been reproduced independently?: [ ] YES / [X] NO 

 

* If yes, by whom (add if multiple): 

   - name:  

   - address:  

   - affiliation:  

   - e-mail:  

 

    

Appendices 

 

% Name/identifier study: Getting the Most Out of Family Data With 

the R Package fSRM - APPENDICES 

% Author: Lara Stas 

% Date: 14/10/2019 

 

 

1. Contact details 

=========================================================== 

 

1a. Main researcher 

----------------------------------------------------------- 

- name: Lara Stas  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Lara.Stas@UGent.be 
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1b. Responsible Staff Member (ZAP)  

----------------------------------------------------------- 

- name: Tom Loeys  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Tom.Loeys@UGent.be 

 

If a response is not received when using the above contact details, 

please send an email to data.pp@ugent.be or contact Data 

Management, Faculty of Psychology and Educational Sciences, Henri 

Dunantlaan 2, 9000 Ghent, Belgium. 

 

 

2. Information about the datasets to which this sheet applies  

=========================================================== 

* Reference of the publication in which the datasets are reported: 

Stas, L., Schonbrodt, F., & Loeys, T. (2015). Getting the Most Out 

of Family Data With the R Package fSRM. Journal of Family 

Psychology, 29(2), 263–275. 

 

* Which datasets in that publication does this sheet apply to?: 

the sheet applies to the data used in the appendices. 

 

 

3. Information about the files that have been stored 

=========================================================== 

 

 

3a. Raw data 

----------------------------------------------------------- 

 

* Have the raw data been stored by the main researcher? [ ] YES / 

[X] NO 

If NO, please justify: the data were retrieved from the website of 

the Dyadic Data Analysis book (http://davidakenny.net/kkc/kkc.htm) 

and were already processed. 

 

* On which platform are the raw data stored? 
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  - [ ] researcher PC 

  - [ ] research group file server 

  - [ ] other (specify) 

 

* Who has direct access to the raw data (i.e., without intervention 

of another person)? 

  - [ ] main researcher 

  - [ ] responsible ZAP 

  - [ ] all members of the research group 

  - [ ] all members of UGent 

  - [ ] other (specify) 

    

 

3b. Other files 

----------------------------------------------------------- 

 

* Which other files have been stored? 

  - [ ] file(s) describing the transition from raw data to reported 

results. Specify: the data were retrieved from the website of the 

Dyadic Data Analysis book (http://davidakenny.net/kkc/kkc.htm) and 

were already processed. 

  - [X] file(s) containing processed data. Specify: all data are 

stored in the R-package fSRM (CRAN). The steps how to get access to 

the data are described in the paper itself. 

  - [X] file(s) containing analyses. Specify: included in the 

corresponding appendices. 

  - [ ] files(s) containing information about informed consent: the 

data were retrieved from the website of the Dyadic Data Analysis 

book (http://davidakenny.net/kkc/kkc.htm) 

  - [ ] a file specifying legal and ethical provisions: the data 

were retrieved from the website of the Dyadic Data Analysis book 

(http://davidakenny.net/kkc/kkc.htm) 

  - [X] file(s) that describe the content of the stored files and 

how this content should be interpreted. Specify: included in the 

paper and in the corresponding appendices. 

  - [ ] other files. Specify: ... 
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* On which platform are these other files stored?  

  - [ ] individual PC 

  - [ ] research group file server 

  - [X] other: included in the corresponding appendices.   

 

* Who has direct access to these other files (i.e., without 

intervention of another person)?  

  - [X] main researcher 

  - [X] responsible ZAP 

  - [X] all members of the research group 

  - [X] all members of UGent 

  - [X] other (specify): everyone who has access to the paper.    

 

 

4. Reproduction  

=========================================================== 

* Have the results been reproduced independently?: [ ] YES / [X] NO 

 

* If yes, by whom (add if multiple): 

   - name:  

   - address:  

   - affiliation:  

   - e-mail:  
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DATA STORAGE FACT SHEET CHAPTER 4 

Simulations 

% Data Storage Fact Sheet  

 

% Name/identifier study: Giving dyadic data analysis away: A user-

friendly app for actor–partner interdependence models. 

% Author: Lara Stas 

% Date: 14/10/2019 

 

 

1. Contact details 

=========================================================== 

 

1a. Main researcher 

----------------------------------------------------------- 

- name: Lara Stas  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Lara.Stas@UGent.be 

 

1b. Responsible Staff Member (ZAP)  

----------------------------------------------------------- 

- name: Tom Loeys  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Tom.Loeys@UGent.be 

 

If a response is not received when using the above contact details, 

please send an email to data.pp@ugent.be or contact Data 

Management, Faculty of Psychology and Educational Sciences, Henri 

Dunantlaan 2, 9000 Ghent, Belgium. 

 

 

2. Information about the datasets to which this sheet applies  

=========================================================== 

* Reference of the publication in which the datasets are reported: 
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Stas, L., Loncke, J., & Loeys, T. (2019). The Flexible Social 

Relations Model: A New Conceptualization of the Family Effect. 

Unpublished Manuscript.  

-> Manuscript included in doctoral thesis. 

 

* Which datasets in that publication does this sheet apply to?: the 

sheet applies to the simulation section of the paper and appendices. 

 

 

3. Information about the files that have been stored 

=========================================================== 

 

 

3a. Raw data 

----------------------------------------------------------- 

 

* Have the raw data been stored by the main researcher? [X] YES / 

[] NO 

If NO, please justify:  

 

* On which platform are the raw data stored? 

  - [X] researcher PC 

  - [X] research group file server 

  - [X] other (specify): the data are shared with Prof. Tom Loeys. 

The data should be treated as confidential. 

 

* Who has direct access to the raw data (i.e., without intervention 

of another person)? 

  - [X] main researcher 

  - [X] responsible ZAP 

  - [ ] all members of the research group 

  - [ ] all members of UGent 

  - [ ] other (specify): ... 

    

 

3b. Other files 

----------------------------------------------------------- 
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* Which other files have been stored? 

  - [X] file(s) describing the transition from raw data to reported 

results. Specify: R scripts are saved that analyze the results of 

the simulation study on the share "data_stas". 

  - [X] file(s) containing processed data. Specify: the simulated 

data and parameters are saved on the share "simulaties" and shared 

with Prof. Tom Loeys. 

  - [X] file(s) containing analyses. Specify: R scripts for all data 

are saved on the share "data_stas" and shared with Prof. Tom Loeys. 

  - [ ] files(s) containing information about informed consent  

  - [ ] a file specifying legal and ethical provisions  

  - [X] file(s) that describe the content of the stored files and 

how this content should be interpreted. Specify: a txt-file called 

"UITLEG" is added to the folder.  

  - [ ] other files. Specify: ... 

 

     

* On which platform are these other files stored?  

  - [X] individual PC 

  - [X] research group file server 

  - [] other: 

 

* Who has direct access to these other files (i.e., without 

intervention of another person)?  

  - [X] main researcher 

  - [X] responsible ZAP 

  - [ ] all members of the research group 

  - [ ] all members of UGent 

  - [ ] other (specify): everyone who has access to the internet.   

 

 

4. Reproduction  

=========================================================== 

* Have the results been reproduced independently?: [ ] YES / [X] NO 

 

* If yes, by whom (add if multiple): 

   - name:  

   - address:  
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   - affiliation:  

   - e-mail:  

   

Review 

% Data Storage Fact Sheet  
 
% Name/identifier study: Giving dyadic data analysis away: A user-
friendly app for actor–partner interdependence models. 
% Author: Lara Stas 
% Date: 14/10/2019 
 
 
1. Contact details 
=========================================================== 
 
1a. Main researcher 
----------------------------------------------------------- 
- name: Lara Stas  
- address: Henri Dunantlaan 2, 9000 Ghent 
- e-mail: Lara.Stas@UGent.be 
 
1b. Responsible Staff Member (ZAP)  
----------------------------------------------------------- 
- name: Tom Loeys  
- address: Henri Dunantlaan 2, 9000 Ghent 
- e-mail: Tom.Loeys@UGent.be 
 
If a response is not received when using the above contact details, 
please send an email to data.pp@ugent.be or contact Data 
Management, Faculty of Psychology and Educational Sciences, Henri 
Dunantlaan 2, 9000 Ghent, Belgium. 
 
 
2. Information about the datasets to which this sheet applies  
=========================================================== 
* Reference of the publication in which the datasets are reported: 
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Stas, L., Loncke, J., & Loeys, T. (2019). The Flexible Social 
Relations Model: A New Conceptualization of the Family Effect. 
Unpublished Manuscript.  
-> Manuscript included in doctoral thesis. 
 
* Which datasets in that publication does this sheet apply to?: the 
sheet applies to the review section of the paper. These data were 
retreived from the original authors. 
 
 
3. Information about the files that have been stored 
=========================================================== 
 
 
3a. Raw data 
----------------------------------------------------------- 
 
* Have the raw data been stored by the main researcher? [X] YES / 
[] NO 
If NO, please justify:  
 
* On which platform are the raw data stored? 
  - [X] researcher PC 
  - [ ] research group file server 
  - [X] other (specify): the data are shared with Prof. Tom Loeys. 
The data should be treated as confidential. 
 
* Who has direct access to the raw data (i.e., without intervention 
of another person)? 
  - [X] main researcher 
  - [X] responsible ZAP 
  - [ ] all members of the research group 
  - [ ] all members of UGent 
  - [ ] other (specify): ... 
    
 
3b. Other files 
----------------------------------------------------------- 
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* Which other files have been stored? 
  - [X] file(s) describing the transition from raw data to reported 
results. Specify: R scripts are saved on the share "data_stas". 
These scripts convert the raw data to the data used in the 
manuscript. 
  - [X] file(s) containing processed data. Specify: the different 
used data sets were saved on the share "data_stas" and shared with 
Prof. Tom Loeys. 
  - [X] file(s) containing analyses. Specify: R scripts for all data 
were saved on the share "data_stas" and shared with Prof. Tom Loeys. 
  - [ ] files(s) containing information about informed consent  
  - [ ] a file specifying legal and ethical provisions  
  - [X] file(s) that describe the content of the stored files and 
how this content should be interpreted. Specify: clarifying 
comments are included in the corresponding R scripts. 
  - [ ] other files. Specify: ... 
 
     
* On which platform are these other files stored?  
  - [X] individual PC 
  - [X] research group file server 
  - [] other: 
 
* Who has direct access to these other files (i.e., without 
intervention of another person)?  
  - [X] main researcher 
  - [X] responsible ZAP 
  - [ ] all members of the research group 
  - [ ] all members of UGent 
  - [ ] other (specify):  
 
 
4. Reproduction  
=========================================================== 
* Have the results been reproduced independently?: [ ] YES / [X] NO 
 
* If yes, by whom (add if multiple): 

DATA STORAGE FACT SHEET CHAPTER 5 
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% Data Storage Fact Sheet  

 

% Name/identifier study: The Purely Dyadic Social Relations Model 

% Author: Lara Stas 

% Date: 14/10/2019 

 

 

1. Contact details 

=========================================================== 

 

1a. Main researcher 

----------------------------------------------------------- 

- name: Lara Stas  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Lara.Stas@UGent.be 

 

1b. Responsible Staff Member (ZAP)  

----------------------------------------------------------- 

- name: Tom Loeys  

- address: Henri Dunantlaan 2, 9000 Ghent 

- e-mail: Tom.Loeys@UGent.be 

 

If a response is not received when using the above contact details, 

please send an email to data.pp@ugent.be or contact Data 

Management, Faculty of Psychology and Educational Sciences, Henri 

Dunantlaan 2, 9000 Ghent, Belgium. 

 

 

2. Information about the datasets to which this sheet applies  

=========================================================== 

* Reference of the publication in which the datasets are reported: 

Stas, L., Cook, W. L., & Loeys, T. (2019). The Purely Dyadic Social 

Relations Model. Unpublished manuscript. 

-> Manuscript included in doctoral thesis. 

 

* Which datasets in that publication does this sheet apply to?: the 

sheet applies to all data used in this paper. 
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3. Information about the files that have been stored 

=========================================================== 

 

 

3a. Raw data 

----------------------------------------------------------- 

 

* Have the raw data been stored by the main researcher? [X] YES / 

[] NO 

If NO, please justify:  

 

* On which platform are the raw data stored? 

  - [X] researcher PC 

  - [X] research group file server 

  - [X] other (specify): the data are shared with Prof. Tom Loeys.  

 

* Who has direct access to the raw data (i.e., without intervention 

of another person)? 

  - [X] main researcher 

  - [X] responsible ZAP 

  - [ ] all members of the research group 

  - [ ] all members of UGent 

  - [ ] other (specify): ... 

    

 

3b. Other files 

----------------------------------------------------------- 

 

* Which other files have been stored? 

  - [X] file(s) describing the transition from raw data to reported 

results. Specify: the R script containing the data cleaning is 

available on the share "data_stas" and shared with Prof. Tom Loeys. 

  - [X] file(s) containing processed data. Specify: the processed 

data is available on the share "data_Stas" and shared with Prof. Tom 

Loeys. 

  - [X] file(s) containing analyses. Specify: The R script is saved 

on the share "data_stas" and shared with Prof. Tom Loeys. 
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  - [ ] files(s) containing information about informed consent  

  - [ ] a file specifying legal and ethical provisions  

  - [X] file(s) that describe the content of the stored files and 

how this content should be interpreted. Specify: a txt-file called 

"UITLEG" is added to the "Code"-folder.  

  - [X] other files. Specify: The other co-activity items are 

available on the share "data_stas", as well. 

 

     

* On which platform are these other files stored?  

  - [X] individual PC 

  - [X] research group file server 

  - [] other: 

 

* Who has direct access to these other files (i.e., without 

intervention of another person)?  

  - [X] main researcher 

  - [X] responsible ZAP 

  - [ ] all members of the research group 

  - [ ] all members of UGent 

  - [X] other (specify): William L. Cook (co-author). 

 

 

4. Reproduction  

=========================================================== 

* Have the results been reproduced independently?: [ ] YES / [X] NO 

 

* If yes, by whom (add if multiple): 

   - name:  

   - address:  

   - affiliation:  

   - e-mail:  

 


