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Summary 

Social Skills Rating System (Gresham & Elliott, 1990) is one of the most widely used 

instruments for assessment and measurement of children’s and youth’s social skills both 

within research and clinical work. The validity and reliability of the English original of the 

Social Skills Rating System has been assessed in several different studies. The Norwegian 

language version is, however, less studied, and to my knowledge there has not been 

conducted any confirmatory factor analysis or examinations of measurement invariance of 

this version of the rating scales. The present study investigates factor structure and 

measurement invariance of teacher ratings using the Social Skills Rating System (SSRS-T) in 

a sample of Norwegian 4
th 

through 7
th

 graders. The sample used consists of 8016 students 

from 64 primary schools that participated in an effectiveness trial of the Norwegian School-

Wide Positive Behavior Support model.  

Four specific questions regarding the SSRS-T were addressed in separate analyses. First, the 

original three-factor structure proposed by Gresham and Elliot was examined in a 

confirmatory factor analysis for categorical indicators (CCFA). This factor structure was not 

replicated in the current sample. Second, a hypothesis about method effects caused by the 

different indicators’ assessing social skills either in situations involving peers or involving 

adults was tested in a CCFA. This hypothesis was also rejected. As neither of these models 

was found to acceptably fit the data, a model re-specification based on the original factor 

structure was conducted within the CCFA framework. An alternative factor structure that 

acceptably fit the sample data was found, and the results were replicated in a second sample. 

Third, measurement invariance of the alternative factor structure between boys and girls was 

investigated in multiple-groups CCFA. The results indicate that the measurement was 

invariant across child gender. Finally, the viability of using the re-specified factor structure in 

combination with the isolated uniqueness approach for parceling indicators was assessed in a 

confirmatory factor analysis for continuous variables using ML estimation. The results 

indicated tentative support for this approach. 

The findings in this study indicate that there may be problems associated with the use of 

Gresham and Elliot’s original factor structure in the Norwegian version of the SSRS-T for 

primary school level. Future studies should closely examine the indicators used in the 

Norwegian SSRS-T for primary school level and further assess the original factor structure. 
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The alternative factor structure proposed in this thesis shows promising psychometric 

qualities, including indices of convergent and discriminant validity and measurement 

invariance across child gender. However, the alternative factor structure should be replicated 

in other samples and also studied in relation to other operationalizations of social skills and 

related constructs, before more firm conclusions should be drawn.  
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1 Introduction 

1.1 Background for the thesis 

From 2007 to 2012 The Norwegian Center for Child Behavioral Development (NCCBD) 

conducted a large-scale longitudinal effectiveness study of the Norwegian School-Wide 

Positive Behavior Support model (N-PALS). This intervention model is aimed at creating a 

positive school climate and promoting teachers’ ability to handle and prevent problem 

behavior in the school. A second aim is to strengthen the students’ social skills (Ogden, 

Sørlie, Arnesen, & Meek-Hansen, 2012). As part of this study, the social skills of 

approximately 15000 children were individually rated by their class head teachers at up to 

four different time-points using the Social Skills Rating System (SSRS) developed by 

Gresham and Elliot (1990). In the current thesis I have been given the opportunity to use the 

data collected on the first of the time-points (i.e. before the intervention started) to investigate 

the factor structure and measurement invariance of the teacher version of the Social Skills 

Rating System (SSRS-T) in a Norwegian primary school sample. 

Although the primary focus of this thesis is on statistical and methodological questions 

regarding measurement, the focus on social skills is not arbitrary. Social skills and the broader 

construct of social competence are considered to be important factors in children’s, youth’s 

and adult’s lives. Social skill deficiencies in early life have been linked to several different 

negative consequences for development, social adaptation and achievement throughout 

childhood, adolescence and even into adulthood (Ogden, 1995; Sørlie, 1998). As a result of 

this a number of assessment batteries and interventions aiming at the promotion of social 

skills in children and adolescents have been developed and implemented in schools, day care 

centers and social services. The effects of social skills training have been studied extensively, 

and several interventions have shown significant and positive effects (Durlak, Weissberg, 

Dymnicki, Taylor, & Schellinger, 2011; Lösel & Beelmann, 2003). The study of social skills 

and social competence do however require good quality measurement, and herein lays my 

motivation for this study; how can we ensure that the estimates of association we are 

interested in are as valid and error free as possible? 
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SSRS is one of the most widely used rating scales for assessing social skills in children, and is 

extensively used in the research literature regarding children’s social skills and social 

competence (Crowe, Beauchamp, Catroppa, & Anderson, 2011; Matson & Wilkins, 2009). 

The SSRS is a package of several behavior rating scales that assess social skills by different 

raters (teacher, parents, children), in multiple settings (school, preschool, home) and at 

different developmental stages in children’s lives. The rating scales have been translated into 

Norwegian, and several studies have investigated the factor structure in different Norwegian 

samples with mixed findings for the different versions of the rating scales (Ogden, 1995; 

Ogden & Sørlie, 2001; Sørlie, 1998).  

The most common application of SSRS in statistical analysis seems to be to use composite 

scores either for the entire scale or for the different subscales identified by the developers. 

The scale and subscales were developed using principal component analysis (PCA) which is a 

statistical procedure used to select combinations (e.g. sum or mean values) of indicators into 

composite scores for further analyses. The use of composite scores does, however, rely on the 

assumption that the variables have been measured without error. This assumption seldom 

holds and as the measurement error is compounded in the composite scores, the results from 

analyses using such scores are likely to be biased. Random error will results in a downward 

bias with respect to any estimates of association or causality, and if there are systematic 

measurement error, this can result in bias of an unknown direction and size in the same 

estimates (Brown, 2006).  

In recent years, developments in the field of measurement and the proliferation of statistical 

tools that allow for the use of latent variables instead of composite scores have presented new 

possibilities and challenges in data analysis. In particular, the new statistical tools such as 

confirmatory factor analysis (CFA) and structural equation modeling (SEM) makes it possible 

to examine the assumptions underlying educational and psychological measurement in a more 

rigorous manner, and to use of latent variables for testing associations or effects without the 

biases associated with composite scores. A shared feature of these new tools is that they are 

model testing approaches, and can be used to evaluate how a proposed theoretical model fits 

the sample data (Hoyle, 2012). The development of analysis tools for the use of latent 

variables has however also changed what is considered acceptable measurement practices and 

quality, and this makes it necessary to re-evaluate instruments such as the SSRS. 
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In the current thesis, the focus is on teacher ratings of social skills using the SSRS-T for 

primary school level children. The factor structure of this version of the SSRS-T has been 

tested in two separate sampled using exploratory factor analysis (Ogden, 1995; Sørlie, 1998). 

Findings from these studies indicate that the original factor structure proposed by Gresham 

and Elliot in the SSRS manual is likely to be found in the Norwegian version as well. 

However, this does not necessarily guarantee that the requirements for using the total or 

subscales as latent variables in analyses are met. EFA does not provide a sufficiently rigorous 

test of the factor structure to detect all problems that can result in complications when 

modeling with latent variables (Brown, 2006). One specific problem suggested by Sørlie, 

based on findings in the child self-report data, was that there might be specific method effects 

due to the fact that the indicators assess social skills in relation to either peers or adults 

(Sørlie, 1998; M-A. Sørlie, personal communication, April 15. 2012). Such method effects 

would be a violation of the requirements for modeling with latent variables, and cannot easily 

be tested with the use of EFA. 

Another issue that needs to be addressed is the question of measurement invariance in the 

Norwegian version of the SSRS-T. This relates to the equality of the measurement between 

different groups and is a prerequisite for the comparison of estimates between groups in latent 

variable analysis (e.g. means, distributions, estimates of correlation or prediction). 

Differences between boys and girls are of particular interest in future analyses of the current 

dataset. For example, there is a need to test if there are differences in intervention effects 

between boys and girls, and the longitudinal aspect of the dataset also offers several other 

possibilities to test hypotheses about gender differences in relation to social skills. To my 

knowledge, no evaluation of measurement invariance has been conducted using the 

Norwegian version of the primary school SSRS-T or any of the other rating scales in the 

SSRS package. 

One particular and technical challenge that will be addressed in this thesis arise out of the 

need to make the measurement part of the model less complex to avoid problems that can 

occur when testing latent variable models with very many indicators. A common practice in 

order to avoid such problems is to combine indicators and use these combined variables, 

known as parcels, in analyses. However, parceling is associated with some of the same 

problems as composite scores: They can, if not properly composed and tested, result in biased 

estimates and risk of erroneously accepting a false hypothesis or model (Bandalos, 2008; 
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Bandalos & Finney, 2001). Proper use of parcels relies heavily on thorough examination of 

dimensionality, and therefore one of the goals of this thesis is to propose a parcel solution that 

can be utilized in future analyses where there is a need to reduce the number of variables.  

In order to address the issues outlined above, there is a need for a more stringent test of the 

SSRS-T factor structure than what is afforded by traditional exploratory factor analysis and an 

investigation of measurement invariance between boys and girls. In this thesis I will therefore 

use confirmatory factor analysis (CFA) in order to assess several aspects of the validity of the 

SSRS-T for primary school children.  

1.2 Plan of the thesis 

In chapter 2 I will present and define social skills and social competence and the relationship 

between the two. I will then go on to briefly present some research findings regarding social 

competence and social skills and their relations to positive and negative outcomes in 

children’s, youths’ and adults’ lives. In the next sections, I will present the SSRS system in 

general and the SSRS-T for primary school children in particular.  In the last section, I will go 

through the literature regarding validation studies and subsequent studies investigating factor 

structure or measurement invariance, before presenting my goals and research questions. 

In chapter 3 I will present the methodological choices and options available for the current 

study. In particular, I will go into latent variables, confirmatory factor analysis, structural 

equation modeling, invariance testing and parceling. In the current study there is a need to 

handle ordered categorical indicators and this will be specifically discussed. I will also present 

the study and the sample, procedures and measures. 

In chapter 4 I will present the findings from the analyses. I will start with descriptive statistics 

and then move on to present the findings from the two models assessing specific competing 

factor structures. I will then apply a parceling solution and present the findings from this 

analysis. 

In chapter 5 I will discuss my findings in relation to methodology and substantive questions 

regarding social skills. 
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2 Social skills and social competence 

Social skills and social competence are both much debated and researched constructs. 

Throughout this thesis the main focus is on social skills, but initially both constructs will 

briefly be defined since the two are not always easily distinguishable in the literature, and the 

terms sometimes are used interchangeably. Social skills are also often used as indicators of 

social competence in empirical studies (Ogden, 1995).  

2.1 Social competence 

Social competence is a normative construct within the family of psychological development 

and learning constructs that is difficult to define, both theoretically and operationally (Ogden 

& Sørlie, 2001). In a broad sense, social competence has been described as an “adaptive 

individual-differences characteristic that encompasses many inter-personal skills” (Bornstein, 

Hahn, & Haynes, 2010, p. 718). However, when one moves towards a more specific 

definition or description, the picture becomes more complex: Several equivalent and 

competing definitions of social competence exist in the literature (Rose-Krasnor, 1997). 

Prosocial behavior, social-emotional learning, social intelligence, and emotional intelligence 

are examples of terms that seem to partly overlap with the many definitions of social 

competence. This lack of congruence entails that when the term social competence is used, it 

may mean different things for different people, and that it may therefore be difficult to 

compare research findings and draw conclusions across studies.  

The different definitions vary with respects to the level of abstraction and their emphasis on 

different aspects of the construct and this can to some degree be related back to the various 

theoretical perspectives they originated in; e.g. social learning theory, psychological 

development theory, psychopathology or socio-ecological theory (Ogden, 1995). For instance 

within a developmental framework, Waters and Sroufe (1983) put particular emphasis on 

“…good developmental outcome” (p. 81) as an important determinant of what is socially 

competent. Others, such as Harter (1992) focus on the importance of self-perceived 

competence, and yet others focus on the contextual nature of social competence where social 

competence is seen as “… a function of the child’s interaction with his or her ecosystem” 

(Ogden, 1995, p. 66, own translation).   
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Garbarino (1985) offers a comprehensive definition of social competence encompassing 

several the different aspects mentioned: 

We see competence as a set of skills, attitudes, motives and abilities needed to master 

the principal settings that individuals can reasonably expect to encounter in the social 

environment of which they are a part, while at the same time maximizing their sense 

of well being and enhancing future development. (p. 80) 

This latter definition highlights several aspects of social competence: a) the need for 

individuals to learn and perform a broad repertoire of specific skills, b) the importance of 

individuals choices, motives and attitudes underlying social behavior, c) the contextual frame 

of social behavior (i.e. the reciprocal relationship between child social behavior and the 

environment in which it occurs), and d) the short and long term outcomes of social 

competence. 

According to Waters and Sroufe (1983) definitions of social competence also vary with 

respect to the level of abstraction, from highly abstract (molar) definitions to more specific 

definitions identifying core components or skills. They suggest that the molar definitions 

might cover many important facets of social competence, but unfortunately do not easily 

translate into efforts to measure the construct. More specific definitions (i.e. with reference to 

specific skills, goals or processes), on the other hand, are well suited for guiding the selection 

of indicators and the development of reliable and valid measures, but may present a risk of 

under- or misrepresenting the construct. For example, specific skills used to indicate social 

competence, such as initiating conversations or offering help, might not represent the 

construct if the skills are used in an inappropriate (e.g. manipulative) manner or situation to 

reach individual goals at the expense of others.  Some social skills might also function as 

adequate indications of good social functioning at a particular developmental period (e.g. 

infancy), while indicating maladjustment in another period (e.g. adolescence) (Waters & 

Sroufe, 1983). Construct under-representation may for example happen if children’s social 

competence is measured as function of social interactions with peers only while interactions 

with adults are left out, or if an important skills domain is ignored.     

Rose-Krasnor (1997) identified four categories of operational definitions in the literature: 

specific skills, sociometric status, relationships, and functional outcomes. Definitions within 

these categories were in particular differentiated by their focus on different observable 

indicators of social competence. Social skills definitions focus on observable behaviors, 
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definitions in the relationships category focus on the quality of children’s relationships with 

peers and adults, while definitions in the sociometric status category focus on the child’s 

acceptability or popularity in the peer group. The functional approaches deal primarily with 

social goals and tasks, and how these are related to social outcomes (Rose-Krasnor, 1997). An 

example of the latter may be found in the model of social functioning proposed by Dodge, 

Pettit, McClaskey, Brown, and Gottman (1986). This model emphasizes that competent social 

interactions depend on social-cognitive processes such as decoding social cues from others 

and selecting proper responses, and also the responses a child receive from others. The four 

categories of definitions have influenced the use of specific measurement strategies, such as 

the use of sociometric nominations to assess the acceptability to peers or rating scales where 

peers are asked to rate relationship quality, the use of teacher and/or parental behavioral 

assessments of social skills (e.g. SSRS), and interview strategies aimed at assessing socio-

cognitive processes or motives. 

2.2 Social skills 

Ogden and Sørlie (2001) suggest that social competence can be considered as an overarching 

construct with social skills as a behavioral and observable aspect. In addition to social skills, 

their model consists of “knowledge” and “attitudes and motivation” (p. 212, own translation). 

Social skills may be observed at the micro level as for example eye contact, respect for others 

personal space and use of voice; or as individual behaviors such as introducing oneself to 

strangers. On a more general level social skills may for example be seen as the ability to take 

turns when playing or cooperation with classmates (Ogden & Sørlie, 2001). Gresham (1986) 

also points to the behavioral aspect of social skills when he describes the relationship between 

social skills and social competence as follows:  “Social skills are the specific behaviors that 

an individual exhibits to perform competently on task. In contrast, social competence 

represents an evaluative term based on judgments (given certain criteria) that a person has 

performed a task adequately” (p. 4). 

In their review and evaluation of different methods for assessing social skills in children, 

Gresham and Elliott (1984) identified three broad categories of social skills definitions in the 

literature: peer acceptance definitions, behavioral definitions and social validity definitions. 

The peer acceptance definitions are in many ways that same as Rose-Krasnor (1997) 

identified as sociometric or relationship definitions of social competence: that those 
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considered to be popular or accepted by their peers are likely to exhibit social skills. The 

behavioral definitions focus on the outcomes of social behaviors in terms of which of these 

are likely to produce positive or negative responses (i.e. reinforcement or extinction) in a 

given situation or context. The third group, social validity definitions, is in many ways 

presented as an alternative and more productive type of definition. This definition emphasizes 

the need to consider social and ecological effects of social skills, and that these should be 

socially acceptable and significant both for the individual and for the surroundings. Gresham 

and Elliott (1987) argue that peer acceptance definitions lack the link to specific skills needed 

in order to help children with social skills deficits. Socially isolated children can be 

candidates for social skills training, but the fact that they are isolated does not point out which 

skills should be targeted in the training. The behavioral definitions link to specific skills, but 

the skills are often chosen without assessing the importance which the individual or 

significant others attribute to it. Thus, there is no guarantee that the targeted skills are 

important with respect to reaching socially important or valid goals. The social validity 

approach on the other hand, incorporates this aspect; social skills are those that predict salient 

and socially valid outcomes. Socially valid outcomes can for instance be acceptance from 

peers or significant others (e.g. parents, teachers), school success, good mental health and the 

absence of antisocial behavior (Gresham, 1986; Gresham & Elliott, 1984).  

In their efforts to measure social skills Gresham and Elliott (1990) operate with the definition 

of social skills as “socially acceptable learned behaviors that enable a person to interact 

effectively with others and avoid socially unacceptable responses” (p. 1). By this definition, 

they posit several important features of social skills that set these apart from other skills 

needed or acquired throughout life. Firstly, they state that social skills should lead to effective 

and successful interactions with others. Secondly, social skills are acquired through learning. 

Finally, this definition underpins the ambition to assess the social acceptability and 

significance of social skills, and that social validity is at the heart of their definition of social 

skills.  

2.3 Importance of social competence 

Social competence and social skills as factors in children’s and adult’s lives have frequently 

been target of research, and especially on the connections between children’s competence and 

behavioral adjustment. In addition there has been much focus on developing effective 
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universal and targeted interventions aimed at teaching skills and strengthening social 

competence in children and youths at risk of behavioral maladjustment. Likewise, efforts have 

been made to develop psychometrically sound instruments for screening of social competence 

and measurement of social skills. 

Ogden (1995) traces the recent interest in social competence and social skills back to the 

1950s and 60s when several studies showed that low social competence was associated with 

important negative social and mental outcomes, such as poor mental health, behavioral 

problems and antisocial behavior. In their seminal review of the research literature from this 

early period, Parker and Asher (1987) reported relatively consistent results indicating that low 

social competence (operationalized as peer or teacher rated acceptance, aggression and 

shyness or withdrawal) was associated with severe problems, such as criminal behavior, 

school dropout and also psychopathology later in life. Parker and Asher did however question 

the methodological quality of the studies included in the review and pointed out that more 

prospective and high quality research would be needed in order to better assess these 

associations and investigate causal links. Ladd’s (2005) review of the literature from the 

1990s and onwards substantiates much of the earlier findings that social competence and peer 

relationships predict both school and psychological adjustment later in life. In addition, Ladd 

points to a change in perspective and hypotheses regarding the way children’s social behavior 

and peer relationships influence outcomes. There has been a move away from considering 

main effects of social competence and peer relationships separately to more complex models 

hypothesizing interactions between the two constructs (e.g. additive effects, mediation or 

moderation effects). Research findings have for instance indicated an additive effect of 

aggressive behavior and peer rejection on future internalizing problems and school problems, 

such as poor achievement and low participation in classroom activities (Ladd, 2005) 

Social competence is also cited as an important protective factor for children facing adverse 

environments or situations, such as high-risk neighborhoods, negative family settings or 

traumatic incidents. Masten and Coatsworth (1998) summarized a quarter century of research 

on children’s resilience under disadvantageous situations, and reported that: 

Results of these studies have been remarkably consistent in pointing to qualities of 

child and environment that are associated with competence or better psychosocial 

functioning during or following adverse experiences (p. 212).  
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They concluded that children’s social competence is important both with respect to problem-

solving in and handling of adverse situations, but also through enabling them to enlist 

resources in the environment (e.g. form bonds to prosocial and caring individuals in the 

extended family or outside the family).  

Within the Norwegian setting several studies have investigated the relationship between 

social skills and various outcomes among normally developing children. In a sample of 

Norwegian 10 and 13 year olds, Ogden (1995) found that social competence, assessed using 

SSRS-T, was highly negatively correlated with problem behavior rated both by the students 

themselves and their teachers In addition, he reported that there were a coherence between 

specific social skills domains and specific types of problem behavior. For example students 

showing externalizing problem behavior were rated higher on the assertion factor, but lacked 

self-control and cooperation skills. Conversely the students showing internalizing problems 

were rated as having acceptable cooperation skills but lacking assertion skills. A third group, 

the overly active, were rated as lacking on all of the domains. In another study of 10 and 13 

year olds, Sørlie (1998) found that social skills were positively correlated with academic 

competence and negatively correlated with both teacher and student rated problem behavior. 

Sørlie, Hagen, and Ogden (2008) also found that social skills predicted antisocial behavior 

over time in a normal sample of Norwegian youths assessed in 8th and 10th grade (aged 

approximately 13 and 15 years old). Their results showed that social skills were highly stable 

from the beginning to the end of secondary school, and that antisocial behavior was 

substantially less stable in the same period. The results also indicated that social skills training 

could play an important role in the prevention of antisocial behavior, as the latter was less 

stable over the time-period. The high stability of social skills suggested that interventions 

before 8th grade may be advantageous.  

During the last two decades, the interest in social skills and competence has extended into the 

intervention field. Social skills training programs aiming at teaching social skills to children 

with skills deficits have been one of the major forms of interventions developed. Such 

programs may include behavior modeling with repeated rehearsals and feedback, but also 

frequently include reinforcement strategies. Another strategy is the cognitive-behavioral skills 

training approach where there is more focus on the cognitive processes, such as problem 

solving or perspective taking. Many interventions combine elements of the two strategies and 

other components are sometimes added in order to deal with comorbid problems, such as 
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anxiety or anger management deficits. The effects of social skills interventions vary with their 

content, the population targeted, implementation quality, and other factors (Hupp, LeBlanc, 

Jewell, & Warnes, 2009).  For example Lösel and Beelmann (2003) conducted a meta-

analysis of different social skills training interventions aimed at preventing antisocial 

behavior. They found that social skills training in general had a positive but small effect, and 

that cognitive-behavioral programs targeting high-risk populations were more effective. In a 

more recent meta-analysis of 213 studies of school-based universal social and emotional 

learning programs involving kindergarten through high school students, Durlak et al. (2011) 

found that compared to controls, participants in the experimental conditions demonstrated 

both significantly improved social and emotional skills, attitudes, behavior, and academic 

performance. 

2.4 Social Skills Rating System 

In the following sections the SSRS instrument and the included dimensions of social skills are 

described. I will then briefly describe the development and the initial validation studies 

conducted by Gresham and Elliot, and then present selected studies conducted from the 1990s 

until today. 

2.4.1 The SSRS instrument package 

SSRS consists of a set of age specific assessment forms for pre-school, primary and 

secondary school levels. The rating scales are available in versions for teachers (SSRS-T), 

parents (SSRS-P) and students (SSRS-SEF).The parent and teacher versions are available for 

all the three levels, while the student version is available for the primary and secondary school 

level, and only meant to be filled out by students from 3
rd

 grade upwards. SSRS aims at 

assessing five different social skill domains: cooperation, assertion, responsibility, empathy 

and self-control. In addition to social competence the instrument battery assesses academic 

performance and problem behavior but these will not be examined in the current thesis. 

Cooperation, assertion and self-control are part of the rating scales for all respondent groups 

while responsibility is only assessed by parents, and empathy is only assessed by the students 

themselves. In the original forms there are also two separate response scales for each 

particular skill: One assessing the frequency with which the skill is displayed, and the other 

assessing the importance that the respondent attach to it with respect to a) classroom success 
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in the teacher forms, or b) the child’s development in the parent forms (Gresham & Elliott, 

1990). The response scale assessing importance is primarily used to decide which skills to 

include in an intervention, and to ensure that these skills are socially significant and valid in 

accordance with Gresham and Elliot’s definition. The importance ratings will not be further 

discussed or assessed in the current thesis.  

The different social skills domains are defined in the SSRS manual (Gresham & Elliott, 1990) 

as:  

The Cooperation Subscale includes behaviors such as helping others, sharing 

materials and complying with rules and directions. The Assertion Subscale includes 

initiating behaviors, such as asking others for information, introducing oneself, and 

responding to the actions of others. The Responsibility Subscales includes behaviors 

that demonstrate ability to communicate with adults and regard for property or work. 

The Empathy Subscale includes behaviors that show concern and respect for others’ 

feelings and viewpoints. Finally, the Self-Control Subscale includes behaviors that 

emerge in conflict situations, such as responding appropriately to teasing, and in 

nonconflict situations that require taking turns and compromising. (p. 2)  

In the current thesis, the focus is on the SSRS teacher version for primary school children. In 

this version, only three skill domains are measured: cooperation, assertion and self-control. 

The indicators in this version of the SSRS-T reflect that teachers are likely to assess particular 

sides of children’s social skills and also that they observe these in the school context and 

specific situations such as while teaching.  

The cooperation domain assessed by teachers primarily covers skills that are related to the 

ability to cooperate with the teacher and to comply with rules in the classroom setting. For 

example skills such as paying attention to the teacher’s instruction, following directions and 

ignoring distractions from peers are assessed as part of this subscale. The assertion domain 

covers assertive behavior the student might be expected to show in interactions with the peers 

in class, and also in relation to the teacher or other adults. Initiating conversations, giving 

compliments, helping others or inviting others to join in group activities, are examples of 

behaviors covered in this subscale. In addition, the student’s ability to assert him or herself 

appropriately in response to unfair treatment or demands from the teacher is assessed. The 

self-control domain covers the student’s ability to control their emotions and react 
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appropriately in conflict situations with their peers and teacher and also to balance their own 

and others’ needs in interactions with peers. Skills such as controlling temper, responding 

appropriately to teasing and taking turns when playing are examples indicators of self-control 

(Gresham & Elliott, 1990). 

The SSRS-T behavior rating scale was translated and adapted to Norwegian by Ogden (1995) 

as part of a study of risk and competence in Norwegian 10 and 13 year olds. After piloting the 

instrument the author chose to change the response scale from a three point to a four point 

Likert-type scale (never – sometimes – often - very often) to improve the scale’s 

differentiating qualities at high score-levels (Ogden, 1995). The Norwegian indicators and 

Gresham and Elliot’s suggested factor structure are presented in appendix A. The appendix 

also contains the abbreviated versions of the original indicators commonly used in factor 

analytic studies of the English version.  

2.4.2 Development and validation 

The Social Skills Rating System was developed throughout the 1980s and was developed and 

tested in several empirical studies. The SSRS was originally only a rating scale meant for 

teachers to rate children. Initially, Clark, Gresham, and Elliott (1985) tested out 93 indicators 

in a sample of 194 students in kindergarten through 6
th

 grade, rated by 26 teachers. The pool 

of indicators were chosen from three main sources: a) existing behavior rating scales, b) 

studies of social skills training interventions, and c) empirical studies investigating the 

relationship between specific social skills and peer popularity or acceptance. The main 

criterion used to select indicators was that they had to be related to socially valid outcomes. 

The 93 indicators were reduced to 52 after principal component analysis with factor rotation 

allowing factors to be correlated (Clark et al., 1985).  

In subsequent studies, several indices of construct validity and reliability were tested. 

Gresham, Elliott, and Black (1987) replicated the factor structure found in the first study in a 

sample of 250 students from normal and clinical populations. They also found that the rating 

scale discriminated acceptably between individuals with and without a handicap (i.e. 

behavior-disordered, learning-disabled and mildly mentally retarded or educationally 

handicapped). In another sample of 60 students from a normal population, Elliott, Gresham, 

Freeman, and McCloskey (1988) found that the SSRS-T showed acceptable indices of test-

retest reliability, internal consistency, inter-rater reliability, and construct and criterion related 
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validity. The indices of construct and criterion related validity were that the different factors 

of the SSRS-T correlated as expected with an independent observer’s ratings of classroom 

behavior, problem behavior assessed by teachers using an alternative established instrument, 

and teachers ratings of children’s academic performance.  

The last stage in the development was a two-step large-scale tryout and standardization study, 

both reported in the Social Skills Rating System manual (Gresham & Elliott, 1990). By this 

stage separate indicator pools for students and parents rating scales had been developed based 

on the original teacher version. In addition, the indicators had been adapted to the three 

different school levels; preschool-, primary- and secondary level. The tryout study was 

conducted in order to find a final factor structure for the different forms and to remove 

indicators that did not meet certain psychometric criteria or were considered redundant based 

on theoretical grounds. As part of this study, approximately 3.300 children were rated using 

preliminary versions of the different forms. The factor structure was decided by principal 

component analysis with oblique factor rotation (allowing factors to be correlated). This 

procedure led to the factor structure described earlier and in appendix A. The final set of 

indicators for each factor were chosen based on three statistical criteria; a) a factor loading 

above .30 on the primary factor, b) no secondary factor loadings over .30, and c) that there 

were no inconsistencies with respect to factor loadings in the different versions of the forms. 

In addition, some redundant indicators were removed in order to keep the scale as short as 

possible. The factor structure was also confirmed in the standardization study of a national 

(US) sample of 4.170 children (Gresham & Elliott, 1990).  

2.4.3 Further psychometric evaluations 

After the validation study, there have been several studies examining various indices of 

validity, reliability and other psychometric aspects of the measurement scales (Matson & 

Wilkins, 2009). The instrument has also been translated into several languages, including 

Norwegian, Spanish, Dutch and Iranian, and several studies have assessed the validity and 

reliability of the different language versions (Jurado, Cumba-Avilés, Collazo, & Matos, 2006; 

Ogden, 2003; Ogden & Sørlie, 2001; Shahim, 2001; Van Der Oord et al., 2005). The 

psychometric studies found in the literature consider very different aspects of validity: Some 

focus primarily on reliability (e.g. internal consistency, test-retest); some on predictive, 

convergent or discriminant validity with respect to other constructs, criteria or alternative 
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operationalizations of social skills; and others on the factor structure and the relation between 

the three subscales. In addition, the studies have been conducted in different populations (e.g. 

clinical/non-clinical samples, low income samples, African American). In the following 

sections I will focus on a) factor analytic studies of the English version and b) studies 

evaluating the Norwegian language version of the SSRS-T.  

Throughout the 2000s, there have been reported inconsistent findings regarding the factor 

structure of the different versions of the SSRS. The three-factor structure proposed by 

Gresham and Elliot was not replicated for the teacher pre-school versions in a low income 

population (Fantuzzo, Manz, & McDermott, 1998). Problems with the factor structure were 

also reported in an evaluation of the parent version of the same scale in a predominantly 

Caucasian sample (Whiteside, McCarthy, & Miller, 2007),  and in another study of normal 

population children using categorical confirmatory factor analysis (Van Horn, Atkins-Burnett, 

Karlin, Ramey, & Snyder, 2007). The factor structure of the primary school parent report 

scale was also not confirmed in a sample of African American students (Boisjoli & Matson, 

2009) and a sample of predominantly Caucasians from mid-western US (Whiteside et al., 

2007).  

I have however not identified any articles specifically reporting problems with English 

language SSRS-T for primary school level. This was also the most extensively tested of the 

scales during the development process, so this lack of reports of problems might be explained 

by the fact that an acceptable factor structure has been identified. Walthall, Konold, and 

Pianta (2005) tested both the factor structure and measurement invariance between gender and 

ethnicity/race (white versus non-white) in a normal sample using confirmatory factor analysis 

(CFA). They reported that the factor structure replicated that of Gresham and Elliot, and that 

they found partial invariance between boys and girls (the cooperation factor was not 

invariant) and invariance between the white and non-white groups. There is however one 

important methodological problem with this evaluation: instead of using the individual 

indicators, parcels were constructed by adding together two and two indicators within the 

three original factors. The use of parcels is not recommended when the primary goal is to 

evaluate the evidence of factor structure and other psychometric properties, and is not 

recommended without first testing the dimensionality in a rigorous manner using the 

individual indicators (Bandalos & Finney, 2001). I will return in more detail to the topic of 

parceling in chapter 3. 
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The Norwegian version of SSRS has not been tested in a large scale standardization study 

equal to that conducted in the US, but certain versions of the rating scales has been evaluated 

in several factor analytic studies using exploratory factor analysis. Ogden (1995) examined 

the factor structure in a sample from a cohort of 4
th

 and 7
th

 graders (aged 10 and 13 years old) 

in a Norwegian municipality. He reported that: a) the factor structure of the SSRS-SEF for 

primary and secondary level (i.e. child version) did not replicate the original, but that b) the 

factor structure of the SSRS-T versions for primary and secondary school level did replicate 

the three-factor structure found by Gresham and Elliot. Sørlie (1998) reported similar findings 

from a study in a sample of schools in two municipalities. The sample consisted of students 

from 4
th

 and 7
th

 grade. Her findings replicated that of Ogden with respect to the self-report 

rating scales. In the exploratory factor analysis of the teacher ratings, the results indicated that 

the original factor structure for the primary school version of the rating scales for 4
th

 graders 

was confirmed. In the version of the SSRS-SEF for 7
th

 grade students, Sørlie suggested an 

alternative four-factor structure where two of the factors were renamed based on who the 

specific social skills were assessed in relation to: either peers or adults. For the secondary 

level teacher ratings, an alternative factor structure was chosen, but the data was reanalyzed at 

a later stage and the three-factor solution was found to be acceptable in this sample as well 

(Ogden & Sørlie, 2001). To my knowledge, no evaluations of the factor structure using 

confirmatory factor analysis have been conducted, and invariance of the measurement 

between boys and girls has not been tested in the Norwegian versions of any of the SSRS. 

2.5 Summary and research questions 

The findings in the literature regarding the factor structure of the SSRS are, as can be seen 

from the research presented, inconsistent. In 2008, Gresham and Elliot released a new rating 

scale called the Social Skills Improvement System Rating Scales (SSIS-RS) with changed 

factor structure and indicators (Gresham & Elliott, 2008). For our current purpose however, 

the focus is on the original SSRS-T for the primary school level in a Norwegian setting, and 

mentioned earlier, the factor structure of this particular rating scale has not been challenged in 

the international literature. It has in fact been assessed using EFA and found to confirm the 

original three-factor structure in two separate Norwegian samples.  

There are, however, four points I would like to draw attention to regarding the international 

and Norwegian research into the factor structure and measurement invariance of this 
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particular rating scale: First, most of the international studies that investigated the factor 

structure used exploratory factor analysis or principal component analysis. Second, the 

Norwegian studies I have identified have all been conducted using EFA. Third, the only 

confirmatory factor analysis I have found that test factor structure and measurement 

invariance of the English version used parcels instead of the individual indicators. And fourth, 

to my knowledge, there is no analysis of measurement invariance between boys and girls for 

the Norwegian language version.  

The lack of confirmatory factor analysis is important with respect to both the substantial level, 

i.e. understanding and measuring the construct social skills and the specific skill domains, and 

to the practical level, when the intention is to use latent variables in analyses. When the 

investigation is primarily focused on the construct or the goal is to test if a measurement 

model is replicated in a new sample or population or to investigate potential method factors, 

exploratory factor analysis is not the best tool available. Exploratory factor analysis is, as its 

name indicates, exploratory. It is data driven, and does not test a preconfigured theoretical 

model. In addition there are threats to validity and violations of assumptions of latent variable 

analysis that are not easily detected in exploratory factor analysis (e.g. correlations between 

residual variances and cross loading indicators). Confirmatory factor analysis, on the other 

hand, is a model testing approach where the acceptability of the theoretical measurement 

model can be assessed, and it is possible to test the assumptions behind measurement in a 

more stringent manner (Brown, 2006). I will return in more detail to this in chapter 3. 

At the practical level, there are several potential problems if the measurement model does not 

acceptably conform to the requirements for using latent variables in analyses. Firstly, the lack 

of an acceptable model suggests that the construct is not adequately measured, and that the 

results from the analyses may be biased. Secondly, as latent variables are primarily used in 

larger models where not only the strength of associations between a given set of latent 

variables are assessed, but the entire acceptability of the model is tested. A measurement 

model that does not fit the sample data acceptably will likely affect the fit of the larger model 

negatively, and this may in its turn lead to the incorrect conclusion that the model of the 

relationship between latent variables is not acceptable.  

One example of a threat that cannot be tested in EFA is the presence of method effects. In the 

current case, the results from Sørlie’s (1998) exploratory factor analysis of the SSRS-SEF led 

to the formulation of an alternative factor structure where indicators assessing social skills in 
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situations with peers or adults were divided into separate factors and the new factors relabeled 

accordingly. In some cases, the difference between social skills in relation to peers or adults 

may be an interesting theoretical facet of social skills, and one may be interested in measuring 

these separately. In fact, several instruments assessing social skills focus only on peer related 

social skills (e.g. Child Behavior Scale and Social Competence Questionnaire) (Serwik, 

Holleb, & Fales, 2010; Wilson, Jordan, & Kras, 2010). However, if the goal is to measure 

social skills in more general terms and not specifically skills related to one group, variance in 

indicators caused by this facet may be problematic. The SSRS-T, as is the case in the SSRS-

SEF, contains indicators assessing social skills in situations involving either peers or adults 

spread over the three factors, but this is not handled explicitly as part of the factor structure. If 

there is shared variance between indicators caused by this facet and not related to the original 

three social skills factors, this could be considered as a method effect and this would possibly 

lead to biased results and improper assessment of the model. CFA offers possibilities to test 

hypotheses about such method factors, and also assess the salience these if they are found 

(Brown, 2006). 

The lack of investigations into measurement invariance between boys and girls is also 

important since differences in social skills between boys and girls are of interest in future 

analyses using the dataset from the N-PALS study. As we intend to use latent variables in 

analyses and comparing mean values, variances or correlations between boys and girls, there 

is a need to specifically test the assumption that the measurement is equivalent between these 

groups. Without first examining measurement invariance between boys and girls, such 

comparisons may be problematic. There might be other plausible reasons for the differences 

we observe or do not observe: They may for instance be caused by the measured construct 

being in nature different in the two groups, or that the measurement is biased in favor of one 

group (Brown, 2006). 

With this as a backdrop, the goals of the current thesis are to investigate the validity of 

Gresham and Elliot’s original factor structure in a Norwegian sample using the Norwegian 

version of the SSRS-T for primary school children, and to prepare for the use of SSRS-T as 

latent variables in future analyses. The latter of these goals also includes a particular 

investigation into the dimensionality of the rating scale in order to compose parcels that are 

acceptable for use in future analyses. 

The research questions that will be addressed in this thesis are: 
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1. Does the factor structure proposed by the developers of the SSRS-T replicate in a 

sample of Norwegian primary school children?  

2. Is there evidence of specific method factors due to indicators assessing situations 

either with peers or adults?  

3. Is the measurement invariant between boys and girls? 

4. Is parceling the individual indicators a viable procedure with the SSRS-T in order to 

reduce model complexity? 
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3 Methods 

An important question in all quantitative research is how the theoretical constructs are 

measured, and the validity of the inferences drawn about constructs based on these 

measurements. Validity has to be examined both by assessing the theoretical foundation of the 

measurement, and by testing these assumptions empirically (Kane, 2006). In the following 

chapter I will focus on how statistical analysis can be used to assess two aspects of the 

validity of measurement, namely dimensionality and invariance, in the SSRS-T. I will give a 

brief description of the core analytical tools and methodological choices made, and discuss 

the appropriateness of these in light of recommendations in literature and research findings. I 

will also give an outline of the analysis plan, and the particular analyses for each of the 

research questions. 

3.1 Latent variables 

In social and educational sciences many of the theoretical constructs used in explaining 

phenomena are not themselves directly observable or observed, and in order to measure such 

unobserved variables we rely on observable indicators of the construct of interest. The 

unobserved variables are often referred to as latent variables, and the observable variables are 

referred to as indicators. Another term used for latent variables is factor or latent factor. This 

term is often used when referring to sources of shared variance between indicators, and it is 

this shared variance that forms the basis for estimating latent variables in statistical analysis 

and modeling.   

The relationship between the indicators and the latent variable are of particular importance 

when examining the validity of a particular measurement or measure. Indicators are chosen 

because, based on theory or empirical evidence, we expect the variation in the observed 

indicator to be caused by the hypothesized latent variable. In most cases, no single indicator is 

expected to be representative of an entire construct, and therefore it is usual to choose a set of 

indicators that are expected to reflect the latent variable. The variance in any single variable 

can be divided into two parts: common variance and unique variance (uniqueness). The 

common variance is the variance accounted for by common latent factors in a set of 

indicators, and this is estimated on the basis of the variance the indicator share with the other 

indicators in the set. The uniqueness is variance that is not accounted for by the shared 
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factors. This unique variance can be further divided into random measurement error and 

systematic reliable influence from other latent variables unique to this indicator (Brown, 

2006).  

Using latent variables has several advantages over traditional methods where for instance 

composite or sum scores are used. Latent variables can be included in analyses in the 

Structural Equation modeling framework (SEM). Structural equation models with latent 

variables can in general be divided into two parts: a measurement part and a structural part. 

The measurement part of the model describes how the observed variables are connected to the 

latent variables (i.e. the measurement model), and the structural part describes the relationship 

between the latent variables. In the structural part of the model, a major advantage of using 

latent variables is that relationships between constructs can be estimated without 

measurement error. This has the potential to produce less biased estimates of the relationship. 

When estimating the relationship using traditionally calculated sum or composite scores, these 

scores will usually contain random or systematic measurement error that will either attenuate 

or inflate estimates of association. The measurement part of the model offers possibilities to 

test aspects of construct validity not available within the classical framework, and these 

capabilities will be discussed in depth later. In general, the ability to include both of these two 

parts in the same analysis, and to evaluate the acceptability of the entire hypothesized model, 

is an important advantage over traditional analytic approaches where these have to be 

examined separately (Hoyle, 2012). 

It is worth mentioning that there are other ways of conceptualizing the relationship between 

indicators and latent variables (e.g. formative measurement models), and that latent variables 

can have other distributional properties such as being ordinal or nominal (e.g. latent classes). 

However, in this thesis the primary focus will be on latent variables that are assumed to be 

continuous, and where there is assumed a causal influence from the latent variables to a set of 

observed variables (i.e. a reflexive measurement model). Another important point about the 

use of the term latent variable is that indicators’ unique reliable variance and random error can 

also be considered latent variables, and thus the term is not only to be used to indicate 

variance related to the construct of interest (Bollen & Hoyle, 2012). 

3.1.1 Confirmatory factor analysis 
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Confirmatory factor analysis (CFA) is a procedure within the SEM framework where the 

focus is primarily on the measurement model and the latent variables. In CFA, the researcher 

is required to specify the measurement model prior to testing it on the sample data. It is 

therefore primarily a model testing approach where there should exist firm theoretical or 

empirical grounds for the proposed model beforehand. This contrasts with other procedures 

such as exploratory factor analysis (EFA) where the measurement model to a large extent is 

based on the correlations between indicators that exist in the sample data. In EFA, the 

researcher makes choices related to factor rotation (i.e. whether or not the factors are expected 

to be correlated or uncorrelated) and the criterion used to decide how many factors should be 

extracted, but it is still primarily an empirically driven approach. Assessment of the 

measurement model in EFA is primarily centered on the variance explained by the factors 

extracted; the size and pattern of factor correlations, factor loadings and particularly the 

absence of large factor loadings on more than one factors at a time; and finally interpreting 

the resulting sets of indicators proposed in light of theory (Tabachnick & Fidell, 2007). CFA 

has several advantages over EFA in terms of possibilities for modeling complex relationships 

between indicators and factors, and thus the possibility to test threats to construct validity in a 

more stringent way than EFA. For instance, CFA allows examining and testing 

dimensionality in the data by restricting correlations between indicators error variances and 

restricting all indicators to load on only one factor at a time (Brown, 2006). 

Model specification in CFA and SEM is done in terms of a formal mathematical model with 

parameters that are either free to vary or not, based on the theory behind the measurement and 

the construct of interest. In graphical form, a typical CFA model can expressed as in figure 1. 
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Figure 1. Two-factor CFA model 

Figure adapted from Brown (2006, p. 55). 

The following elements are part of this two- factor CFA model: Correlation between latent 

factors (φ), latent factors’ variance (ξ), factor loadings (λ), and the indicators’ residual 

variances (δ) Single-headed arrows (→) represent directional relationships (regressions), and 

double-headed arrows represent correlations (↔). Factors and residuals are drawn as circles 

as these are both latent variables, and squares represent observed indicators. The notation and 

graphical representation used in this thesis is adapted from Brown (2006, p. 55) and Bollen 

and Hoyle (2012, p. 62).  In a CFA model where indicators are restricted to load on one factor 

only, the completely standardized factor loading can be interpreted as the change in the level 

of the indicator (in standard deviations) caused by a one standard deviation change in the 

latent factor. In addition, the squared factor loading (λ
2
) can be interpreted as the indicators 

variance explained by the latent factor (Brown & Moore, 2012). 
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The CFA model graphically represented above reflects the assumption of unidimensionality 

for each of the two factors and of local independence of the indicators. This implies that; 1) a 

single latent factor influences the indicators in each set, and 2) all covariance between 

indicators are explained by their common latent factor. These requirements can be seen in the 

model by the fact that there are no indicators with more than one factor loading, and that there 

are no correlations between indicators residual variances (Kline, 2005).  

The CFA framework can accommodate correlations between indicators’ residual variances (δ) 

in cases when this is theoretically defensible. This can for example be the case if there are 

method factors such as shared indicator format or specific test situations that account for 

shared variance between specific indicators or subsets of indicators. Such method factors or 

other sources of shared residual variance can be modeled either as latent variables with factor 

loadings on the affected indicators, or as correlations between the indicators’ residuals. The 

main difference between these two options lies in the possibility of testing the hypothesis 

about the method factor or outside influences if these are included in the model and loading 

on the indicators instead of just allowing for correlation between the residuals. If shared 

method factors exist, they may inflate parameter estimates in other parts of the model, and it 

is therefore important to include them in the model in order to control for their influence. 

CFA is typically used when there exist strong theoretical grounds and empirical evidence for 

the measurement model. It is however important to point out that CFA can be used in an 

exploratory fashion, and thus the distinction between EFA and CFA is not just a question 

about analytic framework (Brown & Moore, 2012). CFA can be used to search for a more 

acceptable model by testing and re-specifying the model based on empirical findings. In 

addition, new procedures such as exploratory structural equation modeling (ESEM) have 

expanded the possibilities for exploratory analysis with many of the complex modeling 

possibilities not found in EFA. In ESEM the restrictions on factor cross-loadings are relaxed, 

and factor structure is in part determined using rotation-procedures found in EFA. In addition, 

modeling and testing method factors or measurement invariance can be achieved through 

restrictions and model comparisons that are found in the CFA framework, but not in the EFA 

framework. In cases where there is need for extensive model changes or re-specification in 

order to reach an acceptable measurement model, ESEM has been proposed as a better 

approach than exploration within the CFA framework (Asparouhov & Muthén, 2009). 

Another important feature of ESEM is that, used together with CFA, it extends the 
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possibilities for modeling with latent variables that are free of measurement error. In the 

structural part of the model, the latent variables from the ESEM part of the model will in fact 

be controlled for the cross-loading of other factors in the ESEM model, and thus the 

relationship between the latent variables will not be inflated.  

As previously discussed, there exists a strong theoretical rationale behind the SSRS-T, and 

empirical evidence from previous EFA studies of the Norwegian version for the three-factor 

composition. On the other hand, the lack of CFA studies using the individual indicators, and 

reports of problems with the factor structure of the pre-school and secondary school version 

of the instrument does underscore the need for a more thorough examination of the factor 

structure. For the primary goal of testing the factor structure presented by Gresham and Elliot 

and measurement invariance, CFA clearly offers the most appropriate modeling options. In 

the event that changes to the model or exploratory work is needed, EFA or ESEM might also 

be considered.  

3.1.2 Categorical CFA 

The CFA model described in the previous section is based on the assumption that the 

indicators are measured on at least interval level. A common practice in educational and 

psychological research is to use ordered categorical indicators to measure constructs that are 

assumed to be continuous in nature (e.g. social skills). An example of this approach is Likert-

type scales as is used in the SSRS-T, where the respondent is asked to reply using one of a 

number of discrete categories on an ordered scale to indicate their response (e.g. strongly 

disagree – disagree – agree – strongly agree). Though such ordinal measurement scales are 

ubiquitous, a common approach is to ignore that the indicators are ordinal and proceed to 

analyze the data as if the indicators were on an interval level. This can however lead to 

serious problems in several circumstances, and therefore alternatives for dealing with 

categorical variables are available in different statistical packages (Bovaird & Koziol, 2012). 

In Mplus, CFA with ordered categorical variables is achieved through statistical and 

theoretical adaptations of CFA with interval level indicators. The CFA model for categorical 

indicators is graphically represented in figure 2. 
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Figure 2. Two-factor CFA model with categorical indicators 

Figure adapted from Bollen and Hoyle (2012, p. 62) and Brown (2006, p. 55). 

 

The correlation between latent factors (φ), latent factors’ variance (ξ) and factor loadings (λ) 

are primarily interpreted in the same way as in the ordinary CFA model, but there are changes 

with respect to the to the indicators and their relation to the latent factors. First, the factor 

loading (λ) is now estimating the latent factors influence on a latent response variable (x*), 

which in its turn related the observed categorical variables (X) through a set of thresholds. 

The latent response variable is a hypothesized continuous latent variable that cause the 

responses on the more coarsely grained observed categorical variable. The jagged line 

represents the thresholds (τ) that connect the categorical responses to the latent response 
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variable. These thresholds are the specific levels of the latent response variable at which the 

response is likely to fall in a higher category on the observed indicator. The latent response 

variable does not have a scale of its own, and this is solved through fixing its variance at 1 

and the mean of the variable at 0, and thus standardizing the variable.  Residual variances (δ) 

can be interpreted as the variance in x* not accounted for by the latent factor, but there are 

differences with respects to how evidence of correlated residuals can be examined. The 

default in Mplus is Delta parameterization where scaling factors are estimated for each of the 

variables. Under this parameterization, the residual variances (δ) are no longer freely 

estimated parameters in the model, but are instead calculated as the inverse of the completely 

standardized squared factor loading (1- λ
2
). In order to examine any evidence of residual 

correlation between the latent response variables, theta parameterization will have to be 

specified. Under this parameterization, scaling factors are not estimated but calculated and 

residual variances are freely estimated parameters.  The CCFA method incorporated in the 

Mplus system is presented in more detail by B. Muthén and Asparouhov (2002). 

3.1.3 Estimation 

In CFA, and in structural equation modeling in general, the primary data analyzed is either a 

variance-covariance matrix or a correlation matrix calculated on the basis of the variables in 

the model for the particular sample (S-matrix). Under certain conditions, a mean-structure is 

also included in the analysis. The S-matrix represents the observed degree of association 

between all variables included in the model, and thus can be used to test the hypothetical 

model against the observed data. This is achieved by comparing the S-matrix and the 

proposed model’s implied correlation or variance-covariance matrix (Σ-matrix). The Σ-matrix 

is the correlation or variance-covariance matrix given the hypothesized relations between 

variables in the model. The discrepancy between these two matrixes, the residual matrix, 

represents the degree to which the pre-specified relations between variables in the model 

misrepresent the observed relations. The residual matrix is therefore of key importance when 

deciding if a model is a good representation of the relations between variables. This approach 

contrasts with other analytic approaches such as regression and ANOVA, where the residuals 

represent the degree to which a regression model fails to predict individual observations in the 

data set (Brown, 2006; Hoyle, 2012). 
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Estimation is a procedure that aims at finding the parameter estimates (θ) that minimize the 

discrepancy between the S-matrix and the model’s implied Σ-matrix. This is often an iterative 

process where a set of starting parameter estimates are chosen, either at random, or by the 

researcher or software making an educated guess (Kline, 2005). The resulting Σ-matrix is then 

compared to the S-matrix, and the resulting discrepancy between the two matrixes forms the 

basis for the next iterative step where new parameter estimates are chosen based on what, in 

the previous iteration, produced a reduction in the discrepancy. The iterative process 

continues until the changes in the discrepancy reaches a predefined level (convergence 

criteria) where a new set of parameters does not increase the fit between the two matrixes 

more than the value of that convergence criterion (Brown, 2006). 

Estimators 

In order to reach a set of parameter estimates that minimize the difference between the S- and 

Σ-matrixes, different methods of estimation and estimators are employed. The estimators 

function differently from each other, and have different statistical assumptions that have to be 

met for them to produce unbiased parameter estimates and standard errors as well as 

providing an acceptable test of model fit (Lei & Wu, 2012). The most commonly used 

estimator in SEM is the maximum likelihood estimator (ML), but there are situations where 

ML is not appropriate. Many alternative estimators are available, but I will primarily focus on 

the weighted least squares estimator (WLS), and more specifically the means and variance 

adjusted WLS (WLSMV) available in the statistical package Mplus (L. K. Muthén & Muthén, 

1998-2010), as an alternative to ML estimation when analyzing ordered categorical data.  

Maximum likelihood 

The name maximum likelihood refers to the fact that the goal of the estimation procedure is to 

arrive at parameter estimates that maximize the likelihood of the model’s implied variance-

covariance matrix being representative of the population matrix (Kline, 2005). Assumptions 

behind ML estimation of CFA models are: 1) large sample size, 2) that indicators are 

measured on interval-level, and 3) that the distribution of the indicators is multivariate normal 

(Brown, 2006). Violations of these assumptions can affect parameter estimates, standard 

errors and influence indices of model fit. The degree of bias or influence does however vary 

with different combinations of violations, and the degree of non-normality. In some cases 

where these assumptions are violated, ML or robust ML (e.g. MLR in Mplus) estimation have 
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been shown to perform acceptably and sometimes better than estimators that do not require 

multivariate normality or indicators measured on interval-level. There is for instance some 

evidence that ML estimation, when approximately normally distributed ordered categorical 

indicators with five or more categories are analyzed, can produce acceptable fit statistics and 

only slightly biased parameter estimates. Standard errors will however be negatively biased 

under these conditions and this may lead to improper tests of statistical significance for these 

parameters. The amount of bias in both fit statistics, parameter estimates and their standard 

errors will also increase if ordinal variables with four or fewer categories, or with greater 

degrees of non-normality, are analyzed using ML estimation (Lei & Wu, 2012).  

Weighted least squares  

The Social skills rating scale consist of Likert-scaled indicators with four categories and this 

would suggest the use of an estimator that does not require indicators measured on interval 

level. The weighted least squares (WLS) estimator does not rely on this assumption or that 

they are multivariate normally distributed. When using the WLS estimator on ordered 

categorical indicators, there are several differences from ML estimation. Firstly, since a latent 

response variable with several thresholds is estimated, WLS consumes more degrees of 

freedom than would be the case with the ML estimator and interval level indicators. Secondly, 

the threshold structure is part of the mean-structure, and can only be estimated using case data 

and not variance-covariance or correlation matrixes only. And finally, instead of a variance-

covariance or Pearson correlation matrix, a polychoric correlation matrix is used in the 

estimation when ordered categorical indicators with more than two levels are analyzed. The 

reason for the use of polychoric correlations is that correlations between categorical variables 

are attenuated when using Pearson correlation, which in turn affect the parameter estimates in 

the model. 

The full WLS estimator is available in Mplus, but has been shown to perform poorly when 

estimating categorical CFA models with both 10 and 20 indicators, and with sample sizes of 

1000. Instead of using the full WLS estimator, a mean and variance adjusted WLS estimator 

(WLSMV), will be used in the analysis. This estimator has been shown in simulation studies 

to outperform full WLS and to function properly with ordered-categorical indicators. 

WLSMV is substantially less affected by model or sample size than full WLS. WLSMV has 

also shown to function acceptably when used to estimate CFA models with sample sizes 

down to 200 (Flora & Curran, 2004). 
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Dependence between observations 

An important assumption in many statistical procedures is that the observations are 

independent of each other. Dependence between observations does however frequently arise 

when there are outside levels or groups linking participants together and influencing their 

scores, or observations are collected from the same individuals at different time-points. In 

such cases observations are considered nested within clusters or individuals. Nesting has been 

shown to influence statistical tests of model fit in CFA and also produce incorrect standard 

errors for parameter estimates, and thus has to be controlled for in the analysis (B. Muthén & 

Satorra, 1995). 

The mere existence of groups or levels in the data does however not automatically mean that 

these levels need to be modeled. In some instances, the effects of nesting are negligible, so it 

is important to determine the size of the nesting effect to decide whether or not to include it in 

the model. In order to empirically examine nesting, the intra-class correlation coefficients 

(ICC) and design effects (DEFF) for the two levels have to be examined. ICC is a measure of 

how much the individuals’ scores are expected to correlate with one-another within each 

cluster as a function of the cluster mean (e.g. class or school), and is calculated based on the 

variance between clusters, and the variance between individual students’ scores not explained 

by cluster. ICC for a specific cluster is calculated based on the variance between and within 

the groups or level of interest as follows:  

     
        

2

       
2           

2  

The effects of clustering are however related both to the size of the ICC and the average 

cluster size (i.e. class or school size), and thus the design effect will be calculated. The design 

effect can be seen as a quantification of the effects of the violation of the assumption of 

independent observations, and is calculated as: 

                  

Where the nc is the average cluster size at the level of interest. A design effect of 1 indicate 

that there are no nesting effects, and as a rule of thumb, a DEFF >2 have been considered to 

indicate that there are salient nesting in the data that have to be included in the model (Peugh, 

2010). 
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3.1.4 Model evaluation 

Model evaluation is a process where evidence of the models statistical fit and theoretical 

usefulness is assessed. There are generally three aspects of model results that are important to 

review: a) the models overall goodness of fit, b) localized areas of strain between the model 

and the observed data, and c) the parameter estimates’ interpretability, size and statistical 

significance (Brown, 2006). In addition to these three indicators, there are specific procedures 

for evaluating and comparing fit between models, and this is of particular interest when 

testing measurement invariance or comparing models with alternative factor structures. 

These different aspects of model evaluation focus on different areas of interest, but also have 

to be taken together. The parameter estimates from an ill-fitting model are likely to be biased, 

and therefore cannot be interpreted readily. A model with acceptable overall fit might still 

have areas where the discrepancy between observed and model implied matrixes differ 

substantially, making the generalizability of the model suspect. A model with good overall fit 

and no areas of localized strain may still be unproductive if the parameter estimates are not 

interpretable, and finally evidence of differences in model fit across groups can render 

comparison of estimates untenable.  The issue of model evaluation is therefore a complex one.  

Overall model fit 

The question of overall model fit is a question of how, on average, the theoretical model 

represents the data at hand. The overall fit can be assessed by several different fit-indices that 

address different aspects of model-fit and how model fit is described or assessed. In general 

there is a division between those indices that statistically test the acceptability of a proposed 

model, and those that seek to describe the model’s fit along a continuum (Hu & Bentler, 

1998). Fit indices can also be divided into three groups based on how fit is assessed and what 

is the criterion is for good fit. The three are: a) absolute fit, b) parsimony corrected fit and c) 

comparative or incremental fit (Brown, 2006). Many different fit indices and criteria for 

evaluation of model fit have been discussed in the SEM literature in recent years, and there is 

a growing body of literature regarding the appropriateness of the indices and the different cut-

off criteria.  I have chosen to focus on the following indicators of model fit: chi-square test of 

model fit (χ
2
), the standardized and the weighted root mean residual (SRMR/WRMR), root 

mean square error of approximation (RMSEA), comparative Fit Index (CFI) and the Tucker-

Lewis index (TLI). The decision to focus on these are based on the work of Hu and Bentler 
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(1998, 1999) showing that RMSEA, CFI and TLI were shown to balance type 1 and 2 error 

rates acceptably under various conditions, and the work of Yu (2002) showing that WRMR in 

certain situations would be appropriate instead of SRMR with dichotomous indicators. χ
2
 is 

included since it is the basis of many of the other fit indices, and it is recommended to always 

present the chi-square value and its accompanying significance test. 

Chi-square test of fit 

The chi-square test of fit is an absolute fit index, and it statistically tests the null hypothesis 

that S=Σ. The χ
2
 value is based on the minimum value (ƒmin) of the fitting function used as 

part of the estimation procedure (e.g. FML or FWLS). In Mplus the χ
2
 is calculated as χ

2
= 

ƒmin(N), but in other SEM software ƒmin(N-1) is used (West, Taylor, & Wu, 2012). The fitting 

function is distributed as chi-square, and when the model χ
2
 value exceeds the critical value 

for a given probability level (usually p=.05) at the model degrees of freedom, the null-

hypothesis is rejected. This in turn means that the models implied Σ-matrix significantly 

differs from the observed matrix, and thus the model does not fit the data at an acceptable 

level and should be rejected. 

There are however problems with the chi-square test of fit that makes it less applicable in 

some situations. Firstly, it is influenced by sample size. At small sample sizes, truly miss-

specified models might not be rejected due to lack of power, but at large sample sizes the 

statistical power of the significance test can lead to rejection of the model even if the model 

miss-specification is trivial. Second, violations of the statistical assumptions such as non-

normality of the data have been shown to influence the χ
2
 fit statistic. Finally, the null 

hypothesis S=Σ might be considered a strict and unrealistic criterion (Brown, 2006). 

Standardized and weighted root-mean square residual 

The standardized root-mean square residual (SRMR) and weighted root-mean square residual 

(WRMR) is based on the average differences (residuals) between sample and model implied 

matrixes. They are considered absolute fit indices, but in contrast to the chi-square test, are 

designed to evaluate the model along a continuum from good to bad fit. It is also based on the 

residual matrix, and not the minimized fitting function from the estimation procedure. A 

criterion value of SRMR close to or below .08 has been shown to shown to balance type I and 

II error well when ML estimation is used (Hu & Bentler, 1999), but SRMR has however been 

shown unsuitable for use with categorical indicators and WLSMV estimation. In contrast, 

WRMR is suitable for use with categorical variables and the WLSMV estimator under certain 
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conditions, but it has been shown to severely over-reject trivially miss-specified CFA models 

(miss-specified factor co-variances) with sample sizes of N=1000 and is thus not applicable 

with the current sample size (Yu, 2002).  

Root mean square error of approximation 

RMSEA is parsimony-corrected fit index. This means that it contains a function that penalizes 

model complexity. It is also a population-based index, making use of a non-central χ
2
 

distribution, and with this known underlying distribution a confidence interval for the 

RMSEA estimate can be computed. This makes it possible to examine the confidence with 

which we can claim that a model fit would replicate over other samples from the same 

population. Another important feature of the RMSEA is that it does not test if the model is 

exactly correct, but instead if the model approximately fits the data (Brown, 2006). An often 

cited cut off value for the point estimate of RMSEA ≤ .05 indicates close fit, RMSEA 

between .05 and .08 indicate reasonable fit, and RMSEA equal to or greater than .10 indicates 

poor fit (Kline, 2005). In the simulation study by (Yu, 2002), the cut-off value of .05 

performed acceptably when using WLSMV estimator with dichotomous indicators. The 

confidence interval of the RMSEA estimate is always important to consider, and it can also be 

used to test the hypothesis of close fit. 

Comparative fit index and Tucker Lewis index 

CFI and TLI both falls into the comparative or incremental fit index category. In these 

indexes the fit of the model is compared to a more restrictive nested model. The restricted 

model is often one where the covariances between indicators are constrained at 0, but 

variances of the indicators are freely estimated. The TLI also includes a penalty function for 

model complexity (Brown, 2006). Cut-off values of .95 for the CFI and TLI have been 

suggested in the literature, but for CFA models with N≥250 and binary variables a CFI cut-off 

value of .96 performed better than .95 (Yu, 2002). 

Combinations of Fit indexes 

The fit indices discussed above all have strengths and weaknesses, and thus Hu & Bentler 

(1998, 1999) suggested a strategy of always presenting combinations of fit indexes. They 

suggested two alternative combinations of fit indices that balance the risk of type I and II 

errors: 1) SRMR<.9 in combination with CFI or TLI ≥ .95-.96 or 2) SRMR<.6 in combination 

with RMSEA<.06. The generalizability of Hu and Bentlers findings to the current study might 

however be questioned. Their simulation study from 1999 focused primarily on CFA models 
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with indicators measured on interval level and ML estimation. To complicate the matter 

further there is a growing literature suggesting that both model-complexity and model-type 

can influence the appropriateness of the fit indices (West et al., 2012). 

In the current case the recommendations made by Hu & Bentler are not directly applicable 

because standardized root mean residual (SRMR) has been shown to function poorly with the 

WLSMV estimator and dichotomous indicators. WRMR ≤ 1.0 could be considered a criterion 

instead, but this fit index has also been shown to reject models with trivially miss-specified 

factor co-variances in 50% of the cases at sample sizes of 1000 (Yu, 2002). SRMR will be 

presented and evaluated when ML estimation is employed. RMSEA and CFI will be 

presented and evaluated for all models. The problem finding firm recommendations 

applicable to the current situation suggest that the decision to reject or accept a model will, at 

least to some degree, have to be based on characteristics of the model or data at hand, and in 

light of the specific fit index’ function. 

Localized areas of strain 

Localized areas of strain are specific parts of the model where there are signs that model fit 

would improve if parameters that are held fixed in the model were freely estimated. In the 

following section, I will present three sources of such information: the residual matrix, 

modification indexes (MI) and expected parameter change (EPC). I will then briefly turn to 

the question of model re-specification on the basis of indications of localized strain in CFA 

models. 

Residual matrixes 

The difference between the model’s implied and the sample’s observed correlation matrix can 

be used to search for observed correlations between variables that are not well accounted for 

by the model. The correlation residual matrix is preferable over the unstandardized covariance 

residuals due to the fact that the scale of the variables affects the size of the residuals in the 

latter. As a rule of thumb, correlation residuals larger than .10 are considered to be indications 

of localized strain (Kline, 2005). Alternatively a standardized residual matrix can be 

examined, where the residuals are divided by their estimated standard errors, and therefore 

can be interpreted as standardized scores (Z). A Z-score outside of ±1.96 would then indicate 

a significant residual at p = .05. A positive score indicates that the model underestimates the 

covariance between variables or a variable’s variance, and a negative residual indicates an 
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overestimation. The interpretation of the standardized residual variance-covariance matrix is 

however hampered by the fact that sample size influences size of the residuals, so in 

interpreting these scores, this has to be taken into account (Brown, 2006). For large models, 

residual matrixes are also difficult to use when deciding what changes should be made to the 

model. Any one large residual can be caused by a number of different model specifications or 

restricted parameters, but the residual matrix will only give information on which correlation 

or covariance is underestimated as a result of the proposed model, and not which model 

parameters are causing the underestimation. 

Modification index 

In contrast to residual matrixes, modification indexes (MI) are model specific indicators of 

localized strain. These indexes reflect the χ
2
 change expected to take place if a specific fixed 

parameter estimate were to be freely estimated in the model. Since this is the χ
2
 change for 

freeing up one parameter more, it can be evaluated as χ
2
 difference at one degree of freedom. 

An MI value of 3.84 or above would then be considered as a potential significant 

improvement in model fit at p=.05 (Kline, 2005). In CFA models, the MI can for instance be 

used to uncover indicators with salient loadings on more than one factor (i.e. cross loadings), 

indicators that are specified to load on the wrong factor or shared secondary influences for 

two or more indicators. An MI over the critical value for allowing a specific indicator to load 

on another factor, can indicate either a salient cross loading or that the indicator does not have 

a salient loading on the expected factor, but only on the one indicated by the MI. A problem 

with using MIs is that they are dependent on sample size in the same way as the chi-square 

test of fit, and thus with a large sample there may be many statistically significant MIs. The 

relative size of the MIs can however be used to examine specific parameters that could be 

candidates for re-specification. It is worth noting that MIs, despite being based on the model 

specified, can sometimes indicate model changes that are not substantially justifiable, and that 

the real reason for the MI can be located other places in the model than the parameter 

indicated by the MI. It is also worth noting that the modification indexes are only an estimate 

of the change in χ
2
, and that the actual change in model fit can differ from the estimate. Freely 

estimating one parameter can cause changes in other parts of the model as well, and these 

changes are not taken into account in the MI estimate. 

Expected parameter change 

For each of the significant modification indexes a value of the expected parameter change 
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(EPC) value will be given. This is the expected change in the value (either standardized or un-

standardized) of the parameter if it were estimated freely (Brown, 2006). In the case of the 

measurement cross loadings and correlated uniquenesses are usually restricted at zero, and 

therefore the EPC value can be taken as an estimate of the size of the factor loading or the 

correlation between uniquenesses. This is however only an estimate, and the actual change or 

value will depend on other changes in the model. Estimating correlated uniquenesses across 

indicators of different factors can for instance change estimates of correlations between 

factors and other parameters in the model. The size of EPC is important to consider, and can 

be especially important in tandem with MIs when the sample size is large.   

Model re-specification 

Residual matrixes, MIs and EPCs are useful sources of information for identifying poor fit for 

specific parts of the model, but they can also be used to guide model re-specification. When 

making changes based on empirical results, it is however important to bear in mind that one 

moves away from a purely confirmatory practice into post hoc model generation or 

exploratory work, and that there are several risks connected with this. One of the most 

important risks relate to the significance levels when running multiple tests with the same 

sample. This raises the risk of accepting a false model (type II error) through capitalizing on 

chance. A related risk is that the re-specifications recommended might be due to a peculiarity 

in the sample data and might lead one to add parameters that do not necessarily result in a true 

model for the population. Simulation studies have shown that when model re-specifications 

are based exclusively on empirical indices such as MIs, EPCs or residuals, this seldom leads 

to the correct model (Kline, 2005). In order to counter these risks, several recommendations 

have been made in the literature. Chou and Huh (2012) sums up some of the 

recommendations regarding model re-specification made in the literature, and point in 

particular to the importance of a sound theoretical and substantive background for the changes 

made and that the a re-specified model should always be cross-validated in an independent 

sample. The latter can be achieved by dividing an existing sample into two parts, and 

modifying the model in one half, and then running a strictly confirmatory factor analysis in 

the other half of the sample to examine the fit of the modified model (Brown, 2006).  

Parameter estimates 

In evaluating the model, the size and significance of parameter estimates are of great 

importance. In the case of CFA models, factor loadings and correlations between factors 
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should be statistically significant, in expected ranges and directions. Small or non-significant 

factor loadings on any particular indicator can mean that this indicator is not representing the 

latent variable well. One rule of thumb presented in Tabachnick and Fidell (2007) is that 

factor loadings below .32 are un-interpretable, and further it is suggested that completely 

standardized factor loadings in the range .32 to .45 can be considered as poor, .45 to .55 as 

fair, .55 to .63 as good, .63 to .71 as very good and finally, that factor loadings above .71 can 

be considered as excellent. These values are however only recommendations and do not 

represent any absolute rules for interpretations or acceptable levels of factor loadings. There 

might be substantial reasons for including indicators with low factor loadings, and there might 

be specific factor loadings that are low by chance (i.e. sampling error), and thus removal of 

indicators based on a low factor loading should always be based on theoretical considerations. 

Correlation between factors is also important to consider when assessing the discriminant or 

convergent validity of the measurement. Too high correlation between factors would raise the 

question of whether the two expected factors are in reality one, or that the indicators selected 

are not representative of one of the factors theoretically assumed to be present. A factor 

correlation above .80 or .85 has been considered indications of poor discriminant validity, 

while un-interpretable patterns of factor loadings or low factor correlations between 

dimensions of a larger construct are considered to be indications of low convergent validity 

(Brown, 2006). The latent variables should also have a significant variance, and the lack of 

variance in latent variables might indicate problems with the indicators or measurement or 

that the latent variable does not vary in the sample. In some cases, estimation can also 

produce parameter estimates that are clearly not acceptable such as negative residual 

variances or correlations above 1. These are known as Heywood cases, and indicates that 

there might be problems with the model that needs to be addressed (Kline, 2005). 

Comparing models 

In the current study, I will need to compare models and examine the change in model fit in 

order to answer my research questions regarding measurement invariance or the existence of 

method factors. There are generally two different approaches to comparing models depending 

on whether or not they are nested in each other. When models are based on the same observed 

correlation or variance-covariance matrix, and only differ in number of freely estimated 

parameters, the model with fewest freely estimated parameters (i.e. the most degrees of 
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freedom) is nested within the other. For instance, given the same input matrix, a model with 

three factors is nested within a model with five factors, and a model with factor loadings 

constrained to be equal is nested within one where all factor loadings are freely estimated. If 

the two models differ in other respects, for instance if only a subset of variables is used they 

are not nested. 

Nested models 

The usual approach to comparing nested models are to examine the change in chi-square 

(∆χ
2
), or an adjusted version of the chi-square, in tandem with the change in the model’s 

degrees of freedom between models. When models are estimated using WLSMV the 

differences between the minimized fitting functions of two models does not follow a chi-

square distribution. Therefore the DIFFTEST scaling procedure for comparing χ
2
 in Mplus 

must be used instead of the raw chi-square values (L. K. Muthén & Muthén, 1998-2010). As 

mentioned earlier sample size will inflate χ
2
 values and thus influence the significance test of 

overall model fit. This also applies to DIFFTEST based ∆χ
2
 and thus makes this also an 

unfeasible approach in the current study. Two alternative criteria for comparing nested models 

have been proposed in the literature: change in Comparative fit index (∆CFI) and change in 

Root mean square error of approximation (∆RMSEA). Cheung and Rensvold (2002) proposed 

examining the change in the Comparative Fit Index when moving from less to more 

constrained nested model (∆CFI = CFIunconstrained – CFIconstrained). Their recommendations are 

based on simulation studies of different fit indices’ performance when used to evaluate 

measurement invariance in multiple-groups CFA. The CFI index was not influenced by model 

complexity or sample size, and thus was recommended. They propose that a value of ∆CFI ≥ 

.01 indicates that the change in model fit is statistically significant, and conversely that a 

∆CFI value below this value indicate that the hypothesis of invariance could not be rejected 

(Bovaird & Koziol, 2012; Cheung & Rensvold, 2002). Chen (2007) replicated the findings of 

Cheung and Rensvold regarding change in CFI criterion, but also proposed that the change in 

RMSEA (∆RMSEA = RMSEAunconstrained– RMSEA constrained) should be evaluated in tandem 

with change in CFI. Chen proposed that, when evaluating measurement invariance, a ∆CFI ≥ 

.01, and a negative ∆RMSEA ≥ .015 would indicate non-invariance. Both these criteria are 

based on simulations using the ML estimator and in the context of invariance testing, and thus 

the generalizability of the findings to the current study can be questioned. There are however, 

to my knowledge, no studies examining these criteria with the WLSMV estimator, so to date 

these are the best available criteria and evidence for comparing models.  
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Non-nested models 

Non-nested models based on the same set of variables can be compared using predictive fit 

indices such as Akaike Information Criterion (AIC), Expected Cross-Validation Index (ECVI) 

or Bayesian information Criterion (BIC) and the accompanying change in model degrees of 

freedom (Kline, 2005). These fit indices assess the likelihood of the model being replicated in 

a new sample drawn from the same population. They are all based the models chi-square test 

statistic, but they include different functions that penalize model complexity to a varying 

degree. When estimating the model using WLSMV, the χ
2 

and accompanying degrees of 

freedom are as mentioned above not appropriate for model comparison, and there are to my 

knowledge, no statistical procedures available that can compare non-nested models with this 

particular estimator.  

3.1.5 Invariance testing 

An important assumption when comparing latent variables’ means, variances or correlations 

across groups (i.e. population heterogeneity), are that the latent variable and the measurement 

of the latent variable are the same for the groups of interest. If there are salient factors other 

than the ones of interest influencing the measurement for one particular group, this can mean 

either that the construct of interest is in fact different for different groups, or that the 

indicators are assessing the construct differently in different groups. When this is the case 

inferences drawn about group differences become uncertain or untenable.  

There are four levels of invariance referred to in Brown (2006): 1) configural invariance, 2) 

weak invariance, 3) strong invariance, and 4) strict invariance. These levels are dependent on 

each other in the sense that, in order for a higher level of invariance to be present, all the 

preceding levels are required. Configural invariance is the lowest level of invariance, and is 

present when the factor structure is equal in form. This means that the number of factors and 

the pattern of factor loadings should be equal across groups. In order for weak invariance to 

be present, in addition to configural invariance, the factor loadings are also required to be 

equal between groups. Strong invariance adds the requirement that the intercepts or thresholds 

of the indicators are equal, and finally strict invariance requires the indicators’ residuals to be 

equal across groups.  

The level of invariance determines what model parameters can be compared between the 

groups. When weak invariance is not present, no comparison between groups can be made 
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since either the indicators are measuring the constructs differently or the construct itself is not 

comparable across groups. Factor loadings do in effect determine the variance of the latent 

variable when one of the indicators is chosen to pass on the scale to the latent factor. Thus, if 

factor loadings are invariant across groups, the variance of latent variables and co-variances 

with other latent variables can be compared across groups. The intercept is the level of the 

indicator when the latent factor is at zero, and if this parameter is not invariant across groups, 

this is evidence of differential item functioning (DIF). When DIF is present the latent means 

will be biased for one group by factors specific to that group, and this precludes comparison 

of latent means across groups (Brown, 2006). There is some debate among researchers with 

regards to the invariance requirements that have to be fulfilled in order to compare latent 

means. When strong invariance is present, the indicators are equally influenced by the 

common latent variable in both groups, but there can still be other factors affecting the 

reliability of the measurement in the different groups. If strict invariance is present, such 

outside influences are also equal, and thus influences from unknown exogenous factors are 

even less likely to confound the mean comparisons. The requirement of strict invariance is 

however seldom found to hold, and is by some researchers seen as an unrealistic and too strict 

requirement. They argue that when strong invariance is present, the majority of confounding 

influences are ruled out, and that this is an adequate requirement (Millsap & Olivera-Aguilar, 

2012). After examining measurement invariance and establishing what types of group 

comparisons are acceptable, the next step is to examine evidence of population heterogeneity 

in the structural part of the model. This usually consists of tests for equal latent variables’ 

variances, equal co-variances between latent variables and equal latent means between 

groups.    

In my analyses, as described earlier, the indicators are ordered categorical, and thus a 

threshold structure will be estimated instead of only one intercept for each indicator. This has 

consequences for the invariance testing procedures and the interpretation of the results. To 

begin with, the question of strong invariance is not a question of testing invariance of one 

intercept for each indicator, but instead the requirement is that the thresholds are equal across 

groups. Second, since the factor loadings are related to a latent response variable, and this is a 

product of the threshold structure (i.e. the scale) of the observed indicators, invariance of 

thresholds and factor loadings have to be considered together. In accordance with this, equal 

factor loadings alone is not sufficient grounds for comparing latent variables variances or co-

variances between latent variables across groups (Bovaird & Koziol, 2012). In the current 
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case, there is therefore no reason for examining weak invariance, and only the configural, 

strong and strict levels of invariance will be examined. 

In order to test for measurement invariance, procedures such as multiple-groups CCFA or 

multiple indicators, multiple causes (MIMIC) models have been developed. MIMIC models 

are primarily used when sample size is small because the analysis is run using the covariance 

matrix based on the entire sample, while for multiple-groups CCFA, the models are run on 

separate matrixes for each of the groups. In multiple-groups CCFA, the requirement is that the 

sample size is acceptable for separate analyses in each of the groups. A limitation of MIMIC 

models is that they can only be used to test for strong measurement invariance, and cannot be 

used to examine the reason for non-invariance or discriminate between lower levels of 

invariance (Brown, 2006). Its primary use is to establish whether or not the comparison of 

latent means between groups can be defended.  In the current study the sample size is large 

enough for multiple-group CCFA, and it is of interest to distinguish between different levels 

of invariance, thus multiple-groups CCFA is chosen.  

3.1.6 Parcels 

Parcels are combinations of indicators usually created by summing up or averaging two or 

more indicators. Bandalos and Finney (2001) studied the reason given for using parcels in 

applied research where SEM models were applied. Amongst the stated reasons were that 

parcels; are more reliable than individual indicators, provide a better parameter-to-sample size 

ratio, can be used to ameliorate distributional problems, handle dependence among indicators 

or provide better model fit and more stable parameter estimates. There are however several 

problems related to the use of parcels, and many of the reasons given for using parcels have 

been shown to be unsound under various conditions. The most prominent of the risks related 

to the use of parcels is that it can mask serious miss-specification such as salient secondary 

influences or improper factor structure, and effectively bias parameter estimates.  

In addition to modeling and statistical concerns, the use of parcels can also be seen as a step 

away from a theoretically and conceptually driven approach to measurement. When using 

purely data driven approaches to combining indicators into parcels, the resulting variance of 

this parcel is no longer easily attributed to a specific facet or domain of the construct in 

question. For this reason, parceling is not recommended when the primary goal is to 

investigate dimensionality and aspects of measurement or construct validity. It is primarily to 
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be used when the use of the individual indicators is not possible, and after serious attention 

have been paid to the dimensionality and other aspects of measurement validity (Bandalos & 

Finney, 2001). 

There are many different data driven parceling strategies for dealing with problems such as 

non-normally distributed indicators or reducing model complexity.  Random allocation of 

indicators to parcels, combining indicators with opposite skewness and kurtosis, parceling 

indicators with equal factor loadings together and combining indicators with different factor 

loadings are all examples of such strategies. In addition, some strategies are based primarily 

on substantial evaluation of the content of the indicators that are combined, like combining 

negatively and positively worded indicators or combining indicators based on shared content 

or situations (Little, Cunningham, Shahar, & Widaman, 2002). Two different approaches that 

explicitly deal with multi-dimensionality in indicators are the distributed and the isolated 

uniqueness strategies (Hall, Snell, & Foust, 1999). Within the distributed uniqueness strategy 

indicators with shared secondary influences are distributed across different parcels in order to 

minimize the effects of these model miss-specifications on model fit. The isolated uniqueness 

strategy consists of combining indicators with shared secondary influence in order to isolate 

the uniqueness in the error-term of the parcel, and thus avoid biasing parameter estimates and 

model fit. 

Bandalos (2008) studied the isolated and distributed uniqueness approaches for models with 

four point categorical indicators when there existed an un-modeled secondary factor (i.e. 

method factor or when three factors were incorrectly specified as two factors). Her results 

showed that under both of these conditions the distributed uniqueness strategy resulted in a 

high risk of type II error and parameter bias. The isolated uniqueness strategy also resulted in 

parameter bias, but did not result in high risk of type II errors. Another finding was that 

parameter estimates and tests of overall model fit when using WLSMV and modeling with the 

individual indicators were more acceptable than the models with parcels. This would indicate 

that when using parcels to model multi-dimensional constructs such as social skills, particular 

attention should be paid to any indications of shared unique variance across the different 

factors as this variance will be transformed into shared variance in a model with parcels. The 

distributed uniqueness approach does not seem acceptable under most conditions due to its 

particularly large effect on parameter estimates and high risk of accepting a seriously flawed 

model.  
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In the current thesis, the reason for creating parcels is related to: a) model complexity (i.e. 

subject-to-parameter ratio) and b) distributional assumptions and modeling options. The first 

of these relate to the fact that in models with many observed variables, the complexity of the 

model can make interpretation of the parameter estimates problematic, and model fit may also 

be affected. This can for instance be the case in growth curve models with many time-points 

or slope elements (e.g. curvilinear growth) or in models that include several latent variables 

measured by many indicators each. For example, in the case of growth curve model any 

outside factor influencing individual indicators or subsets of indicators at one time-point is 

likely to be present at the other time-points as well. Such effects would then have to be 

modeled in order to avoid biased parameter estimates in the structural part of the model (e.g. 

the growth parameters). In the current case, there are 30 indicators in the social skills 

measurement model, and to use all five available time-points would entail modeling with 150 

observed variables in the model. This would mean that a very large number of parameters 

would need to be estimated, including a possible myriad of complex relations between these 

observed variables’ uniquenesses or common secondary factors. The second of the reasons for 

parceling indicators is that the parcels are likely to be closer to interval level, and thus that it 

would be possible to use the maximum likelihood estimator in the analysis. Using ML 

estimation does provide advantages such as full information maximum likelihood estimation 

(FIML) with missing data as well as established and well tested criteria for overall model fit 

and model comparison. Both of these concerns give valid reasons for using parcels, but I will 

pay special attention to the question of dimensionality of the three specific factors of the 

SSRS-T in order to avoid the problems described earlier.  

3.2 Plan of analysis 

The different analyses in this thesis reflect the research questions being answered. This 

section outlines the planned analyses, and the different models that will be tested. The first 

model is an evaluation of data nesting in order to determine if there are hierarchical structures 

that will have to be controlled for in the subsequent models. The next two models are a test of 

factor structures proposed in the literature: a) Gresham and Elliot’s original factor structure, 

and b) an alternative structure with method factors based on indicator content relating to peers 

or adults/teacher proposed by Sørlie. These three analyses are presented in more detail in 

sections 3.2.1 through 3.2.3. 
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The next step depends on the findings from the two first CCFA models. As presented earlier, 

there have been reports of problems with the Gresham & Elliot factor structure in the 

literature, and if my results indicate the same, this will necessitate either re-specification of 

the model or exploratory analyses in order to reach an alternative model. There are several 

alternative analytic strategies available depending on the severity of the problems with the 

model fit. Primarily the choice is between using an a) exploratory strategy such as EFA or 

ESEM, or b) re-specifying the model in the CCFA framework based on the results of the 

analysis. If the fit of the model is particularly poor EFA or ESEM will be most appropriate. If 

less extensive changes are indicated, however, re-specification of the CCFA model based on 

modification indexes and expected parameter changes will be attempted. 

The two final steps in the analyses pertain to measurement invariance between boys and girls, 

and to the question of the appropriate use of parcels. These research questions will be tested 

in a series of models with constraints according to the different levels of invariance, and a 

CFA model with parcels estimated using ML estimation and treating the parcels as interval 

level variables.  

3.2.1 Investigating hierarchical structures in data 

In the current study there are two particular levels or clusters important to consider: the school 

level and the class or teacher level. Both the extent to which the scores for the students in 

each school differ systematically, and the systematic differences between students in one class 

and students in another, have to be examined. The class level is particularly important in this 

case owing to the fact that the same rater rated all students in one class, and it is therefore 

likely that there will be rater-specific variance influencing the scores (i.e. rater effect). 

Unfortunately there is no way to disentangle the class and rater effect from one another with 

the current data and study design, so these will be considered together.  

I will use Mixed linear modeling procedure in PASW in order to partition the variance at the 

school level and the teacher/class level to decide if these levels have to be accounted for in the 

following analyses. The null-model in the current case is a model without any predictors, but 

with random intercepts at the school and class/teacher level. This model estimates the 

variability around the means on the different levels and the estimates are used to calculate 

intraclass correlation and design effects as described earlier. This analysis will be based on 

the total social skills sum-score calculated in PASW. 
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3.2.2 Model 1: Gresham & Elliot’s model 

For the current study the baseline CCFA model is the measurement model suggested by 

Gresham and Elliott (1990). The model is graphically represented in figure 3. 

As previously presented, Gresham and Elliot operate with three subscales, and in addition a 

total social skills score consisting of the sum of all indicators is computed. In the first analysis 

I have chosen to model three distinct but correlated latent variables (cooperation, self-control 

and assertion) in order to study the inter-correlations between the three and the 

unidimensionality of each of these sets of indicators. There are no correlated uniquenesses 

and no cross-loadings in the model reflecting the assumptions that these are three different 

facets of social skills. Another possible model would be a second order confirmatory factor 

analysis with factor loadings from the second order factor Social skills onto each of the three 

first level factors. Such a second order factor would however be just identified, i.e. there are 

only three first order factors, and this means that there would be no degrees of freedom on the 

second order portion of the model, and thus the analysis would not test the second order part 

of the model properly.  
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Figure 3. CCFA model of Gresham and Elliot’s original three-factor structure 
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3.2.3 Model 2: Peer and adult method factors 

It has been suggested that the fact that many of the indicators in the SSRS are specified in 

relation to adults or peers, could account for some portion of the shared variance across the 

three original factors in Norwegian samples (Sørlie, 1998; M-A. Sørlie, personal 

communication, April 15. 2012). In the current case, such factors would, violate the 

assumption of unidimensionality and local independence, and cause poor model fit and 

inflated estimates of correlation between latent factors if they are not properly modeled. 

As previously mentioned, there are primarily two ways of dealing with the question of 

method factors. They can either be handled by including correlations between the affected 

indicators’ uniquenesses, or by modeling latent method factors with factor loadings. These 

two options have implications for modeling and substantial interpretation. If there existed 

firm theoretical grounds and empirical evidence from CFA of the existence of these method 

factors, then modeling with correlated residuals may be acceptable. This approach will 

remove the confounding effects of such method factors and result in a better model fit. In the 

current case there is however only indications of such factors found in an EFA study, and I 

am therefore interested in testing a theoretical model with these method factors. Modeling the 

two distinct method factors allows me to test the hypothesis that there are salient loadings 

related to these facets across the three main factors. The resulting model would, if acceptable, 

also produce estimates of the three main dimensions of social skills without the confounding 

variance specific to whom it is observed in relation to. 

There are 12 indicators that contain specific references to adults or to situations involving 

adults (I9, I12, I13, I15, I16, I17, I20, I21, I25, I27, I28 and I29), and 13 indicators 

specifically related to peers or situations involving peers (I1, I3, I5, I7, I10, I11, I14, I18, I19, 

I22, I23, I24 and I26) (M-A. Sørlie, personal communication, November 20. 2012). The two 

method factors will be allowed to load on the above mentioned indicators only, and as the two 

method factors are expected to be related to each other, they are allowed to correlate. 

Correlations between the method factors and the three original factors are however 

constrained at zero. These model specifications reflect the theoretical assumptions that 

method factors are causing reliable variance for subsets of indicators only, and that this 

variance is exclusively caused by method factors and not by the original factors. This model is 

graphically expressed in figure 4.  
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Figure 4. CCFA model of SSRS-T with peer and adults method factors 
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3.3 The current study 

The data-material used in the following analyses was collected as part of a longitudinal 

effectiveness trial of the Norwegian School-Wide Positive Behavior Support model (Arnesen, 

Ogden, & Sørlie, 2006).  The study was carried out by the Norwegian Center for Child 

Behavioral Development (NCCBD), and led by professor Terje Ogden and senior researcher 

Mari-Anne Sørlie. The Norwegian Directorate for Education and Training and NCCBD 

financed the study, and the research study was approved by the Norwegian Social Science 

Data Services (project reference number 16740) and the Regional Committees for Medical 

and Health Research Ethics – region south (project reference number S-07187a).  

3.3.1 Participants and recruitment 

The sample consisted of 8016 children in a total of 592 different classes from 64 different 

schools. 590 teachers filled out the rating scales. There are 50.5% boys and 49.5% girls in the 

sample. Table 1 show how the sample was distributed across 4
th

 through 7
th

 grade. 

Table 1. Sample divided by grade 

Grade N 

4
th

 2026 

5
th

 2056 

6
th

 2024 

7
th

 1910 

 

65 elementary schools participated in the study at the outset but one school dropped out 

before the first data-collection, leaving 64 schools. 46 of these schools started data collections 

in 2007 while the remaining 18 started in 2008. At the start of the first year of the study, 

consent-forms were sent to parents of all children in 4
th

 through 7
th

 grade (9 to 13 years old). 

The total N contacted was 10681, and out of these 8236 consented to take part in the study 

(77%).  

The data consist of contact teachers’ ratings of students in their class from the second data-

collection in the autumn of 2007 and 2008, prior to the intervention. The data was primarily 

collected using an online questionnaire and a data-collection system developed for this study. 



51 

 

A small portion was collected using paper questionnaires. Each teacher filled in one rating 

scale per child whose parents had consented to take part in the study. The teachers filled out 

questionnaires for a total of 8016 students (97% of the participating group). 

3.3.2 Measure 

Students’ social skills were assessed using the Norwegian version of SSRS-T for primary 

school children (Ogden, 1995). The instrument consists of 30 Likert-type indicators with four 

categories each (never – sometimes – often – very often). The 30 indicators are divided 

equally across the three social skill domains assessed; assertion, cooperation and self-control. 

The rating scale is described detail in chapter 2 of this thesis and the indicators are presented 

in appendix A.  
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4 Results 

The analyses presented below were conducted using Mplus version 6.11 and PASW 18.0.2  

(descriptive statistics and investigation of hierarchical structures in data). CCFAs were 

conducted using the WLSMV estimator and CFAs were conducted using robust ML 

estimation (MLR). 

4.1 Descriptive statistics 

A polychoric correlation matrix for all indicators is presented in appendix B. Means, standard 

deviation, skewness and kurtosis for all the observed indicators are presented in table 2. The 

indicators have skewnesses ranging from -.63 to .43 and kurtosis in the range -.80 to .25. With 

a sample size of 8016 significance tests of the skewness and kurtosis is not informative 

because of statistical power, so this is not included (Tabachnick & Fidell, 2007). The absolute 

size of the skewness and kurtosis does however seem to be well within acceptable range for 

all the indicators (Curran, West, & Finch, 1996). 

Table 2. Descriptive statistics for observed indicators  

 
Mean SD Skewness Kurtosis 

Indicator 1 3.09 .82 -.53 -.47 

Indicator 2 2.34 .84 .19 -.54 

Indicator 3 2.36 .80 .23 -.35 

Indicator 4 2.18 .71 .43 .25 

Indicator 5 2.72 .73 -.01 -.40 

Indicator 6 2.24 .75 .22 -.25 

Indicator 7 2.64 .70 .11 -.36 

Indicator 8 2.79 .77 -.15 -.43 

Indicator 9 2.94 .82 -.26 -.70 

Indicator 10 2.90 .77 -.24 -.45 

Indicator 11 2.87 .75 -.22 -.34 

Indicator 12 3.21 .75 -.63 -.12 

Indicator 13 2.83 .75 -.14 -.44 

Indicator 14 2.90 .69 -.10 -.39 

Indicator 15 2.67 .83 -.02 -.64 
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Indicator 16 3.04 .75 -.21 -.80 

Indicator 17 2.60 .80 -.03 -.48 

Indicator 18 2.88 .61 -.03 -.13 

Indicator 19 2.48 .73 .30 -.25 

Indicator 20 3.33 .68 -.55 -.59 

Indicator 21 3.09 .78 -.41 -.59 

Indicator 22 2.89 .76 -.19 -.49 

Indicator 23 2.64 .82 .05 -.64 

Indicator 24 2.83 .72 -.13 -.35 

Indicator 25 2.91 .73 -.32 -.10 

Indicator 26 2.61 .81 .09 -.59 

Indicator 27 2.91 .84 -.34 -.58 

Indicator 28 3.14 .71 -.28 -.77 

Indicator 29 2.98 .80 -.34 -.54 

Indicator 30 2.91 .74 -.12 -.59 

     

Screening for univariate outliers revealed 14 cases with a standardized Z score above 3.29 on 

one indicator (indicator 20), and these cases were deleted. The N used in the subsequent 

analyses are therefore 8001. 

There were virtually no missing values in the data set (five instances of single value missing) 

due to the use of electronic questionnaires where the respondents had to respond to all 

questions. The missing values estimated using limited information weighted least squares 

estimation procedure default in Mplus with categorical data and WLSMV.   

4.2 Hierarchical structures in data 

The results indicated an intra-class correlation of .25 for the teacher/class level (i.e. 25% of 

the variance in scores is attributable to the teacher/class level). The ICC for the school level 

indicated only 0.4% between-school variance and this variance component was not 

statistically significant. Average cluster size at the class level was 13.5 students, and there 

were on average 9 classes per school. The corresponding design effects where 4.1 for the class 

or teacher level and close to 1.0 for the school level and, and thus the conventional criteria of 

DEFF > 2 was only found for the class or teacher level. Since there was a salient class or 

teacher influence, all following models were run with estimation procedures that control for 
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violation of the assumption of independence between observations. Mplus allows control for 

nesting effects and estimating correct standard errors with a sandwich estimator through the 

TYPE=COMPLEX model command and specification of which variable the data should be 

grouped by in the analysis (L. K. Muthén & Muthén, 1998-2010).  

4.3 Model 1: CCFA model of Gresham and Elliot’s 

factors structure 

The fit of the initial CCFA model based on Gresham and Elliot’s factor structure was not 

acceptable; χ
2
 (402, N = 8001) = 20129.668, p < .000, RMSEA = .078 (90% CI .077 – .079), 

CFI = .873, TLI = .863. Table 3 contains the correlations between the factors in the model  

and table 4 contains factor loadings.  

The completely standardized factor loadings ranged from .19 to .90, and all were significant 

at p < .001. The factor loading for indicator 3 on the assertion factor was .19, and thus under 

the conventional criteria of .32. The factor only accounts for approximately 3.5% of the 

variance in this indicator, which suggests that the indicator does not represent the latent 

variable in any acceptable degree. There are three indicators (indicators 4, 6 and 17) with 

factor loadings that are considered to be poor by conventional standards, i.e. in the range of 

.32 to .45. The rest of the factor loadings are above .71, and thus considered excellent by these 

same standards. Factor correlations were within acceptable levels and statistically significant 

and all latent factors had significant variances. These parameter estimates are however 

questionable due to the overall fit of the model, and must only be interpreted with care. 

Table 3. Factor co-variances and correlations from Gresham and Elliot’s original three-factor model 

 
Assertion Cooperation Self-Control 

Assertion .43** 
  

Cooperation .65 (.66)** 2.26** 

 

Self-Control .63 (.79)** 1.37 (.76)** 1.47** 

Note: Factor variances on the diagonal, co-variances with correlations in parentheses. 
**

 p<.001 
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Table 4. Factor loadings from Gresham and Elliot’s original three-factor model  

Indicator Assertion Cooperation Self-Control 

I2 1.00 (.55)**
 

  I3 .29 (.19)** 

  I6 .77 (.45)** 

  I7 2.00 (.79)** 

  I10 2.01 (.80)** 

  I14 1.90 (.78)** 

  I17 .60 (.37)** 

  I19 2.23 (.83)** 

  I23 2.73 (.87)** 

  I24 3.11 (.90)** 

  I8 

 

1.00 (.83)** 

 I9 

 

1.14 (.86)** 

 I15 

 

1.35 (.90)** 

 I16 

 

.95 (.82)** 

 I20 

 

1.10 (.86)** 

 I21 

 

1.09 (.85)** 

 I26 

 

.66 (.70)** 

 I27 

 

1.09 (.85)** 

 I28 

 

1.21 (.88)** 

 I29 

 

1.04 (.84)** 

 I1 

  

1.00 (.77)** 

I4 

  

.36 (.40)** 

I5 

  

.85 (.72)** 

I11 

  

1.27 (.84)** 

I12 

  

1.03 (.78)** 

I13 

  

1.02 (.78)** 

I18 

  

1.00 (.77)** 

I22 

  

1.72 (.90)** 

I25 

  

1.31 (.85)** 

I30 

  

1.08 (.79)** 

Note: Unstandardized estimates with completely standardized estimates in parentheses. 
**

 p<.001 
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When examining the modification indexes for signs of localized areas of strain, there were 

several MIs that stand out as substantial. The conventional criteria of 3.84 as the critical value 

is not useful due to sample size, and thus the relative size of the MIs are considered instead.  

The top 10 MIs for factor loadings and for correlations between indicators are presented in 

table 5 along with the estimates of expected parameter change. As we can see from these 

tables, there are several indications of miss-specified factor loadings and correlations between 

indicators. Indicators 3 and 22 stand out with extreme values, and particularly large EPCs. 

Indicator 3 is also associated with large MIs for loading on both the two other factors. The 

standardized EPCs for indicator 3 do however show large and negative values (-.89 and -.44), 

indicating that if these two paths were to be estimated, the resulting factor loading could be 

negative. This raises the question of whether or not this indicator is in fact measuring social 

skills. 

Table 5. 10 largest modification indexes (MI) and accompanying expected parameter change (EPC) from 

Gresham and Elliot’s original three-factor model 

Model change suggested
a 

MI
 

EPC
 

StdYX EPC
b 

Assertion BY I22 2856.221 3.21 .91 

I17 WITH I3 2343.504 .60 .60 

Self-control BY I3 1379.667 -.75 -.89 

I27 BY I21 1265.316 .79 .79 

I16 BY I9 926.779 .62 .62 

Cooperation BY I3 926.773 -.30 -.44 

I24 WITH I22 849.697 1.15 1.15 

I23 WITH I22 774.391 1.02 1.02 

Assertion BY I12 763.464 -1.52 -.62 

Assertion BY I8 697.955 .78 .28 

Notes: 
a 
BY = factor loading, WITH = correlation. 

b 
Completely standardized expected parameter change values. 

From these results we can conclude that the proposed factor structure was not replicated in the 

current study. There is evidence of both poor overall model fit, and of localized areas of 

strain. 

4.4 Model 2: CCFA model with peer and adult 

method factors 
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When the two method factors were added, the model fit changed substantially and 

improvement in fit was statistically significant by the criteria of significant change in chi-

square value tested using the DIFFTEST procedure and the ∆CFI criterion. It was however 

not significant according to the ∆RMSEA criterion. The change in overall model fit from the 

original three-factor model was: DIFFTEST∆χ
2
 = 4796.742, ∆df = 26, p < .001, ∆CFI = .042 

and ∆RMSEA=-.012. The overall model fit was still not acceptable: χ
2
 (376, N = 8001) = 

13558.627, p < .001, RMSEA = .066 (90% CI .065 – .067), CFI = .915, TLI = .902. 

The unstandardized and completely standardized factor loadings for the model are presented 

in table 6. The pattern of loadings did not change substantially for the three original factors 

and all were statistically significant at p<.001. When we turn to the two method factors, peers 

and adults, the pattern is less clear. The completely standardized factor loadings for the 

adults-factor ranged from -.50 to .61, and for the peers-factor the range was -.60 to .56. For 

the adults-factor, three factor loadings were negative, six had a loading below .32, and three 

factors with loadings above .32. For the peers-factor, the pattern of factor loadings was 

similar; seven were negative, four were below .32 and two were above. All factor loadings 

except one were statistically significant at p<.05. Correlations between the three original 

factors ranged from .69 to .90, and all latent variables had significant variances. The estimate 

of the correlation between the peer- and adult factors were out of the acceptable range (i.e. a 

Heywood case) with a correlation estimate of 1.005. This indicated that there were problems 

with the estimated model. A correlation of 1 would indicate that the division into two separate 

method factors is not appropriate, and that they were in fact one factor. When the correlation 

is above one, this can also indicate that there are associations between indicators that are not 

acceptably represented in the model as it is specified, and thus the latent factor correlation is 

inflated.  
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Table 6. Factor loadings from the measurement model with peer and adult method factors 

Indicator Assertion Cooperation Self-Control Adults Peers 

I2 1.00 (.54)
** 

    I3 .53 (.26)
 **

 

   

-.79 (-.60)
 **

 

I6 .77 (.44)
 **

 

    I7 2.08 (.79)
 **

 

   

-.19 (-.11)
 **

 

I10 1.95 (.78)
 **

 

   

.02 (.01) 
ns

  

I14 1.95 (.78)
 **

 

   

-.14 (-.09)
 **

 

I17 .87 (.42)
 **

 

  

-.85 (-.50)
 **

 

 I19 2.21 (.82)
 **

 

   

-.08 (-.05)
 **

 

I23 2.71 (.86)
 **

 

   

-.20 (-.10)
 **

 

I24 2.99 (.89)
 **

 

   

-.15 (-.07)
 **

 

I8 

 

1.00 (.84)
 **

 

   I9 

 

1.18 (.88)
 **

 

 

-.08 (-.03)
 *
 

 I15 

 

1.34 (.90)
 **

 

 

.14 (.05)
 **

 

 I16 

 

.98 (.84)
 **

 

 

-.11 (-.05)
 **

 

 I20 

 

1.04 (.81)
 **

 

 

.81 (.32)
 **

 

 I21 

 

1.01 (.81)
 **

 

 

.76 (.30)
 **

 

 I26 

 

.61 (.68)
 **

 

  

.25 (.18)
 **

 

I27 

 

1.01 (.81)
 **

 

 

.72 (.29)
 **

 

 I28 

 

1.13 (.85)
 **

 

 

.60 (.23)
 **

 

 I29 

 

.97 (.82)
 **

 

 

.43 (.18)
 **

 

 I1 

  

1.00 (.63)
 **

 

 

1.00 (.56)
 **

 

I4 

  

.38 (.40)
 **

 

  I5 

  

.82 (.65)
 **

 

 

.44 (.31)
 **

 

I11 

  

1.26 (.72)
 **

 

 

.94 (.48)
 **

 

I12 

  

1.07 (.61)
 **

 1.54 (.61)
 **

 

 I13 

  

1.02 (.68)
 **

 1.00 (.46)
 **

 

 I18 

  

1.01 (.75)
 **

 

 

.24 (.15)
 **

 

I22 

  

1.98 (.91)
 **

 

 

-.26 (-.11)
 **

 

I25 

  

1.31 (.75)
 **

 1.07 (.43)
 **

 

 I30 

  

1.16 (.80)
 **

 

  Note: Unstandardized estimates with completely standardized estimates in parentheses. 
*
 p<.05, 

**
 p<.001 
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There were several large modification indexes indicating salient cross loadings and 

underrepresented correlations between indicators. As with the baseline model, the model 

produced a large number of statistically significant MIs, so the ten largest modification 

indexes are presented in table 7. There were also MIs indicating underestimated correlations 

between the method factors and the three original factors. Such correlations would violate the 

requirement that method factors should not be related to the other latent variables. 

Table 7. 10 largest modification indexes (MI) and accompanying expected parameter change (EPC) from the 

peer and adult method factor model 

Model change suggested
a 

MI
 

EPC
 

StdYX EPC
b 

Assertion ON Adults / Adults BY Assertion 1873.283 -.58 -.71 

Assertion ON Peers / Peers BY Assertion 1867.545 -.45 -.71 

I27 WITH I21 1423.695 .84 .84 

Peers BY I6 998.813 -.37 -.34 

Adults BY I6 997.668 -.48 -.34 

Self-control ON Adults / Adults BY Self-control 912.89 .59 .40 

Self-control ON Peers / Peers BY Self-control 905.618 .45 .40 

I27 WITH I3 879.259 .81 .81 

I16 WITH 9 777.548 .65 .65 

Assertion BY I8 714.913 .78 .27 

Note: 
a 
ON = regressed on, BY = factor loading, WITH = correlation. 

b 
Completely standardized expected 

parameter change. 

The pattern of factor loadings, factor correlations and indications of localized strain does not 

support the hypothesis that there are salient and distinct method factors related to peer- and 

adult-specific content in the indicators. 

4.5 Model re-specification  

As the results indicated that there was not sufficient empirical support for the developers’ 

original factor structure or the inclusion of method factors of the SSRS-T measure, there is a 

need to search for an alternative model. The results of the analysis based on Gresham and 

Elliot’s original factor structure was not entirely without promise; the factor loadings were 

generally high, and RMSEA indicated reasonable overall model fit. There were also clear 

indications of specific parameters that, if dealt with, would substantially improve overall 
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model fit. I have therefore decided to re-specify the model based on the results of the original 

factor structure within in the CCFA framework.  

The re-specification will be guided by model results in the form of modification indexes and 

estimates of expected parameter change. The model changes indicated by the MIs and EPCs 

will however only be carried out if there are plausible theoretical or substantial grounds for 

the modification. As part of the re-specification process, the procedure and changes to the 

model will be presented to and discussed with an expert on the topic of social skills and 

competence in children and presented to the research group at the NCCBD. The model 

modifications and the rationale behind them will be documented and submitted as part of this 

thesis.  

Another guiding principle for the re-specification process will be the goal of creating 

unidimensional parcels and isolating variance caused by shared outside factors in the error 

term of the parcels. It is therefore of particular importance that a) there are no salient cross-

loading indicators or correlated uniquenesses across the three factors, and b) that any salient 

correlated uniquenesses within a particular factor are not allowed to influence the composition 

of the individual factors. In order to reach these goals, a) any indicators with salient cross 

loadings or correlated uniquenesses across factors will have to be removed, and b) any 

correlated uniquenesses within factors will have to be parceled in a way that isolates the 

shared uniqueness in the error term of the parcel. The latter is achieved through parceling 

indicators that have salient correlated errors in accordance with the isolated uniqueness 

strategy. 

I will split the sample into two parts, one group consisting of 4-5
th

 grades and the other group 

consisting of 6-7
th

 grades. I will then re-specify the model in one of these samples (6
th

-7
th

 

grade). The second half of the sample will be used to cross-validate the resulting modified 

model. The decision to split the sample by grades was made in order to counter any problems 

caused by dependence among observations due to a class or teacher level that would arise if a 

random selection of students were made. The resulting model will be tested by examining 

model fit in both groups, and if it found to be is acceptable in both groups, invariance between 

the sample used for exploration and the sample used for cross-validating will be tested. This 

latter test is performed as a strict test of the changes to the model, and particularly if any of 

these modifications are specific to the age group or group of teachers used in the model re-

specification.   
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In order to reach a more acceptable model, I will adopt a stepwise approach. I will first study 

the overall model fit, factor loadings, modification indexes and expected parameter change, 

and then make changes based on these. I will then repeat the process with the new model’s fit, 

parameters, MIs and EPCs. Since the sample size is large, the critical value of 3.84 is likely to 

indicate many model changes. I will therefore focus on the largest MI values in the search for 

a better model. For each of the proposed changes I will decide either to change the model 

accordingly or to leave the parameter(s) unchanged and move on to the next largest MIs, 

based on whether or not the change makes sense in light of the theory. I will end modifying 

the model when a) the overall fit is acceptable and, b) a sufficient number of the last steps 

MIs and EPCs do not propose meaningful changes to the model.  

4.6 Results of the re-specified model 

The model was re-specified in 12 steps. The decisions regarding the individual model changes 

are briefly presented in appendix C. All modifications were made after careful evaluation of 

the indicators’ content and the underlying theory. The overall model fit for each of the steps is 

presented in table 8. The 12 highest MIs at the 12
th

 modeling step did not make sense or were 

considered as unimportant, and thus I chose to end the search in order to avoid over-fitting the 

model. 

Seven indicators were removed and four correlations between latent response variables’ 

residual variances were added to the model. Indicators were primarily removed because: a) 

there were problems with the indicator text (i.e. unclear wording), b) the indicator’s content 

was not considered to be representative of the factor it was specified to load on, or c) the 

indicators content over-lapped with other indicators on another factor. Correlations between 

indicators’ residuals were only permitted if their content overlapped or they shared other 

plausible secondary influences with indicators within the same factor.   
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Table 8. Overall model fit for the steps in the re-specification process and the in the cross-validation sample. 

 

χ
2
 (df) P RMSEA (90% CI) CFI TLI 

Sample 1
a
 (N=3924) 

     Original factor structure 10512.639 (402) <.001 .080 (.079-.081) .881 .871 

1
st
 step 8938.672 (374) <.001 .076 (.075-.078) .894 .885 

2
nd

 step 6744.557 (347) <.001 .069 (.067-.070) .920 .913 

3
rd

 step 6032.750 (346) <.001 .065 (.063-.066) .929 .922 

4
th

 step 5582.951 (345) <.001 .062 (.061-.064) .935 .928 

5
th

 step 4831.832 (319) <.001 .060 (.059-.062) .942 .937 

6
th

 step 4196.080 (294) <.001 .058 (.057-.060) .950 .044 

7
th

 step 3630.741 (270) <.001 .056 (.055-.058) .955 .950 

8
th

 step 3110.215 (247) <.001 .054 (.053-.056) .961 .956 

9
th

 step 2923.723 (246) <.001 .053 (.051-.054) .963 .959 

10
th

 step 2821.061 (245) <.001 .052 (.050-.053) .965 .960 

11
th

 step 2640.119 (224) <.001 .052 (.051-.054) .966 .961 

12
th

 step 2566.198 (223) <.001 .052 (.050-.054) .967 .962 

Sample 2
b
 (N=4077)      

Re-specified model 2652.819 (223) <.001 .052 (.050-.053) .964 .959 

Notes: 
a
 sample used for re-specification. 

b
 sample retained for cross validation. 

  

The overall test of model fit was acceptable in both the sample used to re-specify the model 

and the sample used for cross validating the proposed model.  CFI and TLI both reached 

acceptable levels, and the RMSEA estimate and its 90% confidence interval were both within 

the range conventionally considered as reasonable fit, and under the criteria of .06 for 

acceptable model fit proposed by Hu and Bentler (1998, 1999). The hypothesis of close fit of 

the re-specified model could not be rejected in both samples. 

The re-specified model’s overall model fit for the combined sample and change in model fit 

associated for the different levels of invariance are presented in table 9. Model 1 is the 

baseline model with no constraints. In model 2, factor loadings and thresholds were held to 

equality. Strict invariance was modeled in two steps in order to test: a) invariance in latent 
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response variables’ residual variances (model 3), and b) correlations between these residuals 

as included in the re-specified model (model 4).  

Table 9. Overall model fit indices for evaluating measurement invariance between sample used for re-

specification and cross-validation sample  

 χ
2
 (df) P RMSEA CFI 

Model 1 5214.45 (446) < .001 .052 .965 

 ∆χ
2
 (∆df)

a 
P ∆RMSEA ∆CFI 

Model 2 122.572 (62) < .001 .006 -.004 

Model 3 98.352 (23) < .001 .007 -.007 

Model 4 76.228 (4) < .001 0 0 

Notes: 
 a
 Calculations based on DIFFTEST procedure in Mplus.

 

Both ∆RMSEA and ∆CFI where both below the critical levels indicating that the overall 

model fit did not change significantly as the different levels of invariance up to and including 

both the tests of strict invariance. The chi-square difference test, calculated using the 

DIFFTEST procedure in Mplus, did however indicate significant change in model fit, and 

thus non-invariance on all levels. The ∆χ
2
 is, as previously discussed, overly sensitive to 

changes in model fit at large sample sizes and thus not applicable in the current case.  

The overall fit of model 4 was acceptable: χ
2
 (535, N = 8001) = 3852.429, p <.001, RMSEA = 

.039 (90% CI .038 – .041), CFI = .967, TLI = .977. All factor loadings and factor variances 

were significant at p <.001. The completely standardized factor loadings ranged from .41 to 

.91 in both groups. Three indicators had factor loadings below .71 in both groups (I2, I4 and 

I6). All latent factor variances and factor correlations were significant at p <.001 and the 

factor correlations were in the acceptable range in both groups (ranging from .66 to .73).  

Completely standardized factor loadings, residuals and factor correlations of the re-specified 

model are presented in figure 4. All factor loadings, indicators residuals, correlations and 

factor variances were significant at p < .001. The over all-model fit in the entire sample fit: χ
2
 

(223, N = 8001) = 5280.752, p <.001, RMSEA = .053 (90% CI .052 – .054), CFI = .961, TLI 

= .956. 
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Assertion 

  

Cooperation 

  

Self-Control 

  

* I2 

.72 

* I6 

* I7 

* I10 

* I14 

* I19 

* I23 

* I24 

* I9 

* I15 

* I16 

* I20 

* I21 
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* I1 
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.78 
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.81 
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.82 

.88 

.85 

.79 

.42 

.76 

.88 

.80 

.90 

.69 

.67 

.72 

.41 

.48 

.33 .59 

Notes: 

Asterisks used instead of  x* to signify latent 

response variables 

All parameter estimates are significant at p<.001 

 
Figure 5. Empirical results of the re-specified CCFA-model 
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The results indicate that an acceptable model was reached through model re-specification. The 

measurement was also invariant across the two samples, providing further evidence that the 

model was confirmed in an independent sample from a different age group. The results also 

indicated that the correlations between latent response variables’ residuals could be used to 

guide the creation of parcels in accordance with the isolated uniqueness strategy. 

4.7 Invariance testing – gender 

The overall model fit was acceptable for both boys; χ
2
 (223, N = 4038) = 3287.337, p <.001, 

RMSEA = .058 (90% CI .057 – .060), CFI = .964, TLI = .959, and girls; χ
2
 (223, N = 3963) = 

3284.347, p <.001, RMSEA = .058 (90% CI .057 – .060), CFI = .962, TLI = .957, in separate 

analyses. All factor loadings, factor variances and correlations between factors were 

significant at p < .001 and within acceptable range for both genders. 

The model fit of the baseline model, and change in model fit is presented in table 10. Model 1 

is the baseline model with no constraints. In model 2 the factor loadings and thresholds were 

held equal and equality of latent response variables’ residuals and correlations between these 

were assessed in model 3 and 4 respectively. 

Table 10. Overall model fit indices for evaluating measurement invariance between boys and girls 

 χ
2
 (df) P RMSEA CFI 

Model 1 6469.381 (446) < .001 .058 .965 

 ∆χ
2
 (∆df)

a
 P ∆RMSEA ∆CFI 

Model 2 431.282 (62) < .001 .004 -.001 

Model 3 93.71 (23)
 

< .001 .008 -.008 

Model 4 5.482 (4) .241 0 0 

a
 Calculations based on DIFFTEST procedure in Mplus. 

Both ∆RMSEA and ∆CFI were below the critical levels indicating that the overall model fit 

did not change significantly as the different levels of invariance were tested. The DIFFTEST 

based chi-square test of difference indicated non-invariance in the first two steps, but the last 

step did not produce a significant change in model fit. As in the previous analyses, the sample 

size leads me to rely on ∆RMSEA and ∆CFI over ∆χ
2
, and conclude that the measurement is 

invariant with regards to student gender. 
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The overall model fit of model 4 was: χ
2
 (535, N = 8001) = 5103.354, p <.001, RMSEA = 

.046 (90% CI .045 – .047), CFI = .972, TLI = .973.  Factor correlations and factor variances 

are presented in table 11. Equal un-standardized factor loadings and the separate group’s 

standardized factor loadings and latent response variables’ residuals are presented in table 12. 

Factor loadings and factor variances were significant at p<.001 in both groups. The 

completely standardized factor loadings were all in acceptable range (from .41 to .90). Four 

indicators had factor loadings below .71 in both groups, and factor correlations were 

significant and in the acceptable range in both groups. 

Table 11. Factor variances, co-variances and correlations from the re-specified factor model  

 
Assertion  Cooperation  Self-Control 

 Boys Girls  Boys Girls  Boys Girls 

Assertion .36** .42**       

Cooperation .54(.64)** .63(.65)**  2.00** 2.21**    

Self-Control .49(.64)** .54(.70)**  1.22(.67)** 1.26(.71)**  1.63** 1.42* 

Note: Variances on the diagonal, co-variances with correlations in parentheses. 
**

 p<.001 
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Table 12. Factor loadings (λ) and latent response variables’ residuals (δ) for the re-specified CFA-model of 

SSRS-T for both girls and boys 

  Unstandardized  Completely standardized 

  
 

 Boys
 

Girls
 

Indicators λ  λ δ λ δ 

Assertion factor 

 

I2 1.00
a 

 .52** .27** .54** .30** 

 

I6 .82**  .44** .19** .47** .22** 

 

I7 2.08**  .78** .61** .80** .65** 

 

I10 2.17**  .79** .63** .82** .67** 

 

I14 2.08**  .78** .61** .80** .65** 

 

I19 2.15**  .79** .63** .81** .66** 

 

I23 2.47**  .83** .69** .85** .72** 

 

I24 2.94**  .87** .76** .89** .78** 

Cooperation factor 

 

I9 1.00
a 

 .82** .66** .83** .69** 

 

I15 1.37**  .89** .79** .90** .81** 

 

I16 .85**  .77** .59** .78** .61** 

 

I20 1.03**  .82** .68** .84** .70** 

 

I21 .87**  .77** .60** .79** .63** 

 

I26 .66**  .68** .46** .70** .49** 

 

I27 .91**  .79** .62** .80** .65** 

 

I28 1.22**  .87** .75** .88** .77** 

 

I29 1.07**  .83** .69** .85** .72** 

Self-Control factor 

 

I1 1.00
a 

 .79** .62** .77** .59** 

 

I4 .37**  .43** .19** .41** .17** 

 

I5 .93**  .77** .59** .74** .55** 

 

I11 1.50**  .89** .79** .87** .76** 

 

I13 1.08**  .81** .66** .79** .63** 

 

I25 1.58**  .90** .80** .88** .78** 

Note: 
a
 Constrained for identification and thus not significance tested. 

*
 p<.05, 

**
 p<.001 

The findings support that the measurement using the re-specified model is invariant across 

student gender. The results indicate that latent variables relations to other constructs and the 
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mean value of the latent variable can be compared between boys and girls, and also that the 

measurement of social skills is equally reliable for both groups. The correlations between 

residual variances were also found to be equal across groups. This latter finding supports the 

use of parcels and the isolated uniqueness strategy when analyzing gender differences in 

social skill.  

4.8 Parcel model 

In accordance with the findings from the model re-specification, parcels were constructed. 

Where there were correlated residuals, the affected indicators where parceled together by 

computing a mean value. Where there were no indications of such correlations, indicators 

were parceled based on a random selection procedure. Some of the parcels were based on 

three indicators due to uneven number of indicators. The model was estimated using robust 

ML estimator (MLR) due to the hierarchical structures in data (i.e. class/teacher level). 

The model showed an acceptable overall model fit by both the combinations of different 

criteria proposed by Bentler and Hu (1998, 1999) for CFA models estimated with ML; 

MLRχ
2
 (41, N = 8001) = 1096.502, p <.001, RMSEA = .056 (90% CI .053 – .059), CFI = 

.966, TLI = .954, SRMR = .036.  

The completely standardized model results are presented in figure 6. Factor loadings were all 

significant at p<.001 and in acceptable range. One factor loading was below .71 (P8). Factor 

variances and correlations between factors were significant p<.001 and the correlations 

between factors were within an acceptable range. 

The results of the parcel model indicate that an acceptable model was found and that the 

isolated uniqueness strategy was successful. 
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Notes: All parameter estimates are significant at p<.001 

Figure 6. Empirical results of the CFA model with parcels  
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5 Discussion and conclusion 

The primary objective in this thesis has been to evaluate the factor structure and invariance of 

the SSRS-T measure in a Norwegian primary school sample.  The goal was also to solve a 

practical problem: How to use the SSRS-T in latent variable analysis? In addition to these 

objectives, a particular aim was to identify and use methods that would be appropriate for 

testing and evaluating the factor structure and measurement invariance of the SSRS-T,  and to 

use appropriate statistical procedures considering that the indicators were ordered categorical 

variables and that there were dependence between the observations. A particular strength in 

this study is the large sample size (N=8001), and this has been important since some of the 

statistical procedures and methods used in this thesis (e.g. WLSMV estimation and multiple-

groups CCFA), require large sample sizes.    

 In the following chapter I will briefly summarize the findings, and then discuss these in light 

of methodological and theoretical aspects. I will then discuss some limitations, and also 

suggest future research before presenting my conclusions. 

5.1 Summary of the results 

The results of the initial categorical confirmatory factor analysis showed that Gresham and 

Elliot’s proposed measurement model did not fit the sample data acceptably. Therefore I 

moved on to test a CCFA model with peer- and adult method factors influencing subsets of 

indicators on each of the original three factors. This second model fit the sample data 

significantly better than the original factor structure, but the overall model fit was still not 

acceptable. In addition to unacceptable overall model fit, the pattern of factor loadings and 

localized areas of strain did not support the hypothesis that there were consistent and salient 

method effects. As none of these models fit the data acceptably, I chose to re-specify the 

model within the CCFA framework using modification indexes and expected parameter 

change values. The sample was split into two halves where one was used to modify the 

model, and the other was retained for confirmation of the final re-specified factor model. 

Gresham and Elliot’s original factor structure was chosen as the baseline model since this 

model was considered as more promising with respect to interpretability, and due to the lack 

of support for the method factor hypothesis. A measurement model that showed acceptable 

overall model fit and was considered acceptable in terms of interpretability was reached 
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through the re-specification process. The overall model fit of the re-specified model was also 

confirmed in the second half of the sample and a further test of measurement invariance 

between the sample used for re-specification and the sample used for cross-validation showed 

measurement invariance at all levels tested.  

As the re-specified model was found to fit the sample data acceptably, I moved on to test 

measurement invariance between boys and girls using multiple-groups CCFA. The results of 

these analyses indicated that the measurement model was invariant with respects to the 

indicators thresholds, factor loadings, residual variances and the correlations between these 

residual variances. The last step was to test a parcel model composed according to the isolated 

uniqueness strategy using robust maximum likelihood estimator (MLR). This parcel model fit 

the sample data acceptably. 

5.2 Gresham and Elliot’s original factor structure 

The fact that my results do not replicate Gresham and Elliot’s original factor structure 

indicates that there are problems with the Norwegian version of the rating scale. The results of 

my analysis suggested that the problem consisted primarily of a lack of discrimination 

between the three different social skill domains. The factor loadings were generally high, and 

in addition indices of localized areas of strain in the model pointed to several cross loading 

indicators and correlated residuals between indicators. There were indicators that did not seem 

to measure the same as the others (i.e. low convergent validity), but they were relatively few. 

The multidimensionality and indications of dependence between indicators found in this 

analysis may either indicate that we do not understand the composition of the social skills 

construct sufficiently well, or that the indicators selected are not measuring the specific skills 

with the degree of specificity required.  

My conclusion thus contrasts those of Ogden (1995) and Sørlie (1998) in their EFA studies.  

The different conclusions regarding the Norwegian version may relate to the method applied. 

In the current study, I have applied confirmatory factor analysis, and this offers the possibility 

to restrict all cross-loadings and residual correlations to zero and to assess the fit of the overall 

model. These options are, as previously discussed, not available in EFA. For example, if we 

consider a situation in which there are several cross-loadings that are just below the cut-off 

(e.g.  .32) used in the interpretation of the EFA results; this may not result in the conclusion 



73 

 

that the model is rejected. In CFA such cross-loadings will likely result in poor overall model 

fit or indices of localized strain. In this sense, CFA is a more restrictive test of dimensionality, 

and this may explain the difference in conclusions.  

The fact that my conclusions also differs from Walthall et al. (2005) in their CFA study of the 

English version, may have several reasons, and particularly that the indicators has been 

translated and the response scale altered. There are however also a methodological difference 

that might explain the diverging conclusions: Walthall and colleagues (2005) conducted their 

CFA using parcels instead of the individual indicators. The use of parcels in their analyses 

may have masked problems with cross loading indicators and correlated residuals across the 

three original factors.  

That the results of the Norwegian language indicators and factor structure did not sufficiently 

replicate the original factor structure may also be explained by differences in content related 

to language and the fact that the response scale was altered. Some possible reasons are: a) 

translation of the indicators, b) cultural differences in value attached to and frequency of the 

specific social skills measured, or c) the use of a four-point Likert-type response scale instead 

of a three point scale as in the original version. 

Indicators cannot be translated verbatim as the syntax of Norwegian differs from American 

English and there are subtle differences in the meaning of words between the two languages. 

As a result of this, translation of indicators implies some degree of re-formulation. In this 

process the emphasis of the indicator may change slightly or sometimes even substantially. 

For example, the order of the words in an indicator may cause an important premise to be set 

in the end of a sentence instead of the beginning, and this may cause ambiguity for the 

respondents. Another example is the use of adjectives such as “appropriately” which has 

different Norwegian translations with slightly different connotations. An example of both 

these problems with translation may be observed in the case of indicators 3 and 17. In the 

English version of these indicator texts, the premise is that the student “appropriately” 

questions rules or speaks up. In the Norwegian version however, the premise is not given in 

the beginning of the sentence, but rather is implied at the end of the sentence as the rules “… 

might seem unfair” or “… he/she thinks you have treated him/her unfairly” (my translation of 

the Norwegian indicator texts). Questioning rules and complaining about being unfairly 

treated is not necessarily considered appropriate in all situations, and in some cases it can be 
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considered as disruptive behavior. This ambiguity might contribute to the indicator measuring 

the construct less reliably, and thus the low factor loading in the Norwegian version.  

Cultural differences between the Norwegian and American society may also cause problems 

with the factor structure. Which skills are considered important may differ with cultural 

context, and also the observable aspect of social skills may differ. Though cultural differences 

between the US and Norway may seem relatively small, subtle differences with respect to for 

example what is considered appropriate assertive behavior may influence the measurement. 

For example, saying nice things about one-self may be more highly valued skills in the 

American school setting than it is in the Norwegian setting and may thus may be less frequent 

in a Norwegian setting.  If indicators are considered unimportant by the teachers, this may 

also make their responses less accurate.  

A third possible cause of the differences in findings is the response scale used in the 

Norwegian version. In the original version of the rating scale, there are three response 

categories (never – sometimes – very often) while in the Norwegian translation, Ogden chose 

to change it into a four point rating scale (never – sometimes – often – very often). In the new 

response scale there is no longer any middle point on the scale, and this forces the respondent 

to choose either above or below the middle. This can have consequences for the distribution 

of the responses, making it less possible to get a distribution resembling the normal 

distribution. This should, however, not influence the results in the current study as the 

estimator and methods used did not require normally distributed indicators. In a more positive 

sense, the use of an extra category may possibly extract more variance, and thus result in 

potentially higher co-variance between the indicators.  

5.3 Peer and adult method factors 

The results of the peer and adult method factors model was at first glance more promising. A 

substantial increase in overall model fit indicated that this model did fit the sample data better 

than the original factor model. Though the overall model did not reach an acceptable level, 

this result taken by itself could indicate that method factors were a possible reason for the 

poor fit of Gresham and Elliot’s original factor model, and that this model could be a step 

towards a well-fitting model. These results do however underscore the importance of 

considering both overall model fit and the interpretability of the model parameter estimates: 
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The pattern of factor loadings, estimates of correlations between the method factors, and MIs 

indicating underestimated correlations between method factor and the original three factors, 

was clearly not in accordance with the hypothesis of two separate method factors. 

The results thus indicate that there are no systematic method factors caused by the indicators 

measuring social skills in situations with peers and adults. The results do therefore not suggest 

that the findings from the SSRS-SEF reported by Sørlie (1998) generalize to the current 

version of the SSRS-T. One possible explanation for this is that children’s self-report are 

more affected by this aspect of the indicators than teacher’s responses are. It is however 

important to stress that my results do not entirely rule out the possibility that there are 

indicators that share residual variance due to their content specifically measuring peer and 

adult related social skills. The influence may be shared by a smaller number of the indicators, 

and there may be indicators measuring specific skills more influenced by such method factors. 

The primary reason for the improvement in overall model fit lies in the fact that any added 

freely estimated parameter that is not zero will reduce the discrepancy between the observed 

S-matrix and the model implied Σ-matrix, and thus influences the indices of model fit. 

Though some of these indices of overall model fit penalize model complexity (i.e. adding 

parameters that do not yield a substantial improvement in fit), freeing up many parameters at 

one time will under given circumstances result in a significant improvement in the overall fit 

of the model. In the current analysis, the likely explanation is that the new parameters and 

factors added to the model absorbed many of the localized problems found in the analysis of 

the original factor model. The fact that the two method factors collapsed into one could 

support the suggestion that the primary problem with Gresham and Elliot’s model is that the 

instrument does not clearly discriminate between the three original factors, and that there are 

one or several instances of shared residual variance or cross-loading indicators in the model. 

5.4 Re-specified model 

The results of the re-specified model indicate that an acceptable model was found through the 

model re-specifications process described earlier. The results indicated that the model 

balanced overall fit and localized areas of strain at an acceptable level. Convergent and 

discriminant validity was acceptably supported by the estimates of correlations between 

factors, factor structure and the absence of serious localized problems in the final model.  
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Though the re-specified model fit the sample data well, there are some points to consider 

regarding the final factor model proposed in this thesis. Firstly, as discussed earlier, the 

process of re-specification is always somewhat data driven, and this raises the risk of 

changing the model to fit the sample data and capitalizing on chance. Though I carefully 

considered each model change in light of the theory underlying social skills and the SSRS-T 

measure, the parameters considered for re-specifications were chosen based on MIs and 

EPCs. This does not imply that the changes made were always in accordance with the specific 

model changes suggested by these indices, but they did guide the search for possible changes 

and in particular when to stop modifying the model, and can thus be said to have had an 

important influence on the direction of the re-specification. The emphasis on theory and the 

fact that the final model was confirmed in a second sample does remove some of the risk of 

over-fitting or capitalizing on chance, but does not entirely rule out that that there could be 

other model changes that would have produced the same outcome.  

Secondly, the removal of indicators will in most cases narrow the measurement of the 

construct and change what the measure generalize to. When removing indicators, there is 

always a risk of removing indicators that are representative of a specific aspect of the 

construct, and thus under-representing the construct. This should be taken into account when 

claims about measuring social skills and the different skill domains are made. In the current 

case there are three specific changes, and consequences of these changes, that I consider 

important to discuss. 

The first of these relate to the removal of indicators assessing what can be considered as 

oppositional assertion from the assertion factor. As a result of the removal of two indicators 

(I3 and I17), students’ ability to assert themselves when they do not agree or feel themselves 

unfairly treated is no longer measured in the re-specified model. The remaining indicators 

assess what can be labeled as positive assertion where the emphasis is appropriately initiating 

social interaction and establishing relations with others. The removal of two indicators 

assessing such a distinct part of assertion clearly narrows the measurement of the construct. 

The reason for this removal was however that these indicators were unclear and ambiguous in 

the Norwegian version and therefore probably did not measure this aspect of social skills 

reliably. If the indicators had been clear and unambiguous, an alternative to removal could 

have been to treat these as a separate factor in order to avoid the narrowing of the construct.  



77 

 

The second of the changes I want to point out also relates to the assertion factor and how it is 

measured in the SSRS-T. Assertion is in part reliant on the ability to take the initiative in 

social interactions, and thus the indicators refer to situations where extroversion may play an 

important role (e.g. initiating or taking part in group activities, initiating conversations and 

volunteering). This resulted in indications of cross loadings and correlated residuals for some 

of the indicators from the self-control factor as these had references to the same type of 

situations. In the current case, such problematic shared variance was solved by removing 

specific indicators from the self-control factor since these were not readily interpretable as 

measuring self-control. An alternative approach to this could have been to remove indicators 

from the assertion factor that were assessing situations more related to extroversion. This was 

however not done as the indicators of assertion were considered to measure important skills 

within this particular skill domain, and that to some degree assertion and extroversion can be 

seen as constructs covering the same content on different levels (i.e. the behavioral level and 

personality trait). This multidimensionality can however be problematic under given 

circumstances, and should be considered when interpreting results based on the re-specified 

factors. 

The third important point to consider is the changes made to the self-control factor. Three of 

the indicators (I18, I22 and I30) from this factor were removed because they were considered 

as unclear or because there was content overlap due to indicators assessing situations where 

extroversion could potentially play an important role. An inspection of the remaining 

indicators does however show that these share a more specific reference to the students’ 

ability to regulate their emotions and respond appropriately in conflict situations. The original 

scale was meant to assess skills related both to conflict and non-conflict situations. The latter 

could be for example taking turns and compromising in interaction with others (Gresham & 

Elliott, 1990). In the re-specified model, the non-conflict situations are only represented by 

one indicator, and thus this set of indicators can be considered as measuring a narrower part 

of self-control than Gresham and Elliot set out to do. 

5.5 Measurement invariance - gender 

The tests of measurement invariance of the re-specified measurement model showed that it is 

legitimate to examine heterogeneity between boys and girls in latent variables variances and 

estimates of association (correlations or co-variances) between the different social skills 
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factors, and between these factors and other constructs. The findings also indicate that it is 

acceptable to compare latent mean values between boys and girls using the indicators and 

factor structure proposed in the re-specified model.  

The results of the test of invariance in the latent response variables’ residuals, and the 

correlations between specific residuals allowed as part of the re-specification, are particularly 

interesting: The findings indicate that there are no significant differences in the reliability of 

the measurement, and that the effects of shared residual variance (i.e. content overlap) are not 

different between boys and girls. These levels of invariance are seldom found in empirical 

studies, and many researchers consider that the requirement of strict measurement invariance 

is an overly strict requirement (Millsap & Olivera-Aguilar, 2012).  The results regarding the 

invariance of the correlations between latent response variables’ residuals are, however, 

important to consider with respect to the fourth research question in this thesis. This finding 

does give extra support for the use of parcels composed on the basis of the correlated errors, 

as it is more likely that the common variance isolated in the parcels’ residuals are caused by 

the same content overlap and of the same strength in the two groups. 

Though the results are on the whole positive, there is one important caveat: the ∆RMSEA and 

∆CFI criteria were originally developed in simulation studies using interval level indicators 

and ML estimation, and have not been tested with ordered categorical indicators and WLSMV 

estimation. Both RMSEA and CFI have as previously mentioned been found to function 

acceptably for evaluating overall fit when WLSMV estimation is used, but the acceptability of 

these for comparing nested models under these conditions as in the current case has not been 

tested. The caution is in part also due to the fact that ordinary chi-square difference testing 

cannot be used for model comparison under these conditions as the difference in χ
2
 would not 

follow a chi-square distribution (L. K. Muthén & Muthén, 1998-2010). The RMSEA and CFI 

are both calculated based on the models χ
2 

value, so therefore the results should be interpreted 

with this in mind.  

5.6 Parcel model 

The fact that the result of the parcel model showed acceptable overall fit in the sample data 

answers part of the question regarding a parceling solution. The viability of a parceling 

solution does however rely on more than just finding a model that fits the sample data 
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acceptably. As Bandalos (2008) points out, the use of parcels can mask serious problems with 

the factor structure and effectively bias parameter estimates under given conditions, and thus 

a well-fitting model is in not in itself enough evidence for the acceptability of a parcel model. 

In the current study, both the results from the re-specification process and the analyses of 

measurement invariance are important to take into account when considering this model.  

The results from the final re-specified model do indicate that any salient shared residual 

variance or miss-specified factor loadings were removed or modeled successfully. The 

correlations between indicators’ residuals that the parcels were based on was found in both 

the sample used for model re-specification and the confirmation sample, and was also found 

to be equal between boys and girls in separate invariance analysis. These results suggest that 

the variance accounted for by for example content overlap or other causes of shared residual 

variance should be isolated in the residuals of the parcels when the isolated uniqueness 

strategy is used as proposed, and should therefore not result in biased parameter estimates in 

the model. In support of this, the findings of Bandalos (2008) also indicate that if there still 

were salient shared residual variance between indicators across the three original factors, the 

current parceling strategy would not necessarily lead to acceptable model fit as this variance 

would still be shared across parcels on the original factors. 

Though the results are promising with respect to the current parceling strategy, there are 

potential issues one should be aware of when using this parceling approach. The primary of 

these concerns is the use of the current parcel model with other latent variables in a larger 

model. In the current thesis, I have only assessed the acceptability of the parcel model with 

respect to distinguishing between the social skills factors. If the cause of the variance isolated 

in the residual of one or more of the parcels are shared with indicators of other constructs, this 

may result in biased parameter estimates when these are analyzed together. In this sense, the 

current study is only a necessary first step in creating parcels that can be used in further 

analysis.  

5.7 Limitations and future directions 

There are also several limitations that have to be taken into account when interpreting the 

results. Firstly, though the sample is large, it was not randomly selected from the population, 

but was originally invited to an intervention study. There may therefore be selection effects 
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that threaten the generalizability of the findings to the general population of Norwegian 4
th

 to 

7
th

 graders. It is for example possible that the schools that chose to participate in the 

intervention groups experienced higher degrees of problem behavior in their classroom or 

school settings. 

A second limitation relates to the acceptability of some of the statistical criteria used in the 

analyses. Several of the criteria and cut-off values used for evaluating model fit or comparing 

nested models have not been extensively tested and evaluated for use with categorical 

confirmatory factor analysis and WLSMV estimation. This limitation does particularly relate 

to the testing of the steps in the re-specified model and the invariance analyses conducted in 

this thesis. 

A third limitation is that I only had one measure of social skills: teacher rated social skills 

using a behavioral rating scale. It has thus not been possible to empirically assess convergent 

and discriminant validity of the alternative factor structure with other measures or 

operationalizations of social skills or related constructs. The use of only one measure or 

operationalization of social skills is also problematic in another sense: when using rating 

scales such as the SSRS-T the responses are partly influenced by facets related to the 

respondent.  

Finally, it is important to stress that these results do not necessarily generalize to other 

language versions of the primary level SSRS-T. Several of the problems identified in the 

current study are likely to be confined to the Norwegian version of the rating scale. 

The limitations of this study do suggest that there is need for more research into the 

Norwegian version of the SSRS-T and in particular the alternative factor structure proposed in 

this thesis. Firstly, the findings regarding Gresham and Elliot’s factor structure should be 

assessed in another sample, and preferably a representative sample. Secondly, the factor 

structure I propose in this thesis should also be replicated in other samples in case there were 

selection effects at work in the current study. With respect to the changes in content covered 

in the factors of the re-specified model, there is a need to further study this before concluding 

about the usefulness of this model. For example, a multitrait-multimethod approach could be 

adopted in order to investigate how the alternative factors relate to other measures of social 

skills and the three skill domains (e.g. with observational data or other rating scales), and also 

to assess the relationship between the new factors and other related constructs such as 
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problem behavior or temperamental factors (Brown, 2006). In the current study I was also 

limited by the fact that the data was already collected when I did my analyses, and this 

precluded re-formulating some of the indicators that did not perform well and testing 

alternative translations of these. This approach should be tested on the indicators where 

problems with the translation were suggested as the cause of poor fit.  

A final suggestion for future studies is related to the finding that 25% of the variance in the 

composite score was accounted for by the class or rater level. In the current study it was not 

possible to separate any effects of rater (teacher) and effects of being in the same class. 

Together they do, however, account for a large portion of the variance in SSRS-T scores, and 

therefore this is important to consider in further studies. For example, generalizability studies 

could be conducted in order to study the relative size of the variance accounted for by rater 

and class, and in particular to assess any evidence of differences in standards between 

teachers, or any interactions between teacher and child characteristics. Though the invariance 

analysis conducted in this study indicated that mean comparison between girls and boys were 

acceptable, this analysis would not detect variation in severity across raters. 

5.8 Conclusions 

The results in the current study draw into question the validity of the Norwegian version of 

the primary level SSRS-T. In particular, the results suggest that there is a need to further 

examine Gresham and Elliot’s original factor structure and the Norwegian indicators in order 

to clarify their psychometric qualities. The results indicate that if the original factor model is 

used in latent variable analysis, it will likely create problems with poor overall model fit and 

biased parameter estimates. The results also suggest that composite scores or parcels based on 

the original factors will likely bias results in statistical analyses, and should therefore be 

interpreted with caution.  

The lack of support for the hypothesis of method effects caused by measuring social skills in 

situations with peers or adults also indicate that this effect alone is not a prominent cause of 

poor fit in the test of the original factor structure. The results suggest that, though these 

factors may possibly play a role in more localized problems in the model, they do not 

necessarily pose a major threat to the validity of the SSRS-T. 
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In this thesis, I have proposed and tested an alternative specification of the factors closely 

resembling Gresham and Elliot’s original. The results in the current study offer tentative 

support to its applicability. The alternative model showed several desirable qualities, such as 

indices of good convergent and discriminant validity, and also measurement invariance across 

child gender. However, the practical significance of this alternative model remains to be 

determined in future studies. Particularly, there is a need to study the effects of the possible 

changes in the substantial content covered by the suggested sets of indicators. The changes 

discussed in this thesis and other unidentified changes, may affect the generalizability of the 

results to both the individual social skills domains and the broader construct of social skills. 

Hence, there is a need to assess such probable effects before concluding about the alternative 

model’s usefulness. 

Finally, the parceling procedure based on the alternative model and the isolated uniqueness 

strategy received empirical support in the current study. The results indicate that by removing 

or isolating secondary influences, the parcel model may be used in the future analyses in the 

current dataset when there is a need to improve the subject-to-parameter ratio and to facilitate 

the use of normal theory or robust ML estimation.  
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Appendixes 

Appendix A. Norwegian indicator texts and factor structure of the SSRS-T 

Indicator Text 
Skills 

domain/factor 

2 
 Presenterer seg uoppfordret for nye mennesker 

(Introduces self) 
Assertion 

3 
Er kritisk til regler som kan virke urettferdige 

(Questions unfair rules) 
Assertion 

6 
Omtaler seg selv i positive vendinger når det er passende 

(Says nice things about self) 
Assertion 

7 
Inviterer andre til å bli med på aktiviteter 

(Invites others to join) 
Assertion 

10 
Har lett for å få venner 

(Makes friends) 
Assertion 

14 
Tar initiativ til samtaler med jevnaldrende 

(Initiates conversations) 
Assertion 

17 

Sier i fra når han/hun mener du har behandlet ham/henne 

urettferdig 

(Tells you when treated unfairly) 

Assertion 

19 
Gir ros (komplimenter) til jevnaldrende  

(Compliments to peers) 
Assertion 

23 
Tilbyr seg å hjelpe medelever 

(Volunteers to help peers) 
Assertion 

24 
Blir uoppfordret med i aktiviteter eller i elevgruppen  

(Joins ongoing activity) 
Assertion 

8 
Bruker ledig tid (fritid) på en konstruktiv/positiv måte 

(Uses time appropriately) 
Cooperation 

9 
Fullfører arbeidsoppgaver i timene i tide  

(Finishes assignments) 
Cooperation 

15 
Bruker tiden konstruktivt mens han/hun venter på hjelp  

(Uses time appropriately) 
Cooperation 

16 
Gjør skolearbeidet riktig/korrekt  

(Produces correct work) 
Cooperation 

20 
Følger dine beskjeder (instrukser) 

(Follows directions) 
Cooperation 
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21 
Rydder arbeidsmateriell og utstyr etter seg  

(Puts work away) 
Cooperation 

26 

Lar seg ikke distrahere av andre elever når han/hun arbeider i 

timene  

(Ignores peer distractions) 

Cooperation 

27 
Holder uoppfordret pulten sin ryddig 

(Keeps work area clean) 
Cooperation 

28 
Følger med når du snakker i timene 

(Attends to instructions) 
Cooperation 

29 
Skifter lett fra én aktivitet til en annen i klassen/timene  

(Easily makes transitions) 
Cooperation 

1 
Kontrollerer sinnet sitt i konflikter med jevnaldrende 

(Controls temper with peers)  
Self-Control 

4 
Endrer egne meninger i konflikter for å oppnå enighet 

(Compromises in conflicts) 
Self-Control 

5 

Reagerer egnet (dvs. passende/forståelig) på gruppepress fra 

jevnaldrende 

(Responds to peer pressure) 

Self-Control 

11 
Responds appropriately to teasing from peers  

(Reagerer egnet på erting fra jevnaldrende) 
Self-Control 

12 
Kontrollerer sinnet sitt i konflikter med voksne 

(Controls temper with adults)  
Self-Control 

13 
Tåler å få kritikk 

(Receives criticism well) 
Self-Control 

18 
Godtar medelevers/kameraters forslag til aktiviteter  

(Accepts peers´ ideas) 
Self-Control 

22 
Samarbeider uoppfordret med andre elever  

(Cooperates with peers) 
Self-Control 

25 
Reagerer egnet hvis han/hun blir dyttet eller slått  

(Responds to peer aggression) 
Self-Control 

30 
Kommer godt overens med personer som er annerledes 

(Gets along with people) 
Self-Control 
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Appendix B. Polychoric correlation matrix 

 

 

Test 

 

I1 I2 I3 I4 I5 I6 I7 I8 I9 I10 I11 I12 I13 I14 

I1 
              

I2 .29** 
             

I3 -.08** .42** 
            

I4 .35** .29** .20** 
           

I5 .61** .35** .11** .42** 
          

I6 .16** .54** .43** .34** .34** 
         

I7 .37** .51** .26** .32** .49** .47** 
        

I8 .48** .33** .10** .25** .47** .32** .58** 
       

I9 .45** .26** .08** .17** .41** .22** .42** .73** 
      

I10 .42** .36** .16** .24** .44** .31** .66** .57** .55** 
     

I11 .71** .30** .01 .33** .69** .22** .47** .52** .49** .53** 
    

I12 .77** .25** -.10** .32** .58** .17** .37** .44** .42** .40** .72** 
   

I13 .66** .27** -.10** .32** .56** .18** .44** .47** .44** .49** .71** .75** 
  

I14 .36** .49** .25** .22** .43** .40** .70** .49** .41** .67** .49** .41** .50** 
 

I15 .50** .31** .03** .25** .47** .23** .49** .78** .80** .54** .56** .48** .54** .50** 

I16 .42** .22** .09** .13** .40** .21** .39** .66** .82** .52** .45** .40** .40** .41** 

I17 .02 .38** .60** .08** .16** .44** .33** .23** .23** .26** .14** .02 .05** .39** 

I18 .54** .30** .03** .39** .54** .22** .55** .52** .46** .56** .59** .55** .63** .56** 

I19 .41** .52** .19** .34** .44** .42** .68** .55** .44** .57** .48** .41** .48** .62** 

I20 .56** .18** -.12** .22** .48** .12** .39** .61** .69** .47** .56** .59** .56** .38** 

I21 .53** .19** -.08** .21** .41** .10** .33** .60** .65** .40** .50** .50** .47** .33** 

I22 .45** .43** .12** .25** .45** .31** .61** .61** .58** .62** .52** .45** .50** .62** 

I23 .38** .48** .20** .26** .40** .38** .62** .56** .53** .55** .44** .37** .43** .58** 

I24 .40** .48** .20** .27** .47** .38** .68** .57** .51** .67** .51** .41** .48** .70** 

I25 .69** .30** -.03* .32** .64** .20** .46** .53** .51** .51** .81** .68** .68** .47** 

I26 .46** .22** .00 .22** .41** .17** .31** .53** .59** .36** .47** .40** .44** .30** 

I27 .50** .20** -.05** .23** .42** .13** .34** .62** .67** .40** .50** .47** .47** .33** 

I28 .50** .23** -.02 .20** .45** .16** .39** .63** .74** .45** .51** .50** .50** .38** 

I29 .52** .28** .02 .24** .47** .23** .40** .61** .69** .46** .53** .50** .51** .41** 

I30 .53** .36** .00 .31** .50** .22** .55** .54** .49** .51** .56** .51** .58** .48** 

Note: * p<.05, ** p<..001 
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I15 I16 I17 I18 I19 I20 I21 I22 I23 I24 I25 I26 I27 I28 I29 

I15 

               I16 .75** 

              I17 .23** .28** 

             I18 .53** .46** .22** 

            I19 .57** .43** .36** .60** 

           I20 .70** .67** .06** .57** .45** 

          I21 .68** .61** .10** .48** .41** .72** 

         I22 .65** .55** .26** .59** .64** .57** .65** 

        I23 .61** .50** .34** .49** .73** .47** .51** .79** 

       I24 .57** .48** .33** .60** .66** .48** .48** .80** .78** 

      I25 .57** .47** .14** .61** .51** .58** .55** .58** .51** .58** 

     I26 .65** .55** .15** .40** .40** .55** .58** .49** .44** .41** .53** 

    I27 .72** .63** .12** .48** .42** .70** .86** .60** .50** .49** .56** .62** 

   I28 .74** .70** .15** .50** .45** .83** .75** .60** .51** .52** .57** .62** .76** 

  I29 .70** .64** .18** .50** .47** .72** .71** .62** .55** .54** .58** .59** .72** .78** 

 I30 .58** .46** .16** .62** .63** .59** .55** .61** .61** .58** .62** .49** .53** .59** .63** 

 

Note: * p<.05, ** p<..001 
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Appendix C. Model modifications and brief description of the rationale behind these 

Indicator(s) Background Decision Step 

I22 MI and EPC indicated factor loading on assertion factor. 

The indicator can be seen as sharing influence by 

extroversion factor shared by several of the assertion 

indicators. Further examinations showed that the 

indicator was not highly associated with the other self-

control indicators. 

Indicator 

removed. 

1 

I3 MI and EPC indicated negative factor loadings on both 

the other factors and a high underestimated correlation 

with I17 (assertion). The wording of the Norwegian 

indicator is ambiguous since the premise that the rules are 

appropriately questioned is specified in the indicator text 

but implied at the end of the indicator. This is also 

supported by the low factor loading as on the assertion 

factor as well. 

Indicator 

removed. 

2 

I21 

I27 

In step three, the largest single MI and a large EPC 

indicated that there was excess correlation between 

indicators 21 and 27 on the Cooperation factor. A 

plausible cause of this extra correlation is overlapping 

content due to the fact that both indicators refer to the 

student being tidy or orderly.  

Indicators 

were 

allowed to 

correlate. 

3 
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Indicator(s) Background Decision Step 

I9 

I16 

The largest MI and a large accompanying EPC indicate 

an underestimation of the correlation between indicators 

9 and 16. They may be seen to share a source of variance 

originating in the correct and timely completion of tasks. 

The extra correlation is plausibly the result of 

dependence between the indicators due to the fact that 

correct work delivered too late is not seen as correct in 

every respect, and conversely that finishing ones task in 

time is part of what is seen as correctly performing ones 

tasks.  

Indicators 

were 

allowed to 

correlated. 

4 

I30 A high MI and accompanying EPC indicate I30 loading 

on the assertion factor. A plausible reason for this is 

shared variance of the extroversion facet of assertion as 

the indicator assesses the ability to get along with others.  

It is also less clear how this indicator relates to self-

control than the other indicators of this factor. 

Indicator 

removed. 

5 

I18 

 

A large MI and accompanying EPC indicates that 

indicator 18 should load on the assertion factor.  A 

plausible explanation for this is content overlap with 

indicator 24 and indicator 7 on the assertion factor due to 

the specific reference to group activities.  

Indicator 

removed. 

6 
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Indicator(s) Background Decision Step 

I8 The largest MI and a large EPC on this step relates to 

indicator 8, and suggests that this indicator should be 

allowed to load on the assertion factor. The indicator 

contains an unclear reference to the situation the teacher 

is supposed to relate his/her answers to as the Norwegian 

text may be interpreted as referencing either; a) time left 

over after completing tasks in class, or b) other leisure 

time. These two interpretations have very different 

meanings, and leisure time may be less reliably assessed 

by teachers. I can offer no plausible explanation as to the 

specific reference to assertion by the MI.  

Indicator 

removed. 

7 

I17 MI and EPC indicated negative factor loadings on both 

the other factors. As in the case of indicator 3, the 

wording of indicator 17 is ambiguous since the premise 

that the student is appropriately talking back to the 

teacher is implied by the reference to unfair treatment. 

Students may also complain about unfair treatment in a 

manner that the teacher considers as unwarranted, and 

therefore the lack of the premise at the beginning of the 

sentence is a plausible cause of the problems with this 

indicator. 

Indicator 

removed. 

8 

I2 

I6 

The largest MI and indicated a correlation between 

indicators 2 and 6. It would seem plausible that these two 

shared a large portion of covariance due to an 

extroversion factor. The two indicators were thus allowed 

to correlate.  

Indicators 

are allowed 

to correlate. 

9 

I6 The largest MI and a negative EPC is suggesting a cross 

loading between indicator 6 and the cooperation factor. 

There is no plausible reason for this MI. 

No change 9 
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Indicator(s) Background Decision Step 

I12 The second largest MI indicated a factor loading for 

indicator 12 on the assertion factor. There is no plausible 

reason for this factor loading.  

No change 9 

I1 

I12 

The third largest MI and the largest EPC (.412) points to 

an underestimated correlation between indicators 1 and 

12 on the self-control factor. These two clearly are linked 

by common reference to the ability to control ones anger, 

and this can be seen as content overlap between these two 

indicators.  

Indicators 

were 

allowed to 

correlate. 

10 

I12 

I13 

The second largest MI is indicating a correlation between 

indicators 12 and 13. There is a plausible reason for this 

correlation because teachers are likely to observe the 

students ability to control their anger in situations when 

the teacher criticize the student. The ability to take 

criticism is also partly being able to control your anger in 

when receiving criticism. In the current case, I12 has 

more than one plausible and indicator overlap or breach 

of the requirement of local independence, and I have thus 

chosen to remove indicator 12. 

Indicator 

removed 

11 

I20 

I28 

The 7
th

 largest MI and EPC indicate an excess correlation 

between indicators 20 and 28 on the cooperation 

subscale. The extra dependence between these two 

indicators would be expected, as they are both to some 

degree dependent on the student paying attention in class.  

Indicators 

were 

allowed to 

correlate. 

12 
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Indicator(s) Background Decision Step 

I23 

I15 

The 2
nd

 and 8
th

 largest MI indicates that I23 were 

misplaced. There are indications that I23 should be 

allowed to load on the Cooperation subscale and that 

there are underestimated correlation between indicator 15 

and 23. No plausible reason for this correlation, nor the 

factor cross loading. 

No change 12 

 The 12
th

 model shows several modification indexes for 

both correlations and factor loadings. The 17 first MIs 

and accompanying EPC values did however not make 

sense with respect to theory or were considered plausible 

and salient.  

No more 

changes 

made 

12 

 

 


