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Abstract 

Criminality can have serious and numerous effects of both individuals and society and why 

youths engage in criminal actions is a question concerning several instances. In this study we 

investigate possible factors that influence criminality among youths by analyzing a self-

survey questionnaire. To identify the factors the technique of exploratory factor analysis is 

used. The relationships between the factors and criminality are then assessed with a structural 

equation model. The objective is also to investigate if the factors relate differently to 

criminality depending on gender why the structural equation model is performed on males and 

females separately.  

From the analysis we identified seven factors. Four of them seem to have an impact on 

youths’ criminal behavior; criminality among friends, attitudes towards severe crimes, 

relationships to friends and exposure and participation in negative social behavior. For the 

other three factors (school performance, family relations and attitude towards illicit actions) 

we found no clear relationship to criminal behavior.  

The results also indicate that criminality among friends influence males to a larger degree 

than females. Whereas the relationship between criminal behavior and exposure and 

participation in negative social behavior is stronger for females than males. For the other 

factors no major differences between male and females can be distinguished.  

The overall picture produced by the analysis suggest that the influences of the identified 

factors on criminality are quite modest and that the patterns for males and females are quite 

similar. 
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1. Introduction 
 

Knowledge about causes and influences of criminality among adolescents is highly desirable 

in several fields of society. The consequences of criminal actions can be both numerous and 

severe with undesirable impact on national and individual economics, physical and mental 

health and fear. Studying criminal behavior is though related to numerous issues and 

considerations. For a crime to be recorded to the official crime statistics several criteria need 

to be fulfilled. The crime need to be detected and reported and also properly recorded and 

classified. To investigate characteristics of offenders the offenders also need to be convicted. 

The large amount of unknown cases can though be assessed using alternative sources. Self-

survey questionnaires have been widely used in Swedish research and The Swedish National 

Council for Crime Prevention perform recurring surveys of youth and crime. When 

addressing quantities, statistics clearly state that the majority of crimes is committed by males 

(Brå 2008:23). But do males and females commit crime of the same reasons? That is, do 

certain factors relate differently to crime depending on gender?  

In this study we are interested in investigating possible factors that influence criminal 

behavior among adolescents using data from a self-survey questionnaire. We also aim to 

address the questions above by investigating the effect of gender.  

  

2. Purpose 
 

The objective of this study is to identify and investigate the relationship between underlying 

factors and self-reported criminal behavior among adolescents. The objective can be 

described in two steps. Using exploratory factor analysis the first step is to identify possible 

influencing factors from the data. The identified factors are then used in a structural equation 

model to investigate if and how the factors relate to self-reported criminal behavior. The 

objective is also to investigate if these relations differ depending on gender.    

 

2.1 Research questions 

 

 Can the identified factors be verified by theory or empirical research? 

 Is there a relationship between the factors and self-reported criminal behavior? If so, 

what are the characteristics of these relations? 

 Do the factors relate to self-reported criminal behavior differently depending on 

gender? 

 

 

 

http://tyda.se/search/National+Council+for+Crime+Prevention?lang%5B0%5D=en&lang%5B1%5D=sv
http://tyda.se/search/National+Council+for+Crime+Prevention?lang%5B0%5D=en&lang%5B1%5D=sv
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3. Background 

In this section we present previous studies and theories of youths and crime. We focus on 

theories that are possible to relate to the content of our material and we also discuss potential 

factors to be identified in relation to theory. Even though our study is to be interpreted as 

data-driven rather than theory-driven we discuss our results in comparison to previous 

research and theory.   

3.1 The influence of Social Bonds and Peers 
There are several studies emphasizing the meaning of childhood and the bonds we form to 

society and close people when investigating criminality among youths. In Hirschi’s theory of 

causes of delinquency the question of importance is not what motivates people to commit 

crime (Hirschi 2002 p. 34). The proper question we should be asking is instead, “what holds 

people from breaking the law?” According to Hirschi it is our relationships and our social 

bonds to society that keep us from delinquency and grounds this theory on four concepts of 

social bonds. The first concept is attachment to others which could be described as the 

relationship and affection one has to family members and close people, mainly parents.  

Commitment is the second concept meaning engagement and time invested in for example 

school and grades. The third concept is Involvement which could be described by the time 

spent on recreational activity in the same time preventing illegal activities. The last concept is 

beliefs in conventional norms, morals etc. Several studies support the theory of social bonds 

indicating the four concepts could have a suppressing effect on criminal involvement (Zhang 

and Messner 1996 p.290, Hindelang 1973). Krohn and Massey (1980) though find a moderate 

support of the effects of social bonds when analyzing a self-survey questionnaire from three 

American Midwestern communities.  

In our material there are several questions relating to the students’ relationships to family and 

school which could be discussed in relation to social bonds.  

There are also several questions relating to association with peers. When examining 

criminality among youths the influence of peers has been claimed in several studies. One of 

the most widely used theories is Sutherland’s theory of criminal behavior which evolves from 

social learning theories (Sutherland et al. 1992). According to Sutherland criminal behavior is 

learned when interacting with others, mainly consisting of close people and intimate relations. 

When interacting, not only the techniques of criminal acts are learned but also motives, 

rationalizations and attitudes. The learning process is though not to be interpreted as a passive 

assimilation of criminal behavior, theory is instead defining individuals to take an active 

positioning pro or against criminal actions. Sutherland’s theory is specific in describing how 

the pro criminal behavior, e.g. techniques and motives, are learned and has been criticized 

because of difficulties to verify theory with empirical studies (Sarnecki 2003 p.156).  

In this study we do not get into detail with how these processes work but relate to theory in 

general when identifying factors in the data. Several studies support the hypothesis of 

association between an individual’s engagement in criminal actions and criminal activity of 

friends (Brå 2010, Voss 1964, Short 1957). In accordance with theory students with a 
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majority of friends engaging in criminal acts would then in a larger degree engage in criminal 

acts themselves compared to students with noncriminal friends.  

There are several questions in our material relating to criminal actions of peers and also peers’ 

attitudes towards crime that could be forming possible factors in our analysis.     

 

3.2 Swedish surveys of youths and crime 

Recurring surveys of students in grade nine are performed by The Swedish National Council 

for Crime Prevention (Brå 2010:6). Their main focus is the development of criminal actions 

by adolescents over time and the relation between criminal involvement and other background 

variables, e.g. social background and relations to friends and family. The results show that 

criminal involvement co-varies with several circumstances. Students with a higher degree of 

criminal involvement seem to have weaker relations to their parents, their parents also seem to 

have less knowledge of the student’s activities and peers (Brå 2010:6). The strongest 

relationship when the survey was performed in 2008 is found between criminal involvement 

and the degree of criminal involvement among friends. Other factors are alcohol drinking, 

truancy, and school motivation (Brå 2010:6, p. 10).  

 

 

 

4. Method 
 

In this section the chosen statistical techniques are described and motivated in relation to our 

material and purpose. The analysis is performed in two steps. First we perform an exploratory 

factor analysis on the x-variables presented in Appendix 1. In this part we are interested in 

identifying possible underlying factors which the variables represent.  

Secondly, when the factors from the exploratory part are identified the next step is to 

investigate their relationship to the variables relating to criminal behavior. Separate analyses 

are conducted for men and women respectively.  

Our interest in this study is not in how a certain explanatory variable influence or relate to 

criminality. Rather we seek the relationship between criminality and the underlying factors 

which the explanatory variables are considered to represent. So instead of examining the 

influence of for example truancy and different grades separately we find explanatory factor 

analysis motivated because it enable us to summarize these variables in an underlying factor 

which in this example could be school motivation. Thereafter we find it adequate to use the 

technique of SEM because it allows to address the relationship between the identified factors 

and criminality instead of one specific variable at a time. Our objective is also to investigate if 

the factors relate differently to criminality depending on gender why we find it motivated to 

perform separate analyses for men and women. The chosen techniques and their 

appropriateness are discussed more closely in the following sections. 

http://tyda.se/search/National+Council+for+Crime+Prevention?lang%5B0%5D=en&lang%5B1%5D=sv
http://tyda.se/search/National+Council+for+Crime+Prevention?lang%5B0%5D=en&lang%5B1%5D=sv
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4.1 Data description 
The data used in this study is a survey of students in ninth grade in Sweden performed in 

1997. The questionnaire is produced by the department of Criminology at Stockholm 

University. In the survey the students are asked questions about if they have been involved in 

different types of criminal actions and also to what extent. There are also questions relating to 

how the students experience their relations to family members, peers, school and also attitudes 

towards and exposure of crime. The original data is a random sample of 5901 students in 247 

classes all over Sweden. Our analysis is based on a random sample of 2299 students from the 

original data. The sample that our analysis is based on consists of 1115 females and 1184 

males. The scale of the variables being used is ordinal and binary. The typical form of the 

questions are of what extent the respondents agree or disagree to different statements and to 

what extent the respondents has been involved in certain events such as criminal actions. The 

full questionnaire is found in the appendix.  

O’Rourke and Hatcher (2013 p. 54) argue that factor analysis is a large-sample technique not 

only for generalizing the results but also to obtain adequate factor solutions. To determine if 

our sample size is of adequate size we consider the following criteria (Hair et al, p. 112-113). .  

 n ≥ 100 

 n/p ≥ 10, where p = number of variables in a model 

 

The final sample size is presented in section 4.2.1 consisting of 2107 observations and the 

criteria above are considered to be fulfilled. 

 

4.2 Missing values 
 

Figure 1: Overall summary of missing values 

 

Figure 1 shows that only 55 percent of the students fully completed the questionnaire. This 

will have an impact when calculating the correlations which are used in as input in the 

analysis. Two common types of handling missing values when performing correlations are 
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listwise and pairwise deletion which both have undesirable effects (Brown 2006 p. 363). 

Listwise deletion only keeps the individuals with no missing values at all which will reduce 

our sample to half the size with great loss of information; using this method our sample would 

reduce from 2299 to 1272 individuals. Pairwise deletion uses all individuals with observed 

values on the pairwise variables meaning a larger amount of information is accounted for. 

Thus different sample sizes are used for the pairwise correlations which are related to bias in 

standard errors and statistical tests why pairwise deletion is not a recommended method 

(Brown 2006 p. 363).  

When examining the data more closely we observe that only 1.6 percent of the total values are 

missing and that most of the students only have one or two variables with a missing 

observation which all would be disregarded when calculating the correlations. On these bases 

we find imputation appropriate to reduce loss of information and loss of sample size. 

4.2.1 Median imputation 

We use the median of each variable as input where observations are missing. We use the 

median and not the mean because our variables are on the ordinal scale. Using the median our 

aim is to add as little information as possible to the calculations of the correlations. Median 

imputation will though reduce the variation of the variables which could affect the statistical 

tests. The main reason for choosing the technique of median imputation over more 

sophisticated imputation methods is because of its simplicity to use when the number of 

variables and observations are numerous (this study contains 91 variables) and because of the 

method being free of restrictions relating to the variables’ distribution. The aim of imputing is 

to enable using all the information of individuals with a small amount of missing values and 

we conclude the choice of median imputation will not cause great impact in our analysis 

because of the missing values being so few. We are though performing a second analysis 

without imputation to verify that no big differences arise. 

Before imputing the missing values we exclude individuals with missing values of gender and 

of our dependent variables related to criminal actions so that an artificial relationship with 

these variables are not forced into the data. We also exclude individuals with over 50 percent 

of missing values (Hair et al p. 56). Our sample then consists of  2107 observations 

distributed on 1037 females and 1070 males. Compared to a total of 2299 respondents we find 

this acceptable. 

 

4.3 Exploratory factor analysis 
The first step to answer the objectives of this study is to identify possible factors, such as 

relationships, attitudes etc using factor analysis.  

We start this analysis with p observed variables; x1, x2, … , xp  (presented in Appendix 1). 

These observed variables represent the questions in the questionnaire about youth and 

criminality. The observed variables (also called indicators) are here assumed to represent a 

smaller number of unobserved latent variables (also known as factors or constructs), ξ1, ξ2, … 

, ξk, where k < p. In our material possible factors could for example be attitudes, family 

relationships, school motivation and so on.  
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The main goal of factor analysis is to identify these factors in our material but also to 

investigate the relationship between the factors and the observed variables (Hair et al 2006 p. 

109). The factors are identified by grouping highly correlated variables together. The 

variables that constitute the factor also gives the factor its meaning and contribute to its 

interpretation (Hair et al, 2006 p. 104). 

 

Figure 2: Two factor model. 

 

 

In Figure 2 above we can see a simple example of a model with two factors. The variables 𝑥1 

and 𝑥2 are correlated, which gives us an indication that they are both influenced by the same 

latent factor ξ1, and the same can be seen for variables 𝑥3 and 𝑥4 and the latent factor ξ2. In 

the model, we can see an error term () which also influence the observed variable. The error 

term here represent the variance in the observed variable that are not explained by the factor. 

Figure 2 also shows us the factor loadings 𝜆, which represent the correlations between the 

observed variable and the factor. The factor loadings are important when we interpret the 

factors since high loading suggest that there is a strong relationship between the factor and the 

observed variable.  

Note that one distinguishes between two different types of factor analysis: exploratory factor 

analysis and confirmatory factor analysis. In the exploratory analysis the factors and the 

structure of the model are not known à priori whereas in the confirmatory factor analysis the 

factors and the structure of the model are known beforehand and the object is to test to which 

extent the data are consistent with the expected structure of the factors. In this study we 

perform an exploratory factor analysis since we have limited knowledge about the existing 

factors and their structure. This means that the analysis is data-driven rather than theory 

testing (Hair et al 2006 p.105).  
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Factor analysis enable us to handle a large number of variables, and to summarize them to a 

smaller set of variables with minimum information loss (Hair, 2006 p. 101). So instead of 

examining each one of the variables in the questionnaire factor analysis will help us to get a 

more generalized idea of underlying dimensions of youths and criminality. With this 

technique it is also possible to study factors which are unobservable and impossible to 

measure with a single variable. 

 

4.3.1 Assumptions of factor analysis 

One prerequisite of exploratory factor analysis is that there exist some strong correlations 

among the variables. If only weak correlations are found or the size of the correlations in the 

correlation matrix are equal, there will be a problem when trying to group the variables 

together and factor analysis might not be an appropriate technique for the data (Hair et al 

2006 p. 114). Measure of sampling adequacy (MSA) which is an overall measure of 

intercorrelation among the variables also evaluates whether factor analysis is appropriate. 

Here a value larger than 0.5 indicates appropriateness (Hair et al p. 114). 

The standard assumptions of factor analysis are as follows: 

 Means of latent factors, indicators and error terms are zero  

E(ξ) = 0, E(𝐱) = 0, E(ε) = 0 

 The latent factors and the error terms are not correlated 

Corr(ξ𝛆 ) = 0, 

where  defines the factors, 𝐱 the observed variables, and  the error terms. 

 

Basically this means that the scale of the latent factors, indicators and error terms are being 

defined. It also means that the error term is unique in that sense that it belongs only to the 

indicator and does not correlate with the factor. The presence of an error term can also be 

theoretically motivated since it is likely that there is not only the factor that influences the 

observed variable. This is illustrated in Figure 2 above.  

4.3.2 Correlations 

The first step when performing an exploratory factor analysis is to compute the correlations 

among the observed variables (Hair et al 2006 p. 107). One of the most common measures of 

correlation is Pearson´s r. Pearson´s r should only be used on continuous data, which is not 

the case there. Instead there are a number of other techniques that are more appropriate when 

you want to compute correlations among variables expressed on ordinal scale. Some of the 

most frequently used methods are Spearman´s ρ or polychoric correlation.  

To use polychoric correlation we have to make the assumption that there is an underlying 

continuous variable xi
∗, ranging from -∞ to ∞ , that explains the observable variable xi 

(Gunsjö 1994 p. 22). In this study it could be possible to use polychoric correlation, but as the 

questions relating to crime are phrased as how many times one has committed a crime or an 

illict action it would be necessary to redefine the variables to be able to meet the assumption 

of an underlying continuous distribution. For example the variable “How many times have 

you…” could be rephrased so that they measure the rate of crime rather how many times one 

has committed a crime. In this way, we could meet the assumption of an underlying 
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continuous distribution. Still our data contains variables with few possible answers (2-3), 

which also makes it difficult to justify an underlying continuous distribution. 

 

Because of these considerations we have choose to use Spearman’s 𝜌 since this measure of 

correlation do not require any modification of our variables.  

Spearman´s 𝜌 is described as a nonparametric measure and are frequently used when dealing 

with variables expressed on ordinal scale. Spearman´s 𝜌  assesses the relationship between 

two variables using two sets of ranking scores of the variables. The coefficient ranges from -1 

to 1 where 0 indicate no correlation at all. The following equation is used to calculate 

Spearman´s 𝜌:  

ρ = 1 −
6 ∑ di

2

n3 − n
 

where di = xi-yi (the difference between ranks) and n is the sample size (Choi 2010, p. 460). 

 

4.3.3 Principal factoring analysis 

After having calculated the correlations among the variables the next step of the analysis is to 

estimate the factor(s) that create the correlation among the observed variables. When 

estimating the factors there are a number of applicable techniques. In this study we use the 

method principal factoring analysis (PFA) since this method unlike maximum likelihood, 

makes no assumption about the distribution of the variables (Brown 2006 p. 21). Further this 

method is suitable when you want to be able to make generalizations based on the sample.  

The result from the PFA is given in a factor matrix containing factor loadings, which 

represent the correlation between the factor and each of the observed variables. The loadings 

shows us how strong the relation is between the variable and the factor. High loadings means 

that there is a strong relationship between the factor and the observed variable. Different 

values of the loadings have been suggested when interpreting if the observed variable belongs 

to the factor. Sharma implies that the loadings should exceed 0.4 (Sharma 1996 p. 118) 

whereas Hair claims that loadings that exceed 0.3 are acceptable (Hair et al 2006 p. 129). We 

use 0.3 as the limit since our intention is to keep as much information as possible that could 

be of interest in the structural equation model.  

 

The squared loadings are referred to as the communalities and can be interpreted as the part of 

the variance that the observed variable share with the factor (Sharma 1996 p. 96). In PFA the 

most commonly used estimate of the communalities is the square of the multiple correlation 

(SMC), which is also used in this study (Trucker 1997 p. 194)  

 

4.3.4 Rotation and modifications 

When performing a factor analysis we are at first given an unrotated factor matrix. To make 

the factor matrix less complex and more meaningful for interpretation the matrix is often 

rotated (Hair et al 2006 p. 123). The technique we use for rotation is VARIMAX. The aim of 

VARIMAX is to simplify the matrix so that the variable loads high on only one factor. In this 
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way VARIMAX gives us a more distinct separation of the factors than other rotation methods 

(Hair et al 2006 p. 126).  

Even though rotation has been made there could be difficulties to interpret the factors. If the 

factors are still not rational and coherent there are risks of the model being unworkable and 

impossible to interpret. As we strive to make sure the factors are theoretically reasonable we 

find minor modifications of the structure motivated. This could for example mean excluding 

variables that do not contribute to the factors or choosing the most simple structure when an 

indicator loads high on more than one factor.  

 

4.3.5 Numbers of factors 

When deciding how many factors that one should include in the model one is often omitted to 

some criteria. Some of the most frequently used are eigenvalues-greater-than-one-rule-of-

thumb and the scree plot which we will use in our analysis. Basically these tell us to include 

only factors that has eigenvalues greater than one in our model and that we should look for an 

“elbow” in the screeplot and include factors to the left of the elbow (Hair et al 2006 p. 122).  

These criteria work more as guidelines since we find it important that the factors are 

reasonable in a way that they are easy to understand. If this is not the case, we find it 

motivated to slightly deviate from these criteria. For example this could mean that we include 

factors in the analysis even though the eigenvalues fall below 1 and vice versa.  

 

4.3.6 Goodness of fit 

In order to evaluate how well the chosen factors account for the correlation among the 

variables we examine the residual correlation matrix (RMSR). The matrix shows the amount 

of correlation not explained by the factors. The residual matrix is summarized in the overall 

RMSR. Both the individual and the overall RMSR should be close to zero to indicate that the 

chosen factor structure explains most of the correlations among the indicator variables. SAS 

also give us the RMSR after the other factors has been partielled out. Also this measurement 

should be close to zero to indicate a good factor solution (Sharma 1996 p. 118).  
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4.4 Structural equation modeling 
 

After identifying underlying factors in our data using an exploratory approach we use and test 

our derived results in a structural equation model (SEM) to investigate how the factors relate 

to criminality. 

  

In contrast to exploratory factor analysis the technique of SEM takes a confirmatory approach 

(Sharma 1996 p. 419). Using SEM the structure of the factor model is hypothesized by theory 

meaning the unobservable constructs are specified as known and linked to a number of 

specific observable indicators (ibid). Compared to confirmatory factor analysis SEM enables 

testing of a theory in which the latent factors relates to and influence each other which is part 

of the objective in this study. More specific we are interested in how the latent factors 

produced by exploratory factor analysis relate to behavior, i.e. self-reported criminal 

involvement. This is one of the advantages we see in using SEM compared to other linear 

models. That is, SEM allows for modeling unobservable constructs formed by several 

indicator measures which also can influence each other reciprocally, meaning the constructs 

can be both predictors and response variables in the same time (Fox 2006 p. 1). SEM also 

enables to create a model with several variables as dependent variables. The objective of 

using SEM is then to test how well the data supports the hypothesized model.    

 

 

The structural model can be divided in two sub models. An example is shown in Figure 3 

below. 

 

 

Figure 3. Structural equation model 
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Structural model 

The upper part of Figure 3 is the structural model consisting of the relationships among the 

latent factors. The factor represented by η1 is endogenous which means that it is (partly) 

explained by the exogenous factor represented by ξ1. 1 represents the variation in the 

endogenous factor not being explained by the exogenous factor and 1 represent the loading 

(correlation) between the latent factors. The structural model can be represented in matrix 

form: 

 

𝜼 = 𝜞𝝃 + 𝜻 

Where 

 

η = 

𝜂1

⋮
𝜂𝑖

  ξ = 

ξ1

⋮
ξ𝑖

  ζ = 

ζ1

⋮
ζ𝑖

  Γ = 

𝛾11

⋮
𝛾𝑖𝑗 ∗

 

 

where i denotes the i:th exogenous or endogenous factor 

* where i denotes the i:th exogenous factor and j denotes the j:th endogenous factor. 

 

Measurement model 

The lower part in Figure 3 is the measurement model which describes the relationships 

between the latent factors η1 and ξ1, and their observed indicator variables 𝑥1, 𝑥2, 𝑦1 and 𝑦2. 

𝜆𝑖𝑗 represent the factor loadings which is the variance of the indictors in common with the 

latent factor. 휀𝑖 and 𝛿𝑖 represent the error terms which are the variation unique to each 

indicator and not in common with the latent factor.  The measurement model in matrix form: 

 

𝒚 = 𝜦𝒚𝜼 + 𝜹 

 

𝒙 = 𝜦𝒙𝝃 + 𝜺 

 

 

 

Where 

 

η = 

𝜂1

⋮
𝜂𝑖

  ξ = 

ξ1

⋮
ξ𝑖

  𝒙 = 

𝑥1

⋮
𝑥𝑖

  𝒚 = 

𝑦1

⋮
𝑦𝑖

   𝜺 = 

휀1

⋮
휀𝑖

  𝜹 = 

𝛿1

⋮
𝛿𝑖

     

𝜦𝒙 = 

𝜆11
𝑥

⋮
𝜆𝑖𝑗

𝑥 ∗
 𝜦𝒚 = 

𝜆11
𝑦

⋮
𝜆𝑖𝑗

𝑦
∗
 

 
 

where i denotes the i:th factor, indicator or error term. 

* where i denotes the i:th indicator and j denotes the j:th factor 
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The standard assumptions of structural equation modeling are:1  

 Zero mean of indicators, factors and error terms.  

E(η) = 0, E(ξ ) = 0, E(ζ ) = 0, E(𝒙) = 0, E(𝒚 ) = 0, 

 The factors and error terms are not correlated.  

Corr(η𝜻) = 0, Corr(ξ𝜹 ) = 0, Corr(𝜼𝜺) = 0, 

with the parameters being defined above. 
 

4.4.1 Method of estimation 

The method most widely used for estimation of the parameters in the SEM model is 

Maximum Likelihood estimation. This method though assumes the data is normally 

distributed and continuous (Hox and Becher p. 8, Brown p. 387). As discussed in section 

4.3.2 all our variables do not have an underlying continuous distribution. The distribution of 

the observed variables is also skewed indicating non normality. For several questions there 

are also only three categories and the distance between the categories relating to several 

questions are not equivalent. For these reasons we cannot use Maximum likelihood.  

 

According to Brown (2006 p. 387) there are other methods more applicable when the data are 

on ordinal scale and non-normal, and further recommends using a least-squares estimation 

method such as weighted least squares (WLS) or unweighted least squares (ULS). Forero et al 

find ULS to perform best in a simulation study (Forero et al. 2009). We have tried different 

methods and found only ULS to work with our data. Though ULS has been shown to produce 

consistent estimates (ibid) the standard errors are not presented using SAS software why the 

significance of estimates can’t be tested. Nevertheless, we are still able to assess the adequacy 

of the indicator variables and the overall model fit.   

 

Using unweighted least squares the parameters are estimated in an iterative process 

minimizing the discrepancy between the sample correlation matrix and the model-implied 

correlation matrix2 (Schermelleh-Engel and Moosbrugger 2003 p. 30). 

 

 

4.4.2 Indices of model fit 
There are several indices of whether the model fits the data which estimates the plausibility of 

the sample covariance matrix being equal to the covariance matrix of the hypothesized model. 

GFI is a measure of how well the observed variances and covariances of the indicators is 

predicted and reproduced in the structural equation model. Adjusted GFI also measure the 

predictability of the model but has been adjusted for degrees of freedom. A value of 0.9 or 

larger of GFI and 0.8 for AGFI are set to indicate a good model fit (Sharma 1996 p.159, 

Brown 2006 p. 41). Both GFI and AGFI are though sensitive to sample size why the residuals 

also should be examined (Sharma 1996 p. 158). The standardized root mean square residual 

(RMSR) also evaluates the differences between the sample covariance matrix and the 

                                                           
1 The assumptions are explained in relation to our study in section 4.3.1  
2 Further details of unweighted least squares: 
http://support.sas.com/documentation/cdl/en/statug/63033/HTML/default/viewer.htm#statug_tcalis_sect070
.htm 
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hypothesized covariance matrix where a low value is desired. There are no definite limits but 

a value under 0.055 has been suggested as ideal and under 0.09 as adequate (O’Rourke and 

Hatcher 2013 p.146). We consider all these indices when evaluating our model fit.  

The appropriateness of the indicators can be assessed by examining the squared multiple 

correlation which is the proportion of variation of the indicator that is explained by its latent 

factor. Sharma (1996 p.163) suggests a value larger than 0.50 to be ideal. We do not use this 

limit as definite and remove all indicators below. If the indicators are theoretically motivated 

we keep them in the model if the overall fit is adequate. If modification is made solely due to 

the sample characteristics there is a risk of overfitting the model to our sample which reduces 

its applicability to other samples and to the population. Even though our analysis primarily is 

data-driven we still strive for a theoretically workable model.  

We also examine the proportion of variation of the factor relating to criminal behavior 

explained by the other factors to evaluate our model, where a high proportion is desirable.  

 

 

5. Results 

 

In this section we will present the results from our analysis. We start by presenting the results 

from the exploratory part. In this part we want to summarize our data into a number of factors 

that can later on be used in the SEM-part where we want to examine how they relate to 

criminality.  

 

5.1 Results of the exploratory factor analysis 
We start by evaluating whether or not factor analysis is appropriate for the data. To do so, we 

examine the correlation matrix containing all the variables. There are several correlations 

around 0.6 indicating factor analysis is an adequate technique. Measure of Sampling 

Adequacy (MSA) score a value of 0.89, which also suggests that our data are suitable for 

factor analysis. With this information we feel confident to interpret our results.  

We start the analysis with 57 variables. Out of these we estimate the factors using principal 

factoring analysis. To improve the factor matrix we use the rotation technique VARIMAX.  

Given the result of the factor analysis we can see that there are some of the variables that have 

loadings and communalities that are considered to be relatively low. This suggests that they 

can be excluded from the analysis since they do not account for so much of the variation in 

the factors. We decide to exclude variables that have loadings lower than 0.3 from the 

analysis and then recalculate the loadings for the remaining variables. When doing so new 

loadings of other variables fall below 0.3. So, again we exclude these variables and 

recalculate the loadings. This procedure is continued until all variables have at least one 

loading that exceeds 0.3.  
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This leaves us with 43 variables. In Table A1, Appendix 2 you can see the result of the 

exploratory factor analysis of the remaining variables. MSA is again calculated for these 43 

variables. Now MSA is 0.87 – slightly lower than before but still indicates that factor analysis 

is an appropriate method to use.  

 

5.1.1 Numbers of factors 

The factor structure for the remaining variables is now represented by nine factors. The 

suggested factor structure is presented in Appendix 2 (Table A1). When deciding how many 

of the nine suggested factors that we should include in our model we turn to the eigenvalues 

greater than one- rule of thumb, which suggest that we should keep the first 5 factors (Table 

1). The scree plot of the eigenvalues shown in Figure 4 is fairly hard to interpret but suggests 

that we keep something between 6-8 factors in the model.  

 

Table 1. Eigenvalues (we only report the first 9 factors) 

Factor Eigenvalue Difference Proportion Cumulative 

1 9.65328355 7.08354796 0.4925 0.4925 

2 2.56973559 0.55501904 0.1311  0.6236 

3 2.01471654 0.38085694 0.1028  0.7264 

4 1.63385961 0.31314904 0.0834  0.8097 

5 1.32071057 0.42953945 0.0674  0.8771 

6 0.89117112 0.16699096 0.0455  0.9225 

7 0.72418016 0.12159909 0.0369  0.9595 

8 0.60258107 0.04860405 0.0307  0.9902 

9 0.55397702 0.05841206 0.0283  1.0185 
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Figure 4: Screeplot of eigenvalues 

 
Number of factors 

 

These criteria work as guidance when choosing how many factors one should retain in the 

model, but the fact that the factors are reasonable in a way that they are easy to understand is 

superior to these criteria. At this stage of the analysis we are also interested in capturing the 

underlying pattern and keep as much information about the data that could be of interest for 

the next step. So before we decide upon how many factors we want to retain in our model we 

therefore start examine the factors.  
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5.1.2 Labelling and interpreting the factors 

SAS initially give us a nine factor model. We now want interpret the factors and also see if 

the factors are theoretically motivated. All nine factors are presented in Table A1, Appendix 

2.  

From Table A1, Appendix 2, we can see that factor 1 seems to represent both your own and 

friends’ attitudes towards severe crimes (drug use, auto thefts and physical abuse) since 76% 

of the total communality in factor 1 is due to these variables.  

The variable relating to the student’s own attitude toward shoplifting score high on both 

factors 1 and 2 but is considered to belong to factor 2 since this gives the most simple 

interpretation. Together the variables in factor 2 relate to your own and your friends’ attitude 

towards alcohol, truancy and shoplifting which stand for 80% of the total communality. This 

factor could be interpreted as attitudes towards illicit actions.  

Both factor 1 and factor 2 are about attitudes. According to Sutherland attitudes are learned 

from friends and close people and may influence on the likelihood to commit crimes (see 

section 3.1 for Sutherland theory of criminal behavior). This makes factor 1 and 2 interesting 

to examine further in relation to criminal behavior. What’s interesting is that in our study 

these are represented by two separate factors: attitudes to severe crimes and attitudes toward 

illicit actions. Corresponding separation is not found in the theory by Sutherland.  

The variables with high loadings on factor 3 relate to friends’ participation in different 

criminal actions which stands for the majority of the communality. We label this factor 

criminality among friends. Corresponding themes is found in Sutherland´s theory about social 

learning. He claims that behavior is learned when interacting with others. Criminality among 

friends also proved to have the strongest relationship to criminality in surveys of youths and 

crime performed by The Swedish National Council for Crime Prevention.  

Factor 4 represents school performance. Here we turn to Hirsch’s theory of causes of 

delinquency (see section 3.1). He claims that commitment such as engagement and time 

invested is one of the concepts that hold us from breaking the law. Here one could argue that 

school performance is a result of engagement and time invested in studies. 

Factor 5 consist of variables that are all related to relationship to family members: if you get 

along with your parents, if you can talk about everything with your parents but also parents 

knowledge about who their youngsters hang out with and where they are in the evenings. 

Since they are all relating to one’s family we label this factor family relations.  

Factor 6 consists of variables relating to victimization of threats, abuse or bullying but also 

participation in bullying others. This makes the factor quite difficult to interpret, but in some 

way or another all variables are about exposure of negative behavior. We therefore label this 

factor exposure and participation in negative social behavior. Previous research (Heber 2012) 

has shown that there is a connection between criminal behavior and being victimized of 

crime.  

The variables of the seventh factor relate to how the students get along and how often they 

meet with friends and is interpreted as relationship to friends. Both factor 5 and factor 7 

http://tyda.se/search/National+Council+for+Crime+Prevention?lang%5B0%5D=en&lang%5B1%5D=sv
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represent close relationships. Relationships to both parents and friends are recurring themes in 

crime research.   

Factor 8 only consists of two variables which are attitudes toward graffiti, but since this factor 

is a result of only two variables and the variables load almost as high on factor 1 we include 

them to factor 1 where they are also theoretically motivated. 

The last and 9:th factor that are suggested by SAS is more difficult to interpret. No variables 

score high in this factor. Further, the eigenvalue for this factor is relatively low (0.63) and we 

cannot observe a clear pattern in the signs of the factor loadings either. Therefore this factor is 

excluded from the final model. 

After some remodeling, the factor solution contains 7 factors shown in Figure 5. The indicator 

variables are explained in Appendix 1. 
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Figure 5. The factor solution after remodeling 
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5.1.3 Goodness of fit indices 

To evaluate if our factor solution is a good solution we turn to the measure of Root mean 

squared values of the off-diagonal elements (RMSR), as described in section 4.3.5. SAS gives 

us both the Root Mean Square Off-Diagonal Residuals and Root Mean Square Off-Diagonal 

Partials which both should be close to zero to be considered a good measure. Our RMSR’s 

measure 0.026 and 0.059, respectively as shown in Table 2. From the individual RMSR (see 

Table A2 in Appendix 2) we can see that most of the variables fall below 0.05. We consider 

this low enough to enable us to assess our model as good.  

 

Table 2: Goodness of fit indices 

Index  

Overall RMSR 0.026 

Overall RMSR Partials 0.059 

 

 

 

5.2 Results of the structural equation model 
After identified the latent factors and examined which indicators belong to which factor we 

present the results of the structural equation model. We examine how the latent factors relate 

to the factor representing criminality, i.e. self-reported criminal behavior, and the results are 

presented and compared for males and females. 

 

5.2.1 Goodness of fit indices 

Before examining the estimates of the parameters we assess the overall model fit described in 

section 4.4.2. The goodness of fit statistics for both genders are shown in Table 3. The 

observed values of the indices indicate a good model fit for both genders, though slightly 

better for males.  

           Table 3: Goodness of Fit Indices of initial model  

Index Suggested limits3
 Males Females 

GFI > 0.9 0.9550 0.9273 
AGFI > 0.8 0.9520 0.9224 
Standardized RMR 

(SRMR) 
< 0.09 Adequate 

< 0.05 Ideal 

0.0513 0.0603 

 

Due to SAS not providing standard errors for the method of unweighted least squares we 

cannot test whether or not the paths between the latent factors and the paths between the latent 

factors and their indicators are significant. Instead we examine the proportion of variance of 

the indicators explained by their factor to investigate the appropriateness of the indicators. 

Most of the indicators have squared multiple correlations between 0.2 and 0.74 which means 

                                                           
3 The suggested limits are discussed in section 4.4.2 
4 Squared multiple correlations of the indicators can be found in Table A3 and Table A4 in the Appendix 
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the proportion of variation in the indicators that is explained by the factor. Even though 0.50 

has been suggested as lower limit (Sharma 1996 p.163) we find the indicators theoretically 

motivated, removing all the lower ones would result in a reduced number of factors and 

factors with only one indicator. We find four indicators with close to zero variance explained 

which we choose to exclude. These are 𝑥22, 𝑥33, 𝑥36 and 𝑥37. They are the same for both 

genders and the latter three relate to the factor relationship to friends. When removing these 

we need to reconsider the meaning of this factor. The factor relationship to friends now only 

consist of how often the students meet friends during nights and how often the students 

associate with more than one friend. This reduced factor may now be interpreted as social 

association with friends rather than a factor symbolizing a relationship.   

 

Table 4 shows the model fit indices for the modified model. All indices are slightly improved 

compared to the initial model (Table 3) and indicate that the model is appropriate.  

 

         Table 4: Goodness of Fit Indices of modified model  

Index Suggested limits Males Females 
GFI > 0.9 0.9611 0.9351 

AGFI > 0.8 0.9583 0.9304 

Standardized RMR 

(SRMR) 

< 0.09 Adequate 

<0.05 Ideal 

0.0499 0.0594 

 

 

To evaluate to what extent the factors influence criminal involvement we examine the 

proportion of variance explained by the factors shown in Table 5. The latent factors account 

for 59 percent of the variance in criminal involvement for females and 58 percent for males 

which we find adequate.   

 

Table 5: Squared multiple correlation of endogenous variable 

 Proportion variance explained 
 Females Males 

Criminal involvement 0.59 0.58 

 

 

A visual illustration of the estimated model is shown in Figure 6. The path diagram of the 

indicators and the latent factors identified in the exploratory analysis is found in Figure 5 in 

section 5.1.2. 
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Figure 6: Path diagram of Structural equation model 
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5.2.2 Parameter estimates 

The estimates of the parameters (loadings) are shown in Table 6. The directions of the 

coefficients are the same for both genders and are theoretically coherent when interpreting 

them in relation to how the variables are met. That is, the loadings are expected to be negative 

or positive depending on the measurements of the indicators. 

                            Table 6: ULS Loading Estimates of Structural Model  

 Criminality 

 Males Females 

Attitude towards severe crime -0.31 -0.28 

Criminality among friends 0.22 0.15 

School performance -0.10 -0.06 

Family relations -0.05 -0.03 

Attitude towards illicit actions 0.12 0.09 

Exposure and participation in negative 

social behavior 

-0.29 -0.47 

Friends relations / association with friends 0.25 0.13 

 

The strongest relationship for females and one of the strongest for males is found between 

criminal involvement and the factor symbolizing exposure and participation in negative social 

behavior with a correlation of -0.29 for males and -0.47 for females. This could be interpreted 

as the more an individual is victimized of criminal actions or exposed of bullying and also 

participating in bullying the more likely will that individual participate in criminal actions.  

Even though this factor may not be completely theoretically determinate we find the 

relationship between being victimized of crime and committing crime interesting which has 

also been claimed in earlier research (Heber 2012). This relationship contradicts the picture 

produced in media of an offender and victim- dichotomy. What it also notable is that the 

relationship is much stronger for females than for males with a correlation of -0.47 to -0.29.  

The factor relating to attitude and friends’ attitude toward severe crime is similar between 

genders and correspond to theory. The more allowing attitude towards criminal actions the 

more likely it is to be involved in criminal actions to a larger degree. The correlation is though 

only -0.28 for females and -0.31 for males, indicating attitudes influence behavior only to a 

certain extent. When examining the factor relating to attitudes toward illicit actions the 

correlation is almost zero for both genders (0.12 and 0.09, respectively). The indicators for 

this factor are attitude towards truancy, alcohol drinking and shoplifting. We find it interesting 

that this factor seems uncorrelated with criminal behavior while the model suggests that 

attitude towards more serious offences is correlated to criminal actions. A possible 

interpretation is that truancy, alcohol drinking and shoplifting are common among youths and 

that attitudes toward these behaviors are more allowing in general. Students who have not 

committed any criminal actions could still have allowing attitudes towards truancy, alcohol 

and shoplifting leading to a weaker relationship.  
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The influence of association with friends is higher among males than females with a 

correlation of 0.25 to 0.13. This indicates that students who often associate with friends 

during nights and with more than one friend are more likely to involve in criminal actions. 

There is no definite interpretation of what this implies but there are possibilities that youths 

who often associate at late night, which is the most significant indicator (see 𝑥31 in table A3 

and table A4 in Appendix 2), are more exposed of criminogenic situations. To what extent 

youths involve in criminal actions could therefore be seen not only in relation to their social 

conditions but also in relation to how exposed they are with opportunities of committing 

crime. The results also indicate that criminality among friends influence males to a larger 

degree than females with a correlation of 0.22 to 0.15. These results give moderate support to 

the theory of influence of peers as discussed in section 3.1.  

The estimates of the factors relating to school performance and family relations are close to 

zero (-0.10 to -0.03), indicating that there are no clear relations between these factors and 

criminality. This contradicts earlier research and also the theory of social bonds which implies 

that such a relationship exists (Brå rapport 2010:6, p. 18, Hirschi 2002). 

When interpreting the estimates of the coefficients it is though important to consider that the 

significance of the estimates cannot be assessed why generalizations cannot be made. 

 

5.3 Results without imputing missing values 
To assure that there are no substantial differences in the results arising from imputation we 

run the analysis without imputing any missing values. The results of the exploratory factor 

analysis without imputation is found in Table A5 in Appendix 2 indicating no substantial 

differences in the factor pattern.  

The estimates of the parameters of SEM with imputation and without imputation are shown in 

Table 7. 

Table 7: ULS Loadings Estimates of Structural Model   

 Criminality 

 Males Females 

 With 

imputation 

Without 

imputation 

With 

imputation 

Without 

imputation 

Attitude towards severe crime -0.31 -0.35 -0.28 -0.26 

Criminality among friends 0.22 0.24 0.15 0.16 

School performance -0.10 -0.09 -0.06 -0.06 

Family relations -0.05 -0.04 -0.03 -0.005 

Attitude towards illicit actions 0.12 0.14 0.09 0.10 

Exposure and participation in 

negative social behavior 
-0.29 -0.27 -0.47 -0.43 

Friends relations / association 

with friends 
0.25 0.21 0.13 0.19 
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We observe no substantial differences between the estimates with or without imputation and 

conclude the results are only affected to a smaller degree.  

 

6. Discussion 
 

The objective of this study has been to investigate the relationships between underlying 

factors and self-reported criminal behavior among adolescents. By using exploratory factor 

analysis which is a data-driven method, the identified factors correspond to previous research 

and are also possible to verify by theory. What is notable is that the indicators relating to 

students’ attitudes towards crime and students’ friends’ attitudes towards crime reduce to the 

same factor. Even though this indicates a high correlation between attitude and friends’ 

attitude these concepts could have different influence over crime which is not investigated in 

our study. Even though a data-driven method is very workable when examining a large 

dataset this is one of its drawbacks, that is the risk of finding factors which are not 

theoretically determinate. Our intent has been to strive for balance between data and theory to 

build a workable model not only for our specific sample. In further research with a more 

theoretical approach it would be interesting to examine the concepts of attitude and friends’ 

attitude separately.   

Our obtained results from the structural equation model indicate that the patterns for males 

and females are quite similar with high and low correlations between the same underlying 

factors and self-reported criminal behavior. There are though indications that the influence of 

certain factors could depend on gender where criminality among friends and association with 

friends seem to have a slightly more important meaning for males than for females.  

The strongest relationship and also the biggest difference between genders is found in the 

factor relating to exposure and participation in negative social behavior with a correlation of 

-0.47 for females and -0.29 for males. Even though there are some theoretical difficulties 

interpreting this factor this could indicate that a larger proportion of females that have been 

victimized of crime also have committed crime compared to the proportion of victimized 

males also committing crime. There is though reason to believe that the approach of the 

questions could have a systematical impact of the answers depending on gender.  

In one of the questions the students are asked if they have been threatened in a way that they 

felt severe fear. A possible interpretation is that males are more reluctant to define themselves 

in terms of “severe fear” even though they have been exposed of severe threat or similar 

behavior. This could systematically affect the results why further research would be 

preferable to determine whether the correlation do differ depending on gender. Even though 

alternative sources such as self-survey questionnaires enable data and unknown cases which 

are unreachable thru official statistics the structure of the questions are important to evaluate. 

The general picture of the structural model is that the model is adequate according to the fit 

indices and explains almost 60% of the variation in criminality. The correlations between the 

underlying factors and criminality are though quite low except for exposure and participation 
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in negative social behavior for females which is slightly stronger. We believe the model could 

be improved by more theoretical background and by choosing the indicators of the factor 

relating to criminality more accurately. It is possible that the explanatory factors relate 

differently to different types of crimes where one distinction could be between less and more 

severe crimes. Our aim in this study has been to produce a general model, in further research 

it would though be interesting to refine the model regarding different types of crimes.  
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Appendix 1: Indicator variables 
 
The x𝑖variables are used as indicator variables in the exploratory factor analysis. 
Highlighted variables are removed in the exploratory part due to low loadings.  
The y𝑖  variables are incorporated as indicators in the structural equation model. 
 
 
x1 = ℎ𝑎𝑑 ℎ𝑖𝑠/ℎ𝑒𝑟 𝑏𝑖𝑘𝑒 𝑠𝑡𝑜𝑙𝑒𝑛 

x2 = ℎ𝑎𝑑 ℎ𝑖𝑠/ℎ𝑒𝑟 𝑤𝑎𝑙𝑙𝑒𝑡 𝑠𝑡𝑜𝑙𝑒𝑛 
x3 = ℎ𝑎𝑑 𝑠𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑣𝑎𝑙𝑢𝑎𝑏𝑙𝑒 𝑠𝑡𝑜𝑙𝑒𝑛 
x4 = ℎ𝑎𝑣𝑒 𝑏𝑒𝑒𝑛 𝑎𝑏𝑢𝑠𝑒𝑑 𝑡𝑜 𝑎𝑛 𝑒𝑥𝑡𝑒𝑛𝑡 𝑡ℎ𝑎𝑡 𝑜𝑛𝑒 ℎ𝑎𝑑 𝑡𝑜 𝑠𝑒𝑒𝑘 𝑚𝑒𝑑𝑖𝑐𝑎𝑙 𝑐𝑎𝑟𝑒 
x5 = ℎ𝑎𝑣𝑒 𝑏𝑒𝑒𝑛 𝑎𝑏𝑢𝑠𝑒𝑑 𝑏𝑢𝑡 𝑛𝑜𝑡 𝑡𝑜 𝑎𝑛 𝑒𝑥𝑡𝑒𝑛𝑡 𝑡ℎ𝑎𝑡 𝑜𝑛𝑒 ℎ𝑎𝑑 𝑡𝑜 𝑠𝑒𝑒𝑘 𝑚𝑒𝑑𝑖𝑐𝑎𝑙 𝑐𝑎𝑟𝑒 
x6 = ℎ𝑎𝑠 𝑏𝑒𝑒𝑛 𝑡ℎ𝑟𝑒𝑎𝑡𝑒𝑛𝑒𝑑 
x7 = 𝑔𝑒𝑡 𝑎𝑙𝑜𝑛𝑔 𝑤𝑒𝑙𝑙 𝑤𝑖𝑡ℎ 𝑚𝑜𝑚 
x8 = 𝑐𝑎𝑛 𝑡𝑎𝑙𝑘 𝑎𝑏𝑜𝑢𝑡 𝑒𝑣𝑒𝑟𝑦𝑡ℎ𝑖𝑛𝑔 𝑤𝑖𝑡ℎ 𝑚𝑜𝑚 
x9 = 𝑔𝑒𝑡 𝑎𝑙𝑜𝑛𝑔 𝑤𝑒𝑙𝑙 𝑤𝑖𝑡ℎ 𝑑𝑎𝑑 
x10 = 𝑐𝑎𝑛 𝑡𝑎𝑙𝑘 𝑎𝑏𝑜𝑢𝑡 𝑒𝑣𝑒𝑟𝑦𝑡ℎ𝑖𝑛𝑔 𝑤𝑖𝑡ℎ 𝑑𝑎𝑑 
x11 = ℎ𝑜𝑤 𝑜𝑓𝑡𝑒𝑛 𝑜𝑛𝑒 𝑔𝑜 𝑜𝑢𝑡 𝑎𝑛𝑑 𝑑𝑜 𝑠𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑛𝑖𝑐𝑒 𝑤𝑖𝑡ℎ 𝑜𝑛𝑒𝑠 𝑓𝑎𝑚𝑖𝑙𝑦 
x12 = 𝑝𝑎𝑟𝑒𝑛𝑡𝑠 𝑘𝑛𝑜𝑤 𝑤ℎ𝑒𝑟𝑒 𝑦𝑜𝑢 𝑎𝑟𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑒𝑣𝑒𝑛𝑖𝑛𝑔𝑠 
x13 = 𝑝𝑎𝑟𝑒𝑛𝑡𝑠 𝑘𝑛𝑜𝑤 𝑤ℎ𝑜 𝑦𝑜𝑢 ℎ𝑎𝑛𝑔 𝑜𝑢𝑡 𝑤𝑖𝑡ℎ 𝑖𝑛 𝑡ℎ𝑒 𝑒𝑣𝑒𝑛𝑖𝑛𝑔𝑠 
x14 =  have been away at night without permission 
x15 = ℎ𝑎𝑠 𝑡𝑟𝑢𝑎𝑛𝑡𝑒𝑑 
x16 = what parents think about truancy 
x17 = 𝑒𝑛𝑗𝑜𝑦 𝑠𝑐ℎ𝑜𝑜𝑙 
x18 = 𝑡ℎ𝑖𝑛𝑘 𝑡ℎ𝑎𝑡 𝑡ℎ𝑒 𝑡𝑒𝑎𝑐ℎ𝑒𝑟𝑠 𝑎𝑟𝑒 𝑔𝑜𝑜𝑑 
x19 = 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑡 𝑡𝑜 ℎ𝑎𝑣𝑒 𝑔𝑜𝑜𝑑 𝑔𝑟𝑎𝑑𝑒𝑠 
x20 = 𝑟𝑒𝑚𝑜𝑣𝑒 𝑔𝑟𝑎𝑑𝑒𝑠 
x21 = 𝑠𝑒𝑒𝑛 𝑜𝑡ℎ𝑒𝑟𝑠 𝑏𝑒𝑒𝑛 𝑏𝑢𝑙𝑙𝑖𝑒𝑑 𝑎𝑡 𝑠𝑐ℎ𝑜𝑜𝑙 
x22 = ℎ𝑎𝑣𝑒 𝑏𝑒𝑒𝑛 𝑏𝑢𝑙𝑙𝑖𝑒𝑑 
x23 = ℎ𝑎𝑣𝑒 𝑏𝑢𝑙𝑙𝑖𝑒𝑑 𝑜𝑡ℎ𝑒𝑟𝑠 
x24 = 𝑔𝑟𝑎𝑑𝑒 𝑖𝑛 𝑠𝑤𝑒𝑑𝑖𝑠ℎ 
x25 = 𝑔𝑟𝑎𝑑𝑒 𝑖𝑛 𝑒𝑛𝑔𝑙𝑖𝑠ℎ 
x26 = 𝑔𝑟𝑎𝑑𝑒 𝑖𝑛 𝑐𝑟𝑎𝑓𝑡𝑠 
x27 = 𝑔𝑟𝑎𝑑𝑒 𝑖𝑛 𝑐ℎ𝑒𝑚𝑖𝑠𝑡𝑟𝑦 
x28 = 𝑔𝑟𝑎𝑑𝑒 𝑖𝑛 𝑚𝑎𝑡ℎ𝑒𝑚𝑎𝑡𝑖𝑐𝑠 
x29 = 𝑔𝑟𝑎𝑑𝑒 𝑖𝑛 𝑎𝑟𝑡 
x30 = 𝑔𝑟𝑎𝑑𝑒 𝑖𝑛 𝑠𝑝𝑜𝑟𝑡𝑠 
x31 = ℎ𝑜𝑤 𝑜𝑓𝑡𝑒𝑛 𝑦𝑜𝑢 𝑠𝑒𝑒 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑒𝑣𝑒𝑛𝑖𝑛𝑔𝑠 
x32 = ℎ𝑎𝑛𝑔 𝑜𝑢𝑡 𝑤𝑖𝑡ℎ 𝑜𝑛𝑒 𝑜𝑟 𝑚𝑜𝑟𝑒 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑎𝑡 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑡𝑖𝑚𝑒 
x33 = 𝑒𝑣𝑒𝑟 𝑓𝑒𝑒𝑙 𝑑𝑖𝑠𝑎𝑝𝑜𝑖𝑛𝑡𝑒𝑑 𝑜𝑛 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 
x34 = how much one can imagine to resemble their mates 
x35 = ℎ𝑎𝑛𝑔 𝑜𝑢𝑡 𝑤𝑖𝑡ℎ 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑡ℎ𝑎𝑡 𝑎𝑟𝑒 𝑜𝑙𝑑𝑒𝑟 𝑡ℎ𝑎𝑛 𝑦𝑜𝑢 
x36 = 𝑔𝑒𝑡 𝑎𝑙𝑜𝑛𝑔 𝑤𝑒𝑙𝑙 𝑤𝑖𝑡ℎ 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 
x37 = 𝑐𝑎𝑛 𝑡𝑎𝑙𝑘 𝑎𝑏𝑜𝑢𝑡 𝑒𝑣𝑒𝑟𝑦𝑡ℎ𝑖𝑛𝑔 𝑤𝑖𝑡ℎ 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 
x38 = 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑤𝑜𝑢𝑙𝑑 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡 𝑤𝑎𝑠 𝑜𝑘𝑎𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑤𝑒𝑟𝑒 𝑑𝑟𝑢𝑛𝑘 
x39 = 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑤𝑜𝑢𝑙𝑑 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡 𝑤𝑎𝑠 𝑜𝑘𝑎𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑡𝑟𝑢𝑎𝑛𝑡 
x40 = 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑤𝑜𝑢𝑙𝑑 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡 𝑤𝑎𝑠 𝑜𝑘𝑎𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑤𝑒𝑟𝑒 𝑠ℎ𝑜𝑝𝑙𝑖𝑓𝑡𝑖𝑛𝑔 
x41 = 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑤𝑜𝑢𝑙𝑑 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡 𝑤𝑎𝑠 𝑜𝑘𝑎𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢 𝑠𝑚𝑜𝑘𝑒𝑑 ℎ𝑎𝑠𝑐ℎℎ𝑖𝑠𝑐ℎ 
x42 = 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑤𝑜𝑢𝑙𝑑 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡 𝑤𝑎𝑠 𝑜𝑘𝑎𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢 𝑠𝑡𝑜𝑙𝑒 𝑎 𝑐𝑎𝑟 
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x43 = 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑤𝑜𝑢𝑙𝑑 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡 𝑤𝑎𝑠 𝑜𝑘𝑎𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢 ℎ𝑖𝑡 𝑠𝑜𝑚𝑒𝑜𝑛𝑒 
x44 = 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑤𝑜𝑢𝑙𝑑 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡 𝑤𝑎𝑠 𝑜𝑘𝑎𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢 𝑠𝑛𝑖𝑡𝑐ℎ𝑒𝑠 
x45 = 𝑓𝑟𝑖𝑒𝑛𝑑 ℎ𝑎𝑠 𝑏𝑒𝑒𝑛 𝑠ℎ𝑜𝑝𝑙𝑖𝑓𝑡𝑖𝑛𝑔 
x46 = 𝑓𝑖𝑟𝑒𝑛𝑑𝑠 ℎ𝑎𝑣𝑒 𝑣𝑎𝑛𝑑𝑎𝑙𝑖𝑧𝑒𝑑 
x47 = 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 ℎ𝑎𝑣𝑒 𝑑𝑜𝑛𝑒 𝑏𝑢𝑟𝑔𝑙𝑎𝑟𝑖𝑒𝑠 
x48 = 𝑓𝑖𝑒𝑛𝑑𝑠 ℎ𝑎𝑣𝑒 𝑏𝑒𝑎𝑡𝑒𝑛 𝑠𝑜𝑚𝑒𝑜𝑛𝑒 
x49 = 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 ℎ𝑎𝑠 𝑔𝑜𝑡 𝑐𝑎𝑢𝑔ℎ𝑡 𝑏𝑦 𝑡ℎ𝑒 𝑝𝑜𝑙𝑖𝑐𝑒 
x50 = 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡𝑠 𝑜𝑘𝑎𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑 𝑖𝑠 𝑑𝑟𝑢𝑛𝑘 
x51 = 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡𝑠 𝑜𝑘𝑒𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑡𝑟𝑢𝑎𝑛𝑡  
x52 = 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡𝑠 𝑜𝑘𝑒𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑠ℎ𝑜𝑝𝑙𝑖𝑓𝑡 
x53 = 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡𝑠 𝑜𝑘𝑒𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑠𝑚𝑜𝑘𝑒 ℎ𝑎𝑠𝑐ℎℎ𝑖𝑠𝑐ℎ 
x54 = 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡𝑠 𝑜𝑘𝑒𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑠𝑡𝑒𝑒𝑙 𝑐𝑎𝑟𝑠 
x55 = 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡𝑠 𝑜𝑘𝑒𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑎𝑏𝑢𝑠𝑒 𝑜𝑡ℎ𝑒𝑟𝑠 
x56 = 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡𝑠 𝑜𝑘𝑒𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑠𝑐𝑟𝑖𝑏𝑏𝑙𝑒 
x57 = 𝑡ℎ𝑖𝑛𝑘 𝑖𝑡𝑠 𝑜𝑘𝑎𝑦 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢𝑟 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑝𝑎𝑖𝑛𝑡 𝑔𝑟𝑎𝑓𝑓𝑖𝑡𝑖  
 
y1 = 𝑢𝑠𝑒𝑑 𝑝𝑢𝑏𝑙𝑖𝑐 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑝𝑎𝑦𝑖𝑛𝑔  
y2 = 𝑑𝑟𝑖𝑣𝑒𝑑 𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑙𝑖𝑐𝑒𝑛𝑠𝑒 
y3 = 𝑣𝑎𝑛𝑑𝑎𝑙𝑖𝑧𝑒𝑑 
y4 = 𝑝𝑎𝑖𝑛𝑡𝑒𝑑 𝑚𝑖𝑛𝑜𝑟 𝑔𝑟𝑎𝑓𝑓𝑖𝑡𝑖  
y5 = 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒𝑑 𝑙𝑎𝑟𝑔𝑒 𝑔𝑟𝑎𝑓𝑓𝑖𝑡𝑖 𝑝𝑎𝑖𝑛𝑡𝑖𝑛𝑔 
y6 = 𝑢𝑠𝑒𝑑 𝑓𝑎𝑘𝑒 𝐼𝐷 
y7 = 𝑝𝑟𝑜𝑓𝑓𝑖𝑡𝑒𝑑 𝑏𝑦 𝑓𝑜𝑜𝑙𝑖𝑛𝑔 𝑜𝑡ℎ𝑒𝑟𝑠 
y8 = 𝑠𝑡𝑜𝑙𝑒𝑛 𝑓𝑟𝑜𝑚 𝑠𝑙𝑜𝑡 𝑡𝑒𝑙𝑒𝑝ℎ𝑜𝑛𝑒 𝑜𝑟 𝑠𝑙𝑜𝑡 − 𝑚𝑎𝑐ℎ𝑖𝑛𝑒 
y9 = 𝑠𝑡𝑜𝑙𝑒𝑛 𝑓𝑟𝑜𝑚 𝑠𝑐ℎ𝑜𝑜𝑙 
y10 = 𝑠𝑡𝑜𝑙𝑒𝑛 𝑓𝑟𝑜𝑚 𝑦𝑜𝑢𝑟 ℎ𝑜𝑚𝑒 
y11 = 𝑆𝑡𝑜𝑙𝑒𝑛 𝑎 𝑏𝑖𝑘𝑒 
y12 = 𝑆𝑡𝑜𝑙𝑒𝑛 𝑎 𝑚𝑜𝑝𝑒𝑑 𝑜𝑟 𝑚𝑜𝑡𝑜𝑟𝑐𝑦𝑐𝑙𝑒 
y14 = 𝑆𝑡𝑜𝑙𝑒𝑛 𝑎 𝑐𝑎𝑟 
y15 = 𝑆𝑡𝑜𝑙𝑒𝑛 𝑠𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑓𝑟𝑜𝑚 𝑎 𝑐𝑎𝑟 
y16 = 𝑆𝑡𝑜𝑙𝑒𝑛 𝑓𝑟𝑜𝑚 𝑠𝑜𝑚𝑒𝑜𝑛𝑒𝑠 𝑝𝑜𝑐𝑘𝑒𝑡 
y17 = 𝑆𝑡𝑜𝑙𝑒𝑛 𝑎 𝑏𝑎𝑔, 𝑝𝑢𝑟𝑠𝑒 𝑜𝑟 𝑠𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑠𝑖𝑚𝑖𝑙𝑎𝑟 
y18 = 𝑆𝑡𝑜𝑙𝑒𝑛 𝑠𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑤𝑒 ℎ𝑎𝑣𝑒𝑛′𝑡 𝑎𝑠𝑘𝑒𝑑 𝑎𝑏𝑜𝑢𝑡 
y19 = 𝐵𝑟𝑜𝑘𝑒𝑛 𝑖𝑛𝑡𝑜 𝑎 ℎ𝑜𝑢𝑠𝑒 𝑜𝑟 𝑜𝑡ℎ𝑒𝑟 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 
y20 = 𝐵𝑜𝑢𝑔ℎ𝑡 𝑠𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑦𝑜𝑢 𝑘𝑛𝑒𝑤 𝑤ℎ𝑒𝑟𝑒 𝑠𝑡𝑜𝑙𝑒𝑛 
y21 = 𝑆𝑜𝑙𝑑 𝑠𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑦𝑜𝑢 𝑘𝑛𝑒𝑤 𝑤ℎ𝑒𝑟𝑒 𝑠𝑡𝑜𝑙𝑒𝑛 
y22 = 𝑊𝑜𝑟𝑒 𝑎 𝑘𝑛𝑖𝑓𝑒 𝑎𝑠 𝑤𝑒𝑎𝑝𝑜𝑛 
y23 = 𝑆𝑒𝑡 𝑓𝑖𝑟𝑒 𝑡𝑜 𝑠𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑝𝑒𝑟𝑚𝑖𝑠𝑠𝑖𝑜𝑛 
y24 = 𝑂𝑛 𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ℎ𝑖𝑡 𝑠𝑜𝑚𝑒𝑜𝑛𝑒 𝑟𝑒𝑠𝑢𝑙𝑡𝑖𝑛𝑔 𝑖𝑛 𝑚𝑒𝑑𝑖𝑐𝑎𝑙 𝑐𝑎𝑟𝑒 
y25 = 𝑂𝑛 𝑝𝑢𝑟𝑝𝑜𝑠𝑒 ℎ𝑖𝑡 𝑠𝑜𝑚𝑒𝑜𝑛𝑒 𝑖𝑛 𝑦𝑜𝑢𝑟 𝑓𝑎𝑚𝑖𝑙𝑦 𝑟𝑒𝑠𝑢𝑙𝑡𝑖𝑛𝑔 𝑖𝑛 𝑚𝑒𝑑𝑖𝑐𝑎𝑙 𝑐𝑎𝑟𝑒 
y26 = 𝑂𝑛 𝑝𝑢𝑟𝑝𝑜𝑠𝑒 𝑤𝑜𝑢𝑛𝑑𝑒𝑑 𝑠𝑜𝑚𝑒𝑜𝑛𝑒 𝑤𝑖𝑡ℎ 𝑎 𝑘𝑛𝑖𝑓𝑒 𝑜𝑟 𝑜𝑡ℎ𝑒𝑟 𝑤𝑒𝑎𝑝𝑜𝑛 
y27 = 𝑆𝑚𝑜𝑘𝑒𝑑 𝑝𝑜𝑡 𝑜𝑟 𝑚𝑎𝑟𝑖𝑗𝑢𝑎𝑛𝑎 
y28 = 𝑇𝑟𝑖𝑒𝑑 𝑜𝑡ℎ𝑒𝑟 𝑑𝑟𝑢𝑔𝑠 (𝑎𝑚𝑝ℎ𝑒𝑡𝑎𝑚𝑖𝑛𝑒, ℎ𝑒𝑟𝑜𝑖𝑛, 𝑒𝑐𝑠𝑡𝑎𝑠𝑦 𝑜𝑟 𝑠𝑖𝑚𝑖𝑙𝑎𝑟) 
y29 = 𝐼𝑛ℎ𝑎𝑙𝑒𝑑 (𝑡ℎ𝑖𝑛𝑛𝑒𝑟, 𝑔𝑎𝑠 𝑜𝑟 𝑠𝑖𝑚𝑖𝑙𝑎𝑟) 
y31 = 𝐷𝑒𝑎𝑙𝑒𝑑 𝑝𝑜𝑡 𝑜𝑟 𝑚𝑎𝑟𝑖𝑢𝑗𝑎𝑛𝑎 
y32 = 𝐷𝑒𝑎𝑙𝑒𝑑 𝑜𝑡ℎ𝑒𝑟 𝑑𝑟𝑢𝑔𝑠 
y33 = 𝑆𝑡𝑜𝑙𝑒𝑛 𝑠𝑜𝑚𝑒𝑡ℎ𝑖𝑛𝑔 𝑓𝑟𝑜𝑚 𝑎 𝑠𝑡𝑜𝑟𝑒 
y34 = 𝑇ℎ𝑟𝑒𝑎𝑡𝑛𝑒𝑑 𝑠𝑜𝑚𝑒𝑜𝑛𝑒 𝑡𝑜 𝑔𝑒𝑡 𝑚𝑜𝑛𝑒𝑦  
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Appendix 2: SAS-output 
 

Table A1: Suggested factor solution from SAS 

𝑽𝒂𝒓𝒊𝒂𝒃𝒍𝒆 𝑭𝒂𝒄𝒕𝒐𝒓 𝟏 𝑭𝒂𝒄𝒕𝒐𝒓 𝟐 𝑭𝒂𝒄𝒕𝒐𝒓 𝟑 𝑭𝒂𝒄𝒕𝒐𝒓 𝟒  𝑭𝒂𝒄𝒕𝒐𝒓 𝟓 𝑭𝒂𝒄𝒕𝒐𝒓 𝟔 𝑭𝒂𝒄𝒕𝒐𝒓 𝟕 𝑭𝒂𝒄𝒕𝒐𝒓 𝟖 𝑭𝒂𝒄𝒕𝒐𝒓 𝟗 

𝒙𝟓 0.09126 0.03214 -0.10737 0.06041 0.07183 0.34324 -0.03001 0.00338 0.01770 

𝒙𝟔 0.01579 0.06025 -0.06309 0.03621 0.10247 0.33747 -0.02659 -0.04711 -0.10973 

𝒙𝟕 0.06072 0.06790 -0.07573 0.01757 0.58761 0.11445 0.03639 -0.01023 0.00974 

𝒙𝟖 0.11412 0.07570 -0.09741 0.00088 0.64438 0.04678 0.08336 0.04833 0.15325 

𝒙𝟗 0.07719 0.02104 -0.02514 0.05388 0.59021 0.17599 0.04634 -0.02321 -0.18873 

𝒙𝟏𝟎 0.02751 0.07562 -0.00302 0.00373 0.67538 0.08731 0.03622 0.00586 -0.09578 

𝒙𝟏𝟏 0.04931 0.13399 -0.02136 0.06784 0.40709 0.01808 0.02310 0.01992 -0.00903 

𝒙𝟏𝟐 0.19338 0.15918 -0.22840 0.11423 0.43351 0.01908 -0.08958 0.18188 0.27632 

𝒙𝟏𝟑 0.14770 0.12740 -0.18225 0.05731 0.44277 0.00711 -0.00622 0.13523 0.23911 

𝒙𝟐𝟏 0.04780 0.01158 -0.12311 -0.00327 0.03840 0.53422 -0.00600 0.05486 0.09602 

𝒙𝟐𝟐 -0.03931 -0.05754 0.08125 0.05517 0.03630 0.47712 0.18624 0.01360 -0.04071 

𝒙𝟐𝟑 0.16175 0.11468 -0.21353 0.08770 0.08461 0.41971 -0.01432 0.13348 0.16969 

𝒙𝟐𝟒 0.11063 0.02876 -0.10726 0.72562 0.00734 -0.02976 -0.00025 0.00739 0.12111 

𝒙𝟐𝟓 0.05942 -0.01654 -0.04914 0.71403 -0.02895 0.00472 0.00092 -0.04615 0.07733 

𝒙𝟐𝟔 0.03309 0.09580 -0.06562 0.45234 0.03997 0.05102 -0.02339 0.04419 -0.01621 

𝒙𝟐𝟕 0.05404 0.03369 -0.06517 0.71955 0.07161 0.03642 -0.08320 0.01222 -0.04180 

𝒙𝟐𝟖 0.02809 0.00230 -0.06951 0.68904 0.00296 0.03303 -0.06312 -0.04339 -0.06365 

𝒙𝟐𝟗 0.06389 0.02493 -0.08945 0.46310 0.00344 0.03204 0.01732 -0.00423 0.06720 

𝒙𝟑𝟎 -0.01445 -0.02532 0.09791 0.39766 0.13333 0.08783 0.03541 0.07869 -0.09670 

𝒙𝟑𝟏 -0.12887 -0.14417 0.27237 -0.14830 -0.05832 -0.04981 0.40010 -0.05694 -0.10251 

𝒙𝟑𝟐 -0.07543 -0.06598 0.19485 -0.01938 -0.03257 0.01772 0.33835 0.03423 -0.02886 

𝒙𝟑𝟑 -0.05273 0.00695 -0.04030 -0.06313 0.14900 0.26328 0.32945 -0.06748 -0.13509 

𝒙𝟑𝟔 0.03910 0.00817 -0.05663 -0.03210 0.12163 0.09273 0.49604 -0.03593 -0.01055 

𝒙𝟑𝟕 0.11372 -0.08775 -0.01661 0.05652 0.03301 -0.07634 0.46612 0.02152 0.12996 

𝒙𝟑𝟖 0.15376 0.74243 -0.22442 0.01618 0.18639 0.01526 -0.21927 -0.11226 0.00986 

𝒙𝟑𝟗 0.31300 0.71094 -0.15819 0.07779 0.15600 0.05433 0.01756 0.14890 0.02584 

𝒙𝟒𝟎 0.46923 0.51381 -0.31029 0.08467 0.11949 0.02215 0.08299 0.24828 0.03715 

𝒙𝟒𝟏 0.70120 0.21375 -0.19704 0.03680 0.13980 0.00074 0.06378 0.03670 -0.18090 

𝒙𝟒𝟐 0.76100 0.16840 -0.21509 0.12811 0.08864 -0.00579 0.07806 -0.01034 0.03461 

𝒙𝟒𝟑 0.69931 0.15852 -0.16792 0.05830 0.05912 0.12483 0.03843 -0.14392 0.33046 

𝒙𝟒𝟒 -0.12669 -0.28242 0.58060 -0.05046 -0.09141 -0.10472 -0.00635 -0.09863 0.00427 

𝒙𝟒𝟓 -0.18839 -0.19069 0.65700 -0.07768 -0.06797 -0.14199 0.00825 -0.09866 -0.07851 

𝒙𝟒𝟔 -0.26468 -0.09307 0.61036 -0.10245 -0.10738 -0.08111 0.06594 -0.03892 -0.00598 

𝒙𝟒𝟕 -0.24501 -0.07843 0.60510 -0.11011 -0.08568 -0.16681 0.09176 0.01097 -0.04730 

𝒙𝟒𝟖 -0.19179 -0.11671 0.64160 -0.09463 -0.07599 -0.07242 0.04415 -0.00522 0.03577 

𝒙𝟒𝟗 0.15704 0.71216 -0.22602 -0.00106 0.21367 0.04143 -0.26388 -0.05350 -0.00150 

𝒙𝟓𝟎 0.34291 0.66996 -0.14032 0.08634 0.17600 0.09261 -0.01847 0.23881 0.04075 

𝒙𝟓𝟏 0.47695 0.47239 -0.29655 0.11398 0.14421 0.05094 0.01320 0.36888 0.01501 

𝒙𝟓𝟐 0.69994 0.13997 -0.16494 0.04946 0.15409 0.04742 -0.07308 0.15995 -0.19429 

𝒙𝟓𝟑 0.77168 0.11746 -0.20170 0.14175 0.07802 0.04650 -0.05600 0.13772 0.00330 

𝒙𝟓𝟒 0.71427 0.10830 -0.15219 0.06171 0.06452 0.16524 -0.06289 -0.01577 0.30979 

𝒙𝟓𝟓 0.45810 0.31956 -0.19462 0.00704 0.17804 0.11425 -0.08150 0.49697 0.00838 

𝒙𝟓𝟔 0.47893 0.26926 -0.23446 0.01319 0.15667 0.07257 -0.07214 0.47991 0.05457 
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Table A2: Root mean squares off-diagonals partials 

Individual Root Mean Square 
Off-Diagonal Partials 

x5 0.02999674 
x6 0.03373426 
x7 0.04427221 
x8 0.05794162 
x9 0.05574859 
x10 0.06460510 
x11 0.02023180 
x12 0.06748475 
x13 0.06797610 
x21 0.05165679 

x22 0.02816010 
x23 0.03869472 
x24 0.03801342 
x25 0.03929373 

x26 0.04047693 
x27 0.02692291 
x28 0.03319134 
x29 0.03804304 
x30 0.02942457 
x31 0.03259499 
x32 0.03099259 
x33 0.03544671 

x36 0.04939701 
x37 0.03110477 
x38 0.08635368 
x39 0.09009002 
x40 0.08592266 
x41 0.07980511 
x42 0.06763962 
x43 0.08292318 
x45 0.04421359 
x46 0.02770749 
x47 0.03422567 
x48 0.04050502 

x49 0.03129883 
x50 0.09175825 
x51 0.08927310 
x52 0.07181840 
x53 0.07935341 
x54 0.07423449 
x55 0.08812644 
x56 0.08496841 
x57 0.08336674  
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Table A3: Squared multiple correlations in structural equation model for Males 

Squared multiple correlations Squared multiple correlations 

  Variable Error 
Variance 

Total 
Variance 

R-Square  Variable Error 
Variance 

Total 
Variance 

R-Square 

𝛘𝟓 0.85573 1.00000 0.1443 𝛘𝟓𝟒 0.31067 1.00000 0.6893 

𝛘𝟔 0.91912 1.00000 0.0809 𝛘𝟓𝟓 0.46496 1.00000 0.5350 

𝛘𝟕 0.70891 1.00000 0.2911 𝛘𝟓𝟔 0.38192 1.00000 0.6181 

𝝌𝟖 0.70285 1.00000 0.2972 𝛘𝟓𝟕 0.44076 1.00000 0.5592 

𝝌𝟗 0.75340 1.00000 0.2466 𝐲𝟏 0.78056 1.00000 0.2194 

𝝌𝟏𝟎 0.69209 1.00000 0.3079 𝐲𝟐 0.87826 1.00000 0.1217 

𝝌𝟏𝟏 0.89540 1.00000 0.1046 𝐲𝟑 0.52097 1.00000 0.4790 

𝛘𝟏𝟐 0.38411 1.00000 0.6159 𝐲𝟒 0.62590 1.00000 0.3741 

𝛘𝟏𝟑 0.64420 1.00000 0.3558 𝐲𝟓 0.74307 1.00000 0.2569 

𝛘𝟐𝟏 0.77945 1.00000 0.2206 𝐲𝟔 0.76064 1.00000 0.2394 

𝛘𝟐𝟑 0.52248 1.00000 0.4775 𝐲𝟕 0.70476 1.00000 0.2952 

𝛘𝟐𝟒 0.47466 1.00000 0.5253 𝐲𝟖 0.75751 1.00000 0.2425 

𝛘𝟐𝟓 0.62897 1.00000 0.3710 𝐲𝟗 0.73941 1.00000 0.2606 

𝛘𝟐𝟔 0.76483 1.00000 0.2352 𝐲𝟏𝟎 0.84370 1.00000 0.1563 

𝛘𝟐𝟕 0.36006 1.00000 0.6399 𝐲𝟏𝟏 0.57848 1.00000 0.4215 

𝛘𝟐𝟖 0.46736 1.00000 0.5326 𝐲𝟏𝟐 0.74773 1.00000 0.2523 

𝛘𝟐𝟗 0.79494 1.00000 0.2051 𝐲𝟏𝟒 0.77920 1.00000 0.2208 

𝛘𝟑𝟎 0.87807 1.00000 0.1219 𝐲𝟏𝟓 0.67035 1.00000 0.3297 

𝛘𝟑𝟏 0.51657 1.00000 0.4834 𝐲𝟏𝟔 0.68430 1.00000 0.3157 

𝛘𝟑𝟐 0.75600 1.00000 0.2440 𝐲𝟏𝟕 0.81347 1.00000 0.1865 

𝛘𝟑𝟖 0.58207 1.00000 0.4179 𝐲𝟏𝟖 0.60376 1.00000 0.3962 

𝛘𝟑𝟗 0.44818 1.00000 0.5518 𝐲𝟏𝟗 0.59364 1.00000 0.4064 

𝛘𝟒𝟎 0.29037 1.00000 0.7096 𝐲𝟐𝟏 0.53424 1.00000 0.4658 

𝛘𝟒𝟏 0.51954 1.00000 0.4805 𝐲𝟐𝟐 0.71486 1.00000 0.2851 

𝛘𝟒𝟐 0.40759 1.00000 0.5924 𝐲𝟐𝟑 0.80564 1.00000 0.1944 

𝛘𝟒𝟑 0.52829 1.00000 0.4717 𝐲𝟐𝟒 0.72117 1.00000 0.2788 

𝛘𝟒𝟒 0.60071 1.00000 0.3993 𝐲𝟐𝟓 0.93592 1.00000 0.0641 

𝛘𝟒𝟓 0.60392 1.00000 0.3961 𝐲𝟐𝟔 0.77899 1.00000 0.2210 

𝛘𝟒𝟔 0.58542 1.00000 0.4146 𝐲𝟐𝟕 0.65134 1.00000 0.3487 

𝛘𝟒𝟕 0.41494 1.00000 0.5851 𝐲𝟐𝟖 0.80715 1.00000 0.1929 

𝛘𝟒𝟖 0.48557 1.00000 0.5144 𝐲𝟐𝟗 0.75082 1.00000 0.2492 

𝛘𝟒𝟗 0.59031 1.00000 0.4097 𝐲𝟑𝟏 0.74428 1.00000 0.2557 

𝛘𝟓𝟎 0.55080 1.00000 0.4492 𝐲𝟑𝟐 0.85130 1.00000 0.1487 

𝛘𝟓𝟏 0.39500 1.00000 0.6050 𝐲𝟑𝟑 0.58121 1.00000 0.4188 

𝛘𝟓𝟐 0.20867 1.00000 0.7913 𝐲𝟑𝟒 0.78179 1.00000 0.2182 

𝛘𝟓𝟑 0.50146 1.00000 0.4985     
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Table A4: Squared multiple correlations in structural equation model for Females 

Squared multiple correlations Squared multiple correlations 

  Variable Error 
Variance 

Total 
Variance 

R-Square  Variable Error 
Variance 

Total 
Variance 

R-Square 

𝛘𝟓 0.78770 1.00000 0.2123 𝛘𝟓𝟒 0.49580 1.00000 0.5042 

𝛘𝟔 0.82600 1.00000 0.1740 𝛘𝟓𝟓 0.65011 1.00000 0.3499 

𝛘𝟕 0.68114 1.00000 0.3189 𝛘𝟓𝟔 0.46793 1.00000 0.5321 

𝝌𝟖 0.68222 1.00000 0.3178 𝛘𝟓𝟕 0.55639 1.00000 0.4436 

𝝌𝟗 0.71203 1.00000 0.2880 𝐲𝟏 0.89136 1.00000 0.1086 

𝝌𝟏𝟎 0.75864 1.00000 0.2414 𝐲𝟐 0.89681 1.00000 0.1032 

𝝌𝟏𝟏 0.76682 1.00000 0.2332 𝐲𝟑 0.73727 1.00000 0.2627 

𝛘𝟏𝟐 0.44259 1.00000 0.5574 𝐲𝟒 0.74956 1.00000 0.2504 

𝛘𝟏𝟑 0.56182 1.00000 0.4382 𝐲𝟓 0.90536 1.00000 0.0946 

𝛘𝟐𝟏 0.88071 1.00000 0.1193 𝐲𝟔 0.83743 1.00000 0.1626 

𝛘𝟐𝟑 0.65705 1.00000 0.3429 𝐲𝟕 0.76746 1.00000 0.2325 

𝛘𝟐𝟒 0.42783 1.00000 0.5722 𝐲𝟖 0.91732 1.00000 0.0827 

𝛘𝟐𝟓 0.56549 1.00000 0.4345 𝐲𝟗 0.80511 1.00000 0.1949 

𝛘𝟐𝟔 0.72066 1.00000 0.2793 𝐲𝟏𝟎 0.80092 1.00000 0.1991 

𝛘𝟐𝟕 0.34252 1.00000 0.6575 𝐲𝟏𝟏 0.73783 1.00000 0.2622 

𝛘𝟐𝟖 0.57028 1.00000 0.4297 𝐲𝟏𝟐 0.85463 1.00000 0.1454 

𝛘𝟐𝟗 0.82450 1.00000 0.1755 𝐲𝟏𝟒 0.87394 1.00000 0.1261 

𝛘𝟑𝟎 0.76547 1.00000 0.2345 𝐲𝟏𝟓 0.76641 1.00000 0.2336 

𝛘𝟑𝟏 0.33171 1.00000 0.6683 𝐲𝟏𝟔 0.75345 1.00000 0.2466 

𝛘𝟑𝟐 0.89773 1.00000 0.1023 𝐲𝟏𝟕 0.78835 1.00000 0.2116 

𝛘𝟑𝟖 0.55608 1.00000 0.4439 𝐲𝟏𝟖 0.69257 1.00000 0.3074 

𝛘𝟑𝟗 0.41004 1.00000 0.5900 𝐲𝟏𝟗 0.75306 1.00000 0.2469 

𝛘𝟒𝟎 0.28949 1.00000 0.7105 𝐲𝟐𝟏 0.67547 1.00000 0.3245 

𝛘𝟒𝟏 0.45987 1.00000 0.5401 𝐲𝟐𝟐 0.65374 1.00000 0.3463 

𝛘𝟒𝟐 0.51824 1.00000 0.4818 𝐲𝟐𝟑 0.83578 1.00000 0.1642 

𝛘𝟒𝟑 0.65976 1.00000 0.3402 𝐲𝟐𝟒 0.82748 1.00000 0.1725 

𝛘𝟒𝟒 0.67359 1.00000 0.3264 𝐲𝟐𝟓 0.90213 1.00000 0.0979 

𝛘𝟒𝟓 0.58872 1.00000 0.4113 𝐲𝟐𝟔 0.85345 1.00000 0.1465 

𝛘𝟒𝟔 0.41078 1.00000 0.5892 𝐲𝟐𝟕 0.66856 1.00000 0.3314 

𝛘𝟒𝟕 0.47195 1.00000 0.5280 𝐲𝟐𝟖 0.70668 1.00000 0.2933 

𝛘𝟒𝟖 0.50003 1.00000 0.5000 𝐲𝟐𝟗 0.64953 1.00000 0.3505 

𝛘𝟒𝟗 0.51865 1.00000 0.4813 𝐲𝟑𝟏 0.68144 1.00000 0.3186 

𝛘𝟓𝟎 0.53774 1.00000 0.4623 𝐲𝟑𝟐 0.73170 1.00000 0.2683 

𝛘𝟓𝟏 0.40112 1.00000 0.5989 𝐲𝟑𝟑 0.65335 1.00000 0.3466 

𝛘𝟓𝟐 0.24992 1.00000 0.7501 𝐲𝟑𝟒 0.78812 1.00000 0.2119 

𝛘𝟓𝟑 0.46306 1.00000 0.5369     
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Table A5: Suggested factor solution from SAS without imputation 

Variable Factor1 Factor2 Factor3 Factor4 Factor5 Factor6 Factor7 Factor8 Factor9 

𝒙𝟓 0.09811 0.02905 -0.12158 0.06947 0.07209 0.35871 -0.03668 0.00465 0.02315 

𝒙𝟔 0.02988 0.05377 -0.06448 0.03687 0.09339 0.35305 -0.02071 -0.06881 -0.08501 

𝒙𝟕 0.06111 0.06610 -0.07183 0.02241 0.60314 0.11113 0.05095 -0.02442 -0.01585 

𝒙𝟖 0.09885 0.06385 -0.10820 0.00880 0.65691 0.03147 0.08252 0.08260 0.14494 

𝒙𝟗 0.08859 0.04144 -0.00726 0.01479 0.60291 0.18819 0.08473 -0.08381 -0.15874 

𝒙𝟏𝟎 0.03913 0.06907 0.00070 0.00666 0.68604 0.09222 0.04321 -0.00968 -0.06314 

𝒙𝟏𝟏 0.05633 0.12878 -0.01318 0.07299 0.41276 0.01951 0.01202 0.02191 -0.00987 

𝒙𝟏𝟐 0.18051 0.16030 -0.25519 0.12532 0.43913 0.01026 -0.09771 0.21456 0.18161 

𝒙𝟏𝟑 0.14240 0.12370 -0.21033 0.06693 0.44631 -0.00323 -0.01474 0.16119 0.15255 

𝒙𝟐𝟏 0.03009 0.01293 -0.14266 -0.00288 0.03902 0.53511 0.00271 0.07429 0.09066 

𝒙𝟐𝟐 -0.04246 -0.05239 0.09359 0.04960 0.03120 0.48322 0.18387 0.01141 -0.02570 

𝒙𝟐𝟑 0.14333 0.11175 -0.24062 0.08757 0.09094 0.41028 -0.00441 0.15352 0.14923 

𝒙𝟐𝟒 0.09134 0.02980 -0.11346 0.72855 0.00738 -0.03494 0.00315 0.02555 0.11380 

𝒙𝟐𝟓 0.04266 -0.01636 -0.05623 0.71480 -0.03362 0.00249 0.00606 -0.03700 0.08334 

𝒙𝟐𝟔 0.05186 0.09333 -0.06669 0.45376 0.05398 0.05410 -0.01594 0.04363 -0.01957 

𝒙𝟐𝟕 0.06094 0.03256 -0.06076 0.72760 0.06793 0.03933 -0.08384 0.00201 -0.04267 

𝒙𝟐𝟖 0.02743 0.00778 -0.05864 0.69162 -0.00346 0.04319 -0.06686 -0.05208 -0.05965 

𝒙𝟐𝟗 0.05698 0.02888 -0.09877 0.46584 0.00761 0.01912 0.02101 0.00790 0.07907 

𝒙𝟑𝟎 0.00209 -0.02979 0.10282 0.39244 0.12768 0.10091 0.03141 0.05999 -0.10714 

𝒙𝟑𝟏 -0.12219 -0.14822 0.29291 -0.16098 -0.05682 -0.04761 0.39528 -0.06257 -0.07966 

𝒙𝟑𝟐 -0.06830 -0.06947 0.21345 -0.01828 -0.03158 0.02258 0.31736 0.04061 -0.03658 

𝒙𝟑𝟑 -0.04675 0.01129 -0.04359 -0.06559 0.14563 0.26680 0.34819 -0.10442 -0.12687 

𝒙𝟑𝟔 0.03151 0.02030 -0.04396 -0.03223 0.14553 0.11120 0.47872 -0.04220 -0.01653 

𝒙𝟑𝟕 0.08661 -0.07936 0.00386 0.06362 0.02835 -0.08405 0.45660 0.04741 0.12636 

𝒙𝟑𝟖 0.16730 0.73602 -0.25889 0.01644 0.20013 0.00794 -0.20697 -0.14724 0.02604 

𝒙𝟑𝟗 0.32900 0.70933 -0.16075 0.08251 0.16298 0.05748 0.02295 0.15405 0.03492 

𝒙𝟒𝟎 0.48056 0.50798 -0.31755 0.08907 0.12635 0.01899 0.09575 0.23482 0.03077 

𝒙𝟒𝟏 0.72822 0.21096 -0.17684 0.04432 0.13193 0.01759 0.05590 -0.03731 -0.13097 

𝒙𝟒𝟐 0.75531 0.16649 -0.19967 0.12663 0.07624 0.01088 0.06850 -0.02635 0.11782 

𝒙𝟒𝟑 0.64712 0.15399 -0.16373 0.06026 0.07091 0.11389 0.02625 -0.07044 0.46868 

𝒙𝟒𝟒 -0.12963 -0.29406 0.56823 -0.04218 -0.09852 -0.11018 -0.01784 -0.09263 0.02939 

𝒙𝟒𝟓 -0.18566 -0.19688 0.64678 -0.07443 -0.06971 -0.14202 0.01235 -0.11207 -0.06307 

𝒙𝟒𝟔 -0.27071 -0.09385 0.59139 -0.10684 -0.10087 -0.09159 0.07949 -0.02911 -0.01127 

𝒙𝟒𝟕 -0.24707 -0.07686 0.58657 -0.10997 -0.07925 -0.17179 0.09444 0.00934 -0.08041 

𝒙𝟒𝟖 -0.20111 -0.11463 0.62999 -0.10019 -0.07526 -0.08498 0.04568 0.01563 0.02778 

𝒙𝟒𝟗 0.17665 0.70317 -0.25286 -0.00131 0.22948 0.03916 -0.27052 -0.08196 0.00399 

𝒙𝟓𝟎 0.36081 0.66515 -0.14038 0.08808 0.18610 0.09407 -0.01785 0.24550 0.04175 

𝒙𝟓𝟏 0.49869 0.46269 -0.31827 0.11725 0.15089 0.04380 0.02852 0.33996 -0.00840 

𝒙𝟓𝟐 0.73753 0.13120 -0.16209 0.05404 0.15326 0.05026 -0.07555 0.06187 -0.17931 

𝒙𝟓𝟑 0.78149 0.11113 -0.20599 0.13832 0.07728 0.04058 -0.05242 0.09096 0.04574 

𝒙𝟓𝟒 0.66939 0.09509 -0.17259 0.06627 0.08036 0.14947 -0.05505 0.02626 0.42360 

𝒙𝟓𝟓 0.49517 0.30299 -0.21168 0.00658 0.19027 0.11320 -0.07658 0.45505 -0.04642 

𝒙𝟓𝟔 0.51235 0.25118 -0.25451 0.01326 0.16720 0.06983 -0.06355 0.44456 0.00119 

 

 




















