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2 2 
Methodologicall  Background 

Thiss chapter bolsters the methodology of factor analysis used in Chapters 3 and 4, 

whichh forms the body of this thesis. The emphasis is on Confirmatory Factor Analysis 

(CFA),, which is the factor analytic approach used here. In Chapters 3 and 4, 

methodologicall  detail has been kept to a minimum. Only those issues pertinent to 

understandingg the otherwise substantive results are treated in those chapters. Here, the 

methodologyy used is extensively described. The present chapter is not meant to be 

exhaustive.. Rather, the focus is how factor analysis relates to child psychopathological 

symptomm data by addressing the not commonly known, controversial, and unresolved 

issues. issues. 

Theree is described here how 

1)) the factor model may serve as a model for child psychopathology; 

2)) it was sought to handle the more thorny issues of CFA which were 

encounteredd in the process of analysing the current data; 

3)) it was sought to obtain a better understanding of why the data diverged 

fromfrom the models when adequate model fit could not be obtained; and 

4)) the older factor analytic approaches, Exploratory Factor Analysis (EFA) 

andd Principal Component Analysis (PCA), which play an important role in 

thee clinical literature, relate to the present methodology and findings. 

Inn view of this applied focus, the reader is referred to Harman (1976) (EFA), 

andd Bollen (1989) and Byrne (1998) (CFA) for general textbooks on factor analysis. 

Howw may the factor analytic model serve as a model for child psychopathology? 

Inn child psychopathology, the presence of a disorder is inferred from the 

simultaneouss presence of certain recognisable symptoms. This clustering of symptoms 

mayy be tested and refined empirically by relating the proposed symptom constellations 

too empirical data by means of the factor analytic model. This model specifies that the 

unobservedd syndromes are constructs (latent variables or common factors) which 

cannott be studied directly. Through linking them to observable behavioural variables 
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(indicatorss or symptoms) they can be studied indirectly. Note that the term behaviour 

iss used throughout this thesis in a broad sense, which includes emotional states, such 

ass feeling sad or frightened. 

Inn factor analysis, the bridge between observable behaviour and latent 

variabless is crossed by studying the common variance (i.e. the covariance) among the 

observablee variables. A basic assumption of the factor analytic model is that the latent 

variabless account for the covariation between the observed variables. Using the 

covariancee as the central unit of statistical analysis is consistent with the notion that 

thee presence or absence of different syndromes can be inferred from the simultaneous 

presencee or absence of certain symptom constellations in child psychopathology, since 

thiss implies specific patterns of covariation. The outcome of factor analysis shows the 

extentt to which the hypothesised symptom constellations thought to be indicative of 

ann underlying syndrome dimension are consistent with the data. Syndrome 

conceptualisationss may be refined in accordance with the covariance patterns in the 

dataa in so far as the model fails to describe the data accurately. 

Inn factor analysis, each of the symptoms is assumed to be a fallible indicator of 

thee theoretical construct. What these indicators have in common is assumed to tap the 

constructt more accurately. In a multifactorial model, different indicators may be 

indicativee of different latent variables. The factor analytic model holds that once the 

latentt variables are partialled out from the observed covariance matrix, what is left is 

uniquee variance. This represents specific variance, i.e. variance which is not indicative 

off  the constructs in the model, as well as random error variance. 

Thee factor analytic model is a linear model: Common factors and unique 

factorss are additively combined to explain the total variance of the observed variables. 

Itt may be represented in matrix form by the following equation (see Bollen, 1989, p. 

233): : 

(1)) x = Ax£+S, 

wheree x is a vector of scores on p observed variables, A is a p x k matrix of factor 

loadings,, £ is a vector of scores on k common factors, and 5 is a vector of p unique 

factors.. Under the assumptions that scores on the common factors and the unique 

factorss do not covary with one another, and that the unique factors do not covary 

amongstt themselves, the covariance matrix S( 0) which is implied by this model is 
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(2)) 2(£) = AOA' + y 

wheree £( 6) is a p x p estimated population covariance matrix of observed variables, 

AA is a p x k matrix of factor loadings, <D is a k x k variance-covariance matrix of the 

commonn factors, and *f is a p x p diagonal matrix of unique factors. Thus, the 

variancess and covariances implied by the factor analytic equations are specified as a 

functionn of the model parameters A, <t>, and *F. 

Thee parameters A, <D, and *¥ are of substantive interest. The matrix A contains 

thee factor loadings: The extent to which the observed variables are related to the 

constructs.. The matrix G> contains the covariances between the common factors: The 

extentt to which the constructs are related to one another. The matrix ¥ contains the 

uniquee factors of the observed variables: The degree to which die observed variables 

containn variance which is unrelated to the constructs of interest, i.e. measurement 

error. . 

Thee values of A, fl>, and *F are unknown. They are estimated by fitting the 

modell  in equation (2) to the observed covariance matrix S, which is calculated from 

thee sample data. The values for the model parameters are estimated such that they 

definee model implied 1.(0) as close to the observed covariance matrix S as possible. 

AA relative small difference between the model implied S(0) and the observed 

covariancee matrix S indicates that the hypothesised model is an adequate 

representationn of the data. Only after it has been established that there is a close fit 

betweenn model and data, can the estimated parameters of A, O, and *f be interpreted 

ass the degree to which the symptoms are indicative of a diagnostic construct, the 

degreee to which different psychopathological syndrome dimensions covary, and the 

degreee to which each symptom contains specific variance and random measurement 

error,, respectively. 

Specificc topics in CFA relevant to the data under study 

UnitUnit of analysis 

Thee statistical associations between the items are the units of analysis in CFA upon 

whichh all subsequent results are based. Hence, the choice of the measure of 

associationn warrants attention. 
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Ass noted earlier, the covariance matrix is the appropriate unit of analysis 

(Bollen,, 1989). Under certain conditions, such as the single group analyses conducted 

inn the present thesis, the results are identical when CFA is applied to Product Moment 

Correlationn Coefficients (PMCCs) (Browne, 1982; Cudeck, 1989). 

Inn child psychopathology, the response distributions on the observable 

variabless are generally skewed and measured categorically (Farrington & Loeber, in 

press).. Two problems follow from this. First, the skewed categorical distributions 

affectt the stability of the results. Correlation coefficients are more unstable under 

conditionss of skew and discreteness due to the low endorsement of some of the 

responsee categories. In Chapters 3 and 4, it was sought to minimise potential 

instabilityy of the results through collecting large samples, in addition to a great 

numberr of samples. Large sample sizes and replication of results in independent 

sampless are a prerequisite when studying child psychiatric symptom data. A second 

consequencee of skewed categorical distributions is that the covariation (or correlation) 

betweenn the variables may be attenuated. Attenuation increases when the number of 

responsee categories decreases and when the item distributions are unevenly distributed 

acrosss response categories (West, Finch, & Curran, 1995). Thus, the three-point 

responsee format as well as the skew of the items evaluated throughout this thesis may 

attenuatee the covariances. In this situation, the factor loadings, which are estimated on 

thee basis of the covariance in the data, are biased downwardly. 

Theoretically,, a solution to the potential negative effects of skew and 

discretenesss on the covariances is the use of polychoric correlations. Two issues are 

importantt when using polychoric correlations. First, the assumption has to be made of 

multivariatee normality of the variables underlying the skewed and categorical 

variables.. This assumption may be not be justified in psychopathology, since the 

prevalencee of psychopathological disorders is low. Some items are more frequently 

endorsedd than others, due to base rate differences between different disorders and the 

factt that some problems are general concomitants of severe psychopathology, whereas 

otherss are not. Even if the population is restricted to clinically referred children, the 

assumptionn of normality may not hold, since referred children do not suffer from all 

psychopathologicall  problems simultaneously. Thus, distributions may remain skewed 

evenn in clinical samples. A second problem with polychoric correlations is that they 
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aree much more unstable than covariances. Large samples are needed for reliable 

estimationn (Muthén, 1989). The more skewed the items, the larger the samples which 

aree required. 

Givenn the advantages and disadvantages associated with these measures of 

association,, both covariances and polychoric correlations were analysed in Chapter 3. 

Inn view of the instability of the polychoric correlations observed there, which was 

attributedd to the skew of the variables, covariances, but not polychoric correlations 

weree used in Chapter 4. An exchange on SEMNET (April, 1996) on the instability of 

polychoricc correlations provided some further insight in the findings of Chapter 3. It 

wass shown that in the situation of a zero cell in the pairwise frequency table of the 

variables,, estimates of tetrachoric correlations by different software programs (e.g. 

Prelis,, EQS) differed considerably. This illustrates the unreliability of polychoric 

correlationss for psychopathological symptom data, where zero cells are not 

unexpectedd (e.g. no child is expected to have a high score on both "too anxious to 

please""  and "defiant"). 

EstimationEstimation methods 

Thee most commonly applied estimation method in CFA is the normal theory 

Maximumm Likelihood (ML) method. Simulation studies have indicated that when ML 

iss applied to skewed data, the Chi-square statistic tends to be inflated, standard errors 

off  the parameter estimates tend to be underestimated, although the parameter 

estimatess themselves tend to be robust (Satorra, 1990). The correct method for other 

thann multivariate normal distributions is the Asymptotic Distribution Free (ADF) 

estimationn method (Browne, 1984). The two available methods for factor analysis of 

categoricall  data which have been developed by Jöreskog (Weighted Least Squares 

(WLS);; Jöreskog, 1990) and Muthén (Categorical Variable Method (CVM); Muthén, 

1984),, respectively, are both based on the ADF estimation method (Wothke, 1993). 

Thee weight matrix in the ADF fit function incorporates the higher order moments (3rd 

andd 4th), which differ from zero when the data are not normally distributed. For 

skewedd data the ADF fit function is correctly specified, and provides correct Chi-

squares,, parameter estimates, and standard errors of the parameters (Satorra, 1990). In 

theory,, then, the ADF estimator is appropriate for the data analysed in the present 
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thesis. . 

Inn practice, the use of ADF is offset by practical limitations. Estimates of the 

ADFF weight matrix have large sampling variability (Satorra, 1990). The ADF 

estimationn method requires a large sample size combined with a relatively small 

modell  size in order to function correctly (Muthén & Kaplan, 1992). When model size 

increases,, ADF tends to reject inaccurately models for non-normally distributed 

variables,, even when large sample sizes are used (Hu, Bentler, & Kano, 1992; Muthén 

&&  Kaplan, 1992). A maximum number of 25 variables has been suggested for ADF 

(Bentlerr & Chou, 1987). To illustrate, the weight matrix in the ADF fit function 

consistsconsists of 52975 elements at this point (the size of the weight matrix increases with 

thee fourth power of the number of variables). It is easy to see that sample size should 

bee extremely large to estimate these weights with any useful precision, and that 

chancess of finding linear dependencies among elements of this matrix are likely to 

occur. . 

Itt was found here that apart from inadequate performance of ADF in terms of 

unequivocall  judgement of model adequacy and parameter estimates, estimation 

problemss were encountered at an early point in the model fitting process. Even when 

smalll  models were analysed on the basis of large samples (e.g. 10 items, 1000 

subjects),, the weight matrix in the ADF fit function was often singular, i.e. linear 

dependenciess among the elements of the weight matrix prohibited inversion of the 

weightt matrix in the ADF fit function. When this occurs, no solution can be found for 

thee model under study. These linear dependencies among the elements of the weight 

matrixx seemed to result from too little information being present in the three points, 

skewedd items for precise estimation of the third and fourth order moments in the 

weightt matrix. Thus, sample size requirements for ADF depend not only on the 

numberr of variables but on the distribution properties of the variables as well. In 

conclusion,, although theoretically the appropriate estimation method, a very large 

samplee size is required for ADF to be practically useful. Therefore, ADF is not 

consideredd further in the present thesis. 

Insteadd two other methods were used here: ML estimation was applied to the 

covariancess and Unweighted Least Squares (ULS) was used for the polychoric 

correlations.. Since there is no optimal estimation method for the data analysed here, 
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thee choice for ML and ULS was guided by pragmatic considerations. ML was chosen 

becausee it is the most commonly used, and hence the most investigated method, which 

includess both the accuracy of parameter estimates and the behaviour of the fit  indices 

underr varying conditions of distribution violations. ULS, applied to polychoric 

correlations,, was additionally used in Chapter 3. When ADF cannot be used, ULS is 

thee most reasonable fallback method to be applied to polychoric correlations, because 

off  its stability with regard to estimating the parameters of the model. ML cannot be 

appliedd to polychoric correlations. Since polychoric correlations are estimated on a 

pairwisee basis, the total matrix of polychoric correlations is often singular. A singular 

matrixx creates a problem for ML estimation, since it is inverted in the ML fit function, 

ass a first estimate of the weight matrix 2(0). The weight matrix of the ULS fit 

functionn is the identity matrix, and hence, ULS does not require positive definite 

matrices.. Because ULS is scale dependent, and does not provide correct Chi-squares 

andd standard errors of the parameter estimates, the method is not often used, and 

hencee the behaviour of the fit  indices is not well known. Scale dependency is not 

problematicc for the data investigated here, since all response scales are three-point 

scales,, which allows for comparisons across different samples. Importantly, both ML 

andd ULS provide unbiased parameter estimates under conditions of non-normality 

(Satorra,, 1990). 

GoodnessGoodness of Fit: conventional rules of fit 

Becausee a realistic aim for a model is to describe reality approximately but not 

exactlyy (Bollen, 1989), there will necessarily be a discrepancy between model and 

data.. This discrepancy is indexed by the Chi-square statistic and the fit indices. Taken 

together,, these point to whether the discrepancy between model and data is acceptable 

orr not. Determining goodness of fit  is difficult to address in general (Fan, Thompson 

&&  Wang, 1999), and for the data which are analysed here in particular, for reasons 

outlinedd below. 

Thee Chi-square statistic is the oldest and most widely used summary statistic 

forr evaluating whether a factor model is consistent with the data. The Chi-square is 

definedd as (N-1)*F,„„ , where N equals the sample size, and Fmjn equals the minimum 

valuee of the fit  function at model convergence. When the model fits the population, 
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andd the variables are multivariate normally distributed, this statistic is asymptotically 

Chi-squaree distributed with degrees of freedom V2*(p)*(p+l)-t, where p equals the 

numberr of variables in the analysis and t the number of estimated parameters in the 

model.. The probability value associated with the Chi-square represents the likelihood 

off  obtaining a value greater than or equal to the Chi-square value as has been found 

forr the targeted model in the sample under study, given that this model is correct in 

thee population. When the model is correct, the Chi-square is independent of sample 

size:: When sample size increases, the increase in the (N-l) component is offset by a 

decreasee in the Fmin, due to a reduction in random error caused by sampling 

fluctuation.. When the model is not correct, Fmi„  increases as a consequence of model 

misspecification,, and Chi-square increases accordingly with factor (N-l). Since a 

modell  is always approximately rather than exactly correct, the Chi-square has been 

criticisedd for this sensitivity to sample size (Bentler & Bonnet, 1980, MacCallum, 

Brown,, & Sugawara, 1996). The dilemma is that large samples are required for the 

asymptoticc distribution properties of the Chi-square to hold, yet since models hold 

approximatelyy rather than exactly, large samples lead to large Chi-squares values, 

whichh implies false rejection of the model. 

Here,, the interpretation of Chi-square is even more difficult, due to the earlier 

describedd problem that neither ML nor ULS are correctly defined estimation methods 

forr the data under study. The distribution of Chi-square for ML was developed under 

multivariatee normality of the variables and there is no guarantee that the Chi-square 

statisticstatistic is appropriate when this distribution assumption is not met. Simulation 

studiess have shown that, when ML is applied to non-normal data, the Chi-square 

statisticc tends to be inflated leading to the false rejection of a correctly specified 

model.. The use of ULS as a fall back method when ADF fails implies, by definition, 

ann incorrectly specified fit  function with the implication that the Chi-square does not 

followw the theoretical Chi-square distribution (Bentler & Dudgeon, 1996). Thus, Chi-

squaree cannot be used in the present thesis as a statistic for hypothesis testing. 

Inn addition to Chi-square, four fit  indices are reported in Chapters 3 and 4: the 

Roott Mean Square Error of Approximation (RMSEA; Browne & Cudeck, 1993; 

Steigerr & Lind, 1980), the Standardised Root Mean Square Residual (SRMR, see 

Jöreskogg & Sörbom, 1989), the Goodness-of-Fit Index (GFI, Jöreskog & Sörbom, 
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1984;; Tanaka & Huba, 1985), and the Confirmatory Fit Index (CFI, Bentler, 1990). 

Al ll  four fit  indices vary between zero and unity. These fit indices were derived to 

circumventt the aforementioned sensitivity of the Chi-square to sample size and 

violationn of distribution assumptions. On the basis of simulation studies, however, the 

fitt indices have been found to be as ambiguous as the Chi-square with regard to model 

fitt (Hu & Bentler, 1999). For example, GFI, like Chi-square, has been shown to be 

overlyy affected by sample size (Marsh, Balla & McDonald, 1988; Fan et al., 1999). As 

aa second example, in the case of a misspecified model, the fit  indices show discrepant 

resultss using different estimation methods (Fan et al., 1999). Current practice in model 

fitfit  evaluation is therefore to consider Chi-square combined with a number of fit 

indices. . 

Thee four indices reported in the present thesis were chosen on the basis of 

beingg constructed differently, thus tapping different aspects of model fit. A recent 

simulationn study (Hu & Bentler, in press) corroborated empirically the differential 

functioningg of RMSEA, SRMR, GFI, and CFI. Together with Chi-square, these four 

indicess may therefore be regarded as comprehensive "state of the art" indices for 

studyingg model fit. It must be emphasised, however, that the behaviour of the fit 

indicess under less than optimal conditions (e.g. misspecified models, skewed 

categoricall  distributions) is currently not fully understood. 

Thee four fit  indices reported throughout this thesis are now briefly described. 

RMSEAA allows for a discrepancy between the model and the data, corrected for the 

sizee of the model. It provides more room for acceptance of the model than the "exact" 

fitfit  of the Chi-square statistic (Heck, 1998). Browne and Cudeck (1993) proposed a 

valuee between .03 and .08 as a rule of thumb for close to reasonable discrepancy 

betweenn the model and the data. 

SRMRR represents the average of the elements in the residual matrix, which is 

definedd as the mean discrepancy between the model implied correlation matrix and 

thee observed correlation matrix. SRMR is calculated in the metric of the correlation 

coefficient,, since residuals based on the analysis of the covariance matrix are difficult 

too interpret. For an adequately fitting model, a rule of thumb is that the value of 

SRMR,, i.e. a mean difference between the correlations in model and data, is .05 or 

less.. Thus, the smaller SRMR, the better the model approximates the data. A 
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drawbackk of SRMR is that it is sensitive to the correlations between the observed 

variables.. When the overall covariance structure in the data is weak, i.e. correlations 

aree low overall, so will be the residuals, and SRMR may inaccurately indicate 

adequatee model fit. 

GFII  represents the error in reproducing the observed covariance by the model. 

Itt is calculated by the sum of squared weighted differences between sample 

covariancee S and model implied covariance X(#) divided by the sum of squared 

weightedd elements of S. This ratio is subtracted from unity to provide an index of 

goodnesss of fit, i.e. the larger GFI, the better the model approximates the data. The 

weightss depend on the fit function which is used when fitting the model to the data 

(e.g.. ML). Rules of thumb of .90 or greater have been suggested as representing 

adequatee model fit. 

CFI,, finally, belongs to the family of the incremental fit  indices. These indices 

measuree the improvement of fit as compared to a nested, more restricted, baseline 

modell  (Hu & Bentler, 1999). For CFI, this reference model is the independence 

model,, which holds that there is no covariation among the observed variables. Model 

fitfit  is, thus, compared to the lowest possible fit  for the set of variables in the analysis. 

Thiss provides a logical standard of comparison by expressing how well the covariance 

iss explained by the targeted model. Using the independence model as a frame of 

reference,, CFI shows whether the model explains anything at all, through 

incorporationn of a penalty for an overall weak covariation between the variables. A 

drawbackk in using this frame of reference is that the independence model is very 

restrictive.. When there is an overall high covariance between the variables, the Chi-

squaree of the baseline model is high, and, by comparison, CFI may falsely indicate 

adequatee fit for any target model (Rigdon, 1996). To date, no baseline models other 

thann the independence model have been agreed on as being useful frames of reference 

forr the incremental fit  indices. Rules of thumb of .90 or greater have been suggested 

ass representing adequate model fit. 

Currentt understanding of the behaviour of each of these fit indices when they 

aree based on skewed and categorical data is limited. Although there is a vast literature 

onn the behaviour of the fit  indices when distribution assumptions are not met, it is 

difficultt to generalise the results from these studies to the data analysed here for the 
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followingg reasons: First, the degree to which, as well the form by which these 

simulationn studies have created divergence from multivariate normality are not the 

samee as the distribution properties of the data analysed here. Second, simulation 

resultss depend on the model being studied. Typically, simulation studies are based on 

aa small number of items, a simple factorial structure, and relatively high factor 

loadingss throughout (e.g. a typical simulation design would be: 10 items, two factors, 

eachh item loads with only one factor, and factor loadings are .7 for all items). Third, 

distributionn violations interact with model characteristics in providing the outcome of 

aa simulation study, making it even more difficult to generalise. In sum, none of the 

simulationn studies reported in the literature are designed such that they are anywhere 

nearr to the model and data conditions as studied here. Although the more robust 

findingss from the simulation literature are likely to generalise to the present data (e.g. 

thee Chi-square is inflated when ML is applied to non-normal data), the extent to 

whichh these general tendencies invalidate the results of the models and data evaluated 

heree is unknown. 

Becausee of the many uncertainties associated with the Chi-square and the fit 

indices,, particularly when they are based on skewed, categorical variables, the 

conventionall  rules of fit play a minor role in model fit  evaluation throughout this 

thesis. . 

GoodnessGoodness of fit: simulation 

Outt of necessity, simulation is part of the present thesis. In a simulation study, 

modell  fit  can be studied on the basis of the empirical distributions of the fit  indices 

underr the precise conditions as they hold for the particular sample and model under 

study.. Once the empirical distributions of the fit  indices are known, reliance on rules 

off  thumb, which may or may not be applicable under non-standard conditions, 

becomess redundant. Since each sample studied here has unique distribution properties, 

size,, and factor loadings, a simulation study was set up for each sample and for each 

modell  for which an unambiguous standard of goodness of fit  was required. In order to 

bee able to study the influence of the distribution properties of the data on the 

behaviourr of the fit  indices, each simulation study was designed such that the response 

distributionn on each item in the simulation sample matched the actual response 
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distributionn of the item in the sample under study. For each model for which adequacy 

off  fit needed to be assessed, 400 simulation samples were drawn with a sample size 

identicall  to the sample under study. This provides an empirical distribution of the fit 

indicess under random sampling fluctuation, which is estimated sufficiently precise 

(Efronn & Tibshirani, 1993). The simulation samples were drawn from a population for 

whichh the model which was evaluated holds. This model was fitted to each of these 

4000 simulation samples. In this manner, a distribution of the fit  indices is derived 

whichh indicates good model fit  under random sampling fluctuation, and given the 

distributionn properties of the data. The adequacy of the model can be assessed by a 

comparisonn of the fit which was actually found for the data under study with the range 

off  values which indicate adequate fit. 

Inn order to design the simulation study such that it fully matched the skewed 

andd categorical data conditions of each sample, an intermediate simulation procedure 

wass set up which could be followed up using the standard simulation procedure built 

inn the program EQS 5.6 (Bentler, 1995). EQS 5.6 was used because its simulation 

proceduree came nearest to the requirements of the simulation design described above 

comparedd with other programs. EQS 5.6 provides a procedure to draw simulation 

sampless from a multivariate normal population with a specified covariance structure, 

e.g.. a covariance structure which is consistent with the model for which model fit  is 

evaluated.. Following this, the multivariate normal distributed simulation samples 

drawnn from this population matrix may be categorised by the precise data 

characteristicss (i.e. the skewness of each item, and the three point response format) of 

thee sample under study. This standard procedure does not, however, provide the 

conditionss required here, since, after categorisation, the simulation samples differ 

fromfrom the model population structure not only by random sampling error but also by 

attenuationn of the covariance structure due to categorisation. Hence, based on this 

EQSS 5.6 procedure, the distribution of the fit  indices derived from the simulation 

studyy do not merely represent good model fit  under random sampling fluctuation and 

givenn the distribution properties of the data, but are influenced by a substantial 

structurall  difference between the model and data. In short, given the purpose of the 

simulationn studies conducted in the present thesis, the problem with EQS 5.6 is that 

simulationn on the basis of a prespecified covariance structure does not work for 
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categoricall  data, because when the data are categorised, the covariance structure 

changess as well. 

Inn order to be able to use the simulation procedure of EQS 5.6, an intermediate 

proceduree was required which estimated a population covariance matrix such that 

afterafter rather than before categorisation, the covariance structure in the simulation 

samplee matched the covariance structure of the model under study, except for random 

samplingg error. To accomplish this, a procedure was set up based on an algorithm 

describedd by Boomsma (1983). For each element of £(0), i.e. the model implied 

correlationn between two variables, it is assumed that this correlation results from 

categorisingg two underlying continuous variables with a bivariate normal distribution 

andd correlation p. The cutting points for the categorisation are estimated from the 

univariatee observed distribution of the variables in the sample under consideration. 

Underr this model, pcaiegonsed given p is calculated using numerical integration of the 

underlyingg bivariate normal distribution, p is estimated iteratively, starting with an 

initiall  estimate that is equal to the corresponding element of 2(0). This estimate is 

iterativelyy improved until pcategorised differs from its corresponding element in model 

impliedd 2(0) less than a specified criterion of 0.001. The matrix P with elements p 

servess as the population covariance matrix in EQS 5.6 on the basis of which the 

simulationn samples are drawn. 

Thee elements of P are estimated on a pairwise basis. All P matrices estimated 

inn the present thesis were singular. P serves as a basis for the simulation study using 

thee ML estimation method, which uses the inverse of PCategorised in the fit function. In 

orderr to obtain positive definite P matrices, these matrices were "smoothed" by the 

followingg procedure: (1) calculation of the eigenvalues and eigenvectors of matrix P; 

(2)) replacement of the negative eigenvalue(s) by 0.01; (3) recomputation of matrix P. 

Duee to the smoothing procedure, the resulting matrix Psmoothed contains elements on 

thee diagonal which are different from unity. A final step was therefore (4) 

standardisationn of matrix ? smoothed-

Howw does the smoothing procedure influence the simulation results? Psmoothed 

servess as the population correlation matrix on the basis of which simulation samples 

aree drawn. The distribution of the variables in these simulation samples is multivariate 
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normal.. The variables are subsequently categorised on the basis of the distribution 

propertiess of the sample under study for which model fit is evaluated. After 

categorisation,, however, ^smoothed differs slightly from the population matrix implied 

byy the model, not only by random sampling error but by a small divergence from the 

exactt population matrix due to the smoothing procedure as well. In practice, this may 

indicatee that the simulated distributions of the fit  indices are slightly more lenient 

comparedd with the simulated distributions based on exact fit. 

GoodnessGoodness of fit: comparison with alternative models 

Onee of the major advantages of CFA is the possibility of testing alternative models 

againstt the data. In Chapters 3 and 4 comparative goodness of fit of the targeted model 

withinn a (partially) nested sequence of alternative models plays an important role. 

Whenn evaluating comparative fit, the emphasis is on (1) the explanatory value of the 

targetedd model as compared to more restricted models, and (2) the degree to which the 

targetedd model fails to describe the covariance structure adequately compared with the 

lesss restricted models, both within a particular sample. Interpretation of comparative 

modell  fit within a given sample is relatively unambiguous, since violation of the 

distributionn assumptions is identical across models. Differences in goodness of fit  can 

thereforee be unequivocally attributed to differences in models. 

Sourcess of inadequate model fit and model modification 

Whenn model fit is inadequate for a specified factor model, the next important 

questionn is why a model does not provide adequate fit. Two reasons why this question 

iss important are noted here. First, only when the sources of inadequate fit are known 

cann a judgement be made as to whether the model is invalid. That is, there can be 

determinedd the extent to which inadequate model fit is due to the parsimony of CFA 

whichh restricts but does not invalidate the inferences drawn from the model. For 

example,, in CFA, the majority of factor loadings are generally assumed to be zero. 

Smalll  deviations from zero may cause reduced model fit, while these do not invalidate 

thee model. Alternatively, identified sources of inadequate fit may lead to the 

conclusionn that the model is invalid. Second, improvement in models of child 

psychopathologicall  symptom data does not follow from the dichotomous decision of 



Changingg Concepts of Child Psychopathology 19 

adequatee or inadequate model fit. Rather, progress in the conceptualisation of child 

psychopathologyy may be enhanced when the divergence from actual data is fully 

understood. . 

Therefore,, throughout this thesis the focus is on why the models were not 

consistentt with the data. This is done in the discussion sections of Chapters 3 and 4 on 

thee basis of theoretical considerations and past research findings. In addition, an 

attemptt is made in Chapters 3 and 4 to directly address the "why" question 

empirically,, through model fitting. In Chapters 3 and 4, two models which are not 

commonlyy known are fitted to the data to identify possible sources of inadequate fit. 

Thesee two models are specified here. In the first model, the independence model, it 

wass hypothesised that there was negligible covariation among the symptoms, with the 

implicationn that there are no underlying common factors. The independence model can 

bee fitted in CFA by specifying that 

(1)) there are as many factors as there are observed variables, 

(2)) factors do not covary, and 

(3)) the unique variance of each factor is zero. 

Inn the second model, the unrestricted model (Jöreskog, 1971), it was 

hypothesisedd that the factors in the model are too few in number. The independence 

modell  can be fitted in CFA by specifying that 

(1)) for each factor in the model only one observed variable loads with the 

factorr but not with the remaining factors, 

(2)) the remaining observed variables load with all common factors in the 

model,, and 

(3)) factors may covary. 

Thuss specified, the unrestricted model is statistically equivalent to an EFA 

(discussedd below). A third source of error which is addressed in Chapters 3 and 4 

followss from the difference in goodness of fit between the substantive model under 

studyy and the unrestricted model. Since the unrestricted model is the least restrictive 

modell  in a nested sequence of models given the number of hypothesised factors, it 

providess insight into the degree to which model fit deteriorates as a consequence of a 

specificc measurement structure. A large difference in goodness of fit  between these 

twoo models implies that error is present in the specified structure of the factor loading 
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matrixx of the model under study. 

Whenn a model does not adequately describe the data, an exploratory search for 

thee sources of misfit may also be pursued. This demarcates a turning-point where the 

confirmatoryy approach of CFA becomes exploratory. Exploratory reformulation of the 

modell  such that it fits the data better has been subject to criticism (MacCallum, 

Roznowsky,, & Necowitz, 1992). The key problem with exploratory model 

modificationn is that this procedure frequently fails to identify the correct population 

parameters.. Two examples of incorrectly identified model parameters are put forward 

here.. First, errors due to sampling fluctuation may occur when parameters are added 

too the model which are consistent with the specific characteristics of the sample under 

consideration,, but which may turn out to be unnecessary if the population covariance 

structuree were known (MacCallum et al., 1992). Hence, the reformulated model will 

nott replicate in an independent sample. Second, added parameters may compensate 

forr the misspecification in the initial model. In this situation, the added parameters 

mayy turn out to be unnecessary, if the model in the population were known, and were 

fittedd to the data (Green, Thompson & Poirier, 1999). 

Despitee the risks of adding parameters which merely reflect chance 

capitalisationn or compensation for an initially misspecified model, an exploratory 

analysiss within CFA methodology is nevertheless pursued in Chapter 4 for each of the 

elevenn samples studied there. Having considered multiple a priori defined models, the 

purposee of model modification in Chapter 4 is to illustrate the overall amount of error 

inn the specified structure of the factor loading matrices. The emphasis is on the extent 

off  misspecification in the factor loading matrices rather than on interpretation of the 

specificc parameters which are identified as disturbing model fit. These may or may not 

replicatee in independent samples drawn from the same populations, or when setting 

outt with a different a priori model. 

PCA,, EFA, and their relation to CFA 

Heree is outlined firstly why Factor Analysis (i.e. EFA or CFA) is more suited to the 

dataa studied here than PCA. Second, differences between EFA and CFA are briefly 

described.. Both PCA and EFA play an important role in the clinical literature. 

Althoughh neither PCA nor EFA is used in the present thesis, a brief clarification of 
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theirr differences is warranted, since this provides insight in the additional value of 

CFA.. Thus, a rationale is provided why CFA was used throughout the present thesis, 

despitee the difficulties which were encountered as they were described above. 

PCAPCA and Factor Analysis 

Althoughh PCA is often referred to as a factor analytic model, strictly speaking, 

itt is not. PCA and Factor analysis are often used interchangeably in the clinical 

literature.. Both statistical techniques are used with a similar aim, i.e. to reduce a large 

sett of variables to a more parsimonious set of variables with negligible loss of 

information.. Nevertheless, PCA and factor analysis work differently. 

First,, PCA is a statistical method which transforms the observed variables into 

aa new set of variables (principal components) such that, in descending order of the 

magnitudee of the eigenvalues, they account for successively less amounts of observed 

variance.. The principal components are defined as linear combinations of the 

observedd variables. Thus, the explanatory variables are the observed variables and the 

dependentt variables are the principal components. In PCA, there are as many principal 

componentss as there are variables analysed. Data reduction is accomplished by 

selectingg those principal components which account for the largest proportion of 

variance.. In contrast, in factor analysis a statistical model is posited on how the 

covariancee (or correlation) between manifest variables is produced given that these 

variabless have fewer latent factors in common. Thus, in factor analysis the latent 

variabless determine the observed variables rather than the reverse (PCA). Potentially, 

thee latent variables in factor analysis have a status which transcends the observed 

variables.. In theory, when observed variables are added which are dependent on the 

samee latent variable, the meaning of the factor does not change. In contrast, when 

variabless are added in a PCA, the principle components, as linear combinations of the 

observedd variables, change accordingly. Therefore, the factor analytic model is more 

consistentt with the study of latent variables than PCA. To illustrate, the same latent 

variabless are studied in Chapter 4, but they are differently operationalised in different 

samples,, as a test of current conceptions of these latent variables. Such a study makes 

sensee from the factor analytic perspective, but not from the PCA perspective. 

Althoughh it has been shown that for practical purposes the choice for either 
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PCAA or factor analysis may not affect the substantive results (Velicer & Jackson, 

1990),, this typically does not hold for the type of variables presently under 

investigation.. This is due to a second difference between PCA and factor analysis: 

Factorr analysis is aimed at explaining the covariation between the variables, whereas 

PCAA is aimed at explaining the total variance of the variables, which includes the 

uniquee variance (i.e. both the variance specific to each observed variable as well as 

randomm error variance). Differences in results between die two methods are observed 

whenn (1) the observed variables have relatively small common variance, (2) the 

commonn variance varies considerably across variables, (3) factors are substantially 

correlated,, or (4) the observed variables are of complex structure (Bentler & Kano, 

1990;; Gorsuch, 1990). 

Al ll  of these conditions apply to the data analysed here. First, the analysis of 

individuall  items rather than aggregated scores, as is done in the present study, 

providess an example of a small common variance to unique variance ratio. Second, in 

childd psychopathology, the common variance present in individual items tends to vary 

withh the problem domain: It tends to be higher for problem items from the 

externalisingg than the internalising problem domains. Additionally, within a single 

problemm domain, the current situation is that some items are more indicative of the 

targetedd construct than others. Third, syndrome dimensions tend to be substantially 

correlated.. Fourth, problem items are not necessarily of simple structure. That is, 

somee load with two or more factors rather than one. Thus, the use of PCA or factor 

analysiss may considerably affect the results. Therefore, the choice for either PCA or 

factorr analysis should be guided by whether one wishes to account for the total or die 

commonn variance of the observed variables. Allowing each of the problem items to be 

imperfectt indicators of the underlying latent variable by using factor analysis instead 

off  PCA provides a more realistic and more precise model of the data under study. 

Factorr analysis allows for perfect indicators if they exist. Conversely, PCA may 

indicatee tiiat loadings are substantial where, in fact, tiiey are trivial. 

CFACFA and E FA 

Factorr analysis has its applications in exploring which latent variables are important to 

study,, and perhaps more importantly, in identifying the best indicators to measure 
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thesee latent variables. In its early form, factor analysis was used for exploratory data 

analysiss (EFA). Originating in the work of Jöreskog (1969), factor analysis shifted its 

focuss to a hypothesis testing statistical method (CFA). Specifying a priori the 

hypothesisedd relation between observed and latent variables, CFA tests statistically 

thee tenability of this model against sample data. Although these two methods differ in 

theirr a priori explicitness on how the observed variables relate to the latent variables, 

thee distinction is not always clear-cut. Well designed EFAs may be characterised as 

takingg a hypothesis testing approach (see Comrey & Lee, 1992), while in CFA 

additionall  exploration of the data is common in the situation that adequate fit cannot 

bee obtained for the hypothesised model. 

Onee merit of CFA lies in its potential to directly evaluate goodness of fit of a 

specificspecific model to the data. In contrast to EFA, the hypothesised pattern by which each 

observablee variable loads with a particular factor is imposed on the data. This is done 

throughh estimation of only those symptoms' factor loadings by which the syndromes 

aree hypothesised to be measured, while constraining the factor loadings to zero for 

whichh there are no hypothesised links between the syndromes and the symptoms. 

Comparedd to an EFA, it is the tenability of the latter overidentifying pattern of 

constraintss to zero which is evaluated when determining goodness of fit. If this 

imposedd structure is incorrect, model fit suffers. In comparison, EFA is a rather weak 

modell  of the structure in the data: All observed variables load with all factors in the 

model.. Thus, in EFA there are no over-identifying constraints to define the nature of 

thee relations between the manifest behavioural problems and the underlying latent 

variables,, and nothing is tested beyond the number of factors underlying the observed 

covariancee patterns. This is known as the rotation problem in EFA: All possible 

rotationss in EFA yield identical goodness of fit, and hence, the outcome of a particular 

rotationall  procedure (the substantive content of the problem dimensions) may be 

replacedd with another outcome without changing goodness of fit to the data. In 

contrast,, in CFA, the orientation of the factors in the factorial hyperspace is defined by 

thee model. Given that in child psychopathology hypotheses can be formulated on 

whichh symptoms are indicative of a particular syndrome and which are not, EFA lacks 

parsimony.. CFA is also known under the name of Restricted Factor Analysis, thus 

contrastingg it with EFA. 



244 Methodological Background 

AA second drawback of EFA is that it operates under the assumption that the 

uniquee factors of the variables consist of non-systematic measurement error, i.e. the 

uniquee factors are uncorrelated with one another. This assumption is required for the 

identificationn of the common factors. Thus, all common factors are identified, 

regardlesss of whether these are conceptually relevant or due to structural errors in 

variablee choice or data. To illustrate, the application of EFA is problematic with 

regardd to so called "doublet factors", i.e. factors that load on only two manifest 

variables.. These correspond to the correlated uniquenesses in a CFA (Chapter 4). In 

EFA,, these errors may easily result in a factorial structure which is rather different 

fromm that which was a priori hypothesised, regardless of whether the overall 

hypothesisedd structure in the data is generally on target. Thus, the presence of doublet 

factorss invalidate the measurement model. One of the advantages of CFA over EFA 

liess in how the outcome of the analysis is influenced by these structural errors in the 

modell  or data. In CFA, the presence of errors is indicated by model fit deterioration, 

butt does not change the hypothesised factorial structure itself. Thus, CFA allows for 

assessmentt of the overall appropriateness of the model as it was hypothesised, 

regardlesss of relatively minor errors. 

Earlierr it was described that the unrestricted model, statistically equivalent to 

ann EFA (Jöreskog, 1979b), was fitted to the data in the present thesis. This model was 

nott used for exploratory identification of the common factors. Rather, it was fitted to 

thee data in order to acquire goodness of fit in the situation that there are no restrictions 

onn the nature of the relations between the manifest indicators and the latent syndrome 

dimensions.. The goodness of fit for the unrestricted model served as an anchor by 

whichh to evaluate goodness of fit of the more restricted models, and hence, as a means 

too locate sources of misfit. By specifying an EFA within a CFA, the fit indices are 

providedd which have been developed within SEM methodology. These fit indices 

havee not been incorporated in statistical programs such as SPSS, which provides the 

Chi-squaree only. 

OrthogonalOrthogonal or oblique factors 

Inn Chapter 3, there is mentioned the orthogonal rotation procedure which was used for 

identifyingg the syndrome dimensions of the CBCL and the TRF (Achenbach, 1991a, 
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1991b).. In contrast, throughout this thesis, factors were allowed to correlate. In CFA, 

positingg that orthogonal factors underly the covariance structure in the data is 

uncommon.. In contrast, in PCA and EFA the orthogonal rotation criterion is often 

used.. As a final note on the methodology used in the present thesis, the difference 

betweenn orthogonal and oblique rotation procedures is clarified here. The objective of 

ann orthogonal rotation is to reduce observed variables to a set of uncorrelated factors. 

Althoughh this offers ease in the understanding of the factors, the drawback of using an 

orthogonall  rotation procedure when analysing child psychopathological data is that 

uncorrelatedd factors strain reality. That is, different problem dimensions in child 

psychopathologyy tend to be correlated. It is more realistic to conceive of different 

syndromee dimensions as different, though overlapping, by being correlated. When in 

realityy factors are correlated, yet orthogonality is imposed, the covariance present in 

thee data manifests itself by a factorially complex structure, i.e. items tend to load with 

moree than one factor (Cattell & Dickman, 1962). In measurement instrument 

development,, the presence of factorially complex items is unattractive, since the 

meaningg of the factors is conceptually less transparent. Moreover, estimation of the 

correlationss among factors is in itself an important goal in child psychopathology. 

Imposingg orthogonality implies, for example, that there are no reciprocal influences 

betweenn problem behaviours of different domains, or that there are no common causes 

underlyingg different factors. Both reciprocal influences and common causes are likely 

too play a role in child psychopathology. This implies a non-zero correlation between 

factors.. Orthogonal factors are a special case of oblique factors. Allowing for oblique 

factorss does not create a correlation between factors where none exist. Conversely, 

imposingg orthogonality distorts the outcome of the factor analysis where a correlation 

betweenn factors exists. Thus, in child psychopathology, imposing orthogonality 

reducess rather than enhances clarity in understanding the meaning of factors. 

Inn summary, there was described in the present chapter how the factor analytic model 

mayy be applied as a model of child psychopathology. There are, however, difficulties 

associatedd with the application of the factor analytic model to symptom data. Firstly, 

thee measures of association, i.e. the covariance, or alternatively, the polychoric 

correlation,, are not optimal for skewed and categorical data. One of the problems 
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associatedd with this is the potential instability of the results. It was sought to 

overcomee this problem by collecting many samples of large size. Secondly, the ML 

andd ULS fit functions, used for fitting the model to the data, are not optimally defined 

forr skewed and categorical data. Although this does not affect the estimated 

parameterss itself, it seriously impedes the decision on the adequacy of the model. 

Determiningg goodness of fit, even under conditions of multivariate normality, should 

bee considered as "work in progress". The behaviour of the fit indices under 

unfavourablee conditions such as those in the present thesis is not fully understood. For 

thiss reason, and given the research question in the present thesis on the relative 

empiricall  support for the CBCL and DSM-IV taxonomies, assessment of model fit  is a 

majorr theme in Chapters 3 and 4. Firstly, the problem of interpreting model fit is 

addressedd through simulation studies, which provide standards for model fit adequacy 

underr the precise data conditions in each of the samples studied. Secondly, model fit 

adequacyy is addressed through comparisons with (partially) nested alternatively 

specifiedd models. Despite the difficulties associated with factor analysing symptom 

data,, important progress has been made since the development of CFA. Most 

importantly,, the advantage of CFA over the older methods of EFA and PC A lies in its 

flexibilityflexibility  to fit  multiple a priori defined models to the data which can be compared 

withh one another on the basis of their adequacy of fit. What this approach yields when 

appliedd to the two dominant taxonomies of child psychopathology is shown in the 

followingg chapters. 


