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Appendix A

List of Tables that belong to Chapter 2

Table A.1: Parameter estimates of the 2-way interaction logistic regression model fitted on the
nonconvergence data. For simplicity, we denote the design variables as, a: type of indicators; b:
number of indicators; c: factor structure; d: correlation between underlying latent variables;
and, e: sample size.

Effect Estimates (S.E.) p-value OR

Intercept -22.14 (2.548) < 0.0001

Type of Indicators (a) BLR 11.27 (1.578) < 0.0001 78,766.54∗∗

BMR 5.96 (1.637) 0.0003 385.92∗∗

Number of Indicators (b) 6 6.58 (1.451) < 0.0001 717.83∗∗

10 3.27 (1.534) 0.0333 26.20∗∗

Factor structure (c) Weak 9.72 (1.555) < 0.0001 16,724.23∗∗

Moderate 6.53 (1.573) < 0.0001 683.68∗∗

Correlation Independence 0.06 (0.437) 0.8878 1.06

between Factors (d) Moderate -2.57 (0.729) 0.0004 0.08∗∗

Sample size (e) 50 13.39 (2.438) < 0.0001 655,792.70∗∗

100 10.03 (2.44) < 0.0001 22,781.63∗∗

300 4.88 (2.471) 0.0481 131.95∗∗

a × b [a=BLR] × [b=6] -1.70 (0.293) < 0.0001 0.18∗∗

[a=BMR] × [b=6] -0.34 (0.295) 0.2500 0.71

[a=BLR] × [b=10] -1.32 (0.300) < 0.0001 0.27∗

[a=BMR] × [b=10] -0.66 (0.302) 0.0286 0.52

a × c [a=BLR] × [c=Weak] -4.50 (0.646) < 0.0001 0.01∗∗

[a=BMR] × [c=Weak] -2.85 (0.647) < 0.0001 0.06∗∗

[a=BLR] × [c=Moderate] -3.27 (0.652) < 0.0001 0.04∗∗

[a=BMR] × [c=Moderate] -2.17 (0.651) 0.0009 0.11∗∗
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a × d [a=BLR] × [d=Independence] -1.31 (0.204) < 0.0001 0.27∗

[a=BMR] × [d=Independence] -1.15 (0.201) < 0.0001 0.32

[a=BLR] × [d=Moderate] -0.72 (0.214) 0.0008 0.49

[a=BMR] × [d=Moderate] -0.84 (0.210) < 0.0001 0.43

a × e [a=BLR] × [e=50] -2.51 (1.404) 0.0738 0.08∗∗

[a=BMR] × [e=50] 0.15 (1.470) 0.9213 1.16

[a=BLR] × [e=100] -0.65 (1.408) 0.6441 0.52

[a=BMR] × [e=100] 1.09 (1.473) 0.4597 2.97

[a=BLR] × [e=300] 0.85 (1.448) 0.5591 2.33

[a=BMR] × [e=300] 1.68 (1.512) 0.2669 5.36∗∗

b × c [b=6] × [c=Weak] -0.75 (0.149) < 0.0001 0.47

[b=10] × [c=Weak] -0.16 (0.148) 0.2745 0.85

[b=6] × [c=Moderate] -0.02 (0.152) 0.9070 0.98

[b=10] × [c=Moderate] 0.01 (0.150) 0.9258 1.01

b × d [b=6] × [d=Independence] 1.07 (0.129) < 0.0001 2.92

[b=10] × [d=Independence] 0.56 (0.126) < 0.0001 1.76

[b=6] × [d=Moderate] 1.12 (0.132) < 0.0001 3.06∗

[b=10] × [d=Moderate] 0.60 (0.130) < 0.0001 1.82

b × e [b=6] × [e=50] -4.27 (1.413) 0.0025 0.01∗∗

[b=10] × [e=50] -1.80 (1.498) 0.2300 0.17∗∗

[b=6] × [e=100] -3.21 (1.413) 0.0230 0.04∗∗

[b=10] × [e=100] -1.28 (1.497) 0.3927 0.28∗

[b=6] × [e=300] -2.08 (1.417) 0.1418 0.13∗∗

[b=10] × [e=300] -0.74 (1.502) 0.6208 0.48

c × d [c=Weak] × [d=Independence] -0.40 (0.131) 0.0024 0.67

[c=Moderate] × [d=Independence] 0.00 (0.132) 0.9850 1.00

[c=Weak] × [d=Moderate] -0.31 (0.133) 0.0181 0.73

[c=Moderate] × [d=Moderate] -0.53 (0.133) < 0.0001 0.59

c × e [c=Weak] × [e=50] -4.29 (1.404) 0.0022 0.01∗∗

[c=Moderate] × [e=50] -2.79 (1.421) 0.0497 0.06∗∗

[c=Weak] × [e=100] -3.37 (1.404) 0.0164 0.03∗∗

[c=Moderate] × [e=100] -2.17 (1.421) 0.1259 0.11∗∗

[c=Weak] × [e=300] -1.38 (1.410) 0.3288 0.25∗∗

[c=Moderate] × [e=300] -0.76 (1.427) 0.5921 0.47

d × e [d=Independence] × [e=50] 0.62 (0.330) 0.0602 1.86

[d=Moderate] × [e=50] 2.89 (0.666) < 0.0001 17.98∗∗

[d=Independence] × [e=100] 0.77 (0.329) 0.0185 2.17

[d=Moderate] × [e=100] 2.92 (0.665) < 0.0001 18.57∗∗

[d=Independence] × [e=300] 1.12 (0.331) 0.0007 3.06∗
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[d=Moderate] × [e=300] 2.60 (0.666) < 0.0001 13.40∗∗

∗medium effect size, according to Ferguson (2009).

∗∗large effect size, according to Ferguson (2009).
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Table A.2: Parameter estimates of the 2-way interaction logistic regression model fitted on the
Heywood data. For simplicity, we denote the design variables as, a: type of indicators; b:
number of indicators; c: factor structure; d: correlation between underlying latent variables;
and, e: sample size.

Effect Estimates (S.E.) p-value OR

Intercept -20.61 (2.813) < 0.0001

Type of Indicators (a) BLR 8.73 (1.455) < 0.0001 6,179.20

BMR 0.33 (1.950) 0.8664 1.39

Number of Indicators (b) 6 4.13 (1.456) 0.0045 62.28

10 -0.49 (1.934) 0.7982 0.61

Factor structure (c) Weak 6.96 (1.504) < 0.0001 1,049.37

Moderate 1.65 (1.962) 0.3992 5.23

Correlation Independence 5.52 (1.450) 0.0001 248.30

between Factors (d) Moderate 3.75 (1.571) 0.0170 42.55

Sample size (e) 50 13.01 (2.708) < 0.0001 445,359.70

100 7.53 (2.709) 0.0054 1,865.31

300 1.85 (2.794) 0.5075 6.37

a × b [a=BLR] × [b=6] -1.46 (0.285) < 0.0001 0.23∗∗

[a=BMR] × [b=6] 0.72 (0.349) 0.0390 2.06

[a=BLR] × [b=10] -0.97(0.300) 0.0013 0.38

[a=BMR] × [b=10] 0.50 (0.360) 0.1687 1.64

a × c [a=BLR] × [c=Weak] -3.14 (0.322) < 0.0001 0.04∗∗

[a=BMR] × [c=Weak] -0.11 (0.414) 0.7826 0.89

[a=BLR] × [c=Moderate] -2.53 (0.325) < 0.0001 0.08∗∗

[a=BMR] × [c=Moderate] -0.04 (0.416) 0.9312 0.97

a × d [a=BLR] × [d=Independence] -1.61 (0.197) < 0.0001 0.20∗∗

[a=BMR] × [d=Independence] -0.96 (0.194) < 0.0001 0.38

[a=BLR] × [d=Moderate] -1.25 (0.201) < 0.0001 0.29∗

[a=BMR] × [d=Moderate] -0.78 (0.197) < 0.0001 0.46

a × e [a=BLR] × [e=50] -5.23 (1.376) 0.0001 0.01∗∗

[a=BMR] × [e=50] -0.76 (1.861) 0.6843 0.47

[a=BLR] × [e=100] -2.61 (1.373) 0.0578 0.07∗∗

[a=BMR] × [e=100] 0.02 (1.861) 0.9928 1.02

[a=BLR] × [e=300] -0.65 (1.380) 0.6355 0.52

[a=BMR] × [e=300] 0.51 (1.868) 0.7858 1.66

b × c [b=6] × [c=Weak] 0.08 (0.370) 0.8364 1.08

[b=10] × [c=Weak] 1.23 (0.474) 0.0096 3.41∗

[b=6] × [c=Moderate] 1.44 (0.434) 0.0009 4.22∗∗

[b=10] × [c=Moderate] 1.81 (0.530) 0.0006 6.12∗∗

b × d [b=6] × [d=Independence] -0.14 (0.309) 0.6619 0.87
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[b=10] × [d=Independence] 0.28 (0.329) 0.3979 1.32

[b=6] × [d=Moderate] -0.37 (0.311) 0.2353 0.69

[b=10] × [d=Moderate] 0.01 (0.333) 0.9721 1.01

b × e [b=6] × [e=50] -1.49 (1.337) 0.2662 0.23∗∗

[b=10] × [e=50] 0.54 (1.815) 0.7656 1.72

[b=6] × [e=100] 0.50 (1.341) 0.7107 1.64

[b=10] × [e=100] 1.83 (1.817) 0.3138 6.23∗∗

[b=6] × [e=300] 1.01 (1.363) 0.4581 2.75

[b=10] × [e=300] 1.98 (1.835) 0.2806 7.24∗∗

c × d [c=Weak] × [d=Independence] -1.37 (0.361) 0.0001 0.25∗∗

[c=Moderate] × [d=Independence] -0.56 (0.367) 0.1261 0.57

[c=Weak] × [d=Moderate] -1.04 (0.373) 0.0051 0.35

[c=Moderate] × [d=Moderate] -0.63 (0.381) 0.0978 0.53

c × e [c=Weak] × [e=50] -2.55 (1.377) 0.0646 0.08∗∗

[c=Moderate] × [e=50] 0.26 (1.852) 0.8906 1.29

[c=Weak] × [e=100] -0.48 (1.378) 0.7273 0.62

[c=Moderate] × [e=100] 2.10 (1.853) 0.2577 8.14∗∗

[c=Weak] × [e=300] 2.02 (1.503) 0.1793 7.52∗∗

[c=Moderate] × [e=300] 4.06 (1.948) 0.0372 57.89∗∗

d × e [d=Independence] × [e=50] -2.78 (1.361) 0.0414 0.06∗∗

[d=Moderate] × [e=50] -1.46 (1.486) 0.3263 0.23∗∗

[d=Independence] × [e=100] -1.98 (1.358) 0.1456 0.14∗∗

[d=Moderate] × [e=100] -0.87 (1.483) 0.5558 0.42

[d=Independence] × [e=300] -0.90 (1.364) 0.5115 0.41

[d=Moderate] × [e=300] -0.24 (1.489) 0.8705 0.78

∗medium effect size, according to Ferguson (2009).

∗∗large effect size, according to Ferguson (2009).
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Table A.3: Effect size of the 2-way interaction ANOVA model fitted on the average correlations
reported in Table 2.5. The design variables are denoted by letters, i.e., a: type of indicators; b:
number of indicators; c: factor structure; d: correlation between latent variables; and e: sample
size.

Effect F (df) p-value η2

Type of Indicators (a) 35549.88 (2) 0.000 0.736∗∗

Number of Indicators (b) 13661.71 (2) 0.000 0.517∗∗

Factor structure (c) 44178.4 (2) 0.000 0.776∗∗

Correlation between Factors (d) 2643.23 (2) 0.000 0.172∗∗

Sample size (e) 641.25 (3) 0.000 0.070∗

Interactions

a × b 270.02 (4) 0.000 0.041

a × c 1704.7 (4) 0.000 0.211∗∗

a × d 7.76 (4) 0.000 0.001

a × e 9.03 (6) 0.000 0.002

b × c 74.34 (4) 0.000 0.012

b × d 4.53 (4) 0.001 0.001

b × e 3.09 (6) 0.005 0.001

c × d 18.07 (4) 0.000 0.003

c × e 46.14 (6) 0.000 0.011

d × e 7.03 (6) 0.000 0.002

∗medium effect size, according to Cohen (1988).

∗∗large effect size, according to Cohen (1988).
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Appendix B

Identification of the BIPC Model in Chapter 3

In this Section, we address identification issues of the BIPC model. As shown in equation

(3.25), the marginal models are represented in the BIPC model as,

πi1· =
exp(−0.5δi1·)

exp(−0.5δi0·) + exp(−0.5δi1·)
,

πi·1 =
exp(−0.5δi·1)

exp(−0.5δi·0) + exp(−0.5δi·0)
,

where δil· =
∑2

m=1 (ηim − γl·m)2 and δi·l =
∑2

m=1 (ηim − γ·lm)2, l = 0, 1. Like simple logistic

regression (LR) model, the BIPC model can also be represented using log-odds, i.e.,

log

 πi1·
1− πi1·

 = 0.5δi0· − 0.5δi1·,

log

 πi·1
1− πi·1

 = 0.5δi·0 − 0.5δi·1.

In the BIPC model, each binary response variable is positioned on one and only dimension,

and thus the class coordinates are specified as follows:

γl· =
γ0·1 0

γ1·1 0

 and γ·l =
0 γ·02
0 γ·12

 ,
where the first binary response (Yi1) is positioned on the first dimension and the second

binary response variable (Yi2) on the second dimension.

Suppose xi1 represents one of the predictor variables. Let us now simplify the log-odds
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158 APPENDIX B. BIPC MODEL

model by replacing the above class points. That is,

log

 πi1·
1− πi1·

 =

2∑
m=1

(ηimγ1·m)−
2∑

m=1

(ηimγ0·m) + 0.5

2∑
m=1

γ20·m − 0.5

2∑
m=1

γ21·m

= ηi1(γ1·1 − γ0·1) + 0.5× (γ20·1 − γ21·1)
= (β01 + β11xi1)(γ1·1 − γ0·1) + 0.5× (γ20·1 − γ21·1)
= β01(γ1·1 − γ0·1) + β11(γ1·1 − γ0·1)xi1 + 0.5× (γ20·1 − γ21·1)
= β∗

01 + β∗
11xi1,

where β∗
01 = β01(γ1·1 − γ0·1) + 0.5× (γ2

0·1 − γ2
1·1) and β∗

11 = β11(γ1·1 − γ0·1). So, for a unit

increase in xi1 the log-odds in the BIPC model changes by β11(γ1·1−γ0·1). Similarly, the

simplified log-odds form of the second binary response variable becomes log[πi·1/(1−πi·1)] =
β02(γ·12 − γ·02) + β12(γ·12 − γ·02)xi1 + 0.5× (γ2·02 − γ2·12) = β∗

02 + β∗
12xi1.

At this stage, the BIPC model is not identified since both the regression weights and

the class coordinates influence the distance model parameters. For unique identification

of model parameters, we must impose restrictions on the class coordinates. This can be achieved,

for example, by setting a unit difference between the class coordinates. That is, γ1·1 =

1 and γ0·1 = 0 for the first response variable, Yi1; and γ·12 = 1 and γ·02 = 0 for Yi2.

Thus, β∗
1s = β1s and β∗

0s = β0s − 0.5, where s = 1, 2.



Appendix C

Chapter 4: Exploring latent variable models with few

number of indicators per factor

Recently, in clinical psychological research factor analysis and structural equation models

have been proposed for the analysis of comorbidity of depressive and anxiety disorders

(Krueger, 1999; Beesdo-Baum et al., 2009). A typical characteristic of these models

is that the indicators are dichotomous, i.e whether someone has or does not have a

particular disorder, and that there are only a few indicators per latent variable, i.e. 2 or

3. These authors found for depressive and anxiety disorders two underlying factors: ‘fear’

with indicators social phobia (SP), and panic disorder (PD), and ‘distress’ with indicators

major depressive disorder (MDD), dysthmia (DYST), and generalized anxiety disorder

(GAD).

We tried to replicate these findings using data from the Netherlands Study for De-

pression and Anxiety (NESDA, Penninx et al., 2008). In this study, measurements were

obtained on N=2,938 subjects of age between 18 − 65 years with an average age of 42

(S.D. = 13.1), 66.5% were female, and the average number of years of education attained

was 12.2 (S.D. = 3.3). In the NESDA study measurements are obtained on each of the

five disorders, i.e., about 37.1% of the subjects in the study had MDD, 10.2% had DYST,
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Table C.1: Fit statistics for the factor models fitted on the NESDA data.

Model # parameters RMSEA CFI
1-factor 10 0.082 0.956
2-factor (fear-distress) 11 0.034 0.994
2-factor (anxiety-depression) 11 0.071 0.974

15.3% had GAD, 22.4% had SP, and 28.6% had PD.

With these data it is possible to investigate the interplay between personality traits

and co-morbidity of mental disorders. We considered Big-Five personality traits, i.e.,

Neuroticism (N), Extraversion (E), Openness to experience (O), Agreeableness (A), and

Conscientiousness (C). After establishing the measurement model we would like to see

the influence of the personality traits and the background variables (age, gender, and

education) in explaining the latent variables.

The first step in the analysis was to establish the measurement model using a Con-

firmatory Factor Analysis (CFA). Besides the fear-distress theory there are two other

competing theories (Krueger, 1999; Beesdo-Baum et al., 2009; Spinhoven et al., 2013):

the first is the anxiety-depression theory which differs from the distress-fear with respect

to generalized anxiety disorder. The anxiety-depression theory places GAD on the other

latent factor. Finally, there is a single factor theory where all five disorders are indicators

of a single underlying factor.

In Table C.1 we present fit statistics of the three measurement models applied to the

NESDA data. The 2-factor model with fear and distress factors fitted the NESDA data

best with fit statistics of RMSEA=0.034 and CFI=0.994. In this selected model, there are

a total of eleven (11) parameters: three (3) loadings on the first factor, two (2) loadings

on the second factor, a covariance between the factors, and a threshold for each of the

five manifest variables.
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Table C.2: Parameter estimates with the corresponding standard errors (S.E.) presented in
parenthesis for the final 2-factor (fear-distress) model.

Effect Parameter Estimate (S.E.)

Fear (F1)

Gender γ11 −0.127(0.072)

Education† γ21 −0.113(0.035)

Age γ31 0.012(0.036)

Neuroticism† γ41 0.985(0.062)

Extraversion† γ51 −0.289(0.045)

Agreeableness γ61 −0.026(0.035)

Conscientiousness γ71 −0.039(0.038)

Openness γ81 −0.014(0.035)

Distress (F2)

Gender γ12 0.003(0.079)

Education† γ22 −0.166(0.039)

Age γ32 −0.020(0.038)

Neuroticism† γ42 0.954(0.069)

Extraversion† γ52 −0.245(0.047)

Agreeableness γ62 0.002(0.037)

Conscientiousness† γ72 0.112(0.041)

Openness γ82 0.002(0.038)

Covariance for Factors

Var(F1) ψ11 1.000(−−)

Var(F2) ψ22 1.000(−−)

Cov(F1, F2) ψ12 0.333(0.053)

Threshold

MDD τ1 0.417(0.048)

DYST τ2 1.533(0.070)

GAD τ3 1.181(0.058)

SP τ4 0.943(0.053)

PD τ5 0.696(0.047)

† statistically significant effect, i.e., p < 0.05.
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In the second step, researchers would like to see the effect of the personality variables

on the two latent factors. Suppose they would fit a Multiple Indicators and MultIple Causes

(MIMIC) model for this purpose. Table C.2 shows the results. From the personality traits,

only neuroticism and extraversion had statistically significant effects on both the fear and

distress factor. The positive association between neuroticism and both dimensions implies

that on average a subject having a higher score on neuroticism would score high on both

fear and distress. In the case of extraversion, the association was negative implying a

subject with lower score on extraversion would score higher on both fear and distress.

Conscientiousness had an effect only on distress. From the background variables, only

education had a strong negative association with both factors.

So far, the theory about comorbidity and the influence of personality variables on

the latent factors replicates earlier findings. However, when computing and plotting the

factor scores some notable results were found. The distribution of the factor scores from

the factor analysis are shown in the left column of Figure C.1, and it can be seen that

the distribution deviates strongly from normality. It is clear that the assumption of a

normally distributed latent variable does not hold. Furthermore, in the right hand side

the factor scores are shown for the two latent variables in the MIMIC model. Surprisingly,

the distribution of these factor scores seems completely different from the distribution

found in the factor analysis.

These surprising results cause doubts about the robustness of latent variable models

with just a few dichotomous indicators per factor. However, we did not find large scale

simulation studies for such models. The aim of Chapter 2 is to fill this gap. In Chapter 4

a Multivariate Logistic Distance (MLD) model is proposed to analyze multivariate binary

data.
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Figure C.1: The distribution of estimated factor scores obtained from the final 2-factor
(fear-distress) model. The top panel representing the distribution of scores from the first factor
(F1) before and after the inclusion of external variables, respectively; and, the bottom panel for
those scores from the second factor (F2) before and after the inclusion of the external variables,
respectively.





Appendix D

Chapter 4: Simplification of log-odds representation of

the MLD model, Eq. 4.8

Let us simplify log-odds representation of the MLD model (Eq. 4.8) using distress-

fear model, where the first dimension (distress) was represented by Major Depressive

Disorder (MDD), Generalized Anxiety Disorder (GAD), and Dysthimia (DYST); and the

second dimension (fear) was represented by Panic Disorder (PD) and Social Phobia (SP)

(Spinhoven et al., 2013). Suppose class coordinates of GAD on the first dimension and PD

on the second dimension are set to fixed for identification reasons. Thus, class coordinates

of the other response variables become

γGAD
2 =

γ02,1 0

γ12,1 0

, γDYST
3 =

γ03,1 0

γ13,1 0

, γSP
5 =

0 γ05,2

0 γ15,2

, (D.1)

For demonstration purpose let us focus on GAD response variable of the first dimension

and SP of the second dimension, and derive their corresponding simplified version of Eq.

4.8.
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The log-odds representation of the multivariate distance model for GAD becomes,

log

[
π2(xi)

1− π2(xi)

]
=

M∑
m=1

{
β0m(γ12,m − γ02,m) + 0.5(γ202,m − γ212,m)

+ xTi βm(γ12,m − γ02,m)
}

=
{{
β01(γ12,1 − γ02,1) + 0.5(γ202,1 − γ212,1)

+ xTi β1(γ12,1 − γ02,1)
}

+
{
β02(γ12,2 − γ02,2) + 0.5(γ202,2 − γ212,2)

+ xTi β2(γ12,2 − γ02,2)
}}

= β01(γ12,1 − γ02,1) + 0.5(γ202,1 − γ212,1)

+ xTi β1(γ12,1 − γ02,1).

Similarly, the log-odds representation of the multivariate distance model for SP be-

comes

log

[
π5(xi)

1− π5(xi)

]
=

M∑
m=1

{
β0m(γ15,m − γ05,m) + 0.5(γ205,m − γ215,m)

+ xTi βm(γ15,m − γ05,m)
}

=
{{
β01(γ15,1 − γ05,1) + 0.5(γ205,1 − γ215,1)

+ xTi β1(γ15,1 − γ05,1)
}

+
{
β02(γ15,2 − γ05,2) + 0.5(γ205,2 − γ215,2)

+ xTi β2(γ15,2 − γ05,2)
}}

= β02(γ15,2 − γ05,2) + 0.5(γ205,2 − γ215,2)

+ xTi β2(γ15,2 − γ05,2).
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Beesdo-Baum, K., Höfler, M., Gloster, A. T., Klotsche, J., Lieb, R., Beauducel, A., . . .

Wittchen, H. U. (2009). The structure of common mental disorders: a replication

study in a community sample of adolescents and young adults. International Journal

of Methods in Psychiatric Research, 18 , 204-220.

Bergsma, W. P. (1997). Marginal models for categorical variables (Unpublished doctoral

dissertation). Tilburg University.



Bibliography 169

Bergsma, W. P., Croon, M. A., & Hagenaars, J. A. (2009). Marginal models for depen-

dent, clustered and longitudinal categorical data. New York: Springer.

Bergsma, W. P., & Rudas, T. (2002). Marginal models for categorical data. The Annals

of Statistics, 30 , 140-159.

Bhuyan, M. J., Islam, M. A., & Rahman, M. S. (2018). A bivariate bernoulli model for

analyzing malnutrition data. Health Services and Outcomes Research Methodology ,

1-19. (https://doi.org/10.1007/s10742-018-0180-9)

Bock, R. D., & Lieberman, M. (1970). Fitting a response model for n dichotomously

scored items. Psychometrika, 35 , 179-197.

Bolck, A., Croon, M., & Hagenaars, J. (2004). Estimating latent structure models with

categorical variables: One-step versus three-step estimators. Political Analysis, 12 ,

3-27.

Bollen, K. A. (2002). Latent variables in psychology and the social sciences. Annual

Review Psychology , 53 , 605-634.

Boomsma, A. (1983). On the robustness of LISREL (maximum likelihood estimation)

against small sample size and nonnormality. Amsterdam: Sociometric Research

Foundation. (Doctoral dissertation, University of Groningen, The Netherlands)

Boomsma, A. (1985). Nonconvergence, improper solutions, and starting values in LISREL

maximum likelihood estimation. Psychometrika, 50(2), 229-242.

Boomsma, A. (2013). Reporting monte carlo studies in structural equation modeling.

Structural Equation Modeling , 20 , 518-540.

Boomsma, A., & Hoogland, J. J. (2001). The robustness of LISREL modeling revisited. In

R. Cudeck, S. du Toit, & D. Sorbom (Eds.), Structural equation modeling: Present

and future. Lincolnwood: Scientific Software International.

Borg, I., & Groenen, P. J. F. (2005). Modern multidimensional scaling: Theory and

applications (Second ed.). New York: Springer.

Borsboom, D. (2008). Latent variable theory. Measurement: Interdisciplinary Research



170 Bibliography

and Perspectives, 6(1-2), 25-53.

Brown, L. D., Cai, T. T., & DasGupta, A. (2001). Interval estimation for a binomial

proportion. Statistical Science, 16(2), 101-133.

Brown, T. (2006). Confirmatory factor analysis for applied research. New York: Guilford.

Bull, S. B. (1998). Regression models for multiple outcomes in large epidemiological

studies. Statistics in Medicine, 17 , 2179-2197.

Carey, V., Zeger, S. L., & Diggle, P. (1993). Modeling multivariate binary data with

alternating logistic regressions. Biometrika, 80 , 517-526.

Chen, F., Bollen, K. A., Paxton, P., Curran, P. J., & Kirby, J. B. (2001). Improper

solutions in structural equation models: Causes, consequences, and strategies. So-

ciological Methods and Research, 29(4), 468-508.

Cheng, G., Yu, Z., & Huang, J. Z. (2013). The cluster bootstrap consistency in generalized

estimating equations. Journal of Multivariate Analysis, 115 , 33-47.

Christoffersson, A. (1975). Factor analysis of dichotomized variables. Psychometrika,

40(1), 5-32.

Cohen, J. (1988). Statistical power analysis for the behavioral sciences. (2nd ed.). New

York: Academic Press.

Colombi, R., & Forcina, A. (2001). Marginal regression models for the analysis positive

association of ordinal response variables. Biometrika, 88(4), 1007-1019.

Coombs, C. H. (1976). A Theory of Data. Michigan: Mathesis Press.

Costa, P. T., & McCrae, R. R. (1992). Revised NEO personality inventory (NEO-

PR-I) and NEO five-factor inventory (NEO-FFI) professional manual. Odessa, FL:

Psychological Assessment Resources.

Cox, D. R. (1972). The analysis of multivariate binary data. Journal of the Royal

Statistical Society. Series C (Applied Statistics), 21(2), 113-120.

Davison, M. L. (1983). Multidimensional scaling. USA: John Wiley & Sons, Inc.

De Leeuw, J. (2005). Multidimensional unfolding. In B. S. Everitt & D. C. Howelll (Eds.),



Bibliography 171

Encyclopedia of statistics in behavioral science (p. 1289-1294). Wiley.

De Leeuw, J. (2006). Pseudo-voronoi diagrams for multicategory exponential representa-

tions. UCLA: Statistics Preprints # 463.

De Rooij, M. (2009a). Ideal point discriminant analysis with a special emphasis on

visualization. Psychometrika, 74 , 317-330.

De Rooij, M. (2009b). Trend vector models for the analysis of change in continuous time

for multiple groups. Computational statistical data analysis, 53 , 3209-3216.

De Rooij, M. (2011). Transitional ideal point models for longitudinal multinomial out-

comes. Statistical Modelling , 11(2), 115-135.

De Rooij, M., & Heiser, W. J. (2005, March). Graphical representations and odds ratios in

a distance-association model for the analysis of cross-classified data. Psychometrika,

70(1), 99-122.

De Rooij, M., & Schouteden, M. (2009). Mixed effect ideal point models for longitudinal

multinomial data. (Submitted paper)

De Rooij, M., &Worku, H. M. (2012). A warning concerning the estimation of multinomial

logistic models with correlated responses in SAS. Computer Methods and Programs

in Biomedicine, 107(2), 341-346.

Ding, L., Velicer, W. F., & Harlow, L. L. (1995). Effects of estimation methods, number

of indicators per factor, and improper solutions om structural equation modeling fit

indices. Structural Equation Modeling: A Multidisciplinary Journal , 2(2), 119-143.

Elffers, H., Bethlehem, J., & Gill, R. (1978). Indeterminacy problems and the interpreta-

tion of factor analysis results. Statistica Neerlandica, 32 , 181-199.

Elliot, D. S., Huizinga, D., & Menard, S. (1989). Multiple problem youth: delinquency,

substance use, and mental health problems. New York: Springer-Verlag.

Ferguson, C. (2009). An effect size primer: A guide for clinicians and researchers.

Professional Psychology: Research and Practice, 40(5), 532-538.

Firth, D. (1993). Bias reduction of maximum likelihood estimates. Biometrika, 80 ,



172 Bibliography

27-38.

Fitzmaurice, G., Davidian, M., Verbeke, G., & Molenberghs, G. (2008). Longitudinal

data analysis. London: Chapman and Hall.

Gabriel, K. R. (1971). The biplot graphical display of matrices with application to principal

component analysis. Biometrika, 58 , 453-467.

Gifi, A. (1990). Nonlinear multivariate analysis. Chichester: John Wiley & Sons.
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