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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%*
axb [a=BLR] X [b=6] -1.70 (0.293) | < 0.0001 0.18**
[a=BMR] x [b=6] -0.34 (0.295) 0.2500 0.71
[a=BLR] X [b=10] -1.32 (0.300) | < 0.0001 0.27*
[a=BMR] X [b=10] -0.66 (0.302) 0.0286 0.52
a X c [a=BLR] X [c=Weak] -4.50 (0.646) | < 0.0001 0.01**
[a=BMR] X [c=Weak] -2.85 (0.647) | < 0.0001 0.06™*
[a=BLR] X [c=Moderate] -3.27 (0.652) | < 0.0001 0.04**
[a=BMR] X [c=Moderate] -2.17 (0.651) 0.0009 0.11%*
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150 APPENDIX A. SIMULATION STUDY RESULTS
a X d [a=BLR] x [d=Independencel -1.31 (0.204) < 0.0001 0.27*
[a=BMR] X [d=Independence] -1.15 (0.201) < 0.0001 0.32
[a=BLR] X [d=Moderate] -0.72 (0.214) 0.0008 0.49
[a=BMR] X [d=Moderate] -0.84 (0.210) < 0.0001 0.43
a X e [a=BLR] X [e=50] -2.51 (1.404) 0.0738 0.08™*
[a=BMR] X [e=50] 0.15 (1.470) 0.9213 1.16
[a=BLR] x [e=100] -0.65 (1.408) 0.6441 0.52
[a=BMR] X [e=100] 1.09 (1.473) 0.4597 2.97
[a=BLR] X [e=300] 0.85 (1.448) 0.5591 2.33
[a=BMR] X [e=300] 1.68 (1.512) 0.2669 5.36%*
b X c [b=6] X [c=Weak] -0.75 (0.149) < 0.0001 0.47
[b=10] x [c=Weak] -0.16 (0.148) 0.2745 0.85
[b=6] X [c=Moderate] -0.02 (0.152) 0.9070 0.98
[b=10] X [c=Moderatel 0.01 (0.150) 0.9258 1.01
b X d [b=6] X [d=Independence] 1.07 (0.129) < 0.0001 2.92
[b=10] X [d=Independence] 0.56 (0.126) < 0.0001 1.76
[b=6] X [d=Moderate] 1.12 (0.132) | < 0.0001 3.06™
[b=10] x [d=Moderate] 0.60 (0.130) | < 0.0001 1.82
b X e [b=6] x [e=50] -4.27 (1.413) 0.0025 0.01%*
[b=10] x [e=50] -1.80 (1.498) 0.2300 0.17*%*
[b=6] x [e=100] -3.21 (1.413) 0.0230 0.04**
[b=10] x [e=100] -1.28 (1.497) 0.3927 0.28%
[b=6] X [e=300] -2.08 (1.417) 0.1418 0.13**
[b=10] x [e=300] -0.74 (1.502) 0.6208 0.48
c X d [c=Weak] X [d=Independence] -0.40 (0.131) 0.0024 0.67
[c=Moderate] X [d=Independence] 0.00 (0.132) 0.9850 1.00
[c=Weak] X [d=Moderate] -0.31 (0.133) 0.0181 0.73
[c=Moderate] X [d=Moderate] -0.53 (0.133) < 0.0001 0.59
c X e [c=Weak] x [e=50] -4.29 (1.404) 0.0022 0.01%*
[c=Moderate] X [e=50] -2.79 (1.421) 0.0497 0.06™*
[c=Weak] x [e=100] -3.37 (1.404) 0.0164 0.03**
[c=Moderate] x [e=100] -2.17 (1.421) 0.1259 0.11%*
[c=Weak] x [e=300] -1.38 (1.410) 0.3288 0.25%*
[c=Moderate] X [e=300] -0.76 (1.427) 0.5921 0.47
d X e [d=Independence] X [e=50] 0.62 (0.330) 0.0602 1.86
[d=Moderate] X [e=50] 2.89 (0.666) | < 0.0001 17.98**
[d=Independence] X [e=100] 0.77 (0.329) 0.0185 2.17
[d=Moderate] x [e=100] 2.92 (0.665) | < 0.0001 18.57**
[d=Independence] X [e=300] 1.12 (0.331) 0.0007 3.06"
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[d=Moderate] x [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
axb [a=BLR] X [b=6] -1.46 (0.285) | < 0.0001 0.23**
[a=BMR] X [b=6] 0.72 (0.349) 0.0390 2.06
[a=BLR] X [b=10] -0.97(0.300) 0.0013 0.38
[a=BMR] X [b=10] 0.50 (0.360) 0.1687 1.64
axc [a=BLR] x [c=Weak] -3.14 (0.322) | < 0.0001 0.04**
[a=BMR] X [c=Weak] -0.11 (0.414) 0.7826 0.89
[a=BLR] X [c=Moderate] -2.53 (0.325) | < 0.0001 0.08**
[a=BMR] X [c=Moderate] -0.04 (0.416) 0.9312 0.97
a X d [a=BLR] X [d=Independencel -1.61 (0.197) < 0.0001 0.20%*
[a=BMR] X [d=Independencel -0.96 (0.194) < 0.0001 0.38
[a=BLR] X [d=Moderate] -1.25 (0.201) | < 0.0001 0.29%
[a=BMR] X [d=Moderate] -0.78 (0.197) | < 0.0001 0.46
axe [a=BLR] X [e=50] -5.23 (1.376) 0.0001 0.01**
[a=BMR] X [e=50] -0.76 (1.861) 0.6843 0.47
[a=BLR] X [e=100] -2.61 (1.373) 0.0578 0.07**
[a=BMR] X [e=100] 0.02 (1.861) 0.9928 1.02
[a=BLR] X [e=300] -0.65 (1.380) 0.6355 0.52
[a=BMR] X [e=300] 0.51 (1.868) 0.7858 1.66
b X ¢ [b=6] X [c=Weak] 0.08 (0.370) 0.8364 1.08
[b=10] x [c=Weak] 1.23 (0.474) 0.0096 3.41%
[b=6] X [c=Moderate] 1.44 (0.434) 0.0009 4.22%*
[b=10] X [c=Moderate] 1.81 (0.530) 0.0006 6.12%*
b x d [b=6] X [d=Independence] -0.14 (0.309) 0.6619 0.87
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[6=10] X [d=Independence] 0.28 (0.329) 0.3979 1.32
[b=6] X [d=Moderate] -0.37 (0.311) 0.2353 0.69
[b=10] X [d=Moderatel 0.01 (0.333) 0.9721 1.01
b X e [b=6] x [e=50] -1.49 (1.337) 0.2662 0.23%*
[b=10] x [e=50] 0.54 (1.815) 0.7656 1.72
[b=6] X [e=100] 0.50 (1.341) 0.7107 1.64
[b=10] x [e=100] 1.83 (1.817) 0.3138 6.23**
[b=6] X [e=300] 1.01 (1.363) 0.4581 2.75
[b=10] x [e=300] 1.98 (1.835) 0.2806 7.24%*
c x d [c=Weak] X [d=Independence] -1.37 (0.361) 0.0001 0.25%*
[c=Moderate] X [d=Independence] -0.56 (0.367) 0.1261 0.57
[c=Weak] X [d=Moderate] -1.04 (0.373) 0.0051 0.35
[c=Moderate] X [d=Moderatel] -0.63 (0.381) 0.0978 0.53
c X e [c=Weak] x [e=50] -2.55 (1.377) 0.0646 0.08**
[c=Moderate] x [e=50] 0.26 (1.852) 0.8906 1.29
[c=Weak] X [e=100] -0.48 (1.378) 0.7273 0.62
[c=Moderate] x [e=100] 2.10 (1.853) 0.2577 8.14**
[c=Weak] x [e=300] 2.02 (1.503) 0.1793 7.52%*
[c=Moderate] X [e=300] 4.06 (1.948) 0.0372 57.89™*
d X e [d=Independence] X [e=50] -2.78 (1.361) 0.0414 0.06**
[d=Moderate] X [e=50] -1.46 (1.486) 0.3263 0.23%*
[d=Independence] X [e=100] -1.98 (1.358) 0.1456 0.14**
[d=Moderate] X [e=100] -0.87 (1.483) 0.5558 0.42
[d=Independence] X [e=300] -0.90 (1.364) 0.5115 0.41
[d=Moderate] X [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 n?
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

axb 270.02 (4)  0.000  0.041
axc 1704.7 (4)  0.000 0.211**
axd 7.76 (4)  0.000  0.001
axe 9.03(6)  0.000  0.002
b x c 7434 (4)  0.000  0.012
b x d 453 (4) 0001  0.001
bxe 3.00 (6)  0.005  0.001
cxd 18.07 (4)  0.000  0.003
cxe 46.14 (6)  0.000  0.011
dxe 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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Table A.5: Observed power for the relationship between X4 and the second factor, 742
because of improper solutions. Dashed lines indicate no

= 0.95. The number of replications per cell differ

valid results were obtained for that cell.

Sample Size

50 100 300 3000
Number of Indicators

Type of Indicators  Factor structure  Correlation between factors 6 10 16 6 10 16 6 10 16 6 10 16
BLR Weak Independence — — - 038 043 062 097 100 100 1.00 1.00 1.00
Moderate - - - 0.38 053 064 098 100 1.00 1.00 1.00 1.00

Strong - — — 0.17 043 072 100 100 100 100 100 1.00

Moderate Independence — — — 031 050 083 1.00 100 1.00 1.00 1.00 1.00

Moderate — - - 053 070 080 099 100 1.00 1.00 1.00 1.00

Strong 0.00 - - 026 056 075 100 100 1.00 1.00 1.00 1.00

Strong Independence - 0.00 000 000 070 058 100 100 100 100 100 1.00

Moderate 0.00 0.00 000 08 062 036 100 1.00 1.00 1.00 1.00 1.00

Strong — 0.00 - 1.00 033 050 093 1.00 1.00 1.00 1.00 1.00

BMR Weak Independence 071 067 070 092 100 099 100 100 1.00 1.00 1.00 1.00
Moderate 050 069 079 089 095 1.00 1.00 100 1.00 1.00 1.00 1.00

Strong 074 072 079 09 09 099 100 1.00 1.00 1.00 1.00 1.00

Moderate Independence 0.64 072 088 097 100 097 100 1.00 1.00 1.00 1.00 1.00

Moderate 055 064 075 095 099 100 100 100 1.00 1.00 1.00 1.00

Strong 055 075 084 099 099 100 100 1.00 1.00 1.00 1.00 1.00

Strong Independence 1.00 067 067 100 1.00 1.00 1.00 1.00 1.00 100 1.00 1.00

Moderate 050 0.33 - 1.00 100 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Strong 0.50 - 000 100 100 100 100 100 100 1.00 100 1.00

Interval Weak Independence 0.67 082 089 09 099 100 100 1.00 1.00 1.00 1.00 1.00
Moderate 053 079 08 097 100 099 100 1.00 1.00 1.00 1.00 1.00

Strong 058 081 08 09 100 100 100 100 1.00 1.00 1.00 1.00

Moderate Independence 077 091 089 100 099 100 100 1.00 1.00 1.00 1.00 1.00

Moderate 0.82 089 093 099 100 100 100 1.00 1.00 1.00 1.00 1.00

Strong 0.80 088 094 100 100 100 100 1.00 1.00 1.00 1.00 1.00

Strong Independence 093 092 093 100 100 100 100 100 1.00 1.00 1.00 1.00

Moderate 090 097 093 100 100 100 100 1.00 1.00 1.00 1.00 1.00

Strong 091 094 097 099 100 100 100 1.00 1.00 1.00 1.00 1.00




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,

exp(—0.50;71.)

e = exp(—0.58,9.) + exp(—0.58;1.)’

exp(—0.56;.1)
" exp(—0.56;.0) + exp(—0.55;.9)

2 2 . . . .
where 0. = > o 1 (Mim — Viem)? and G;op = > 21 (Mim — Votm)?, 1=0,1. Like simple logistic

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

Ti1

log F— = 0.5d;9. — 0.50;7.,
— Tl
Tie1

log | —— | = 0.5d;.9 — 0.54;.1.
1—m

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

and thus the class coordinates are specified as follows:

Y1 O 0 7.2
Y. = and Yo = )

Y11 O 0 712

where the first binary response (Y;;) is positioned on the first dimension and the second

binary response variable (Yj2) on the second dimension.

Suppose x;1 represents one of the predictor variables. Let us now simplify the log-odds

157
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model by replacing the above class points. That is,

i1

2 2 2 2
log > imMiem) = Y WimYoem) 05 D> Agery =05 D> Vi,
m=1 m=1 m=1

1-— i1 me—1

= m1(71-1 — Y0-1) + 0.5 X ('73-1_75-1)
= (Bor + Buizi1)(y1.1 — Yo-1) + 0.5 X (5.1 —Via1)
= Bor(11-1 —Yo-1) + B11(11-1 — Yo-1)mi1 + 0.5 % (73'1 - 'Y%-l)

= By + Bz,

where (5, = fo1(v1.1 —0-1) +0.5 % (35.; —~7.;) and B7; = B11(v1.1 —70.1). So, for a unit
increase in ;; the log-odds in the BIPC model changes by S11(7V;.1—79.1). Similarly, the
simplified log-odds form of the second binary response variable becomes log[wi.l/(l—ﬂi.l)} =
Bo2(ve12 = Y-02) + B12(7e12 — Y02)@i1 + 0.5 X (Y2, —72,) = By + Biain -

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, y;.; =
1 and v5.; = 0 for the first response variable, Y;1; and .75 = 1 and 7.90 = 0 for Y.

Thus, B, = f1s and (5, = Bos — 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,

159
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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.



161

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 Y11 —0.127(0.072)
Education' 21 —0.113(0.035)
Age v31 0.012(0.036)
Neuroticism Y41 0.985(0.062)
Extraversion® Y51 —0.289(0.045)
Agreeableness Y61 —0.026(0.035)
Conscientiousness Y71 —0.039(0.038)
Openness 81 —0.014(0.035)

Distress (F2)

Gender Y12 0.003(0.079)
Education' Y22 —0.166(0.039)
Age V32 —0.020(0.038)
Neuroticism* Y42 0.954(0.069)
Extraversion' Y52 —0.245(0.047)
Agreeableness Y62 0.002(0.037)
Conscientiousness? Y72 0.112(0.041)
Openness Y82 0.002(0.038)

Covariance for Factors

Var(F1) P11 1.000(——)
Var(F2) 22 1.000(——)
Cov(F1, F2) P12 0.333(0.053)
Threshold
MDD 1 0.417(0.048)
DYST kP 1.533(0.070)
GAD T3 1.181(0.058)
SP T4 0.943(0.053)
PD Ts 0.696(0.047)

T 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 Multlple 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

GAD Yoz 0 DYST o3 0 sp 0 05,2
Y2 = ’ 73 = ’ 75 = ) (Dl)

721 0 731 0 0 75,2

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,

M
m2(xi) _ 2 2
log [1—7@()(1)} = mZ::l {ﬁOm(’hz,m = 02,m) + 0-5(702,m — Vi2.m)
T
+%; Bm(v12,m — 702,m)}
= {{501(712,1 —02,1) + 0.5(Y32,1 — Vi21)
T
+ %, B1(y12,1 — Y02,1) }
+ {Boz(m2,2 — 702,2) + 0.5(132.2 — Vi2.2)
+x; Ba(712,2 — 702,2)}}
= Bo1 (1121 — Y02,1) + 0.5(12.1 — Vi21)
+ X;fﬁ1(712,1 — Y02,1)-
Similarly, the log-odds representation of the multivariate distance model for SP be-

comes

M
5 XZ
o8 [ 205 = 3= {0 = 00) 05010 = )

1-— 7T5 Xz —

T

+ X; /Bm(715,m - ’705,m)}

= {{501(’715,1 —705.1) +0.5(Y85.1 — Vis.1)
T

+x; B1(715,1 — 705,1) }

+ {Boz(115,2 — Y05,2) + 05(735,2 - 7125,2)

+x; Ba(115,2 — 705,2)}}

= Bo2(715,2 — Y05,2) + 0-5(’735,2 - 7%5,2)

+ X?ﬂz(%m — Y05,2)-
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