1 Exercise 1

Model Specification uniform/nonuniform DIF in items 11-20
Let Z denote the grouping variable (Z=0,1). The logit of the success probability 7,,; can be
specified as follows:

type of DIF item 1-10 item 11-20
uniform a0, — B a;bp — [Bi + ZP(SZ@)] (1)
nonuniform a0, — 5; [ou + Zpéfa)wp —[Bi + Zpégﬁ)]

SAS Code

The following code can be used to estimate the model:
PROC NLMIXED data=dif method=gauss noad technique=newrap gpoints=20;
PARMS b1-b20=0 al-a20=1 d11-d20=0 el11-e20=0 mu=0 sd=0.5;
alfa=al*x1+a2*x2+a3*x3+ad*x4+ab*x5+ab*x6+a7*x7+a8*x8+a9*x9+al10*x10
+all*x114+al2*x124+al3*x13+ald*x14+al5*x15+al6*x16+al7*x17+al8%*x18+a19*x19+a20*x20;
beta=b1*x1+4b2*x2+b3*x3+b4*x4+b5*x5+b6*x6+b7*x7+b8*x8+b9*x9+b10*x10
+b11*x11+b12*x124+-b13*x13+b14*x14+b15*x15+b16*x16+b17*x17+b18*x18+b19*x19+b20*x20;
delta_b=d11*x11+d12*x124+d13*x13+d14*x14+d15*x15+d16*x16+d17*x17+d18*x18+d19*x19-+d20*x20;
delta_a=ell*x11+4+e12*x12+el13*x13+el4*x14+el5*x15+el16*x16+el17*x17+e18*x184+-e19*x19+e20*x20;
ex=exp((alfa+Z*delta_a)*theta-beta-Z*delta_b);
p=ex/ (1+ex);
MODEL y ~ binary(p);
RANDOM theta ~ normal(Z*mu,(1-Z)+7Z*(sd**2)) subject=person;
ESTIMATE ‘sd**2’ sd**2;
RUN;

Model specification RW-DIF for item 12 using dummy- or contrast coding for Z.
For RW-DIF models using dummy- or contrast coding, the logit of the success probability reads
as follows:

Coding scheme Z item 1-11,13-20 item 12
dummy coding 0 a0, — B oty — B
1 ;b — Bi aifp — [Bi + 7p] (2)
effect coding  —1 a0, — 5 aibp — [8i — vp]
1 ity — Bi aifp — [Bi + ]

For the model using dummy coding we specify p(6,v) ~ N([0,0]),[1,0,0] for Z = 0 and p(6,v) ~
N([16,, iy ]); [0, 00+, 03,] for Z = 1. For the model using contrast coding we specify p(6,7) ~
N([0,0]), (1, 09y, 1] for Z =0 and p(8,v) ~ N([16,, by, ])s [031,0971,0(%1] for Z =1.

SAS code for model using dummy coding

The following code can be used to estimate the model:
PROC NLMIXED data=dif method=gauss noad technique=newrap gpoints=20;
PARMS b1-b20=0 al-a20=1 mutheta=0 mugamma=0 sdtheta=.5 sdgamma=.5 cothga=0;
alfa=al*x1+a2*x2+a3*x3+ad*x4+ab*x5+ab*x6+a7*x7+a8*x8+a9*x9+al10*x10
+all*x11+al2*x12+al3*x13+ald*x14+al5*x15+al6*x16+al7*x17+al8*x18+a19*x19+a20*x20;
beta=b1*x1+b2*x2+b3*x3+b4*x4+b5*x5+b6*x6+b7*x7+b8*x8+b9*x9-+b10*x10
+b11*x114b12*x124+-b13*x13+b14*x14+b15*x15+b16*x16+b17*x17+b18*x18+b19*x19+b20*x20;
ex=exp(alfa*theta-beta-gamma*x12*Z);
p—ex/(1-+ex);
MODEL y ~ binary(p);



RANDOM theta gamma ~ normal([Z*mutheta,Z*mugammal,
[1-Z+Z*sdtheta**2,Z*cothga,Z*sdgamma**2]) subject=person;
RUN;

2 Exercise 2

Model Specification uniform/nonuniform DIF in items 6-15

Let Z denote the grouping variable (Z=1,2,3) and let D; and D3 be two dummy variables that
can be used to code the information in Z, that is, Dy = Dy =0 for Z = 3; Dy =1 and Dy = 0 for
Z =1; D; =0 and D2 =1 for Z = 2. For models assuming uniform/nonuniform DIF, the logit of
the success probability 7,z can be specified as follows:

type of DIF  item 1-5 item 6-15
uniform  a;6, — G aiby, — [Bi + D167 + Dy,6%7] (3)
nonuniform o0, — 3; [o; + D1p5§?) + Dgp(sé?)]@p —[Bi + D1p5gf) + Dgpééf)]
SAS code

The following code can be used to simultaneously estimate and test for nonuniform DIF when
comparing groups A and C and when comparing groups B and C:
PROC NLMIXED data=dif method=gauss noad technique=newrap gpoints=20;
PARMS b1-b15=0al-al5=1dla6-d1al5=0d2a6-d2al5=0d1b6-d1b15=0 d2b6-d2b15=0 mul-mu2=0
sd1-sd2=0.5;
alfa=al*x1+a2*x2+a3*x3+ad*x4+ab*x5+ab*x6+a7*x7+a8*x8+a9*x9+al10*x10
+all*x114+al2*x124+al3*x13+ald*x14+al5*x15;
dlalfa=D1*(d1a6*x6+d1a7*x7+d1a8*x8+d1a9*x9+d1al0*x10
+dlall*x11+dlal2*x12+d1al3*x134+dlald*x14+d1lal5*x15);
d2alfa=D2*(d2a6*x6+d2a7*x7+d2a8*x8+d2a9*x9+d2a10*x10
+d2al1*x114+d2al12*x124+d2a13*x13+d2al14*x14+d2a15%x15);
beta=b1*x1+4b2*x2+b3*x3+b4*x4+b5*x5+b6*x6+b7*x7+b8*x8+b9*x9+b10*x10
+b11*x11+4b12*x12+-b13*x13+b14*x14+b15*x15;
dlbeta=D1*(d1b6*x6+d1b7*x7+d1b8*x8+d1b9*x9+d1b10*x10
+d1b11*x114+d1b12*x124-d1b13*x134+-d1b14*x144+-d1b15*x15);
d2beta=D2*(d2b6*x6+d2b7*x7+d2b8*x8+d2b9*x9+d2b10*x10
+d2b11*x11+d2b12*x124+d2b13*x134+-d2b14*x144+-d2b15*x15);
ex=exp((alfa+dlalfa+d2alfa)*theta-beta-d1beta-d2beta);
p=ex/(1+ex);
MODEL y ~ binary(p);
RANDOM theta ~ normal(mul*D14+mu2*D2,14+D1*sd1**2+D2*sd2**2) subject=person;
ESTIMATE ‘sd1**2’ sd1**2;
ESTIMATE ‘sd2**2’ sd2**2;
RUN;

Modeling individual differences in DFF using effect coding

Suppose that, in the previous analysis, the last five items (items 11-15), which have a facet F' in
common, show equally signed uniform DIF when comparing groups A and B to group C and that
one would want to model the individual differences in the weight of the facet F. Using effect coding
to code the information in Z (D; = Dy =—1for Z=3; D; =1 and Dy =0 for Z =1; D; =0 and
Dy =1 for Z = 2), the logit of the success probability n,; is specified as follows:



Z items 1-10 items 11-15

1 azﬂp — ﬁi alﬂp — ﬁi — (Sp

2 wil, — B ailly — Bi —vp

3 Oéiop - 61 aiep - ﬂz + 5p + Tp

(4)

For the random effects we assume a multivariate normal distribution for each of the groups.
More specifically, for Z = 1 p(6,0) ~ N(uq,X1) with the identifiability restrictions ps, = 0 and
o5, =1;for Z =2 p(0,7) ~ N(py, X2) and for Z = 3 p(6,7,9) ~ N(p3, 33). For Z=2 and Z=3 the
parameters of the multivariate distributions can be estimated without further restrictions.

3 Exercise 3

Specification of a partial credit model for trichotomous verbal aggression data that
includes behavior-specific dynamic predictors

Let Ypspa and Ypepw (s = 1...,4;b = 1,...,3) denote the observed trichotomous responses
(with values 0,1,2) of person p to do and want-items of situation s and behavior b. In order to
dynamically model do-responses on the basis of want-responses, we specify the joint distribution
Pr(Ypsvw, Ypsba) for each situation s and behavior b as a product of two distributions, that is,
Pr(Ypsvw ) Pr(Ypsva|Ypsbw ). The distribution of the want-item is modeled with a PCM, that is, we
specify:
Pr(Ypsbw = 1)

1 NP
EPr(Yyepw = 0)

= 9;0 - Bsbwl

and
Pr(Ypspw = 2)

logs———— = 0, — Bsbw
OgPr(Ypsbwzl) p Bsbw2

(From these logits it follows that

Pr(Ypsbw = 0) = 1/’0(9P)
Pr(Y;usbw = 1) = eXp(e;D - ﬁsbwl)/v(ep)
PI‘(Y;Dsbw = 2) = GXp(29p - ﬁsbwl - ﬁsbw2)/v(917)

with v(0,) =1+ exp(8p — Bovw1) + exp(20p — Bsbwi — Bsbw2)-

To model the conditional distribution of the do-item given the want-item behavior-specific dy-
namic predictors are added to the logits of the PCM. The dynamic predictors are constructed as
follows. For each pair (s,b) define a variable X1 that equals 1 if Yje, = 1 and 0 otherwise
and a variable Xpso that equals 1 if Yj,q,, = 2 and O otherwise. The behavior-specific dynamic
predictors can be obtained summing X1 and X2 over situations, that is X141 = Zb Xpsv1 and
Xptb2 = Zb Xpsp2. The logits for the do-items are specified as follows:

Pr(ypsbd =1 |ypsbw)

lo =0, — Bspar — Op1 X, — 0p2 X
gPI‘(j = " 0| -+ ) P bd1l bl p+bl b2 A p+b2
I\ ¥Ypsbd = 2|Ypsbw
lo =0, — Bspaz — Op3 X, — 0pa X
gPI‘(j = " 1| -+ ) P bd2 b3 p+bl b4 p+b2
so that

Pr(Ypssa = Oypsvw) = 1/v(6p)
Pr(Ypsed = 1|ypstw) = exp(0p — Bsvar — 051 Xprp1 — b2 Xp102)/v(0p)
Pr(Ypsba = 2|ypstw) = xp(20p — Bspar — Bsvaz — (0p1 + 0v3) Xpro1 — (Sp2 + 0pa) Xpyv2)/v(0p)



with v(0) = 1+ exp(fp — Bsvar — 01 Xpiv1 — 2 Xpip2) +exp(20p — Bspar — Bsvaz — (dp1 + 0p3) Xpyo1 —
(02 + 0pa) Xpt02)

SAS Code

PROC NLMIXED data=verbal method=gauss technique=newrap noad gpoints=20 maxiter=100
maxfunc=2000;

PARMS b1_1-b1_24=0 b2_1-b2_24=0 dcurl-dcur4d=0 dscol-dsco4=0 dshol-dsho4=0 sd=.5;
ex1=th-x1*b1_1-x2*b1_2-x3*b1_3-x4*b1_4-x5*b1_5-x6*b1_6-x7*b1_7-x8*b1_8
-x9*b1.9-x10*b1_10-x11*b1_11-x12*b1_12-x13*b1_13-x14*b1_14-x15*b1_15-x16*b1_16
-x17*b1_17-x18*b1_18-x19*b1_19-x20*b1 20-x21*b1_21-x22*b1_22-x23*b1_23-x24*b1_24
-dcurl*dyn1_curse-dcur2*dyn2_curse-dscol *dyn1_scold-dsco2*dyn2_scold-dshol*dyn1_shout-dsho2*dyn2_shout;
ex2=th-x1*b2_1-x2*b2_2-x3*b2_3-x4*b2_4-x5*b2_5-x6*b2_6-x7*b2_7-x8*b2_8
-x9*b2.9-x10*b2_10-x11*b2_11-x12*b2_12-x13*b2_13-x14*b2_14-x15*b2_15-x16*b2_16
-x17*b2_17-x18*b2_18-x19*b2_19-x20*b2_20-x21*b2_21-x22*b2_22-x23*b2_23-x24*b2_24
-dcur3*dyn1_curse-dcur4*dyn2_curse-dsco3*dyn1 _scold-dsco4*dyn2_scold-dsho3*dyn1_shout-dsho4*dyn2_shout;
denom=(1+exp(ex1)+exp(exl+ex2));

if (y=0) then p=1/denom;

else if (y=1) then p=exp(ex1)/denom;

else if (y=2) then p=exp(exl+ex2)/denom;

if (p > le — 8) then ll=log(p);

else 11=-1e100;

MODEL y general(ll);

RANDOM th normal(0,sd**2) subject=pp;

ESTIMATE ’sd**2’ sd**2;

RUN;

In the above code the parameters dcurl-dcur4, dscol-dsco4 and dshol-dsho4 represent the dy-
namic effects d1p, . .., d4p for cursing, scolding and shouting, respectively.

Results

Estimation of the partial credit model with behavior-specific dynamic effects shows that this
model yields a better balance between complexity and fit in terms of AIC and BIC than the original
partial credit model: for the partial credit model AIC and BIC equal 12739 and 12923, respectively,
whereas for the model with dynamic effects AIC and BIC equal 12384 and 12613, respectively. Table
1 displays the parameter estimates for the dynamic effects along with their standard error and the
p-value for the test that the parameter equals zero. The results of the analysis indicate that, for all
behaviors, the odds of (actually) displaying a behavior to a moderate extent rather than not at all
increase if one also wanted to display the behavior to a moderate extent or to a strong extent. On
the other hand, for all behaviors, the odds of actually displaying the behavior to a strong extent
rather than to a moderate extent decrease if one wanted to display the behavior to a moderate
extent and are not significantly influenced if one wanted to display the behavior to a strong extent.

4 Exercise 4

Model specification for the WDM with behavior-specific dynamic effects and a random
dynamic effect for shouting

Let Wpi1, Whpi2, and W3 denote behavior-specific dynamic variables for cursing, scolding and
shouting that equal 1 for a do-item if the response to the corresponding want-item equals 1. The
logit of the probability of a 1-response for the dynamic model that includes behavior-specific fixed
effects for cursing and scolding and a behavior-specific random effect for shouting can be expressed



Table 1: Results of partial credit model with behavior-specific dynamic effects

parameter estimate standard error p-value

6curse,1 -.63 A7 .0003
Scurse.2 -1.03 21 <.0001
5curse,3 1.50 23 <.0001
5curse,4 .09 21 .67
dscold,1 -1.55 18 <.0001
Oscold,2 -1.52 .22 <.0001
dscold,3 1.51 .27 <.0001
Sscold.a .00 25 .98
Sshout,1 -1.79 22 <.0001
Sshout,2 -2.19 .26 <.0001
dshout,3 1.21 45 .01
Sshout 4 =27 40 51

as:
Npi = Op — Bi + 01 Wit + 02Whpia + 7p Whis.
SAS code

1. PROC NLMIXED data=dynam method=gauss noad technique=newrap gqpoints=20;

2. PARMS b1-b24=0 d1-d2=0 sdth=0.5 sdga=0.5 cothga=0 muga=0;

3. ex=exp(theta-b1*x1-b2*x2-b3*x3-b4*x4-b5*x5-b6*x6-b7*x 7-b8*x8-b9*x9-b10*x10- b11*x11-
b12*x12-b13*x13-b14*x14-b15*x15-b16*x16-b17*x17-b18*x18-b19*x19-b20*x20- b21*x21-b22*x22-
b23*x23-b24*x24+d1*W1+d2*W2+gamma*W3);

4. p=ex/(1+ex);

5. MODEL y ~ binary(p);

6. RANDOM theta gamma ~ normal([0,mugal,[sdth**2 cothga,sdga**2]) subject=pp;

7. predict theta out=empbayes;

8. id gamma;

9. RUN;

Results

Estimation of the model with a random dynamic effect for shouting indicates that this model
yields a better balance between complexity and fit in terms of AIC and BIC: For the original fixed-
effects model AIC and BIC equal 7975 and 8080, respectively whereas for the model including a
random dynamic effect, AIC and BIC equal 7955 and 8068, respectively. Table 2 displays the
dynamic effects and the estimated variance-covariance matrix for the distribution p(6,+). A com-
parison with the results of the fixed-effects model (see Table 7.8 in Chapter 7) indicates that the
dynamic effects are relatively unaffected by introducing a random effect for shouting. Note that the
mean of the y-dimension () corresponds to the fixed dynamic effect of shouting. Furthermore, the
analysis indicates that there is considerable variation on both the 6 and the v dimension: The esti-
mated variances are much larger than their standard errors. Finally, we see that the two estimated
dimension are not significantly correlated.



Table 2: Results of Want-Do model with random dynamic effect for shouting

parameter estimate standard error p-value

Ocurse 41 15 .01
Oscold 1.19 15 <.0001
oy 1.48 27 <.0001
o9 1.27 .07
Oy 1.60 .30
06~ .24 .33 .45

5 Exercise 5

Model specification DIF in behavior-specific dynamic effects for males versus females

Let Wpi1, Whpi2, and Wi,;3 be behavior-specific dynamic variables for cursing, scolding and shout-
ing that equal 1 for a do-item if the response to the corresponding want-item equals 1. Furthermore
let Z denote the dummy-coded gender variable (Z=0 for females and Z=1 for males). The logit of
the probability of a 1-response for the dynamic model can be expressed as:

3

Npilz = O0p — Bi + Z(5h + Y Zp)Wpin
h=1

SAS code

1. PROC NLMIXED data=dynam method=gauss noad technique=newrap gqpoints=20;
2. PARMS b1-b24=0 gl-g3=0 d1-d3=0 sd=0.5;

3. ex=exp(theta-b1*x1-b2*x2-b3*x3-b4*x4-b5*x5-b6*x6-b7*x7-b8*x8-b9*x9-b10*x10- b11*x11-
b12*x12-b13*x13-b14*x14-b15*x15-b16*x16-b17*x17-b18*x18-b19*x19-b20*x20- b21*x21-b22*x22-
b23*x23-b24*x24 +d1*W1+d2*W2+d3* W3+ gl *W1*Z+ g2¥W2*Z 4 g3*W3*Z);

4. p=ex/(1+ex);

5. MODEL y ~ binary(p);

6. RANDOM theta ~ normal(0,sd**2) subject=person;
7. RUN:

Results

The results of the analysis (see Table 3) indicate that, for cursing and scolding, the dynamic
effects are significantly larger for males than for females (at a = .05). In particular, we may cal-
culate that the odds ratio to actually curse rather than not curse given that one wanted to curse
versus given that one that did not want to curse is 1.24 for females (i.e. exp(.22)) and 3.32 (i.e.
exp(.22+.98)) for males. In the same way the odds ratio to actually scold rather than not scold given
that one wanted to scold versus given that one that did not want to scold is 2.74 (i.e. exp(1.01)) for
females and 6.42 (i.e. exp(1.01+1.86)) for males.

Model specification behavior-specific dynamic random effects that differ for males and
females



Table 3: Results of Want-Do model with behavior-specific dynamic effects that differ for males and
females

parameter estimate standard error p-value

Sourac 22 16 16
Oscold 1.01 .16 <.0001
Oshout 1.56 20 <.0001
Yeurse .98 24 <.0001
Vscold .85 .25 .001
Vshout 48 .28 .08

We will consider a random dynamic effect for scolding, for cursing a similar model can be for-
mulated. For a model with a random dynamic effect for scolding, the logit of the probability of a
1-response reads:

Npilz = Op — Bi + pWpiz + 61 Wit + 03 Wiz + 712, Wpir + 132, Wis

With Z the dummy-coded gender variable. It is assumed that p(6, v) ~ MVN([0, piy,], [05, , 06+, 02, ])
for females and that p(6,v) ~ MVN([0, i, ], [05 , 06+, ,02,]) for males.
SAS code

1. PROC NLMIXED data=dynam method=gauss noad technique=newrap gpoints=20;

2. PARMS b1-b24=0d1=0 d3=0 g1=0 g3=0 mugal0=0 mugal=0 sdth0=0.5 sdth1=0.5 sdga0=0.5
sdgal=0.5 cothga0=0 cothgal=0;

3. ex=exp(theta-b1*x1-b2*x2-b3*x3-b4*x4-b5*x5-b6*x6-b7*x7-b8*x8-b9*x9-b10*x10-
b11*x11-b12*x12-b13*x13-b14*x14-b15*x15-b16*x16-b17*x17-b18*x18
-b19*x19-b20*x20-b21*x21-b22*x22-b23*x23-b24*x24
+d1*W14d3*W3+g1*W1*Z+g3*W3*Z+gamma*W2);

4. p=ex/(1+ex);
5. MODEL y ~ binary(p);

6. RANDOM theta gamma~ normal([0,(1-Z)*muga0+Z*mugal], [(1-Z)*sdth0**2+Z*sdth1**2,
(1-Z)*cothga0**2+Z*cothgal **2, (1-Z)*sdga0**2+Z*sdgal **2]) subject=person;

7. RUN;

Results

Table 4 shows the estimates of the fixed dynamic effects and the variance-covariance matrix of
p(0,7) for males and females. The results of the present analysis lead to very similar conclusions
as the fixed effects analysis, but they also indicate that the dynamic effect of scolding considerably
differs among females.



Table 4: Results of a Want-Do model with a random dynamic effect for scolding

parameter estimate standard error p-value

Ocurse .22 .16 .16
Oshout 1.56 .20 <.0001
Yeurse .98 .24 <.0001
Vshout .5l .28 .07
T 98 21 <.0001
Moy 2.00 .30 <.0001
09, 1.28 08
00, 1.09 13
Tre 1.37 32
O 58 58
Too 76 36 03
0oy, -.18 .36 62




