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5l 1: JAGS T

model{
k ~ dbin(theta,n)
theta ~ dbeta(1,1)

21



{5 1 : Stan COECHh

data {
int<lower=0> n;
int<lower=0> k;
}
parameaters {
real<lower=0,upper=1> theta;
}
model {
k ~ binomial(n,theta);
theta ~ beta(1,1);

22
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model{
for (i in 1:n){
for (j in 1:p){
Y[i, j] = dbern(prob[i, jl)
logit(prob[i, j]) <- alphal[j] * (thetal[il
}
theta[i] ~ dnorm (0.0, 1.0)

for (j in 1:p){
deltal[j] ~ dnorm(m.delta, pr.delta)
alphal[j]l] © dnorm(m.alpha, pr.alpha) I(0, )
}
pr.delta <- pow(s.delta, -2)
pr.alpha <- pow(s.alpha, -2)

- deltaljl)

Table 1: Two paramecter logistic IRT model.

(Curtis, 2010, J Stat Soft)



i model{

2 for (t in 1:T){

3 for (i in 1:n){

4 for (j in 1:p){

JAGS(BUGS)(C KD

5 Y[i, j, t] = dbern(probl[i, j, t]) N —— —
6 logit (prob[i, j, t]) <- alphalj] * (thetali, - * I IRT——T} b
—

deltaljl)

9 }
1 for (i in 1:n){
13 ¥

15 mu.theta[l] <- 0.0
16 for (t in 2:T){
17 mu.thetal[t] ~
18 ¥

19 pr.mu.theta <- pow(s.mu.theta, -2)

21 sigsq.theta[1] <- 1.0
22 Sigma.theta[1l, 1] <- 1.0
23 for (i in 2:T){

2 thetal[i, 1:T] ~ dmnorm(mu.thetal[], Pr.thetal,])

dnorm(m.mu.theta, pr.mu.theta)

24 sigsq.theta[i] ~ dgamma(a.sigsq.theta, b.sigsq.theta)

25 Sigma.thetal[i, i] <- sigsq.thetalil]

26 for (j in 1:(i-1)){

a7 Sigma.thetal[i, j] <- sqrt(sigsq.thetalil])
thetal[j]) * pow(rho, i - j)

28 Sigma.thetal[j, i] <- Sigma.thetal[i, j]

29 }

a0 }

21 Pr.theta[1:T, 1:T] <- inverse(Sigma.thetal,])
22 rho ~ dunif(-1.0, 1.0)

34 for (j in 1:p){

a5 alphalj] = dnorm(m.alpha, pr.alpha) I(0, )
36 delta[j] = dnorm(m.delta, pr.delta)

a7 ¥

a8 pr.alpha <- pow(s.alpha, -2)

30 pr.delta <- pow(s.delta, -2)

o }

* sqrt(sigsq.

Table 8: Longitudinal two parameter logistic regression model with heterogeneous AR(1)

covariance structure.

(Curtis, 2010, J Stat 'Soft)
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Listing I: Stan Code for the 3PL IRT Model
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data {

int<lower=0 > n_student;

int<lower=0 > n_item;

int<lower=0,upper=1 > Y[n_student,n_item];
}

parameters {

vector[n_student] theta;

vector <lower=0 > [n_item] alpha;
vector[n_item] beta;

vector<lower=0,upper=1 > [n_item] gamma;

real mu_beta;

real<lower=0 > sigma_alpha;
real<lower=0 > sigma_beta;

}

model {

theta ~ normal(0, 1);

beta ~ normal(mu_beta,sigma_beta);
mu_beta ~ normal(0,5);
sigma_beta ~ cauchy(0,5);

alpha ~ lognormal(0,sigma_alpha);
sigma_alpha ~ cauchy(0,5);
gamma ~ beta(5,23);

for(i in I:n_student){

for (jin I:n_item){

/litem pseudo-guessing

(Luo & Jiao, 2017, Educ Psych I\%)eas)

(continued)



Listing 2: Stan Code for the Graded Response Model

I data{

2 int<lower=2, upper=4 > K; /Inumber of categories
3 int <lower=0 > n_student;

4 int <lower=0> n_item;

5 int<lower=1,upper=K > Y[n_student,n_item];

6 }

7 parameters {

8 vector[n_student] theta;

9 real<lower=0 > alpha [n_item];

10 ordered[K-1] kappa[n_item]; /lcategory difficulty

I real mu_kappa; //mean of the prior distribution of category difficulty
12 real<lower=0 > sigma_kappa; //sd of the prior distribution of category difficulty
13 }

14 model{

15 alpha ~ cauchy(0,5);

16 theta ~ normal(0,1);

17 for (iin 1: n_item){

18 for (k in I:(K-1)){

19 kappa[ik] ~ normal(mu_kappa,sigma_kappa);

20 3}

21 mu_kappa ~ normal(0,5);

22 sigma_kappa ~ cauchy(0,5);

23 for (i in |:n_student){

24 for (jin I:n_item){

25 Y[ij] ~ ordered_logistic(theta[i]*alpha[j],kappalj]);
26 3

27 }

(Luo & Jiao, 2017, Educ Psych I\%eas)
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