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Table 1: Area under the ROC curve and Brier score (BS) for the DATATOP study.
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Table 2: The outcome-specific parameter estimates for the DATATOP study from Model 1.
Mean  SD 95% CI
For UPDRS
ap  17.247 0.341 16.563 17.902
by 7.624 0.207  7.251 8.035

For HY

a9 0.995 0.036 0.927 1.066
a3 4.087 0.079 3.935 4.243
Aoy 6.340 0.129 6.087 6.593

For SEADL

a1 —1.462 0.076 —-1.610 —-1.311
asy 0.583 0.071 0.450 0.720
as3 3.008 0.088 2.838 3.181
a3y 3.860 0.096 3.679 4.051
ass 6.020 0.132 5.770 6.283
ase 6.851 0.151 6.558 7.150
asy 8.474 0.203 8.082 8.874
bs 1.270 0.045 1.187 1.363




Predicted Probability for Ordinal Outcomes

The predicted probability being in each category for outcome HY is presented in Figure 1. For
example, Patient 169 had HY measurements equal to 2 at all visits. When only the baseline data
are used for prediction (the first plot in upper panels), our model tends to underpredict the disease
progression by assigning sizable probabilities to the less severe HY categories 1 and 1.5 even at
the end of the study, possibly due to low baseline UPDRS value of 33. After month 3 visit (the
second plot in upper panels), our model overpredicts disease progression by assigning abnormally
high probability to the severe category 3, possibly due to higher UPDRS values at months 1 and 3.
However, using the first 6 or 12 months’ data (the last two plots in upper panels), our model has good
fit by correctly assigning the largest posterior probability to HY category 2 for all visits from baseline
to month 12. Moreover, our model properly assigns higher probabilities to more severe categories 2.5
and 3 and negligible probabilities to less severe categories 1 and 1.5 for visits after month 12, due to
the deteriorating UPDRS measure. Similar interpretation can be made to the predicted probability
of being in each SEADL category displayed in Figure 2.
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Figure 1: Predicted probability of being in each HY category for Patient 169 (upper panels) and
Patient 718 (lower panels). Patient 169 had HY measurements equal to 2 at all 8 visits at months
0,1, 3, 6,9, 12, 15, and 16, while Patient 718 had HY measurements equal to 1 at all 9 visits at
months 0, 1, 3, 6, 9, 12, 15, and 18.
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Figure 2: Predicted probability of SEADL to be observed in a given category for Subject 169 (upper
panels) and Subject 718 (lower panels). Observed categories of SEADL for Subject 169 in the 8
follow-up visits are 90, 80, 80, 90, 80, 80, 80, 80 and for Subject 718 in the 9 visits are 95, 95, 95, 95,
90, 95, 95, 95, 95.



Table 3: Simulation results using the training dataset.
BIAS SD CP RMSE

For the latent disease severity

Bo = —1 0.007 0.114 0.945 0.114
f1=-02 —-0.010 0.118 0.970 0.118
Pa =0.8 0.003 0.022 0.970 0.022
B3 =—0.2 —0.001 0.015 0.940 0.015

o1 =15 0.009 0.060 0.950  0.060
oy =0.15 0.000 0.007 0.960  0.007
p=04 —0.003 0.048 0.935 0.048

For the survival process
v=—-0.12 —0.001 0.007 0.950 0.007
v=20.75 0.005 0.044 0.930 0.044

For the first outcome (continuous)

a; =15 —0.035 0.471 0.955 0471
by =7 —-0.024 0.183 0.960 0.184
0: =29 —0.000 0.099 0.960 0.099
For the second outcome (ordinal)

az =1 0.004 0.066 0.925  0.066
Qg3 = 2 0.014 0.089 0.930  0.090
a9y =4 0.028 0.124 0.940  0.127
Qg5 = 9 0.040 0.148 0.920  0.153
azs = 6 0.038 0.169 0.915 0.173

For the third outcome (ordinal)
ag; = —1 0.004 0.106 0.950  0.106

aze =1 0.001 0.110 0.940 0.110
ags = 3 0.011 0.131 0.950  0.132
asqy =4 0.012 0.144 0.960  0.144
ass = 6 0.023 0.194 0.930 0.195
ase = 8 0.022 0.232 0.950 0.233
by =1.2 —0.000 0.040 0.965 0.040
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Figure 3: A screenshot of the web-based calculator for prediction.



Table 4: Area under the ROC curve (AUC) for the simulation study.

t ot Model 1 Model JM Cox True AUC
3 9 0.922 0.909 0.892 0.934
12 0.920 0.908 0.875 0.943
15 0.915 0.903 0.853 0.952
18 0.907 0.896 0.830 0.959
6 9 0.926 0.911 0.883 0.930
12 0.930 0.915 0.868 0.940
15 0.932 0.916 0.847 0.950
18 0.930 0.914 0.825 0.958
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Figure 4: Bias between the predicted failure probability 7; (¢’ \y;{t}, X jt}) with true failure probability
when t' = 9 (upper panels) and ¢’ = 12 (lower panels) for 20 randomly selected subjects from each
of the 200 simulation datasets.



Stan code for the simulation study

data {

}

int<lower=0> N_train; // Number of subjects in training data
int<lower=0> obs; // Number of observations

int subject[obs]; // Subject ID

int<lower=0> K_ordi; // number of ordinal outcomes

real Y_contilobs];

int<lower=0> Y_ordil[obs, K_ordil;

int<lower=0> n_ordi; // Number of categories for ordinal outcomes
vector[2] zero;

real<lower=0> time[obs];

int<lower=0> treat[obs];

int<lower=0> treat_pts[N_train];

int<lower=0, upper=100> age_pts[N_train];

real tee[N_train]; // Survival time

int<lower=0> event[N_train]; // Censoring indicator

parameters {

}

vector<lower=-10, upper=10>[2] betaO;
vector<lower=-10, upper=10>[2] betal;
vector[2] U[N_train];

real<lower=0> varl;

real<lower=0> var2;

real<lower=-1, upper=1> rho;
real<lower=0> var_conti;

real gamma;

real nu;

real hO;

real a_conti;

real<lower=0> b_conti;

real a_ordi_temp;

real<lower=0> b_ordi_temp;
vector<lower=0>[n_ordi-2] deltal[K_ordil;

transformed parameters {

real<lower=0> sigl;

real<lower=0> sig2;

cov_matrix[2] Sigma_U;

real<lower=0> sd_conti;

vector[n_ordi-1] a_ordil[K_ordil;
vector<lower=0>[K_ordi] b_ordi;

real thetalobs];

real mu_contilobs];

real<lower=0, upper=1> psilobs, K_ordi, n_ordil;
vector<lower=0, upper=1>[n_ordi] prob_y[obs, K_ordil;

// construct the latent variable theta
for (i in 1:obs)
thetal[i] <- betaO[1] + betaO[2]*treat[i] + U[subject[i], 1] +
(betal[1] + betail[2]*treat[i]l + Ulsubject[i]l, 2])*timel[il;

// construct the means for the continuous variables
for (i in 1:obs)
mu_conti[i] <- a_conti + b_conti*thetali];

// construct the probability vector for the remaining ordinal variables
a_ordil[1l, 1] <- 0;

for (1 in 2:(n_ordi-1)) a_ordi[l, 1] <- a_ordi[1l, 1-1] + delta[1, 1-1]
for (k in 2:K_ordi) {

B



a_ordilk, 1] <- a_ordi_temp;

for (1 in 2:(n_ordi-1)) a_ordilk, 1] <- a_ordilk, 1-1] + deltalk, 1-11;
}
b_ordi[1] <- 1;
for (k in 2:K_ordi) b_ordilk] <- b_ordi_temp;

for (i in 1:o0bs) {
for (k in 1:K_ordi) {
for (1 in 1:(n_ordi-1)) {
psili, k, 1] <- inv_logit(a_ordil[k, 1] - b_ordi[k]*thetalil);
}

psili, k, n_ordi] <- 1;

prob_yl[i, k, 1] <- psili, k, 11;
for (1 in 2:n_ordi) {prob_y[i, k, 1] <- psili, k, 1] - psili, k, 1-1];}
}
}

sd_conti <- sqrt(var_conti);
sigl <- sqrt(varl);
sig2 <- sqrt(var2);

// construct the variance-covariance matrix
Sigma_U[1,1] <- sigl*sigl;
Sigma_U[1,2] <- rho*sigl*sig2;
Sigma_U[2,1] <- Sigma_U[1,2];
Sigma_U[2,2] <- sig2+*sig2;
}
model {
real h[N_train];
real S[N_train];
real LL[N_train];
Y_conti ~ normal(mu_conti, sd_conti);
for (i in 1:o0bs) {
for (k in 1:K_ordi) {
Y_ordil[i, k] ~ categorical(prob_yl[i, k]);
}
}

// construct random effects
U ~ multi_normal(zero, Sigma_U);

// construct survival part
for (i in 1:N_train) {
h[i] <- exp(gammaxage_pts[i] + nu*(betaO[1] + betaO[2]*treat_pts[i] + U[i, 1] +
(betal[1] + betal[2]*treat_pts[i] + U[i, 2])*teel[i]))*hO;
S[i] <- exp(-hO*exp(gammaxage_pts[i]+nu*(betaO[1]+betaO[2]*treat_pts[i]+U[i, 1])) *
(exp(nux*(betal[1]+betal [2] *treat_pts[i]+U[i, 2])*tee[i])-1) / (nux*(betal[1]+betal[2]*treat_pts[i]+U[i, 2])));
LL[i] <- log(pow(h[i],event[i])*S[i]); // event=1 for event; O for censored
}
increment_log_prob(LL);

// construct the priors

beta0 ~ normal(0, 10);

betal ~ normal(0, 10);

varl ~ inv_gamma(0.01, 0.01);

var2 ~ inv_gamma(0.01, 0.01);

rho ~ uniform(-1, 1);

var_conti ~ inv_gamma(0.01, 0.01);
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hO0 ~ gamma(0.01, 0.01);
nu ~ normal(0, 10);
gamma ~ normal(0, 10);

for (i in 1:(n_ordi-2)) deltal[l, i] ~ normal(0, 10) T[O,] ;
for (k in 2:K_ordi) {
b_ordi_temp ~ uniform(0, 10);
a_ordi_temp ~ normal(0, 10);
for (i in 1:(n_ordi-2)) deltalk, il ~ normal(0, 10) T[O0,] ;
}
}

Full Conditionals

For illustration purpose, we assume that there are one continuous outcome (denoted by v;1(t)) and
two ordinal outcomes (denoted by y;2(t) and y;3(t), respectively), while model (3) is formulated as
0;(t) = X,(t)B + Z;(t)u,;. Assuming non-informative prior distribution for the parameter vector ©,
denoted by f(©), the joint likelihood is

{ Z p[Ya(ti) = v ()| p[Yia(tis) = wia(ti) | p[Yis(ti;) = wus(t }}{h Si(t:) }p(u;)
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where

i (tij) — a1 — bﬂi(tij)]g }

Ji
Ly, = H W exp{ - 202
1—1 ﬁp zk w I[Yik(tij):l]
j=11=1
o 1[5 (ti5)=1]
_HH{ w(ti;) < U6i(tiy)] — p[Yin(tsy) Sl_lwi(tiﬂ')}}
j=11=1
Ji IYik (tij)=n]
— H Hl — expit [ag(n,—1) — bibi(ti;)] }
=1
1 I[Y;, (tig)=1]
11 {expit |ar — bibi(ti;)] — expit [arg—1) — bk@i(tij)}}
1=2

1Yk (ti5)=1]
. {expit [@kl — kaZ(tU)] } } s k= 2, 3,

Ls = {ho(ti) exp [Wey + vbi(t,)] }& exp {— /0 " () exp [W ey + v6r(5)] ds} ,

1 1 ryv—1 :|
U;) = ——F—€exp |—-u; X U,
p(u;) ST p[ 5
o exp()
eXplt()—TXp()

The full conditionals of all parameters are

LT (i (i) —b16i(ti o
1. f(ai|others) o« N <211 25t [yj\ff) ! (tf)} 7 N_ET) :

2. f(b|others) o N (Z"I 1 [y“(t”) @ ]0:(tsy) o2 > ,

S S 0iti))? TS S 0i(ti)?

1 Ji () —aq —b1 0 (L :
3. f(g—lg|others) o« Gamma (% +1, 2iz12t [y“(t;ﬂ) 1 blgl(tw)] ) :

4. [y, bylothers] o< [Ty Lyy;

5. [as, bs|others] o< [TI_; Lys;
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6. [B|others] o Hfil L, L,L,Lsg;

7. [y, v|others| HZ'I:1 Ls;
8. [uy|others] o { H}']i=1p[yi1<tij) = Y (tiy) | p[Yia(tis) = via(tiy) | p[Yis(tis) = wis(ti;)] }Ls p(u;);

9. [Zlothers] oc [T, p(uw:),

where Np = Y20 .
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