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Appendix A - Additional figures

Baseline response estimates for contrast-based unadjusted methods
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Figure Al: Dashed-line represents mean baseline response my from applying CBunadjEz1.



Baseline response estimates for contrast-based methods applied to the
artificial dataset
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Figure A2: Dashed-line represents mean baseline response my from applying CBunadjEx2.



Appendix B - Additional tables

Parameter estimates for contrast-based unadjusted methods

Table B1: Median and 95% credible interval estimates for model parameters corresponding to
the contrast-based unadjusted methods.

Parameter CBunadjInd1 CBunadjEx1 CBunadjInd2 CBunadjEx2
ot -1.06 (-1.37,-0.76) -1.04 (-1.31,-0.75) -0.90 (-1.52,-0.28) -0.91 (-1.60, -0.25)
o)) -1.11 (-1.33,-0.91) -1.08 (-1.29, -0.87) -0.77 (-1.39, -0.15) -0.75 (-1.45, -0.11)
o3 -1.10 (-1.58, -0.64) -1.00 (-1.38,-0.65) -1.09 (-1.58,-0.66) -0.99 (-1.39, -0.64)
04 -1.55 (-2.20, -0.99) -1.22 (-1.70, -0.81) -1.55 (-2.21,-0.96) -1.20 (-1.69, -0.81)
o5 -0.90 (-1.22, -0.60) -0.89 (-1.15,-0.62) -0.91 (-1.20, -0.60) -0.87 (-1.13, -0.62)
6 -1.13 (-2.05, -0.21)  -0.95 (-1.53, -0.45) -1.12 (-2.01, -0.21) -0.92 (-1.48, -0.39)
o7 -0.59 (-1.17,-0.01) -0.73 (-1.13,-0.29) -0.58 (-1.16, -0.02) -0.70 (-1.10, -0.25)
os -0.92 (-1.30, -0.58) -0.91 (-1.23,-0.62) -0.92 (-1.28,-0.59) -0.89 (-1.21, -0.58)
TN -1.18 (-1.54, -0.80) -1.13 (-1.46,-0.81) -1.17 (-1.56,-0.80) -1.12 (-1.43, -0.81)
?10 -0.39 (-0.76, -0.03) -0.53 (-0.83, -0.18) -0.39 (-0.74, -0.03) -0.51 (-0.85, -0.18)
11 -0.11 (-0.41, 0.19)  -0.29 (-0.59, 0.03)  -0.11 (-0.41, 0.19)  -0.27 (-0.57, 0.03)
012 -0.87 ( 1.35,-0.40) -0.88 (-1.27,-0.50) -0.87 (-1.37,-0.41) -0.88 (-1.25, -0.49)
¢13 -0.59 (-1.03, -0.20) -0.65 (-1.01, -0.32) -0.59 (-1.01, -0.19) -0.62 (-0.98, -0.27)
P14 -1.07 (-1.38,-0.75) -1.02 (-1.29, -0.76) -1.06 (-1.38,-0.77) -1.00 (-1.29, -0.74)
dq 0.00 ( 0.00, 0.00) 0.00 ( 0.00, 0.00) 0.00 ( 0.00, 0.00) 0.00 ( 0.00, 0.00)
dso 1.38 ( 0.67, 2.07) 1.35 ( 0.78, 1.92) 1.12 ( 0.27, 1.98) 1.12 ( 0.33, 1.92)
ds 1.04 ( 0.41, 1.67) 1.06 ( 0.54, 1.56) 1.04 ( 0.37, 1.70) 1.06 ( 0.52, 1.56)
dy 1.59 ( 0.87, 2.31) 1.43 ( 0.90, 1.95) 1.59 ( 0.90, 2.29) 1.41 ( 0.85, 1.97)
ds 1.13 ( 0.68, 1.58) 1.19 ( 0.83, 1.54) 1.13 ( 0.68, 1.60) 1.16 ( 0.81, 1.52)
o 0.42 ( 0.20, 0.81) 0.32 ( 0.14, 0.64) 0.42 ( 0.19, 0.84) 0.32 ( 0.10, 0.70)




Parameter estimates for arm-based unadjusted methods

Table B2: Median and 95% credible interval estimates for model parameters corresponding to
the arm-based unadjusted models.

Parameter ABunadjl ABunadj2
01 -0.87 (-1.09, -0.66) -0.83 (-1.08, -0.58)
02 0.34 (-0.16, 0.80) 0.28 (-0.26, 0.82)
03 0.24 (-0.21, 0.67) 0.25 (-0.19, 0.69)
04 0.44 (-0.03, 0.89) 0.46 (-0.04, 0.91)
05 0.37 ( 0.05, 0.67) 0.36 ( 0.05, 0.70)
21 -0.13 (-0.48, 0.19)  -0.14 (-0.68, 0.39)
vy -0.20 (-0.66, 0.29) 0.15 (-0.39, 0.71)
V3 0.09 (-0.37, 0.60) 0.04 (-0.42, 0.49)
V4 -0.22 (-0.52, 0.06)  -0.23 (-0.68, 0.20)
Us 0.04 (-0.39, 0.51)  -0.05 (-0.53, 0.44)
Vg -0.20 (-0.64, 0.19) -0.46 (-0.99, -0.01)
vy -0.04 (-0.50, 0.45) 0.03 (-0.42, 0.53)
Vg -0.43 (-0.97, 0.03)  -0.04 (-0.38, 0.31)
Vg 0.04 (-0.41, 0.53)  -0.14 (-0.70, 0.41)
V10 0.00 (-0.33, 0.33) 0.00 (-0.63, 0.60)
V11 -0.12 (-0.66, 0.39) 0.08 (-0.32, 0.49)
V12 0.01 (-0.58, 0.58) 0.15 (-0.34, 0.66)
Vi3 0.08 (-0.32, 0.49) 0.02 (-0.38, 0.38)
Vig 0.16 (-0.33, 0.68)  -0.08 (-0.47, 0.29)
V15 0.02 (-0.35, 0.37) -0.54 (-0.93, -0.19)
Vig -0.06 (-0.43, 0.32)  -0.25 (-0.64, 0.15)
vi7 -0.54 (-0.90, -0.19) 0.13 (-0.33, 0.59)
Vi -0.21 (-0.60, 0.18) 0.36 ( 0.00, 0.77)
V19 0.14 (-0.32, 0.60) 0.13 (-0.26, 0.50)
V2 0.40 ( 0.03, 0.78) 0.64 ( 0.30, 1.03)
Vo1 0.12 (-0.25, 0.49)  -0.13 (-0.67, 0.34)
Voo 0.67 ( 0.34, 1.04)  -0.01 (-0.44, 0.42)
Va3 -0.13 (-0.62, 0.34) 0.49 ( 0.11, 0.90)
Vo4 0.01 (-0.41, 0.43) 0.13 (-0.30, 0.56)
Va5 0.48 ( 0.10, 0.90)  -0.03 (-0.38, 0.32)
Vag 0.15 (-0.26, 0.56)  -0.21 (-0.58, 0.13)
Voy -0.03 (-0.37, 0.33)

Vos -0.18 (-0.51, 0.14)

T 0.34 ( 0.22, 0.53) 0.35 (1 0.23, 0.55)
p 0.29 (-0.42, 0.80) 0.31 (-0.40, 0.82)




Parameter estimates for contrast-based methods applied to the artificial

dataset

Table B3: Median and 95% credible interval estimates for model parameters corresponding to

the contrast-based unadjusted and adjusted methods.

Parameter CBunadjEx2 CBadjEx2 CBadjEbEx2
me -0.83 (-1.08, -0.59) -0.84 (-1.07, -0.62) -0.83 (-1.06, -0.62)
o 0.33 ( 0.18, 0.60) 0.28 ( 0.12, 0.56) 0.27 ( 0.12, 0.56)
P1 -0.91 (-1.60, -0.25) -0.94 (-1.57,-0.36) -0.92 (-1.54, -0.39)
P2 -0.75 (-1.45,-0.11)  -0.75 (-1.32,-0.14) -0.74 (-1.33, -0.12)
b3 -0.99 (-1.39, -0.64) -0.94 (-1.34,-0.62) -0.94 (-1.33, -0.60)
oy -1.20 (-1.69, -0.81) -0.95 (-1.47,-0.50) -0.95 (-1.47, -0.52)
b5 -0.87 (-1.13,-0.62) -0.66 (-1.00, -0.27) -0.65 (-1.01, -0.28)
b6 -0.92 (-1.48,-0.39) -0.93 (-1.47,-0.45) -0.93 (-1.49, -0.44)
o7 -0.70 (-1.10, -0.25) -0.77 (-1.20, -0.35) -0.77 (-1.18, -0.36)
bs -0.89 (-1.21, -0.58) -1.01 (-1.39, -0.70) -1.01 (-1.38, -0.70)
b9 -1.12 (-1.43,-0.81) -1.06 (-1.40,-0.75) -1.06 (-1.39, -0.75)
d10 -0.51 (-0.85, -0.18)  -0.55 (-0.87, -0.20) -0.54 (-0.86, -0.20)
é11 -0.27 (-0.57, 0.03) -0.66 (-1.11, -0.15) -0.66 (-1.10, -0.17)
P12 -0.88 (-1.25,-0.49) -0.82 (-1.18,-0.47) -0.82 (-1.20, -0.46)
P13 -0.62 (-0.98, -0.27) -0.62 (-0.96, -0.27) -0.62 (-0.95, -0.26)
D14 -1.00 (-1.29, -0.74) -1.06 (-1.36, -0.80) -1.06 (-1.37, -0.79)
dy 0.00 ( 0.00, 0.00) 0.00 ( 0.00, 0.00) 0.00 ( 0.00, 0.00)
ds 1.12 ( 0.33, 1.92) 1.10 ( 0.35, 1.86) 1.08 ( 0.29, 1.84)
ds 1.06 ( 0.52, 1.56) 1.07 ( 0.50, 1.62) 1.06 ( 0.53, 1.65)
dy 1.41 ( 0.85, 1.97) 1.48 (1 0.93, 2.08) 1.49 (1 0.92, 2.08)
ds 1.16 ( 0.81, 1.52) 1.13 (1 0.73, 1.52) 1.12 ( 0.72, 1.55)
o 0.32 ( 0.10, 0.70) 0.36 ( 0.16, 0.73) 0.37 ( 0.16, 0.75)
a? -0.10 (-0.20, 0.00)  -0.10 (-0.21, 0.00)
av 0.00 (-0.02, 0.01)




Parameter estimates for arm-based methods applied to the artificial

dataset

Table B4: Median and 95% credible interval estimates for model parameters corresponding to

the arm-based unadjusted and adjusted models.

Parameter ABunadj2 ABadj2 ABadjEb2
6, -0.83 (-1.08, -0.58)  -0.85 (-1.09, -0.61) -0.85 (-1.09, -0.60)
6 0.28 (-0.26, 0.82)  0.27 (-0.24, 0.80)  0.26 (-0.29, 0.78)
63 0.25 (-0.19, 0.69)  0.26 (-0.17, 0.69)  0.27 (-0.17, 0.69)
04 0.46 (-0.04, 0.91)  0.59 ( 0.10, 1.07)  0.60 ( 0.10, 1.07)
05 0.36 ( 0.05,0.70)  0.32 ( 0.02, 0.63)  0.32 ( 0.01, 0.65)
v -0.14 (-0.68, 0.39)  -0.22 (-0.76, 0.31)  -0.22 (-0.77, 0.33)
Vs 0.15 (-0.39, 0.71)  0.21 (-0.32, 0.72)  0.22 (-0.30, 0.77)
V3 0.04 (-0.42, 0.49)  0.04 (-0.39, 0.48)  0.04 (-0.37, 0.49)
V4 -0.23 (-0.68, 0.20)  -0.18 (-0.60, 0.22)  -0.18 (-0.64, 0.24)
vs -0.05 (-0.53, 0.44)  0.09 (-0.41, 0.62)  0.08 (-0.40, 0.58)
e -0.46 (-0.99, -0.01)  -0.31 (-0.90, 0.15)  -0.32 (-0.91, 0.19)
Vs 0.03 (-0.42, 0.53)  0.09 (-0.38, 0.57)  0.08 (-0.37, 0.53)
Vs -0.04 (-0.38,0.31)  0.12 (-0.26, 0.51)  0.12 (-0.29, 0.56)
vy -0.14 (-0.70, 0.41)  -0.23 (-0.81, 0.32)  -0.24 (-0.85, 0.27)
V10 0.00 (-0.63, 0.60)  -0.02 (-0.62, 0.60)  -0.01 (-0.62, 0.60)
Vi1 0.08 (-0.32, 0.49)  0.11 (-0.27, 0.53)  0.12 (-0.27, 0.51)
V1o 0.15 (-0.34, 0.66)  0.09 (-0.40, 0.57)  0.09 (-0.39, 0.59)
Vi3 0.02 (-0.38, 0.38)  -0.07 (-0.46, 0.31)  -0.07 (-0.44, 0.31)
Vig -0.08 (-0.47,0.29)  -0.14 (-0.54, 0.25)  -0.14 (-0.54, 0.22)
vis -0.54 (-0.93, -0.19)  -0.45 (-0.85, -0.10)  -0.45 (-0.86, -0.09)
Vig -0.25 (-0.64, 0.15)  -0.24 (-0.63, 0.14)  -0.24 (-0.63, 0.13)
Vit 0.13 (-0.33, 0.59)  0.09 (-0.38, 0.54)  0.08 (-0.36, 0.54)
Vig 0.36 ( 0.00, 0.77)  0.39 ( 0.02,0.78)  0.38 ( 0.00, 0.79)
Vig 0.13 (-0.26, 0.50)  -0.09 (-0.52, 0.37)  -0.08 (-0.54, 0.35)
20 0.64 ( 0.30,1.03)  0.39 (-0.07, 0.89)  0.39 (-0.06, 0.90)
Va1 -0.13 (-0.67, 0.34)  -0.06 (-0.58, 0.40)  -0.08 (-0.56, 0.41)
Va9 -0.01 (-0.44, 0.42)  -0.01 (-0.43, 0.39)  -0.01 (-0.43, 0.40)
Vas 0.49 ( 0.11,0.90)  0.54 ( 0.16,0.95)  0.54 ( 0.17, 0.96)
Vos 0.13 (-0.30, 0.56)  0.16 (-0.27, 0.57)  0.16 (-0.27, 0.59)
Vo5 -0.03 (-0.38, 0.32)  -0.04 (-0.38, 0.29)  -0.04 (-0.39, 0.29)
Vag -0.21 (-0.58, 0.13)  -0.25 (-0.59, 0.09)  -0.24 (-0.60, 0.08)
T 0.35 (10.23,0.55)  0.33 (0.21, 0.55)  0.34 ( 0.21, 0.54)
P 0.31 (-0.40, 0.82)  0.23 (-0.49, 0.82)  0.24 (-0.50, 0.80)
BA -0.06 (-0.14, 0.02)  -0.06 (-0.14, 0.02)
Y 0.00 (-0.02, 0.01)




Deviance information criterion (DIC) statistics for methods applied to
artificial dataset

Table B5: DIC statistics, by likelihood, for the constrast- and arm-based models applied to the
artificial dataset, 1220 IPD data points and 24 AD data points.

Model Likelihood D pD DIC

CBunadjEx2  bernoulli 1652.26  0.65 1652.91
CBadjEx2 bernoulli 1653.93  2.29 1656.22
CBadjEbEx2 bernoulli 1652.35 1.08 1653.43
ABunadj2 bernoulli 1651.67  0.04 1651.70

ABadj2 bernoulli 1653.69  2.03 1655.72
ABadjEb2 bernoulli 1654.79  3.50 1658.29
CBunadjEx2  binomial 27.53 18.07 45.60
CBadjEx2 binomial 25.55 18.11 43.65
CBadjEbEx2  binomial 25.57 18.16 43.73
ABunadj2 binomial 24.27 18.57 42.85
ABadj2 binomial 24.27 18.69 42.97
ABadjEb2 binomial 24.20 18.69 42.89




Appendix C - Stan program code

Contrast-based unadjusted method with exchangeable baseline response
parameters (CBunadjEx)

data{
// IPD
int <lower=1> n_patients_ipd;
int <lower=1> study.ipd[n_patients_ipd];
int <lower=1> treatment_ipd|[n_patients_ipd];
int <lower=1> Dbaseline_ipd[n_patients_ipd];
int <lower=1> arm_ipd[n_patients_ipd];
int <lower=0, upper=1> index_ipd[n_patients_ipd];
int <lower=0> Y[n_patients_ipd];
// AD
int <lower=1> n_arms_ad;
int <lower=1> study_ad[n_arms_ad ];
int <lower=1> treatment_ad[n_arms_ad];
int <lower=1> Dbaseline_ad [n_arms_ad];
int <lower=0, upper=1> index_ad[n_arms_ad];
int <lower=1> n[n_arms_ad |;
int <lower=0> r[n_arms_ad|;
// Prior parameters
real <lower=0> prior_norm-_sd;
real <lower=0> prior_unif_upper;

}

transformed data{

int <lower=2> n_treatments = max(append_array(treatment_ipd, treatment_ad));
// IPD

int <lower=2> n_studies_ipd = max(study_ipd);

int <lower=2> n_arms_ipd = max(arm_ipd );

// AD

int <lower=2> n_studies_ad = max(study_ad);

}

parameters{
vector [n_studies_ipd + n_studies_ad] u_phi;
vector [n_arms_ipd + n_arms_ad] u_delta;
vector [n_treatments — 1] d_est;
real <lower=0> sigma;
real m_phi;
real <lower=0> sigma_phi;

transformed parameters{
vector [n_studies_ipd + n_studies_ad] phi;



vector [n_treatments| d;

vector [n_arms_ipd + n_arms_ad] m_delta;

vector [n_patients_ipd] lin_pred_ipd;

[
[
vector [n_arms_ipd + n_arms_ad] delta;
[
vector [n_arms_ad] lin_pred_ad;

///I S L ) L ) ) )
T i it

// RANDOM BASELINE RESPONSE
%

phi = m_phi 4+ sigma_phi * u_phi;

L ]

// BASIC PARAMETERS
R

d[1] = 0;

for (t in 2:n_treatments) d[t] = d_est[t — 1];

e
// NEIWORK CONSISTENCY

///I ) ) ]
[T AT

for (patient in l:n_patients_ipd){

}

for (arm in 1:n_arms_ad){

m_delta[arm_ipd [ patient ]] = d[treatment_ipd[patient ]]

— d[baseline_ipd [patient ]];

m_delta[n_arms_ipd + arm] = d[treatment_ad[arm]] — d[baseline_ad [arm]];

}

///I S L ) ) g ) ) )
[T i i i i i i i i i i i 1 17

// RANDOM TREATMENT EFFECTS

///I 1L I/ 1L /I i I/ 1L /I 1L I/ 1L /I Ll I/ 1L /I Ll I/ 1L /I L]
T i it

for (arm in 1:n_arms_ipd){

}

for (arm in 1l:n_arms_ad){

delta[arm]| = m_delta[arm] 4+ sigma * u_delta[arm];

delta[n_arms_ipd + arm] = m_delta[n_arms_ipd + arm] +

sigma * u_delta[n_arms_ipd 4+ arm];

}

) ) ) ) )
//I T i it

// LINEAR PREDICTORS
HHHFHEEH R

for (patient in l:n_patients_ipd){

10



lin_pred_ipd [patient] = phi[study_ipd[patient]] +
delta [arm_ipd [patient]] * index_ipd[patient];
}

for (arm in 1l:n_arms_ad){
lin_pred_ad [arm] = phi[n_studies_ipd + study_-ad[arm]] +
delta[n_arms_ipd + arm] * index_ad[arm];
}

}

model {
// Implicit logit tranformation onto linear predictor scale.
Y 7 bernoulli_logit (lin_pred_ipd);
r 7 binomial_logit(n, lin_pred_ad);

// Random variability for baseline response.
u_phi 7 std_normal ();

// Random variability for relative effects.
u_delta = std_normal ();

// Prior distributions

d_est 7 normal (0, prior_norm_sd);
sigma ~ uniform (0.0001, prior_unif_upper);
m_phi ~ normal (0, prior_norm_sd);

sigma_phi ~ uniform (0.0001, prior_unif_upper);

}

generated quantities{
// Absolute treatment effects.
vector [n_treatments] theta;

for (t in l:n_treatments) theta[t] = m_phi + d[t];

11



Contrast-based adjusted method with exchangeable baseline response
parameters (CBadjEx)

data{

// IPD

int
int
int
int
int
int
int

<lower=1>
<lower=1>
<lower=1>
<lower=1>
<lower=1>

n_patients_ipd;

study_ipd [n_patients_ipd ];
treatment_ipd [n_patients_ipd ];
baseline_ipd [n_patients_ipd ];
arm_ipd [n_patients_ipd |;

<lower=0, upper=1> index_ipd[n_patients_ipd];

<lower=0>

// AD

int
int
int
int
int
int
int

<lower=1>
<lower=1>
<lower=1>
<lower=1>

Y[n_patients_ipd];

n_arms_ad;

study_ad [n_arms_ad | ;
treatment_ad [n_arms_ad |;
baseline_ad [n_arms_ad |;

<lower=0, upper=1> index_ad[n_arms_ad |;

<lower=1>
<lower=0>

n[n_arms_ad |;
r[{n_arms_ad];

// Prior parameters
real <lower=0> prior_norm-_sd;

real <lower=0>

prior_unif_upper;

// Covariate matrices

int <lower=1> n_cov;

vector [n_cov] X_.ipd[n_patients_ipd ];
vector [n_cov]| X_ad|[n_arms_ad];

}

transformed data{

int <lower=2> n_treatments = max(append_array(treatment_ipd, treatment_ad));
// IPD

int <lower=2> n_studies_ipd = max(study_ipd);

int <lower=2> n_arms_ipd = max(arm_ipd );

// AD

int <lower=2> n_studies_ad = max(study_ad);

}

parameters{
row_vector [n_cov] alpha;
vector [n_studies_ipd 4+ n_studies_ad] u_phi;
vector [n_arms_ipd + n_arms_ad] u-delta;
vector [n_treatments — 1] d_est;
real <lower=0> sigma;
real m_phi;
real <lower=0> sigma_phi;

12



transformed parameters{

vector [n_studies_ipd + n_studies_ad] phi;

vector [n_treatments] d;

vector [n_arms_ipd + n_arms_ad] m_delta;
vector [n_arms_ipd + n_arms_ad] delta;
vector [n_patients_ipd] lin_pred_ipd;
vector [n_arms_ad] lin_pred_ad;

/f
// RANDOM BASELINE RESPONSE

///I S L ) ) L ) ) )
T it

phi = m_phi + sigma_phi % u_phi;

yani S ) )
[T A AT

// BASIC PARAMETERS

//II I/ 1L /I 1L I/ I/ /I /I II I/ Ll /I 1L I/ 1L /I
T it

d[1] = 0;
for (t in 2:n_treatments) d[t] = d_est[t — 1];

///I NN NIRRT
T it

// NETWORK CONSISTENCY
|

for (patient in 1l:n_patients_ipd){
m_delta[arm_ipd [ patient]] = d[treatment_ipd[patient]] — d[baseline_ipd [patient]];
}

for (arm in 1:n_arms_ad){
m_delta[n_arms_ipd + arm] = d[treatment_ad[arm]|] — d[baseline_ad [arm]];

}

J ) ) )
/I//I TH A it

// RANDOM TREATMENT EFFECTS

///I S L) g g ) L ) )
[T A A A AT

for (arm in 1:n_arms_ipd){
delta [arm] = m_delta[arm] + sigma % u_delta[arm];

}

for (arm in 1:n_arms_ad){
delta [n_arms_ipd + arm]| = m_delta[n_arms_ipd + arm] +

sigma * u_delta[n_arms_ipd + arm];

}

//I/ S ]
[T A AT

// LINEAR PREDICTORS

13



AU
//I 1T T Ir e uruT

for (patient in l:n_patients_ipd){
lin_pred_ipd [patient] = phi[study_ipd|[patient]] +
alpha % X_ipd[patient] +
delta [arm_ipd [patient]] * index_ipd|[patient];

}

for (arm in 1l:n_arms_ad){

lin_pred_ad [arm] = phi]
alpha * X_ad[arm] +

delta [n_arms_ipd + arm] * index_ad[arm];

n_studies_ipd + study_-ad[arm]] +

}
}

model {
// Implicit logit tranformation onto linear predictor scale.
Y 7 bernoulli_logit (lin_pred_ipd);
r 7 binomial_logit(n, lin_pred_ad);

// Random variability for baseline response.
u_phi 7 std_normal ();

// Random variability for relative effects.
u_delta ~ std_normal ();

// Prior distributions

d_est 7 normal (0, prior_norm_sd);

sigma ~ uniform (0.0001, prior_unif_upper);
m_phi 7 normal (0, prior_norm_sd);

sigma_phi ~ uniform (0.0001, prior_unif_upper);
alpha ~ normal (0, prior_norm._sd);

}

generated quantities{
// Absolute treatment effects.
vector [n_treatments] theta;

for (t in l:n_treatments) theta[t] = m_phi + d[t];
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Contrast-based adjusted ecological bias method with exchangeable base-

line response parameters (CBadjEbE<x)

data{

// IPD

int
int
int
int
int
int
int

<lower=1>
<lower=1>
<lower=1>
<lower=1>
<lower=1>
<lower=0,
<lower=0>

// AD

int
int
int
int
int
int
int

<lower=1>
<lower=1>
<lower=1>
<lower=1>
<lower=0,
<lower=1>
<lower=0>

n_patients_ipd;
study_ipd [n_patients_ipd ];
treatment_ipd [n_patients_ipd ];
baseline_ipd [n_patients_ipd ];
arm_ipd [n_patients_ipd |;
upper=1> index_ipd [n_patients_ipd ];
Y[n_patients_ipd];

n_arms_ad;

study_ad [n_arms_ad | ;

treatment_ad [n_arms_ad |;

baseline_ad [n_arms_ad |;
upper=1> index_ad [n_arms_ad];

n[n_arms_ad |;

r[{n_arms_ad];

// Prior parameters
real <lower=0> prior_norm-_sd;

real <lower=0>

prior_unif_upper;

// Covariate matrices

int <lower=1> n_cov;

vector [n_cov] X_.ipd[n_patients_ipd ];
vector [n_cov]| X_ad|[n_arms_ad];

vector [n_cov] Xbar_ipd[n_patients_ipd ];

}

transformed data{

int <lower=2> n_treatments = max(append_array(treatment_-ipd, treatment_ad));

// IPD

int <lower=2> n_studies_ipd =
int <lower=2> n_arms_ipd =

// AD

int <lower=2> n_studies_.ad = max(study_ad);

}

parameters {

vector [n_studies_ipd + n_studies_ad]
vector [n_arms_ipd + n_arms_ad]
vector [n_treatments — 1]

max(study_ipd );
max (arm_ipd );

u_phi;
u_delta;
d_est;

real <lower=0> sigma;
real m_phi;
real <lower=0> sigma_phi;

row_vector [n_cov |
row_vector [n_cov |

alpha_w;
alpha_a;

15



transformed parameters{

vector [n_studies_ipd + n_studies_ad] phi;

vector [n_treatments| d;

vector [n_arms_ipd + n_arms_ad] m_delta;

delta;

vector [n_patients_ipd] lin_pred_ipd;

[
[
vector [n_arms_ipd + n_arms_ad]
[
[

vector [n_arms_ad] lin_pred_ad;

///I S L ) ) gL ) L )
Tt

// RANDOM BASELINE RESPONSE

////I/ LI L ) ) )
T At

phi = m_phi 4+ sigma_phi * u_phi;

//II I/ 1L /I 1L I/ I/ /I /I II I/ Ll /I 1L I/ 1L /I
T it

// BASIC PARAMETERS
HHHFEHHEE R

d[1] = 0;

for (t in 2:n_treatments) d[t]

s
// NEIWORK CONSISTENCY

/ NIRRT
[T AT

= d.est[t — 1];

for (patient in l:n_patients_ipd){

m_delta[arm_ipd [ patient ]]

}

for (arm in 1:n_arms_ad){
m_delta[n_arms_ipd + arm]

}

///I S L ) g g ) ) L ) )
[T A A AT

// RANDOM TREATMENT EFFECTS

S
T I e rrrIrny

for (arm in 1:n_arms_ipd){

d[treatment_ipd [patient ]] — d[baseline_ipd [patient ]];

d[treatment_ad [arm]] — d[baseline_ad [arm]];

delta[arm]| = m_delta[arm] 4+ sigma * u_delta[arm];

}

for (arm in 1l:n_arms_ad){

delta [n_arms_ipd + arm] = m_delta[n_arms_ipd + arm] +
sigma * u_delta[n_arms_ipd 4+ arm];

16



AU
//I 1T T Ir e uruT

// LINEAR PREDICTORS

gy
//I T rraTIruT

for (patient in l:n_patients_ipd){
lin_pred_ipd [patient] = phi[study_ipd[patient]] +
alpha_a % Xbar_ipd[patient] +
alpha_w * (X_.ipd|[patient] — Xbar_ipd[patient]) +
delta[arm_ipd[patient]] * index_ipd[patient |;

}

for (arm in 1:n_arms_ad){
lin_pred_ad [arm] = phi[n_studies_ipd + study_ad[arm]] +
alpha_a % X_ad[arm] +
delta[n_arms_ipd + arm] * index_ad[arm];

}
}

model {

// Implicit logit tranformation onto linear predictor scale.
Y 7 bernoulli_logit (lin_pred._ipd);
r ~ binomial_logit(n, lin_pred.ad);

// Random variability for baseline response.
u_phi 7 std_normal ();

// Random variability for relative effects.
u-delta 7 std_normal ();

// Prior distributions

d_est ~ normal(0, prior_norm_sd);
sigma ~ uniform (0.0001, prior_unif_upper);
m_phi 7 normal (0, prior_norm_sd);

sigma_phi ~ uniform (0.0001, prior_unif_upper);
alpha_a = normal (0, prior_norm_sd);
alpha_w ~ normal (0, prior_norm_sd);

}

generated quantities{
// Absolute treatment effects.
vector [n_treatments] theta;

for (t in l:n_treatments) theta[t] = m_phi + d[t];
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Arm-based unadjusted method A Bunadj

data{

// IPD

int
int
int
int
int
int
int

<lower=1>
<lower=1>
<lower=1>
<lower=1>
<lower=1>

<lower=0, upper=1>

<lower=0>

// AD

int
int
int
int
int
int
int

<lower=1>
<lower=1>
<lower=1>
<lower=1>

<lower=0, upper=I1>

<lower=1>
<lower=0>

n_patients_ipd;

study_ipd [n_patients_ipd ];
treatment_ipd [n_patients_ipd];
baseline_ipd [n_patients_ipd ];
arm_ipd [n_patients_ipd ];

index_ipd [n_patients_ipd ];
Y[n_patients_ipd];

n_arms_ad;

study_ad [n_arms_ad | ;
treatment_ad [n_arms_ad |;
baseline_ad [n_arms_ad |;
index_ad [n_arms_ad |;
n[n_arms_ad];

r[{n_arms_ad |;

// Prior parameters
real <lower=0> prior_norm_sd;

real <lower=0>

//

prior_unif_upper;

int <lower=2> n_studies_ipd;

int nu_-indices_ipd [n_studies_ipd ,

}

transformed data{
int <lower=2> n_treatments
int <lower=2> n_arms_ipd =
int <lower=2> n_studies_ad =

}

parameters{
vector [n_arms_ipd + n_arms_ad]| u.nu;

vector [n_treatments ]

2];

max(append_array (treatment_ipd , treatment_ad));
max(arm-_ipd);
max (study-ad);

theta ;

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

}

transformed parameters{

matrix[2, 2] L;

vector [n_arms_ipd + n_arms_ad] nu;

[
vector [n_patients_ipd ]
vector [n_arms_ad |

lin_pred_ipd;
lin_pred_ad;

//I/// L ) ) ) )

T i i i i i i1t

18



// CHOLESKY DECOMPOSITION

S
T eI IrIrT
L1, 1] = 15 L[1, 2] = 0;
L[2, 1] = rho; L[2, 2] = sqrt(l — rho = 2);
S
T T eI rrIrny
// RANDOM TREATMENT EFFECTS
1
for (stud in 1:n_studies_ipd){
int s = nu_indices_ipd [stud, 1];
int t = nu_indices_ipd [stud, 2];
if (s =1t) { // single—arm trials
nu[s] = tau * u.nu[s];
1 oelse { // randomised trials
nu[s:t] = tau * L * unu[s:t];

}
}

for (stud in 1l:n_studies_ad){
int s = n_arms_ipd + (2 * stud — 1);
nuf[s:s + 1] = tau * L % unufs:s + 1];

S
// LINEAR PREDICTORS

QT
T Ty

for (patient in l:n_patients_ipd){
lin_pred_ipd [patient] = theta[treatment_ipd[patient]] + nu[arm_ipd[patient]];

}

for (arm in 1l:n_arms_ad){
lin_pred_ad[arm] = theta[treatment_ad [arm]] + nu[n_arms_ipd + arm];

}
}

model {
// Implicit logit tranformation onto linear predictor scale.
Y 7 bernoulli_logit (lin_pred_ipd);
r 7 binomial_logit(n, lin_pred-ad);

// Random variability for random effects.
unu - std_normal ();

// Prior distributions

theta ~ normal (0, prior_norm._sd);
tau ~ uniform (0.0001, prior_unif_upper);

19



rho 7 uniform(—0.999, 0.999);

}

generated quantities{
// Basic parameters for relative treatment effects.
vector [n_treatments — 1] d_est;

for (t in 2:n_treatments) d_est[t — 1] = theta[t] — theta[1];

20



Arm-based adjusted method A Badj

data{

// IPD

int
int
int
int
int
int
int

<lower=1>
<lower=1>
<lower=1>
<lower=1>
<lower=1>

<lower=0, upper=1>

<lower=0>

// AD

int
int
int
int
int
int
int

<lower=1>
<lower=1>
<lower=1>
<lower=1>

<lower=0, upper=I1>

<lower=1>
<lower=0>

n_patients_ipd;

study_ipd [n_patients_ipd ];
treatment_ipd [n_patients_ipd];
baseline_ipd [n_patients_ipd ];
arm_ipd [n_patients_ipd ];

index_ipd [n_patients_ipd ];
Y[n_patients_ipd];

n_arms_ad;

study_ad [n_arms_ad | ;
treatment_ad [n_arms_ad |;
baseline_ad [n_arms_ad |;
index_ad [n_arms_ad |;
n[n_arms_ad];

r[{n_arms_ad |;

// Prior parameters
real <lower=0> prior_norm_sd;

real <lower=0>

//

prior_unif_upper;

int <lower=2> n_studies_ipd;

int nu_-indices_ipd [n_studies_ipd ,

2];

// Covariate matrices

int <lower=1> n_cov;

vector [n_cov]| X_.ipd[n_patients_ipd];
vector [n_cov] X_ad|[n_arms_ad];

}

transformed data{
int <lower=2> n_treatments =

int <lower=2> n_arms_ipd = max(arm_ipd);

int <lower=2> n_studies_ad =

}

parameters {
row_vector [n_cov] beta;
vector [n_arms_ipd + n_arms_ad]| u._nu;

vector [n_treatments |

max (study-ad);

theta ;

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

transformed parameters{

matrix[2, 2] L;

21
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vector [n_arms_ipd + n_arms_ad] nu;
vector [n_patients_ipd] lin_pred_ipd;
vector [n_arms_ad] lin_pred_ad;

SR
// CHOLESKY DECOMPOSITION

S
T i IrIraruT

=

o

—
|

= rho; L[2, 2] = sqrt(1 — rho "~ 2);

ST
T I e irrIrny

// RANDOM TREATMENT EFFECTS

e e e
T T T rririreIy

for (stud in 1:n_studies_ipd){

int s = nu_indices_ipd [stud, 1];

int t = nu_indices_ipd [stud, 2];

if (s =1t) { // single—arm trials
nu[s] = tau * u.nu[s];

} else { // randomised trials
nu[s:t] = tau * L * unu[s:t];

}
}

for (stud in 1l:n_studies_ad){
int s = n_arms_ipd + (2 * stud — 1);
nuf[s:s + 1] = tau * L % unufs:s + 1];

s
// LINEAR PREDICTORS

S
//I T T I uruT

for (patient in l:n_patients_ipd){
lin_pred_ipd [patient] = theta|[treatment_ipd[patient|] +
nu[arm_ipd [ patient ]] +
beta * X_ipd|[patient ];

}

for (arm in 1:n_arms_ad){

lin_pred_ad [arm] = theta[treatment_ad[arm]] +
nu[n_arms_ipd + arm] +
beta * X_ad[arm];

}
}

model{
// Implicit logit tranformation onto linear predictor scale.
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Y 7 bernoulli_logit (lin_pred_ipd);
r ~ binomial_logit (n, lin_pred_ad);

// Random variability for random effects.
u_nu ~ std_normal ();

// Prior distributions

theta ~ normal (0, prior_norm_sd);

tau ~ uniform (0.0001, prior_unif_upper);
rho 7 uniform(—0.999, 0.999);

beta ~ normal(0, prior_norm_sd);

}

generated quantities{
// Basic parameters for relative treatment effects.
vector [n_treatments — 1] d_est;

for (t in 2:n_treatments) d_est[t — 1] = theta[t] — theta[1l];
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Arm-based adjusted ecological bias method A BadjEb

data{
// 1PD
int <lower=1> n_patients_ipd;
int <lower=1> study.ipd[n_patients_ipd];
int <lower=1> treatment_ipd|[n_patients_ipd];
int <lower=1> Dbaseline_ipd[n_patients_ipd];
int <lower=1> arm_ipd[n_patients_ipd];

int

<lower=0, upper=1>

index_ipd [n_patients_ipd ];

int <lower=0> Y[n_patients_ipd];

/] AD

int <lower=1> n_arms_ad;

int <lower=1> study-ad[n_arms_ad];

int <lower=1> treatment_ad|[n_arms_ad];

int <lower=1> Dbaseline_ad [n_arms_ad];

int <lower=0, upper=1> index_ad[n_arms_ad];
int <lower=1> n[n_arms_ad ];

int <lower=0> r[n_arms_ad |;

// Prior parameters
real <lower=0> prior_norm_sd;

real <lower=0>

//

prior_unif_upper;

int <lower=2> n_studies_ipd;

int nu_-indices_ipd [n_studies_ipd ,

2];

// Covariate matrices
int <lower=1> n_cov;
vector [n_cov]| X_.ipd[n_patients_ipd];

vector [n_cov] X_ad|[n_arms_ad];
vector [n_cov] Xbar_ipd[n_patients_ipd];

}

transformed data{
int <lower=2> n_treatments = max(append_array (treatment_ipd, treatment_ad));
int <lower=2> n_arms_ipd = max(arm_ipd );
int <lower=2> n_studies_.ad = max(study_ad);

}

parameters{
vector [n_arms_ipd + n_arms_ad]| u._nu;
vector [n_treatments] theta;
real <lower=0> tau;
real <lower=-—1, upper=1> rho;
row_vector [n_cov] beta_a;
row_vector [n_cov] beta_w;
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transformed parameters{
matrix[2, 2] L;
vector [n_arms_ipd + n_arms_ad] nu;
vector [n_patients_ipd] lin_pred_ipd;
vector [n_arms_ad] lin_pred_ad;

yan L) )
//I T it

// CHOLESKY DECOMPOSITION
Wiiainiaiaiiaiaiaiaiaiaia s

L1, 1] = 1;  L[1, 2] = 0;
= rho; L[2, 2] = sqrt(l — rho "~ 2);

h
o
-
|

////I/ NN N NIRRT NI
T it

// RANDOM TREATMENT EFFECTS

///I S L ) g ) ) ) ]
[T i i i i i i i i i i i 1 1 17

for (stud in 1:n_studies_ipd){

int s = nu_indices_ipd [stud, 1];

int t = nu_indices_ipd [stud, 2];

if (s =1t) { // single—arm trials
nu[s] = tau % u_nu[s];

} else { // randomised trials
ufs:t] = tau * L * unu[s:t];

}
}

for (stud in l:n_studies_ad){
int s = n_arms_ipd + (2 * stud — 1);
nufs:s + 1] = tau * L % unufs:s + 1];

}

//I/ JL L ) )
//I I/ I/ /I // Il /I 71 Il /I /I Il // II Il 71 /I I/

// LINEAR PREDICTORS

) ) ) )
//I T it

for (patient in l:n_patients_ipd){
lin_pred_ipd [patient] = theta[treatment_ipd[patient]]
nu[arm_ipd[patient]] +
beta_a % Xbar_ipd[patient] +
beta_w * (X_ipd|[patient] — Xbar_ipd|[patient]);

}

for (arm in 1l:n_arms_ad){
lin_pred_ad [arm] = theta[treatment_ad[arm]] +
nu[n_arms_ipd + arm] +
beta_a x X_ad[arm];
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model {
// Implicit logit tranformation onto linear predictor scale.

}

Y 7 bernoulli_logit (lin_pred_ipd);
r 7 binomial_logit(n, lin_pred.ad);

// Random variability for random effects.
unu - std_normal ();

// Prior distributions

theta ~ normal (0, prior_norm-_sd);

tau ~ uniform (0.0001, prior_unif_upper);
rho = uniform(—0.999, 0.999);

beta_a ~ normal (0, prior_norm_sd);
beta.w ~ normal (0, prior_norm_sd);

generated quantities{
// Basic parameters for relative treatment effects.

vector [n_treatments — 1] d_est;

for (t in 2:n_treatments) d_est[t — 1] =

26
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Appendix D - MCMC diagnostic plots

Contrast-based unadjusted method with exchangeable baseline response
(CBunadjEx)
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Figure D1: Trace plot
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Avg. autocorrelation
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Figure D2: Autocorrelation plot
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Contrast-based adjusted method with exchangeable baseline response
(CBadjEx)
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Figure D3: Trace plot
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Avg. autocorrelation
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Figure D4: Autocorrelation plot
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Arm-based adjusted method (ABadyj)
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Avg. autocorrelation
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Figure D6: Autocorrelation plot
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Appendix E - Sensitivity analysis on prior distribution for
between-study heterogeneity parameters

Parameter estimates presented in the following tables are the result of a sensitivity analysis con-
cerning the non-informative Uniform prior distribution placed-on between-study heterogeneity
parameters. A U(0,2) prior distribution was used in the original analysis, whilst a U(0, 10) has
been used in this sensitivity analysis.

Parameter estimates for contrast-based unadjusted methods

Table E1: Median and 95% credible interval estimates for model parameters corresponding to
the contrast-based unadjusted methods.

Parameter CBunadjInd1 CBunadjEx1 CBunadjInd2 CBunadjEx2
ot -1.06 (-1.37,-0.77) -1.03 (-1.32,-0.76) -0.90 (-1.50, -0.27) -0.91 (-1.64, -0.24)
02 -1.11 (-1.33, -0.90) -1.08 (-1.30, -0.87) -0.77 (-1.39, -0.16) -0.76 (-1.45, -0.07)
o3 -1.11 (-1.58, -0.66) -1.00 (-1.38, -0.67) -1.09 (-1.57,-0.67) -0.98 (-1.40, -0.63)
04 -1.53 (-2.17,-0.99) -1.22 (-1.72,-0.82) -1.53 (-2.20,-0.97) -1.19 (-1.71, -0.79)
o5 -0.90 (-1.21,-0.61) -0.88 (-1.15,-0.62) -0.91 (-1.21,-0.62) -0.87 (-1.14, -0.60)
6 -1.11 (-2.08, -0.18)  -0.96 (-1.52, -0.44) -1.11 (-2.07, -0.19) -0.92 (-1.55, -0.37)
b7 -0.59 (-1.18,-0.01) -0.72 (-1.13,-0.28) -0.60 (-1.17, -0.04) -0.69 (-1.12, -0.25)
os -0.92 (-1.28,-0.58) -0.91 (-1.22,-0.60) -0.92 (-1.28,-0.58) -0.88 (-1.21, -0.60)
o -1.18 (-1.55, -0.80) -1.12 (-1.46,-0.81) -1.18 (-1.55,-0.78) -1.12 (-1.45, -0.80)
®10 -0.39 (-0.76, -0.03)  -0.52 (-0.85, -0.18) -0.39 (-0.75, -0.02) -0.51 (-0.82, -0.16)
11 -0.11 (-0.43, 0.20)  -0.28 (-0.58, 0.03)  -0.11 (-0.42, 0.21)  -0.27 (-0.58, 0.05)
b12 -0.87 (-1.36, -0.41)  -0.89 (-1.24, -0.52) -0.88 (-1.35, -0.42) -0.87 (-1.24, -0.51)
013 -0.59 (-1.03, -0.20) -0.64 (-1.00, -0.29) -0.59 (-1.01, -0.19) -0.62 (-0.99, -0.27)
h14 -1.06 (-1.39, -0.76) -1.01 (-1.31,-0.76) -1.06 (-1.38,-0.76) -1.01 (-1.29, -0.73)
dq 0.00 ( 0.00, 0.00) 0.00 ( 0.00, 0.00) 0.00 ( 0.00, 0.00) 0.00 ( 0.00, 0.00)
do 1.37 (1 0.65, 2.10) 1.35 ( 0.76, 1.92) 1.12 ( 0.29, 1.94) 1.11 ( 0.32, 1.94)
ds 1.05 ( 0.37, 1.69) 1.06 ( 0.56, 1.57) 1.04 ( 0.41, 1.70) 1.05 ( 0.54, 1.54)
dy 1.59 ( 0.91, 2.28) 1.43 ( 0.88, 1.99) 1.57 ( 0.92, 2.26) 1.40 ( 0.85, 1.98)
ds 1.14 ( 0.69, 1.57) 1.17 ( 0.82, 1.52) 1.13 ( 0.70, 1.58) 1.16 ( 0.82, 1.52)
o 0.41 ( 0.19, 0.87) 0.32 ( 0.13, 0.68) 0.41 ( 0.18, 0.86) 0.32 ( 0.10, 0.67)
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Parameter estimates for arm-based unadjusted methods

Table E2: Median and 95% credible interval estimates for model parameters corresponding to

the contrast-based unadjusted and adjusted methods.

Parameter

CBunadjEx2

CBadjEx2

CBadjEbEx2

me
¢
?1
P2
?3
G4
¢

o7

-0.83 (-1.10, -0.57
0.34 ( 0.18, 0.62
-0.91 (-1.64, -0.24
-0.76 (-1.45, -0.07
-0.98 (-1.40, -0.63
-1.19 (-1.71, -0.79
-0.87 (-1.14, -0.60
-0.92 (-1.55, -0.37

-0.69 (-

-0.88 (-
-1.12 (-1.45, -0.80
(_

)
)
)
)
)
)
)
)
1.12, -0.25)
|
-0.51 (-0.82, -0.16)
)
)
)
)
)
)
)
)
)
)

1.21, -0.60

-0.27 (-0.58, 0.05
-0.87 (-1.24, -0.51
-0.62 (-0.99, -0.27
-1.01 (-1.29, -0.73
0.00 ( 0.00, 0.00
1.11 ( 0.32, 1.94
1.05 ( 0.54, 1.54
1.40 ( 0.85, 1.98
1.16 ( 0.82, 1.52
(

0.32 ( 0.10, 0.67

-0.84 (-1.07, -0.61)
0.27 (0.1, 0.55)
-0.93 (-1.56, -0.38)
-0.74 (-1.33, -0.14)
-0.94 (-1.31, -0.60)
-0.95 (-1.43, -0.54)
-0.66 (-0.99, -0.28)
-0.93 (-1.49, -0.43)
-0.77 (-1.17, -0.36)
-1.01 (-1.38, -0.69)
-1.06 (-1.39, -0.76)
-0.55 (-0.86, -0.22)
-0.66 (-1.09, -0.18)
(-1.19, -0.46)
(-0.97, -0.26)
(-1.36, -0.78)

)

)

)

)

)

)

)

-0.83
-0.63
-1.06
0.00
1.09
1.07 ( 0.51, 1.58

(0.00, 0.00
(
(
1.49 ( 0.92, 2.08
(
(
(_

0.36, 1.81

1.13 ( 0.76, 1.51
0.36 ( 0.16, 0.71
-0.10 (-0.20, 0.00

-0.84 (-1.07, -0.62
0.27 (0.13, 0.55
-0.93 (-1.57, -0.36
-0.74 (-1.34, -0.11
-0.94 (-1.32, -0.61
-0.95 (-1.48, -0.54
-0.66 (-0.98, -0.26
-0.93 (-1.48, -0.47
-0.77 (-1.18, -0.34
-1.01 (-1.39, -0.70
-1.05 (-
-0.55 (-
-0.66 (-
-0.82 (-
-0.63 (-
21,07 (-
0.00
1.10
1.07
1.48
1.13
0.36
-0.10
0.00

)
)
)
)
)
)
)
)
)
)
1.39, -0.75)
0.86, -0.20)
1.10, -0.20)
1.19, -0.46)
0.97, -0.27)
1.38, -0.79)
0.00, 0.00)
0.34, 1.85)
0.51, 1.61)
0.89, 2.05)
0.75, 1.54)
0.17, 0.75)
-0.20, 0.00)
-0.02, 0.01)
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Parameter estimates for contrast-based methods applied to the artificial
dataset

Table E3: Median and 95% credible interval estimates for model parameters corresponding to
the arm-based unadjusted models.

Parameter ABunadjl ABunadj2
01 -0.88 (-1.10, -0.67) -0.83 (-1.09, -0.58)
0 0.33 (-0.17, 0.80) 0.29 (-0.25, 0.82)
03 0.24 (-0.22, 0.66) 0.24 (-0.20, 0.67)
04 0.44 ( 0.00, 0.90) 0.45 (-0.02, 0.91)
05 0.36 ( 0.06, 0.66) 0.38 ( 0.06, 0.71)
v -0.12 (-0.48, 0.21)  -0.16 (-0.68, 0.38)
vy -0.19 (-0.66, 0.30) 0.14 (-0.38, 0.68)
V3 0.10 (-0.38, 0.60) 0.04 (-0.40, 0.50)
vy -0.21 (-0.50, 0.08)  -0.22 (-0.68, 0.16)
Us 0.04 (-0.39, 0.50)  -0.05 (-0.53, 0.45)
Vg -0.20 (-0.62, 0.21)  -0.46 (-1.00, 0.01)
vy -0.04 (-0.52, 0.41) 0.04 (-0.42, 0.54)
vg -0.41 (-0.96, 0.02)  -0.04 (-0.38, 0.31)
vy 0.05 (-0.43, 0.50)  -0.13 (-0.68, 0.40)
V1 0.01 (-0.33, 0.34)  -0.02 (-0.61, 0.65)
V11 -0.12 (-0.65, 0.40) 0.07 (-0.32, 0.47)
Vig 0.00 (-0.61, 0.58) 0.14 (-0.34, 0.68)
V13 0.08 (-0.31, 0.47) 0.00 (-0.37, 0.37)
V14 0.17 (-0.31, 0.68)  -0.09 (-0.48, 0.30)
V15 0.01 (-0.36, 0.39) -0.55 (-0.94, -0.20)
Vig -0.05 (-0.41, 0.30)  -0.24 (-0.65, 0.16)
V17 -0.54 (-0.92, -0.18) 0.14 (-0.33, 0.60)
Vg -0.20 (-0.59, 0.18) 0.37 ( 0.00, 0.77)
V19 0.14 (-0.33, 0.63)  0.12 (-0.26, 0.47)
Vap 0.40 ( 0.04, 0.78) 0.64 ( 0.28, 1.02)
Vo1 0.12 (-0.23, 0.49) -0.14 (-0.65, 0.33)
Vag 0.67 ( 0.34, 1.05)  -0.02 (-0.46, 0.42)
Va3 -0.13 (-0.63, 0.36) 0.47 ( 0.10, 0.89)
Voy 0.02 (-0.39, 0.45) 0.13 (-0.29, 0.56)
Vos 0.48 (0.12, 0.88)  -0.04 (-0.38, 0.30)
Vag 0.17 (-0.25, 0.58)  -0.21 (-0.57, 0.14)
Vor -0.02 (-0.36, 0.31)

Vag -0.17 (-0.51, 0.16)

T 0.33 ( 0.22, 0.52) 0.35 (1 0.23, 0.55)
p 0.28 (-0.40, 0.81) 0.31 (-0.41, 0.82)
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Parameter estimates for arm-based methods applied to the artificial
dataset

Table E4: Median and 95% credible interval estimates for model parameters corresponding to
the arm-based unadjusted and adjusted models.

Parameter ABunadj2 ABadj2 ABadjEb2
01 -0.83 (-1.09, -0.58)  -0.85 (-1.09, -0.60) -0.85 (-1.11, -0.61)
02 0.29 (-0.25, 0.82) 0.26 (-0.26, 0.77) 0.27 (-0.27, 0.77)
03 0.24 (-0.20, 0.67) 0.28 (-0.13, 0.68) 0.27 (-0.18, 0.71)
04 0.45 (-0.02, 0.91) 0.60 ( 0.11, 1.07) 0.60 ( 0.10, 1.07)
05 0.38 ( 0.06, 0.71) 0.32 ( 0.02, 0.62) 0.32 ( 0.00, 0.63)
2] -0.16 (-0.68, 0.38)  -0.21 (-0.74, 0.30)  -0.22 (-0.75, 0.31)
vy 0.14 (-0.38, 0.68) 0.22 (-0.30, 0.75) 0.21 (-0.28, 0.75)
V3 0.04 (-0.40, 0.50) 0.04 (-0.38, 0.45) 0.05 (-0.40, 0.49)
vy -0.22 (-0.68, 0.16)  -0.18 (-0.61, 0.22)  -0.17 (-0.61, 0.22)
Us -0.05 (-0.53, 0.45) 0.09 (-0.40, 0.62) 0.09 (-0.39, 0.61)
Vg -0.46 (-1.00, 0.01)  -0.31 (-0.86, 0.16)  -0.31 (-0.89, 0.16)
vy 0.04 (-0.42, 0.54) 0.08 (-0.34, 0.53) 0.08 (-0.35, 0.57)
vg -0.04 (-0.38, 0.31) 0.12 (-0.26, 0.56) 0.13 (-0.26, 0.54)
vy -0.13 (-0.68, 0.40)  -0.24 (-0.83, 0.29)  -0.24 (-0.83, 0.29)
V1o -0.02 (-0.61, 0.65)  -0.01 (-0.63, 0.61)  -0.01 (-0.62, 0.63)
28} 0.07 (-0.32, 0.47) 0.11 (-0.28, 0.50) 0.12 (-0.27, 0.52)
Vig 0.14 (-0.34, 0.68) 0.09 (-0.41, 0.57) 0.08 (-0.40, 0.58)
Vi3 0.00 (-0.37,0.37)  -0.06 (-0.46, 0.30)  -0.07 (-0.48, 0.32)
V14 -0.09 (-0.48, 0.30)  -0.14 (-0.52, 0.24)  -0.14 (-0.54, 0.24)
V15 -0.55 (-0.94, -0.20) -0.45 (-0.84, -0.09) -0.45 (-0.85, -0.07)
V16 -0.24 (-0.65, 0.16)  -0.24 (-0.63, 0.13)  -0.23 (-0.62, 0.16)
Vit 0.14 (-0.33, 0.60) 0.07 (-0.37, 0.51) 0.08 (-0.42, 0.54)
Vg 0.37 ( 0.00, 0.77) 0.39 ( 0.01, 0.79) 0.39 ( 0.02, 0.82)
V19 0.12 (-0.26, 0.47)  -0.09 (-0.54, 0.35)  -0.09 (-0.54, 0.36)
Vo 0.64 ( 0.28, 1.02) 0.38 (-0.08, 0.88) 0.38 (-0.09, 0.88)
Va1 -0.14 (-0.65, 0.33)  -0.09 (-0.57, 0.38)  -0.07 (-0.57, 0.42)
Voo -0.02 (-0.46, 0.42)  -0.01 (-0.45, 0.41)  -0.01 (-0.43, 0.42)
Va3 0.47 ( 0.10, 0.89) 0.53 (1 0.18, 0.94) 0.54 ( 0.16, 0.98)
Voy 0.13 (-0.29, 0.56) 0.16 (-0.27, 0.59) 0.17 (-0.25, 0.62)
Vos -0.04 (-0.38, 0.30)  -0.04 (-0.38, 0.28)  -0.05 (-0.38, 0.30)
Vog -0.21 (-0.57, 0.14)  -0.24 (-0.61, 0.09)  -0.24 (-0.61, 0.10)
T 0.35 ( 0.23, 0.55) 0.33 ( 0.21, 0.53) 0.33 ( 0.21, 0.55)
p 0.31 (-0.41, 0.82) 0.22 (-0.51, 0.80) 0.24 (-0.54, 0.81)
£* -0.06 (-0.15, 0.02)  -0.06 (-0.15, 0.02)
BY 0.00 (-0.02, 0.01)
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