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Missing data is a pervasive issue, notably in clinical trials and prospective stud-

ies employing a longitudinal design. This problem becomes particularly pronounced

when dealing with data from multi-study clinical trials. Many established research

teams undertake multiple clinical trials in closely related domains, each of which may

exhibit distinct patterns of patient attrition/dropout. However, due to the shared

group panel and study administration, these dropout patterns are often believed

to exhibit similarities across these trials. While models addressing single dropout

mechanism have been extensively investigated, the analysis of heterogeneous dropout

patterns remains understudied. To leverage heterogeneous data and integrate infor-

mation from multiple missing mechanisms, the first part of this dissertation discusses



a new meta-analysis strategy based on individual participant data (IPD) to model

observational-level dropout patterns over multiple trials and improve statistical in-

ference via a Bayesian Hierarchical Model (BHM). Extensive simulation studies were

conducted to demonstrate the superiority of the new method over existing methods

in terms of reduced bias, smaller estimation variability, and higher statistical power.

The proposed method was also applied to 13 clinical trials for schizophrenia research

exploring demographic and clinical determinants of dropout.

Most clinical trials enroll adults and treatment efficacy data in children and

adolescents have become scarce. The second part of this dissertation deals with net-

work meta-analysis in examining efficacy of schizophrenia treatments in underage

population. Traditional meta-analysis is restricted to direct comparison of treat-

ments in parallel study designs. However, network meta-analysis is a special kind of

meta-analysis for the comparison of multiple treatments simultaneously in a single

analysis by combining direct and indirect evidence. The direct evidence is obtained

from randomized control trials with direct comparison of treatments in parallel study

design. The indirect evidence is obtained from comparisons of one or more common

comparators by transitivity. The direct and indirect pooled evidence is the network

estimate. Network meta-analysis is vital in examining the effectiveness of different

treatments in randomized control trials. Accordingly, it is gaining popularity.
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Part I

Bayesian Hierarchical Meta-Analysis Using Individual Participant Data for

Modeling Heterogeneous Dropout Patterns Across Multiple Clinical Trials



Chapter 1: Introduction

Clinical trials are essential research tools for advancing medical knowledge and

improving patient care, especially in the face of the devastating pandemic. They are

critical means to develop vaccines and treatments to fight disease and save millions

of lives [Han, 2015]. Clinical trials are also crucial for discovering new treatments for

illness, inventing new ways to detect, diagnose, and reduce the chance of developing

disease [NIH, 2020].

However, the dropout of participants from clinical trials seriously affects the

credibility of results and significantly decreases the trial’s capacity to impact clinical

practice [Gillies et al., 2018]. High dropout rates during the study period can intro-

duce bias and create problems in data analysis and result interpretation. Despite sig-

nificant efforts to promote participant retention in clinical trials, the patient dropout

continues to pose a significant challenge. Various factors contribute to participant

dropout, including protocol deviations, inconvenience, lack of adherence, insufficient

monitoring, withdrawal of consent, personal or familial obligations, adverse effects,

non-compliance, and other reasons [Rohden et al., 2017]. Some participants may also

withdraw from the trial for reasons that are not immediately identifiable. Lowering

the dropout rate is crucial for the success of clinical trials. Therefore, identifying the
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risk factors that contribute to participant dropout is immensely valuable for informing

future trial designs and enhancing the overall quality of clinical research.

Furthermore, beyond the issue of dropout in a single trial, some study groups

or centers conduct multiple clinical trials in related fields, each with its own dropout

patterns. Although there is a common belief that dropout patterns are similar across

these trials because of their shared group panel and study administration, aggregating

all the missing data without considering study-specific dropout profiles can obscure

important distinctions and lead to inaccurate inferences and decisions. However, the

integration of information from heterogeneous dropout patterns over multiple trials

has not been well explored. Meta-analysis is one of the most successful and widely ap-

plied integration tools in the literature [Haidich, 2010, Lin and Zeng, 2010]. However,

the traditional meta-analysis approach, which uses aggregate data (AD) obtained

from published articles, conference abstracts, or trial registries like “clinicaltrials.gov”

has several disadvantages and limitations [Lee, 2019]. These include heterogeneity,

publication bias, inability to overcome subjectivity, and focus on only main effects

[Lee, 2019]. These limitations may lead to inaccurate statistical inference [Esterhuizen

and Thabane, 2016]. In the presence of individual-level data, we propose a new in-

dividual participant data (IPD) meta-analysis strategy, which involves analyzing the

original clinical trial data obtained directly from individual studies [Tierney et al.,

2015]. IPD meta-analysis is crucial for data transparency and reducing potential bias

[Tierney et al., 2015]. In this study, we are able to obtain original data from multiple

clinical trials conducted at the Maryland Psychiatric Research Center (MPRC). We

included 13 phase II trials completed between 2009 to 2016, and our study aims to
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explore demographic and clinical determinants of dropout in Schizophrenia trials.

We propose a new strategy for analyzing individual participant data (IPD)

meta-analysis to model multiple dropouts and improve statistical inference. To ad-

dress the challenges of leveraging heterogeneous data and incorporating information

from multiple trials, we utilize a Bayesian hierarchical model (BHM) to estimate co-

variate effects based upon sampling posterior distributions. The Bayesian approach

allows for inference on each trial and for the combined effect, making it more flexible

under small sample sizes and better at accounting for estimation and prediction uncer-

tainty. The key advantage of Bayesian methods over traditional frequentist methods

is that Bayesian method provide flexible framework to aggregate multiple clinical

trials, effect sizes vary across trials however the population level can better be cap-

tured by aggregating across different trials of effect sizes by the hierarchical structure

which is challenging for traditional frequentist method. In addition, Bayesian meth-

ods naturally account for uncertainty by resampling strategy and could better capture

potential heterogeneity. Traditional frequentist methods often only provide point esti-

mates without capturing the full extent of uncertainty involved[Fornacon-Wood et al.,

2022]. Our proposed IPD meta-analysis strategy models multiple dropout patterns

in longitudinal clinical trials based on BHM, which has not been explored in the ex-

isting literature. Our proposed method is not limited to specific case studies like the

current studies we used, it can be applied in many clinical trials including psychiatric

research where the analysis of individual patient data (IPD) is conducted using an

”intention-to-treat” (ITT) approach, which means all patients who are randomized

are included in the analysis irrespective of whether they completely adhered to the
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treatment assigned or dropped out of the study. We note that, while generalized linear

mixed-effect models (GLMM) can be an alternative approach for modeling dropouts

accounting for across-study variability [Li et al., 2022], their primary goal is to infer

overall effects from covariates and account for multi-level variability among trials. In

contrast, BHM directly estimates the heterogeneous covariate effects by integrating

information from multiple heterogeneous trials. Furthermore, GLMM can be numeri-

cally challenging to implement when there are many random effects. In addition, our

proposed method enables more accurate estimates of dropout probabilities at each

time point, which is an essential intermediate step to make valid statistical inferences

for main outcomes of interest in clinical trials. These outcomes could be modeled by

applying weighted generalized estimating equations (WGEE) [Robins et al., 1995b,

Chen et al., 2019]. Extensive simulation studies are implemented to demonstrate the

superiority of our method over existing methods in terms of reduced bias, smaller

estimation variability, and higher statistical power.

The remaining article is structured as follows: In the Methods section, we de-

tail our motivating data and the proposed method. Moving on to the Simulations

section, we delve into extensive numerical evaluations of our method in comparison

to existing approaches. Subsequently, the Data Application section is dedicated to a

comprehensive analysis and interpretation of our results. Finally, in the Discussion
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section, we provide a summary and conclusion for the article.

Chapter 2: Method

2.1 Motivating data

We focus on 13 longitudinal clinical trials with individual level data for schizophre-

nia research. These trials were conducted within MPRC and share certain similarity.

On the other hand, they were conducted by separate studies and there should be some

heterogeneity among the trials. These are motivations to develop our BHM. In each

trial, participants visit clinic repeatedly and may dropout the study due to various

reasons. In order to unbiasedly analyze this data, it is imperative to address the

issue of patients loss to follow-up (dropout). Dropout can significantly influence the

outcomes of clinical trials, potentially leading to biased causal inferences. This study

is dedicated to exploring potential factors that influence dropout rates in Schizophre-

nia trials conducted at MPRC. Identifying these factors can contribute to a deeper

understanding of patient dropout mechanisms and provide valuable insights for the

design of future trials. To achieve this, we analyzed data from 13 randomized clinical

trials conducted between 2009 to 2016. Electronic trial data were retrieved from the

MPRC database by a database administrator with access to all electronic medical

records. Demographic and clinical characteristics of participants were extracted from

the available data. Psychiatric symptoms were measured using the Brief Psychiatric
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Rating Scale (BPRS), which assesses symptoms such as somatic concern, depression,

anxiety, conceptual disorganization, hallucinations, and unusual behavior (Reference

for BPRS may be added as needed). A BPRS score of one indicates the absence of

symptoms, while a score of seven represents severe symptoms. We calculated BPRS

total score and change in BPRS total score from baseline. Our descriptive data anal-

ysis revealed that dropout rates differed between trials (Table 1). The objective of

this paper is to identify common and shared factors that are independently or in com-

bination associated with dropout across trials, as well as factors specific to individual

trials. By examining these factors, we aim to provide insights that could help reduce

dropout rates and improve the design of future clinical trials.

2.2 Dropout model in the longitudinal data

In this section, we present a novel IPD meta-analysis strategy designed to ad-

dress and leverage the diverse dropout patterns observed across multiple trials. Our

approach involves the utilization of a Bayesian Hierarchical Model (BHM) for dropout

modeling to enhance statistical inference. The BHM has been purposefully crafted

to estimate posterior distribution parameters through Bayesian methods within hier-

archical models, enabling trial-specific inferences while also deriving a overall effect

estimate. With its capacity to accommodate various structures, the BHM offers flex-

ibility in quantifying data variability across multiple levels, aiding in the comprehen-

sion of the heterogeneous dropout trajectories observed in various trials. Despite the

variations in these trajectories, we posit that commonalities exist among them. These
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commonalities can be effectively managed by incorporating a well-founded prior in

the BHM. This prior serves to integrate information from across trials, resulting in

more efficient and accurate parameter estimates. In the remainder of this section, we

provide a detailed exposition of our utilization of the BHM in the context of longi-

tudinal data to address the diverse dropout patterns observed across multiple trials

within the realm of IPD meta-analysis.

Notations: Suppose there are J trials. For each trial j ∈ 1, 2, ..., J , let i be the

index of the subject, ranging from 1 to nj. The patient sizes can vary across trials.

Within each subject i of the j-th trial, let t denote the index of visit ranging from 2 to

Tji. We denote Mjit as a binary indicator for observing the subject i in the j-th trial

at visit t. The covariates included in the vector xjit could be in general all observed

variables in studies. For illustration and based on our specific application, we consider

the intercept, gender, age, visit time, and BPRS. Furthermore, we denote the vector of

covariate effect sizes on patient dropout as βj for the j-th trial, which is allowed to be

slightly different among J trials, and assume that Mjit follows conditional Bernoulli

distribution, i.e, Mjit = 1|Mji(t−1) = 1, xjit ∼ Bernoulli(πjit). With all foregoing

notations, the model of observing the subject i in the j-th trial at time t can be

expressed as

logit(πjit) = βj,1 +βj,2 ×Genderji +βj,3 ×Ageji +βj,4 ×Timeji +βj,5 ×∆BPRSji(t−1),

(2.1)

where ∆BPRSi(t−1) is the change in BPRS from t − 1 to the baseline.

We remark here that the conditional probability πjit will be one if t = 1 holds
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(always observed at the baseline), and zero if Mji(t−1) = 0, which models the feature

of dropout.

Likelihood. To build BHM, we need to first specify the likelihood of dropout

data. In the context of multiple trial data , the joint likelihood can be written as

P (Mjit = mjit|xjit) =
J∏

j=1

nj∏
i=1

ti∏
t=2

{
P (Mjit = mjit|Mji(t−1) = mji(t−1), xjit)mji(t−1)×P (Mji1 = mji1)

}
,

(2.2)

where P (Mjit = mjit|Mji(t−1) = mji(t−1), xjit) is equivalent to πjit. The above likeli-

hood contains the probability of dropout by using chain rule of conditional probabili-

ties and acknowledging the feature of dropout, which is widely considered in existing

literature [Robins et al., 1995b, Chen et al., 2019, Shen et al., 2023]. We hypothesize

that the previous observed outcome can have an impact on dropout at the next time

point, as patients with more severe symptoms may be more likely to drop out of the

study[Najavits, 2015]. By incorporating the last observation of the outcome into the

model, we assume that the missing mechanism is missing at random [Bhaskaran and

Smeeth, 2014, Chen et al., 2021]. This assumption implies that there are no unmea-

sured confounders [Resseguier et al., 2011, Choi et al., 2019], which is reasonable in

this paper since these clinical trials are well-designed and the research teams at MPRC

will make every effort to record all possible factors relevant to patient outcomes

Priors. To calculate the posterior distribution, the next step is to specify

multiple levels of priors. Specifically, the first one is βj ∼ MVN (µβ, Σβ) (MVN

stands for multivariate normal distribution), which quantifies the variability of effect

sizes across different trials. We assume that the vector of covariate effect sizes on
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patient dropout, βj, follows a multivariate normal distribution with mean vector

µβ and variance matrix Σβ. The mean vector quantifies the overall effect across

multiple trials, while the magnitude of variance reflects our belief about the similarity

of dropout patterns across different trials. To make an objective and robust inference,

we assign another level of prior to these variables, i.e., µβ ∼ MVN (µ, Ω1) and Σβ ∼

W5(Ω2, 5). There are 5 covariates for the overall effect (intercept, gender, age, time

and BPRS) so that the covariance matrix Σβ follows a Wishart distribution with

5 degrees of freedom, The covariate matrix Σβ follows a Wishart distribution with

5 degrees of freedom, and the scale matrix which determines the variance structure

is set as an identity matrix, meaning each diagonal element is 1 and all off-diagonal

elements are 0; essentially representing a situation where all variables are independent

and have the same variance. Note that we need to specify the hyperparameters in

the priors, i.e., µ = [0, 0.88, 0, 0, 0]T , Ω1 = Ω2 = (1/1000)I5, I5 is identity matrix of

size 5. For the hyperparameters, we set the value of zero for all variables of interest

except for gender, for which we used the value obtained from our data since it remains

unchanged.

Full conditional. Together with the given likelihood and priors, we can derive

the full conditional distribution for the parameters of interest. Specifically, we first

derive the full conditional of βj|Mjit, µβ, Σβ , xjit, denoted by P (βj|Mjit, µβ, Σβ , xjit)

by using the likelihood function, i.e., L(βj|Mjit, xjit), and prior density function, i.e.,

P (βj|µβ, Σβ):
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P (βj|Mjit, µβ, Σβ , xjit) ∝ L(βj|Mjit, xjit) × P (βj|µβ, Σβ)

=
 J∏

j=1

nj∏
i=1

ti∏
t=2

P (Mjit = mjit |Mji(t−1) = mji(t−1), xjit)mji(t−1) × P (Mji1 = mji1)
 ×

(2π−5/2 det(Σβ)−1/2)
J

× exp
 J∑

j=1
−1/2(βj − µβ)T Σ−1

β (βj − µβ)
 .

(2.3)

Second, we derive the full conditional of µβ|βj, µ,Ω1 i.e, P (µβ|βj, µ,Ω1) by us-

ing two prior density functions, i.e., P (βj|µβ, Σβ) andP (µβ|µ,Ω1), based on Bayesian

theorem:

P (µβ|βj, µ,Ω1) ∝ P (βj|µβ, Σβ).P (µβ|µ,Ω1)

∝ exp
 J∑

j=1
−1/2(βj − µβ)T Σ−1

β (βj − µβ)
 ×

exp
 5∑

β=1
−1/2(µβ − µ)T Ω−1

1 (µβ − µ)
 .

(2.4)

Similarly, we derive the full conditional of Σβ|βj, Ω2 i.e, P (Σβ|βj, Ω2) by using

two prior density functions P (βj|µβ, Σβ) and P (Σβ|Ω2) based on Bayesian theorem:
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P (Σβ|βj, Ω2) ∝ P (βj|µβ, Σβ).P (Σβ|Ω2)

∝ (2π−5/2 det(Σβ)−1/2)
J

× exp
 J∑

j=1
−1/2(βj − µβ)T Σ−1

β (βj − µβ)
 ×

(|Σβ|(5−5−1)/2)5 × exp
 5∑

β=1
tr(Ω−1

2 , Σβ)/2
 .

(2.5)

The parameter estimation and inference for the hierarchical model was car-

ried out within a Bayesian framework using Markov chain Monte Carlo (MCMC)

methods. Posterior mean, standard deviation, odds ratio, and 95 percent odds ratio

credible intervals were provided. We considered 20,000 iterations in each MCMC with

5000 burn-ins and 1000 adaptations. Statistical analyses were conducted using rjags

package of R statistical software.

2.3 WGEE

One utility of our proposed method is to improve the performance of WGEE

analyzing multi-trial data. WGEE is an estimation technique that is able to handle

dropout missingness in longitudinal studies [Robins et al., 1995a]. The estimated

inverse probabilities of observing outcomes (i.e., the subject has not dropped out)

are used as weights to detect treatment effects. A certain weight is given to each

study subject at each time point, and such an approach is called the “observation-

specific weighted method.” There is also another approach in which a single weight is

given to each study subject, which is called the “subject-specific weighted method”

[Lin and Rodriguez, 2015a]. In this method, all observations of a study subject get
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the same weight. Observation-specific weighted method is found to be more effec-

tive [Preisser et al., 2002]. Conventional strategy to construct weights is illustrated

below: the conditional probability of being observed, i.e., π̂jis, will be firstly es-

timated using partial likelihood regression [Chen et al., 2019]. Similarly, we have

π̂ji1 = 1 and π̂jis = 0 if Mji(t−1) = 0 for all t = 3, . . . , T . Then, we can calculate

ŵjit = Mjit/{∏t
s=1 π̂jis}T , which is the inverse of the cumulative product of proba-

bilities of the first time point to the time point t [Preisser et al., 2002]. We stack

the weights and form the vector denoted by ŵji = (ŵji1, . . . ŵjit). After obtaining

ŵjit, one can use it to adjust for missing data issue when fitting GEE [LIANG and

ZEGER, 1986]. Let Yji = (Yji1, . . . , YjiT )T and Xji = (XT
ji1, . . . , XT

jiT )T indicate the

outcomes and covariates (treatment and other explanatory variables) obtained from

trial j, j = 1, ..., J and individual i, i = 1, . . . , n, respectively, where Yjit is the tth

outcome and Xjit is a p x 1 vector of covariates including the intercept. Suppose we

are interested in estimating the parameter vector β involved in the conditional mean,

i.e., µji = E(Yji|Xji) = g(XT
jiβ), where g is the inverse of certain link function. Then,

WGEE obtains the estimate of β by solving

g(β) =
J∑

j=1

n∑
i=1

g(Xji, Yji, β; ŵji) =
J∑

j=1

n∑
i=1

DT
jiVji

−1Wji(Yji − µji) = 0, (2.6)

where Vji = V ar(Yji|Xji), Dji = ∂µji/∂βT , and Wji is the weighted matrix with

diagonal elements equal to ŵjit, t = 1, ..., T and off-diagonal elements equal to zero.

Distinct from conventional strategies [Robins et al., 1995b, Chen et al., 2019, Shen
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et al., 2023], the estimated probabilities πit can be extracted from our developed

BHM, which could be numerically more stable and closer to the underlying truth.

Part of the reason explaining this is that traditional WGEE only uses the probability

fitted by a single study (clinical trial), which may not be efficient and stable given a

small sample size. However, our method uses the probability leveraging across studies

(clinical trials), thus integrating information to achieve better efficiency. We assessed

the performance of WGEE based on the weights calculated by our BHM method,

which is illustrated in the Simulations section.

Chapter 3: Simulations

3.1 Data generation

To evaluate the proposed method and mimic real-world trial data, we con-

sidered the following data generation mechanism: first, we considered ten sets of

data corresponding to ten trials (i.e., j = 1, . . . , 10), each of which contains data

for 50 patients (i.e., i = 1, . . . , 50) and 6 time visits in total for each patient (i.e.,

t = 1, . . . , 6). Then, we generated patient-level factors in a vector for the dropout

model xjit = (1, xjit1, xji(t−1)2)T , which consists of an intercept, gender denoted by

xjit1, and BPRS denoted by xji(t−1)2 from the time t−1, for t = 2, . . . , T . For notation

convenience, we let xjit2 be zero when t = 1. Specifically, xjit1 followed a Bernoulli

distribution with success probability 0.5, and xjit2 followed a normal distribution with
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variance 0.4. We note here that BPRS is regarded as the primary outcome in each

trial and might be affected by treatment assignment. Thus, to account for potential

differences due to treatment effect, the means of the primary outcome were gener-

ated from a normal distribution with mean 25 and standard deviation 0.1 for the

treatment group and with mean 30 and standard deviation 0.1 for the control group.

Here, we allowed different treatment effect profiles across ten trials since different

trials adopted different treatment strategies.

Afterward, we generated coefficients in the dropout model. Similar to the het-

erogeneous treatment effects, we allow different profiles of coefficients in different

trials. To be specific, We sampled βj = (βj1, βj2, βj3) for intercept, gender and

BPRS, where βj1 ∼ N(−0.19, 0.14) , βj2 ∼ N(0.78, 0.13) , βj3 ∼ N(0.50, 0.10). The

values of hyperparameters were calculated from from the multi-trial data at MPRC,

mimicking the real data application.

With generated covarites and outcomes, we dynamically generated the obser-

vation indicator in the dropout model, which follow a Bernoulli distribution given

previous dropout status. The conditional probability of observing subject i at time t

in trial j is P (Mjit = 1|Mji(t−1) = 1, xjit) = {1 + exp(−xT
jitβj)}−1, where xjit repre-

sents patient-level vector defined before. To generate the mechanism of dropout, we

required that Mjit = 0 if Mji(t−1) = 0 and Mji1 = 1 for all i and j.

3.2 Benchmarks

We compared our proposed method with existing methods from two perspec-
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tives. Firstly, we evaluated the estimation and inference in the dropout model. Sec-

ondly, we assessed the performance of the main outcome model by applying estimated

observing probabilities based on different methods. For the dropout model, we calcu-

lated bias, Monte Carlo standard deviation, and power for estimating and testing the

coefficients β based on 100 Monte Carlo runs. We compared our proposed Bayesian

hierarchical model (BHM) method with the competing method, which is the frequen-

tist way by separately applying partial likelihood regression to each individual trial

data. We do not consider GLMM as an alternative since it will only provide over-

all effect estimation instead of the trial specific estimation, which is of our primary

interest. For the main outcome model, we considered the weighted generalized esti-

mating equation (WGEE) method, owing to its ability to handle dropout missingness

[Lin and Rodriguez, 2015b, Salazar et al., 2016, Chen et al., 2019]. To implement

WGEE, we used the estimated probabilities of observing outcomes as weights to de-

tect treatment effect over ten trials. We assessed the performance of WGEE based on

the weights calculated by the proposed BHM method and the weights calculated by

the frequentist regression method, respectively. Additionally, we also compared the

performance between WGEE and the generalized estimating equation (GEE) without

any weights. For each of the ten trials, we considered bias, Monte Carlo standard

deviation, and power for estimating and testing treatment effects over 100 Monte

Carlo runs.
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3.3 Evaluations

We evaluated the robustness and performance of our method compared to the

competing method (frequentist way by separately applying regression for each indi-

vidual trial data) in terms of bias, Monte Carlo standard deviation, and power of

inference in the dropout model. In Table 3, we observe that the existing methods led

to higher bias for estimating βj for all js, whereas our proposed method led to little

bias. This is because our method can leverage information across different trials,

which improves statistical inference accuracy. However, for individual level analy-

sis, it only uses one trial data each time and has little power to accurately estimate

those parameters when the sample size in each trial is small. Our method in the

dropout data model also showed much smaller standard deviation (estimation vari-

ability) compared to the existing one, which is attributed to the fact that our method

has the ability to integrate information and synthesize similarity across different tri-

als, while individual analysis fails to do this. In addition, we also found that the

proposed method had a higher power of detecting a significant effect compared to the

competing frequentist approach individual trial analysis (FITA) (Table 2), which also

demonstrates the superiority of the BHM method.

For the main outcome model, we evaluated the performance of WGEE using

weights from our BHM method and weights from frequentist regression method. We

also compared the performance of WGEE using weights from our BHM method with

that of GEE without any weights. Our results (Table 3) showed that the WGEE

model using weights from our BHM method had smaller bias compared to both
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competing methods. No significant difference was found between the three meth-

ods in terms of power. We also observed that the standard deviation for WGEE

using weights from our BHM method was slightly smaller than that for WGEE using

weights from frequentist regression. However, both methods had larger standard de-

viation compared to the GEE approach. These findings demonstrate the importance

and necessity of accurately modeling dropout in practice.

Chapter 4: Data Application

We utilized records of 463 Schizophrenia patients who participated in 13 clini-

cal trials conducted at the Maryland Psychiatric Research Center (MPRC) between

2009 and 2016. The average sample size was 36 with range 6 to 61. In this dataset,

on average 8.0% of patients dropped out of the trials with range 0% to 22.7% over

13 trials. We used available demographic and clinical characteristics of the partici-

pants, including the Brief Psychiatric Rating Scale (BPRS) to measure psychiatric

symptoms.

The aim of this data analysis was to identify common factors, either indepen-

dently or in combination, that are associated with participant dropout in clinical

trials, alongside trial-specific factors. Detecting these factors is essential for imple-

menting remedial measures and designing more tailored early interventions specific

to individual trials, thereby enhancing participant retention in future studies. We
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first summarized patient characteristics in terms dropout status in Table 4. A higher

proportion of patients who were dropout were female (57.0%, p=0.003). Patients who

were dropout had a lower age compared to patients completed the trial (36.6±10.9

versus 42.7±12.8; p=0.005). No statistically significant difference in the proportion

of dropout by race was found(p=0.808) based on Chi-squared test. We then ap-

plied our BHM to the data obtained from MPRC to explore demographic and clinical

determinants of dropout in Schizophrenia trials. In order to estimate posterior dis-

tribution, we set out multiple levels of priors. The first one is βj ∼ MVN (µβ, Σβ),

that estimates the variability of effect sizes across different trials. We assume that

the vector of covariate effect sizes on patient dropout βj follows a multivariate normal

distribution with mean vector µβ and variance matrix Σβ. In order to make a strong

inference, we assign another level of prior to these variables, i.e., µβ ∼ MVN (µ, Ω1)

and Σβ ∼ W5(Ω2, 5). There are 5 covariates for the overall effect (intercept, gender,

age, time and BPRS) and Σβ follows a Wishart distribution with 5 degrees of free-

dom. The hyperparameters µ = [0, 0.88, 0, 0, 0]T , and Ω1 = Ω2 = (1/1000)I5, I5 is

identity matrix of size 5. For the hyperparameters, we set the value of zero for all

variables of interest except for gender, for which we used the value obtained from our

data since it remains unchanged.

In Table 5, we observe that younger age and female gender are common predic-

tors of dropout for all trials, while a higher Brief Psychiatric Rating Scale (BPRS)

score is a significant factor only in three trials. We also compared our method with

frequentist-based partial likelihood method by separately analyzing each individual

trial data. The frequentist-based method failed to detect all significant factors (Table
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6). This might be attributed to the issue of small sample size in each trial, thus

resulting in low statistical power to make inference. In addition, we do observe not

stable outputs from the frequestist-based method. This comparison also signifies and

validates the motivation of proposing our BHM approach.

Chapter 5: Discussions

Detecting a missing pattern and identifying factors associated with it are im-

portant because we can better develop a better retention plan at the stage of study

design. In addition, it enables us to implement adaptive design of clinical trials based

on missing rate [Dziura et al., 2013, O’Kelly and Ratitch, 2015]. In this paper, we

examined the strength and performance of our method (BHM) compared to the com-

peting method (individual trial data analysis) in terms of bias, standard deviation and

power of estimation and inference in the missing data model. Our proposed method

in the context of missing data leads to much smaller bias and standard deviation (es-

timation variability) compared to the competing methods. These demonstrate that

our proposed method is more precise and robust compared to existing methods. This

is in part due to ability of our method to leverage and integrate information across

different trials that the individual trial analysis unable to do. It was also found that

the proposed method has higher power compared to the competing method. Another

advantage of using our proposed method is to predict and make inference for future’s
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missingness of specific trials, an attractive feature of the Bayesian approach. The

disadvantage of the competing individual trial analysis, on the other hand, is that it

will result in underestimation or overestimation of parameters of our interest and fail

to detect covariate effects due to small sample size issue in each individual trial.

Moreover, for the main outcome model, we have evaluated the performance of

WGEE based on the weights calculated from our BHM method and weights calculated

by frequentist regression method. We also have assessed the performance of WGEE

based on the weights obtained from our BHM method and GEE without any weights.

WGEE based on the weights calculated from our BHM method performs well in terms

of bias compared to both GEE without weights and WGEE based on the weights

calculated by frequentist regression method. No statistically significant difference

was found between the three methods in terms of power.

In our data application, we observed that both younger age and gender are con-

sistently influential predictors of dropout across all trials, signifying their widespread

and significant impact. On the other hand, a higher BPRS score emerged as a sig-

nificant predictor in only three individual trials. These findings emphasize the im-

portance of giving due consideration to the specific subgroup of patients. For these

particular three trials where a high BPRS score plays a significant role, it is essential

for researchers to invest additional effort in the follow-up process, particularly for

patients with elevated BPRS scores, to ensure the desired level of patient retention.

To further boost the performance of the proposed BHM, more robust prior

could be considered [Jiang et al., 2021]. Not limited to the variables considered

in this paper, more patient-level characteristics and study-level factors should be
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evaluated in the dropout model. Since the current trials do not record extra variables,

we regraded it as limitation in our application. Non-compliance in clinical trials

makes the causal inference difficult to draw. [Tilbrook et al., 2014] found a significant

beneficial treatment effect in the study subjects who were fully compliant. However,

when all participants data were analyzed, a smaller treatment effect was estimated.

The differing inferences obtained from the two analyses caused understanding of the

study results about treatment effect hard. Thus, the analysis by considering both

non-compliant and patient dropout deserve substantial effort and merit future work.
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Trials Sample size Dropout rate(%)
Aripiprazole 43 14.0
Acamprostate 23 0.0
Olanzapine-clozapine 22 22.7
Fluvastatin 34 14.7
Galantamine-oxytocin 67 6.0
Gluten 19 15.8
L-THP 61 4.9
Minocycline 50 4.0
Nicotine 24 0.0
Dipyridamol 6 16.7
Oxytocin 41 7.3
Oxytocin-unblinded 20 0.0
Rasagiline 53 9.4

Table 1 Distribution of dropout rates across the trials
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Figure 1 Posterior odds ratio with 95% credible intervals by gender. The outcome
was patient dropout status and for the analysis, 20,000 MCMC draws from the pos-
terior distribution were used (20,000 iterations, burn-in=5,000, and adapt=1000).
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(a)
Our method (BHM) Competing method (FITA)

Bias Std Power Bias Std Power
Overall BPRS 0.05 0.13 0.86 0.07 0.52 0.44

Gender 0.01 0.21 0.95 0.05 0.66 0.39
Trial1 BPRS 0.02 0.20 0.62 0.05 0.50 0.35

Gender 0.01 0.23 0.75 0.03 0.65 0.69
Trial2 BPRS 0.05 0.14 0.63 0.06 0.42 0.39

Gender 0.03 0.24 0.78 0.04 0.62 0.33
Trial3 BPRS 0.05 0.33 0.51 0.05 0.49 0.62

Gender 0.04 0.27 0.70 0.05 0.54 0.65
Trial4 BPRS 0.06 0.18 0.60 0.07 0.62 0.47

Gender 0.03 0.26 0.79 0.05 0.75 0.25
Trial5 BPRS 0.04 0.19 0.53 0.05 0.58 0.46

Gender 0.01 0.24 0.71 0.03 0.69 0.25
Trial6 BPRS 0.04 0.23 0.58 0.05 0.56 0.55

Gender 0.10 0.18 0.68 0.07 0.70 0.50
Trial7 BPRS 0.05 0.23 0.60 0.06 0.46 0.35

Gender 0.04 0.26 0.75 0.05 0.59 0.36
Trial8 BPRS 0.03 0.21 0.62 0.04 0.45 0.37

Gender 0.06 0.20 0.66 0.08 0.70 0.15
Trial9 BPRS 0.03 0.23 0.64 0.05 0.63 0.38

Gender 0.02 0.21 0.75 0.04 0.66 0.33
Trial10 BPRS 0.05 0.22 0.62 0.07 0.50 0.42

Gender 0.04 0.21 0.81 0.05 0.65 0.40

(b)
Our method (BHM) Competing method (FITA)

Bias Std Power Bias Std Power
Overall BPRS 0.06 0.13 0.88 0.07 0.64 0.43

Gender 0.01 0.21 0.96 0.06 0.72 0.38
Trial1 BPRS 0.04 0.22 0.63 0.05 0.64 0.33

Gender 0.03 0.24 0.75 0.04 0.66 0.67
Trial2 BPRS 0.09 0.19 0.59 0.06 0.61 0.38

Gender 0.04 0.25 0.80 0.04 0.68 0.31
Trial3 BPRS 0.06 0.32 0.50 0.07 0.80 0.60

Gender 0.05 0.22 0.70 0.05 0.77 0.65
Trial4 BPRS 0.07 0.19 0.62 0.09 0.58 0.47

Gender 0.03 0.26 0.86 0.06 0.72 0.24
Trial5 BPRS 0.06 0.22 0.55 0.08 0.62 0.45

Gender 0.02 0.25 0.69 0.04 0.81 0.24
Trial6 BPRS 0.05 0.23 0.54 0.05 0.67 0.56

Gender 0.10 0.21 0.69 0.07 0.80 0.51
Trial7 BPRS 0.07 0.23 0.61 0.06 0.68 0.35

Gender 0.04 0.25 0.74 0.08 0.61 0.35
Trial8 BPRS 0.04 0.21 0.60 0.05 0.46 0.36

Gender 0.10 0.22 0.87 0.11 0.67 0.14
Trial9 BPRS 0.05 0.23 0.63 0.06 0.78 0.34

Gender 0.04 0.22 0.77 0.05 0.73 0.32
Trial10 BPRS 0.12 0.37 0.61 0.10 0.52 0.41

Gender 0.04 0.27 0.79 0.05 0.74 0.39

Table 2 Comparison of our method and the competing method for the missing data
model. Bias, Monte Carlo standard deviation, and power were calculated for esti-
mating and testing the coefficients β based on 100 Monte Carlo runs for both the
proposed method and the competing method. BHM=Bayesian hierarchical model;
FITA= frequentist individual trial analysis; (a) and (b) are results with sample size
of 50 and 26 respectively.

24



(a)
Our method
(WGEE)

Competing method
(GEE without weight)

WGEE (weight
based on frequentist way)

Bias Std Power Bias Std Power Bias Std Power
Trial1 0.03 0.60 1.00 0.05 0.24 1.00 0.08 0.67 1.00
Trial2 0.02 0.70 1.00 0.03 0.28 1.00 0.07 0.82 1.00
Trial3 0.02 0.75 1.00 0.04 0.23 1.00 0.05 0.75 1.00
Trial4 0.01 0.78 1.00 0.06 0.24 1.00 0.06 0.69 1.00
Trial5 0.05 0.57 1.00 0.05 0.22 1.00 0.057 0.40 1.00
Trial6 0.05 0.54 1.00 0.06 0.21 1.00 0.07 0.36 1.00
Trial7 0.03 0.61 1.00 0.05 0.27 1.00 0.04 0.61 0.98
Trial8 0.03 0.62 1.00 0.046 0.25 1.00 0.06 1.01 1.00
Trial9 0.01 0.53 1.00 0.06 0.25 1.00 0.05 0.50 1.00
Trial10 0.03 0.64 1.00 0.05 0.22 1.00 0.12 0.71 1.00

(b)
Our method
(WGEE)

Competing method
(GEE without weight)

WGEE (weight
based on frequentist way)

Bias Std Power Bias Std Power Bias Std Power
Trial1 0.03 0.59 0.99 0.05 0.35 1.00 0.07 0.57 1.00
Trial2 0.04 0.72 0.99 0.04 0.30 1.00 0.06 0.61 0.99
Trial3 0.03 0.56 1.00 0.04 0.35 1.00 0.04 0.69 0.99
Trial4 0.02 0.57 1.00 0.03 0.38 1.00 0.05 0.76 1.00
Trial5 0.04 0.55 0.99 0.05 0.31 1.00 0.06 0.55 1.00
Trial6 0.04 0.56 1.00 0.05 0.35 1.00 0.07 0.46 1.00
Trial7 0.02 0.68 0.99 0.03 0.33 1.00 0.04 0.56 1.00
Trial8 0.05 0.47 1.00 0.05 0.34 1.00 0.06 0.74 1.00
Trial9 0.01 0.54 0.99 0.03 0.35 1.00 0.03 0.63 0.96
Trial10 0.03 0.39 0.99 0.04 0.39 1.00 0.05 0.58 0.98

Table 3 Comparison of our method (WGEE) and the competing methods for the
main outcome model. The performance of WGEE based on the weights calculated
by our BHM method, the weights calculated by frequentist regression method and
without weight were compared. Bias, Monte Carlo standard deviation, and power
were calculated for estimating and testing treatment effects for ten trials over 100
Monte Carlo runs. (a) and (b) are results with sample size of 50 and 26 respectively.
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Characteristics Dropout
N=37

No dropout
N=426 P value

Age 36.6±10.9 42.7±12.8 0.005
Gender 0.003
Female 21(57%) 139(33%)
Male 16(43%) 287(67%)
Race 0.808

African American/Black 18(49%) 186(44%)
White 17(46%) 209(49%)
Other 2(5%) 31(7%)

Table 4 Demographic characteristics of patients

Effect Estimate Std. Error OR 2.5 % 97.5 %
Intercept -0.192 0.140 0.825 0.657 1.084
Gender
Female 0.783 0.130 2.188 1.699 2.665

Age (years) -0.095 0.012 0.909 0.887 0.931
Time -0.054 0.061 0.947 0.835 1.049
BPRS total change 0.064 0.022 1.066 1.019 1.116

Table 5 Posterior mean, standard deviation, odds ratio, and 95% odds ratio credible
set for the regression coefficients of the model. The binary response variable is patient
dropout status, and the predictors were gender, age and BPRS. For the analysis,
20,000 MCMC draws from the posterior distribution were used (20,000 iterations,
burn-in=5,000, and adapt=1000).
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Figure 2 Posterior odds ratio with 95% credible intervals for a 1-year increase in
age. The outcome was patient dropout status and for the analysis, 20,000 MCMC
draws from the posterior distribution were used (20,000 iterations, burn-in=5,000,
and adapt=1000).
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Figure 3 Posterior odds ratio with 95% credible intervals for a 5-years increase in
age. The outcome was patient dropout status and for the analysis, 20,000 MCMC
draws from the posterior distribution were used (20,000 iterations, burn-in=5,000,
and adapt=1000).
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Figure 4 Posterior odds ratio with 95% credible intervals for a 1-unit increase in
BPRS total(change). The outcome was patient dropout status and for the analysis,
20,000 MCMC draws from the posterior distribution were used (20,000 iterations,
burn-in=5,000, and adapt=1000).

29



Figure 5 Posterior odds ratio with 95% credible intervals for a 5-unit increase in
BPRS total(change). The outcome was patient dropout status and for the analysis,
20,000 MCMC draws from the posterior distribution were used (20,000 iterations,
burn-in=5,000, and adapt=1000).
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Effect OR 2.5 % 97.5 %
Overall Gender F vs M 2.174 1.286 3.677
Aripiprazole Gender F vs M <.001 <.001 >100
Placebo-Aripiprazole Gender F vs M <.001 <.001 >100
Fluvastatin Gender F vs M 1.241 0.078 19.791
Placebo-Fluvastatin Gender F vs M 1.791 0.189 16.997
Galantamine Gender F vs M <.001 <.001 >100
Gluten Gender F vs M >.001 <.001 >100
Placebo-Gluten Gender F vs M 289.7 0.161 >100
L-THP Gender F vs M 8.859 0.448 175.3
Placebo-LTHP Gender F vs M <.001 <.001 >100
Minocycline Gender F vs M 3.347 0.146 76.9
Placebo-Minocycline Gender F vs M <.001 <.001 >100
Olanzapine Gender F vs M 10.21 0.701 148.6
Placebo-Oxytocin Gender F vs M <.001 <.001 >.100
Oxytocin2 Gender F vs M 2.962 0.678 12.94
Placebo-Oxytocin2 Gender F vs M 4.709 0.505 43.92
Placebo-Rasagiline Gender F vs M 0.066 <.001 7.675
Overall Age 0.974 0.952 0.997
Aripiprazole Age 0.960 0.857 1.076
Placebo-Aripiprazole Age 0.981 0.873 1.103
Fluvastatin Age 0.965 0.835 1.114
Placebo-Fluvastatin Age 0.989 0.881 1.110
Galantamine Age 0.958 0.755 1.215
Gluten Age 1.061 0.917 1.227
Placebo-Gluten Age 1.094 0.869 1.378
L-THP Age 1.028 0.918 1.151
Placebo-LTHP Age 0.839 0.559 1.257
Minocycline Age 1.056 0.934 1.194
Placebo-Minocycline Age 0.153 0.002 14.152
Olanzapine Age 1.053 0.908 1.221
Placebo-Oxytocin Age 0.974 0.890 1.065
Oxytocin2 Age 0.949 0.871 1.034
Placebo-Oxytocin2 Age 0.873 0.733 1.039
Placebo-Rasagiline Age 0.704 0.497 0.997
Overall BPRS total(change) 1.048 1.013 1.085
Aripiprazole BPRS total(change) 1.067 0.896 1.270
Placebo-Aripiprazole BPRS total(change) 1.038 0.822 1.310
Fluvastatin BPRS total(change) 1.151 0.923 1.436
Placebo-Fluvastatin BPRS total(change) 1.152 0.908 1.461
Galantamine BPRS total(change) 1.800 0.480 6.754
Gluten BPRS total(change) 1.171 0.791 1.734
Placebo-Gluten BPRS total(change) 1.588 0.751 3.358
L-THP BPRS total(change) 1.040 0.910 1.188
Placebo-LTHP BPRS total(change) 1.424 0.628 3.230
Minocycline BPRS total(change) 1.000 0.845 1.185
Placebo-Minocycline BPRS total(change) 14.80 0.021 >100
Olanzapine BPRS total(change) 1.082 0.911 1.285
Placebo-Oxytocin BPRS total(change) 1.027 0.753 1.401
Oxytocin2 BPRS total(change) 0.955 0.878 1.038
Placebo-Oxytocin2 BPRS total(change) 1.080 0.989 1.180
Placebo-Rasagiline BPRS total(change) 1.896 1.101 3.265

Table 6 Odds ratios and 95% Confidence intervals of odds ratios
obtained from logistic regression model of the Frequentist-based
individual trail analyses. The binary response variable is patient
dropout status, and the predictors were gender, age and BPRS,
inactive drugs were used for placebo.
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Part II

Efficacy of Randomized Clinical Trials in Adolescent Patients with Schizophrenia: A

Network Meta Analysis



Chapter 6: Introduction

Schizophrenia is a mental health issue which affects overall life situations includ-

ing family, educational, personal, social, and working functioning [WHO, 2022]. In

the general population, the lifetime prevalence of schizophrenia is 1% [Kendhari et al.,

2016]. Most clinical trials enroll adults and there is scarcity of treatment efficacy data

in children and adolescents [Joseph et al., 2015]. Though there is no agreement about

the prevalence of schizophrenia among underage population, a meta-analysis study

showed that the estimated prevalence of psychotic symptoms among children and ado-

lescents reach 5% [Kelleher et al., 2012]. Accordingly, much more attention should

be given to younger population and more studies need to be performed to examine

efficacy of schizophrenia or psychotic symptoms treatments in underage population.

Meta-analysis uses aggregate data (AD) obtained from published articles, confer-

ence abstracts, or trial registries like “clinicaltrials.gov” to determine overall effect of

treatments by integrating results from individual studies. However, the traditional

meta-analysis is restricted to direct comparison of treatments in parallel study designs

[Rouse et al., 2017]. Network meta-analysis (NMA) is a special kind of meta-analysis

for the comparison of multiple treatments simultaneously in a single analysis by com-

bining direct and indirect evidence. The direct evidence is obtained from randomized
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control trials (RCTs) with direct comparison of treatments in parallel study design.

The indirect evidence is obtained from comparisons of one or more common compara-

tors by transitivity[Rouse et al., 2017]. The direct and indirect pooled evidence is

called network estimate. Network meta-analysis is vital in examining the effectiveness

of different treatments or interventions in randomized control trials (RCTs). Accord-

ingly, NMA is gaining popularity. Meanwhile, inferences might be biased unless the

NMA is conducted properly and interpreted accurately. Therefore, Network meta-

analysis need to be designed thoroughly and conducted appropriately to generate valid

results. We conducted a network meta-analysis on randomized control clinical trials

for schizophrenia treatments using PANSS (positive and negative syndrome score) as

an outcome to examine efficacy of schizophrenia treatments in adolescents (underage

patients). The PANSS is a 30-items rating scale to measure the severity of symptoms

of schizophrenia patients. The PANSS is composed of the following three sub scales.

Positive Scale which used to measure positive symptoms (excess of normal functions),

Negative Scale which used to measure negative symptoms (loss of normal functions)

and General Psychopathology Scale. Each item is rated with scores of 1 to 7 points,

1 for absence of symptom and 7 for extreme symptom. The total PANSS score is the

sum of the scores of all the three sub scales with range 30 to 210. We also exam-

ined treatment effects using another outcome clinical global impression (CGI-S). The

CGI-S is a 7- point rating scale to measure the severity of symptoms of schizophrenia

patients. It also used to measure treatment response and efficacy of treatments in

patients with schizophrenia. The CGI-S scores range from 1 to 7 points, 1 for normal

and 7 for extreme symptom. Literature searches were conducted through electronic
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databases MEDLINE, PsycINFO, PsycARTICLES and PubMed up to September

2023. The following terms: schizophrenia treatment or schizophrenia therapy or Psy-

chotherapy or psychological intervention, PANSS or positive and negative syndrome

score, Clinical trials or randomized controlled trials or controlled clinical trials, and

Efficacy or effectiveness/ efficacy or effectiveness or impact or benefits or outcomes or

success were used for the search. The inclusion criteria were: Randomized Controlled

Trials (RCT) to examine efficacy of schizophrenia treatments, with PANSS and CGI

outcomes, included patients with schizophrenia, age 0-18 years, male or female, any

race/ethnicity, and published in English.

Chapter 7: Method

7.1 Selection Criteria

Three electronic databases (Medline, PubMed, and Psychinfo) were searched.

The search strategy eligibility criteria were RCTs for Schizophrenia treatment or

schizophrenia therapy, published in scientific peer reviewed papers, written in En-

glish, have outcomes PANSS and/or CGI-S, published up to September 2023, in-

cluded cohort of patients with age 0-18 years, male or female, and any race/ethnicity.

Conference abstracts and reports were excluded.
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7.2 Data Extraction

Symptom data for outcomes Positive and Negative Syndrome Scale (PANSS)

and ICG-S were extracted. The data extracted were treatments effects, within-group

mean change score with standard deviation. Treatments effects and their correspond-

ing standard deviations of each study were obtained. 22 studies have PANSS outcome,

and 15 studies have CGI-S outcome, and 10 studies have both PANSS and CGI-S

outcomes and these 10 studies were used for the primary combined analysis. For the

final analyses of our NMA, we identified 27 relevant RCTs with available symptom

outcomes data (Figure 7.2.1). The 27 RCTs included 4195 randomized participants

with age 18 years or less.

36



Figure 7.2.1 PRISMA diagram of network meta-analysis
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7.3 Intervention Description

The interventions comprised both medical and psychological treatments for

Schizophrenia, including placebo and treatment as usual (TAU). The Pharmaco-

logical interventions were Aripiprazole, Asenapine, Clozapine, Haloperidol, Iloperi-

done, Lurasidone, Methylphenidate, Molindone, Olanzapine, Paliperidone, Quetiap-

ine, Risperidone, Ziprasidone and Venlafaxine. The Psychological interventions were

Cognitive remediation and Psychotherapy.

7.4 Study Characteristics

In this paper, we used 27 Randomized Controlled Trials (RCT) conducted to

examine efficacy of schizophrenia treatments in underage patients. There were 25 two-

arm trials, 2 three-arm trials and 4195 randomized participants with age 18 years or

less. The onset of schizophrenia frequently occurs in adolescence age and adolescent

patients can start treatments after diagnosis [Hollis and Rapoport, 2011]. However,

most randomized controlled clinical trials for schizophrenia treatments include only

adult patients in their study. In this study we are interested in focusing on Schizophre-

nia clinical trials for children and the adolescent population. Outcomes of interest

included PANSS (positive and negative syndrome score) and CGI-S (clinical global

impression for severity). The PANSS is a 30-items rating scale to measure the sever-

ity of schizophrenia patients’ symptoms. The PANSS is comprised of positive scale

which measures positive symptoms (excess of normal functions), negative scale which
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measures negative symptoms (loss of normal functions) and general psychopathology

scale. Each item has score of 1 to 7 points, 1 for absence of symptom and 7 for

extreme symptom. The total PANSS score, which is the sum of the scores of all the

three sub scales ranges 30 to 210. The CGI-S is a 7- point rating scale to measure the

severity of symptoms of schizophrenia patients. It is also used to measure treatment

response and efficacy of treatments in patients with schizophrenia. The CGI-S score

ranges from 1 to 7 points, 1 for normal and 7 for extreme symptoms
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7.5 Statistical Analysis

NMA using frequentist framework was performed to examine the efficacy of

Randomized Clinical Trials in Adolescent Patients with Schizophrenia. The param-

eters that represent the characteristics of the study population were inferred using

the likelihood of the observed data. The method calculates the probability under

the assumption that the observed data repeats infinitely. Results are provided as a

point estimate (effect measures, mean difference) with a 95% CI. Our NMA utilized

random-effects approach. Random-effects methods assumes that the observed differ-

ence in the effect size take into account sampling errors, true effect size variations

across studies and between direct and indirect comparisons.

Assumptions validation: To lower risks of bias, the assumptions of homo-

geneity, transitivity and consistency were assessed. Homogeneity (similarity), transi-

tivity and consistency assumptions apply to direct comparisons, indirect comparisons,

and mixed comparisons (direct and indirect comparisons) respectively. Cochran’s Q

statistic was used for assessing heterogeneity within and between designs. Consistency

achieved when the relative effect based on direct comparison does not differ from indi-

rect comparison [Schwarzer et al., 2015]. Global consistency under the assumption of

a full design-by-treatment interaction random effects model were performed to assess

consistency between direct and indirect comparison overall. Q statistics was used to

test global consistency. Local consistency tests were also conducted for studies with

both direct and indirect comparisons. Z-test was used to test local consistency.
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Local consistency model: Suppose we have treatments A, B and C

µAC = µAB − µBC (7.1)

Inconsistency model:

µAC = µAB − µBC + ωABC (7.2)

Where, µAB is the treatment effect of AB, µBC is the treatment effect of BC,

µAC is the treatment effect of AC, and ωABC is the inconsistency variable. The

distribution of the inconsistent parameter is ω ∼ N (0, σ2)

Egger’s test was used to assess potential publication bias via funnel plot asym-

metry.

NMA model::

Let K, M and n denote number of studies, number of pairwise comparisons and

number of treatments respectively. We calculated the effect size β̂m for each pairwise

comparison m and all effect sizes are collected in a vector β̂ = (β̂1, β̂2,...,β̂M ) The

following model was used to generate the vector of observed effect sizes β̂.

β̂ = Xβtreat + ϵ (7.3)

Where X is a m×n design matrix, in which the rows represent m pairwise comparisons

and the columns represent the n different treatments. In our network, the true effects

of the n unique treatments (the mean value of outcome given different treatments)
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was represented by the vector βtreat . This vector is the vector which was estimated

by our NMA model. βtreat enables us to determine the best performing or most

effective treatments in our network. The sampling errors of each pairwise comparison

is represented by ϵm and they are included in the vector ϵ.

The distribution of the sampling errors of each pairwise comparison is assumed

to be a Gaussian normal with a mean of zero and variance σ2
m.

ϵm ∼ N (0,σ2
m) (7.4)

Primary Analysis: Combined analysis

The performance of treatments within each outcome was compared using studies

with both outcomes. In addition, treatments between PANSS and CGI-S outcomes

were compared.

For the combined analysis, there were seven treatments such as Placebo, Arip-

iprazole, Asenapine, Olanzapine, Paliperidone, Risperidone and Ziprasidone. Let

these treatments be denoted by A, B, C, D, E, F, and G respectively for model

illustration.

The objective is to estimate the true effect sizes of the treatments in our network,

βtreat = (βA,βB,βC ,βD,βE,βF ,βG)T
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The effect sizes of the pairwise comparisons are a vector:

β̂ = (β̂AB, β̂AC , β̂AD, β̂AE, β̂AF , β̂AG, β̂BE)T

We get the following equation when we put the above parameters in our network

model: β̂= Xβtreat + ϵ

β̂A,B

β̂A,C

β̂A,D

β̂A,E

β̂A,F

β̂A,G

β̂B,E



=



1 −1 0 0 0 0 0

1 0 −1 0 0 0 0

1 0 0 −1 0 0 0

1 0 0 0 −1 0 0

1 0 0 0 0 −1 0

1 0 0 0 0 0 −1

0 1 0 0 −1 0 0





βA

βB

βC

βD

βE

βF

βG



+



ϵ1

ϵ2

ϵ3

ϵ4

ϵ5

ϵ6

ϵ7



(7.5)

Secondary analysis: Separate analysis

To test the robustness of our findings and to validate our conclusion, we per-

formed two sensitivity analyses (separate analysis for each outcome) based on full

sets of literature (each outcome is separately analyzed). By doing so, we finally com-

pared whether the sensitivity analyses support or violate our findings in the primary

analysis.

Rank probabilities: Based on the results of NMA, rank probabilities were

calculated for each treatment to be the first rank (best treatment), second, third,

fourth, fifth. . . and last rank (worst). The cumulative ranking probabilities were also

calculated and demonstrated by cumulative ranking curves. P scores of the treat-

ments are estimated and presented in tables. P score is the average proportion of

treatments worse than it [Rücker and Schwarzer, 2015]. In other words, it is the
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average proportion of certainty that the treatment is better than all the competing

treatments. The probability that a treatment is among the best options is represented

by P-score. A treatment with a larger P-score have a higher rank in the network.

Forest plots were used to provide a visual summary of the analysis results. The plots

graphically represent the effect size estimates and the corresponding 95% confidence

intervals for each study. Forest plots were used for visual evaluation of the individ-

ual studies included in the analyses. Network Estimate Forest plot for treatments

which had both direct and indirect evidence are provided. Network graphs which are

visual presentation of evidence are also provided. In the graphs, each treatment is

represented by one node, size of the node indicates the sample size of subjects ran-

domized to that treatment, and thickness of width of the edge shows the number of

clinical trials comparing two treatments[Rouse et al., 2017].Network graph provides

illustrations of the overall structure of comparisons in our network that enables us to

understand the treatment comparisons conducted in the main data. Statistical analy-

ses were conducted using R Statistical Software Package version 4.3.2 (R Core Team,

2023) for Microsoft Windows. Statistical significance is defined as p-value ≤ 0.05.
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Chapter 8: Result

8.1 Primary Analysis: Combined analysis

The systematic review identified 10 relevant RCTs with available PANSS and

CGI-S outcome data that examined the efficacy of schizophrenia treatments in un-

derage patients. There were 10 two-arm trials, 7 treatments and 1868 randomized

participants with age 18 years or less. The performance of treatments within each

outcome, and between outcomes PANSS and CGI-S were compared. Based on effect

sizes, Olanzapine and Paliperidone were found to be the best treatment for PANSS

and CGI respectively. Although the effect size shows a decreasing trend, if we are

taking 95% confidence intervals into account Olanzapine, Risperidone and Paliperi-

done are nested within each other. Since 95% confidence intervals indicate the extent

of evidence, Olanzapine, Risperidone and Paliperidone are good to use, and they are

found to be very good across studies. Aripiprazole works good for PANSS but not

that good for CGI as the effect size is close to zero. Overall Olanzapine, Risperidone

and Paliperidone perform very well in both outcome analysis and they are robust.
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Network Diagram:

Figure 8.1.1 Network graph, each treatment is represented by one node, the size
of the node indicates the sample size of subjects randomized to that treatment, and
the thickness of width of the edge shows the number of clinical trials comparing two
treatments. Rouse et al, 2017. This network graph provides illustrations of the overall
structure of comparisons in our network that enables us to understand the treatment
comparisons conducted in the main analysis

Figure 8.1.2 Treatment effect estimates with 95% confidence interval for the com-
parison of treatments using PANSS total score.
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Rank Effects of treatments
AripiprazoleAsenapine OlanzapinePaliperidonePlacebo Risperidone Ziprasidone

1 0.055 0.007 0.605 0.023 0.00 0.310 0.000
2 0.293 0.031 0.194 0.107 0.00 0.374 0.001
3 0.432 0.085 0.071 0.273 0.00 0.130 0.009
4 0.189 0.165 0.068 0.442 0.00 0.106 0.030
5 0.031 0.484 0.043 0.142 0.00 0.062 0.238
6 0.0 0.215 0.017 0.013 0.11 0.016 0.629
7 0.0 0.013 0.002 0.000 0.89 0.002 0.093

Table 8.1.1 Rank probabilities for the comparison of treatments using PANSS total
score

Each row represent the probability of each treatment to be the 1st rank (the

best), second, third, fourth, fifth,. . . and last rank(worst). The probability of Olan-

zapine being the best treatment (1st rank) is 60.5%. The probability of Risperidone

being the best treatment (1st rank) is 31.1%. The probability of Aripiprazole being

the best treatment (1st rank) is 5.5%.
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Figure 8.1.3 Composite line chart for probabilities of treatments on each rank using
PANSS
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Figure 8.1.4 Accumulative bar chart for probabilities of treatments on each rank
using PANSS
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Treatments P score
Olanzapine 0.8599
Risperidone 0.7809
Aripiprazole 0.7251
Paliperidone 0.5373
Asenapine 0.3813
Ziprasidone 0.1970
Placebo 0.0185

Table 8.1.2 P score of treatments for the comparison of treatments using PANSS total
score

As can be seen from the above table, we are 85.99% certain that the treatment

Olanzapine is the best treatment compared to all other treatments. In other words,

85.99% of treatments are worse than Olanzapine.

Aripiprazole Asenapine Olanzapine Paliperidone PlaceboRisperidoneZiprasidone
Aripiprazole 0.00 -3.52 3.77 -1.28 -8.73 1.57 -6.13
Asenapine 3.52 0.00 7.29 2.24 -5.21 5.09 -2.61
Olanzapine -3.77 -7.29 0.00 -5.05 -12.5 -2.2 -9.9
Paliperidone 1.28 -2.24 5.05 0.00 -7.45 2.85 -4.85
Placebo 8.73 5.21 12.5 7.45 0.00 10.3 2.6
Risperidone -1.57 -5.09 2.2 -2.85 -10.3 0.00 -7.7
Ziprasidone 6.13 2.61 9.9 4.85 -2.6 7.7 0.00

Table 8.1.3 Network estimate result matrix for the comparison of treatments using
PANSS
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Figure 8.1.5 Treatment effect estimates with 95% confidence interval for the com-
parison of treatments using CGI-S score

Ranking Effects of treatments
AripiprazoleAsenapine OlanzapinePaliperidonePlacebo Risperidone Ziprasidone

1 0.000 0.000 0.064 0.908 0.000 0.027 0.001
2 0.012 0.008 0.442 0.076 0.000 0.436 0.026
3 0.105 0.076 0.300 0.016 0.000 0.427 0.076
4 0.439 0.201 0.116 0.000 0.000 0.074 0.170
5 0.343 0.381 0.043 0.000 0.001 0.030 0.202
6 0.101 0.318 0.033 0.000 0.133 0.006 0.409
7 0.000 0.016 0.002 0.000 0.866 0.000 0.116

Table 8.1.4 Rank probabilities of for the comparison of treatments using CGI-S score

The probability of Paliperidone being the best treatment (1st rank) is 90.8%.

The probability of Olanzapine being the best treatment (1st rank) is 6.4%. The

probability of Risperidone being the best treatment (1st rank) is 2.7%.
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Figure 8.1.6 Composite line chart for probabilities of treatments on each rank using
CGI-S
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Figure 8.1.7 Accumulative bar chart for probabilities of treatments on each rank
using CGI-S
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Treatments P-score
Paliperidone 0.9785
Risperidone 0.7288
Olanzapine 0.7115
Aripiprazole 0.4345
Asenapine 0.3441
Ziprasidone 0.2769
Placebo 0.0258

Table 8.1.5 P score of treatments for the comparison of treatments using CGI-S score

We are 97.85% certain that the treatment Paliperidone is the best treatment

compared to all other treatments. In other words, 97.85% of treatments are worse

than Paliperidone.

AripiprazoleAsenapine OlanzapinePaliperidonePlaceboRisperidoneZiprasidone
Aripiprazole0.00 -0.07 0.26 0.65 -0.34 0.25 -0.13
Asenapine 0.07 0.00 0.33 0.72 -0.27 0.32 -0.06
Olanzapine -0.26 -0.33 0.00 0.40 -0.60 -0.01 -0.39
Paliperidone-0.65 -0.72 -0.40 0.00 -1.00 -0.41 -0.79
Placebo 0.34 0.27 0.60 1.00 0.00 0.59 0.21
Risperidone -0.25 -0.32 0.01 0.41 -0.59 0.00 -0.38
Ziprasidone 0.13 0.06 0.39 0.79 -0.21 0.38 0.00

Table 8.1.6 Network estimate result matrix for the comparison of treatments using
CGI-S score

Based on effect sizes, Olanzapine and Paliperidone were found to be the best

treatment for PANSS and CGI respectively. Although the effect size shows a de-

creasing trend, if we are taking 95% confidence intervals into account Olanzapine,

Risperidone and Paliperidone are nested within each other. Since 95% confidence

intervals indicates the extent of evidence, Olanzapine, Risperidone and Paliperidone

are good to use, and they are found being very good across the studies. Aripiprazole

works good for PANSS but not that good for CGI as the effect size is close to zero.

Overall Olanzapine, Risperidone and Paliperidone perform very well in both outcome
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analysis and they are robust.

8.2 Sensitivity analysis: Separate Analysis

To test the robustness of our findings and to validate our conclusion, we con-

ducted two sensitivity analyses (separate analysis for each outcome) based on full

sets of literature. By doing so we finally compared whether those sensitivity analyses

support or violate our findings in the primary analysis.

Outcome: PANNS total score

The systematic review identified 22 relevant RCTs with available PANSS out-

come data (Figure2) that examined the efficacy of schizophrenia treatments in un-

derage patients. There were 21 two-arm trials, 1 three-arm trial, 14 treatments and

3703 randomized participants with age 18 years or less. The performance of treat-

ments was compared. Based on effect sizes, Haloperidol was found to be the best

treatment for PANSS. Although the effect size shows a decreasing trend, if we are

taking 95% confidence intervals into account Haloperidol, Iloperidone, Molindone,

Risperidone, Olanzapine and Aripiprazole are nested within each other. Since 95%

confidence intervals indicate the extent of evidence, Haloperidol, Iloperidone, Molin-

done, Risperidone, Olanzapine and Aripiprazole are good to use, and they are found

to be very good across studies. Based on the rank probabilities, the probability

of Haloperidol, Iloperidone and Molindone being the best treatment (1st rank) for

PANSS was found to be 45.7%, 36.1% and 7.9% respectively. The P score also assures

Haloperidol was the best treatment for PANSS, P-score=92.28%. We are 92.28% cer-
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tain that the treatment Haloperidol is the best treatment for PANSS compared to all

other treatments.

Figure 8.2.1 Network graph, each treatment is represented by one node, the size
of the node indicates the sample size of subjects randomized to that treatment, and
the thickness of width of the edge shows the number of clinical trials comparing two
treatments. Rouse et al, 2017. This network graph provides illustrations of the overall
structure of comparisons in our network that enables us to understand the treatment
comparisons conducted in the main data
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Figure 8.2.2 Treatment effect estimates with 95% confidence interval for the com-
parison of treatments using PANSS total score
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R Efficacy of treatments
Aripip
razole

Asen
apine

Halope
ridol

Iloperi
done

Luras
idone

Molin
done

Olanza
pine

Palipe
ridone

Plac
ebo

Psycho
therapy

Quetia
pine

Risperi
done

TAU Zipras
idone

1 0.004 0.001 0.457 0.361 0.026 0.079 0.023 0.000 0.0000.0000.006 0.033 0.008 0.002
2 0.016 0.004 0.281 0.258 0.039 0.170 0.047 0.001 0.0000.0100.030 0.123 0.017 0.004
3 0.048 0.020 0.116 0.100 0.045 0.210 0.118 0.002 0.0000.0170.060 0.227 0.031 0.006
4 0.096 0.032 0.063 0.074 0.075 0.149 0.162 0.002 0.0000.0380.092 0.168 0.032 0.017
5 0.151 0.039 0.035 0.054 0.082 0.118 0.132 0.012 0.0000.0610.111 0.147 0.037 0.021
6 0.190 0.050 0.014 0.038 0.067 0.086 0.143 0.022 0.0000.0750.143 0.110 0.041 0.021
7 0.162 0.085 0.021 0.031 0.066 0.064 0.120 0.043 0.0000.0870.133 0.094 0.058 0.036
8 0.140 0.082 0.005 0.032 0.091 0.050 0.102 0.087 0.0000.1110.115 0.049 0.074 0.062
9 0.099 0.116 0.003 0.015 0.091 0.031 0.079 0.143 0.0020.1270.103 0.025 0.081 0.085
10 0.053 0.150 0.002 0.012 0.088 0.024 0.035 0.194 0.0110.1400.095 0.013 0.101 0.082
11 0.030 0.141 0.002 0.015 0.105 0.010 0.024 0.194 0.0640.1210.072 0.006 0.110 0.106
12 0.011 0.119 0.001 0.004 0.080 0.006 0.011 0.188 0.1620.1100.030 0.004 0.120 0.154
13 0.000 0.098 0.000 0.006 0.073 0.002 0.003 0.093 0.3580.0660.010 0.001 0.118 0.172
14 0.000 0.063 0.000 0.000 0.072 0.001 0.001 0.019 0.4030.0370.000 0.000 0.172 0.232

Table 8.2.1 Rank probabilities of for the comparison of treatments using PANSS total
score
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The probability of Haloperidol being the best treatment (1st rank) is 45.7%.

The probability of Iloperidone being the best treatment (1st rank) is 36.1%. The

probability of Molindone being the best treatment (1st rank) is 7.9%.

Figure 8.2.3 Composite line chart for probabilities of treatments on each rank using
PANSS

59



Figure 8.2.4 Accumulative bar chart for probabilities of treatments on each rank
using PANSS

60



Treatments P-score
Haloperidol 0.9228
Iloperidone 0.8411
Molindone 0.7487
Risperidone 0.7098
Aripiprazole 0.5994
Olanzapine 0.5842
Quetiapine 0.5380
Lurasidone 0.4485
Psychotherapy 0.3923
Asenapine 0.3463
TAU 0.2972
Paliperidone 0.2885
Ziprasidone 0.2211
Placebo 0.0620

Table 8.2.2 P score of treatments for the comparison of treatments using PANSS total
score

We are 92.28% certain that the treatment Haloperidol is the best treatment
compared to all other treatments. We can also say that 92.28% of treatments are

worse than Haloperidol.
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Arip AsenHalo Ilop Lura Moli Olan Palip Plac Quet Risp TAU Ther Zipra
Arip 0.00 -

4.06
8.09 6.79 -

2.37
3.52 0.73 -

4.78
-
9.27

-
0.84

2.72 -5.4 -3.4 -
6.67

Asen 4.06 0.00 12.1510.851.69 7.59 4.8 -
0.72

-
5.21

3.22 6.78 -
1.34

0.66 -
2.61

Halo -
8.09

-
12.15

0.00 -
1.30

-
10.5

-
4.56

-
7.36

-
12.87

-
17.4

-
8.93

-
5.37

-
13.5

-
11.5

-
14.8

Ilop -
6.79

-
10.85

1.30 0.00 -
9.16

-
3.26

-
6.06

-
11.57

-
16.1

-
7.63

-
4.07

-
12.2

-
10.2

-
13.5

Lura 2.37 -
1.69

10.5 9.16 0.00 5.89 3.1 -
2.42

-6.9 1.53 5.09 -
3.03

-
1.03

-
4.30

Moli -
3.52

-
7.59

4.56 3.26 -
5.89

0.00 -
2.79

-
8.31

-
12.8

-
4.36

-0.8 -
8.92

-
6.92

-
10.2

Olan -
0.73

-
4.8

7.36 6.06 -3.1 2.79 0.00 -
5.52

-
10.0

-
1.57

1.99 -
6.13

-
4.13

-7.4

Palip 4.78 0.72 12.8711.572.42 8.31 5.52 0.00 -
4.48

3.94 7.5 -
0.61

1.39 -
1.88

Plac 9.27 5.21 17.4 16.1 6.9 12.8 10.00 4.48 0.00 8.43 11.9 3.87 5.87 2.60
Quet 0.84 -

3.22
8.93 7.63 -

1.53
4.36 1.57 -

3.94
-
8.43

0.00 3.56 -
4.56

-
2.56

-
5.83

Risp -
2.72

-
6.78

5.37 4.07 -
5.09

0.8 -
1.99

-7.5 -
11.9

-
3.56

0.00 -
8.12

-
6.12

-
9.39

TAU 5.4 1.34 13.5 12.2 3.03 8.92 6.13 0.61 -
3.87

4.56 8.12 0.00 2.00 -
1.27

Ther 3.40 -
0.66

11.5 10.2 1.03 6.92 4.13 -
1.39

-
5.87

2.56 6.12 -
2.00

0.00 -
3.27

Zipr 6.67 2.61 14.8 13.5 4.30 10.2 7.4 1.88 -
2.60

5.83 9.39 1.27 3.27 0.00

Table 8.2.3 Network estimate result matrix for the comparison of treatments using
PANSS
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Outcome: CGI-S

The systematic review identified 15 relevant RCTs with available CGI-S outcome

data that examined the efficacy of schizophrenia treatments in underage patients.

There were 14 two-arm trials, 1 three-arm trial, 11 treatments, and 2360 randomized

participants with age 18 years or less. The performance of treatments was compared.

Based on effect sizes, Methylphenidate was found to be the best treatment for CGI-S

(Figure 10). Although the effect size shows a decreasing trend, if we are taking 95%

confidence intervals into account Methylphenidate, Paliperidone, Clozapine, Risperi-

done, Venlafaxine and Olanzapine are nested within each other. Since 95% confidence

intervals indicate the extent of evidence, Methylphenidate, Paliperidone, Clozapine,

Risperidone, Venlafaxine and Olanzapine are good to use, and they are found to be

very good across studies for CGI-S. Based on the rank probabilities, the probability

of Methylphenidate, Paliperidone and Clozapine being the best treatment (1st rank)

for CGI-S was found to be 52.6%, 31.7% and 15.4% respectively. Based on P-score,

Paliperidone was the best treatment for CGI-S, P-score=89.93%. We are 89.93%

certain that Paliperidone is the best treatment compared to all other treatments.
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Figure 8.2.5 Network graph, each treatment is represented by one node, the size
of the node indicates the sample size of subjects randomized to that treatment, and
the thickness of width of the edge shows the number of clinical trials comparing two
treatments. Rouse et al, 2017. This network graph provides illustrations of the overall
structure of comparisons in our network that enables us to understand the treatment
comparisons conducted in the main data

Rank Efficacy of treatments
Aripip
razole

Asena
pine

Cloza
pine

Halope
ridol

Methylp
enidate

Olanz
apine

Palipe
ridone

Plac
ebo

Risper
idone

Venla
faxine

Zipra
sidone

1 0.000 0.000 0.154 0 0.526 0.000 0.317 0.000 0.003 0.000 0.000
2 0.000 0.001 0.282 0.001 0.218 0.005 0.437 0.000 0.052 0.003 0.001
3 0.002 0.001 0.315 0.011 0.135 0.035 0.208 0.000 0.25 0.036 0.007
4 0.015 0.021 0.113 0.009 0.044 0.085 0.025 0.000 0.51 0.159 0.019
5 0.079 0.057 0.052 0.014 0.025 0.281 0.008 0.000 0.126 0.322 0.036
6 0.177 0.089 0.041 0.020 0.011 0.273 0.002 0 0.046 0.273 0.068
7 0.319 0.163 0.022 0.025 0.016 0.197 0.002 0.000 0.010 0.145 0.101
8 0.276 0.307 0.017 0.044 0.012 0.092 0.001 0.007 0.003 0.048 0.193
9 0.113 0.281 0.004 0.1 0.008 0.031 0.000 0.138 0.000 0.013 0.312
10 0.019 0.065 0.000 0.153 0.003 0.001 0.000 0.576 0.000 0.001 0.182
11 0.000 0.015 0.000 0.623 0.002 0.000 0.000 0.279 0.000 0.000 0.081

Table 8.2.4 Rank probabilities of for the comparison of treatments using CGI-S score
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Figure 8.2.6 Treatment effect estimates with 95% confidence interval for the com-
parison of treatments using CGI-S score
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The probability of Methylphenidate being the best treatment (1st rank) is

52.6%. The probability of Paliperidone being the best treatment (1st rank) is 31.7%.

The probability of Clozapine being the best treatment (1st rank) is 15.4%.

Figure 8.2.7 Composite line chart for probabilities of treatments on each rank using
CGI-S

66



Figure 8.2.8 Accumulative bar chart for probabilities of treatments on each rank
using CGI-S

Treatments P score
Paliperidone 0.8993
Methylphenidate 0.8938
Clozapine 0.8135
Risperidone 0.7073
Venlafaxine 0.5553
Olanzapine 0.4979
Aripiprazole 0.3809
Asenapine 0.3133
Ziprasidone 0.2666
Haloperidol 0.0902
Placebo 0.0819

Table 8.2.5 P score of treatments for the comparison of treatments using CGI-S score
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We are 89.93% certain that the treatment Paliperidone is the best treatment

compared to all other treatments. We can also say that 89.93% of treatments are

worse than Paliperidone.

Aripi Asena Cloz Halo Methyl Olan Palip Plac Risp Venla Zipra
Aripi 0.00 -0.07 0.51 -0.50 0.75 0.11 0.65 -0.34 0.30 0.14 -0.13
Asena 0.07 0.00 0.58 -0.43 0.82 0.18 0.72 -0.27 0.37 0.21 -0.06
Cloz -0.51 -0.58 0.00 -1.01 0.24 -0.40 0.15 -0.85 -0.21 -0.37 -0.64
Halo 0.50 0.43 1.01 0.00 1.25 0.61 1.16 0.16 0.80 0.64 0.37
Methyl -0.75 -0.82 -0.24 -1.25 0.00 -0.64 -0.09 -1.09 -0.45 -0.61 -0.88
Olan -0.11 -0.18 0.40 -0.61 0.64 0.00 0.55 -0.45 0.19 0.03 -0.24
Palip -0.65 -0.72 -0.15 -1.16 0.09 -0.55 0.00 -1.00 -0.36 -0.51 -0.79
Plac 0.34 0.27 0.85 -0.16 1.09 0.45 1.00 0.00 0.64 0.49 0.21
Risp -0.30 -0.37 0.21 -0.80 0.45 -0.19 0.36 -0.64 0.00 -0.16 -0.43
Venla -0.14 -0.21 0.37 0.64 0.61 -0.03 0.51 -0.49 0.16 0.00 -0.28
Zipra 0.13 0.06 -0.64 -0.37 0.88 0.24 0.79 -0.21 0.43 0.28 0.00

Table 8.2.6 Network estimate result matrix for the comparison of treatments using
CGI-S score
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Chapter 9: Discussion

In the combined analysis, the performance of treatments within each outcome,

and between outcomes PANSS and CGI-S were compared. Olanzapine was found

to be the best treatment for lowering PANSS total score. Paliperidone was found

being the best treatment in lowering CGI-S score. However, considering the 95%

confidence intervals, the effect sizes of Olanzapine, Risperidone and Paliperidone are

nested within each other and performed great for both outcomes. Accordingly, these

three treatments were found being very good across the studies. Aripiprazole was not

found being good for lowering CGI-S score as its effect size is close to zero, but it was

good for lowering PANSS total score. To examine the robustness of our findings and

to validate our conclusion, two sensitivity analyses were conducted for each outcome

using full sets of literature. Result of the sensitivity analyses support our findings in

the primary analysis.

9.1 Strengths

This study utilized different parameters such as effect sizes, rank probabilities

and P-scored for examining the performance of the treatments. Graphical illustra-

tions were provided for the network of treatments and comparisons. Consistency
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between direct and indirect comparisons were assessed. Publication bias was exam-

ined. Proper statistical analysis methods were used. Measures of uncertainty for the

results were reported. Two sensitivity analyses to test the robustness of our findings

and to validate our conclusion. The formulated conclusions were fair and appropriate.

No conflict of interest was declared by the authors.

9.2 Limitations

Even though there is no agreement on the number of RCTs required to perform

network meta-analysis, it is important to include as many RCTs as possible to obtain

robust evidence. Meanwhile, for our study there weren’t many RCTs that included

adolescents for the treatment of schizophrenia. Due to lack of data, the influence

of patient characteristics on treatment effects were not examined. This study didn’t

include articles published in languages other than English.

9.3 Conclusions

This analysis indicates that Olanzapine, Risperidone and Paliperidone poten-

tially being more effective for treatments for adolescent patients with Schizophrenia.

Though this finding is based on studies included in this NMA and additional RCTs

and network meta-analyses with more data are needed to produce more conclusive

evidence. This analysis obtained evidence from combined analysis and sperate two

sensitivity analyses. The results from the sensitivity analyses support our findings

in the primary analysis that overall Olanzapine, Risperidone and Paliperidone per-
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form very well for both outcomes, and they are robust. This study provides further

evidence to support patient care and clinician decision-making about treatments for

young and adolescent patients with schizophrenia.
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