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SUMMARY  

This thesis focuses on two separate topics, one lying at the intersection of health 

care and statistics, and the other one rising from classical statistical inference. Chapters 2 

through 4 address the first topic. They explore and improve techniques for comparing both 

efficacy and cost-effectiveness of cancer therapies. Chapter 5 focuses on the second topic. 

It proposes a new estimator for the number of binomial experiments when the success 

probability is unknown. 

Chapter 2 of my thesis establishes an overall ranking of efficacy of possible 

interventions in patients with advanced or metastatic melanoma within a Bayesian setting.  

Currently, chemotherapy is established as the standard of care for melanoma, but is often 

associated with poor responses and short survival. However, recent groundbreaking 

discoveries in tumor biology and immune surveillance have yielded effective molecularly 

targeted therapies and immune agents. These new treatments have changed the therapeutic 

scenario to a completely new reality of high response rates, prolonged disease control, and 

the possibility of talking of a cure for some patients. These positive results have opened 

new avenues in the treatment of melanoma patients and, as expected, added layers of 

complexity to management of those patients. We perform a network meta-analysis in a 

hierarchical Bayesian random-effects model to assess the role of immunotherapies and 

targeted therapies. We also evaluate the impact of immunotherapy biomarkers within a 

hierarchical Bayesian setting with a view to support and improve the therapeutic decision-

making process. 
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Chapter 3 evaluates indirectly the effectiveness of two treatments for advanced 

castration-resistant prostate cancer (CRPC). Prostate cancer is the most commonly 

diagnosed cancer. It eventually progresses to CRPC. CRPC is one of the leading cause of 

cancer-related deaths among men in developed countries. Two novel androgen receptor 

pathway inhibitors, abiraterone acetate and enzalutamide, have recently become available. 

They have been developed with the aim of prolonging survival, minimizing complications, 

and maintaining or improving quality of life in patients with advanced or metastatic CRPC. 

However, these two treatment options have not been compared head to head against each 

other in a prospective randomized fashion. In order to choose the optimal treatment and 

the optimal sequencing of treatments, we perform two analyses. The first one is a 

comparative effectiveness study within a Bayesian hierarchical setting. The second one is 

a sequencing assessment of treatments in the context of exponential survival models, 

informed by Bayesian meta-analyses with between and within study variance components.  

Chapter 4 proposes an improved methodology for conducting both meta-analysis 

and secondary data analyses based on randomized controlled trials. One of the deficiencies 

inherent to traditional methodology is the lack of individual patient-level data which serves 

as a basic ingredient for secondary analyses. This shortcoming is handled by recovering 

the raw time-to-event data through the inverted Kaplan-Meier equations and simulations. 

The recovered survival distributions are then modeled within a Bayesian semi-parametric 

framework. We use a hierarchical Dirichlet Process to model discrete-time event 

probabilities across the time-line up to last follow-up, and a truncated Weibull model to 

model the tail of the distribution. This approach avoids assumption about the shape of the 

survival distributions up to the last follow-up time, allows incorporation of censored data, 



 xvii  

and accommodates study-to-study heterogeneity. The parametric nature of the Weibull 

model on the other hand is well suited to making inferences about the survival curve in the 

absence of data. Finally, patient-level disease trajectories are modeled using a Bayesian 

Markov model. We demonstrate this methodology using simulations and a study on 

advanced non-small cell lung cancer.  

Finally, Chapter 5 presents a new approach to the binomial n problem, which 

concerns the estimation of the number of binomial experiments when the success 

probability is unknown. Some real-life situations, where the problem arises, include the 

estimation of the number of unreported crimes as well as the number of undetected 

software errors. Due to its inherent instability, the problem remains fundamentally difficult. 

Furthermore, neither one of the two parameters of the binomial distribution are unbiasedly 

estimable when both are unknown. We present an efficient method of estimating the 

number of trials using a beta-binomial MLE approach. In the absence of replications, when 

inference about the parameter of interest is not possible, we present a Bayesian approach 

applied in the context of contingency tables.
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CHAPTER 1. INTRODUCTION  

In recent years, many new scientific and technological advancements have emerged, 

and an overwhelming amount of data has become available. On the scientific and 

technological front, there has been an exponential progress and advancement in many 

fields. Some discoveries in the past 15 years include reprogramming of stem cells [1], 

confirming the existence of dark matter [2], producing self-driving cars [3], and others. On 

the data front, facilitated by the internet of things, the role of data has rapidly evolved. The 

astonishing volume and variety of data, that has recently been produced, has transformed 

the world into so called data-driven reality.  

Science, technology and data go hand in hand. Data is a key ingredient to developing 

new scientific and technological tools. Science and technology are necessary to produce, 

collect, process and understand data. The high-impact nature of the three fields together 

has provided many opportunities. Together, they are integral components of the decision 

making and policy making process. However, sometimes limitations on the scientific and 

technological front lead to knowledge gaps on the data front. Scientific and technological 

research is often restricted by funding, time, resources, or all three together. These 

limitations present a challenge because knowledge gaps can in turn hinder the decision-

making process and prevent further scientific and technological progress. This thesis 

focuses on overcoming the knowledge gap in the context of statistical methods.  
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1.1 Part I  

The first part of this thesis focuses on bridging certain knowledge gaps related to cancer 

care. The goal of Chapters 2 through 4 is to support and improve the therapeutic decision-

making process and direct future scientific and technological cancer research efforts.  

In recent years, there has been a wave of dramatic successes in the research and 

treatment of cancer. This progress has been the direct result of revolutionary scientific and 

technological advances as well as new development in data analysis. A few such novel 

therapeutic/ diagnostic development approaches include immunotherapy, tumor-agnostic 

therapy, adoptive T cell therapy, as well as gene therapy. The pace at which the US Food 

and Drug Administration (FDA) is approving new cancer treatments is unprecedented. In 

2016 alone, the FDA approved five uses for immune checkpoint inhibitors in cancer care 

[4]. From November 2016 through October 2017, the FDA approved a record eighteen new 

cancer treatments and thirteen uses of cancer therapies [5]. With an increased availability 

of treatments, physicians face an increasing number of treatment options. However, 

usually, only a small fraction of the treatments are directly compared against one another 

in a prospective randomized fashion. Trials are expensive. Funding for clinical research, 

on the other hand, is limited. Additionally, clinical trials take years to conduct, and cost 

oncologistsô work and patientsô lives. Often, conducting studies is not feasible. This is 

problematic when deciding between compelling treatments that havenôt been directly 

compared before or when choosing the best treatment for a particular patient when an 

overall ranking of all possible treatments is lacking.  
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The primary goal of Chapter 2 is to establish an overall ranking of efficacy of possible 

interventions in patients with advanced or metastatic melanoma. Malignant melanoma is 

one of the most aggressive types of cancer [6]. Before recent therapeutic advances, once 

the disease progressed to a metastatic stage, it was almost always fatal [7, 8]. Recent 

groundbreaking discoveries in tumor biology and immune surveillance have yielded 

effective molecularly targeted therapies and immune agents in patients who have reached 

metastasis. Immunotherapies are treatments that boost the immune system. 

Immunotherapy was named Advance of the Year in ASCOôs 2017 cancer progress report 

[4]. Molecularly targeted therapies target specific disease genes or proteins associated with 

them. Immunotherapies and targeted therapies have rapidly changed the outlook for cancer 

patients. They have achieved high response rates, prolonged disease control and improved 

survival [9-13]. Both strategies have changed the therapeutic scenario of advanced 

melanoma, turning the clinical decision-making a challenging task. With these major 

advances in research and multiple options now available, a better understanding of how all 

available treatments compare to each other is needed for selecting the right treatment for a 

particular patient. However, only a handful of those treatments have been compared 

directly against each other in a clinical study setting. To fill this knowledge gap, this 

chapter presents extended comparisons of immunotherapies and targeted therapies for 

advanced melanoma by incorporating direct and indirect evidence from sixteen published 

trials. Additionally, we evaluate the impact of certain expressions and mutational status on 

immunotherapy efficacy.   

Chapter 3 performs a comparative effectiveness analyses between two compelling 

treatments in advanced castration-resistant prostate cancer (CRPC) that havenôt been 
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directly compared before. Prostate cancer poses a significant health problem today. It is the 

second most common cancer among men [14].  In 2017, prostate cancer alone accounted 

for almost one in five new cancer diagnoses [15]. Most prostate cancer patients with 

metastases eventually progress to CRPC within a median of one year [14]. As a result of 

research efforts over the past decade, two novel treatments, abiraterone acetate and 

enzalutamide, have recently emerged for the treatment of CRPC. Both therapies are 

androgen receptor pathway inhibitors. Androgen receptor has been shown to play an 

important role in the development and progression of prostate cancer [16]. Abiraterone and 

enzalutamide have each been shown to prolong survival [17, 18]. However, these two 

treatments havenôt been directly compared before in a randomized study. To bridge the gap 

between practitioners and patients, we compare indirectly the effectiveness using evidence 

from four randomized trials. We also investigate the optimal sequence of treatments.  

Finally, Chapter 4 assesses the cost-effectiveness of pembrolizumab as compared to 

chemotherapy in patients with advanced non-small cell lung cancer (NSCLC). Lung cancer 

is one of the most common causes of cancer related death [15]. It is the single leading cause 

of cancer death among those aged 40 years or older [15]. Due to relatively late diagnosis 

of lung cancer cases, scientific advances for lung cancer have been slower in contrast to 

most other cancers [15]. As of 2013, platinum-based chemotherapy was standard treatment 

for most patients with NSCLC [19]. However, recent scientific advances have led to the 

discovery of new paradigms for the treatment of NSCLC. In particular, immunotherapies 

have shown promising results. One such novel treatment is pembrolizumab. In late 2016, 

preliminary results of a new randomized trial showed superiority of pembrolizumab over 

standard platinum-based combination chemotherapy [20]. The FDA granted 
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pembrolizumab accelerated approval for the treatment of patients with metastatic NSCLC 

[21]. Pembrolizumab has shown impressive clinical results, but analysis of cost-

effectiveness of new therapies is imperative to ensure that they are used in an appropriate 

and sustainable manner. Currently, such cost-effectiveness analysis is lacking. We assess 

the cost-effectiveness of pembrolizumab in both the United States, and the United 

Kingdom.  

Throughout chapters 3 and 4, we address one additional issue, that is the lack of raw 

time-to-event data at the individual level. Currently, the standard practice in reporting of 

results from randomized controlled trials is to publish summary statistics, and not the raw 

data. Alsheikh-Ali et al found that only 9% of original research papers published in high-

impact journals made the raw research data available [22]. The summary statistics that are 

usually reported include efficacy measures such as hazard ratios and odds ratios. And yet, 

these measures do not constitute sufficient statistics for conducting secondary analysis, 

such as treatment efficacy analysis, cost-effectiveness analysis, analysis of sequencing of 

treatments, and others. We overcome this shortcoming by reconstructing the patient-level 

survival data.  

In conclusion, part I of this thesis aims to provide and improve evidence-based 

knowledge with a view to help practitioners with the development of new policies and 

practices related to cancer care.  

1.2 Part II  

The second part of this thesis bridges the knowledge gap in certain scenarios where 

data cannot be observed due to limitations, and has to be inferred instead. Consider the 
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following three scenarios. The first one is presented by Draper and Guttman and involves 

an appliance repair company [23]. The company is interested in estimating the number of 

a certain type of appliance in use in a certain service area based on the weekly total number 

of defective appliances sent in for repair. The second scenario is concerned with the 

estimation of the total number of crimes when many of them remain unreported [24]. 

Finally, the third one is related to software systems [25]. Often, there are errors introduced 

in the software development process. Reviewers can inspect for errors, but often a few 

errors remain undetected, and the estimation of the number of undetected errors becomes 

an important task. In these three scenarios, we observe partial counts (number of defective 

appliances, number of reported crimes, and number of detected errors), while the real 

interest lies in the total unobserved counts (total number of appliances, total number of 

crimes, and total number of errors respectively). And yet, the probabilities of observing a 

certain number of defective appliances, or crimes, or errors are also unknown. In Chapter 

5 of this thesis, we focus on bridging the gap between what is observed and what cannot 

be observed, and estimate the number of binomial experiments when the success 

probability is unknown.  
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CHAPTER 2. A SYSTEMATIC REVIEW AND NETWORK 

META -ANALYS IS OF IMMUNOTHERAPY AND TARGETED 

THERAPY FOR ADVANCED  MELANOMA  

2.1 Introduction  

Recent groundbreaking discoveries in tumor biology and immune surveillance have 

yielded effective molecularly targeted therapies and immune agents, changing the scenario 

from one of poor responses and short survival to a completely new reality of high response 

rates, prolonged disease control, and the possibility of talking of a cure for some patients 

[9-13]. Blocking the BRAF-MEK pathwayïcommonly hyperactive in melanomaïhas 

proved worthwhile. A sizeable number of trials have shown that BRAF inhibitors (BRAFi) 

and MEK inhibitors (MEKi) improve clinical outcomes when compared to chemotherapy 

[26-32]. The role of the immune system in controlling melanoma is well established and 

immune checkpoint inhibitors have shown promise in reinvigorating the immune system, 

successfully showcasing the enormous potential of drugs that manipulate immune 

surveillance for the first time in oncology [33-37].  

These positive results have opened new avenues in the treatment of melanoma 

patients and, as expected, added layers of complexity to management of patients with 

advanced disease. A number of studies have compared competing treatments to one 

another, but an overall ranking of possible interventions is lacking. The number of options 

has grown markedly and defining the best therapeutic plan for a particular patient is now a 

formidable task. This Bayesian network meta-analysis of randomized controlled trials aims 
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to establish relative efficacy of immunotherapy, molecularly targeted therapies, and 

chemotherapy, either alone or in combination, in patients with advanced or metastatic 

melanoma with a view to support and improve the therapeutic decision-making process. 

2.2 Patients and Methods 

2.2.1 Search strategy 

We searched PubMed, Embase, Clinicaltrials.gov, Cochrane Central Register of 

Controlled Trials, World Health Organization International Trial Registry, drugs at FDA, 

and Society of Melanoma Research, ASCO, ESMO, and ECCO meetings using a 

combination of broad terms related to melanoma and drug therapy, namely melan*, 

random*, immunotherapy, BRAF*, MEK*, and chemotherapy (full list of terms in 

Appendix A). References in recovered studies and relevant reviews were also screened. 

Databases were searched from their inception until December 21st 2015. No language 

restrictions were applied. We followed a predefined protocol (PROSPERO number 

CRD42016038618) in accordance with the PRISMA guideline for network meta-analysis 

[38]. 

2.2.2 Study selection 

We searched databases and assessed eligibility of studies based on abstracts and  

full texts, resolving disagreements by consensus. Eligible studies were (1) randomized 

controlled trials enrolling patients with metastatic or advanced melanoma and describing 

outcomes of interest, (2) randomized patients to chemotherapy, targeted therapy against 

the BRAF/MEK axis or immunotherapy (not vaccine, viral therapy or biochemotherapy), 
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and (3) BRAF and/or MEK inhibitor trial restricted inclusion to patients known to harbor 

BRAF mutations. Second-line BRAF-MEK inhibitor studies were eligible if the first-line 

therapy had not been BRAF-targeted therapy. Studies with insufficient follow-up (Ò6 

months) or comparing different chemotherapy regimens were excluded. In the case of 

duplicated publication on the same study, the most up-to- date data were used. We 

acknowledged that inclusion criterion (4) would exclude NRAS-mutated patients. 

2.2.3 Data extraction 

We retrieved data from randomized control trial (RCT) full publications and relevant 

appendices guided by an extraction form. The items of interest were: trial name, first 

author, year of publication, number of patients, length of follow-up, methodology details 

(randomization, allocation concealment and blinding methods, use of intention to treat 

analysis), intervention details (drugs, doses, length of use), patient characteristics (median 

age, performance status, previous therapy, if any) and outcomes of interest (overall 

survival, progression-free survival, response rate). Disagreements were resolved by 

consensus. 

2.2.4 Outcomes of interest 

Hazard ratios for overall survival (OS) and progression-free survival (PFS), and odds 

ratios for response rate (RR), were collected or calculated for all included RCTs. We 

abstracted data from original intention-to-treat multivariate analysis whenever possible; 

thus, avoiding those derived from landmark analysis or solely based on median 

comparisons. We adhered to the definition of progression and the criteria used by each trial 

[39]. 
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2.2.5 Data synthesis and statistical analysis 

The comparison of treatments was performed by incorporating both direct and 

indirect effects within a Bayesian network meta-analysis. Standard meta-analysis is a 

method of combining evidence from multiple trials of a single comparison into a single 

effect size. The key here is that traditional meta-analysis does not allow the comparison of 

treatments if they have not been previously compared directly in a RCT.  

The idea behind network meta-analysis was only recently proposed and generalized 

by Bucher (1997) and Hasselblad (1998) [40, 41]. The term network meta-analysis was 

later coined in 2002 by Lumley, who proposed the application of linear mixed model in the 

presence of multiple treatments [42]. The network meta-analysis model allows the 

assessment of relative effectiveness of two treatments when they have not been compared 

directly in a RCT but have each been compared to other treatments. It strengthens inference 

regarding relative efficacy of treatments by synthesizing both direct and indirect evidence 

into a single effect size. Additionally, it facilitates the simultaneous ranking of all 

treatments and provides a global estimate of comparative treatment effectiveness. Most 

importantly, it allows the estimation of within- and between-study heterogeneity and the 

detection of inconsistency between randomized trials.  

The method proposed by Lumley is restricted to trials with only two arms. To 

overcome this limitation, Lu and Ades extended the meta-analysis model developed by 

Smith, Spiegelhalter and Thomas [43], and proposed a hierarchical Bayesian network 

meta-analysis for multi-arm studies based on Markov Chain Monte Carlo algorithm [44]. 
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We performed network meta-analysis within a hierarchical Bayesian random-effects 

model, with relative efficacy measures, hazard and odds ratios, analyzed on the log-scale 

and random effects for study: 

ÌÏÇ—ȟ .ͯÏÒÍÁÌὼȟ‍ȟ„ †  

where  

—ȟḊ  ÈÁÚÁÒÄ ÒÁÔÉÏ ÏÄÄÓ ÒÁÔÉÏ Ὦ ÒÅÐÏÒÔÅÄ ÉÎ ÓÔÕÄÙ Ὥ  

ὼȟḊ ÔÒÅÁÔÍÅÎÔ ÃÏÎÔÒÁÓÔ Ὦ ÉÎ ÓÔÕÄÙ Ὥ 

‍Ḋ ÖÅÃÔÏÒ ÏÆ ÔÒÅÁÔÍÅÎÔ ÅÆÆÅÃÔÓ ÒÅÌÁÔÉÖÅ ÔÏ ÃÈÅÍÏÔÈÅÒÁÐÙ 

„ Ḋ ×ÉÔÈÉÎÓÔÕÄÙ ÖÁÒÉÁÎÃÅ ÆÏÒ ÓÔÕÄÙ Ὥ 

†Ḋ ÂÅÔ×ÅÅÎÓÔÕÄÙ ÖÁÒÉÁÎÃÅ ÉÎ ÔÒÅÁÔÍÅÎÔ ÃÏÍÐÁÒÉÓÏÎÓȢ  

The distribution of all parameters was weighted by a distribution of prior beliefs. 

Parameters were given either non- or weakly informative priors letting the pooled data 

dominate the posterior distribution. Weakly informative priors were used for the mean 

treatment effects, placing 95% of the prior probability on hazard (odds) ratios between 1/10 

(1/20) and 10 (20), so that the pooled data dominated the posterior distribution. In 

particular, the effectiveness of treatment Ὧ relative to chemotherapy ‍ was given the 

following weakly informative prior: 
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‍ ͯ 

ừ
Ử
Ừ

Ử
ứ. πȟ

ÌÏÇ ρπ

ς
ÆÏÒ ÈÁÚÁÒÄ ÒÁÔÉÏÓ

. πȟ
ÌÏÇ ςπ

ς
ÆÏÒ ÏÄÄÓ ÒÁÔÉÏÓ

Ȣ 

 Priors for individual within study variances „  were specified via inverse gamma 

distribution with reported value as its mean and variance proportional to Ὀ, the number of 

events for OS or PFS outcomes 

„ ͯ ὍὲὺὩὶίὩ Ὃὥάάὥ
Ὀ

ς
ȟ
Ὀ

ς
„ ȟ 

where „  is the reported variance for study i. For studies that did not report number of 

events (death for OS and progression or death for PFS), number of events were estimated 

by proxies as follows: for OS the assumption was that 50% of the randomized patients died, 

and for PFS 75% had PFS events by study cut-off.  

 Similarly, between-study variances † were assigned a weakly informative uniform 

distribution,  

† ͯ 

ừ
Ử
Ừ

Ử
ứὟ πȟ

ÌÏÇ ς

ς
ÆÏÒ ÈÁÚÁÒÄ ÒÁÔÉÏÓ

Ὗ πȟ
ÌÏÇ υ

ς
ÆÏÒ ÏÄÄÓ ÒÁÔÉÏÓ

ȟ 

which allows hazard (odds) ratios to vary by up to two-fold (five-fold) across studies.  

 Finally, within-study correlation among the two relative efficacy measures in the 

three arm trials was modeled as bivariate normal whose marginal distributions matching 

those described above and having a correlation coefficient, ”. A non-informative prior 

distribution  
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” ͯ ὟπȟπȢωυ 

was taken for ”. 

Estimates from three-arm studies were modeled in the context of a bivariate normal 

distribution with the same weakly informative prior on the between study variance along 

with an uninformative prior on the within-study correlation.  

Samples from the posterior distribution of the parameters were generated via Markov 

Chain Monte Carlo implemented through JAGS within R http://mcmc-

jags.sourceforge.net/[45-47]. Ten chains were used with the first 100,000 iterations of each 

discarded as ñburn-inò. Results are based on 500,000 iterations from each chain, thinned at 

a lag of 100.  

We calculated posterior mean hazard and odds ratios for relative efficacy of each 

therapy, along with credible 95% intervals, predictive 95% intervals, and probabilities of 

each treatment being better than a reference were calculated. Therapies which achieved the 

combined benchmarks (a) overall survival (OS) posterior mean HR Ò 0.8 with probability 

better Ó 80% as compared to chemotherapy, (b) progression-free survival (PFS) posterior 

mean HR Ò 0.6 with probability better than chemotherapy Ó 90%, and (c) response rate 

(RR) posterior mean OR Ó 3.0 with probability better than chemotherapy Ó 95% were 

deemed to have a meaningful benefit as compared to chemotherapy [48]. 

Additionally, we performed a traditional pairwise meta-analysis for all treatments 

that have been directly compared in a trial before. We used a model similar to the approach 

of DerSimonian and Laird published in 1986 [49]. 

http://mcmc-jags.sourceforge.net/
http://mcmc-jags.sourceforge.net/
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We tested the hypothesis that BRAF mutation status alters relative efficacy of 

immunotherapy. Interactions between BRAF mutation status and relative efficacies were 

incorporated in the model. We also tested the hypothesis that PD-L1 expression affects 

relative efficacy of immunotherapies CTLA-4-PD-1 dual blockage, PD-1 blockage and 

CTLA-4 blockage. We adhered to the trial definition of PD-L1 positivity. 

Study-to-study heterogeneity was summarized using predictive intervals, which 

provide an interval in which the relevant comparative efficacy measure would be expected 

to fall for a new study. Ranking and probabilities were calculated based on predicted 

relative effects drawn from the posterior. Quality of studies was assessed via Cochrane 

Collaborationôs tool for assessing risk of bias in randomized trials [50]. Publication bias 

was graphically assessed via funnel plot. 

2.3 Results 

2.3.1 Systematic review 

A total of 1750 published or presented titles and abstracts were screened. After 

duplicated review and discussion, 18 trials on 10 types of therapy, comprising 7596 

patients, had their data extracted. All trials were multicentric and reported in English. A 

sizeable number of trials used chemotherapy (dacarbazine, paclitaxel or temozolomide) as 

control arm. Trials assessing BRAF-MEK dual blockade used BRAFi as control arm and 

restricted enrollment to patients harboring BRAF mutations. When dealing with trials 

comparing MEK-chemotherapy versus chemotherapy, we restricted the data to BRAF-

mutated patients. No trial performed a head-to-head comparison of immunotherapy versus 
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BRAFi. The majority of excluded randomized trials failed to use BRAFi or immunotherapy 

as active comparator. 

Two trials have been omitted from the main analysis as they have not produced 

relevant data; one comparing dacarbazine to dacarbazine and ipilimumab and other 

comparing ipilimumab to ipilimumab and sargramostim (available upon request)[36, 51]. 

Hence, the main analysis gathered data from 16 trials with eight therapeutic nodes and 

6849 patients [26-28, 30, 33-35, 52-66]. 

All included evidence was intention-to-treat, based on standard analyses, from 

studies with low risk of bias, according to the Cochrane risk of bias tool (provided in Figure 

23 in Appendix A). No sign of publication bias was found using the funnel plot (provided 

in Figure 24 in Appendix A). The schematic flowchart of systematic review is presented in 

Figure 1. Table 1 summarizes the trails included in the main analyses. 
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1354 records 

identified through 

database searching 

720 additional 

records identified 

through meeting 

abstracts review 

1750 records after 

duplicates removed 

1587 records excluded: 

 1477 not randomized 

 (retrospective, narrative reviews) 

 57 randomized to chemotherapy only 

 19 subgroup analyses 

 34 not advanced disease 

145 full-text articles excluded: 

 35 randomized to chemotherapy only 

 34 not randomized 

 32 trials in progress 

 25 biomarker analysis 

 7 updates on quality-of-life 

 3 not testing a standard BRAFi   

 [sorafenib] 

 2 testing endothelin inhibitor 

 2 testing elesclomol 

 2 different doses of same   

 immunotherapy 

 2 MEK therapy for BRAF status   

 unknown 

 1 MEK therapy for NRAS mutant only 

 1 different chemotherapies combined to      

 same immunotherapy 
163 full-text articles 

assessed for eligibility 

18 studies included in 

quantitative synthesis 

(16 in the main meta-

analysis) 

1750 records screened 

18 studies included in 

qualitative synthesis 

Figure 1. PRISMA flowchart of systematic review of studies included in the 

Bayesian network meta-analysis 
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Table 1: Main features of included trials - (A) BRAFi or MEKi trials and (B) 

Immunotherapy trials.  

Study 

Acronym NCT 

Population (line of 

therapy) 
Treatments N OS HR (95% CI) 

PFS HR 

(95% CI) 

Response 

(%) 

BREAK-3 [28, 

54] 

NCT01227889 

Unresectable stage 

III or IV BRAF 

V600E mutated 

(1st or 2nd) 

Dabrafenib 150 mg 

po bd 
187 0.77 (0.52-1.13) 

0.35 

(0.20ï

0.61) 

93 (50) 

DTIC4 63 Reference Reference 4 (6) 

BRIM-3 [26, 

60] 

NCT01006980 

Previously 

untreated 

metastatic BRAF 

V600E mutated 

(1st) 

Vemurafenib 960 

mg po bd 
337 0.70 (0.57-0.87) 

0.38 

(0.32-

0.46) 

192 (57) 

DTIC4 338 Reference Reference 29 (9) 

BRF1132201 

[27, 52]  

NCT01072175 

Metastatic, no 

previous BRAFi; 

BRAF mutated 

(1st, 2nd, 3rd) 

Dabrafenib 150 mg 

po bd + trametinib 2 

mg po od 

54 0.79 (0.49-1.27) 

0.39 

(0.25-

0.62) 

41 (76) 

Dabrafenib 150 mg 

po bd + trametinib 1 

mg po od 

54 0.96 (0.57-1.60) 

0.56 

(0.37-

0.87) 

27 (50) 

Dabrafenib 150 mg 

po bd 
54 Reference Reference 29 (54) 

coBRIM [56, 

58] 

NCT01689519 

Previously 

untreated; 

unresectable stage 

III or IV; BRAF 

mutated (1st) 

Vemurafenib 960 

mg po bd + 

cobimetinib 60 mg 

po od 3 weeks on 1 

week off 

247 0.70 (0.55-0.90) 

0.58 

(0.46-

0.72) 

172 (70) 

Vemurafenib 960 

mg po bd + placebo 
248 Reference Reference 124 (50) 

COMBI-d [29, 

30] 

NCT01584648 

Previously 

untreated; 

unresectable stage 

IIIC or IV; BRAF 

mutated (1st) 

Dabrafenib 150 mg 

po bd + trametinib 2 

mg po od 

211 0.71 (0.55-0.92) 

0.67 

(0.53-

0.84) 

144 (68) 

Dabrafenib 150 mg 

po bd+ placebo po 

od 

212 Reference Reference 112 (53) 

COMBI-v [64, 

65] 

NCT01597908 

Previously 

untreated; 

metastatic; BRAF 

mutated (1st) 

Dabrafenib 150 mg 

po bd + trametinib 2 

mg po od 

352 0.66 (0.53-0.81) 

0.61 

(0.51-

0.73) 

226 (64) 

Vemurafenib 960 

mg po bd 
352 Reference Reference 180 (51) 

METRIC [53, 

59] 

NCT01245062 

Unresectable stage 

III or IV BRAF 

mutated (no 

previous BRAFi, 

MEKi or 

ipilimumab) (1st or 

2nd) 

Trametinib 2 mg po 

od 
214 

0.54 (0.32-0.92) 

[no cross-over 

(0.38; 0.15-0.95)] 

0.42 

(0.29-

0.59) 

47 (22) 

DTIC4 or 

Paclitaxel55 
108 Reference Reference 9 (8) 

NCT00338130 

[55] 

Previously 

untreated; 

unresectable stage 

III or IV (1st) 2 

Selumetinib 100 mg 

po bd continuously 
45 1.65 (0.91-3.01) 

1.24 

(00.73-

2.10) 

5 (11) 

Temozolomide 28 Reference Reference 3 (11) 

NCT00936221 

[63] 

Previously 

untreated; 

advanced 

BRAF-mutated 

cutaneous or 

unknown primary 

(1st) 2 

Selumetinib 75 po 

bd + DTIC4 
45 0.93 (0.57-1.53) 

0.63 

(0.40-

0.98) 

18 (40) 

Placebo po bd + 

DTIC4 
46 Reference Reference 12 (26) 
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Table 1 (Continued) 

(B)       

CheckMate 

037 

NCT01721746 

[33] 

Progression after 

ipilimumab (and 

BRAFi 

if BRAF mutated) 

(2nd or further 

Nivolumab 3 mg/kg 

iv every 2 weeks 
272 - - 38 (32) 

Carbotaxol6 or 

DTIC4 
133 Reference Reference 5 (11)   

CheckMate 

066 

NCT01721772 

[35] 

Previously 

untreated; 

unresectable, stage 

III or IV non-

uveal, BRAF wild 

type (1st) 

Nivolumab 3 mg/kg 

iv every 2 weeks + 

DTIC-placebo 

210 0.42 (0.25-0.73) 

0.43 

(0.34-

0.56) 

84 (40) 

DTIC4 + nivo-

placebo iv every 2 

weeks 

208 Reference Reference 29 (14) 

CheckMate 

067 

NCT01844505 

[57] 

Previously 

untreated; 

unresectable stage 

III or IV; BRAF 

mutated (1st) 

Nivolumab 3 mg/kg 

iv every 2 weeks + 

ipi-placebo iv 

316 - 

0.57 

(0.43-

0.76) 

138 (44) 

Nivolumab 1 mg/kg 

+ Ipilimumab 3 

mg/kg iv both 

every 3 weeks 4× 

then Nivolumab 3 

mg/kg iv every 2 

weeks 

314 - 

0.42 

(0.31-

0.57) 

181 (58) 

Ipilimumab 3 

mg/kg + nivo-

placebo 

iv every 3 weeks 

4× then nivo-

placebo iv every 2 

weeks 

315 - Reference 60 (19) 

CheckMate 

069 

NCT01927419 

[34, 67] 

Previously 

untreated; 

unresectable, stage 

III or IV (1st) 

Nivolumab 1 mg/kg 

+ Ipilimumab 3 

mg/kg iv every 

3 weeks 4× then 

Nivolumab 3 mg/kg 

iv every 

2 weeks (BRAF 

wild type) 

72 3 

0.40 

(0.23-

0.68) 

44 (61) 

Ipilimumab 3 

mg/kg + Placebo iv 

every 3 weeks 4× 

then Placebo iv 

every 2 weeks 

(BRAF wild type) 

37 - Reference 4 (11) 

Nivolumab 1 mg/kg 

+ Ipilimumab 3 

mg/kg iv every 

3 weeks 4× then 

Nivolumab 3 mg/kg 

iv every 2 weeks 

(BRAF mutated) 

23 - 

0.38 

(0.15-

1.00) 

12 (52) 

Ipilimumab 3 

mg/kg + Placebo iv 

every 3 weeks 4× 

then Placebo iv 

every 2 weeks 

(BRAF mutated) 

10 - Reference 1 (10) 
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Table 1 (Continued) 

Keynote 002 

NCT01704287 

[62] 

Progression after 

ipilimumab and 

BRAFi if BRAF 

mutated (2nd or 

3rd) 

Pembrolizumab 2 

mg/kg iv every 2 

weeks 

180 - 

0.57 

(0.45-

0.73) 

38 (21) 

Pembrolizumab 10 

mg/kg iv every 2 

weeks 

181 - 

0.50 

(0.39-

0.64) 

46 (25) 

DTIC4 or 

paclitaxelb or 

temozolomide7 or 

carbotaxol8 

179 Reference Reference 8 (4) 

Keynote-006 

NCT01866319 

[66] 

Unresectable stage 

III or IV (1st or 

2nd) 

Pembrolizumab 10 

mg/kg iv every 2 

weeks 

183 0.58 (0.41-0.84) 

0.55 

(0.42-

0.72) 

62 (34) 

Pembrolizumab 10 

mg/kg iv every 3 

weeks 

185 0.68 (0.47-0.96) 

0.50 

(0.38-

0.66) 

60 (33) 

Ipilimumab 3 

mg/kg iv every 3 

weeks 4x 

181 Reference Reference 22 (12) 

NCT00257205 

[61] 

Previously 

untreated; 

unresectable stage 

III or IV (1st) 

Tremelimumab 10 

mg/kg every 90 

days 

328 0.9 (0.75-1.07) 

0.94 

(0.81-

1.11) 

36 (11) 

Temozolomide7 or 

DTIC4 
327 Reference Reference 32 (10) 

NCT, National Clinical Trial (NCT) number found on clinicaltrials.gov; N, number of enrolled patients; 

OS, overall survival; PFS, progression-free survival; HR, hazard ratio; BRAFi, BRAF inhibitor; MEKi, 

MEK inhibitor; po, oral; od, once a day; bd, twice a day; iv, intravenously; ipi-placebo, placebo matched to 

ipilimumab; nivo-placebo, placebo matched to nivolumab. 
1Included patients from randomized part (part C) of the trial. 
2BRAF mutation-positive data extracted from subgroup analysis. 
3Data available after systematic review and not included in the meta-analysis. 
4DTIC: Dacarbazine 1000 mg/kg iv every 3 weeks. 
5Paclitaxel: Paclitaxel 175 mg/m2 every 3 weeks. 
6Carbotaxol: Paclitaxel 175 mg/m2 plus carboplatin AUC 5 both iv every 3 weeks. 
7Temozolomide: temozolomide 200 mg/m2/d 5 days ON every 28 days. 
8Carbotaxol: Paclitaxel 225 mg/kg plus Carboplatin AUC 6 both iv every 3 weeks. 

 

2.3.2 Quantitative analysis 

The 16 trials were grouped across eight therapeutic nodes (6849 patients) according 

to type of therapy: chemotherapy, CTLA-4 blockade (CTLA-4i), PD-1 blockade (PD-1i), 

BRAF inhibitors (BRAFi), MEK inhibitors (MEKi), dual BRAF-MEK inhibitors (BRAFi-

MEKi), chemotherapy-MEKi, and dual CTLA-4-PD-1 inhibitors (CTLA-4i-PD-1i). 

Figure 2 describes the network design of treatmentsô comparison. All standard 
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chemotherapies (paclitaxel, temozolomide, dacarbazine) were gathered into a single 

therapeutic node (chemotherapy), with analogous collapse for PD-1 drugs (nivolumab and 

pembrolizumab). BRAFi and MEKi results are restricted to BRAF mutated patients across 

all comparisons. The area of the circle in Figure 2 is proportional to the sample size of 

patients enrolled in each node; the width of connecting lines indicates the number of direct 

comparisons within trials. The nodes were organized based on the following groupings:  

- Chemo: chemotherapy; 

- *: MEKi + chemotherapy;  

- **: CTLA -4i-GMCSF;  

- ***: CTLA -4-chemotherapy;  

- Green circles: immunotherapy nodes;  

- Orange circles: BRAFi or MEKi-based nodes;  

- Blue circle: chemotherapy node.  

Number of patients in each node: CTLA-4i: 1172; PD-1i: 1527; CTLA-4i-PD-1i: 

409; CTLA-4-chemotherapy: 250; CTLA-4i-GMCSF: 123; MEKi single agent: 259; 

Chemotherapy: 804; BRAFi single agent: 1390; BRAFi + MEKi: 918; MEKi + 

chemotherapy: 45. Not all trials described all outcomes (Table 1). 
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Figure 2. Network diagram of therapeutic nodes. 

2.3.3 Efficacy 

Three therapies achieved meaningful benefit as compared to chemotherapy: PD-1 

blockade, BRAFi-MEKi combination and BRAFi. As evidenced by comparing the 

prediction and confidence intervals for OS, PFS and RR, study-to-study heterogeneity was 

present, but broadly had little impact on posterior ranking of treatments. 

2.3.4 Overall survival 

OS data were available for 12 (of 16) studies including 4817 patients. The results 

based on traditional pairwise meta-analysis and Bayesian network meta-analysis were 

aligned with no identifiable signal of inconsistency between indirect and direct approaches. 
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Three therapies improved OS when compared to chemotherapy, BRAFi-MEKi 

combination (HR: 0.50; 95% CrI: 0.34ï0.74; 95% PrI: 0.31ï0.82), PD-1i (HR: 0.52; 95% 

CrI: 0.36ï0.75; 95% PrI: 0.32ï0.83), and BRAFi (HR: 0.71; 95% CrI: 0.51ï0.97; 95% PrI: 

0.46ï1.09). PD-1i and BRAFi-MEKi performed similarly (HR: 1.03; 95% CrI: 0.60ï1.76; 

95% PrI: 0.56ï1.90) with probability of BRAFi-MEKi being superior to PD-1i of 55.8%. 

Both BRAFi-MEKi and PD-1i had high posterior probability of outperforming all 

competitors. Full comparative OS results are provided in Figure 3. Given high probabilities 

of outperforming competitor therapies, for PFS and RR, BRAFi-MEKi combination may 

be optimal for BRAF-mutated patients, whereas PD-1i may be optimal for BRAF wild-

type patients or selected BRAF-mutated patients.  

Despite the lack of OS data for CTLA-4i-PD-1i combination at the time of systematic 

review, PFS and RR data were suggestive that CTLA-4i-PD-1i could also achieve 

meaningful benefit and consequently be a top-ranking option irrespective to BRAF status 

(see below) [34, 57]. 

The results based on traditional pairwise meta-analysis were consistent with the 

results based on the Bayesian network meta-analysis (see Figure 4). Figure 5 displays a 

comparison of the results of the Bayesian network meta-analysis to the corresponding 

reported estimates from the 12 randomized studies of melanoma treatments in 4,817 

patients. 
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Figure 3. Overall survival network meta-analysis 
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Figure 4. Overall survival traditional meta -analysis 
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Figure 5. Overall survival details 

2.3.5 Progression-free survival 

Fifteen trials contributed to the PFS analysis. Worthy of note, the trial comparing 

tremelimumab (CTLA-4i) to chemotherapy provided 6-month time-restricted PFS data 

with tumor assessments done at different time points, every 6 weeks in the dacarbazine arm 

and every 12 weeks in the tremelimumab arm [61]. This study was not included in the PFS 

analysis.  
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Four therapies clearly stood better than chemotherapy: BRAFi-MEKi (HR: 0.22; 

95% CrI: 0.16ï0.31; 95% PrI: 0.14ï0.34), CTLA-4i-PD-1i (HR: 0.39; 95% CrI: 0.25ï0.6; 

95% PrI: 0.23ï0.66), BRAFi (HR: 0.39; 95% CrI: 0.29ï0.52; 95% PrI: 0.26ï0.59), and 

PD-1i (HR: 0.5; 95% CrI: 0.4ï0.64; 95% PrI: 0.34ï0.73). Single agent PD-1i and dual 

CTLA-4i-PD-1i, both outperformed CTLA-4i with corresponding posterior probability of 

99.5% (HR: 0.53; CrI: 0.42ï0.68) and 99.9% (HR: 0.42; CrI: 0.3ï0.57). CTLA-4i had 

similar performance to chemotherapy (HR: 0.94; CrI: 0.67ï1.31).  

Dual BRAFi-MEKi yielded the best PFS results with a 96.2% posterior probability 

of outranking the remaining options, even when compared to CTLA-4i-PD-1i (HR: 0.56; 

CrI: 0.33ï0.97). CTLA-4i-PD-1i and BRAFi stood close as next options (CTLA-4i-PD-1i 

vs. BRAFi HR: 1.00; 95% CrI: 0.6ï1.67), both probably above single agent PD-1i. Full 

comparative PFS results are provided in Figure 6. Figure 7 contains the results from the 

traditional meta-analysis. Figure 8 shows that the estimates from the network meta-analysis 

are consistent with the published studies.  



 27 

 

Figure 6. Progression-free survival network meta-analysis 
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Figure 7. Progression-free survival traditional meta-analysis 
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Figure 8. Progression-free survival details 

2.3.6 Response rate 

RR data were available for all studies. Bearing in mind that response under CTLA-

4i can be a late event, we included the tremelimumab versus chemotherapy trial in this 

analysis. Four therapies led to meaningful benefit (OR Ó 3.0 and probability better Ó 95% 

vs. chemotherapy): BRAFi-MEKi (HR: 19.76; 95% CrI: 10.45ï37.35; 95% PrI: 9.19ï

42.52), BRAFi (HR: 10.78; 95% CrI: 6.24ï18.63; 95% PrI: 5.4ï21.48), CTLA-4i-PD-1i 
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(HR: 7.25; 95% CrI: 4.09ï12.86; 95% PrI: 3.57ï14.7), and PD-1i (HR: 4.32; 95% CrI: 

3.07ï6.09; 95% PrI: 2.52ï7.45). Full comparative RR results are presented in Figure 9. 

Results from traditional meta-analysis are given in Figure 10, and results from the network 

meta-analysis are compared to published estimates in Figure 11. 

Dual BRAFi-MEKi therapy topped best with at least 97.1% posterior probability of 

being superior to any other treatment: CTLA-4i-PD-1i (OR: 2.73; CrI: 1.18ï6.3), CTLA-

4i (OR: 17.2; CrI: 8.31ï35.58), PD-1i (OR: 4.57; CrI: 2.24ï9.31), MEKi (OR: 8.56; CrI: 

3.32ï22.04), and BRAFi (OR: 1.83; CrI: 1.37ï2.45). For BRAF-mutated patients, the 

second best option was BRAFi. CTLA-4i-PD-1i dual checkpoint blockade had a 94.3% 

posterior probability of being superior to single agent PD-1i (OR: 1.68; 95% CrI: 0.99ï

2.84).  
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Figure 9. Response rate network meta-analysis 
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Figure 10. Response rate traditional meta-analysis 




























































































































































































































