


ABSTRACT

Statistics Applications and Innovative Bayesian Statistics Modeling for Precision

Medicine in Human Cancer Genomics and Clinical Trials

by

Liangcai Zhang

Human cancers are caused by aberrations of multiple biomarkers, and thus the

pathogenesis is very complex and inconclusive in terms of individual variability in

mutations, copy number alterations (CNAs), methylation, gene expression, ‘genomic’

environment (e.g., human pathways), immune systems, virus and lifestyle for each

person. Recent developments in personalized or precision medicine in human cancers,

powered by recent advances in Bayesian inference, statistical machine learning and big

data, have the potential to revamp the “one-size-fits-all” approach in modern medicine

by identifying a fully personalized treatment plans for groups of patients characterized

by their biomarker makeup. The key behind these developments is to identify the

biomarkers in the upstream analysis of cancer genomics data, and then create a

biomarker-based precision medicine analysis system/protocol (BPMAP), which can

automatically deliver clinical decisions on the patients’ data accrual and recommend

treatment plans for the coming patient to take. BPMAP relies on little human effort

and has the ability to extend to any early phase clinical trial design applications of

human complex diseases, i.e., neurology, aging, and cardiovascular diseases and so

on. In this thesis, we develop a precision medicine design for early phase clinical

trial designs based on biomarkers identified from the integrative analysis of human



genomic data.

To begin with, we develop a simple tool, called autocorrelation scanning profile,

in which we evaluate the data quality control and refine the analysis of copy number

data. Data quality is a critical issue in the analysis of DNA copy number alterations

obtained from microarrays. It is commonly assumed that copy number alteration data

can be modeled as piecewise constant and the measurement errors of different probes

are independent. However, these assumptions do not always hold in practice. We

found that measurement errors are highly correlated between probes that interrogate

nearby genomic loci, and piecewise constant model does not fit the data well in some

published datasets. The correlated errors can cause problems in downstream analysis,

leading to a large number of DNA segments falsely identified as having copy number

gains and losses. We also provide the R code to deal with this quality control problem,

and apply it into some typical datasets, illustrating its broad applicability to copy

number data on different sequencing platforms.

Then, we propose a spectral decomposition method, a new framework to delineate

the key cancer driver genes from regions encoding a large number of genes based on

CNAs, gene expression, and clinical outcomes. Lots of methods are developed to

identify driver genes (tumor suppressor and oncogenes) from CNAs, which very low

overlapping coverage is found in the candidate gene sets from different studies even if

the data are collected for the same human cancer on the same sequencing platform.

After collecting the CNA data from the Cancer Genome Atlas (TCGA) project, we

develop a new approach to CNA analysis based on spectral decomposition of the copy

number profiles into focal and broad CNAs. Our method showed that our identified

cancer driver genes are significantly overlapped with the existing gene sets, and also

we identified a number of novel focal regions, such as focal gain of ESR1, focal loss

of LASMP, prognostic site at 3q26.2 and losses of sub-telomere regions in multiple

chromosomes. Further analysis are carried out on network modularity and human

signaling pathways. Tested on ovarian cancer data, the results demonstrate that



spectral decomposition of CNA profiles offers a new way of understanding the role

of CNAs in human cancers. After this, we extend our method to Pan-cancer study

into a high-resolution genome-wide comparison analysis of CNAs in the blood, tumor

and tumor-adjacent tissues of 8,870 patients with 28 types of cancers. We identify

genomic hotspots that harbor recurrent focal CNAs in the blood. Detected in more

than 13% of the patients, these CNAs represent unique somatic alteration pattern that

are absent or under-presented in the corresponding solid tumors or tumor-adjacent

tissues. The occurrence of the blood-specific CNAs was correlated with older patient

age, shorter progression-free survival, and elevated immune activities within several

types of primary tumors. Therefore, novel tumor-extrinsic systemic elements may

influence the development and clinical progression of solid tumors by way of altering

anti-tumor immune responses.

After biomarker identification in the upstream analysis of cancer genomics data,

we move onto early phase clinical trial designs with the aim to target personalized

medicine. First of all, we study the problem of identifying maximum tolerated dose

contour (i.e., multiple MTDs) in phase I drug combination trials for patients with

homogeneous biomarkers. We propose a new dose-finding design, the waterfall design,

to find the MTD contour for drug combination trials. Taking the divide-and-conquer

strategy, the waterfall design divides the task of finding the MTD contour into a

sequence of one-dimensional dose-finding processes, known as subtrials. The subtrials

are conducted sequentially in a certain order, such that the results of each subtrial

will be used to inform the design of subsequent subtrials. Such information borrowing

allows the waterfall design to explore the two-dimensional dose space efficiently using

a limited sample size and decreases the chance of overdosing and underdosing patients.

To accommodate the consideration that doses on the MTD contour may have very

different efficacy or synergistic effects because of drug-drug interaction, we further

extend our approach to a phase I/II design with the goal of finding the MTD with

the highest efficacy. Simulation studies show that the waterfall design is safer and has



higher probability of identifying the true MTD contour than some existing designs.

The R package ”BOIN” to implement the waterfall design is freely available from

CRAN.

Furthermore, we study the problem of selecting the optimal treatments for groups

of patients by considering short-term binary efficacy outcome in phase II, and long-

term continuous efficacy outcome of survivals in phase III clinical trials. Our models

capture the biomarker-subgroup-treatment and their interaction information that is

predictive to the observed phase IIb or II/III outcomes. In the phase IIb trial, we

consider the use of statistical models for binary tumor response as a function of treat-

ment and biomarker-related subgroup, and biological responses conditional on tumor

response as a function of repeatedly measured time, to select an optimal treatment

for an individual patient or a set of patients (subgroup/cluster). In the phase II/III

trials, we first define the acceptable treatment sets based on the short term binary

efficacy and longitudinal outcomes, and then identify the most effective treatment

by monitoring patients’ long-term efficacy endpoints. A two-stage treatment identifi-

cation algorithm is proposed to find the personalized optimal treatment for patients

with a specific biomarker pattern. Simulation studies show that the proposed design

has higher probability of identifying the true treatment strategy than some existing

designs. The source R code is freely available upon request.

To sum up, our proposed set of models and algorithms can be used to aid in the

precision medicine design for oncology trials. After proper adjustment and model-

ing, it is very promising to extend our framework and master protocol to practical

biomarker-based precision medicine trial designs for other complex diseases.



Acknowledgement

First of all, I would like to express my sincere gratitude to my advisor, Dr. Ying

Yuan and Dr. Suyu Liu, for their continuous support of my PhD study and related

research, for their patience, motivation, immense knowledge, inspiring advice and

motivating guidance throughout all the time of research and writing of this thesis,

without which this work could not be done. I could not have imagined having a

better advisor and mentor for my PhD study. I also want to thank my previous

advisor, Dr. Li Zhang, who moved to the University of Cincinnati. Their thoughts

on integrative analysis of human genomics data, personalized medicine of early phase

clinical trials are of paramount importance; their enthusiasm and thorough approach

towards research has inspired me throughout my PhD studies. Most importantly, I

would like to thank Dr. Ying Yuan for bringing out the opportunities of service in

daily work, which gives me lots of exposure to practical training.

Besides my advisor, I would like to thank the rest of my thesis committee: Dr.

David Scott, Dr. Richard Baraniuk, Dr. Philip Ernst, for the guidance, support

and their insightful suggestions and encouragement during my thesis journey. Your

various perspectives help me to widen my research and strengthen my work. I thank

other faculties at Rice, Dr. Dennis Cox, Dr. Kimmel, for theoretical training during

my study, and staff, Margaret Poon for facility support and help in any regards.

My sincere thanks also goes to my collaborators, Dr. Andrew S. Lan, Dr. Karen

H. Lu, Dr. Wei Cao, Dr. Tadeusz Majewski, Dr. Ken H. Young, Dr. Bradley M.

Broom, Dr. Shao-Cong Sun, Dr. Bogdan A. Czerniak and Dr. John N. Weinstein, for

providing me an opportunity to get access to the laboratory and research facilities,

and also for their countless insightful comments and discussions.

I would also thank all my other friends, Dr. Xuan Zhu, Dr. Cunyu Zhao, Dr.

Yang Li, Dr. Kai Zhou, Dr. Jialu Li etc, for their practical advice and inestimable

source of support for me.

Most importantly, I want to thank my family: my parents, and my brother and



vii

sister for supporting me spiritually throughout writing this thesis and my life in

general, and everything.

Here, I would also like to address my sincere thanks to the Academic and Journals

Divisions at Oxford University Press, the Journal of BMC Bioinformatics and the

Journal of Statistics in Medicine for reuse part or all of the contents of my previous

publications in this thesis. For chapter 2, it is a pre-copyedited, author-produced

version of an article accepted and published in Bioinformatics after peer review. The

version of record “Zhang, L., & Zhang, L. (2013). Use of autocorrelation scanning in

DNA copy number analysis. Bioinformatics, 29(21), 26782682.” is available online

at: 10.1093/bioinformatics/btt479. For chapter 3, it is a author-produced version

of an article published by BMC Bioinformatics, which is available online at: https:

//doi.org/10.1186/s12859-016-1085-7. For chapter 5, it is published by Statistics

in Medicine, which is available online at: 10.1002/sim.7095.

If interested, please see my advisor’s website www.trialdesign.org, where you

can learn more about our work in early phase clinical trial designs and idea on pre-

cision medicine designs.

10.1093/bioinformatics/btt479
https://doi.org/10.1186/s12859-016-1085-7
https://doi.org/10.1186/s12859-016-1085-7
10.1002/sim.7095
www.trialdesign.org


Contents

Abstract ii

List of Illustrations xiii

List of Tables xxi

1 Introduction 1

1.1 High-throughput genomics data for precision medicine . . . . . . . . . 1

1.2 Design of novel clinical trials . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Thesis organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Use of autocorrelation scanning in DNA copy number

analysis 6

2.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.3.1 Autocorrelation scanning profile . . . . . . . . . . . . . . . . . 8

2.3.2 Computer simulation . . . . . . . . . . . . . . . . . . . . . . . 9

2.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3 Recurrent focal copy number variations in ovarian can-

cer 21

3.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22



ix

3.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.3.1 Data source . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.3.2 CNV data processing . . . . . . . . . . . . . . . . . . . . . . . 26

3.3.3 Identification of focal gains or losses . . . . . . . . . . . . . . . 28

3.3.4 Identification of peak positions and their confidence intervals . 28

3.3.5 Identification of copy number polymorphism (CNP) from

normal tissues . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3.6 Putative cancer driver genes based on fCNV and literature

search . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3.7 Survival analysis . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3.8 Cox model for screening of prognostic sites based on mRNA

Expression data . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3.9 Network/module analysis on genes in fCNV regions . . . . . 31

3.3.10 Assessment of sensitivity and specificity based on computer

simulated data . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.4.1 Identification of focal regions containing putative cancer drivers 32

3.4.2 Relationship between gains/losses and oncogenes/TSGs . . . . 39

3.4.3 Network modularity analysis of genes encoded in the focal

regions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.4.4 Association between focal CNVs and genes expression . . . . . 42

3.4.5 Association between focal CNVs and patient survival . . . . . 44

3.4.6 Test of fCNV detection algorithm with computer simulated

data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4 Recurrent focal copy number variations in the peripheral

blood of patients with Pan-cancers 47



x

4.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.3.1 Data and samples . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.3.2 Data processing . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.3.3 Identification of sites of fCNV enrichment . . . . . . . . . . . 52

4.3.4 False discovery rate . . . . . . . . . . . . . . . . . . . . . . . . 54

4.3.5 Survival analysis . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.3.6 Pathway analysis . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.4 RESULTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.4.1 CNVs in blood, tumors and tumor-adjacent normal tissues . . 58

4.4.2 Blood-specific fCNVs and association with clinical features . . 61

4.4.3 Presence of blood-specific fCNVs correlates with increased

immune activity in primary tumors . . . . . . . . . . . . . . . 64

4.4.4 Tumor-specific fCNVs correlate with suppressed immune

activities in primary tumors . . . . . . . . . . . . . . . . . . . 67

4.5 DISCUSSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5 A Practical Bayesian Design to Identify the Maximum

Tolerated Dose Contour for Drug Combination Trials 76

5.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.3.1 Divide and conquer . . . . . . . . . . . . . . . . . . . . . . . . 80

5.3.2 Waterfall design . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.3.3 Conducting subtrials using the BOIN design . . . . . . . . . . 85

5.3.4 Extension to phase I/II trial . . . . . . . . . . . . . . . . . . . 88

5.4 Software . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90



xi

5.5 Simulation Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.5.1 Waterfall design . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.5.2 Phase I/II waterfall design . . . . . . . . . . . . . . . . . . . . 94

5.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

6 Biomarker-based Personalized Treatment Strategies for

Phase IIb clinical trials 104

6.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

6.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

6.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

6.3.1 Notation Setup . . . . . . . . . . . . . . . . . . . . . . . . . . 107

6.3.2 Probability Model Setup . . . . . . . . . . . . . . . . . . . . . 111

6.3.3 Subgroup-covariates Latent Model . . . . . . . . . . . . . . . . 112

6.3.4 Outcome-Treatment-Subgroup Models . . . . . . . . . . . . . 114

6.3.5 Model updates and sampling algorithm . . . . . . . . . . . . . 115

6.3.6 Implementation of parameter inference . . . . . . . . . . . . . 122

6.3.7 Detailed steps of trial designs . . . . . . . . . . . . . . . . . . 124

6.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

6.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

7 A Bayesian Precision Medicine Design for Phase II/III

Clinical Trials with Multiple Treatments 132

7.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

7.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

7.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

7.3.1 Model Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

7.3.2 Subgroup-covariates Latent Model . . . . . . . . . . . . . . . . 140

7.3.3 Random-effect and Latent probit model for efficacy . . . . . . 141



xii

7.3.4 Survival model for efficacy . . . . . . . . . . . . . . . . . . . . 142

7.3.5 Trial Design and Conduct . . . . . . . . . . . . . . . . . . . . 144

7.3.6 Method Implementation . . . . . . . . . . . . . . . . . . . . . 148

7.3.7 Model updating . . . . . . . . . . . . . . . . . . . . . . . . . . 148

7.3.8 Method Comparison . . . . . . . . . . . . . . . . . . . . . . . 158

7.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

7.4.1 Operating characteristics . . . . . . . . . . . . . . . . . . . . . 158

7.4.2 Simulation Scenarios . . . . . . . . . . . . . . . . . . . . . . . 159

7.4.3 Simulation Results . . . . . . . . . . . . . . . . . . . . . . . . 163

7.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167

8 Conclusion and future work 168

Bibliography 170



Illustrations

2.1 Typical ASP patterns. (a) Piecewise-constant CNP; (b) High ASP

throughout genome; (c) Gradual changes in CNP; (d) CNP fluctuates

rapidly. Data source: Case a is from sample GSM315239 in GEO dataset

GSE12532 [1]; Case b from sample GSM487724 in GSE19574 [2]; Case c

from sample GSM315235, GEO accession number is GSE12532 [1]; and

Case d is from GSM535545, GEO accession number is GSE21420 [3]. In

each case, the top shows the log-transformed CNP. The red points and the

black points in the CNP profile show the copy number data of individual

SNP sites. The green curve shows denoised CNP using Tukey’s running

median smoothing. The bottom shows the ASP. The horizontal black line,

around 0.2, marks the threshold value obtained from random permuted

data. Points above the line have P < 0.01. All data presented in this

figure are from the same microarray platform CGH 244A manufactured by

Agilent technologies. . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2 Boxplots of ASPs. (a) FFPE samples; (b) Fresh-frozen samples. Data

source: GEO accession number GSE17047 (stage II colorectal cancer,

tissue samples) for the (a) and (b) set. The data are generated using

Agilent HD CGH Microarray 2× 105k array. The boxplots show the

inter-quartile ranges. . . . . . . . . . . . . . . . . . . . . . . . . . . . 13



xiv

2.3 Simulation results. (a) Relationship between median of ASP and number

of segments according to CBS algorithm. (b) Relationship between median

of ASP and FP rate, FN rate, TP rate and TN rate. CNP data are

generated using random values with no significant copy number changes.

The size of each CNP is 100 000. Autocorrelation is incorporated through

coupling the signals of neighboring probes (see Methods). . . . . . . . . 15

2.4 High ASP corresponds to hypersegmentation. The relationship between

median ASP and number of segments identified by the CBS algorithm is

shown. Data source: the data are from [4]. . . . . . . . . . . . . . . . . 16

2.5 Distribution of correlation of measurement errors between neighboring

probes. The raw data are from GEO Web site with accession number

GSE5173. The dataset is from a healthy population and is used as normal

controls for normalization. Array platform: Affymetrix Mapping 250 k

Nsp SNP array. Black line denotes the distribution of correlation of errors

in the copy number estimates between neighboring SNP sites. The red line

shows the distribution of correlation using randomly permuted residuals. . 18

3.1 Analysis framework. (a) The flowchart of our analysis. (b) Schematic

illustration of spectral decomposition of CNV profile. The red line on the

left shows a CNV profile with vertical position representing the copy

number and horizontal position representing chromosomal location. The

letters in the figure mark the change points. The red lines on the left show

the decomposed profiles, the bCNV on the top, and fCNV on the

bottom. The segments ab and eh are considered broad gains. cd is a focal

gain and fg is focal loss. . . . . . . . . . . . . . . . . . . . . . . . . . 25



xv

3.2 Distribution of focal and broad CNVs in 587 ovarian cancer samples. (a)
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4.2 Pathway analysis of differential expression associated with tumor-specific

fCNVs. (a) Frequency of fCNVs in different types of specimens around

the PTEN locus. The maroon bar at the bottom marks the region that

encodes PTEN. (b) Treemap of altered pathways associated with PTEN

deletion in cancer. The categories of pathways were labeled as those in
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4.3 Identification of somatic fCNVs based on enrichment analysis of the

frequencies of fCNVs in different tissue types. (a) Distribution of fCNVs
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Chapter 1

Introduction

Personalized and precision medicine is “an emerging approach for cancer treatment

and prevention that takes into account of individual variability [6].” Future direc-

tion of precision medicine in oncology [7, 8] requires accessing high-throughput ge-

nomics data from large, well-curated cohorts of patients that couple cancer muta-

tions/variations to complex clinical data, together resulting in effective personalized

therapies. The purpose of this modern precision trial designs needs lots of efforts to

understand clinical data and to make sense of multi-omics data to improve medical

interventions and decision-making on treatment plans for cancer patients. In this

introduction, we first describe the promising prospective of the availability in high-

throughput genomics data, and more specifically, the identification of genomics alter-

ations used as biomarkers along with the emergence of molecularly targeted agents,

for example, cytokine inhibitors; then, we will elaborate the challenges of the modern

clinical oncology trial designs. At last, we will describe the thesis organizations.

1.1 High-throughput genomics data for precision medicine

The identification of high-throughput genomic alterations can be used for the biomarker-

based target therapies for groups of patients. DNA copy number alteration (CNA)

is one of the hallmarks of cancer [9] and has been linked to various complex genetic

diseases [10, 11, 12]. Technological advances in microarrays and next-generation se-
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quencing [13, 14] have made it possible to generate large amounts of CNA data. Data

quality is a critical issue in the analyses of DNA copy number alterations obtained

from microarrays. It is commonly assumed [15] that copy number alteration data can

be modeled as piecewise constant and the measurement errors of different probes are

independent. However, these assumptions do not always hold in practice. In some

published datasets, we find [14] that measurement errors are highly correlated be-

tween probes that interrogate nearby genomic loci, and the piecewise-constant model

does not fit the data well. The correlated errors cause problems in downstream anal-

ysis, leading to a large number of DNA segments falsely identified as having copy

number gains and losses.

Various methods developed for CNA data analysis have been compared in pub-

lished reviews. These methods differ in their focus, including preprocessing and nor-

malization [16, 17, 18], segmentation [19, 20, 21, 22], joint analysis of multiple samples

[23, 24, 25, 26], copy number based on mapped sequence reads [27, 28, 29, 30, 31, 32,

33], integrated analysis with genotyping, allele-specific copy number [34] and others

[35, 36, 37, 38]. However, there are still some challenging issues regarding quality

assessment and biological interpretation of CNA data [18, 39, 40].

Recent analyses of DNAs in various types of cancers showed that the scope pri-

marily exhibits two modes: either focal, which is limited to a small fraction of a

chromosome, or very broad, which extend a large fraction of a chromosome arm.

Mechanistically, it was found that the focal CNVs (fCNVs occur due to errors in

DNA repair and the broad CNVs (bCNV occur due to incorrect segregation of chro-

mosomes during mitosis [41, 42, 43]. Regions of frequent fCNV are particularly im-

portant in cancer studies because they are believed to encode key genes driving cancer

growth [44]. Many of the known oncogenes, such as ERBB2, EGFR and CCND1,
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are frequently amplified [23, 45, 46, 47, 48] and many of the known tumor suppressor

genes (TSGs), such as CDKN2A, PTEN, NF1 and RB1, are frequently depleted in

various types of cancers [49, 50, 51]. Thus, it is generally believed that recurrent focal

gains are associated with oncogenes ENREF3 and focal losses associated with TSGs

[52].

However, it remains to be a challenge to delineate the targeted oncogenes and

TSGs from the recurrent CNVs. In the first major part of this thesis, we will address

the following concerns:

• data quality control: The raw probe level data need quality controls before

moving onto the downstream analysis. Low quality of the cleaned data always

lead to a large number of DNA segments falsely identified as having copy number

gains and losses.

• Low overlaps or coverage of truth: Traditional statistical methods have low

overlaps or coverage of truth when dealing with copy number alteration data

using the same method but different platforms. The situation also occurs when

using different methods on the data from same platform.

• Identification of novel genomic alterations: There is still a great need of efforts

in identification of unknown type of genomic alterations in the blood cells of pa-

tients with solid tumors. If this kind of variation exists, what are the biological

or clinical significance?

1.2 Design of novel clinical trials

The availability of high-throughput data dedicated to clinical trial practices makes

it very promising for cancer treatment plans [53, 54]. However, establishing a single
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master protocol for precision design is not a trivial task but a series of statistical

modeling in the early phase clinical trial designs (from Phase I to IV, at least up

to Phase III). The identified biomarkers can be used as a bridge to connect cancer

heterogeneity, or genetic diversity within a single cancer population, to the personal-

ized treatment plans. The phase I clinical trial is to identify the maximum tolerated

dose with limited sample size. Then, based on tumor molecular profiling, randomized

phase II and/or phase II/III trials can be used for real time decision makings on the

dose administration of the incoming patients based on the current data accrual. In

this thesis, we first develop a simple Bayesian design, called waterfall design, in phase

I clinical trials for patients with homogeneous biomarker status. And then, we move

onto phase II and Phase II/III trial designs, in which different endpoints are consid-

ered while statistical modeling. According to the patient’s biomarker makeup/profile,

we propose a set of Bayesian personalized designs to find customized treatments that

cause fewer side effects but much more effectiveness to each patient.

1.3 Thesis organization

The purpose of this thesis covers two major parts: (1) integrative analysis on identifi-

cation of biomarkers; and then (2) biomarker-based early phase clinical trial designs.

In the first part (chapter 2, 3, 4), I will mainly focus on statistical applications into

the analysis of human cancer genomics data. The major aim is to identify cancer-

related biomarkers. To be more specific, we propose a simple autocorrelation scanning

method to assess the quality control of the raw probe level copy number alteration

data in chapter 2. Then, we utilize this method to the integrative analysis of human

genomics data for 587 ovarian cancer patients and a spectral decomposition method

is proposed for the focal copy number alterations to identify novel cancer driver genes
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that located within focal CNA loci in chapter 3. Later on, we extend our method into

pan-cancer study with the aim to investigate the existence of novel type of focal CNAs

in blood samples of the solid tumors, in chapter 4. Biological significance of functional

annotations and pathways analysis are further checked for the identified genes asso-

ciated with this new type of focal CNAs. Then, in the second part (chapter 5, 6, 7), I

will focus on developing statistical models, in contrast to a one-size-fits-all approach,

to aid in cancer treatment and prevention strategies, in which taking into account

of the difference between individuals. The ultimate goal is to predict more accurate

treatment and prevention strategies such that different groups of cancer patients can

benefit from the schemes based on their gene, human pathways or lifestyle-related

biomarkers. In chapter 5, we develop a simple Bayesian design in phase I/II clinical

trial for patients with homogeneous biomarkers. The resulting output of this phase

I/II clinical trial is multiple maximum tolerated dose contour (i.e., multiple MTDs).

We assume that patients can be characterized by their biomarker makeup/profile.

Therefore, along with these multiple MTDs, we try to create a master protocol to

take into account of multiple biomarker status and multiple treatments (admissible

candidate doses) in an adaptive way of decision making in chapter 6 and 7. We

conclude and discussion and future work in Chapter 8.
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Chapter 2

Use of autocorrelation scanning in DNA copy

number analysis

In this chapter, we propose the autocorrelation scanning method, a quality control

tool for assessing the dependence of measurement error between neighboring probes

of the raw copy number alteration (CNA) data, which can be used to check data

quality and refine the analysis of CNA.

2.1 Motivation

Data quality is a critical issue in the analyses of DNA copy number alterations ob-

tained from microarrays. It is commonly assumed that copy number alteration data

can be modeled as piecewise constant and the measurement errors of different probes

are independent. However, these assumptions do not always hold in practice. In some

published datasets, we find that measurement errors are highly correlated between

probes that interrogate nearby genomic loci, and the piecewise-constant model does

not fit the data well. The correlated errors cause problems in downstream analysis,

leading to a large number of DNA segments falsely identified as having copy number

gains and losses. We developed a simple tool, called autocorrelation scanning profile,

to assess the dependence of measurement error between neighboring probes. Auto-

correlation scanning profile can be used to check data quality and refine the analysis

of DNA copy number data, which we demonstrate in some typical datasets.
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2.2 Introduction

DNA copy number alteration (CNA) is one of the hallmarks of cancer [9] and has

been linked to various complex genetic diseases [55, 56]. Technological advances in

microarrays [26, 57, 58, 59] and next-generation sequencing [60] have made it possible

to generate large amounts of CNA data [29, 61, 62, 63]. Various methods developed

for CNA data analysis have been compared in published reviews [59, 64, 65, 66].

These methods differ in their focus, including preprocessing and normalization [17,

18, 61], segmentation [19, 20, 21, 22], joint analysis of multiple samples [23, 24, 25, 67],

copy number based on mapped sequence reads [27, 28, 29, 30, 33, 68], integrated

analysis with genotyping, allele-specific copy number [34] and others [16, 35, 36, 37,

38]. However, there are still some challenging issues regarding quality assessment and

biological interpretation of CNA data [39, 40, 69].

A common step of CNA analysis is segmentation, which transforms noisy measure-

ments into genomic segments of equal copy number. This step aims to reduce noise

and data dimension. Significant gains/losses of the segments can be subsequently

recognized. The ends of the segments may correspond to DNA breakage points. The

underlying assumptions in segmentation are (i) the data can be modeled as piecewise

constant, and (ii) the measurement errors of different probes are independent. Al-

though in most cases, methods such as circular binary segmentation (CBS; [22] yield

reasonable results, we find that occasionally the piecewise-constant model appears

to fit the data poorly and the independence assumption is grossly violated. The

independence assumption is critical because it forms the basis for separating true

signals from noise. Correlated errors are expected to lead to incorrect identification

of aberrant segments.

To address the issue, in this thesis, we have developed a method called the au-
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tocorrelation scanning profile (ASP ). Autocorrelation is the cross-correlation of a

signal with itself, which is a mathematical tool for finding repeating patterns in time

series data. If the time series data can be modeled as piecewise constant and the

noises in the data are independent at different time points, ASP has the following

appealing properties: (i) the autocorrelation within each segment of a constant mean

is expected to be 0; (ii) at the junction of an abrupt change-point, however, the auto-

correlation rises significantly above 0. We observe different patterns when the ASP

method is applied to published datasets. Our results show that ASP can be used to

check for CNA data quality and refine the analysis.

2.3 Method

2.3.1 Autocorrelation scanning profile

ASP assesses the autocorrelation pattern from the copy number profile (CNP) of a

sample. A CNP is a vector, denoted as x[1, · · · , n], where n is the number of probed

positions in the genome. The components of the vector are ordered by the chromosome

number and the chromosomal coordinates of the probed positions. The values of the

components of the vector are log-transformed DNA copy numbers. Probes that do

not correspond to unique chromosomal positions are excluded. We define the ASP

as a vector that is computed as follows:

ASP [j] = cor(x[j − w

2
, · · · , j +

w

2
− 1], x[j − w

2
+ 1, · · · , j +

w

2
]), (2.1)

where j = w
2

+ 1, · · · , n − w
2

and cor stands for the Pearson correlation. The vector

x[j − w
2
, · · · , j + w

2
− 1] represents a scanning window enclosing w probe signals. In

this study, we choose w = 100.

The following procedure is used to evaluate the statistical significance of the ASP .
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(i) To remove the effects of gains/losses, we apply Tukey’s running median smoothing

algorithm[70] (window size = 101) to a CNP, which results in a smoothed CNP. (ii)

We then take the difference between the raw probe signals and the smoothed CNP to

be the residuals, which we then randomly permute along the genome to compute the

ASP . Because the randomly permuted residuals are supposed to have no significant

autocorrelation, the ASP values resulting from the permuted residuals are assumed

to form a null distribution. (iii) We use the top 99 percentile of the ASP values as

the threshold value of significance, with P = 0.01.

2.3.2 Computer simulation

To generate simulated CNP data, we set the dimension of a CNP to be n = 10000.

Let x be a vector of 10 000 random numbers following a standard normal distribution.

Here, x is the initial CNP that corresponds to a sample with no copy number change

and ASP is ∼ 0. To generate a CNP that has ASP > 0, we use the following coupling

function:

V (x) = x ∗ (1− β) + (y + z) ∗ β
2

(2.2)

where y = (x[2], x[3], · · · , x[n], x[1]), z = (x[n], x[1], · · · , x[n − 2], x[n − 1]) and β is

an adjustable parameter. We then normalize the CNP so that its mean is 0 and

standard deviation (sd) is 1. We then introduce a gain region and a loss region on

V (x), each with 2000 probe sites. The amplitudes of the gain and the loss are equal to

1. By tuning beta, we obtain V (x) with different levels of the median ASP . We then

apply the CBS algorithm to identify the segments. A segment is called a significant

gain/loss if the following:

m ∗
√
N > 3 (2.3)
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where m is the segmental mean and
√
N is the square root of the number of probes

in the segment. False positives (FPs) are defined as sites that are called significant

gains/losses, but for which the nominal value is 0. False negatives (FNs) are defined

as sites that are not called as significant gains/losses, but for which the nominal is not

0. True positives (TPs) are defined as gains/losses that are correctly identified. True

negatives (TNs) are defined as sites that are not called as significant gains/losses, and

for which the nominal is 0. The computer program we use in this study can be found

in online via the link: https://academic.oup.com/bioinformatics/article/29/

21/2678/196102#supplementary-data.

2.4 Results

To evaluate the use of the ASP method, we compute the ASPs using previously

published DNA copy number data. Figure 2.1 shows the typical patterns we observe.

The most common pattern is shown in Figure 2.1(a). After denoising, the CNP (the

green curve) has the shape of step functions with well-defined abrupt change-points.

The ASP profile (Figure 2.1(a), bottom) peaks around the abrupt change-points of

CNP but mostly fluctuates near 0 in other loci, and rarely exceeds the significance

line (the horizontal black line). It appears that the piecewise-constant model fits the

CNP data well and there is little correlation between the measurements of different

probes, i.e. the probes can be regarded as independent in this case.

https://academic.oup.com/bioinformatics/article/29/21/2678/196102#supplementary-data
https://academic.oup.com/bioinformatics/article/29/21/2678/196102#supplementary-data
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Figure 2.1 : Typical ASP patterns. (a) Piecewise-constant CNP; (b) High ASP throughout

genome; (c) Gradual changes in CNP; (d) CNP fluctuates rapidly. Data source: Case a is

from sample GSM315239 in GEO dataset GSE12532 [1]; Case b from sample GSM487724

in GSE19574 [2]; Case c from sample GSM315235, GEO accession number is GSE12532

[1]; and Case d is from GSM535545, GEO accession number is GSE21420 [3]. In each case,

the top shows the log-transformed CNP. The red points and the black points in the CNP

profile show the copy number data of individual SNP sites. The green curve shows denoised

CNP using Tukey’s running median smoothing. The bottom shows the ASP. The horizontal

black line, around 0.2, marks the threshold value obtained from random permuted data.

Points above the line have P < 0.01. All data presented in this figure are from the same

microarray platform CGH 244A manufactured by Agilent technologies.
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However, the pattern shown in Figure 2.1(a) is not universal, as other patterns

have also been observed. For example, in Figure 2.1(b), the ASP appears to be

much higher, exceeding the significance line (the horizontal black line around 0.2)

throughout the genome. We also find samples lacking clearly defined change-points

(Figure 2.1(c)). The CNP appears to have gradual changes in some areas, such as

in chromosome 1 (Figure 2.1(c), top). Another distinct pattern is shown in Figure

2.1(d), in which the ASP reaches high levels in a localized region in the genome

(chromosome 12). The CNP also fluctuates a lot in the same region.

We suspect the pattern seen in Figure 2.1(b) may indicate a quality problem

with the DNA sample. We obtained supporting evidence of this view from comparing

formalin-fixed paraffin-embedded (FFPE) samples with fresh-frozen samples obtained

from the same type of cancer and using the same microarray platform. Formalin

fixation is known to cause damages in DNA, and extraction of DNA from FFPE

samples is more prone to biases [71]. As expected, we find that the FFPE samples

appear to have elevated ASP s (Figure 2.2) more often than the fresh-frozen samples.

The average of the median ASP of each FFPE sample is 0.32, whereas the median

ASP of the fresh-frozen samples is only 0.13. The difference between the two groups

of samples is statistically significant (P = 7.56e− 10, Student t-test).
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Figure 2.2 : Boxplots of ASPs. (a) FFPE samples; (b) Fresh-frozen samples. Data source:

GEO accession number GSE17047 (stage II colorectal cancer, tissue samples) for the (a)

and (b) set. The data are generated using Agilent HD CGH Microarray 2 × 105k array.

The boxplots show the inter-quartile ranges.
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To better understand the consequences of elevated ASP s, we performed computer

simulations to create artificial CNPs with different levels of autocorrelation. We first

generated CNPs following a standard normal distribution, which corresponds to a

sample with no copy number change and ASP approximately equal to 0. We then

introduced correlation between neighboring probes by coupling the signals between

neighboring probes with a tunable parameter (see details in Methods). Figure 2.3

shows how the CBS segmentation results depend on median ASP s that are computed

from the simulated CNPs. The results show that when the median ASP is < 0.1,

the number of segments remains at 1 and the FP rate is close to 0. The number of

segments and the FP rate rise rapidly when the median ASP is > 0.4. This result

suggests that there is a clear association between the elevated ASP and the number

of segments. A similar relationship has been found in real data. Figure 2.4 shows

correlation between the median ASP and number of segments in a dataset of 971

breast cancer samples (Spearman’s rank correlation coefficient = 0.74).
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Figure 2.3 : Simulation results. (a) Relationship between median of ASP and number of

segments according to CBS algorithm. (b) Relationship between median of ASP and FP

rate, FN rate, TP rate and TN rate. CNP data are generated using random values with

no significant copy number changes. The size of each CNP is 100 000. Autocorrelation is

incorporated through coupling the signals of neighboring probes (see Methods).
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Figure 2.4 : High ASP corresponds to hypersegmentation. The relationship between

median ASP and number of segments identified by the CBS algorithm is shown. Data

source: the data are from [4].
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Besides correlated measurement errors between adjacent probes, segmental copy

number changes can affect ASP . To assess the effects of the former factor alone, we

used a dataset of 270 samples from a population without cancer and with few copy

number changes. We used that dataset as a standard reference set for calibrating

the data on the platform. To further reduce the effects of the copy number changes,

we removed the segments that had significant gains and losses. Because the nominal

copy number is 2 nearly throughout the genome, the correlations observed between

neighboring probes thus should measure the extent to which the probes depend on

each other. We calculated the copy number correlation between neighboring probes.

Figure 2.5 shows the distribution of the correlations (red line). The distribution is

centered ∼ 0 (mean= 0.0001), but the range is much wider than that expected from

randomly permuted data. The sd of the red line is 0.16, whereas the sd of the black

line 0.06. This means that we cannot assume that the probes are independent from

each other, even though the correlation between neighboring probes is near 0 on

average.
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Figure 2.5 : Distribution of correlation of measurement errors between neighboring probes.

The raw data are from GEO Web site with accession number GSE5173. The dataset is from

a healthy population and is used as normal controls for normalization. Array platform:

Affymetrix Mapping 250 k Nsp SNP array. Black line denotes the distribution of correlation

of errors in the copy number estimates between neighboring SNP sites. The red line shows

the distribution of correlation using randomly permuted residuals.
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2.5 Discussion

In this study, we have demonstrated the use of ASP in DNA copy number analysis.

The issue of interdependence of probes has been largely ignored in the existing meth-

ods. We argue this is an important issue and show that there are elevated ASP s that

can be frequently observed in published datasets. Elevated ASP s mean that one can-

not assume that the microarray probes measure the copy number data independently.

The elevated ASP s inflate the FPs in the identification of aberrant segments because

they increase the probability of multiple probes having common biases. From the

results of our computer simulations, we found that FPs in segmentation rise rapidly

when the median ASP > 0.4 . Thus, one may regard the samples with median

ASP > 0.4 as bad samples that are to be discarded.

Spurious results of copy number changes have been found experimentally. Mc

Sherry et al.[56] reported a dramatic increase in the absolute number of genetic al-

terations in all FFPE tissues relative to their matched fresh-frozen counterparts,

suggesting that FFPE samples are more prone to produce spurious results of copy

number changes. These results are similar to our current study, which showed that

FFPE samples tend to have higher median ASP s than fresh-frozen samples (Figure

2.2).

Our ASP method provides a much needed tool for quality control. Existing

tools such as the NanoDrop spectrophotometer aim to ensure that DNA samples to

be hybridized onto the arrays are in sufficient quantity and have the appropriate

length. There are also metrics commonly used to assess data quality, such as the

derivative log-ratio spread (DLRS; [72]) and genotyping call rate on SNP arrays. The

DLRS estimates the log-ratio noise by calculating the spread of log-ratio differences

between consecutive probes along all chromosomes. The genotyping call rate of a
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sample is the fraction of probes that have passed the detection filter. The DLRS and

genotype call rate are correlated, both reflecting measurement noises on individual

probes. ASP is conceptually different, as it measures the correlation of noises between

neighboring probes. Hence, we recommend the use of ASP in addition to existing

quality measures.

It is interesting to note that the ASP s show several distinct patterns (Figure 2.1).

When only a localized region has a high ASP (Figure 2.1(d)), the phenomenon is

similar to that reported as chromothripsis [73] or firestorm [74]. The CNP pattern

seen in Figure 2.1(c) contains gradual changes, which poorly fit the piecewise-constant

model. The piecewise-constant model is expected to hold under the condition that

there is only one tumor clone in the tissue and the number of aberrant segments is less

than the number of probe sites. The latter condition usually holds except in the case

of chromothripsis. When there is only one tumor clone, the denoised copy number

should take integer values after adjusting the scale. The gradual changes that fall

between the level of single copy gain or loss (such as in Figure 2.1(c)) cannot result

from a single tumor clone, and therefore must come from the contribution of multiple

clones. Tumor tissues containing multiple clones are commonly observed, which is

recognized as another hallmark of cancer [75]. Taken together, our results show that

ASP provides a useful tool in DNA copy number analysis.
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Chapter 3

Recurrent focal copy number variations in ovarian

cancer

In this chapter, we developed a new approach to CNV analysis based on spectral

decomposition of CNV profiles into focal CNVs and broad CNVs, which can aid

in the identification of cancer driver genes (tumor suppressors or oncogenes). We

performed an analysis of CNV data of 587 serous ovarian cancer samples on multiple

platforms. We identified a number of novel focal regions, such as focal gain of ESR1,

focal loss of LSAMP, prognostic site at 3q26.2 and losses of sub-telomere regions

in multiple chromosomes. Furthermore, we performed network modularity analysis

to examine the relationships among genes encoded in the focal CNV regions. Our

results also showed that the recurrent focal gains were significantly associated with

the known oncogenes and recurrent losses associated with TSGs and the CNVs had a

greater effect on the mRNA expression of the driver genes than that of the non-driver

genes. Our results demonstrate that spectral decomposition of CNV profiles offers a

new way of understanding the role of CNVs in cancer.

3.1 Motivation

Genomic regions with recurrent DNA copy number variations (CNVs) are generally

believed to encode oncogenes and tumor suppressor genes (TSGs) that drive cancer

growth. However, it remains a challenge to delineate the key cancer driver genes

from the regions encoding a large number of genes. After extensive intestigations of
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current publicaions on the cancer driver genes, we found very low overlaps or coverage

of truth in terms of the resulting gene sets. The situation occurs not only when the

traditional methods are used on the same cancer data on different platforms, but also

occurs when using different methods on the data from same platform.

3.2 Introduction

DNA aberrations in cancer can take many different forms, ranging from mutations,

translocations, inversions and copy number variations (CNV) [41, 75]. The scope of

the aberrations can range from single nucleotides to whole chromosomes. Recent anal-

yses of CNVs in various types of cancers showed that their scope primarily exhibits two

modes: it is either focal, which is limited to a small fraction of a chromosome, or very

broad, which extends to a large fraction of a chromosome arm [76, 77]. Mechanisti-

cally, it was found that the focal CNVs (fCNV s) occur due to errors in DNA repair

and the broad CNVs (bCNV ) occur due to incorrect segregation of chromosomes

during mitosis [41, 42, 43]. Regions of frequent fCNV are particularly important in

cancer studies because they are believed to encode key genes driving cancer growth

[44]. Many of the known oncogenes, such as ERBB2, EGFR and CCND1, are fre-

quently amplified [23, 45, 46, 47, 48] and many of the known tumor suppressor genes

(TSGs), such as CDKN2A, PTEN, NF1 and RB1, are frequently depleted in various

types of cancers [49, 50, 51]. Thus, it is generally believed that recurrent focal gains

are associated with oncogenes ENREF3 and focal losses associated with TSGs [52].

However, it remains to be a challenge to delineate the targeted oncogenes and

TSGs from the recurrent CNVs [60, 78, 79]. For example, from an analysis of over

3000 cancer genomes, Beroukhim et al. identified 150 focal regions [77] that were

supposed to be the hotspots of cancer driver genes, but only less than 25% of the
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regions contained known oncogenes or TSGs. To explain the phenomena, it was

proposed that some CNVs may rise from inherently fragile sites and gene poor regions.

Solimini et al. proposed a ‘gene island’ theory [52]: genes that stimulate/inhibit tumor

growth may distribute very unevenly across the genome. Such genes are not classical

oncogenes or TSGs as they only have minor effects on tumor growth individually.

However, the minor effects collectively can make a big difference through evolution of

the cancer cells and produce the patterns of frequent gains/losses as we have observed.

Sharon J. Diskin et al. [23] developed a statistical model called Significance Testing

for Aberrant Copy number (STAC) to evaluate the randomness of the distribution of

CNVs in tumors. STAC uses p-values to prioritize regions for down-stream analysis.

To better understand how CNVs are related to cancer driver genes, we analyzed

CNVs in serous ovarian cancer, which is a type of cancer that contains relatively

more CNVs than others. The dataset contained samples collected from 587 patients

assayed on three different microarray platforms.Both primary tumors and adjacent

normal tissues were assayed. An analysis of the dataset was reported previously by

the TCGA consortium [80]. A statistical algorithm called GISTIC was used in several

studies [76, 81, 82] to identify the regions that were highly enriched with copy number

gains/losses. Several well-known cancer driver genes, such as RB1, PTEN and NF1,

were suggested to be the targets of the regions. However, the targeted cancer genes

of 70 (62%) of the 113 regions are not known. The results reported by the TCGA

consortium were largely consistent with earlier analyses of ovarian cancer, which used

smaller sample sizes and obtained CNVs at lower resolution [83, 84, 85, 86, 87, 88].

We developed a new method aimed at identifying the focal CNVs that drive

cancer progression (See in Figure 3.1(a)). The method is designed to decompose a

CNV profile into a focal profile and a broad profile based on the hypothesis that a
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genomic region may undergo multiple modes of aberrations during cancer progression.

We viewed a CNV profile as a spectrum, in which the high frequency component

corresponded to fCNV s and the low frequency component corresponded to bCNV s.

Figure 3.1(b) illustrates the method schematically. To obtain the bCNV profile, we

used the running median smoothing algorithm, which was originally proposed by

Tukey [70] ENREF2 to smoothen time series data that follow a piecewise-constant

model. The algorithm works by taking the median value in a scanning window over the

CNV profile (See details in method section). The focal profile is computed from the

difference between the CNV profile and the bCNV profile. This method is appealing

because it preserves the shape of abrupt change points and it is robust for data that

follow piecewise constant model. As shown in Figure 3.1, the magnitude of broad

CNV segment eh is not affected by focal CNV segment fg as long as fg span less

than the half size of the scanning window. Using Fourier or wavelet transformations,

it is also possible to separate high frequency from low frequency components from

a CNV profile [89, 90, 91, 92, 93], but those transformations are not robust, nor do

they preserve the shape of abrupt change points.
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Figure 3.1 : Analysis framework. (a) The flowchart of our analysis. (b) Schematic

illustration of spectral decomposition of CNV profile. The red line on the left shows a

CNV profile with vertical position representing the copy number and horizontal position

representing chromosomal location. The letters in the figure mark the change points. The

red lines on the left show the decomposed profiles, the bCNV on the top, and fCNV on

the bottom. The segments ab and eh are considered broad gains. cd is a focal gain and fg

is focal loss.
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3.3 Method

To identify focal copy number variations and their putative cancer genes, our method

consists of the following parts, which elaborate detailed steps of data collection from

the TCGA data portal, CNV probe-level data de-noising and decomposition, identifi-

cation of focal gains and losses, identification of peak regions and further downstream

functional analysis (Network module and survival analysis).

The computational time for the CNV decomposition process is about 10 − 12h

on the high performance cluster (six nodes with 24 cores per node, Linux oper-

ating system); while for the rest procedures the time is less than 1h. The pro-

posed algorithm can be easily achieved using the detailed steps in method section,

and the source R code is available at https://drive.google.com/drive/folders/

0B6Q6G-z3ELntWllEd29IOVpyYzA.

3.3.1 Data source

Copy number and mRNA expression data were downloaded from TCGA Data Portal

(https://tcga-data.nci.nih.gov/tcga/dataAccessMatrix.htm) before Septem-

ber, 2012. Sample information of the 587 patients, progression free survival data,

were collected for our analysis.Version hg18, Human Build 36.1 were used for anno-

tating the genomic coordinates.

3.3.2 CNV data processing

Let x be the vector of logarithm-transformed (base=2) probe signals ordered accord-

ing to the chromosomal positions in a sample. x is called a copy number profile.

First, the profile is normalized using

xnormalized = x−mode(x) (3.1)

https://drive.google.com/drive/folders/0B6Q6G-z3ELntWllEd29IOVpyYzA
https://drive.google.com/drive/folders/0B6Q6G-z3ELntWllEd29IOVpyYzA
https://tcga-data.nci.nih.gov/tcga/dataAccessMatrix.htm
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where mode(x) is mode value of x, i.e., the peak position of density distribution

funciton of x.

Second, the profile is smoothed to reduce noise,

xsmoothed = runmed(xnormalized, w) (3.2)

where runmed is the running median smoothing function with a scanning window

of w, which was chosen to be 51, 51, 99 on the Agilent array, Illumina array, and

Affymetrix array, respectively. The total number of probes are 9.6 × 105, 1.19 ×

106, and 1.87 × 106, for the Agilent, Illumina, and Affymetrix arrays, respectively.

Consequently, the chosen window sizes corresponded to approximately the same size

on the chromosomes, circa 120kb. The smoothing algorithm treated CNV events that

spaned less than half of the window size as noise and ignored them. Thus, gain/loss

fragments that were smaller than 59kb were omitted in the subseqeunt analysis.

Third, because there is little change in the smoothed profile between neighboring

probed sites, we chose to represent the smoothed profile at a lower resolution to reduce

data dimension, i.e.,

xreduced = xsmoothed[1, 1 + w/3, 1 + 2w/3, · · · , n] (3.3)

where n is length of xsmoothed.

To obtain the broad CNV profile and focal CNV profile, we used

xbCNV = runmed(xreduced, wb) (3.4)

xfCNV = xreduced − xbCNV (3.5)

where wb was chosen to be 641, 641, 793 on the Agilent, Illumina, and Affymetrix

arrays, respectively. The window sizes correspond to approxmiately 32Mb on the

chromosomes, which means that CNV segments longer than 16Mb are treated as
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broad changes and CNV segments shorter than 16Mb are treated as focal changes.

The results obtained in this study were not very sensitive to the choice of wb.

3.3.3 Identification of focal gains or losses

At any genomic locus, the copy number has three states: gain, neutral, loss, which

was determined as follows:

xfcnv =



> 3ε gain;

> −3ε and < 3ε; neutral

< −3ε loss

(3.6)

where ε is the estimated error of xfcnv .

3.3.4 Identification of peak positions and their confidence intervals

To identify peak positions of focal CNV distribution, we used a scanning window of

41 xfcnv sites to search for local maximums. Peaks with maximum value less than 8

were ignored.

To estimate the confidence intervals of the peak positions, a bootstrapping method

[63, 94] was used. Boostrap samples were constructed using random sampling with

replacement from the 587 focal CNV profiles. 500 sets of bootstrap samples were

created, each set containing 587 profiles. For each set of the profiles, peak positions

were identified. Because the number of such peak positions from bootstrap samples

may be different from number of the original peaks, it is not possible to pair-up

the two kinds of peaks one-to-one. To identify a new peak position for each orginal

peak, we used the nearest peak position in the bootstrapping set with regard to each

original peak to represent bootstrapped peak position. From the 500 sets of bootstrap
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samples, 500 sets of peak positions were obtained. The top 2.5 percentile and bottom

2.5 percentile of the bootstrapped peak positions were used as the estimates of 95 %

confidence interval of each original peak.

3.3.5 Identification of copy number polymorphism (CNP) from normal

tissues

To identify CNPs that rise from germline mutation, we used focal CNV profiles of

adjacent normal tissue samples. Because some of the samples appeared to be out-

liers as they contained a large number of CNPs, we suspected that they have been

contaminated by tumor cells or the data had poor quality and decided to exclude

them. We computed the number of CNPs for each sample as number of sites with

|fCNV | > 5ε, where ε is the estimated error. Five samples on the Agilent platform

with largest number of CNPs were determined as outliers and were excluded. Simi-

larly, 61 and 48 normal samples were excluded from Affymetrix and Illumina arrays,

respectively. After the removal of outliers, 240, 512 and 466 samples were included

for CNP identification on the Agilent, Illumina, and Affymetrix arrays, respectively.

3.3.6 Putative cancer driver genes based on fCNV and literature search

We created a list of cancer related genes from combining the cancer genes lists

in OMIM database (http://omim.org/), Cancer Gene database of MSKCC [95],

Sanger cancer gene census [96], TAG (http://www.binfo.ncku.edu.tw/TAG/) and

TSGene databases (http://bioinfo.mc.vanderbilt.edu/TSGene/). The list con-

tains 11,595 gene symbols.

An overlapping gene set of 200 genes was obtained between focal region genes and

this cancer gene list.

http://omim.org/
http://www.binfo.ncku.edu.tw/TAG/
http://bioinfo.mc.vanderbilt.edu/TSGene/
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We found 1245 mRNA transcripts were located in the 42 focal regions that were

identified from our analyses. 200 out of the 1245 were contained in the list of cancer

related genes.

For each of the 200 genes, we examined the references listed on GeneCards (http:

//www.genecards.com). A gene was defined as an oncogene if it has been reported

that over-expression or activation mutation of this gene can cause cancer, promote

cancer growth or metastasis. A gene was defined as a TSG if knockdown or deleterious

mutation of this gene can cause cancer, promote cancer growth or metastasis.

3.3.7 Survival analysis

We used Cox proportional hazard model to search for genomic loci where fCNV s or

bCNV are correlated with progression free survival. At each the j th genomic site,

we constructed two models:

Mf,bcnv[j] = coxph(Surv(time, status) ∼ xfcnv[j] + xbcnv[j]) (3.7)

Mcnv[j] = coxph(Surv(time, status) ∼ xcnv[j]) (3.8)

where xfCNV is fCNV , and xbCNV is the bCNV , and xcnv = xfCNV +xbCNV . coxph

is an R function that constructs an object of the cox proportional model [97]. Surv()

creates a survival data object with censored time and status. Model 3.7 used the

decomposed CNV profiles. Model 3.8 used CNV profiles without the decomposition.

3.3.8 Cox model for screening of prognostic sites based on mRNA Ex-

pression data

For each gene i, a single-variate Cox model is set to be:

Mi = coxph(Surv(time, status) ∼ gi) (3.9)

http://www.genecards.com
http://www.genecards.com
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where gi is the logarithm transformed mRNA expression levels of the gene and coxph

is an R function to construct an object of the cox proportional survival model. Surv()

creates a survival data object with censored time and status.

3.3.9 Network/module analysis on genes in fCNV regions

We used the NetBox server (http://cbio.mskcc.org/netbox), which is pre-loaded

with a Human Interaction Network (HIN) derived from curated literature. HIN con-

tains 9264 nodes and 68111 edges. The genes in the focal regions identified from our

analyses were mapped to HIN to identify the core modules. The parameters used in

the NetBox analyses were as follows:

• shortest path threshold=2;

• p-value threshold=0.05;

• number of global trials=1000;

• number of local trials=100.

3.3.10 Assessment of sensitivity and specificity based on computer sim-

ulated data

To generate simulated CNV profile, we conducted the simulation as follows: we set

the dimension of a CNV profile having L = 1.6 × 104 probes for N = 500 patients.

The measurement error of the probe signals is set to follow normal distribution with

a standard deviation ε = 1. Each patient has a normal CNV profile and a tumor

CNV profile. A fraction of the patients (f ∗ N) have an amplicon in their tumor

CNV profile. The height (h) and the width (represented as number of probes n) of

the amplicon are set to be variable. We then apply the decomposition algorithm to

http://cbio.mskcc.org/netbox
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identify status of gain/loss at the center of the CNV profiles. False positive rates, true

positive rates, true negative rates, and false negative rates were calculated according

to nominal truth. The significance p-value is calculated based on the test of whether

the number of focal gains is significantly greater than the number of focal losses in

the tumors at a particular genomic locus.

3.4 Results

Using the decomposition method, we performed the analysis of focal copy number

identification for the ovarian cancer data from the TCGA data portal. We found focal

regions contain putative cancer driver genes, and have significant co-occurrences with

tumor suppressors and oncogenes. Also, we investigated the relationship between

gene expression alterations and their copy number variations in focal copy number

regions. Finally, we checked if focal copy number variations play a role in patients

survival. Detailed results are elaborated in the following.

3.4.1 Identification of focal regions containing putative cancer drivers

Figure 3.1(a) shows a flowchart of our analysis process. First, we obtained the distri-

butions of focal changes and broad changes across the human genome (Figure 3.2).

We evaluated the distributions for tumor and normal tissue samples separately on

each of the three microarray platforms.Then we identified the peak positions of the

fCNV distribution and calculated the confidence interval (CI) of the peak positions

using bootstrap samples (See in methods). We searched for focal regions that met

the following criteria:

1. Peak height≥ 8;
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2. The 95% CI of the peak position is less than 1 million base pairs;

3. Less than 4 gains or losses were found in the normal tissue samples within the

95% CI. This criterion filtered out regions that are polymorphic in the healthy

population;

4. The number of focal gains must be significantly different from the number of

losses in the same region.
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Figure 3.2 : Distribution of focal and broad CNVs in 587 ovarian cancer samples. (a)

fCNV ; (b) bCNV . The x-axis shows the chromosomes. Data regarding the Y-chromosome

were removed. The y-axis shows the numbers of samples with gains as positive numbers in

red and numbers of samples with losses as negative numbers in green.
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We identified 42 focal regions that met our criteria, which are composed of 26

focal gain regions and 16 focal loss regions.These regions collectively encode 1245

transcripts (809 gene symbols). Based on literature search, we found 47 oncogenes

in the focal gain regions and 15 TSGs in the focal loss regions, which we regarded as

putative driver genes.

We compared results with previous analysis of ovarian cancer [80] using GISTIC,

which found 50 focal regions with peak-width less than 1Mb. 25 of the 50 had overlaps

with the focal regions in our analysis. Additionally, we compared our results with a

report of GISTIC analysis of multiple cancer types [98], which found 75 focal regions

with peak-width less than 1 Mb, and 29 of them overlapped with our focal regions.

We noticed a number of features that had not been reported in the previously.

Our analyses unveiled recurrent focal gains in the midst of broad losses. For example,

6q loss is common in many cancers (Figure 3.2(b)). Surprisingly, we found a focal

gain region around 6q25.1. The focal gains in tumors were observed on all the three

microarray platforms (Figure 3.3(a)) but not in normal tissues (Figure 3.3(c, d)). The

region encodes an oncogene ESR1 known in many cancers including ovarian cancer

[99, 100, 101, 102]. The focal gain in the tumor samples was not identified using

GISTIC 2.0, presumably because the gain of ESR1 can only be identified after CNV

decomposition.
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Figure 3.3 : Focal gains and losses on chromosome 6. (a) Focal gains in tumor samples;

(b) focal losses in tumor samples; (c) focal gains in normal samples, CNP means the copy

number polymorphism in normal population; (d) focal losses in normal samples; (e) GISTIC

results.
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Similarly, LSAMP located at 3q26 is an example of focal losses in the midst of

broad gains (Figure 3.2(b) and 3.4). The focal losses in tumors were observed on

all the three microarray platforms (Figure 3.4(a)) but not in normal tissues (Fig-

ure 3.4(c), (d)). LSAMP was identified as a candidate tumor suppressor and focal

deletion LSAMP were reported in other cancers [103, 104, 105, 106, 107]. Expres-

sion of LSAMP was also shown to be associated with osteosarcoma progression [107].

GISTIC analysis of LSAMP region identified no significant deletions (Figure 3.4(e)).
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Figure 3.4 : Focal gains and losses on chromosome 3. (a) focal gains in tumor samples;

(b) focal losses in tumor samples; (c) focal gains in normal samples, CNP means the copy

number polymorphism in normal population; (d) focal losses in normal samples; (e) GISTIC

results; (f) PFS ∼ fCNV + bCNV , the black points represent the prognostic power of

fCNV s, while the red represent that of bCNV s; (g) Figure of KM-plot for EIF5A2. We

used two Cox model analyses. Model 1: model: PFS focal. Wald test p-value=4.23E-08.

Model 2: the samples were partitioned into two groups the upper quartile (RPKM > 1.53)

and the rest (RPKM < 1.53). P -value=0.006808, model: PFS ∼ Group.
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3.4.2 Relationship between gains/losses and oncogenes/TSGs

Although it is widely believed that oncogenes are associated with the gains and TSGs

associated with losses, the associations have not been evaluated quantitatively in

previous studies. We have tested this association using our results. Figure 3.5 showed

the numbers of focal regions that contained known cancer driver genes in the 42 focal

regions identified in our analysis. Most of the regions contained oncogenes as well as

TSGs. However, the oncogene-to-TSG ratio in the focal gain regions was different

from that in the focal loss region: The ratio is 22:14 in the focal gain regions and 2:11

in the focal loss regions. The ratios differ by 8.6-fold, which is statistically significant

(p-value=8.30103, Fishers exact test.)

Third, there were 9 regions of focal losses located at the ends of chromosomes

(4p, 4q, 8p, 9p, 9q, 11p, 11q, 16p and 19p, in Figure 3.5), which may be related to

telomere loss in serous ovarian cancer [108, 109, 110]. In four of the focal regions, no

known oncogenes or TSGs were found.

3.4.3 Network modularity analysis of genes encoded in the focal regions

To explore the underlying relationship among the 1245 genes encoded in the 42 focal

regions, we performed a network modularity analysis using NetBox[111]. 809 of 1245

transcripts can be mapped into the background network stored in NetBox. The

NetBox analysis found a sub-network of 14 modules consists of 130 genes and 188

edges (Figure 3.6). This sub-network has an overlap of 31 with the 62 putative

drivers. This level of overlap is statistically significant (p-value= 6.45 × 105, Fishers

exact test), which suggests that the driver genes are more connected than other genes.
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Figure 3.5 : Known cancer genes (Oncogenes and TSGs) in regions of recurrent focal

CNVs.
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Figure 3.6 : Network modules of cancer drivers in ovarian cancer. There are 130 nodes

and 188 edges in this network. Nodes with the label in red have their fCNV changes

responsive to gene expression. The ‘diamond/V’ node represents the gene is located within

42 focal regions. The ‘V’ node represents the current gene is a known-cancer driver based

on our curated literature search.
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3.4.4 Association between focal CNVs and genes expression

To further explore the functional role of focal CNVs, we assessed association between

focal CNVs and gene expression. We found that the focal changes have a greater

effect on putative drivers (Figure 3.7). Using gene expression data obtained on the

RNAseq platform, the mean fold change in the gene expression in response to focal

gain/loss is 0.54 for cancer driver genes and 0.39 for other genes, respectively. On

the Agilent 244K platform, the corresponding values were 0.48 and 0.36. And on the

Affymetrix U133A platform, the values were 0.40 and 0.29.
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Figure 3.7 : Effects of copy number change on RNA expression for cancer drivers and

non-cancer drivers. The vertical axis shows effect size of copy number change on RNA

expression as boxplots. In the focal gain regions, each data point used in the boxplots were

computed from the average log-fold change of mRNA expression of a gene between tumor

samples with focal gain and tumor samples without focal gain. In the focal loss regions, each

data point used in the boxplots were computed from the average log-fold change of mRNA

expression of a gene between tumor samples without focal loss and tumor samples with

focal loss. The boxplots were generated from data on three different platforms: RNAseq,

Agilent 244K and Affymetrix U133A, corresponding to the panels on the left, middle and

right, respectively. The differences in the effect sizes are significant (p-values =0.012, 0.0059,

0.020, for the left, middle and right panels, respectively).
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3.4.5 Association between focal CNVs and patient survival

We searched for genomic loci where CNVs were associated with patient survival.

We used Cox proportional hazard model with the disease progression free survival

(PFS) data of the patients. At each genomic site, we used fCNV and bCNV as

two covariates to evaluate their association with PFS. We obtained similar results are

similar on all of the three microarray platforms.The most significant loci for prognosis

are listed in Table 3.1. One of the most significant site was located at 3q26.2 (genome

coordinate: Ch3:171174 Mb). We found that mRNA expression of the genes encoded

in the region is also significantly associated with PFS (Figure 3.7). Interestingly,

EIF5A2, which is one of the genes in the region, was found to be prognostic in ovarian

cancer [112], colorectal carcinoma [113] and urothelial carcinoma [114]. Several other

genes also had expression values significantly associated with PFS (p-value¡0.001,

Wald test). These associations lend further support of the genomic with prognostic

value.

3.4.6 Test of fCNV detection algorithm with computer simulated data

To evaluate the performance of the algorithm that we developed for fCNV detection,

we applied the algorithm into the computer-generated data. The simulated data were

generated following a very simple scenario: The profile contains only one amplicon

at the center (See Method section for details). Detection of the amplicon depends on

the amplitude (height h) of the amplicon over the noise level (ε), and the width of

the amplicon (n, number of probes). The false positive rate approaches to 0 when

h/ε > 0.9 and n > 30.In addition, since one of the prerequisites of oncogenes is that

the number of focal gains ought to be significantly greater than the number of focal

losses, it follows that the frequency of patients with the amplicon cannot be too low
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Chr Region(Mb) p-value Representative genes

1 239.017239.540 2.7E-04 KMO

3 171.107174.249 1.0E-05 ECT2, EIF5A2, CLDN11, MYNN, LRRC31, EVI1

4 19.67720.283 8.2E-06

12 22.87323.388 6.5E-04 KIAA0528

18 24.63324.729 1.7E-04

X 32.23732.418 5.8E-06

Table 3.1 : Prognostic loci of ovarian cancer progression. The (Wald test) p values

were obtained from Cox proportional hazard model with fCNV and bCNV data on the

Affymetrix array platform as covariates.

for the positive/correct identification. We found that f should be greater than 0.02

such that we can have a p-value < 0.05 when 500 patients were tested.These results

suggested that we may not be able to identify the cancer driver genes if the frequency

is less than 2% of the patients in our study, or the focal CNVs are too short (e.g.,

with fewer than 30 probes covering the aberrant genomic region).

3.5 Conclusion

In this study, we developed a new approach to CNV analysis based on spectral de-

composition CNV profile that separates focal CNV from broad CNVs. Using this

approach, we performed an analysis of 587 serous ovarian cancer samples and found

significant focal regions that are likely to contain cancer drivers. These regions have

partial overlaps with regions that had been reported in previous analyses, but signifi-

cant differences were also noted. Our results yielded a list of interesting findings, such
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as focal gains around ESR1, focal loss around LSAMP, prognostic site at 3q26.2 and

sub-telomeric losses. 29 of the 42 focal regions from our analysis overlapped with the

focal regions reported by previous pan-cancer analysis using GISTIC, which suggests

that our results are in general agreements with previous analyses but also offered new

focal regions of interest, which demand further investigations.

We also formerly tested the association between gain/loss and oncogene/TSG. Our

results confirmed that the recurrent focal gains were significantly associated with the

known oncogenes and recurrent losses associated with TSGs and the CNVs had a

greater effect on the mRNA expression of the driver genes than that of the non-driver

genes. Our results also showed focal CNVs had greater effects on expression of cancer

driver genes than that of the non-driver genes. Our study demonstrated that spectral

decomposition of CNVs offers a powerful new way of understanding the role of CNVs

in cancer.
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Chapter 4

Recurrent focal copy number variations in the

peripheral blood of patients with Pan-cancers

In this chapter, methods in chapter 2 and 3 were used to perform the quality control

of the raw genomics data and carry out the spectral decomposition anlaysis on the

cleaned copy number data for pan-cancer studies. The major aim for this chapter is

to identify the copy number alterations and their corresponding cancer driver genes

(tumor suppressors, TSGs; and oncogenes, ONC) across different cancers.

4.1 Motivation

We found that lots of publications worked on the identification of focal copy number

alterations and their related cancer driver genes for a specific human cancer. Several

immediate questions we may ask are as follows:

• Are there any common focal copy number alterations across different cancers?

• Human cancer cells can be found in patient blood and solid tumor tissue. Can

we find any biomarkers (e.g., copy number alterations) that are specifically

related to the source of tumor cells?

• What are the biological importance of the identified copy number alterations?

With these questions in mind, we reported here a previously unknown type of

genomic aberration in the blood cells of patients with solid tumors. Through a high-

resolution genome-wide comparison analysis of DNA copy number variants (CNVs)
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in the blood, tumor and tumor-adjacent tissues of 8,870 patients with 28 types of

cancers, we identified genomic hotspots that harbor recurrent focal CNVs in the

blood. Detected in more than 13% of the patients, these CNVs represent unique

somatic DNA aberrations that were absent or under-presented in the corresponding

solid tumors or tumor-adjacent tissues. The occurrence of the blood-specific CNVs

was correlated with older patient age, shorter progression-free survival, and, based

on integrative pathway analyses, elevated immune activities within several types of

primary tumors. Therefore, novel tumor-extrinsic systemic elements may influence

the development and clinical progression of solid tumors by way of altering anti-tumor

immune responses.

4.2 Introduction

Recent large-scale studies of the cancer genome have greatly expanded our under-

standing of the molecular aberrations that underlie tumorigenesis [115, 116]. New

genes and biological processes previously not recognized as relevant to cancer have

been discovered through analyses of DNA mutations [98], somatic copy number

alterations [98, 77], and epigenetic changes [117]. Systematic analyses of multi-

platform data for common cancers have revealed extensive heterogeneity of can-

cer cell populations, complex relationships among various forms of genomic abnor-

mality, and clinical outcomes associated with cancer-intrinsic genomic alterations

[118, 119, 120, 121, 122, 123, 124]. However, cancer is a systemic disease that extends

beyond the tumor itself. Immune cells circulating in the peripheral blood conduct

essential surveillance against infections and immunogenic tumor cells. Malignant can-

cer cells interact with the local microenvironment to escape immune attacks, block

anti-growth signals, and recruit pro-growth and pro-metabolic signals. It has been
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shown that the blood of cancer patients is different from the blood of healthy in-

dividuals; it frequently contains soluble disease markers, minute amounts of cancer

DNA and circulating tumor cells, or altered proportions of leukocyte populations

[125, 126, 127, 128, 129, 130]. In particular, an increased frequency of micronuclei in

peripheral lymphocytes has been detected in patients with many types of cancers, im-

plying unusual genomic instability of blood cells in those patients [131, 132, 133, 134].

However, such phenomena have not been put into context or explained at the molec-

ular level. For this study, we took advantage of the large volumes of genomic data

that have been collected from distinct types of samples in The Cancer Genome At-

las (TCGA) project. We performed a genome-wide characterization of CNVs in the

blood, tumors, and histologically “normal” tumor-adjacent tissues from 8,870 patients

with 28 types of primary solid tumors. The schema of our analysis is shown in Figure

4.1. We first identified CNVs that are specifically enriched in blood relative to their

levels in primary solid tumors and histologically normal tissues, and then performed

analyses to test whether the CNVs enriched in the blood correlate with clinical infor-

mation and/or with pathway activity exhibited in the tumor gene expression profiles.

Demographic, clinical, and sample-type information for each patient in the analysis

is summarized (not shown here). We discovered that somatic CNVs enriched in the

blood are relatively common and correlate with patient age, clinical outcome, and

immune activities in the primary tumor.
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Figure 4.1 : Schematic summary of the analysis. The steps followed for identifying blood-

specific fCNVs are shown on the left, and functional analyses based on gene expression and

clinical outcome data are shown on the right. Tumor specimens were used both for gene

expression and copy number analyses. Blood and adjacent tissues were used only for copy

number analyses.
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4.3 Methods

4.3.1 Data and samples

The level-3 publicly accessible data used in this study were downloaded from TCGA

data portal (http://tcga.org). All genomic coordinates are based on the reference

human genome Hg18.The platforms included the Affymetrix SNP6 array and Agilent

1M array for copy number measurements and the Illumina HiSeq platform for gene

expression profiling in tumors.

4.3.2 Data processing

The distribution of the total number of CNVs per sample was unimodal and approx-

imately symmetrical on a logarithmic-scale. A small number of specimens contained

extremely high numbers of CNVs. The highest number of CNVs in a specimen was

> 440, 000. Excessive numbers of CNVs can be caused by high measurement noise.

Alternatively, they can be caused by chromothripsis [135]. To avoid a situation in

which the outliers have a dominant effect on the distribution of fCNVs, we removed

the outliers. A chromosome was deemed to be an outlier if any part of it contained

more than 10 CNV segments in a 10-Mb interval. For each chromosome, if one type

of specimen from a particular patient was considered an outlier, data for all types

of specimens from that patient on the chromosome were considered to be outliers

and were excluded. In that way, we ensured that all tumor samples had matching

non-tumor samples from the same patients. In addition, we took the following steps

to reduce the number of less reliable CNVs detected: CNVs covered by fewer than

five probes on the microarray were excluded, and consecutive CNVs were merged if

their mean logarithm base 2 copy numbers differed by less than 0.1. That pruning
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process reduced the median number of CNV segments per tumor sample from 449 to

258.The pruning process reduced the base level of the distribution of fCNVs, which

represented background noise. Gene expression data were normalized by the sample

medians and transformed to logarithmic scale using the equation:

Y = log2(1 + FKPM) (4.1)

where Y is the gene expression level an FKPM stands for fragments per kilobase of

exon per million fragments mapped.

4.3.3 Identification of sites of fCNV enrichment

To determine the distribution of fCNVs, we divided the human genome into bins of

100kb width. For each bin, we counted the number of patients with fCNVs that had

mid-points that fell within the bin and lengths of CNV segments between 10kb and

316kb. The upper cutoff of 316kb was chosen based on the distribution of log(L),

where L stands for the length of a CNV. In details, the CNVs were stratified by the

sample type (tumor, blood, normal tissue) and CNV type (gain, loss, neutral). The

distributions of log(L) appeared to have two modes: the peaks on the left represent

focal CNVs and the peaks on the right side represent broad CNVs. The grey line in

the figure marks the position of 316kb (log(L) = 5.5), which separates focal CNVs

from broad CNVs. Slight alterations of that choice did not significantly change the

main results of our study (details not shown).

Each type of specimens was counted separately, which contains the frequency of

fCNVs in the adjacent tissue, blood and cancer, respectively. We defined the sites

of enrichment of fCNVs as clusters of fCNVs in which the three types of specimen

differed significantly. A blood-specific fCNV site was identified as meeting all four
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of the following criteria: (1) fb > 2fc; (2) fb > 2fa; (3) fb is a local maximum within

a 500kb window; (4) Pba < 2.7e− 3 and Pbc < 2.7e− 3,

where fa, fb and fc stand for the frequency of fCNVs in 100kb genomic intervals

in the adjacent tissue, blood and cancer, respectively; Pbc represents significance of

difference between fc and fb. Pbc was calculated by two-tailed Fisher’s exact test,

using the following contingency table,

nc nb

Nc-nc Nb-nb

where Nc and Nb represent the total numbers of tumor and blood samples, respec-

tively. nc and nb represent the numbers of samples with fCNVs detected in the

same 100kb genomic interval in tumor and blood samples, respectively. Similarly,

Pbc, which represents significance of difference between fb and fa, was calculated

according to Fisher’s exact test, using the following contingency table,

nb na

Nb-nb Na-na

where Na represents the total number of adjacent tissue samples, and na represents

the number of adjacent tissue samples that had fCNV in the 100kb genomic interval.

Likewise, Pac was calculated using the following contingency table:

nc na

Nc-nc Na-na

The fCNVs enriched in the tumor and fCNVs enriched in adjacent tissues were

computed analogously.
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4.3.4 False discovery rate

In the identification of blood-specific and tumor-specific fCNVs, the false discovery

rate (FDR) was estimated based on randomly permutated data. The permutation was

performed on the labels of the three types of specimens (blood, tumor, and tumor-

adjacent tissue). The same data processing procedure was applied to the permutated

data to identify significantly enriched sites. When we ran 500 sets of simulations,

none of the genomic sites met the criteria to be considered significantly enriched. The

FDR for the 69 blood-specific fCNVs was < 2× 10−5. The FDR in the identification

of differential expression between COAD samples with and without blood-specific

fCNVs was based on the BUM method. FDR was found to be 10% in COAD samples

associated with blood-specific fCNVs at the TRPM2 locus. The FDR in the search

for blood-specific fCNVs associated with age was also based on random permutation.

The permutation was performed on the status of “with” and “without” blood-specific

fCNVs. The FDR was estimated to be 20%.

4.3.5 Survival analysis

PFS times were used for survival analysis. Due to the rarity of blood-specific fCNVs,

sample sizes were limited for testing the association with survival data. Therefore,

we aggregated the occurrences blood-specific fCNVs of the top 17 genomic sites as

listed in Table 4.1 and dichotomized the patients into two cohorts: patients with

blood-specific fCNVs and those without blood-specific fCNVs. For each type of

cancer, a median PFS time was calculated for the patients with blood-specific fCNVs

and another median PFS time was calculated for the patients without blood-specific

fCNVs. We used the Kaplan-Meier method to estimate the survival function and

predicted the median survival time (i.e., when the surviving fraction drops to 50%).
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The median survival time could not be calculated in that way for all cancers because

the algorithm required the censoring rate to be less than 50%. The resulting pairs

of median PFS data were then used in a Wilcoxon paired and signed-rank test. The

results were shown in Figure 4.4(c).

4.3.6 Pathway analysis

Pathway analysis was performed using Ingenuity Pathway Analysis (IPA) tools (Qi-

agen, Redwood City, CA). Each analysis was restricted to a particular cancer type.

The analysis of blood-specific fCNVs involved the following steps: (1) RNAseq gene

expression data were dichotomized according to the fCNV status of the blood samples

for studying the blood-specific fCNVs. (2) Differential gene expression was identified

in terms of the T-test p values and average log2.fold.changes; (3)The lists of p-values

and log2.fold.changes were used as input data for IPA core-analysis, which uses the

Causal Network analysis described by Kramer et al. [5] The thresholds of significance

used were p−value < 0.05 and log2.fold.change) > 0.5. (4) The results are expressed

in the form of treemaps showing the altered pathways associated with significantly

differentially expressed genes. The analysis also includes a prediction of the upstream

regulators that may underlie the differential expression. The numbers represent the

broad categories of pathways: (1) hematological system development and function,

(2) inflammatory response, (3) Immune cell trafficking, (4) cellular movement, and (5)

cell to cell signaling and interactions, respectively. “O” and “C” stand for categories

of “organismal injury and abnormality” and “cancer”, respectively. This upstream

regulator prediction method was also described by Kramer et al. [5].For analysis of

tumor-specific fCNVs, the status of fCNVs in tumor samples was used analogously.
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Figure 4.2 : Pathway analysis of differential expression associated with tumor-specific

fCNVs. (a) Frequency of fCNVs in different types of specimens around the PTEN locus.

The maroon bar at the bottom marks the region that encodes PTEN. (b) Treemap of

altered pathways associated with PTEN deletion in cancer. The categories of pathways

were labeled as those in Fig. 4c. (c) Network of upstream regulators (cytokines and their

targets) associated with PTEN deletion in COAD. (d) and (e) Same analyses as (b) and

(c), respectively, using data from HNSC samples. (f) Thumbnail images of treemaps from

analyses of additional tumor-specific fCNV sites in HNSC.
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Figure 4.3 : Identification of somatic fCNVs based on enrichment analysis of the fre-

quencies of fCNVs in different tissue types. (a) Distribution of fCNVs in blood, tumor

and adjacent tissue over the genome. The frequencies are shown up to 5%. The lines in red

(copy number gains) and green (copy number losses) mark the sites at which frequencies of

fCNVs are significantly higher in a particular type of specimen than in the other two types.

(b) Chromosome 18 data from panel a. (c) Copy number status of genes most frequently

altered in the subset of patients (n=546) who had matching cancer, cancer-adjacent tissue

and blood specimens. Each vertical bar represents a gene with 3 sub-bars representing,

from left to right, fCNVs in the blood, tumor and adjacent tissue. Each row represents

a patient. Colors of the sub-bars represent the copy number levels of fCNVs overlapping

with the gene: red for gain, green for loss, black for neutral and gray for absence of an

fCNV. The histogram at the top shows the frequencies of the fCNVs.
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4.4 RESULTS

4.4.1 CNVs in blood, tumors and tumor-adjacent normal tissues

To characterize the CNVs systematically, we first computed the genomic distributions

of the focal copy number variants (fCNVs) in three different types of specimens: his-

tologically normal tissue adjacent to tumor, peripheral blood and primary solid tumor

(Figure 4.3(a)). The fCNVs were defined as CNV segments that span less than 316kb.

This cutoff was chosen based on the bimodal distribution of CNV lengths.As expected,

tumor contained many more CNVs than blood and normal tissue. By comparing the

fCNV distributions, we identified 72 genomic sites with fCNVs predominantly en-

riched in tumors, 69 sites with fCNVs predominantly enriched in blood, and one site

with fCNVs enriched in normal tissue (Figure 4.3(a)). The fCNVs at these sites are

presumably somatic changes in the genome. At all other sites, the distributions of

fCNVs were similar among the three types of specimens, suggesting that fCNVs at

those sites are germline changes.

Among the 72 tumor-specific fCNV sites, the ones with gains of DNA copies

typically harbor oncogenes (such as EGFR and ERBB2); the ones with losses of

DNA copies harbor tumor suppressors (such as PTEN and RB1). The fCNVs at the

sites are similar to those that have been extensively characterized in previous studies

[98]. The only site specific to adjacent tissue is located in an intron of CTNNA2 on

chromosome 2; in that case, the corresponding fCNVs occurred in 1.4%, 0.1% and

0.6% of the tumor-adjacent tissue, blood and tumor specimens, respectively.Figure

4.3(b) shows a zoomed-in view of the distribution of the fCNVs on chromosome 18.

L3MBTL4, SMAD4 and ROCK1P1 are preferentially deleted in tumors. L3MBTL4

and SMAD4 are tumor suppressors [136, 137]. ROCK1P1, an expressed pseudogene
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Frequency (%)

chr:Start-End (Mb) adj.tissue blood tumor Genes

chr1:39.88-39.94 0.2 2.6 0.3 HPCAL4,NT5C1A

chr1:244.87-244.98 0.3 2.6 0.4 CNST, SCCPDH

chr2:7.48-7.60 0.3 2.5 0.3

chr3:151.96-152.08 0.1 2.5 0.2 SIAH2

chr3:197.90-198.14 0.2 2.2 0.3 PAK2, PIGX, SENP5

chr9:128.63-128.73 0.2 2.8 0.5 RALGPS1, ZBTB34, ZBTB43

chr10:102.03-102.10 0.1 2.2 0.1 BOLC1S2, PKD2L1, SCD

chr12:128.82-128.92 0.1 2.3 0.2 TMEM132D

chr15:75.04-75.15 0.5 2.4 0.3 PSTPIP1, TSPAN3

chr17:72.84-72.92 0.6 2.7 0.3 MR4316, SEPT9

chr18:45.32-45.40 0.3 3.3 0.3 LIPG

chr20:4.74-4.80 0.4 2.0 0.2 RASSF2, SLC23A2

chr21:39.80-39.94 0.4 2.3 0.3 SH3BGR

chr21:44.58-44.68 0.3 3.3 0.4 TRPM2

chr22:36.80-36.90 1.2 3.4 0.8 BAIAP2L2, PICK1, PLA2G6, SLC16A8

chr22:40.62-40.71 1.2 5.5 1.1 CENPM, MR33A, SEPT3, SREBF2, TNFRSF13C

chrX:19.34-19.46 0.3 3.1 0.5 MAP3K15

Table 4.1 : Top 17 sites of blood-specific fCNVs. Each row represents a site of blood-

specific fCNVs in the genome, characterized by chromosome number and starting and

ending positions (Hg18 coordinates). The frequencies represent the percentage of patients

having fCNVs at the site detected in tumor-adjacent tissues, blood and tumors, respec-

tively. The frequencies in blood samples are significantly higher than that in tumors and

tumor-adjacent tissues. Genes encoded in the sites are listed.
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located in the subtelomeric region, has not been extensively studied, and its func-

tion in cancer is unknown. ROCK1, an oncogene [138], is preferentially amplified

in tumors. LIPG is preferentially amplified in blood; its frequencies of fCNVs are

3.2% in the blood and < 0.3% in the tumor and adjacent tissue. The detection of

blood-specific fCNVs, like those at the LIPG locus, is novel. To exclude the possi-

bility of technical artifacts, we performed extensive tests to assess the reliability of

the fCNV data. First, we plotted the genomic endpoints of CNVs, i.e., the starting

and ending positions of CNV segments, against the length of CNVs and observed

vertical stripes formed around common germline CNV sites,indicating that the short

CNVs and long CNVs share the same boundaries and the precision of the endpoints

is independent of CNV length. In in the marked region of a common germline fCNV

site on chromosome 17,85% of the patients who had fCNVs at this site in the blood

also had fCNVs in the matching tumor samples.We also found that the CNV end-

points were consistently detected across different platforms.Similar patterns were seen

throughout the genome. Therefore, clusters of CNVs, both broad and focal types,

likely represent genuine hotspots of germline or somatic CNVs. Second, we used

probe-level data from Agilent arrays to validate the blood-specific fCNVs detected

on the Affymetrix arrays. In 80% of the cases, the findings of fCNVs present in blood

specimens but absent in tumor specimens were confirmed on the Agilent platform for

the same patients. Thus, the hotspots of fCNVs are unlikely technical artifacts and

the blood-specific fCNVs are real DNA aberrations in the blood samples. Further-

more, to show the interrelationships of the fCNVs in the three types of specimens

within the same patient, we examined fCNVs in a subset of 546 patients for whom

data from all three types of specimen were available in TCGA. Figure 4.3(c) shows

the fCNVs status of the genes that were most frequently altered in those samples.
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At sites corresponding to tumor-specific fCNVs, cancer genes such as PTEN were

altered preferentially in tumors and seldomly in the blood or tumor-adjacent nor-

mal tissues of the same patient. Conversely, at sites corresponding to blood-specific

fCNVs, genes were altered predominantly in the blood samples; for example, copy

number gains of LIPG were found in 38 blood specimens, 2 tumor specimens, and

none of the adjacent-tissue samples. These results demonstrate that the peripheral

blood of cancer patients contained somatic aberrations in the form of blood-specific

fCNVs.

4.4.2 Blood-specific fCNVs and association with clinical features

We then focused on the 17 genomic sites for which fCNVs were detected in the

blood of ≥ 2% of patients and significantly more frequently than in the tumors and

tumor-adjacent tissue (fold change > 2, p < 10−3, Fisher exact test) (Table 4.1). It

is not clear how CNVs in the blood affect the biology of the tumor, but some of the

genes encoded by the blood-specific fCNVs have been implicated in carcinogenesis or

immune functions. For example, TRPM2 has been implicated in inflammation and

cancer [32, 139]. LIPG is involved in vascular growth [140, 141] and inflammation

[142, 143, 144], and urinary LIPG is a biomarker for gastric cancer [145]. SEPT9 has

been implicated in multiple cancers, and methylated SETP9 is a plasma marker of

cancer [146, 147, 148]. MAP3K15 is a member of apoptosis signal-regulating kinase

family implicated in apoptotic cell death triggered by cellular stresses [149]. To

characterize blood-specific fCNVs further, we compared the frequencies of fCNVs in

the top 17 sites in the blood samples of patients with different cancers. As shown in

Figure 4.4(a), the frequencies of blood-specific fCNVs were highest in mesothelioma:

35% of mesothelioma patients had a blood-specific fCNV at one or more of the top
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17 blood-specific fCNVs sites. At the other end of the spectrum, only 2% of patients

with kidney (renal) clear cell carcinoma had any blood-specific fCNVs. Averaged

over all cancer types, 12.8% of the patients had at least one blood-specific fCNV at

one of the top 17 sites, and 5% of the patients had blood-specific fCNVs at two or

more of the 17 sites (Figure 4.4(b)). Of note, 1.6% of the patients were projected to

have blood-specific fCNVs at two or more sites under the assumption that fCNVs

occur independently at different sites. Thus, the frequency of co-occurring blood-

specific fCNVs was significantly greater than expected (p < 2× 10−16, Fisher’s exact

test), suggesting that there may be mechanisms that induce the fCNVs at multiple

genomic loci simultaneously.
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We next examined the magnitude of copy number of blood-specific fCNVs. The

magnitudes of CNV copy numbers were calibrated to hold integer values in genomic

regions where all cells had identical genotypes. Non-integer values of copy number,

other than due to measurement error, mark the presence of multiple clones. The

copy number distribution of the top 17 blood-specific fCNVs peaked at 1.50 and

2.53. Assuming that these peak values represent single copy losses and gains, we

estimate that approximately 50% of the blood cells contained blood-specific fCNVs.

The fraction of cells containing the blood-specific fCNVs could be smaller, however, if

the assumption of single copy number change could not hold. We next asked whether

the presence of blood-specific fCNVs was associated with clinical features. When each

of the 17 genomic sites was tested separately, 3 sites showed apparent associations with

the median age of the patients at the time of tissue collection, which mostly coincided

with cancer diagnosis. The three sites were: chr1 from 39.88 to 39.94 Mb; chr10 from

102.3 to 102.10 Mb, and chr22 from 40.62 to 40.71 Mb. The median ages of sample

collection of the patients with fCNVs at the three sites in their blood were 1 3 years

greater than those of the patients without the corresponding blood-specific fCNVs.

When tested collectively, the differences in the median age between patients with and

without blood-specific fCNVs, stratified by tumor type, were significantly positive

(p = 10−5, Wilcoxon signed-rank test). Additionally, we found that the top blood-

specific fCNVs were significantly associated with progression-free survival (PFS). We

aggregated the incidents of the top blood-specific fCNVs and stratified the patients by

the status of the fCNVs and cancer type. In each type of cancer, the median PFS of

patients with the blood-specific fCNVs was shorter or nearly equal to the median PFS

of patients without the blood-specific fCNVs (Figure 4.4(c)). The differences between

the pairs of the medians were statistically significant (p = 4.5×10−5, Wilcoxon signed-
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rank test). Fewer than 2% of the patients had received prior treatment for their

cancers, and they did not show higher frequency of the blood-specific fCNVs. We also

tested whether tumor grade, patient gender or race were correlated with the presence

of the top blood-specific fCNVs. In addition, we asked whether the occurrence of

blood-specific fCNVs was correlated with the TCGA center that produced the data.

No significant association was found for any of those covariates (data not shown).

Therefore, the observed blood-specific fCNVs cannot be simply attributed to prior

treatment or technical artifact, and their apparent associations with older patient age

and poorer clinical outcome suggest relevance to cancer.

4.4.3 Presence of blood-specific fCNVs correlates with increased immune

activity in primary tumors

We reasoned that, if blood-specific fCNVs play an important role in cancer, certain

molecular features of the primary tumors would be altered accordingly. To test that

hypothesis, we used pathway analyses to investigate how the blood-specific fCNVs

relate to gene expression in the primary tumors. As an example of that type of

analysis, we describe in detail the results that pertain to the site of blood-specific

fCNVs located in chr21q22.3 (44.6 44.7 Mb). TRPM2 (transient receptor poten-

tial cation channel subfamily M member 2) is the only gene encoded in the region

(Figure 4.5(1)). The blood specific fCNVs at this site were confirmed on the Agi-

lent platform. The fCNVs occurred predominantly in blood (3.3% in blood, 0.3%

in adjacent tissue, and 0.4% in tumor). It should be noted that this result does not

imply that the copy number of TRPM2 is unaltered in the tumors. As depicted

in Figure 4.5(b), tumors contained frequent broad gains and losses in the region,

but those CNVs were much longer than 316kb, hence not counted as fCNVs. In
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contrast, the CNVs in blood were shorter and appeared to target TRPM2 specifi-

cally. Comparing the gene expression profiles of primary colorectal adenocarcinoma

(COAD) from 18 patients with, and 210 without, blood-specific fCNV at TRPM2,

we found 691 genes differentially expressed between the two subsets (p < 0.05 for

fold-change> 1.4; false discovery rate (FDR) < 0.1; estimated by the beta uniform

mixture (BUM) method [150]). The two groups of patients were not significantly

different in their age or tumor stage. We used Ingenuity Pathway Analysis (IPA)

tools (Qiagen, Redwood City, CA) to perform ‘causal network analysis’ [5] of the

differentially expressed genes. The results of that analysis are presented as a treemap

in Figure 4.5(c), which shows the significantly altered pathways in the following five

categories: (1) ‘hematological system development and function’; (2) ‘inflammatory

response’; (3) ‘immune cell trafficking’; (4) ‘cellular movement’; and (5) ‘cell-to-cell

signaling and interactions’. No activation/suppression was inferred in the categories

of ‘cancer’ (labeled as C), ‘organismal injury and abnormality’ (labeled as O) or oth-

ers in the presence of blood-specific fCNV at TRPM2. These results indicate that

COAD tumors in patients with blood-specific fCNVs at the TRPM2 locus had higher

levels of immune activity than COAD tumors in the patients without those fCNVs.

We next used “Upstream Regulator Analysis” (URA) [5], which is also a component

of the IPA tools (see Experimental Procedures) to predict the states of upstream

regulators from the expression patterns of downstream targets. We identified a set of

up-regulated genes that are controlled by colony-stimulating factor 2 (CSF2), tumor

necrosis factor (TNF), transforming growth factor beta 1 (TGF-β1), and interferon

gamma (IFNG) (Figure 4.5(d)), the cytokines known to promote inflammation and/or

promote cancer growth [151, 152]. In addition, the COAD tumors of patients with

the blood-specific TRPM2 fCNVs showed augmented expression of genes restricted
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to myeloid-lineage leukocytes (FPR2, CYBB, CD163, CD33 and TLR1), suggesting

infiltration by innate immune cells (Figure 4.5(d)). These findings are consistent with

previous studies that showed that TRPM2 facilitates cytokine production, enhances

inflammatory immune responses in myeloid cells, and promotes proliferation and mi-

gration of cancer cells [153, 154, 139, 155, 156, 157]. We then analyzed the gene

expression profiles of head and neck squamous cell cancers (HNSCs) from 25 patients

with and 424 without blood-specific fCNVs at TRPM2. The same five broad cate-

gories of pathways identified in COAD were similarly activated (Figure 4.5(e)). URA

analysis further revealed the increased gene expression downstream of proinflamma-

tory cytokines, including TNF, interleukin-1 (IL-1A), and interleukin-1 (IL-1B), in

the tumors of patients with TRPM2 blood-specific fCNVs (Figure 4.5(f)). Hence,

blood-specific fCNVs at TRPM2 locus were associated with increased immune activ-

ity in both COAD and HNSC. We further extended the analysis to all of the top 17

blood-specific fCNVs in COAD, HNSC and lung adenocarcinomas (LUAD) tumors.

These three types of cancer were chosen because the frequencies and numbers of pa-

tients with blood-specific fCNVs were relatively higher. For other types of cancers,

the sample sizes were typically less than 10, thus unsuitable for the analysis. As with

TRPM2, we detected positive associations between most of the blood-specific fCNVs

and increased immune activities in COAD, HNSC and LUAD samples. The immune

activation was frequently correlated with augmented expression of genes regulated by

a set of cytokines. In short, these results suggest an association between DNA copy

number variations in the blood and regulation of immune activities in three types of

primary tumors.
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4.4.4 Tumor-specific fCNVs correlate with suppressed immune activities

in primary tumors

To understand the relationship between CNVs and cancer more fully, we analyzed

several prominent tumor-specific fCNV sites. Chr10: 89.47-89.87 Mb, which encodes

the well-known tumor suppressor PTEN [158], harbored fCNVs that occurred al-

most exclusively in the tumor (3.0% in tumors, 0.14% in adjacent tissues, and 0.00%

in the blood; Figure 4.2(a)). We identified genes differentially expressed between

COAD tumor samples with and without PTEN deletion and performed the causal

network analysis. Interestingly, the same five functional categories affected in tumors

of patients with blood-specific fCNVs at TRPM2 were also significantly changed, but

all were suppressed instead (Figure 4.2(b)). URA identified decreased expression of

genes under the influence of cytokines TNF, TGFB1, IFNG and interleukin-2 (IL2)

(Figure 4.2(c)). There was a similar pattern of immune suppression in primary HNSC

tumors with tumor-specific fCNVs of PTEN (Figure 4.2(d,e)). Thus, PTEN deletion

in tumors is strongly correlated with decreased immune activity in both COAD and

HNSC. Those observations agree with the recent reports that PTEN functions as a

tumor suppressor in part by promoting the host immune response [159, 160]. We

then extended the analysis to other tumor-specific fCNVs and observed similar pat-

terns of inhibited immune-related gene expression in association with tumor-specific

fCNVs of PARK2, GUBSP1 and DDAH1 in HNSC (Figure 4.2(f)). Taken together,

the contrasting observations suggest that tumor-specific fCNVs and blood-specific

fCNVs may be associated with distinct immune responses in the context of primary

solid tumors.
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Figure 4.4 : Characteristics of blood-specific fCNVs and association with clinical outcome.

(a) Frequency of occurrence of fCNVs corresponding to the top 17 genomic sites for blood-

specific fCNVs, stratified by cancer type. (b) Percentage of patients with at least one

(the first bar) or more (subsequent bars) fCNVs in the top blood-specific fCNV sites. (c)

Comparison of the median progression free survival (PFS) of patients with and without

blood-specific fCNVs. The line segments show the interquartile ranges wherever possible.
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4.5 DISCUSSION

This study represents a large-scale analysis of high-resolution TCGA copy number

profiles generated from tumor and non-tumor specimens of patients with diverse can-

cers. We discovered 69 genomic sites that are significantly enriched with somatic

fCNVs in the blood cells. About 13% of the TCGA patients with solid tumors had

at least one blood-specific fCNV. The fCNVs in blood stand for tumor-extrinsic

genomic aberrations that were previously unrecognized. Although tumors shed aber-

rant DNA into the bloodstream in various forms, including DNA fragments, submi-

croscopic episomes, double minutes, micronuclei, exosomes and whole cells [131, 161],

the low concentration of cell-free tumor DNA and the rarity of circulating tumor cells

in the blood render them hard to detect by SNP arrays [162]. More importantly,

the blood-specific fCNVs were absent or under-represented in tumors and tumor-

adjacent tissues, implying that they are unlikely related to the tumors and distinct

from cell-free tumor DNA or circulating tumor cells [163, 164, 165]. Instead, they

most probably originate from the bone marrow-derived leukocytes in the circulation

of the cancer patients. Somatic mutations are surprisingly prevalent in various tis-

sues and cells. Somatic mosaicism, a phenomenon that chromosomal abnormalities

lead to co-existence of different genotypes in a single individual, plays a significant

role in many human diseases, including cancer [166, 120, 167, 168]. The presence

of blood-specific fCNVs was modestly associated with increased patient age, largely

consistent with the character of somatic mosaicism. Elderly persons were found to

harbor broad (> 2Mb) but rare (< 2%) CNVs in their blood [169, 170, 171, 172].

About 10% of people over 70 years of age have detectable somatic point mutations in

blood samples [173, 174, 175]. The age-related DNA abnormalities in hematopoietic

cells denote clonal hematopoiesis [176], which confer increased risk of hematologi-
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cal cancer [173, 174, 177, 175]. Interestingly, blood-specific fCNVs characterized in

this study may also prompt hematopoiesis, as the “development and function of the

hematological system” was most significantly altered in primary COAD, HNSC, and

LUAD tumors in the presence of the blood-specific fCNVs. However, the genomic

loci of blood-specific fCNVs have no significant overlap with the reported somatic

mutations and broad CNVs associated with aging. Chromosomal abnormality can

be inferred from the formation of micronuclei. Large epidemiological studies have

demonstrated a positive association between increased risk of major cancers and the

higher frequency of micronuclei in blood [131, 132, 133, 134]. Of note, our analy-

sis did not include uniparental disomy (UPD), a type of chromosomal abnormality

with loss of heterozygosity without compromised copy numbers. UPD has been de-

tected in the blood of cancer patients [178]. Due to technical challenges, shorter

CNVs have been excluded in previous studies. Thus, a critical issue is whether our

identification of fCNVs is valid. We used a pruning procedure to remove outlier

samples with unusually high numbers of CNVs and CNVs with weak evidence of

breakpoints (Experimental Procedures). The evidence that supports the validity of

our results came from the consistent detection of germline CNVs between tumor and

non-tumor cells and across different platforms. We showed that the breakpoints of

CNVs could be accurately detected independent of the length of CNVs. This is

logical since the positioning of a breakpoint is determined solely by the probes in

the genomic vicinity. These results indicate that the identification of fCNV clusters

is reliable. We detected unexpectedly high incidence of co-occurring blood-specific

focal CNVs (Figure 4.4), a feature similar to large CNVs detected in the blood of

> 127, 000 individuals [172], which implies a complex underlying molecular mecha-

nism. Previously, mosaic loss of chromosome Y (LOY) in peripheral blood was also
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found associated with higher risk of nonhematological cancers and shorter survival

[179]. LOY was detected in 10% of blood cells from about 15% of elderly males, a

result of likely clonal expansion of myeloid origin [180]. Interestingly, we found that

male patients in TCGA database with LOY in their blood were more likely to har-

bor blood-specific fCNVs than the males without LOY (odds ratio 1.7, p=0.0036,

Fisher’s exact test).These findings summon future studies to delineate the type(s) of

blood cells that bare key genomic abnormalities and determine the underlying mech-

anisms. The fact that mosaic blood-specific fCNVs were detectible in a polyclonal

population of peripheral blood suggests the presence of a significant fraction of cells

with the same DNA aberration. We estimate that up to 50% of blood cells may con-

tain blood-specific fCNVs. Three possible, but not mutually exclusive, mechanisms

are likely in play. First, hematopoietic stem cells (HSC) or early progenitors acquire

mutations that result in the development of abnormal leukocyte populations in pe-

ripheral blood. One likely example is TRPM2, an ion channel abundantly expressed

on HSCs [181]. Stimulation of TRPM2 by free ADP-ribose can lead to the prolifera-

tion of HSCs [182]. It is thus plausible that copy number gain of TRPM2 in the form

of fCNVs may result in the accumulation of expanded blood cell subsets. Second,

aged immune system contains imbalanced blood cell populations [183]. Certain mu-

tations may convey relative growth advantage over time, which renders pre-existing

CNVs above the threshold of detection. Third, several primary solid tumors have

been shown to affect hematopoiesis in the bone marrow, thereby generating abnor-

mal immune cells that exit bone marrow into peripheral blood, subsequently infiltrate

the tumor, and facilitate dissemination and metastasis [184, 185, 186, 187]. Hence, it

is also possible that the blood-specific fCNVs are influenced by the growth of solid

tumors and represent tumor-extrinsic genomic alterations in the immune system that
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evolve along with cancer. Further research is needed, consequently, to validate the

causal link between the blood-specific fCNVs and solid tumors. The finding that

blood-specific fCNVs were associated with reduced survival of cancer patients might

be related at least partly to the increased immune response within the tumors. Ex-

cessive immune activity has been correlated with poorer patient outcome in various

types of cancers [188, 189]. Chronic inflammation is a major risk factor for metastasis,

angiogenesis and the recruitment of immune suppressor cells [190, 191, 63]. Multiple

types of immune cells of myeloid lineage have an extraordinary capacity to facili-

tate tumor progression [192, 193, 194]. Our pathway analysis of COAD, HNSC and

LUAD primary tumors revealed both elevated activity of pro-inflammatory cytokines

and increased trafficking of myeloid cells, remarkably in the presence of blood-specific

fCNVs. In each of the pathway analysis, we did not take into account of the con-

founding factors, such as age or tumor stage, which may also partially explain the

association with the immune activities. However, the fact that robust association

between the elevated immune activities and blood-specific fCNVs were identified in

multiple genomic loci in multiple types of cancers argued against the plausibility that

the association merely rose from the confounding factors. Due to limited sample

sizes, only three types of tumors were assessed. Whether increased immune activi-

ties holds true for other tumors in the presence of the blood-specific fCNVs remains

to be examined. Additionally, tumor samples in TCGA database are in general bi-

ased towards later stages with large masses, therefore additional analysis is needed to

characterize the effect of blood-specific fCNVs amid early cancer progression. Inter-

estingly, down-regulated immune activity within primary tumors was associated with

several prominent cancer-enriched fCNVs, highlighting the distinct effects of cancer-

intrinsic, as opposed to cancer-extrinsic, genomic instabilities on immune reactions
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at primary tumor sites. Two main types of immune responses differentially shape the

outcome of tumor: antitumor adaptive immune response that eliminates cancer cells

and innate inflammatory immune response that fosters metastasis and more (Palucka

and Coussens, 2016). Loss of PTEN in melanoma cells leads to the expression of

immunosuppressive cytokines and PD-L1, an immune checkpoint receptor [159]. In

a parallel fashion, MYC ongogene overexpression in cancer cells decreases the levels

of CD47 and PD-L1, which minimizes antitumor adaptive immune response [195].

Additionally, EZH2 and DDMT1 repress chemokine production to interfere with the

trafficking of effector T cells [196]. Altogether, these reports and our findings suggest

that cancer-intrinsic mutations initiate and maintain tumorigenesis in part through

promoting local evasion of immune destruction. On the other hand, cancer-extrinsic

fCNVs in blood seemingly enhance inflammation, as discussed above, which may

facilitate systemic dissemination of tumor cells. It therefore is worthy to evaluate the

perspective of patients harboring both types of CNVs in the future. Blood samples

are generally used as germline controls when assessing somatic mutations and copy

number changes in tumor cells. A recent study compared the CNVs in the blood of

cancer patients with those of healthy individuals and identified a set of genomic sites

over-represented in the cancer cohort [197]. Some of the sites, e.g., LIPG, DIP2C and

MSX2, overlapped with the blood-specific fCNVs we report here; however, those

CNVs were previously regarded as germline [197]. However, since we found that the

blood-specific fCNVs were not shared with those from the tumors or adjacent nor-

mal tissues, they thereby represent somatic aberrations uniquely acquired by cancer

patients. We compared the fCNV frequencies shown in Table 4.1 with a study [198]

of germline CNVs in 24,096 non-cancerous individuals. Germline alteration of LIPG

was only found 4 individual. The frequencies germline CNVs in non-cancerous indi-
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viduals were much lower (details not shown). Our findings here call for precaution

when blood DNA samples are used as germline reference in cancer genomic studies.

Cancer cells are well known to harbor multitude of somatic mutations. However,

tumor-intrinsic aberrations alone are insufficient to predict the clinical outcome of

cancer patients. The tumor-extrinsic factors that influence the evolution and clin-

ical progression of solid tumors are poorly understood. The blood-specific CNVs

that we have discovered likely represent such a critical systemic component. Further

studies are necessary to uncover the cellular and molecular mechanism behind the

phenomenon and to determine whether blood-specific CNVs are functionally permis-

sive for, or induced by, the cancer. Moreover, it is worthwhile to explore the utility

of blood-specific CNVs as prognostic biomarkers for solid tumors. Given the recent

success and also the limitations of cancer immunotherapies (Joyce and Fearon, 2015;

Sharma and Allison, 2015), investigation of the molecular determinants that affect

the crosstalk between tumors and the immune system will generate new insights and

foster the development of precision diagnostics and targeted therapies.
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Figure 4.5 : Pathway analysis of differential expression associated with blood-specific

fCNVs at chr21q22.3 locus. (a) Frequency of fCNVs in different types of specimens around

the TRPM2 gene. (b) Heatmap of copy number values in blood and cancer samples. Only

patients who had an fCNV at the TRPM2 locus in the blood were included. Each line

represents a patient. Copy number gains (> diploid) are shown in red and losses (< diploid)

in green, respectively. Color changes at each line mark the breakpoints of CNVs. In both (a)

and (b), the maroon bars at the bottom mark the region encoding TRPM2. (c) Treemap

of pathways of differential expression that associated with blood-specific fCNVs at the

TRPM2 locus in COAD samples. The treemap shows the significantly altered pathways

grouped by broad categories. Each tile in the treemap represents a disease/function entry in

the IPA database [5]. The size of each tile indicates the p-value (proportional to log(1/p));

the color indicates the Z-score. Blue, inactivation; orange, activation; grey, Z-score not

available. The broad categories are sorted by the sum of log(1/p) of their component

tiles. The larger tiles represent the more significant associations. (d) Network of upstream

regulators and their downstream targets predicted from URA. Colors of the nodes and lines

indicate the nature of differences in gene expression. (e) Same analysis as (c), using data

from HNSC samples. (f) Same analysis as (d), using data from HNSC samples.
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Chapter 5

A Practical Bayesian Design to Identify the

Maximum Tolerated Dose Contour for Drug

Combination Trials

To make more sense of biomarker-based design, in this chapter, we ignored the

biomarkers by proposing a practical Bayesian design to identify the maximum toler-

ated dose contour for patients with homogeneous biomarkers in phase I/II drug com-

bination trials. Later on in chapter 6 and 7, we took into account of the biomarker

makeup/profiles for the examined target population of cancer patients.

5.1 Motivation

Drug combination therapy has become the mainstream approach to cancer treatment.

One fundamental feature that makes combination trials different from single-agent

trials is the existence of the maximum tolerated dose (MTD) contour, i.e., multiple

MTDs. As a result, unlike single-agent phase I trials, which aim to find a single

MTD, it is often of interest to find the MTD contour for combination trials. We

propose a new dose-finding design, the waterfall design, to find the MTD contour for

drug combination trials. Taking the divide-and-conquer strategy, the waterfall design

divides the task of finding the MTD contour into a sequence of one-dimensional

dose-finding processes, known as subtrials. The subtrials are conducted sequentially

in a certain order, such that the results of each subtrial will be used to inform the

design of subsequent subtrials. Such information borrowing allows the waterfall design
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to explore the two-dimensional dose space efficiently using a limited sample size,

and decreases the chance of overdosing and underdosing patients. To accommodate

the consideration that doses on the MTD contour may have very different efficacy

or synergistic effects due to drug-drug interaction, we further extend our approach

to a phase I/II design with the goal of finding the MTD with the highest efficacy.

Simulation studies show that the waterfall design is safer and has higher probability

of identifying the true MTD contour than some existing designs. The R package

“BOIN” to implement the waterfall design is freely available from CRAN.

5.2 Introduction

Drug combination therapy has become the cornerstone of cancer treatment. A unique

feature that distinguishes drug combination dose-finding trials from conventional

single-agent trials is the existence of the MTD contour in the two-dimensional dose

space. In the single-agent trial, there is only one MTD under the assumption of

monotonicity (i.e., toxicity monotonically increases with the dose), whereas in the

combination trial, multiple MTDs (i.e., the MTD contour) may exist in the dose ma-

trix. Depending on the study objective, phase I drug-combination trials may aim to

find a single MTD or the MTD contour in a prespecified dose combination matrix.

Numerous dose-finding designs have been proposed for finding a single MTD of

drug combinations. Conaway, Dunbar, and Peddada [199] proposed a drug combi-

nation dose-finding method based on the order of the restricted inference. Yin and

Yuan [200, 201] proposed Bayesian dose-finding designs based on latent contingency

tables [200] and a copula-type model [201] for drug combination trials. Braun and

Wang [202] developed a dose-finding method based on a Bayesian hierarchical model.

Wages, Conaway and O’Quigley [203] extended the continuous reassessment method
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(CRM) [204] based on partial ordering of the dose combinations. Braun and Jia [205]

generalized the CRM to handle drug combination trials. Riviere et al. [206] proposed

a Bayesian dose-finding design based on the logistic model. Cai, Yuan and Ji [207]

and Riviere et al. [208] proposed Bayesian adaptive designs for drug combination

trials involving molecularly targeted agents, among others.

The aforementioned designs are devised for finding a single MTD in the drug

combination matrix. They are not suitable for finding the MTD contour due to

several reasons. First, most of these designs make the decision of dose assignment

and selection based on parametric dose-toxicity models, and in practice the assumed

models are more likely to be misspecified than correctly specified. When our goal is

to find a single MTD, model misspecification is not of a particular concern. This is

because as long as the assumed model provides a good local fit around a MTD, it

often leads to correct identification of that MTD, even though the global fit of the

model is poor and biased [207, 209]. However, when our goal is to find the MTD

contour, model misspecification can be disastrous and lead to misidentification of the

MTD contour. This is because in order to correctly identify the MTD contour, we

must precisely estimate the whole dose-toxicity surface, which typically is not possible

under misspecified models. In other words, finding the MTD contour is much more

susceptible to the influence of model misspecification than finding a single MTD.

Second, the dose finding algorithms used in the existing designs are typically myopic

in the sense that they assign the next new (cohort of) patient to the dose that has

the toxicity estimate closest to the target toxicity rate. As a result, these designs

tend to concentrate the patient allocation at a certain local region (e. g., one of the

MTDs) and thus loses the opportunity to learn about other regions of the dose space.

Without adequately learning about the whole dose space, it is generally not possible
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to accurately identify the whole MTD contour.

Several designs have been developed for finding the MTD contour. Thall et al.

[210] proposed a six-parameter model-based design to find three MTDs; however, that

design assumes that the doses are continuous and can be freely changed during the

trial, which is not common in practice. Wang and Ivanova [211] proposed a design

to find the MTD contour based on a parametric model, assuming that the logarithm

of the toxicity probability of a drug combination is a linear function of the doses

of the two drugs. As discussed previously, to find the MTD contour, these model-

based designs are susceptible to model misspecification. Yuan and Yin [212] proposed

a sequential method to find the MTD contour by converting two-dimensional dose

finding into a series of one-dimensional dose findings. Adrian et al. [213] recently

proposed a product of independent beta probabilities escalation (PIPE) design to find

the MTD contour based on Bayesian model averaging, without assuming a parametric

form on the dose-toxicity curve.

In this article, we propose a simple, practical dose-finding design to find the MTD

contour for drug combination trials. Our design adopts the sequential dose-finding

strategy proposed by Yuan and Yin [212] which divides the original trial into a series

of subtrials. Within each subtrial, the investigational doses are fully ordered. The key

feature of the new design is that the subtrials are conducted sequentially in a certain

order, such that the results of each subtrial will be used to inform the design (e.g., the

dose range and the starting dose) of subsequent subtrials. Such information borrowing

allows the proposed design to explore the two-dimensional dose space efficiently using

a limited sample size, and also decrease the chance of overdosing and underdosing

patients. We further extend our approach to phase I/II designs to accommodate the

consideration that even when doses on the MTD contour have similar toxicity, they
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may have very different efficacy or synergistic effects due to drug-drug interaction.

Simulation studies show that the proposed design is robust and outperforms existing

designs. The new design is implemented in R package “BOIN” and available from

CRAN.

The remainder of this article is organized as follows. In Section 5.3, we propose

the new design based on the divide-and-conquer strategy and extend it to phase I/II

trials. We briefly describe the software to implement the waterfall design in Section

5.4. In Section 5.5, we investigate the operating characteristics of the proposed design

based on simulation studies. In Section 5.6, we conclude with a brief discussion.

5.3 Methods

5.3.1 Divide and conquer

Finding the MTD contour is substantially more challenging than finding a single

MTD in the two-dimensional dose combination space. To find a single MTD, we

do not need to learn the whole dose space. Once the dose finding algorithm settles

down in a region that contains a MTD, we only need to learn that local region in

order to correctly find that MTD. In contrast, in order to find all MTDs (i.e., the

MTD contour) existing in the dose matrix, we must explore and learn the whole dose

matrix, otherwise there is always a risk of missing or misidentifying some MTDs. The

challenge is how to use a very limited sample size, a characteristic of phase I trials,

to learn the whole dose matrix and find the MTD contour.

A general strategy for handling a difficult task, such as finding the MTD contour,

is to divide it into several small tasks that are easy to complete. Taking that strategy,

Yuan and Yin [212] proposed to partition the dose matrix into a series of blocks (i.e.,
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groups of doses), within which the doses are fully ordered, and then find the MTD

within each block. In other words, the strategy is to divide the two-dimensional dose-

finding problem into a series of simpler one-dimensional dose-finding problems. Each

of these one-dimensional dose-finding problems is referred to as a “subtrial.” When

we have used that design in practice, the clinicians have raised several practical issues.

First, the design starts the trial at the second lowest dose, A2B1, rather than at the

lowest dose. In practice, clinicians strongly favor starting the trial at the lowest dose,

A1B1, for safety considerations. Second, to improve trial efficiency, the design of Yuan

and Yin [212] continuously shrinks the search space by removing some doses on the

basis of the MTD identified in the previous subtrial. However in practice, that rule

may be too stringent. Due to the small sample size, the MTD identified in a subtrial

may be incorrect. As a result, the true MTD may be incorrectly removed from the

subsequent subtrials. Third, Yuan and Yin [212] did not provide detailed guidance

on when and how to switch from one subtrial to the next one. This is a critical issue

when implementing the design and requires careful consideration.

To address these concerns, we introduce a new dose-finding design, the waterfall

design. The “waterfall” characterizes the process of sequentially finding the MTD

contour, moving from the top of the dose matrix to the bottom, as described later.

A new partition scheme is used to partition the dose matrix into blocks such that

the trial always starts with the lowest dose. In addition, the results from the prior

subtrial are used only to set the starting dose rather than to directly shrink the dose

space for the subsequent trial, which gives the design more flexibility to move around

and identify the MTD more precisely. We also propose a practical rule to determine

when to switch from one subtrial to the next.
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5.3.2 Waterfall design

Consider a trial combining J doses of drug A, A1 < · · · < AJ , with K doses of drug

B, B1 < · · · < BK , and let AjBk denote the combination of Aj with Bk. Given the

J ×K dose matrix, finding the MTD contour is equivalent to finding an MTD, if it

exists, in each row of the dose matrix. Without loss of generality, we assume that

J ≤ K such that the dose matrix is in a “landscape” orientation (i.e., more columns

than rows). If drug A has more dose levels than drug B (i.e., J > K), we recommend

rotating the dose matrix to make it in the “landscape” orientation. As shown below,

arranging the dose matrix in the “landscape” orientation leads to fewer subtrials,

which simplifies the practical implementation of the waterfall design.

As illustrated in Figure 5.1, the waterfall design partitions the J ×K dose matrix

into J subtrials (or blocks), within which the doses are fully ordered. These subtrials

are conducted sequentially from the top of the matrix to the bottom, which is why

we refer to the design as the waterfall design. The waterfall design can be described

as follows:

1. Divide the J×K dose matrix into J subtrials SJ , · · · , S1, according to the dose

level of drug A:

SJ = {A1B1, · · · , AJB1, AJB2, · · · , AJBK},

SJ−1 = {AJ−1B2, · · · , AJ−1BK},

SJ−2 = {AJ−2B2, · · · , AJ−2BK},

· · ·

S1 = {A1B2, · · · , A1BK}.

Note that subtrial SJ also includes lead-in doses A1B1, A2B1, · · · , AJB1 (the

first column of the dose matrix) to impose the practical consideration that the
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trial starts at the lowest dose. Within each subtrial, the doses are fully ordered

with monotonically increasing toxicity.

2. Conduct the subtrials sequentially using a one-dimensional (or single-agent)

dose-finding method as follows:

(i) Conduct subtrial SJ , starting from the lowest dose combination A1B1, to

find the MTD. We call the dose selected by the subtrial the “candidate

MTD” to highlight that the dose selected by the individual subtrial may

not be the “final” MTD that we will select at the end of the trial. The final

MTD selection will be based on the data collected from all the subtrials.

The objective of finding the candidate MTD is to determine which subtrial

will be conducted next and the corresponding starting dose.

(ii) Assuming that the current subtrial Sj, j = J, · · · , 2, selects dose Aj∗Bk∗

as the candidate MTD, next, conduct subtrial Sj∗−1 with the starting dose

Aj∗−1Bk∗+1. That is, the next subtrial to be conducted is the one with

the dose of drug A that is one level lower than the candidate MTD found

in the previous subtrial. After identifying the candidate MTD of subtrial

Sj∗−1, the same rule is used to determine the next subtrial and its starting

dose. See Figure 5.1 for an example.

(iii) Repeat step (ii) until subtrial S1 is completed.

3. Estimate the toxicity probability R(AjBk) based on the toxicity data collected

from all the subtrials using matrix isotonic regression [214]. For each row of the

dose matrix, select the MTD as the dose combination that has the estimate of

toxicity probability closest to the target toxicity rate φT , unless all combinations

in that row are overly toxic.
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As described previously, the major challenge of finding the MTD contour is the

conflict between the desire to use as few patients as possible to run phase I trials and

the fact that, in order to find the MTD contour, we must adequately explore and

learn the whole dose matrix, which requires a large sample size. The waterfall design

tackles this challenge by borrowing information across subtrials to efficiently explore

the two-dimensional dose space. Specifically, in step 2, the waterfall design utilizes the

results of the current subtrial to inform the design of subsequent subtrials, e.g., the

doses range and the starting dose. In step 2(ii), the reason that subtrial Sj∗−1 starts

with dose Aj∗−1Bk∗+1 rather than the lowest dose in that subtrial (i.e., Aj∗−1B2) is

that Aj∗−1Bk∗+1 is the lowest dose that is potentially located at the MTD contour,

and starting from that dose allows us to quickly reach the MTD for that subtrial.

Using Figure 5.1 as an example, the first subtrial S3 identified the dose A3B2 as the

MTD, and thus the second subtrial S2 starts from the dose A2B3. It is not desirable

to start from the lowest dose, A2B2, because by monotonicity we know that A2B2

is below the MTD. Starting at the lowest dose in this example will waste patient

resources and expose patients to low doses that may be subtherapeutic.

We note that the “waterfall” sequencing is not the only possible sequence to con-

struct the subtrials. We choose the “waterfall” sequencing because it has the following

desirable properties: (1) the waterfall sequencing starts the trial from the lowest dose

A1B1, which addresses the practical concern for the previous design by Yuan and Yin

[212] that the trial does not start from the lowest dose; (2) the waterfall sequencing

allows us to use the results of current subtrial to inform the design of subsequent

subtrials (e.g., the doses range and the starting dose) in a simple and efficient way.

Such information borrowing allows our design to explore the two-dimensional dose

space efficiently using a limited sample size, and also decrease the chance of under-
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dosing and overdosing patients. In addition, it is easy to show that the“waterfall”

sequencing renders the design the consistency property as follows:

Theorem 1. The waterfall design is consistent for identifying the MTD contour if

the method used for running the subtrial is consistent.

In what follows, we discuss a method to run the subtrial, which has such a consistency

property.

5.3.3 Conducting subtrials using the BOIN design

Although any reasonable single-agent dose-finding trial design can be used to conduct

the subtrials, here, we focus on the BOIN design [215] because of its implementation

simplicity and good performance. The BOIN design can be implemented in a simple

way that is similar to that of the traditional algorithm-based designs, such as “3+3”

design, but yields good operating characteristics that are comparable to those of the

CRM [215]. Coupled with BOIN, the resulting waterfall design is simple to implement

in practice. In addition, as the BOIN design is consistent [215], the resulting waterfall

design is also consistent.

Specifically, using the BOIN design, a subtrial with L doses can be described as

follows.

1. Patients in the first cohort are treated at the lowest dose level or at a prespecified

intermediate dose.

2. At the current dose level `, we assume that a total (or the cumulative number)

of n` patients have been treated, and m` of them have experienced toxicity. Let

p̂` = m`/n` denote the observed toxicity rate at dose level `. To assign a dose

to the next cohort of patients,
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• if p̂` ≤ λ1, we escalate the dose level to `+ 1;

• if p̂` ≥ λ2, we de-escalate the dose level to `− 1;

• otherwise, i.e., λ1 < p̂` < λ2, we retain the same dose level, `.

where λ1 and λ2 are prespecified dose escalation and de-escalation boundaries.

3. This process continues until the maximum sample size is reached or the trial is

terminated due to excessive toxicity, as described below.

Table 5.1 provides the values of λ1 and λ2 for common target toxicity rates. For

example, given the target DLT rate of 30%, the corresponding escalation threshold

λ1=0.236 and the de-escalation threshold λ2=0.358. For ease of use, these thresholds

can be converted to discrete decision boundaries as shown in Table 5.2. The theory

and derivation of λ1 and λ2 can be found in Liu and Yuan [215].

To protect patients from overly toxic doses, we impose the following dose elimi-

nation rule during trial conduct:

If pr(p` > φT |m`, n`) > 0.95 and n` ≥ 3, dose levels ` and higher are eliminated

from the trial, and the trial is terminated if the first dose level is eliminated,

where pr(p` > φT |m`, n`) > 0.95 can be evaluated on the basis of a beta-binomial

model, assuming that m` follows a binomial distribution (with size and probability

parameters n` and p`) and p` follows a vague beta prior, e.g., p` ∼ beta(1, 1). The

eliminated doses cannot be used to treat patients and are not selected as the MTDs.

For the waterfall design, one key issue is to determine when to end the current

subtrial and initiate the next one. We recommend the following stopping/starting

rule for the subtrials:
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At any time during the subtrial, if the total number of patients treated

at the current dose reaches a certain prespecified number of patients, say

nstop, we stop the subtrial, select the candidate MTD and initiate the next

subtrial.

The rationale for the stopping rule is that when the patient allocation concentrates at

a given dose, it indicates that the dose finding might have converged to the MTD, and

thus we can stop the trial and claim the MTD. This stopping rule allows the sample

size of the subtrials to be automatically adjusted according to the difficulty of the

dose finding. Another attractive feature of the above approach is that it automatically

ensures that a certain number of patients are treated at the MTD. Conventionally,

we achieve this by adding cohort expansion after identifying the MTD. In practice,

we recommend nstop > 9 to ensure reasonable operating characteristics.

An alternative stopping rule is based on the confidence interval (CI) of the estimate

of toxicity probabilities. For example, stop the subtrial when the CI of a dose contains

the target toxicity probability φT and its width is narrower than a certain value. Our

numerical study shows that after appropriate calibration, these two approaches have

virtually the same performance (results are not shown). This is somewhat expected

because the width of the CI is essentially determined by the sample size (i.e., nstop).

Thus, we recommend the stopping rule that is based on the number of patients treated

because it is more transparent, in particular to clinicians, and is easy to implement.

Although the above stopping rule provides an automatic, reasonable way to de-

termine the sample size for the trial, the resulting sample size is random. In practice,

it is often desirable to put a cap on the maximum sample size of the subtrials. This

can be done by adding an extra stopping rule as follows:

Stop the jth subtrial if its sample size reach a prespecified maximum sample size



88

Nmax
j .

As a rule of thumb, we recommend Nmax
j = 4×(the number of doses in the jth

subtrial), for j = 1, · · · , J . This means that given a J × K dose combinations,

the maximum total sample size for the trial is 4 × J × K. For example, for a 3×5

combination, as shown in Figure 5.1, the first subtrial contains 7 doses, and the

second and third subtrials contain 4 doses each. The recommended sample sizes are

28, 16 and 16 for three subtrials, respectively, resulting a total sample size of 60

patients. This may seems large, however given that there are a total of 15 doses, 60

patients actually is not a very large sample size. To see this, considering a single-

agent trial with 15 doses, the maximum sample size under the 3+3 design is 90

patients. In practice, the recommended sample sizes nstop and Nmax
j should be further

calibrated using simulation until attaining desirable operating characteristics, which

can be readily done using R package “BOIN” described later.

5.3.4 Extension to phase I/II trial

Doses on the MTD contour have similar toxicity, but may have rather different efficacy

or synergistic treatment effects due to drug-drug interaction. Thus, it is of great

practical interest to identify which MTD has the highest efficacy or synergistic effect.

The waterfall design can be easily extended to achieve this goal using the (seamless)

phase I/II trial design framework [216].

Our phase I/II waterfall design consists of a phase I part and a phase II part, which

are seamlessly connected. Both toxicity and efficacy data are collected throughout

the trial. The phase I part uses the waterfall design as described previously to find

the MTD contour on the basis of only toxicity. Once the MTD contour is identified,

these MTDs are seamlessly moved to phase II to evaluate efficacy. Suppose that R
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MTDs are identified in phase I and moved to phase II for evaluating efficacy. We

equally randomize patients into the R MTDs. Let πr denote the response rate of the

rth MTD, r = 1, · · · , R, and y denote the binary response indicator. We model πr

using a beta-binomial model

y|πr ∼ binomial(πr)

πr ∼ beta(0.05, 0.05).

Assume that at an interim decision time, nr patients have been treated at the rth

MTD, and sr patients experienced efficacy. Note that nr patients include those

treated in phase I. Given interim data D = (nr, sr), the posterior distribution of

πk is pr(πk|D) = beta(0.05 + sk, 0.05 + nk − sk).

During phase II, we monitor efficacy and remove futile doses based on the following

rule: drop the rth MTD if pr(πr < π|D) > c, where π is the lower bound on efficacy

and c is a probability cutoff (e.g., c = 0.9). Such monitoring can be done in a group

sequential way (e.g., after 1/3 and 2/3 patients are enrolled) when efficacy takes a

relatively long time to be scored, e.g., using RECIST criteria. Patient accrual may be

paused during the interim analysis. Alternatively, we can model efficacy as a time-

to-event outcome [217] or unobserved efficacy outcomes as missing data [218, 219] to

allow continuous monitoring of efficacy. Meanwhile, we also monitor toxicity based on

the BOIN dose escalation/de-escalation rule. An important feature of the proposed

phase I/II design is that during phase II, in light of the accumulating data, we still

allow for dose escalation and de-escalation based on the rule of the BOIN design. Dose

escalation and de-escalation will be restricted to the subtrial in which that dose is

originally assigned. For example, suppose that A2B3 was selected as a candidate MTD

after phase I and moved forward to phase II to evaluate efficacy. Assume that the
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new toxicity data collected from phase II suggest that A2B3 is actually overly toxic.

In this case, we de-escalate the dose to A2B2 and evaluate that new dose’s efficacy

and toxicity. Such flexibility is important because it allows us to continuously refine

our estimate of the MTDs. In addition, because it uses all cumulated data from both

phases I and II, it provides more accurate evaluation of the toxicity and efficacy of

the doses. These features make our phase I/II design different from the approach of

simply attaching phase II to phase I. After the prespecified maximum sample size is

reached, we stop the trial and select the dose with the highest posterior estimate of

efficacy as the recommended dose. Yuan and Yin [220] proposed a different, model-

based phase I/II drug-combination designs, where the phase I part finds all safe doses,

rather than the MTD contour, for evaluating efficacy in the phase II part.

5.4 Software

The waterfall design can be easily implemented using the R package “BOIN”, which

is freely available from CRAN. A statistical tutorial and protocol template for using

this package to design drug combination trials can be found in http://odin.mdacc.

tmc.edu/~yyuan/index_code.html. Here, we provide a brief overview of the related

functions.

• get.boundary(· · · ); This function is used to generate escalation and de-escalation

boundaries for conducting subtrials.

• next.subtrial(· · · ); This function is used to obtain the starting dose for the

next subtrial when the current subtrial is completed.

• select.mtd.comb(· · · ); This function (with argument mtd.contour = TRUE)

is used to select the MTD contour at the end of the trial based on isotonically

http://odin.mdacc.tmc.edu/~yyuan/index_code.html
http://odin.mdacc.tmc.edu/~yyuan/index_code.html
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transformed estimates.

• get.oc.comb(· · · ); This function (with argument mtd.contour = TRUE) is used

to generate the operating characteristics of the waterfall design for drug com-

bination trials.

• get.oc.comb.phase12(· · · ); This function is used to generate the operating

characteristics of the phase I/II waterfall design for drug combination trials.

One important practical advantage of the proposed waterfall design is that it is simple

and fast to implement. Simulating 1,000 trials using our R package took only about

1.5 minutes.

5.5 Simulation Studies

5.5.1 Waterfall design

We investigated the operating characteristics of the proposed waterfall design using

simulation studies. The target toxicity probability φT = 0.3. Patients were treated

in cohort sizes of 3. To end the current subtrial and initiate the next one, we set

nstop = 12 and Nmax
j = 4×(the number of doses in the jth subtrial). We simulated

1000 trials under each of 14 scenarios (see Table 5.3). We compared the waterfall

design with the PIPE design [213] and matched the sample sizes for the two designs

under each simulation scenario. The PIPE design was implemented using the software

provided by Adrian et al. [213]. We noted problems with the way the PIPE software

reports the selection percentage. Specifically, let ujk denote the number of times

that AjBk is selected as the MTD across 1000 simulated trials. The PIPE software
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calculates the selection percentage for AjBk as

qjk =
ujk∑J

j=1

∑K
k=1 ujk

. (5.1)

The issue is that qjk indicates that among the selected doses, how likely it is that

AjBk. It does not reflect what we really care about in practice, which is, across 1000

trials, how likely it is that we select AjBk as the MTD, i.e.,

Pr(selecting AjBk as MTD) =
ujk

1000
. (5.2)

Actually, using qjk to measure the design performance can be misleading. We use

scenario 1 to illustrate this and assume that there are two designs. The first design

has perfect performance. In each of the 1000 simulated trials, it always correctly

selects A1B3 and A2B2 as the MTDs. For the second design, in 500 simulated trials,

it correctly selects A1B3 and A2B2 as the MTDs, but in the remaining 500 simulated

trials, it incorrectly claims that there was no MTD and does not select any dose as

the MTD. If we use qjk as the measure of MTD selection, we will conclude that these

two designs have the same performance, with selection percentages of 100% for each

of A1B3 and A2B2. Therefore, in our simulation study, we use (5.2) as the definition

of the MTD selection percentage for drug combinations.

Table 5.4 shows the selection percentage for each dose combination based on 1000

simulated trials. The waterfall design outperformed the PIPE design. For example,

in scenario 1, the MTD contour is A1B3 and A2B2. The selection percentage was

above 59% for each of the two target doses under the waterfall design, whereas it was

below 45% under the PIPE design. Note that the sum of the selection percentages

across all dose combinations can be larger than 100% because the designs may select

more than one combination as the MTD in a simulated trial. In scenarios 2 and

3, the MTD contours are at different locations (i.e., A1B2 and A2B1 in scenario 2,



93

and A1B3 and A2B1 in scenario 3 ). The selection percentages for these doses under

the waterfall design were above 53% for each of the target doses, however they were

below 43% under the PIPE design. Scenario 4 considers the case in which there is

only one MTD (i.e., incomplete MTD contour). The selection percentage of the MTD

(i.e., A1B1) under the waterfall design was 12% more than that under the PIPE (i.e.,

56.5% versus 44.5%). Scenarios 5 to 8 consider the 4×4 combinations, and Scenarios

9 to 14 consider the 3×5 combinations. The waterfall design again outperformed the

PIPE design. For example, in scenario 7, the selection percentages of the two MTDs

(A1B2 and A2B1) were 56.3% and 67.2%, respectively, under the waterfall design,

while those under the PIPE design were respectively 31.3% and 30.4%.

Table 5.5 shows the percentage of correct selection (PCS) of the MTD contour.

That is, the percentage of times the design correctly selected all MTDs simultaneously

in 1000 simulated trials. For example, in scenario 1, the PCS is the percentage of

times that the design selected A1B3 and A2B2 simultaneously. In terms of selecting

the MTD contour, the advantage of the waterfall design is more obvious. The PCS

of the MTD contour was usually higher than 30% (12 out of 14 scenarios) under

the waterfall design; whereas it was usually less than 16% (11 out of 14 scenarios)

under the PIPE design. Across 14 scenarios, the average PCS under the waterfall

design was 35.2%, which was 2 times greater than that of the PIPE design (i.e.,

14.8%). Note that by the play of randomness, simultaneously identifying all MTDs

in the dose matrix is a much more challenging task than identifying a single MTD,

especially given the small sample size of phase I trials. For example, suppose that

there are 3 MTDs, and for each of them the PCS is 70%. If the selection of each

of the MTDs is independent, the probability of simultaneously selecting 3 MTDs is

merely 0.73 = 34.3%. Therefore, the PCS for the MTD contour is substantially lower
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than the PCS for each individual MTD.

Table 5.5 also reports the percentage of patients treated at doses above the MTD

contour under the two designs, as a measure of design safety, and the percentage of

patients treated at the MTD contour. We can see that, in general, the waterfall design

was safer than the PIPE design because it assigned a lower percentage of patients

to doses above the MTD contour. In addition, the waterfall design assigned higher

percentages of patients to the MTDs than the PIPE. The sample sizes of two designs

were matched and provided in Table 5.5. The patient allocation to each of the dose

combinations can be found in Table S1 in the Appendix.

5.5.2 Phase I/II waterfall design

We also briefly evaluated the performance of the proposed phase I/II waterfall design

via simulation studies. The toxicity upper limit φT was 0.30, and the efficacy lower

limit π was 0.2. The maximum sample size was 36 for phase I and 72 for the whole

trial. The cohort size was 3. We considered 8 toxicity-efficacy scenarios (see Table

5.6). The target (or optimal) dose is defined as the most efficacious dose combination

in the MTD contour. We simulated 1000 trials under each scenario.

As shown in Table 5.6, scenarios 1-4 share the same MTD contour (i.e., A1B3

and A2B2), but have different optimal doses. Specifically, in scenario 1, A1B3 is the

optimal dose. The PCS of A1B3 was 50.6%, and the design allocated the largest

number of patients (i.e., 22.2) to that dose. In scenario 2, the optimal dose is A2B2,

and the PCS of that dose was 42.0%. Scenario 3 has two optimal doses (i.e., A1B3

and A2B2) due to the toxicity and efficacy equivalence contours. Both optimal doses

had high PCS and more patients were assigned to those two doses than to the others.

In scenario 4, all doses have efficacy that is below the lower limit of efficacy, thus there
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is no optimal target dose. In this case, our design stopped the trial early 92.5% of

the time. Scenarios 5-7 show more cases with different toxicity and efficacy profiles.

The results are similar; that is, the proposed design yielded high PCS and allocated a

large percentage of patients to the target doses. In scenario 8, there is no optimal dose

because the safe dose (i.e., A1B1) is not efficacious and the other doses are efficacious

but not safe. In that scenario, our proposed design stopped the trial 88.9% of the

time.

We note that in scenarios 6 and 7, the proposed design had 42.6% and 47.7% of

chance of not choosing any dose as the optimal dose. This seems high, but actually

is a reasonable behavior when we examine the PCS of the optimal dose in phases I

and II. Specifically, in scenarios 6 and 7, at the end of phase I, the PCS of moving

the optimal dose (i.e., A2B1) to phase II was 59.8% and 57.8%, respectively; and in

phase II, the PCS of the optimal dose was 86.8% and 78.9%, respectively. These PCS

are pretty reasonable for phase I and II trials, leading to the overall phase I/II PCS

of 59.8% × 86.8% = 51.9% and 57.8% × 78.9% = 45.6%, respectively, for scenarios

6 and 7. In the case that we missed the optimal dose, the most appropriate action

is not to select any dose, which results in high percentages of no selection in these

scenarios.

5.6 Discussion

We have proposed a new design, the waterfall design, to find the MTD contour for

drug combination trials. Taking the divide and conquer strategy, the waterfall design

divides the problem of finding the MTD contour into a series of subtrials that are

easy to implement. The subtrials are conducted sequentially in a certain order, such

that the results of each subtrial will be used to inform the design of subsequent
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subtrials. Such information borrowing allows the waterfall design to explore the

two-dimensional dose space efficiently using a limited sample size, and decreases the

chance of overdosing and underdosing patients. As the doses in the MTD contour

may have different efficacy due to drug-drug interaction, we extended the waterfall

design to phase I/II combination trials, aiming to find the MTD that has the highest

efficacy.

One important advantage of the waterfall design is that it is very easy to im-

plement and meanwhile yields excellent operating characteristics. The dose escala-

tion/deescalation rule of the waterfall design is laid out before the onset of the trial.

During the trial conduct, there is no complicated model fitting and statistical com-

puting. The trial can be carried out in a simple fashion similar to the 3+3 design.

More importantly, such simplicity does not come at the cost of the design perfor-

mance. Simulation studies show that the waterfall design substantially outperforms

some existing, more complicated dose-finding designs. The freely available R package

“BOIN” and detailed documentations coming with the package further facilitate the

use of the design in practice.

We should note that in general, finding the MTD contour is much more difficult

than finding a single MTD. In order to find all MTDs (i.e., the MTD contour), we

must explore the whole J×K dose matrix; otherwise, we risk missing some MTDs. In

contrast, to find a single MTD, experimenting at a local region that contains a MTD

is often adequate. As a result, finding the MTD contour requires a larger sample

size than combination trials that aim to find a single MTD. In the waterfall design,

the results of current subtrial are used to inform the starting dose and dose range of

subsequent subtrials to allow the design to quickly reach the MTDs and thus decrease

the required samples size. Even though, the required sample size for finding the MTD
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contour is still larger than typical single-agent phase I trials. As a rule of thumb, in

order to obtain robust performance, we recommend a sample size of 4 × J × K or

more for a J ×K combination trial, as described previously.

One limitation of the waterfall design is that it assumes that toxicity is binary

and can be assessed quickly. Extending the waterfall design to handle late-onset

toxicity is of great practical interest. One possible approach is to use Bayesian data

augmentation [218, 219] or the expectation-maximization algorithm [221] to predict

the unobserved late-onset toxicity data, so that adaptive decisions can be made in

real time without observing all toxicity outcomes.
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Figure 5.1 : Illustration of the waterfall design for a 3 × 5 combination trial. The doses

in the rectangle form a subtrial, and the asterisk denotes the candidate MTD. As shown

in panel (a), the trial started by conducting the first subtrial with the starting dose A1B1.

After the first subtrial identified A3B2 as the candidate MTD, we conducted the second

subtrial with the starting dose A2B3 (see panel (b)). After the second subtrial identified

A2B4 as the candidate MTD, we conducted the third subtrial with the starting dose A1B5

(see panel (c)). After all the subtrials were completed, we selected the MTD contour based

on the data from all the subtrials, as shown in panel (d).



99

Table 5.1 : Escalation and de-escalation boundaries λ1 and λ2 for the BOIN design under

different target toxicity rates

Target toxicity rate φT

Boundaries 0.15 0.2 0.25 0.3 0.35 0.4

λ1 0.118 0.157 0.197 0.236 0.276 0.316

λ2 0.179 0.238 0.298 0.358 0.419 0.479

Table 5.2 : Discrete escalation and de-escalation boundaries for target toxicity rate φT =

0.3 with cohort size of 3.

Number of patients treated at the current dose

Action 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Escalate dose if

the number of DLTs≤ 0 0 0 0 1 1 1 1 2 2 2 2 3 3 3 3

De-escalate dose if

the number of DLTs ≥ 1 1 2 2 2 3 3 3 4 4 4 5 5 6 6 6
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Table 5.3 : True toxicity probabilities for fourteen scenarios. The MTD contours are in

boldface.

Drug Drug B

A 1 2 3 4 5 1 2 3 4 5

Scenario 1 Scenario 2

2 0.10 0.30 0.50 0.30 0.48 0.60

1 0.03 0.10 0.28 0.12 0.30 0.48

Scenario 3 Scenario 4

2 0.32 0.45 0.60 0.42 0.49 0.55

1 0.10 0.15 0.30 0.30 0.40 0.50

Scenario 5 Scenario 6

4 0.53 0.58 0.63 0.70 0.31 0.59 0.64 0.69

3 0.30 0.42 0.54 0.62 0.12 0.30 0.56 0.63

2 0.12 0.28 0.49 0.57 0.06 0.11 0.27 0.61

1 0.06 0.12 0.30 0.52 0.01 0.07 0.08 0.30

Scenario 7 Scenario 8

4 0.55 0.63 0.69 0.73 0.56 0.62 0.68 0.75

3 0.50 0.53 0.57 0.64 0.48 0.52 0.58 0.65

2 0.30 0.42 0.54 0.66 0.30 0.45 0.55 0.60

1 0.05 0.28 0.48 0.61 0.01 0.05 0.15 0.30

Scenario 9 Scenario 10

3 0.07 0.10 0.30 0.48 0.54 0.10 0.30 0.51 0.57 0.63

2 0.03 0.05 0.13 0.30 0.50 0.06 0.14 0.27 0.52 0.61

1 0.01 0.04 0.11 0.15 0.30 0.01 0.03 0.05 0.12 0.31

Scenario 11 Scenario 12

3 0.28 0.49 0.61 0.68 0.73 0.49 0.51 0.57 0.64 0.77

2 0.06 0.10 0.31 0.51 0.57 0.30 0.41 0.52 0.61 0.73

1 0.01 0.05 0.07 0.11 0.30 0.01 0.03 0.30 0.45 0.52

Scenario 13 Scenario 14

3 0.52 0.55 0.66 0.71 0.75 0.51 0.57 0.65 0.73 0.79

2 0.30 0.42 0.54 0.60 0.65 0.30 0.45 0.52 0.66 0.70

1 0.01 0.03 0.15 0.30 0.45 0.09 0.28 0.48 0.60 0.65
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Table 5.4 : Selection percentage of each dose combination under the PIPE and waterfall

designs. The selection percentages of the true MTDs are shown in boldface.

Drug B

Sc. Drug Waterfall PIPE

A 1 2 3 4 5 1 2 3 4 5

1 2 21.1 59.8 18.5 56.9 35.2 1.3

1 0.3 15.5 84.2 0.1 34.5 44.1

2 2 58.5 18.7 1.0 41.1 3.0 0.0

1 18.2 55.9 25.5 30.5 42.6 5.1

3 2 53.6 19.7 2.8 37.9 6.3 0.4

1 6.5 28.8 64.5 9.2 49.3 33.0

4 2 23.4 5.9 0.3 10.7 0.5 0.0

1 56.5 24.4 6.9 44.5 13.5 1.2

5 4 9.6 1.6 0.0 0.0 9.6 0.8 0.0 0.0

3 60.1 15.5 1.2 0.0 37.2 18.1 1.5 0.0

2 20.6 54.1 23.1 1.3 15.2 39.0 9.8 1.3

1 9.7 15.8 54.3 20.2 0.1 13.8 42.0 8.8

6 4 66.4 7.7 0.0 0.0 42.6 2.2 0.0 0.0

3 20.3 65.2 13.0 0.2 24.6 45.1 2.3 0.0

2 9.6 13.1 66.4 10.8 0.2 21.7 52.4 1.9

1 8.8 0.8 15.6 74.8 0.0 0.0 22.2 46.6

7 4 1.1 0.0 0.0 0.0 5.7 0.4 0.0 0.0

3 13.6 0.5 0.2 0.0 15.7 4.4 0.4 0.0

2 67.2 15.7 1.5 0.0 30.4 19.6 2.8 0.5

1 14.3 56.3 26.7 2.7 12.1 31.3 20.7 4.4

8 4 1.3 0.1 0.0 0.0 7.2 1.0 0.0 0.0

3 17.4 0.8 0.1 0.0 19.2 6.1 1.7 0.0

2 69.1 15.2 1.6 0.2 26.4 21.0 9.5 2.7

1 8.3 2.4 32.9 56.4 0.1 4.8 36.8 47.1

9 3 1.6 21.7 61.4 15.1 0.0 3.2 51.3 40.3 4.2 0.1

2 0.0 0.3 17.5 67.1 15.1 0.0 0.0 27.1 45.6 3.7

1 0.0 0.0 0.8 19.8 79.4 0.0 0.0 0.2 23.7 45.0

10 3 20.0 65.9 12.8 0.1 0.0 47.1 44.0 5.4 0.4 0.0

2 1.1 13.6 67.3 17.3 0.7 0.1 20.7 49.4 8.1 0.2

1 0.1 0.1 0.6 22.1 77.1 0.0 0.0 2.1 47.1 42.1

11 3 69.6 17.5 0.8 0.0 0.0 48.9 10.0 0.9 0.0 0.0

2 1.5 20.3 62.3 14.7 1.2 1.3 43.4 42.7 6.3 0.7

1 0.2 0.0 1.1 22.1 76.6 0.0 0.0 2.5 44.6 46.5

12 3 14.7 2.1 0.2 0.0 0.0 15.7 5.3 0.4 0.0 0.0

2 64.8 20.1 2.1 0.2 0.0 29.4 19.3 6.9 1.7 0.2

1 4.7 14.5 54.7 21.8 4.3 0.0 29.7 34.9 17.3 6.5

13 3 12.0 0.7 0.0 0.0 0.0 13.3 3.3 0.6 0.0 0.0

2 69.5 15.1 1.8 0.1 0.0 31.8 21.6 6.9 2.5 0.1

1 4.8 1.0 26.8 45.9 21.5 0.0 6.3 33.3 41.2 15.1

14 3 13.3 1.1 0.0 0.0 0.0 12.2 1.8 0.0 0.0 0.0

2 63.8 15.8 0.9 0.0 0.0 35.5 15.8 4.0 0.3 0.0

1 16.7 61.5 19.9 1.7 0.2 15.5 34.8 16.3 6.5 0.4
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Table 5.5 : The percentage of correct selection of the MTD contour, and the percentage

of patients treated above and at the MTD contour.

Scenario

Design 1 2 3 4 5 6 7 8 9 10 11 12 13 14

% correct selection of the MTD contour

Waterfall 50.4 36.4 35.1 48.5 18.7 27.7 36.8 36.0 30.7 32.6 33.8 35.9 31.3 38.4

PIPE 20.5 19.6 10.2 44.5 8.9 6.1 12.5 12.5 11.9 10.1 10.9 12.2 11.6 15.8

% of patients treated above the MTD contour

Waterfall 9.4 25.0 12.7 51.7 30.0 16.2 34.4 24.6 14.2 16.0 15.7 33.2 26.2 36.0

PIPE 5.8 16.7 8.6 40.4 51.7 25.8 62.0 46.6 18.4 24.4 30.2 51.1 46.7 54.9

% of patients treated at the MTD contour

Waterfall 51.3 50.1 47.8 48.3 44.1 53.6 48.0 39.3 45.7 46.2 48.0 42.6 39.5 47.0

PIPE 48.0 59.2 51.5 59.6 37.4 54.5 27.4 29.1 47.2 43.3 43.1 31.2 28.8 34.0

Sample size (matched between two designs)

27 27 27 18 48 60 36 36 60 60 60 42 42 39
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Table 5.6 : Selection probability and number of patients treated at each dose combina-

tion using the proposed phase I/II waterfall design, with the target dose combinations in

boldface.

Drug B Simulation results

Drug True pr(toxicity) True pr(efficacy) Selection No Number of

Sc. A 1 2 3 1 2 3 percentage selection† patients

1 2 0.10 0.30 0.50 0.25 0.35 0.55 7.5 20.2 0.9 0.5 11.6 19.5 4.9

1 0.03 0.10 0.28 0.20 0.30 0.50 0.1 20.2 50.6 3.5 9.1 22.2

2 2 0.10 0.30 0.50 0.20 0.30 0.40 23.5 42.0 0.9 11.0 11.3 18.8 5.0

1 0.03 0.10 0.28 0.07 0.12 0.20 0.0 3.3 19.3 3.5 7.9 22.3

3 2 0.10 0.30 0.50 0.25 0.50 0.60 7.9 36.1 0.9 0.5 12.0 19.3 4.9

1 0.03 0.10 0.28 0.20 0.32 0.50 0.3 14.4 39.9 3.5 8.6 22.3

4 2 0.10 0.30 0.50 0.04 0.07 0.10 1.1 5.7 0.3 92.5 7.5 12.5 4.7

1 0.03 0.10 0.28 0.01 0.03 0.05 0.0 0.0 0.4 3.4 4.3 15.4

5 2 0.30 0.48 0.60 0.40 0.45 0.49 36.0 2.6 0.0 10.9 18.6 5.4 0.7

1 0.12 0.30 0.48 0.20 0.40 0.60 16.2 32.1 2.2 13.3 21.0 5.4

6 2 0.30 0.48 0.60 0.36 0.50 0.60 51.9 2.8 0.0 42.6 19.3 5.5 0.7

1 0.12 0.30 0.48 0.01 0.06 0.10 2.0 0.6 0.1 8.8 16.6 5.0

7 2 0.32 0.45 0.60 0.50 0.55 0.63 45.6 4.7 0.1 47.7 18.0 5.9 0.9

1 0.10 0.15 0.30 0.01 0.02 0.03 1.9 0.0 0.0 7.8 9.3 14.1

8 2 0.42 0.49 0.55 0.17 0.33 0.55 3.4 0.6 0.1 88.9 6.8 1.6 0.2

1 0.30 0.40 0.50 0.06 0.22 0.39 2.4 4.4 0.2 12.8 5.8 1.4

† “No selection” is the percentage that the method did not select any dose-combination as

the optimal dose.
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Chapter 6

Biomarker-based Personalized Treatment Strategies for
Phase IIb clinical trials

In chapter 5, we make lots of efforts in identifying multiple MTDs for further phase

II explorations. The aim of phase II study is to further investigate if the multi-

ple candidate treatments (MTDs) are efficacious to the target population and then

pick out the most efficacious one as the suggestive therapy for phase III confirmative

study. In this chapter, we will take into account of the diversity in population by

incorporating the biomarker profile/makeup. In phase II cancer clinical trial study,

clinicians/physicians always observe either binary or continuous biological/tumor re-

sponses with respects to cancer subpopulations.

6.1 Motivation

Selection of personalized treatment for cancer patients by monitoring their surrogate

biomarkers must maximize the clinical responses in response to different types of pa-

tients’ covariates. Historically, a single treatment has been selected for a population

of patients (e.g., all stage III ovarian cancer). However, the availability of new bio-

logic markers for biological and clinical responses allows the possibility of selecting a

more personalized treatment. We consider the use of statistical models for clinical re-

sponse (tumor response) as a function of treatment and biomarker-related subgroup,

and biological responses conditional on clinical response as a function of repeatedly

measured time, to select an optimal treatment for an individual patient or a set of
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patients (subgroup/cluster).

6.2 Introduction

In modern cancer clinical trial designs, many promising new treatments illustrate a

new era of oncology drug development based on better knowledge of tumor biomark-

ers, e.g., SNP, CNA, methylation, microRNA, gene, subpathways etc. Phase II clinical

trials [222] represent one of the major components of this process with the aim to

evaluate the efficacy properties of the suggested MTD(s) produced in phase I clinical

trial. The main objective is to demonstrate preliminary evidence of efficacy and ac-

ceptable toxicity. The success reporting of the phase II clinical trials [223] is crucial to

the subsequent phase III confirmative designs. In general, to target this goal, phase

II trial designs always involve establishing intermediate evaluation of efficacy, gaining

further toxicity information, and calculating the sample size to save the costs and

guarantee the statistical power.

It’s important to understand how to design phase II trials (clinicians and statisti-

cians alike) to understand the elements of phase II designs [224]. Given the number

and variety of designs available, most of them are single-arm trial designs using ob-

jective response rate, only 20% reported an identifiable statistical design. The most

common statistical approach [225] is the two-staged hypothesis testing method, e.g.,

Simon’s methods (optimal and minimax) being the preferred methods. Different trials

have different therapeutic considerations (e.g., cytostatic/targeted versus cytotoxic,

single versus combination therapy, and biomarker enrichment or endpoint) and aims

[226, 227, 228]. The aims may include treatment selection or proof of concept with

go-no-go decision for phase III study. Apart from this, the outcome of interest can

be many, which is determined by the current evidence for the experimental and stan-
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dard therapies, and/or the stage of development of the experimental treatment, and

potential toxicity. The outcome distributions of the measurements can be binary

(response/no response), continuous (biomarker activity), ordered categories (stage I,

II or III cancer), time to event or ratios of time to progression. When modeling,

if the toxicity is moderest, the primary phase II study would be towards the mon-

itor of antitumor activity; otherwise, we may consider the joint primary outcome

measurements.

In phase I clinical trial designs, drug combination has become the mainstream

therapy in oncology trials [229]. Multiple MTDs forms the MTD contour in the 2d

dose matrix, which can be identified in phase I drug combination trial and be further

investigated in subsequent phase II study. There are lots of methods to identify

the MTD contour as described in chapter 5. Here we focus on using the waterfall

design to identify multiple candidate treatments (MTDs), and then move onto the

biomarker-based phase II trial designs. The major issue is how to adaptively update

the matchings between biomarker and their optimal treatments. Traditionally, ‘one-

size-fits-all’ methods, all patients take the same therapy, are widely used, which is

effective and powerful for single agent trial when there is little heterogeneity of the

target population. To supplement the drawbacks, biomarkers are used to take into

account of the discrepancy of human population. There are a bunch of novel statistical

designs that are proposed for biomarker-based designs. Among them, two new and

very different trial designs for molecular targets in cancer are basket trials [230] and

umbrella trials [231]. Umbrella trials take patients with the same type of cancer and

assign them to different arms of a study based on their biomarker status. Basket

trials group patients by their shared biomarker and disease, and try to evaluate if

patients of different diseases can benefit from the single biomarker. However, for our
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previous problem of interest, the ultimate goal is for precision medicine, and novel

statistical methods are needed for phase II trial designs with multiple treatments and

multiple biomarkers. The aim of this process is to identify the optimal treatments for

groups of patients that can be characterized by their biomarkers.

In this chapter, we will describe our motivating example for a phase II clinical trial.

A two-stage design will be employed to further monitor the efficacy. The outcomes

are binary tumor response (response/no response) and the continuous longitudinal

biological activity after taking the treatment. Here we assume that the patients are

enrolled independently, and can be characterized by the copy number variations in

the identified cancer genes (e.g., LIPG, ROCK1 and SMAD4, are categorical and

scored as ‘+’ and ‘-’). We consider multiple treatments (drugs), which are the results

of the MTD contour from the waterfall design. The details of the statistical models

and designs are shown in the following sections.

6.3 Method

6.3.1 Notation Setup

Suppose we have K treatments and N patients indexed by i ∈ {1, 2, · · · , N} with

each patient having covariates X, and composite outcomes (Y,W ), where Y ∈ {0, 1}

is a binary treatment efficacy of clinical responses and W , a vector of length R, takes

continuous ancillary measurements of efficacy characterizing patient’s biological re-

sponses. Let p ∈ {1, 2, . . . , P} index the covariates with P denoting the number of

covariates (e.g., P = 3 with X1 = +/−, X2 = +/− and X3 = +/−). Suppose

the P categorical covariates end up with Q real combinations (e.g., Q = 5 with

+ + +/+−+ /−+ + /−−+ /−−−). Suppose all the N patients can be clustered
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into J optimal subgroups with each subgroup corresponding to a specific personalized

treatment assignment w.r.t patients’ biological and clinical responses. For each sub-

group characterized by the structure patients’ covariates, the aim of this project is to

propose a method for the selection of personalized treatment for each patient i based

on the probability of efficacy on subgroup-treatment assignment (Gi = j, Ti = k),

where j ∈ {1, 2, . . . , J} and k ∈ {1, 2, · · · , K}.

Variable and parameter definitions are below:

N : total number of patients

θj : a vector of length Q specifying the proportion of Q covariate composition in subgroup j

Xij : a categorical variable, which corresponds to a specification of covariate composition

Q : the number of total possible composite values of Covariate X

Gi = j : patient i falls into subgroup j ∈ {1, 2, · · · , J}

G¬i : all the patients in subgroup Gi = j other than patient i

α : the relative rate of opening a new subgroup by CRP method setup

Ti = k : treatment assignment for patient i is treatment with treatment k ∈ {1, 2, · · · , K}

πjk : pr(Yi = 1 | Gi = j, Ti = k), the probability of clinical efficacy for patient i when

he/she is grouped in subgroup-treatment assignment (j, k)

Yi = y : a binary clinical response taking value of 0 or 1, e.g., Yi = y ∈ {0, 1}

Ur : the rth measured time

~Wi : a continuous vector of length R specifying the level of R ancillary efficacy outcomes

of patient i, e.g., ~Wi = {Wi1,Wi2, · · · ,WiR}.

Here, let Wir = β1ijk + β2ijk · Ur + β3jkYi + β4jkYi · Ur + εr.

Wir : the rth continuous outcome of patient i conditional on Yi, Gi and Ti
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β1ijk : the random intercept effect for patient i in subgroup j and treatment k. Here,

assume β1ijk ∼ N(µ1jk, σ
2
1jk), where µ1jk and σ1jk are the population-wise mean and

standard deviation for subgroup-treatment combination (Gi = j, Ti = k).

β2ijk : random slope effect for patient i in subgroup j and treatment k. Here, assume

β2ijk ∼ N(µ2jk, σ
2
2jk), where µ2jk and σ2jk are the population-wise mean and standard

deviation for subgroup-treatment-outcome combination (Gi = j, Ti = k).

β3jk : the fixed effect on Yi for all the patients in subgroup j and treatment k. The parameter

β3jk is an adjustment to the random intercept effect β1ijk so that the mean change of

the biological response Wi is β1ijk + β3jk when the clinical response Yi = 1,

and β1ijk when Yi = 0.

β4jk : the fixed effect on the interaction term of Yi and Ur for all the patients in subgroup j

and treatment k. The parameter β4jk is an adjustment to the random intercept effect

β1ijk so that the mean change of the biological response Wi is β2ijk + β4jk

when the clinical response Yi = 1, and β2ijk when Yi = 0.

εr : shared error at time Ur for all the collected N patients

Zi : progression-free or overall survival outcome (PFS/OS), e.g., Zi|Yi ∼ exp(−λt+ Yi)
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The model setup is listed below:

θj|φ,Q ∼ Dir(φ/Q, φ/Q, · · · , φ/Q),

Xij|θj ∼ Multinomial(1, θj),

Gi = j|G¬i, α ∼ CRP (N,α), i.e.,

pr(Gi = j) =


nj,¬i

N−1+α
if subgroup j is occupied,

α
N−1+α

if subgroup j is empty.

Note j ∈ {1, · · · , J}, and N is the total number of patients.

Yi|Gi = j, Ti = k ∼ Bernoulli(πjk),

Suppose for patient i, we have Yi = y,Gi = j, Ti = k,

Wir|Gi = j, Ti = k, Yi = y, Ur ∼ N(β1ijk + β2ijk · Ur + β3jk · Yi + β4jkYiUr, σ
2
r)

r ∈ {1, 2, · · · , R}

Hierarchical model:

β1ijk ∼ N(µ1jk, σ
2
1jk),

β2ijk ∼ N(µ2jk, σ
2
2jk)

Priors:

µ1jk ∼ N(µ1, σ
2
1),

µ2jk ∼ N(µ2, σ
2
2),

β3jk ∼ N(µ3, σ
2
3),

β4jk ∼ N(µ4, σ
2
4),

σ2
1jk ∼ IG(a1, b1), σ2

2jk ∼ IG(a2, b2)

σ2
r ∼ IG(aR, bR), where r ∈ {1, · · · , R}

πjk ∼ Beta(πa, πb).
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6.3.2 Probability Model Setup

Consider a personalized late phase clinical trial with K prespecified treatment arms

with N patients’ biological and clinical responses monitored in term of their efficacy

of some surrogate biomarker. We focus on the case of biological and clinical out-

comes/responses ( ~W, Y ), where ~W is a vector of the continuous outcome of surrogate

biomarker and Y is the clinical bivariate outcome denoting the patient status of treat-

ment benefit/effectiveness. For each patient i with biomarker Xi, if the treatment

arm Ti = k is chosen, we want to predict his/her clinical outcome Yi|Wir at time Ur,

which is proportional to pr(Yi) ·
∏R

r=1 pr(Wir|Yi), to facilitate better decision making

for the personalized treatment arm and subgroup assignments.

Generally, the biological response Wir have strong relationship with respect to

repeated times Ur but different patients may have different effect sizes. Taking this

idea in mind, we assume that, for each of the treatment arms, the level of surrogate

biomarker follows linear mixed models with repeated times Ur. We also assume that

the outcome of treatment benefit for patient i, Yi, conditional on subgroup Gi = j and

treatment Ti = k, follows Bernoulli distribution with probability πjk. We take the

subgroup Gi as the latent variable to model the relationship between the outcomes

probabilities (Wir, Yi)
> with covariates of Xi treated with Ti = k, with the forms of

pr(Wir|Gi = j, Ti = k, Yi, r) and pr(Yi|Gi = j, Ti = k). We need to model the joint

distribution of the outcome (W,Y ) and subgroup assignment G for all the N patients,

that is pr(W,Y,G|X,T, π, β, θ) in order to obtain valid inference.

We factorize the joint distribution into three components based on our aforemen-
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tioned assumption as follows:

pr(W,Y,G | X,T, α, π, β, θ) =
J∏
j=1

∏
Gi∈j

R∏
r=1

pr(Wir, Yi, Gi = j|Xi, Ti, α, πjk, β, θ)

=
J∏
j=1

∏
Gi∈j

R∏
r=1

{pr(Wir|Yi, Gi = j, Ti = k)pr(Yi|Gi = j, Ti = k)

·pr(Gi = j|Xi, α)},

where π, β and θ are vectors of unknown parameters. The first two components

specify the features of outcome-treatment-subgroup: (1) the continuous biological re-

sponse conditional on treatment response; and (2) the bivariate outcome conditional

on the treatment arm and subgroup assignments. The third component models the

subgroup assignment (i.e., how the subgroup assignment depends on the covariates

X), a feature of subgroup-covariate models.

In the following, we will specify each component of the factorization for the clinical

data (W,Y,G) with covariates X.

6.3.3 Subgroup-covariates Latent Model

Following the covariate observations on K treatment arms that the N patients can be

effectively grouped into J << N subgroups with each having a personalized treatment

assignment, and Gi = j be the group assignment for patient i, with i ∈ {1, · · · , N}

and j ∈ {1, · · · , J}. Assume the covariates are independent with each other. Using

the latent variable, we model the occurrence probability of subgroup-covariate matrix
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for all the patients in subgroup j as

pr(X) =
N∏
i=1

J∑
j=1

{pr(Xij|θj)pr(Gi = j|α)}

=
N∏
i=1

J∑
j=1

{pr(Gi = j|α)pr(Xij|θj)}, where q = 1, · · · , Q,

=
N∏
i=1

J∑
j=1

{pr(Gi = j|α)

Q∏
q=1

θ
1(Xij=q)
jq }.

In practice, we often has no information on the number of subgroups J . There-

fore, we consider J as an unknown parameter and infer it from the covariate data.

In order to do so, we impose a Chinese Restaurant process (CRP) prior on the sub-

group assignment Gi, parameterized by a parameter α. The CRP characterizes the

random partition of patients’ data into subgroups, in analogy to the seating process

of customers in a Chinese Restaurant. Under the CRP prior, the subgroup (table)

assignment of the jth covariant vector (subject), conditioned on the subgroup assign-

ment of all the other subjects, follows the distribution

pr(Gi = j|G¬i, α, Ti = k) =


nj,¬i

Nk−1+α
if subgroup j is occupied,

α
Nk−1+α

if subgroup j is empty,

(6.1)

where nj,¬i represents the number of subjects that belong to subgroup j excluding the

current subject i, with
∑J

j=1 nj,¬i = N−1. G¬i represents the subgroup assignments of

all the other subjects. The flexibility of allowing any patient to start a new subgroup

enables us to automatically infer J from data. Note that the expected number of

subgroups under the CRP prior (Teh, Y. Dirichlet process. Springer, 2010, 280-287)

satisfies J ∼ O(α · log(N)) << N , therefore our method scales well as the number of

subjects N grows large. We can also impose a gamma prior α ∼ gamma(αα, βα) on

α to help us infer its value.
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6.3.4 Outcome-Treatment-Subgroup Models

Assume the conditional on the latent subgroup G, (W,Y )> are independent of X, we

model the outcomes using separate models. Let πjk denote the probability of clinical

responses out of treatment-subgroup assignment for patient i in (Gi = j, Ti = k).

The higher the value of πjk is, the more effectiveness or benefits to patients’ health

are. Generally, the biological responses monotonically increases as time Ur increases;

and we assume that patients having different clinical responses also have different

patterns in biological responses. We model W |Y, Ur relationship using the general

linear mixture model(7.2) and impose a normal prior on the slope β2ijk and β3jk,

the intercept β1ijk and the interaction term β4jk, while we model the corresponding

clinical responses w.r.t the subgroup assignment for patient i using the Bernoulli

model as follows(7.3).

Wir = β1ijk + β2ijk · Ur + β3jk · Yi + β4jk · Yi · Ur + εr (6.2)

pr(Yi) = πYijk(1− πjk)
1−Yi , (6.3)

where εr
iid∼ N(0, σ2

r), β1ijk, β2ijk, β3jk, β4jk and πjk are unknown parameters that pos-

sess intuitive interpretations. Parameter β1ijk is the random intercept, while β3jk is

the fixed effect from clinical response Yi. The parameter β3jk is an adjustment to the

random intercept effect β1ijk so that the mean change of the biological response Wi

is β1ijk + β3jk when the clinical response Yi = 1, and β1ijk when Yi = 0. Parameter

β2ijk is the random slope w.r.t time Ur, which is varying from patient to patient, from

subgroup to subgroup and from treatment to treatment. β4jk is an adjustment to

the random slope effect of β2ijk so that the mean change of Wi is β2ijk + β4jk when

Yi = 1, and β2ijk when Yi = 0. εr is the error amount by which the expected value

differs from actually observed value. Assumed that εr are independently and identi-
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cally distributed as a normal distribution by the mean and standard deviation, e.g.,

εr
iid∼ N(0, σ2

r).

For the clinical outcome model in our case, πjk ∈ (0, 1) is the probability specifying

that the treatment arm is beneficial to patients’ health. Note that Gi is the subgroup

assignment associated with the covariates Xi.

6.3.5 Model updates and sampling algorithm

We use the MCMC with Gibbs sampling for posterior inference under the proposed

model, which automatically classifies enrolled patients into personalized treatment-

arm specific subgroups. We initialize the subgroup size J = α · log(N), where N is the

total number of patients for all K treatment arms in the trial design. Then, as each

patient enrolls into the trial, we update the parameters using the following steps:

(i) Sample G: For each patient i, we remove it from its current subgroup and

sample its subgroup assignment Gi from the posterior:

pr(Gi = j | G¬i,X,θGi , α,W, Y, U) = pr(Gi = j|G¬i,X,θGi , α,
~Wi, Yi)

∝ pr(Gi = j|G¬i, α)pr( ~Wi|Gi, Ti, Yi)pr(Yi|Gi, Ti)pr(X ij|θGi)

∝ pr(Gi = j|G¬i, α)× pr(Yi = y|Gi = j, Ti = k)× pr(X ij|θj)

×
R∏
r=1

{pr(Wir|Gi = j, Ti = k, Yi, Ur)}

∝ pr(Gi = j|G¬i, α)×
Q∏
q=1

θ
1(Xij=q)
jq × πyjk(1− πjk)

1−y

×
R∏
r=1

{(2πσ2
r)
−1/2exp(− [Wir − (β1ijk + β2ijk · Ur + β3jkYi + β4jkYiUr)]

2

2σ2
r

)}.

The prior probability pr(Gi = j|G¬i, α,N) is given by (7.1). For non-empty

subgroups 1, 2, ..., j, ..., J , the observed probabilities for subgroup assignments
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are proportional to the quantity above. For new subgroup Gi = j and its

covariate observationX i for patient i, we have no information on the parameters

θj, πjk, β1ijk, β2ijk, β3jk and β4jk for updating Gi. For the underline parts, we

first need to marginalize out θj for X i:

pr(X i|θGi) = pr(X i|θj) = pr(Xij|θj1, · · · , θjq, · · · , θjQ)

=

∫
θj

pr(Xij|Gi = j, θj)× pr(θj|
φ

Q
)

∝
∫
θj

Q∏
q=1

θ
1(Xij=q)
jq

Q∏
q=1

θ
φ
Q
−1

jq

B(θj1, · · · , θjq, · · · , θjQ)

=
B(θj1, · · · , θjq + 1, · · · , θjQ)

B(θj1, · · · , θjq, · · · , θjQ)

=
Γ(φ)

Γ(1 + φ)

Γ(1 + φ
Q

)

Γ( φ
Q

)
,

where Γ(.) is the Gamma function.

And secondly, we need to marginalize out β1ijk, β2ijk, β3jk and β4jk for Wir by

pr(Wir | Gi = j, Ti = k) =

∫∫∫∫
β1,β2,β3,β4

pr(Wir|β1β2β3β4)pr(β1ijk)pr(β2ijk)pr(β3jk)pr(β4jk)

∝
∫∫

exp[−(Wir − (β1ijk + β2ijkUr + β3jkYi + β4jkYiUr))
2

2σ2
r

− (β1ijk − µ1jk)
2

2σ2
1jk

− (β2ijk − µ2jk)
2

2σ2
2jk

− (β3jk − µ3)2

2σ2
3

− (β4jk − µ4)2

2σ2
4

]

∼ N(Wir|µ1jk + µ2jkUr + µ3Yi + µ4YiUr,σ
2
r + σ2

1jk + σ2
2jkU

2
r + σ2

3Y
2
i + σ2

4Y
2
i U

2
r ).
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And thirdly, we need to marginalize out πjk for Yi = y by

pr(Yi = y | Gi = j, Ti = k) =

∫
πjk

πyjk(1− πjk)
1−ypr(πjk)

=

∫
πjk

πyjk(1− πjk)
1−yπ

πa−1
jk (1− πjk)πb−1

B(πa, πb)

=
B(y + πa, 1− y + πb)

B(πa, πb)
=

Γ(y + πa)Γ(1− y + πb)

Γ(1 + πa + πb)

Γ(πa + πb)

Γ(πa)Γ(πb)

=


Γ(1+πb)

Γ(1+πa+πb)
Γ(πa+πb)

Γ(πb)
if y = 0;

Γ(1+πa)
Γ(1+πa+πb)

Γ(πa+πb)
Γ(πa)

if y = 1.

(ii) Update πjk: Impose beta prior on πjk ∼ beta(πa, πb). The data likelihood for

Yi = y and the posterior probability for πjk is given by

pr(πjk|Yi = y,Gi = j, Ti = k) ∝ pr(πjk)

njk∏
i=1

pr(Yi = y|Gi = j, Ti = k)

∼
njk∏
i=1

πyjk(1− πjk)
1−yπ

πa−1
jk (1− πjk)πb−1

B(πa, πb)

= Beta(πa +

njk∑
i=1

y, njk + πb −
njk∑
i=1

y),

where njk is the number of patients in subgroup Gi = j with treatment Ti = k.

(iii) Update β1ijk and β2ijk: We impose a second-layer of hyper-parameters on

patient-specific intercept β1ijk and patient-specific slope β2ijk, which follow β1ijk ∼

N(µ1jk, σ
2
1jk) and β2ijk ∼ N(µ2jk, σ

2
2jk), respectively.The posterior distributions
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of β1ijk and β2ijk for each of the patient i is given by

pr(β1ijk | ~Wi, Yi = y, µ1jk, σ1jk) ∝ pr(β1ijk|µ1jk, σ1jk) · pr( ~Wi|β1ijk, Yi)

= pr(β1ijk|µ1jk, σ1jk) ·
R∏
r=1

pr(Wir|β1ijk, Yi)

∝ exp[−(β1ijk − µ1jk)
2

2σ2
1jk

−
R∑
r=1

(Wir − (β1ijk + β2ijkUr + β3jkYi + β4jkYiUr))
2

2σ2
r

]

∼ N(

µ1jk
σ2
1jk

+
∑

r
(Wir−β2ijkUr−β3jkYi−β4jkYiUr)

σ2
r

1
σ2
1jk

+
∑

r
1
σ2
r

,
1

1
σ2
1jk

+
∑

r
1
σ2
r

);

pr(β2ijk | ~Wi, Yi = y, µ2jk, σ2jk) ∝ pr(β2ijk|µ2jk, σ2jk) · pr( ~Wi|β2ijk, Yi)

= pr(β2ijk|µ2jk, σ2jk) ·
R∏
r=1

pr(Wir|β2ijk, Yi)

∝ 1√
2πσ2jk

exp[−(β2ijk − µ2jk)
2

2σ2
2jk

]

×
R∏
r=1

exp[−(Wir − (β1ijk + β2ijkUr + β3jkYi + β4jkYiUr))
2

2σ2
r

]

∝ exp[−(β2ijk − µ2jk)
2

2σ2
2jk

−
R∑
r=1

(Wir − (β1ijk + β2ijkUr + β3jkYi + β4jkYiUr))
2

2σ2
r

]

∼ N(

µ2jk
σ2
2jk

+
∑

r
Ur(Wir−β1ijk−β3jkYi−β4jkYiUr)

σ2
r

1
σ2
2jk

+
∑

r
U2
r

σ2
r

,
1

1
σ2
2jk

+
∑

r
U2
r

σ2
r

).

(iv) Update β3jk and β4jk: Impose normal priors on these two parameters: β3jk ∼

N(µ3, σ
2
3) and β4jk ∼ N(µ4, σ

2
4). The posterior distributions for β3jk and β4jk
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are as follows:

pr(β3jk| ~W, µ3, σ
2
3) ∝ pr(β3jk) · pr( ~W1, ~W2, · · · , ~Wnjk |β3jk, β1ijk, β2ijk, β4jk, Ur, Yi)

= pr(β3jk) ·
njk∏
i=1

pr( ~Wi|β3jk, β1ijk, β2ijk, β4jk, Ur, Yi)

= pr(β3jk|µ3, σ
2
3) ·

njk∏
i=1

R∏
r=1

pr(Wir|β3jk, β1ijk, β2ijk, β4jk, Ur, Yi)

∝ exp[−(β3jk − µ3)2

2σ2
3

]

×
njk∏
i=1

R∏
r=1

exp[−(Wir − (β1ijk + β2ijkUr + β3jkYi + β4jkYiUr))
2

2σ2
r

]

= exp[−(β3jk − µ3)2

2σ2
3

]

×
njk∏
i=1

R∏
r=1

exp[−(Wir − (β1ijk + β2ijkUr + β3jkYi + β4jkYiUr))
2

2σ2
r

]

∼ N(

µ3
σ2
3

+
∑njk

i=1

∑R
r=1

Yi(Wir−β1ijk−β2ijkUr−β4jkYiUr)
σ2
r

1
σ2
3

+
∑njk

i=1

∑R
r=1

Y 2
i

σ2
r

,
1

1
σ2
3

+
∑njk

i=1

∑R
r=1

Y 2
i

σ2
r

);

pr(β4jk| ~W, µ4, σ
2
4) ∝ pr(β4jk) · pr( ~W1, ~W2, · · · , ~Wnjk |β3jk, β1ijk, β2ijk, β4jk, Ur, Yi)

= pr(β4jk) ·
njk∏
i=1

pr( ~Wi|β4jk, β1ijk, β2ijk, β3jk, Ur, Yi)

∝ exp[−(β4jk − µ4)2

2σ2
4

]

×
njk∏
i=1

R∏
r=1

exp[−(Wir − (β1ijk + β2ijkUr + β3jkYi + β4jkYiUr))
2

2σ2
r

]

∼ N(

µ4
σ2
4

+
∑njk

i=1

∑R
r=1

YiUr(Wir−β1ijk−β2ijkUr−β3jkYi)
σ2
r

1
σ2
4

+
∑njk

i=1

∑R
r=1

Y 2
i U

2
r

σ2
r

,
1

1
σ2
4

+
∑njk

i=1

∑R
r=1

Y 2
i U

2
r

σ2
r

).

(v) Update µ1jk, µ2jk, σ1jk and σ2jk: Impose hyper priors for subgroup-treatment

specific parameters: µ1jk ∼ N(µ1, σ
2
1), µ2jk ∼ N(µ2, σ

2
2) and σ2

1jk ∼ IG(a1, b1), σ2
2jk ∼

IG(a2, b2). We need to pool all the patients’ information in subgroup j and treat-

ment k so as to update these parameters by their posterior distribution given
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by

pr(µ1jk|β1ijk, · · · , β1njkjk) ∝ pr(µ1jk) ·
∏

Gi=j,Ti=k

pr(β1ijk|µ1jk)

=
1√
2πσ

exp[−(µ1jk − µ1)2

2σ2
1

] ·
njk∏
i=1

1√
2πσ1jk

exp[−(β1ijk − µ1jk)
2

2σ2
1jk

]

∼ N(

µ1
σ2
1

+
njk∑
i=1

β1ijk
σ2
1jk

1
σ2
1

+
njk
σ2
1jk

,
1

1
σ2
1

+
njk
σ2
1jk

);

pr(µ2jk|β2ijk, · · · , β2njkjk) ∼ N(

µ2
σ2
2

+
njk∑
i=1

β2ijk
σ2
2jk

1
σ2
2

+
njk
σ2
2jk

,
1

1
σ2
2

+
njk
σ2
2jk

);

pr(σ2
1jk|β1ijk, · · · , β1njkjk) ∝ pr(σ2

1jk) ·
∏

Gi=j,Ti=k

pr(β1ijk|σ2
1jk)

=
ba11

Γ(a1)
σ
−2(a1+1)
1jk exp(− b1

σ2
1jk

) ·
njk∏
i=1

1√
2πσ1jk

exp[−(β1ijk − µ1jk)
2

2σ2
1jk

]

∼ IG(a1 +
njk
2
, b1 +

njk∑
i=1

(β1ijk − µ1jk)
2

2
);

pr(σ2
2jk|β2ijk, · · · , β2njkjk) ∝ pr(σ2

2jk) ·
∏

Gi=j,Ti=k

pr(β2ijk|σ2
2jk)

∼ IG(a2 +
njk
2
, b2 +

njk∑
i=1

(β2ijk − µ2jk)
2

2
).

(vi) Update σ2
r: Impose inverse gamma prior on the covariance matrix σ2

r ∼

IG(aR, bR), where aR and bR are constant. Then, its posterior distribution
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can be obtained by

pr(σ2
r | W1, · · · ,WN) ∝ pr(σr)

N∏
i=1

pr(Wi|σr)

=
baRR

Γ(aR)
σ−2(aR+1)
r exp(−bR

σ2
r

) ·

N∏
i=1

1√
2πσr

exp[−(Wir − (β1ijk + β2ijkUr + β3jkYi + β4jkYiUr))
2

2σ2
r

]

= IG(aR +
N

2
, bR +

∑N
i=1[Wir − (β1ijk + β2ijkUr + β3jkYi + β4jkYiUr)]

2

2
).

(vii) Update θj: Consider a subgroup Gi = j with treatment Ti = k, sample θj from

its posterior pr(θj|φ,Q,Xij) = Dir(nj1 + φ
Q
, · · · , njq + φ

Q
, · · · , njQ + φ

Q
), where

njq is the number of times that value q is taken by covariate Xi in subgroup j

since

pr(θj|Xi, Gi = j) ∝ pr(θj, Xij) = pr(θj|φ,Q)
∏
Gi∈j

pr(Xij|θj)

= pr(θj|φ, Q)×
∏
Gi∈j

Q∏
q=1

θ
1(Xij=q)
j

= Dir(nj1 +
φ

Q
, · · · , njq +

φ

Q
, · · · , njQ +

φ

Q
)

(viii) Update α: Use the approach proposed by West M 1992 [232] to sample α..

(ix) Estimate the true number of subgroups: Denote Ĵ as the estimate of the

true number of subgroups by taking the mode of the posterior distribution on

the number of subgroups J . Each sample i is assigned to the subgroup indexed

by the mode of the samples from the posterior of Gi denoted by Ĝi.

(x) Solve the “subgroup-label-switching” during iterations: the issue of

“label switching” can cause a model to be unidentifiable, because the cluster

labels can be arbitrary permutated without affecting the data likelihood. If



122

not mitigated properly, the label switching problem can severely complicate

posterior analysis. Here we recommend post-processing of the MCMC output,

similarly to the way in the mixture model literature [233]. Let PSh denote

the hth samples of subgroup-related parameters from the MCMC. PSh is a

P ×S matrix, where P is the number of all subgroup-related parameters and G

is the estimated size of subgroups. We first compute the posterior probability

pr(X,E|PSh) and then select the iteration hmax that maximizes this probability.

We then permute the factors PSh obtained over all iterations h 6= hmax to best

match PShmax . Performing this step aligns the posterior samples to a common

reference, enabling more meaningful posterior analysis, such as the computation

of posterior means.

6.3.6 Implementation of parameter inference

The code is written in R/C++ and compiled under window operating systems.And

the pseudo-code of parameter inference is as follows:
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Data: X,G, T, Y,W

Result: Estimate ˆβ1ijk, ˆβ2ijk, ˆβ3jk, ˆβ4jk, π̂jk, θ̂ ∀Gi = j for the coming patient

n+ 1 based on current n patients’ information

Initialization β1ijk, β2ijk, β3jk, β4jk, πjk,θ ∀Gi = j at the 1st iteration;

for iteration h = 2 to H do

Sample G which might encounter empty or new subgroup assignment for

i = 1 to n do

remove patient i from current subgroup;

Update the probability of subgroup assignment for patient i;

end

for subgroup j = 1 to J do

Update treatment arm k to each subgroup j;

Update patient-specific parameters for i = 1 to n do

Sample β1ijk, β2ijk;

end

Sample β3jk, β4jk;

Sample µ1jk, σ
2
1jk, µ2jk, σ

2
2jk,σ

2
r ;

Sample θj;

end

end

Estimate subgroup size Ĝ when the MCMC sampling process converges (for all

iterations after iteration nburnin, e.g., 10000);

Switch and match subgroup labels for iteration h > nburnin with subgroup

size Ĝ;

Calculate the posterior means for all the parameters.
Algorithm 1: Algorithm for parameter inference
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6.3.7 Detailed steps of trial designs

Consider a trial having K treatments k(1 < · · · < k < · · · < K) associated with

some surrogate biomarker. Given the 1 × K treatment arms and 1 × P covariate

vector, finding the personalized treatment for each sub-population group consists of

the following stages:

(I) In stage I, equally randomization approach is applied to the K treatment arms

with each having a maximum sample size of N1(e.g., 20) patients. The aim is

to collect some preliminary biological and clinical response data to facilitate

the parameter learning for stage II.

(II) In stage II, we aim to find the personalized treatment-subgroup assignment

based on the proposed method with a maximum sample size ofN2 patients. Due

to the specificity of patients’ biomarker profiles, patient are treated in a one-by-

one manner, and continuously update the parameters πjk, β1ijk, β2ijk, β3jk and

β4jk to determine the personalized optimal treatment arm for patients. After

the patient’s data is collected, the treatment-subgroup-outcome relationships

are updated for the personalized optimal treatment assignments. Assume n−1

patients have been enrolled in the trial, we assign a treatment to the nth patient

who has biomarker profile Xn as follows:

(1) Based on the observed data Dn−1, we fit the model and determine the

current optimal treatment T (Xn) for the nth patient, i.e., the set of treat-

ment that has the highest probability of the clinical response Yn. Note that

T (Xn) depends on patient’s individual biomarker profile and varies from

patient to patient.
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(2) If T (Xn) is empty, it means that no treatment is acceptable for that pa-

tient; thus the patient is treated off protocol. If a certain number, say 10,

contiguous patients are treated off protocol, then we terminate the trial

and conclude that no treatment should be applied.

(3) If T (Xn) is not empty, we use adaptive randomization to choose a treat-

ment in T (Xn). We random the nth patient to treatment k with πjk, i.e.,

proportional to the probability of clinical responses.

(4) We repeat (1)-(3) until we reach the maximum total sample size of N .

Until we exhausts all the sample size, we select the optimal treatment as the arm

with the largest posterior mean clinical response based on all the data.

6.4 Results

We conducted simulation studies to assess the operating characteristics of the pro-

posed design. Taking the setting of our motivated trial, we consider two treatments

Z1 and Z2, and two biomarkers each taking values of positive (“+”) or negative

(“-”). For example, positive/negative represents the activated(+)/inactivated(−)

status of the gene expression levels compared with the baseline of normal samples,

respectively. We assume the biomarkers are independent with each other. Obviously,

we have P = 2 covariates resulting in Q = 4 possible covariate combinations, e.g.,

(a) + +; (b) + −; (c) − +; (d) − −. Some of the scenarios, the biomarker profiles are

incomplete to accommodate the situation in which some biomarker combinations are

not occurred in the target population.

We constructed eight scenarios to evaluate the performance of the proposed design.

The detailed set-ups for each of the eight scenarios are listed as follows:
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(1) Scenario 1: Suppose we are looking at a scenario with J = 2 subgroups (G1 :

− − / + +, G2 : + − / + +) and K = 2 treatment (Z1 and Z2). Patients in

subgroup G1, having the biomarker status of − − / + +, are beneficial from

treatment Z1, while patients in subgroup G2 are beneficial from treatment Z2.

The true probabilities of clinical efficacy for the biomarker-treatment pairs are set

to π−−12 = (πZ1 , πZ2)
−− = (0.50, 0.05), π+−

12 = (0.05, 0.50) and π++
12 = (0.50, 0.50).

In this scenario, the biomarker (−+) is assumed not occurring in the target

population.

(2) Scenario 2: Suppose we are looking at a scenario with J = 2 subgroups (G1 :

− − / + −, G2 : − + / + +) and K = 2 treatment (Z1 and Z2). Patients in

subgroup G1, having the biomarker status of − − / + −, are beneficial from

treatment Z1, while patients in subgroup G2 are beneficial from treatment Z2.

The true probabilities of clinical efficacy for the biomarker-treatment pairs are

set to π−−12 = (πZ1 , πZ2)
−− = (0.50, 0.05), π−+

12 = (0.05, 0.50), π+−
12 = (0.50, 0.05)

and π++
12 = (0.05, 0.50). In this scenario, biomarker status takes all the possible

values of the combinations.

(3) Scenario 3: Suppose we are looking at a scenario with J = 2 subgroups (G1 :

− − / + −, G2 : ++) and K = 2 treatment (Z1 and Z2). Patients in subgroup

G1, having the biomarker status of − − / + −, are beneficial from treatment

Z1, while patients in subgroup G2 are beneficial from treatment Z2. The true

probabilities of clinical efficacy for the biomarker-treatment pairs are set to π−−12 =

(πZ1 , πZ2)
−− = (0.50, 0.05), π+−

12 = (0.50, 0.05) and π++
12 = (0.05, 0.50). In this

scenario, the biomarker (−+) is assumed not occurring in the target population.

(4) Scenario 4: Suppose we are looking at a scenario with J = 2 subgroups (G1 : −−,
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G2 : ++/+−) and K = 2 treatment (Z1 and Z2). Patients in subgroup G1, hav-

ing the biomarker status of −−, are beneficial from treatment Z1, while patients

in subgroup G2 are beneficial from treatment Z2. The true probabilities of clin-

ical efficacy for the biomarker-treatment pairs are set to π−−12 = (πZ1 , πZ2)
−− =

(0.50, 0.05), π+−
12 = (0.05, 0.50) and π++

12 = (0.05, 0.50). In this scenario, the

biomarker (−+) is assumed not occurring in the target population.

(5) Scenario 5: Suppose we are looking at a scenario with J = 2 subgroups (G1 :

− − / + −, G2 : − + / + +) and K = 2 treatment (Z1 and Z2). Patients in

subgroup G1, having the biomarker status of − − / + −, are beneficial from

treatment Z1, while patients in subgroup G2 are beneficial from treatment Z2.

The true probabilities of clinical efficacy for the biomarker-treatment pairs are

set to π−−12 = (πZ1 , πZ2)
−− = (0.50, 0.05), π+−

12 = (0.50, 0.05), π−+
12 = (0.05, 0.50)

and π++
12 = (0.05, 0.50).

(6) Scenario 6: Suppose we are looking at a scenario with J = 2 subgroups (G1 :

+ − / + +, G2 : − − / − +) and K = 2 treatment (Z1 and Z2). Patients in

subgroup G1, having the biomarker status of + − / + +, are beneficial from

treatment Z1, while patients in subgroup G2 are beneficial from treatment Z2.

The true probabilities of clinical efficacy for the biomarker-treatment pairs are

set to π+−
12 = (πZ1 , πZ2)

+− = (0.50, 0.05), π++
12 = (0.50, 0.05), π−−12 = (0.05, 0.50)

and π−+
12 = (0.05, 0.50).

(7) Scenario 7: Suppose we are looking at a scenario with J = 2 subgroups (G1 :

− − / + −, G2 : − + / + +) and K = 2 treatment (Z1 and Z2). Patients in

subgroup G1, having the biomarker status of − − / + −, are beneficial from

treatment Z1, while patients in subgroup G2 are beneficial from treatment Z2.
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The true probabilities of clinical efficacy for the biomarker-treatment pairs are

set to π−−12 = (πZ1 , πZ2)
−− = (0.50, 0.05), π+−

12 = (0.50, 0.05), π−+
12 = (0.05, 0.50)

and π++
12 = (0.05, 0.50).

(8) Scenario 8: Suppose we are looking at a scenario with J = 2 subgroups (G1 :

+ + / + −, G2 : − − / − +) and K = 2 treatment (Z1 and Z2). Patients in

subgroup G1, having the biomarker status of + − / + +, are beneficial from

treatment Z1, while patients in subgroup G2 are beneficial from treatment Z2.

The true probabilities of clinical efficacy for the biomarker-treatment pairs are

set to π++
12 = (πZ1 , πZ2)

++ = (0.50, 0.05), π+−
12 = (0.50, 0.05), π−−12 = (0.05, 0.50)

and π−+
12 = (0.05, 0.50).

The eight scenarios cover different cases of subgroup-treatment matchings. Given

two biomarkers, there are 22 = 4 possible combinations resulting in 4 possible sub-

groups if we classify the target population based only on biomarker status. Our

definition of a subgroup is a matching between biomarker status and the optimal

treatment assignments. In real cases, the true number of subgroups might be less

than 3 due to small sample size in early phase clinical trials.

We compared our design to the “direct” approach, which directly carries out

the multi-arm two-stage designs. In the first stage, we treat patients with different

biomarker status to different treatment arms using equal randomizations. In this

stage, we collect some preliminary data and also identify the “go/not go” biomarker

arms. In the second stage, we carried out the biomarker enrichment designs to the

“go” biomarker-treatment arm and the control arm. The optimal treatments are

identified based on the estimated clinical response from all the data accrual.

Reporting the simulation results includes the percentage of correct selection (PCS)
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of the right optimal treatments for the subpopulations characterized by their biomarker

profiles under each scenarios. To make a fair comparison, we restrict equivalent sam-

ple sizes for both the proposed and “direct” methods. The proposed method out-

performed the direct approach, with higher PCS (see in table 6.1). In scenario 1, 3

and 4, there are three possible combinations of the biomarker profile in the target

population. Among these scenarios, for each subgroup, the matchings are different

between the biomarker profile and the suggested treatment. The PCS of the proposed

design were much higher than that of the direct design for each subgroup matching

in the scenarios 1, 3 and 4. For example, in scenario 3, the PCS for subgroup 1

(Z1−−/+−) is above 90%, which the PCS for the direct approach is less than 64%.

For scenarios 2, 5, 6, 7 and 8, there are four possible biomarker combinations in the

target population. In scenarios 2, 6 and 7, the PCS are 40% higher than the direct

approach for each of the true matchings, while in scenarios 5 and 8, the PCS are 20%

higher than the direct approach.

6.5 Conclusion

In this chapter, we have proposed a biomarker-based precision medicine design for

phase IIb clinical trials that aims to match optimal treatments with subpopulations

that are characterized by their biomarker profiles. Due to the property of a relatively

small sample size in phase II trials, we encourage the clinicians/physicians to observe

and record the longitudinal biological activity outcome after taking the suggested

treatment to boost the prediction power of our proposed method. The performance

of the proposed method outperforms than the traditional enrichment approach using

different scenarios in terms of much higher selection percentages of the truth optimal

treatments for each of the subpopulations. Also, to gain the comparable power with



130

traditional method, our framework needs smaller sample sizes and therefore expedite

the drug productions and treatment strategies.

There are a number of avenues for future work. First, in this chapter, our biomark-

ers are categorical and are normalized in the form of a vector. In general cases, the

biomarkers can be continuous, for example, the gene expression levels. In this case,

we can either dichotomize the continuous variable into categorical types or model it

using continuous distributions, e.g., normal distributed variable. In terms of the data

structure, the biomarkers can form into a matrix, each row representing the pathways

and each column representing the investigated genes. In this context, each cell of the

biomarker matrix would be the continuous observations of gene expression level for

gene j in pathway i. As long as we know the background distributions of the gene

expression data, we can model it using latent variable model on subgroups to aid in

our statistical modeling. Second, we can incorporate the data of toxicity monitoring

in phase I so that we can jointly model toxicity and efficacy, therefore leading more

accurate declaration of the admissible treatment set for each of the subpopulations.

Thirdly, we can also take into account of the long-term suvival follow-ups in phase

III such that the identified optimal treatment for each subpopulation can be further

confirmed in phase III study.
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Table 6.1 : The percentage of correct selection for each of the simulated scenarios. Z1 and

Z2 are the treatments for investigation.

Selection percentage

proposed method direct

Scenario Biomarker Z1 Z2 Z1 Z2

1 - - 97.4% 0.2% 65.7% 0.0%

+ - 3.9% 67.4% 0.0% 64.5%

+ + 58.7% 40.4% 44.3% 41.6%

2 - - 99.4% 0.1% 56.6% 0.0%

+ - 0.2% 99.0% 0.0% 58.1%

+ - 99.4% 0.0% 55.5% 0.0%

+ + 0.1% 98.9% 0.0% 58.8%

3 - - 90.2% 0.2% 58.2% 0.0%

+ - 90.3% 0.00% 61.2% 0.0%

+ + 0.2% 99.6% 0.0% 64.2%

4 - - 99.4% 0.4% 63.7% 0.0%

+ - 0.1% 90.7% 0.0% 57.5%

+ + 0.1% 91.1% 0.0% 60.4%

5 - - 75.7% 2.5% 52.4% 0.0%

- + 2.8% 87.7% 0.0% 62.8%

+ - 86.3% 3.2% 54.5% 0.0%

+ + 9.5% 86.7% 42.8% 48.7%

6 - - 0.3% 98.1% 0.0% 58.8%

- + 0.5% 98.2% 0.0% 56.7%

+ - 98.4% 0.5% 56.8% 0.0%

+ + 98.4% 0.4% 54.3% 0.0%

7 - - 98.7% 0.1% 57.0% 0.0%

- + 0.1% 98.9% 0.0% 56.6%

+ - 99.0% 0.0% 59.3% 0.0%

+ + 0.3% 98.9% 0.0% 55.8%

8 - - 10.7% 85.2% 0.5% 46.7%

- + 3.2% 86.4% 0.0% 65.8%

+ - 86.4% 3.7% 53.8% 0.0%

+ + 73.1% 3.3% 53.6% 0.0%
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Chapter 7

A Bayesian Precision Medicine Design for Phase II/III
Clinical Trials with Multiple Treatments

In this chapter, we aim to extend our precision medicine design into phase III clinical

trials. Therefore, long-term efficacy of the survival outcome will be considered into

statistical modeling.

7.1 Motivation

In cancer treatment practices, personalized medicine has been raised great awareness

in response to cancer heterogeneity, or genetic diversity within a single cancer popu-

lation. In this article, we propose a Bayesian personalized design to find customized

treatments that cause fewer side effects but much more effectiveness to each patient

according to his/her biomarker makeup/profile. To overcome the curse of dimen-

sionality caused by the relatively large number of biomarkers and their interactions

with the treatment, we propose a personalized design based on the Chinese restau-

rant process (CRP) to identify the effective treatment to each subgroup of patients

according to their short term binary efficacy endpoints, longitudinal outcomes and

long term survival outcomes. Our model captures the biomarker-subgroup-treatment

and their interaction information that is predictive to the observed phase II/III out-

comes. We first define the acceptable treatment sets based on the short term binary

efficacy and longitudinal outcomes, and then identify the most effective treatment

by monitoring patients’ long-term efficacy endpoints. A two-stage treatment identifi-
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cation algorithm is proposed to find the personalized optimal treatment for patients

with a specific biomarker pattern. Simulation studies show that the proposed design

has higher probability of identifying the true treatment strategy than some existing

designs. The source R code is freely available upon request.

7.2 Introduction

Personalized medicine [234, 235], also termed as precision medicine, is a medical proce-

dure that separates patients into different groups - with medical decisions, practices,

interventions and/or products being tailored to the individual patient’s biomarker

profile. Creating a personalized cancer treatment plan involves matching patients

with treatments that are likely to be more effective and cause fewer side effects. Op-

timizing the treatment benefit under this paradigm requires the personalized treat-

ment plan to account for the patient’s individual characteristics when searching for

the optimal treatment that is “personalized” for each patient. For example, per-

sonalized clinical trials examines the interactions between patients’ biomarker status

and clinical features, such as toxicity, short-term efficacy, longitudinal responses, and

long-term survival efficacy. Two key steps in personalized trials are to identify the

biomarker subpopulations/clusters and to then correlate these clusters with clini-

cal features. As a motivating pseudo-example, consider a phase II/III trial for the

purpose of finding the optimal treatment of a novel molecularly targeted agent in

patients with ovarian cancer. Copy number variations in the following genes, LIPG,

ROCK1 and SMAD4, are scored as ‘+’ and ‘-’; and patients can be characterized by

these biomarkers. This sample was obtained from the Cancer Genome Atlas (TCGA)

project [60] with patients’ CNA status, short term efficacy (binary tumor responses),

longitudinal epithelial ovarian cancer biopsies responses, and progression free survival
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data collected.

For early phase cancer clinical trials, many statistical procedures are based on the

assumption of a homogeneous population. For example, Liu and Yuan [215] proposed

an innovative ‘rule-based’ design, BOIN, which has received a great deal of recent

attention due to its appealing statistical performance and simplicity to implement in

practice. Thall et al. [210] proposed a six-parameter model based design the find

three MTDs. Wang and Ivanova [211] proposed a design to find the MTD contour

based on a parametric model. Yuan and Yin[212] proposed a sequential method to

find the MTD contour by converting two-dimensional dose findings into a series of

one-dimensional dose findings. Zhang and Yuan [229] proposed a waterfall design to

find the MTD contours. All these early phase designs are based on homogeneous

population.

Recently there are several early phase trial designs [236, 237, 238] that take into

account of the subpopulation’s characteristics as well as the interactions between those

characteristics and the treatment as covariates or the stratification variable in the

treatment/drug dose discovery model. There are some personalized design for phase

I/II designs; but very few Bayesian precision medicine designs are found for the phase

II/III trials with multiple treatments. A phase I/II trial proposed by Thall, Nguyen

and Estey (2008) [239] that took into account of the patient-specific characteristics

and their interactions with the dose treatment. There are also several phase I clinical

trials with their aim to find the personalized dose treatment for specific patients. For

example, Piantadosi and Liu (1996) [240] incorporated the patient’s pharmacokinetic

data to find the proper dose for each patient that help improve the performance of the

trial designs. Babb and Rogatko (2001) [241] utilized patient covariate information

in a phase I clinical trial. O’Quigley and Paoletti (2003) [242], Yuan and Chappell
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(2004) [243], and Ivanova and Wang (2006) [211] proposed dose finding methods for

patient subpopulations that are characterized by certain prognostic factors.

A number of phase II/III trial designs have been proposed for testing the clinical

utility of population biomarkers. Those traditional phase II/III trial designs are

conducted separately. For example, two recent phase II trial designs for molecular

targets in cancer care are umbrella and basket trials. The basket discovery trial

[230, 231] considers only a single treatment and single biomarker, groups patients by

mutation, and attempts to discover the types of patients for whom the drug should

be developed and place different histologies in baskets in later phase studies. The

“umbrella” design [231] considers multiple biomarkers but takes patients with the

same type of cancer with the strategy of assigning patients to different arms of a

study based on their mutations. Once phase II is completed, phase III trials always

try to present credible validation of the biomarkers to each of the given treatment.

For example, Matsui et al. (2012) [244] used their model to predict a continuous score

reflecting the expected benefit for the new treatment relative to the control rather

than just classifying patients into one of two subsets. Gu et al. (2013) [245] have

developed a two-step strategy for developing a model for predicting outcome as a

function of treatment and selected biomarkers that are selected using a group lasso

approach in which the main effects of a biomarker are grouped with the interactions of

that marker with treatments and can be used with two or more treatments. All these

attempts use cross-validation to replace simple splitting the trial into training set and

test set to increase the statistical power. A common limitation of these traditional

methods e.g., direct linear regression, focus on scenarios that have underlying pattern

or restrictions on the interaction terms between surrogate biomarkers and treatment

arms.
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For our motivating trial, we can use the straightforward approach to directly in-

clude gene alterations and their interactions with the treatment as covariates in the

proposed models. To identify the best treatment to each subpopulation character-

ized by the patient’s biomarker profile, the most natural approach is to assess all the

biomarkers and get the responsive one to each of the pre-specified treatments in a

parallel way during phase II; and then conduct the confirmative phase III enrichment

analysis with equal randomizations on treatment and control arms. Here, we pro-

posed a Bayesian treatment searching design that tries to consider all-order interac-

tions not only two-way interactions and simultaneously fulfill the need to validate the

biomarker, to select the subgroup and to confirm the efficacy and effectiveness of the

treatment. The selection of personalized treatment for cancer patients by monitoring

the subgroups must maximize their binary efficacy (short-term phase II endpoints)

and survival (clinical progression free survival) in response to different types of pa-

tients’ covariates. Historically, a single treatment has been selected for a population

of patients (e.g., all stage III non-small cell lung cancer). However, the availability

of new biologic markers for the longitudinal biological activity, short-term phase II

endpoints and clinical survival allows the possibility of selecting a more personalized

treatment. We consider the use of statistical models for biological activity responses

as a random effect model of treatment time and biomarker-related subgroup, the

short-term phase II endpoint as a function of treatment and biological-related activ-

ity, and clinical progression free survival conditional on biological activity responses

and short-term efficacy endpoint as a cox model, to select an optimal treatment for

an individual patient or a set of patients (subgroup/cluster).

The remainder of this article is organized as follows. In Section 3, we propose the

new design based on Chinese restaurant process in phase II and extend it to phase
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III trials. We briefly describe the trial design details and conducts in Section 4. In

Section 5, we investigate the operating characteristics of the proposed design based

on simulation studies. In Section 6, we conclude with a brief discussion.

7.3 Methods

Suppose we have K treatments and N patients indexed by i ∈ {1, 2, · · · , N} with each

patient having covariates X, and composite outcomes (W, Y, T ), where Y ∈ {0, 1}

is a binary efficacy (short-term phase II endpoint), W, a vector of length R, takes

continuous ancillary longitudinal measurements of efficacy characterizing patient’s

biological activity, and Z is survival (the progression free survival (PFS)) outcome.

Let p ∈ {1, 2, . . . , P} index the covariates with P denoting the number of covariates

(e.g., P = 3 with X1 = +/−, X2 = +/− and X3 = +/−). Suppose the P categorical

covariates end up with Q real combinations (e.g., Q = 5 with +++/+−+/−++/−

−+ /−−−). Suppose all the N patients can be clustered into J optimal subgroups

with each subgroup corresponding to a specific personalized treatment assignment

w.r.t patients’ biological activity, short-term phase II endpoint (efficacy) and long-

term phase III PFS outcomes (survival). For each subgroup characterized by the

structure patients’ covariates, the aim of this project is to propose a method for the

selection of personalized treatment for each patient i based on the median PFS and

the probability of efficacy on subgroup-treatment assignment (Gi = j, Zi = k), where

j ∈ {1, 2, . . . , J} and k ∈ {1, 2, · · · , K}.

7.3.1 Model Setup

Consider a personalized phase II/III clinical trial with K pre-specified treatment arms

with N patients’ biological activity, and short-term and long-term clinical outcomes
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monitored in term of their efficacy and survival. We focus on the case of biolog-

ical activity, and short-term and long-term clinical outcomes/responses (W, Y, T ),

where W is a vector of the continuous outcome of surrogate biomarker, Y is the

phase II bivariate endpoint denoting the patient status of short-term treatment ben-

efit/effectiveness and T is the long-term continuous time to the event of patient

progression survival outcome. For each patient i with biomarker Xi, if the treat-

ment arm Zi = k is chosen, we want to predict his/her clinical outcome Wir, Yi, Ti

at time Ur based on
∏R

r=1 pr(Wir) · pr(Yi|Wi) · · · pr(Ti|Yi,Wi), which is proportional

to pr(α1ij, α2ij) · pr(Yi|Vi) · pr(Vi|α1ij, α2ij) · pr(Ti|Yi, α1ij, α2ij), to facilitate better

decision making for the personalized treatment arm and subgroup assignments.

Generally, the biological activity of the surrogate biomarkers, Wir, can follow a

general random effect model with respect to repeatedly measured time Ur, taking

into account that different patients may have different effect sizes. The short-term

phase II endpoints, strongly correlated with biological activities/responses, vary from

population to population, which can be characterized patient’s covariates X. And

long-term phase III survival outcomes, corresponding to different treatment arms,

can be monitored as the choice of treatments applied to disease progresses. Taking

this idea in mind, we assume that, for each of the patient’s population, the level

of surrogate biomarker follows a general linear mixed models. We also assume that

the short-term efficacy for patient i, Yi, conditional on subgroup Gi = j, follows

a random-effects probit model, a latent variable approach to model Yi. We take

the subgroup Vi as the latent variable to model the relationship between the phase

II outcomes probabilities Yi with subgroup of Gi. Under the piecewise exponential

model, the times to failure satisfies the assumption: the hazard rate function, denoted

as hm(Ti), of each individual is constant over any given time interval; and log[hm(Ti)]
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falls into a linear subspace. To incorporating the covariates’ information, we model

the hazard of the ith patient in the kth treatment arm as hm(Ti|Yi, α1ij, α2ij, Gi, Zi) =

λ(Ti) ·exp(γ0Yi+γ1α1ij +γ2α2ij +γ3j +γ4k+γ5jk), where λ(Ti) stands for the baseline

hazard function, and γ0, γ1, γ2 are an unobservable fixed effects or frailty following a

normal distribution, γ3j, γ4k, γ5jk are the random effects. We need to model the joint

distribution of the outcome (W, Y, T ) given the subgroup assignment G for all the

N patients, that is pr(W, Y, T |X, β, γ, η, α,G) in order to obtain valid inference. We

factorize the joint distribution into three components based on our aforementioned

assumption as follows:

pr(W, Y, T |X,G) ∝
J∏
j=1

∏
Gi∈j

{pr(Gi|Xi)× pr(α1ij, α2ij|Gi = j)×

pr(Yi|Vi)× pr(Vi|α1ij, α2ij, Gi, Zi)×

pr(Ti|Yi, α1ij, α2ij, Gi, Zi)},

where Vi is the latent variable for short-time efficacy Yi and (α1ij, α2ij) are unknown

parameters to characterize Wi|Gi. The first component specifies the feature of

subgroup-covariate models. The second component specifies the feature of biologi-

cal response-subgroup, i.e., the continuous surrogate biomarker responses conditional

on subgroup assignment. The third and fourth components specify the features of

short-term efficacy-subgroup-treatment conditional on subgroup and treatment as-

signments. The last component, a feature of survival-efficacy, models the long-term

clinical outcome conditional on the short-term response Y and biological trajecto-

rys (α1ij and α2ij), i.e., how the PFS T depends on the short-term efficacy Y and

surrogate biomarker activity W.

In the following, we will specify each component of the factorization for the clinical

data (W, Y, T |G) with covariates X.
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7.3.2 Subgroup-covariates Latent Model

Following the covariate observations on K treatment arms that the N patients can be

effectively grouped into J << N subgroups with each having a personalized treatment

assignment, and Gi = j be the group assignment for patient i, with i ∈ {1, · · · , N}

and j ∈ {1, · · · , J}. Assume the covariates are independent with each other. Using

the latent variable, we model the occurrence probability of subgroup-covariate matrix

for all the patients in subgroup j as

pr(X) =
N∏
i=1

J∑
j=1

{pr(Xij|θj)pr(Gi = j|α0)}

=
N∏
i=1

J∑
j=1

{pr(Gi = j|α0)pr(Xij|θj)}, where q = 1, · · · , Q,

=
N∏
i=1

J∑
j=1

{pr(Gi = j|α0)

Q∏
q=1

θ
I(Xij=q)
jq }.

In practice, we often has no information on the number of subgroups J . There-

fore, we consider J as an unknown parameter and infer it from the covariate data.

In order to do so, we impose a Chinese Restaurant process (CRP) prior on the sub-

group assignment Gi, parameterized by a parameter α0. The CRP characterizes the

random partition of patients’ data into subgroups, in analogy to the seating process

of customers in a Chinese Restaurant. Under the CRP prior, the subgroup (table)

assignment of the jth covariant vector (subject), conditioned on the subgroup assign-

ment of all the other subjects, follows the distribution

pr(Gi = j|G¬i, α0) =


nj,¬i

N−1+α0
if subgroup j is occupied,

α0

N−1+α0
if subgroup j is empty,

(7.1)

where nj,¬i represents the number of subjects that belong to subgroup j excluding the

current subject i, with
∑J

j=1 nj,¬i = N−1. G¬i represents the subgroup assignments of
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all the other subjects. The flexibility of allowing any patient to start a new subgroup

enables us to automatically infer J from data. Note that the expected number of

subgroups under the CRP prior (Teh, Y. Dirichlet process. Springer, 2010, 280-287)

satisfies J ∼ O(α0 · log(N)) << N , therefore our method scales well as the number

of subjects N grows large. We can also impose a gamma prior α0 ∼ Ga(a, a) on α0

to help us infer its value.

7.3.3 Random-effect and Latent probit model for efficacy

Assume the conditional on the latent subgroup G, (W, Y )> are independent of X,

we model the outcomes using separate models. Generally, the biological responses

monotonically increases as time Ur increases; and we assume that patients having

different clinical responses also have different patterns in biological responses. We

model W|Ur relationship using the general linear mixture model(7.2) and impose a

normal prior on the slope α1ij, the intercept α2ij, while we model the corresponding

Yi|Wi w.r.t the subgroup assignment for patient i using the latent variable model as

follows(7.3).

Wir|Gi = j = α1ij + α2ijUr + εr, where εr
iid∼ N(0, σ2) (7.2)

Yi|Vi =


1 if Vi ≥ 0,

0 if Vi < 0;

, (7.3)

Vi|α1ij, α2ij, Gi = j, Zi = k ∼ N(β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk, 1)(7.4)

pr(Yi = 1|α1ij, α2ij, Gi = j, Zi = k) = Φ(β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk),(7.5)

where Φ(.) denotes the cumulative distribution function of the standard normal distri-

bution, α1ij, α2ij, α2ij, β0 − β2, β3j, β4k and β5jk are unknown parameters that possess
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intuitive interpretations. Parameter α1ij and α2ij are the random intercept and slope

from biological activity Wi, which are varying from patient to patient, and from sub-

group to subgroup. Parameter β3j, β4k and β5jk are the random effects, which are

varying from subgroup to subgroup, and/or treatment to treatment. ε is the error

amount by which the expected value differs from actually observed value. Assumed

that ε are independently and identically distributed as a normal distribution by the

mean and standard deviation, e.g., ε
iid∼ N(0, σ2). Note that Gi = j is the subgroup

assignment associated with the covariates Xi and Zi = k is for treatment assignment.

Suppose we have the observed data Yi, the likelihood function corresponding to

efficacy is given by

Leff (Y |G,Z,W ) ∝
K∏
k=1

J∏
j=1

njk∏
i=1

{Φ(β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk)}yi

×{1− Φ(β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk)}1−yi

7.3.4 Survival model for efficacy

Let Ui denote the time to disease progression (TTP), and let Ci denote the random

right-censoring time for the ith patient. We observe Ti = min(Ui, Ci) and the cen-

soring indicator ∆i = I(Ui ≤ Ci). We only observe the pairs (Ti, δi), i = 1, 2, · · · , n.

Then, consider the following change point model of the hazard function for patient i

with a total number of M change points as follows:

hm(Ti) = λ(Ti) · exp(γ0Yi + γ1α1ij + γ2α2ij + γ3j + γ4k + γ5jk),
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where λ1, · · · , λM+1 > 0 and

λ(Ti = t) =



λ1 0 ≤ t < τ1

λ2 τ1 ≤ t < τ2

· · ·

λM+1 τM ≤ t <∞.

where λ(.) stands for the baseline hazard function, λ1, · · · , λM+1 are the piecewise con-

stant value of the hazard function between time points τm−1 and τm, and τ1, · · · , τM+1

are ordered and fixed given change points in the hazard function. Parameters γ0, γ1, γ2

are the fixed intercept and slope effects. γ3j, γ4k and γ5jk are random effects and they

are varying from subgroup to subgroup, and/or from treatment to treatment. Since

pr(Ti = z) = hm(t)e−
∫ t
0 hm(u)du, the piecewise exponential density function is

f(Ti|Yi, Gi, Zi, α1ij, α2ij) =



λ1Γi · e−λ1Γit 0 ≤ t < τ1

λ2Γi · e(−λ1τ1−λ2(t−τ1))Γi τ1 ≤ t < τ2

· · ·

λM+1Γi · e(−λ1τ1−λ2(τ2−τ1)−···−λM+1(t−τM ))Γi τM ≤ t <∞

,

where Γi = exp(γ0Yi + γ1α1ij + γ2α2ij + γ3j + γ4k + γ5jk). And the survival function

is then given by

S(Ti = t|Gi, Ti, Yi, α1ij, α2ij) =



exp(−λ1Γit) 0 ≤ t < τ1

exp(−λ1τ1 − λ2(t− τ1))Γi τ1 ≤ t < τ2

· · · · · ·

exp(−λ1τ1 − λ2(τ2 − τ1)− · · · − λM+1(t− τM))Γi τM ≤ t <∞.
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Let T = {ti} be the vector of the observed TTP and δ = {δi} be the corresponding

censoring indicators. Conditional on the subgroup-treatment effects, the likelihood

function of the observed survival data is given by

Lsur(T, δ|γ, λ, η, β1ik) ∝
n∏
i=1

f(ti|Gi, Ti, Yi, α1ij, α2ij)
δiS(ti|Gi, Ti, Yi, α1ij, α2ij)

1−δi

Through sharing random effects α1ij and α2ij, the correlation can be taken into

account between efficacy and survival outcomes from the same subject. Thus, the

joint likelihood for the bivariate efficacy and continuous survival outcomes is given

by

L(y, t, δ|γ, η, λ) ∝ Leff (y|Gi, Zi, α1ij, α2ij)× Lsur(t, δ|Gi, Zi, Yi, α1ij, α2ij)

7.3.5 Trial Design and Conduct

Consider a trial having K treatments k(k ∈ {1, 2, · · · , K}) associated with some

surrogate biomarker. Given the K treatment arms and 1×P covariate vector, finding

the personalized treatment for each sub-population group consists of the following

stages: (a) find the Acceptable Treatment Set (ATS) for each subgroup with specific

biomarker profile X in the first stage; (b) personalized subgroup-treatment selection

from the ATS based on long term survival data in the second stage.

(I) In stage I (Phase II), a Bayesian non-parametric clustering algorithm is ap-

plied to the accrual data from K treatment arms. A maximum number of

N1 (e.g., 120) patients are randomly assigned to K treatment arms, and we

fit and determine subgroups and their corresponding acceptable treatment sets

based on the proposed method with biological activity data W , short-term ef-

ficacy data Y and long-term clinical survival data T . At the end of this stage,
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Figure 7.1 : The flowchart of the Bayesian precision medicine design with a two-stage

design framework

the model parameters will be updated based on current patients’ data accrual,

and decisions should be made for all the possible subgroups G1,G2, · · · ,GJ .

And at the same time, for each subgroup Gj with biomarker profile X(j),

the subgroup-specific acceptable treatment set (ATS) is determined as Aj,

a set of Zk that satisfies the following criteria based on the observed data

XN1 ,WN1 , YN1 and ZN1

Pr(πY (Zk) > φY,Zk |Gj, X(j),WN1 , YN1 , ZN1) > δY,Zk (e.g., 0.6)

or

Pr(πT (Zk)− πT (Ck) > φT,Zk |Gj, X(j),WN1 , YN1 , ZN1) > δT,Zk (e.g., 0.7)



146

where πY (Zk) is the probability of short-term efficacy if treatment arm Zk is

used; πT (Zk) − πT (Ck) is the difference of restrictive mean survival times be-

tween treatment arm Zk and control arm Ck. φY,Zk and φT,Zk are the lower

bounds on the probability of short-term efficacy and the difference of the

mean survival times, and δY,Zk , δT,Zk are non-negative cutoffs. The values of

φY,Zk , φT,Zk should be elicited from physicians, and δY,Zk and δT,Zk should be

calibrated to obtain good design operating characteristics. The definition of

acceptable efficacy criteria accounts for the practical consideration that for a

molecularly targeted agent, a treatment is considered promising if it can achieve

a certain rate of short-term efficacy or a certain rate of long-term efficacy (if

the rate of short-term efficacy is relatively low at current stage).

(II) After stage I is completed, we move to stage II and perform personalized

subgroup-treatment finding based on the proposed method, with a maximum

sample size of N2 patients. Since the optimal treatment depends on the pa-

tient’s individual biomarker profile, in stage II, we treat patients in a one-by-one

manner until an interim time point τ . Average sample sizes could be reduced

without increasing the error rates (type I & II errors) by the use of interim

analyses. In studies of serious diseases such as cancer, there is an obvious need

for designs which allow interim analyses of the data to be made so that the

trial can be stopped as soon as possible if the new treatment is not superior

to the current standard therapy. Note that in real clinical trial practice, pa-

tients are suggested to apply one treatment at a time. Therefore if multiple

treatments in Aj are acceptable for some subgroup Gj, one winner treatment

Dj is selected out from Aj at the interim time point, and final decisions would

be made upon the end of the phase III design. In stage II, we perform trials
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to test several promising treatment regimens sequentially against their control

treatment arms in a traditional two-arm parallel group design. An interim time

point is introduced in this stage of the trial design based on eliminating infe-

rior contenders before an early interim stage (before-interim stage), allowing

through to a second stage (after-interim stage) only treatments that show a

predefined degree of advantage against their control arm. The before-interim

stage of testing utilizes the valid intermediate outcome for the definitive out-

come. The treatment arms are compared pairwise with controls according to

the criteria from this intermediate outcome. Arms that survive the comparison

enter into the after-interim stage of patient accrual culminating in comparisons

against control on the outcome measure of long term survivals of patients.

(1) Before-interim stage: For each subgroup Gj, We plan to randomly

assign N2,Zk patients to the acceptable treatment arm Zk ∈ Dj and N2,Cj

patients to its control arm Cj, and collect their corresponding outcomes

for further decision making.

(2) At the interim time point: At the interim time point, we monitor the

restrictive mean survival time to terminate assigning patients onto futile

treatment arm Zk ∈ Dj and its corresponding control arm if the difference

of restrictive mean survival times between treatment and control arms at

an interim time τ satisfies

Pr(πT (τ, Zk)− πT (τ, Cj) < φDj |data) > δ1.

That is to say, this treatment arm would be declared futile at this point, and

it would be abandoned without randomizing the additional patients. Oth-

erwise, we pick out a winner treatment for each of the identified subgroups
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if their acceptable treatment set is not empty according to the following

winner-picking criteria:

argZk(Pr(πT (Zk) == max(πT (Aj))) > 0.90).

After this, for the non-futile treatment arms, we continuously assign coming

patients to the effective/sensitive treatment Fj and its control arm for

further evaluation of the long-term clinical endpoint of interest based on

their biomarker profiles. Note that adding futility rules to a design does

not increase the probability of a Type I error, it usually decreases it.

(3) After-interim stage: After the interim time point, we can perform tradi-

tional multi-arm randomization trials to confirm if the treatment if effective

w.r.t the identified subgroup. We keep treating patients with the winner

and non-futile treatment arms based on their biomarker profiles X and

placebo control arms until a total number of patients N2 is reached.

(4) Final decision: At the end of Phase III (stage II), a test statistics is

calculated based on the restricted mean of survival time. And a significant p

value is calculated based on the conditional power to help make decisions.

At the end of the phase III trial, we re-estimate the significance of the

effectiveness between treatment and control arms.

7.3.6 Method Implementation

7.3.7 Model updating

We use MCMC with the adaptive rejection metropolis sampling (ARMS) and Gibbs

sampling algorithms for posterior inference under the proposed model, which au-

tomatically classifies enrolled patients into personalized treatment-arm specific sub-
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groups. We initialize the subgroup size J = α0 · log(N), where N is the total number

of patients for all K treatment arms in the trial design. Then, as each patient enrolls

into the trial, we update the parameters using the following steps:

(i) Sample G: For each patient i, we remove it from its current subgroup and

sample its subgroup assignment Gi from the posterior:

pr(Gi = j | G¬i,X,W, V, T,θGi , α0) = pr(Gi = j|G¬i,X,θGi , α0,Wi, Vi, Ti)

∝ pr(Gi = j|G¬i, g)pr(X ij|θGi)pr(Wi|Gi)pr(Vi|Gi,Wi)pr(Ti|Yi)

∝ pr(Gi = j|G¬i, g)× pr(X ij|θj)×
R∏
r=1

{pr(Wir|Gi = j)}

×pr(Vi|Gi,Wi)pr(Ti|Yi,Wi)

∝ pr(Gi = j|G¬i, g)×
Q∏
q=1

θ
1(Xij=q)
jq

×
R∏
r=1

{(2πσ2)−1/2exp(− [Wir − (α1ij + α2ij · Ur)]2

2σ2
)}

×exp(− [Vi − (β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk)]
2

2
)

×{λmΓi}δi{exp[(−λ1τ1 − λ2(τ2 − τ1)− · · · − λm(Ti − τm−1))Γi]},

where Γi = exp(γ0Yi + γ1α1ij + γ2α2ij + γ3j + γ4k + γ5jk).

The prior probability pr(Gi = j|G¬i, α0, N) is given by (7.1). For non-empty

subgroups 1, 2, ..., j, ..., J , the observed probabilities for subgroup assignments

are proportional to the quantity above. For new subgroup Gi = j and its

covariate observationX i for patient i, we have no information on the parameters

θj, α1ij, α2ij, β3j, β5jk, γ3j and γ5jk for updating Gi.

For the first part of pr(X i|θGi), we need to marginalize out θj for X i for new
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subgroup:

pr(X i|θGi) = pr(X i|θj) = pr(Xij|θj1, · · · , θjq, · · · , θjQ)

=

∫
θj

pr(Xij|Gi = j, θj)× pr(θj|
φ

Q
)

∝
∫
θj

Q∏
q=1

θ
I(Xij=q)
jq

Q∏
q=1

θ
φ
Q
−1

jq

B(θj1, · · · , θjq, · · · , θjQ)

=
B(θj1, · · · , θjq + 1, · · · , θjQ)

B(θj1, · · · , θjq, · · · , θjQ)
=

Γ(φ)

Γ(1 + φ)

Γ(1 + φ
Q

)

Γ( φ
Q

)
,

where Γ(.) is the Gamma function.

For the rest three parts (pr(Wir|Gi = j), pr(Vi|Gi = j, Zi = k, α1ij, α2ij) and

pr(Ti|Yi, Gi = j, Zi = k)), there are no conjugacy between the priors and data

likelihood and it’s hard to integrate out those parameters. Therefore, non-

conjugate collapsed samplers are used to construct the probabilities of each

subgroup evaluated on samples of the priors of these parameters (rather than

the marginal likelihoods) since we have no information for the parameters on

new subgroup and there are no conjugacy between the priors and data likelihood.

To solving the non-conjugacy issue, other two methods like Slice samplers and

split-merge samplers can also be used for avoiding numerical integration on the

marginal likelihood.

(ii) Update α1ij and α2ij: We impose a second-layer of hyper-parameters on

patient-specific intercept α1ij and patient-specific slope α2ij, which follow α1ij ∼

N(µ1j, σ
2
1j) and α2ij ∼ N(µ2j, σ

2
2j), respectively. The posterior distributions of
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α1ij and α2ij for patient i in each subgroup j is given by

pr(α1ij | Wi, Vi, Ti, µ1j, σ1j) ∝ pr(α1ij|µ1j, σ1j)pr(Wi|Gi = j)pr(Vi|α1ij, α2ij)

×pr(Ti|Yi, α1ij, α2ij)

= pr(α1ij|µ1j, σ1j)
R∏
r=1

pr(Wir|Gi = j)pr(Vi|α1ij, α2ij)pr(Ti|Yi, α1ij, α2ij)

∝ exp[−(Vi − (β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk))
2

2

−(α1ij − µ1j)
2

2σ2
1j

−
R∑
r=1

(Wir − (α1ij + α2ijUr))
2

2σ2
]

×{λmΓi}δiexp{(−λ1τ1 − λ2(τ2 − τ1)− · · · − λm(Ti − τm−1))Γi}

pr(α2ij | Wi, Vi, Ti, µ2j, σ2j) ∝ pr(α2ij|µ2j, σ2j)pr(Wi|α2ij)pr(Vi|α1ij, α2ij)

×pr(Ti|Yi, α1ij, α2ij)

∝ exp[−(Vi − (β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk))
2

2

−(α2ij − µ2j)
2

2σ2
2j

−
R∑
r=1

(Wir − (α1ij + α2ijUr))
2

2σ2
]

×{λmΓi}δiexp{(−λ1τ1 − λ2(τ2 − τ1)− · · · − λm(Ti − τm−1))Γi},

where Γi = exp(γ0Yi + γ1α1ij + γ2α2ij + γ3j + γ4k + γ5jk).

(iii) Update σ2: Impose inverse gamma prior on σ2, σ2 ∼ IG(a, a). Then, its

posterior distribution is as follows:

pr(σ2|Wir, Gi = j) = pr(σ2|W1r, · · · ,Wir, · · · ,WNr, Gi = j)

∝ pr(σ2)
N∏
i=1

R∏
r=1

pr(Wir|σ2, Gi = j)

∝ aa

Γ(a)
σ−2(a+1)exp(− a

σ2
)
N∏
i=1

R∏
r=1

{ 1

σ
exp(− [Wir − (α1ij + α2ijUr)]

2

2σ2
)}

∼ IG(a+
N ∗R

2
, a+

∑N
i=1

∑R
r=1[Wir − (α1ij + α2ijUr)]

2

2
).
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(iv) Update β0, β1, β2, β3j, β4k and β5jk: Impose normal priors on these parameters:

β0, β1, β2 ∼ N(0, σ2
0), β3j, β4k ∼ N(0, σ2

0) and β5jk ∼ N(µ5k, σ
2
5k). The posterior
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distributions for these parameters are as follows:

pr(β0 | V1, · · · , Vi, · · · , VN , σ2
0) ∝ pr(β0|σ2

0)
N∏
i=1

pr(Vi|β0, β1, β2, β3j, β4k, β5jk)

∝ exp[− β2
0

2σ2
0

−
N∑
i=1

(Vi − (β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk))
2

2
]

∼ N(

∑N
i=1[Vi − (β1α1ij + β2α2ij + β3j + β4k + β5jk)]

1
σ2
0

+N
,

1
1
σ2
0

+N
),

pr(β1 | V1, · · · , Vi, · · · , VN , σ2
0) ∝ pr(β1|σ2

0)
N∏
i=1

pr(Vi|β0, β1, β2, β3j, β4k, β5jk)

∼ N(

N∑
i=1

α1ij[Vi − (β0 + β2α2ij + β3j + β4k + β5jk)]

1
σ2
0

+
N∑
i=1

α2
1ij

,
1

1
σ2
0

+
N∑
i=1

α2
1ij

),

pr(β2 | V1, · · · , Vi, · · · , VN , σ2
0) ∝ pr(β2|σ2

0)
N∏
i=1

pr(Vi|β0, β1, β2, β3j, β4k, β5jk)

∼ N(

N∑
i=1

α2ij[Vi − (β0 + β1α1ij + β3j + β4k + β5jk)]

1
σ2
0

+
N∑
i=1

α2
2ij

,
1

1
σ2
0

+
N∑
i=1

α2
2ij

),

pr(β3j | Vi, · · · , Vnj , σ2
0) ∝ pr(β3j|σ2

0)

nj∏
i=1

pr(Vi|β0, β1, β2, β3j, β4k, β5jk)

∼ N(

nj∑
i=1

[Vi − (β0 + β1α1ij + β2α2ij + β4k + β5jk)]

1
σ2
0

+ nj
,

1
1
σ2
0

+ nj
),

pr(β4k | Vi, · · · , Vnj , σ2
0) ∝ pr(β4k|σ2

0)

nk∏
i=1

pr(Vi|β0, β1, β2, β3j, β4k, β5jk)

∼ N(

nk∑
i=1

[Vi − (β0 + β1α1ij + β2α2ij + β3j + β5jk)]

1
σ2
0

+ nk
,

1
1
σ2
0

+ nk
),

pr(β5jk | Vi, · · · , Vnj , µ5k, σ
2
5k) ∝ pr(β5jk|µ5k, σ

2
5k)

njk∏
i=1

pr(Vi|β0, β1, β2, β3j, β4k, β5jk)

∼ N(

µ5k
σ2
5k

+
njk∑
i=1

[Vi − (β0 + β1α1ij + β2α2ij + β3j + β4k)]

1
σ2
5k

+ njk
,

1
1
σ2
5k

+ njk
).
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(v) Update Vi: The full conditional distributions of Vi′s are independent and can

be sampled as follows:

Vi|Yi, β0, β1, β2, β3j, β4k, β5jk ∼ N+(β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk, 1) if Yi = 1,

Vi|Yi, β0, β1, β2, β3j, β4k, β5jk ∼ N−(β0 + β1α1ij + β2α2ij + β3j + β4k + β5jk, 1) if Yi = 0.

(vi) Update γ0, γ1, γ2, γ3j, γ4k and γ5jk: Impose normal priors on γ0, γ1, γ2 ∼ N(0, σ2
0),

γ3j, γ4k ∼ N(0, σ2
0), and γ5jk ∼ N(η5k, ω

2
5k). The posterior distributions are be-

low:

pr(γ0 | Ti, σ
2
0) ∝ pr(γ0|σ2

0)
N∏
i=1

pr(Ti|γ0)

∝ exp[− γ2
0

2σ2
0

]
N∏
i=1

{λmΓi}δiexp{(−λ1τ1 − λ2(τ2 − τ1)− · · · − λm(Ti − τm−1))Γi}

pr(γ1 | Ti, σ
2
0) ∝ exp[− γ2

1

2σ2
0

]
N∏
i=1

{λmΓi}δiexp{(−λ1τ1 − λ2(τ2 − τ1)− · · · − λm(Ti − τm−1))Γi}

pr(γ2 | Ti, σ
2
0) ∝ exp[− γ2

2

2σ2
0

]
N∏
i=1

{λmΓi}δiexp{(−λ1τ1 − λ2(τ2 − τ1)− · · · − λm(Ti − τm−1))Γi}

pr(γ3j | Ti, σ
2
0) ∝ pr(γ3j|σ2

0)

nj∏
i=1

pr(Ti|γ3j)

∝ exp[−
γ2

3j

2σ2
0

]

nj∏
i=1

{λmΓi}δiexp{(−λ1τ1 − λ2(τ2 − τ1)− · · · − λm(Ti − τm−1))Γi}

pr(γ4k | Ti, σ
2
0) ∝ pr(γ4k|σ2

0)

nk∏
i=1

pr(Ti|γ4k)

∝ exp[− γ
2
4k

2σ2
0

]

nk∏
i=1

{λmΓi}δiexp{(−λ1τ1 − λ2(τ2 − τ1)− · · · − λm(Ti − τm−1))Γi}

pr(γ5jk | Ti, η5k, ω
2
5k) ∝ pr(γ5jk|η5k, ω

2
5k)

njk∏
i=1

pr(Ti|γ5jk)

∝ exp[−(γ5jk − η5k)
2

2ω2
5k

]

njk∏
i=1

{λmΓi}δiexp{(−λ1τ1 − · · · − λm(Ti − τm−1))Γi},

where Γi = exp(γ0Yi + γ1α1ij + γ2α2ij + γ3j + γ4k + γ5jk).
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(vii) Update λm,m ∈ {1, 2, · · · ,M + 1}: Impose gamma priors on λm ∼ Ga(b, b).

The posterior distribution for λm is below:

pr(λm|Ti, b) ∝ pr(λm|b)pr(Ti|λm)

∝ λb−1
m exp(−bλm)

N∏
i=1

{λmΓi}δiexp{(−λ1τ1 − λ2(τ2 − τ1)− · · · − λm(Ti − τm−1))Γi}

∼ Ga(b+
N∑
i=1

δi1(τm−1 ≤ Ti < τm), b+
N∑
i=1

{∆m(Ti)Γi}),

where

∆m(Ti) =



0 Ti < τm−1

Ti − τm−1 τm−1 ≤ Ti < τm

τm − τm−1 Ti ≥ τm

and Γi = exp(γ0Yi + γ1α1ij + γ2α2ij + γ3j + γ4k + γ5jk).

(viii) Update µ1j, µ2j, µ5k, η5k: Impose hyper-priors for these parameters: µ1j, µ2j, µ5k, η5k ∼

N(0, σ2
0). We need to pool all the patients’ information in subgroup j or treat-

ment k so as to update these parameters by their posterior distribution given
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by

pr(µ1j|α1ij, σ
2
0) ∝ pr(µ1j|σ2

0) ·
nj∏
i=1

pr(α1ij|µ1j) ∝ exp[−
µ2

1j

2σ2
0

−
nj∑
i=1

(α1ij − µ1j)
2

2σ2
1j

]

∼ N(

∑nj
i=1 α1ij

σ2
1j

1
σ2
0

+
nj
σ2
1j

,
1

1
σ2
0

+
nj
σ2
1j

);

pr(µ2j|α2ij, σ
2
0) ∼ N(

∑nj
i=1 α2ij

σ2
2j

1
σ2
0

+
nj
σ2
2j

,
1

1
σ2
0

+
nj
σ2
2j

);

pr(µ5k|β5jk, σ
2
0) ∼ N(

∑
j

Zi=k

β5jk

σ2
5k

1
σ2
0

+ nk
σ2
5k

,
1

1
σ2
0

+ nk
σ2
5k

);

pr(η5k|γ5jk, σ
2
0) ∼ N(

∑
j

Zi=k

γ5jk

ω2
5k

1
σ2
0

+ nk
ω2
5k

,
1

1
σ2
0

+ nk
ω2
5k

).

(ix) Update σ2
1j, σ

2
2j, σ

2
5k, ω

2
5k: Impose hyper-prior of inverse-gamma with shape and

scale of a for these variance parameters. The posterior distributions are below:

pr(σ2
1j|α1ij, a) ∝ pr(σ2

1j) · pr(α1ij|σ2
1j) ∝

aa

Γ(a)
σ
−2(a+1)
1j

×(
1√

2πσ1j

)njexp(− a

σ2
1j

−
nj∑
i=1

(α1ij − µ1j)
2

2σ2
1j

)

∼ IG(a+
nj
2
, a+

∑nj
i=1(α1ij − µ1j)

2

2
);

pr(σ2
2j|α2ij, a) ∼ IG(a+

nj
2
, a+

∑nj
i=1(α2ij − µ2j)

2

2
);

pr(σ2
5k|β5jk, a) ∼ IG(a+

nk
2
, a+

∑
j

Zi=k

(β5jk − µ5k)
2

2
);

pr(ω2
5k|γ5jk, a) ∼ IG(a+

nk
2
, a+

∑
j

Zi=k

(γ5jk − η5k)
2

2
).

(x) Update θj: Consider a subgroup Gi = j with treatment Ti = k, sample θj from

its posterior pr(θj|φ,Q,Xij) = Dir(nj1 + φ
Q
, · · · , njq + φ

Q
, · · · , njQ + φ

Q
), where
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njq is the number of times that value q is taken by covariate Xi in subgroup j

since

pr(θj|Xi, Gi = j) ∝ pr(θj, Xij) = pr(θj|φ,Q)
∏
Gi∈j

pr(Xij|θj)

= pr(θj|φ, Q)×
∏
Gi∈j

Q∏
q=1

θ
I(Xij=q)
j

= Dir(nj1 +
φ

Q
, · · · , njq +

φ

Q
, · · · , njQ +

φ

Q
)

(xi) Update α0: Use the approach proposed by (West M 1992) to sample α0. (West,

M. Hyperparameter estimation in Drichlet process mixture models. Tech. rep.,

Duke University, 1992).

(xii) Estimate the true number of subgroups: Denote Ĵ as the estimate of the

true number of subgroups by taking the mode of the posterior distribution on

the number of subgroups J . Each sample i is assigned to the subgroup indexed

by the mode of the samples from the posterior of Gi denoted by Ĝi.

(xiii) Solve the “subgroup-label-switching” during iterations: the issue of “la-

bel switching” can cause a model to be unidentifiable, because the cluster labels

can be arbitrary permutated without affecting the data likelihood. If not mit-

igated properly, the label switching problem can severely complicate posterior

analysis. Here we recommend post-processing of the MCMC output, similarly

to the way in the mixture model literature (Stephens, 2000). Let PGh denote

the hth samples of subgroup-related parameters from the MCMC. PGh is a

P ×G matrix, where P is the number of all subgroup-related parameters and G

is the estimated size of subgroups. We first compute the posterior probability

pr(X,W, Y, T |PGh) and then select the iteration hmax that maximizes this prob-
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ability. We then permute the factors PGh obtained over all iterations h 6= hmax

to best match PGhmax . Performing this step aligns the posterior samples to

a common reference, enabling more meaningful posterior analysis, such as the

computation of posterior means.

7.3.8 Method Comparison

We will compare our proposed phase II/III design with the traditional phase II/III

trial design. The framework of our propose method is to partition the patients into

subgroups in phase II and then personalize the treatment in phase III. This phase

II/III trial design is seamless in the sense that at the end of phase II, acceptable

treatment set is identified for each of the subgroups. We treat patients randomly to

acceptable treatment arms and their corresponding control arm until interim time

point during phase III stage. The general way of a phase II/III trial would treat each

of the patients randomly with a given treatment in the whole trial practice and make

decisions via interim analysis and final outcomes.

7.4 Results

7.4.1 Operating characteristics

In the practice of clinical trials, the sample size calculation problem is a standard

design problem, which can be determined by finding the smallest number of patients

such that, for our chosen statistical model, will lead to a trial we know will have

good operating characteristics, such as low Type I error and good power at a pri-

ori alternatives. Type I error is defined as the probability with respect to repeat

experimentation under H0 of ending the trial with the (wrong) conclusion that H1
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is correct (the treatment arm is more promising than placebo), while power is the

probability, with respect to repeated simulation of possible trial histories under H1,

that the trial ends with the (correct) conclusion that H1 is correct (the treatment

arm is more promising than placebo).

The estimated probability of a type I error in the case where the true parameter

values are consistent with the null hypothesis, or power in the case where the true

parameter values are consistent with the alternative. We can assess the type I error

rate from simulated trials where the parameters are fixed at the borderline values

for which the design should not be approved. The proportions of successful trials

in these simulations provide an estimate of the maximum type I error rate. Several

likely scenarios be simulated and that the expected sample size and estimated type

I error be provided in each case. We can also assess power (and the type II error

rate) from simulated trials where the parameters are fixed at plausible values for

which the design should be approved. The proportions of unsuccessful trials in these

simulations provide estimates of the type II error rate. The complement estimates

the power provided by the experimental design. Also, several likely scenarios be

simulated and that the expected sample size and estimated type II error rate and

power be provided in each case.

7.4.2 Simulation Scenarios

Simulation study should be used to assess the proposed methods power for the antici-

pated treatment difference, and then to decide whether the trial should be conducted

at the planned sample size. If power is inadequate, the statistician should not recom-

mend running the trial at the planned sample size. To do this, we iteratively generate

data for each treatment arm from our model that we specify to exhibit a plausible
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treatment difference, and we calculate the proportion of simulation runs that lead to

each conclusion.

Consider scenarios containing ONLY two categorical covariates X1(+/−) and

X2(+/−) first with each taking two values of activated(+) or inactivated(−) status

of their gene expression levels compared with the baseline of normal samples. Obvi-

ously, we have P = 2 covariates and a total of Q = 4 possible covariate combinations,

e.g., (a) + +; (b) +−; (c)−+; (d)−−.

To further evaluate the usage of our proposed design, we are trying to use the

following scenarios with K treatment arm(s) for demonstration:

(1) Scenario 1: One Subgroup, One Treatment. All patients fall into one subgroup G1

and have longer survivals with the treatment Z1 despite of their biomarker status.

This scenario accommodates a very special situation. Namely, the suggested

treatment works for all the patients regardless of their biomarker status.

(2) Scenario 2: Two Subgroups, One treatment. Patients with X = ++ form sub-

group G1 and have longer survivals with the treatment Z1; while patients with

X = +− /−−/−+ form another subgroup G2 and have shorter survivals with

the treatment. This scenario states that the treatment Z1 is beneficial to the

subpopulation G1, namely, having longer survivals if this subpopulation have the

feature of double mutations or activated gene expression levels occurred mutually.

However, for the rest patients in subgroup G2 with X = + − / − −/ − +, no

effectiveness is claimed based on the data.

(3) Scenario 3: Two Subgroups, One Treatment. Patients with X = +− /+ + form

subgroup G1 and have longer survivals with the treatment Z1; while patients

with X = −+ /−− form another subgroup G2 and have shorter survivals with
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the treatment. This scenario states that the treatment Z1 is beneficial to the

subpopulation G1 with X = + + / + −, namely, having longer survivals if this

subpopulation have the feature of single specific mutation or activated expression

level in gene A. However, for the rest patients in subgroup G2 with X = −+/−−,

no effectiveness is claimed based on the data.

(4) Scenario 4: Two Subgroups, Two Treatments. Patients with X = ++ form

subgroup G1 and have longer survivals with the treatment Z1; while patients

with X = +− /− +/−− form another subgroup G2 and have longer survivals

with the treatment Z2. This scenario states that the treatment Z1 is beneficial

to the subpopulation G1 with X = ++, namely, having longer survivals if this

subpopulation have the feature of double mutual mutations or mutually activated

expression levels. However, for the rest patients in subgroup G2 with X = + −

/−+/−−, effectiveness is claimed for patients treated by Z2 based on the data.

(5) Scenario 5: Two Subgroups, Two Treatments. Patients with X = + +/+− form

subgroup G1 and have longer survivals with the treatment Z1; while patients

with X = − + / − − form another subgroup G2 and have longer survivals with

the treatment Z2. This scenario states that the treatment Z1 is beneficial to the

subpopulation G1 with X = + + / + −, namely, having longer survivals if this

subpopulation have the feature of single mutation or activated expression level

of gene A. However, for the rest patients in subgroup G2 with X = − + / − −,

effectiveness is claimed for patients treated by Z2 based on the data.

(6) Scenario 6: Three Subgroups, Two Treatments. Patients with X = +− form

subgroup G1 and have longer survivals with the treatment Z1; while patients with

X = −+ form another subgroup G2 and have longer survivals with the treatment
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Z2. For the rest of patients, they fall into subgroup G3 with X = − − / + +

having no beneficial effectiveness with either treatment. This scenario states that

the treatment Z1 is beneficial to the subpopulation G1 with X = +−, namely,

having longer survivals if this subpopulation have the feature of mutation in gene

A but not in gene B or activated expression in gene A but not in B. However,

for the rest patients in subgroup G2 with X = −+, effectiveness is claimed for

patients treated by Z2 based on the data. For patients with double mutations or

non-mutations, either treatment are futile based on our data.

(7) Scenario 7: Three Subgroups, Two Treatments. Patients with X = ++ form

subgroup G1 and have longer survivals with the treatment Z1; while patients

with X = −+ form another subgroup G2 and have longer survivals with the

treatment Z2. For patients with X = − + / + − in subgroup G3, there are

no treatment effectiveness from treatment Z1 or Z2. This scenario states that

the treatment Z1 is beneficial to the subpopulation G1 with X = ++, namely,

having longer survivals if this subpopulation have the feature of double mutual

mutations or mutually activated expression levels. However, for the rest patients

in subgroup G2 with X = −+, effectiveness is claimed for patients treating by Z2

having only mutation occurred in gene B. For the rest patients in subgroup G3,

their biomarker profiles are X = + − / − +, claiming no effectiveness in either

treatment arm.

(8) Scenario 8: Three Subgroups, Two Treatments. Patients with X = + + / + −

form subgroup G1 and have longer survivals with the treatment Z1; while patients

with X = + + / − + form another subgroup G2 and have longer survivals with

the treatment Z2. For patients with X = −− in subgroup G3, there are no
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treatment effectiveness from treatment Z1 or Z2. This scenario states that the

treatment Z1 is beneficial to the subpopulation G1 with X = + + /+−, namely,

having longer survivals if this subpopulation have the feature of single specific

mutations in gene A or activated expression in gene A or activated pathway A.

However, for the rest patients in subgroup G2 with X = + + /−+, effectiveness

is claimed for patients treating by Z2 having only mutation occurred in gene B or

activated expression in gene B or activated pathway B. For the rest patients in

subgroup G3, their biomarker profiles are X = −−, claiming no effectiveness in

either treatment arm would not contribute to the activation of crucial disease-risk

pathway A or B.

(9) Scenario 9: Three Subgroups, Three Treatments. Patients with X = ++ form

subgroup G1 and have longer survivals with the treatment Z1; while patients

with X = −− form another subgroup G2 and have longer survivals with the

treatment Z2. Patients with X = −+/+− in subgroup G3 have longer survivals

with treatment Z3. This scenario states that the treatment Z1 is beneficial to

the subpopulation G1 with X = ++, namely, having longer survivals if this

subpopulation have the feature of mutual mutations or activated expression in

both genes or activated both pathways. However, for the rest patients in subgroup

G2 with X = −−, effectiveness is claimed for patients treating by Z2 having no

mutations. For the rest patients in subgroup G3, their biomarker profiles are

X = +− /−+, claiming effectiveness in treatment arm would Z3.

7.4.3 Simulation Results

We used 9 simulated scenarios to test the performance of our proposed method and

the direct approach. The nine scenarios cover different cases of subgroup-treatment
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matchings. Given two biomarkers, there are 22 = 4 possible combinations resulting

in 4 possible subgroups if we classify the target population based only on biomarker

status (see 7.1). We compared our design to the “direct” approach, which directly

carries out the multi-arm two-stage designs. Reporting the simulation results includes

the percentage of correct selection (PCS) of the right optimal treatments for the

subpopulations characterized by their biomarker profiles under each scenarios. To

make a fair comparison, we restrict equivalent sample sizes for both the proposed and

“direct” methods. The proposed method outperformed the direct approach, with

higher PCS (see in table 7.1). In scenario 1 and 2, there is one suggested treatment

and the aim is to test if the treatment is effective to some specific subpopulations

that are characterized by the biomarker profiles. The PCS of the proposed design

were 30% much higher than the direct method. For scenarios 3, 4, 5, 6 and 7, two

suggested treatments were considered. Our proposed method outperformed than

the direct approach in term of having higher PCS (see in table 7.1). Among these

scenarios, we also accommodate the situations that some treatments might not be

effective to any subpopulations, as see in scenario 5 and 6. In scenario 8 and 9, three

treatments were considered. The PCS are 25% higher than the direct approach for

each of the true matchings.
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Table 7.1 : The percentage of correct selection for each of the simulated scenarios. Z1, Z2

and Z3 are the treatments for investigation.

Selection percentage

The proposed method direct approach

Scenario Subgroup Biomarker Z1 Z2 Z1 Z2

1 G1 + + 96.1% 65.9%

G2 + - 3.1% 0.0%

- + 3.1% 0.0%

- - 3.1% 0.0%

2 G1 + + 97.3% 64.5%

+ - 97.2% 63.6%

G2 - + 2.1% 1.7%

- - 2.1% 1.3%

3 G1 + + 96.8% 1.9% 66.4% 0.6%

G2 + - 1.5% 98.0% 1.3% 62.6%

- + 1.4% 98.0% 0.5% 61.6%

- - 1.5% 98.0% 0.8% 61.1%

4 G1 + + 95.5% 3.5% 63.2% 9.1%

+ - 95.5% 3.5% 63.2% 11.0%

G2 - + 1.0% 97.5% 0.3% 74.5%

- - 0.9% 97.5% 0.2% 72.2%
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(table continued)

Selection percentage

The proposed method direct approach

Scenario Subgroup Biomarker Z1 Z2 Z3 Z1 Z2 Z3

5 G3 + + 1.0% 1.0% 0.0% 0.0%

G1 + - 96.1% 2.7% 70.6% 1.7%

G2 - + 0.5% 98.2% 0.0% 64.5%

G3 - - 1.0% 1.0% 0.0% 0.0%

6 G1 + + 96.4% 2.1% 68.6% 2.8%

G3 + - 1.0% 1.0% 0.0% 0.0%

G3 - + 1.0% 0.9% 0.0% 0.0%

G2 - - 0.5% 97.7% 0.0% 61.2%

7 G1/G2 + + 51.5% 47.5% 27.3% 23.5%

G1 + - 96.2% 2.4% 77.1% 2.5%

G2 - + 0.9% 97.8% 0.0% 69.9%

G3 - - 0.5% 0.5% 4.9% 7.5%

8 G1 + + 95.9% 1.8% 0.2% 69.9% 1.2% 0.0%

G3 + - 0.7% 0.6% 95.6% 1.5% 1.2% 80.7%

G3 - + 0.6% 0.6% 95.6% 1.6% 1.0% 81.5%

G2 - - 0.3% 98.3% 0.2% 2.9% 64.0% 0.5%

9 G1 + + 95.3% 0.0% 2.6% 65.6% 0.0% 0.8%

G2 + - 0.9% 0.0% 97.3% 1.3% 0.0% 59.7%

- + 0.9% 0.0% 97.3% 0.8% 0.0% 66.6%

- - 0.9% 0.0% 97.3% 0.9% 0.0% 59.4%
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7.5 Discussion

As different patients can be characterized by their surrogate biological biomarkers,

we propose a phase II/III design based on longitudinal endpoints, short term binary

efficacy and long term survival endpoints, aiming to find the effective treatment that

has the highest efficacy. In this article, we have proposed a new personalized design

to find the effective treatment for subpopulations. Taking the advantage of Bayesian

nonparametrics, the personalized design would automatically divide the whole pop-

ulation into subgroups with each subgroup figuring out an acceptable treatment set

based on short term binary efficacy endpoints and longitudinal outcomes and then

claiming the most effective treatment strategy based on long term efficacy endpoints.

One important advantage of our design is that it uses Bayesian nonparametrics

to identify an effective treatment (if existing) for each of the subpopulations and

meanwhile yields excellent operating characteristics. Simulation studies show that

the personalized design substantially outperforms some existing, more complicated

treatment-finding designs.

One limitation of the personalized design is that it assumes that short term efficacy

is binary and can be assessed quickly. Extending the design to handle late-onset

efficacy is of great practical interest. One possible approach is to use Bayesian data

augmentation or the expectation-maximization algorithm to predict the unobserved

late-onset efficacy data, so that adaptive decisions can be made in real time without

observing all efficacy outcomes.
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Chapter 8

Conclusion and future work

In this thesis, we have proposed a set of statistical techniques for personalized medicine,

starting from the biomarker identification to the biomarker-based clinical trial designs.

There are a number of topics for future work; most of them have been discussed in

each of the chapters. One future possibility is to address the limitations of the pro-

posed methods. More extendable future work lies in the following parts: statistical

methodology, and applicable software to meet the gap between the upstream bioin-

formatics analysis and the downstream clinical trial studies.

As for the statistical methodology, more rigorous theory is needed for the integra-

tive analysis of genomics data, which is large scale and high-dimensional. For example,

variable selection strategies and relative theorems should be further investigated to

aid in the identification of genomics biomarkers, e.g., SNP, CNA, gene, subpathways.

As we know that minor effects would cumulatively contribute in disease progression

in human cancers. Therefore, traditional variable selection approaches may not work

well in this situation. Also, in the latter part of this thesis, we only consider a simple

structure of the biomarker profile for each of the patients. In reality, the structure

of biomarker profile can also be high dimensional. An interesting problem is how-to

statistically model the complex structure based on small sample size data in early

phase clinical trials.

In addition, applicable software are required for better illustrating the statistical

methodology. Most often, building up an easy-to-use platform needs to take into
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account of the calculation speed and computational power. A pipeline is needed

for integrating the existing parts of the precision medicine: the upstream and the

downstream analysis. A flexible platform should take into account of preprocessing

different formats of the data, defining a unified format of input, proposing a simple

master protocol to work with the cleaned data, and suggesting the sound statistical

methodology automatically. This is a huge project that needs collaborations from ex-

perts in computer science, cloud computing, bioinformatics, biostatistics and clinical

trial designs.
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