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Abstract

Complex diseases, particularly cancer, encompass a wide range of disorders, from ag-
gressive and lethal to indolent lesions with low or delayed potential for progression to death.
Treatment options and success heavily depend on the disease subtype of individual patients,
which are often determined based on their molecular features. The advent of high-throughput
platforms in the past decade has generated a wealth of molecular data, not only for gene expres-
sion but also for other molecular data, including DNA methylation and non-coding microRNA.
This has significantly increased the number of samples to cover the heterogeneity of the dis-
eases and allowed for subtyping from a more holistic perspective, considering phenomena at
different molecular levels in a single analysis. However, the stochastic nature of omics data
and its high dimensionality have hindered consensus among different omic levels and the inter-
pretability of the discovered subtypes, necessitating a powerful integrative technique to handle
the noise, high dimensionality, and large sample sizes for improved subtyping.

Following subtyping, understanding the biological mechanisms driving subtype differ-
ences in complex diseases remains crucial for developing effective treatments and therapies.
Pathway analysis and gene set enrichment analysis are widely used to determine significantly
impacted biological processes between conditions. However, current pathway analyses are
biased towards well-studied diseases, sensitive to noise, and have limited validation across di-
verse datasets and conditions, making their effectiveness unclear in analyzing new diseases,
complex etiologies, or in analyzing data with weak signals compared to controls. Moreover,
inconsistencies among different methods hinder interpretation and confidence in the results for
downstream analyses.

This dissertation addresses these challenges by investigating a wide range of techniques for
integrating multi-omics data to subtype cancer patients, including matrix factorization, genetic

algorithms, and similarity-based methods. We introduce several novel subtyping frameworks,
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including Multi-objective Genetic K-means clustering Algorithm (MGKA), Disease Subtyp-
ing using Community detection from Consensus networks (DSCC), PINSPlus, and Subtyping
Multi-omics using a Randomized Transformation (SMRT). MGKA utilizes a multi-objective
genetic algorithm to refine the k-means clustering algorithm and automatically determine the
optimal number of subtypes. DSCC employs a consensus network approach, building patient
similarity networks from individual data types and using community detection to identify ro-
bust subtypes. PINSPlus is an extension of the original PINS method, integrating multiple data
types and providing a more accurate and efficient subtyping analysis. SMRT is capable of in-
tegrating a large number of omics data types to subtype cancer patients. Through an extensive
analysis of over 11,000 patients across 37 cancer types, we demonstrate the ability of these
methods to detect cancer subtypes with significant differences in patient risk and survival. No-
tably, these methods easily handle a large number of data types and patients, are robust against
noise and missing data, and gain accuracy as more data types are integrated.

For the second challenge, we first introduce a web interface that offers pathway analysis
using multiple methods and datasets in a single session with rich visualization features, allow-
ing life scientists to easily conduct pathway analysis, compare results from different methods
and datasets, and reach better consensus for downstream analyses. We then introduce a novel
consensus pathway analysis approach, Perturbation-based Gene Set Analysis (PGSA), which
efficiently determines significantly impacted pathways across a wide range of diseases. We
analyzed 421 datasets from more than 30 diseases, demonstrating PGSA’s superior perfor-
mance compared to state-of-the-art methods in identifying significantly impacted pathways.
This marks the first time a pathway analysis method has been tested on such a large number of

datasets and diseases to prevent bias and overfitting to well-studied diseases.

iii



Acknowledgments

I would like to express my deepest gratitude to my advisor, Dr. Tin Nguyen, for his excep-
tional guidance, unwavering support, and continuous encouragement throughout my doctoral
journey. His mentorship, patience, and steadfast belief in my abilities have been instrumen-
tal in shaping my academic growth. Dr. Nguyen’s passion for research and commitment to
excellence have been a constant source of inspiration, motivating me to push the boundaries
of my knowledge and strive for greatness. His invaluable insights, thought-provoking discus-
sions, and intellectual challenges have broadened my perspectives and enriched my research
experience.

I also extend my sincere thanks to my esteemed committee members, Dr. Anh Nguyen,
Dr. Wei-Shinn Ku, Dr. Gerry Dozier, and Dr. Nam Tran for their invaluable feedback and
suggestions. Their expertise, time, and effort in reviewing my dissertation and providing con-
structive input have been crucial to the successful completion of this work. I am truly grateful
for their guidance and the significant impact they have had on my research.

My heartfelt appreciation goes out to my colleagues at Auburn University, especially Ha
Viet Nguyen, who have become dear friends along the way. Their camaraderie, friendship,
and unwavering support have made this journey more enjoyable and memorable. I am also
thankful for the friendship and collaboration of Zeynab Maghsoudi from the University of
Nevada, Reno. Her contributions to my research and her personal support have been invaluable.

Words cannot express the depth of my gratitude towards my family for their unconditional
love, encouragement, and unwavering support throughout my academic journey. My parents
and sisters have been my pillars of strength, and their belief in me has been a constant source
of motivation. I am forever indebted to them for their understanding, sacrifices, and the endless

love they have showered upon me.

v



Table of Contents

ADSIract . . . . . .. i
Acknowledgments . . . . . . .. L v
List of Abbreviations . . . . . . . . . . .. e XVvii
OVEIVIEW . . . . o L o e 1
I Integrative Cancer Subtyping . . . ... .. ... ...... ... . ... 2
I Introduction . . . . . . . . . . . e 3
2 Background . . . ... 5
2.1 Disease subtyping using single omicdata. . . . . . . .. ... . ... ... .. 5
2.2 Multi-omics integration methods . . . . . . ... ..o oL 8

3  MGKA: A genetic algorithm-based clustering technique for genomic data . . . . . . 12
3.1 Related work in genetic clustering algorithms . . . . . . ... ... ... ... 13
3.2 Multi-objective genetic k-means clustering algorithm . . . . . .. . ... ... 16
3.2.1 Chromosomeencoding . . . . . . . ... ... ... ... ... 17

3.2.2 Thefitness functions . . . . . ... ... L Lo 17

3.2.3 The crossover operator . . . . . . . . .« . o v it e e e 19

3.2.4 The mutation Operator . . . . . . . . . . . v vt e 19

3.2.5 Thek-meansoperator . . . . . . . . . . . . . .o 20

3.2.6 Theselection operator . . . . . . . . . ... ... 21

3.2.7 Evaluating the ultimate solution . . . . . . ... .. ... ....... 21



3.3 Experimentalresults. . . . . . .. .. ... L L 22

3.3.1 Resultsonsimulation . . . . . ... .. ... .. ... ... 22
3.3.2 Resultsoncanceromicsdata . . . . ... ... ... .. ... ... 23
3.3.3 Results on single-cell transcriptomics data . . . . . . .. ... ... .. 25
3.4 Conclusion MGKA) . . . . . . . . e 26
DSCC: Disease subtyping using community detection from consensus networks . . . 28
4.1 Methodology . . . . . . . . . e 29
4.1.1 Gene filtering using Non-negative Matrix Factorization . . . . . . . . . 29
4.1.2 Consensus network generation and subtyping . . . .. ... ... ... 31
42 Results . . . . . .o 32
42.1 Simulationstudy . . . .. .. .. .. ... 33
4.2.2 Performance on TCGAdata . . .. ... ... ... ... ...... 34
4.3 Conclusion (DSCC) . . . . . . . . . e 36
PINSPlus: A novel perturbation clustering method for cancer subtyping . . . . . . . 38
5.1 Methodology . . . . . . . . . . .. 38
5.1.1 Connectivity resilience . . . . . . . . . ... ... 41
5.1.2 Perturbation clustering and stopping criterion . . . . . . . . .. .. .. 42
5.1.3 Parallel programming . . . . . . .. .. ... 43
5.1.4 Customizable algorithm . . . . . . . ... ... ... ... ... 44
5.1.5 Cluster ensemble and two-stage clustering . . . . . . . ... ... ... 44
5.1.6  Choosing a suitable clustering method . . . . . . ... ... ... ... 45
52 Results . . . . . L 47
5.2.1 Geneexpressiondata . . . . . . . ... ..o 47
522 TCGA and METABRICdata . . . . ... ... ... .......... 48
523 Runningtime . .. ... ... ... ... 51

vi



5.3

Conclusion (PINSPIus) . . . . . . . . . . . . . . e 51

6 SMRT: Randomized data transformation for cancer subtyping and big data analysis . 54

6.1 Materials and Methods . . . . . . .. .. L L oL 55
6.1.1 TheSMRTpipeline . . . . . . ... ... .. ... ... ..... 55

6.1.2 Dimension reduction using randomized singular value decomposition . 55

6.1.3 Subtype discovery using one datatype . . . . . . . ... .. ... ... 57

6.1.4 Subtype discovery using multi-omicsdata . . . . . .. ... .. .... 59

6.2 Dataand pre-processing . . . . . . . . ... e e e 60

6.3 Results. . . . . . . 62
6.3.1 Experimental studies using 39 cancer datasets . . . . . ... ... ... 62

6.3.2 Analysis of subtypes from SMRT and PAMS50 on Breast cancer datasets 68

6.3.3 Case study of the GBMLGG dataset . . . . ... ............ 71

6.3.4 Contribution of indivivual omic types . . . . . . ... ... .. .... 73

6.3.5 Clinical variables enrichment analysis . . . . . ... ... ... .... 76

6.3.6 Simulation studies . . . . ... ..o oo 77

6.3.7 Performance of KNN with fixed K and using Elbow method . . . . . . 81

6.4 Conclusion (SMRT) . . . . . . . . .. . e 85

II Pathway Analysis. . . . ... ..... ... . ... ... ......... 87
7 Pathway Analysis: Significance and Challenges . . . . . . . ... ... ... .... 88

8 CPA: A web-based platform for Consensus Pathway Analysis and interactive visual-

1ZatiON . . . . . . L e e 93
8.1 Introduction . . . . . . . . . . .. 94
8.2 Materialand Methods . . . . . . . ... Lo 96
8.2.1 Inputand datamanagement . . . . . . . . .. ... ... .. .. ... 96
8.2.2 Parameter setting for pathway analysis . . . . . ... ... ... .... 98

vii



8.2.3 Analysis and visualization . . . . . ... ... ... L. 101

8.3 Implementation . . . . . . .. . ... 103

84 Datasource . . . . . ... e 104

85 Results. . . . .. . 104

9 PGSA: A consensus Perturbation-based Pathway Analysis . . . . ... ... .. .. 109
9.1 PGSApipeline. . . . . . . . . . e 109
9.1.1 Perturbationmodule . . . ... ... ... ... . ... 109

9.1.2 Enrichmentmodule . . . . .. ... ... ... ... .. ... ..... 111

9.1.3 Consensusmodule . . . ... ... ... L 0oL 112

9.2 Data collection and processing . . . . . . . . . . ..o 112
9.2.1 GEOTepository . . . . . . . . o v i i e 113

90.2.2 GDCTepositories . . . . . v v v v v it e e e e e 119

9.3 Results. . . . . . e 122
9.3.1 PGSA improves the significance ranking of targeted gene sets . . . . . 122

9.3.2 PGSA improves ranking of disease-related genesets . . . . . . .. .. 143

10 Conclusion (CPA and PGSA) . . . . . . . . . . . . . o 159
III Summary and Future Research. . . . . . ... ... ... .. ... .. 160
I1 Summary . . . . ... e 161
12 Future Research . . . . . . . . . . . . 164
13 Publication list. . . . . . . . . .. 167
13.1 Peer-reviewed Journal Articles . . . . . . .. ... ... oL L L. 167
13.2 Peer-reviewed Conference Papers . . . . . . . . ... ... ... ... ..., 169
References . . . . . . . . . . L 171

viii



2.1

2.2

3.1

3.2

33

34

3.5

3.6

4.1

4.2

4.3

4.4

5.1

5.2

5.3

54

6.1

6.2

6.3

6.4

List of Figures

Abstract representation of matrix factorization . . . . . . . ... ... ... ..
One point crossover for integer and real-number encoding . . . . . . . . .. ..
One point crossover with invalid offsprings . . . . . . ... .. ... ... ..
Chromosome encoding of a two-cluster solution . . . . . . .. ... ... ...
Crossover procedure between two parents . . . . . . . . . . . ... ... ...
Offspring resulted from simulated binary crossover . . . . . . ... ... ...
Non-dominated Sorting Genetic Algorithm . . . . . ... ... ... .. ...
The landscape of simulated dataset with the number of clusteristen . . . . . .
The overall workflow of DSCC . . . . . . .. .. ... .. ... .. ....
Gene filtering using non-negative matrix factorization . . . . . . . .. ... ..
ARI values of clusters produced by DSCC and other methods . . . . . . .. ..
Cox p-values of subtypes identified by DSCC . . . . .. ... ... .. ....
Overall workflow of PINSPlus . . . . . .. .. ... ... ... ... .....
The resilience of pair-wise connectivity . . . . . . . . .. .. ... ...
Kaplan-Meier survival analysis for kidney renal clear cell carcinoma . . . . . .
Examples to demonstrate the strength and weakness of each clustering method .
The overall workflow of SMRT . . . . . . ... ... ... ... .. ......

Distributions of Cox p-values of the subtypes discovered from 37 TCGA and 2
METABRIC datasets . . . . . . .. ... ... ... ...

Kaplan-Meier survival analysis for TCGA-ACC, BLCA, BRCA, CESC, and
COAD datasets. . . . . . . . . . o o e e

Kaplan-Meier survival analysis for TCGA-ESCA, GBM, GBMLGG, HNSC,
KICH, and KIRC datasets. . . . . . . . . . . . . . . . ..

X



6.5

6.6

6.7

6.8

6.9

6.10

6.11

6.12

6.13

6.14

6.15

6.16

6.17

6.18

8.1

8.2

8.3

8.4

8.5

8.6

9.1

Kaplan-Meier survival analysis for TCGA-KIRP, LAML, LGG, LIHC, LUAD,
and LUSC datasets. . . . . . . . . . . . . . . e 67

Kaplan-Meier survival analysis for TCGA-MESO, OV, PADD, PCPG, PRAD,
and READ datasets. . . . . . . . . . . . ... 68

Kaplan-Meier survival analysis for TCGA-SARC, SKCM, STAD, STES, TGCT,
and THCA datasets. . . . . . . . . . . . . . . i i i i et 68

Kaplan-Meier survival analysis for TCGA-THYM, UCEC, UCS, UVM, KIPAN,
and CHOL datasets. . . . . . . . . . . . . @ i i e e e e 69

Kaplan-Meier survival analysis for TCGA-DLBC dataset. . . . . . . ... ... 69
Kaplan-Meier survival analysis for METABRIC Validation and Discovery datasets. 69
Age distribution for each subtype of the GBMLGG dataset. . . . . . . ... .. 72
Kaplan—Meier survival analysis of the GBMLGG dataset . . . . . . ... ... 72
The largest connected component of the significant impacted pathways network 74
Distribution of -log10 Cox p-values for each data type of the 37 TCGA datasets 75

P-values obtained from comparing the discovered subtypes against gender, and

AZE . o e e e e e e e e e e e e e 78
Normalized Mutual Information values obtained from comparing the discov-

ered subtypes against known cancer stages and tumor grades . . . . . . . . .. 78
An example simulation for evaluation SMRT . . . . . . .. ... .. ... ... 84
Running time of SMRT and other methods . . . . . . . ... ... ... .... 84

The overall workflow and data visualization using Consensus Pathway Analysis 97

Main components of the pathway analysispage . . .. ... ... ... .... 99
Pathway analysis and visualization using the CPA platform . . . ... ... .. 100
The architecture of the CPA platform . . . . . . . .. ... ... ... ..... 102

The connected module of pathways that are significantly impacted in Alzheimer’s
datasets GSE5281, GSE84422, and GSE48350. . . . . . .. .. ... ... .. 107

Differential analysis of genes that belong to five neurodegenerative pathways . 108

The complete pipeline of PGSA . . . . . . ... ... . .. . 110



9.2

9.3

94

9.5

9.6

9.7

9.8

9.9

9.10

9.11

9.12

9.13

9.14

9.15

The scaled ranks of the targeted gene sets from the KEGG database for the
11 methods using microarray datasets and TPM-normalized RNA-Seq datasets
fromthe GEOdatabase. . . . . . .. .. ... .. ... ... ... ... 128

The scaled ranks of the targeted gene sets from the WikiPathways database for
7 methods using microarray datasets and TPM-normalized RNA-Seq datasets
fromthe GEO database. . . . . . . . . . . . ... ... L 129

The HMP p-values of the targeted gene sets from the KEGG database for the
11 methods using microarray datasets and TPM-normalized RNA-Seq datasets
fromthe GEOdatabase. . . . . . .. .. ... .. ... ... . ... ... 131

The HMP p-values of the targeted gene sets from the WikiPathways database
for 7 methods using microarray datasets and TPM-normalized RNA-Seq datasets
fromthe GEO database. . . . . . . . . . . . ... ... 131

The FDR adjusted p-values of the targeted gene sets from the KEGG database
for the 11 methods using microarray datasets and TPM-normalized RNA-seq
datasets from the GEO database. . . . . . .. ... ... .. ... ....... 132

The FDR adjusted p-values of the targeted gene sets from the WikiPathways
database for 7 methods using microarray datasets and TPM-normalized RNA-
seq datasets from the GEO database. . . . . . ... ... ... ......... 132

The scaled ranks of the targeted gene sets from the KEGG database for the 11
methods using counts data of the RNA-seq datasets from the GEO database. . . 134

The scaled ranks of the targeted gene sets from the WikiPathways database for
7 methods using counts data of the RNA-seq datasets from the GEO database. . 134

The HMP p-values of the targeted gene sets from the KEGG database for the
11 methods using counts data of the RNA-seq datasets from the GEO database. 135

The HMP p-values of the targeted gene sets from the WikiPathways database
for 7 methods using counts data of the RNA-seq datasets from the GEO database. 135

The FDR adjusted p-values of the targeted gene sets from the KEGG database
for the 11 methods using counts data of the RNA-seq datasets from the GEO
database. . . . . . ... 136

The FDR adjusted p-values of the targeted gene sets from the WikiPathways
database for 7 methods using counts data of the RNA-seq datasets from the
GEO database. . . . . . . . . . . . e 136

The scaled ranks and HMP p-values of the targeted gene sets using the TPM-
normalized RNA-Seq datasets from the GDC portal. . . . . . .. ... ... .. 139

The scaled ranks and FDR adjusted p-values of the targeted gene sets using the
TPM-normalized RNA-seq datasets from the GDC portal. . . . . . . ... ... 140

Xi



9.16 The scaled ranks and HMP p-values of the targeted gene sets using the counts
data of RNA-seq datasets from the GDC portal. . . . . . .. ... ... .... 141

9.17 The scaled ranks and FDR adjusted p-values of the targeted gene sets using the
counts data of RNA-seq datasets from the GDC portal. . . . . ... ... ... 142

9.18 The correlation of the disease-relevant scores and the p-values of the gene sets
for datasets from the GEO database (microarray and TPM-normalized RNA-Seq) 145

9.19 The disease-relevant rank of top 10% most significant gene sets for datasets
from the GEO database (microarray and TPM-normalized RNA-Seq) . . . . . . 147

9.20 The disease-relevant scores of the top 20 gene sets from the KEGG database
and GEO datasets (microarray and TPM-normalized RNA-Seq) . . . . . . . .. 147

9.21 The disease-relevant scores of top 20 gene sets from the WikiPathways database
and GEO datasets (microarray and TPM-normalized RNA-Seq) . . . . . . . .. 148

9.22 The disease-relevant scores of the top 20 gene sets from the GO database and
GEO datasets (microarray and TPM-normalized RNA-Seq) . . . . . . . .. .. 148

9.23 The correlation of the disease-relevant scores and the p-values of the gene sets
from the KEGG database and GEO datasets (microarray and TPM-normalized
RNA-Seq) . . . . . . 149

9.24 The correlation of the disease-relevant scores and the p-values of the gene
sets from the WikiPathways database and GEO datasets (microarray and TPM-
normalized RNA-Seq) . . . . . . . . . . . 149

9.25 The correlation of the disease-relevant scores and the p-values of the gene sets
from the GO database and GEO datasets (microarray and TPM-normalized
RNA-Seq) . . . . . . e 150

9.26 The disease-relevant scores of the top 20 gene sets from the KEGG database
and GEO RNA-Seq datasets using countsdata. . . . . . . ... ... ...... 151

9.27 The disease-relevant scores of top 20 gene sets from the WikiPathways database
and GEO RNA-Seq datasets using counts data. . . . . . . ... ... ...... 151

9.28 The disease-relevant scores of top 20 gene sets from the GO database and GEO
RNA-Seq datasets using counts data. . . . . . .. ... ... ... ....... 152

9.29 The correlation of the disease-relevant scores and the p-values of the gene sets
from the KEGG database and GEO RNA-Seq datasets using counts data. . . . . 152

9.30 The correlation of the disease-relevant scores and the p-values of the gene sets
from the WikiPathways database and GEO RNA-Seq datasets using counts data. 153

9.31 The correlation of the disease-relevant scores and the p-values of the gene sets
from the GO database and GEO RNA-Seq datasets using counts data. . . . . . 153

Xii



9.32

9.33

9.34

9.35

The correlation of the disease-relevant scores and the p-values of the gene sets
for datasets from the GDC portal (TPM-normalized RNA-Seq) . . . . . .. ..

The disease-relevant rank of top 10% most significant gene sets for datasets
from the GDC portal (TPM-normalized RNA-Seq) . . .. ... ... .....

The correlation of the disease-relevant scores and the p-values of the gene sets
for datasets from the GDC portal (countsdata) . . . . . .. ... ... .....

The disease-relevant rank of top 10% most significant gene sets for datasets
from the GDC portal (countsdata) . . . . . ... ... .. ... .. ......

Xiii



3.1

32

33

34

3.5

4.1

5.1

5.2

53

54

5.5

6.1

6.2

6.3

6.4

6.5

6.6

List of Tables

Within cluster sum of square errors and Adjust Random Index clusters produced

by MGKA andk-means . . . . . . . .. . . . ... ... .. 23
Description of the eight mRNA datasets used in the analysis of MGKA . . . . . 23
The performance of MGKA and other methods using gene expression data . . . 24

The performance of MGKA and other methods using DNA methylation data . . 25
The performance of MGKA and other methods using single-cell data . . . . . . 26
Cox p-values of subtypes identified by DSCC and other methods . . . . . . .. 35

The performance of PINS, PINSPlus, Consensus Clustering, Similarity Net-
work Fusion, and iClusterPlus in discovering subtypes from gene expression data 47

Description of the 34 datasets from The Cancer Genome Atlas (TCGA) . ... 50

Description of the 2 datasets from The Molecular Taxonomy of Breast Cancer
International Consortium . . . . . . . . . ... L L L L 50

Cox p-values of subtypes discovered by PINSPlus, CC, SNF, and iClusterPlus
for two METABRIC breast cancer datasets and 34 TCGA datasets . . . . . . . 52

unning time of each subtyping method . . . . . . ... ... ... L. 53
Description of 37 datasets downloaded from The Cancer Genome Atlas (TCGA). 61

Description of the 2 datasets from The Molecular Taxonomy of Breast Cancer
International Consortium (METABRIC) . . . ... .. ... ... ....... 62

Cox p-values of subtypes discovered by SMRT and other methods . . . . . . . 64

Running time (in minutes) of SMRT and other methods for 37 TCGA and two
METABRIC datasets . . . . . . . . . . . . . . . . . i 66

Confusion matrix between PAMS50 subtypes and level-1 subtypes discovered
by SMRT for TCGA-BRCA . . . . ... .. ... .. . ... ... 70

Confusion matrix between PAMS50 subtypes and level-1 subtypes discovered
by SMRT for METABRIC Discovery dataset . . . . . ... ... ........ 71

X1V



6.7

6.8

6.9

6.10

6.11

6.12

6.13

6.14

6.15

6.16

6.17

8.1

8.2

9.1

9.2

9.3

94

9.5

9.5

Confusion matrix between PAMS50 subtypes and level-1 subtypes discovered
by SMRT for METABRIC Validation dataset . . . . ... .. ... .. .... 71

The common signficantly differential expressed genes and their p-value from
the Glioma pathway, MAPK signaling pathway, Calcium signaling pathway,
and Pathway incancer. . . . . . . . .. . ... .. ... ... ... 74

Cox p-values of clustering results by SMRT for each data type of 37 TCGA
datasets. . . . . .. 76

P-values obtained from Fisher’s exact test that assesses the statistical signifi-
cance of the association between the discovered subtypes and gender . . . . . . 79

P-values obtained from ANOVA test that assesses the statistical significance of
the association between the discovered subtypes andage . .. .. .. ... .. 80

Normalized Mutual Information vlaues obtained from comparing the discov-
ered subtypes against known cancer stages . . . . . . . ... ... ... 81

Normalized Mutual Information values obtained from comparing the discov-
ered subtypes against known tumor grades . . . . . .. ... ... L 82

Running time (in minutes) of the subtyping methods using simulations . . . . . 83

The accuracy of the clustering results measured by ARI for simulations with
5,000 genes and varying numbers of samples . . . . . . ... ... ... ... 83

Memory usage and running time of SMRT on simulation, for two settings of

KNN . e 85
Cox p-values, memory usage and running time of SMRT on TCGA data, for

twosettingsof KNN . . . . . .. .. 86
Alzheimer’s datasets used in our data analysis . . . . ... ... ... ..... 105

FDR-corrected p-values of 14 pathways that are significantly impacted in three
Alzheimer’sdatasets . . . . .. ... ... L o 106

List of GEO datasets used in this dissertation . . . . . . . . . . . . . ... ... 114

The annotation packages used to map from probe IDs to Entrez gene IDs for

each microarray platform. Abbreviations: Affy.: Affymetrix. . . . ... .. .. 118
Summary of TCGA and GTExData . . . . ... ... ... .......... 121
Summary of GDC RNA-Seq projects. . . . . . . . . ... ... ... ..... 123

The list of the targeted gene sets from the two datbases: KEGG and WikiPathways 124

The list of the targeted gene sets from the two datbases: KEGG and WikiPathways 125

XV



9.6

9.7

The percentage of analyses using GEO datasets in which the targeted gene sets
are identified as significant by each method using a significance threshold of 0.05133

The percentage of analyses using GDC datasets in which the targeted gene sets
are identified as significant by each method using a significance threshold of 0.05138

Xvi



List of Abbreviations

ARI  Adjusted Rand Index

CPA  Consensus Pathway Analysis

DE Differentially Expressed

DSCC Disease Subtyping using Community detection from Consensus networks

ER Estrogen Receptor

FCS  Functional Class Scoring

FDR  False Discovery Rate

FKNN Fast k-nearest neighbor

GDC Genomic Data Commons Data Portal

GEO  Gene Expression Omnibus

GO Gene Ontology

GSA  Gene Set Analysis

GSEA Gene Set Enrichment Analysis

HER2 Human Epidermal Growth Factor Receptor 2

HMP Harmonic Mean P-value

KEGG Kyoto Encyclopedia of Genes and Genomes

Xvii



KS-test Kolmogorov—Smirnov test

METABRIC Molecular Taxonomy of Breast Cancer International Consortium

MGKA Multi-objective Genetic K-means clustering Algorithm

NNMF Non-negative Matrix Factorization

NSGA-II Non-dominated Sorting Genetic Algorithm

ORA  Over-Representation Analysis

PAM  Partition Around Medoids

PGSA Perturbation-based Gene Set Analysis

PR Progesterone Receptor

RSVD Randomized Singular Value Decomposition

SMRT Subtyping Multi-omics using a Randomized Transformation

SVD  Singular Value Decomposition

TB Topology-Based

TCGA The Cancer Genome Atlas

TPM  Transcripts Per Million

WCSS  Within-Cluster Sum of Squares

Xviii



Overview

The dissertation is divided into three parts. The first two parts describe the two distinctively
different research areas, cancer subtyping and pathway analysis, and my contribution to the
respective fields. The last part provides a summary of my past and future directions in bioin-
formatics research. The complete list of papers I published during my PhD study can be found
in the last part, which consists of 18 journal articles [1, 2, 3,4, 5, 6,7, 8,9, 10, 11, 12, 13, 14,
15, 16, 17, 18] and 8 conference papers [19, 20, 21, 22, 23, 24, 25, 26].

Part I: Integrative Cancer Subtyping describes computational methods and integrative
techniques for cancer subtype discovery. This part consists of six chapters. The first two chap-
ters provide an introduction and background information about cancer subtype discovery and
current approaches. The last four chapters describe in-depth the four computational methods I
developed during my PhD study. Each of the four chapters has its own sections for literature
review, method development, experimental results, and conclusion.

Part I1: Pathway Analysis describes the computational methods for signaling pathway
analysis. This part consists of four chapters. The first chapter introduces computational meth-
ods in pathway analysis and describes the outstanding challenges faced by researchers working
in the field. The next two chapters describe in-depth the methods I developed during my PhD
study. The last chapter summarizes my contribution to this research area.

Part III: Summary and Future Research summarizes the contribution and research I
have done in cancer subtyping and pathway analysis, together with my publications. It also

describes the future research directions that I intend to take.



Part I

Integrative Cancer Subtyping



Chapter 1

Introduction

Cancer is a heterogeneous disease known to evolve through various pathways [27]. A tumoris a
complex ecosystem comprising not only tumor cells but also various infiltrating cell types, such
as endothelial, hematopoietic, stromal, and others, that can influence the overall function of the
tumor [28, 29, 30]. Due to the diversity of mutations and molecular mechanisms, the behavior
of individual tumors and their response to treatment can vary significantly [31]. In other words,
even if it originates from the same tissue, the underlying molecular and cellular mechanisms can
vary dramatically among patients. This has greatly contributed to the failure of many cancer
therapies despite advances in cancer prognosis and treatment [32, 33], resulting in disease
progression, recurrence, and reduced overall survival [27, 34]. For an accurate prognosis and
improved treatment, the correct identification of cancer subtypes is essential.

Since the advent of gene expression profiling technologies, cancer subtyping has been a
widely studied topic. The first successful subtyping of cancer was performed on breast can-
cer, which led to the identification of four main clinical subtypes based on the expression of
the estrogen receptor (ER), progesterone receptor (PR), and human epidermal growth factor
receptor 2 (HER2) [35]. These subtypes are known as Luminal A, Luminal B, HER2-enriched,
and Basal-like. However, several studies have shown that there is still heterogeneity within
each subtype, with patients that have very different survival rates and different responses to
treatments [36, 37]. This suggests that further studies are needed to refine the current subtypes,
even for a well-studied disease such as breast cancer.

With the advancement of high-throughput platforms with the ability to measure a wide

range of molecular features from patients, including gene expression, DNA methylation, and



microRNA expression, it is now possible to identify cancer subtypes that share common molec-
ular features on multiple molecular levels to further refine the current subtypes. The de-
velopment of subtyping methods has also shifted toward multi-omics integration in order to
differentiate between subtypes from a more holistic perspective [4, 38, 39, 40]. In addition,
vast amounts of molecular data have accumulated in public repositories, including The Can-
cer Genome Atlas datasets (TCGA) [41], Genomic Data Commons Data Portal (GDC) [42],
Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) [43], and UK
Biobank [44]. This demands powerful yet fast analysis methods to leverage large multi-omics
datasets for a more accurate subtype discovery.

In this chapter, we present the current status of intrinsic cancer subtyping, i.e., subtyp-
ing based on molecular features, which focuses on the integration of multi-omics. We also
present the current challenges and limitations of the current subtyping methods and the mo-
tivation for a series of four studies that aim to address these challenges. In the first study,
we developed a genetic algorithm-based clustering technique, called Multi-objective Genetic
K-means clustering Algorithm (MGKA) to refine the k-means clustering algorithm and to au-
tomatically determine a suitable number of clusters, i.e., the number of subtypes [20]. In the
second study, we introduce a subtyping framework using community detection on a consensus
patient-patient network, named Disease Subtyping using Community detection from Consen-
sus networks (DSCC), that is robust against noise with matrix factorization-based gene filter-
ing [19]. In the third study, we introduce PINSPlus uses perturbation clustering to identify
robust subtypes across multiple omics data types [4]. PINSPlus enhances the previous method
PINS [38] by providing a more efficient and accurate subtyping analysis that can integrate data
types with different numbers of patients. In the fourth study, we developed a novel subtyp-
ing framework, named Subtyping Multi-omics using a Randomized Transformation (SMRT),
that is able to integrate a large number of omics data to subtype cancer patients while being
robust against noise and missing data [2]. For each study, we compare the performance of the

proposed method with the current state-of-the-art methods on a wide range of cancer datasets.



Chapter 2

Background

Cluster analysis has become a widely used tool for the exploration of high-dimensional data and
cancer subtyping. Cluster analysis is an unsupervised approach to categorize objects without
any predefined standards or knowledge for classification. In general, clustering methods aim to
recognize the differences and similarities between objects so that the most similar objects will
be grouped into one cluster and vice versa. Advances in high-throughput technologies, which
produce a huge amount of genomic information, put a high demand on clustering methods that
analyze gene expression data with disease subtypes and cell types discovery, two of the main
application areas for clustering using genomic data.

Due to the noisy nature of genomic data and its undefined structures, it is impossible to
find a universal clustering approach that works efficiently on a wide range of genomic data.
Therefore, many clustering methods have been developed to tackle the clustering problems of
genomic data. These methods can be categorized into two main categories: single-omic data
clustering and multi-omics data clustering. In the following sections, we will review the current
status of method development in both categories, the challenges and limitations of the current

methods, and the motivation for the proposed methods in this dissertation.

2.1 Disease subtyping using single omic data

In principle, any clustering method can be utilized to perform disease subtyping by segregat-
ing patients into different groups. The accuracy of the discovered subtypes can be validated

by comparing them with the clinical subtypes and correlating with the overall or disease-free



survival of the patients. Along with classical clustering methods such as k-means [45], par-
tition around medoids [46], and hierarchical clustering, many other modern techniques have
also been developed recently to tackle the clustering problems of genomic data [47]. The k-
means clustering method, which is a broadly used and well-considered clustering technique,
was found to be efficient for clustering cancer datasets using gene expression [47].

While classical clustering methods were widely used in clustering gene expression data,
each of the methods has many drawbacks in their applications. For example, hierarchical clus-
tering is sensitive to noise and requires the number of clusters to be provided as a parameter,
which is not always available and is difficult to determine. K-means clustering also suffers
from the same problems as hierarchical clustering and tends to produce non-optimal solutions
when using random starting points, especially when the number of clusters is high. Since
k-means received a lot of attention, several techniques have been introduced to refine the start-
ing points for the k-means clustering method [48, 49, 50, 51, 52]. There are also many other
studies that have tried to combine k-means with other heuristic algorithms to prevent k-means
from converging into local minima including simulated annealing [53, 54] and genetic algo-
rithm [55, 56, 57, 58, 59, 60, 61]. Partition around medoids (PAM), on the other hand, is
less sensitive to noise and outliers when compared to k-means but still produces non-optimal
solutions in most cases. It is important for a subtyping method to produce stable solutions
so that the subtypes can be used in other downstream analyses to investigate the underlying
mechanisms further. Unfortunately, k-means, PAM, and many other classical methods (e.g.,
Gaussian mixture model, Self-organizing maps) are unable to deal with the noisy nature of
gene expression.

Many methods were also developed dedicated to cluster gene expression data. Some of
the most widely used methods are Consensus Clustering (CC) [62] and its successor Consen-
susClusterPlus (CC+) [63]. These algorithms cluster patients by iteratively subsampling both
the patients and genes, then cluster the sampled data using a based clustering algorithm input
by users. This process generates the consensus connectivity between every pair of patients.

The algorithm then uses hierarchical clustering to cluster the connectivity matrix. The methods
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Figure 2.1: Abstract representation of matrix factorization.

allow users to examine the consensus distributions for different numbers of clusters to select
the most optimal results.

Matrix factorization is another widely used class of methods that many methods have
adopted [64, 65, 66, 67, 68]. This class of method decomposes the gene expression matrix into
the multiplication of two lower-rank matrices that represent the compressed profile of genes and
patients (Figure 2.1). These methods differ from each other in how they constrain the values of
the compressed profile (e.g., binary, non-negative) and in how they optimize the factorization
process (e.g., minimize /> norm, Kullback-Leibler distance, or maximize correntropy [69]).
The dimension of the lower-rank matrices represents the number of desired clusters or “meta
genes”, and the compressed profile of patients shows the expression of the patients for each
meta gene. The final cluster assignments can be determined by further applying a clustering
algorithm on the meta genes or by directly examining the meta genes of the patients.

Many other methods have used genetic algorithms in the hope of finding the optimal
clusters from gene expression data [70, 71, 72, 73, 74]. Briefly, a genetic algorithm is an
algorithm that generates a population of solutions and then iteratively crossovers and mu-
tates them in hopes of making a better generation after every iteration. The quality of a
solution is evaluated by a fitness function. For clustering, methods applied genetic algo-
rithms [75, 76, 77, 78, 56, 58, 61] by encoding the candidates for the optimal cluster assign-
ments (label-based) or the centrals of the clusters (i.e., medoid or centroid) as the population.
The latter representation is more efficient in terms of the size of the search space compared to

the former one, especially when the number of clusters increases. However, the benefits of each
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Figure 2.2: One point crossover for (A) integer encoding (label-based) and (B) real-number
encoding (centroid-based).

representation are difficult to evaluate because the performance also heavily depends on the de-
sign of the fitness function and the crossover function. Figure 2.2 shows the original one-point
crossover operation on the label-based representation and centroid-based presentation.

K-means is also used in several methods to refine the genetic algorithm generated re-
sults [78, 61, 76]. With each generation, one or multiple steps of k-means are applied to certain
solutions during the mutation process or to all individuals in the population. This operation
is especially helpful in urging the genetic algorithm to converge and in refining the ultimate
solutions. However, it can also trap solutions at local optima.

Using these clustering approaches, however, only allows us to perform subtyping on indi-
vidual data types. Although one can concatenate the feature space of different data types for the
clustering input, it is advised to against this approach since different data types have different

scales and different numbers of features.

2.2 Multi-omics integration methods

Several methods have been developed based on multi-omics data integrations, and the number
is growing day by day. While with the single-omic data type, most methods were developed
for a more general clustering purpose and adopted for gene expression clustering, most of the
methods described in this section were originally developed dedicated to discovering disease
subtypes.

Current approaches for multi-omics integration and cancer subtyping can be categorized
into four categories based on their integration strategy. The first strategy is to concatenate dif-

ferent types of data into a single matrix and then partition the patients using the concatenated



data. For example, users can normalize and concatenate multiple data types (e.g., mRNA,
methylation, miRNA, etc.) into one single matrix and then apply well-known methods devel-
oped for single-omics analysis, such as ConsensusClusterPlus [63], to determine the subtypes.
Such approaches are simple and computationally efficient. In principle, any clustering method
can be utilized to perform such a task as long as the number of samples is the same across
different data types and the method can handle the large feature space. It is apparent that such
strategies do not account for data heterogeneity, e.g., different data types might have different
scales and dimensions and might require different normalization procedures.

The second strategy is to model the multi-omics data as a mixture of statistical mod-
els. Methods in this category include LRACluster [79], rMKL-LPP [80], iClusterPlus [81],
iClusterBayes [82], OTRIMLE [83], SBC [84], BCC [85], MID [86], JIVE [87], MCIA [88],
moCluster [89], and sSMBPLS [90]. These methods typically maximize a joint likelihood func-
tion to determine the model parameters and the subtypes. These models usually assume the
distribution of the inputs or require users to input the distributions (e.g., Gaussian distribution,
Bernoulli distribution, Poisson distribution). This might also limit the applications of these
methods on new data. Even for the same data types, different data normalization and transfor-
mation methods applied to the same data can lead to different distributions. This is a common
problem when dealing with multi-omics data, especially with expression data when the data are
generated from different platforms. Though statistically sound when the assumptions are met,
the methods in this category need to estimate a large number of parameters that often lead to
overfitting. A more serious problem is that these methods are not scalable to the whole genome
scale, as any omic data can have tens of thousands to millions of features. Therefore, an added
step of gene filtering or data transformation is often applied before the statistical analysis. How-
ever, this step can lead to the loss of important information and the introduction of bias to the
final results. For example, to have a reasonable runtime with the iClusterPlus method, users
were recommended to use the top 2,000 most variable features [81]. With more than 450,000
features in the Methylation 450K array, this means that more than 99% of the features were

discarded.



The third strategy is to project all data types into a joint latent space. A common technique
used for this strategy is non-negative matrix factorization. Methods in this category include
MvVNMF [91], MultiNMF [92], IntNMF [93], iNMF [94], jointNMF [95]. Another method
1s MCCA [96], which performs correlation analysis and then concatenates the correlation ma-
trices into one single matrix. After projecting the data onto a joint space, cluster analysis is
performed to determine the final subtypes. While methods in this category do not assume the
distribution of the data, they essentially model the data as a mixture of Gaussian distributions
in the latent space as the final clustering is performed using k-means or hierarchical clustering.
As the methods often treat each data type equally, i.e., the loss function is the same for all data
types, data types with more features can dominate the final clustering. This can be mitigated by
applying a weighting scheme to the loss function, but the weighting scheme is often difficult
to determine. Another approach is to use gene filtering to reduce the dimension of the data to
similar scales across different data types. This can also help with the computational complexity
of the methods, as methods in this category often have excessive computational complexity and
cannot be applied on the whole genome scale. However, similar to the second strategy, gene
filtering can cause information loss and bias in the final results.

In the fourth category, similarly-based methods usually construct the pairwise connectivity
between patients for each data type, and a similarity matrix is formed by merging all connectiv-
ity matrices. The connectivity indicates how often the patients are grouped. Similarity-based
algorithms are often used on the similarity matrix to discover the subtypes. The computa-
tional complexity mostly depends on the number of patients or features. SNF [97], PSDF [98],
PFA [99], IS-Kmeans [100], NEMO [101], PINS [38, 4], SCFA [14], and CIMLR [31] are
some methods of this category. SNF forms a similarity network by integrating multi-omics
data from the connectivity matrices for each data type and uses spectral clustering to partition
the network. NEMO builds an inter-patient similarity matrix for each data type and integrates
them into a similarity network. It also uses spectral clustering to cluster the network. NEMO
is also able to work on partial datasets (i.e., datasets where each patient has a different number
of data types). PINS is robust against data perturbation and identifies how frequently the pa-

tients are grouped with each other across multiple data types when data is perturbed. CIMLR
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creates the similarity matrix using multiple Gaussian kernels per data type and uses k-means
to discover the subtypes. SCFA filters the unnecessary gene using an autoencoder, reduces the
dimension by factor analysis, and finally uses a consensus ensemble to find subtypes shared
across all lower representations. The similarity-based methods do not assume the distribution
of the data, are often computationally efficient, and can easily support different omic types. As
a result, there are an increasing number of methods in this category, and the number is still
growing. Most methods in this category, however, are not able to handle partial datasets, i.e.,
datasets where each patient has a different number of data types. It is required to keep only
patients with all data types of interest before the analysis. As a result, the number of patients in
the analysis is greatly reduced, and the statistical significance of the discovered subtypes also

decreases.
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Chapter 3

MGKA: A genetic algorithm-based clustering technique for genomic data

This chapter is based on the following publication: Hung Nguyen, Sushil J. Louis, and Tin
Nguyen. MGKA: A genetic algorithm-based clustering technique for genomic data. IEEE
Congress on Evolutionary Computation (CEC). 2019. DOI: 10.1109/CEC.2019.8790225

While it is true that disease subtyping has adopted multi-omics data integration, the ma-
jority of the methods in the literature are still based on single omic data types. This is because
many cohort studies have only one type of omic data available, especially for older datasets or
datasets with large numbers of patients. Single-omic data clustering methods are still widely
used in practice and are still the first choice for many researchers. It is still the building block
for multi-omics data clustering methods, and can easily be applied to perform clustering on
data from other fields, such as single-cell RNA-seq data, social network data, and image data.

In this chapter, we present a genetic algorithm-based clustering technique, called Multi-
objective Genetic K-means clustering Algorithm (MGKA), to refine the k-means clustering
algorithm and to automatically determine a suitable number of clusters, i.e., the number of
subtypes. This chapter is organized as follows. In Section 3.1, we present a more detailed
review of genetic algorithm-based clustering methods. In Section 3.2, we present the proposed
MGKA method. In Section 3.3, we present the experimental results of the proposed method
on simulated datasets and on real cancer datasets. We also extend the analysis to single-cell
RNA-seq data to show the general applicability of the proposed method. In Section 3.4, we

conclude the chapter.
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3.1 Related work in genetic clustering algorithms

Along with classical clustering methods such as k-means [45], partition around medoids [46],
and hierarchical clustering, many other modern techniques have been developed recently to
tackle the clustering problems of genomic data [47]. The k-means clustering method, which is
a broadly used and well-considered clustering technique, was found to be efficient for clustering
cancer datasets [47]. The k-means clustering technique is simple to use, easy to implement, and
one of the most straightforward algorithms to understand. With a predefined number of clusters
k, the algorithm tries to find & centroids in the multiple-dimensional space from a set of random
centers so that every data point is allocated to an adjacent centroid. A detailed discussion about
the algorithm can be found in [102]. However, the k-means algorithm is known to be sensitive
to initial conditions and does not guarantee to produce global optimal clusters. The clustering
results heavily depend on the starting center points, which are (usually) randomly initialized.
Therefore, the algorithm is susceptible to converge into a local optimum. Furthermore, the
number of clusters must be given as an input parameter for the k-means clustering technique.
Without any prior knowledge of the data, determining the appropriate number of clusters is
considered a difficult task.

A few efforts have been accounted for to take care of the clustering initialization problem.
The most common and naive technique is to attempt the k-means algorithm multiple times
with different initial seeds and gather the best result. However, the best-obtained solution from
this stochastic procedure does not often produce globally optimal clusters. Note that finding
globally optimal clusters is known to be an NP-hard problem. Several techniques have been
introduced to refine the starting points for the k-means clustering method [48, 49, 50, 51, 52].
On the other hand, many other studies have tried to combine k-means with other heuristic algo-
rithms to prevent k-means from converging into local minima, including simulated annealing
[53, 54] and genetic algorithm [55].

The genetic algorithm (GA) is a powerful technique for optimization problems based on

natural selection and genetics. GAs have been applied to many function optimization problems
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and have been shown to be good at finding optimal and near-optimal solutions. The basic meth-
ods of the genetic algorithm are designed to reproduce processes in normal systems necessary
for evolution based on the principle of survival of the fittest.

Although the initial population is randomized, the GA is by no means random. It chrono-
logically directs the population in the search space by probabilistic applying genetic operators,
including selection, crossover, and mutation. In general, the selection operator selects indi-
viduals from the current population for the next population with a probability proportional to
the individual’s fitness relative to the fitness of the rest of the population. Crossover operates
on two individuals (parents) to produce two new individuals (offspring) inheriting some of the
attributes from their parents. The mutation operator changes the genomic structure of an in-
dividual at some point in the hope that the mutated individual will help maintain diversity for
crossover and selection to exploit. Depending on the specificity of the problem, the selection,
the crossover, and the mutation procedures in the GA may vary.

Several studies address genetic algorithms to solve clustering problems using label-based
representation for solution [75, 56, 58, 61]. Label-based representation uses integer encoding
to present cluster membership. For example, providing k£ number of clusters (e.g., k = 3), the
integer vector [111222233] indicates that the first three data points belong to the cluster #1,
the next four data points belong to cluster #2, and the last two data points belong to cluster
#3. This encoding is, however, redundant. For example, the cluster membership integer vector
[111222233] is equivalent to [222111133]. With the same solution, there will be k! different
encodings. Therefore, the size of the search space for the genetic algorithm significantly in-
creases when the number of clusters £ increases, which may reduce the efficiency of the genetic
algorithm.

Compared to label-based representation, medoid-based and centroid-based representa-
tions, which encode only the centers of the clusters, are more efficient in terms of the size
of the search space. However, the ultimate benefits of each representation are still hard to
evaluate and compare because performance also greatly depends on the design of the fitness
function. Several methods make use of medoid-based representation using integer encoding

to encode the solution [103, 104]. The previous cluster membership example [111222233] can
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be encoded as [25 8] in k-medoids approach in which the second, fifth, and eighth data points
are three centers represented for three clusters. Other data points are then assigned to each
cluster using these centers. Centroid-based representation, on the other hand, uses real-number
encoding to represent the center of clusters. Unlike medoid-based representation, which uses
data points in the input data as cluster centers, cluster centers in centroid-based representation
can be any point in the multi-dimensional space. Therefore, a solution is now represented by
a set of coordinates. For example, the real-number vector [7.2 0.3 8.4 4.2 7.5 6.1] illustrates
three cluster centers A(7.2,0.3), B(8.4,4.2), and C(7.5,6.1). This representation is adopted
by Maulik and Bandyopadhyay [78] and several other papers [77, 76, 105].

Traditional genetic crossover is strongly adopted in genetic-based clustering algorithms.
Many studies applied one-point crossover to produce offspring for both integer encoding so-
lutions and real-number encoding solutions [75, 76, 77, 78]. Figure 3.1 describes one-point
crossover for integer encoding (A) and real-number encoding (B). However, the naive one-
point crossover can produce invalid offspring, as described in Figure 3.1C. On the other hand,
one-point crossover on a real-number encoding can be very destructive to the population since
it can generate significantly different offspring compared to its parents. In high-dimension data,
this operation tends to swap the centers between parents rather than moving them in the high-

dimensional space. Crossover can also be omitted, such as in Krishna and Murty’s method

[56].
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Figure 3.1: One point crossover for (A) integer encoding and (B) real-number encoding. (C)
Invalid offspring from one point crossover for integer encoding.
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With label-based representation, mutation can be as simple as assigning a data point to
a random cluster. However, it can generate invalid solutions. Krishna and Murty [56] design
a mutation operator that assigns a new cluster for a data point based on the distances of the
cluster centroids from the corresponding data point. The cluster that has the centroid closer to
the data point will have a higher probability of being assigned to that data point. This mutation
principle is also adopted by Lu et al. [58, 61]; however, such methods have been found to
create empty clusters. Other papers using real-number encoding [76, 77, 78] operate mutation
by slightly modifying the centroids. By modifying the centroids, this mutation may change the
membership of some data points in relation to the clusters represented by the solution. It can
also shake the centers out of the local optimum.

K-means is also used in several methods to refine the genetic algorithm generated re-
sults [78, 61, 76]. With each generation, one or multiple steps of k-means are applied to certain
solutions during the mutation process or to all individuals in the population. This operation
is especially helpful in urging the genetic algorithm to converge and in refining the ultimate

solutions. However, it can also trap solutions at local optima.

3.2 Multi-objective genetic k-means clustering algorithm

Many studies have attempted to apply GA to refine the k-means algorithm. However, many
of them omit the crossover procedure and greatly depend on the selection and mutation opera-
tor. On the other hand, none of those methods has taken into account the problem of choosing
the appropriate number of clusters for the k-means algorithm. In this study, we make use of
real-number encoding to encode the cluster centers in a way that makes the number of clus-
ters encoded by a solution dynamic. We use simulated binary crossover [106], which applies
crossover for every dimension of the centers in the solution. This crossover operation will
generate offspring close to their parents. Besides adding noise to the cluster centers to avoid
the convergence of the genetic algorithm to a local optimum, our mutation operation can also
change the number of clusters that a solution represents. We also use the k-means operator to
refine the solutions. In the following sections, we describe the encoding of the solution, the

genetic operators, and the fitness function of the proposed method.
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3.2.1 Chromosome encoding

In our encoding, each solution (chromosome) has two encoded regions, as shown in Figure 3.2.
The first region encodes the status of each center, which is either active (1) or disabled (0).
The second region encodes the coordinates of each center. Figure 3.2 represents a solution for
two-dimensional input data where the number of clusters is two. In this example, the maximum
number of clusters is three. However, this number can be higher. The number of coordinates
for each center depends on the number of dimensions in the input data.

center status coordinates

1101 (3863|8142 75]6.1

centerl center2 center3

(active) (disabled) (active)

Figure 3.2: Chromosome encoding of a two-cluster solution for two-dimension data with the
maximum cluster it can encode is three.

This chromosome encoding allows us to hold solutions with different numbers of clusters
in the same population. It also allows us to change the number of clusters of a solution through
mutation, which prevents solutions with the same number of clusters from dominating the
population.

The population is randomly initialized by selecting random data points and assigning their
coordinates to cluster centers. With predefined maximum cluster numbers kM az from users,

each number of clusters k is initialized with the same number of solutions.

3.2.2 The fitness functions

The fitness of individuals is evaluated using three different criteria including: i) within-cluster
sum of squares, ii) Davies and Bouldin index [107], and iii) Silhouette index [108]. We describe
each of these in turn below.

Within cluster sum of squares (WCSS) is the objective function of the original k-means.z
Denoting k as the number of clusters, {c;,7 € [1..k]|} as the cluster centers, and {C;, i € [1..k]}
as the k clusters (each cluster consists of many data points), the within-cluster sum of squares

1s defined as:
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where ||z; — ¢;||* is the Euclidean squared distance between data point z; and center ¢;. A

better solution will have a smaller WSS value.

Davies and Bouldin (DB) index is a function of the sum of within-cluster scatter to
between-cluster separation. A better solution will have a smaller DB(k) value. DB index

is calculated as follows:

k
1 5+ 6;
DB(k) = — 0
(k) k;ﬂgg( i)

where

k is the number of clusters,

i, j are the i*" and j*" cluster respectively,

d;; is the distance between centers ¢; and c;,

d; and 9, are the dispersion measure of a cluster C; and C}, respectively. For example, C;
is the standard deviation of the distance of data points in cluster C; to the center of this

cluster ;.

Silhouette index (SI) measures how similar an object is to its own cluster (cohesion)
compared to other clusters (separation). A better solution will have a higher SI value. The

silhouette index is computed as follows:

Zz’:l max{a(3);b(2)}
n

SI =

where

° CL(Z) = _Zje{cr\li}dij

is the average dissimilarity of the i object to all other objects of

cluster C,,
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= % is the average dissimilarity of the i*" object

* b(i) = min{dics}, in which d;¢,

to all objects of cluster C.

By using all of the three metrics (WCSS, DB, and SI), the fitness function will evaluate

how similar each member is in the same cluster and how well the clusters are separated.

3.2.3 The crossover operator

The crossover operator is performed by using the simulated binary crossover proposed by
Agrawal, R. B. et al. [106] on parents that have the same number of clusters. The crossover op-
erator is performed by using the simulated binary crossover proposed by Agrawal et al. [106].
The crossover procedure is described in Figure 3.3. For each pair of parents (Parent; and
Parent,) that have the same number of clusters selected randomly from the population, the
simulated crossover is applied to each coordinate of the centers in Parent; with the corre-

sponding coordinate of the centers in Parents.

center; center,
——N— ——N—

Parent, | 1 [0 | 1]/38]63] 81 42| 75] 6.
SBX

Parent, | 1 |1 [0/ 55]05][47]24| 57| 45]
center; center,

Figure 3.3: Crossover procedure between two parents. Simulated binary crossover is applied
to (1) each coordinate of center, of Parent; with the corresponding coordinate of centery of
Parent,, and (2) each coordinate of centery of Parent; with the corresponding coordinate of
center, of Parents.

First, the Euclidean distance is calculated between any centers of Parent; and Parents.
A simulated binary crossover is then applied to each coordinate of the corresponding dimension
of the closest centers between two parents. These centers are then removed from the crossover
center list. The procedure is applied to the rest of the centers of the two parents until no center

is left. The results of another example of the crossover operator can be seen in Figure 3.4.

3.2.4 The mutation operator

Mutation shakes the centers out of a local optimum and moves them, hopefully, toward the

global optimum. Within the mutation operator, there are two functions that can be applied to
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Figure 3.4: Offspring resulted from simulated binary crossover. Red dots represent the centers
of two parents, and green dots represent the centers of two corresponding offspring

each solution, including (1) adding noise to the centers of each cluster and (2) changing the
number of clusters.

Noise is added to the centers of each cluster using Gaussian noise. The noise added to
the data will have the variance equal to the variance of the data. By setting the variance of the
added noise equal to the median variance of the data, we aim to sufficiently shake the centers
out of local optima. If the added noise is considerably higher, the new centers will be moved
further from the original points, which can destroy the solution. On the other hand, if the noise
is low, the new centers will only move close to the original centers, which can result in them
being trapped in a local optimum.

The mutation operator can also change the number of clusters and solutions by activating
or disabling a center. Activating a center will select a random data point and add its coordinates
to a new center. Disabling a center will select a random center in the solution and mark it as

disabled.

3.2.5 The k-means operator

The k-means operator is applied to speed up the convergence of the algorithm by applying one
step of the k-means algorithm to the solution. For each generation, the k-means operator is

applied with a predefined probability by the users for each solution. The procedure starts with
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assigning each data point to the closest center in the solution; the centers are then adjusted
using the mean of the data points assigned to that center.

The k-means operator, however, can produce an illegal solution with empty clusters. If
the adjusted solution contains empty clusters, a random data point will replace the center with

empty members. The k-means operator is then re-applied until a valid solution is produced.

3.2.6 The selection operator

The goal of the selection operator is to find the Pareto front of the three objective functions.
In this paper, we make use of the selection procedure proposed by Deb, K. et al. [109]: Non-
dominated Sorting Genetic Algorithm (NSGA-II). The principle of the selection is to arrange
the population into a hierarchy of non-dominated Pareto fronts and use a crowding distance to
prevent solutions from concentrating in the region at the level of the Pareto fronts (Figure 3.5).
The detailed implementation of the algorithm is described in [109].

Non-dominated Crowding distance
sorting sorting P

lies|

Q

[ ]

Figure 3.5: Non-dominated Sorting Genetic Algorithm (NSGA-II) where ¢ is the population
generation, P is the parents, Q is the offspring, and F; is the Pareto front level *.

R¢

3.2.7 Evaluating the ultimate solution

Although NSGAII was designed to produce a dispersed Pareto front, and in practice, we can
present the entire Pareto front to a domain expert user to choose from, we may still wish to
identify an “ultimate” solution as the result of our algorithm. We start by considering all in-
dividuals in the final Pareto front. We then select the best solution for each objective. If the

best solutions for two index values are different, each solution will be ranked based on its other
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index value compared to other solutions in our Pareto set. The solution that has a better rank

will be extracted as the ultimate solution.

3.3 Experimental results

3.3.1 Results on simulation

We first validate the framework from a theoretical perspective by comparing the new method
with the original k-means. In this section, we compare the performance of MGKA with k-
means on generated datasets with a large number of clusters. It is known that k-means does
not produce a global optimum. Therefore, we run k-means multiple times in order to obtain
results that are at least close to the global optimum. Here, we set the number of times we run
k-means equal to the population size of MGKA, which is 50. The simulation generates datasets
with clusters of 10 to 15; each cluster is well separated and has ten members. The landscape
of the simulated data with £ = 10 is described in Figure 3.6. We use the kmeans function in
the stats package, R programming language, to obtain the clustering result from the k-means
algorithm.

Simulated dataset with k = 10

3%
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Figure 3.6: The landscape of simulated dataset with the number of cluster is ten. Each cluster
is well separated to each other and has ten members.

The average result of 30 runs for each k is represented in Table 3.1. We use the within-
cluster sum of square errors and the Adjusted Rand Index (ARI) to compare the results between

the two algorithms. Table 3.1 shows that MGKA outperforms k-means in all of the datasets.
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Table 3.1: Within cluster sum of square errors and Adjust Random Index (ARI) of clustering
result produced by MGKA and k-means with restarts.

#k  #Samples WithinSS ARI
MGKA  k-means MGKA k-means
10 100 457237  782.051 1 0.963
11 110 461.326  996.554 1 0.954
12 120 520.686  913.989 1 0.939
13 130 598.247 910.19 0.993 0914
14 140 547.731 1136.477 1 0.931
15 150 630.188 1074.967 1 0.929

Adjust Rand Index (ARI) values for clusters produced by MGKA in all datasets show that
MGKA can easily achieve the global optima in all simulated datasets. K-means, on the other
hand, produces sub-optimal solutions most of the time. The average ARI of 30 runs also shows
that MGKA is much more stable compared to k-means. The within-cluster sum of squares
shows significant differences among clusters produced by MKGA and k-means. The results

from k-means are also too far away from optimal solutions.

3.3.2 Results on cancer omics data

Table 3.2: Description of the eight mRNA datasets used in our analysis. The top five datasets
were downloaded from the Gene Expression Omnibus. The bottom three datasets were down-
loaded from the Broad Institute website.

Datasets #Class  #Sample  #Feature Platform Description

GSE10245 [110] 2 58 19851 hgul33plus2 40 adenocarcinomas and 18 squamous cell carcinomas

GSEI19188 [111] 3 91 19851 hgul33plus2 45 adenocarcinomas, 19 large cell carcinomas, and 27 squa-
mous cell carcinomas

GSE43580 [112] 2 150 19851 hgul33plus2 77 adenocarcinomas and 73 squamous cell carcinomas

GSE14924 [113] 2 20 19851 hgul33plus2 10 acute myeloid leukemia CD4 T cell and 10 CD8 T cell

GSEI15061 [114] 2 366 19851 hgul33plus2 202 acute myeloid leukemia samples and 164 myelodyplastic
syndrome samples

Lung2001 [115] 4 237 8641 hgu95a 190 adenocarcinomas, 21 squamous cell carcinomas, 20 carci-
noid, and 6 small-cell lung carcinomas

AML2004 [116, 117] 3 38 5000 hgu6800 11 acute myeloid leukemia, 19 acute lymphoblastic leukemia
B cell, and 8 T cell

Brain2002 [118] 5 42 5299 hgu6800 10 meduloblastomas, 10 malignant gliolas, 10 atypical tera-

toid/rhaboid tumors, 4 normal cerebellums, and 8 primitive
neuroectodermal tumors

Here, we demonstrate the application of MGKA in the context of cancer subtyping us-
ing multi-omics data. In order to assess the performance of MGKA, we compare the results

of MGKA with those of widely used methods in this field, including Consensus Clustering
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(CC) [62] — a resampling-based approach, Similarity Network Fusion (SNF) [97] — a graph-
theoretical approach and iClusterPlus [81] — a mixture model approach. With CC, SNF, and
iClusterPlus, we use the default parameter settings. The parameters for MGKA after this sec-
tion are: population size = 20, the number of generations = 20, crossover probability = 1,
mutation probability = 0.01, and k-means operator probability = 0.5.

First, we compare the four methods using eight mRNA gene expression datasets with
known disease subtypes. The 5 datasets with accession id GSE10245, GSE19188, GSE43580,
GSE15061, and GSE14924 were downloaded from Gene Expression Omnibu (www.ncbi.
nlm.nih.gov/geo/). The other three datasets were downloaded from the Broad Institute:
Lung200 (www.broadinstitute.org/mpr/lung/), AML200 (www.broadinstitute.
org/cancer/pub/nmf), and Brain200 (www .broadinstitute.org/MPR/CNS/). De-
tails of the eight datasets are described in Table 3.2. The results of clustering for eight mRNA
datasets are represented in Tabl 3.3. We use the Adjusted Rand Index (ARI) to assess the perfor-
mance of the resulting subtypes. Among the eight datasets that we tested, MGKA outperforms
other methods in six methods. SNF and iClusterPlus, however, crashed with GSE14924 and

AML2004 and are represented with NA in the table.

Table 3.3: The performance of MGKA, Consensus Clustering (CC), Similarity Network Fusion
(SNF), and iClusterPlus in discovering subtypes from gene expression data. For each dataset
(row), cells highlighted in green have the highest Adjusted Rand Index (ARI).

Dataset Samples  #Class MGKA CC  SNF  iCluster+
GSE10245 58 2 0.80 032 038 0.22
GSE19188 91 3 0.84 06  0.12 0.19
GSE43580 150 2 0.44 037 0.15 0.21
GSE15061 366 2 0.78 043  0.05 0.15
GSE14924 20 2 1.00 025 NA 0.73
Lung2001 237 4 0.54 0.11 0.28 0.11
AML2004 38 3 0.41 0.56 | 0.17 NA
Brain2002 42 5 0.15 046  0.13 0.32

Secondly, we compare the four methods using DNA methylation datasets from The Can-
cer Genome Atlas (TCGA). In the comparison, we use eight datasets downloaded from the
TCGA website (cancergenome.nih.gov and firebrowse.org). Eight datasets include Glioblas-

toma multiforme(GBM), Thymoma (THYM), Glioma (GBMLGG), Kidney renal papillary cell
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carcinoma (KIRP), Kidney Chromophobe (KICH), Uveal Melanoma (UVM), Pancreatic ade-
nocarcinoma (PAAD), and Adrenocortical carcinoma(ACC). These datasets, however, do not
contain subtypes for each disease. Instead, with known survival outcomes, we use Cox re-
gression to assess the survival difference of the discovered subtypes. The Cox p-values of the
subtypes discovered by each of the four approaches are presented in table 3.4. Again, among
eight datasets, MGKA outperforms other methods in six datasets. Moreover, while MGKA can
discover subtypes with significant cox-p value (at the threshold of 5%) for all datasets, CC,
SNF, and iClusterPlus can only discover subtypes with significant cox-p value for three, seven,

and five datasets respectively.

Table 3.4: The performance of MGKA, Consensus Clustering (CC), Similarity Network Fusion
(SNF), and iClusterPlus in discovering subtypes from DNA methylation data. Cells highlighted
in yellow have significant Cox p-values at the threshold of 5%. For each dataset (row), cells
highlighted in green have the most significant Cox p-value.

Dataset Samples MGKA CC SNF iCluster+
GBM 273 1.2e—4 0.075 0.017 0.103
THYM 119 0.006 0.053 0.04 0.068

GBMLGG 510 3.3e—16 3e—9 1.9e—12  5.4e—14

KIRP 271 5.1e—18 0.299 2.8e—13 0.013
KICH 65 le—4 0.88 le—4 0.788
UvM 80 7.1le—4 9.8e—4 0.005 0.003
PAAD 178 0.002 6.6e—4 0.346 3.8e—4
ACC 79 6.2e—4 0.06 0.047 6.6e—5

3.3.3 Results on single-cell transcriptomics data

We also test our method on four different single-cell datasets with known cell types (Table 3.5).
Yan’s dataset contains 90 human embryo samples in six different stages. Goolam’s and Deng’s
datasets contain mouse embryo samples in different stages. Pollen’s dataset contains 301 sam-
ples of different human tissues. The references for each dataset are given in Table 3.5. We
compare our method with SC3[119] method - a consensus clustering method of single-cell
RNA-seq data, and SEURAT[120] - a graph-based clustering approach for single-cell RNA-
seq data. Table 3.5 shows the ARI values obtained by MGKA, SC3, and SEURAT on those

four datasets. MGKA produces the best clusters in three out of four tested datasets.
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Table 3.5: The performance of MGKA, SC3, and SEURAT in discovering cell types from gene
expression data. For each dataset (row), cells highlighted in green have the highest Adjusted
Rand Index (ARI). MGKA produces clusters with highest ARI value for three out of four
datasets.

Dataset Samples  #Class MGKA SC3  SEURAT
Yan (GSE36552)[121] 90 6 0.67 0.63 0.53
Goolam (E-MTAB-3321)[122] 124 5 0.72 0.63 0.57
Deng (GSE45719)[123] 268 6 0.60 0.55 0.51
Pollen (SRP041736)[124] 301 11 0.88 0.93 0.70

3.4 Conclusion (MGKA)

K-means clustering is a simple, fast, and unsupervised approach. However, it suffers from some
limitations, such as the initial centroids problem and the selection of the appropriate number
of clusters. This study describes and evaluates a new approach that uses an evolutionary multi-
objective algorithm to find a set of Pareto optimal solutions along three measures of cluster
goodness. A new representation directly addresses the initial centroid problem, and the non-
dominated sorting genetic algorithm maintains a population with a diverse number of high-
performing clusters. That is, while many current approaches integrate genetic algorithms with
k-means to find the global optimum for a fixed number of clusters, our method, MGKA, is
able to maintain and evaluate solutions with different numbers of clusters at the same time. By
using simulated binary crossover, our crossover operator is less destructive compared to naive
one-point crossover and generates offspring close to the parents rather than exchanging dataset
members or center coordinates.

The multi-objective genetic algorithm allows us to optimize the solution with different
cluster validity indexes so that, at the same time, we can also evaluate the appropriate number of
clusters. By using the Davies & Bouldin index and Silhouette index, the best solutions will have
the most similar members in the same cluster and have well-separated clusters. Our experiment
on different simulated datasets shows that MGKA is better than naive k-means in finding the
global optimum. Other experiments on 16 disease datasets and five single-cell datasets indicate
that MGKA outperforms other state-of-the-art algorithms in discovering disease subtypes. We
also demonstrate that MGKA can be used to discover cell types from single-cell RNA-seq

data and displays a better performance compared to SC3 and SEURAT, which are specifically
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designed for single-cell RNA-seq data. This provides strong evidence of the viability of our

approach for clustering applications, especially in the biomedical domain.
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Chapter 4

DSCC: Disease subtyping using community detection from consensus networks

This chapter is based on the following publication: Hung Nguyen, Bang Tran, Duc Tran,
Quang-Huy Nguyen, Duc-Hau Le, and Tin Nguyen. Disease subtyping using community
detection from consensus networks. 12th International Conference on Knowledge and Systems

Engineering (KSE). 2020. DOI: 10.1109/KSE50997.2020.9287843

In the previous chapter, we introduced a general clustering method that uses a multi-
objective genetic algorithm to find a better solution for k-means clustering. The method is
suitable for clustering a single type of data. In this chapter, we focus on the problem of disease
subtyping using multi-omics data. Here, we introduce DSCC (Disease Subtyping using Com-
munity detection from Consensus networks), which exploits the local relationships between
patients from each data type to build a consensus network from patient connectivities. It then
uses a community detection technique to discover different groups within patients that have
significantly different survival profiles. In an extensive analysis using simulation studies and
5,782 real patients related to 20 cancer datasets from The Cancer Genome Atlas, we demon-
strate that DSCC is robust against noise and outperforms state-of-the-art methods in identifying
known patient classes and novel subtypes with significantly different survival profiles.

This chapter is divided into three main sections. In the first section, we describe the
methodology of DSCC. In the second section, we present the results of DSCC on both simu-
lated and real data. In the third section, we discuss the results and the potential of DSCC in the

context of disease subtyping.
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Figure 4.1: The overall workflow of DSCC. The method consists of three main steps: 1) gene
filtering using non-negative matrix factorization, ii) building patients connectivities using k-
means with different numbers of clusters, and iii) clustering using community detection.
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4.1 Methodology

Figure 4.1 shows the overall workflow of DSCC. The method requires a list of data matri-
ces (mRNA, methylation, miRNA, etc.). In each matrix, rows represent samples/patients, and
columns represent genes/features. For each matrix, the method first applies gene filtering us-
ing non-negative matrix factorization and then builds connectivities between patients using
k-means clustering. Finally, the method applies community detection on the combined connec-

tivity using Louvain modularity [125] to cluster patients.

4.1.1 Gene filtering using Non-negative Matrix Factorization

Our hypothesis is that although the total number of features in omics data is large (e.g. ~20k
for mRNA data), only a subset of them truly differentiates among cancer subtypes. Therefore,
we first focus on filtering out genes that are not likely to play a major role in subtyping. Figure
4.2 shows the workflow of our gene filtering approach using 1-factor Non-Negative Matrix
Factorization (NNMF). Briefly, Matrix Factorization is a technique that decomposes a matrix

into the product of two lower dimensionality matrices:

V=WxH+FE

where in the context of this article:

* V is a matrix of size p X g (the original omic data, e.g. gene expression matrix), in which

p is the number of patients and g is the number of genes;
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Figure 4.2: Gene filtering using non-negative matrix factorization. The original data matrix is
decomposed into two vectors representing patients and their features in 1-dimensional latent
space. The error of the reconstructed data using these two vectors is used to rank each gene.
Only 30% of genes that have the largest error are kept for the next steps.

* IV is a matrix of size p X k, a representation of patients in a latent space with the number

of factors is k;
* H is a matrix of size k X g representing meta-gene matrix in the latent space; and

* F is a matrix of size p X g, the error between the original data and the reconstructed data

from W and H.

The number of latent factors k£ has been used as the number of clusters in a number of
clustering methods [117, 126]. If a dataset consists of & subtypes, it is expected that genes
contributing to differentiating subtypes will have different expression patterns among subtypes,
and these patterns can be captured in each latent factor. In our method, we use NNMF to filter
features that have insignificant contributions to differentiating subtypes rather than directly
assign clusters using data from NNMF. Here, we choose the number of factors £ = 1. This
makes it difficult to fit the model for genes that have significantly different expression patterns
on different subtypes. As a result, genes that have a significant contribution to differentiating
subtypes will have more errors in the reconstructed data. We then rank the genes by their total
absolute error ) |E ;| and keep only 30% of genes that have the largest error for the next steps.

After filtering unimportant features, the number of remaining features is still on the scale

of hundreds or even thousands. It is necessary to perform dimension reduction to reduce the
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time complexity for network construction. Therefore, we finally use principal component anal-
ysis to perform dimension deduction on each filtered data with the number of principal com-
ponents at 20. This data is then used to generate connectivities between patients in the next

step.

4.1.2 Consensus network generation and subtyping

To generate the overall connectivities for patients in each data type, we run k-means on the
20-dimension data with different numbers of clusters. The connectivities between patients are
defined as a square matrix where both rows and columns represent patients. Its values are 1
when two patients are clustered into the same group and otherwise 0.

In this step, we aim to group a certain number of patients into the same clusters. This
can be achieved by adjusting the number of clusters inputted for the k-means algorithm. For
example, if the number of patients is p and the number of clusters is k, it is expected that each
cluster will have an average of 7 patients, assuming that the clustering yields balanced clusters.
We choose the number of clusters £ so that each cluster will have the number of members from
2 to 50. Our assumption is that if a group of patients belongs to the same subtypes, then they
will tend to establish connections regardless of the predefined number of clusters. Also, by
using a large number of clusters, we expect that both local and global connections between
patients will be established.

It is known that the k-means algorithm often converges at local minima, especially with
big numbers of clusters. However, the more time that samples clustered into the same groups,
the more chance these samples belong to the same cluster in the final assignments. Therefore,
for each number of clusters k, we run k-means 1,000 times. The final patient connectivity
matrix for each data type is the average of connectivities from all runs of all £.

Finally, we create an undirected weighted graph from the average of all patient connectivi-
ties across all data types. We apply community detection using the Louvain method to discover
communities from the graph as the final clusters. The Louvain algorithm [125] optimizes a

modularity quality function in two elementary phases: 1) local moving of nodes, and ii) network
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aggregation. The modularity function measures the edge density within communities compared

to those between communities and is computed as follows:

1 ik,
Q= %Z [Az'j - ka(%%‘)

ij

where

A;; is the edge weight between the two nodes ¢ and j;

ki = Zj Aijs

_ 1
m = 527,’]’ Ayj

¢; 1s the community that node ¢ is assigned; and
* §(u,v) = 1if u = v and 0 otherwise.

First, each node in the graph is assigned to a community. In the nodes moving phase,
each node is moved to one of its neighbor communities, which yields the largest increase in
the quality function. If no increase is gained from all moves, the node remains in its original
community. This process repeats until no increase in the quality function occurs. In the network
aggregation phase, each community in the first phase becomes a node to form an aggregate
network. The two phases are repeated until the modularity quality function converges. The

final detected communities for the network are the output clusters for all data types.

4.2 Results

In this section, we assess the performance of the proposed method using 1) simulation stud-
ies and ii) 20 real datasets from TCGA. We compare DSCC with four other state-of-the-art
methods in cancer subtyping, including Consensus Clustering (CC), Similarity Network Fu-
sion (SNF), iClusterBayes (iCB), and Cancer Integration via Multikernel LeaRning (CIMLR).
Among the four methods, CC is the only method that does not inherently support multiple data
type integration. Therefore, in each analysis, we concatenate all data types for the integrative

analysis.
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We note that our method is completely unsupervised learning, in which, besides input is
multi-omics data, no additional knowledge is provided for our clustering method. To make it
fair with all other methods, we let each method detect the true number of clusters from the

input data and use that number to generate the final cluster assignments.

4.2.1 Simulation study

To generate data for the simulation study, we use three different models to simulate differ-
ent types of omics data, including Gaussian, Beta-like, and Binary models. These simulation
models are inspired by Pierre-Jean et al. [127].

We simulate three different data types using the three models. Each data type has 100
samples and 10,000 features and is split into five groups, each of which has 50 differential
features that distinguish between clusters. The parameters for each model are as follows: for
the Gaussian model, ; = 2 and ¢ = 1; for Beta-like model, p1y = —2, 07 = 0.5, us = —2, and
0y = 0.5; and for Binary model, we set the probability p = 0.6 for a value to be 1.

We also simulated noise in each data type, in which we define the based-noise for each
model as follows: for Beta-like model, we add noise using normal distribution with ¢ = 0 and
o = 1; for Beta-like model, we also add noise using normal distribution with ¢ = 0 and 0 =
0.1; and for Binary model, we add randomly add a value of 1 to the data with probability p =
0.1. With this level of noise, clusters of all data types are well separated. We finally simulate a
total of 20 datasets, each of which consists of three data types from the three distributions with
different noise levels. The noise level is adjusted by increasing ¢ and p in the noise added to
the data from 10% to 200%.

Since the true cluster assignments are known, we use Adjusted Rand Index (ARI) [128]
to assess the performance of the methods. Briefly, ARI measures the similarity between two
cluster assignments with correction for chance. ARI values range from —1 to 1 where ARI =1
indicates a perfect match between two cluster assignments, AR/ = 0 indicates the agreements
are expected to be the same with random cluster assignments, and negative ARI indicates that

the agreement is less than what is expected from a random result.
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Figure 4.3: ARI values of clusters produced by DSCC, Consensus Clustering (CC), Similarity
Network Fusion (SNF), iClusterBayes (iCB) and Cancer Integration via Multikernel LeaRning
(CIMLR) using 20 simulated data.

Figure 4.3 shows the distribution of ARIs for the 20 simulated datasets for the five meth-
ods. CC produces clusters with the lowest ARI values since this method fails to detect the true
number most of the time. SNF, iCB, and CIMLR can reach ARI values of 1 when the level
of noise < 30%. However, when the noise level increases more, their performance drastically
decreases. While iCB can still detect the true number of clusters when the noise level increases,
SNF and CIMLR fail to do so when the noise level is > 100%. On the other hand, it is clear
that DSCC can easily maintain the ARI values close to 1 in all datasets. The performance of

DSCC is slightly affected only when the noise level is > 150%.

4.2.2 Performance on TCGA data

To better assess the performance of DSCC, we compare DSCC and CC, SNF, iCB, and CIMLR
on 20 TCGA datasets. The 20 datasets include Adrenocortical carcinoma (ACC), Bladder
Urothelial Carcinoma (BLCA), Breast invasive carcinoma (BRCA), Cervical squamous cell
carcinoma and endocervical adenocarcinoma (CESC), Cholangiocarcinoma (CHOL), Colon
adenocarcinoma (COAD), Colon and Rectum adenocarcinoma (COADREAD), Diffuse Large
B-cell Lymphoma (DLBC), Esophageal carcinoma (ESCA), Glioblastoma multiforme (GBM),
Glioma (GBMLGG), Head and Neck squamous cell carcinoma (HNSC), Kidney Chromophobe
(KICH), Pan-Kidney cohort (KIPAN), Kidney renal clear cell carcinoma (KIRC), Kidney renal

papillary cell carcinoma (KIRP), Brain Lower Grade Glioma (LGG), Acute Myeloid Leukemia
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(LAML), Liver hepatocellular carcinoma (LIHC), and Lung adenocarcinoma (LUAD). Each
dataset consists of three data types, including mRNA, miRNA, and DNA Methylation.

Since the true subtypes are not available for any of the datasets, we use the Cox Proportional-
Hazards Model [129] to validate the subtypes produced by each method. The p-values from
this regression model represent the association between the survival time of patients with the
subtype they are assigned. Table 4.1 shows the Cox p-values of subtypes produced by the five
methods on the 20 datasets.

Table 4.1: Cox p-values of subtypes identified by DSCC, CC, SNF, iClusterBayes (iCB), and
CIMLR for 20 TCGA datasets. Cells in yellow indicate significant p-values (< 0.05). Cells in
green indicate the most significant p-value for each dataset.

# Dataset DSCC CC SNF iCB CIMLR
1 ACC 6.0e-05 8.7e-04 4.3e-05 5.4e-03 1.3e-01
2 BLCA 7.2e-05 1.1e-01 1.1e-01 2.1e-01 4.4e-01
3 BRCA 1.7e-03 1.0e-02 1.2e-01 2.7e-02 5.2e-03
4 CESC 1.6e-02 2.2e-01 5.1e-01 2.0e-02 1.9¢-01
5 CHOL 5.9e-01 7.9e-02 5.7e-01 7.0e-01 3.4e-01
6 COAD 2.6e-01 5.5e-01 1.3e-01 4.2e-01 2.6e-01
7 COADREAD 6.6e-01 7.2e-01 6.6e-01 8.0e-01 3.3e-01
8 DLBC 8.8e-01 5.1e-01 7.5e-01 1.9e-01 7.4e-01
9 ESCA 3.1e-01 8.1e-01 3.9e-01 1.9e-01 5.6e-01
10 GBM 5.0e-03 7.5e-01 2.1e-02 2.6e-01 5.4e-02
11 GBMLGG 2.6e-16 4.9e-04 4.8e-14 8.0e-02 3.7e-10
12 HNSC 1.5e-03 5.1e-01 3.7e-01 7.8e-02 4.0e-01
13 KICH 5.1e-01 9.3e-01 7.0e-01 1.4e-01 4.6e-01
14 KIPAN 6.3e-19 5.3e-08 2.1e-07 1.4e-01 9.8e-05
15 KIRC 1.7e-03 8.3e-01 6.9¢e-01 2.1e-01 2.9e-01
16 KIRP 7.0e-03 2.2e-02 5.3e-03 4.9¢-02 1.9¢-02
17 LAML 3.6e-04 2.0e-01 1.7e-03 8.7e-03 8.7e-01
18 LGG 2.4e-19 1.3e-06 1.6e-14 2.3e-05 7.le-15
19 LIHC 3.2e-04 8.2e-01 3.3e-01 2.0e-01 1.3e-01
20 LUAD 7.5e-03 7.6e-01 5.0e-01 2.2e-02 3.7e-01
#Sigificant 14 6 7 7 5

Among 20 datasets, there are seven datasets (CHOL, COAD, COADREAD, DLBC, ESCA,
KIRC and LIHC) for which none of the five methods is able to discover subtypes with signif-
icant survival differences. In the remaining 14 datasets, DSCC identifies subtypes with sig-
nificantly different survival profiles on all 14 datasets. That number for CC, SNF, iCB, and
CIMLR is 5, 7, 5, and 5, respectively. Moreover, DSCC has the most significant p-values for

12 out of 14 datasets.

35



N
1

-log10(p-value)
w

=
1

mRNA Methylation mMiRNA Integration

Figure 4.4: Cox p-values of subtypes identified by DSCC on each single data type and on
integrated data. Overall, data integration yields better results than single data type only.

To further investigate the effect of data integration on the clustering results using DSCC,
we also perform subtyping analysis for each data type and gather p-values from the produced
clusters. Figure 4.4 shows the distribution of —logl10(p-value) by each data type and also
integrated data (mMRNA, Methylation, and miRNA combine together). Among 20 datasets, the
Cox p-values obtained from integrated data have the median —log10(p-value) of 2.5, compared
to 1.2, 1.3, and 1.0 from mRNA, Methylation, and miRNA, respectively. With a significant
threshold of p-value = 0.05 or —log10(p-value) = 1.3, subtyping using integrated data shows
that it can identify subtypes with significant differences in survival profiles, while subtyping

using single data type fails to do so.

4.3 Conclusion (DSCC)

In this study, we developed a novel method, DSCC, for disease subtyping and data integration.
DSCC is robust against noise and can efficiently identify cancer subtypes with significantly
different survival profiles. We validated our method using 20 simulated datasets and 20 real
datasets from TCGA with a total of 5, 782 patients. Our simulation study shows that DSCC can
work well with data that have different distributions. It can precisely detect the true number
of clusters and is robust against noise. Our evaluation of real data shows that DSCC is able to
discover subtypes with significantly different survival profiles, while many other state-of-the-

art fail to do so. It also shows that subtyping using data integration produces better subtypes
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compared to subtyping using only a single data type. The developed method is flexible and can
be applied in a wide range of applications, including cancer subtyping, single-cell RNA-seq

data analysis, and other multi-omics data analysis.
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Chapter 5

PINSPlus: A novel perturbation clustering method for cancer subtyping

This chapter is based on the following publication: Hung Nguyen, Sangam Shrestha, Sorin
Draghici, and Tin Nguyen. PINSPlus: a tool for tumor subtype discovery in integrated

genomic data. Bioinformatics. 2018. DOI: 10.1093/bioinformatics/bty1049

In this chapter, we introduce PINSPlus, a novel perturbation clustering method for cancer
subtyping that radically differs from existing approaches. PINSPlus is built upon the resilience
of patient connectivity and cluster ensembles to ensure robustness against noise and bias, and
is an extension of the original PINS method [38], which can identify subtypes with signifi-
cantly different survival profiles. PINSPlus improves the original PINS method by integrating
multiple data types and providing a more accurate and efficient subtyping analysis. We demon-
strate the effectiveness of PINSPlus using 37 TCGA datasets and two METABRIC datasets,
analyzing a total of 3,653 cancer samples. Our results show that PINSPlus overwhelmingly
outperforms existing approaches in identifying known subtypes and in discovering novel pa-
tient subgroups with significant survival differences. Furthermore, PINSPlus is more efficient

than the original PINS method and is able to analyze hundreds of samples in minutes.

5.1 Methodology

PINSPIlus is an unsupervised approach for subtype discovery without using any a priori knowl-
edge (such as clinical variables or known subtypes). The method is based on the observation
that small changes in quantitative assays will be inherently present between individuals, even

in a truly homogeneous population. If distinct molecular subtypes do exist, they must be stable
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Figure 5.1: Overall workflow of PINSPlus. (A) Subtyping using a single data type. The func-
tion PerturbationClustering() reads a single matrix and yields the optimal number of subtypes,
as well as cluster membership for each patient. (B) Subtyping using multi-omics data. The
input consists of multiple matrices (data types) for the same set of patients (rows). The func-
tion SubtypingOmicsData() clusters each data type and combines the connectivities to subtype
the multi-omics data in stage I. In stage II, the algorithm also attempts to split each discov-
ered group. The output is the cluster membership of each patient, for each data type, and for
each of stage I and II. (C) Early stoppage criterion. Beside parallel computing, PINSPIus also
implemented an early stoppage criterion to speed up the analysis without compromising the
results. The triangle symbols indicate the early stop point for each £ in PINSPlus. We stop the
iterations when the AUC values for a given number of cluster (k) converge.

with respect to small changes in quantitative assays. In order to discover reliable subtypes,
we estimate how often each pair of patients is grouped together in the following scenarios: 1)
when data are perturbed, ii) when using different data types, and ii1) when using different clus-
tering techniques. We then partition patients into subgroups that are strongly connected in all
scenarios.

PINSPlus optimizes two algorithms of PINS [38, 130]: 1) PerturbationClustering() to
cluster a single data type (Fig. 5.1A), and ii) SubtypingOmicsData() to integrate omics data

(Fig. 5.1B). Given a single data type, the function PerturbationClustering() repeatedly perturbs
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the data (by adding Gaussian noise) and partitions the patients using different values for clus-
ter number. The number of clusters that gives the most stable connectivity is considered the
optimal. The corresponding connectivity is considered the optimal connectivity.

For data integration, the input of SubtypingOmicsData() consists of multiple matrices for
the same set of patients (rows) where each matrix represents a data type. The function outputs:
1) subtyping results using each data type, ii) subtyping results using multi-omics data in stage
I, and iii) subtyping results in stage II (Fig. 5.1B).

In order to integrate omics data, we represent patient connectivity from each data type as
a graph, with patients as nodes and connectivity as edges. Our goal is to identify subgraphs
that are strongly connected across all data types. We merge the connectivities of all data types
into a similarity matrix that represents the overall connectivity between patients (Fig. 5.1B).
We use several similarity-based algorithms to cluster the similarity and choose the partitioning
that agrees the most with the partitionings of individual data types. This ensemble strategy
ensures that the identified subtypes are consistent across all data types, and are robust against
the choice of clustering algorithms. This completes stage 1.

We also add an additional step to check whether the data has a hierarchical structure, i.e.
there are subgroups of patients within discovered subtypes. Since our approach is an unsuper-
vised approach, we do not have prior information to take into account important covariates,
such as gender, race, or demographics. If these signals are predominant, we are likely to miss
the real subtypes. Another motivation is that there are often heterogeneous subgroups of pa-
tients that share clinically relevant characteristics even within a subtype. For example, in breast
cancer, Luminal A and Luminal B are both estrogen receptor positives and are likely to be
grouped together. One-round clustering would likely overlook the subgroups within the groups
identified in stage I. In stage II, we attempt to split each discovered group individually, based
on reasonable conditions set to avoid over-splitting: 1) stage I clustering has to be extremely
imbalanced, and ii) the splitting must be supported by a strong signal across all data types.

PINSPlus also implements an early stopping criterion for the process of generating per-
turbed connectivity matrices (Fig. 5.1C). At each iteration, we check whether the AUC values

converge. The two panels in Fig. 5.1C show an example using kidney renal clear cell carcinoma
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(KIRC) data. Each curve represents the AUCs for a value of & (number of clusters). The trian-
gle symbols in each panel indicate the early stopping point for each & in PINSPlus. For mRNA
data, the AUC values for £ = 2 are consistently larger than the rest and thus we terminate all
iterations for all values of £ after only 20 iterations. For methylation, each curve converges
before reaching the maximum number of iterations.

It currently only takes several minutes for the software to cluster hundreds of patients
with three or more types of data and tens of thousands of features. The parallel computing
allows users to efficiently analyze datasets with tens of thousands of patients. The software
uses k-means as the default clustering algorithm. We strongly suggest that users run PINSPlus
with this setting since it has been extensively tested. However, we also provide hierarchical
clustering and partitioning around methods as built-in alternatives. Users can also incorporate
their own algorithm, distance metrics, or customized perturbation techniques into PINSPlus.

In the following subsections, we describe the details of the PINSPlus algorithm.

5.1.1 Connectivity resilience

Our hypothesis is that if well-defined subtypes of a disease exist, these subtypes have to be
stable with respect to small changes in the measured values. This is indeed the case and we
will demonstrate that the pair-wise connectivity between patients that truly belong to the same
subtype tends to be preserved when the data is perturbed (Figure 5.2). In this example, we have
three distinct classes of patients (Figure 5.2a). We aim to discover the subtypes with an algo-
rithm as simple as k-means. Assuming that we do not know the correct number of subtypes, we
set the number of subtypes to & = 2. The upper panel in Figure 5.2b shows the connectivity be-
tween patients after clustering: blue when they belong to the same cluster, and white otherwise.
Now we perturb the molecular measurements and repeatedly perform clustering and partition
the patients (with k£ = 2). The lower panel in Figure 5.2b shows the combined connectivity of
all perturbed connectivities between patients. The visualization of the perturbed connectivity
matrix clearly suggests that the larger cluster is not stable. Similarly, we partition the patients
using £ = 10 as the number of subtypes (Figure 5.2c). The discordant connectivity again

states that this partitioning does not reflect the true structure of the data. More interestingly,
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the perturbed connectivity matrices for both cases (lower panels in Figure 5.2b,c) clearly sug-
gest that there are three distinct classes of patients. Finally, when we set & = 3 as the number
of subtypes, the perturbed and the original connectivity matrices are identical (Figure 5.2d).
This resilience of the patient connectivities occurs consistently regardless of the clustering al-
gorithm being used (e.g., k-means, hierarchical clustering, partitioning around medoids, etc.),

or the distribution of the data.
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Figure 5.2: The resilience of pair-wise connectivity. (a) The dataset consists of three classes of
patients: the first class has genes 1 — 100 up-regulated, the second class has genes 101 — 200 up-
regulated, and the third class has genes 201 — 300 up-regulated. (b) The original connectivity
matrix (upper panel) and perturbed connectivity matrix (lower panel) for k£ = 2 clusters. De-
spite setting the wrong number of subtypes (k = 2), the perturbed connectivity matrix suggests
that the data consists of three groups of samples, which is the true structure of the data. (c) The
original (upper panel) and the perturbed connectivity (lower panel) matrices for £ = 10. Again,
even if the number of clusters is incorrect (K = 10 this time), the perturbed connectivity matrix
still has three big blocks suggesting that the data consists of three groups of samples. (d) The
original and perturbed connectivity matrices for & = 3. The agreement between the original
and perturbed connectivity strongly suggests the structure of the data.

5.1.2  Perturbation clustering and stopping criterion

In the perturbation clustering algorithm proposed by Nguyen et al. [38], for each number of
cluster k € {2,3,...10}, perturbation process perturbs the original data then performs clustering
on perturbed data in a finite number of times n, for example, n = 200, to generate the perturbed
connectivity matrices. The algorithm then calculates the difference between the original and the

perturbed connectivity matrices and computes the empirical cumulative distribution functions
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of the difference matrix (CDF-DM). The area under the CDF-DM curve AUC), is used to
assess the stability of the partitioning. In the ideal case when the original and the perturbed
connectivity matrices are identical, the difference matrix consists of only zero values, yielding
a CDF-DM that jumps from O to 1 at the origin, and an AUC value of 1.

The perturbation clustering is very robust against noisy high-throughput data. However,
the algorithm is slow due to the large number of perturbations needed to obtain the optimal k
and AU CY. For example, it takes 25 minutes to analyze mRNA, methylation, and miRNA data
of the kidney renal clear cell carcinoma (KIRC) dataset with 124 patients. Here we optimize the
algorithm to significantly reduce the analysis time. For the same dataset (KIRC, 124 patients),
the running time is reduced to less than a minute.

Figure 1C in the main text shows the AUC values after each iteration for mRNA and
methylation data of the KIRC dataset. For each data type, the AUC values tend to converge
after a certain number of iterations, which means that at some point, additional iterations are not
necessary. PINSPlus makes use of this advantage in order to determine an early stopping point
for the perturbation clustering. As a result, the iteration can stop much earlier before it reaches
the maximum number of iterations but still guarantees the quality of perturbed connectivity
matrices. More specifically, the perturbation process will stop if: 1) after the first 20 iterations,

there exists a k£ for which AUC), = 1, or ii) within all values of k, the variance of the last 20

E;—QO(AUC’L'_“)Q Zéfzo(AUCi)

50 < 107% where p = o

iterations is smaller than 1079, i.e., . Figure
1C1 shows the first scenario, for which all perturbation processing for every k stops when the
number of iterations ¢ = 20 because AUC; = 1. Figure 1C2 shows the second scenario for
which the AUC values barely change after 20 iterations before the stopping points (triangle

symbols).

5.1.3 Parallel programming

PINSPlus makes use of multi-core processing to speed up the perturbation processing. The
iterations in the perturbation processing are now assigned for different cores of the CPU. Many

existing clustering approaches are sensitive to the number of threads being used, leading to
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different results with different numbers of threads. PINSPlus implements multi-core feature in

a way such that the result is stable regardless of the number of cores being used.

5.1.4 Customizable algorithm

By default, PINSPIlus uses k-means as the basic clustering algorithm and Gaussian noise as the
method of perturbation. To make PINSPlus more flexible, we also implemented hierarchical
clustering and partitioning around medoids [131] as built-in alternatives to k-means. For ad-
vanced users, PINSPlus allows passing any customized clustering function as a parameter. For
data perturbation, we also implemented a subsampling approach as an alternative method to
Gaussian noise. Advanced users can also pass a customized perturbation function as a param-

eter.

5.1.5 Cluster ensemble and two-stage clustering

Let us consider 7" data types from /N patients. In the first stage, PINSPlus works with each data
type to build 7' connectivity matrices, one for each data type. A connectivity matrix can be
represented as a graph, with patients as nodes, and connectivity between patients as edges. Our
goal is to identify subgraphs that are strongly connected across all data types. We merge the T'
connectivity matrices into a combined similarity matrix that represents the overall connectivity
between patients. This matrix is used as an input for similarity-based clustering algorithms,
such as hierarchical clustering and partitioning around medoids [131]. We then choose the
partitioning most agrees with the partitionings of individual data types [132]. This completes
Stage L.

In Stage II, we consider each group one at a time and decide whether to split it further.
We expect the splitting algorithm to work effectively when the data has a hierarchical structure,
i.e., there are subgroups of patients within discovered subtypes. Since our method is an unsu-
pervised approach, we do not have prior information to take into account important covariates,
such as gender, race, or demographic. If these signals are predominant, we are likely to miss the

real subtypes. Another motivation is that there are often heterogeneous subgroups of patients
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that share clinically relevant characteristics even within a subtype. One example is that Lumi-
nal A and Luminal B are both estrogen receptor positives. If the data follows a hierarchical
structure, the distances between subgroups at the second level are smaller than those between
groups at the first level. Therefore, one-round clustering would likely overlook the subgroups
within the groups identified in Stage I. To avoid over-splitting the subtypes, we impose some
conditions before proceeding to Stage II. First, Stage I clustering has to be extremely imbal-
anced. Second, the splitting must be supported by a strong signal across all data types. In
both cases, it is worth reviewing the data to see if each of the discovered groups can be further
split. The software returns the result of both rounds, so users can investigate both groupings

for discovery. Figure 5.3 demonstrates and example using the dataset KIRC.

PINSPIus, stage I, KIRC PINSPIus, stage Il, KIRC
3 3
[o0] [oe}
o o
BEL TBel
>©° So
g g
S| S L
0no No
B 1-1:23F
~| H Group 1: 50F ~| O 1-2:27F
°| ®m Group 2: 61M, 1F | m 2:61M, 1F
o| B Group 3: 9M, 3F o| B 3:9M, 3F Cox p: 6e-05
©0 500 1000 1500 2000 2500 3000 3500 O 500 1000 1500 2000 2500 3000 3500
Days Days

Figure 5.3: Kaplan-Meier survival analysis for kidney renal clear cell carcinoma (KIRC). The
horizontal axes represent the time passed after entry into the study while the vertical axes
represent estimated survival percentage. The left and right panels show subtypes discovered by
PINS in stage I and stage II, respectively.

5.1.6  Choosing a suitable clustering method

PINSPlus uses k-means as default, and it has been shown to work well in our analysis of 8
mRNA and 36 omics datasets. However, in theory, k-means is not without flaws. For example,
k-means might be sensitive to outliers and is not designed to discover hierarchical data struc-
tures. Therefore, we provide pam and hclust as alternative build-in algorithms. We will show

examples in which one method performs well in one scenario might not be the best choice in
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another scenario. We note that these examples are not supposed to provide a thorough compar-
ison between the three methods (k-means, hclust, and pam), but to provide some guidance for
a better use of PINSPlus.

Generally, if the groups are well separated, any clustering algorithm would perform well.
This ideal scenario is shown in Figure 5.4a. In this example, there are 3 groups of samples with
different sets of up-regulated genes. The expression values of the up-regulated genes are very
different from those of un-regulated genes. As shown in the first 2 principal components, the
groups are well separated. All of the three methods perform well in this ideal case.

When the distances between the groups decrease, we notice that k-means is a more robust
choice. As shown in Figure 5.4b, k-means performs very well even when the three groups
are close to one another. One likely reason is that the cluster centers are very stable to data
perturbation. When the data is perturbed, each data point moves around its original position.
However, these random effects from multiple data points are canceled out and the cluster cen-
ters do not vary drastically, leading to a very stable k-means grouping. Since hclust tries to
force the data into a hierarchy, the structure changes every time the data is perturbed. There-
fore, hclust tends to increase the number of clusters to seek for stability. The algorithm pam
differs from k-means in the way that it uses medoids to represent clusters (instead of arithmetic
centers). When the data is perturbed, the medoids move around and are unstable, leading to
unstable pam groupings.

In some cases, when the data has a hierarchical structure, hclust is expected to perform bet-
ter than k-means. If the data follows a hierarchical structure, the distances between subgroups
at the second level are smaller than the distances between groups at the first level. Therefore,
k-means probably can only identify the groups at the first level. Figure 5.4c shows an example
in which the distance between groups 2 and 3 and between groups 4 and 5 are much smaller
than the distance between group 1 and the rest. As shown in the principal components, the
difference between groups 2 and 3 are not distinguishable when we look at the data altogether.
In this case, both k-means and pam are unable to discover the true structure of the data. On the

contrary, hclust perfectly separates the groups.
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Figure 5.4d shows an example in which pam is the best choice. Note that in this scenario,
the data are well separated and each group has approximately the same number of data points.
We added some outliers in order to test the robustness of each clustering method. In this case,
pam provides a perfect grouping while k-means and hclust are sensitive to outliers and are

unable to identify the correct number of groups.

5.2 Results

5.2.1 Gene expression data

In order to validate PINSPlus with single data type analysis, we first tested it using eight real
datasets with known subtypes from Gene Expression Omnibus and Broad Institute. We use the
8 gene expression datasets described in Table 3.2. We use the Rand Index (RI) and Adjusted
Rand Index (ARI) to assess the performance of the resulted subtypes. Table 5.1 presents the
results produced from PINSPlus, CC, SNF, and iClusterPlus. We note that for :Cluster Plus

datasets, only the top 4000 components were used due to its time complexity.

Table 5.1: The performance of PINS, PINSPlus, Consensus Clustering (CC), Similarity Net-
work Fusion (SNF), and iClusterPlus in discovering subtypes from gene expression data. For
each dataset (row), cells highlighted in green have the highest Rand Index (RI), and Adjusted
Rand Index (ARI). For all 8 datasets, PINSPlus outperforms its competitors by having the high-
est RI and ARI. SNF produced an error for GSE14924, and iClusterPlus produced an error for
AML2004, shown as an NA value.

Dataset PINS/PINS+ CcC SNF iCluster+
Name Samples  #Class k RI ARI k RI ARI k RI  ARI k RI  ARI
GSE10245 58 2 2 090 0.80 6 064 032 2 069 038 4 058 022
GSE19188 91 3 3 084 0.66 4 082 0.6 4 061 0.12 9 067 0.19
GSE43580 150 2 2 072 044 3 068 037 2 058 0.15 5 061 0.21
GSE15061 366 2 2 083 0.65 6 072 0.43 2 053 0.05 10 057 0.15
GSE14924 20 2 2 1.00 1.00 7 064 0.25 NA NA NA 3 087 0.73
Lung2001 237 4 2 082 0.54 8§ 046 0.11 3 062 028 7 045 0.11
AML2004 38 3 4 085 0.65 5 081 0.56 2 059 0.17 NA NA NA
Brain2002 42 5 7 089 0.61 5 08 046 2 057 0.13 4 074 032
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Figure 5.4: Examples to demonstrate the strength and weakness of each clustering method. In
each row, the most left panel shows the data while the three remaining panels show the clus-
tering results of PINSPlus in conjunction with k-means, pam, and hclust, respectively. (a) All
clustering methods perform well when the clusters are well-separated. (b) k-means outperforms
other methods when the clusters are close to one another. (¢c) When the data has a hierarchi-
cal structure, hclust should be the best choice. (d) In presence of outliers, pam outperforms

k-means and hclust.

5.2.2 TCGA and METABRIC data

To validate PINSPlus using multi-omics data, we tested it using 34 TCGA datasets and two

METABRIC datasets. The 34 TCGA datasets are: Kidney renal clear cell carcinoma (KIRC),
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Glioblastoma multiforme (GBM), Acute Myeloid Leukemia (LAML), Lung squamous cell car-
cinoma (LUSC), Bladder Urothelial Carcinoma (BLCA), Head and Neck squamous cell car-
cinoma (HNSC), Liver hepatocellular carcinoma (LIHC), Stomach adenocarcinoma (STAD),
Thymoma (THYM), Glioma (GBMLGG), Brain Lower Grade Glioma (LGG), Pancreatic ade-
nocarcinoma (PAAD), Skin Cutaneous Melanoma (SKCM), Colorectal adenocarcinoma (COAD-
READ), Uterine Corpus Endometrial Carcinoma (UCEC), Cervical squamous cell carcinoma
and endocervical adenocarcinoma (CESC), Colon adenocarcinoma (COAD), Breast invasive
carcinoma (BRCA), Stomach and Esophageal carcinoma (STES), Kidney renal papillary cell
carcinoma (KIRP), Kidney Chromophobe (KICH), Uveal Melanoma (UVM), Adrenocorti-
cal carcinoma (ACC), Sarcoma (SARC), Mesothelioma (MESO), Rectum adenocarcinoma
(READ), Uterine Carcinosarcoma (UCS), Ovarian serous cystadenocarcinoma (OV), Esophageal
carcinoma (ESCA), Paraganglioma (PCPG), Lung adenocarcinoma (LUAD), Prostate adeno-
carcinoma (PRAD), Thyroid carcinoma (THCA), and Testicular Germ Cell Tumors (TGCT).
We use mRNA expression, DNA methylation, and miRNA expression data for each of the 37
cancers. For each data type, we select the platform such that it gives the largest number of
patients when intersecting with patients of other data types. In the preprocessing step, only
log transformation (base 2) is used if the range of the data is larger than 100 to prevent the
domination of genes with extreme expression values. Table 5.2 provides more details on the
TCGA datasets.

We also analyze two METABRIC datasets [133], including a discovery cohort (997 pa-
tients) and a validation cohort (983 patients). For each of these patients, matched DNA and
RNA were subjected to copy number analysis and transcriptional profiling on the Affymetrix
SNP 6.0 and Illumina HT 12 v3 platforms, respectively. We download the mRNA and copy
number variation (CNV) data from the European Genome-Phenome Archive (www.ebi.ac.
uk/ega/) and high-quality follow-up clinical data from cBioPortal (www.cbioportal.
org). There are patients who have been followed up upon for almost 30 years. The only
preprocessing done is mapping CNVs to genes using the CNTools package [134]. Table 5.3
provides more details on the METABRIC datasets.
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Table 5.2: Description of the 34 datasets from The Cancer Genome Atlas (TCGA)

Dataset #Sample mRNA Methylation miRNA

KIRC 124 HiSeq RNASeq Methylation27 ~ GASeq miRNASeq
GBM 273 HT HG-U133A Methylation27 ~ HiSeq miRNASeq
LAML 164 GASeq RNASeq Methylation27  GASeq miRNASeq
LUSC 110 HT HG-U133A Methylation27 ~ GASeq miRNASeq
BLCA 404 HiSeq RNASeq v2  Methylation450 GASeq miRNASeq
HNSC 228 HiSeq RNASeq Methylation450  HiSeq miRNASeq
LIHC 366 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
STAD 362 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
THYM 654 HiSeq RNASeq v2  Methylation450 GASeq miRNASeq
GBMLGG 654 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
LGG 510 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
PAAD 178 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
SKCM 439 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
COADREAD 294 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
UCEC 234 GASeq RNASeq v2  Methylation450  HiSeq miRNASeq
CESC 304 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
COAD 220 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
BRCA 622 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
STES 545 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
KIRP 271 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
KICH 65 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
UvM 80 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
ACC 79 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
SARC 257 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
MESO 86 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
READ 74 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
UCs 56 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
ov 286 HiSeq RNASeq v2 ~ Methylation27  HiSeq miRNASeq
ESCA 183 HiSeq RNASeq Methylation450  HiSeq miRNASeq
PCPG 179 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
LUAD 428 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
PRAD 493 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
THCA 499 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
TGCT 134 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq

Table 5.3: Description of the 2 datasets from The Molecular Taxonomy of Breast Cancer Inter-
national Consortium (METABRIC): METABRIC discovery and METABRIC validation.

Dataset #Sample mRNA CNV
Discovery 997 Illumina HT 12 v3  Affymetrix SNP 6.0
Validation 983 Illumina HT 12 v3  Affymetrix SNP 6.0
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The results are reported in Table 5.4. There are 9 datasets for which no method is able to
identify subtypes with significantly different survival (READ, UCS, OV, ESCA, PCPG, LUAD,
PRAD, THCA, TGCT). For the remaining 27 datasets, PINSPIus has significant p-values in all
of them whereas CC, SNF, and iClusterPlus has significant p-values in only in 8, 14, and 9
datasets, respectively. More importantly, PINSPlus has the most significant p-values in 23

datasets (out of 27).

5.2.3 Running time

Table 6.4 shows the running time of each method for the 34 datasets. For gene expression data,
PINSPIlus, CC, and SNF can finish each analysis in less than a minute while it takes iClusterPlus
several hours. The gap in running time is much larger for data integration. PINSPlus, CC, and
SNF can integrate omics data and partition hundreds of patients in minutes while iClusterPlus

(with 60 cores) takes up to many hours to analyze large datasets.

5.3 Conclusion (PINSPlus)

As an unsupervised approach, PINSPlus relies solely on molecular data to discover disease
subtypes. One caution is that a cluster of samples could be determined not only by molecular
measures but also by other variables like environmental or clinical variables. These variables
could represent confounders and they should be considered explicitly when available. This
problem can be addressed in a number of ways, for instance by integrating the connectivity
matrices obtained from clinical variables. We plan to extend PINSPlus in the future to exploit
clinical data whenever possible.

Nevertheless, PINSPlus is a fast and powerful software for subtype discovery. PINSPlus
overwhelmingly outperforms established approaches in identifying known subtypes and dis-
covering novel subgroups of patients with significant survival differences. The software is
flexible enough to be applied in many areas to tackle unsupervised machine learning problems

involving either single or multiple types of high-dimensional data.
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Table 5.4: Cox p-values of subtypes discovered by PINSPlus, CC, SNF, and iClusterPlus for
two METABRIC breast cancer datasets and 34 TCGA datasets. Cells highlighted in yellow
have significant Cox p-values at the threshold of 5%. Cells highlighted in green have the most
significant Cox p-value. PINSPlus substantially outperforms the other methods in identifying
subtypes with significant survival differences.

Dataset Size PINS+ CC SNF iCluster+
METABRIC

1. Discovery 997 0.022  2.3e—5 0.378
2. Validation 983 - 0.096 0.010 0.031
TCGA

1. KIRC 124 0.118 0.691 0.058
2. GBM 273 0.014 0.021 0.103
3. LAML 164 0.292 0.002 0.083
4. LUSC 110 0.688 0.087 0.224
5. BLCA 404 0.089 0.109 0.17
6. HNSC 228 0.428 0.366 0.364
7. LIHC 366 0.622 0.334 0.072
8. STAD 362 0.428 0.041 0.434
9. THYM 119 0.139 0.097 0.24
10. GBMLGG 510 5.2e—4 4.8e—14 5.4e—14
11. LGG 510 2e—6 1.6e—14 2.7e—14
12. PAAD 178 0.013 7.4e—4 6.3e—4
13. SKCM 439 0.604 0.478 0.108
14. COADREAD 294 0.946 0.66 0.178
15. UCEC 234 0.105 0.018 0.619
16. CESC 304 0.376 0.51 0.201
17. COAD 220 0.419 0.128 0.884
18. BRCA 622 0.008 0.119 0.014
19. STES 545 0.301 0.157 0.46
20. KIRP 271 0.367 0.005 0.013
21. KICH 65 0.955 0.701 0.788
22. UVM 80 7.5e—4 0.005

23. ACC 79 0.007 0.014

24. SARC 257 0.03 0.148

25. MESO 86 7.3e—4 0.272

26. READ 74 0.649 0.737 0.762 0.249
27. UCS 56 0.458 0.207 0.859 0.983
28. OV 286 0.319 0.859 0.445 0.062
29. ESCA 183 0.33 0.791 0.392 0.16
30. PCPG 179 0.866 0.938 0.332 0.55
31. LUAD 428 0.099 0.926 0.501 0.118
32. PRAD 493 0.349 0.638 0.475 0.879
33. THCA 499 0.166 0.64 0.62 0.111
34. TGCT 134 0.531 0.758 0.838 0.58
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Table 5.5: Running time of each subtyping method. The time is rounded to minutes (min). CC
and SNF can only run on 1 core while PINSPlus and iClusterPlus allow for parallel computing.

Consortium Dataset #Patient PINS PINS+ CC SNF  iCluster+
lcore 2cores 1core 1core 60 cores

GSE10245 58 <Im <Im <Im <lm 19m
GSE19188 91 Im <Im <Im <Im 29m
GSE43580 150 2m <Ilm <Ilm <Im 50m
GSE15061 366 12m <lm <Ilm <Im 100m
GEO&Broad  5op 14974 20 <Im <Im <Im <Im 9m
Lung2001 237 Sm <Ilm <lm <Im 58m
AML2004 38 <lm <lm <Ilm <Im NA
Brain2002 42 <lm <Ilm <Ilm <Im 16m
KIRC 124 6m <lm <Ilm <Im 95m
GBM 273 53m Im <Ilm <Ilm 190m
LAML 164 10m <Ilm <Ilm <Im 123m
LUSC 110 Sm <lm <Ilm <Im 59m
BLCA 404 112m 6m 3m 3m 433m
HNSC 228 32m 4m 3m 2m 101m
LIHC 366 96m Sm 4m 3m 263m
STAD 362 97m Sm 4m 3m 299m
THYM 119 6m 1m 2m 1m 95m
GBMLGG 510 192m 7m 7m 4m 392m
LGG 510 188m 12m 8m 6m 274m
PAAD 178 20m 3m 2m 1m 176m
SKCM 439 144m 8m 3m 3m 202m
COADREAD 294 61m Sm 4m 3m 157m
UCEC 234 34m 4m 4m 2m 201m
CESC 304 60m 7m S5m 2m 203m
TCGA COAD 220 30m 3m 3m 2m 126m
BRCA 622 236m 16m 10m S5m 285m
STES 545 171m 12m 14m Sm 324m
KIRP 271 33m 3m 3m 1m 184m
KICH 65 4m Im Im <Im 58m
UVM 80 3m 1m 1m 1m 7lm
ACC 79 3m Im Im <Im 63m
SARC 257 43m Sm 3m 1m 201m
MESO 86 4m Im 2m <lm 72m
READ 74 3m Im 2m  <lm 52m
UCS 56 2m 1m Im <Im 32m
ov 286 52m 2m 2m 1m 188m
ESCA 183 23m Sm Sm 2m 204m
PCPG 179 16m 2m 3m Im 244m
LUAD 428 128m 8m Sm 3m 233m
PRAD 493 205m 11m 10m S5m 276m
THCA 499  213m 10m Sm 3m 251m
TGCT 134 9m 2m 2m 1m 105m
Discovery 997 1153m 9m 15m 2m 350m
METABRIC Validation 983 581m 8m 14m 2m 348m
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Chapter 6

SMRT: Randomized data transformation for cancer subtyping and big data analysis

This chapter is based on the following publication: Hung Nguyen, Duc Tran, Bang Tran,
Monikrishna Roy, Adam Cassell, Sergiu Dascalu, Sorin Draghici, and Tin Nguyen. SMRT:
Randomized Data Transformation for Cancer Subtyping and Big Data Analysis. Frontiers in

Oncology. 2021. DOI: 10.3389/fonc.2021.725133

In this chapter, we introduce Subtyping Multi-omics using a Randomized Transforma-
tion (SMRT), a new method for cancer subtyping and big data analysis. This method offers
important advantages over existing software: (i) it allows researchers to analyze hundreds of
thousands of samples in minutes, (ii) it can integrate data types with different numbers of pa-
tients, (ii1) it has the ability to integrate and analyze unmatched data of different types, and (iv)
the web application offers a convenient data analysis pipeline. We also improve the efficiency
of our ensemble-based perturbation clustering to support analysis on machines with memory
constraints. Our extensive analysis on 37 TCGA and two METABRIC datasets shows that
SMRT is more accurate than state-of-the-art subtyping methods in identifying subtypes with
significantly different survival profiles. In addition, our simulations with big data show that
SMRT is fast and many-fold more scalable than existing methods. Specifically, SMRT is able

to analyze hundreds of thousands of samples in minutes.
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6.1 Materials and Methods

6.1.1 The SMRT pipeline

The overall workflow of SMRT is presented in Figure 6.1. This workflow offers two different
analysis pipelines for big data and data with a moderate size. In the first case, given a multi-
omics dataset with a moderate size (e.g., less than 2,000 samples), SMRT performs subtyping
as follows. It first projects each data type onto a lower-dimensional space using randomized
singular value decomposition (RSVD) and then performs a perturbation clustering (PINS) [38,
4] to determine the subtypes within each data level. It also builds a pair-wise connectivity
matrix for each data type that represents the connectivity between patients. Next, the method
combines the connectivity matrices into a single similarity matrix and then determines the final
subtypes using an ensemble of multiple similarity-based methods. In the second case, when
the data has more than 2,000 samples, SMRT splits the data into two different sets of patients:
a sampled set and a propagated set. It then performs the subtyping on the sampled set and then
assigns the patients from the propagated set to the identified subtypes. Note that the number
2,000 is chosen to balance the accuracy and time complexity of the method. This moderate
number of samples allows SMRT to perform a fast and accurate analysis in limited memory
(see Section 6.3.6). Our simulation studies show that the results do not change when we vary
this number. However, users are free to change this parameter when using the R package.

Below is the description of each of these analysis modules.

6.1.2 Dimension reduction using randomized singular value decomposition

The goal of this step is to project the multi-omics data into a lower-dimensional space using
randomized singular value decomposition (RSVD). For data with hundreds of thousands of
dimensions (e.g., Illumina 450k), this step substantially reduces the required computational
power while maintaining the clustering accuracy. Let us denote X € IR"*"™ as the input matrix,
where 7 is the number of samples/patients, and m is the number of genes/features. Briefly, the
RSVD method starts by generating a random projection matrix P € IR™*" from a standard

normal distribution where r < m. It then projects X € IR™ ™ to the column space of P to get
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Figure 6.1: The overall workflow of SMRT. (A) Analysis pipeline for data with moderate
size. First, SMRT projects each data type to a lower-dimensional space using randomized
singular value decomposition (RSVD). Next, it performs perturbation clustering to determine
the subtypes and build a pair-wise patient connectivity for each data type. Finally, it merges
the connectivity matrices onto a single similarity matrix and then determines the final subtypes
using a cluster ensemble. The output is the clustering results for each data type, as well as
the results after the multi-omics data integration. (B) Analysis pipeline for big data. SMRT
first splits the data into two different sets: a sampled and a propagated set. The method first
determines the subtypes using the sampled set and then assigns the patients from the propagated
set to subtypes identified using the sampled set. The sampled data is partitioned using the
pipeline described in (A). These subtypes are used to generate multiple k-NN models — one per
data type. The final subtype assignments for samples in the propagated set are determined by
averaging the probabilities from all k-NN models. (C) An example of the subtypes discovered
by the SMRT web service for the KIRC dataset. The left panel shows a preview of the uploaded
data. The middle panel shows the visualization of the discovered subtypes and export functions.
The right panel shows patient connectivity matrices for each data type.
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amatrix Z such that Z = X P. Due to the random projection, Z and X will have approximately
the same dominant columns (features). Now, we can obtain the orthogonalized matrix () of Z
by using ()R decomposition, where () has the same size as Z of n x r. In the next step, the
method projects X into a smaller space to get a matrix Y € IR"™" such that Y = QT * X and
then computes singular value decomposition (SVD) of Y as Y = UXV* using the traditional
SVD method [135]. U and V matrices only keep at most r eigenvectors so the size of U is 7 X r
and the size of VV* is m x r. Finally, the low-rank rotated data of the original matrix X can be
computed using: X' = XV*,

In practice, RSVD is faster and requires less memory than the traditional SVD. To further
speed up our approach, we implement a parallel version of RSVD that can efficiently utilize
multiple cores available in modern processors. Note that when the input data is large (e.g.,
more than 2,000 samples), we do not perform RSVD on the whole input. Instead, we split the
data into two sets of patients: a sampled set and a propagated set. We first perform RSVD on
the sampled set, and then project the original data matrix (both sampled and propagated set)
to the subspace of the sampled set by multiplying it with the rotation matrix obtained from the
RSVD for the sampled set. This implementation allows us to perform SVD in, at most, a few
seconds, even for datasets with hundreds of thousands of samples and features.

The output of this module is multiple matrices — one per data type. In each matrix, the rows
represent patients, while the columns represent the principal components (PCA). These matri-
ces will serve as input for the next module, perturbation clustering, which will be described
in the next section. This will compute the perturbed connectivity matrices and determine the

subtypes.

6.1.3 Subtype discovery using one data type

Given a single data type, SMRT utilizes our previously developed perturbation clustering (PINS) [38,
4] to partition the data. Briefly, we perturb the data (by adding Gaussian noise) and repeatedly
partition the patients (using k-means by default). For each partitioning, we build a pair-wise

connectivity matrix of 0’s and 1’s in which 1 means that the two patients belong to the same

57



cluster and O otherwise. By perturbing and clustering the data multiple times, we obtain mul-
tiple connectivity matrices that represent how stable the connectivity between patient pairs is.
Finally, we choose the partitioning that is the most stable for data perturbation. This algorithm
automatically determines the number of clusters and patient subgroups.

When the number of samples is large, the perturbation clustering becomes slow and
memory-inefficient. The perturbation clustering algorithm relies on the pair-wise connectiv-
ity of size n x n for clustering (n is the number of patients). The time and space complexity
(running time and memory usage) of this method increase quadratically when the number of
samples increases. Therefore, when the number of samples is large (by default setting, when
n > 2,000), we perform a sub-sampling process over the original data to obtain a subset of
2,000 patients/samples. Next, we transform the data into a lower-dimensional space and use
the perturbation clustering to partition these patients. After this step, each of the 2,000 patients
has a subtype. Let us refer to this selected set of 2,000 patients as the sampled set. The next
step is to determine the subtypes for the rest of the patients, called the propagated set. For this
purpose, we use the fast k-nearest neighbor searching algorithms (FKNN) algorithm [136, 137]
to assign each patient from the propagated set to one of the subtypes in the sampled set. Briefly,
the FKNN method calculates the distance between the new patient to the £ nearest patients in
the sampled set. Next, the FKNN method classifies the new patient using vote counting (i.e., it
chooses the subtype with the most patients among the &k neighbors). By default, & is determined
using the Elbow method on the sampled set using 5-fold cross-validation. The sampled set is
divided randomly into 5 equally smaller sets. In each round, the combination of 4 sets is used
as the training set, and the other is used as the validation set for the KNN algorithm with &
ranges from 5 to a maximum of 50. The £ that yields the lowest average classification error
rate will be used as the optimal k. However, users are also free to modify the value of this
parameter. Section 6.3.7 provides more details on the performance of using the Elbow method
versus using a fixed number of £.

One note of caution is that the number of dimensions of the data can be high, thus slowing
the process of distance calculation and neighbor finding. Therefore, instead of calculating the

distance between patients in the original space, we calculate the distance between patients in
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the principal component (PC) space of the sampled set. As described above, we project the
original data matrix (both sampled and propagated set) to the subspace of the sampled set by
multiplying it with the projection matrix obtained from the RSVD for the sampled set. After
this transformation, the pair-wise distance between patients will be calculated in the new space

with a much lower number of dimensions.

6.1.4 Subtype discovery using multi-omics data

When the number of samples is small (by default, when n < 2,000), we utilize an ensemble
strategy to partition the patients. The method first clusters each data type (using the algorithm
described in Section 6.1.3) and constructs the perturbed connectivity matrices. It then merges
the connectivity matrices of all data types into a single similarity matrix that represents the
similarity between patients across all data types by averaging the connectivity values for each
pair of samples. Next, to cluster the similarity matrix, it uses several similarity-based algo-
rithms, including hierarchical clustering, partitioning around medoids [131], and dynamic tree
cut [138] and then chooses the partitioning that agrees the most with the partitionings of in-
dividual data types. This ensemble strategy ensures that the identified subtypes are consistent
across all data types and are robust against the choice of clustering algorithms.

When the number of samples is large (by default, when n > 2,000), we perform a sub-
sampling and classifying procedure that is similar to the algorithm described in Section 6.1.3.
The difference here is that multiple data types are involved. First, we randomly select 2,000
samples/patients and then apply the multi-omics algorithm described above to partition the
selected samples. We refer to this selected set of 2,000 patients as the sampled set and the
remaining patients as the propagated set. The next task is to determine the subtypes of patients
in the propagated set. Given a patient in the propagated set, we perform the FKNN procedure
for each data type to obtain the probability that it belongs to each subtype using the labels
obtained from the nearest neighbors. The final probabilities are calculated by averaging the
probabilities across all data types. Finally, we classify the patient to the subtype that has the
highest probability. This strategy is also applied when integrating multi-omics data whose each

data type has a different number of samples. Here, the sampled set will be the set of patients
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(by default, a maximum of 2,000 patients) that have data in all data types, and the remaining

patients will be in the propagated set.

6.2 Data and pre-processing

In this article, we analyze 39 cancer datasets: 37 datasets from The Cancer Genome Atlas
datasets (TCGA), and two datasets from The Molecular Taxonomy of Breast Cancer Interna-
tional Consortium (METABRIC) [133].

We analyze 37 different types of cancer with curated level three data, available at the
TCGA website (cancergenome.nih.gov and firebrowse.org): Kidney Renal Clear
Cell Carcinoma (KIRC), Glioblastoma Multiforme (GBM), Acute Myeloid Leukemia (LAML),
Lung Squamous Cell Carcinoma (LUSC), Bladder Urothelial Carcinoma (BLCA), Head and
Neck Squamous Cell Carcinoma (HNSC), Liver Hepatocellular Carcinoma (LIHC), Stom-
ach Adenocarcinoma (STAD), Thymoma (THYM), Glioma (GBMLGG), Brain Lower Grade
Glioma (LGG), Pancreatic Adenocarcinoma (PAAD), Skin Cutaneous Melanoma (SKCM),
Colorectal Adenocarcinoma (COADREAD), Uterine Corpus Endometrial Carcinoma (UCEC),
Cervical Squamous Cell Carcinoma and Endocervical Adenocarcinoma (CESC), Colon Ade-
nocarcinoma (COAD), Breast Invasive Carcinoma (BRCA), Stomach and Esophageal Carci-
noma (STES), Kidney Renal Papillary Cell Carcinoma (KIRP), Kidney Chromophobe (KICH),
Uveal Melanoma (UVM), Adrenocortical Carcinoma (ACC), Sarcoma (SARC), Mesothelioma
(MESO), Rectum Adenocarcinoma (READ), Uterine Carcinosarcoma (UCS), Ovarian Serous
Cystadenocarcinoma (OV), Esophageal Carcinoma (ESCA), Paraganglioma (PCPG), Lung
Adenocarcinoma (LUAD), Prostate Adenocarcinoma (PRAD), Thyroid Carcinoma (THCA),
and Testicular Germ Cell Tumors (TGCT), Cholangiocarcinoma (CHOL), Lymphoid Neo-
plasm Diffuse Large B-cell Lymphoma (DLBC), Pan-kidney (KIPAN). We applied the same
data processing as describe in Section 5.2.2. Table 6.1 provides more details on the TCGA
datasets.

For the METABRIC datasets, we use the same data as described in Section 5.2.2. The

METABRIC dataset consists of two datasets: METABRIC _Discovery and METABRIC_Validation.
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Table 6.1: Description of 37 datasets downloaded from The Cancer Genome Atlas (TCGA).

Dataset #Samples mRNA Methylation miRNA

ACC 79 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
BLCA 404  HiSeq RNASeq v2  Methylation450 GASeq miRNASeq
BRCA 622 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
CHOL 36 HiSeq RNASeqv2  Methylation450 HiSeq miRNASeq
CESC 304 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
COAD 220 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
COADREAD 294  HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
DBLC 47 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
ESCA 183 HiSeq RNASeq Methylation450  HiSeq miRNASeq
GBM 273 HT HG-U133A Methylation27 ~ HiSeq miRNASeq
GBMLGG 510 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
HNSC 228 HiSeq RNASeq Methylation450  HiSeq miRNASeq
KICH 65 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
KIPAN 654 HiSeq RNASeq Methylation450  HiSeq miRNASeq
KIRC 124 HiSeq RNASeq Methylation27 ~ GASeq miRNASeq
KIRP 271 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
LAML 164 GASeq RNASeq Methylation27 ~ GASeq miRNASeq
LGG 510 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
LIHC 366 HiSeq RNASeqv2  Methylation450 HiSeq miRNASeq
LUAD 428 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
LUSC 110 HT HG-U133A Methylation27 ~ GASeq miRNASeq
MESO 86 HiSeq RNASeqv2  Methylationd50  HiSeq miRNASeq
ov 286  HiSeq RNASeqv2  Methylation27  HiSeq miRNASeq
PAAD 178 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
PCPG 179  HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
PRAD 493  HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
READ 74  HiSeq RNASeqv2  Methylation450 HiSeq miRNASeq
SARC 257 HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
SKCM 439 HiSeq RNASeqv2  Methylation450 HiSeq miRNASeq
STAD 362 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
STES 545 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
TGCT 134 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
THCA 499  HiSeq RNASeq v2  Methylation450  HiSeq miRNASeq
THYM 119  HiSeq RNASeqv2  Methylation450 GASeq miRNASeq
UCEC 234  GASeq RNASeq v2 Methylation450  HiSeq miRNASeq
UucCs 56 HiSeq RNASeqv2  Methylation450  HiSeq miRNASeq
UVM 80 HiSeq RNASeqv2 Methylation450 HiSeq miRNASeq
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Table 6.2: Description of the 2 datasets from The Molecular Taxonomy of Breast Cancer Inter-
national Consortium (METABRIC): METABRIC discovery and METABRIC validation.

Dataset #Sample mRNA CNV
Discovery 997 Tlumina HT 12 v3  Affymetrix SNP 6.0

Validation 983 Illumina HT 12 v3  Affymetrix SNP 6.0

The METABRIC_Discovery dataset contains 997 patients, while the METABRIC_Validation
dataset contains 983 patients. Table 6.2 provides more details on the METABRIC datasets.
When performing disease subtyping analysis with SMRT, we suggest that users use stan-
dardized data normalization, e.g., RSEM for RNA-Seq data, to process their data. We also
recommend that users use log transformation (base 2) to transform the data if the range of the
data is large (e.g., > 100) to mitigate unexpected effects caused by extreme expression values

on the clustering results.

6.3 Results

We perform an extensive analysis using 39 cancer datasets and simulated data. First, we demon-
strate that SMRT is able to identify cancer subtypes with significantly different survival profiles.
Second, we provide a comparative analysis between subtypes discovered by SMRT and those of
the PAMSO0 classifier on three Breast cancer datasets (TCGA-BRCA, METABRIC Discovery,
and METABRIC Validation). Third, we perform an in-depth analysis for the Glioma dataset.
Fourth, we investigate the contribution of each data type to the subtyping results. Fifth, we
perform clinical enrichment analysis to show the clinical relevance of the discovered subtypes.
Finally, we illustrate the scalability of SMRT by analyzing simulated datasets with hundreds
of thousands of samples. In addition, we investigate the effect of automatic & selection in the

KNN algorithm on the performance of SMRT.

6.3.1 Experimental studies using 39 cancer datasets

We compare SMRT with eight state-of-the-art subtyping algorithms: SNF [97], CIMLR [31],
NEMO [101], moCluster [89], iClusterBayes [82], LRACluster [79], MCCA [96], and IntNMF
[93]. The following packages were used in our comparison: SNFtool v2.3.0 on CRAN for

SNF, CIMLR v1.0.0athttps://github.com/danro9685/CIMLR for CIMLR, NEMO
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https://github.com/danro9685/CIMLR

v0.1.0athttps://github.com/Shamir-Lab/NEMO for NEMO, mogsa v1.16.0 on Bio-
conductor for moCluster, iClusterPlus on Bioconductor v1.18.0 for iClusterBayes, LRACluster
vl.18.0athttp://biocinfo.au.tsinghua.edu.cn/member/jgu/lracluster/
for LRACluster, PMA v1.2.1 on CRAN for MCCA, and IntNMF on CRAN v1.2.0 for IntNMF.
When the number of dimensions exceeded 2,000, we used only the top 2,000 variables with
the largest variance for iClusterBayes, IntNMF, and MCCA, because these methods cannot an-
alyze the data on the whole-genome scale. For all methods, we used default parameters and
let all methods automatically determine the optimal number of clusters. For MCCA, which is
not a clustering method itself, we follow the implementation at https://github.com/
Shamir-Lab/Multi-Omics—-Cancer-Benchmark for cluster analysis.

Using each method, we partition the patients in each dataset, and then assess the survival
difference of the discovered patient groups using Cox regression [139]. Table 6.3 shows the Cox
p-values obtained from each dataset and method. There are seven datasets in which no method
is able to identify subtypes with significant Cox p-values. For the remaining 32 datasets, SMRT
has significant p-values in 28 datasets, whereas NEMO has significant p-values in 19 datasets
and all other methods have significant p-values in 15 datasets or less. SMRT has the most
significant p-values in 12 datasets out of those 28 datasets, while SNF, CIMLR, NEMO, mo-
Cluster, iClusterBayes, LRACluster, MCCA, and IntNMF have the most significant p-values in
0,3,8,4,2,0, 1, and 2 datasets, respectively.

Figure 6.2 shows the distributions of the Cox p-values in the -log10 scale while Figure 6.3-
6.10 show the Kaplan-Meier survival analysis for each dataset. Overall, the median -log10 p-
values of SMRT is close to 2 (i.e., median p-value of 0.01) whereas the median -log10 p-value
of the second-best method (NEMO) is close to 1 (i.e., median p-value of 0.1). A Wilcoxon test
also confirms that the p-values of SMRT are significantly smaller than the p-values obtained
from other methods (p = 0.0002 using the one-tailed Wilcoxon test).

The running time of each method is shown in Table 6.4. The top 39 rows show the running
time of each method in each dataset, while the last row shows the average running time. On

average, SMRT, SNF, NEMO, and MCCA are fast and able to finish each analysis in less than
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Table 6.3: Cox p-values of subtypes discovered by SNF, CIMLR, NEMO, moCluster, iClus-
terBayes (1CB), LRACluster (LRA), MCCA, IntNMF, and SMRT for 37 TCGA datasets and
two METABRIC breast cancer datasets (M_Discovery and M_Validation). Cells highlighted in
yellow have significant Cox p-values at the threshold of 5%. Cells highlighted in green have
the most significant Cox p-value in their respective rows. No methods were able to yield sub-
types with significantly different survival in 7 data sets (shown with red fonts). SMRT yields
subtypes with significantly different survival profiles in 28 out of the 39 datasets. In 12 such
datasets, SMRT also p-values more significant than any of those provided by the other eight
methods.

Dataset SNF CIMLR NEMO  moCluster iCB LRA MCCA  IntNMF  SMRT
1. ACC 4.34e-05 3.96e-01 2.07e-04 J263E09N 4.26e-03 2.46e-03 1.24e-08 6.11e-03 1.33e-02
2. BLCA 1.09e-01 3.09e-01 6.74e-02 3.13e-01  4.95e-01 7.42e-02 3.57e-01 3.43e-02 [J11956:027
3. BRCA 1.19¢-01  4.95e-03 293e-02 258e-01  3.07e-02 3.90e-01 [BIB0S0AN 2.53¢-01 1.96e-03
4. CESC 5.10e-01 1.90e-01 3.33e-01 1.81e-01  1.69e-01 2.90e-01 6.6%-01 8.89¢-01

5. CHOL 5.72e-01 335e-01 3.02e-01 5.17¢-01  6.51e-01 6.93e-01 4.50e-01 9.63e-01

6. COAD 1.28¢-01 2.52e-01 6.76e-01 3.73e-01  6.47¢-01 5.05e-01 6.20e-01 5.35¢-01

7. COADREAD  6.60e-01 1.35¢-01 8.11e-01 4.72e-02  2.55e-01 7.47e-01 7.87e-01 4.76e-01

8. DLBC

9. ESCA

10. GBM 2.08e-02 8.11e-02 1.49e-04 5.12e-01  124e-01 537e-01 3.69-01 7.04e-01 [BI75E505
11. GBMLGG ~ 4.75e-14  6.36e-10 6.46e-16  8.66e-12 8.04e-14 3.83e-07 1.25¢-10 7.48e-17
12. HNSC 3.66e-01  6.19-01 2.44e-01  142e-01 3.27e-01 9.88e-01 1.55¢-01 4.56e-02
13. KICH 7.01e-01 4.63e-01 8.14e-14 4.03e-01 2.10e-01 8.08e-01 6.61e-01 2.77e-02
14. KIPAN 2.11e-07  9.84e-05 4.81e-08 2.16e-08 4.21e-08 3.82¢-03 4.36e-04 1.16e-11
15. KIRC 6.91e-01  9.79e-01 2.46e-01 1.76e-01 ~ 6.70e-01 1.76e-01 1.32e-01 7.29¢-01 [[5:9862051
16. KIRP 5.33¢-03  1.85e-02 1.00e+00  4.60e-02 5.97e-03 249e-02 1.93e-01 1.15e-09
17. LAML 1.73e-03  1.24e-02 7.00e-01  9.38e-01 1.19¢-01 1.75e-02 7.78e-02 8.72e-04
18. LGG 1.60e-14  7.14e-15 35201  6.08e-03 1.0le-01 1.16e-09 4.04e-02 4.26e-15
19. LIHC 3.34e-01 1.28e-01 825¢-01  257e-01 2.93¢-01 5.04e-01 8.80e-01 7.04e-01
20. LUAD 5.01e-01  3.73e-01 592¢-01 25502 149e-01 2.08¢-01 8.21e-03 4.66e-01
21. LUSC 8.71e-02 391e-02 1.32e-01 7.04e-01  5.11e-01 9.05¢-01 2.88¢-01 6.75¢-01 [BIB7EH03Y
22. MESO 4.24e-04 1.72e-02 7.94e-04 7.29¢-02 [B66E05N 2.77¢-01 5.53e-04 3.85e-04 7.34e-04
23. 0V

24. PAAD 7.36e-04 2.03e-03 144e-03 296e-03  4.19¢-03 4.86e-04 3.18¢-01 3.45¢-02 20738504
25. PCPG

26. PRAD

27. READ 7.62¢-01 335e-01 6.27e-01 1.00e+00  5.68e-01 2.72e-01 3.53¢-01 3.41e-01

28. SARC 4.37e-02 5.58e-02 7.23e-02 3.37e-02  3.07¢-01 6.36e-01 9.54e-02 2.83e-01

29. SKCM 4.78¢-01 546050 6.37¢-04 430e-03  4.67e-03 3.92e-02 1.90e-01 1.48e-03 1.05e-01
30. STAD 4.07e-02 5.11e-01 1.02¢-01 4.83e-01  6.25e-01 3.08e-01 3.16e-01 5.55¢-01 [FIN86E04N
31. STES 1.57e-01 3.41e-02 1.18¢-01 4.97¢-01 [HHBE08N 5.92¢-01 6.35e-02 8.45e-02 1.5le-02
32. TGCT

33. THCA 6.20e-01 1816287030 3.87e-02 5.11e-01  7.42e-01 5.51e-01 3.87e-01 1.75e-02 8.82e-02
34. THYM 9.69¢-02 1.15e-01 7.11e-02 BIB9S0 7.06e-02 5.96e-01 5.47e-02 1.38¢-01 1.33e-02
35. UCEC 1.81e-02 1.70e-01 1.64e-01 6.88¢e-01  1.65e-01 8.61e-01 1.58e-02 [3102€030 4.83¢-03
36. UCS

37. UVM 1.67e-04 5.80e-04 1.67e-04 5.50e-01  9.19e-02 4.92e-03 2.06e-04 212085050 6.43¢-03
38. M Discovery ~2.26e-05 1.16e-11  2.87e-01  9.16e-01 4.32e-06 4.59%-10 2.0le-07 3.25¢-10
39. M_Validation ~ 1.04e-02 M_ 1.57e-01  1.97e-01 1.28e-01 7.46e-04 9.16e-04 2.66e-05
#Significant 15 15 19 9 11 8 12 14 28
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Figure 6.2: Distributions of Cox p-values (in —log10 scale, higher is better) of the subtypes
discovered from 37 TCGA and 2 METABRIC datasets. The red dashed line shows the 5% sig-
nificance level. Note that all existing methods do not reach this level of significance on average
(median). Overall, the Cox p-values obtained from SMRT are substantially more significant
than those of other methods (p = 0.0002 using the one-tailed Wilcoxon test).
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Figure 6.3: Kaplan-Meier survival analysis for TCGA-ACC, BLCA, BRCA, CESC, and COAD
datasets.

a minute. The remaining methods are slower, especially iClusterBayes and IntNMF, although

their analysis is limited to only 2,000 of the most varied genes.
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Table 6.4: Running time (in minutes) of SNF, CIMLR, NEMO, moCluster, iClusterBayes
(iCB), LRACluster (LRA), MCCA, IntNMF, and SMRT for 37 TCGA and two METABRIC
datasets.

Dataset Size  SNF CIMLR NEMO moCluster iCB LRA MCCA IntNMF SMRT
1. ACC 79 0.40 1.14 0.05 097 9.09 5.58 0.50 6.64 0.25
2. BLCA 404 0.73 3.71 0.28 7.85 29.57 3492 0.83 21.94 1.30
3. BRCA 622 1.61 9.44 0.75 24.09 56.39 102.13 1.61 40.07 1.53
4. CESC 304 1.01 3.23 0.28 8.78 30.49 5041 1.20 20.66 0.90
5. CHOL 36 033 0.60 0.02 038 523 2.02 0.53 4.77 0.10
6. COAD 220 0.93 1.84 0.20 5.28 2377 3081 1.07 16.44 0.67
7. COADREAD 294 0.98 4.41 0.30 9.14 29.81 40.10 1.17 21.07 0.96
8. DLBC 47 0.37 0.61 0.03 0.52 6.25 2.66 0.44 490 0.16
9. ESCA 183 0.75 2.44 0.14 445 1691 27.54 0.84 12.93 1.20
10. GBM 273 0.05 2.15 0.02 0.46 20.30 1.02 0.19 15.03 0.91
11. GBMLGG 510 0.89 5.33 0.40 11.61 4430 41.47 0.97 31.08 1.43
12. HNSC 228 0.84 2.24 0.18 541 1632 3222 1.06 13.51 0.77
13. KICH 65 0.37 1.13 0.03 0.70  5.93 3.47 0.47 4.93 0.33
14. KIPAN 654 1.14 13.77 0.49 1490 41.54 63.67 1.16 31.39 3.51
15. KIRC 124 0.04 1.14 0.01 0.15 8.3 0.65 0.09 7.76 0.16
16. KIRP 271 0.61 3.93 0.15 396 16.85 1891 0.70 15.96 0.94
17. LAML 164 0.04 1.57 0.01 0.20 10.84 0.68 0.10 8.13 0.13
18. LGG 510 1.29 7.60 0.60 13.95 33.18 83.92 1.37 28.77 1.76
19. LIHC 366 0.80 3.81 0.28 6.54 2333 34.19 0.94 20.12 0.84
20. LUAD 428 0.81 4.42 0.28 7.95 34.64 39.17 1.02 29.77 1.26
21. LUSC 110 0.04 1.15 0.00 0.11  7.83 0.46 0.09 640 0.12
22. MESO 86 0.42 0.85 0.03 0.88 7.67 5.40 0.60 6.98 0.26
23. OV 286 0.36 2.37 0.10 3.14 1937 16.24 0.53 16.99 0.72
24. PAAD 178 0.46 1.96 0.08 223 11.72 1225 0.67 8.86 0.98
25. PCPG 179 0.55 2.35 0.12 2.52 1598 1451 0.64 11.79 0.52
26. PRAD 493 1.51 6.13 0.54 12.52 33.67 79.05 1.29 32.18 1.75
27. READ 74 0.39 0.86 0.03 0.64 6.32 4.24 0.59 5.88 0.22
28. SARC 257 0.54 3.07 0.14 329 18.00 17.82 0.63 12.64 1.40
29. SKCM 439 0.83 6.51 0.34 771 27.58  35.17 0.78 23.61 1.76
30. STAD 362 0.87 5.07 0.33 5.77 2499 34.14 0.89 18.61 1.07
31. STES 545 1.55 8.79 0.53 14.11 37.81 88.00 1.22 28.85 1.85
32. TGCT 134 0.85 1.79 0.10 2.01 10.61 18.49 0.93 7.01 0.41
33. THCA 499 1.06 5.90 0.46 8.85 33.01 53.59 0.92 25.35 1.66
34. THYM 119 0.49 0.97 0.07 1.18 8.78 9.76 0.52 7.16 0.28
35. UCEC 234 1.04 2.57 0.19 4.60 19.61 34.42 1.08 14.78 0.88
36. UCS 56 047 0.64 0.04 049 6.18 3.92 0.62 4.58 0.19
37. UVM 80 041 0.73 0.04 0.61 7091 5.27 0.60 6.25 0.24
38. M Discovery 997 0.38 17.96 0.21 7.10 60.24 16.17 0.38 49.62 242
39. M_Validation 983 0.37 10.14 0.19 6.85 58.11 17.95 0.40 50.87 2.28
Mean 305 0.68 3.96 0.21 543 2253 27.75 0.76 17.80  0.98
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Figure 6.4: Kaplan-Meier survival analysis for TCGA-ESCA, GBM, GBMLGG, HNSC,

KICH, and KIRC datasets.
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Figure 6.5: Kaplan-Meier survival analysis for TCGA-KIRP, LAML, LGG, LIHC, LUAD, and

LUSC datasets.
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Figure 6.6: Kaplan-Meier survival analysis for TCGA-MESO, OV, PADD, PCPG, PRAD, and
READ datasets.
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Figure 6.7: Kaplan-Meier survival analysis for TCGA-SARC, SKCM, STAD, STES, TGCT,
and THCA datasets.

6.3.2 Analysis of subtypes from SMRT and PAMS50 on Breast cancer datasets

In this analysis, we used the PAMS50 classifier implemented in genefu R package [140] to clas-

sify patients using gene expression data in the three breast cancer datasets: TCGA-BRCA and
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Figure 6.8: Kaplan-Meier survival analysis for TCGA-THYM, UCEC, UCS, UVM, KIPAN,
and CHOL datasets.
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Figure 6.9: Kaplan-Meier survival analysis for TCGA-DLBC dataset.
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Figure 6.10: Kaplan-Meier survival analysis for METABRIC Validation and Discovery
datasets.
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the two METABRIC datasets. Tables 6.5, 6.6 and 6.7 show the confusion matrix between sub-
types determined by PAMS50 and those discovered by SMRT. Overall, both SMRT and PAMS50
are able to identify patient subgroups with significantly different survival profiles in all three
datasets. Note that the Cox p-values of SMRT are more significant than PAMS0 in two out
of three datasets: 1) 0.002 (SMRT) vs. 0.009 (PAMS50) for TCGA-BRCA, and 2) 3.25e-10
(SMRT) vs. 8.32e-7 (PAMS0) for METABRIC Discovery. For the METABRIC_Validation
dataset, PAMS50 has a marginally more significant p-value (1.77e-05 vs 2.66e-05).

For the TCGA-BRCA dataset, SMRT discovers two subtypes. Most of PAMS50’s Normal-
like and LumA samples fall into group 1 of SMRT. Most LumB are clustered into group 2. The
two remaining PAMS50 subtypes (Her2 and Basal) are split equally to SMRT’s two clusters.
Note that the subtypes discovered by SMRT have a more significant Cox p-value than PAMS50’s
for this dataset (0.002 vs. 0.009)

For the METABRIC Discovery dataset, SMRT discovers 6 subtypes. Most samples of
Normal-like, LumA, LumB, and Her2 are grouped into groups 1, 2, 3, and 4 of SMRT, respec-
tively. Basal samples are split equally into groups 5 and 6. For this dataset, the Cox p-value of
SMRT is more significant than that of PAMS0 (3.25e-10 vs. 8.32e-7).

For the METABRIC Validation dataset, SMRT discovers 4 subtypes. Most Basal and Her2
samples belong to groups 1 and 4, respectively. The remaining subtypes (Normal-like, LumA,
and LumB) are almost evenly distributed across SMRT’s 4 groups. For this dataset, the Cox

p-value of PAMS0 is slightly more significant than that of SMRT (1.77e-5 vs. 2.66e-5).

Table 6.5: Confusion matrix between PAMS0 subtypes and level-1 subtypes discovered by
SMRT for TCGA-BRCA. The Cox p-values of subtypes obtained from PAMS0 and SMRT are
0.009 and 0.002, respectively.

PAMS50/SMRT 1 2
Normal-like | 17 )
LumA | 108 27

LumB | 12 100

Her2 | 29 36

Basal | 149 140
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Table 6.6: Confusion matrix between PAMS0 subtypes and level-1 subtypes discovered by
SMRT for METABRIC Discovery dataset. Cox p-values obtained from PAMS0 and SMRT are
8.32e — 07 and 3.25e — 10, respectively.

PAMSO/SMRT | 1 2 3 4 5
Normal-like | 11 0 2 8 0
LumA |38 75 1 0 1

LumB |59 24 14 10 6

Her2 |14 1 9 173 98 24

Basal |21 5 37 95 129 132

6
2
0
8

Table 6.7: Confusion matrix between PAMS0 subtypes and level-1 subtypes discovered by
SMRT for METABRIC Validation dataset. Cox p-values obtained from PAMS50 and SMRT are
1.77e — 05 and 2.66e — 05, respectively.

PAMS0/SMRT 1 2 3 4
Normal-like | 19 20 24 69
LumA | 92 114 61 69

LumB 2 5 57 88

Her2 4 1 0 41

Basal | 168 35 18 96

6.3.3 Case study of the GBMLGG dataset

Here, we perform an in-depth analysis of the GBMLGG (Glioma). Figure 6.12A shows the
Kaplan—Meier survival analysis of the discovered subtypes. For this dataset, SMRT discovers
three subtypes in which one subtype (group 2) has a very low survival rate where at year 3, the
survival probability of patients this group is only at 26% while that number for the patients in
the other two subtypes (groups 1 and 3) is 84%. Figure 6.11 shows the age distribution of each
subtype, in which patients in Subtype 2 (low survival) are older than patients in Subtypes 1 and
3 (high survival).

We also perform a variant analysis for the dataset in order to find mutations that highly
occur in the short-term-survival patient group (group 2) but not in the long-term-survival patient
group (groups 1 and 3) and vice versa. Figure 6.12B shows the mutations of each group in
which each point is a gene, and its coordinates represent the number of patients that have that
mutation in the corresponding group. In principle, we want to investigate the mutated genes in
the top left or bottom right of the figure. In this figure, we can easily identify four marker genes
that are associated with GBMLGG disease: IDH1, TP53, PTEN, and EGFR. Among those,

IDH mutant (bottom-right) is known as a factor driving Low-Grade Glioma (LGG) and has
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Figure 6.11: Age distribution for each subtype of the GBMLGG dataset.
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Figure 6.12: A) Kaplan—Meier survival analysis of the GBMLGG dataset. The horizontal axis
represents the time (days) while the vertical axis represents the estimated survival probability.
B) Number of patients in each group for each mutated gene in GBMLGG dataset. The hori-
zontal axis shows the count for other subtypes with high survival rates, and the vertical axis
represents the count in the subtype with low survival rates.

been used in the WHO classification system [141] to classify IDH-mutant and IDH-wildtype,
which has worse prognoses. On the other hand, EGFR is not a common mutation in LGG but
in GBM (Glioblastoma) [142] which has a very low survival rate [143]. The amplification of
EGFR can cause the mutation of PTEN gene [144], which is a tumor suppressor gene [145].
Interestingly, no patient in the long-term survival group has a PTEN mutation. The occurrence
of EGFR-mutated genes may be another cause of the low survival rate of patients in the short-
term survival group.

We further investigated the contribution of genes and data types using this dataset as a

case study. For this dataset, SMRT identified three subtypes using multi-omics data with a
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p-value of 7.48e-17. First, we map the features in miRNA data and Methylation data onto
genes. For miRNA data, the mapping is done using the miRTarBase database. For methylation
data, we map the methylation probes to their corresponding gene using probe positions in the
reference genome. Next, for each of the three data types, we use an ANOVA test to calculate
the significance of each gene. This results in 3 p-values for each gene. We then combine these
p-values using Fisher’s method, adjust them for multiple comparisons using false discovery
rate (FDR), and rank them according to their p-values.

Next, we performed a gene set analysis using the whole ranked list of gene and KEGG
pathways. For this purpose, we used the FGSEA method [146] implemented in our web-based
platform named Consensus Pathway Analysis (CPA) [1]. Figure 6.13 shows the pathways that
are significant with a significance threshold of 0.5%. In this connected network, each node
is a pathway, and there is an edge between two pathways if they have common genes. As
shown in the figure, the Glioma pathway is significantly impacted. Other pathways that have
common components with the Glioma pathway, including the MAPK signaling pathway, ErbB
signaling pathway, Calcium signaling pathway, and Pathway in cancer, are also significantly
impacted. This confirms that the subtypes discovered by SMRT have significant differences
in the activity of Glioma- and cancer-related pathways. In other words, genes that belong to
these pathways significantly contribute to differentiating the three subtypes. In fact, when we
intersected the list of significantly differentially expressed genes from the pathways above, 5
out of 9 of the intersected list are oncogenes, including EGFR, PDGFA, PDGFB, PDGFRA,
and PDGFRB [147, 148, 149, 150, 151, 152, 153] (see Table 6.8 for the p-value and description

of each gene).

6.3.4 Contribution of indivivual omic types

To reveal the contribution of each data type, we used SMRT to partition the patients using
each of the data types independently. Next, we calculated the Cox p-values obtained from
each data type and compared them with those obtained from subtyping the multi-omics data.
Figure 6.14 shows the distribution of -logl0 p-values of subtypes by each data type for 37

TCGA datasets. The p-values obtained from multi-omics data are substantially more significant
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Figure 6.13: The largest connected component of the significant impacted pathways network
resulted from pathway analysis on the subtypes discovered by SMRT using GBMLGG dataset.

Table 6.8: The common signficantly differential expressed genes and their p-value from the
Glioma pathway, MAPK signaling pathway, Calcium signaling pathway, and Pathway in can-
cer.

Gene Description p-value. FDR
EGF Epidermal growth factor 7.29e-43
EGFR Epidermal growth factor receptor 2.95e-37
PDGFA  Platelet derived growth factor subunit A 1.17e-46
PDGFB  Platelet derived growth factor subunit B 6.85e-20

PDGFRA Platelet derived growth factor receptor alpha 1.49e-49
PDGFRB Platelet derived growth factor receptor beta  1.45e-30

PRKCA  Protein kinase C alpha 1.02e-46
PRKCB  Protein kinase C beta 4.60e-73
PRKCG  Protein kinase C gamma 2.38e-50

than those obtained from individual data types. The median p-value obtained from multi-omics
data is close to 0.01 (-log10 values are close to 2), while the median p-values of each data type
are even higher than 0.1 (-log10 values are close to 1). This demonstrates that SMRT is able to
exploit the complementary information available in each data type to determine subtypes with
significant survival differences.

Table 6.9 reports the Cox p-values obtained for each data type of the 37 TCGA datasets.
The data shows that mRNA plays a very important role in subtyping ACC, BLCA, LAML,
MESO, PAAD, SARC, and SKCM datasets. In these cancers, subtypes discovered from mRNA
data have more significant Cox p-values than those from other data types (methylation and

miRNA). For BLCA, LAML, SARC, and SKCM, mRNA is the only data type for which SMRT
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Figure 6.14: Distribution of -log10 Cox p-values for each data type of the 37 TCGA datasets.
The horizontal red line indicates the significant threshold of p — value = 0.05. The p-values of
subtypes discovered using multi-omics integration are substantially more significant than those
obtained from individual data types (mRNA, methylation, miRNA).

can discover subtypes with significant survival differences. The second data type, DNA methy-
lation, is very important for CHOL, GBM, GBMLGG, KICH, KIRP, LGG, THYM, and UCEC.
Subtyping using methylation yields more significant Cox p-values than mRNA and miRNA. In
fact, methylation is the only data type that provides significant Cox p-values among the three
data types for CHOL, KICH, and UCEC. The third data type, miRNA, is important for BRCA,
CESC, COAD, COADREAD, KIPAN, PAAD, READ, STES, and UVM. The Cox p-values of
miRNA are more significant than those of mRNA and methylation in these datasets.

While each data type contributes differently to the integrated subtypes in each dataset,
it is clear that the number of datasets with significant p-values for individual data types is
substantially smaller than that obtained from data integration. These numbers are 12, 14, and 13
for mRNA, methylation, and miRNA, respectively, compared to 26 for data integration. More
importantly, the p-values obtained from data integration are more significant in most of those
datasets (20 out of the 26 significant datasets). In some datasets (e.g., HNSC, KIRC, LUSC),
none of the data types provide sufficient information to determine subtypes with significantly
different survivals. However, when we integrate these data types, SMRT is able to exploit the
complementary information available in each data type to determine subtypes with significant

survival differences.
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Table 6.9: Cox p-values of clustering results by SMRT for each data type of 37 TCGA datasets.

Dataset mRNA Methylation miRNA Integration
1. ACC 2.81e-02 3.81e-01  1.33¢-02
2. BLCA 7.11e-02 7.30e-02

3. BRCA 3.81e-01  4.02¢-01

4. CESC 2.90e-01  4.88e-02

5. CHOL 9.62¢-01

6. COAD 6.13¢-01  3.05e-01

7. COADREAD | 5.82¢-01  8.68e-01

8. DLBC 7.28¢-01  4.12e-01 9.37e-01  4.74e-01
9. ESCA 2.58¢-01  5.27e-01 3.92e-01  3.30e-01
10. GBM 4.08¢-01  1.25e-04 5.19¢-02

11. GBMLGG |2.16e-13  3.29¢-16 8.26e-03

12. HNSC 2.84e-01  5.83e-01 2.6le-01

13. KICH 1.88¢-01 1.88¢-01  2.77¢-02
14. KIPAN 2.58¢-06  4.25¢-02 1.16e-07

15. KIRC 1.76e-01 ~ 1.11e-01 1.38¢-01

16. KIRP 2.38¢-03  1.24e-05 4.45e-02

17. LAML 3.47e-03  4.42e-01 7.24e-02

18. LGG 1.13¢-04 8.88¢-16  4.26e-15
19. LIHC 2.62¢-01  2.86e-01 6.83e-01  7.04e-01
20. LUAD 1.25¢-01  8.49e-01 4.16e-01  4.66e-01
21. LUSC 1.25e-01  1.57e-01 1.17e-01

22. MESO 6.69¢-03  2.05e-02 1.96e-02

23.0V 8.0le-01  1.22e-01 6.76e-01  6.81e-01
24. PAAD 6.91e-04  1.44e-03 6.91e-04

25. PCPG 7.44e-01  8.66e-01 4.09¢-01  8.66e-01
26. PRAD 4.97e-01  7.25e-01 8.93e-01  3.49e-01
27. READ 6.49¢-01  6.27e-01 2.35¢-02
28. SARC 4.06e-02  8.17e-02 %_
29. SKCM 1506603  7.69¢-01 1.78¢-01  1.05¢-01
30. STAD 8.43e-01  4.12¢-01 3.71e-01

31. STES 3.78¢-01  1.66e-01 1.82e-02

32. TGCT 3.89e-01  5.31e-01 5.90e-01  5.3le-01
33. THCA 5.59¢-01  1.26e-01 4.93e-01  8.82e-02
34. THYM 1.87¢-02 1.87e-01  1.33e-02
35. UCEC 2.12¢-01 5.92¢-01

36. UCS 8.34e-01  8.13e-01 4.26e-01  4.26e-01
37. UVM 3.37e-01  2.53e-03 6.43¢-03

6.3.5 Clinical variables enrichment analysis

Next, we investigated the association between discovered subtypes and clinical variables. We
performed our analysis on gender, age, cancer stage, and tumor grade, which are available for

at least 15 datasets. We perform the following analyses: (1) Fisher’s exact test to assess the
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significance of the association between gender (male and female) and the discovered subtypes;
(2) ANOVA to assess the age difference between discovered subtypes; and finally (3) calculate
the agreement between the discovered subtypes and known cancer stages and tumor grades us-
ing Normalized Mutual Information (NMI). The distributions of —l0og10 of p-values for gender
and age are shown in Figures 6.15 (see Tables 6.10- 6.11 for the exact p-values). With the
exception of NEMO and iClusterBayes, the clustering methods do not generally yield differ-
ences in gender or age in their clustering. For gender, iClusterBayes has significant p-values
in 17 out of 31 datasets. For age, NEMO and iClusterBayes have significant p-values in 17
and 15 out of 29 datasets, respectively. This result demonstrates that there are meaningful and
survival-related molecular signatures inside the data to be discovered, and the methods do not
simply separate patients based on some visible clinical variables such as gender or age. Fig-
ure 6.16 and Tables 6.12- 6.13 show the NMI values that represent the agreement between the
discovered subtypes and known cancer stages and tumor grades. For the cancer stage, the me-
dian NMI values of SMRT and NEMO are comparable and are higher than the rest. For tumor
grade, SMRT has the highest median NMI. However, for both cancer stage and tumor grade, the
NMI values of all methods are low, meaning that there is a low agreement between the known
stages/grades and the discovered subtypes using any of the subtyping methods. In conclusion,
the discovered subtypes from SMRT and other subtyping methods have little agreement with

clinical variables like gender, age, cancer stage, and tumor grade.

6.3.6 Simulation studies

In this simulation study, we generate multiple datasets with varying numbers of genes and
samples. The general setup is that each dataset consists of three classes (equal size), each with a
different set of up-regulated genes. Figure 6.17 shows an example dataset of size 1, 000 x 5, 000
(1,000 samples and 5,000 genes). This dataset has three classes (sample size of 333, 333, and
334), each with a different set of 100 genes that are up-regulated. The first class has the first
100 genes up-regulated; the second class has the second 100 genes up-regulated; the third class

has the third 100 genes up-regulated. The expression values of un-regulated genes follow a
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Figure 6.15: P-values obtained from comparing the discovered subtypes against gender, and
age. Fisher’s exact test was used to assess the statistical significance in the association between
the discovered subtypes and gender while ANOVA was used to assess age difference. The
horizontal axis shows the clinical variables while the vertical axis shows the minus [og10 p-
values. The horizontal dashed line denotes minus [og10 of p = 0.05. With the exception of
NEMO and iClusterBayes, the clustering methods do not generally yield differences in gender
or age in their clustering.
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Figure 6.16: Normalized Mutual Information (NMI) values obtained from comparing the dis-
covered subtypes against known cancer stages (left panel) and tumor grades (right panel). The
clustering methods do not generally yield subtypes that are correlated with cancer stages and
tumor grades.

distribution of A/(0,1) (uo = 0, o = 1) while the expression values of up-regulated genes
follow a distribution of N'(2,1) (upr = 2,0 = 1).

To test the scalability of the subtyping methods. We fix the number of genes (five thou-
sand) but vary the number of samples (from 1,000 to 100,000). For each dataset, we use
the nine subtyping methods, SNF, CIMLR, NEMO, moCluster, iClusterBayes, LRACluster,

MCCA, IntNMF, and SMRT, to cluster the data. We monitor the running time and memory
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Table 6.10: P-values obtained from Fisher’s exact test that assesses the statistical significance
of the association between the discovered subtypes and gender. NA indicates that there is not
enough data to perform the test or all patients have the same gender.

Dataset SNF CIMLR NEMO moCluster iClusterBayes LRACluster MCCA IntNMF SMRT

ACC 1.1e-01 1.0e+00 2.2e-01 8.4e-01 7.7e-01 1.7e-01 6.5e-01 6.4e-02 3.8e-01
BLCA 2.6e-01 5.4e-02 2.8e-01 6.3e-01 5.0e-04 2.1e-01 1.3e-01 2.6e-01 5.0e-01
BRCA 2.1e-01 8.1e-02 2.1e-01 2.7e-02 4.9¢e-02 3.8e-01 2.1e-01 5.6e-02 1.0e+00
CESC NA NA NA NA NA NA NA NA NA
CHOL 3.4e-01 1.0e+00 7.2e-01 1.0e+00  2.6e-02 7.3e-01 4.8¢-01 8.9e-02 4.8e-01
COAD 7.3e-01 5.0e-01 3.3e-01 7.8e-01 5.0e-04 1.0e+00 2.7e-01 5.0e-01 6.8e-01

COADREAD 7.4e-01 9.4e-01 4.3e-01 1.7e-01 5.0e-04 5.4e-01 5.4e-01 8.1e-01 1.0e+00
DLBC 1.0e+00 3.0e-01 9.8e-01 2.5e-01 2.5e-01 5.9¢-01 5.5e-01 1.0e+00 7.8e-01
ESCA 1.0e+00 8.3e-01 1.0e+00 6.5e-01 8.3e-01 1.0e+00 1.0e+00 1.0e+00 1.0e+00

GBM 7.7e-01 3.5e-01 1.0e+00 1.6e-01 1.3e-02 1.3e-01 8.1e-01 3.0e-02 5.0e-04
GBMLGG 3.6e-01 7.6e-01 3.3e-01 4.0e-01 5.0e-04 1.0e+00 5.0e-01 2.4e-01 5.4e-01
HNSC 9.6e-03 5.8e-01 3.3e-02 1.0e+00  2.8e-01 4.5e-01 9.4e-02 5.5e-01 1.8e-01
KICH 2.0e-01 1.0e+00 4.7¢-01 5.1e-01 5.3e-02 1.7e-01 6.1e-01 9.4e-02 4.5e-01
KIPAN 4.5e-02 5.7e-02 2.8e-02 1.0e+00  5.0e-04 3.4e-02 3.6e-01 7.5e-03 2.5e-03
KIRC 2.7e-01 6.6e-07 1.7e-02 3.0e-01 2.7e-01 3.0e-01 1.8e-01 1.3e-01 5.0e-04

KIRP 1.1e-03 7.0e-05 5.0e-04 4.6e-01 5.0e-04 1.2e-04 1.7e-05 5.0e-04 2.3e-02
LAML 4.3e-01 4.2e-01 1.8e-01 6.2¢-01 8.6e-02 1.0e+00 5.2e-01 7.5¢-01 9.4e-01

LGG 3.7e-01 4.9e-01 3.7e-01 2.5e-02 5.0e-04 4.4e-01 8.9e-01 5.3e-04 3.3e-01

LIHC 2.9e-05 5.0e-04 5.0e-04 5.8e-01 1.0e-03 7.1e-01 1.6e-03 1.7e-01 2.0e-01
LUAD 1.0e-06 5.0e-04 5.0e-04 5.9¢-04 5.0e-04 5.0e-01 1.0e+00 5.2e-02 3.4e-02
LUSC 9.1e-02 5.0e-04 5.2e-01 1.0e+00 1.9e-01 4.3e-01 3.7e-01 3.9e-01 7.6e-02
MESO 7.6e-01 7.7¢-02 1.2e-01 1.9¢-01 7.0e-01 7.6e-01 5.0e-01 3.8e-01 1.0e+00

OV NA NA NA NA NA NA NA NA NA
PAAD 5.0e-03 1.4e-01 3.8e-01 6.8e-02 3.1e-01 7.1e-01 8.5e-49 9.5e-01 3.3e-01

PCPG 5.3e-01 7.3e-01 7.6e-01 1.0e+00  5.0e-04 2.4e-01 4.5e-01 8.8e-01 1.0e+00
PRAD NA NA NA NA NA NA NA NA NA
READ 1.0e+00 5.6e-01 2.5e-01 3.7e-01 1.5e-03 3.0e-01 9.5¢-01 1.0e+00 5.9¢-01
SARC 5.0e-04 1.5e-03 5.0e-04 4.6e-01 5.0e-04 1.5e-05 1.7e-03  7.7e-04 2.5e-03
SKCM 4.1e-01 5.3e-01 7.3e-01 5.5e-01 4.7¢-02 1.4e-01 4.9e-01 4.0e-01 1.5e-03
STAD 5.6e-01 6.3e-01 9.1e-01 2.7¢e-01 1.7e-01 3.4e-01 1.0e+00 1.9¢-01 1.2e-01

STES 6.0e-04 1.8e-03 3.5¢-03 4.6e-01 9.9¢-05 5.6e-02 3.1e-03 5.1e-04 9.1e-02
TGCT NA NA NA NA NA NA NA NA NA
THCA 3.7e-01 4.4e-01 7.1e-01 5.5e-01 6.0e-01 7.9¢-01 7.5e-01 7.9¢-02 5.7e-01
THYM 6.4e-01 52e-01 1.9e-01 3.3e-01 6.0e-03 1.0e+00 2.4e-01 8.5¢-01 7.1e-01
UCEC NA NA NA NA NA NA NA NA NA

UCS NA NA NA NA NA NA NA NA NA

UVM 1.0e+00 5.4e-01 1.0e+00 1.0e+00  6.4e-01 9.7¢-01 1.0e+00 6.5e-01 7.5e-01

METABRIC validation NA NA NA NA NA NA NA NA NA
METABRIC discovery NA NA NA NA NA NA NA NA NA
# significant 8 7 8 3 17 3 5 6 7

usage of each analysis. To assess the accuracy of the clustering methods, we compare the clus-
tering results with the ground truth (known class label) using the Adjusted Rand Index (ARI)
[128]. The ARI takes values from -1 to 1, with the ARI expected to be 1 for a perfect agreement,
and O for random clustering results.

Figure 6.18 shows the running time of the methods with varying numbers of samples. The
detailed running time is shown in Tables 6.14. The time complexity of SNF, CIMLR, NEMO,
and moCluster increases exponentially with respect to sample size. These methods are not able

to analyze datasets with more than 30,000 samples (out of memory, produce errors, or take
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Table 6.11: P-values obtained from ANOVA test that assesses the statistical significance of the
association between the discovered subtypes and age. NA indicates that there is not enough
data to perform the test.

Dataset SNF CIMLR NEMO moCluster iClusterBayes LRACluster MCCA IntNMF SMRT

ACC NA NA NA NA NA NA NA NA NA
BLCA 6.6e-03 7.1e-03 1.8e-07 2.0e-02 2.8e-02 2.8e-02 1.4e-02 8.4e-02 5.5e-02
BRCA 2.0e-01 2.7e-04 8.6e-02 2.1e-01 2.3e-05 1.3e-01 9.1e-02 7.1e-02 6.4e-02
CESC 3.8e-01 1.3e-01 5.9¢-01 8.4e-01 5.9¢-09 4.0e-01 7.7e-01 4.3e-01 7.6e-01
CHOL NA NA NA NA NA NA NA NA NA
COAD 5.4e-01 2.2e-02 2.1e-01 9.3e-02 2.2e-01 8.5e-01 4.7e-01 3.8e-01 8.1e-01
COADREAD 7.6e-01 6.1e-01 8.0e-01 8.1e-01 6.4e-01 7.2e-01 6.8e-01 5.3e-01 5.2e-01
DLBC 8.6e-01 8.3e-01 7.1e-01 5.4e-01 6.5e-01 7.4e-01 8.7e-01 5.9e-01 4.1e-01
ESCA NA NA NA NA NA NA NA NA NA
GBM 1.4e-02 2.9e-02 1.1e-03 4.1e-01 5.2e-05 9.0e-03 9.9e-01 9.6e-03 4.2e-11
GBMLGG 1.2e-17 2.8e-16 1.7e-17 8.7¢-08 5.4e-07 4.5e-09 7.6e-10 7.3e-07 1.5e-13
HNSC 5.3e-01 5.6e-02 2.6e-03 9.4e-01 7.5e-01 5.5e-01 8.3e-01 7.3e-01 6.6e-01
KICH 3.0e-01 8.1e-02 1.4e-01 1.3e-01 7.3e-01 3.3e-01 2.2e-01 4.0e-01 3.3e-01
KIPAN 1.2e-08 8.8e-08 6.5e-07 8.6e-02 5.1e-10 3.9¢-08 5.1e-01 1.1e-08 5.8e-08
KIRC 6.1e-01 5.9e-01 3.1e-01 5.6e-01 8.9¢-01 5.6e-01 6.2e-01 7.8e-01 1.8e-02
KIRP 2.3e-01 9.6e-01 1.2e-05 1.1e-01 2.9e-02 9.8e-01 9.5e-01 5.5e-04 2.1e-03
LAML 6.1e-05 1.1e-01 2.2e-05 6.1e-03 5.8e-02 1.3e-02 6.3e-03 5.3e-03 7.9e-06
LGG 1.9e-18 3.3e-16 2.2e-19 6.7e-01 9.2e-04 8.8e-03 5.2e-13 6.1e-01 1.9e-09
LIHC 3.3e-05 6.5e-03 3.6e-04 2.9e-01 4.6e-03 9.0e-01 6.0e-05 9.1e-01 2.1e-04
LUAD 1.5e-02 2.7e-02 6.0e-02 3.1e-02 2.2e-02 3.3e-01 9.0e-01 2.3e-02 5.8e-01
LUSC 8.0e-01 4.0e-01 5.8e-01 2.0e-01 6.8¢e-01 6.9¢-01 6.3e-01 5.1e-01 2.7¢-01
MESO NA NA NA NA NA NA NA NA NA
OV 1.3e-01 1.3e-01 2.0e-01 6.9e-01 1.1e-05 9.2e-01 4.4e-04 2.3e-01 9.8e-01
PAAD 5.0e-01 5.5e-01 4.4e-01 2.0e-01 3.4e-01 9.1e-02 8.7e-01 4.8e-01 1.6e-01
PCPG NA NA NA NA NA NA NA NA NA
PRAD 1.6e-01 5.7e-01 6.0e-04 4.8e-01 1.6e-02 4.6e-01 3.1e-01 4.7e-01 8.5e-02
READ 7.8e-01 8.2e-01 2.2e-01 1.7e-01 1.7e-01 4.6e-01 2.5e-02 9.8¢-01 8.2e-01
SARC NA NA NA NA NA NA NA NA NA
SKCM 6.1e-03 1.4e-01 1.0e-03 2.0e-02 3.7e-04 8.2e-03 8.5e-01 7.2e-05 1.5e-01
STAD 1.2e-04 6.0e-03 3.8e-03 2.9¢-02 5.3e-01 5.0e-01 4.0e-02 1.9e-02 1.3e-01
STES 5.1e-01 8.8e-01 3.9e-02 4.6e-01 4.5e-01 4.9e-01 7.2e-01 9.6e-01 3.6e-01
TGCT NA NA NA NA NA NA NA NA NA
THCA 9.5e-02 1.3e-02 3.0e-03 5.6e-01 2.9¢-01 3.4e-01 6.4e-01 3.2e-01 4.5e-04
THYM NA NA NA NA NA NA NA NA NA
UCEC 1.3e-07 4.1e-01 1.6e-08 2.8e-01 3.7e-02 8.7e-01 3.4e-02 7.5e-02 3.6e-06
UCS NA NA NA NA NA NA NA NA NA
UVM NA NA NA NA NA NA NA NA NA
METABRIC validation 1.1e-16 1.6e-15 7.0e-14 3.1e-01 4.2e-01 1.1e-14 1.6e-19 1.0e-19 2.2e-15
METABRIC discovery 1.9e-17 1.5e-03 4.7e-17 3.3e-02 2.3e-02 3.2e-14 3.3e-13 1.1e-12 6.1e-20
# significant 13 13 17 7 15 9 11 10 12

more than 24 hours to analyze a single dataset). MCCA and LRACluster are able to analyze
datasets with 50,000 samples but fail to analyze larger datasets. Only iCB and SMRT were
able to analyze all datasets. However, it takes iCB more than three days to finish the analysis
of the largest dataset. SMRT is much faster than other methods. It takes SMRT less than three
minutes to analyze the biggest datasets while the running time of others increases exponentially.

In addition, ARI values of SMRT are maintained at 1 for all datasets (Table 6.15).
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Table 6.12: Normalized Mutual Information (NMI) vlaues obtained from comparing the dis-
covered subtypes against known cancer stages. NA indicates that there is not enough data to
perform the calculation.

Dataset SNF CIMLR NEMO moCluster iClusterBayes LRACluster MCCA IntNMF SMRT

ACC 0.1 0.13 0.26 0.17 0.03 0.05 0.11 0.05 0.06
BLCA 0.03 0.04 0.06 0 0.02 0.03 0.05 0.03 0.04
BRCA 0.02 0.04 0.02 0.02 0.02 0.01 0.01 0.01 0.02
CESC 0.03 0.06 0.02 0.01 0.05 0.02 0.03 0.03 0.06
CHOL 0.08 0.16 0.23 0.18 0.21 0.12 0.18 0.22 0.13
COAD 0.06 0.05 0.05 0.02 0.06 0.02 0.02 0.03 0.03

COADREAD 0.04 0.05 0.03 0.03 0.06 0.02 0.02 0.03 0.01
DLBC 0.07 0.02 0.27 0.02 0.07 0.08 0.04 0.05 0.06
ESCA 0.09 0.09 0.09 0.09 0.09 0.08 0.09 0.09 0.08

GBM NA NA NA NA NA NA NA NA NA
GBMLGG NA NA NA NA NA NA NA NA NA
HNSC 0.01 0.04 0.07 0.03 0.02 0.02 0.02 0.02 0.01
KICH 0.1 0.04 0.24 0.11 0.09 0.02 0.01 0.07 0.06
KIPAN 0.06 0.05 0.06 0.01 0.03 0.06 0.02 0.05 0.07
KIRC 0.04 O 0.06 0.02 0.02 0.02 0.02 0.08 0.09
KIRP 0.1 0.07 0.12 0.01 0.07 0.1 0.08 0.07 0.13
LAML NA NA NA NA NA NA NA NA NA
LGG NA NA NA NA NA NA NA NA NA
LIHC 0.02 0.03 0.05 0.01 0.03 0.01 0.02 0.01 0.03
LUAD 0.01 0.03 0.06 0.01 0.03 0.02 0.01 0.03 0.02
LUSC 0.04 0.05 0.06 0.03 0.04 0.06 0.04 0.05 0.07
MESO 0.02 0.06 0.12 0.01 0.06 0.02 0.09 0.08 0.12
OV 0.05 0.04 0.05 0.02 0.05 0.02 0.02 0.02 0.04
PAAD 0.08 0.06 0.1 0.09 0.1 0.1 0.02 0.09 0.09
PCPG NA NA NA NA NA NA NA NA NA
PRAD NA NA NA NA NA NA NA NA NA
READ 0.17 0.14 0.17 0.06 0.11 0.14 0.21 0.15 0.12
SARC NA NA NA NA NA NA NA NA NA
SKCM 0.03 0.05 0.08 0.02 0.02 0.02 0.01 0.05 0.07
STAD 0.05 0.02 0.02 0.01 0.04 0.02 0.02 0.02 0.02
STES 0.05 0.05 0.06 0.03 0.05 0.02 0.05 0.04 0.04
TGCT 0.09 0.08 0.09 0.07 0.1 0.06 0.08 0.08 0.1
THCA 0.03 0.05 0.04 0.01 0.03 0 0.03 0 0.05
THYM NA NA NA NA NA NA NA NA NA
UCEC 0.04 0.05 0.03 0.04 0.05 0.03 0.04 0.06 0.05
UCS 0.15 0.11 0.13 0.06 0.2 0.08 0.11 0.16 0.08
UVM 0.08 0.11 0.08 0.02 0.08 0.09 0.07 0.06 0.07
METABRIC validation 0.02 0.02 0.03 0 0.01 0.02 0.01 0.01 0.03
METABRIC discovery 0.02 0.01 0.02 0.01 0.01 0.01 0.01 0.02 0.03
Mean 0.06 0.06 0.09 0.04 0.06 0.04 0.05 0.06 0.06

6.3.7 Performance of KNN with fixed K and using Elbow method

In this analysis, we compare the performance of KNN with a fixed number of neighbors (knn.k
= 10) and using the Elbow method to determine k in terms of accuracy, memory usage, and
running time using both simulated and real data. Table 6.16 shows the memory usage and
running time using simulated datasets. In this simulation, we generate 12 datasets with a fixed

number of genes (5,000) and varying numbers of samples from 3,000 to 100,000. We set the

81



Table 6.13: Normalized Mutual Information (NMI) values obtained from comparing the dis-
covered subtypes against known tumor grades. NA indicates that there is not enough data to
perform the calculation.

Dataset SNF CIMLR NEMO moCluster iClusterBayes LRACluster MCCA IntNMF SMRT

ACC NA NA NA NA NA NA NA NA NA
BLCA 0.1 0.09 0.12 0.02 0.02 0.09 0.09 0.06 0.07
BRCA NA NA NA NA NA NA NA NA NA
CESC 0.01 0.04 0.01 0.01 0.04 0 0.01 0.01 0.03
CHOL NA NA NA NA NA NA NA NA NA
COAD NA NA NA NA NA NA NA NA NA
COADREAD NA NA NA NA NA NA NA NA NA
DLBC NA NA NA NA NA NA NA NA NA
ESCA NA NA NA NA NA NA NA NA NA
GBM NA NA NA NA NA NA NA NA NA
GBMLGG 0.06 0.06 0.06 0.06 0.08 0.1 0.01 0.08 0.07
HNSC 0.02 0.04 0.06 0.04 0.03 0.02 0.03 0.01 0.01
KICH NA NA NA NA NA NA NA NA NA
KIPAN 0.02 0.02 0.03 0.02 0.05 0.02 0.02 0.01 0.07
KIRC 0.1 0.02 0.13 0.11 0.08 0.11 0.11 0.11 0.11
KIRP NA NA NA NA NA NA NA NA NA
LAML NA NA NA NA NA NA NA NA NA
LGG 0.06 0.06 0.06 0 0.02 0 0.01 0.01 0.03
LIHC 0.01 0.03 0.03 0.01 0.05 0 0.01 0 0.02
LUAD NA NA NA NA NA NA NA NA NA
LUSC NA NA NA NA NA NA NA NA NA
MESO NA NA NA NA NA NA NA NA NA
oV 0.02 0.02 0.02 0.03 0.02 0.02 0.02 0.01 0.02
PAAD 0.1 0.06 0.08 0.09 0.07 0.08 0.02 0.04 0.08
PCPG NA NA NA NA NA NA NA NA NA
PRAD NA NA NA NA NA NA NA NA NA
READ NA NA NA NA NA NA NA NA NA
SARC NA NA NA NA NA NA NA NA NA
SKCM NA NA NA NA NA NA NA NA NA
STAD 0.05 0.04 0.05 0.01 0.03 0.01 0.02 0.05 0
STES 0 0.02 0.05 0.02 0.01 0.01 0 0.01 0.01
TGCT NA NA NA NA NA NA NA NA NA
THCA NA NA NA NA NA NA NA NA NA
THYM NA NA NA NA NA NA NA NA NA
UCEC 0.2 0.05 0.17 0.01 0.03 0 0.14 0.15 0.15
UCS NA NA NA NA NA NA NA NA NA
UVM NA NA NA NA NA NA NA NA NA
METABRIC validation 0.1  0.12 0.12 0.01 0.01 0.06 0.09 0.08 0.1
METABRIC discovery 0.09 0.1 0.11 0.01 0.01 0.11 0.11 0.09 0.09
Mean 0.06 0.05 0.07 0.03 0.04 0.04 0.05 0.05 0.06

dataset size to trigger the sampling process is 2,000 (e.g., if the dataset size is 3,000, then the
size of the sampled set is 2,000, and the size of the propagated set is 1,000). It is clear that there
is no difference in memory usage between the two cases. It is expected that using the Elbow
method to determine k is slower than using a predefined k. However, the difference is marginal.
‘We note that in this simulation, all ARI values are 1.

Table 6.17 in shows the memory usage and running time using 27 TCGA datasets. In these

datasets, KNN is used to classify patients who do not have data for all data types. Again, the
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Table 6.14: Running time (in minutes) of the subtyping methods for simulations with 5,000
genes and varying numbers of samples (1,000 to 100,000). SNF, CIMLR, NEMO, and mo-
Cluster were not able to analyze datasets with more than 30,000 samples (out of memory).
LRACluster and MCCA are unable to finish the largest dataset with 100,000 samples. Only
iCB and SMRT were able to analyze all datasets. SMRT can cluster 100,000 samples in under

three minutes

#Samples SNF CIMLR NEMO  moCl. iCB LRACI. MCCA IntNMF SMRT
1000  0.05 9.35 0.04 1.12 57.44 1.05 0.42 NA  0.30
2000 0.20 36.08 0.19 5.71 110.12 5.12 1.18 219.57  0.87
5000 2.06 338.86 2.05 4394 261.61 49.94 243 82691 094

10000 13.23 2033.37 13.19 14147 534.02  86.29 5.06 NA 0098
20000 89.95 NA 9421 507.81 1081.94 125.43 10.60 NA  1.18
30000 NA NA NA 1386.72 1607.05 169.87 16.42 NA 1.23
50000 NA NA NA NA 2660.04 25352  28.37 NA 1.54
100000  NA NA NA NA 5121.43 NA NA NA 228

Table 6.15: The accuracy of the clustering results measured by ARI for simulations with 5,000
genes and varying numbers of samples (1,000 to 100,000).

#Samples SNF CIMLR NEMO moCl. iCB LRACI. MCCA IntNMF SMRT
1000 1.00 1.00 1.00 1.0000 0.86 1.00 1.00 NA 1.00
2000 1.00 1.00 1.00 1.0000 1.00 1.00 0.57 1.00 1.00
5000 1.00 1.00 1.00 1.0000 1.00 1.00 1.00 0.29 1.00

10000 1.00 1.00 1.00 1.0000 0.00 1.00 1.00 NA 1.00
20000 1.00 NA 1.00 1.0000 0.00 1.00 0.57 NA 1.00
30000 NA NA NA 1.0000 1.00 1.00 1.00 NA 1.00
50000 NA NA NA NA 0.00 1.00 0.57 NA 1.00
100000 NA NA NA NA 0.00 NA NA NA 1.00
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Figure 6.17: An example simulation. The dataset is represented as a matrix with size of 1,000 x
5, 000 (1,000 samples and 5,000 features) divided into three classes of equal number of samples.
Each class has a different set of 100 up-regulated genes (marked in red).
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Figure 6.18: Running time of the nine subtyping methods with respect to varying numbers of
samples and features. SMRT is the only method that can analyze all datasets. Even for large
datasets with 100,000 samples, SMRT needs only a couple of minutes to finish the analysis.

differences in memory usage and running time between the two cases are marginal. Regarding

accuracy, the two implementations have the sample Cox p-values in 13 datasets. Among the

remaining 14, Cox p-values of k£ = 10 are better in 4 datasets, and Cox p-values of k determined
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by the Elbow method are better in 10 datasets. Overall, using k determined by the Elbow

method gives a better accuracy.

Table 6.16: Memory usage and running time of SMRT on simulation, for two settings of KNN:
(1) fixed number of neighbors (knn.k = 10) and (2) the number of neighbors is determined by
the Elblow method. The two methods produce comparable results.

Memory (GB) Running Time (minutes)

#Samples 4 k=10 Elbow |knnk=10  Elbow
3,000 1.88  1.88 1.21 1.39
4,000 2.10  2.10 1.24 1.46
5,000 233 233 1.22 1.48
6,000 2,13 2.13 1.21 1.49
7,000 242 242 1.22 1.50
8,000 249 249 1.24 1.51
9,000 268  2.68 1.27 1.53
10,000 239 239 1.28 1.54
20,000 336  3.36 1.38 1.67
30,000 5.15  5.15 1.58 1.81
50,000 872  8.72 1.91 2.24
100,000 17.67 17.67 247 292

6.4 Conclusion (SMRT)

In this study, we introduced SMRT, a fast yet accurate method for data integration and subtype
discovery. In an extensive analysis using 39 cancer datasets, we showed that SMRT outper-
formed other state-of-the-art methods in discovering novel subtypes with significantly different
survival profiles. We also demonstrated that the method could accurately partition hundreds
of thousands of samples in minutes with low memory requirements. At the same time, the
provided web application will be extremely useful for life scientists who lack computational
background or resources. Although the software was developed for the purpose of cancer sub-
typing, researchers in other fields can use the R package for unsupervised learning and data

integration.
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Table 6.17: Cox p-values, memory usage and running time of SMRT on TCGA data, for two
settings of KNN: (1) fixed number of neighbors (knn.k = 10) and (2) the number of neighbors
is determined by the Elblow method. All of 27 datasets contains patients that have data of some
but not all data types. Cells highlighted in yellow have significant Cox p-values at the threshold
of 5%. Cells highlighted in green have the most significant Cox p-value in their respective
rows. The two methods produce comparable results.

Dataset Size Cox p-values Memory (GB) Running Time (m)

Match Total | knn.k =10 Elbow knn.k =10 Elbow | knn.k =10 Elbow
1. ACC 79 80 275 275 0.52  0.46
2. BLCA 404 411 8.89  8.89 237 210
3. BRCA 622 1095 21.93  21.93 307 332
4. CESC 304 307 9.28  9.28 191 1.70
5. COAD 220 301 | 4.54e-03 702 7.02 L6l 117
6. COADREAD 294 401 | 7.90e-03 927 927 203 1.94
7. DLBC 47 48| 4.69e-01 4.69%-01 1.90  1.90 045 037
8. ESCA 183 185| 5.01e-01 5.01e-01 533 533 262 237
9. GBMLGG 510 754 14.04  14.04 176 225
10. HNSC 228 527 1042 8.68 170 1.52
11. KIPAN 654 887 1341 16.10 4.66  4.62
12. KIRP 271 288 | 1.87¢-09 649 595 164  1.66
13. LGG 510 514 | 3.93e-15 13.83  13.83 301 293
14. LIHC 366 376 | 6.96e-01 7.27e-01 898  8.98 124 151
15. LUAD 428 500 | 7.71e-01 7.71e-01 9.60  9.74 204 215
16. OV 286 571 | 8.69¢-01 5.22¢-01 456 456 112 110
17. PAAD 178 184 457 457 116 117
18. PRAD 493 498 1274 12.74 291 292
19. READ 74 100 539 539 034 035
20. SARC 257 261 6.15  6.23 198 178
21. SKCM 439 461 | 9.90e-02 8.92e-02 109 109 260 217
22. STAD 362 431 | 3.89e-03 9.50  9.06 1.68  1.59
23. STES 545 616 3.81e-02 1629 1629 313 310
24. THCA 499 502 | 8.76e-02 8.74e-02 113 1128 247 247
25. THYM 119 123 6.89 745 0.56  0.46
26. UCEC 234 541 | 2.92e-04 9.55 955 119 134
27. UCS 56 57| 3.85e-01 3.85¢-01 3.88  3.81 0.38  0.32
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Part 11

Pathway Analysis

87



Chapter 7

Pathway Analysis: Significance and Challenges

When the human genome was first sequenced, it was hailed as a major milestone in the field
of biology [154]. It was expected to revolutionize our understanding of the genetic basis of
diseases and pave the way for the development of new treatments and therapies. However, the
reality has turned out to be more complex. While the human genome has provided valuable
insights into the genetic basis of diseases, it has also revealed the complexity of biological
systems [155].

The human genome is made up of approximately 20,000 genes, which encode the proteins
that carry out the functions of the cell [156]. A single gene can have multiple variants, and the
expression of these genes can be influenced by a wide range of factors, including environmental
conditions, lifestyle, and genetic predisposition [157]. Typically, to understand the genetic
basis of a disease or how a cell responds to an external stimulus, researchers measure the
expression of thousands of genes simultaneously. By comparing the gene expression profiles
of different conditions, researchers can identify the genes that are differentially expressed and
gain insights into the underlying biological mechanisms [158]. Such comparative analysis is
called differential gene expression analysis and is a fundamental step in gaining insights into
the genetic basis of diseases and phenotypes [159].

However, the interpretation of the results of differential gene expression analysis is not
straightforward. Typically, thousands of genes are differentially expressed, and it is not feasible
to interpret the biological significance of each gene individually. Moreover, genes do not act
in isolation but are part of a complex network of interactions [160]. These interactions, often

referred to as pathways, are responsible for the regulation of various biological processes, such
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as cell growth, metabolism, and immune response [161]. Disruptions in these pathways can
lead to the development of diseases such as cancer, diabetes, and heart disease [162, 163, 164].
Therefore, analyzing the impact of different conditions on these pathways is a more informative
approach than analyzing individual genes. Such an approach is called pathway analysis [165].
The conditions under which pathway analysis is applied can be diverse. They can range from a
state of disease, such as cancer or diabetes, to a cellular response to an external stimulus, such
as exposure to a drug or a change in environmental conditions [166, 167]. In each case, the
goal is to identify the pathways or gene sets that are significantly impacted, providing a deeper
understanding of the biological processes at play.

To conduct pathway analysis, researchers use statistical techniques to pinpoint pathways
or gene sets that are significantly influenced by a particular biological condition. In other
words, a prior list of pathways or gene sets must be provided for the pathway analysis method.
These pathways are often curated from a vast array of biological literature and databases. Re-
searchers have developed many knowledge bases and databases that contain information about
the function, location, and other properties of the genes and gene products. One of the first such
knowledge bases was the Gene Ontology (GO) [168]. GO consists of a controlled vocabulary
of terms that describe biological processes, cellular locations, and biochemical functions, as
well as the relationships between them. These together form an ontology. Furthermore, GO
also provides associations between genes and these terms, thus capturing the knowledge about
the gene functions and localization within the cell.

As soon as such annotations started to become available, analysis methods have been de-
veloped to take advantage of them. The first analysis approach was the over-representation
analysis (ORA), which identifies the gene sets, such as GO terms, that are enriched in differ-
entially expressed (DE) genes [169, 170, 171]. The drawbacks of ORA approaches include
that they: (i) only consider the number of DE genes and ignore the actual expression changes,
and (ii) assume that genes are independent, which is not true. Functional Class Scoring (FCS)
approaches have been developed to address these drawbacks. These include the Gene Set En-

richment Analysis (GSEA) family of methods [172, 173, 174].
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The main improvement is that these approaches can identify situations in which small but
coordinated changes in the expression of functionally related genes are important. While GO
captures the associations between genes and various biological processes, cellular locations,
and biochemical functions, it does not provide any direct information about the interactions
between the genes and/or gene products. Basically, each GO term can be seen as an unordered,
unstructured set of genes that are associated with it. The next step was to try to describe the
complex phenomena that take place in living organisms by describing the various signals and
interactions between genes, gene products, and/or metabolites. These are captured in directed
graphs that are commonly referred to as pathways. Examples include Kyoto Encyclopedia of
Genes and Genomes (KEGG) [161] and Reactome [175]. Pathways can be further divided
into gene signaling pathways and metabolic pathways. In gene signaling pathways, the nodes
represent genes, and the edges represent signals or interactions between genes and/or gene
products. In a metabolic pathway, nodes represent biochemical molecules, and edges represent
reactions that take place between such biomolecules. The reactions are carried out by enzymes,
which are coded by genes, so in a metabolic pathway, genes are associated with the edges rather
than the nodes.

Once such sophisticated pathway models have become available, the challenge was to
identify those pathways that are important in a given phenotype. The first analysis approaches
for pathways were to simply consider the pathways as simple sets of genes and use the meth-
ods previously developed for gene set analysis: ORA and FCS. However, ORA and FCS are
limited because they do not account for the hierarchical structure of pathways or interactions
between genes. Topology-based (TB) approaches were developed to further incorporate knowl-
edge about gene topology and network in their hypothesis testing [176, 177]. Topology-based
approaches are able to consider all important elements ignored by ORA and FCS methods:
the positions and roles of all the genes in every pathway, the direction and type of signals be-
tween them, etc. Because of their advantages, many more topology-based approaches have
been proposed since [178, 179, 180, 181, 182, 183].

More than 70 pathway analysis methods have been developed to date. Despite the avail-

ability of many pathway analysis methods, there is no single method that is always superior to
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others, as reported in a previous benchmarking article [184]. Such a situation is not surprising
because the performance of a pathway analysis method is highly dependent on the character-
istics of the data and the biological question being asked. For example, the performance of
a pathway analysis method can be affected by the number of samples, the number of genes,
the number of pathways, the number of differentially expressed genes, the effect size of the
differentially expressed genes, the correlation structure of the genes, the noise level, etc. In
addition, the performance of a pathway analysis method can be affected by the characteristics
of the pathways, such as the number of genes in the pathway, the number of interactions be-
tween genes, the topology of the pathway, the number of differentially expressed genes in the
pathway, etc. Unfortunately, the characteristics of the data and the biological question are often
unknown, and the performance of a newly developed pathway analysis method is often evalu-
ated on a small number of datasets and conditions. This makes it really difficult to determine
the general performance of a pathway analysis method.

When performing pathway analysis, researchers are often overwhelmed by the number of
methods available and the lack of a clear guideline on which method to use. This is further
complicated by the fact that the results of different pathway analysis methods can be inconsis-
tent. This inconsistency can be due to the different statistical models used by the methods, the
different assumptions made by the methods, the different data preprocessing steps used by the
methods, etc. Because of this inconsistency, researchers often use multiple pathway analysis
methods and then compare the results to identify the pathways that are consistently identified
by multiple methods. This approach is called consensus pathway analysis. Consensus pathway
analysis is a powerful approach because it can identify the pathways that are robustly identified
by multiple methods and are, therefore, more likely to be biologically meaningful. However,
when performing consensus pathway analysis, researchers are faced with the challenge of com-
bining the results of multiple pathway analysis methods. This is not a trivial task because the
results of different pathway analysis methods are often not directly comparable. For example,
the results of different pathway analysis methods can be in the form of p-values, z-scores, or
ranks, and the scales of the results can be different. In addition, the results of different pathway

analysis methods can be correlated.
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In this dissertation, we address these challenges by first introducing a web interface that
offers pathway analysis using multiple methods and datasets in a single session with rich vi-
sualization features. This allows life scientists to easily conduct pathway analysis, compare
results from different methods and datasets, and reach better consensus for downstream anal-
yses. We then propose a new pathway analysis method called Perturbation-based Gene Set
Analysis (PGSA). PGSA is a gene set analysis method that is based on the idea of perturbing
the input gene expression data and then performing gene set analysis on the perturbed data.
The main advantage of PGSA is that it is able to account for the uncertainty and noise in the
input gene expression data. This is important because gene expression data is often noisy, and
the results of gene set analysis can be sensitive to the noise in the data. In an extensive bench-
marking study with 421 datasets, we show that PGSA outperforms other methods, topological
and non-topological alike, in identifying the impacted pathways by a large margin. This is the
first time that such a large-scale benchmarking study has been conducted for pathway analysis
methods.

This part of this dissertation is organized as follows. In Chapter 8, we introduce the web
interface for consensus pathway analysis. In Chapter 9, we introduce the PGSA method and
present the results of the benchmarking study. In Chapter 10, we conclude our work on pathway

analysis.

92



Chapter 8

CPA: A web-based platform for Consensus Pathway Analysis and interactive visualization

This chapter is based on the following publication: Hung Nguyen, Duc Tran, Jonathan M
Galazka, Sylvain V Costes, Afshin Beheshti, Juli Petereit, Sorin Draghici, and Tin Nguyen.
CPA: a web-based platform for consensus pathway analysis and interactive visualization.

Nucleic Acids Research. 2021. DOI: 10.1093/nar/gkab421

In molecular biology and genetics, there is a large gap between the ease of data collec-
tion and our ability to extract knowledge from these data. Contributing to this gap is the
fact that living organisms are complex systems whose emerging phenotypes are the results
of multiple complex interactions taking place on various pathways. This demands powerful yet
user-friendly pathway analysis tools to translate the now abundant high-throughput data into a
better understanding of the underlying biological phenomena. Here we introduce Consensus
Pathway Analysis (CPA), a web-based platform that allows researchers to i) perform path-
way analysis using eight established methods (GSEA, GSA, FGSEA, PADOG, Impact Anal-
ysis, ORA/Webgestalt, KS-test, Wilcox-test), ii) perform meta-analysis of multiple datasets,
iii) combine methods and datasets to accurately identify the impacted pathways underlying
the studied condition, and 1v) interactively explore impacted pathways, and browsing relation-
ships between pathways and genes. The platform supports three types of input: i) a list of
differentially expressed genes, ii) genes and fold changes, and iii) an expression matrix. It
also allows users to import data from NCBI GEO. The CPA platform currently supports the
analysis of multiple organisms using KEGG and Gene Ontology, and it is freely available at

http://cpa.tinnguyen—-lab.com.
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8.1 Introduction

Advanced high-throughput and sequencing technologies have transformed biological research
by allowing scientists to monitor changes in living organisms and biological systems. Re-
gardless of the assay technology used, a comparative analysis experiment often yields a set
of differentially expressed (DE) genes or gene products. Though important, these lists of DE
genes fail to reveal the mechanisms underlying the studied condition. To translate the differen-
tial expression to biological knowledge, researchers have been developing various knowledge
bases that map genes and their products to functional modules and biological processes. These
include KEGG [185], Reactome [186], Wikipathways [187], and Gene Ontology (GO) [168].
At the same time, pathway analysis methods have been developed to identify pathways that are
impacted under certain conditions.

More than 70 pathway methods have been developed thus far [184, 188]. These meth-
ods can be categorized into three classes. The earliest approaches use Over-Representation
Analysis (ORA) [171, 189, 190, 169, 191, 192] that identify the pathways in which the DE
genes are over- or under-represented. The drawbacks of ORA include: 1) they only con-
sider the number of DE genes and completely ignore their expression changes, and ii) they
assume the genes are independent, which they are not. Functional Class Scoring (FCS) ap-
proaches [174, 193, 194, 195, 196] have been developed to address some of the issues raised
by ORA approaches. The main improvement of FCS is based on the observation that small
but coordinated changes in expression of functionally related genes can have a significant im-
pact on pathways. However, both ORA and FCS still ignore the direction and type of the
signals between genes, the positions and roles of the genes on each pathway, as well as all
the other information captured by the topology of the pathway. Topology-based (TB) ap-
proaches [197, 176, 177, 198, 178, 199, 179, 180] which fully exploit all the knowledge about
how genes interact as described by pathways, have been developed more recently. Recent re-
views included 22 TB-based methods [181, 188].

In spite of the availability of powerful pathway methods, understanding the phenomena

that determine the measured changes is as challenging as ever, if not more so. First, the sheer
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number of methods makes it challenging for life scientists to choose the correct method for their
data and purpose. In a recent publication [184], we have shown that all existing methods often
provide biased results. No single method is consistently superior to others. Second, many of
these methods are software packages that require users to go through the burden of installation
and updating (some are not even executable anymore due to outdated dependencies). This
hinders the reproducibility and universal accessibility of analysis results. Finally, most tools do
not offer interactive data visualizations that are important for users to deeply explore pathway
connectivities and gene networks.

Recognizing these challenges, many web-based tools have been developed to assist re-
searchers in their analysis. Tools such as EnrichNet [200], GENAVi [201], WebGestalt [202],
WebGIVI [203], DAVID [204], INMEX [205], g:Profiler [206], and Enrichr [207] provide
GUI interfaces for users to input gene lists and perform enrichment analysis. Other tools such
as KaPPA-View [208], 30mics [209], PaintOmics [210], IMPaLLA [211], and GeneTrail2 [212]
visualize enrichment results of multi-omics data. These tools, however, have a number of lim-
itations: (1) they cannot combine, compare, and contrast results of different methods; (2) they
lack integrative capability across multiple datasets; and (3) they are unable to comprehensively
visualize pathway connectivity, gene networks, and expression change altogether.

Here, we introduce Consensus Pathway Analysis (CPA), a comprehensive web-based re-
source that allows users to compare and contrast analysis results across different methods and
experiments. Specifically, CPA allows researchers to: i) perform pathway analysis using eight
popular methods, GSEA [166], GSA [193], FGSEA [146, 213], PADOG [195], Impact Analy-
sis [176], ORA/WebGestalt [214, 202], KS-test [215], and Wilcox-test [216], 11) perform meta-
analysis of multiple datasets, iii) combine methods and datasets to find consensus results, and
1v) interactively explore significantly impacted pathways across multiple analyses, and brows-
ing relationships between pathways and genes. CPA currently supports the analysis of more

than 1,000 organisms using KEGG and Gene Ontology databases.
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8.2 Material and Methods

The CPA website is a cloud-computing service for pathway analysis. It provides functions to
manage users’ data, support multiple analysis sessions, and visualize results. All computations
are performed on the CPA server hosted by UNR. Inputs, parameter settings, and analysis
results are saved onto the user account and can be easily loaded and updated. Users can also
switch between analysis sessions, as well as browse and export results at any time.

Figure 8.1A shows the overall workflow of an analysis session using CPA, while Figure
8.1B shows sample visualizations and analysis results. Overall, the analysis pipeline consists
of three main modules: data input, parameter setting, and analysis and visualization. For input
data, users can choose to input a gene list, a gene list and their fold changes, or a gene ex-
pression matrix from their local machine. The interface is designed so that users can flexibly
analyze their own data. We also support a direct import from NCBI Gene Expression Omnibus
(GEO) [217]. This is especially helpful if users are interested in taking advantage of exist-
ing data on NCBI GEO. In the parameter setting, users can choose the pathways of interest
(GO/KEGQG), analysis methods, and method parameters. Finally, in the analysis and visualiza-
tion module, users can visualize and interactively explore and export analysis results. Figure
8.1B shows example visualizations and publication-ready figures generated by the platform.
These include: sample landscape (using t-SNE), volcano plot, gene heatmap, pathway-pathway
connectivity, and gene networks. We will describe in details each of the three modules in the

following sections.

8.2.1 Input and data management

The CPA platform supports three different types of input including 1) a list of differentially
expressed (DE) genes, ii) genes and their fold changes, and iii) an expression matrix. The
first two input types can be directly entered on the website or uploaded from the user’s local
machine as a .txt or .tsv file, in which each row represents a gene. For expression matrix input,
a dataset can be represented by two .csv files (command-separated) — one for expression matrix
and one for sample grouping. The sample grouping file has two columns; the first column

includes samples, and the second column contains their corresponding groups (e.g., control or
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Figure 8.1: The overall workflow and data visualization using Consensus Pathway Analysis
(CPA). A) The analysis pipeline consists of three modules: 1) input data, 11) parameter setting,
and ii1) analysis and visualization. The input in one dataset can be a gene list, a gene list
and their fold change or an expression matrix. In one analysis session, CPA allows users to
analyze multiple datasets using multiple pathway analysis methods. B) Result visualization.
Once the analysis is done, users can interactively explore and export the results. For example,
they can export the samples landscape (B1), volcano plot (B2), and heatmaps showing p-values
and log FC across all datasets (B3). At the pathway level, users can interactively visualize the
pathway-pathway connectivity graph (B4) and KEGG pathways (BS). Users can see detailed
analysis results and statistics by clicking on each node of graphs (B4). In this case, the analysis
included 3 datasets and 3 methods. Analysis results, plots, and graphs can be exported as
comma-separated values (.csv file) or publication-ready figures (.png, .svg, etc.).

97



disease). The sample grouping file is optional. If not provided, users need to manually select
control and disease samples in the GUI interface. The platform supports ID conversion from
other gene identifiers to Entrez IDs. The conversion is based on the ID mapping provided
by the UniProt database with more than 90 ID types, and more than 200 annotation packages
currently available from Bioconductor (https://bioconductor.org/packages/3.
12/data/annotation/).

CPA provides an easy-to-use file manager for users to upload and manage files (upload,
remove, rename, and download) for analysis using expression data. Users can upload expres-
sion data files from their local machine or import them from NCBI GEO. Data importation
from GEO is based on the Bioconductor R package GEOquery [218]. A dataset can only be
imported from GEO if the series matrix (pre-processed gene expression file) is available. Files
uploaded and imported by anonymous users will be deleted after 24 hours. Users are encour-
aged to log onto CPA using a Google account so that they can permanently save data and get

access to their analysis sessions across multiple devices.

8.2.2 Parameter setting for pathway analysis

Figure 8.2 shows the GUI interface for pathway analysis, in which users can select one or mul-
tiple datasets for an analysis session. For each dataset, users can choose the input type from the
drop-down list. When users choose to provide a list of DE genes (gene list), ORA/Webgestalt
is available for analysis. When genes and fold changes are chosen, Wilcox-test, KS-test, and
FGSEA are available for analysis. When users provide an expression matrix, all of the eight
pathway analysis methods are available for analysis: GSEA, GSA, FGSEA, PADOG, Impact
Analysis, ORA/WebGestalt, KS-test, and Wilcox-test. Each of them is designed to find differ-
ent patterns of the data. The purpose of consensus analysis is that users can explore the results
of multiple analyses, including results of different datasets as well as of different methods.
However, we would also like to note that a particular pathway is identified by multiple methods
does not necessarily make it more biologically meaningful.

Currently, CPA supports the analysis of more than 1,000 organisms that have KEGG path-

ways [161] and GO terms [219, 168]. Users can also upload pathway annotations of other

98


https://bioconductor.org/packages/3.12/data/annotation/
https://bioconductor.org/packages/3.12/data/annotation/

Alzheimer's disease 2 [SlnpUSiypes | GSE43850 X GSEB4422 X GSE5281 X ‘

Analysisname: = GSE5281 Input type: [ Expression matrix: 8 pathway analysis methods ]

Gene list: ORA/WebGestalt
2. Inputs
v Input Gene list and fold change: KS, Wilcox, FGSEA
Expression file: [ERTT WS  Select group file e patbe S et oy b meted

Auto detected Gene ID type:  KEGG Click here to see all supported ID types.

. - 4. Support for multiple
Select organism and pathways 3. Select organism datasets and methods

Enter text to search for more organisms. Click here to see the all supported organisms. If the interested organism is not supported, please upload a
GMT file. The ID type in the GMT file must match the D type in the input. Download example GMT file with Gene IDs here or with Gene Symbols here.

KEGG (336) GO (3245)

Organism: | Homo sapiens (human)

Organism Name

Id Name #Genes #Common genes

hsa Homo sapiens (human)
path:hsa00010 Glycolysis / Gluconeogenesis 67 65

mmu Mus musculus (mouse)
path:hsa00020 Citrate cycle (TCA cycle) 30 30 o Rattus norvegicus (rat)
path:hsa00030 Pentose phosphate pathway 30 30 ptr Pan troglodytes (chimpanzee)

) ) an panis b
path:hsa00040 Pentose and glucuronate interconversions 34 30 pps Pan paniscus (bonobo)
path:hsa00051 Fructose and mannose metabolism 33 33 2.3 45 236 >
Configure methods: ORA/WebGestalt Wilcox Test KS Test GSA GSEA FGSEA PADOG Impact Analysis

Fast Gene Set Enrichment Analysis

Website: http://bioconductor.org/packages/release/bioc/html/fgsea.html

Manual: http://bioconductor.org/pacl | ioc/manuals/fg: fgsea.pdf

Enabled: Permutation ®: 200 Minimumsize ®: 15 Maximumsize ®: 500

1
| 5. Edit method’s parameters |

Figure 8.2: Main components of the pathway analysis page. Users are able to: (1) select the
input type, (2) select the corresponding input with the input type, and (3) choose the organism
and pathways to be analyzed. The website supports meta-analysis of multiple datasets and
multiple methods (4). The website also allows users to change the parameters of individual
methods if desired (5).

databases in the GMT file format. After choosing data, pathways, and methods, users can start
the analysis by simply clicking the “Start analysis” button. Note that classical methods such as
ORA, KS, or Wilcox test usually take a second to finish the analysis. However, methods such
as PADOG or GSEA that involve permutation and bootstrapping usually take several minutes
to finish an analysis, especially when analyzing multiple datasets. Analysis sessions are queued
and updated in real time. Results and configurations are saved onto user accounts so that they

can switch to any analysis session at any time.
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Figure 8.3: Pathway analysis and visualization using the CPA platform. A) Pathway-pathway connectivity graph
where nodes represent pathways and edges represent that there are common genes between pathways. In this
example, we analyze three datasets using three methods, making a total of nine analyses. Each node is a pie
chart in which individual slices correspond to different analyses. A slice is colored if the corresponding p-value is
significant. Node border thickness indicates the number of significantly differentially expressed (DE) genes in the
pathway. B) The pathway panel shows the significant pathways and the adjusted p-values obtained in each dataset
using each analysis method. For example, the Alzheimer’s disease pathway is shown on top with significant p-
values in all of the 9 analyses (p-values are colored in red when they are significant). This pathway panel is
automatically populated, together with the pathway connectivity graph, after the analysis is performed. C) The
gene panel appears when users left-click a node in the pathway connectivity graph (in panel A). This panel shows
the genes of the pathways and their statistics (p-values and log FC) across all datasets. D) Gene network (KEGG
pathway) and expression change. This panel appears when users right-click a node in the pathway connectivity
graph (in panel A). Nodes in a KEGG pathway graph are divided equally into multiple colored parts representing
expression change (up- or down-regulated). E) Gene panel that appears when users right-click on a node of the
gene network (in panel D).
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8.2.3 Analysis and visualization

Once the analysis is completed, the website displays the pathway-pathway connectivity graph
(Figure 8.3A) in which nodes represent pathways and edges indicate that the connected path-
ways share a certain number of genes (defined by users). In this pathway graph, the size of
a node is proportional to the number of genes in the pathways, while the border thickness is
proportional to the total number of DE genes. As shown in the figure, each node is divided into
multiple slices that represent the results of multiple analyses. For example, an analysis session
with three datasets and three methods has a total of 9 slices (9 analyses). Users can change the
number of nodes displayed by changing the significance threshold (p-value) and the number
of analyses in which the p-values are significant. By default, the significance threshold is set
to 5% (after adjustment using FDR), and a node appears only if the pathway is significant in
at least one analysis. A slice is colored if the pathway has a significant p-value in the corre-
sponding analysis. When users hover the mouse over a node, a small window will appear and
show the p-values of the pathway in all analyses. In Figure 8.3A, the black window shows the
p-values of the Alzheimer’s disease pathway. All nine p-values of this pathway are significant
(FDR < 5%), and thus, all slices are colored. In contrast, the Amyotrophic lateral sclerosis
pathway has a white slice because one analysis has a non-significant p-value. The graph is
highly configurable inasmuch users can easily change the scale and color of all elements to
export high-quality figures. Users can also choose to display pathways of only GO, or KEGG,
or both.

A pathway table that accompanies the pathway graph shows the essential information of
each pathway: ID, description, number of genes, and the p-values obtained in all analyses
(Figure 8.3B). Using the editable fields and pop-up menus of this table, users can change the
significance threshold, filter out pathways, or hide the results of any method or dataset. They
can also interactively modify the graph by hiding unwanted pathways or adding pathways of
interest. The table can also be used to select pathways with more than a certain number of
significant results, or select pathways that are significant in some analyses but not in others.
Users can also conduct meta-analysis by combining p-values of a pathway across multiple

datasets using Fisher’s [220], Stouffer’s [221], addCLT [222], or minP method [223]. Note
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that combining p-values obtained from different methods for the same dataset might lead to
artificially low meta p-values. Therefore, it is more recommendable to combine the p-values
obtained from independent datasets. When combining p-values using Fisher’s or Stouffer’s
method, any individual p-value of zero will result in a combined p-value of zero. Therefore,
by default, the platform will round the individual p-values up to le-10 before combining. The
meta-analysis results will be added to the pathway table as a column and can also be used to
manipulate the pathway graph. The meta-analysis results will be added to the pathway table as
a column and can also be used to manipulate the pathway graph.

Besides the pathway table, the platform also creates a gene table (Figure 8.3C) that appears
when users select one or more nodes of the pathway graph. The table shows the genes of the
selected pathways, their description, and statistics obtained from all datasets. The table can
be modified to show either the intersection or union of all pathways selected. Users can sort
the genes, remove unwanted genes, or remove a dataset. The genes and their statistics can be
exported. Users can also generate the heatmaps displaying log FC and p-values of the genes by
just clicking the “Heatmap’ button.

The platform also supports pathway visualization. When users right-click on a node of the
pathway graph, they can choose to display the KEGG pathway (Figure 8.3D). In this presenta-

tion, each node is a compound. The bar under each node in the pathway is divided into smaller
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Figure 8.4: The architecture of the CPA platform. A) The front end consists of a graphic user
interface (using React), a graph manipulation module (using Cytoscape), and a data handling
module (Meteor client). B) The back end consists of a web server (Meteor web server), runtime
environment (NodeJS), R servers (Rserve), and a database (MongoDB). Each backend module
is containerized using Docker (blue boxes). The R servers are used to perform pathway analysis
while the database is used to store user data and analysis results. User clients (from front end)
communicate with backend servers through the Distributed Data Protocol (Meteor client) and
a Nginx web proxy server.
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parts that correspond to datasets included in the analysis session. Each part is colored based on
its impact direction (i.e., up- or down-regulated). Users can easily find genes that are consis-
tently up- or down-regulated in all datasets and relationships among them. Since each node in
a KEGG pathway often includes multiple genes, the color of each part reflects the average FC
of all genes in the node. By default, we also combine the p-values of all genes of the node to
obtain a combined p-value. Users can choose to color the node based on this combined p-value.
Users can also remove any unwanted datasets from the visualization. When users click on a
KEGG node, they can see the genes belonging to the node. For example, when clicking on the
PSEN1 node on the KEGG pathway, the gene table appears as shown in Figure 8.3E. This table
displays the genes, their description, p-value, and log FC in all datasets.

While exploring the analysis results, users can export any graph as raster (.png) or vector
(.svg) images. They can also export results obtained from differential analyses, gene informa-
tion, and p-values from pathway analysis .csv files. Other plots in the pathway analysis page

(e.g., sample landscape, volcano plot, etc.) can be exported as raster images (.png).

8.3 Implementation

Figure 8.4 shows the architecture and technologies used to build the CPA platform. We used
Meteor]S (https://www.meteor.com/) — a full-stack JavaScript platform for modern
web development — as the core web platform to create the web server and to communicate with
user clients.

For the front end, we build the graphic user interface using React, which is a JavaScript
library (https://reactjs.org/). The website is designed to be user-friendly and has
three main pages: pathway analysis, pathway visualization, and data management. On the
pathway analysis page, users can upload and choose datasets, select methods, and observe
gene-level statistics. Gene-level plots are generated using the Plotly JavaScript graphing library
(https://plotly.com/javascript/). Inthe visualization page, we implement the in-
teractive network visualization using CytoscapelS, which is a graph theory library (https://
js.cytoscape.org/). Gene heatmaps are plotted using D3js (https://d3js.org/).

In the data management page, we build the file manager using OpusCapita React File Manager
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(https://www.npmjs.com/package/Q@opuscapita/react-filemanager). Data
exchange between user clients and backend servers is accomplished using the Distributed Data
Protocol (Meteor client) and a Nginx web proxy server (https://www.nginx.com).

For the back end, we build the web server using Meteor and NodeJS (https://nodejs.
org). NodelS is a JavaScript runtime environment built on Chrome’s V8 JavaScript en-
gine that allows JavaScript code to run outside the browser environments. Input files for
analysis are stored on the server’s storage for fast access. Other data, including user in-
formation, analysis sessions, analysis configuration, and results, are saved in a MongoDB
database (https://www.mongodb.com). Once the requests for performing pathway anal-
ysis are received from clients and saved by the web server, they are passed to R servers
created by Rserve (https://www.rforge.net/Rserve/) to perform pathway analy-
ses. Multiple Reserve instances can be created to perform multiple analyses concurrently.
All software and packages in the back end run in containerized environments using Docker

(https://www.docker.com/).

8.4 Data source

CPA supports the analysis of more than 1,000 organisms using KEGG [161] and GO terms [168].
At the time of writing this article, the version of KEGG is 97.0 (released Jan. 1, 2021) and of
GO terms is 1.16 (released Feb. 16, 2021). The automatic ID conversion in the CPA platform
is based on the ID mapping from the UniProt database (current version: 2021_02) and more
than 200 annotation packages from Bioconductor (version 3.12, released Oct. 28, 2020). ID

mappings and databases will be updated twice a year (January and July).

8.5 Results

To show how the CPA platform can be used for pathway analysis, we have created an example
analysis session and included it in our tutorial page. In this example session, we analyze three
Alzheimer’s datasets: GSES5281 [224], GSE84422 [225], and GSE48350 [226]. The three
datasets consist of a total of 66 control and 57 disease samples (Table 8.1). We chose the

Alzheimer’s datasets because there is a target pathway in KEGG, Alzheimer’s disease, that
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describes the known mechanisms and biological processes involved in this disease. It is also
well known that the pathways Parkinson’s disease, Huntington’s disease, and Pathways of
neurodegeneration - multiple diseases share many genes and mechanisms with Alzheimer’s
disease [227, 228, 229, 230]. Therefore, we expect to identify all these neurological disorder

pathways as statistically significant.

Table 8.1: Alzheimer’s datasets used in our data analysis. The first two columns show the
accession ID and tissue, while the last three columns show the number of controls, number of
diseases, and assaying platforms, respectively.

Dataset Tissue C D Platform
GSE5281  Entorhinal Cortex 13 10 HG-U133+ 2.0
GSE84422 Sup. Tem. Gyrus 14 22 HG-UI33A
GSE48350 Entorhinal cortex 39 15 HG-U133A

In this analysis, we include a total of 335 KEGG pathways and 2,508 GO terms. In
the global pathway-pathway connectivity graph, we have a total of 2,843 nodes — one node
per KEGG pathway or GO term. Each dataset is analyzed using three methods, ORA, KS-
test, and FGSEA, using default parameters. For each analysis, we adjust the p-values using
Benjamini-Hochberg’s False Discovery Rate (FDR) [231]. The significance threshold is set to
FDR < 5%. Figure 8.5 shows the subnetwork obtained with the significant nodes. Nodes in
the module are selected so that each pathway is significantly impacted in at least 5 analyses
(out of 9 analyses).

The five pathways related to neurodegenerative diseases, Pathways of neurodegeneration
- multiple diseases, Alzheimer’s disease, Huntington’s disease, Parkinson’s disease, and Prion
disease, are consistently identified as significant in all of the 9 analyses. The Amyotrophic
lateral sclerosis pathway is significant in 8 out of 9.

Table 8.2 shows the FDR-corrected p-values of the 14 pathways. The first column shows
the pathway name, while the next 9 columns show the p-values obtained from the 9 analyses. As
the web interface also allows us to combine the p-values obtained for a pathway across multiple
datasets, we use the addCLT method [222] to combine the p-values for each method. The
meta-analysis results are presented in the three last columns in Table 8.2. The meta-analysis,
as well as the results obtained from individual analyses, clearly shows that pathways related to

neurodegenerative diseases are significantly impacted regardless of datasets and methods.
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Figure 8.5: The connected module of pathways that are significantly impacted in Alzheimer’s
datasets GSES5281, GSE84422, and GSE48350. Each dataset is analyzed using three pathway
methods, CPA, ORA, and FGSEA. Only pathways that are significantly impacted in at least 5
analyses (out of 9) are shown.

Using the website, we also perform a gene-level analysis to identify genes that can poten-
tially play an important role in the dysregulation of the five neurodegenerative pathways. For
that purpose, we intersect the genes that: (1) belong to all of the five pathways, and (2) are
differentially expressed in all three datasets (FDR < 5%). Figure 8.6A shows the heatmaps of
the resulting 21 DE genes. Most of these genes belong to the components related to mitochon-
dria, proteasome, and microtubule in all five pathways. Figure 8.6B shows the direct mapping

of these genes to those components of the Alzheimer’s disease pathway.

107



A B
-log10(pval) logFC

m e m e
01234 -2-1012 P 4o e — Mot ol g copmion
777777 Yars |
rATP synthase F1 e L[ rsemnn }
subunit alpha 1 * I } =
L | &/ 14...
| ey ey | = — W =
N - [} » APpmocessig | [P}
- ATP synthase peripheral PR [T]<=W;n§}‘.;§“ !
stalk-membrane subunit b Peitperee ] ¥ =, }
- ATP synthase peripheral s i1 i
stalk subunit F6 “Vm;"‘"“m' bt { ‘
l r-cytochrome ¢ SeqetutonofDE 7T N |
oxidase subunit 7B
- mitogen-activated

protein kinase 9
~NDUFA4 mitochondrial

complex associated
~NADH:ubiquinone
oxidoreductase subunit A5_|
- proteasome 20S -
subunit alpha 4
r-proteasome 20S
subunit beta 3
i proteasome 20S
subunit beta 4
- proteasome 26S
subunit, non-ATPase 12
- proteasome 26S
subunit, non-ATPase 14
- proteasome 26S
subunit, non-ATPase 6
rtubulin
alpha 4a
tubulin beta
2Aclass lla
rtubulin beta
3class Il
(- tubulin beta

Pl .
Ly, Newofbrillary .
;™ tangles (NFTs

> (nupn—— Axonmal transport defects ~ < ______

A D g
o5
> P

o

j---- Il N

4Aclass IVa L o .: TUBATE
- tubulin beta st =
4B class IVb _ e RS AT sy Recduction Phagophore
» ¢ = & B ol y
- ubiquinol-cytochrome ¢ Mgt =~ LTPw:m:mm “o /riommi
reductase core protein 1 02 B oty Auopingy o et amsie
I ubiquinol-cytochrome ¢ (" =1, ! - PRwES LE3FE
- e e o
reductase core protein 2 _| ) 4@ et v % = el . -
D00 000 [B9]  Defgioen Gt lnmind LK congen i iy
e PI3K complex
2% 2442 \r
g o s g oD Insulin sigraling
BE8 BE8 e
288 2/ K 05010 102000
N © N © {c) Kanelusa Laboratories

Figure 8.6: Differential analysis of genes that belong to five neurodegenerative pathways:
Pathways of neurodegeneration - multiple diseases, Alzheimer’s disease, Huntington’s disease,
Parkinson’s disease, and Prion disease. A. Heatmaps of p-values and log FC of genes that are
differentially expressed (DE) in all of the three Alzheimer’s datasets (GSE5281, GSE84422,
and GSE48350). B. Mapping of DE genes to mitochondria, proteasome, and microtubule com-
ponents of the Alzheimer’s disease pathway.
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Chapter 9

PGSA: A consensus Perturbation-based Pathway Analysis

In this chapter, we introduce the Perturbation-based Gene Set Analysis (PGSA) method and
present the results of the benchmarking study. PGSA is a non-topological pathway analysis
method that are robust against noise and can efficiently identify the impacted pathways from

complex diseases.

9.1 PGSA pipeline

The complete pipeline of PGSA is shown in Figure 9.1. The input is a matrix of gene expression
values where each row represents a gene and each column represents a sample. The samples
are labeled with a binary variable indicating the sample grouping (e.g., case or control). The
input is assumed to be normalized (e.g., TPM normalized) and log-transformed. The input
also includes a list of gene sets to be tested for enrichment. The pipeline consists of three main
modules: (1) Perturbation, (2) Enrichment, and (3) Consensus. The following sections describe

each module in detail.

9.1.1 Perturbation module

The perturbation module first adds noise to the input gene expression matrix. The noise is
added to all expression values at once by sampling from a normal distribution with mean 0 and
standard deviation &, where ¢ = median(oy, 09, ...,0,), and o; is the standard deviation of
the expression values of gene .

The module then performs clustering on the perturbed data using k-means clustering with

the number of clusters £ = 2. The initial centroids of the algorithm are the gene-wise mean
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Figure 9.1: The complete pipeline of PGSA. The input is a matrix of gene expression values with labeled samples
and a list of gene sets. The pipeline consists of three main modules: (1) Perturbation, (2) Enrichment, and
(3) Consensus. The pipeline starts with the perturbation module, which adds Gaussian noise to the input gene
expression matrix and performs clustering on the perturbed data using k-means. The module then compares the
clustering labels to the input labels to filter out samples that are not consistently clustered with samples of the same
label. The perturbed data with the filtered samples are then passed to the enrichment module. The enrichment
module first computes the absolute t-statistic for each gene in the perturbed data using the limma package. The
module then performs two gene set enrichment analyses for each input gene set using the Wilcoxon rank-sum
test. The first analysis uses the original t-statistics to compute the enrichment p-values (Ot-based p-value) for the
gene set, while the second analysis uses the weighted t-statistics to compute the enrichment p-values (Wz-based
p-value) for the gene set. The gene weights for the weighted t-statistics are computed using the frequency of genes
in the input gene sets. The module then combines the enrichment p-values from the two analyses using weighted
geometric mean to compute the Combined p-value for the gene sets. The outputs of the enrichment module are
two p-values for each gene set: the Ot-based p-value and the Combined p-value. PGSA repeats the perturbation
and enrichment modules and passes the outputs of the enrichment module from all iterations to the consensus
module. For each gene set, the consensus module computes the average z-statistic of the Oz-based p-values and
the average of the Combined p-values across all iterations, respectively. The module then uses a linear regression
model to adjust the average z-statistic of the combined p-values to the average z-statistic of the Oz-based p-values.
The adjusted average z-statistic of the Combined p-values is then used to compute the final p-value for the gene
set.
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expression values of the two groups. The module then computes for each sample an agreement

score using the connectivity of the sample to the two clusters and the input labels:
1 n
score; = 1 — - lelj — ¢ 9.1)
Jj=1

where
* n is the number of samples,

* l;; = 1 if sample 7 and sample j have the same label in the input labels, and /;; = 0

otherwise,
* ¢;; = 1 if sample ¢ and sample j are in the same cluster, and ¢;; = 0 otherwise.

This score has a value between 0 and 1, where 1 indicates that the sample ¢ and all samples that
are in the same cluster with sample 7 have the same label in the input labels, and O indicates that
all samples in the same cluster with sample ¢ do not have the same label as sample 7 in the input
labels. The module then filters out samples with agreement scores less than 0.5, i.e., more than
half of the samples in the same cluster with sample ¢ do not have the same label as sample 7 in
the input labels. If there are no samples left after filtering, the module will keep all samples. If
only one label is left after filtering, the module will keep all samples of the other label along
with the samples kept from the first label. The output of this module is the perturbed expression

data after filtering samples with low-agreement scores.

9.1.2 Enrichment module

Using the output of the perturbation module, the enrichment module computes the absolute t-
statistic for each gene using the limma package [232]. For each gene set, the module performs
two gene set enrichment analyses. In the first analysis, the module uses the original absolute
t-statistics to compute the enrichment p-value (Oz-based p-value) for the gene set. To compute
the enrichment p-value, it uses the one-sided (greater) Wilcoxon rank-sum test to compare the
absolute t-statistics of the genes in the gene set to the absolute t-statistics of the genes not in

the gene set. In the second analysis, the module first computes the gene weights for all genes in
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the expression data using the frequency of genes in the input gene sets. Essentially, a gene that
appears in more input gene sets will have a higher weight. If a gene is not in any input gene
set, its weight is set to 1. The module then multiplies the absolute t-statistics of each gene by
its weight to compute the weighted t-statistics. It then uses the weighted t-statistics to compute
the enrichment p-value (W¢-based p-value) for the gene set using the one-sided Wilcoxon rank-
sum test similar to the first analysis. Finally, the module combines the enrichment p-values
from the two analyses using weighted geometric mean to compute the Combined p-value for
the gene set. The weights for the geometric mean are set to 1 for the Oz-based p-value and to
20 for the Wr-based p-value. The output of this module is two p-values for each gene set: the
Ot-based p-value and the Combined p-value.

The pipeline repeats the perturbation and enrichment modules n times (n = 20 by default)

and passes the outputs of the enrichment module from all iterations to the consensus module.

9.1.3 Consensus module

For each gene set, the consensus module converts the Or-based p-values and the Combined
p-values from all iterations to one-tail z-statistics. To prevent the z-statistics from being too
large or too small, the module clips the p-values at 1076 and 1 — 1071 before converting them
to z-statistics. The module then computes the average z-statistic from the Oz-based z-values
and the average of the Combined z-values across all iterations, respectively. Next, the module
fits an ordinary least square linear regression model y = Sy + [z, where y is the average Ot-
based z-statistic from all gene sets, and x is the average Combined z-statistic from all gene sets.
The module then uses the fitted model to adjust the average Combined z-statistics. Finally, the

module uses the adjusted average z-statistic to compute the final p-value for the gene set.

9.2 Data collection and processing

In this study, we utilized two distinct sources of gene expression data: the Gene Expression
Omnibus (GEO) repository and the Genomic Data Commons (GDC) portal. We describe the

data collection and processing for each source in the following subsections.
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9.2.1 GEO repository

Data collection

The Gene Expression Omnibus (GEO) [233] is a publicly accessible repository that houses cu-
rated microarray, next-generation sequencing, and various other forms of high-throughput func-
tional genomics data. To select datasets for our analysis, we conducted a comprehensive search
of the GEO repository to identify gene expression datasets that encompass both normal and
disease samples. Specifically, we targeted datasets that contain samples from human subjects
and are associated with a wide range of diseases, such as various types of cancer, neurological
disorders, viral infections, etc. For each disease, we use multiple related keywords to ensure
the inclusion of a comprehensive set of datasets. For example, in the case of acute myeloid
leukemia, we used keywords such as AML, acute myeloid leukemia, acute leukemia, and blood
cancer. Along with the disease-specific keywords, we also included specific terms to further
refine the search. Specifically, we screened datasets that contain any of the following keywords:
cancer, tumor, disease, and patient, in conjunction with any of the followings: control, normal,
healthy, adjacent, non-tumor, non-cancer, and non-disease. We meticulously selected datasets
that are generated using microarray and RNA-Seq technologies to ensure the inclusion of both
types of gene expression data in our benchmarks. We specifically chose datasets that contain
a minimum of three normal and three disease samples to ensure the inclusion of datasets with
sufficiently robust sample sizes for subsequent analyses.

For microarray datasets, we specifically targeted datasets that are generated using the
Affymetrix platform, as it is one of the most widely used microarray platforms and has a large
number of datasets available in the GEO repository. We only considered datasets that are de-
posited in GEO as raw data in the form of CEL files, which contain probe-level expression
values. This is to ensure that we have control over the data processing steps, such as back-
ground correction, normalization, and summarization, which are crucial for the subsequent
pathway analysis.

For RNA-Seq analyses, we did not restrict the search to any specific sequencing platform.

The RNA-Seq datasets deposited in GEO can be in various formats, such as raw sequence
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reads, processed gene expression values, or count data. To ensure consistency in the data

processing, we utilized the publicly available ARCHS4 repository [234] to download the pre-

processed gene expression. At the time of preparing this manuscript, we downloaded version

2.2 of human and mouse raw counts gene expression files, along with TPM (Transcripts Per

Million) normalization files in HDF5 format from ARCHS4, and extracted the gene expression

data for the interested datasets from the downloaded files.

Note that if a dataset contains samples from multiple diseases or tissues, we divided the

dataset into smaller, disease/tissue-specific datasets. For example, with the dataset GSE146889,

which includes samples from both colorectal cancer and endometrial cancer, we split this

dataset into two sub-datasets: GSE146889-Colorectal and GSE146889-Endometrial. The full

list of GEO datasets used in this study is available in Table 9.1.

Table 9.1: List of GEO datasets used in this dissertation for pathway analysis. The table includes
the GEO ID, platform, platform name, technology, disease, and the number of samples. The
platform name and technology are specific to the gene expression profiling technology used in
the dataset. The disease column indicates the disease or condition that the samples in the dataset
are associated with. The number of samples column indicates the total number of samples in the

dataset.
GEO ID Disease #Samples| GEO ID Disease #Samples
GSE101432 Liver Cancer 39 GSE1418 Chronic Myeloid Leukemia 14
GSE101585 Dilated Cardiomyopathy 16 GSE14762 Renal Carcinoma 22
GSE102312 Chronic Myeloid Leukemia 32 GSE14924-CD4 Acute Myeloid Leukemia 20
GSE102485-1 Type 1 Diabetes 6 GSE14924-CD8 Acute Myeloid Leukemia 21
GSE102485-11 Type 2 Diabetes 22 GSE15471 Pancreatic Cancer 78
GSE102746 Inflammatory Bowel Disease 20 GSE16515 Pancreatic Cancer 52
GSE103001 Breast Cancer 44 GSE16759-mRNA | Alzheimer’s 8
GSE104310 Liver Cancer 20 GSE17025-EE Endometrial Carcinoma 90
GSE104836 Colorectal Cancer 20 GSE17025-PS Endometrial Carcinoma 23
GSE105130 Liver Cancer 52 GSE17156-A Influenza 18
GSE106119 Colorectal Cancer 6 GSE17156-S Influenza 16
GSE106338 Gastric Cancer 15 GSE1751 Huntington’s 31
GSE106608 Parkinson’s 16 GSE18309 Alzheimer’s 9
GSE107991-LTBI Tuberculosis Infection 33 GSE18670-CTC Pancreatic Cancer 12
GSE107991-TB Tuberculosis Infection 33 GSE18670-G Pancreatic Cancer 12
GSE111459 Tuberculosis Infection 39 GSE18670-T Pancreatic Cancer 12
GSE112057 Inflammatory Bowel Disease 73 GSE18842 Lung Cancer 91
GSE112221 Liver Cancer 6 GSE19188-ADC Lung Cancer 110
GSE113230 Breast Cancer 6 GSE19188-LCC Lung Cancer 84
GSE113255- Gastric Cancer 34 GSE19188-SCC Lung Cancer 92
intestinal
GSE113524 Alzheimer’s 39 GSE19587-DMN Parkinson’s 12
GSE113617 Liver Cancer 78 GSE19587-ION Parkinson’s 10
GSE113942 Cervical Cancer 14 GSE19728-1 Brain Cancer 5
GSE114517- Parkinson’s 23 GSE19728-11 Brain Cancer 8
Amygdala
GSE114517-MTG Parkinson’s 23 GSE19728-111 Brain Cancer 8
GSE114517-Nigra | Parkinson’s 29 GSE19728-1V Brain Cancer 8
GSE114564 Liver Cancer 78 GSE19804-1A Lung Cancer 75
GSE114564- Liver Cancer 60 GSE19804-1B Lung Cancer 79
Advanced
GSE114564-Early Liver Cancer 33 GSE19804-2A Lung Cancer 64
GSE114918 Parkinson’s 52 GSE19804-2B Lung Cancer 67
GSE117993-CD Inflammatory Bowel Disease 147 GSE19804-3A Lung Cancer 68
GSE117993-UC Inflammatory Bowel Disease 98 GSE19804-3B Lung Cancer 64
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Table 9.1: Continued from the previous page.

GEO ID Disease #Samples| GEO ID Disease #Samples
GSE119630 Colorectal Cancer 60 GSE20146 Parkinson’s 20
GSE119794-RNA Pancreatic Cancer 20 GSE20153 Parkinson’s 16
GSE119794- Pancreatic Cancer 20 GSE20163 Parkinson’s 17
miRNA
GSE122401 Gastric Cancer 159 GSE20164 Parkinson’s 11
GSE123141-CD Inflammatory Bowel Disease 18 GSE20291 Parkinson’s 35
GSE123141-UC Inflammatory Bowel Disease 19 GSE20292 Parkinson’s 29
GSE123658 Type 1 Diabetes 82 GSE21340 Type 2 Diabetes 20
GSE123972 Liver Cancer 40 GSE21354 Brain Cancer 18
GSE124939 Systemic lupus erythematosus 14 GSE21610-DCM Dilated Cardiomyopathy 50
GSE125583 Alzheimer’s 289 GSE21610-ICM Dilated Cardiomyopathy 26
GSE126848 Non-alcoholic fatty liver disease 29 GSE21802 Influenza 40
GSE129473-BA9 Huntington’s 81 GSE23878 Colorectal Cancer 59
GSE130279 Type 1 Diabetes 12 GSE24250 Huntington’s 14
GSEI131512-NoRec | Breast Cancer 100 GSE24739-GO Chronic Myeloid Leukemia 12
GSEI131512-Rec Breast Cancer 60 GSE24739-G1 Chronic Myeloid Leukemia 12
GSE133039 Liver Cancer 63 GSE26910-Breast Breast Cancer 12
GSE133101-AMG | Parkinson’s 23 GSE26910-Prostate | Prostate Cancer 12
GSEI133101-MTG Parkinson’s 21 GSE27131 Influenza 21
GSE133101-SN Parkinson’s 25 GSE28146 Alzheimer’s 30
GSE133684 Pancreatic Cancer 267 GSE28735 Pancreatic Cancer 90
GSE135036 Parkinson’s 36 GSE29819-DCM- Dilated Cardiomyopathy 13
LV
GSE135170 Inflammatory Bowel Disease 14 GSE29819-DCM- Dilated Cardiomyopathy 13
RV
GSE135223-CD Inflammatory Bowel Disease 10 GSE30723-AMs Influenza 12
GSE135223-UC Inflammatory Bowel Disease 10 GSE30723-ATIL Influenza 12
GSE135251-Early Non-alcoholic fatty liver disease 148 GSE32676 Pancreatic Cancer 32
GSE135251- Non-alcoholic fatty liver disease 77 GSE33075- Chronic Myeloid Leukemia 18
Moderate Diagnosis
GSE136569 Pancreatic Cancer 10 GSE33075-Treated | Chronic Myeloid Leukemia 18
GSE136666-PU Parkinson’s 6 GSE34205- Influenza 50
influenza
GSE136666-SN Parkinson’s 10 GSE3467 Thyroid Cancer 18
GSE137327 Colorectal Cancer 18 GSE3585 Dilated Cardiomyopathy 12
GSE137344-CD Inflammatory Bowel Disease 149 GSE36389 Endometrial Carcinoma 20
GSE137344-UC Inflammatory Bowel Disease 81 GSE3678 Thyroid Cancer 14
GSE138485 Liver Cancer 64 GSE37517 Huntington’s 13
GSE140089 Parkinson’s 41 GSE3790-CB Huntington’s 133
GSE140343 Non-small cell lung cancer 100 GSE3790-CB Huntington’s 133
GSE141142 Breast Cancer 14 GSE3790-CN Huntington’s 140
GSE141746 Colorectal Cancer 10 GSE3790-CN Huntington’s 140
GSE142987 Liver Cancer 65 GSE3790-FC Huntington’s 131
GSE144119- Chronic Myeloid Leukemia 65 GSE3790-FC Huntington’s 131
Chronic
GSE144119- Chronic Myeloid Leukemia 49 GSE38642 Type 2 Diabetes 63
Remission
GSE144259 Colorectal Cancer 6 GSE40012- Influenza 75
Influenza
GSE144269 Liver Cancer 140 GSE40281 Influenza 9
GSE145645 Glioma 35 GSE4107 Colorectal Cancer 22
GSE146009-AA Colorectal Cancer 30 GSE4183-CRC Colorectal Cancer 23
GSE146009-CA Colorectal Cancer 35 GSE4183-IDB Inflammatory Bowel Disease 23
GSE146889- Colorectal Cancer 80 GSE4290-AC Brain Cancer 49
Colorectal
GSE146889- Endometrial Carcinoma 72 GSE4290-GBM Brain Cancer 100
Endometrial
GSE147352 Glioma 100 GSE4290-0G Brain Cancer 73
GSE147352-low Glioma 33 GSE45516 Huntington’s 9
GSE148355 Gastric Cancer 74 GSE4757 Alzheimer’s 20
GSE151347 Liver Cancer 18 GSE48350-central Alzheimer’s 68
GSE154272 COVID-19 45 GSE48350- Alzheimer’s 54
entorhinal
GSE155454 COVID-19 58 GSE48350-frontal Alzheimer’s 69
GSE157240 Influenza 85 GSE48350- Alzheimer’s 62
hippocampus
GSE157256 Renal Carcinoma 9 GSE48352- Renal Carcinoma 7
Hereditary
GSE158420 Non-small cell lung cancer 74 GSE48352- Renal Carcinoma 25
Sporadic
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Table 9.1: Continued from the previous page.

GEO ID Disease #Samples| GEO ID Disease #Samples
GSE159260 Glioma 20 GSE48466 Influenza 12
GSE160501-D Atopic dermatitis 12 GSE50161-EPN Brain Cancer 59
GSE160501-E Atopic dermatitis 12 GSE50161-GBM Brain Cancer 47
GSE160501-SC Atopic dermatitis 18 GSES0161-MED Brain Cancer 35
GSE162515 Thyroid Cancer 57 GSES0161-PA Brain Cancer 28
GSE164332 COVID-19 16 GSE50627-AD Lung Cancer 12
GSE164541 Colorectal Cancer 10 GSES0627-SC Lung Cancer 9
GSE164541-AD Colorectal Cancer 10 GSES5281-EC Alzheimer’s 23
GSE164541-CRC Colorectal Cancer 10 GSES5281-HIP Alzheimer’s 23
GSE165394 Gastric Cancer 12 GSE5281-MTG Alzheimer’s 28
GSE165512-CD Inflammatory Bowel Disease 75 GSES5281-PC Alzheimer’s 22
GSE165512-CDi Inflammatory Bowel Disease 55 GSES5281-SFG Alzheimer’s 34
GSE165512-UC Inflammatory Bowel Disease 75 GSES5281-VCX Alzheimer’s 31
GSE165595 Glioma 30 GSE55945-NEG Prostate Cancer 15
GSE166925-CD Inflammatory Bowel Disease 76 GSES55945-POS Prostate Cancer 14
GSE166925-UC Inflammatory Bowel Disease 55 GSES57475 Parkinson’s 142
GSE168496 Parkinson’s 16 GSE58545-BRAF Thyroid Cancer 36
GSE171415 Lung Cancer 62 GSES8545-RET Thyroid Cancer 26
GSE174302-C Colorectal Cancer 100 GSES58689 Thyroid Cancer 83
GSE174302-Li Liver Cancer 73 GSE6044-ACC Lung Cancer 15
GSE174302-Lu Lung Cancer 81 GSE6044-SCC Lung Cancer 15
GSE174302-S Gastric Cancer 83 GSE6044-SCLC Lung Cancer 14
GSE179252 Gastric Cancer 76 GSE6344-STG1 Renal Carcinoma 20
GSE180440 Colorectal Cancer 190 GSE6344-STG1 Renal Carcinoma 20
GSE181674 Type 1 Diabetes 15 GSE6344-STG2 Renal Carcinoma 20
GSE182424 Inflammatory Bowel Disease 12 GSE6344-STG2 Renal Carcinoma 20
GSE182923 Type 2 Diabetes 18 GSE6357 Renal Carcinoma 18
GSE183325 Inflammatory Bowel Disease 23 GSE63678-CC Cervical Cancer 10
GSE183533 COVID-19 41 GSE63678-EC Endometrial Carcinoma 12
GSE183947 Breast Cancer 43 GSE6613 Parkinson’s 72
GSE184050 Type 2 Diabetes 116 GSE68172 Acute Myeloid Leukemia 77
GSE184336 Gastric Cancer 461 GSE6956 Prostate Cancer 84
GSE184950 Parkinson’s 16 GSE71766- Influenza 96
Influenza
GSE185051 Non-alcoholic fatty liver disease 57 GSE71766-Rhino Influenza 96
GSE190496 COVID-19 30 GSE7305 Endometrial Carcinoma 20
GSEI191139 Gastric Cancer 8 GSE73655 Huntington’s 12
GSE192804 Cervical Cancer 32 GSE73655-PRE Huntington’s 15
GSE193436 Type 2 Diabetes 12 GSE7621 Parkinson’s 25
GSE193438-BG Alzheimer’s 8 GSE7803-HG Cervical Cancer 17
GSE193438-Hi Alzheimer’s 8 GSE7803-1V Cervical Cancer 31
GSE193438-PL Alzheimer’s 8 GSE781 Renal Carcinoma 24
GSE193438-SN Alzheimer’s 8 GSE781 Renal Carcinoma 24
GSE197698-C Inflammatory Bowel Disease 44 GSE79962-DCM Dilated Cardiomyopathy 20
GSE197698-1 Inflammatory Bowel Disease 106 GSE79962-ICM Dilated Cardiomyopathy 33
GSE202151 Type 2 Diabetes 12 GSE8397-L1 Parkinson’s 32
GSE202182 COVID-19 14 GSE8397-L2 Parkinson’s 32
GSE203206 Alzheimer’s 47 GSE8397-M1 Parkinson’s 46
GSE207435 Liver Cancer 54 GSE8397-M2 Parkinson’s 46
GSE211979 COVID-19 13 GSE8397-f1 Parkinson’s 16
GSE213324 Renal Carcinoma 41 GSE8397-f2 Parkinson’s 16
GSE214846 Liver Cancer 115 GSES84422-Am Alzheimer’s 51
GSE217948 COVID-19 467 GSE84422-ACl Alzheimer’s 118
GSE40710 Parkinson’s 33 GSEg84422-AC2 Alzheimer’s 118
GSE48850 Thyroid Cancer 11 GSE84422-CN1 Alzheimer’s 104
GSES50760 Colorectal Cancer 36 GSES84422-CN2 Alzheimer’s 104
GSES52194 Breast Cancer 20 GSE84422-DPC1 Alzheimer’s 114
GSES3695 Alzheimer’s 17 GSE84422-DPC2 Alzheimer’s 114
GSES53697 Alzheimer’s 17 GSE84422-FP1 Alzheimer’s 126
GSES58135 Breast Cancer 105 GSE84422-FP2 Alzheimer’s 126
GSE63420 Liver Cancer 14 GSES84422-H1 Alzheimer’s 110
GSE64810 Huntington’s 69 GSE84422-H2 Alzheimer’s 110
GSE66207 Inflammatory Bowel Disease 33 GSE84422-IFG1 Alzheimer’s 106
GSE69197 Renal Carcinoma 6 GSE84422-IFG2 Alzheimer’s 106
GSE69240 Breast Cancer 35 GSE84422-ITG1 Alzheimer’s 116
GSE72820 Colorectal Cancer 14 GSES84422-1TG2 Alzheimer’s 116
GSE73708 Liver Cancer 12 GSE84422-MTGl Alzheimer’s 116
GSE74369 Colorectal Cancer 16 GSE84422-MTG2 Alzheimer’s 116
GSE77635 Colorectal Cancer 20 GSE84422-NA Alzheimer’s 51
GSES80183-ENA Systemic lupus erythematosus 8 GSE84422-OVCl1 Alzheimer’s 106
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Table 9.1: Continued from the previous page.

GEO ID Disease #Samples| GEO ID Disease #Samples
GSE80183-dsDNA | Systemic lupus erythematosus 8 GSE84422-OVC2 Alzheimer’s 106
GSE80183- Systemic lupus erythematosus 8 GSE84422-PaG1 Alzheimer’s 120
dsDNAENA

GSES80609 Prostate Cancer 45 GSE84422-PaG2 Alzheimer’s 120
GSE81089 Non-small cell lung cancer 218 GSE84422-PCCl1 Alzheimer’s 116
GSE81928 Liver Cancer 26 GSE84422-PCC2 Alzheimer’s 116
GSE83687-CDleft Inflammatory Bowel Disease 12 GSE84422-PrG1 Alzheimer’s 98
GSES83687- Inflammatory Bowel Disease 19 GSE84422-PrG2 Alzheimer’s 98
CDsmall

GSE83687-LCCr Inflammatory Bowel Disease 12 GSE84422-PrC1 Alzheimer’s 112
GSE83687-LCU1 Inflammatory Bowel Disease 26 GSE84422-PrC2 Alzheimer’s 112
GSE83687-RCUI Inflammatory Bowel Disease 22 GSE84422-P1 Alzheimer’s 104
GSES83687-SB Inflammatory Bowel Disease 19 GSES84422-P2 Alzheimer’s 104
GSE83687-UCleft Inflammatory Bowel Disease 26 GSE84422-SPL1 Alzheimer’s 100
GSES83687-UCright | Inflammatory Bowel Disease 22 GSES84422-SPL2 Alzheimer’s 100
GSE84013 Huntington’s 32 GSEB4422-STG1 Alzheimer’s 120
GSE84073 Liver Cancer 14 GSE84422-STG2 Alzheimer’s 120
GSE87096 Colorectal Cancer 12 GSE84422-TP1 Alzheimer’s 116
GSE87592 Liver Cancer 52 GSE84422-TP2 Alzheimer’s 116
GSES88888 Alzheimer’s 20 GSES85457 Thyroid Cancer 7
GSE89122 Renal Carcinoma 13 GSE8671-AC Colorectal Cancer 8
GSE94660 Liver Cancer 42 GSE8671-DC Colorectal Cancer 8
GSE95132 Colorectal Cancer 20 GSE8671-REC Colorectal Cancer 14
GSE95437-CD Inflammatory Bowel Disease 49 GSE8671-SC Colorectal Cancer 32
GSE95437-UC Inflammatory Bowel Disease 54 GSEg762 Huntington’s 22
GSE95587 Alzheimer’s 117 GSE92778 Acute Myeloid Leukemia 12
GSE97214 Liver Cancer 24 GSE9348 Colorectal Cancer 82
GSE97901 Prostate Cancer 45 GSE9476-BM Acute Myeloid Leukemia 25
GSE100054 Parkinson’s 19 GSE9%476-PB Acute Myeloid Leukemia 39
GSE12685 Alzheimer’s 14 GSE99039 Parkinson’s 558
GSE1297 Alzheimer’s 31

Data processing

For microarray datasets, we utilized the oligo package [235] in R to process the raw CEL

files and obtain gene expression values. We applied the Robust Multi-array Average (RMA)

method [236] for background correction, normalization, and summarization of the probe-level

expression values. We then mapped the probe IDs to Entrez gene IDs for each dataset us-

ing annotation packages available in Bioconductor corresponding to the platform used in the

dataset. For example, a dataset generated using the Affymetrix Human Genome U133 Plus

2.0 Array platform with GEO platform ID GPL570 was mapped to Entrez gene IDs using

the hgul33plus2.db package. The full list of annotation packages used for each platform is

available in Table 9.2. The ID mapping process consists of two steps. First, we performed

differential analysis using the limma package [232] and obtained the probe-level differential

expression results. Next, we mapped from probe IDs to Entrez IDs using the corresponding

annotation package. This is a many-to-many mapping, as a single probe can map to multiple
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Table 9.2: The annotation packages used to map from probe IDs to Entrez gene IDs for each
microarray platform. Abbreviations: Affy.: Affymetrix.

GEOID Platform name Annotation package

GPL96 Affy. Human Genome U133A Array hgul33a.db

GPL97 Affy. Human Genome U133B Array hgu133b.db

GPL570 Affy. Human Genome U133 Plus 2.0 Array hgul33plus2.db

GPL6244  Affy. Human Gene 1.0 ST Array hugenelO0sttranscriptcluster.db

GPL4866  Affy. Human Genome U133 Plus 2.0 Array hgul33plus2.db
GPL16311 Affy. Human Genome U133 Plus 2.0 Array hgul33plus2.db
GPL571 Affy. Human Genome U133A 2.0 Array hgul33a2.db

GPL10739 Affy. Human Gene 1.0 ST Array hugenelO0sttranscriptcluster.db
GPL201 Affy. Human HG-Focus Target Array hgfocus.db

GPLS80 Affy. Human Full Length HuGeneFL Array hu6800.db

GPL13667 Affy. Human Genome U219 Array hgu219.db

GPL23126 Affy. Human Clariom D Assay clariomdhumantranscriptcluster.db

genes, and a single gene can be mapped by multiple probes. In cases where there is a one-to-
many relationship from probe to genes, we only retained the first match. Subsequently, in cases
of a one-to-many relationship from gene to probes, we kept the expression values of the most
significant probe for each gene. This approach ensures the transformation of microarray data
into gene-level information while preserving the relevance of the most significant probes in the
subsequent analysis.

For RNA-Seq datasets, we have two types of gene expression data for each dataset: raw
counts and TPM-normalized expression values. Both types of gene expression data have En-
sembl gene IDs as the gene identifiers. For raw counts data, we normalized the counts data
using the default median of ratios normalization method implemented in the DESeq2 pack-
age [237]. For TPM-normalized data, we only applied log (base 2) transformation to the ex-
pression values. We then map the Ensembl gene IDs to Entrez gene IDs for each dataset using
the annotation package org.Hs.eg.db. Similar to microarray data processing, the ID mapping
process consists of two steps. First, we performed a differential analysis of the gene-level
differential expression results. For raw counts data, we used the DESeq2 package [237] to per-
form differential analysis, and for TPM-normalized data, we used the limma package. We then

mapped from Ensembl IDs to Entrez IDs as described for the microarray datasets.
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9.2.2 GDC repositories

Data collection

Using the Genomic Data Commons data portal, we obtained RNA-Seq datasets for specific
project IDs: BLCA, BRCA, CESC, COAD, ESCA, GBM, KICH, KIRC, KIRP, LIHC, LUAD,
LUSC, PAAD, PCPG, PRAD, STAD, and THCA. Other projects were excluded from the anal-
ysis due to a lack of sufficient samples labeled as normal or tumor, or a lack of explicit tar-
get pathways in the KEGG databases. We also acquired RNA-Seq datasets from other GDC
projects, including REBC-THYR, ORGANOID-PANCREATIC, CPTAC-3, TARGET-AML,
BEATAML1.0-COHORT, and OHSU-CNL. We downloaded the raw counts and aliquot files
for each project from the GDC portal. The aliquot files contain metadata information, such
as the sample type, sample ID, and project ID, while the raw counts files contain the gene
expression values with Ensembl gene IDs.

Many of the TCGA projects have a notable imbalance in sample distribution among spe-
cific projects, such as CESC, GBM, PAAD, and PCPG, where the number of normal samples
is considerably lower compared to the number of tumor samples. This sample imbalance raises
concerns about potential biases and poses challenges in achieving statistically robust analy-
ses within these projects. To address this issue, we consistently incorporated control samples
obtained from the Genotype-Tissue Expression (GTEx) repository [238] in all of the included
TCGA projects. The GTEx database comprises a diverse collection of human tissues, including
the brain, heart, and whole blood, constituting a comprehensive dataset with over 30,000 sam-
ples and 50 tissues. We acquired the gene read counts data for each tissue from the RNASeq
datasets available under the Bulk Tissue Expression tab on the GTEx portal. The downloaded

gene read count files were featured with Ensemble IDs and corresponding gene names.
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TCGA data processing

For each TCGA dataset, we first filtered the samples by retaining those originating from fresh
frozen tissue while excluding those obtained from FFPE (Formalin-Fixed Paraffin Embed-
ded) sources. Next, we identified samples as either tumor or normal based on their Sam-
ple Type Code in the TCGA barcode (https://gdc.cancer.gov/resources-tcga-users/tcga-code-
tables/sample-type-codes). Specifically, we retained samples with the Sample Type Code 01
(Primary solid Tumor) and 03 (Primary Blood Derived Cancer - Peripheral Blood) and 09 (Pri-
mary Blood Derived Cancer - Bone Marrow) as tumor samples, and samples with the Sample
Type Code larger than 09 as normal samples (e.g., Blood Derived Normal, Solid Tissue Normal,
etc.). Other sample types, such as metastatic samples, were excluded from the analysis. We
then further filtered the samples in each group (tumor or normal) to retain only one sample per
patient to ensure that each sample was independent. We prioritized the sample with the highest
plate value, followed by the analyte order (H, R, T, D, G, W, and X) from the TCGA Code Ta-
bles (https://gdc.cancer.gov/resources-tcga-users/tcga-code-tables/portion-analyte-codes), and
the portion value.

We then aligned the TCGA datasets with the GTEx datasets based on the corresponding
tissues of origin. In the case of the tissue of the TCGA dataset matched with multiple tissues
in the GTEx dataset, we duplicated the TCGA dataset and matched each duplicated dataset
with one of the matched tissues in the GTEx dataset. This resulted in a total of 35 TCGA-
GTEX pairs. The table 9.3 provides details about the alignment of the TCGA datasets with the
GTEXx datasets. Next, for each TCGA dataset, we removed genes with zero expression values
across all samples. We performed the same procedure for the corresponding GTEx datasets
(per tissue). We merged the matrices of TCGA and GTEx counts data using only the genes
that are present in both datasets. We then use the ComBatSeq algorithm [239] to integrate the
TCGA and GTEx datasets, remove batch effects, and obtain the adjusted counts matrix. We
provided the batch and group information to the ComBatSeq algorithm, where the batch was
defined between TCGA and GTEx samples, and the group was defined between tumor and

control samples.
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Table 9.3: Summary of TCGA and GTEx Data

Project ID Tissue GTEXx Tissue #Tumor | #Normal | #GTEx
BLCA Bladder Bladder 406 19 21
BRCA Breast Breast mammary 1094 113 459
CESC Cervix uteri Uterus 304 3 142
Colon sigmoid 458 41 373
COAD Colon (whole) Colon transverse 458 41 406
ESCA Esophagus Esophagus gastroesophageal 184 13 375
junction
Esophagus mucosa 184 13 555
Esophagus muscularis 184 13 515
GBM Brain Brain amygdala 155 5 152
Brain anterior cingulate cortex 155 5 176
Brain caudate basal ganglia 155 5 246
Brain cerebellar hemisphere 155 5 215
Brain cerebellum 155 5 241
Brain cortex 155 5 255
Brain frontal cortex 155 5 209
Brain hippocampus 155 5 197
Brain hypothalamus 155 5 202
Brain nucleus accumbens basal 155 5 246
ganglia
Brain putamen basal ganglia 155 5 205
Brain spinal cord cervical 155 5 159
Brain substantia nigra 155 5 139
KICH Kidney Kidney cortex 66 25 85
Kidney medulla 66 25 4
KIRC Kidney Kidney cortex 533 72 85
Kidney medulla 533 72 4
KIRP Kidney Kidney cortex 290 32 85
Kidney medulla 290 32 4
LIHC Liver Liver 371 50 226
LUAD Lung Lung 516 59 578
LUSC Lung Lung 501 51 578
PAAD Pancreas Pancreas 178 4 328
PCPG Adrenal gland | Adrenal gland 179 3 258
PRAD Prostate gland | Prostate 497 52 245
STAD Stomach Stomach 412 36 359
THCA Thyroid gland | Thyroid 505 59 653
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We then applied the ID mapping procedure similar to the GEO RNA-Seq counts data
processing to convert Ensemble gene IDs into Entrez gene IDs for each integrated TCGA and
GTEXx project using the obtained adjusted counts matrix. This resulted in a counts matrix with
Entrez gene IDs. Next, we use Formula 9.2 to obtain the TPM-normalized expression values

for each integrated TCGA and GTEX project.

counts;;

X
) m  countsg;
lengthsl Zk:l lengths,

rate;; = X 1leb 9.2)

Other GDC projects data processing

For each GDC project, we first excluded samples without reported tissues. We then divided the
data into specific sub-projects based on tissue type. This results in a total of 15 sub-projects.
The Table 9.4 provides details about the sub-projects obtained from the GDC portal. We then
assigned the sample labels (tumor or normal) based on the tissue type specified for each sample.
Finally, we applied the same ID mapping and TPM normalization procedures as described for

the TCGA datasets to the obtained counts matrix for each project.

9.3 Results

9.3.1 PGSA improves the significance ranking of targeted gene sets

The main goal of gene set enrichment analysis is to identify what gene sets are significantly
enriched among a large number of gene sets tested. The top most significant gene sets (i.e.,
those with the smallest enrichment p-values) are considered to be the most relevant gene sets to
the biological condition of interest and will be further investigated. In this analysis, we select
one gene set for each condition that is known to be associated with the disease of interest, and
assess the performance of PGSA and other methods in ranking the significance of these gene
sets when analyzing expression data from a wide range of human diseases. We refer to these
gene sets as targeted gene sets. For example, with the KEGG database, the targeted gene set of
a dataset obtained from an Alzheimer’s disease study is the Alzheimer disease - Homosapiens

(human) gene set with accession id of hsa05010. While the targeted gene sets might not always
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Table 9.4: Summary of GDC RNA-Seq projects.

Project ID Tissue Sub-project #Tumor | #Normal
BEATAML1.0-COHORT Acute Myeloid Leukemia | Blood 131 21
OHSU-CNL Acute Myeloid Leukemia | Blood 66 4
. . | Blood 124 31

TARGET-AML Acute Myeloid Leukemia Bone marrow 953 304
Lower part of lung 94 85

CPTAC-3 Lung Cancer Whole lung 37 20
Middle part of lung 15 14

Upper part of lung 142 132

. . Endometrium 174 20

CPTAC-3 Endometrial Carcinoma Uteri 73 75

. Body of pancreas 18 6

CPTAC-3 Pancreatic Cancer Head of pancreas 137 50
CPTAC-3 Renal Carcinoma Kidney 312 149
ORGANOID-PANCREATIC | Pancreatic Cancer Pancreas 44 11
REBC-THYR Thyroid Cancer Thyroid gland 428 400

be the most impacted gene sets in the analysis, a good enrichment method should be able to
identify the targeted gene sets as significant and are more significant than other non-targeted
gene sets, i.e., the targeted gene sets should have better ranks than other gene sets.

To perform a comprehensive assessment of the performance of PGSA, we collected a
large number of datasets from the Gene Expression Omnibus (GEO) database and the Ge-
nomic Data Commons (GDC) portal. In total, we collected 421 datasets, including 371 datasets
from the GEO database and 50 datasets from the GDC portal. The GEO datasets include 188
microarray datasets and 183 RNA-Seq datasets that come from 29 human diseases, includ-
ing: Alzheimer’s disease, Atopic Dermatitis, Dilated Cardiomyopathy (DCM), Huntington’s
disease, Inflammatory Bowel Disease (IBD), Influenza,COVID-19, Non-alcoholic fatty liver
disease (NAFLD), Parkinson’s disease, Systemic lupus erythematosus (SLE), Type 1 Diabetes,
Type 2 Diabetes, Acute Myeloid Leukemia (AML), Brain Cancer, Breast Cancer, Cervical
Cancer, Chronic Myeloid Leukemia (CML), Colorectal Cancer, Endometrial Cancer, Gastric
Cancer, Glioma, Liver Cancer, Lung Cancer/Small Cell Lung Cancer (LC/SCLC), Non-small
cell lung cancer (NSCLC), Pancreatic Cancer, Prostate Cancer, Renal Carcinoma, and Thyroid
Cancer. The GEO datasets were selected based on the availability of the targeted gene sets

in the KEGG database or the WikiPathways database. The GDC datasets include 35 datasets
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from The Cancer Genome Atlas (TCGA), 9 datasets from the National Cancer Institute’s Clin-
ical Proteomic Tumor Analysis Consortium (CPTAC), and 6 datasets from other projects. All
GDC datasets are RNA-Seq datasets from cancer studies. For RNA-Seq datasets, we use both
counts data and transcripts per million (TPM) normalized data in our analysis.

We compare the performance of PGSA with 10 other methods, including 6 non-topology-
based methods (ORA, FGSEA, GSEA, GSA, PADOG, and GAGE) and 4 topology-based meth-
ods (SPIA, CePaORA, CePaGSA, and PathNet). We use two pathway databases, KEGG and
WikiPathways, as the sources of gene sets and run each method on each database separately.
The KEGG database contains 336 gene sets and the WikiPathways database contains 798 gene
sets. We run all 11 methods on the KEGG database and only run the non-topology-based
methods on the WikiPathways database since the topology-based methods do not support the
WikiPathways database (see Methods section for details of software packages and settings).
For all analyses, the targeted gene sets are only used a posteriori to assess the results. The list

of the targeted gene sets for all diseases is presented in Table 9.5.

Table 9.5: The list of the targeted gene sets from the two datbases: KEGG and

WikiPathways

Disease Database Pathway ID | Pathway Name

Liver Cancer KEGG hsa05225 Hepatocellular carcinoma

DCM KEGG hsa05414 Dilated cardiomyopathy

CML KEGG hsa05220 Chronic myeloid leukemia

Type 1 Diabetes KEGG hsa04940 Type I diabetes mellitus

Type 2 Diabetes KEGG hsa04930 Type II diabetes mellitus

IDB KEGG hsa05321 Inflammatory bowel disease

Breast Cancer KEGG hsa05224 Breast cancer

Colorectal Cancer KEGG hsa05210 Colorectal cancer

Gastric Cancer KEGG hsa05226 Gastric cancer

Parkinson’s KEGG hsa05012 Parkinson disease

Tuberculosis Infection KEGG hsa05152 Tuberculosis

Alzheimer’s KEGG hsa05010 Alzheimer disease

Cervical Cancer KEGG hsa05165 Human papillomavirus infection

Pancreatic Cancer KEGG hsa05212 Pancreatic cancer

SLE KEGG hsa05322 Systemic lupus erythematosus

NAFLD KEGG hsa04932 Non-alcoholic fatty liver disease

Huntington’s KEGG hsa05016 Huntington disease

NSCLC KEGG hsa05223 Non-small cell lung cancer

Glioma KEGG hsa05214 Glioma

Endometrial Cancer KEGG hsa05213 Endometrial cancer

COVID-19 KEGG hsa05171 Coronavirus disease - COVID-19

Influenza KEGG hsa05164 Influenza A

Renal Carcinoma KEGG hsa05211 Renal cell carcinoma

Atopic Dermatitis KEGG hsa04621 NOD-like receptor signaling pathway

Thyroid Cancer KEGG hsa05216 Thyroid cancer

LC/SCLC KEGG hsa05222 Small cell lung cancer

Prostate Cancer KEGG hsa05215 Prostate cancer

AML KEGG hsa05221 Acute myeloid leukemia

Brain Cancer KEGG hsa05214 Glioma

Liver Cancer WikiPathways | WP3646 Hepatitis C and hepatocellular carcinoma

DCM WikiPathways | WP3668 Hypothesized pathways in pathogenesis of cardiovas-
cular disease

CML WikiPathways | WP3640 Imatinib and chronic myeloid leukemia
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Table 9.5: The list of the targeted gene sets from the two datbases: KEGG and
WikiPathways

Disease Database Pathway ID | Pathway Name

Type 1 Diabetes WikiPathways | WP1584 Type II diabetes mellitus

Type 2 Diabetes WikiPathways | WP1584 Type II diabetes mellitus

IDB WikiPathways | WP5198 Inflammatory bowel disease signaling
Breast Cancer WikiPathways | WP4262 Breast cancer pathway

Colorectal Cancer WikiPathways | WP4290 Metabolic reprogramming in colon cancer
Gastric Cancer WikiPathways | WP2361 Gastric cancer network 1

Parkinson’s WikiPathways | WP2371 Parkinson 39 s disease pathway
Tuberculosis Infection WikiPathways | WP4197 Immune response to tuberculosis
Alzheimer’s WikiPathways | WP5124 Alzheimer 39 s disease

Pancreatic Cancer WikiPathways | WP4263 Pancreatic adenocarcinoma pathway
NAFLD WikiPathways | WP4396 Nonalcoholic fatty liver disease
Huntington’s WikiPathways | WP3853 ERK pathway in Huntington 39 s disease
NSCLC WikiPathways | WP4255 Non small cell lung cancer

Glioma WikiPathways | WP2261 Glioblastoma signaling pathways
Endometrial Cancer WikiPathways | WP4155 Endometrial cancer

COVID-19 WikiPathways | WP4846 SARS CoV 2 and COVID 19 pathway
Renal Carcinoma WikiPathways | WP4241 Type 2 papillary renal cell carcinoma
Thyroid Cancer WikiPathways | WP4928 MAPK pathway in congenital thyroid cancer
LC/SCLC WikiPathways | WP4255 Non small cell lung cancer

Brain Cancer WikiPathways | WP2261 Glioblastoma signaling pathways
BEATAML1.0-COHORT KEGG hsa05221 Acute myeloid leukemia

CPTAC-3 KEGG hsa05212 Pancreatic cancer

CPTAC-3 KEGG hsa05213 Endometrial cancer

CPTAC-3 KEGG hsa05211 Renal cell carcinoma

CPTAC-3 KEGG hsa05222 Small cell lung cancer

OHSU-CNL KEGG hsa05221 Acute myeloid leukemia
ORGANOID-PANCREATIC | KEGG hsa05212 Pancreatic cancer

REBC-THYR KEGG hsa05216 Thyroid cancer

TARGET-AML KEGG hsa05221 Acute myeloid leukemia
TCGA-BLCA KEGG hsa05219 Bladder cancer

TCGA-BRCA KEGG hsa05224 Breast cancer

TCGA-CESC KEGG hsa05165 Human papillomavirus infection
TCGA-COAD KEGG hsa05210 Colorectal cancer

TCGA-ESCA KEGG hsa04110 Cell cycle

TCGA-GBM KEGG hsa05214 Glioma

TCGA-KICH KEGG hsa05211 Renal cell carcinoma

TCGA-KIRC KEGG hsa05211 Renal cell carcinoma

TCGA-KIRP KEGG hsa05211 Renal cell carcinoma

TCGA-LIHC KEGG hsa05225 Hepatocellular carcinoma
TCGA-LUAD KEGG hsa05223 Non-small cell lung cancer
TCGA-LUSC KEGG hsa05223 Non-small cell lung cancer
TCGA-PAAD KEGG hsa05212 Pancreatic cancer

TCGA-PCPG KEGG hsa00020 Citrate cycle (TCA cycle)
TCGA-PRAD KEGG hsa05215 Prostate cancer

TCGA-STAD KEGG hsa05226 Gastric cancer

TCGA-THCA KEGG hsa05216 Thyroid cancer

CPTAC-3 WikiPathways | WP4263 Pancreatic adenocarcinoma pathway
CPTAC-3 WikiPathways | WP4155 Endometrial cancer

CPTAC-3 WikiPathways | WP4241 Type 2 papillary renal cell carcinoma
CPTAC-3 WikiPathways | WP4255 Non small cell lung cancer
ORGANOID-PANCREATIC | WikiPathways | WP4263 Pancreatic adenocarcinoma pathway
REBC-THYR WikiPathways | WP4928 MAPK pathway in congenital thyroid cancer
TCGA-BLCA WikiPathways | WP2828 Bladder cancer

TCGA-BRCA WikiPathways | WP4262 Breast cancer pathway

TCGA-COAD WikiPathways | WP4290 Metabolic reprogramming in colon cancer
TCGA-GBM WikiPathways | WP2261 Glioblastoma signaling pathways
TCGA-KICH WikiPathways | WP4241 Type 2 papillary renal cell carcinoma
TCGA-KIRC WikiPathways | WP4241 Type 2 papillary renal cell carcinoma
TCGA-KIRP WikiPathways | WP4241 Type 2 papillary renal cell carcinoma
TCGA-LIHC WikiPathways | WP3646 Hepatitis C and hepatocellular carcinoma
TCGA-LUAD WikiPathways | WP4255 Non small cell lung cancer
TCGA-LUSC WikiPathways | WP4255 Non small cell lung cancer
TCGA-PAAD WikiPathways | WP4263 Pancreatic adenocarcinoma pathway
TCGA-STAD WikiPathways | WP2361 Gastric cancer network 1
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We use the ranking of the targeted gene sets based on their enrichment p-values as the main
metric to assess the performance of the methods. Here, we use the unadjusted p-values to rank
the gene sets, as the adjusted p-values might cause many gene sets to have the same p-value,
especially with a large number of gene sets in the database. The smaller the enrichment p-value
of a gene set, the higher the rank of the gene set. If two gene sets have the same enrichment
p-value, the gene set with a smaller number of genes will have a higher rank. We then scale
the ranks of the gene sets to the range of 0 to 1 to be able to compare the ranks across different

gene set databases.

Performance on microarray datasets and TPM-normalized RNA-Seq datasets downloaded from

the GEO database.

Figures 9.2 and 9.3 show the scaled ranks of the targeted gene sets for each method from
the KEGG database and the WikiPathways database, respectively, using microarray datasets
and TPM-normalized RNA-Seq datasets downloaded from the GEO database. From this point,
unless otherwise stated, we refer to the results from the TPM-normalized RNA-Seq datasets
as the results from the RNA-Seq datasets. In figures 9.2 and 9.3, we group the datasets by
the condition they belong to and present the results for each condition in a subfigure. We
also present the overall performance of the methods for only non-cancer datasets, only cancer
datasets, only microarray datasets, only RNA-Seq datasets, and all datasets, respectively, in the
last 5 subfigures. Using KEGG gene sets, PGSA achieves the highest median rank in 15 (out
of 29) conditions. Across all analyses, PGSA achieves the highest median rank in 141 (out of
371) analyses, with a median rank of 0.90. This indicates that in most analyses, the targeted
gene sets are ranked among the top 10% most significant gene sets by PGSA. With 336 gene
sets analyzed from the KEGG database, the targeted gene sets are ranked among the top 34
most significant gene sets by PGSA in most analyses. The second-best method is Pathnet, with
the highest median rank in 6 conditions and 39 analyses. The median rank of targeted gene sets
by Pathnet is 0.81, i.e., the targeted gene sets are ranked among the top 19% most significant
gene sets by Pathnet, or among the top 64 most significant gene sets. Overall, the ranking of

targeted gene sets by PGSA is significantly better than the ranking by any of the other methods
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(maximum p-value of 1.8 x 10! using one-sided Wilcoxon signed-rank test when comparing
PGSA and any of the other methods). PGSA has consistent performance in non-cancer datasets
and cancer datasets, with median ranks of 0.90 and 0.89, respectively. The method performs
slightly better on microarray datasets than on RNA-Seq datasets, with median ranks of 0.94
and 0.89, respectively.

Using WikiPathways gene sets, PGSA achieves the highest median rank in 12 (out of 23)
conditions. Note that the number of conditions analyzed for WikiPathways gene sets is smaller
than that number for KEGG gene sets because not all conditions have a corresponding targeted
gene set in the WikiPathways database. Across all analyses, PGSA achieves the highest median
rank in 147 (out of 334) analyses, with a median rank of 0.91. With 798 gene sets analyzed
from the WikiPathways database, the targeted gene sets are ranked among the top 72 most
significant gene sets by PGSA in most analyses. The second best method is PADOG, which has
a median rank of 0.80, i.e., the targeted gene sets are ranked among the top 160 most significant
gene sets in most analyses. PADOG achieves the highest median rank in 4 conditions and 36
analyses. Overall, the ranking of targeted gene sets by PGSA is significantly better than the
ranking by any of the other methods (maximum p-value of 5.6 x 10~ using one-sided Wilcoxon
signed-rank test when comparing PGSA and any of the other methods). PGSA has consistent
performance in non-cancer datasets and cancer datasets, with median ranks of 0.89 and 0.91,
respectively, as well as on microarray datasets and RNA-Seq datasets, with median ranks of
0.89 and 0.91, respectively.

We present the adjusted p-values of the targeted gene sets from the KEGG database and
the WikiPathways database for each method in Figure 9.4 and 9.5, respectively. To adjust the
p-values, we use the harmonic mean p-value (HMP) method [240]. The harmonic mean p-value
method is most influenced by the smallest p-value, and is insensitive to the number of gene sets
in the database, hence partially allowing us to compare the p-values across different databases
(KEGG and WikiPathway). We also present the FDR-adjusted p-values of the targeted gene
sets in Figure 9.6 and 9.7, respectively. Overall, PGSA can identify the targeted gene sets
as significant (with a significance threshold of 0.05) in most analyses, regardless of the gene

set database and the technology used to generate the data. In contrast, except for PathNet and
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Figure 9.2: The scaled ranks of the targeted gene set from the KEGG database for the 11 meth-
ods using microarray datasets and TPM-normalized RNA-Seq datasets from the GEO database.
Each subfigure shows the scaled ranks of the gene sets for a condition. The title of each sub-
figure shows the name of the condition and the number of datasets used for the condition. The
x-axis represents the methods and the y-axis represents the scaled ranks of the gene sets. The
last 5 subfigures show the overall performance of the methods for only non-cancer datasets,
only cancer datasets, only microarray datasets, only RNA-Seq datasets, and all datasets, re-
spectively.
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Figure 9.3: The scaled ranks of the targeted gene set from the WikiPathways database for
7 methods using microarray datasets and TPM-normalized RNA-Seq datasets from the GEO
database. Each subfigure shows the scaled ranks of the gene sets for a condition. The title
of each subfigure shows the name of the condition and the number of datasets used for the
condition. The x-axis represents the methods and the y-axis represents the scaled ranks of the
gene sets. The last 5 subfigures show the overall performance of the methods for only non-
cancer datasets, only cancer datasets, only microarray datasets, only RNA-Seq datasets, and all
datasets, respectively.
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CePaGSA on KEGG databases, most of the other methods fail to identify the targeted gene sets
as significant in most analyses (using both KEGG and WikiPathways databases). With these
methods, using p-value as the main threshold for selecting significant gene sets will remove
the targeted gene sets from downstream analysis. At the same time, since the ranking of the
targeted gene sets by these methods is low (0.8 or lower), a threshold based on the ranking will
be at least 20% of the gene sets for the targeted gene sets to be included in the downstream
analysis. This is not practical in most cases, especially when the gene set database contains a
large number of gene sets, such as the WikiPathways database with 798 gene sets. Table 9.6
shows the percentage of analyses in which the targeted gene sets are included in the list of
significant gene sets for further analysis using a significance threshold of 0.05 (HMP adjusted)
and different top percentages of gene sets used as the cutoff for significance. With the top

10% gene sets used as the cutoff for significance, PGSA identifies the targeted gene sets as
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significant in 51% of the analyses using the KEGG database and 52% of the analyses using the
WikiPathways database. The second best method for KEGG gene sets is PathNet with 27% of
the analyses, and for WikiPathways gene sets is ORA with 31% of the analyses. Increasing the
top percentage of gene sets also increases the percentage of analyses in which the targeted gene
sets are identified as significant for most methods, except for GSEA, GSA, and PADOG, which
identify the targeted gene sets as non-significant in most analyses. Among the other methods,
CePaGSA and PathNet identify the targeted gene sets as significant in most analyses (317 and
224 out of 371 analyses for CePaGSA and PathNet, respectively, using the KEGG database).
However, for CePaGSA, the median ranking of the targeted gene sets is 0.59 (only available for
KEGG gene sets), indicating that more than 40% of the gene sets are identified as statistically
significant and are more significant than the targeted gene sets. Consequently, with a cutoff of
10%, only 6% of the analyses will include the targeted gene sets in the list of significant gene
sets for further analysis. PathNet performs relatively well in terms of ranking (median rank-
ing of 0.81) and identifying the targeted gene sets as significant individually. However, when
combining the two metrics, the targeted gene sets are only included in the list of significant
gene sets for further analysis in 27% of the analyses with a cutoff of 10% using the KEGG
database. This suggests that in some analyses, the targeted gene sets are either ranked low or

are not identified as significant by PathNet.
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Figure 9.4: The HMP p-values of the targeted gene set from the KEGG database for the 11 methods using microar-
ray datasets and TPM-normalized RNA-Seq datasets from the GEO database. Each subfigure shows the p-values
of the gene sets for a condition. The title of each subfigure shows the name of the condition and the number of
datasets used for the condition. The x-axis represents the methods and the y-axis represents the p-values of the
gene sets. The horizontal dashed line represents the significance threshold of 0.05. The last 5 subfigures show the
overall performance of the methods for only non-cancer datasets, only cancer datasets, only microarray datasets,
only RNA-Seq datasets, and all datasets, respectively.
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Figure 9.5: The HMP p-values of the targeted gene set from the WikiPathways database for 7 methods using

microarray datasets and TPM-normalized RNA-Seq datasets from the GEO database.
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Figure 9.6: The FDR-adjusted p-values of the targeted gene sets from the KEGG database for the 11 methods
using microarray datasets and TPM-normalized RNA-seq datasets from the GEO database. Each subfigure shows
the p-values of the gene sets for a condition. The title of each subfigure shows the name of the condition and
the number of datasets used for the condition. The x-axis represents the methods and the y-axis represents the
p-values of the gene sets. The horizontal dashed line represents the significance threshold of 0.05. The last 5
subfigures show the overall performance of the methods for only non-cancer datasets, only cancer datasets, only
microarray datasets, only RNA-seq datasets, and all datasets, respectively.
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using microarray datasets and TPM-normalized RNA-seq datasets from the GEO database.
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Table 9.6: The percentage of analyses using GEO datasets in which the targeted gene sets are
identified as significant by each method using a significance threshold of 0.05 (HMP adjusted).
The first column shows the gene set database used in the analysis. The second column shows
the top percentage of gene sets used as the cutoff for significance. The third to the last columns
show the percentage of analyses in which the targeted gene sets are identified as significant by
each method. All percentages are rounded to the nearest integer. The total number of analyses
is 371 for KEGG gene sets and 334 for WikiPathways gene sets.

Database | Threshold Method T =
< | 8l<l 8| |88 2
% < 28| <2 I éZE
2 C|2|0| 8 &3] &8 G| &
1051232241114 |15|16|16| 6|27
KEGG 20|76 |33 (35| 4|12]14(23|129|20 |16 |47
308640 42| 5|12 |14 |28 35|24 |26 54
10523125 1|16]15]20
WikiP. 20166 |36 31| 2|16 (15|27
301693732 3|16|15]|33

Performance on counts data of RNA-Seq datasets downloaded from the GEO database.

Figure 9.8, 9.9, 9.10, 9.11, 9.12, and 9.13 show the scaled ranks of the targeted gene sets
and the adjusted p-values of the targeted gene sets for each method using counts data of the
RNA-seq datasets from the GEO database. Overall, it is clear that PGSA still consistently

outperforms other methods even when using the counts data instead of the TPM-normalized

data.
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Figure 9.8: The scaled ranks of the targeted gene set from the KEGG database for the 11 methods using counts
data of the RNA-seq datasets from the GEO database. Each subfigure shows the scaled ranks of the gene sets for
a condition. The title of each subfigure shows the name of the condition and the number of datasets used for the
condition. The x-axis represents the methods and the y-axis represents the scaled ranks of the gene sets. The last
3 subfigures show the overall performance of the methods for only non-cancer datasets, only cancer datasets, and
all datasets, respectively.
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Figure 9.9: The scaled ranks of the targeted gene set from the WikiPathways database for 7 methods using counts
data of the RNA-seq datasets from the GEO database.
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Figure 9.10: The HMP p-values

Inflammatory Bowel Disease Liver Cancer (24)

of the targeted gene sets from the KEGG database for the 11 methods using
counts data of the RNA-seq datasets from the GEO database. Each subfigure shows the p-values of the gene
sets for a condition. The title of each subfigure shows the name of the condition and the number of datasets
used for the condition. The x-axis represents the methods and the y-axis represents the p-values of the gene sets.
The horizontal dashed line represents the significance threshold of 0.05. The last 3 subfigures show the overall
performance of the methods for only non-cancer datasets, only cancer datasets, and all datasets, respectively.
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Figure 9.11:

counts data of the RNA-seq datasets from the GEO database.
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Figure 9.12: The FDR adjusted p-values of the targeted gene sets from the KEGG database for the 11 methods
using counts data of the RNA-seq datasets from the GEO database. Each subfigure shows the p-values of the
gene sets for a condition. The title of each subfigure shows the name of the condition and the number of datasets
used for the condition. The x-axis represents the methods and the y-axis represents the p-values of the gene sets.
The horizontal dashed line represents the significance threshold of 0.05. The last 3 subfigures show the overall
performance of the methods for only non-cancer datasets, only cancer datasets, and all datasets, respectively.
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Figure 9.13: The FDR adjusted p-values of the targeted gene sets from the WikiPathways database for 7 methods
using counts data of the RNA-seq datasets from the GEO database.
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Performance on TPM-normalized RNA-seq datasets downloaded from the GDC portal.

Similar to the GEO datasets, we run all 11 methods on the KEGG database and only run the
non-topology-based methods on the WikiPathways database using the cancer datasets down-
loaded from the GDC portal. The results, including the scaled ranks of the targeted gene sets
and the HMP p-values of the targeted gene sets, are presented in Figure 9.14. For results us-
ing FDR-adjusted p-values, see Figure 9.15. We group the datasets by the project they belong
to and present the results for each cohort in a subfigure. In terms of ranking, using KEGG
database (Figure 9.14a), PGSA achieves the highest median rank in 32 (out of 50) analyses,
with a median rank of 0.96. The second best method is PADOG, with a median rank of 0.88,
and is the best method in 2 analyses. Using WikiPathways database (Figure 9.14b), PGSA
achieves the highest median rank in 24 (out of 39) analyses, with a similar median rank of 0.96.
The second best method is PADOG with a median rank of 0.90, and is the best method in 3
analyses. We note that all datasets are RNA-Seq datasets of cancer studies. While PGSA shows
a consistent ranking performance across different cohorts, with median ranks ranging from 0.93
to 0.97, some methods show a large variation in ranking performance across different cohorts.
For example, GSEA has a median rank of 0.72 in the TCGA project, but has a median rank of
0.24 in the CPTAC project. Those numbers for FGSEA and GSA are 0.71 and 0.41, and 0.89
and 0.62, respectively.

In terms of p-values, PGSA identifies the targeted gene sets as significant in most analyses,
regardless of the gene set database. The second best method in terms of ranking for both
KEGG and WikiPathways databases, PADOG, however, fails to identify the targeted gene sets
as significant in most analyses, for both gene set databases. When using a cutoff of 0.05 for
the HMP p-values and a maximum of 10% for the top percentage of gene sets ranked by their
significance, for PGSA the targeted gene sets are in the list of significant gene sets for further
analysis in 76% of the analyses using the KEGG database and 72% of the analyses using the
WikiPathways database (Table 9.7). Those numbers for PADOG are 42% for KEGG gene sets,
and only 5% for WikiPathways gene sets.

In summary, PGSA consistently outperforms other methods in ranking the targeted gene

sets as more significant than other gene sets. When using both p-values and the top percentage
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Table 9.7: The percentage of analyses using GDC datasets in which the targeted gene sets are
identified as significant by each method using a significance threshold of 0.05 (HMP adjusted).
The first column shows the gene set database used in the analysis. The second column shows
the top percentage of gene sets used as the cutoff for significance. The third to the last columns
show the percentage of analyses in which the targeted gene sets are identified as significant by
each method. All percentages are rounded to the nearest integer. The total number of analyses
is 50 for KEGG gene sets and 39 for WikiPathway gene sets.

Database | Threshold Method T =

< 5 < 8 o= % 8 3

4| % g4 28] 2| 2| £ & Z

2SI 2|8|8 &3] &S G| &

107622 8| 0|36(42| 8|34 (34| 2|22

KEGG 2084134120 2(36|42|10|52|44| 8|40

30192 (52 (44| 4|36(42|24|56|68 |14 |50
1072|2613 | 8|38 5
WikiPathways 20|74 |46 |26 | 8|38 |23
30(79 146 | 51| 8|38 |41

of gene sets as the cutoff for significance, PGSA demonstrates an even bigger margin in per-
formance when identifying the targeted gene sets as one of the potential gene sets for further

analysis.

Performance on counts data of RNA-seq datasets downloaded from the GDC portal.

Figures 9.16 and 9.17 show the scaled ranks and p-values of the targeted gene sets for each
method using counts data of the RNA-seq datasets from the GDC portal. Similar to the results
from the TPM-normalized data, PGSA consistently outperforms other methods when using the

counts data.
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Figure 9.14: The scaled ranks and HMP p-values of the targeted gene sets using the TPM-
normalized RNA-Seq datasets from the GDC portal. a) The scaled ranks (top) and p-values
(bottom) of the targeted gene sets from the KEGG database for the 11 methods. b) The scaled
ranks (top) and p-values (bottom) of the targeted gene sets from the WikiPathways database
for 7 methods. In each subfigure, the title shows the name of the cohort and the number of
datasets used from the cohort. The x-axis represents the methods and the y-axis represents the

scaled ranks or p-values of the gene sets. The horizontal dashed line represents the significance
threshold of 0.05.
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Figure 9.15: The scaled ranks and FDR-adjusted p-values of the targeted gene sets using the
TPM-normalized RNA-seq datasets from the GDC portal. a) The scaled ranks (top) and p-
values (bottom) of the targeted gene sets from the KEGG database for the 11 methods. b)
The scaled ranks (top) and p-values (bottom) of the targeted gene sets from the WikiPathways
database for 7 methods. In each subfigure, the title shows the name of the cohort and the
number of datasets used from the cohort. The x-axis represents the methods and the y-axis
represents the scaled ranks or p-values of the gene sets. The horizontal dashed line represents
the significance threshold of 0.05.
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Figure 9.16: The scaled ranks and HMP p-values of the targeted gene sets using the counts data
of RNA-seq datasets from the GDC portal. a) The scaled ranks (top) and p-values (bottom) of
the targeted gene sets from the KEGG database for the 11 methods. b) The scaled ranks (top)
and p-values (bottom) of the targeted gene sets from the WikiPathways database for 7 methods.
In each subfigure, the title shows the name of the cohort and the number of datasets used from
the cohort. The x-axis represents the methods and the y-axis represents the scaled ranks or
p-values of the gene sets. The horizontal dashed line represents the significance threshold of

0.05.
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Figure 9.17: The scaled ranks and FDR-adjusted p-values of the targeted gene sets using the
counts data of RNA-seq datasets from the GDC portal. a) The scaled ranks (top) and p-values
(bottom) of the targeted gene sets from the KEGG database for the 11 methods. b) The scaled
ranks (top) and p-values (bottom) of the targeted gene sets from the WikiPathways database
for 7 methods. In each subfigure, the title shows the name of the cohort and the number of
datasets used from the cohort. The x-axis represents the methods and the y-axis represents the
scaled ranks or p-values of the gene sets. The horizontal dashed line represents the significance

threshold of 0.05.
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9.3.2 PGSA improves ranking of disease-related gene sets

In the previous analysis, we assessed the performance of PGSA and other methods in ranking
the significance of a single gene set that is known to be associated with the disease of interest.
This analysis solely relies on the availability of the targeted gene sets in the gene set database,
and disregards other gene sets that might be relevant to the disease of interest. To extend the
assessment to other gene sets that might be relevant to the disease of interest, in this analysis,
we compute a disease-relevant score for each pair of gene sets and conditions. We then assess
the performance of the methods in ranking disease-related gene sets. A good pathway analysis
method should be able to identify gene sets that have a high disease-relevant score as more
significant than gene sets that have a low disease-relevant score. For each gene set, we compute

the disease-relevant score as

1 n
drs = — da, x dsi; 9.3
rs nizlg a, x dsi 9.3)

where n is the number of genes in the gene set, gda, is the disease association score of the
1-th gene, and dsi; is the disease specificity score of the i-th gene. The disease association
score reflects the abundance of evidence supporting the association between the gene and the
disease, while the disease specificity score reflects the specificity of the association between
the gene and the disease, i.e, a gene that is associated with only one disease has a higher
disease specificity score for that disease than a gene that is associated with multiple diseases.
We use the disease association scores and the disease specificity scores from the DisGeNET
database [241] as the source of the scores.

Note that the gene-disease association scores and the disease specificity scores are based
on the amount of evidence supporting the association between the gene and the disease in the
literature [241]. This score is by no means representing the causal relationship between the
gene and the disease. As a result, our disease-relevant score represents the average amount
of evidence supporting the association between the genes in the gene set and the disease of
interest. The higher the disease-relevant score of a gene set, the more likely the gene set is

relevant to the disease of interest.
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In this analysis, we use three gene set databases, KEGG, WikiPathway, and Gene Ontology
(GO) Biological Process, as the sources of gene sets. The number of gene sets analyzed from
each database is 371, 798, and 7,096, respectively. Similar to the previous analysis, we run all
11 methods on the KEGG database. For the WikiPathways database and the GO database, we
only run the non-topology-based methods. For each analysis result, we compute the Spearman
correlation coefficient between the negative logarithm of the p-values and the disease-relevant
scores of the gene sets. We remove extreme p-values (p-value is O or 1) from the analysis as
methods that rely on permutation tests might have a large number of gene sets with p-value of

0 or 1 and will cause the correlation to be biased.

Performance on microarray datasets and TPM-normalized RNA-Seq datasets downloaded from

the GEO database.

Figure 9.18 shows the overall correlation between the negative logarithm of the p-values and the
disease-relevant scores for each method and each gene set database using microarray datasets
and RNA-Seq datasets from the GEO database. We group the datasets by the disease type
(cancer or non-cancer), the technology used to generate the data (microarray or RNA-Seq), and
overall. The details of the correlation for each condition and each gene set database are pre-
sented in Figures 9.23, 9.24, and 9.25. Overall, PGSA outperforms other methods in ranking
more relevant gene sets as more significant. For KEGG gene sets, PGSA achieves the highest
median correlation in 28 (out of 29) conditions, and 332 (out of 371) analyses, with a median
correlation of 0.54. For WikiPathways and GO Biological Process gene sets, PGSA achieves
the highest median correlation in all conditions, and in 355 and 354 analyses, respectively. The
median correlation for PGSA is 0.41 and 0.37 for WikiPathways and GO Biological Process
gene sets, respectively. The median correlation for any of the three gene set databases is signif-
icantly higher than the median correlation of the other methods (p-value < x107% in all cases
using the one-sided Wilcoxon signed-rank test) with a large margin. For example, the median
correlation of the second-best method with the KEGG database (PathNet) is 0.30 (compared

to 0.54 for PGSA), with the WikiPathways (PADOG) database is 0.11 (compared to 0.41 for
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PGSA), and with the GO Biological Process (PADOG) database is 0.12 (compared to 0.37 for
PGSA).
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Figure 9.18: The correlation of the disease-relevant scores and the p-values of the gene sets
for datasets from the GEO database (microarray and TPM-normalized RNA-Seq) from the 11
methods and 3 gene set databases: a) KEGG, b) WikiPathways, and ¢) GO Biological Process.
In each subfigure, the title shows the grouping of the datasets based on the disease types (cancer
or non-cancer), the technology used to generate the data (microarray or RNA-Seq), and overall,
along with the number of datasets used for the grouping. The x-axis represents the methods
and the y-axis represents the correlation of the disease-relevant scores and the p-values of the
gene sets.

We also present the disease-relevant scores of the top 10% most significant gene sets for
each method and each gene set database in Figure 9.19. Since the disease-relevant scores
are not directly comparable across different conditions and gene set databases, we rank the
disease-relevant scores of the gene sets per condition and gene set database. The ranks are
from 1 to the number of gene sets in the database, with the lowest score having a rank of
1 and the highest score having a rank of the number of gene sets in the database. We then
scale the ranks to the range of 0 to 1, with the highest score having a rank of 1 and the lowest
score having a rank of 0. From this point, we refer to this scaled ranks as the disease-relevant
ranks. Figure 9.19 shows the disease-relevant scores grouped by the disease type (cancer or

non-cancer), the technology used to generate the data (microarray or RNA-Seq), and overall.
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We also present the results for each condition and each gene set database in Figures 9.20, 9.21,
and 9.22. In this analysis, an ideal method will have a median rank of 0.95 and a random result
will have a median rank of 0.5. Overall, the top 10% most significant gene sets identified by
PGSA are more relevant to the disease of interest than those identified by other methods. For
KEGG gene sets, PGSA achieves the highest median disease-relevant rank in 22 (out of 29)
conditions. Among 371 analyses, PGSA achieves the highest median disease-relevant rank in
190 analyses, with a median score of 0.76. In other words, in most analyses, the top 10% most
significant gene sets identified by PGSA are those among the top 24% most relevant gene sets in
the KEGG database. For WikiPathways gene sets, PGSA achieves the highest median disease-
relevant score in 27 conditions, and in 303 analyses, with a median score of 0.70. For GO
Biological Process gene sets, PGSA also achieves the highest median disease-relevant score
in 28 conditions and in 320 analyses, with a median score of 0.67. These median scores for
any of the three gene set databases are significantly higher than the median scores of the other
methods (p-value < x 107! in all cases using the one-sided Wilcoxon signed-rank test) with a
substantial margin. For example, the second-best method with the KEGG database (PathNet)
has a median score of 0.68 (compared to 0.76 for PGSA), with the WikiPathways (GAGE)
database has a median score of 0.57 (compared to 0.70 for PGSA), and the GO Biological
Process (GAGE) database has a median score of 0.58 (compared to 0.67 for PGSA).
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Figure 9.19:

The disease-relevant rank of top 10% most significant gene sets for datasets from the GEO database

(microarray and TPM-normalized RNA-Seq) for the 11 methods and 3 gene set databases: a) KEGG, b) WikiPath-
ways, and ¢) GO Biological Process. In each subfigure, the title shows the group of the datasets based on the
disease types (cancer or non-cancer), the technology used to generate the data (microarray or RNA-Seq), and
overall, along with the number of datasets used for the grouping. The x-axis represents the methods and the y-axis
represents the disease-relevant scores of the gene sets.

Alzheimer's (63)

b

14

)

0

0.75

Rank

0.

@
3

0.

N
&

0.00

1.00-

IBD (32)

i

Parkinson's (34)

-

1.00

0.00

Colorectal Cancer (28)

i

Liver Cancer (24)

—

1.00

0.00

|

LCISCLC (17)

bl

1.00 1.00

0.

5

5 0.75

0.

@

0 0.50

0.

N

5 0.25

0.00 0.00

Brain Cancer (12)

bl

Huntington's (16)
1.

)

0

0.75

Rank

0.

@
3

0.

N
&

0.00

Influenza (13)

Renal Carcinoma (14)

1.00

Pancreatic Cancer (11)

Gastric Cancer (9)
1.00

Breast Cancer (10)

1.00 1.00

DCM (8)

14

3

0

0.75

Rank

0.

@
3

0.

N
&

0.00

1.

3

0

£0.75
§
14

0.!

@

0-

0.

N

5:

0.00

1

3

0

1.00 1.00
075 ﬁ * 075 0.75 075 075 0.75 *
050 050 050 050 050 0501 |
' 02513 . : 025 0.25 025 025 0.25
. 0.00{s « el eale 000 ! ool . 0.00{e 0.00 0.00 .
Thyroid Cancer (8) CML (8) Endometrial Cancer (6) COVID-19 (8) AML (6) Prostate Cancer (6) Glioma (5)
1.00 1.00 1.00 1.00 1.00 1.00
075 075 075 075 075 075
050 050 050 050 050 050
0.25 ! , 025 ! . 025 0252 . 025 0.25
- 000l t 000 . : 0.00 0.00 l Pl ool 0.00 :
Type 2 Diabetes (7) Cervical Cancer (5) NAFLD (4) Type 1 Diabetes (4) NSCLC (3) Tuberculosis Infection (3) SLE (4)
1.00 1.00 1.00 1.00 1.00 1.00
075 075 0.75 075 075 0.75 *
050 050 050 050 050 050,
0.251% 025 0.25 025 | o025 0.25 : ! :
0.00{ _« L 0.00 0.00 - 000 . 0.00 - ool .
Atopic Dermatitis (3) Overall Non—-Cancer (207 Overall Cancer (164) Overall Microarray (188) Overall RNASeq (183) Overall (371) RN EE I ] E
5488588
e &

0.75

Rank

"

I

1.00

0.75

i

i

i

1.00

0.

=5

5

i

|

1.00

0.75

i

0.50 0.50 0.50 0.50 0.50 0.50
0.25- 0.25 0.25 0.25- 0.25 0.25
0.00 0.00 0.00{= 0.00- 0.00 0.00
CICCIOWILILC T CCCCCOWLLL G CCCCLOWLIL G CLCCLCOWLIL G CCCCCOWLLL G CCCCLOWLIL G
ArUWOOOgCd 2 VEUWWAROg X2 VEUWHSO0g XY 2 SrUUO OO W2 VrUWAROg X &2 VEUWHE0g EY 2
£088°23938% QOBB°239Q8% 20838°23928% £088°923938% QOBB°23928% RoBBC5n38%
g g0 EE&F e g0 &&F e g0 E£&8 s g0 E&F e g0 &&F 2 FO E&E
TS TS TS T S T 5 %%
(SN (SR [s)) 0o [s)e) [s)e)

Figure 9.20: The disease-relevant scores of the top 20 gene sets from the KEGG database and GEO datasets

(microarray and TPM-normalized RNA-Seq) for the 11 methods.
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Figure 9.21: The disease-relevant scores of the top 20 gene sets from the WikiPathways database and GEO datasets
(microarray and TPM-normalized RNA-Seq) for 7 methods.
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Figure 9.22: The disease-relevant scores of the top 20 gene sets from the GO database and GEO datasets (microar-
ray and TPM-normalized RNA-Seq) for the 11 methods.
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Figure 9.23: The correlation of the disease-relevant scores and the p-values of the gene sets from the KEGG
database and GEO datasets (microarray and TPM-normalized RNA-Seq) for the 11 methods.
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Figure 9.24: The correlation of the disease-relevant scores and the p-values of the gene sets from the WikiPathways
database and GEO datasets (microarray and TPM-normalized RNA-Seq) for 7 methods.
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Figure 9.25: The correlation of the disease-relevant scores and the p-values of the gene sets from the GO database
and GEO datasets (microarray and TPM-normalized RNA-Seq) for the 11 methods.

Performance on counts data of RNA-Seq datasets downloaded from the GEO database.

Figures 9.26, 9.27, 9.28, 9.29, 9.30, and 9.31 shows the disease-relevant scores and the corre-

lation of the disease-relevant scores and the p-values of the gene sets for each method and each

gene set database using counts data of the RNA-seq datasets from the GEO database. Overall,

regardless of data normalization methods, PGSA consistently outperforms other methods in

ranking the more disease-relevant gene sets as more significant than other gene sets.
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Figure 9.26: The disease-relevant scores of top 20 gene sets from the KEGG database and GEO RNA-Seq datasets
using counts data for the 11 methods.
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Figure 9.27: The disease-relevant scores of the top 20 gene sets from the WikiPathways database and GEO RNA-
Seq datasets using counts data for 7 methods.
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Figure 9.28: The disease-relevant scores of top 20 gene sets from the GO database and GEO RNA-Seq datasets
using counts data for 7 methods.
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Figure 9.30: The correlation of the disease-relevant scores and the p-values of the gene sets from the WikiPathways
database and GEO RNA-Seq datasets using counts data for 7 methods.
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Figure 9.31: The correlation of the disease-relevant scores and the p-values of the gene sets from the GO database
and GEO RNA-Seq datasets using counts data for 7 methods.
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Performance on TPM-normalized RNA-seq datasets downloaded from the GDC portal.

Figure 9.32 shows the overall correlation between the negative logarithm of the p-values and the
disease-relevant scores for each method and each gene set database using the cancer datasets
from the GDC portal. Similar to the targeted gene set analysis, we group the datasets by the
project they belong to and present the results for each cohort in a subfigure. Similar to the
results from the GEO datasets, PGSA outperforms other methods in ranking gene sets that are
more relevant to the disease of interest as more significant, with a large margin. For KEGG
gene sets, PGSA achieves the highest median correlation in 48 (out of 50) analyses, with a
median correlation of 0.56. The second best method is CePaORA, with a median correlation
of 0.39. For WikiPathways gene sets, PGSA has the highest median correlation in all 50 anal-
yses, with a median correlation of 0.46. The second best method is PADOG, with a median
correlation of 0.22. Similarly, for GO Biological Process gene sets, PGSA achieves the highest
median correlation in all analyses, with a median correlation of 0.40. The second best method
is PADOG, with a median correlation of 0.23.

Figure 9.33 shows the disease-relevant ranks of the top 10% most significant gene sets
for each method and each gene set database using the cancer datasets from the GDC portal.
Similar to the results from the GEO datasets, the top 10% most significant gene sets identified
by PGSA are more relevant to the disease of interest than those identified by other methods.
For KEGG gene sets, PGS A achieves the highest median disease-relevant rank in 35 (out of 50)
analyses, with a median score of 0.79. For WikiPathways gene sets, those numbers are 35 and
0.76, respectively, and for GO Biological Process gene sets, those numbers are 25 and 0.69,
respectively. The median scores for any of the three gene set databases are significantly higher
than the median scores of the other methods (p-value < x 1071 in all cases using the one-sided
Wilcoxon signed-rank test). The second best method for KEGG gene sets is CePaORA, with
a median score of 0.69, and for WikiPathways and GO Biological Process gene sets, PADOG,

with a median score of 0.64 and 0.65, respectively.
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Figure 9.32: The correlation of the disease-relevant scores and the p-values of the gene sets for

datasets from the GDC portal (TPM-normalized RNA-Seq) for the 11 methods and 3 gene set

databases: a) KEGG, b) WikiPathways, and c) GO Biological Process. In each subfigure, the

title shows the name of the cohort and the number of datasets used from the cohort. The x-axis
represents the methods and the y-axis represents the disease-relevant scores of the gene sets.
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Figure 9.33: The disease-relevant rank of top 10% most significant gene sets for datasets from
the GDC portal (TPM-normalized RNA-Seq) for the 11 methods and 3 gene set databases: a)
KEGG, b) WikiPathways, and c¢) GO Biological Process. In each subfigure, the title shows the
name of the cohort and the number of datasets used from the cohort. The x-axis represents the
methods and the y-axis represents the disease-relevant scores of the gene sets.
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Performance on counts data of RNA-Seq datasets downloaded from the GDC portal.

Figures 9.34 and 9.35 show the overall correlation between the negative logarithm of the p-
values and the disease-relevant scores for each method and each gene set database using counts
data of the RNA-seq datasets from the GDC portal. Similar to the results from the TPM-
normalized data, PGSA consistently outperforms other methods when using the counts data.
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Figure 9.34: The correlation of the disease-relevant scores and the p-values of the gene sets for
datasets from the GDC portal (counts data) for the 11 methods and 3 gene set databases: a)
KEGG, b) WikiPathways, and ¢) GO Biological Process. In each subfigure, the title shows the
name of the cohort and the number of datasets used from the cohort. The x-axis represents the
methods and the y-axis represents the disease-relevant scores of the gene sets.
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Figure 9.35: The disease-relevant rank of the top 10% most significant gene sets for datasets
from the GDC portal (counts data) for the 11 methods and 3 gene set databases: a) KEGG, b)
WikiPathways, and c) GO Biological Process. In each subfigure, the title shows the name of
the cohort and the number of datasets used from the cohort. The x-axis represents the methods
and the y-axis represents the disease-relevant scores of the gene sets.
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Chapter 10

Conclusion (CPA and PGSA)

The fact that over 70 pathway analysis methods have been developed and that number is still
increasing, shows that pathway analysis is a challenging problem and the current methods are
not generally applicable to a wide range of datasets and conditions. In an attempt to address
this issue, we have first developed a web-based platform, Consensus Pathway Analysis (CPA),
that allows researchers to (1) analyze gene/protein expression data using eight popular methods
(GSEA, GSA, FGSEA, PADOG, Impact Analysis, Webgestalt, KS-test, Wilcox-test), (2) per-
form meta-analysis of multiple datasets, (3) combine methods and datasets to find consensus
results, and (4) interactively explore significantly impacted pathways across multiple analyses,
and browsing relationships between pathways and genes. Our main objective is to help life
scientists who are trying to understand the underlying biological mechanisms when compar-
ing two phenotypes. The platform is user-friendly, with rich features to explore and visualize
pathway analysis results. More importantly, it allows users to see the differences, as well as
the consensus results across many methods and experiments. At the same time, we also aim to
help bioinformaticians who are developing new pathway analysis methods.

We have also developed a novel pathway analysis method, PGSA, that is robust against
noise and can detect pathways that are significantly impacted in many conditions. In an un-
precedented benchmarking study using more than 400 datasets, we have shown that PGSA
outperforms other popular methods in ranking targeted and disease-related pathways. This
shows that PGS A potentially can be used as a general-purpose pathway analysis method and as

one of the standard methods for pathway analysis.
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Summary and Future Research
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Chapter 11

Summary

The rapid development of high-throughput technologies has greatly impacted the field of molec-
ular biology, allowing for the generation of vast amounts of molecular data. These platforms
have enabled the comprehensive profiling of various molecular features, including gene expres-
sion, DNA methylation, and microRNA expression. By integrating these diverse data types, we
gain a more holistic view of the molecular landscape underlying complex diseases, particularly
cancer, where multiple molecular processes work together to influence disease progression and
treatment response.

In this dissertation, we have introduced novel contributions to the areas of integrative can-
cer subtyping and gene set analysis. We have developed new subtyping frameworks, including
MGKA, DSCC, PINSPlus, and SMRT, which effectively integrate multiple omics data types
to classify cancer patients into clinically relevant subtypes. MGKA utilizes a multi-objective
genetic algorithm to refine the k-means clustering algorithm and automatically determine the
optimal number of subtypes. DSCC employs a consensus network approach, building patient
similarity networks from individual data types and using community detection to identify ro-
bust subtypes. PINSPlus is an extension of the original PINS method, integrating multiple data
types and providing a more accurate and efficient subtyping analysis. SMRT is a comprehen-
sive framework that integrates a large number of omics data types, utilizing a randomized data
transformation approach to handle noise and missing data effectively. Our approaches demon-
strate robustness against noise and missing data, and their performance improves as more data

types are incorporated, providing advantages over existing methods that often focus on a single
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data type and may have limitations in scalability and robustness. Through extensive analy-
ses on a wide range of cancer datasets, we have shown that MGKA, DSCC, PINSPlus, and
SMRT outperform state-of-the-art methods in identifying subtypes with significant differences
in patient survival and clinical characteristics. These frameworks offer a powerful and flexible
approach to integrative cancer subtyping, enabling researchers to uncover novel insights into
cancer heterogeneity and develop more personalized treatment strategies.

More importantly, we have developed a web-based platform, Consensus Pathway Analysis
(CPA), to facilitate the application of pathway analysis methods. CPA provides a user-friendly
interface for researchers to analyze their data using multiple pathway analysis methods and
visualize the results interactively. The platform allows users to perform consensus pathway
analysis, combining the results from different methods and datasets to identify the most ro-
bustly impacted pathways. CPA offers a rich set of visualization features, enabling researchers
to explore the relationships between pathways, genes, and datasets. By integrating multiple
methods and datasets, CPA helps researchers gain a more comprehensive understanding of the
biological processes underlying their data and increases confidence in the identified pathways.

We have also introduced a new consensus approach for pathway analysis called Perturbation-
based Gene Set Analysis (PGSA). PGSA has shown remarkable efficiency in identifying sig-
nificantly impacted pathways across a wide range of diseases. It addresses several challenges
faced by existing methods, such as bias towards well-studied diseases, sensitivity to noise, and
limited validation. PGSA employs a novel perturbation-based approach, where input gene ex-
pression data is perturbed multiple times, and gene set analysis is performed on each perturbed
dataset. This allows PGSA to capture the inherent variability and noise in the data, provid-
ing more robust and reliable results. By integrating the results from multiple perturbations,
PGSA identifies pathways that are consistently impacted across different conditions, reducing
the influence of dataset-specific noise and biases.

We have conducted a comprehensive benchmarking study using an unprecedented number
of datasets, spanning over 30 diseases and including more than 400 individual datasets. This

extensive validation establishes the robustness and reliability of PGSA across a diverse range of
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biological conditions and data types. Our results demonstrate that PGSA consistently outper-
forms existing pathway analysis methods in identifying disease-relevant pathways, even in the
presence of noise and heterogeneity in the data. Moreover, PGSA’s performance remains stable
across different disease types and data sources, highlighting its versatility and broad applicabil-
ity. By testing PGSA on such a large number of datasets and diseases, we have ensured that its
performance is not biased towards well-studied diseases or overfitted to specific datasets. This
comprehensive validation sets a new standard for the evaluation of pathway analysis meth-
ods and provides confidence in PGSA’s ability to uncover meaningful biological insights from
diverse datasets.

In summary, this dissertation represents a significant step forward in the fields of integra-
tive cancer subtyping and gene set analysis. The frameworks and techniques introduced here,
including MGKA, DSCC, PINSPlus, SMRT, CPA, and PGSA, can be adapted and applied to
various complex diseases, offering new opportunities for understanding their molecular ba-
sis and developing targeted interventions. By harnessing multi-omics data integration and
advanced computational methods, we can accelerate biomedical research and translate these

findings into benefits for patients worldwide.
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Chapter 12

Future Research

Although the work presented in this dissertation has addressed many challenges in the field of
cancer subtyping and pathway analysis, there are still many opportunities for future research.
Here, we outline some potential directions for future research.

For future work on multi-omics subtyping, there are several key directions to explore.
First, the subtyping framework can be extended to integrate additional types of omics data be-
yond mRNA expression, miRNA expression, and DNA methylation. This includes data types
such as copy number variation, somatic mutation, proteomics, and metabolomics. Evaluating
how these additional levels of molecular information impact the ability to define robust and
clinically relevant subtypes will be an important area of investigation. Second, methods can be
developed to meaningfully integrate key clinical variables with the molecular subtyping. Im-
portant clinical factors to consider include cancer stage, tumor grade, and patient demographics
like age and gender. Assessing if incorporating clinical data alongside the multi-omics data pro-
vides more prognostic subtypes compared to using molecular data alone will be a valuable line
of inquiry.

Third, the multi-omics subtyping approach can be adapted and applied to other complex,
heterogeneous diseases beyond cancer, such as neurodegenerative diseases like Alzheimer’s
and Parkinson’s, autoimmune disorders like rheumatoid arthritis and multiple sclerosis, and
cardiovascular diseases. Evaluating the performance and utility of multi-omics subtyping in

these other disease contexts will be important for extending the impact of this work. Fourth,
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the subtyping framework can be extended to handle data from emerging technologies like spa-
tial transcriptomics and single-cell sequencing. These data types can provide intratumor het-
erogeneity information that is lost in bulk tumor profiling, so developing methods to define
subtypes that account for spatial heterogeneity and cellular composition of the tumor microen-
vironment will be a cutting-edge area of research.

For future work on pathway analysis, there are also several exciting directions to pursue.
First, methods can be developed to identify pathways that are significantly impacted in specific
biological contexts, such as specific tissue types, cell types, disease subtypes, disease stages,
treatment conditions, or time points. This context-specific approach can provide a more granu-
lar understanding of when and where certain pathways are dysregulated rather than assuming a
pathway is uniformly impacted across all contexts. Second, pathway analysis methods can be
extended to integrate data from multiple omics levels, such as combining transcriptomics with
proteomics, metabolomics, or epigenomics data. Assessing if integrating multiple data types
provides more robust and biologically meaningful pathway results compared to using a single
data type will be an important question to address.

Third, network-based approaches that incorporate protein-protein interaction networks or
gene regulatory networks into the pathway analysis framework can be developed. This can help
identify key driver genes or network modules that are significantly perturbed, rather than just
individual genes, and evaluating if network-based approaches provide more interpretable and
actionable results compared to traditional pathway analysis methods will be a valuable line of
inquiry. Fourth, the clinical utility of pathway-based biomarkers can be evaluated, assessing
if significantly impacted pathways can serve as robust biomarkers for clinical outcomes like
disease prognosis, treatment response, or risk of recurrence and if pathway-based biomark-
ers outperform traditional single-gene biomarkers in terms of accuracy and reproducibility.
Promising pathway biomarkers can then be validated in independent patient cohorts and poten-
tially translated into clinical tests. Finally, methods can be developed to assess the impact of
rare genetic variants on pathway dysregulation, which may be missed by traditional pathway

analysis methods that focus on common variants, and to extend pathway analysis to single-cell
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data to evaluate if certain pathways are specifically dysregulated in certain cell types or cell

states.
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