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ABSTRACT

What drives a cancer’s evolution, including its initiation? This has been the focus of many published
studies in the past century. Among the various proposals, the predominating theory in the past four decades
has been that cancer is the result of genomic mutations. However, the mutation-centric view of cancer
drivers have been challenged by a number of recent studies, partially inspired by the fact that only a very
few common mutations have been observed across different tissues of the same cancer type or even different
cells in the same tissue.

In this dissertation, | have listed four research topics in my explorative research of the roles of micro-
environmental stresses in cancer initiation and progression in the past five years. The topics include: (1)
Cancer may be a pathway to cell survival under persistent hypoxia and elevated ROS: A model for solid-
cancer initiation and early development; (2) Population Dynamics inside Cancer Biomass Driven by
Repeated Hypoxia-Reoxygenation Cycles; (3) Elucidation of Drivers of High-Level Production of Lactates
throughout a Cancer Development; and (4) A bi-clustering based approach to comprehensively predict the

functional gain or loss of somatic mutations.



Through these projects, | have raised one functional model of the role of hypoxia and oxidative stress

in cancer initiation, one mechanistical model of the detailed mechanisms that how inflammation induce

cancer, identified several possible dyregulations of stromal cells and their association with cancer imitation

and progression, and a series of method to model cancer transcriptomics and genomics data.
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CHAPTER I

INTRODUCTION AND LITERATURE REVIEW

Background

In the past five years, starting from learning basic cancer biology and statistical analysis of cancer
omics data, | have conducted a series of analyses to understand the mechanisms hidden in real cancer
tissues and kept extending and deepening my research topics. In this chapter, I will review the current
understanding of cancer biology and challenges in cancer research, followed by my research philosophy
and the structure of my thesis. My major discoveries in four different but highly related projects will be
introduced in CHAPTERS I1-V and | will conclude and discuss my contribution to cancer research field

in CHAPTER V1.

A General Introduction of Cancer and Cancer Research

Cancer is a group of diseases with uncontrolled cell proliferations and some of the cells can invade
and metastasize to other parts of the body [1-4]. Cancer types are classified into the following major types
including myeloma, leukemia, lymphoma, sarcoma and different types of carcinoma, which is commonly
regarded as solid cancer types [5]. The majority of cancer incidences occur in solid cancer with primary
site in dozens of possible human organs such as brain, oral, thyroid, head and neck, lung, liver, stomach,

kidney, colon, bladder, prostate and pancreas. Some organ types with complicated tissue organizations



have multiple distinct cancer types such as the Oligodendrogliomas, Meningiomas, and Astrocytomas in
brain and small cell and non-small cell lung cancers.

Through the literature review and analysis | have conducted in the past five years, abnormal cell
proliferation and potential of metastasis are the two common characteristics shared by all cancer types
and are hence defining features of cancer. Other than these two commonalities, there are several
characteristics that are generally shared by most cancer types including reprogramming of energy
metabolism, evading immune destruction, sustaining proliferative signaling, tumor microenvironment,
evading growth suppressors, resisting cell death, enabling replicative immortality, angiogenesis, and
activating invasion and metastasis, which are regarded as the hallmarks of cancer (Figure 1) [1, 2]. It is
worth to note that my study has been focused on solid cancers, and even though they share multiple
commonalities, each solid cancer type has its distinct characteristics suggesting they should be treated as

different disease types.
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Figure 1.1. Ten hallmarks of cancer from “the Hallmarks of Cancer: next generation”, Douglas Hanahan

and Robert A. Weinberg [1].

Cancer is a one of the top public health problems in the United States. Around 25% deaths in the

United States is related to cancer. In 2014, 1,665,540 new cancer cases and 585,720 cancer deaths are

reported in the United States [6]. It is known that five-year survival rates for most of the early stage solid

cancers are around 4~10 times for those of advanced stages [5]. Numbers of successful biomarkers for

early diagnosis and more general, cancer occurrences, have been developed in the past 30 year. Along

with these, a tremendous amount of efforts are invested on finding effective drug targets for cancer at

different stages under different circumstances, which rely heavily on the discovered biomarkers. However,

a statistical estimation revealed that drugs developed this way generally increase the survival time of

corresponding cancer types only by a few months to mostly a few years. The big disappointment is
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resulted from the complexity of cancer cells’ evolution trajectories. For most of the biomarker detections
methods, features including gene expressions, somatic variants are fed into various machine-learning
techniques [7-10]. Usually, ones with good sensitivity and specificity would be chosen as candidates,
followed by validating experiments performed on cell lines or animals such as mouse. However, fast
proliferation allows tumor cells for fast evolution and eventual survivals by evading routes blocked by
drugs targeting on those biomarkers, which ceased to guard tumor cell proliferations after a certain period
of time [11]. In addition, the interplay between cancer cells and surrounding microenvironment [12],
which is of vital importance for cancer evolution but can be hardly captured by current experimental
procedures, is usually not taken into account. To better understand the complexity of oncogenesis process,
our hope lies on using mathematical and statistical analyses on high throughput omic data collected from
real tissue samples, which retains rich information of micro-environmental factors, to identify biological

processes and infer the most possible “essential” factors for cancer initiation and progression.

Cancer Initiation Models

Cancer has long been believed as a disease of genomic level disorders, based on which multiple
cancer initiation models have been developed that have evolved through the interaction with more diverse
studies in related fields in the past 60 years. It is worth to note that even all the mutational cancer
initiation models are highly overlapped, but treating them separately can reflect the current emphases in
cancer initiation study [13]. In 1950s, with the discovery of first oncogene in bladder cancer, mutation has
been believed as the fundamental reason of cancer [14, 15]. Meanwhile, experiments of carcinogens

treatment on cell further confirmed the mutation theory [16, 17]. Such a “Mutation Driven” model is
4



regarded as the first model of carcinogenesis, the essence of which is that cancer is caused by the
mutation on certain genes. In 1980s, Knudson’s study on retinoblastoma formed the basis of “two-hit” or
“multiple-hit” theory, which depict cancer (initiation) is a result of (a sequential of) accumulated
mutations [18, 19]. Such a theory lead to the identification and definition of tumor suppressor genes. In
1990s, Fearon and Vogelstein raised a multistep genetic model for the formation of colorectal carcinoma
[20], which posits that the formation of colon cancer is by a sequential accumulation of APC, KRAS and
TP53 mutations [21, 22]. The key idea of this model is that cancer is caused by a sequential of mutations.
In 2000s, with the availability of more epidemiology statistic that show the cancer risk caused by diet,
other diseases and environments and the development of new high throughput biotechnologies that can
measure whole genome level epigenetic alterations, epigenetic disorders have been observed in all
cancers, which raised a series of hypotheses that cancer is caused by epigenetic level disorders, which are
results of environmental changes and can induce further mutations [23-25]. More recently, studies in
multiple fields suggested that the pure mutation based models are not enough to capture the cancer
initiation and progression process and guide the clinical research [26, 27]. Hence lead more researchers
start to consider cancer from an evolutionary perspective that the mutations are selected to help the cancer
overcome certain micro-environments. The micro-environmental factors such as level of hypoxic and
oxidative stress, acidity, and interactions between stroma and cancer that have been neglected, are
re-emphasized in current research [28, 29]. Multiple studies revealed that the interactions between stromal
cells and cancer cells may take an essential role in the formation of cancer [30, 31]. My analyses in the

past five years have targeted multiple dysregulations of stromal cells in precancerous tissues that may



contribute to the carcinogenesis process from several different aspects, the details of which will be

discussed in CHAPTER Il, 111, and VI.

There are a few points worth to be noted here including 1) there are several other theories such as

“cancer stem cell” and “Warburg effect” that have also been considered as cancer initiation models

[32-35]. These models reflect the oncogenic process from different but parallel aspects comparing to the

“mutational” models; 2) all the models are highly overlapped, but treating them separately can reflect the

focus of cancer research in different eras. The role of microenvironment factors and their interactions with

cancer cells is more emphasized in current research; and 3) current study of cancer initiation process

needs a comparative and comprehensive evaluation of the roles of the possible cancer “drivers” in

different cancer stages with considering the disease and tissue specificities.

Challenges in Carcinogenesis Research and Possible Computational Solutions

Noting that cancer imitation is a long term evolution process that may encounter interactions among

multiple cell types, micro-environmental factors and cellular dysregulations, the study of cancer initiation

has the following challenges due to the current experimental conditions and knowledge of the process. It

is noteworthy that all the challenges listed here can at least be partially solved by computational modeling

of omics data. But such analyses highly depend on the quality of data.

Micro-environmental conditions:

It is worthy emphasizing that cancer, like any evolving organism, is fundamentally driven by its

adaptation to the changing microenvironments through selection of certain mutations [36]. In this sense,
6



the selected mutations provide the footprint information of a cancer evolution. Knowing the encountered
stresses in the past could provide fundamentally important information for understanding the phenotypic
behavior of a cancer, as well as for elucidating the root causes of the cancer, hence possibly leading to
new and more effective ways to treat the cancer. Numerous micro-environmental stresses have been
studied in the cancer literature, including lactic acidosis [37], DNA damage[38], imbalance between
saturated and unsaturated lipids [39], apoptosis [40], immune attacks [41], imbalance between NAD and
NADH [42], dysregulation in ECM component production [43], ER stress [44] and oxidative stress [45,
46].

Unlike genomic or epi-genomic level alterations, the micro-environmental changes are harder to be
captured and their impacts are more difficult to be evaluated because 1) there is no direct method to
comprehensively capture the micro-environmental alterations in real tissues; 2) such alteration may only
exist and function in a certain stage during the cancer initiation; and 3) the micro-environments in real
cancer tissue cannot be fully reflected by cell line or animal based experiments [47].

Precancerous stage:

Another challenge is about the transition from pre-cancerous disease stages to cancer. For most tissue
data, it is impossible to determine if a collected pre-cancerous tissue such as from cancer prone
inflammatory disease or benign tumors will develop malignancy, neither can we assess the exact
progression time since the initiation of a collected cancer tissue. For the later question, several studies
have reveal the possibility to predict the age a certain tissue by using DNA methylation data [48]. A
similar exploratory model can also be applied to predict the relative progression time of a certain cancer

tissue [49]. By such a procedure, for any given sample pairs, the probability that one sample is in a
7



relative more advanced stage comparing to the other can be predicted. It has been proved that such a
procedure enables enough prediction power for the distinguished samples pairs. For the first question,
comparative analysis among multiple precancerous disease types with known cancer risks (or risk ratios)
can identify the possible cancer prone contributing characteristics, based on which a predictor of cancer
risks can be trained. However, such analyses demand large scale of training and follow-up experiments to

enable sufficient statistical power in the prediction and validation.

Tissue level dysregulations:

The third challenge in analyzing tissue omics data is to computationally decipher the cell types and
their relative proportion in the sample tissue, which is termed as de-convolution analysis [50]. Currently,
there are dozens of well-established deconvolution methods for different data types including
transcriptomics data, genomics data and epigenomics data [51-54]. Most of the methods are supervised
method that trains cell specific signatures from cell line based data and apply such signatures to predict
the relative proportion of each cell types. For some cell types like the heterogeneous cancer cells in a
tumor tissue, no training data is available for such supervised analysis
, an unsupervised method named Non-Negative Factorization (NMF) can be applied to solve the problem
[55].

Most existing deconvolution methods assume constant signatures for each cell type. Knowing
different cell types may have distinct response under certain micro-environmental conditions, constant
signatures are not enough to reflect such alterations. However, noting cellular response to the stresses

may follow some rules such as certain stress responsive genes will be up/down regulated together, the
8



co-expression pattern of such genes can be applied to capture the stress responses, which can be reflected

by the co-variance among the genes in large gene expression sets with multiple gene expression

conditions. Recently, | have done an exploratory analysis to examine the possibility of considering such

“co-variance” in deconvolution analysis by a principle component based approach, with details given in

Chapter VI.

Large data size to enable sufficient statistical power:

For most cancer types, there are large data sets contain more than 100 samples available in public

domain. However, such data are relatively rarer for precancerous diseases and other specific case-control

experiments such as hypoxia/normoxia or oxidative stress/normal treatment experiments. Noting the

existence of multiple data sets collected from the same or similar experimental conditions, such data can

be combined to achieve enough statistical power, which is generally termed as Meta-analysis. However,

such analyses always require specific considerations of the data type specific noise types such as the

differences in platforms, sample collection procedures, experimental conditions and other possible batch

effect [56, 57]. By the designation of microarray experiment, different probe designs have distinct binging

affinity with the corresponding mRNA that may result in totally incomparable expression measures [58].

Also biased sample preparation time may cause different level of mMRNA degradations and result in

un-estimable noises. Hence for the meta-analysis of gene expression data collected from different species

or by different platforms or the data produced under a relative less rigorously defined protocol, combine

the results from individual analysis of each data set by meta-analysis methods such as p value

combination is recommended [59]. In contrast, certain methods can be applied to remove the batch effects
9



among the recently produced large scale microarray data sets under well establish experimental protocols

and measured by the same platform [60]. For the data measured by Affymetrix UA 133 2.0 plus array, we

have applied quantile normalization on the RMA normalized gene expression profile to remove the batch

effect among 28 datasets of 11 normal human organ tissues. Dendrogram of the hierarchical clustering

computed by the normalized gene expression profile of none housekeeping genes reveals that such a

method can remove possible batch effect and remain tissue specific expression signatures in the combined

data (See Introduction Appendix Figure).

Unlike simple statistical test based analysis such as differential expression analysis, sophisticated

statistical modellings of certain data types are needed to solve such challenges, which raise much higher

guality demands for the omics data.

TCGA Data and Other Cancer Omics Data Resources:

In the past seven years, the availability of TCGA data and other large scale data generated from

related studies in public domain enable more rational buy sophisticated assumptions in computational

study of cancer [61, 62]. For example, genomic sequencing and RNAseq data collected from same cancer

tissue samples enable integrative analysis of the mutation and gene expression data to elucidate the

transcriptomic level impact of each mutation. Detailed cell specific gene expression signatures can be

computed from the large scale gene expression profiles of each immune cell types under different

experimental conditions offered by GEO database.
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The Cancer Genome Atlas (TCGA) is a collaborative project aiming to produce high quality cancer
genomics data for cancer research. Starting from 2006 with long time pilot study, TCGA project has built
very standardized pipeline of sample collection, processing, quality control and sequencing data
production. Generally, the TCGA data offer multiple omics data types including RNAseq and microarray
based transcriptomics data, somatic mutation and copy number variation measured by exon or whole
genome sequencing, copy number variation measured by SNP array, proteomics data measured by protein
array, microRNA measured by RNAseq and array, DNA methylation data measured by array. New data
types are keeping generated by using the stored samples. Rather than the omics data types, TCGA data
portal also offer high resolution disease pathological imaging data, information of sample processing
procedures, clinical information and pathological report of patients. Level one data of the sequencing data
can be accessed with application. Out lab has applied for the access since 2014.

Gene Expression Omnibus (GEO) is a database that stores all the gene expression data as well as
DNA methylation data generated in the studies funded by NIH [63]. The current database contain more
than ten thousands human data sets measured by different microarray platforms. The GEO database
collects data sets from much diverse data sources and has much long time span comparing to TCGA. In
the database, there are 4094 data sets covering 115160 samples measured by the most popular human
microarray platform — Affymetrix UA133 2.0 plus array and the numbers are keeping updated. It is
noteworthy that the GEO database also contains a big collection of data collected from some rarely
studied species such as the cancer resistant species naked mole rat and blink mole rat.

Comparing to other data sources, TCGA data have the following advantages: (1) large sample size

that enables enough statistical power for most analyses; (2) standard pipelines of sample transportation,
11



processing, quality control and sequencing data generation that enable comparative analysis among

multiple cancer type; (3) complete data sets of level 1-3 sequencing data that contain enough information

for complicated modeling analysis such as assumptions of intra-tumor heterogeneity; (4) multiple omic

data types are measures from the same cancer tissue that offer possibilities in integrative analysis; and (5)

very informative clinical data that can be linked with the molecular characteristics identified in the omics

data analysis. In contrast, GEO data sets contain more data sets measured under very diverse experimental

conditions but with less standardized data processing method and experimental design can be applied to

answer specific questions such as training of predictors for certain micro-environmental stress types. It is

worth to note that all the TCGA data are collected from real cancer tissue samples with more than 99%

from primary tumor sites. Hence the analysis of pre-cancerous diseases or other disease types should be

dependent on other data sources such as GEO data sets. At last, there is another data archive named SRA

(Sequence Read Archive) stores the level one sequencing data. Similar to GEO, SRA contains a big

collection of data sets measured under various experimental conditions and by different planforms. But

the number of experimental conditions and number of data sets in SRA is relative less comparing to GEO

because the next generation sequencing data is more advanced and cost more comparing to array based

experiments.

Knowledge from Cancer Resistance Species:

Previous studies have shown that some species including hypoxia resistant amphibians and reptiles,

longevity rodents, some hibernating species and large animals such as blue whale have certain level of

cancer resistance [64-66]. For some species that are feasible for experiments such as turtles, blind mole
12



rats and naked mole rates, genomic sequencing and chemical treatment experiments have been conducted

to characterize the possible cancer resistant mechanisms in such species [67, 68]. Genomic sequencing

and anatomical experiment revealed that the naked mole rats tissues continuously produce high density

glycosaminoglycan hyaluronic acid, which is believed a chemical protection for the species in its

underground habitat. The current knowledge hypothesizes that the large amount of high density

hyaluronic acid production can increase the contact proliferation inhibition hence resistance to

carcinogenesis in the species [69]. The special necrotic cell death is believed as one of the major cancer

resistance mechanism in blind mole rat [68]. Some researchers studying the hypoxia tolerant species has

hypothesized that the hypoxia tolerance may associate with certain level of cancer resistance [70].

However, most studies of cancer resistance species only focus on one or several cancer resistance species,

hence may lack a general perspective from the commonality of the species. Knowing that cancer initiation

is long term selection process under dysregulated micro-environments, study the cancer resistance species

in their capability to deal with extreme environments may increase our understanding to carcinogenesis

from a different perspective.

Metabolism depression (or suppression), which is defined by the capability to decrease energy

demand in response to certain stress type such as starvation or hypoxia [71, 72], has been believed as one

commonality in the cancer resistant amphibians and reptiles [65]. The underground living mole rats,

species hibernating in enclosed spaces with less oxygen and the blue whale living in deep sea suggest

such species may face certain level of oxygen deficiency in their living environments that further indicate

the possible association between metabolism depression and cancer resistance.

13



Topics in My Thesis and the Timeline of My Research

I joined Professor Ying Xu’s Computational Systems Biology Lab in the Department of
Biochemistry and Molecular Biology of UGA in August of 2010 to pursue my Ph.D. degree in cancer
bioinformatics after having received my B.S degree in Mathematics from Peking University, China with
two year experience in bioinformatics research as an undergraduate research assistant in a bioinformatics
lab. In the 2010-2011, | have majorly involved in several project to study the biological systems of
microbial. Even | have not formed such studies into real publications, such studies helped built basic
knowledge in system biology. In the fall semester of 2011, | started my first independent cancer project,
which is a general comparative analysis among six cancer types. This time | have formed the study into a
manuscript. However, with more extensive literature review in the related fields, | found such a study
could contribute very limited information to the current understanding of cancer because such a general
comparison without a hypothesis driven question can hardly identify significant results and quality of the
analyzed data cannot guarantee enough statistical power. During this project, | have done extensive
literature reviews about the role of hallmarks in cancer, though which | noticed that most the hallmarks of
cancer can be identified in most disease and case-control experiments. Hence the paramount point to the

cancer hallmarks should be evaluating the impact of each hallmark and the association among the

hallmarks in each data set. Meanwhile, | have involved in two studies majorly conducted by our previous

lab member Dr. Kun Xu that led to my first two middle authored academic papers. Through 2011-2013, |
have taken multiple statistics classes and conducted several explorative studies of integrative analysis of
multiple omic data types, in which | have accumulated some knowledge in computational modeling of

cancer omics data. In 2013, with the preliminary studies of the roles of hypoxia and oxidative stress in
14



cancer progression led by another previous lab member Dr. Juan Cui [73], | conducted one project to
elucidate possible detailed roles of hypoxia and oxidative stress in cancer initiation by comparative
analysis of the energy consuming genes in the cancer resistance species versus cancer species in response
to hypoxia or oxidative stress. In the fall of 2013, | have analyzed around 40 small topics to contribute to
Dr. Ying Xu’s book “cancer bioinformatics”, through which I have summarized dozens of possible future
projects. On of such project is formed into my second first-authored paper in 2014 that has identified
some cancer tissues may have dynamic cell populations in response to repeated hypoxia and normoxia. In
the summer of 2014, | have spent three weeks to visit several bioinformatics and statistics labs in Boston
area. With the interests in large biological network analysis, | have conducted my third publication of a
co-expression module identification method and its application in elucidating the possible regulators and
outcomes of the high lactate production in multiple cancer types. In 2015, | have involved in more
collaborations with other lab members and got several co-first authored and middle authored publications.
By the August of 2015, | got a chance to thoroughly think about my previous researches and possible
research directions in the future. In the long term study on the role of micro-environmental stresses in
cancer, | have kept asking myself why we need to focus on the micro-environmental factors.

As most cancer researchers, the ultimate goal in of cancer research is to increase people’s health
conditions in terms of cancer. In the past five years, | have seen the advantage of computational study that
can comprehensively capture the characteristics in real cancer tissue. Meanwhile, | have also witnessed
the limitation of the current technologies. Clinical studies have shown that simply consider the mutations
are not enough to treat cancer. Highly stressed microenvironments may help the cancer easily develop

drug resistance. Even the immunotherapy is believed as a new hope in cancer therapy, the immune attacks
15



can be highly influenced by the cancer microenvironment. Such micro-environmental factors that have

been neglected, are re-emphasized due to the current research demand. However, as mentioned above,

there is no technology that can comprehensively identify all the micro-environmental factors. Most of

such factors will be fast diminished after the sample dissected from the body. Noting such demands and

challenges, by assuming the micro-environmental alterations can be reflected in the omics data of real

tissue samples, | have conducted a series of explorative study to guantify possible micro-environmental

stress types.

In the beginning of 2015, | started to focus on somatic mutations in cancer and their association with
micro-environmental stresses. Although | am clear about the challenges in calling mutations from level
one data, my personal interests drive my research more focus on the level 2/3 data analysis. My
understanding of this field is that each of the method to predict the role of mutations is benefited by
limited by its assumptions. With the development of the high resolution data and more available large
data sets, some co-founding factors have been neglected should be emphasized to comprehensively

evaluate the role of each mutation. As | have mentioned previously, mutations on the same gene may

sever totally different functions in the patients with the mutation. Such differences can be caused by 1)

heterogeneous gain or loss of function due to specific mutation patterns, 2) con-current mutations, and 3)
interactive effect among multiple mutations. It is worth to note that certain mutation may be selected by
one micro-environmental stress in a certain time range during the progression of cancer. Hence the real
role of the mutation cannot be reflect in the data if such micro-environmental stress has already vanished

when the sample was collected. Hence | conclude the current goal is to develop a computational approach

that can cover such possibilities in identification of the roles of each mutation.
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In detail, my research in the past five years falls into the following two categories:

A. Model micro-environmental and tissue level alterations and predict their functional roles in cancer

initiation and progression: Cancer is a systematic tissue level disease. Current clinical statistics suggest

that the most efficient way to control cancer is early diagnosis. Although numerous “driver” mutations
have been identified and multiple hypotheses have been made for the cancer initiation and progression
process, detailed mechanism level explanations are still lack for how malignancy is developed and
progressed from pre-cancerous stage. Considering the cancer initiation and progression is an evolutionary
process, i.e. certain cancer associated mutation is selected under certain micro-environment conditions to

increase the survival of cancer cells, my first research goal is to comprehensively capture the tissue level

alterations in pre-cancerous diseases and early stage cancer, and identify how the dysregulations

associated with the malignancy transition. Noting the real micro-environment conditions can be only

reflected by the tissue samples collected from cancer patients, my studies are majorly based on statistical
modeling of omics of real tissue samples. In the last five years, | have carried out a series of studies and
gained the following insights regarding to this issue: (1) the initial stress types in pre-cancerous stages are
oxidative stress and hypoxia, which regulate dysregulation of extracellular matrix components further
producing initial signals for oncogenesis [74, 75], (2) most of the cancer associated mutations including
TP53, PTEN, CDKN2A, NAV3, EGFR, VHL and PI3KCA have specific gain or loss of functions
corresponding to certain micro-environmental stresses in distinct cancer (tissue) types, suggesting the
possible selections of the mutations [76], (3) metabolism of lactate and its role in driving cancer
progression [49], and (4) intermittent hypoxia and re-oxygenation may serve as one major pressure

driving cancer progression by regulating the relative proportion of different cancer cell populations, i.e.
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intra-tumor heterogeneity, in cancer tumor tissue [77]. Specifically, we have conducted a meta-analysis on

~80 transcriptomics data sets of 10 cancer prone and 8 cancer independent inflammatory diseases, 7

neoplastic diseases and benign tumor and 20 cancer types by applying our in-house developed tissue data

modeling methods (will be discussed in part B) and revealed the initial stress types in inflammatory

induced cancer are the result of dysregulated wounding healing and extra-cellular matrix repair and the

key steps in the malignancy transition are shifting from elevated stroma/immune cell proliferation and

oxidative stress induced mitochondrion suppression to epithelial (or cancer) cell proliferation and

Warburg effect induced mitochondrion suppression [75].

B. Development of computational methods to model genomics and transcriptomics data collected

from tissue samples and integrative analysis of multiple omics data types: Since the collected cancer

samples may undergo certain unknown micro-environmental conditions such as level of oxygen and

immune response and the signals measured from the tissue are the mixture of signals from multiple cell

types, specific analyses are needed to study the tissue based data. (1) We have developed predictors for

level of oxidative stress and hypoxia by a logistic regression model with L1-regularization on collected

training data set and applied the predictors to reflect the association between oxidative stress and cancer

risk in an epidemiology work [78]; (2) To identify the alterations of immune and stroma cell proportions

in the disease versus normal sample and the gene expression signal from each cell type, | have trained an

immune cell deconvolution method that can identify the alterations of 11 immune/stroma cell types by a

supervised PC regression approach [75]. (3) For cancer cells without clear gene expression signature, |

have conducted an unsupervised deconvolution approach by integrating non-negative matrix factorization

of transcriptomics data with somatic mutation data to predict possible intra-tumor heterogeneity [77].
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Noting cancer as a systematic disease, | have also developed methods to answer specific biological

guestions by integrating the multiple omic data types provided in TCGA data set and other public

accessible data sources: (4) To answer how the cancer associated mutations are selected in the early stage

of cancer, a bi-clustering based approach is developed to predicted the gain or loss of functions of certain

mutations by integrating somatic mutation and RNAseq data [76]; (5) With the demand to compute

correlations among million level features including exon expressions and methylation data, | have

developed a non-parametric gene co-expression network analysis approach for module identification in

large biological network that can handle around one million feature [49, 79]; (6) To accurately estimate

the metabolism flux changes in disease versus normal samples, a Markov Chain Monte Carlo based

method by integrating quantitative metabolomics data, transcriptomics data, enzyme kinetic parameters

(accessed from BRENDA database) and metabolic pathway topology is under developing. | have also

conducted mathematical proofs to enable correctness for certain developed method. (7) In the

bi-clustering method, a Mixed Gaussian model with left truncation is specifically applied to handle the

error of low expressed genes in RNAseq data, for which I have provide the mathematical proof of the EM

algorithm. (8) To enable the feasibility of the gene co-expression network analysis method on large

network, | have theoretically derived a simulatable null distribution of the non-parametric statistics for

hub gene identification.

The projects majorly conducted by me are selected and presented in this dissertation by the following

orders: CHAPTER I1: Cancer may be a pathway to cell survival under persistent hypoxia and elevated

ROS: A model for solid-cancer initiation and early development; CHAPTER I11: Population Dynamics

inside Cancer Biomass Driven by Repeated Hypoxia-Reoxygenation Cycles; CHAPTER VI: Elucidation
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of Drivers of High-Level Production of Lactates throughout a Cancer Development; CHAPTER V: A
bi-clustering based approach to predict the functional gain or loss of somatic mutations (ongoing project);

and CHAPTER VI: Conclusions and Discussions.
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Introduction Appendix Figure:

Figure Legend: We have applied our method to remove the batch effect in a combined data of 28 gene
expression data sets of 11 human tissue types. The dendrogam shows that the method can remove the
batch effect and keep the tissue specific patterns. In the figure, each colored block indicate one tissue type
while the number of each term suggest the data set index. It can be seen the some batch effect among the

data sets inside each tissue block has not been fully removed.
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Abstract

A number of proposals have been made in the past century regarding what may drive sporadic cancers
to initiate and develop. Yet, the problem remains largely unsolved as none of the proposals have been widely
accepted as cancer-initiation drivers. We propose here a driver model for the initiation and early
development of solid cancers associated with inflammation-induced chronic hypoxia and ROS
accumulation. The model consists of five key elements: (i) human cells tend to have a substantial gap
between ATP demand and supply during chronic hypoxia, which would inevitably lead to increased uptake
of glucose and accumulation of its metabolites; (ii) the accumulation of these metabolites will cast mounting
pressure on the cells and ultimately result in the production and export of hyaluronic acid; (iii) the exported
hyaluronic acid will be degraded into fragments of various sizes, serving as tissue-repair signals, including
signals for cell proliferation, cell survival and angiogenesis, which lead to the initial proliferation of the
underlying cells; (iv) cell division provides an exit for the accumulated glucose metabolites by using them
towards macromolecular synthesis for the new cell, and hence alleviate the pressure from the metabolite
accumulation; and (v) this process continues as long as the hypoxic condition persists. In tandem, genetic
mutations may be selected to make cell divisions and hence survival more sustainable and efficient, also
increasingly more uncontrollable. This model also applies to some hereditary cancers as their key mutations,
such as BRCA for breast cancer, generally lead to increased ROS and ultimately to repression of
mitochondrial activities and up-regulation of glycolysis, as well as hypoxia; hence the energy gap, glucose-

metabolite accumulation, hyaluronic acid production and continuous cell division for survival.

Introduction

The most popular theories about cancer and cancer drivers in the past century include: (1) Warburg’s
theory as summarized by him in 1960 [1]: "Cancer ... has countless secondary causes; But there is only one
prime cause, (which) is the replacement of respiration of oxygen in normal body cells by a fermentation of
sugar"; (2) the genomic mutation theory of cancer, including mutations that lead to the formation of
oncogenes and loss of function in tumor suppressor genes, which has been the most popular in the past four
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decades; and (3) microbe-induced cancers such as cervical cancers induced by the infection of human
papilloma virus [2] or liver cancer induced by hepatitis viruses [3].

Among these major proposals, Warburg’s proposal has been most intriguing and has received
considerable renewed interests in the past few years [4, 5]. However the proposal clearly lacks key
information that connects the observed energy-metabolism reprogramming to cell proliferation, hence it
remains as a proposal rather than a testable model. Various genetic mutation-centric driver models have
been proposed since the first discoveries of oncogenes by Bishop and Varmus [6] and tumor-suppressor
genes by Knudson [7] about 40 years ago. These models include APC gene mutation-based driver model
for colon cancer [8] and the Philadelphia chromosome-based model for chronic myelogenous leukemia [9].
As of now, hundreds of “driver mutations” have been predicted for various cancers[10]. One fundamental

problem with these mutation-centric driver proposals is that activated oncogenes alone, even coupled with

mutations in some tumor-suppressor genes, cannot lead to cell proliferation in a tissue environment since

numerous conditions must be satisfied before the cells can divide, including: (1) the cells must be attached
to their extracellular matrix [11]; (2) the associated extracellular matrix (ECM) needs to have certain
physical properties to support cell division [12, 13]; (3) the cells must overcome the contact-inhibition
constraint designed to prevent cell over-growth [14]; (4) cell survival signal(s) need to be present [15]; and
(5) the cells need to be in specific morphology [16], among a few other conditions needed for tissue
development, remodeling or repair [17]. None of the suggested driver models have proposed mechanisms
to overcome these tissue-level constraints, hence making them not applicable as candidates for cancer
initiation drivers.

Virus-induced cancer models tend to lack molecular level details. For example, HPV-associated
cervical cancers are among the most studied virus-induced cancers, but yet no models have been published
that functionally link HPV infection to initiation of cervical cancer, other than a recent publication that
observed integration of HPV DNA into the host genome [18]. Overall, no experimentally testable models
for cancer initiation have been published.

Here we present a model for the initiation of solid cancers in general. The starting point of the model
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is the reprogrammed energy metabolism, which was proposed by Otto Warburg some 50 years ago to be
the primary cause of all cancers. This reprogramming between the two energy metabolisms could be the
result of chronic hypoxia and/or reactive oxygen species (ROS) accumulation [19, 20], which may be
induced by chronic inflammation or by genetic mutations in the case of hereditary cancers. It is worth-
noting that chronic inflammation has long been linked to cancer development [21, 22], and it can lead to
hypoxia [23-25] and ROS accumulation [26]. These conditions, if not inducing cell death, would lead to
increased uptake of glucose from circulation and cellular accumulation of glucose metabolites [27].
However the connection from here to cell proliferation has been elusive. Our model in this paper suggests
that the glucose metabolite accumulation will ultimately lead to the production and export of hyaluronic
acid under persistent hypoxic conditions [28], which is supported by the available transcriptomic data of
both hypoxia-treated cell lines and cancer tissues.

It has been well established in the literature of tissue injury and repair that when a tissue is injured, its
ECMs will be fragmented and the hyaluronic acid fragments of different sizes released from the ECM will
serve as signals for tissue repair, including signals for cell proliferation, cell survival and angiogenesis [29].
Our analysis has shown that cancer-forming cells have utilized the hyaluronic acid synthesized from the
accumulated glucose metabolites, which will be fragmented once exported into extracellular space, to
mimic the ECM-released hyaluronic acid fragments as tissue repair signals, hence leading to cell
proliferation, which will continue as long as the inflammation-induced hypoxic condition persists.

In addition, a proposal is made regarding how this model relates to genomic mutation-induced
constitutive cell proliferation after the cell proliferation is already started. To the best of our knowledge,
this represents the first such molecular level model that connects chronic inflammation, hypoxia and/or

ROS accumulation to cell proliferation.

Results
Energy gap during hypoxia, metabolite accumulation and evolutionary pressure
Why do human, mouse and rat develop cancer but some other vertebrates such as naked mole rat,
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blind mole rat and turtle do not or rarely do? This question has puzzled medical practitioners and
researchers for decades. A number of studies have been published, aiming to explain why some organisms
such as amphibians, naked and blind mole rats do not develop cancers [30-34]. The proposed mechanisms
tend to be organism-specific, such as alterable immune systems being used by amphibians, special abilities
to resist ROS in blind mole rats, and a capability in producing long hyaluronic acid polymers by naked
mole rats [30-34]. We suspect that there is something more fundamental than these proposals, some
common characteristics shared by the basic metabolisms of these organisms, which are distinct from those
cancer-prone organisms.

We have examined the above question from the perspective of ATP demand and supply during hypoxia
in human, mouse, rat, hypoxia-tolerant rat, naked mole rat, blind mole rat, frog and turtle. These organisms
are selected because they are known to either develop cancer or rarely do and their ATP-consumption data
is publicly available or can be reliably estimated based on transcriptomic data. The question we address
here is: What percentage of the ATP-consuming proteins is substantially repressed during hypoxia versus
normoxia?

According to the published data, proteins in the following six processes/enzyme families consume on
average 84% of the ATPs in vertebrate cells: translation, Na+/K+ ATPase, Ca2+ ATPase, gluconeogenesis,
urea synthesis and actin ATPase [35]. Among the eight organisms under consideration, naked mole rat and
hypoxia-tolerant rat have both ATP consumption data by these proteins and their corresponding gene-
expression data under hypoxia (1-5% oxygen) versus hormoxia (21% oxygen) [36, 37] in the public domain.
In addition, ATP consumption data under hypoxia versus normoxia are also publicly available for frog and
turtle[38, 39] but without gene-expression data. For human, mouse, rat and blind mole rat, only gene-
expression data under hypoxia versus normoxia are publicly available (see Supplementary Material Section
A for details).

We have derived a regression model between the reduced ATP consumption and the reduced gene-
expression levels of the six groups of proteins for naked mole rat and hypoxia-tolerant rat (see the rationale
and model in Supplementary Material Sections B and C); and then applied this model to the reduced gene-
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expression levels of the same proteins in mouse, rat and blind mole rat, respectively, to estimate their
reduced levels of ATP demand during hypoxia. The basic assumption here is that the relationship between
gene-expression levels and the activity levels of the six groups of proteins in mouse and rat is highly similar
to that in naked mole rat, hypoxia-tolerant rat and blind mole rat. This is a reasonable assumption since
these five organisms are closely related except that the latter three have an additional regulatory mechanism

that can turn down the gene expression levels of these proteins under hypoxia versus normoxia while the

former two do not [40-44]. It is worth noting that there is a strong correlation between gene-expression
changes and protein abundance changes in metabolic proteins [45] (see details in Supplementary Material
Section D).

Using the regression model developed for naked mole rat and hypoxia tolerant rat as well as reduced
expression data of mouse, rat and blind mole rat under hypoxia versus normoxia, we have predicted the
reduction percentages in ATP consumption in mouse, rat and blind mole rat, respectively. Figure 1 shows
the prediction result along with the known reduction percentages in the ATP consumption levels in naked
mole rat, hypoxia-tolerant rat, turtle and frog. The predicted reductions in ATP consumption are highly
consistent with the general knowledge about these organisms. For example, blind mole rats can substantially
lower their metabolic rates, hence ATP consumption, when switching from normoxia to hypoxia [46]; and
they are known to be more tolerant to hypoxia than naked mole rats since the they can stay viable at 3%
oxygen [31] while naked mole rats require a minimum of 10% oxygen, which can occasionally get down
to 5% [47]. In addition, naked mole rats are known to be able to live both above the ground and deep in the
underground, while rats tend to live much closer to the ground when they are underground. (More
supporting data in Supplementary Section D).

Based on this meaningful prediction, we further extrapolate this prediction to include human (see
Figure 1). The prediction indicates that under hypoxia, human cells have the least reduction in their ATP
consumption.

It is worth noting that this figure is used to make a qualitative (rather than quantitative) statement that
human, mouse and rat have substantially smaller reductions in their ATP consumption compared to the
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other five organisms when the condition switches from normoxia to hypoxia. To have more accurate
estimates of ATP-consumption reductions by these organisms, we need substantially more data under
multiple hypoxic conditions versus matching normoxia, which are currently not publicly available (the
above are all the available data we can find in the public domain). Considering that these organisms use
essentially the same glycolytic fermentation processes, we hypothesize that the percentages in the ATP-
supply reduction are comparable across these organisms when the condition switches from normoxia to
hypoxia. Hence the estimated level of reduction percentage in ATP consumption reflects the gap between

the ATP demand and ATP supply in each organism, i.e., the smaller the reduction percentage, the larger the

gap.
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Figure 2.1: For human, rat, mouse, naked mole rat, hypoxia-tolerant rat, blind mole rat, frog and turtle
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(from left to right), 1.0 along the y-axis represents the total ATP demand by the six groups of proteins during
normoxia. The height of each bar represents the percentage of ATP demand under the matching hypoxic
condition, hence the difference between 1.0 and the percentage representing the percentage in reduction.
Each bar is divided into six color-coded sections, each representing one group of relevant proteins under
consideration. ATP consumption data for turtle, frog, naked mole rat and hypoxia-tolerant rat are collected

from the literature and the data for human, rat, mouse and blind mole rat are predicted.

Knowing that frog and turtle can live well under very hypoxic conditions for extended periods of time,
it is reasonable to assume that they have no gap between their energy supply and demand under hypoxia
[48]. Similarly the energy gap in blind mole rats must be none or small since they can also live well under
hypoxia for extended periods of time [42, 44]. Naked mole rat is an interesting case as it not only has
reduced energy demand but also has an additional capability to avoid the glucose metabolite accumulation
issue that humans have to deal with during hypoxia (see later sections). In contrast, human (and mouse, rat)
all have substantial energy gaps during hypoxia, and they cannot live under hypoxia for long [48, 49]. This
makes sense since the humans as a population have not lived under hypoxic conditions (e.g., 10% oxygen
or lower) for extended periods of time in the past millions of years of evolution, and hence human cells
(possibly except for certain tissue types) have not been trained to adapt to such a condition by switching off
some portions of the ATP-consuming metabolic reactions to keep the ATP demand within its supply under
hypoxia.

Because of the large energy gap, human (and mouse, rat) cells would substantially increase their
glucose uptake during hypoxia to make up for the reduced energy efficiency due to the switch from aerobic
respiration to anaerobic fermentation, to meet the ATP needs of the hungry cells, which causes these cells
to accumulate various glycolytic metabolites as widely observed [27]. The accumulation, we believe, is
another result of human evolution. That is, there is a mismatch between the influx rate of glucose, which is
regulated by the ATP deficiency, and the maximum flux rate of the glycolytic fermentation pathway, which
has been shaped by evolution. Knowing that human cells have not been under hypoxic conditions for long
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time, it is reasonable to infer that the glycolytic fermentation system has been serving only as a supplement
to the aerobic respiration system for ATP production for very short periods of time, so its capacity has been
evolutionarily determined correspondingly. Hence we posit that the maximum flux rate of this system is
intrinsically unable to meet the need for dealing with the substantially increased influx of glucose during
hypoxia, resulting in the accumulation of glucose metabolites and other molecules (see next section).
Continuous accumulation of the metabolic derivatives, if not removed, will lead to cell death [50, 51].

Thus we propose that the need for removing the accumulated metabolic derivatives forms the initial

pressure for the affected cells to evolve; cell division may represent a most feasible way to remove the

accumulated glycolytic metabolites by using them towards DNA synthesis. In addition, we propose that it
is this capability in switching off certain metabolic activities to keep the ATP demand within the ATP supply
under hypoxia that decides if an organism has the potential to develop cancer or not.

In addition, as detailed in Supplementary Material Section E and F, amino acid and fatty acid

metabolisms can also contribute to the congestion of glycolysis pathway under hypoxia.

Hyaluronic acid: a key facilitator of cell proliferation

Hyaluronic acid is a long chain of a repeating disaccharide, up to 2 x 10° disaccharides, each derived
from one D-glucuronic acid (GIcUA) and one D-N-acetylglucosamine (GIcNACc) [52]. Hyaluronic acid is
a key component of an ECM structure and mediates cell-ECM signaling. This large polymer has long been
known to be associated with cancer development [53, 54]. The most relevant function of the molecule in
this context is signaling roles played by its fragments related to tissue repair.

Briefly, when assaulted, an injured tissue releases ECM fragments, among which hyaluronic acid
fragments serve as signals for repairing the injured tissue. Most interestingly, hyaluronic acid fragments of
different sizes have been found to serve as signals for different purposes, including the induction of
inflammation, anti-apoptosis, cell survival, cell-cycle activation, cell proliferation, activation of
angiogenesis and cell motility, all related to injury response, maintenance of tissue integrity, and tissue
repair [29, 55]. It is worth emphasizing that all short hyaluronic acid fragments (< ~5000 disaccharides)
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serve some signaling roles relevant to the above list. To see the connection between glucose metabolite
accumulation and cell proliferation, we need to examine the synthesis pathway of hyaluronic acid (Figure

2).
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Figure 2.2: The synthesis pathway of hyaluronic acid from UDP-GIcUA and UDP-GIcNAc, both derived

from the common precursor glucose (adapted from [56]).

The upper part of the pathway goes from G6P (glucose 6-phosphate) to UDP-GICNAc and the lower
part goes from G6P to UDP-GIcUA. The upper part consists of five enzymes to catalyze the five reactions
from left to right in the figure: phosphoglucose isomerase (GPI), glutamine-fructose-6-phosphate
transaminase (GFPT), glucosamine phosphate N-acetyltransferase (GNPNAT), phosphoacetyl glucosamine
mutase (PGM3) and acetylglucosamine pyrophosphorylase (UAP1). The lower part consists of three
enzymes for the three reaction steps from left to right: phosphoglucomutase (PGM), UDP-glucose
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pyrophosphorylase (UGP2) and UDP-glucose dehydrogenase (UGDH). Three hyaluronic acid synthases
(HAS1-3) are known to synthesize hyaluronic acid from one UDP-GIcNAc and one UDP-GIcUA.

Now we examine the conditions that can trigger the hyaluronic acid synthesis pathway. GPI is part of
the glycolysis pathway and hence is activated whenever glycolysis is activated. The following three
enzymes, GNPNAT, PGM3 and UAP1, as part of the hexosamine pathway, can be activated when
glucosamine is abundantly available and under hypoxia [57, 58]. PGM can be up-regulated by hypoxia [59],
so are UGP2 [60] and GFPT [58]. UGDH is positively regulated by TGF) (transforming growth factor /)
[61]. HAS1-3 can be activated by various growth factors such as TGFf5, PDGF (platelet derived growth
factor), KGF (keratinocyte growth factor), FGF2 (fibroblast growth factor 2), EGF (epidermal growth
factor), IL1p (interleukin-1 £) and TNFo (tumor necrosis factor «) [56]. In addition, the level of UDP-
GIcNACc has been found to control the expression of HAS2 [56].

In sum, the upper part of the pathway will be activated when there is ample G6P under hypoxia; and
the lower part will be activated under hypoxia and the availability of 7TGF. So the hyaluronic acid synthesis
pathway can be activated by a condition with a plenty of G6P and availability of TGF under hypoxia. And
hyaluronic acid synthases can be activated by TGFf in conjunction with UDP-GIcNACc, the product of the
upper part of the pathway. Clearly all these conditions are satisfied for an inflammatory tissue whose cells
are accumulated with glucose metabolites under hypoxia, hence strongly suggesting the possibility that
hyaluronic acid will be synthesized. It is worth noting that 7GFp is generally available in chronic
inflammation [62, 63].

Note that the synthesis of hyaluronic acid is done through repeated addition of one glucuronic acid and
one N-acetylglucosamine to the nascent polydisaccharide as the molecule is extruded via ABC transporters
or hyaluronic acid synthase into the extracellular space [64, 65]. The exported hyaluronic acid will be
degraded by some of the hyaluronidases (HYALZ1-6) or by ROS into fragments of different sizes if it is not
incorporated into extracellular matrices [66].

We have examined gene-expression data collected on multiple normal human cells (see Supplementary
Material Sections G and H) treated with hypoxia between 3 and 48 hours, and found that hyaluronic acid
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synthases (HAS1) and hyaluronidases (HYALL, 3-4) are up-regulated. These observations are consistent
with past studies showing that hypoxia affects hyaluronic acid synthesis and turnover [67]. In addition, we
have examined a set of gene-expression data collected on a set of diseased colon tissue samples ranging
from precancerous tissues to advanced adenocarcinoma (see Supplementary Material Section H), and found
that the hyaluronic acid synthesis pathway is indeed activated in the very early stage of the disease, starting
from inflammatory colon disease or at latest colon adenoma. Figure 3 shows a heat-map of the expression

level changes of the relevant genes in precancerous/cancer tissues versus the normal controls.
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Figure 2.3: Differentially expressed hyaluronic acid metabolism related genes in inflammatory disease,

colon adenoma, colon adenocarcinoma tissue samples of stage 1-4 (from left to right). Dark grey and light
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grey are for significantly up and down regulation in the disease samples comparing to normal colon samples
(by a moderated t-test using a significance cutoff level at 0.05[68]), respectively while white represents no

significant changes.

From Figure 3, we can see that all genes in the hyaluronic acid synthesis pathway are up-regulated in
precancerous tissues except for UAP1 and UGDH. Interestingly, one of UAP1’s homologs UAP1L1 is up-
regulated. Hence we predict that UAP1L1 is used for the same function. For UGDH, no homologous genes
are found to be up-regulated but we suspect that another gene serving the same purpose is used here in its
place since the rate-limiting factor gene GFPT2 is up-regulated and hyaluronic acid is clearly being
produced here since multiple hyaluronidase genes HAYL 1-3 and one reported hyaluronic acid exporter
gene CFTR (cystic fibrosis transmembrane conductance regulator) [69] are up-regulated. In addition, TGFp
is up-regulated in the precancerous stage; and its expression level goes back to the background level once
the down-stream genes of hyaluronic acid synthesis such as HSF1 (heat shock transcription factor) and
MYC (v-myc avian myelocytomatosis viral oncogene homolog) are up-regulated, indicating that once the
tissue becomes cancerous, cell proliferation will be driven by some factors other rather than hypoxia-
induced hyaluronic acid production and fragmentation [70-72]. Very interestingly, highly similar
expression patterns of these genes are observed in precancerous, early stage and advanced stage melanoma
(see Supplementary Material Section | and Supplementary Figure 3). These are the only two gene-
expression datasets covering both precancerous and cancer tissues at different stages we found on the
Internet.

The above discussion and Figure 3 strongly suggest a pathway going from inflammation-induced
hypoxia to cell proliferation: cells will accumulate glucose metabolites under hypoxia, which will
ultimately leads to the synthesis and export of hyaluronic acid; the exported hyaluronic acid will be
degraded into fragments. Since all short hyaluronic acid fragments with size ranging from 4 to 5000
disaccharides serve as signals for some aspects of tissue repair [29], the “right” combinations of fragments
will be generated in time by some cells, just like the combinations of hyaluronic acid fragments generated
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by a damaged ECM, hence starting the signaling process of tissue repair, including cell proliferation, cell
survival and angiogenesis. Note that the fragmentation patterns of a damaged ECM should have a high
degree of randomness since a tissue can be injured by different causes, hence possibly giving rise to
different fragmentation patterns of hyaluronic acid, which all lead to the activation of the tissue repair
system. Hence we assume that the probability that the hypoxia-induced hyaluronic acid fragmentations will
trigger the tissue repair system is high.

In addition, hyaluronic acid on the cell surface is known to facilitate anchorage-independent
proliferation [73, 74], hence bypassing the requirement for cells being connected to their ECM before they
can proliferate; similarly it also facilitates the loss of the contact-inhibition constraint for cell proliferation
[75]. Essentially hyaluronic acid and their fragments provide all the signals needed for cell proliferation via
the utilization of “tissue repair” system. Interestingly several recent studies have shown that hypoxia can
stimulate the synthesis of hyaluronic acid [67, 76], hence providing a strong support to our model.

It was recently shown that inhibition of tumor growth caused by the abnormally large hyaluronic acid
produced in naked mole rat tissues is reversed by treatment with HYAL2 [32]. Hence, we posit that
hyaluronic acid turnover and the induced cell proliferation provide an exit for the accumulated glycolytic
metabolites through stimulation of cell proliferation and subsequent utilization of the metabolites as
building blocks for cell division. Our model is also consistent with a recent studies showing that elevated

cell sugar concentrations can increase the production of hyaluronic acid [56].

Hypoxia induced signals facilitate additional signals for cell division

In addition to the hypoxia-induced activation of tissue repair system discussed above, persistent
hypoxia can lead to the generation of other signals to assist cell proliferation for their survival (i.e., to
provide an exit for the accumulated glucose metabolites). For example, hypoxia can lead to the
accumulation of necraotic cells that release in-danger signals and trigger the production and release of growth
signals such as FGF2 (fibroblast growth factor 2) and HDGF (hepatoma-derived growth factor) [77, 78],
hence providing additional signals to enhance the synthesis of hyaluronic acid (see the above section). In
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addition, a resistance signal to apoptosis can also be triggered by the necrotic cells to maintain tissue
integrity [78].

Avrecent study suggests that hypoxia may play more direct roles in mediating cell division. Specifically,
the authors demonstrated that hypoxia can change the actin cytoskeletal organization, leading to
morphological changes of the cells [79] and hence preparing the cells for division. The study also showed
that hypoxia leads to increase in cell volume, which we suspect is partially due to the metabolite
accumulation discussed in the earlier sections. In addition, previous studies have established that the state
of actin filament organization directly controls cell-cycle progression [80, 81]. Furthermore, the level of
hypoxia has long been linked to the level of malignancy of a cancer [23, 82]. By integrating all this
information, we can see that hypoxia may play a direct and essential role in the modulation of cell division.
If this proves to be true, hypoxia probably plays a double role in early carcinogenesis: creating the pressure
for cells to evolve to remove the accumulated glucose derivatives and facilitating the removal of the
accumulated derivatives through cell division. Clearly this warrants further investigation.

Hypoxia is also known to mediate a few other activities that may facilitate sustained cell survival, such
as up-regulation of telomerase [83], genomic instability [84], angiogenesis [85] and cell migration [86],
which will lead to more uncontrollable behaviors of the cells. Our recent transcriptomic analysis of

precancerous and early stage cancer data strongly suggests that cellular hypoxia takes place no later than

any of the cancer hallmark events (see Supplementary Material Section J), hence providing independent

evidence in support of the theory we are proposing.

In addition, lactate, generated due to the increased glycolytic fermentation activity due to the
reprogrammed energy metabolism, is known to play a number of key roles in driving carcinogenesis such
as (a) promotion of chronic inflammation [87], (b) wound over-healing [88], (c) secretion of VEGF and
tumor angiogenesis [88] and (d) immune escape [89], hence providing additional signals in support of cell

proliferation as well as cell survival.

Genomic mutations and cancer development
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While genetic mutations are believed by many to be a primary reason for sporadic cancer development,
some recent studies start to challenge this view [90, 91]. Within the driver model proposed here, genetic
mutations, we believe, may dominantly play a facilitator’s role rather than a primary driver’s role in
sporadic cancer. Specifically we suggest that the change-of-function genetic mutations in many cancer
related genes such as P53 and RAS are selected as “permanent” replacements for on-going functions
currently accomplished through regulation or other functional means, to facilitate cell division, hence
survival, in a more sustained and more efficient manner. We use the following examples to illustrate the
idea.

The functional form of PKM2 (pyruvate kinase, muscle 2) is a homo-tetramer and it serves as a key
enzyme in glycolysis, which catalyzes the conversion from phosphoenolpyruvate to pyruvate. It has been
observed that the vast majority of advanced cancers have loss-of-function mutations in the PKM2 gene [92].
This suggests that there is an evolutionary pressure for the affected cells to reduce their pyruvate production.
It has been shown that oxidation of PKM2 in specific locations by ROS can increase the possibility of
disassociation of the tetramer to dimers or monomers [93], hence reducing its normal function. This
suggests the possibility that PKM2 may gradually lose its functions due to oxidation, and natural selection
may have gradually selected such cells since the loss of PKM2 function may give such cells a survival
advantage. Loss-of-function mutations in the PKM2 gene may be just a permanent replacement for losing
the function of the protein currently achieved through function-losing oxidation.

Another example is the loss of the contact-inhibition capability of cells that can terminate cell division
when they are in close proximity one to another [94]. The increased hyaluronic acid export can functionally
diminish cellular contact-inhibition [75] as discussed earlier, which allows sustained division by the
underlying cells even when they get close to each other. At the end, mutations in genes responsible for
activating the contact inhibition mechanism, such as ING4 (inhibitor of growth family, member 4) [95], are
selected, thus ensuring the permanent loss of this inhibition capability, as observed in advanced cancers in
general [96].

Knowing that the mutation rates in cancer related genes go up as a cancer advances [97], we suggest
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that genetic mutations are permanent replacements for on-going functions (or their repression) executed

through functional regulation or other means, is generally applicable to cancer development.

Hereditary cancer and the hypoxia-based driver model

While the above inflammation/hypoxia-based driver model is for sporadic cancers, it is natural to ask
if this or a similar model may apply to hereditary cancers. To address this issue, we have examined seven
major types of hereditary cancers with known key mutations: breast cancer due to BRCA (breast cancer,
early onset) mutations, kidney cancer due to mutations in FH (fumarate hydratase), colon cancer due to
APC (adenomatous polyposis coli) mutations, retinoblastoma due to RB1 (retinoblastoma 1) mutations, Li-
Fraumeni syndrome due to P53 mutations, Cowden syndrome due to PTEN (phosphatase and tensin
homolog) mutations and Von Hippel-Lindau syndrome due to VHL (Von Hippel-Lindau tumor suppressor)
mutations. A large number of studies have been carried out, focused on linking these mutations to the
development of the corresponding hereditary cancer [98-104]. However no general cancer initiation model
has been proposed for these hereditary cancers, to the best of our knowledge. Our literature survey did

reveal one commonality among all these loss-of-function mutations: they all result in increased production

or accumulation of ROS. Potentially, this common role by loss-of-function mutations in the seven genes

may prove to be the most essential role in the tumorigenesis of the relevant cancers. Details follow.

Recent studies have shown that BRCA mutations in normal breast cells can lead to the generation of
hydrogen peroxide as well as increased glycolysis and decreased oxidative phosphorylation [105], revealing
the repression of the mitochondrial activities, which forces cells to increase their activity of glycolytic
fermentation regardless of being cancer or non-cancer cells.

Regarding FH, recent publications have shown that loss-of-function FH mutations lead to pseudo-
hypoxia and increased ROS constitutively, which further leads to increased glycolysis and decreased
oxidative phosphorylation [106], hence leading to induction of glycolytic fermentation pathway in time.

The loss-of-function mutations in the APC gene has been found to lead to constitutive activation of the
WNT signaling pathway [107], which activates a downstream gene called RAC1, a GTPase. The activation
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of RACL1 has been shown to lead to ROS production [108]. Hence we posit that the same process leading to
the reprogramming of the energy metabolism will take place in time like in the above cases.

The current understanding about the relation between RB1 mutations and ROS production is that loss-
of-function mutations in RB1 leads to dysregulation of E2F2, a component of the transcription factor gene
E2F involved in cell cycle regulation and DNA synthesis, which drives increased production of ROS [109].

P53 gene mutations have long been linked to the production of ROS [110]. For example, mutations in
P53 can interfere with the normal response of human cells to oxidative stress through attenuating the
activation and function of NFE2 (nuclear factor, erythroid 2) related factor 2, a transcription factor that
induces antioxidant response. This effect is manifested by decreased expression of phase 2 detoxifying
enzymes NQO1 (NAD(P)H dehydrogenase, quinone 1) and HMOX1 (heme oxygenase (decycling) 1) and
increased ROS levels; hence the energy-metabolism reprogramming will take in time as above.

The relationship between PTEN mutations and ROS production is an interesting one. A recent study
has found that mutations in the ATP-binding motif of PTEN lead to disruption of the correct subcellular
localization of the protein, which results in a significantly decreased nuclear P53 protein level and
transcriptional activity, and enhanced production of ROS [111].

VHL-deficiency was recently found to constitutively activate NOX oxidases to maintain the HIF2a
(hypoxia inducible factor-2a) protein expression while NADPH oxidases of the NOX family are the major
sources of ROS [112]. Hence the same process of energy-metabolism reprogramming will take place in
time.

The increased ROS accumulation associated with the above mutations, possibly in conjunction with
some cell type-specific environment, will ultimately lead to repression of the mitochondrial activities,
including oxidative phosphorylation, and further to energy-metabolism reprogramming as in the case of
hypoxia-induced reprogramming of energy metabolism [113]. In addition, it has been well established that
mitochondrial ROS triggers hypoxia-induced transcription [19] and inflammation [26]. Hence, we propose
that the same cancer-driver model proposed earlier applies to these hereditary cancers except that the initial
trigger is increased ROS instead of persistent hypoxia.
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For the same reason, we suspect that aging-induced cancers may also follow this or a similar model as
mitochondrial ROS accumulates and inflammatory cells increase, on top of cellular senescence [114] as
one ages; and at some point these cells may repress their mitochondrial activities when high enough ROS
levels have accumulated, leading to the reprogrammed energy metabolism and associated phenomena
discussed above. We believe that the various observed changes in these hereditary cancers as reported in

the literature [98-104] contributes to this general driver model proposed here.

Interpretation of naked mole rat data using our model

It is well known that naked mole rats do not or rarely develop cancer [14, 32]. We suspect that their
reduced energy demand during hypoxia is one reason, as they will not accumulate as much glycolytic
metabolites as in human, mouse and rat. A recent study [32] suggests that naked mole rats may have
additional abilities to resist cancer development. This study has found that naked mole rats synthesize and
export an unusually long form of hyaluronic acid, multiple times longer than that in human. It was observed
that knockdown of the species-specific mutant form of HAS2 or fragmentation of hyaluronic acid by HYAL2
leads to cancer development from naked mole rat cells, which otherwise failed to form tumors under the
same conditions.

Our model provides a natural and logical explanation of their observation. Specifically, we believe that
naked mole rats have evolved systems to move the HAS2 synthesized very long hyaluronic acid, hence with
no overlap with the short hyaluronic acid as signaling molecules for tissue repair, into the circulation
without being degraded, which may ultimately get deposited to their skins. The reason that blocking the
activation of HAS2 will lead to cancer development is, we speculate, that it will trigger alternative ways to
synthesize hyaluronic acid, such as by HAS3, which tend to be much shorter, hence possibly directly serving
as signaling molecules. The same can be said about the activation of the degradation enzymes of hyaluronic
acid, namely hyaluronidases, which will of course lead to the generation of tissue repair signals. Figure 4
shows a comparison of how human and naked mole rat cells handle the excessive production of glycolytic
metabolites.
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Conclusions

It is the accumulation of glycolytic metabolites that puts cells on their way to becoming cancerous
under chronic hypoxia and/or increased ROS conditions, coupled with chronic inflammatory condition. The
accumulation is the direct result of the energy-metabolism reprogramming as Otto Warburg speculated five
decade ago. The pressure for survival casted on the underlying cells with the glucose metabolite
accumulation has clearly led the cells to create the conditions that can trigger the synthesis, export and
degradation of hyaluronic acid chains and hence essentially make the whole tissue-repair system available
to the affected cells for their survival through cell division since this provides an exit for the accumulated
glucose metabolites. If the hypoxic and/or ROS condition persists, this process will continue, hence cell
proliferation on a continuous basis. Along the way, some genetic mutations may be selected to provide
permanent replacement for various on-going functions to make the proliferation and hence survival more
sustainable and possibly more efficient, particularly knowing that hyaluronic acid can directly activate a
number of proto-oncogenes such as HSF1 and MYC [70-72].

While energy-metabolism reprogramming may be the key reason for a cancer to start, two “limitations”
in our cellular systems shaped by the past evolution may be the fundamental reason of why human can
develop cancer while organisms like blind mole rats or turtle do not: (1) the ATP demand could not drop to
the level of ATP supply when energy-metabolism reprogramming takes place; and (2) there is an intrinsic
mismatch between the increased glucose influx triggered by the ATP-deficiency and the maximum flux of
the pathway, both of which are due to the lack of “training” in the past. Overall, our model proposes a
molecular level mechanism for how energy-metabolism reprogramming will lead to continuous cell
proliferation for survival, i.e., the initiation of a cancer, hence providing an explanation of Warburg’s
speculation in 1960s: "Cancer ... has countless secondary causes; but there is only one prime cause, (which)

is the replacement of respiration of oxygen in normal body cells by a fermentation of sugar".
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Abstract

A computational analysis of genome-scale transcriptomic data collected on ~1,700 tissue samples of
three cancer types: breast carcinoma, colon adenocarcinoma and lung adenocarcinoma, revealed that each
tissue consists of (at least) two major subpopulations of cancer cells with different capabilities to handle
fluctuating O; levels. The two populations have distinct genomic and transcriptomic characteristics, one
accelerating its proliferation under hypoxic conditions and the other proliferating faster with higher O,
levels, referred to as the hypoxia and the reoxygenation subpopulations, respectively. The proportions of
the two subpopulations within a cancer tissue change as the average O; level changes. They both
contribute to cancer development but in a complementary manner. The hypoxia subpopulation tends to
have higher proliferation rates than the reoxygenation one as well as higher apoptosis rates; and it is
largely responsible for the acidic environment that enables tissue invasion and provides protection against
attacks from T-cells. In comparison, the reoxygenation subpopulation generates new extracellular
matrices in support of further growth of the tumor and strengthens cell-cell adhesion to provide scaffolds
to keep all the cells connected. This subpopulation also serves as the major source of growth factors for
tissue growth. These data and observations strongly suggest that these two major subpopulations within
each tumor work together in a conjugative relationship to allow the tumor to overcome stresses associated
with the constantly changing O level due to repeated growth and angiogenesis. The analysis results not
only reveal new insights about the population dynamics within a tumor but also have implications to our
understanding of possible causes of different cancer phenotypes such as diffused versus more tightly

connected tumor tissues.
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Introduction

It is well established that malignant tumor tissues have heterogeneous cell populations, determined
based on genomic mutation data [1-3] and morphological information of cells within a tumor [4].
However, very little is known about (i) the typical composition of the subpopulations, if there is such a
thing, within a cancer tissue; (ii) how the subpopulations change throughout the development of a cancer;
and (iii) if different subpopulations may contribute in different ways to the development of a cancer.
Gaining a detailed understanding about these issues will not only offer new insights about the
mechanisms of a cancer’s development but also potentially lead to improved capabilities for treating the
disease.

The key biological question addressed here is: how do cancer cells cope with the fluctuation in the O
level, as a result of repeated cycles of hypoxia and reoxygenation [6] caused by tumor growth and
angiogenesis throughout the entire development of a cancer. A natural hypothesis is to test if each tumor
may consist of different subpopulations with different capabilities to cope with the fluctuating O levels.

Detection and characterization of distinct subpopulations within a cancer tissue experimentally
represent a very challenging problem. While single-cell genome sequencing can provide some
information about different cell types within a tissue [3-5], it is currently not feasible to derive
subpopulation-level information within a tissue and mention how such subpopulation composition
changes with time. Fortunately, the availability of genome-scale omic data collected on multiple cancer
tissues has made it possible to tackle this problem using computational techniques.

We have recently carried out a computational study to infer and characterize the major subpopulations
in terms of their capabilities to deal with the constantly changing O» levels within each tissue sample of
three cancer types: breast, colon and lung cancers, which all have large humbers of both transcriptomic
and matching genomic data in the public domain. Specifically by de-convoluting the gene-expression data
of hypoxia and angiogenesis related marker genes collected on tissue samples into contributions by
individual subpopulations each consisting of cells with similar expression patterns, we discovered that all

tissue samples under consideration each consist of at least three substantial and distinct subpopulations.
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One subpopulation increases its fraction when the tissue becomes more hypoxic, referred to as the
hypoxia population while another increases its proportion as the tissue has a higher O, level, named the
reoxygenation subpopulation. The third subpopulation is one with relatively longer hypoxia and
reoxygenation cycles, suggesting slower growth. Of all three cancer types, the fraction of the hypoxia
subpopulation within a cancer tissue generally increases as the underlying cancer advances. We focus on
the first two subpopulations in this study.

A number of distinct characteristics are revealed about the two subpopulations through our analyses,
which are consistent across all the samples of the three cancer types. Specifically, the hypoxia
subpopulation has substantially higher genomic mutation rates than the reoxygenation one. It also grows
faster and relies more heavily on glycolysis than the reoxygenation population. In comparison, the
reoxygenation subpopulation has cell-cell and cell-ECM adhesion genes as well as growth factors
substantially over-expressed.

To the best of our knowledge, all the results reported here represent novel discoveries about the
subpopulation composition and dynamics within cancer tumors throughout their development, which may

have important implications to development of improved treatments for cancers.

Results

Transcriptomic data analyses of three cancer types: breast invasive carcinoma (BRCA), colon
adenocarcinoma (COAD) and lung adenocarcinoma (LUAD), have been carried out to gain a detailed
understanding about the subpopulation composition and dynamics within cancer tissues as they progress.
It is generally understood that a cancer tumor goes through multiple rounds of hypoxia and reoxygenation
due to tumor growth and angiogenesis throughout a cancer’s development. Specifically as a tumor grows,
its cells tend to become increasingly more hypoxic; once the level of hypoxia exceeds certain thresholds,
cells start to release signals for angiogenesis [8, 9], which can lead to increased blood flow and hence
oxygen into the tissue. Then the cells will go through a growth phase under relatively normoxic

conditions before they become hypoxic again, and repeat this cycle. In this paper, we examine how the

66



repeated hypoxia-reoxygenation cycle affects the evolution of cancer subpopulations with distinct

characteristics.

Biclustering analysis of transcriptomic data reveals sizes of subpopulations change in accordance with
O levels

We have carried out a biclustering analysis of gene-expression data collected on tissue samples of
three cancer types, based on 242 marker genes related to hypoxia, angiogenesis signaling, angiogenesis
process, markers of endothelial cells (blood vessel cells), and cell proliferation (see Supplementary Table
S1 for the gene names). Our goal is to determine if some substantial subsets of the tissue samples of each
cancer type may share similar expression patterns among some (to be determined) subsets of the 242
genes. Our hypothesis is that samples in the same phase of the hypoxia-reoxygenation cycle may share
similar expression patterns of some hypoxia and reoxygenation related genes. If true, a biclustering
analysis over all the samples of the same cancer type vs the 242 genes should be able to detect such
subsets of samples sharing similar expression patterns. Our in-house software QUBIC [10] is used for the
analysis, where all samples of each cancer type are represented as a two dimensional matrix with each
row representing one of the 242 genes, each column representing one sample and each entry being the
expression level of the corresponding gene in the relevant sample (see METHODS for details).

Four substantial biclusters are observed consistently across all three cancer types with statistical
significance < p=1E-50, given by the biclustering method. A permutation test is conducted, which
supports the identified biclusters with the estimated statistical significance levels <p=1E-5 (see
Supplementary Figure S2A). These biclusters cover at least 40% samples for each cancer type. Further
analyses of the expression patterns and functions of the involved genes in the four clusters revealed that
one cluster of samples generally have hypoxia-associated genes up-regulated, hence referred to as the
hypoxia cluster; another cluster tends to have angiogenesis-signal receptor and endothelial marker genes
up-regulated, hence called the reoxygenation cluster; and the third cluster shows up-regulation in both

hypoxia-associated and angiogenesis-signaling genes, referred to as the angiogenesis cluster while the
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fourth cluster shows no expression changes in any substantial subset of the 242 genes with statistical
significance. We speculate that the samples in the fourth cluster may have relatively long hypoxia-
reoxygenation cycles, i.e., being slow growing tumors, rather than no such cycles since it is known that all
cancers go through angiogenesis; we call these samples as the background group. Supplementary Figure
S2B illustrates the biclusters identified in each cancer type.

The above result is consistent with our general understanding about the repeated hypoxia-
reoxygenation cycles that a tumor tends to go through as it advances [12, 13]. In the remaining of the
paper, we will carry out further analyses of the first two clusters. Our first question is: do the two clusters
of samples each represent the same cell population displaying different gene-expression patterns under
different conditions, or each represents a mixture of multiple subpopulations of different cell types?

To rule out the possibility that the two clusters are samples in different stages, a simple statistical test
using Fisher exact test was conducted, which revealed that neither of the two clusters of samples show
preference to any specific stage (p=0.1718, 0.1799, and 0.2791 for breast, colon and lung cancer
respectively). This is conducted through building a 2 by 4 table with rows representing the two clusters
and the four columns representing four cancer stages, and each entry denoting the number of samples in a
specific stage in each cluster (see Supplementary Table S3), hence ruling out the possibility of the two
clusters being stage dependent. We then checked the genomic mutation rates in the two clusters, and
found that the hypoxia cluster has substantially higher mutation rates than the reoxygenation cluster in
breast cancer (p=4.612e-06, by Mann-Whitney test), as shown in the boxplots of Figure 1A, and colon
cancer (p=0.02215) and lung cancer (p=5.433e-07), as shown in Supplementary Figures S4A and S5A.
Hence we conclude that the two clusters of samples represent (at least) two different cell types, one
having substantially higher genomic mutations than the other, which leaves two possibilities: the two
clusters each represent a distinct (homogeneous) subtype of the disease, or samples in each cluster all
consist of a mixture of multiple cell types and the fraction of each cell type is approximately the same
across all such samples (hence giving rise to their similar expression patterns across samples in the same

cluster) but different for samples in different clusters. A mathematical analysis is carried out to determine
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which of these two may better represent the available transcriptomic and genomic data.

Before we move on, we noted a clear correspondence among the identified clusters across the three
cancer types with all the corresponding clusters sharing similar expression patterns. These shared
expression patterns across each set of corresponding clusters are particularly outstanding and discerning
across non-corresponding clusters over 62 out of the 242 genes. Hence we use this reduced set of 62
genes, referred to as hypoxia-reoxygenation marker (HRM) genes, for the following analysis. See
Supplementary Table S6 for the names of these genes. Figure 1B and Supplementary Figures S4B and

S5B show the expression patterns of the HRM genes in the identified biclusters in different cancer types.
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Figure 3.1: (A) Distribution of the numbers of mutations in the four major biclustering classes of breast
cancer, where the four boxplots, from left to right, are for the background, angiogenesis, hypoxia and
reoxygenation cluster, respectively. (B) Gene expression profiles of the HRM genes in the four major
biclustering classes of breast cancer. Samples from the background, hypoxia, angiogenesis, and

reoxygenation clusters are color-coded using the pink, red, blue and green bars on top of the figure,



respectively. Hypoxia and reoxygenation markers are labeled by red and green, respectively.

Subpopulations of different cancer cell types are consistently observed across all cancer tissues
i. Nonnegative matrix factorization reveals the existence subpopulations within each tissue sample

A number of studies have reported gene-expression patterns associated with hypoxia and
reoxygenation conditions [14-17]. However, no reports have been published, to the best of our knowledge,
regarding how such patterns change as a cancer advances and the implications of such changes to a
cancer’s development. We have carried out a nonnegative factorization of the sample-expression matrix to
determine if all tissues of a specific cancer type may each consist of subpopulations of different cell types,
each of which has its distinct characteristics. Specifically, we check if the expression matrix for each
cancer type can be represented as the product of two nonnegative matrices with one representing the
gene-expression signatures of the to-be-identified cell subpopulations across all the samples and the other
representing the (to-be-determined) proportion of each cell type in the total cell population in each sample.

This problem can be formulated as a nonnegative matrix factorization (NMF) problem of the sample-
expression data matrix X, for each cancer type, i.e., X;,,xn Can be approximately represented as the
product of two nonnegative matrices, Sy, xk * Prxn, SO the 2-norm of the residual, ||X-SP||?, is minimized,
with k « min{m, n} being a to-be identified value, under the constraint that },; P, is approximately 1.0
for each 1 <j <n, where m is the number of marker genes (i.e., m = 62) and n is the number of samples; S
denotes a signature matrix with k columns, each representing one signature; P is a proportion matrix with
k rows representing the proportion of each signature; and ||X||* represents the 2-norm of vector X. A
solution strategy is given in METHODS for this constrained optimization problem, which is used to solve
the above for a fixed k > 0.

We noted that when k = 2, the residual matrix E is quite significant, but drops substantially when k =
3 and further reduction is minimal when k goes to 4 and beyond (see Supplementary Figure S7) for each

of the three cancer types. This strongly suggests that there are three independent, significant and
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consistent signatures of three cell subpopulations within each cancer tissue, across all samples for each
cancer type.

We have examined the distribution of the proportions of each cell type across all samples of each
cancer type, and found that three distributions are unimodal for all three cell types, as shown in
Supplementary Figure S8. This strongly suggests that the cell-type specific fraction across all samples of
the same cancer type forms one continuous distribution rather than multiple ones, hence suggesting that
each sample consists of three subpopulations of distinct cell types, whose fractions change as the hypoxia
level changes.

Interestingly, the three cancer types under consideration share very similar expression patterns in each
of their three signatures: one signature with highly expressed hypoxia markers, one signature having
highly expressed reoxygenation markers and a signature with low expression levels across the vast
majority of the HRM genes as shown in Figure 2 and Supplementary Figure S9. Hence we call the three
cell types the hypoxia, reoxygenation and background cells, respectively. Further analyses show that there
is a strong correspondence between the three cell subpopulations and the biclustering results given in the
previous section. Specifically, samples in the hypoxia and reoxygenation biclusters have substantially
higher fractions of the hypoxia and the reoxygenation cell subpopulation, respectively, compared to the
other clusters. And the angiogenesis samples tend to have more balanced fractions between the hypoxia

subpopulation and the reoxygenation subpopulation, respectively.
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Figure 3.2: Gene-expression signatures for three cell subpopulations in breast cancer. In the figure, the
columns represent the gene expression pattern of the reoxygenation, background and hypoxia
subpopulation, from left to right. The color code represents down or up-regulation with the detailed

definition given in the top of the figure.

As expected, we noted a significant negative (positive) correlation between the proportion of the
hypoxia (reoxygenation) subpopulation in a tissue and its expression levels of the oxygen-consuming
enzymes (excluding any from the 62 HRM genes) (Supplementary Figures S10A and S10B). This
revealed a dynamics among the relative sizes of the three subpopulations within a cancer tissue, as a
function of the oxygen level, which changes due to repeated growth and angiogenesis. Specifically, the

hypoxia subpopulation increases as the hypoxia level goes up while the other two subpopulations clearly
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shrink due to cell death possibly induced by the incompatible O, condition and/or by cell-cell competition
within the same growing tissue [20], which has been widely observed in Drosophila where more viable
cells can directly induce cell death in less fit cells in the neighborhood and replace them by the daughter
cells of their own [21]. The same can be said about the fraction decreases of the hypoxia subpopulation in
tissues as they become increasingly less hypoxic. This dynamics within a tissue is not apparent from the
outside since the overall size of a tumor may not change when the relative proportions of different
subpopulations change. One direct supporting evidence of the proposed change of subpopulation
proportions is that there is a strong correlation between the proportion of the hypoxia subpopulation and
the genomic mutation rate, as discussed in the previous section that the hypoxia cell type has higher

genomic mutation rates, as shown in Figures 1 and 4 and Supplementary Figures S4 and S5.

ii. Biological processes specific to different subpopulations

We noted that the following HRM genes are consistently overly expressed in the hypoxia
subpopulations across all three cancer types: (1) hypoxia markers HIF1A and VHL; (2) hypoxia-response
genes VEGFA, SLC2A1, ADM, TGFA, LDHA, SLC16A1 and SLC16A3; and (3) cell-cycle genes CCNEL,
CCNA2, CCNB1, E2F1, POLR1A, E2F3, EZH2 while the following HRM genes are consistently up-
regulated in the reoxygenation subpopulation across all cancer types: angiogenic factor receptors and
related genes such as TIE1, DES, SERPINE1, HGF and FLT4. A detailed list of these genes is given in
Supplementary Table S11.

A pathway enrichment analysis was conducted over the up- or down-regulated genes, respectively, in
the hypoxia and the reoxygenation subpopulations, separately, with the detailed lists of differentially
expressed genes in each subpopulation and in each cancer type given in Supplementary Table S12. The
enriched pathways are shown in Figure 3 and Supplementary Table S13.

Cell proliferation, glycolysis, DNA synthesis, amino acid transporters and cholesterol transporter

genes are up-regulated in the hypoxia subpopulation: The following genes show strong positive

correlations between their expression levels and the proportion of the hypoxia subpopulation: CCNAZ2,
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CCNB1, CCND1, CCNEL1, and CCNE2, DNA polymerase POLR1A, cyclin dependent kinases CDK1 and
CDK?2, and cell cycle related transcription factor E2F1, E2F2, and E2F3, as well as glucose transporters
SLC2A1, SLC2A4, glycolysis enzymes ENO1, GAPDH, GPI and HK2, lactate dehydrogenase LDHA,
amino acid transporter genes, and cholesterol sensor and transporter genes SCARB1 and LDLR, hence
indicating accelerated cell proliferation by the hypoxia subpopulation with the increase in the hypoxia
level. These observations are consistent with published studies showing that more hypoxic cancers tend to
be more aggressive [23, 24]. In addition, acidity-response genes CA9 and CA12, lactate transporter genes
SLC16A1 and SLC16A3, sodium/hydrogen exchanger genes SLC9A3 and SLC9A6, and a number of V-
ATPase genes exhibit positive correlations with the proportion of the hypoxia subpopulation in a tissue,
indicating increased acidity level in the vicinity of the hypoxia subpopulation.

Over-expressions in_cell-matrix interaction and cell-cell adhesion, cell-cell signaling, immune

responses, nuclear receptors and growth factor genes are distinct characteristics of the reoxygenation

subpopulation: The following genes show strong positive correlations with the proportion of the
reoxygenation subpopulation in a cancer tissue: the ECM-component proteins and cell-adhesion proteins
such as cell-matrix adhesion proteins, collagens, angiogenesis proteins, extracellular proteins and cell
surface proteins, as well as multiple nuclear receptors such as NR1D2, NR1H2, NR2F2, NR3C1, NR4AL,
NR4A2, NR4A3, and NR5A2, growth factors such as CLEC11A, IGF1, FGF1, FGF13, FGF7 and PDGFC,
and cell signaling proteins, plus immune response genes such as killer T-cell marker genes CD1D, CD8
and CD28, helper T-cell marker CD4, and tumor associated macrophage (TAM) markers CD68, CD163
and CD206 (MRC1). In addition, oxygen-consuming enzymes in steroid hormone synthesis pathways are
up-regulated, which may produce ligands that can bind to the over-expressed nuclear receptors to activate
growth factors for cell proliferation [25, 26]. It is worth noting that the helper T-cells and TAMs (tumor
associated macrophages) can release growth factors and regulate angiogenesis, ECM components,
adaptive immunity and metastasis [27].

Based on this information, we posit that the two subpopulations play distinct and complementary

roles in supporting tumor development and expansion. Specifically, the reoxygenation subpopulation
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provides growth signals; make new ECMs as the foundation for further tumor growth; enhance cell-cell
and cell-ECM interactions to serve as scaffolds for keeping the tumor cells connected; and bring in new
blood supply in support of further growth while the hypoxia subpopulation releases angiogenesis signals
as a result of increased hypoxia and create an acidic environment through releasing lactic acids to
facilitate tumor cells to encroach into the neighboring areas [28] and to weaken T-cells attack [29]. We
suspect that the reoxygenation cells may serve a role to keep all the cells connected since they have
increased cell-cell adhesion activities while the hypoxia cells have decreased cell-cell adhesions. For this
reason, we call the hypoxia and reoxygenation types the loose and the sticky type, respectively.

From our gene-expression data analyses, the reoxygenation subpopulation is clearly the slower
growing subpopulation in comparison with the hypoxia cells, confirming a general evolutionary
hypothesis: greater pressures drive organisms to evolve faster [30-32] as the hypoxia group is clearly
under greater pressures.

Over-expressed superoxide reductases in hypoxia subpopulation versus peroxide reductases in

reoxygenation subpopulation suggest that the two subpopulations have different sources of ROS: It has

been established that reactive oxygen species (ROS) can be produced by different mechanisms including
repeated cycles of hypoxia followed by reoxygenation and cell proliferation [33]. Interestigly the two cell
populations have different sets of antioxidant enzymes up-regulated, namely anti-superoxide enzymes
such as XDH, SOD2 and IDOL1 in the hypoxia subpopulation and peroxide reductases such as GPX2,
GPX3, and GPX5 in the reoxygenation population. It is known that superoxide is mainly produced by the
leakage of mitochondria under hypoxic conditions while peroxide can be produced by repeated cycles of
hypoxia-reoxygenation [34-36]. Hence we posit that as a cancer tissue evolves, superoxides and peroxides
are alternatively produced by the two dominating subpopulations, leading to the over-expression of
different classes of anti-oxidants.

Over-expressed mesenchymal marker and matrix metalloproteinase genes reveal the invasiveness of

the reoxygenation subpopulation: We have checked the expressions of the mesenchymal marker genes in

the two subpopulations, and found that mesenchymal marker genes CDH2, FN1, VIM and VTN and
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matrix metalloproteinase genes MMP2, MMP3, MMP14, MMP16, MMP17, MMP19 and MMP28 are
consistently up-regulated in the reoxygenation subpopulation but not in the hypoxia population across all
tissue samples, suggesting that the reoxygenation cells represent the more invasive population between
the two. Clearly, this, in conjunction with the earlier data, revealed that faster growing and more invasive
are independent behaviors of a cancer.

Up-regulated apoptosis genes in the hypoxia population and the ATM/ATR DNA repair pathway in

the reoxygenation population are observed: Apoptosis (activation) genes such as BAK1, CASP3, CASP9,

CYCS, DIABLO and proteasome genes are up-regulated in the hypoxia population. This, in conjunction
with an earlier discussion, reveals that the hypoxia subpopulation has both high proliferation and
apoptosis rates. In comparison, the reoxygenation population has both lower proliferation and apoptosis
rates.

The observed up-regulation of the DNA repair genes ATM and ATR suggests more activated DNA
repair activities in the reoxygenation population, which is consistent with previous reports [37].

Over-expressed steroid hormone receptors are observed in the reoxygenation population in all three

cancer types, such as ESR1, AR and PGR (see Supplementary Figure S14A). In contrast, these genes are
down-regulated in the hypoxia population. A possible explanation is that their ligand steroid hormones are
produced through cholesterol oxidation, which has reduced activities due to reduced oxygen levels. At the
tissue level, breast cancer samples fall into three groups each having a distinct expression pattern by these
genes (see Supplementary Figure S14A). Interestingly the other two cancer types do not have such a
grouping. Knowing that the expression levels of ESR1 and PGR are the defining features of breast cancer
subtypes, we are tempted to speculate that breast cancer subtypes may be related to the oxygen level of
the tumor, which warrants further investigation.

Figure 3 summarizes the main distinct as well as common characteristics of the two subpopulations,

as detailed in the above.
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Figure 3.3: Key characteristics of the two subpopulations.

iii. Population dynamics over cancer stages reveal cancer evolution possibly driven by repeated hypoxia-

reoxygenation cycles

The impacts of hypoxia and tumor angiogenesis on cancer evolution have been discussed in previous
studies, including increased genome instability [13], drug resistance [38] and selection of specific
characteristics of cancer stem cells [39]. It has been established that a number of cancer micro-
environmental factors such as the hypoxic level, acidic level, oxidative stress, immune responses and
ECM composition could be altered in response to the repeated hypoxia-angiogenesis cycles [40-42],
leading to the selection of cell subpopulations with certain characteristics, which better fit the

microenvironments, hence driving a cancer’s evolution.
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Selection of genomic mutations by the repeated hypoxia-reoxygenation cycles: By comparing the

mutation rates of cancer tissue samples at different stages, we noted that the mutation rate does not
increase significantly as a cancer advances (Supplementary Figure S10). It is interesting to note that
highly mutated cancer genomes are rarely observed in advanced cancers when compared with early stage
cancers. Hence we speculate that while increased genomic mutations may provide larger pools for natural
selection and hence for cell survival, cancer cells may have a maximal level of tolerance in the level of
mutations; that is, cells with highly mutated genomes are eliminated to keep the cells viable and capable
to cope with the changing and complex microenvironments.

To examine the possible roles played by the repeated hypoxia-reoxygenation on cancer genome
evolution, we have carried out a regression analysis to correlate the proportions of subpopulations in a
cancer tissue to the mutation rates across all samples of each cancer type. The regression result, as shown
in Figure 4, revealed that the mutation rate is positively correlated with the proportion of the hypoxia
subpopulation and negatively correlated with that of the reoxygenation subpopulation in a tissue sample.
This indicates that the mutation rate increases when a tissue becomes more hypoxic and the rate decreases
when the tissue is more reoxygenated, which is true for all the cancer types under consideration. Overall,
we speculate that there may be a general relationship between the mutation rate and the cell subpopulation
with a specific optimal O; level, possibly adjusted by the organs; and each subpopulation has its intrinsic
mutation rate. Hence when the proportion of a subpopulation changes, the mutation rate of a whole cancer

tissue changes accordingly. Detailed regression parameters are listed in supplementary table S15.
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Figure 3.4: Gene mutation rate versus the proportion of a specific cell type. In each panel, the x-axis
represents the proportion of a subpopulation and the y-axis represents the logarithm of the number of
mutations averaged over all samples. The slope of the regression line suggests the correlation between the

proportion of a subpopulation and the corresponding mutation rate.

Biological processes selected by repeated hypoxia-reoxygenation: We have carried out the following

analysis to determine which biological processes may be positively selected by cancer evolution, i.e.,
defined as those that are strongly correlated with the proportion of a specific subpopulation (see
METHODS for details).

The following pathways are positively selected by the repeated hypoxia-reoxygenation: apoptosis,
cell proliferation, DNA synthesis, proteasome and WNT signaling, while cell-matrix junction, ECM
components, immune responses such as T- and B-cell activation, cell defense system, cell-cell signaling,
steroid hormone receptors, regulation of cell proliferation, platelet homeostasis, collagen and lipid rafts
are negatively selected (See details in Figure 5). These findings indicate that cancer evolution in general
positively selects the main characteristics of the hypoxia subpopulation and negatively select key features

of the reoxygenation subpopulation.

79



Increased reoxygenation
population

™ Superoxide

™ Peroxide

™ Apoptosis

™ DNA synthesis

™ Cell proliferation

‘> DNA damage check
™ Proteasome

T WNT signaling

J Cell matrix junction
4 ECM part

J T cell activation

J B cell activation

J, Cell defense system
J Signaling by GPCR
J Cell signaling

J{, Steroid hormone receptor
J, Regulation cell
proliferation

J- Platelet homeostasis
J Collagen

J Lipid raft

Increased hypoxia
population

Figure 3.5: Biological processes selected by repeated hypoxia-reoxygenation.

Proportion distributions of the two subpopulations versus cancer stages: we have examined changes

of proportions of subpopulations in a cancer tissue versus cancer stages and the T, N, M status,
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representing cancer progression level, the primary tumor size, the number of regional lymph nodes that
cancer has spread to, and the state of distant metastasis, respectively. Interestingly, the proportion of the
hypoxic subpopulation in a tumor increases monotonously with respect to the cancer stage N, as shown in
Figure 6, indicating a possible correlation between the relative fractions of subpopulations and the
number of local lymph nodes that have been infected.
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Figure 3.6: Distributions of proportions of the hypoxia and the reoxygenation subpopulations versus the
N stages. In each panel, each bar from left to right represents the distribution of the proportion of a

subpopulation in stage NO, N1 and N2 (and N3 in breast cancer) samples.

Relationship between the two subpopulations and circulating tumor cells: To understand if the

metastasized cells may have come from one of or both the subpopulations, we have compared the gene-
expression signatures of the two subpopulations with those of circulating tumor cells (CTC) [43, 44]
collected from cancer patients’ circulation. Specifically we have compared the signatures of CTCs
originated from melanoma and pancreatic cancers (the only CTC data we can find and use here) with
those of breast, colon and lung. Our analysis found that the cell proliferation, DNA synthesis,
reoxygenation signatures, oxygen consuming enzymes, and cell-cell adhesion genes are over-expressed

while apoptosis marker and hypoxia marker genes are under-expressed in CTCs compared to their
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corresponding primary cancers, indicating that the up-regulated genes in the CTCs are consistent with
those of the reoxygenation subpopulation in multiple gene categories while they show over-expressed
cell-proliferation genes, which resemble more the hypoxia subpopulation. It is clear that additional
information such as genomic mutation data is needed to draw a conclusion of whether the CTCs are

predominantly from either, both or none of the two major subpopulations in a cancer tissue.

Discussion

An application of the NMF method to gene-expression data collected on a large number of cancer
tissue samples allows us to probe the internal structure of a cancer tissue in terms of the subpopulation
composition and dynamics and study how the relative sizes of the subpopulations change with the
changing O- level, which is due to a repeated cycle of tissue growth and tumor angiogenesis throughout
the entire process of a cancer development. It is noteworthy that there could be other ways to define
subpopulations within a cancer tissue when examined from other angles. Here we look at the
subpopulation composition and dynamics from the perspective of how the cells respond to repeated cycles
of hypoxia and angiogenesis.

While it is not intuitively straightforward, our analysis provides strong evidence that the internal
composition of the subpopulations, specifically the hypoxia and the reoxygenation subpopulations, in a
cancer tissue changes. Various known mechanisms can be used to explain the predicted changes in the
subpopulation dynamics in a tissue. This includes (1) increased apoptosis rates of one subpopulation
under unfavorable O conditions, while the dead cells can be replaced by new cells of another
subpopulation, which generally has increased growth rates under the same condition as our data have
shown; and (2) cell-cell competition as discussed earlier can directly replace viable but less fit cells (of
the opposite subpopulation) by daughters of the more fit cells.

While the higher genomic mutation rates provide a solid evidence for the changing fraction of the
hypoxia subpopulation in a cancer tissue as a function of the O level, it remains to be fully understood

how exactly the high mutation rates benefit or are even needed by the development of a cancer tissue.
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One possible benefit, as discussed earlier, could be that the higher mutations may provide a richer pool of
survival pathways, of course at the possible expense of higher death rates of such cells. More in-depth
studies are needed to further investigate this issue.

The discovery of the conjugative relationship between the hypoxia and reoxygenation
subpopulations, as discussed earlier, clearly adds a new dimension to cancer study. Even though previous
studies have found that cancer tissues generally have heterogeneous cells, virtually nothing is known
about their mutually beneficial relationship, potentially mutually dependent relationship among the
subpopulations as we aim to understand in our future study. One potential direction is to investigate how
the ratios between the sizes of the hypoxia and the reoxygenation subpopulations may be relevant to or
even affect the form of a cancer biomass, such as diffused versus all neoplastic cells sticking together as
one or a few tumors, as we would intuitively imagine that the higher percentage of the loose cells of the
hypoxia subpopulation in a cancer, the more diffused the cancer cells may become in an organ, which
clearly requires further study and validation. Our observation also suggests possible links between the
activation of the steroidal hormone receptors and the hypoxia level, which also requires further analyses,
particularly in relevance to breast cancer subtypes.

The discovery made on cancer subpopulation composition and dynamics could also have important
implications to the study of the metastasis process since one may intuitively imagine that the loose cells

of the hypoxia subpopulation may have higher chances to escape from their bases.

Conclusion

Our computation-based analyses of transcriptomic data of a total of 1,697 tissue samples of three
cancer types revealed that the alternating hypoxia and reoxygenation cycles, plus the transitions between
them resulted from tumor growth and repeated tumor angiogenesis, drive the changes in the relative
proportions of two major subpopulations of cancer cells within a cancer tissue, i.e., the hypoxia and the
reoxygenation subpopulations, which provide complementary beneficial conditions and material to

facilitate a sustained growth of a neoplastic tumor under substantially different O, levels. The new
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knowledge gained here, along with the computational techniques employed, should help to open new
doors in cancer research, allowing studies of cancer development processes and mechanisms in a more

realistic setting.

Material and Methods
Data used in the analyses

We applied our analysis on the TCGA RNAseqV2 and somatic mutation data. Three cancer types,
namely breast invasive carcinoma (BRCA), colon adenocarcinoma (COAD) and lung adenocarcinoma
(LUAD), were selected and analyzed with the following consideration: (1) they all have normal control
tissue samples; (2) their sample sizes are relatively large with 994 samples for the BRCA set, 233
samples for the COAD set, and 470 samples for the LUAD set [45, 46]; and (3) the large variance in their
expression levels of the hypoxia and reoxygenation marker genes suggests possible repeated cycles of
hypoxia and reoxygenation.

Microarray gene-expression data of CTCs and their matching primary cancer samples were
collected from the GEO database. Data set GSE18670 (pancreatic cancer, Affymetrix Human Genome
U133 Plus 2.0 Array) and GSE38495 (melanoma, Illumina Genome Analyzer I1x) were analyzed to get
gene markers of CTCs. Both of the two sets have 6 CTC samples, along with 6 and 20 matching primary

cancer samples, respectively.

Hypoxia, angiogenesis and reoxygenation marker genes

It has been reported that repeated hypoxia-reoxygenation cycles may directly regulate the cell cycle,
glucose metabolism and angiogenesis [47]. 242 genes related to various biological processes such as cell
cycle, hypoxia response, glycolysis, glucose and lactate transport, and marker genes of angiogenesis
signaling, angiogenesis process, endothelial cells, pericytes and reoxygenation are collected from the
literature and public databases such as David [48], KEGG [49] and MSigDB [50], which represent the list

of all directly relevant processes to hypoxia and reoxygenation. The detailed gene list is given in
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Supplementary Table S1.

Biclustering analysis to identify repeated hypoxia-reoxygenation process

Repeated hypoxia has been observed using electron-paramagnetic resonance in cancer tissues [51].
Transcriptomic level alterations of several key maker genes have been observed in hypoxia and
reoxygenation experiments [14-17]. In this analysis, we assume that each tissue sample is collected at one
time point from the repeated hypoxia and reoxygenation process, hence their gene expression data can
reflect the hypoxia level of a tissue when it was collected, and are comparable across different samples.
The current understanding is that the typical response time of hypoxia and reoxygenation is
approximately a few days to a few weeks, which is much longer than the hours long response time of
transcriptomic alterations [52, 53]. Hence the transcriptomic level response to repeated hypoxia and
reoxygenation cycle can be reflected by the transcriptomic data collected on the tissue samples.

We applied our in-house biclustering software QUBIC 1.0 that can simultaneously cluster the
samples and the gene-expression data for identification of genes sharing similar expression patterns
across some to-be-identified subset of samples, and find all such patterns above some similarity and size
thresholds [10]. We have applied this tool to the sample-expression matrices for all the three cancer types

for identification of all major biclusters. The tool is executed using the default parameters.

Nonnegative matrix factorization of a transcriptomic profile of multiple samples
Nonnegative matrix factorization has been applied to cancer stratification [54, 55], in which the
transcriptomic profile of selected genes across multiple samples of a selected cancer type is modeled as

follows:

Xmxn = Smxk " Prxn + E, kK min{m: n},

in which X, denotes a gene-expression matrix with m genes and n samples; S, «x denotes a
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nonnegative signature matrix with m rows and k columns, each representing one signature; Py, is the
nonnegative proportion matrix with k rows representing the proportion of each signature; and E is the
residual matrix, the 2-norm of which is d

enoted by ||E|*. The goal is find S,,xx and Py, that minimize ||E||? for given k<< m, n.

The “Brunet” method in the NMF package [55] of R is applied with default setting to calculate the
nonnegative matrix factorization on a given gene-expression matrix over 62 HRM genes. In detail, with
an input matrix X and a given rank k, the S matrix and the P matrix are iteratively calculated using the
following recurrence relationship:

( m _SiaXik
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The stopping criterion of this iterative process is when the algorithm reaches convergence. Rather than
directly evaluating the convergence of ||E||?, the Brunet method evaluates the stability of a connectivity
matrix C of size m X m, in which C;=1 if samples i and j belong to the same cluster, and C;=0 if they

Pestimated*]

to ensure the constraint that
21] 1:'1><]

belong to the different clusters [55]. We normalize P using P =

i Pixj is approximately 1.0 for each 1 < j <n. The distribution of i P;; for each cancer type is shown in
Supplementary Figure S16.

The rank, k, of the signature and proportion matrices is determined based on the number of
significant principle components of the gene-expression matrix X, i.e. the number of significant
eigenvalues of the variance matrix of X [56]. Supplemental Figure S5 shows the distribution of the
eigenvalues of each cancer type. In all the three cancer types, k = 3 is selected in our analyses based on
the eigenvalue distributions.

To determine whether the identified biclusters are due to different cancer subtypes or the changing

proportions of different subpopulations within tissues in response to the micro-environmental conditions,
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we have examined the proportion of each signature, i.e. each column of the matrix P. If the expression-
sample matrix is composed of samples from different cancer subtypes, proportions of different cancer
subtypes should in general follow different distributions and hence result in multimodal distributions of
the fitted curves for the proportion distributions across all the samples for each cancer type, as shown in
Supplementary Figure S12 (derived from data set GSE32646). Generally speaking, if such a proportion
distribution is unimodal, the samples are most likely from one population [57]. Based on this argument,
we can predict whether the observed expression patterns of the HRM genes are due to cancer subtypes or

population dynamics of the same set of subpopulations.

Basic tools used in our data analyses

We have used Pearson correlation coefficients between gene-expression levels and the estimated
proportion of each subpopulation to assess the level of correlation between the expression patterns of
specific genes and the sizes of different subpopulations. Student t distribution is assumed when testing the
statistical significance of each derived correlation coefficient, using 0.05 as the significance threshold. In
the current study, we focus mainly on the hypoxia subpopulation and the reoxygenation subpopulation.

A gene is considered as up-regulated in one subpopulation if and only if the gene’s expression level
is significantly positively correlate with the size of the subpopulation and negatively correlate with the
size of the other subpopulation. Similarly defined are down-regulated genes.

Mutation rate is defined by the # mutations/24,981, where 24,981 is the total number of mutated
genes found in all TCGA data. For each cluster, the mutation rate is defined by the average mutation rate
of the samples in the cluster.

For categorical data of cancer stages, Spearman correlation coefficients are used to assess
correlations between gene expression levels and cancer stages; and the permutation test is used to assess
the statistical significance of each correlation coefficient, using 0.05 as the significance threshold.

Pathway enrichment is assessed using a hypergeometric test (statistical significance cutoff = 0.001)

[58]. 2,775 pathways from the Msigdb database including the GO terms and the Msigdb canonical gene
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sets are used in our pathway-enrichment analysis.
Differentially expressed genes in CTCs versus their matching primary cancers are determined using

the SAM’s differential expression analysis method [59] (statistical significance cutoff = 0.05).
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Abstract

Lactates play key roles in facilitating and protecting the development of a cancer in the majority of or
possibly all cancer types. While its beneficial effects to cancer development have been extensively studied,
very little is known about what derive the high-level production of lactates in a cancer throughout its entire
development across different cancers. Here we present a novel computational analysis of tissue
transcriptomic data of nine primary cancer types, plus a few precancerous and metastatic cancers, to address
this issue. Our approach is to identify stress types, known to play key roles in a cancer development, that
show strong co-expressions with LDHA, the gene encoding the lactate dehydrogenase-A, at different stages
of a cancer development. A number of interesting observations are made through our co-expression analyses,
including (i) all nine primary cancer types show similar association patterns between stresses and LDHA,
namely the strengths of the associations increase from early to intermediate-stage cancer tissues but then
make a substantial down turn at the most advanced stage universally; (ii) while the detailed stress types
associated with LDHA may vary across different cancer types, stresses induced by apoptosis and adaptive
immune responses are present universally across all cancer types, suggesting that these two stresses are
possibly two key drivers to keep the high-level production of lactates; and (iii) there is a clear distinction
between stress types associated with LDHA in precancerous tissues vs early-stage cancer tissues while in
contrast, no such distinction exists between advanced stage primary cancers and metastatic cancers. We
anticipate that the analysis results here can provide highly useful information for designing personalized
treatments for different cancers at different stages as stopping lactate production could have devastating

effects on a cancer development.
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Introduction

Warburg effect represents one of the most profound observations about cancer, initially made by
German biochemist and Nobel Laureate Dr. Otto Warburg in 1920s [1]. It basically states that cancer cells
tend to maintain high levels of glycolytic fermentation activities regardless of the cellular oxygen level.
Substantial amounts of efforts have been invested into the study of this very intriguing and counterintuitive
observation in the past century, particularly in the past decade. A number of proposals have been made
regarding why cancer cells tend to use this ancient and less energy-efficient pathway even when
mitochondria are functional and not limited by the lack of oxygen. These include that (i) the glycolytic
fermentation pathway can produce intermediates for macromolecular synthesis needed for cell proliferation
[2]; (ii) the pathway can provide NADPH, a key element needed for macromolecular synthesis [3]; and (iii)
the pathway is faster in ATP production compared to the respiration pathway so the cells can keep up with
the rate of cell proliferation [4]. Among all the proposals, maintaining a high-level production of lactates
may represent a most interesting one.

A number of recent studies have provided strong evidence of how lactates (or lactic acids) can benefit
cancer throughout its entire development, including (i) induction of apoptosis in the neighboring non-
dividing cells [5], hence enabling cancer encroachment into their territories; (ii) enhancing anti-apoptotic
activities in cancer cells [5]; (iii) suppressing the attacking activities of cytotoxic T cells [6]; (iv) fueling
their associated macrophages (TAMS) [7] in exchange for TAMSs’ supporting roles in their growth; (V)
promoting angiogenesis [8]; (v) reduced production of ROS (reactive oxygen species) [9, 10], which could
be highly damaging, among others [5, 11]. Interestingly, cancers indeed tend to maintain a high-level
production of lactates throughout their entire development, even including those cancers that do not rely
glucose as an energy source such as prostate cancer [12]. In this study, we address the following question:
what drives a cancer to maintain its high-level production of lactates throughout its entire development,
through mining transcriptomic data of cancer vs control tissue samples.

Systematic analyses of transcriptomic datasets of four precancerous diseases, nine primary cancer types
with normal controls and three metastases were carried out to infer what may influence the high-level

production of lactates and the associated regulation at different stages of different cancer types. Specifically,
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genes co-expressed with LDHA are identified in samples at each stage of each cancer type across all stages
and all cancer types under consideration. A novel method is developed to infer an LDHA-centric co-
expression network, organized as multiple gene modules, each covering functionally associated genes, over
samples of each cancer type. The analysis gives rise to a collection of LDHA-centric co-expression
networks, each at a specific stage of a cancer type, which collectively provide a dynamic view of how the
co-expression networks, and hence the possible causes as well as associated regulatory mechanisms for
maintaining the high-level production of lactates, change as a cancer advances. Comparative analyses of
these stage-dependent networks across different cancer types offered new insights about the commonalities
as well as distinct characteristics of such networks, and hence associated regulatory machineries of high-

level production of lactates, across all cancer types examined.

Results
LDHA-centric co-expression networks at different stages across multiple cancer types

Increased lactate production has been widely observed based on over-expression of LDHA across
different cancer types [11], which is confirmed by our own analyses, i.e., the gene-expression of LDHA is
consistently up-regulated in cancer versus controls with high statistical significance (see Supplementary
Figure 1 and Supplementary Table 1) across all the cancer types under consideration.

A main goal here is to infer the possible causes for cancer cells to keep high-level production of lactates
and elucidate the associated transcription regulatory systems. Our analyses consist of two key components:
(i) prediction of the relative order of progression among the tissue samples of each cancer type, which each
have an assigned stage by pathologists and publicly available along with the gene-expression data; and (ii)
identification of genes co-expressed with LDHA and function-based grouping of genes. Note that (i) enables
our analysis to go beyond the four-stage categorization of cancer samples typically provided by cancer
pathologists, allowing us to sequentially order samples based on similarities of their gene-expression
patterns. The rationale is that the provided stage information offers only a rough estimate of where a cancer
is in terms of its development, largely determined based on morphological and limited genetic biomarker

information, which hence may not be necessarily very accurate in deciding the actual level of development
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of individual samples. Our method makes its prediction using molecular data, making it more function-
based, more reliable and more useful.

We have predicted the relative progression order of the samples in each dataset considered in this study,
using the method given in METHODS. The idea is to identify a (small) subset of genes and then map all
the given samples, based on their expression levels of the selected genes, to a linear order so that the original
stage relationship (e.g., samples of stage X should be in general placed before samples of stage X+1) among
all the samples is minimally violated by the ordering. Using this method, we have predicted the progression
order of the samples under consideration, with an agreement level ranging from 71.62% to 96.01%, with
the pathologist-assigned stages (see METHODS), as shown in Table 1. The prediction results for all the
nine primary cancer types are provided in Supplementary Figure 2 and Supplementary Table 2. We then
partitioned the ordered list of samples of each cancer type into four groups of consecutively ordered samples,
referred to as four predicted stages, using a method given in METHODS, and then predicted a LDHA-
centric co-expression network based on samples in each predicted stage (of each cancer type). The reason
for using the predicted rather than provided stage is that our predicted stages better capture the similarities
of expression patterns of the selected genes, hence biologically more meaningful. In addition, this procedure
enables to sample the datasets under consideration to ensure that they each have similar sizes to avoid any
issues associated with uneven data sizes. Additional information is provided in METHODS regarding the

overall quality of the predicted stages.

Cancer type Concordance rate
BLCA 84.11%
BRCA 73.32%
COAD 71.62%
HNSC 79.55%
KIRC 90.69%
LUAD 82.29%
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PAAD 85.16%

PRAD 88.47%

THCA 96.01%

Table 4.1. Concordance rates between the predicted and assigned stages by pathologists of each

cancer type. Details about the calculation of these values are described in METHODS.

To elucidate what factors may be responsible for the high-level production of lactates, we have
examined five transcriptional factors (TFs) (see next section), possibly relevant to LDHA, and a number of
cellular and micro-environmental stresses that are known to be cancer associated, referred to as cancer
associated stresses (CAS) in our construction of co-expression networks centered on LDHA to infer their
possible relevance to lactate production. The stresses considered are dysregulated glycolysis, hypoxia,
oxidative stress, ER stress, DNA damage, extracellular matrix (ECM) component dysregulation,
dysregulated innate and adaptive immune responses, NAPDH deficiency, NAD+/NADH imbalance,
apoptosis and proliferating stresses. Based on these selected stresses, one LDHA-centric co-expression
network is constructed, consisting of these stress associated genes, five TFs and LDHA, for each stage of
each cancer type, using the method detailed in METHODS. Figure 1 shows the co-expression networks of
different stages of colon cancer, with detailed statistical significance values for all the relevant co-
expressions are given in Tables 3 and 4. Similar sets of co-expression networks for each of the eight other
cancer types are given in Supplementary Figure 3 and Supplementary Table 3. Table 2 summarizes these
networks using two measures: the network size and the number of known CAS types (CAS), along with the
statistical significance value of each associated stress type in Table 4.

We noted that these networks tend to (1) have their sizes increase from stage 1 through stage 3 but
consistently have reduced sizes in the last stage across all cancer types (except for breast cancer that has
reduced sizes in the last two stages); (2) the CAS genes exhibit similar patterns in terms of their size
distributions to those of (1); (3) there does not seem to be any significant difference in terms of the two
above measures across precancerous, primary cancer and metastatic cancer tissues; (4) while these two

numbers have a wide range of distributions across different cancer types, there do not seem to be any clear
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relationships between the sizes and specific phenotypes of cancers such as their survival or recurrence rates;
and (5) the size of a network and the number of CAS genes in cancer samples are consistently substantially
higher than those of the normal controls. Further investigation may lead to new insights about how these

numbers may contribute the development of a cancer.

Cancer Category Stage Network size #CAS genes

Ulcerative colitis Precancerous * 188 32

Inflammatory bowel

Precancerous * 898 120

disease

Early stage adenoma Precancerous * 404 51

Advanced stage
Precancerous * 701 131

adenoma

Normal Bladder Normal * 225 33
Primary

Bladder cancer | 445 110
cancer
Primary

Bladder cancer I 1011 260
cancer
Primary

Bladder cancer Il 1035 213
cancer
Primary

Bladder cancer v 906 210
cancer

Normal Breast Normal * 329 49
Primary

Breast cancer | 246 109
cancer
Primary

Breast cancer | 310 127
cancer
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Primary

Breast cancer i 323 160
cancer
Primary

Breast cancer v 285 167
cancer
Primary

Breast cancer Vv 238 133
cancer

Normal Colon Normal * 84 25
Primary

Colon cancer | 541 151
cancer
Primary

Colon cancer I 652 184
cancer
Primary

Colon cancer Il 747 218
cancer
Primary

Colon cancer v 411 130
cancer

Normal Head and neck Normal * 308 56
Primary

Head and neck cancer | 287 80
cancer
Primary

Head and neck cancer I 769 159
cancer
Primary

Head and neck cancer Il 1206 305
cancer
Primary

Head and neck cancer v 1408 293
cancer
Primary

Head and neck cancer Vv 817 205
cancer

Normal Kidney Normal * 431 57
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Primary

Kidney carcinoma I 684 121
cancer
Primary

Kidney carcinoma I 1228 160
cancer
Primary

Kidney carcinoma i 1016 231
cancer
Primary

Kidney carcinoma v 831 147
cancer
Primary

Kidney carcinoma \Y 593 155
cancer

Normal Lung Normal * 229 53
Primary

Lung adenocarcinoma I 107 70
cancer
Primary

Lung adenocarcinoma I 352 118
cancer
Primary

Lung adenocarcinoma i 512 108
cancer
Primary

Lung adenocarcinoma v 546 196
cancer
Primary

Lung adenocarcinoma \ 440 129
cancer

Normal Thyroid Normal * 123 20
Primary

Thyroid cancer I 321 72
cancer
Primary

Thyroid cancer I 373 121
cancer
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Primary

Thyroid cancer i 353 91
cancer
Primary

Thyroid cancer v 1040 268
cancer
Primary

Thyroid cancer \% 465 111
cancer

Normal Prostate Normal * 139 27
Primary

Prostate cancer | 58 31
cancer
Primary

Prostate cancer I 135 56
cancer
Primary

Prostate cancer Il 631 178
cancer
Primary

Prostate cancer v 490 105
cancer
Primary

Pancreatic cancer | 748 146
cancer
Primary

Pancreatic cancer I 1123 254
cancer

Colon->liver Metastases * 365 42

Colon->lung Metastases * 596 107

Prostate->bone Metastases * 881 184

Table 4.2. A summary of LDHA-centric co-expression networks over different stages of different
cancer types. Here, the network size is the number of genes in the network; the #CAS genes is the number

of marker genes of cancer associated stress types in the network (see METHODS).
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Co-expression network analyses of colon cancer

Because of the availability of precancerous and metastasis data in colon cancer in addition to primary
cancer data, we use the cancer as an example to provide a detailed analysis of their co-expression networks
focused on which TFs may be involved in regulation of LDHA and which stresses may contribute to these
networks; and have a summarized analysis of all the other cancer types in the next section.

It has been well established that HIF1A and MY C are two key TFs of LDHA [13]. In addition, ATF1,
CREBL1 and SP1 have been reported to be able to regulate LDHA [14]. Here we examine the potential roles
of these TFs on transcriptional regulation of LDHA in cancers under consideration. Specifically, a
hypergeometric test is conducted to assess the p-value of the enrichment score by genes co-expressed with
LDHA among genes regulated by each TF under consideration. The rationale is that a TF is predicted to be
a regulator of LDHA if the number of genes regulated by the TF is significantly higher than the expected
number of such genes among those co-expressed with LDHA by chance (see METHODS for detail). Table
3 shows the number of genes co-expressed with LDHA and simultaneously regulated by a specific TF,

along with the estimated p-values over samples of specific stages of colon cancer.

Disease Type ATF1 CREB1 HIF1A MYC SP1
Ulcerative colitis 0 (p=1) 0 (p=1) 0 (p=1) 13 (p=0.0253) 0 (p=1)
Inflammatory

1 (p=0.4961) 3 (p=1) 6 (p=0.0275) 27 (p=1) 12 (p=0.4075)

bowel disease
Early adenoma of

0 (p=1) 3 (p=0.7378) 1 (p=1) 13 (p=0.8239) 4 (p=1)
colon
Advanced

0 (p=1) 1 (p=1) 3 (p=0.2467) 28 (p=0.3969) 9 (p=0.5722)
adenoma of colon
Normal Colon 1 (p=0.0639) 0 (p=1) 0 (p=1) 1(p=1) 0 (p=1)
Colon cancer

0 (p=1) 4 (p=0.1661) 5(p=0.0126) 34 (p=1.3e-03) 10 (p=0.0908)

(stage I)
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Colon cancer

0 (p=1) 2 (p=1) 5 (p=0.0253) 44 (p=6.4e-05) 9 (p=0.4357)
(stage 1)
Colon cancer

1 (p=0.4358) 2 (p=1) 2 (p=0.7001) 64 (p=7.1e-10) 10 (p=0.4662)
(stage 111)
Colon cancer

0 (p=1) 4 (p=0.0818) 3(p=0.0229) 22 (p=4.1e-02) 9 (p=0.0482)
(stage 1V)
Colon->liver

0 (p=1) 1 (p=1) 3 (p=0.0632) 15 (p=0.4651) 6 (p=0.2957)
metastasis
Colon->lung

0 (p=1) 2 (p=1) 2 (p=0.6559) 24 (p=0.4221) 9 (p=1)
metastasis

Table 4.3. Asummary of predicted TFs of LDHA in colon cancer. In the table, “p” represents the p-value
of a gene being a possible TF of LDHA in a specific set of cancer samples, and all data marked in bold

denote predictions with p-values < 0.05.

The results shown in Table 3 suggest that (a) none of the five TFs seem to regulate LDHA in normal
colon tissues; (b) in precancerous tissues, MY C may regulate lactate production in ulcerative colitis samples;
and HIF1A may regulate it in inflammatory bowel disease; (c) in primary cancer tissues, HIF1A seems to
regulate the lactate production in the early-stage samples; SP1 regulates the production in the advanced-
stage samples while MYC may jointly regulate it in samples across all stages; (d) the level of the regulation
by MYC, measured by the p-values, increases as a cancer advances from early to the intermediate stages
but decreases in the most advanced stage; and (e) none of the five TFs seem to regulate the lactate
production in colon metastases, indicating that it may be regulated by different regulatory mechanisms,

possibly driven by fundamentally different causes.

From Figure 1, we can see that multiple stress types, represented by their marker genes, are correlated
with the high expression level of LDHA, hence the high production of lactates. It is noteworthy that a

different number of genes associated with a specific stress type may be included in the co-expression
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networks for different stages of the cancer. Our interpretation of the varying number of genes associated
with a specific stress type is that the number reflects the strength of the association. That is: the higher the
number of genes associated with a specific stress type, the stronger the stress is associated with the
production of lactates. Overall, we have the following observations from Figure 1: (i) stresses induced by
apoptosis and adaptive immune responses are associated with the high-level production of lactates
throughout all stages of colon cancer, including precancerous and metastasis samples while the strength of
the association may change; (ii) the network is small in ulcerative colitis containing only a few genes
associated with innate immune responses, ER stress and ECM associated stresses (in addition to those in
(i)); and notably, the activities of glycolysis and cell proliferation continue to increase throughout different
stages of colon cancer, starting from here to most advanced stage cancers; (iii) the network is substantially
larger for the inflammatory bowel disease than (ii), consisting of sizeable gene groups associated with ECM,
hypoxia, ER stress, apoptosis and adaptive immunity related stresses; interestingly, the inflammatory bowel
disease seems to have the most severe hypoxia and ECM dysregulation among all the stages of the disease;
(iv) in colon adenomas, the dominating stresses seem to come from cell proliferation and DNA damages;
and the strengths of these associations increase from early to advanced adenoma; in addition, ER stress and
NAD/NADH imbalance show strong associations with LDHA in advanced adenomas; (V) in primary colon
cancers, the co-expression networks clearly have more associated stress types than precancerous tissues;
and the dominating stresses tend to come from cell proliferation, DNA damage, ECM component, apoptosis,
oxidative and ER stresses; (vi) while the association strengths of these stresses tend to increase as the
disease advances, the most advanced stage primary cancer tissues show a different stress pattern, with both
the strengths and the number of associated stress types going down substantially, which seem to suggest
that fundamental changes have taken place at this stage and the main causes for the high-level production
of lactates have switched to something largely different from the earlier stage cancers; and (vii) in both lung
and liver metastases of colon cancer, the sizes of the co-expression networks, especially the number of
genes strongly co-expressed with LDHA, tend to be smaller than those in primary cancers; and the stress
with the largest increasing strength is oxidative stress, suggesting the possibility that oxidative stress may

represent the key stress that drives the high-level production of lactates in metastasized cancers.
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Among the identified stresses associated with LDHA, the following has been previously reported to
be able to induce lactate production: (1) when under hypoxia, cells are forced to metabolize glucose
anaerobically, leading to lactate production [15]; (2) oxidative stress is due to the over-production of ROS,
which may lead to repression of mitochondrial activities, including oxygenic respiration for ATP production,
hence leading to increased glycolytic fermentation and lactate production; in addition, lactate has been
shown to be a potential antioxidant agent [10], hence possibly triggered by ROS as a counterbalancing force;
(3) fast proliferating cells may lead to NADPH deficiency, which can trigger lactate production [3, 16]; (4)
lactic acidosis can induce up-regulation of anti-apoptotic proteins, which correlate with drug resistance
pathways in multiple cancer types [17], suggesting a functional link between cell survival and lactate
production; (5) lactic acids are known to weaken immune responses through multiple mechanisms, such as
inhibiting the differentiation of monocytes to dendritic cells and interrupting the normal functions of
activated T-cells [11, 18]; (6) acidic environment can lead to the degradation of extracellular matrices, and
promote cancer invasion and metastasis [19]; (7) lactates can neutralize ROS, hence reducing the main
damaging agent to DNA [10]; (8) the production of lactate requires NADH, which converts NADH to
NAD+; and the relative concentrations between NADH and NAD+ can regulate the activity of LDHA,
positively or negatively [20]; and (9) ER stress can lead to multiple stress types, of which, oxidative stress
is a key one [21]. This partial list of relationships between various stresses and lactate production, all
verified through experimental studies, provide strong evidence that our predicted associations between

stresses and lactate production represent actually causal relations.

LDHA-centric co-expression networks in other cancer types

Network commonalities across multiple cancer types

Similar analyses of the LDHA-centric co-expression networks have also been carried out on other
(primary) cancer types, namely bladder (BLCA), breast (BRCA), head and neck (HNSC), lung (LUAD),
kidney (KIRC), pancreatic (PAAD), prostate (PRAD) and thyroid cancers (THCA). We summarize the key
commonalities among the networks of different cancer types: (1) like in colon cancer, apoptotic and

adaptive immune stresses show strong presence at each stage of all examined cancer types; (2) ER stress is
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highly co-expressed with LDHA in all cancer types except for thyroid cancer; (3) cell proliferation-induced
stress shows an increasing strength of association with LDHA as a cancer advances before the last stage
samples across all cancer types except for lung cancer; (4) unlike the other stress types, oxidative stress
shows increasing association strengths from early to the advanced stage for all cancer types, suggesting that
overcoming oxidative stress may represent a key cause for maintaining a high-level production of lactates,
knowing that ROS tends to increase with the progression of the disease [22]; and (5) like colon cancer, six
out of the eight cancer types show a general trend with their network sizes increasing as the cancer advances
to the advanced stage and then making a sharp down-turn at the advanced stage cancer samples. Figure 2
shows the co-expression networks over samples at the intermediate stage across the nine cancer types, while
Supplementary Figure 3 gives the co-expression network for each stage of each of the eight cancer types.
As in colon cancer, we have also analyzed the role of the five TFs in the eight primary cancer types,
with the detailed analysis results given in Supplementary Table 3. Overall, we noted that (i) MYC seems to
regulate LDHA in early through intermediate-stage samples of BLCA, HNSC, all-stage samples of BRCA,
PRAD and PAAD, and the advanced KIRC samples. Interestingly, MYC seems to have roles in normal
lung and kidney tissues, but the statistical significance of the functional roles is apparently lower than in
the cancer samples; (ii) SP1 seems to regulate LDHA in the advanced stage samples across seven out of
eight cancer types, namely BLCA, BRCA, HNSC, KIRC, LUAD, THCA and PAAD; and (iii) HIFLA may

regulate LDHA in majority of the cancer samples of BRCA, KIRC and PAAD.

Distinct network characteristics of individual cancer types

A number of distinct features of the networks for each of the nine primary cancer types are observed,
namely: (1) hypoxia-induced stress is present in the networks for BRCA, KIRC and advanced stage BLCA,
HNSC, LUAD and PAAD samples; (2) substantial level of ECM dysregulation associated stress is observed
in BLAC, HNSC, LUAD, THCA and PRAD; (3) NADPH-deficiency induced stress has strong presence in
BLAC, BRCA, COAD, KIRC, PAAD and early stage HNSC; (4) DNA damage-induced stress has strong
presence in BLAC, COAD, LUAD, PAAD, intermediate-stage HNSC, advanced-stage KIRC and PRAD

samples; and (5) unlike other cancer types having increased stress induced by cell proliferation, LUAD has
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increased stress induced by innate immune responses and ECM dysregulation in its intermediate-stage

samples.
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Oxidative ECM NADPH NAD+/NADH
Cancer Category Stage Glycolysis Hypoxia ER Stress
stress dysregulation  deficiency imbalance

Ulcerative colitis Precancerous * 0.0427 1 0.0192 1 0.1119 1 1
Inflammatory

Precancerous * 4.00E-04 <le-5 <le-5 1 <le-5 0.4625 1
disease
Early stage adenoma Precancerous * 0.0022 0.1807 | 1 8.00E-04 0.0548 0.153
Advanced

Precancerous * <le-5 0.0966 2.00E-04 2.00E-04 0.3454 <le-5 0.2647
adenoma
Normal Bladder Normal * 0.2088 1 1 0.2375 1 0.3996 0.1072
Bladder cancer Primary cancer I <le-5 1 0.3036 1 0.0371 0.0791 1
Bladder cancer Primary cancer I <le-5 0.2649 0.007 0.3715 <le-5 0.0018 0.7789
Bladder cancer Primary cancer 111 <le-5 0.0099 2.00E-04 0.0278 1.00E-04 0.012 0.6143
Bladder cancer Primary cancer v <le-5 0.0237 0.4692 0.0012 0.0497 3.00E-04 0.7826
Normal Breast Normal * 0.0387 1 1 0.1568 0.6316 1 0.6802
Breast cancer Primary cancer I 2.00E-04 1 <le-5 0.0584 1 0.0139 1
Breast cancer Primary cancer I <le-5 0.002 1.00E-04 0.0564 1 0.4687 1
Breast cancer Primary cancer I <le-5 0.0034 <le-5 0.0073 0.3825 0.0041 1
Breast cancer Primary cancer IV <le-5 0.0421 <le-5 0.0226 0.4333 0.0058 0.7438
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Breast cancer Primary cancer \Y% <le-5 0.0235 <le-5 0.0081 0.0291 0.0148 0.0577
Normal Colon Normal * 0.0418 1 1 0.0057 1 0.0164 0.345
Colon cancer Primary cancer I <le-5 0.0568 0.2829 0.0011 0.0461 <le-5 0.7659
Colon cancer Primary cancer 11 <le-5 0.1517 1.00E-04 0.0011 0.1549 0.0034 0.0938
Colon cancer Primary cancer 111 <le-5 0.6184 <le-5 <le-5 1 0.0015 0.1608
Colon cancer Primary cancer 1A% <le-5 0.121 <le-5 0.0021 0.1311 0.1108 0.0591
Normal Head and Neck Normal * 0.0317 1 0.4527 1 1 1 1

Head and neck cancer Primary cancer I <le-5 0.5227 0.0027 0.0019 0.0068 0.0019 1

Head and neck cancer Primary cancer II <le-5 0.0551 0.2275 0.0233 0.0914 0.0014 0.3652
Head and neck cancer Primary cancer I 2.00E-04 0.1788 0.0041 0.011 0.0022 0.1419 0.8182
Head and neck cancer Primary cancer v <le-5 0.1704 <le-5 0.0035 0.0031 0.3941 0.3455
Head and neck cancer Primary cancer Vv 4.00E-04 0.0188 0.0326 0.0081 <le-5 0.6062 0.3914
Normal Kidney Normal * <le-5 0.4617 0.7561 0.6952 1 | |

Kidney carcinoma Primary cancer I <le-5 <le-5 03175 0.024 <le-5 0.0346 1

Kidney carcinoma Primary cancer I <le-5 0.0114 0.4183 0.0113 0.1372 <le-5 0.373
Kidney carcinoma Primary cancer I <le-5 0.0273 <le-5 <le-5 1 <le-5 0.4282
Kidney carcinoma Primary cancer v <le-5 1.00E-04 <le-5 0.0166 0.0013 <le-5 0.0975
Kidney carcinoma Primary cancer v <le-5 0.0072 <le-5 1.00E-04 0.8417 0.0047 1
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Normal Lung Normal * 0.1304 0.3777 0.1655 1 | 1 0.6802
Lung adenocarcinoma Primary cancer I 0.003 0.402 0.0313 2.00E-04 0.0655 0.2869 0.1093
Lung adenocarcinoma Primary cancer I <le-5 0.0189 0.0369 0.0012 0.0396 1 0.1216
Lung adenocarcinoma Primary cancer 1 8.00E-04 0.5778 0.2919 0.3184 <le-5 1 1
Lung adenocarcinoma Primary cancer v 0.0018 0.0422 0.6531 0.2285 0.0054 1 0.3007
Lung adenocarcinoma Primary cancer v <le-5 0.1253 6.00E-04 <le-5 0.0087 0.0054 0.0636
Normal Thyroid Normal * 0.0806 0.164 1 0.397 0.2335 0.5285 1
Thyroid cancer Primary cancer I <le-5 1 1 0.2061 <le-5 1 0.4418
Thyroid cancer Primary cancer I 3.00E-04 0.2841 0.0654 0.017 0.0413 0.0571 1
Thyroid cancer Primary cancer 11 1 1 1 1 0.0287 1 0.1715
Thyroid cancer Primary cancer v 0.0477 1 1 1 <le-5 0.65 1
Thyroid cancer Primary cancer \% 0.0144 1 1 0.6627 0.1671 0.0791 1
Normal Prostate Normal * 0.0023 1 0.2263 1 1 1 1
Prostate cancer Primary cancer I 0.3039 1 0.1295 0.327 0.0115 0.1199 0.3828
Prostate cancer Primary cancer I <le-5 | 0.0283 0.0067 9.00E-04 0.001 1
Prostate cancer Primary cancer 11 1.00E-04 0.0908 0.0082 0.0156 1.00E-04 1 0.2476
Prostate cancer Primary cancer IV <le-5 0.2022 6.00E-04 1 1 0.0284 1
Pancreatic cancer Primary cancer I <le-5 0.1577 0.0054 1 <le-5 0.0334 1
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Pancreatic cancer Primary cancer I <le-5 0.0369 0.0026 0.3952 <le-5 0.0416 1
Colon->liver Metastases * <le-5 0.1445 0.034 0.0035 0.0609 0.1423 1
Colon->lung Metastases * <le-5 0.009 <le-5 <le-5 0.0607 <le-5 0.056
Prostate->bone Metastases * <le-5 0.1612 <le-5 0.0014 0.0025 0.2328 1
Innate Adaptive
Cell DNA
Cancer Category Stage  Acidosis Apoptosis immune immune
proliferation damage
response response
Ulcerative colitis Precancerous * 1 0.016 0.1981 <le-5 1 1
Inflammatory bowel
Precancerous * 0.1192 <le-5 0.2091 <le-5 0.0065 1
disease
Early stage adenoma Precancerous * 1 0.0012 0.0042 3.00E-04 0.0085 1
Advanced stage
Precancerous * 0.0268 <le-5 0.4202 <le-5 <le-5 0.0095
adenoma
Normal Bladder Normal * 0.3249 0.548 1 0.1782 1 0.6558
Bladder cancer Primary cancer I 0.4705 1.00E-04 0.3154 0.0727 <le-§ 0.0032
Bladder cancer Primary cancer I 0.0374 <le-5 0.0789 <le-5 <le-§ 0.0025
Bladder cancer Primary cancer I 0.6561 <le-5 0.0174 <le-5 <le-5 0.0017
Bladder cancer Primary cancer v 0.0024 <le-5 <le-5 <le-5 0.0032 0.4669
Normal Breast Normal * 0.4358 0.0505 1 0.1124 0.8765 1
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Breast cancer Primary cancer I 0.2164 <le-5 0.3923 <le-5 <le-5 <le-5
Breast cancer Primary cancer II 0.1232 0.0012 1 <le-5 <le-5 0.0724
Breast cancer Primary cancer 1 0.4971 <le-5 0.0202 <le-5 <le-5 0.0457
Breast cancer Primary cancer v 0.2278 <le-5 0.018 <le-5 <le-5 0.1504
Breast cancer Primary cancer V 0.1606 1.00E-04 7.00E-04 <le-5 <le-5 0.1927
Normal Colon Normal * 1 0.1092 0.6628 0.7499 1 0.4155
Colon cancer Primary cancer I 0.0048 <le-5 0.7498 0.0014 <le-5 6.00E-04
Colon cancer Primary cancer I 0.0534 <le-5 0.4833 <le-5 <le-5 0.5473
Colon cancer Primary cancer 11 0.3301 <le-5 1 <le-5 <le-5 <le-5
Colon cancer Primary cancer v 0.007 <le-5 1 0.0109 <le-5 0.0185
Normal Head and Neck Normal * 0.415 7.00E-04 1 3.00E-04 0.0256 0.7213
Head and neck cancer Primary cancer I 5.00E-04 <le-5 0.0423 <le-5 <le-5 0.5722
Head and neck cancer Primary cancer 1 0.0115 <le-5 0.0282 6.00E-04 0.0048 0.2242
Head and neck cancer Primary cancer 111 0.0357 <le-5 0.021 <le-5 <le-5 <le-5
Head and neck cancer Primary cancer v 0.0097 <le-5 0.172 <le-5 <le-5 0.014
Head and neck cancer Primary cancer v 0.1154 <le-5 0.0076 <le-5 <le-5 0.3233
Normal Kidney Normal * 0.5264 1 1 1 1 1
Kidney carcinoma Primary cancer I 0.1479 <le-5 <le-5 0.0198 0.01 0.7378
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Kidney carcinoma Primary cancer I 0.0819 3.00E-04 0.0024 0.182 0.0183 0.4155
Kidney carcinoma Primary cancer 1 <le-5 <le-5 0.7772 <le-5 0.0011 <le-5
Kidney carcinoma Primary cancer v 0.0117 <le-5 0.22 0.0125 0.0200 0.1338
Kidney carcinoma Primary cancer \% 1.00E-04 <le-5 0.2989 1.00E-04 0.0056 0.006
Normal Lung Normal * 1 0.2521 1 0.7516 0.3507 0.1624
Lung adenocarcinoma Primary cancer I 0.1319 <le-5 0.3077 1.00E-04 <le-5 0.0097
Lung adenocarcinoma Primary cancer I 0.0302 <le-5 0.0026 0.001 <le-5 <le-5
Lung adenocarcinoma Primary cancer 111 0.2849 <le-5 <le-5 <le-5 1 1
Lung adenocarcinoma Primary cancer IV 1 1.00E-04 <le-5 <le-5 0.0899 0.055
Lung adenocarcinoma Primary cancer \Y% 0.1679 <le-5 1 5.00E-04 1.00E-04 6.00E-04 m
Normal Thyroid Normal * 1 0.7846 0.0743 1 0.6086 1
Thyroid cancer Primary cancer I 0.4813 1.00E-04 <le-5 <le-5 0.6621 1
Thyroid cancer Primary cancer I 0.3319 3.00E-04 0.0747 0.0024 0.0016 0.064
Thyroid cancer Primary cancer 1 1 <le-5 <le-5 <le-5 0.0074 1
Thyroid cancer Primary cancer v 0.1907 <le-5 <le-5 <le-5 0.379 1
Thyroid cancer Primary cancer \Y 0.4705 <le-5 <le-5 <le-5 0.3018 1
Normal Prostate Normal * 1 0.004 1 0.0265 0.0299 0.2238
Prostate cancer Primary cancer I 1 9.00E-04 0.0979 0.0052 0.0189 0.458
Prostate cancer Primary cancer I 1 0.0433 0.0154 0.0083 0.1992 0.3048



Prostate cancer Primary cancer 1L 0.4482 <le-5 1 6.00E-04 <le-5 0.0254

Prostate cancer Primary cancer v 0.6263 <le-5 1 0.1832 <le-5 <le-5
Pancreatic cancer Primary cancer I 0.2089 <le-5 0.0385 <le-5 2.00E-04 0.0052
Pancreatic cancer Primary cancer I 0.0047 <le-5 0.8924 <le-5 <le-5 0.0129
Colon->liver Metastases * 0.0162 0.0172 0.444 0.0011 1.00E-04 0.0334
Colon->lung Metastases * 0.0147 <le-5 0.6437 <le-5 <le-5 1.00E-04
Prostate->bone Metastases * 0.0586 <le-5 0.2965 <le-5 <le-5 <le-5

Table 4.4. Stresses strongly associated with the LDHA co-expression networks for different cancer
types. The numerical values shown here are the p-values of the enrichment of LDHA co-expressed genes
in each stress type related gene set, assessed using a hypergeometric test (See METHODS). The bold letters

represent associations with significance level p < 0.05.

Metabolism and lactate production

In addition to the above analyses that link stresses to the production of lactates, we have also examined
metabolic pathways known to be essential to cancer development in terms of whether their expressions may
be correlated with that of LDHA, i.e., which may drive the high-level production of lactates. For example,
cancers tend to increase their carbon flux to the pentose-phosphate pathway for the biosynthesis of NADPH
among other functions, needed for the synthesis of macromolecules, in which enhanced lactate production
as a side product is commonly observed [23]. 83 KEGG metabolic pathways [24] are analyzed in terms of
their co-expressions with LDHA. Specifically, genes co-expressed with LDHA were first identified, and
then pathway enrichment analyses were carried out to identify metabolic pathways enriched with such co-
expressed genes. This is done using a method similar to the analysis in the above sections, i.e., a
hypergeometric test for pathway enrichment plus a FDR-based correction for false discovery rate.

Table 5 summarizes the metabolic pathways that show strong correlations with LDHA at different
stages of the nine (primary) cancer types, suggesting the possibility that their activations may also
contribute to the high-level production of lactates. A few observations are noteworthy: (1) sugar
metabolisms such as glucose (glycolysis), fructose, mannose, and galactose metabolisms are highly
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correlated with LDHA in most stages of most cancer types; (2) cell autophagy related proteasomes are co-

expressed with LDHA throughout all stages of BLCA, BRCA, COAD, LUAD, PRAD and PAAD, the

intermediate stage of HNSE and KIRC, and the early-stage samples of THCA, which are consistent with

our knowledge that the lactate accumulation can induce autophagy [25]; (3) nucleotide synthesis of purine

and pyrimidine and pentose phosphate pathway both co-express with LDHA in the intermediate-stage

samples of all the cancer types except for THCA and PAAD. This observation is consistent with PKM2

induced up-regulation of the pentose phosphate pathways and lactate production observed in fast

proliferating cancer cells [23, 26]; and (4) oxidative phosphorylation pathway co-expresses with LDHA in

the intermediate and advanced-stage samples of BRCA, COAD, HNSC, KIRC, LUAD and in the advanced-

stage samples of PRAD.

BLC | BRC | COA | HNS LUA | THC | PRA | PAA
KIRC

A A D C D A D D
Aminoacyl tRNA

M E-M M-A | M-A E A
biosynthesis
Fructose and mannose

ALL M-A | ALL | E&A | ALL M-A | ALL
metabolism
Galactose metabolism M-A A E M-A | M-A A E
Glycolysis,

ALL | ALL | ALL | ALL | ALL | ALL | E&A | ALL | ALL
gluconeogenesis
Nucleotide excision

E ALL A M M E&A A A
repair
Oxidative

M-A M-A M-A M-A M-A A

phosphorylation
Pentose phosphate

M-A | ALL | ALL M M-A A M-A
pathway
Proteasome ALL | ALL | ALL M M ALL E ALL | ALL
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Purine metabolism M-A M M M E-M

Pyrimidine metabolism E-M M M M E-M

Pyruvate metabolism M ALL | E-M M E E M-A
RNA degradation E M-A | M-A A M A

Table 4.5. Metabolic pathways co-expressed with LDHA. Here E, M, A, and ALL denote early,

intermediate, advanced and all stages, respectively.

Regulation of LDHA vs other glycolytic enzymes

One natural question now is: are other enzymes in the glycolysis pathway, such as ENO1, PGK1,
GAPDH, HK2 and PKM2, transcriptionally regulated through the same mechanism as that of LDHA? To
address this issue, we have carried out co-expression network analyses similar to the above but centered on
each of these glycolytic enzymes. The detailed information of the co-expression networks are shown in
Supplementary Table 4. By comparing the LDHA-centric co-expression networks with the corresponding
networks centered on each of these enzymes, we made a number of observations. Specifically, the gene-
groups associated with each of the following stress types for the LDHA-centric networks are similar to the
corresponding networks for the majority of the other glycolytic enzymes: hypoxia, ER stress, ECM
dysregulation, and NADPH deficiency, while for the following stress types, the LDHA networks are
substantially larger than the corresponding networks for the other enzymes: oxidative stress, apoptosis,
adaptive immune response, cell proliferation and DNA damage. The first observation suggests that the
transcriptional regulation of LDHA is probably the same as or highly similar to those of the other glycolytic
genes under the first group of stresses, while the second observation strongly suggests under the second

group of stresses, the transcriptional regulations for LDHA and the other glycolytic genes are different.

Discussion
Lactate represents a key ingredient in cancer development as it serves as both a facilitator and a
protector for cancer evolution. However it remains largely unknown what drives the high-level production

of lactates throughout the development of the majority of or possibly all cancers. Here we presented a novel
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approach to study the possible causes. Different from published studies aiming to elucidate possible causes
of a specific observation about cancer, we did not try to address this issue from a mechanistic perspective,
e.g., to infer the regulators of the observed high production level of lactates, which may prove to be
exceedingly challenging, knowing the very complex and convoluted relationships in the networks of
regulators and regulated genes, which may change dynamically. Instead, we took an evolutionary approach
by identifying all the stress types (and carbon metabolisms) that are known to play key roles at different
stages of a cancer and found their strong co-expressions with lactate production. The result provides a high-
level, conceptually clear roadmap of what may contribute to or drive the production of lactate. Our
interpretation of the derived LDHA-centric co-expression networks with stresses is that cancer cells have
“learned” to trigger specific stresses at different developmental stages, which will lead to lactate production
as a response, as encoded in our genomes, hence providing the protection and facilitation needed by cancer.
The derived networks for different cancer types revealed that different stress types may have driven

the high-level production of lactates, possibly due to the distinct microenvironments associated with as well
as the genomic programs encoded in different cancer cell types. We fully anticipate that more detailed
analyses of these stresses of different cancer types will reveal distinct causes of specific cancer types in
addition to the induction of lactate production, which we plan to do as a follow-up study. The most striking
commonality as we observed across eight primary cancer types is the substantially reduced overall stresses
associated with lactate production in the advanced stage cancer samples, suggesting that these cancers are
making a fundamental transition at this stage. Further analyses of (i) what drive this transition and (ii) what
this transition leads to may give rise to fundamentally new understanding of cancer as an evolving system.
Study of cancer evolution, as we have done here, from a stress perspective represents a novel
approach to cancer studies. Our first effort along this direction has generated novel and exciting results.
Further analyses of the derived stress-associated co-expression networks centered on LDHA here or on
other genes/pathways in other analyses will require abilities to infer the underlying regulatory mechanisms
of how a specific stress or stresses lead to the production of lactates, which will be done in our follow-up

study of the work presented here.
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Conclusions

Our stress-based analyses have generated new insights about what may drive the high production of
lactates, a key beneficial element to cancer development, which may be applicable to all cancer types. The
method presented here represents the first such analysis, to the best of our knowledge, which could be
applied to other studies for elucidation of causal relationships in cancer and other diseases. The results
derived through our stress-associated co-expression networks can be possibly used in personalized plans
for treating specific cancers at a particular stage through removing or minimizing the beneficial effects of

lactates, which we believe will be devastating to the relevant cancer.

Material and Methods
Data

TCGA RNAseqV2 data of nine primary cancer types, namely bladder urothelial carcinoma (BLCA),
breast invasive carcinoma (BRCA), colon adenocarcinoma (COAD), head and neck squamous cell
carcinoma (HNSC), kidney renal clear cell carcinoma (KIRC), lung adenocarcinoma (LUAD), pancreatic
adenocarcinoma (PAAD), prostate adenocarcinoma (PRAD) and thyroid carcinoma (THCA), were selected
and analyzed in this study. These cancer types were selected based on the following consideration: (1) they
have transcriptomic data publicly available and their sample sizes are relatively large, with 182 and 18
samples for BLCA and normal bladder controls, 994 and 106 samples for BRCA and normal breast tissues,
233 and 21 samples for COAD and normal colon, 303 and 37 samples for HNSC and normal head and neck,
480 and 71 samples for KIRC and normal kidney tissues, 470 and 58 samples for LUAD and normal lung,
494 and 58 samples for THCA and normal thyroid, 195 and 45 samples for PRAD and normal prostate, and
56 samples for PAAD with 2 normal control [27]; and (2) the data come with the stage information for each
cancer sample.

Microarray data of pre-cancerous diseases and metastasis measured by Affymetrix Human Genome
U133 Plus 2.0 Array were collected from the GEO database. Data sets GSE4183 and GSE38713 of
precancerous colon inflammatory diseases, GSE37364 of precancerous colon adenomas primary cancer

samples, and GSE41258 and GSE32269 of cancer metastases were analyzed. Supplementary Table 5 lists
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the detailed information of these data sets.

Prediction of the relative order of cancer progression and staging

A regression model is developed to map a given set of cancer tissue samples, along with their
pathologists-assigned stages, to a linear order based on their gene-expression data so that the partial order
provided by the assigned stages is maximally preserved. Specifically, the following elastic-net penalized

linear regression model is fitted:
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where N is the number of samples, y; is the numeric-valued stage, x! is the gene expression profile of
sample i. B, and vector g are linear coefficients, A is a penalizing parameter, and « is an elastic-net
mixing parameter, with range [0,1]. Details can be found in [28]. The R codes of this method is given in the
Supplementary Appendix.

In order to determine parameter value o, 100 permutations on the sample labels are performed. In each
permutation, a sequence of o. from 0 to 1 with step 0.1 is employed. Then, a 10-fold cross-validation is done
to select an o with the highest concordance rate, which is defined as the percentage of partial ordering that
are preserved by the predicted sample orders compared with the provided pathologic stages. The results not
only give the best parameter value for each cancer type based on cross-validation, but also show that the
trained linear predictor is very significant since samples with the original order gives the best prediction
with the highest concordance rate compared with all the permutations.

To assign stages to the linearly ordered samples of a cancer type, we split the sequence of the ordered
samples into sub-lists of a fixed size. We fix the sample size to 40 for all the assigned stages to eliminate
possible bias due to samples of different sizes in further co-expression analysis. Supplementary Table 2 lists
the samples each with the pathologist-assigned stage. Supplementary Figure 2 shows the predicted vs the

assigned stages of the tissues samples of the nine primary cancer types under consideration.
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Co-expression module analysis

Most of the current co-expression network construction methods tend to focus on identification of the
global properties of a network. Inclusion of local co-expression modules (or subnetworks) represents one
way to extend the current methods for co-expression network construction. Here we have developed a novel
computational method to identify co-expression modules that are each co-expressed with a specific target
gene, where a co-expression module is defined as a maximal set of genes among which co-expressed gene
pairs exist significantly more frequently than those by chance. To identify the co-expression modules for a
given gene, we used a novel measure, mutual rank (MR), to rank genes based on the number of genes co-
expressed with them vs such numbers of their neighboring genes. Consider a set of genes and their pairwise
co-expression relationships, represented as nodes and edges, respectively, the mutual rank between gene

(node) i and gene (node) j is defined as [29]:

MR(,j) = MR(j,i) = /Rank(i - j) - Rank(j - i),

where Rank(i — j) is the rank of the distance from gene i to gene j among all distances from i to other
genes in the given co-expression network, where distance between i and j is measured using the Pearson
correlation coefficient between the expression patterns of the two genes. In general, a smaller MR value
generally has a higher rank for the relevant genes (nodes). We use this measure to identify hub genes, i.e.,
genes with substantially more neighbors than other genes in the neighborhood.

Searching for hub genes: For a given node i and a threshold value T, define Nygr(i,T) =

. Note that the distance between a gene and a hub gene should have a relatively

1
i =i MRG.j) < T2}
top rank, and a top ranked Rank(j — hub) should generally have a relatively low increase rate of

1
MR (hub, j). Hence for a certain threshold T, a hub gene should have more MRs smaller than Tz compared
to its neighboring genes. Supplementary Figure 4 shows the rates of increase of the MRs of hub and non-
hub genes are substantially different. Based on this observation, we have developed the following two

procedures, one non-parametric and one parametric, to identify hub genes in a co-expression network.
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A non-parametric procedure: For a given network with N nodes having a co-expression (weight) matrix

S, we assess the significance of the Ny value for any node i by comparing it with the Nyr value
computed with randomly assigned co-expression levels.
a) Repeat the following for N times: randomly shuffle the index of each gene, assign the weight
matrix S and re-compute Nyg Of node i; and create a histogram of the computed Nygr Vvalues.
b) Estimate the nominal P-value for node i’s Nyg Vvalue and threshold T based on the above
estimated histogram.

A parametric procedure: While a non-parametric procedure is preferable, it becomes computationally

prohibitive for large networks (e.g., co-expression networks with >10° nodes, which may happen when
alternatively spliced genes are considered when analyzing human transcriptomes). To overcome this issue,
we have developed a parametric model based on an assumption about the distribution of the edge weights
of the given network. We first demonstrate that the MR value follows a distribution as shown below, and
then present a parametric procedure for estimating the P-value of a node i’s Nygr. Specifically we have
mathematically proved that
P(Rank(i = j) = x,Rank(j = i) =y) =
J CR (1= FUO)* " FUON* - €321 (1 — FU))Y Y F ()N - f (k) dk *)

in which f(k) and F(k) denote the pdf and cdf of the null distribution of the original distances,

respectively. As in this work, we use the Pearson correlation of the expression of each gene pair as the

(1-r2) 7

distance and take the null distribution by f(r) = B(ln—‘z) . By the distribution given in (*), the significance

2’ 2
level of the Nyr(i,T) can be estimated (See details in Supplementary Methods).

Construction of a co-expression network: With the identified hub genes in a global network, the local

co-expression network of a gene X (e.g. LDHA in the current study) can be constructed as follows:

1) Identify genes that are significantly co-expressed with X and put them into the network, where
substantial co-expressions are determined using Pearson correlation coefficients and student t tests
by using Pearson's product moment correlation coefficient with significance level p = 1e-4 for
FDR correction or MR < 100.
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2) For each hub gene in the network, genes that are significantly co-expressed with the hub, as
defined in (1), are put into the network.

3) Asignificant link is determined by the significance as defined in (1).

Stress related gene sets and enrichment analysis

Thirteen stress types including altered glucose metabolism, hypoxia, ER stress, oxidative stress,
dysregulated ECM, NADPH deficiency, NAD+/NADH imbalance, acidosis, apoptosis, innate immune
response, adaptive immune response, cell proliferation induced stress and DNA damage are considered.
Gene sets corresponding to the stress types are collected from the literature and the Msigdb gene sets, which
cover KEGG, Biocarta, Reactome pathways and GO entries [30]. Marker genes for altered glucose
metabolism, hypoxia, ER stress, dysregulated ECM, apoptosis, innate immune response, adaptive immune
response, cell proliferation induced stress and DNA damage can be found in public database/literature while
marker genes for lactate acidosis and oxidative stress have been studied in our previous work [31] and other
studies [32]. Enzymes that catalyze the irreversible reactions of NADP+/NADPH and NAD+/NADH are
used as markers for NADPH deficiency and NAD+/NADH imbalance. More detailed marker genes for
these stresses are given in Supplementary Table 6.

Pathway enrichment is assessed using a hypergeometric test.

Reliability assessment of employed methodologies

We have conducted the following analyses to assess the prediction reliability of two key methods used
in our study, namely (i) a method for predicting the relative order of cancer samples in terms of their relative
level of progression and (ii) a method for assessing the statistical significance of the predicted co-expression.

For (i), we used gene-expression data of colon cancer to assess the quality of the predicted ordering,
where colon cancer is selected since it has the lowest concordance between predicted and pathologist-
assigned cancer stages (see Table 1). The idea of our assessment is to compare a number of characteristics
of the predicted co-expression networks based on the predicted versus the assigned stages, and assess which

of the two offers better continuity of each of these characteristics as a cancer progresses (as defined by the
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two approaches).

The colon sample set used contains 34 samples at stage 1, 89 samples at stage 2, 64 samples at stage
3, and 32 samples at stage 4. We used different sampling sizes: R=15, 20, 25 and 30, and generated a set of
co-expression networks for a fixed R value and do this for 100 times to assess the quality of the predicted
networks based on the two staging approaches.

First we noted that when using R = 25 and 30, the predicted co-expression networks based on the two
staging approaches have similar network characteristics as discussed in the RESULTSs section except that
the average network size, 588, of using predicted stages is considerably larger than that based on
pathologist-assigned stages, 397, suggesting that samples at each assigned stage have a higher level of
consistency (vs those at each pathologist-assigned stage) in terms of their stress patterns. In addition, 5-25%
of the sampling results did not give rise to any co-expression networks having better than the p-value cutoff
based on the pathologist-assigned stages when using R=15 and 20.

Based on these data, we consider that our predicted stages offer better characterization of disease
progression. Supplementary Figure 5 shows the network size and the number of CAS associated genes in
predicted co-expression networks based on pathologist-assigned stages.

For (ii), we have assessed the significance of our predicted LDHA-centric networks by randomly
selecting 100 genes that are not closely related to cancers to build a co-expression network centered on each
of these genes (versus on LDHA as we have done before) and then compare the network size and numbers
of CAS genes in the 100 networks with those in the LDHA-centric networks for each of the nine cancer
types. We found that the network size and number of CAS genes for the LDHA-centric networks is much
larger than those of co-expression networks centered on each of the 100 randomly selected genes.
Supplementary Figure 6 shows the comparisons between these numbers, while the detailed list of the 100

randomly selected genes are given in Supplementary Table 7.
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Figure 4.1. LDHA-centric co-expression networks of colon cancer at different stages. In each network,
the grey node at the center is the LDHA gene and the black nodes around LDHA are hub genes identified
in the network, where a hub gene is defined as genes with substantially more neighbors than other genes in
the neighborhood (see Method for details). Genes related to each stress type are distinctly colored and are
defined as stress module (see METHODS). Co-expressions (see METHODS) between LDHA and other
genes, between the hub and the other genes, and among genes in each stress module are represented by
orange, green and black edges, respectively. The significance of the enrichment of each stress module in
each network is given in Table 4. The thickness of each edge is explained in the Supplementary Method.

The number of hub genes in each network is given in Supplementary Table 1.
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Figure 4.2. Asummary of LDHA-centric co-expression networks for the intermediate-stage samples
in nine cancer types. Co-expression between LDHA and other genes, between the hub genes and other
genes, and among genes in each network are represented by orange, green and black edges, respectively.

The significance of the enrichment of each stress module in the networks here is given in Table 4. The

thickness of each edge is defined in the Supplementary Method.
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Supplementary Methods

Co-expression module analysis

Most of the current co-expression network construction methods tend to focus on identification of the

global properties of a network. Inclusion of local co-expression modules (or subnetworks) represents one

way to extend the current methods for co-expression network construction. Here we have developed a novel

computational method to identify co-expression modules that are each co-expressed with a specific target

gene, where a co-expression module is defined as a maximal set of genes among which co-expressed gene

pairs exist significantly more frequently than those by chance. To identify the co-expression modules for a

given gene, we used a novel measure, mutual rank (MR), to rank genes based on the number of genes co-

expressed with them vs such numbers of their neighboring genes. Consider a set of genes and their pairwise

co-expression relationships, represented as nodes and edges, respectively, the mutual rank between gene

(node) i and gene (node) j is defined as follows, which is borrowed from ***’s work[29]:

MR(,j) = MR(j,i) = \/Rank(i = j) - Rank(j - i),

where Rank(i — j) is the rank of the distance from gene i to gene j among all distances from i to other
genes in the given co-expression network, where distance between i and j could be any distance or weight
applied to measure the co-expression strength between the two genes. We will show the null distribution of

MR in our method is independent to the null distribution of the distance measure. In general, a smaller MR
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value generally has a higher rank for the relevant genes (nodes). We use this measure to identify hub genes,
i.e., genes with substantially more neighbors than other genes in the neighborhood, which may have more

small MR values with other genes comparing to non-hub genes.

Searching for hub genes (property): For a given node i and a threshold value T, define Nygr(i,T) =

1
|{j |j #i, MR(i,j) < TE} . Note that the distance between a gene and a hub gene should have a relatively

top rank, and a top ranked Rank(j — hub) should generally have a relatively low increase rate of

1
MR(hub, j). Hence for a certain threshold T, a hub gene should have more MRs smaller than Tz compared

to its neighboring genes. By such a property, we specifically define the growth function of the MR by the

following definitions. The growth of the MR of hub genes are smaller than the MR growth of other genes.

Definition 1. Define MR;(;),j = 1..N asthesorted MR;; by increasing order.
Definition 2. Define the growth function of the MR; (;y in from index m to n by step p as:

Growth(MRi,(j),step) = {G4,G,, ... Gy}

Jk# —Jk-+1

) step ) _ step
jke = max(k — — 0),jk+ = min(k + T,n)

Figure 2 shows the growth rate (defined in theorem 3) of MRs of hub and non-hub genes (nodes in randomly
generated networks) are substantially different. Based on this property, we have developed the following

two procedures, one non-parametric and one parametric, to identify hub genes in a co-expression network.
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The idea is to simulate the null distribution of MR of randomized correlation matrix, hence the null

distribution of MR growth, which could be applied to calculate the significance of the growth rate of MRs

from real data as shown in Figure 1.
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Figure 4.1S. The growth of MR of the randomly simulated correlation matrix (black) and a hub

gene in one E coli gene coexpression network (red). The growth is defined as in definition 2. It is worth

136



to note that he top 300 MRs in the first plot and the top 1200 MRs in the second plot are significant lower
than the null distribution, suggesting the size of modules of the two hubs are around 300 and 1200,

respectively.

Before we move on, we have the following definition for a randomly assigned distance matrix and a
randomly generated distance matrix D’:
Definition 3. A randomly assigned distance matrix D is defined by:

D;; =Dj; >0,i #j,i=1.N,j=1.N

Dij~f(x) iid for dif ferent i or j

where f(x) isthe null (partial) distribution of the distance.

Definition 4. A randomly generated distance matrix D’ corresponding to the original data matrix X is
defined by:
1. Shuffle the sample index of each row of X to generated the randomly generated data matrix X’

2. D’ is computed as the distance matrix of X’

(I think for Pearson Correlation Coefficients, which is the inner product of two vectors, should satisfy this
definition if the vectors are independently generated. If not, the covariance among the Di,j should be very

weak)
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(Or we need to prove that the distance matrix calculated from a randomly generated gene expression profile

should be very close to a randomly assigned distance matrix)

Identification of the hub genes:

A non-parametric procedure: For a given network with N nodes having a co-expression (weight) matrix

S, we assess the significance of the Ny value for any node i by comparing it with the Nyr value
computed with randomly assigned co-expression levels.
c) Repeat the following for N times: randomly shuffle the index of each gene, assign the weight
matrix S and re-compute MR and MR growth of node i; and create a histogram of the computed
MR growth values.
d) Estimate the nominal P-value for node i’s MR growth and threshold T based on the above

estimated histogram.b

A parametric procedure: While a non-parametric procedure is preferable, it becomes computationally

prohibitive for large networks (e.g., co-expression networks with >10° nodes, which may happen when
alternatively spliced genes are considered when analyzing human transcriptomes). To overcome this issue,
we have developed a parametric model based on an assumption about the distribution of the edge weights
of the given network. We first demonstrate that the MR value follows a distribution as shown below, and
then present a parametric procedure for estimating the P-value of a node i’s Nygr. Specifically we have

mathematically proved that
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P(Rank(i —» j) = x,Rank(j » i) =y) =

f(CI’&I%(l = F(R) T FUON ™ + 1) - (Cy= (1 = F()'FUON ™Y + 1) - f(k) dk (%)

in which f(k) and F(k) denote the pdf and cdf of the null distribution of the original distances,
respectively. By formula (*), we have further proved that the distribution P(Rank(i — j) =

x,Rank(j — i) = y) does not depend on the distribution of S;;. The empirical null distribution of

MR(i,j) can be simulated by

MRij = (i1 + D" (Kija + D)
X ja~Binom(n — 1,py), X; j ,~Binom(n — 1, py;)

pij~U(0,1)

Parametric hub genes identification procedure
We have also developed a parametric model based on an assumption about the distribution of the edge
weights of the given network. Specifically, we have mathematically proven that the distribution of
P(Rank(i = j) = x,Rank(j = i) =y) is

f(CKz‘I%(l — FU) IF(RN ™ + 1) - (Cy =1 (1 = FUO)Y T F (N + 1) - f (k) dk
in which f(k) and F(k) denote the pdf and cdf of the null distribution of the original distances,

respectively.

Lemma 1:
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For the N*N randomly assigned matrix S, Rank(i = j) L Rank(j - i)|S;;.

Proof: With given S;;, Rank(i — j) only depends on S;.-# j while Rank(j — i) only depends on S.;,

ij

-# 1.Since S;. L S;for i-#ijand -j!=ij — Rank(i —»j) L Rank(j - 0)I|S;; o

Proposition 1:
For the N*N matrix randomly assigned from the distribution with pdf f and cdf F, the joint distribution of
Rank(i — j) and Rank(j — i) is:

P(Rank(i = j) = x,Rank(j = i) =y) =

f(Cz’\?I%(l — FU)*TIF(RN ™ + 1) - (Cy 1 (1 = FUO)Y T F (N + 1) - f (k) dk

Proof:
Prob(Rank(i -j) = x|Sij = k) =
Prob(S;j, >k, S;;, <Km=1.x—1n=x+1..N)=
CRi(1 —F(k)* *F(k)N ™" +1
,in which j,, and j, are permutingof 1..j—1,j+1..N
By lemma 1,

P(Rank(i > ), Rank(j - D)|S;;) =

P(Rank(i - j)|S;;) * P(Rank(j — 1)|S;;)
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P(Rank(i - j) = x, Rank(j — i) = y|S;j = k) =
(CHZ1A = FUOY* T FUON ™ + 1) - (YT (1= F(O) TR (O™ + 1)
Hence
P(Rank(i - j) = x,Rank(j - i) = y) =

[ @t = 00y 2R 00" + 1) @I = FI0Y R0 +1) - 00 dk

It is noteworthy that the distribution P(Rank(i — j) = x, Rank(j — i) = y) does not depend on the
distribution of S;;, hence the empirical null distributions of Nyg(i,T) can be simulated in more general

cases.

Proposition 2: The distribution P(Rank(i — j) = x,Rank(j — i) =y) does not depend on the
distribution of S;;

Proof: Since S;; follows the pdf f, by Proposition 1:

P(Rank(i - j)=x,Rank(j - i) = y|Sij =k)=
(CHZ1(A = FU) FUON ™ + 1) - (CY_1 (1 = F(R))Y T F(ON™Y + 1)

Hence the MR(i,j)? = Rank(i — j) - Rank(j — i) with given S;j = k follows a multiplication of two
identical binomial distributions (plus 1) with n= N-1 and P=1-F(S;;) ~U(0,1). To randomly generate the
null distribution of MR, we randomly draw p from U(0,1) and randomly generate Rank(i — j) and

Rank(j - i) from two identical binomial distribution Bin(p,n—1) and then MR(,j) =
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\/Rank(i — j)+ Rank(j — i). Hence the P(Rank(i = j) = x,Rank(j — i) = y) does not depend on

the distribution of S;;.

Theorem 1:

Empirical null distribution of MR(i,j) can be simulated by

MR;; = J(Xi,j,l +1 - Xij2+ 1)
X ja~Binom(n — 2,py), X; j »~Binom(n — 2, py;)
pi;j~U(0,1)
Proof:
By Proposition 1 and Proposition 2, the random numbers simulated as described in the theorem follows the

empirical null distribution of MR(, j).
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Figure 4.2S. The identified hub genes in Ecoli gene network by using ~400 sets of E coli microarray

data. Links are defined by PCC>0.6 & MR<80.

Theorem 2:

The growth G, does not depend on k (ignore the left and right tails) under fixed step for the MR, ;
generated by the procedure in Theorem 1, i.e. the null distribution of MR.

Proof:
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By Theorem 1. o

Construction of a co-expression network
With the identified hub genes in a global network, the local co-expression network of a gene X (e.g. LDHA
in the current study) can be constructed as follows:

4) Identify genes that are significantly co-expressed with X and put them into the network, where
substantial co-expressions are determined using Pearson correlation coefficients and student t tests
by using Pearson's product moment correlation coefficient with significance level p = le-4 for
FDR correction or MR < 100.

5) For each hub gene in the network, genes that are significantly co-expressed with the hub, as
defined in (1), are put into the network.

6) Asignificant link is determined by the significance as defined in (1).

Pseudo Code for the algorithm to identify hub genes by using MR

1: Input: A give dependence function D(X,y), higher value of D suggests larger dependence; a data matrix
X with N features and M samples

2: Initialize K<<N but depends on N, like N/100 or N(1/2), ROUNDS=5000 for number of randomized
MR values will be generated for significance testing; Initialize ROUNDS by N matrix MR_R for the
randomized MR

3: Initialize N by K integer matrix RANK_E (the largest intermediate result will be stored in memory, so
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K is adjusted to control the memory consumption)

4: Fori<-1toNdo

4: For j<-1to N do
5: Compute D(X[i,], X[j,])
6: Identify the top K values in D(X[i,],*) and the corresponding index jé;y, jéz), -, j{x, and store

the index in the ith row in MR_E

7: For i<-1 to ROUNDS do

8: For j<-1to N do

9: Generate random number p from U(0,1)

10: Generate two independent random numbers X1, X2 from Binom(p,N-1)

11: if(X1>M) X1=M; if(X2>M) X2=M;

11: MR_R[ijl= VX1+1)* X2+ 1)

12: MR_R_sorted[i,]=sort(MR_R{i,])

12: For j<-1 to floor(M*0.9)

13: compute the growth rate of MR_R_sorted[i,] by Definition 2 and store growth rate in
GR_MR_R

14: For i<-1to N do

15: Compute MRJi, *] by
16: Forj<-1to N do
17: if(i==j) MR]i,j]=infinite;
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18:

19:

20:

21:

22:

23:

24:

25:

25:

26:

27:

else

if(j is in RANK_E[i,]) Rank_j_i=which(RANK_E[i,]==j)

else Rank_j_i=M;

if(i is in RANK_EJj,]) Rank_i_j=which(RANK_E[j,]==i)

else Rank_i_j=M;

MR(i,j]= \/Rank_i_j * Rank_j_i
Test the significance of MR(i, *] by
MR_sorted=sort(MR{[i,])
For j<-1 to floor(M*0.9)
compute the growth rate of MR_sorted[i,] by Definition 2

compare the MR_sorted[i,] with MR_R_sorted as shown in Figure 1 and assess the

significance of the MR_sorted (if MR_sorted is significantly smaller than MR_R_sorted)

28:

if(significant in 27) i is a significant hub genes and the size of the modules corresponding

to i can be estimate the range that MR _sorted is significantly smaller than MR_R_sorted.

In the pseudo code: 1-3 are algorithm initialization, 4-6 compute RANK _E matrix for further MR

computation, 7-13 generate null distribution of MR and MR growth rate, 14-28 compute MR and MR

growth for each feature i in the given data and test the significance of i for the hub property of i.
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CHAPTER YV
ABI-CLUSTERING BASED APPROACH TO PREDICT THE FUNCTIONAL GAIN OR LOSS

OF SOMATIC MUTATIONS (ONGOING PROJECT)

Abstract

While the traditional view of cancer-contributing mutations as oncogenes or tumor-suppressors has
provided a useful framework for linking mutations to cancer, it is clearly over-simplifying as the majority
of mutations do not “drive” cancer nor inhibit apoptosis/cell cycle progression; instead they play many
other roles to facilitate adaptation to specific stresses. In this work, we have developed a bi-clustering based
approach by integrating the somatic mutation and RNAseq data to comprehensively predict the
heterogeneous gain or loss of function led by possible mutation patterns of a certain mutation or collective
effect of multiple mutations. By applying the method to 18 known cancer associated mutations in 20 cancer
types in TCGA data, heterogeneous gain or loss of functions of each mutation associated to certain mutation

patterns in each cancer type will be comprehensively predicted.
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Introduction

Considering cancer initiation and progression as an evolutionary process, the cancer associated gene
mutations, or “driver mutations”, are selected t0 enhance the cancer’s survival by increasing the capability
of the tissue to overcome certain stress types in tissue microenvironments. Gain or loss of function of
multiple cancer associated mutations including TP53, KRAS, VHL, and PI3KCA are well acknowledged
[1-4]. Such observations indicate that same mutation may serve different roles in different cancer tissues.
On the other hand, same mutation may be selected by different reasons [5]. It is worth to note that most of
the “driver” mutations, especially the suppressor genes as TP53 and VHL always involve in large set of
pathways with distinct cellular functions, suggesting possible heterogeneous gain or loss of functions can
be led by the mutation. Unfortunately, such heterogeneous gain or loss of functions are excluded in the
assumption of most of the current mutation identification method [6, 7]. To our best knowledge, there is no
method assumes that the mutation may cause heterogeneous functional gain or loss in a certain subset of
the mutation samples.

In this work, we have developed a bi-clustering based method to predict such heterogeneous gain or
loss of functions led by specific mutations on a single gene or interactive effect of multiple mutations. For
a given mutated gene and a cancer type, we get all the transcriptomic data of the N samples of the cancer
from the TCGA database, with N1 samples having mutations and N2 having no mutations in the gene, with
N: + N2 = N. The expression pattern of gene X is considered to be affected by the mutated gene if the
distribution of X’s expression levels over the N samples is significantly different from its distribution over

the N, samples without mutations, for any X in the genome. Currently, two types of significant differences
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are considered: the N1 samples significantly enrich the highest (or lowest) expressed genes among the N
samples; or the distribution of X’s expressions over the N samples has a distinct peak that is significantly
enriched by the Nisamples. Our goal here is to determine which pathways are enriched by genes with
altered expression distributions due to a specific mutated gene in some subset of the N1 samples. This
problem can be formulated as a bi-clustering problem and solved using our own program QUBIC [8], with
each bi-cluster consisting of a set of samples sharing common functional losses/gains, measured using
pathways with altered expression patterns, which will be followed with a pathway enrichment analysis
coupled with a statistical significance assessment. The result of this analysis for each target mutated gene
is a set of pathways in an integrated set of the KEGG, MisgDB, TransPath and GO pathways, with altered
expression patterns over some subsets of the N; samples due to the mutated gene [9-11]. We have applied
our method on TCGA data to examine the possible heterogeneous gain or loss of function of 18 cancer
associated mutations in 20 cancer types. The predicted functional changes, loss or gain, by p53 mutations
and APC mutations in colorectal adenocarcinoma are highlighted in the result part. It is worth to note this

work is still ongoing. This chapter will be developed into a formal academic paper.

Results
Problem formulation and analysis pipeline

To identify the heterogeneous gain or loss of function (GoLoF) of a certain mutation, we developed a
bi-clustering based method by integrative analysis of high throughput transcriptomics data and somatic

mutation prolife. Noting that acquiring or losing of specific functions can be reflected on the gene
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expression level of the function related genes and the samples with a specific gain or loss of function is an

unknown subset among all the samples, we formulate the problem as a bi-clustering problem, i.e.

simultaneously identifying gene expression patterns that are significantly associated to a sub set of the

mutation samples. In detail, the method predicts the possible GoLoF of a given mutation by the following

four steps as shown in Figure 1: (1) analysis of transcriptomic profile to filter out the mutation associated

gene expressions; (I1) discretizing the expression level of the mutation associated gene into possible GoLoF

associated expression patterns; (I11) bi-clustering analysis to identify possible GoLoF and corresponding

samples and (1V) assessment of the significance of the identified GoLoF by protein structure and known

protein-protein interaction (PPI) network. Detailed computation procedures and parameters are given in

Method part and Supplementary Method.

Step | (Identify the mutation associated gene expression)

Mixed Gaussian model with left truncated assumption is first fit to the RSEM normalized gene

expression level to identify the number of peaks in each gene’s expression profile. For a given mutation,

the mutation associated gene is determined by if the gene is significantly differential expressed between the

mutation samples and non-mutations samples or at least one peak in the gene expression profile is

significantly associated with the mutation.

Step 1l (Data discretization for possible GoLoF associated expressions)

The expression profile of each mutation associated gene is then discretized into 1/0 values indicating
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a specific gene expression pattern associated with the mutation. For the mutation associated gene expression

with a single peak, a Kolmogorov statistics based approach is applied to identify the mutation associated

over/under expression. For the gene expression with multiple peaks, fisher exact test is applied to identify

the mutation associated peak. For each mutation associated over/under expression or peak, samples with

the pattern are assigned by 1 while the other rest are assigned by 0. The discretized data are merged with

the mutation profile of other genes and input to the bi-cluster step.

Step Il (Bi-clustering to identify GoLoF and corresponding samples)

We apply our in-house bi-clustering method QUBIC 1.0 to identify the bi-clusters by using the

discretized input data. To ensure the significance of the identified bi-clusters, relatively strict parameters

are applied in the computation (See More in Method part). The identified bi-clusters contain other mutations

may correspond to possible interactive effect of multiple mutations, the large bi-clusters cover most of the

mutation samples are considered as the general effect of the mutation while the rest may correspond to

possible GoLoF. Functions of the genes and the mutation types and positions of the samples in each of the

identified bi-clusters are then examined to elucidate the detailed GoLoF of each bi-cluster and further assess

the significance of the prediction.

Step IV (Assessment of prediction significance)

Significance of the identified GoLoF is assessed on three levels by: 1) examining consistence of the

mutation types or mutation positions on protein secondary or tertiary structure level; 2) examining pathways
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enrichment of the genes in the identified bi-clusters and 3) comparing the predicted GoLoF with the known

PPI network of the mutation. For the predicted interactive effect of multiple mutations, pathway enrichment

and comparison with PPI are applied to assess the prediction significance.
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Analysis of pan-cancer patterns of GoLoF and interactive effect of multiple mutations

We have applied our method on the TCGA data of 20 cancer types to identify possible GoLoF and
interactive effect of multiple mutations for 14 known cancer associated genes and 4 frequently mutated
genes among the examined samples. The selected cancer types and mutations are plotted in Figure 3.

After identify the bi-clusters may correspond to certain gain or loss of functions, the detailed functions
are captured by pathway enrichment analysis on the identified genes in each bi-cluster and the mutations
are analyzed by several tests for the consistence of mutation patterns. Currently, we have considered the
following mutation patterns and their combinations that may possibly lead to a heterogeneous functional
gain or loss: 1) mutations that are significantly enriched on a certain exon or several exons, 2) mutations
that are significantly enriched on one or several mutation sites, 3) mutations that are significantly enriched
on one or several functional regions on the protein tertiary structure, 4) mutations that are significantly
enriched on one or several mutation types, 5) con-current mutations, and 6) collect effect of two or multiple

mutations.

Functional loss/gain by p53 mutations in colorectal adenocarcinoma tissues.

A bi-clustering analysis was conducted on the transcriptomic data of all the colon cancer samples in
TCGA, 121 of which having p53 mutations. A few dozen of bi-clusters were identified, each representing
a subset of the samples with specific altered functions due to p53 mutations. Some bi-clusters each represent
one type of functional change while others are more complex and need further analyses. We now highlight

six such bi-clusters, each consisting of a set of functionally related pathways. Cluster #1 enriches the
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following down-regulated pathways: mitochondrial lumen, membrane enclosed lumen, organelle lumen,

and nuclear lumen, which is consistent with published results that over-expressed p53 increases lumen sizes

[12]. Cluster #2 enriches a large number of immune pathways, predominantly innate immunity functions,

which is consistent with a recent publication in Science [13]. Cluster #3 enriches apoptosis related down-

regulated pathways, which corresponds to the widely studied functional loss by p53 mutations. Cluster #4

enriches cytoskeletal reorganization related pathways, which is consistent with the published results that

p53 can regulate cytoskeletal reorganization [14]. Cluster #5 enriches multiple homeostasis related

pathways, which is again supported by the previous publications [15]. Cluster #6 enriches G-proteins and

associated functions, which is consistent with published studies [16]. While more detailed analyses are

clearly needed to further elucidate why specific subsets of the 121 colon cancer samples have certain

functional gains or losses while other samples do not, this study clearly indicates that we are on the right

track to possibly derive all the functional changes caused by the selected p53 mutations.

Functional loss/gain by APC mutations in colorectal adenocarcinoma tissues.

Of the same set of colon cancer samples, 159 have APC mutations. Over ten bi-clusters are detected

associated with APC mutations. Somewhat surprisingly, the largest cluster are associated with a variety of

immune functions. Our literature search indeed found that APC plays a key role in innate immunity as

reported by multiple papers [17]. Other clusters each consist of pathways associated with cell-cell adhesion

and cell-extracellular matrix, which are both consistent with published literature [18, 19]. This analysis

seems to suggest that losing the immune-related functions by APC mutations may be a key reason for cancer
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development in colon, rather than the cell-cell adhesion and beta-catenin regulation function as widely

speculated in the cancer literature [20].

Materials and Methods

Data analyzed in this study

20 cancer types namely namely bladder urothelial carcinoma, breast invasive carcinoma, cervical squamous

cell carcinoma, endo-cervical adenocarcinoma, colon adenocarcinoma, esophageal carcinoma,

glioblastoma multiforme, head and neck squamous cell carcinoma, kidney chromophobe, kidney renal clear

cell carcinoma, kidney renal papillary cell carcinoma, liver hepatocellular carcinoma, lung adenocarcinoma,

lung squamous cell carcinoma, ovarian serous cystadenocarcinoma, pancreatic adenocarcinoma, prostate

adenocarcinoma, rectum adenocarcinoma, skin cutaneous melanoma, stomach adenocarcinoma, thyroid

carcinoma, and uterine corpus endometrial carcinoma with available RNAseq and somatic mutation data

are accessed from TCGA databased. Level 3 RSEM normalized RNAseq gene expression and level 2

somatic mutation data are used for the analysis. Noting the somatic mutation profile are tested by different

platforms and analyzed by different procedures, we class the somatic mutation data of the selected cancer

types into three quality classes, i.e., high quality class for the data contain at least one manually corrected

mutation data; medium quality class for the data contain at least two automatically identified mutation data

by two centers; and low quality class for the data contain only one automatically identified mutation data.

To ensure the reliability of the analyzed mutations, for the data of high and medium quality class, a mutation

profile is selected if and only if the detailed mutated nucleotide(s) is identified in at least two data sets.
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Figure 5.2. Analyzed mutations and cancer types. The column color bar reflect the quality level (dark
green of high quality and light green for low quality) of the mutation profile of each cancer type as defined

in Method part.

Log-mixed Gaussian model with left truncation assumption to model the expression profile of each gene

measured by RSEM normalized expression level
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In order to model the patterns in gene expression profile that correspond to possible gain or loss of functions
of certain mutations, we specifically apply a log-mixed Gaussian model with left truncation assumption to
fit the gene expression level measured by RSEM normalized expression level. Mixed Gaussian distribution
has been applied to model the multiple signals in the data with normal errors. Noting the error at the zero
and low expressions measured by RSEM does not fit normal distribution, we specifically introduce a left
truncation assumption in fitting the RSEM gene expression profile by log-mixed Gaussian model. In detail,
denotes the observed expression value of gene X over N conditions as X = (X, X,,..., Xy ) . We have x € X

follows a mixture of K normal distributions corresponding to K possible peaks and the density function of

Xis:
~(x-4)’

p(x10) =TT px, 1©) =] [Xan(x18)=[[Xa-——e * =L@IX).

j=1 i=1 j=1 i=l \/27Z'Gi

Parameters ® can be estimated by EM algorithm with given X:

@ =argmax L(®| X)
[©)
With left truncation assumption, assuming we have M positive observed expression value and N-M left

censored observations of gene X through the N conditions, a latent variable Z is introduced to estimate ©®

by the following Q function and EM algorithm:
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the pdf and cdf of standard normal distribution.

t-1 t-1
E(Z,|ui?07,0<2, <2,,)

7
zuit’l+0'it’lE(8j | & <°“to_fl')

=ut ot Tw(/ﬁ(w)dwl @(A“%)

t-1

Zcut —Ui t-1

u

O;
G a2 Ut Z, —Uut
U™+ o g( °;H ) O(=—)

t-1
Zcut —U )
t-1

uit’l + aiHH (

The same, we have

E(Z?|u?, 011,02, <Z,,) =

u

-12 -12 -1
Tt rot - (Z

_utt
ru ()

1 cut

Identify the mutation associated gene expression

For the gene expression profile with one peak, a Kolmogorov statistics based approach is applied to identify

the mutation associated over/under expression for each mutation by the following mathematical procedures:

1. For the expression profile of gene X in n samples {x4,x,, ..., X, }, order the genes according to the
increasing or decreasing rank of the gene expression level to form G¢ = {X(1), X(2), - Xy }-
2. To identify the association between the over expression of X and the mutation profile of gene Y, we

. 0 vMut :\ _ H H Mut ;
define the score Sas S(G¢,YMut, i) = 2 gz v =1) @ = Djuxgyzxgvut=oy by inwhich Y s

Y

YMut Mut

the mutation profile of Y defined by Y™ =1 formutationand Y "™ = 0 for non —

mutation of gene Y in sample (j), a and b are two positive parameters. Similarly, S(GZ,YM*,i) =

Z{j:x(j)SX(i)'y(I]\%ut=1} a— Z{j:x(j)sx(i)y{%w=0} b are defined to identify the association between the under
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expression of X and the mutation of .

3. Association between the over/under expression of X and the mutation profile of Y is reflected by the
statistics M = miax{S(G)?,YM“t,i)}. Permutation test is applied to test the significance M with
p.value<0.005 as the significance level.

4. For the significant association between over expression of X and mutation Y, define Dyyo =
{dx1,dxn, - dxn} by dxi =1 if x; =M and ¥ =1 and dx; = 0 for other cases. Similarly,
for the significant association of under expression of X and mutation Y, Dyyy = {dX,lvdX,n: ---,dx,n},

where dy; =1 if x; <M and ¥ =1 and dx; = 0 for other cases.

For the gene expression profile {x,,x,,...,x,} with multiple peaks identified, each sample is discretized
by assigning the index of each peak based on maximal likelihood. Association between each peak and
certain mutation are tested by fisher exact test with p.value<0.005 as the significance level. Define Dyy; =
{dx1,dxn, -, dxn} if peak | is significantly associated with the mutation of Y, where dy; = 1 if x; is

assigned to peak | by maximal likelihood and Y™t = 1,and dy; = 0 if x; is assigned to other peaks.

Data discretization and bi-clustering analysis

For each mutation Y, combine the identified Dyy y, Dxyo,and Dxy; with the gene mutation profiles of
other mutations by row to form a 0-1 discretized matrix Dy. We first remove the columns corresponding
to non-mutated Y and then remove the rows with too small or large number of from Dy. The discretized

matrix Dy are then input into our in-house bi-clustering method QUBIC1.0 with parameters set as —f 0.25
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- 0.7/0.8. It is worth to note that all the 1 in each row of Dy reflects a gene expression pattern associated
with the mutation of Y, which is possible caused by gain or loss of function of certain mutation sites or

integrative effect of Y and other mutations.

Pathway enrichment analysis
Pathway enrichment is assessed by using a hypergeometric test (statistical significance cutoff = 0.005)
against 2801 pathways collected from the Msigdb database including the GO terms and the Msigdb

canonical gene sets are used in our pathway-enrichment analysis [9].
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CHAPTER VI

Conclusion and Discussion

The above projects show the major results of my research in the past five years, specifically focusing

on modeling the micro-environment stresses and elucidating their roles in different stages of cancer.

Through the analyses, | have raised one model of how the hypoxia and oxidative stress contribute to the

cancer initiation; elucidated a possible cancer tissue’s response to cycled hypoxia and re-oxygenation;

developed a computational method to comprehensively predict the possible gain or loss of functions of

certain mutations; and developed a method to identify modules in large co-expression (correlation) network

and applied the method to elucidate the possible reasons that keep the high lactate production through

different stages of multiple cancer types. The major results of the individual work can be found in the

conclusions of each chapter. Except these major works, | have also carried some small analyses, some of

which are based on my personal interests. | select some topics relating to the four major projects and discuss

the details below.

Through the first project, we have raise a possible model that the long term elevation of hypoxia or

oxidative stress level, which can be led by chronic inflammation or constant contact with carcinogens, can

cause possibly activate the biosynthesis and exportation of the long chain glycosaminoglycan hyaluronic

acid. Hyaluronic acids in the extracellular matrix can be degraded by certain enzymes or reactive oxygen

species (ROS). Published results suggest the chopped hyaluronic acid pieces may serve as possible signals

to aggregate the inflammation and induce multiple oncogenic signals. With these results identified in 2014,

we have reviewed more literature about the role of hyaluronic acids in inflammation and cancer and
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analyzed multiple data sets of various disease types including cancer, precancerous diseases and chronic

inflammatory diseases. These preliminary results push us to thoroughly think about possible “oncogenic

signals” we have analyzed. Recently, we have carried a comprehensively Meta-analysis on ~200

case/control data sets of 10 cancer prone chronic inflammatory diseases, 8 cancer independent

inflammatory diseases, 7 precancerous neoplastic diseases and 23 cancer types. Such analyzed revealed

that all the “oncogenic signals” including the pathways of angiogenesis, inflammation, ROS production,

tissue repair, cell proliferation, immune response, mitochondrion, apoptosis and signaling for angiogenesis,

cell proliferation, and immune response, which are defined as the “hallmarks of cancer”, are highly and

consistently dysregulated in both cancer and cancer prone inflammation. Such a result suggests that the

cancer associated dysregulations are already happened in the cancer prone inflammations. By checking the

gene co-expression networks, differences between cancer and inflammation are identified: (1) in cancer

prone inflammatory diseases, functional analysis and co-expression analysis suggest that the decreased

expression of mitochondrion genes are major iron-sulfur clustering genes, which are highly associated with

the elevated oxidative stress. Literature review suggests Fenton Reaction driven by elevated oxidative stress

in mitochondrion may possible serve as the reason of the decreased mitochondrion in inflammatory disease.

But in cancer, the decreased mitochondrion is more associated with the shifted metabolism that termed

Warburg Effect; (2) strong cell proliferation signals associated with tissue repair genes are identified in

inflammations. The cell cycle are slightly over expressed in inflammation that are more associated with

immune and stroma cell markers, suggesting the possible increased cell proliferation are driven by tissue

repair process. The highly up regulated cell cycle markers in cancer is less associated with a certain pathway

except the Warburg Effect; (3) other than the elevated synthesis of hyaluronic acid, the biosynthesis
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enzymes of other glycosaminoglycan types including chondroitin sulfate and heperan sulfate as well as

other ECM components are highly over expressed in cancer prone inflammation but not in the cancer

independent diseases; and (4) oxidative stress level is highly elevated in cancer prone diseases, which is

probably caused by increased macrophages and neutrophils regulated by Thl CD4 T cells through

interferon gamma signaling.

These observations suggest that the highly dysregulated micro-environment with certain cancer

associated stresses such as oxidative stress and hypoxia can be commonly observed in the cancer prone

inflammations. With the knowledge of the diverse functions of most cancer “driver” genes such TP53, VHL,

PI3KCA in regulating the cellular response to such stresses, we fully speculate it is such stresses that

consecutively drive the evolution of cancer and select and optimize the mutations of cancer. To fully

understand the carcinogenesis process, with such stress types identified, we further focus on linking the

mutations to such stress types aiming to comprehensively elucidate the role of most mutations in cancer

initiation and progression process. The detailed analysis of these part is shown in CHAPTER V.

To examine the possible functions the cancer “non-associated” mutations, we have conducted an

analysis of two sets of public genomes of precancerous and cancerous colon tissues. The first set consists

of 20 precancerous and early cancer samples of colon: one polyp having 4 mutations, eight small adenoma

samples harboring 272 mutations, eight large adenoma samples having 344 mutations and three

adenocarcinoma samples with 198 mutations while second consists of 131 samples of colon

adenocarcinomas. We have analyzed only the passenger mutations predicted by the original authors to find

out if useful information can be derived from these passenger mutations, through which we have identified

pathways enriched by these mutations among tissues in each disease stage, and made the following
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observations all with high statistical significance: (i) mutations in small adenoma enrich functional groups
related to the composition of the ECM, cell-ECM interaction, cell-cell adhesion, cell morphology and cell
cycle control; (ii) mutations in large adenoma enrich the following in addition to (i): EGF-like domain,
ABC transporters, cadherin, and actin binding; (iii) mutations in stage-1 adenocarcinoma enrich functional
groups associated with ion transporters, plasma membrane, immunoglobulins and complement control; in
addition, they also enrich functional groups associated with cell adhesion, ECM composition, cytoskeletal
structure and ATP binding, which are true for mutations in stage 2-4 samples; and (iv) mutations in stages
2-4 samples enrich functional groups related to cytoskeletal reorganization; cell motion; differentiation;
embryonic development; and a tyrosine kinase.

Substantial amount of new biology can be derived from these analysis results. For example, the
observation that mutations enrich in genes involved in ECM composition throughout the entire development
of a cancer is most interesting. Previous studies have established that during a tissue development,
remodeling or repair, the ECM structure needs to become substantially more rigid compared to a non-
developing tissue as the effect of growth factors can increase by 100 fold when such a change is made
through altering its component protein composition. This observation, in conjunction with the earlier
discussion regarding the initial cell-proliferation signals coming from hyaluronic acid fragments, strongly
suggest the following: the randomly generated hyaluronic acid fragments may lead to the activation of some
but not all players involved in the tissue repair machinery, at least not at the same level of coordinated
activities of these players as in normal tissue repair, which puts the relevant cells in a partially activated
state for tissue repair, a stressful state, waiting for the additional players to join. The ECM mutations,

selected in response to the stress, may represent these awaited players, i.e., which open the doors needed
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for the cells to divide without full signals for tissue repair. Overall, the analysis showed that substantially
more information can be derived about the evolving cells compared to the studies focused on “driver”
mutations. The algorithm introduced in CHAPTER V will be applied to 50-60 mutations in 20 cancer types
to elucidate the possible roles of these mutations in each analyzed cancer.

Another possible topic is about the ECM gene mutations of stromal cells in early stage of carcinogenesis.
In CHAPTER I, we have identified certain cell populations in response to cycled hypoxia and
reoxygenation. Further study revealed that one cell type shows multiple stroma cell markers. Another
analysis revealed that the samples with higher relative proportion of this cell type have less number of total
mutations but more enriched ECM gene mutations. With the more proportion of ECM mutations identified
in precancer and early stage cancer and the ECM components are majorly synthesized by stromal cells, we
hypothesize that during the initiation of cancer, ECM mutations in stromal cells (like fibroblast cell) may
take a role in driving the progression of pre/early stage cancer. However, unlike cancer cells, fibroblast cell
can be renewed from fibrocytes from blood. Hence the mutations in fibroblast cells will easily diminish
once the mutations no longer increase the tissue’s fitness level. Single cell and spatial

genomics/transcriptomics data can be helpful to solve this issue.

169





