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ABSTRACT OF THE THESIS

Tumor Associated Macrophages and Colorectal Cancer: Al-assisted Predictive Modeling of

Macrophage Polarization in Colorectal Cancer

by

Ekta Dadlani

Master of Science in Bioengineering
University of California San Diego, 2023
Professor Debashis Sahoo, Chair
Professor Shankar Subramaniam, Co-Chair
Colorectal cancer (CRC) is one of the leading malignant diseases in the United States,
predominantly due to its poor prognosis and high metastasis. Tumor-associated macrophages

(TAMs) are amongst the most common cells that play a significant role in cancer survival and

xi



progression in the tumor microenvironment. By using single-cell CRC-specific RNAseq datasets
and computational approaches developed in-house, I aim to answer two specific scientific
questions: (Q1) Do TAMs show distinctive signature in CRC samples in contrast with healthy
samples?; and (Q2) Can I relate the pro-inflammatory and anti-inflammatory polarization of
TAMs to the prognosis of colorectal cancer? I filter macrophage cells from eight publicly-
available single-cell CRC-specific RNAseq datasets, obtained from both human (Homo Sapiens)
and mouse (Mus Musculus) samples and refine a computational model, called SMaRT, to
identify a distinctive signature for accurately predicting macrophage-polarization states in the
specialized context of CRC. The computational analysis suggests: (a) TAMs are consistently
more reactive in tumorous cells as compared to the healthy cells and that the separation between
their source samples is statistically significant; (b) A TAM-specific composite gene signature can
be reliably used to separate samples that are cancerous versus samples that are healthy.
Specifically, these findings provide sufficient and statistically significance evidence that TAMs
have a distinctively different signature in CRC samples, majorly falling in the spectrum of the

immuno-reactive polarization state.
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INTRODUCTION

Colorectal cancer (CRC), the third most common cancer worldwide and representing
10% of all cancers, consists of abnormal proliferation of cells within the colon or rectum of the
large intestine [1, 2]. There were an estimated 1.9 million cases of newly diagnosed colorectal
cancer and 0.9 million deaths globally in the year 2020 [3]. Factors that induce the initiation of
the cancer include changes in age, environment, and lifestyle, all of which cause genetic and
epigenetic alterations of the cells in the gut, including mutations that affect tumor suppressor
genes, oncogenes, and DNA repair mechanisms [4]. The dysregulation of signaling pathways
resulting from these alterations contribute to tumor onset and progression. Risk factors for
colorectal cancer include obesity, smoking, and low physical activity [1]. The first line of
treatments for colorectal cancer include surgical treatments (i.e. endoscopic treatment),
chemotherapy, immunotherapy, and radiotherapy. For advanced-stage CRC, surgical resection
involving lymph node dissection is often necessary [5]. Despite these treatment advances,
colorectal cancer is the second leading cause of cancer-related deaths worldwide [1]. As a result,
researchers all around the world are interested in further investigating the mechanisms and

factors that underlie the cancer’s progression.

The initiation and progression of colorectal cancer involves genetic alterations in both
cancer cells and cells in the surrounding tumor microenvironment. The tumor microenvironment
comprises of immune and stromal cells such as macrophages, dendritic cells, T lymphocytes, and
natural killer cells, all of which can contribute to chronic inflammation [4]. Clinical studies have

demonstrated that the long-term use of non-steroidal anti-inflammatory drugs (NSAIDS) can



reduce the risk of CRC by counteracting the inflammation that results from the tumor initiation

[6].

The gastrointestinal tract houses the largest population of macrophages; tumor associated
macrophages are the predominant immune cells in the tumor microenvironment in CRC [7].
Tumor associated macrophages (TAMs), derived from blood monocytes, are attracted to the
tumor site by the activity of growth factors and chemokines within the tumor microenvironment.
It is implicated that tumor associated macrophages in the tumor microenvironment support the
progression of normal colonic epithelium to adenomatous polyps, or the gland-like growths on

the large intestine’s membrane, to invasive colon carcinoma [8].

Macrophages exhibit distinctive functions in response to the stimuli in their environment;
they are traditionally classified as MO macrophages (unstimulated, undifferentiated), Ml
macrophages (reactive, anti-tumor), and M2 macrophages (tolerant, pro-tumor). MO
macrophages arise from circulating white blood cells (monocytes) that use chemokines and
adhesive molecules that reside on the endothelium of blood vessels to migrate to a site of
inflammation or infection [9, 10]. Unstimulated macrophages possess the ability to adopt a wide
range of functions in response to specific stimuli in their microenvironment. M1 macrophages
exhibit pro-inflammatory properties in response to the release of inflammatory cytokines and the
presence of oxygen species within the microenvironment; M2 macrophages are characterized by
their anti-inflammatory properties which emerge in response to cytokines produced by immune

cells, growth factors released during wound healing, and metabolic changes [11, 12].



It is conventionally understood that the stimuli in a microenvironment can activate M0
macrophages to adopt a tolerant or reactive-like state based on the extreme functions of
macrophages at these polarization states; however, this simplistic nomenclature overlooks the
full extent of macrophage plasticity and the continuum of polarization states that macrophages
adopt under steady-state conditions and during disease. While specialized macrophage sub-types,
such as lipid-associated macrophages (LAMs) in atherosclerosis, scar-associated macrophages
(SAMs) in liver fibrosis, and tumor-associated macrophages (TAMs), have distinct spatial
localization, origin, and functional pathways, the traditional definition of reactive (M1) and
tolerant (M2) macrophages do not possess reliable predictive or prognostic abilities [13]. This
indicates that the current definitions of macrophage polarization states is insufficient to fully
capture the complex dynamics and clinical implications of macrophage phenotype in various

contexts.

Consequently, I employ the comprehensive Signature of Macrophage Reactivity and
Tolerance (SMaRT) model, which offers a general framework and standardized definitions for
the continuum of macrophage polarization states, to capture the immunophenotype of
macrophages in colorectal cancer and provide valuable insights into their functional
characteristics [13]. Built using a Boolean implication network trained on a pooled human
macrophage transcriptome dataset, the SMaRT model contains a 338 gene-signature of universal,
unbiased biomarkers for the spectra of macrophage polarization states that is represented across
relevant tissues, organs, species, and immune cells [13]. Despite the model’s ability to precisely
capture the evolving macrophage cellular states in a diverse context, I seek to create a TAMs

specific gene-signature that specifically captures the physiologic and pathologic spectra of



“immuno-reactivity” and “immuno-tolerance” in colorectal cancer. A refined signature prevents
over fitting of the SMaRT gene signature to the specialized context of colorectal cancer; specific
feature selection for TAMs allows for the classifications of normal colon tissue and colorectal
cancer tissue samples while reducing the dimensionality of the dataset and countering the over
fitting of the universal macrophage signature. The refined signature might inspire formal
definitions for macrophage polarization states that maintain relevance and rationalize diagnostics

and therapeutics to target deranged macrophage states in colorectal cancer.



CHAPTER 1: LITERATURE REVIEW
In this chapter, I provide relevant background information for the premise of the project.
Topics include: colorectal cancer, macrophages and macrophage polarization states, tumor
microenvironment and tumor associated macrophages, tumor associated macrophages as
potential prognostic biomarkers for colorectal cancer, and refinement of gene signatures in the

Signature of Macrophage Reactivity and Tolerance (SMaRT) model.

Colorectal Cancer

Colorectal cancer (CRC) is a type of cancer that primarily impacts the colon or the
rectum of the large intestine. Globally, it is the second leading cause of cancer-related deaths and
the third most common type of cancer amongst both men and women across various populations
[14]. In 2020, there were an estimated of 1.9 million cases of newly diagnosed colorectal cancer
and approximately 935,000 reported deaths [15]. As a result, colorectal cancer has been
mandated as a critical public health concern with high mortality and incidence rates. Despite
significant progress in the screening, diagnosis, and treatment options for colorectal cancer, there
is a necessity for ongoing research and the development of therapies which can better predict
treatment response and enhance patient outcomes. This highlights the interest in identifying

biomarkers which can guide personalized treatment strategies.

Risk factors of colorectal cancer include increasing age, a high body mass index resulting
from a poor diet (particularly a diet high in red and processed meats) and physical inactivity,
inflammatory bowel disease, excessive alcohol consumption, smoking, and a genetic family

history of colorectal cancer, the Lynch syndrome, or familial adenomatous polyposis (FAP) [15—



18]. About 91% of the CRC cases occur in individuals over the age of 50; there is also disparity
in the incidence of CRC based on ethnicity, with African Americans and Non-Hispanic American
Indians having the highest incidence rate compared to all other ethnic groups in the United States
[15]. Screening tests, including colonoscopies, fecal occult blood tests, flexible sigmoidoscopy,
and stool DNA tests, play a vital in the early detection and treatment of colorectal cancer; they
can be used to identify and remove the precancerous growths, or adenomatous polyps. Early
stage detection is associated with a significant improvement in the 5-year survival rate, with a
survival rate of 90%; however, once the cancer progresses and metastasizes, the prognosis

significantly worsens [19].

In most cases, genetic and epigenetic mutations of the colonic epithelial cells transform
benign growths in the colon, called adenomatous polyps, to the malignant invasive
adenocarcinoma form. During the early stages of adenomatous polyp development, mutations in
the APC (adenomatous polyposis coil) tumor suppressor gene are known to be key events that
initiate tumor onset and growth. These mutations result in the activation of the Wnt signaling
pathway and the nuclear accumulation of B-catenin in malignant colon cells. The overexpression
of specific genes within the Wnt-signaling pathway, including c-Myc and Cyclin D1, promote
colorectal cancer cell proliferation; additional mutations in critical genes involved in the Wnt
signaling pathway, such as CTNNBI and AXINI, further contribute to the formation of the
invasive cancer during the growth of the polyps [18]. Mutations of genes, such as KRAS and
TP53, emerge later in the progression of colorectal adenoma and contribute to the development
of invasive carcinoma. Mutations of KRAS lead to the activation of the MAPK pathway, which

promotes tumor cell proliferation and survival. Mutations of 7P53 causes the loss of function of
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the tumor suppressor protein p53, which is involved in apoptosis, DNA repair, and regulation of
the cell cycle [20]. In addition to genetic mutations, environmental factors, methylation changes
of the CpG islands, and chronic inflammation implicate the acquisition of colorectal cancer from

adenomatous polyps.

Treatment options for colorectal cancer typically encompasses surgery, chemotherapy,
and radiation therapy; these treatments modalities can be administered concurrently based on the
stage and location of the cancer and the age and the overall health of the patient. Colectomy, the
primary treatment choice for early stage CRC, involves the surgical removal of the affected
colon and its surrounding lymph nodes. For rectal cancer, standard surgical treatments include
low anterior resection, in which the affected rectum tissue is excised and the remaining rectum is
reconnected to the colon, and abdominoperineal resection, in which the entire rectum, anus, and
surrounding lymph nodes are removed [5]. Chemotherapy treatments, such as adjuvant therapy
(i.e: cetuximab and bevacizumab) and palliative therapy, can be employed to reduce the risk of
cancer recurrence, diminish tumor size prior to surgical procedures, or alleviate symptoms in
advanced stages of CRC. Chemotherapy drugs, such as 5-fluorouracil (5-FU) and irinotecan, can
be used in combination with other treatment modalities to improve the outcome of the procedure
[21-23]. Under radiation therapy, an external or internal beam of high-energy radiation is
directed to kill targeted cancer cells. The treatment has the potential to reduce the local
recurrence of the cancer and improve the overall health of the patient; however, potential side
effects of this treatment option include fatigue, skin irritation, diarrhea, fibrosis, scarring, and the
emergence of secondary cancers in the bladder and sarcoma [24, 25]. Despite the existing

treatment options and their abilities to specifically target cancer cells whilst causing minimal



damage to the surrounding healthy cells, heterogeneity of colorectal cancer across patients has
hindered a standard clinical implementation of universal targeted immunotherapy treatment.
Therefore, there is an urgency for the discovery of better biomarkers that can identify patients
who would likely benefit from specific types of treatment options through continued research of

the underlying genetic and molecular mechanisms of the cancer’s development.

Macrophages And Macrophage Polarization States

Macrophages, discovered in 1883 by Elie Metchnikoff, are a specialized type of white
blood cell responsible for detecting and engulfing cellular waste, foreign substances, and
pathogens [12]. By employing phagocytic receptors that recognize conserved motifs,
macrophages exhibit the capacity to discern pathogens and facilitate their engulfment, triggering
an adaptive immune response. They originate from monocytes in the blood circulation that travel
to and differentiate in different tissues located in the bone marrow, blood, lymphoid, and other
non-hematopoietic tissues [9, 10]. Upon reaching local sites of injury or infections, the immune
cells can contribute to acute or chronic inflammation, antimicrobial inhibitory activities, and
tissue repair [26]. Resident macrophages reside in organs in the absence of inflammation and are
involved in the homeostatic role of removing apoptotic cells at sites of injury or infection. Recent
advances in the study of macrophage origin studies have revealed that resident tissue
macrophages can also be established during embryonic development and maintained throughout

adulthood without blood monocyte input under steady state conditions [27].

Unstimulated macrophages (MO0) can adopt a wide range of specialized functions as a

result of the stimuli in the extracellular environment; the states that identify these functions are



classically defined as the M1 and M2 continuum of macrophage polarization. M1-polarized
macrophages exhibit pro-inflammatory and reactive properties that contribute to an anti-tumor
response through their involvement in phagocytic and cytotoxic functions. They can recruit and
sustain the activation of other immune cells, such as B cells and T cells, at a site of infection.
M2-polarized macrophages are characterized as anti-inflammatory, tolerant, and pro-tumor. The
balance between anti-tumor M1 macrophages and pro-tumor M2 macrophages is crucial for
regulating a tumor’s growth and survival [11, 12]. Despite this classic nomenclature of
polarization states, macrophages exist as a spectrum of states; macrophages are able to adopt
intermediate phenotype and perform diverse physiological roles. Defining the mechanism by
which macrophage phenotype are defined along this gradient of polarization states continues to
pose a challenge in the field. The conventional nomenclature used across macrophage analysis
classifies the M1 and M2 phenotype as the endpoints of the continuum; however, this approach

poses experimental challenges when assessing in vitro-generated macrophages [12].

The morphology of the macrophages, resulting from the monocyte precursors and their
differentiation process, enables the immune cell to recognize various pathogens and secrete
different levels of inflammatory cytokines under specialized contexts. The capacity of
macrophages to induce endocytosis, phagocytosis, and the secretion of cytokines, growth factors,
and metabolites within different contexts allow the immune cells to carry out trophic and toxic
functions (i.e: tissue remodeling and adaptive immunity) during development and adulthood
[28]. The differentiation and activation of macrophages are influence by the presence of growth
factors, signaling pathways, and transcription factors within their specialized micro
environments. Macrophage sub-types include lipid-associated macrophages in atherosclerosis

9



(LAMs), disease-associated microglia in neurodegenerative disorders (DAMs), scar-associated

macrophages in liver fibrosis (SAMs), and tumor-associated macrophages (TAMs) [13].

Tumor Microenvironment (TME) and Tumor Associated Macrophages (TAMs)

The tumor microenvironment (TME), consisting of tumor cells, stromal cells, immune
cells, and extracellular matrix (ECM) components, is a vital ecosystem that supports tumor
growth, survival, and proliferation. The components that make up the TME engage in
intercellular interactions to influence the behavior of a tumor. The tumor microenvironment can
facilitate tumor growth and invasion by promoting the remodeling of the ECM via degradation
caused by enzymes secreted by cancer and stromal cells [29]. Angiogenesis, or a cancer cell’s
ability to form new blood vessels, in the tumor microenvironment, enables a tumor to receive the
nutrients and oxygen required for growth and supports the potential for metastasis at distant sites
[29]. Paracrine signaling within the tumor microenvironment facilitates the communication
between cancer cells, stromal cells, and immune cells, leading to the secretion of growth factors
and cytokines that promote tumor growth and survival [29]. Immune cells are influenced to
promote or inhibit tumor growth based on the local cytokine environment; cancer cells in the
TME can release cytokines to suppress and evade the immune cells at the site of a tumor, thereby

supporting tumor proliferation [30].

Tumor-associated macrophages (TAMs) are one of the key immune cell types in the TME
that can contribute to tumor growth and progression. These specialized type of white blood cells
are recruited by tumor cells into the TME through the release of tumor-derived chemokines and

growth factors. Upon recruitment, TAMs have the potential to support tumor cell invasion,

10



migration, and proliferation [12]. The local cytokine environment influences the macrophages to
polarize towards the M1 or M2 phenotype. TAMs can secrete growth factors and cytokines, such
as the vascular endothelial growth factor (VEGF), interleukin-10 (IL-10), and transforming
growth factor-beta (TGF-B), which promote angiogenesis, suppress the immune response,
remodel the ECM, and induce an epithelial-mesenchymal transition [28, 29, 31]. Inhibiting the
tumor-supporting TAMs to balance the presence of M1-like and M2-like TAMs in the TME can
be used to maintain homeostasis; inhibition can disrupt angiogenesis, reduce the severity of ECM
remodeling, and propagate the immune system to fight the tumor growth. As a result, TAMs in

the TME have emerged as a compelling target for cancer therapy.

Tumor Associated Macrophages as Potential Prognostic Biomarkers for Colorectal Cancer

Despite the recent advances in treatment options, the heterogeneity in the survival rates of
patients with advanced colorectal cancer marks an urgency for the discovery of prognostic
markers that could tailor therapeutic options for CRC stratification. Tumor-associated
macrophages (TAMs), which have been associated with different outcomes for a diverse range of
cancers, have the potential to serve as prognostic biomarkers for diagnosed colorectal cancer
patients despite the differences in the tumor onset and growth. It is known that the abundance of
TAMs in the TME of CRC patients is associated with an increase in the tumor progression and
metastasis, leading to a reduced survival rates [32, 33]. TAMs and other inflammatory cells are
responsible for producing cytokines, growth factors, and chemokines that promote tumor growth
and angiogenesis; early detection of CRC includes the risk of chronic inflammation [34]. TAMs

also have a crucial role in regulating immune evasion. Therefore, the quantification of annotated

11



TAMs in CRC tumors and analyzing the expression of gene markers specific to the M1-type

macrophages would provide useful information in predicting the disease prognosis.

Receptors involved in the interaction between TAMs and CRC cells include the colony-
stimulating factor 1 (CSF-1) receptor, the epidermal growth factor receptor (EGFR), and the
transforming growth factor-beta (TGF-) pathway [32, 34]. In the CSF-1 receptor pathway, the
CSF-1 receptor expressed on the surface of TAMs binds to its ligand, CSF-1, which is released
by CRC cells or other cells in the TME; this interaction recruits TAMs to the tumor site and
contributes to maintaining the pro-inflammatory properties associated with M1 macrophage
function [11, 31, 32]. Activation of EGFR signaling promotes the production of the pro-
inflammatory cytokines that support the M1 polarization state; overexpression of EGFR in CRC
cells can lead to the secretion of factors that recruit and activate TAMs. Macrophages can also
secrete EGFR ligands; the secretion leads to a positive feedback loop that further activates the
EGFR signaling in CRC cells and promote tumor growth and metastasis [35]. TAMs can also
secrete transforming growth factor-f (TGF-B), which promotes the migration and invasion of
CRC cells and facilitates the induction of a M2-like phenotype [36]. Inhibition of the TGF-$3
pathway can enhance the pro-inflammatory responses the contribute to a M1 phenotype [11].
Targeting genes involved with these receptor pathways can block the activity of the receptor or

disrupt the pathway.

Tumor Associated Macrophages as Potential Prognostic Biomarkers for Colorectal Cancer

The Signature of Macrophage Reactivity and Tolerance (SMaRT) model is a general

computational framework for analyzing relationships among genes and different macrophage

12



polarization states [13]. A concern with the current model is on specializing this general
framework to be well-suited for tumor-associated macrophages in colorectal cancers. One way to
do this is to independently specialize each cluster in the Boolean network associated with
SMaRT, especially, the most prominent transitive path (Path C13-C14-C3; refer to section
Methods: Computational Approaches: Signature of Macrophage Reactivity and Tolerance for
more details) to obtain a TAM-specific signature for predicting colorectal cancer diagnosis. I
term this approach of specializing a general model as “refinement” and “purification”. Evidently,
refinement allows the number of genes in the Path C13-C14-C3 to reduce drastically and
construct a context-specific gene-signature for colorectal cancer. This approach is akin to
regularization in machine learning (reducing the number of free parameters in a model to control
over fitting) and transfer learning (fine-tuning a pre-trained machine learning model towards

learning on a related-yet-different problem) [37, 38].
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CHAPTER 2: PRELIMINARY

Boolean patterns in high-dimensional datasets pave the way for leveraging a diverse
range of datasets with different experimental origins and conditions. In combination with
machine learning networks, they allow us to extract biological principles and impactful features
(correlations across gene expression patterns) that remain invariant across datasets with different
variables. This allows for the identification of clinically relevant biomarkers that underlie the
complex processes that differentiate normal and cancerous tissues. In order to capture the
dynamics of macrophage polarization using gene expression datasets, I follow a step-wise
computational pipeline. Minimally, these steps involved are summarized as follows, and

described in detail in subsequent subsections (see Figure 2.1).

1. Data Processing: The raw gene expression counts are normalized and scaled, if not done
already; however, this step is not required if the available gene expression counts are normalized

and scaled.

2. Network construction: In this step, a global computational map representing various

relationships among genes is constructed using the expression values across samples.

3. Model selection: This is the step where the underlying dynamics of the macrophage
polarization is captured using the global computational map constructed in step (2) and using an

evaluation metric.

14



Figure 2.1: Overview of Computational Approach to Differentiate Normal Colon Tissue Samples
and Colorectal Cancer Tissue Samples at the Single-Cell Level. Single Cell Pipeline: The single-
cell RNA sequencing datasets used for the analysis originate from human or mouse colon tissues
annotated as colorectal cancer tissue or adjacent normal colon tissue. In general, viable, single
cells from the targeted tissue are first isolated and lysed using poly[T]-primers to capture the
mRNA molecules (usage of a primer prevents capturing ribosomal RNA). Reverse transcriptase
alongside the addition of unique molecular identifiers (UMIs) is used to convert the poly[T]-
primed mRNA to complimentary DNA (cDNA). Each tagged cDNA molecule is amplified by
PCR or in vitro transcription, pooled, and sequenced using next generation sequencing (NGS)
library preparation techniques. Preliminary bioinformatics tools are used to perform quality
control, resulting in a single cell gene expression count matrix. The gene expression count
matrices used for the computational analysis are taken from the NCBI GEO database. 1
normalize (CPM) and scale (log2) the gene expression count matrix and extract the macrophage
cells by applying an expression threshold for the universal macrophage biomarkers TYROBP and
FCERIG. Applying the SMaRT C13-C14-C3 signature on the macrophage-purified single cell
RNA sequencing datasets allows for preliminary analysis of the difference in polarization states
in colorectal cancer and normal colon tissue macrophage cells. Differential gene expression
analysis is used for refinement, where the refined signature aims to capture the pattern of
macrophage polarization observed at the single-cell level using the SMaRT C13-C14-C3
signature. Pipeline of Developing the Underlying Signature of Macrophage Reactivity and
Tolerance (SMaRT) Model: The SMaRT model used to underlie this research is built using a
pooled human macrophage annotated dataset (GSE134312, n = 197) from the NCBI GEO
database. The gene expression is normalized (TPM) and scaled (log2). The StepMiner algorithm
is applied on each gene to generate a statistically significant threshold separating low/high
expression. The six Boolean implications are used to generate the initial Boolean Implication
Network (BIN); equivalent relationships and annotations of macrophage polarization are used to
generate the compact Clustered Boolean Implication Network (CBIN). Transitive paths within
the CBIN are extracted using Boolean paths and depth-first traversal (DFS); a score is applied to
each specified path. Validation of separation of polarization states using the composite scores of
the clusters from specific paths across an invariant collection of macrophage annotated datasets
(using the ROC-AUC metric to quantify the predictive power of gene signatures derived from
the transitive Boolean paths) supports the accuracy and consistency of the C13-C14-C3 gene
signature. As a result, the genes in the C13-C14-C3 transitive Boolean path make up an
informative, universal macrophage gene signature.
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Data Processing: Normalization And Scaling

Publicly available high throughput sequence data in the format of RNA mRNA profiling
(RNA sequencing, microarray, SCRNA sequencing), small RNA profiling (miRNA sequencing),
ChIP sequencing, HiC-sequencing, methyl-sequencing, and bisulfite-sequencing is available on
the National Center of Biotechnology Information (NCBI) Gene Expression Omnibus (GEO)
database. This model relies on mRNA profiling datasets, where prepared mRNA samples
undergo fragmentation, conversion to cDNA using reverse transcription, and library creation for
sequencing. The reads of cDNA fragments are mapped into a reference genome to determine the
composition of the library. Normalization and scaling of the gene expression data enables the
assessment of the relative abundance of a genomic feature without the bias of individual read
counts that are influenced by factors such as the sequencing depth, feature length, and
transcriptome composition [39]. Inter-sample normalization and scaling allows for comparable
read counts between samples and experiments [40]. Normalization of the gene expression values
is performed using Counts Per Million reads mapped (CPM); however, some datasets provide
pre-processed gene expression matrices that are normalized using Reads Per Kilobase of
Transcript per Million reads mapped (RPKM), Fragments Per Kilobase of Transcript per Million
reads mapped (FPKM), or Transcripts Per Million reads mapped (TPM). Scaling is performed to
model the proportional change in gene expression across a sample. I apply log2 scaling on the
normalized gene expression values. The final gene expression values are log2(CPM) if CPM > 1

or log2(CPM - 1) if CPM < 1.
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Network Construction. StepMiner Analysis

StepMiner is a tool used primarily to identify step-wise transitions in a time-series data. It
directly addresses the questions: “What is the impact of a stimulus on the regulation of gene
expression?” and “At what timestamp does a gene undergo a transition into an up regulated or
down-regulated state?” [41]. StepMiner employs a regression approach to detect the most
distinct transitions between low and high gene expression values, utilizing the sum-of-squares
error as a quantitative measure; this provides insight into the temporal dynamics associated with
gene expression-switching events. The step function is evaluated at all possible step positions
with the objective to fit a one- or two-step function that optimally fits a set of n time points. An
average of the gene expression values is calculated at each step position and linear regression is
used to determine the values of the constant segments. The square error is computed for each
fitted values corresponding to each step; the regression scheme selects the step positions that
minimize this square error. A regression test statistic and its corresponding p-value is computed

to find the best fit for the curve of the data.

Extracting networks of relationships from public-domain gene expression data has
traditionally been rooted in pairwise relationships between genes (symmetric co-expression of
genes). A wider range of relationships between gene pairs can be taken into consideration using
Boolean implications [42]. The expression values for each gene are sorted in ascending order. A
StepMiner threshold is used to fit a rising step function to the data, aiming to minimize the
discrepancy between the fitted values and the measured values. The step function is applied to

identify the most significant jump from low gene expression values to high gene expression
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values; the threshold is placed where the step intersects the original data. In cases where the gene
expression levels are evenly distributed from low to high, the threshold tends to be located near
the mean expression level. When the gene expression levels are unevenly distributed, relying on
the mean expression level can introduce a bias that fails to account for variance parameters. If
the assigned StepMiner threshold for a gene is t, the expression levels above t + 0.5 are classified
as “high” and the expression levels below t - 0.5 are classified as “low”. The “intermediate”
expression values between t - 0.5 and t + 0.5 are ignored, because they are more likely to appear
on the wrong side of the threshold due to noise. The interval width of 0.5 is based on the
estimated minimum noise in gene expression of a gene whose standard deviation is at the 5th
percentile from the bottom. When a minimum of 2/3 of the expression values of a gene are
classified as “intermediate”, the gene is removed from consideration for further analysis due to
the lack of dynamic range in expression values. After all significant gene expression values are
extracted by using the StepMiner algorithm, all pairs of features can be analyzed using Boolean

implications.

Network Construction: Boolean Logic and Implications

Traditional gene expression networks rely on pairwise relationships, indicating
symmetrical co-expression between the genes. A larger set of relationships between gene pairs
can be extracted using Boolean implications. Boolean logic encapsulates the simplistic, yet
fundamental, mathematical relationship between two values which can be represented as binary
states, such as 0/1, negative/positive, or low expression/high expression. After the normalized

and log-scaled gene expression values are sorted from low to high, the StepMiner algorithm is
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used to fit a rising step function to the series and identify a threshold for each gene; it
characterizes the expression values of each gene as “low” and “high”. The thresholds for gene A
and gene B are used to separate a scatter plot into four quadrants based on the Boolean values
(low, low), (low, high), (high, low), and (high, high). Boolean analysis, or a statistical approach
to create binary logical inferences, can be used to determine the relationship between the

expression values of pairs of genes.

Implications are derived from an “if-then” rule, where a statement like “if the expression
of gene A is high, then the expression of gene B is almost always low” establishes a logical
relationship. In a concise format, these relationships are written as “A high implies B low”, or “A
high => B low”. There are six possible Boolean implications between genes A and B: four
asymmetrical implications (A low => B low, A low => B high, A high => B low, B high => A
high) and two symmetrical implications (equivalent, opposite). Asymmetrical Boolean
implications suggest that the statement “A high => B high” may be valid without the reverse
statement “B high => A high” holding true. When both of the relationships “A high => B high”
and “B high => A high” are observed, the symmetrical equivalent Boolean relationship,
corresponding to positively correlated genes, is indicated. The symmetrical opposite Boolean
relationship is indicated when both of the relationships “A high => B low” and “B high => A

low” is observed, corresponding to highly negatively correlated genes.

The significance of a Boolean implication relationship is determined using BooleanNet
statistics, which quantifies the sparsity of each quadrant after applying a StepMiner thresholds

for gene A and gene B [43]. Boolean implications between gene expression values are observed
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when there is sparsity in any of the four possible quadrants or in two diagonally opposite
quadrants. The statistical metric to determine significance utilizes the number of samples in each

quadrant, represented as aoo, ao1, aio and aj.

The total number of samples is computed using the equation:

total = agotaoitaiotai;

The total number of samples and the corresponding probabilities that are considered as A low

and B low are computed using the equations:

nAiow = (aootaoi) and p(Aiow) = nAiew / total

nBiow = (300+alo) and p(Blow) = nBiow / total

The expected number of samples in each quadrant is computed by assuming independence for
genes A and B. For example, for the quadrant A low and B low, the expected number of samples

is the probability of A low multiplied by the probability of B low: p(Aiow) * p(Biow).

If we let n denote the number of samples in the quadrant ajj, and n’ = p(Aiw)*p(Biow)*total, a
statistical test to determine whether a quadrant is sparse can be computed based on the
expectation that in a sparse quadrant, n” > n. The quadrant A low and B low (that is, aoo) is

considered sparse if Soo is high (representing n’ > n) and the error rate, poo, is low:
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A threshold for Sj > Stn and pij < prir 1s chosen to check for quadrant sparsity. The thresholds

Sthe = 3 and prir = 0.1, based on the previously used thresholds for the Boolean analysis in the

test dataset GSE134213, are used as the standards for BooleanNet [44].

An equivalent Boolean relationship is found if the top-left (ao1) and bottom-right (aio)
quadrants are significantly sparse. An opposite Boolean relationship is found if the top right (air)
and the bottom-left (ao) quadrants are significantly sparse. For the asymmetrical Boolean
implications, one quadrant is significantly sparse: A low => B low (top-left, ao1), A low => B

high (bottom-left, apo), A high => B high (bottom-right, ai0), A high => B low (top-right, ai1)

(see Figure 2.2).
=4~ A Equivalent B
A low, B high A high, B high \-| A Opposite B
@ o an ? A low => B high
§ —— ------------------------- Alow => B low
A low, B low A high, B low A high => B high
2 - A high => B low

Gene A

Figure 2.2: Scatter-plot separated into four quadrants based on the StepMiner thresholds and the
noise error margin for arbitrary genes A and B and all 6 possible Boolean Implication
relationships and their corresponding scatter plots to show for quadrant sparsity.
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Boolean implication relationships remain robust even in the presence of noise and sample
heterogeneity. The relationships can be invariantly observed in the expression levels of two
genes; however, they do not imply causality. The biological significance of Boolean implications
can be analyzed when a set of arrays of gene expression values exhibit a relationship that is
likely to result from regulatory relationships, specificity to a cell types, or mutual exclusivity
between the genes. Boolean implications enable investigators to uncover overlooked
relationships that would otherwise be considered as weakly correlated in methods that solely rely

on symmetrical relationships.

Network Construction: Boolean Network Explorer (BoNE)

The Boolean Network Explorer provides a visual representation of a network that
captures the underlying, sequential changes in a biological process, such as the onset of a disease
[45]. In order to construct such network using Boolean implications, three steps are computed:
(1) The StepMiner algorithm is applied to convert all of the genes in a dataset into the binary
values high expression and low expression (2) The relationship between the expression values
for pairs of genes are classified as one of the six Boolean Implication Relationships (BIRs) and
(3) Genes with similar expression relationship patterns, sharing at least half of the equivalences
among the gene pairs, are clustered and organized into a network. In the resulting Clustered
Boolean Implication Network, the cluster of equivalent genes make the nodes and the BIR

between clusters make up the directed edges.
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Network Construction: Clustered Boolean Implication Network (CBIN)

A basic Boolean Implication Network (BIN) is constructed by identifying all of the
significant pairwise Boolean Implication Relationships (BIRs) within a dataset. It takes the form
of a directed graph, in which genes represent the nodes and the edges correspond to the BIRs.
Symmetrical Boolean implication relationships (equivalent and opposite) are represented as
undirected edges and asymmetrical Boolean implication relationships (low => low, high => low,
low => high, high => high) are indicated as directed edges. A BIN demonstrates robustness when
the sample size is larger than 200; however, it can be applied for a smaller dataset in which genes
with a dynamic range of expression values are filtered using the StepMiner threshold and

analyzing the fraction of low and high values.

The complexity of the BIN can be simplified by clustering nodes based on equivalent
BIRs, generating a clustered Boolean implication network (CBIN). Ideally, all genes in the same
cluster should share as many BIRs to genes of other clusters as possible. The weak links in each
component are eliminated to prevent noisy instances where two genes with an opposite Boolean
implication relationship are included in the same cluster. A minimum spanning tree is built for
the graph and the Jaccard similarity coefficient for every edge in the tree is computed to identify
the weakest links. If the Jaccard similarity coefficient is < 0.5 for two members of the same
cluster, the edges are dropped from further analysis. Eliminating the weak links ensures
consistency within the clusters. A new graph is built by linking the individual clusters to each
other using the four asymmetric Boolean relationships. The link between two clusters (A and B)

is established by using the top node in cluster A that is connected to most of the members of A
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and sampling 6 nodes from cluster B to identify the majority of BIRs between the nodes in each

cluster.

Model Selection: Boolean Paths

The asymmetric Boolean Implication Relationships (BIRs) that form the edges in a
directed Clustered Boolean Implication Network (CBIN) allow for a traversal of nodes to
generate a Boolean path. A fundamental Boolean path comprises of two nodes connected by a
directed edge, while a more intricate Boolean path involves multiple Boolean implication
relationship. The order of clusters in a Boolean path is based on the hypothetical biological path
defined by the sample order. To initiate the discovery of paths, a node that represents the biggest
cluster in the CBIN is used in a greedy algorithm that traverses the nodes to choose the next
biggest cluster connected to the nodes visited in sequence. In each subsequent step, the biggest
cluster among the remaining nodes is chosen. Equivalence relationships from each cluster are
utilized to expand the gene set within the cluster; the whole path is clustered based on these
equivalence relationships. Depth-first traversal (DFS) is used to follow a path of big clusters with
the specification of a Boolean implication that can be used to order samples. This process is

repeated to find all the paths that connect the big clusters in the CBIN.

Model Selection: Composite Score

Given a set of genes that are clustered together in a specific Boolean path on a Boolean
Implication network, a score can be computed to order the samples in a logical order. The genes

presented in each cluster are normalized and averaged based on a modified Z-score approach
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centered around the StepMiner threshold. Hence, the StepMiner-normalized gene expression

value for a particular gene, denoted by exprsu, is computed as follows:

expr—0 m
XD = a0

Where expr is the gene expression value for a given sample, Osm is the threshold separating low/
high expression values for that gene, and is the standard deviation of the expression value from

the Osm.

A weighted linear combination of the averages from the clusters in the Boolean path is
used to create a total score for each sample. The weights on the path are monotonically
increasing or decreasing to make the sample order consistent with the logical order of the

network.

Composite Score:  3*2 Ay norm T P 2Bsvnorm T €2 Csmnorm T 42 Psvnorm

Where £ Xsm Norm 18 the total sum of the StepMiner normalized gene expression values for all
genes belonging to cluster X (where X is cluster A, B, C, or D), and a, b, ¢, and d are the
assigned weights for that particular cluster. In theory, the weight is a model parameter that can be
learned using training data; however, a more logical approach to determine its value for each
cluster is by considering how the transitive Boolean path encodes the state transition from one
pole of the map to the other. For example, in the C13-C14-C3 path, C13 refers to the immuno-

reactive state and C14 and C3 are immuno-tolerant states; therefore, it is logical to put
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contrasting values for the corresponding weights. In Ghosh et. al, these values are -1, +1 and +2
for C13, C14 and C3, respectively [13].

Statistical Analysis for Model Selection: ROC-AUC Metric

The performance of the predictive capacity to classify a set of binary annotations (i.e:
healthy and diseased states) of the Boolean paths in a Clustered Boolean Implication Network
(CBIN) is measured using the logistic regression model Receiver Operating Characteristic Area
Under the Curve (ROC-AUC) metric [46]. The ROC curve considers the True Positive Rate
(TPR) and False Positive Rate (FPR) at different classification thresholds. The given binary
classification annotations from the dataset can be used to compute the number of true positives,
false negatives, false positives, and true negatives. Lowering the classification threshold
classifies more annotations as positive and increases the number of false positives and true

positives. The equations for TPR and FPR are:

TP FP
TPR = ———— FPR= ———
TP+ FN R FP+TN

Where TP is the number of observed True Positives, FN is the number of observed False
Negatives, FP is the number of observed False Positives, and TN is the number of observed True
Negatives given a classification threshold.

The area under the ROC curve (AUC) provides a comprehensive evaluation of
performance across all possible classification thresholds; it quantifies the probability of a logistic
regression model ranking a random positive sample higher than a random negative sample. The

ROC-AUC metric ranges from 0 to 1, where 0 reflects that all predictions are wrong, 0.5 reflects

27



random predictions, and 1 reflects that all predictions are correct; a higher ROC-AUC value
indicates a better predictive power. This metric is scale invariant, assesses the quality of how
well the predictions are ranked, and measures the predictive performance irrespective of the

specific classification threshold chosen.
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CHAPTER 3 METHODS
In this chapter, I outline the detailed procedure used to derive the TAM gene signature
specified for a colorectal cancer context. Refer to Figure 2.1 for an overview of the pipeline.

Data Collection and Annotation

Publicly available single-cell RNA sequencing (scRNA-seq) databases are downloaded
from the National Center for Biotechnology Information Gene Expression Omnibus (NCBI
GEO) database [47-49]. scRNA-seq captures the heterogeneity of RNA transcripts across
individual cells; it allows for the understanding of a disease with higher resolution compared to
gene expression pseudo-bulk datasets. Gene expression normalization is performed by
computing CPM (Counts Per Millions) values; log2-normalized CPM counts are used as the final
gene expression values [50, 51]. The datasets are annotated with the classifications of originating
from tumor tissue samples or normal colon tissue samples, as noted in the metadata derived from

the corresponding experiment.

Macrophage Datasets Used for Network Analysis

Macrophage network analysis for colorectal cancer specific analysis is performed using
the datasets: GSE161277 human colorectal carcinoma tissue and normal colorectal tissue
samples (n = 13, n cells = 54,782); GSE200997 human naive colorectal cancer patients and
adjacent normal colonic tissue samples (n = 23, n cells = 49,859); GSE132257 human primary
colorectal cancers and matched normal mucosa samples (n = 10, n cells = 18,409); GSE132465
human primary colorectal cancer and normal mucosa samples (n = 33, n cells = 63,689);

GSE139555 human T cells in colon tumors and normal adjacent tissue samples (n = 4, n cells =
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12,495); GSE222300 human rectal/sigmoid cancer and rectal adjacent normal tissue (n = 3 , n
cells = 14,852); and GSE110009 human primary and metastatic tumors in colon cancer and
adjacent normal tissues (n = 29, n cells = §,160). To show consistency of the polarization
patterns in mouse datasets, the macrophage network analysis is applied to GSE198758 APKS
and AOM/DSS mouse models of colorectal cancer and normal colon tissue samples (n = 4, n
cells = 20,849); and GSE224679 AOM/DSS mouse models of colorectal cancer and normal
colon tissue samples (n = 4, n cells = 27,656) (see Table 3.1). For simple nomenclature of
annotations, the colorectal cancer tumor samples are referred to as “colorectal cancer” (CRC)
samples and the normal colorectal tissue, adjacent normal colonic tissue, and matched normal

mucosa samples are referred as “normal tissue” (NT) samples.
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Table 3.1: General information about sScRNA sequencing datasets taken from the NCBI GEO
Database for analysis. n Samples represents the number of targeted types of cells annotated (i.e:
group of cells that undergo the same treatment/experimental procedure); n Cells represents the
total number of cells provided in the dataset’s gene expression matrix.

GEO ID Species n Samples n Cells
GSE161277 Homo Sapien 13 54,782
GSE200997 Homo Sapien 23 49,859
GSE132257 Homo Sapien 10 18,409
GSE132465 Homo Sapien 33 63,689
GSE139555 Homo Sapien 4 12,495
GSE222300 Homo Sapien 3 14,852
GSE110009 Homo Sapien 29 8,160
GSE198758 Mus musculus 4 20,849
GSE224679 Mus musculus 4 27,656

Computational Approaches: Signature of Macrophage Reactivity and Tolerance (SMaRT)

For the Signature of Macrophage Reactivity and Tolerance (SMaRT) model, the gene
expression summarization for publicly available microarray and RNASeq databases are
performed by normalizing Affymetrix platforms by RMA (Robust Multichip Average) and
RNASeq platforms by computing TPM values when normalized data is not available in the GEO
database [13]. Final gene expression values for analyses are computed as log2(TPM) if TPM > 1
and (TPM-1) if TPM < 1. Publicly available datasets normalized using RPKM, FPKM, and CPM

are also used for validation purposes.
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The SMaRT model is built using the published pooled macrophage dataset from GEO
(GSE134312, n = 197) assayed on the Human U133 Plus 2.0 (GPL570), Human UI133A 2.0
(GPL571), and Human U133A (GPL96) platforms. The M0, M1, and M2 phenotype are
manually annotated for this dataset. This dataset consists of primary tissue-derived macrophages
obtained from both healthy and diseased tissues and cultured macrophage cell lines that are
either untreated or treated with specific ligands that induce either the M1 polarized state (n = 13)
or the M2 polarized state (n = 8). Testing of the macrophage gene signature is performed using
the validation datasets: GSE35449 (7 MO0, 7 M1, 7 M2), GSE46903 (64 MO0, 29 M1, 40 M2),
GSE61298 (6 MO, 6 M1, 6 M2), GSE55536 human peripheral blood mononuclear cell-derived
macrophage (6 M0, 6 M1, 6 M2), and GSE55536 iPSC derived macrophages (3 MO, 3 M1, 3

M2).

To create the SMaRT model, a Boolean Implication Network (BIN) is created using all of
the significant Boolean implication relationships (BIRs) for the dataset GSE134312 (n = 197)
(refer to Figure 2.1). Since the macrophage dataset has less than 200 samples, the fraction of
high and low values after applying the StepMiner algorithm is used to filter all genes that have a
reasonable dynamic range of expression values. Probe sets that contained less than 5% of the
high or low values are dropped. A Clustered Boolean Implication Network (CBIN) is created in
which every cluster of genes is associated with healthy or diseased samples based on where the
cluster is highly expressed. Locating the ‘M1’ labeled samples and ‘M2’ labeled samples on the
resulting network shows a segregation of the two polarization states, indicating a continuum of
cellular states in macrophages within the immunologic spectrum rather than the discrete
categories. The paths of high => high, high => low, and low => low are used to order the
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samples from the healthy to diseased states. As a result, Boolean paths that intersect these
relationships and large clusters in the CBIN is used to show the continuum of polarization from
the reactive pole to the tolerant pole of the network. Depth-first traversal (DFS) is used to follow
the longest possible paths of low => low where the biggest clusters are visited first. The direction
of the paths is derived from the connection of a reactive cluster to a tolerant cluster. The top
continuum paths are analyzed using reactome pathway analysis, resulting in a list of enriched
pathways. From these enriched pathways, specific paths are selected for testing the classification
of samples into the immuno-reactive (Ml1-like) and immuno-tolerant (M2-like) states. The
effectiveness of various Boolean paths in their ability to utilizing the composite scores for

clusters in the path to classify the samples is assessed for sample classification.

Multivariate analysis of the top five Boolean paths shows that the path that connects
clusters C13 => C14 => C3 is performs the best (p > 0.001) at discriminating the M 1-like (ROC-
AUC: 0.98) and M2-like (ROC-AUC: 0.99) polarization states. Independently, C13 accurately
predicts the reactivity (M1-like) state with a ROC-AUC of 1.0 and the path C14 => C3
demonstrates close to perfect prediction of the tolerant (M2-like) state, with an ROC-AUC
ranging between 0.8 - 1.0. The C13-14-3 signature, consisting of 48 genes in C13 and 290 genes
in the path C14 => C3), successfully identifies the M1/M2 polarization states under a diverse

range of tissue-resident macrophages, in both human and mice, and in other immune cells.

Computational Approaches: Macrophage Extraction

Traditional biomarkers for macrophages, such as CDI14, ITGAM, CD68, and EMRI,

exhibit variable expression patterns in different tissues due to the intricate nature of macrophage
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biology and variability in experimental techniques and purification methods. In Dang et. al, a
computational approach called BECC (Boolean Equivalent Correlated Clusters) analysis is used
to identify and validate FCERIG (Fc fragment of IgE receptor Ig) and TYROBP (TYRO protein
tyrosine kinase-binding protein) as universal biomarkers for macrophages in human and mouse
tissues [44]. The BECC model uses Boolean methodologies to differentiate the asymmetric and
symmetric relationships that identify the genes that mirror each other’s gene expression patterns.
It compares the normalized expression levels of two genes across a set of provided datasets,
searching for two sparsely populated quadrants diagonally opposite to each other amongst the
four possible quadrants (high-low and low-high). Boolean Equivalent relationships are used to
identify functionally related genes. The macrophage BECC model is constructed using the seed
gene CDI4, which is expressed in a majority of macrophage populations; Boolean equivalent
relationships, pairwise correlation, and linear regression analysis are used to rank a list of 33
probe sets that serve as training data the model. The probe sets correspond to 21 unique genes
with similar expression patterns as CDI/4. A StepMiner threshold is applied to identify high-
confident macrophage genes. The threshold results in 18 significant probe sets and 13 unique
genes. FCERIG is the top candidate gene and 7YROBP is the fourth top candidate based on the
BECC ranking; out of the 13 gene candidates TYROBP and FCERIG has the strongest
correlation patterns across human and mouse datasets. The consistent equivalent Boolean
expression pattern of 7YROBP and FCERIG suggests that the tight correlation is expressed in a
similar context in all tissues coming from pure macrophage samples. TYROBP is an adapter
protein that form non-covalent associations with activating receptors present on the surface of

immune cells. Its primary function is to mediate signaling and cell activation upon ligand
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binding by receptors. In the case of FCERIG, interactions with an allergen, triggers cell

activation and the induction the release of mediators involved in allergic responses.

For each colorectal cancer dataset, the expression of the two universal biomarkers,
TYROBP and FCERIG, are used to filter cells that are potential macrophages. A threshold of >
2.0 or a threshold of > 0.0 for the expression of the macrophage biomarkers at the raw count
gene level (GSE132465, GSE224679) is applied. This significantly reduces the number of cells
for each dataset (see Table 3.2). On average, approximately 8.6% of all cells in each dataset are

classified as a macrophage cell using this filtering method.
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Table 3.2: General information about sScRNA sequencing datasets after the macrophage cells are
extracted using thresholds for the normalized and scaled gene expressions of TYROBP and
FCERIG (TYROBP>2.0 & FCERIG > 2.0 or TYROBP > 0.0 & FCERIG > 0.0). For some
datasets, the number of samples reduces due to the lack of macrophage cells in that particular

cell group.
GEO ID Species n Samples n Samples (after macrophage n Macrophage
cell extraction & with Cells
annotations)

GSE161277 Homo Sapien 13 7 2,704
GSE200997 Homo Sapien 23 23 969
GSE132257 Homo Sapien 10 10 1,144
GSE132465 Homo Sapien 33 33 8,049
GSE139555 Homo Sapien 4 4 672
GSE222300 Homo Sapien 3 3 441
GSE110009 Homo Sapien 29 29 1,916
GSE198758 Mus musculus 4 3 7,379
GSE224679 Mus musculus 4 4 1,478

Computational Approaches: Applying the SMaRT Model to Characterize Polarization Dynamics

in Single Cell RNA-seq Colorectal Cancer Datasets

The 338 gene universal macrophage SMaRT signature (48 genes measuring the immuno-
reactive gradient and 290 genes measuring the immuno-tolerant gradient in humans; 71 genes

measuring the immuno-reactive gradient and 227 genes measuring the immuno-tolerant gradient
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in mouse) is applied to each macrophage filtered scRNA sequencing dataset to compare the

immuno-reactive samples to the immuno-tolerant samples (see Figure 3.1).
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Figure 3.1: Workflow of Application of SMaRT Model on Single Cell Dataset. Publicly available
single cell RNA sequencing (scRNAseq) colorectal cancer (CRC) centered datasets annotated
with colorectal cancer tissue (CRC) and normal colon tissue (NT) samples are used for analysis.
A threshold for the expression of the two universal macrophage biomarkers, TYROBP and
FCERIG, at the raw count gene expression level is applied; this reduces the number of cells
under further scrutiny by approximately 92%. Normalization/scaling (CPM and log?2) of the raw
gene expression count matrix is performed. The SMaRT Model’s C13-C14- C3 signature is used
to generate an immuno-reactive and immuno-tolerant composite score for each macrophage cell
in each dataset. The StepMiner algorithm is used to threshold the C13 (immuno-reactive) scores
and the C14-C3 (immuno-tolerant) scores as a high/low composite score. A negative weight is
applied to C13; a composite score below the StepMiner threshold for C13 is considered highly
reactive. Positive weights are applied for C14 and C3; a composite score above the StepMiner
threshold for C14-C3 is considered highly tolerant. Therefore, the bottom left quadrant (low C13
and low C14-C3) consists of highly reactive macrophage cells and the top right quadrant (high
C13 and high C14-C3) consist of highly tolerant macrophage cells. A normal (z) test is applied to
compare the number of CRC macrophage cells to the number of NT macrophage cells; the p-
value for the normal test computed in the highly reactive and the highly tolerant quadrants is
used to determine the significance in the number of macrophage cells annotated as CRC and NT.
A. For the human dataset GSE137465, the threshold of > 0.0 is used for the raw gene expression
values of TYROBP and FCERIG. The gene expression values are normalized and scaled prior to
implementation of the SMaRT model’s C13-C14-C3 signature. B. For the mouse dataset
GSE198758, a threshold of > 2.0 is used for the raw gene expression values of 7yrobp and
Fcerlg. The gene expression values are normalized and scaled prior to implementation of the
SMaRT model’s C13-C14-C3 signature.
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For each dataset, all macrophage cells are annotated as tumor tissue (CRC) or normal colon/
rectum tissue (NT). For each dataset, the composite score for the reactive cluster (C13) is
computed using a negative weight (-1); the composite scores for the tolerant clusters (C14 and
C3) are computed using positive weights (+1 for C14, +2 for C3). The StepMiner algorithm is
used to create a statistically-significant threshold for separating low C13 composite scores from
high C13 scores and for separating low C14-C3 composite scores from high C14-C3 composite

SCOICSs.

For each dataset, samples that are confined to the low C13/low C14-C3 quadrant are
classified as highly reactive macrophages. Samples that are confined to the high C13/high C14-
C3 quadrant are classified as highly tolerant macrophages. To determine whether the number of
tumor specific macrophage cells and normal colon specific macrophage cells are significantly
comparable to each other, a test for proportions based on normal (z) test is performed:

= Po
__ Successes ZzZ = u
pl - n Po(1=py)

Where successes is the number of observed normal colon macrophage cells confined to the
specified quadrant (reactive or tolerant), n is the total number of observed normal colon
macrophage cells confined to both the reactive and tolerant quadrants, and po is the null
hypothesis of number of observed tumor macrophage cells confined to the specified quadrant
(reactive or tolerant)/number of observed tumor macrophage cells confined to both the reactive

and tolerant quadrants.
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The p-value is used to indicate the statistical significance of the two proportions z-test.
The null hypothesis for p-value is that there is no difference in the proportion of NT samples to
CRC samples in the given quadrant. The threshold of < 0.05 indicates that we can reject the null
hypothesis in favor of the alternative hypothesis which states that there is a difference in the
proportion of NT samples to CRC samples likely not due to result of random chance; a p-value

of < 0.05 for the two proportion z-test is considered statistically significant.

Computational Approaches: Reactivity Gene Signature Refinement

In order to remove noise from the existing C13-C14-C3 macrophage signature due to its
relevance across different tissues, organs, species, and immune cells, refinement is performed.
The ultimate goal is to create a tumor-associated macrophage (TAMs) specific gene signature
that captures the dynamics of immuno-reactivity for the specialized context of colorectal cancer.
Refinement leads to a sensitive and specific gene set for the specific context of TAMs in
colorectal cancer patients. Using the 338-gene signature from the SMaRT model, macrophages
from the colorectal cancer tumor samples are classified as more reactive compared to
macrophages from the normal colon samples. As a result, refinement of C13 (which captures
immuno-reactivity), consisting of 48 human genes and 71 equivalent mouse genes, would alone
capture the polarization difference of macrophage data comparing colorectal cancer and normal
colon tissue samples at the pseudo-bulk level. To indicate that refinement is necessary, I identify
a subset of genes within C13 that produces a great deal of noise for the difference between NT
and CRC samples, including flipping or scrambling the expected pattern of CRC samples being

more reactive.
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Refinement is performed using differential gene expression analysis on the single cell
dataset, GSE132465 (human, n = 33, n cells = 63,689). After selecting for macrophages using the
thresholds for normalized and log-scaled expression of 7YROBP and FCERIG to > 0, the dataset
consists of 8,049 macrophage cells. To specify the macrophage polarization state, the SMaRT
model is applied to the tumor and normal colon macrophage cells. The StepMiner algorithm is
used to annotate the threshold of low/high composite scores for C13 and C14-C3 and separate
the samples to C13 low/high and C14-C3 low/high classifications. The highly reactive (C13 low
and C14-C3 low) samples and the highly tolerant (C13 high and C14-C3 high) samples are
extracted and used with the annotation of “Reactive” (highly reactive) and “Tolerant” (highly

tolerant) to perform differential gene analysis.

In order to determine whether a change in the gene expression is observed across a
population, I cannot consider each cell (technical replicates) as an independent variable and must
consider the difference across biological replicates, or samples. Therefore, I artificially generated
the pseudo-bulk representation of the dataset at the level of all macrophages, macrophages
confined to the highly tolerant quadrant, all tumor-specific macrophages, and purified epithelial
cells. The equivalent pseudo-bulk representation of a scRNA-seq dataset is created by summing
the gene expression values from all cells that contribute to a specific sample; normalization and
scaling is performed after the transformation. The tumor microenvironment in colorectal cancer
consists of various cell types, including immune cells (macrophages) and tumor cells, which
originate from the epithelium. The expression of epithelial genes can introduce heterogeneity in
the gene expression patterns of macrophages as a result of potential contamination of
housekeeping genes. To retrieve significant epithelial cells, a threshold of <= 0 for TYROBP and
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FCERIG (to remove potential macrophages) and a threshold of > 2 for the epithelial biomarker
EPCAM, which is involved in making the epithelial cellular adhesion molecule (EpCAM), is
applied. Four differential gene lists are considered for refinement: separating the CRC and NT
samples from only the highly tolerant macrophages, separating reactive and tolerant tumor
macrophages, separating the CRC and NT samples in all purified macrophages, and separating
the CRC and NT samples in the purified epithelium. Since the single cell dataset used for
training has far more tumor cells compared to normal colon cells, the pseudo-bulk representation
of the dataset can be biased, leading to an incorrect ranking of highly expressed genes. As a
result, differential gene expression is performed across samples that are derived from a
comparable number of cells (Tumor: GSM3868434, GSM3868436, GSM3868427,
GSM3868430, and GSM3868431; Normal Colon: GSM3868448, GSM3868451, GSM3868452,
GSM3868456, and GSM3868457) for the cases of separating the CRC and NT samples from

only the highly tolerant macrophages and separating reactive and tolerant tumor macrophages.

Differential gene expression analysis aims to identify genes that have a distinctive
expression between across a set of conditions solely based on a biological phenomenon. It is
performed using a t-test, in which the average expression of gene is compared across two
conditions. The null hypothesis of a tests is that a gene has the same average expression across
the two binary groups. The differential value (fold change) used to compute the change in
expression is calculated by dividing the difference in the mean expression value by the variation
of the gene expression values from the mean values. A positive value indicates an increase in the
expression of the gene in a binary group and a negative value indicates a decrease in the
expression of the gene in the respective binary group. A two fold increase (equivalent to a Log
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Fold Change of 1) for gene A in the “Reactive” state compared to the “Tolerant” state indicates

that gene A is expressed twice as much in the “Reactive” state.

The differential expression analysis produces a ranking of genes; I extract all of the genes
that exist in the C13 cluster in descending order of differential values. The top ranking of C13
genes from the results of the differential gene expression analysis using the different conditions
are used as an ensemble to generate two signatures: a “noisy” signature composed of a subset of
6 genes from C13 that contains artifacts that negatively impact the predictive potential of the
universal macrophage signature for diagnosing colorectal cancer and a “refined” signature
composed of a subset of 15 genes from C13 (equivalent to 40 homologous mouse genes) that are
highly expressed in the reactive tumor macrophages. The noisy signature is generated by
overlapping C13 genes that are up regulated in tolerant tumor macrophages and up regulated in
tolerant normal colon macrophages. The refined signature is generated by overlapping C13 genes

that are down regulated in normal epithelial cells and up regulated in reactive macrophages.

Computational Approaches: Predictive Modeling

In order to assess the predictive capability of the refined signature for classifying CRC
samples and NT samples, a logistic regression model is employed. The model utilizes the
composite score of the signature along with the sample annotations to make binary
classifications. In order to produce comparable results to C13, I assign a weight of -1 to the
refined signature. In order to compare the expression pattern of genes within the signature, the
expression value of each gene is converted into its equivalent StepMiner normalized expression

value; the composite score is calculated using the weighted linear combination of the assigned
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weight and sum of the StepMiner normalized gene expression values. The logistic regression
model, trained on dataset GSE132465, makes predictions of tissue type based on the probability
of being classified as CRC or NT samples; it is a supervised learning classification model that
uses the logistic (or sigmoid) function to convert the composite score that is used for the binary
classifications to a value between 0 to 1. It predicts the probability of the tissue type (CRC and
NT) based on the independent variable of composite score of the refined signature (15 genes).
The performance of the model on the training dataset is compared to that of C13 and a subset of

6 genes from C13.

Computational Approaches: Validating The Refined Reactivity Signature

Primary validation of the refined, tumor-associated macrophage specific signature is
performed on artificially generated human pseudo-bulk datasets with the annotations of CRC and
NT and the artificially generated macrophage purified pseudo-bulk datasets with the annotations
of CRC and NT. The single-cell RNAseq datasets with a statistically significant difference for
the proportion of colorectal cancer macrophage cells and normal colon macrophage cells in the
highly reactive quadrant, GSE161277, GSE200997, GSE222300, GSE139555, and GSE132257,
are used as the initial validation datasets. After applying the thresholds for TYROBP and
FCERIG expression at the raw count level, the expression matrices with single cell data are
converted into normalized and log-scaled pseudo-bulk matrices. Generation of the composite
score for the refined signature and the annotations of “Normal Colon Tissue” (Normal) samples
and “Colorectal Cancer Tumor” (Tumor) samples allow me to analyze whether the TAMs

specific signature could prognostically predict the difference between normal and cancerous
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samples solely based on the composite scores of the signature. Secondary validation is performed
on large CRC microarray and RNA-seq datasets without the specification of macrophages. These
datasets include GPL570 (microarray; 170 NT and 1,662 CRC), TCGA 2017 mRNA cohort
(microarray; 51 NT and 644 CRC), GSE20916 (microarray; 34 NT and 36 CRC), GSE146009
(RNA-seq; 9 NT and 9 CRC), GSE44076 (microarray; 98 NT and 98 CRC), GSE62932

(microarray; 4 NT and 64 CRC).
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CHAPTER 4: RESULTS
In this chapter, I provide the findings of my research using the integrative methodology
described in the previous chapter. In general, I provide evidence to support the conclusions: (1)
colorectal cancer tumor tissue derived macrophage cells are more reactive compared to normal
colon tissue derived macrophage cells and (2) I can apply a refined macrophage signature of 15
human genes (40 equivalent mouse genes) on a single cell macrophage specific colorectal cancer
dataset in order to capture the difference in the immuno-reactivity polarization state for

colorectal cancer and normal colon tissues.

Polarization in Colorectal Cancer and Normal Colon Macrophage Specific Cells

After extracting the macrophage specific cells from each single cell dataset, the SMaRT
C13-C14-C3 universal macrophage signature, which provides a set of standardized definitions
for macrophage polarization, is utilized to segregate the M1 (reactive) and M2 (tolerant)
macrophages from normal colon tissue (NT) samples and colorectal cancer tissue (CRC) samples
at the single cell level [13]. A scatter plot representing the composite scores for C13 and C14-C3
for the macrophage specific cells, annotated as tumor samples and normal colon samples, and
applying a StepMiner threshold to separate the C13 and C14-C3 into low/high scores, showcases
that at the macrophage cell level, tumor samples are more immuno-reactive compared to normal
colon samples; there are more tumor samples compared to normal colon samples confined to the
highly reactive quadrant. This pattern is consistent with a statistically significant difference

across multiple human single cell datasets (GSE161277, GSE200997, GSE132257, GSE222300,

47



GSE132465, GSE139555) and mouse single cell datasets (GSE198758 and GSE224679) (see

Figure 4.1).
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Figure 4.1: Difference in Polarization States in Macrophage Specific Human and Mouse Single
Cell Colorectal Cancer Datasets. A. By applying the SMaRT model’s C13-C14-C3 signature on
the macrophage purified single cell datasets and a threshold the composite scores for C13 and
C14-C3 using the StepMiner algorithm allows me to qualitatively and quantitatively analyze the
difference in the tumor (CRC) samples from the normal tissue (NT) samples. On the
scatterplot(s), the bottom left quadrant (low C13 and low C14-C3) consists of highly reactive
macrophage cells and the top right quadrant (high C13 and high C14-C3) consist of highly
tolerant macrophage cells. Comparing the proportions of CRC samples and NT samples in the
lower left quadrant showcases a pattern in which there are more reactive CRC samples compared
to NT samples. This trend is consistent and statistically significant (computed using the p-value
of a normal (z) test) across multiple human and mouse datasets. B. The significant difference in
the number of NT and CRC samples in the highly reactive quadrant can be clearly investigated
using a bar chart. In both human and mouse datasets, CRC macrophage cells are highly reactive
compared to NT macrophage cells.
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With an increase in tumorigenic activity, tumor associated macrophages are inclined to
convert from the tolerant polarization state to the reactive, anti-inflammatory, cancer-promoting
polarization state [32]. The reactive polarization state allows TAMs and other tumor cells to
promote tumor cell proliferation with the excretion of cytokines; the tumor-promoting phenotype
induces the growth and metastasis of colon cancer cells. Since TAMs are involved in tumor
proliferation, invasion, migration, and angiogenesis along with suppressing anti-tumor immunity
and regulating metabolism, there is much interest surrounding TAM-targeted precision

diagnostics and therapeutics for CRC.

Reactivity Gene Signature Refinement and Validation

Refinement of the SMaRT model's C13 gene signature, consisting of 48 human genes
(and 69 equivalent mouse genes) that capture the spectrum of immuno-reactivity, is performed
using a list of statistically significant differentially expressed genes from GSE132465.
Refinement produces a list of 15 human genes (and equivalent of 40 mouse genes) expressed in
tumor associated macrophages in the specialized context of colorectal cancer. The expression of
these genes are able to capture the prognosis of normal colon tissue samples and colorectal
cancer tissue samples in TAMs: [FIT2, MX] (MxI, Mx2 in mouse), OASI (Oasla, Oasle,
Oasld, Oaslf, Oaslc, Oaslb, Oaslh, Oaslg in mouse), [FIT3 (Ifit3b, Ifit3 in mouse), CXCLY,
XAF1, SP110 (AC125149.5, AC133103.5, AC168977.1, AC133103.4, Spl10, AC132444.3,
ACI125149.4 in mouse), STATI, OAS2, TAPI, APOLI (Apolllb, Apol7a, Apollla, Apoll0b,
Apol7e, Apol7c, Apol9a, Apol9b, Apol7b, ApollOa, Apol8 in mouse), OAS3, TRIM21, PML, and

ISGI5.
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The performance of the refined signature is compared to the performance of C13 and the
noisy signature (Figure 4.2). By extracting the highly reactive and tolerant macrophages at the
single cell level, I am able to manually annotate the sample as Normal Tolerant (NT), Tumor
Tolerant (TT), and Tumor Reactive (TR); as shown at the single cell level, I expect the tumor
samples (annotated as Tumor Reactive and Tumor Tolerant) to be more reactive compared to the
normal samples (Normal Tolerant). This behavior is verified in C13; however, the noisy
signature disassembles this expected behavior in CRC. This dynamic is most prominent in Figure
4.2.C, which compares the predictive performance of separating NT, TT, and TR at the pseudo-
bulk level of the highly reactive and tolerant macrophage cells. The noisy signature dismantles
the expected ordering of TR, TT, NT by incorrectly claiming that the NT samples are more
reactive compared to the TT samples as a byproduct of the composite score associated with these
genes. The noisy signature provides further evidence to support the necessity for refinement of
the macrophage signature. An ROC-AUC score is used to differentiate the performance of the
three signatures. Comparing the performance of C13, the noisy subset, and the refined subset at
the macrophage specific pseudo-bulk and the pseudo-bulk level with all cells (prior to
macrophage extraction) shows that the refined subset of C13 performs equivalent to or better
than C13 while only containing a fraction of the total number of genes from the original reactive

signature.
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Figure 4.2: Comparison of predictive performance between C13 (48 genes), a noisy signature
derived from C13 (6 genes), and a refined TAMs specific C13 signature (15 genes) for
GSE132465 (training dataset). When comparing the signatures at the pseudo-bulk level with all
cells, the pseudo-bulk level of only macrophage cells, and the pseudo-bulk level of the annotated
reactive and tolerant macrophage cells, the noisy signature performs worse than C13 and the
refined signature; it adds significant noise to the signature to the extent where the expected
relationship of colorectal cancer samples (C) having a lower score compared to the normal
samples (N) is scrambled. 4. Comparison of the predictive performance of distinguishing
Normal Colon samples (N) to Colorectal Cancer samples (C) between the three signatures (C13,
noisy signature, and refined signature, respectively) at the artificially generated normalized and
scaled pseudo-bulk level in which all cells are considered (pre-macrophage purification). B.
Comparison of the predictive performance of distinguishing Normal Colon samples (N) to
Colorectal Cancer samples (C) between the three signatures at the artificially generated
normalized and pseudo-bulk level consisting solely of purified macrophage cells. C. Comparison
of the predictive performance of distinguishing Tolerant Normal Colon samples (NT), Tolerant
Colon Cancer samples (TT), and Reactive Colon Cancer samples (TR) between the three
signatures at the artificially generated normalized and pseudo-bulk level consisting of a subset of
comparable annotated highly reactive and highly tolerant macrophage cells. The incorrect
dynamics of the noisy signature is most prevalent within this classification, claiming that NT
samples are more reactive compared to the TT samples unlike C13 and the refined signature.
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The predictive performance of the refined gene signature to classify normal colon tissue
samples and colorectal cancer tissue samples is validated across multiple macrophage-specific
datasets used for single-cell analysis and converted to the pseudo-bulk level (macrophage-
purified) and at the pseudo-bulk level with all cells present (see Figure 4.3). Preliminary
validation is performed across the artificially generated pseudo-bulk datasets with a significantly
scalable difference in the number of colorectal cancer samples and normal colon samples in the
highly reactive and highly tolerant quadrants at the single cell level. The ROC-AUC metric is
used to capture the predictive performance of the logistic regression model; for the refined
signature, the ROC-AUC values range between 0.50 - 1.0 when comparing the annotations of
normal and tumor. A comparative predictive performance of the current refined signature against
the original reactivity signature of the SMaRT model that consists of approximately 4 times more
number of genes and the noisy gene signature is provided. The refined signature performs better,
or equally as well as the SMaRT’s reactivity signature (ROC-AUC: 0.25 - 1.00), whilst only
considering a fraction (around 30%) of the genes from the original reactivity signature. As
expected, the noisy signature performs worse than C13 and the refined signature at both the all
cell pseudo-bulk level and the macrophage specific pseudo-bulk level (ROC-AUC: 0.17 - 1.00).
Further validation of the dataset is performed on large microarray and RNA-seq colorectal cancer
cohorts with the annotations of Normal Colon Tissue (Normal) and Colorectal Cancer Tissue
(Tumor): GPL570, TCGA 2017, GSE20916, GSE44076, and GSE62932 (See Figure 4.4). The
refined signature is also capable of lewdly capturing the development of colorectal cancer (from
normal colon epithelium to a primary adenoma state to the invasive carcinoma state) in the

datasets GPL570, GSE117606, and GSE20916 (See Figure 4.5). Overall, the current results
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across datasets are highly indicative of accurate colorectal cancer prognosis and that the robust

minimal signature may hold promising implications towards clinical translation.
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Figure 4.3: Performance Comparison for Noisy Signature and Refinement of Universal
Macrophage Signature for Specialization in Macrophages Originating from Colorectal Cancer
Samples. Artificially generated pseudo-bulk representations of validation macrophage specific

single-cell datasets are generated by summing the raw counts and performing normalization/
scaling. This was done for the single cell datasets prior to macrophage extraction (all cells) and
after macrophage extraction (macrophage purified). ROC-AUC values are used to compare the
predictive potential of C13 (SMaRT Reactivity Signature), the Noisy Signature (subset of 6
genes from C13), and the Purified Signature (subset of 15 genes from C13). A general trend to
note is that the noisy signature performs worst than or equivalent to C13 and that the refined
signature performs better than or equivalent to C13 at both pseudo-bulk levels in capturing the
dynamics that we observe at the single-cell RNA-seq level using the SMaRT C13-C14-C3
signature. 4. Comparison of the predictive power of the three signatures at the all cell pseudo-
bulk level. B. Comparison of the predictive power of the three signatures at the macrophage
purified pseudo-bulk level.
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Figure 4.4: Performance Comparison for Validation of Noisy Signature and Refined Signature in
large RNA-seq and microarray cohorts. ROC-AUC scores are used to compare the predictive
performance of C13, the noisy subset of C13 genes (6 genes), and the purified subset of C13
genes (15 genes). In general, (1) the noisy signature performs worse than the C13 signature and
the purified signature and (2) the purified signature is capable of distinguishing the normal and
tumor samples and showcasing the expected skewness of tumor samples towards a more reactive
composite score (skewness to the left).
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Figure 4.5: Tumor Progression Captured by the Refined Signature in Large RNA-seq and
Microarray Datasets. These violin plots showcase that the refined signature is lewdly able to
predict the progression of CRC using the signature’s immuno-reactive composite scores. As

expected, normal (N) colon samples are the least reactive and the invasive carcinoma (C)

samples are the most reactive (skewed towards the left). Samples originating from the
intermediate stages of adenoma (A) and adenocarcinoma (AC) have a composite score that
mostly lies in between that of the normal and carcinoma samples.
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Of the 15 genes in the purified signature, a majority of them are involved in the
interaction between CRC cells and TAMs. [IFIT2, IFIT3, ISG15, MXI, OAS1, OAS2, OAS3,
STATI, and TAPI are crucial interferon-stimulated genes (ISGs) involved in the modulation of
immune responses [53—57]. ISGs are activated as a first line antiviral response against
pathogens; they are activated by the CSF-1 receptor and EGFR pathways after infections,
inflammation, or tissue damage. The activation of reactive (M1) macrophages in the tumor
microenvironment of colorectal cancer tissue as response to inflammation triggers intracellular
signaling cascades that up regulate the ISGs that are involved in immune activation. CXCL9 is
known for its chemotaxis activity and its ability to enhance the infiltration of of macrophages; it
has a vital role in tumor invasion and differentiation, lymph node metastasis, distant metastasis,
and vascular invasion for colorectal cancer [58]. SP110 is involved in encoding for a leukocyte-
specific body component that is responsible for generating an inflammatory response and
miRNA expression in macrophages [59]. XAF1 has a role in regulating apoptosis and tumor
suppression [60]. TRIM?21, often highly expressed in immune infiltrates such as macrophages, is
involved in the amino acid metabolism responsible for suppressing colorectal cancer
tumorigenesis [61]. There is limited research surrounding the specific roles of APOLI and PML
in the context of macrophages or colorectal cancer; however, their broader immuno-modulatory
functions may suggest an impact on macrophage behavior. APOLI is known to induce
inflammation in the kidney and PML is known to negatively regulate cell growth through
apoptosis and cell-cycle arrest [62, 63]. See Figure 4.6 and Table 4.1 for gene annotations of the

refined signature derived from the Reactome and Metascape platforms [64, 65].
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A Reactome Analysis: Refined Signature (15 Genes)

Interferon Signaling

Interferon Alpha/Beta
Signaling

Cytokine Signaling in Immune
System

Interferon Gamma Signaling

Immune System

Antiviral Mechanism by IFN-
Stimulated Genes

OAS Antiviral Response

-log10(FDR)

B Metascape Analysis: Refined Signature (15 Genes)
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Figure 4.6: Reactome analysis and Metascape are used to perform gene annotations for the
refined human signature [64, 65]. As expected, the macrophage genes in the refined signature are
involved in the regulation of immune responses and signaling pathways that contribute to
immune responses against pathogens (i.e: interferon signaling). A. Report of top functions of
genes in the refined signature using Reactome Pathway analysis, based on the false discovery
rate (FDR). B. Report of top functions of genes in the refined signature using the Metascape
platform, based on the p-value (P).
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Table 4.1: Biological gene annotations of refined immuno-reactive signature (Human) derived
from the Metascape platform [65]. The table includes Gene Ontology (GO) enrichment analysis
results (a database that stores the molecular function, cellular component, and biological process
of known genes), Human Protein Atlas functions and sub-cellular location (database where
human proteins found in cells, tissues, and organs are mapped using -omics technology), and
involvement in known Hallmark genes (well-defined gene sets that represent specific biological
states or processes).

Entrez Biological Process Protein Function Blbeellinti flalimarieCeny
Gene Symbol G Species Description . Location Sets
ene ID (GO) (Protein Atlas) 3
(Protein Atlas)
IFIT2 3433 H. sapiens interferon induced GO0:0140374 antiviral Predicted Vesicles (M5911)HALL
protein with innate immune intracellular proteins (Approved) MARK
tetratricopeptide response;GO:0008637 INTERFERON
repeats 2 apoptotic ALPHA
mitochondrial RESPONSE;
changes;GO:0032091 (M5890)HALL
negative regulation of MARK TNFA
protein binding SIGNALING
VIA NFKB;
(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE
MX1 4599 H. sapiens MX dynamin like G0:0070106 Predicted Cytosol;Nuclear = (M5911)HALL
GTPase 1 interleukin-27- intracellular proteins membrane MARK
mediated signaling (Supported) INTERFERON
pathway;GO:0140374 ALPHA
antiviral innate RESPONSE;
immune (M5913)HALL
response;GO:0034340 MARK
response to type I INTERFERON
interferon GAMMA
RESPONSE;
(M5956)HALL
MARK KRAS
SIGNALING
DN
OAS1 4938 H. sapiens 2'-5"-oligoadenylate GO:0071659 negative | Enzymes; ENZYME | Cytosol;Nucleop | (M5911)HALL
synthetase 1 regulation of IP-10 proteins: Transferases | lasm (Supported) MARK
production;GO:00716 ; Predicted INTERFERON
58 regulation of IP-10 | intracellular proteins ALPHA
production;GO:20003 RESPONSE
42 negative regulation
of chemokine (C-X-C
motif) ligand 2
production
IFIT3 3437 H. sapiens interferon induced GO0:0140374 antiviral Predicted Cytosol;Mitocho | (M5911)HALL
protein with innate immune intracellular proteins ndria MARK
tetratricopeptide response;GO:0051607 (Supported) INTERFERON
repeats 3 defense response to ALPHA
virus;GO:0140546 RESPONSE;
defense response to (M5913)HALL
symbiont MARK
INTERFERON
GAMMA
RESPONSE
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Continued

CXCL9

XAF1

SP110

STAT1

OAS2

4283 H. sapiens C-X-C motif
chemokine ligand 9
54739 H. sapiens XIAP associated factor
1
3431 H. sapiens SP110 nuclear body
protein
6772 H. sapiens signal transducer and
activator of

transcription 1

4939 H. sapiens 2'-5'-oligoadenylate

synthetase 2

GO:1901741 positive
regulation of myoblast
fusion;GO:1901739
regulation of myoblast
fusion;GO:0060143
positive regulation of
syncytium formation
by plasma membrane
fusion

GO0:0035456 response
to interferon-
beta;GO:0032480
negative regulation of
type I interferon
production;GO:00324
79 regulation of type I
interferon production

GO:0006357
regulation of
transcription by RNA
polymerase
11;GO:0006355
regulation of DNA-
templated
transcription;GO:1903
506 regulation of
nucleic acid-templated
transcription

GO:0046725 negative
regulation by virus of
viral protein levels in
host cell;GO:0072308
negative regulation of
metanephric nephron
tubule epithelial cell
differentiation; GO:000
3340 negative
regulation of
mesenchymal to
epithelial transition
involved in
metanephros
morphogenesis

GO:1903487
regulation of
lactation;GO:0070106
interleukin-27-
mediated signaling
pathway;GO:0060700
regulation of
ribonuclease activity
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Human disease
related
genes:Immune
system
diseases:Allergies
and autoimmune
diseases; Predicted
secreted proteins;
Cancer-related
genes:Candidate
cancer biomarkers

Predicted
intracellular proteins

Transcription
factors:alpha-Helices
exposed by beta-
structures; Human
disease related
genes:Digestive
system
diseases:Liver
diseases; Predicted
intracellular
proteins; Disease
related genes

Human disease
related
genes:Immune
system
diseases:Primary
immunodeficiency;
Disease related
genes; Human
disease related
genes:Immune
system
diseases:Other
immune system
diseases; Predicted
intracellular
proteins;
Transcription
factors:Immunoglob
ulin fold

Enzymes; ENZYME
proteins: Transferases
; Predicted
intracellular proteins

Mitochondria;Nu

cleoplasm
(Supported)

Nucleoplasm
(Supported)

Nucleoplasm
(Enhanced);
Additional:

Cytosol

Centrosome
(Approved)

(M5897)HALL
MARK IL6 JAK
STAT3
SIGNALING;
(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE;
(M5932)HALL
MARK
INFLAMMATO
RY RESPONSE

(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE

(M5911)HALL
MARK
INTERFERON
ALPHA
RESPONSE;
(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE

(M5897)HALL
MARK IL6 JAK
STAT3
SIGNALING;
(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE;
(M5950)HALL
MARK
ALLOGRAFT
REJECTION

(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE



Continued

TAP1

APOL1

OAS3

TRIM21

PML

6890

8542

4940

6737

5371

H. sapiens

H. sapiens

H. sapiens

H. sapiens

H. sapiens

transporter 1, ATP
binding cassette
subfamily B member

apolipoprotein L1

2'-5'-oligoadenylate
synthetase 3

tripartite motif
containing 21

PML nuclear body
scaffold

GO:0046967 cytosol
to endoplasmic
reticulum
transport; GO:0019885
antigen processing and
presentation of
endogenous peptide
antigen via MHC class
1;G0:0002483 antigen
processing and
presentation of
endogenous peptide
antigen

GO:0051838 cytolysis
by host of symbiont
cells;GO:0051873
killing by host of
symbiont
cells;GO:1902476
chloride
transmembrane
transport

GO:0035394
regulation of
chemokine (C-X-C
motif) ligand 9
production;GO:00353
95 negative regulation
of chemokine (C-X-C
motif) ligand 9
production;GO:00395
30 MDA-5 signaling
pathway

GO0:0090086 negative
regulation of protein
deubiquitination;GO:0
085020 protein K6-
linked
ubiquitination;GO:009
0085 regulation of
protein
deubiquitination

G0:0090402
oncogene-induced cell
senescence;GO:00071

82 common-partner
SMAD protein
phosphorylation;GO:0
030578 PML body
organization
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Human disease
related
genes:Immune
system
diseases:Primary
immunodeficiency;
Disease related
genes;
Transporters:Primary
Active Transporters;
Potential drug
targets; Predicted
intracellular
proteins; Cancer-
related
genes:Mutated
cancer genes

Disease related
genes; Potential drug
targets; Candidate
cardiovascular
disease genes;
Predicted secreted
proteins;
Transporters: Transpo
rter channels and
pores; Human
disease related
genes:Urinary
system
diseases:Kidney
diseases

Enzymes; ENZYME
proteins: Transferases
; Predicted
intracellular proteins

Enzymes; ENZYME
proteins: Transferases
; Predicted
intracellular proteins

Cancer-related
genes:Candidate
cancer biomarkers;
Human disease
related
genes:Cancers:Cance
rs of haematopoietic
and lymphoid
tissues; Predicted
intracellular
proteins; Disease
related genes

Centriolar
satellite;Endopla
smic reticulum
(Approved)

Cytosol;Nucleop
lasm
(Supported);
Additional:
Plasma
membrane

Nucleoplasm
(Approved)

Nuclear bodies
(Enhanced)

(M5911)HALL
MARK
INTERFERON
ALPHA
RESPONSE;
(M5941)HALL
MARK UV
RESPONSE UP;
(M5902)HALL
MARK
APOPTOSIS

(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE

(M5911)HALL
MARK
INTERFERON
ALPHA
RESPONSE;
(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE

(M5919)HALL
MARK
HEDGEHOG
SIGNALING;
(M5901)HALL
MARK G2M
CHECKPOINT;
(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE



Continued

ISG15

Acknowledgements

9636

H. sapiens

ISG15 ubiquitin like
modifier

GO0:0032461 positive
regulation of protein
oligomerization;GO:0
032459 regulation of
protein
oligomerization;GO:0
032020 ISG15-protein
conjugation

Predicted secreted
proteins; Human
disease related
genes:Immune
system
diseases:Primary
immunodeficiency;
Predicted
intracellular
proteins; Disease
related genes

(M5911)HALL
MARK
INTERFERON
ALPHA
RESPONSE;
(M5913)HALL
MARK
INTERFERON
GAMMA
RESPONSE

Chapter 4, in part, is currently being prepared for submission for publication of the

material. Dadlani, Ekta; Dash, Tirtharaj; Sahoo, Debashis. The thesis author is the primary

researcher and author of this material.
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CHAPTER 5: DISCUSSION AND CONCLUSION

While the refined signature has the capacity to predict the prognosis of colorectal cancer
(i.e: differentiate colorectal cancer macrophage cells from normal colon macrophage cells) at the
single-cell macrophage level, at the non-macrophage specific pseudo-bulk level, and at the large
cohort bulk level, additional analysis can be used to capture the universality of the refined
signature. Additional translational predictive analysis performed on MSS/MSI annotated colon
cancer datasets, CIMP+/CIMP- annotated colon cancer datasets, and RSCC/LSCC annotated
colon cancer datasets confirms that the refined signature also has the capacity to capture the
dynamic range of immuno-reactivity within the cancer. The datasets used for translational

analysis is provided in Table 5.1.
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Table 5.1: General information of datasets used for translational analysis of the refined signature.
The two types of translational analysis performed is the predictions for MSS & MSI colorectal
cancer sub-types which has the potential to claim immunotherapy treatment outcome in CRC
patients, the predictions for CIMP+ & CIMP- colorectal cancer sub-types, and the predictions for

tumors localized in the right-side of the colon (RSCC) & left-side of the colon (LSCC).

GEO ID Species n samples n samples (with required Analysis
annotations for analysis)

TCGA 2017 Homo Sapien 521 265 (for MSS/MSI) MSS/MSI
COAD mRNA 371 (for CIMP+/CIMP-) CIMP+/CIMP-
GPL570 Homo Sapien 1353 221 MSS/MSI
GSE42284 Homo Sapien 188 90 MSS/MSI

Pooled Dataset: Homo Sapien 671 542 MSS/MSI
GSE13294, GSE13294: 155,
GSE13067, GSE13067: 74,
GSE35896, GSE35896: 62,
GSE26682, GSE26682: 331,
GSE24514 GSE24514: 49
E-TABM-328 Homo Sapien 54 51 (for CIMP+/CIMP-) CIMP+/CIMP-
50 (for RSCC/LSCC) RSCC/LSCC
GSE39582 Homo Sapien 585 516 CIMP+/CIMP-
GSE39084 Homo Sapien 70 69 (for CIMP+/CIMP-) CIMP+/CIMP-
61 (for RSCC/LSCC) RSCC/LSCC
GSE31595 Homo Sapien 37 37 RSCC/LSCC
GSE72970 Homo Sapien 124 81 RSCC/LSCC

Translational Prediction for Microsatellite Instability (MSS/MSI)

Colorectal cancer is a complex disease because it can be caused by different genetic and
epigenetic alterations; despite this heterogeneity, researchers use tumor classification allows for
the identification of unique characteristics of the pathogenesis of the cancer. Tumor classification

is based on clinical, pathological, and molecular features, one being microsatellite instability
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status [66]. The DNA microsatellite instability captures the evolution of CRC on the basis of the
mismatch repair system deficiency (MMR) and epigenetic patterns; a loss in the MMR function,
or the fundamental DNA repair mechanism during DNA replication and recombination, leads to
a high frequency of frameshift mutations in the microsatellite DNA that are correlated with the
emergence of CRC [67]. I hypothesize that the refined TAMs immuno-reactive signature would
be able to capture the dynamics of microsatellite instability (MSI) tumors in colorectal cancer
because they are associated with an increased infiltration of immune cells in their
microenvironments, including TAMs. The MSI status is an approved clinical biomarker
associated with the prediction of immunotherapy outcome. The stable microsatellite state (MSS)
does not trigger the body’s immune response towards the tumor; they typically do not respond to
immunotherapy treatments. The unstable microsatellite state (MSI) corresponds to an unstable
tumor due to the erroneous DNA. High amounts of microsatellite instability are found in about
15% of all CRC tumors [67]. Comprehensive predictive analysis of the gene signature across
several microsatellite instability tumors, or sub-types of colorectal cancer that are studied based
on the tumor’s DNA, is provided (see Figure 5.1). The refined gene signature has the capacity to
predict the differentiation of the microsatellite stable (MSS) and microsatellite instable (MSI)
states, thus translating to whether or not the CRC patient would respond to immunotherapy
treatment. Predictions of the differentiation of MSI and MSS samples using the CRC TAMs
reactive signature is performed for the datasets TCGA 2017 COAD mRNA (Colorectal Adenoma
mRNA); GPL570; a pooled dataset consisting of GSE13294, GSE13067, GSE35896,
GSE26682, and GSE24514 (see Figure 5.1). In general, a statistically significant and consistent

trend shows that colorectal cancer samples annotated as MSI are more immuno-reactive
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compared to the samples annotated as MSS using the gene signature. The higher expression of
M1 macrophage genes in the MSI samples suggests that immunotherapy works better in
microsatellite annotated samples that are associated with a release of pro-inflammatory
cytokines, anti-tumor immunity, and the presence of reactive oxygen species. MSI subtype colon
cancer patients have inactivated TGF-f3 and Wnt-B-catenin signaling pathways, which are known

to reduce the sensitivity to immune therapies (i.e. PD-1 checkpoint blockade therapy) [68].

65



TCGA 2017 COAD mRNA
(n = 465)
I MSS 1 MsI

ROC AUC: 0.78

MSS(371) 4

MSI(94) { —=1_ ‘

GSE42284
(n=90)

LRSS i MsI

ROC AUC: 0.82

MSS(75)

MSI(15) | = o 3

0 10 20 30
score

GPL570
(n=221)
LSS i MmsI

ROC AUC: 0.77

MSS(137)

MSI(84)

20 0 20

Pooled: GSE13294, GSE13067,
GSE35896, GSE26682, GSE24514
(n =542)

I Mss i MsS|

ROC AUC: 0.77

MSS(414)

MSI(128) | —& | >

=20 -10 0 10 20

Figure 5.1: Translational Analysis: Predictive Potential For MSS/MSI Annotations. I test for the
potential of the refined signature to predict the classifications of MSS and MSI annotations
across the datasets TCGA 2017 (COAD mRNA), GPL570, GSE42284, and a pooled dataset

(GSE13294, GSE13067, GSE35896, GSE26682, and GSE24514). Using the ROC-AUC metric
and the normal (z) test’s p-value, a consistent and statistically significant trend that samples

annotated as MSI are more reactive than MSS samples using the refined immuno-reactive
signature specified for CRC is shown. Literature review relating MSI and macrophage
polarization suggests that MSI patients are more sensitive to anti-PD-1 antibodies [68].
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Translational Prediction for CpG Island Methylator Phenotype (CIMP)

In addition to mutations in the DNA repair mechanism, colorectal cancer can develop
through global genome hypermethylation which silences tumor suppressor genes, leads to
oncogene activation, and causes chromosomal instability. CpG islands contain promoters used to
regulate the activity of human genes; CpG dinucleotides that are methylated in normal cells are
often found to be unmethylated or hypermethylated in cancer cells. Colorectal cancer can be
classified according to the extreme degrees of hypermethylation. The CpG island methylation
phenotype (CIMP) is an epigenetic alteration characterized by the hypermethylation of promoter
CpG island sites, resulting in the inactivation or dysregulation of key tumor suppressor genes
[69]. CIMP status is determined by the hypermethylation of gene markers, such as CDKN2A4 and
SOCSI. Cancer samples with a high degree of methylation (CIMP+) are characterized by
epigenetic instability and poor prognosis; CIMP+ classified tumors are associated with BRAF
(high) and 7P53 (low) mutations, proximal tumor location, females, poor differentiation, and
high MSI [66, 70]. The epigenetic silencing of MMR genes, which can be caused by
hypermethylation of the MLH1 promoter related to CIMP, leads to sporadic MSI tumors [71].
Cancer samples with a no degree of methylation (CIMP-) are associated with wildtype BRAF
[66]. Higher densities of both M1-like and M2-like macrophages are associated with a CIMP+
phenotype [72]. In a study conducted by Edin et. al, where NOS2+ is used as a marker for M1
macrophage phenotype and CDI63+ is used as a marker for M2 macrophage phenotype, M2
macrophages showed a significant effect on the prognosis in CIMP- and CIMP+ (specifically
CIMP high) cases [73]. The predicted classification of CIMP- and CIMP+ samples using the
refined signature is tested across the CRC datasets: E-TABM-328, GSE39582, GSE39084, and
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the TCGA 2017 COAD mRNA cohort. The refined TAMs signature proposes that CIMP+
samples are more immuno-reactive compared to the CIMP- samples in a statistically significant
manner; this supports the relationship between CIMP+ status and MSI status, which is also more

immuno-reactive compared to MSS samples (See Figure 5.2).
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Figure 5.2: Translational Analysis: Predictive Potential For CIMP+/CIMP- Annotations. I test for
the potential of the refined signature to predict the classifications of CIMP+ and CIMP-
annotations across the datasets E-TABM-328, GSE39582, GSE39084, and TCGA 2017 (COAD
mRNA). Using the ROC-AUC metric and the normal (z) test’s p-value, a consistent and
statistically significant trend that samples annotated as CIMP+ are more reactive than MSS
samples using the refined immuno-reactive signature specified for CRC is shown.
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Translational Prediction for Localization of Colorectal Cancer (RSCC/LSCC)

With gaining evidence that heterogeneity of colorectal cancer spans a diverse range of
molecular factors, the location of the tumor within the colon has been noted to play a role in the
disease’s progression. Right-side colon cancers (RSCC), or proximal tumors, stem from the
cecum, ascending colon, and transverse colon (hepatic flexure); left-side colon cancers (LSCC),
or distal tumors, occur in the descending colon, sigmoid colon, or splenic flexure. Proximal
tumors and distal tumors are suggested to be clinically, pathologically, and transcriptionally
different [74]. Recent studies have shown that RSCC patients are correlated with a poor
prognosis compared to LSCC patients, due to their likelihood of exhibiting advanced tumor
growth, an increase in tumor size, increased hypermethylation, and poorly differentiated tumors
[75, 76]. Mechanistically, over expression of PRAC (PRAC1), which is a heavily transcribed
gene in a healthy prostate, distal colon, and rectum, and upregulation of adjacent genes HOXB13
and PRAC?2 in RSCC patients suggest regulatory mechanisms that lead to proliferation and tumor
growth; RSCC is associated with a genotoxic tumor environment and a more aggressive
phenotype [77]. The refined TAMs signature provides further evidence to support this finding in
the datasets GSE31595, GSE39084, E-TABM-328, and GSE72970, predicting that CRC
originating in the right colon exhibits the M1-like, or immuno-reactive and pro-inflammatory,
phenotype compared to CRC originating in the left colon (See Figure 5.3). This finding suggests
that there may be some involvement of macrophage polarization (particularly the M1-like

phenotype) that contributes to the poor prognosis of right-side originating colorectal cancer.
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Figure 5.3: Translational Analysis: Predictive Potential For Tumor Localization. Literature
review suggests that RSCC patients have a more aggressive phenotype compare to LSCC
patients [77]. The refined TAMs lewdly captures an increase immuno-reactivity in RSCC
patients, which is consistent with the notion that colorectal cancer tumor macrophages have a
poor prognosis and are more immuno-reactive compared to healthy colon macrophages.
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Limitations

While there is availability of multiple single cell RNAseq human datasets annotated with
colorectal cancer tissue samples and normal colon tissue samples for which there is a scalable
and comparable number of macrophage cells that fall into these two classifications, a lack of
publicly available single cell RNAseq mouse datasets annotated with colorectal cancer tissue
samples and normal colon tissue samples prevent me from making the same conclusive remarks
with equal confidence. This is because there are not many publicly available datasets with
consistent clean boundaries between healthy and cancerous mouse samples, and because within
the available datasets, there are a substantially lower number of macrophage specific healthy

samples as compared to the cancerous ones.

Limitations of differential gene expression (DEG) analysis includes that the genes
available for analysis are limited to the genes expressed under the training dataset. Despite this
limitation, I am able to generate a list of 15 genes that are expressed in similar patterns across
multiple colorectal cancer datasets. While DEG analysis provides genes that are up-or-down
regulated under a specific condition, it does not provide any inferences on the biological
processes or pathways for which the highly regulated genes are involved in. Therefore, I utilize
secondary tools, the Reactome Pathway and Metascape platforms, and literature review to better
characterize the functions of the genes in the refined signature. As a result, further investigations
are warranted to elucidate the biological significance of the genes that make up the refined
signature and assess their potential as therapeutic targets in personalized medicine for colorectal

cancer patients.
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