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SUMMARY

Crohn’s disease (CD), one of two inflammatory bowel diseases (IBD), is
characterized by chronic, transmural inflammation throughout the intestines. While the
cellular and molecular causes of CD remain uncertain, it is thought that an interaction
between environmental factors, genetic susceptibility, and gut microbiota may contribute
to the development of this disease [1]. Previous genetic studies have identified over 200
loci associated with IBD and have provided insight into disease mechanisms [2, 3];
however, varying disease severity is observed across donors, suggesting alternative
mechanisms may promote disease progression. Moreover, therapeutic response may range
from sustained efficacy to no response or eventual resistance, highlighting another aspect
of patient variability. To investigate patient heterogeneity, “omics” such as transcriptomics
and proteomics, offer an opportunity to explore how the role of genetic variation in CD

may manifest across diverse environmental conditions and disease courses.

The main questions driving this thesis concern how omic profiles evolve from
disease onset to progressive disease in individuals with CD, and how these dynamic
profiles may guide personalized medicine approaches. Current treatment strategies for CD
aim to prolong remission and induce mucosal healing, yet they remain limited because they
do not account for the underlying mechanisms driving disease progression throughout the
intestines in individuals. I address this knowledge gap by leveraging transcriptomics and

proteomics comprised of intestinal biopsies or serum sampled across different CD cohorts.

Chapter 2 describes a single cell RNA-sequencing cohort containing rectal biopsies

of individuals diagnosed with perianal fistulizing CD, a severe complication of CD. This

xviil



study identified cell composition differences between inflamed and non-inflamed rectal
biopsy samples. Furthermore, goblet cells were found to be associated with inflamed tissue
and showed enrichment of inflammatory pathways. This study implicated goblet cells as
potentially having a role in sustained inflammation in individuals with perianal fistulizing

CD.

Chapter 3 focuses on single cell RNA-sequencing performed on biopsies from the
ileum, colon, and rectum of individuals with CD at inception. The first part of this chapter
introduces a single cell clustering stability assessment to improve reproducibility and
robustness of clustering results. The second part of this chapter is an investigation of
heterogeneity across individuals recently diagnosed with CD. Substantial heterogeneity
was observed across and within each tissue based on cellular proportion profiles.
Additional analyses identified groups of donors within each tissue associated with
pathogenic disease mechanisms. Lastly, integrative analysis between genome wide
association study (GWAS) summary statistics and single cell data identified T cells and

monocytes as potentially associated with CD.

Chapter 4 investigates alternative splicing mechanisms associated with post-
operative recurring CD using RNA-sequencing data from ileal biopsies. This study
revealed that rectal-like splicing signatures in ileum as well as dysregulation of HP1y may
be drivers of recurring disease. This study also implicated signatures of p53 signaling in

recurring disease, historically discussed in the context of colorectal cancer.

Chapter 5 extended the analysis from chapter 4 by jointly assessing serum Olink

proteomics and ileal biopsy transcriptomics from the post-operative CD cohort. This study

X1X



confirmed sex-bias at the proteomic level. Comparative correlation analysis between serum
proteomics and ileal transcriptomics suggested observed correlation patterns were greater
than random expectation. Hierarchical clustering analysis identified correlated groups of
genes and proteins that were associated with clinical factors, underscoring the utility of

multi-omic data for patient stratification.

Collectively, my findings underscore the importance of transitioning from “one-
size-fits-all” disease management style to more a personalized medicine approach to
manage disease based in part on consideration of the cellular and molecular profile of the

patient’s gastrointestinal tract.

The research was performed in collaboration with clinical research teams who
provided samples, designed the studies, and provided insight into the biology of CD.
Specifically, Chapters 2 and 3 were performed with the groups of Dr. Subra Kugathasan
(Emory University) and Dr. Peng Qiu (Georgia Tech), Chapter 4 with Dr. Kyle Gettler in
the group of Dr. Judy Cho (Mt Sinai, New York), and Chapter 5 with Dr. Mark Lazarev
(Johns Hopkins University) and Dr. John Rioux (McGill University). All are leaders of

the NIDDK IBD Genetics Consortium.
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CHAPTER 1. INTRODUCTION

Scientific advancements in genomic sequencing have propelled research across
biomedicine. Continuously evolving technologies and methodologies beg the question of
how this “big data” can be utilized to improve human health and investigate disease
biology. A revolutionary idea derived from the implementation of genomic data in
pharmaceuticals is the concept of personalized or precision medicine, a term coined by
Robert Langreth and Michael Waldholz in 1999 [4]. Over the past 25 years, the definition
of personalized medicine has gradually transformed, but the general idea is to use one’s
molecular profile to guide therapeutic decisions and disease management strategies [5].
National initiatives to promote personalized or precision medicine are underway through
creation of large biobanks in the United States, underscoring the importance of this concept
to transform healthcare [6]. Furthermore, as algorithms like machine learning (ML) and
artificial intelligence (AI) become more mainstream in society, understanding how this
technology will continue to transform clinical care is paramount. To achieve this, “omic”
profiling may be adopted to enable the identification of distinct disease mechanisms, which

may hold significant potential for advancing personalized therapeutic strategies.

This thesis investigates an inception cohort comprised of Crohn’s disease (CD)
patients from whom intestinal transcriptomic data has been obtained. I aim to use it to
generate insights concerning the molecular mechanisms acting from disease onset to
steady-state disease. Additionally, intestinal transcriptomics and plasma proteomic
signatures will be used to characterize progressive CD, illuminating distinct disease

mechanisms and potential markers of disease biology. Through the lens of personalized



medicine, the goal of this thesis is to leverage transcriptomic and proteomic data to

understand variable disease mechanisms across individuals with CD.

1.1 Crohn’s disease

CD, one of two inflammatory bowel diseases (IBD), is characterized by chronic
inflammation throughout the gastrointestinal tract, commonly affecting the ileum and
colon [7]. Symptoms of CD include abdominal pain, fever, diarrhea, and bowel
obstructions with disease onset typically between 20-40 years of age [1, §]. Historically,
industrialized countries and urban areas have higher incidence and prevalence rates of CD;
however, the influence of Western-like lifestyle is postulated to have led to a steady
increase of incidence and prevalence rates in newly industrialized countries in Asia, Africa,
and South America [9]. As CD demographics shift, the global burden of disease increases,

posing challenges for healthcare, prevention, and diagnosis [10].

1.1.1 Phenotypic classification of Crohn’s disease subtypes

CD is a heterogenous disease exhibiting variable severity and location. The
Montreal classification system is used to phenotypically describe disease behavior,
location, and age of diagnosis (Figure 1) [11]. Most individuals present initially as non-
stricturing/non-penetrating (B1), which is the canonical inflammatory state. Stricturing
disease (B2) is a complication of CD characterized by narrowing of the intestinal walls due
to relapsing and remitting inflammation [12]. Penetrating disease (B3) is a severe
complication of CD attributed to chronic transmural inflammation that can lead to the
development of fistulas which are abnormal connections between two different parts of the

body [13-15]. A perianal disease modifier is used when there is involvement of the perianal



region due to distinct aggressive disease behavior [11, 16]. Individuals are also screened
for extraintestinal manifestations of disease [8, 9]. These tools are implemented to ensure

patients receive proper treatment and to improve disease prognosis.
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Figure 1 Montreal classification of Crohn’s disease. (A) Classification which
considers disease location (top) and behavior (bottom). (B) Extraintestinal
manifestations of Crohn’s disease. From Baumgart and Sandborn (2012) [8].

CD can affect different sections of the intestines including the ileum, part of the
small intestine, and the colon, also known as the large intestine. Around 40% of individuals
have ileocolonic disease whereas about 30% have ileal- or colonic-dominant disease [17].
Location-specific differences in disease manifestation have been described where those
with ileal-dominant disease typically experience more CD-related disease complications
like disease progression from Bl to B2 or B3 disease. On the other hand, those with

colonic-dominant disease tend to have increased risk for developing extraintestinal



manifestations [17]. Furthermore, therapeutic efficacy is reduced in individuals with ileal-
dominant disease compared to colonic-dominant disease. Currently, medical management
of CD does not consider tissue-specific differences with respect to therapeutic efficacy [17,
18]. These clinical shortcomings emphasize the need to understand disease mechanisms

across tissue to understand therapeutic response and alternative modes of disease.

Earlier age of disease onset has been previously linked to more aggressive and
severe course of disease. Many children (< 18 years of age) experience extensive intestinal
involvement at initial presentation of disease in addition to potential growth defects from
nutrient malabsorption [19]; however, the etiology is thought to be similar among children
and adults [20]. A comprehensive analysis of pediatric CD at initial diagnosis across the
intestines is essential to elucidate mechanisms that may promote disease behavior and

location-specific differences over time.

1.1.2  Aberrant immune response in Crohn’s disease

Although CD is considered an idiopathic disease, it is believed that complex
interactions among environmental factors, genetic susceptibility, and gut microbiota
contribute to its development by triggering abnormal immune response and impairing
epithelial barrier integrity leading to inflammation [1]. While disease pathophysiology is
heterogeneous, one predominant mechanism of disease is attributed to a breakdown in
epithelial barrier function, leading to an increase in microbial invasion to the lamina
propria, inducing recruitment of immune cells, and consequently production of pro-

inflammatory cytokines, further perpetuating inflammation in the intestines [9].



Interaction between the innate and adaptive arms of the immune system promotes
inflammation within the intestines. Neutrophils, part of the innate immune system, may
promote inflammation by secreting pro-inflammatory cytokines and other inflammatory
molecules like o defensins, which recruit additional neutrophils, monocytes, macrophages,
and T cells to the site of inflammation [21]. Furthermore, macrophages and monocytes are
also involved in pathology by secreting pro-inflammatory cytokines promoting Type 1
helper T cell (Tul) and Type 17 helper T cell (Tul7) differentiation and recruitment of
monocytes and neutrophils to the site of disease [22, 23]. Previous studies have reported
both increased and decreased macrophage infiltration in association with CD development,
suggesting alternative modes of disease mechanisms across individuals [23]. T cells, part
of the adaptive immune system, are thought to have a central role in disease due to
persistent activation. Tul and Tul7 cell immune response are hallmark signatures of CD
and further promote disease by secreting pro-inflammatory cytokines and recruitment of
other immune cells. It is also thought that effector CD4" T cells in IBD patients are resistant
or less responsive to regulatory T cells [9]. The disruption of the careful balance in the
immune system can have devastating outcomes for an individual’s health and quality of

life.

1.1.3  Treatment approaches for Crohn’s disease

The primary treatment focus for managing CD is to induce mucosal healing, which
is known to lead to improved outcomes. Various therapies including corticosteroids,
immune modulators, and biologics are administered to suppress inflammation [24]. The
use of biologics such as anti-tumor necrosis factor (anti-TNF) has drastically altered

disease course by inducing and maintaining clinical remission in individuals and



decreasing risk for surgery. While the exact anti-TNF mechanism of action remains
unknown, it is thought that anti-TNF neutralizes TNF-a produced primarily by
macrophages and T cells [25, 26]. While the use of anti-TNF has improved patient
outcomes with severe complications, about 30-50% of patients are primary non-
responders, and about 50% of initial responders eventually become refractory to treatment
(secondary non-responders) [27]. Currently, there is little agreement as to why some
individuals are not responsive and/or lose clinical benefits of anti-TNF therapy [28, 29].
To this end, alternative therapies such as anti-integrins, and anti-IL-12/23 have been
evaluated to treat and manage CD [24]. Leveraging both clinical and genomic information
may improve prediction of therapeutic response, ultimately leading to more cost-effective

solutions for patients in addition to improved quality of life.

The aggressive “top-down” approach of administering biologic therapies first has
been adopted by many clinicians, however, many individuals still require surgical
intervention at some stage throughout their disease course. Risk factors for necessitating
surgery include refractory disease, bowel perforation, bowel obstruction, complications
from strictures, and intra-abdominal abscess [30, 31]. Different surgical interventions such
as bowel resection, stricturoplasty, and abscess drainage are available to treat but not cure
the affected portion of the intestine [30]. Timing surgical intervention remains paramount
to reduce the risk of surgery-related complications [32]. An interdisciplinary approach,
perhaps coupling therapeutic, surgical mediation and lifestyle modification, should be
considered based on disease severity and behavior [32]. Understanding the mechanisms
differentiating remission from treatment resistance may be key to optimizing intervention

strategies.



1.1.4 Managing Crohn’s disease in the post-operative setting

Although some individuals achieve remission after therapy and surgery, a subset of
individuals continue to experience post-operative (post-op) disease complications. Risk
factors for developing post-op complications include age, smoking, penetrating disease,
previous CD-related intestinal resections, and duration of disease [30]. Post-op clinical
recurrence, defined by the Crohn’s disease activity index (CDAI), occurs in approximately
20-40% of patients after 12 months of surgery, and 35-50% of patients after 5 years [30].
The Rutgeerts score is largely based on the distribution and extent of aphthous (ulcerous)
lesions and is used to evaluate endoscopic recurrence which precedes clinical and surgical
recurrence (Table 1) [33]. Those with Rutgeerts score > i2b are classified as having
recurring disease [30, 33]. Endoscopy is the primary method for disease surveillance,
which has some limitations due to risk, cost, and patient inconvenience [33]. Fecal
calprotectin is an alternative non-invasive method for assessing disease surveillance but
lacks diagnostic accuracy [33, 34]. Based on disease activity findings, disease management
programs may be re-evaluated by adjusting the intensity of therapy. Anti-TNF has been
shown to prevent post-op disease recurrence in CD; however, the effectiveness of other
biologics needs to be studied [24, 35]. There remains a significant need for less invasive

metrics to reliably monitor post-op disease activity and treatment decisions.



Table 1 Rutgeerts score to guide classification of recurring disease. Rutgeerts score >
i2b is considered recurring disease. From Shah and Click (2021) [33].

Score Endoscopic Findings
10 No lesions in distal ileum
il <5 aphthous lesions

>5 aphthous lesions with normal mucosa between the lesions, skip
12 areas of large lesions

12a Lesions confined to the ileocolonic anastomosis

Lesions in the neoterminal ileum with normal intervening mucosa

i2b (with or without anastomotic lesions)
13 Diffuse aphthous ileitis with diffusely inflamed mucosa
14 Diffuse inflation with larger ulcers, nodules, and/or narrowing

1.2 Applications of genomic technologies in Crohn’s disease research

Since CD was first described in the 1930’s, many studies attempting to understand
the multifactorial role of disease pathology have emerged. Some of the first twin studies
provided compelling evidence for a genetic component to CD, and early linkage studies
revealed the role of the NOD2 locus in CD risk [36-38]. The Human Genome Project
completed in the early 2000’s paved the way for genetic studies across human populations
thereby enabling contemporary methods to understand the genetic architecture of disease.
Genome wide association studies (GWAS) are conducted to identify genetic variants
associated with disease or complex traits. Over 200 loci associated with IBD, and 140 loci
associated with CD have been identified, primarily in European populations, providing
insight to mechanisms of disease through the role of pro-inflammatory mechanisms,

cellular stress, and shifts in cellular metabolism [1-3, 36]. Ongoing efforts to incorporate



diverse genetic ancestry in studies is underway to map the genetic diversity that contributes
to CD risk [2]. Genetic discoveries offer valuable insight into disease pathophysiology and

hold promise for future therapeutic interventions.

In the post-GWAS era, successive efforts wielding additional “omics” are used to
disentangle the complexity of CD pathogenesis. While GWAS has identified variants
associated with CD risk, the estimated heritability is approximately 65-75% from twin
studies and the SNP (single nucleotide polymorphism) heritability is approximately 40%
suggesting environmental factors play a role in disease risk and progression [1, 39, 40].
Heritability simply estimates the magnitude of the genetic contribution, while other
dynamic “omics” including transcriptomics and proteomics, can be leveraged to generate
a deeper understanding of the role of genetic variation in CD across different environmental

conditions.

1.2.1 Bulk RNA-sequencing in Crohn’s disease research

The central dogma of biology states that genetic information flows from DNA, is
transcribed to RNA and translated to protein. Messenger RNA (mRNA) is an RNA subtype
that has been extensively studied since these RNAs represent an intermediary between
DNA and protein [41]. RNA-sequencing (RNA-seq) measures the average gene expression
in a sample, enabling transcriptomic profiling across a range of conditions [42]. RNA-seq
analysis is performed in three main steps: library preparation, sequencing, and data
analysis. The mRNA is extracted from a tissue of interest, sequenced, then aligned to the
relevant reference genome. Quality control (QC) metrics like GC content and length biases

are evaluated and corrected through normalization practices [43]. After pre-processing the



data, downstream analyses such as differential gene expression and pathway analysis can

be performed to gain insight to the biological question of interest.

Pre-mRNA from eukaryotic cells can undergo alternative splicing (AS), giving rise
to diverse transcripts, and subsequently, proteins. The spliceosome is the machinery that
regulates the combination of exons that eventually produce mature mRNA [44]. AS is
tissue specific and has been implicated in numerous diseases including neurological
diseases, diabetes mellitus, and cancer [44]. Previous studies have also linked
dysregulation of splicing mechanisms to IBD [45]. To facilitate analysis, computational
tools are available to estimate transcript isoforms from RNA-seq data, allowing for insight
into AS mechanisms. RNA-seq by Expectation Maximization (RSEM) is a tool available
to map genes and isoforms to a reference and quantify gene and isoform abundance [46].
From there, downstream analysis like differential transcript usage can be performed to
understand the role of AS across conditions of interest. The extent to which AS impacts
CD progression and recurrence, and whether alternatively spliced products could be

targeted by novel therapeutics remains to be evaluated.

1.2.2  Crohn’s disease insights from bulk transcriptomics

Transcriptomic analyses have been pivotal in advancing the understanding of
mechanisms of disease initiation and progression. Overall, many studies have identified
dysregulation of immune response, oxidative stress, cell adhesion, response to stimuli, and
cell migration pathways as enriched in CD [47-51]. For example, RNA-seq analysis of a
pediatric CD cohort identified gene modules associated with neutrophil chemotaxis and

migration. The authors argued that dysfunctional neutrophils contribute to pathogenesis
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rather than merely reflecting aberrant enrichment of pro-inflammatory pathways [49].
Additionally, Ashton et al. identified a gene module enriched for oncostatin-M and NOD
signaling pathways, in parallel to enrichment of IL17 signaling pathways after differential
gene expression and pathway analysis in treatment naive pediatric CD patients. These
pathways have been previously described as key factors in CD pathogenesis [52]. Other

studies have leveraged gene expression signatures to distinguish subtypes of CD [48].

Given clinical variability across CD behaviors, RNA-seq of ileum biopsies was
performed to investigate the molecular underpinnings of disease complication in a pediatric
inception cohort. This prospectively recruited cohort, referred to as the RISK cohort,
followed 1,800 individual’s disease course over time [53]. While ileum gene expression
was heterogenous, direct comparison of those who developed B2 vs. B3 complications was
performed revealing distinct expression patterns. B2 disease complications were associated
with up-regulation of extracellular matrix (ECM) accumulation pathways while B3 disease
complications were associated with pro-inflammatory pathways and improved outcomes
with early anti-TNFa use [53]. Alternatively, pro-fibrotic disease mechanisms were
enriched in donors classified as B3 as well as B3 in combination with B2 disease in an
adult cohort [54]. Collectively, these findings demonstrate that imbalance between ECM
and pro-inflammatory pathways likely drives progression to B2 or B3 disease; however,
RNA-seq approaches lack the resolution to delineate the cell type specific contributions to

these distinct disease behaviors.

RNA-seq analysis can also be performed to uncover gene signatures that associate
immune response with the microbiome. A separate study utilizing the RISK cohort also

identified a gene expression signature associated with increased DUOX2 gene expression
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and decreased APOAI gene expression [55]. The DUOX?2 signature implicated LCT and
MUC4 gene expression with expansion of Proteobacteria taxa whereas 4POA! signature
was associated with increased gene expression of /FNG and CXCLY, corresponding to Th1
polarization, and associated with depletion of Firmicutes and Bacteroidetes taxa [55].
RNA-seq has also been utilized to identify markers of disease. For example, Hong et al.
performed RNA-seq analysis which identified CXCL! as up-regulated in CD compared to
controls, confirming expression with real-time quantitative reverse transcription
polymerase chain reaction and enzyme linked immunosorbent assay (ELISA), potentially
serving as a biomarker for disease [48]. These signatures reveal disruption of both
epithelial and immune cell homeostasis in CD, implying alternative therapeutic strategies
that consider these signatures, alongside microbiome composition, may improve patient

outcomes.

Considering the environmental and microbial role in CD pathogenesis, some
studies have also used RNA-seq to understand how diet may affect the mucosal immune
system. Specifically, Wu et al. investigated lactylation-related genes in CD since increased
lactic acid levels have been associated with production of pro-inflammatory cytokines from
T cells. Hubs of lactylation genes were able to stratify CD individuals from controls,
suggesting these genes may be useful biomarkers of disease [56]. Braun et al. conducted a
study comparing urban and rural environmental exposures in newly diagnosed CD patients
and healthy controls from China and Israel to elucidate microbiome, diet, and ileal
transcriptional CD signatures across environments [57]. Diet-linked metabolites from stool
were associated with ileal epithelial cell metabolic signatures whereas microbe-linked

metabolites were associated with immune cell function [57]. Collectively, these studies
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represent initial attempts to parse exposures connected to the mucosal immune system. The
transcriptomic and stool-specific metabolomic signatures may not be fully representative
of dynamic changes in transcripts or metabolites in response to environment across
different sections of the intestines. Additional efforts to understand the environmental
contribution to more progressive forms of CD across the intestines is warranted. Key
challenges related to IBD genetics and genomics research are outlined in Gibson et al. [58].
Future multi-omic longitudinal studies incorporating diverse populations with
comprehensive clinical phenotyping will be important to dissect the genetic and

environmental components that influence disease pathogenesis.

1.2.3  Alternative splicing in Crohn’s disease

While the studies previously described identified transcriptomic signatures
associated with CD, offering insight into disease heterogeneity, transcriptomic regulation
of isoform and AS events were not considered. Initial studies were performed to establish
that AS within the intestines is involved in CD pathology through RNA-seq and microarray
technologies [59-62]. These studies demonstrated that AS in the intestines may perpetuate
disease through up-regulation of pro-inflammatory mechanisms and increased intestinal
permeability [61, 62]. Investigation of AS in IBD identified CD-specific splicing factors
that could stratify CD vs. ulcerative colitis (UC); however, the extent to which ileum or
rectal tissue yielded different splicing patterns was not described [60]. The potential utility
of targeting isoforms for therapeutic intervention for IBD has been investigated as well
[63]. Despite their contributions, these studies lack a comprehensive view of AS mis-

regulation or tissue- and phenotypic-specific variations in disease.
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A strong candidate for “global” AS dysregulation in IBD has emerged as
demonstrated by Mata-Garrido et al. This study investigated the effects of HP1y on splicing
mechanisms in ulcerative colitis (UC) [64]. HP1y regulates formation and maintenance of
heterochromatin and gene silencing in addition to pre-mRNA processing and AS [65]. In
Cbx3 (encoding HP1y) knock-out (KO) mice, general deregulation of splicing mechanisms
in conjunction with increased inflammatory genes and decreased antimicrobial gene
expression was observed in colonic tissue. Alterations in epithelial barrier composition was
also observed through an increase in stem cell niche and uncontrolled proliferation.
Progerin is an isoform of LMNA, involved in Hutchinson Gilford Progeria Syndrome,
characterized by accelerated aging [66]. This study also observed detection of progerin in
Cbhx3 KO mice and UC patients, potentially serving as a marker of UC. Increase in splicing
noise was associated with decreased expression of HP1y in UC, suggesting this protein is
protective of disease. Replication of this signature defined by HP1y in a CD cohort is
needed to better understand the role of this protein in chronic inflammation and disease

recurrence.

Tissue-related aberrant splicing has also been implicated in IBD pathology. Berger
et al. investigated AS in ileum and rectum biopsies from individuals with IBD [67].
Principal component analysis (PCA) revealed tissue as a driver of variation across donors
for both gene expression and percent spliced in (PSI) counts. This analysis also revealed
eight ileal samples with intermediate expression profiles, more reflective of rectal profiles,
which was partly attributed to an increased proportion of epithelial cells. Further, three of
these ileum samples clustered with rectal samples, exemplifying rectal-like splicing

patterns. The gene expression patterns of these 3 individuals were intermediate between
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ileum and rectum. This signature was coined “spliceopathy” defined by increased splicing.
Additional validation of “spliceopathy” in other cohorts and consideration of clinical

factors like inflammation, disease behavior, and progression is needed.

Based on previous studies, I hypothesize that the combination of decreased
expression of HP1y and “spliceopathy” signatures may contribute to underlying CD

mechanisms that promote more progressive and recurring disease.

1.3  Single cell RNA-sequencing and Crohn’s disease research

After the initial single cell transcriptomic study performed by Tang et al. in 2009,
profound advancements in high-throughput technology and microfluidics have enabled
sequencing of millions of cells [68]. Single cell RNA-sequencing (scRNA-seq) technology
has shed light onto cellular dynamics across a range of biological questions in
developmental biology, neurobiology, cancer, immunology, and even microbiology [69].
Importantly, scRNA-seq can be leveraged in biomedical research to understand clinical
aspects of disease [70]. The Human Cell Atlas, formed in response to the growing field,
aims to map all cell types across the human body, serving as a reference for future studies
[71]. Here, we use scRNA-seq to understand molecular mechanisms of CD in initial disease

onset and more progressive disease.

1.3.1 Complexities of single cell RNA-sequencing analysis

The process of generating scRNA-seq data is similar to RNA-seq data; however,
one of the main differences between single cell sequencing and bulk sequencing is the

isolation of single cells from a tissue of interest (Figure 2). Various methods are available
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for cell isolation including microfluidics, microwell and droplet-based techniques [69, 70,
72]. After cell isolation, library preparation, sequencing and downstream analysis can be
performed to capture mRNAs from each cell in a sample. Through this approach, dynamic
expression patterns across cells can be evaluated to investigate the heterogeneity of

underlying biological mechanisms.
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Figure 2 Key differences between scRNA-seq (top) and RNA-seq (bottom). From
Guruprasad et al. (2020) [73].

The general workflow for single cell analysis can be summarized into four main
steps: initial pre-processing of sequenced data, QC, clustering, and downstream analysis.
In initial pre-processing, the transcripts captured per cell in a sample are aligned to the
relevant reference transcriptome, generating the count matrices used for analysis [72, 74,
75]. After count matrices are generated, QC is performed to remove damaged, dying, and
doublet cells. The next step involves dimensionality reduction and feature selection to

reduce dimensionality of the dataset and facilitate clustering analysis. The data is then
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clustered based on similar transcriptional profiles, identifying cell populations in tissue [72,
74, 76]. After the dataset is clustered, and the clusters are assigned to cellular identities,
downstream analyses like differential gene expression and cell-cell communication
analysis are performed. Different tools are available such as Seurat, CellChat, and Monocle
for clustering and downstream analysis [77-79]. While general frameworks with best
practices have been outlined in various studies, heterogeneity across technical and
biological factors makes it challenging to establish compressive guidelines for selecting

optimal thresholds and clustering parameters in analysis.

One of the primary goals in scRNA-seq analysis is to identify meaningful cell
populations in a tissue. Usually, unsupervised clustering algorithms like k-means, Louvain,
or Leiden, are used to identify these cell populations [80, 81]. While these clustering
approaches are data-driven and unbiased, many of these algorithms require user-defined
tuning parameters which may result in different conclusions with respect to cell type or
cell state annotation across and within datasets [80]. Even clustering a dataset with the
same parameters may yield slightly different results from uninteresting random variation
in the clustering algorithm [82, 83]. Due to this challenge, development of a workflow that
evaluates reproducibility and rigor of clustering results in scRNA-seq data is needed since

many downstream analyses rely on cluster assignment.

To address the clustering-related challenges, different studies have developed
methods or workflows to identify optimal clustering parameters and evaluate clustering
stability. One tool proposed to identify the optimal number of clusters is single-cell
significance of hierarchical clustering (sc-SHC) [83]. This tool introduces hypothesis

testing in a hierarchical clustering framework motivated by identifying clusters not due to
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chance. To evaluate clustering stability, Tasic et al. employed a cross-validation clustering
approach using PCA and weighted gene co-expression network analysis in conjunction
with Ward’s method to identify “core” cells, representing cells classified into the same
cluster, and “intermediate” cells that most likely represent transitional cells [84]. Tang et
al. also used a sub-sampling clustering approach defining stable clusters with the Jaccard
Index [85]. While these consider statistical instability in clustering, evaluation of the
impact of only retaining the cells that repeatedly go to the same cluster is warranted. I
hypothesize that retaining stably assigned cells, which are cells that repeatedly go to the

same cluster, will yield more reproducible and robust clustering results.

1.3.2  From cell types to signatures: single cell RNA-sequencing in IBD research

scRNA-seq has emerged as a powerful tool for unraveling cellular and molecular
heterogeneity in the intestinal mucosal immune system while offering new insights into
intestinal disease pathology. Many landmark publications have established functions of
diverse cell types in the intestines over space and time, including functional plasticity
during inflammatory events in individuals with CD [86, 87]. For example, BEST4"
epithelial cells, a subtype of absorptive cells, are involved in pH sensing and were initially
identified in the intestines using scCRNA-seq technology [86-89]. The altered abundance of
BEST4" epithelial cells observed between inflamed UC tissue and healthy controls
suggests potential involvement in disease pathogenesis [89]. Goblet cells, specialized
secretory cells producing mucin, were enriched in CD compared to controls, while
secretion of WFDC2 by goblet cells emerged as a potential diagnostic marker of UC [88,
90]. Two alternative hypotheses for breakdown of epithelial barrier are: 1) penetration of

pathogenic microbes to damaged epithelial barrier stimulate immune response or 2)
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microbial interaction with epithelial barrier which induces hyperactivation of inflammatory
mediators [91]. Oliver et al. created a gastrointestinal tissue scRNA-seq atlas comprised of
healthy and diseased samples. This study identified a metaplastic cell population termed
INFLAREs which was associated with inflamed tissue from donors with IBD [92]. The
authors hypothesize this metaplastic population is generated to repair the intestinal
epithelial barrier in response to injury, providing evidence for the first hypothesis;
however, it is not clear if this cell population was associated with severe outcomes of
disease (B2 or B3) or the initial inflammatory disease state (B1). Leveraging scRNA-seq
at initial disease onset may provide greater understanding of mechanisms mediating
epithelial barrier defects and how this contributes to disease progression or mucosal

healing.

scRNA-seq approaches have revealed complex functional cellular states and
subpopulations in CD that extend beyond traditional classification systems. Garrido-Trigo
et al. observed substantial macrophage heterogeneity within healthy, UC, and colonic CD
individuals, in addition to interaction of macrophages with inflammatory fibroblasts in UC
and colonic CD patients, suggesting this may partly explain patient heterogeneity [93].
Decrease in intraepithelial CD8" T cells was accompanied by an increase in CD4" T cells
in inflamed tissue whereas the opposite trend was observed in the lamina propria within
the ileum [94]. Further, subsets of Tul7 cells exhibited a quiescent or effector phenotype,
demonstrating T cell plasticity in CD [94]. Interestingly, concordance across CD and
control donor profiles within B and T cells was observed in peripheral blood mononuclear
cells suggesting shared activity across immune cells and in response to disease [95].

Previous studies have also exploited scRNA-seq to identify cells or groups of cells that are

19



associated with different aspects of IBD. The GIMATS (IgG plasma cells, inflammatory
mononuclear phagocytes, and activated T and stromal cells) module was identified in a
subset of inflamed surgically resected ileum tissue by Martin et al. and was associated with
resistance to anti-TNF therapy [96]. Inflammatory fibroblasts were also associated with
resistance to anti-TNF therapy in UC [89]. While these studies established intestinal
cellular function and alterations in disease, further investigation of these signatures across

tissue and disease status is needed.

Regional variation across the small and large intestine in CD has been clinically
documented, prompting scRNA-seq studies to investigate tissue-specific pathology in CD.
Kong et al. observed marked differences in underlying mechanisms promoting
inflammation in the ileum vs. colon. Specifically, immune cell enrichment was seen in the
ileum whereas transcriptional changes were enriched in colonic tissue [97]. These findings
underscore integration of disease location as a critical variable when investigating CD
pathology. To further understand the molecular landscape in IBD over time, a longitudinal
cohort of individuals diagnosed with CD or UC was prospectively recruited to understand
disparate anti-TNF response. This study described cellular compositional changes over
time as well as shared pathways, including an [FN-mediated signaling pathways, that were
enriched in epithelial cells of remission donors (individuals who respond to treatment) and
monocytes of refractory donors (individuals who do not response to treatment) for both CD
and UC [98]. While this cohort provides valuable insights into personalized disease
signatures, a key limitation is that CD-related remission and refractory signatures were

neither deconvolved across different intestinal compartments nor analyzed in the context
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of alternative disease behaviors, potentially obscuring import tissue-specific or behavior-

specific factors that influence therapeutic response.

The transition from inflammatory state to more progressive phenotypes of CD are
designated by alterations in cell populations and function which can be detected using
scRNA-seq. Previous studies have reported an increase in prevalence and severe
complications of individuals with African ancestry, motivating studies to investigate the
differences across population groups [99, 100]. Our group used bulk RNA-seq to
demonstrate that the same pathways that are associated with poor outcomes tend to be
upregulated in African Americans at inception [101]. Levantovsky et al. leveraged scRNA-
seq and functional genomics to attempt to unravel mechanisms of perianal-fistulizing CD
in a cohort of patients with African American ancestry and European American ancestry,
identifying cellular differences, both morphological and functional, across populations
[102]. A recent study comparing perianal fistulizing CD to idiopathic perianal fistulas
observed up-regulation of interferon gamma (IFN-y) and tumor necrosis factor-alpha
(TNF-o) mediated by Tul7 and myeloid cells in perianal fistulizing CD, suggesting

therapies targeting IFN-y may resolve this disease complication [103].

scRNA-seq has been leveraged to understand the cellular contribution of stricturing
and fibrotic complications of CD as well. Populations of fibroblasts, activated through
interactions with macrophages, have been associated with promoting fibrosis through
production of ECM [104-106]. Enrichment of B cells and plasma cells has been associated
with stricturing disease emphasizing mucosal reorganization in the fibrotic intestine [105].

CDHI11 was nominated as a potential therapeutic target to mediate fibrosis, discovered
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from findings in scRNA-seq data [106]. Creeping fat is another CD-related complication
associated with stricturing disease and muscle cell hyperplasia, formed in response to
microbial invasion and inflammation [107, 108]. scRNA-seq was performed on creeping
fat tissue, finding increased expression of PPARY in a sub-cluster of vascular endothelial
cells, suggesting that this may have a crucial role in creeping fat formation [109].
Alternatively, Wu et al. found that L-kynurenine produced by macrophages in response to
commensal gut bacteria promoted creeping fat formation [110]. While these studies have
identified important cellular mechanisms associated with disease complications, a critical
limitation remains in determining whether these signatures represent causative factors
driving disease progression or merely adaptive responses to underlying pathological

Processes.

Atlas level scRNA-seq studies will continue to emerge as this field grows,
transforming the understanding of disease by creating cellular taxonomies across patient
cohorts, tissues, and disease states. As a result, platforms like scIBD have emerged to
facilitate meta-analysis of IBD across different studies [111]. These discoveries may
empower development of targeted therapeutic intervention for hard-to-treat CD conditions;
nevertheless, careful consideration of study design requires meticulous deliberation of
technical artifacts, patient heterogeneity, and inter-study variability in analytical

frameworks for integration.

1.4 Proteomics in Crohn’s disease research

Although genomics and transcriptomic analyses provide proximal measurements of

activity occurring within cells, these approaches may not accurately reflect protein
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abundance and function, which ultimately determine phenotypic outcomes across
conditions. Proteomics, a rapidly growing field, has evolved from conventional methods
like Western blot and ELISA to high-throughput methods like mass spectrometry (MS), to
measure protein expression [112, 113]. Proximity extension assay (PEA), the Olink
proteomics protocol, quantifies protein expression in serum or plasma samples [114].
Antibodies with oligonucleotides (tags) bind to the target protein and hybridize in
proximity which is then followed by extension with DNA polymerase. Amplification with
polymerase chain reaction (PCR) is performed on the hybridized tags, called DNA
barcodes. Lastly, real-time PCR is performed to quantify protein expression [114]. An
advantage of using the PEA technology is the high specificity and sensitivity of protein
measurement, even allowing for quantification of low-abundance proteins [115]. As
proteomic technologies and analytical strategies advance and become integrated with
multi-omic approaches, identification of therapeutic targets and disease markers will

improve while bridging the gap between discovery and clinical application.

1.4.1 Multi-omic integration: bridging genetics, transcriptomics, and proteomics

Efforts to map the genetic architecture of plasma and serum proteomics have aimed
to understand how inter-individual variation may affect protein structure and function.
Previous studies have identified variants associated with plasma protein abundance, termed
protein quantitative trait loci (pQTL) [116, 117]. The pQTLs also associated with disease
variants from GWAS may be targetable for therapeutic action. Eldjarn et al. compared
pQTLs identified from Olink and SomaScan proteomics in the UK biobank and a cohort
comprised of Icelandic people [118]. This study found shared pQTLs across platforms and

cohorts; however, caution in interpretation of results is warranted because these platforms
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may have measured different proteoforms, or pQTL associated with antibody-epitope
binding, instead of protein expression [118]. Previous studies have also examined the
relationship between genetics and protein expression for those diagnosed with IBD. Cis-
and trans-pQTLs were associated with a disease variant in ILIORA, previously reported
for monogenic IBD [118]. Additionally, Zhang et al. identified causal proteins, including
IL12B, IFNG, SEPTIN8, CXCL9, CCN3, and RSPO3, associated with CD through
integration of pQTLs and Mendelian randomization analyses, some of which were also
associated with druggable targets [119]. Integrating genetics with proteomics offers insight
into how modifiable lifestyle and environmental factors may influence disease risk and

development.

Transcriptomic profiling has been adopted widely as a proxy for measuring protein
expression to investigate biological changes across a range of tissues and conditions despite
well-documented discordances between mRNA and protein abundance [120, 121]. Modest
correlation between mRNA and protein levels, typically ranging from 0.3-0.6, has been
noted across organisms, cell lines, and tissue [122-126]. This pattern is also consistent
across different technologies, including MS and immunofluorescence, to measure protein
expression [122, 124]. While biological and technical factors account for discordance in
mRNA and protein expression, Koussounadis et al. observed higher correlation between
differentially expressed genes (DEGs) and protein expression compared to non-DEGs and
protein expression, suggesting that DEGs may have more biological meaning to support
inferences of disease pathology [124]. Furthermore, stronger mRNA-protein correlations

were enriched among known drug targets [125]. Based on these results, I hypothesize that
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higher correlations between mRNA and protein levels may enhance identification of

reliable biomarkers or therapeutic targets.

1.4.2  Advancing clinical applications of IBD research through proteomic profiling

The ease at which serum or plasma can be obtained has important clinical
considerations for disease monitoring and pinpointing of potential therapeutic targets, as
well as delineation of the systemic effects of IBD pharmaceuticals. Previous omic studies
have primarily focused on findings from intestinal tissue, however, the extent to which
signatures from primary disease location is seen in serum remains to be evaluated. I
hypothesize that correlated levels of groups of genes and/or proteins within the intestines
and serum may be used as potential markers of CD activity. Furthermore, sex specific
differences observed in clinical transcriptomic, and proteomic studies [127-131] warrants
investigation of sex-specific differences at the proteomic level in post-op disease.
Comparative analysis of tissue-specific transcriptomic signatures with circulating
proteomic profiles could enable clinicians to monitor disease activity and predict treatment

outcomes through minimally invasive blood-based assays.

1.5 Personalized medicine for Crohn’s disease

An emerging concept taking precedence in modern health care across various
diseases and conditions is the idea of personalized medicine, which can be defined as
tailoring treatment to an individual’s molecular and clinical profile [132, 133]. While
current strategies aim to manage disease relapse and prolong remission, they remain
suboptimal because factoring the underlying processes promoting inflammation tends to

be neglected [134, 135]. Given the substantial inter-individual heterogeneity in disease
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presentation, progression, and therapeutic response among CD patients, the
implementation of personalized medicine approaches represents a critical shift toward
optimizing therapeutic intervention through individualized care strategies [135]. The
expectation is that molecular signatures of an individual, such as genetic, transcriptomic or
proteomic information, can be used to effectively guide clinicians to the most promising
treatment protocol. The goal is to transition from the current “one-size fits all” framework
to a more individualized treatment strategy, reducing healthcare, physical, and

psychological burdens on patients.

Implementation of personalized medicine approaches leveraging transcriptomic
information has been described. Rojas-Pena et al. employed longitudinal RNA-seq
profiling of individuals with complicated malaria. This study revealed marked patient
heterogeneity with engagement of distinct arms of the immune system and inflammation,
implying different disease mechanisms [136]. Another study using longitudinal RNA-seq
profiling to infer patient specific mechanisms was performed by Banchereau et al.,
focusing on systemic lupus erythematosus. This study correlated disease activity with
several groups of donors based on transcriptional profiles, highlighting separate groups of
donors characterized by plasmablast, IFN, and neutrophil signatures [137]. Further
validation is needed to confirm patient signatures identified in these studies; however, these
examples lay the foundation for incorporating transcriptomic signatures for personalized
medicine and patient stratification. Broadly, the goal of this thesis is to highlight the

importance of personalized medicine across inception and progressive disease.

Chapter 2 of this thesis examines how persistent inflammation and potential

inflammatory mechanisms may perpetuate perianal-fistulizing CD. Chapter 3 addresses
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two questions: first, the effect of single-cell clustering stability on robustness and
repeatability; and second, inter-individual variation in initial CD onset across the intestines.
Chapter 4 investigates how AS may mediate recurring CD by testing associations between
tissue specific AS signatures and recurring disease. Finally, Chapter 5 examines the
correlation between gene and protein expression in recurring CD, and how coordinated

expression patterns may inform patient stratification based on clinical characteristics.
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CHAPTER 2. PERSISTENT INFLAMMATION OF THE
RECTUM IN PERIANAL FISTULIZING CROHN’S DISEASE IS

ASSOCIATED WITH GOBLET CELL FUNCTION

2.1 Introduction

Perianal fistulizing Crohn’s disease (perianal-CD) is a debilitating form of rectal CD
associated with multiple surgical interventions and lifelong morbidity. Bacterial infection
and inflammation in the rectum appear to promote the formation of perianal-CD fistulas
by increasing matrix metalloproteinase activity and cytokine levels in the mucosa that
instigate an epithelial to mesenchymal transition during fistula tract formation [138-140].
Many patients will resolve the inflammation with anti-tumor necrosis factor (TNF)
treatment and undergo healing while others do not respond to therapy, making sustained
inflammation a driving factor of disease. The remodeling of the mucosal compartments in
response to inflammation during rectal disease with fistulation and its resolution in
response to therapy has not been analyzed at the single-cell level. Thus, we compared
single-cell transcriptomic profiles of healed rectal mucosa of established perianal-CD
patients undergoing anti-TNF therapy to those who remain unhealed and inflamed (IF),
hypothesizing that changes in the epithelial compartment might affect the persistence of
fistulas in individuals with perianal-CD. Our study confirms previous findings that support
the role of pro-inflammatory cytokines in perianal-CD and suggests one mechanism within

the epithelial compartment that might affect fistula persistence in these individuals.

2.2 Materials and Methods
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2.2.1 Study population for perianal fistulizing Crohn’s disease patients

Rectal biopsies were obtained from Crohn’s disease (CD) patients with persistent
perianal fistulae. Rectal mucosal tissue was obtained from patients undergoing repeat
colonoscopy who were classified into two groups: healed perianal-CD with non-inflamed
rectal mucosa, and active perianal-CD with inflamed rectal mucosa. One individual (IF4)
with a history of severe persistent perianal-CD was transiently inactive at time of sampling
but nevertheless had an inflamed profile. Written consent was obtained from patients
undergoing colonoscopy at the Division of Pediatric Gastroenterology at Children’s
Healthcare of Atlanta (Georgia, USA). Patient sample demographics are provided in
Supplemental Table 1. All 12 subjects had received anti-TNF biologic therapy before
retrieval of the rectal mucosa. During colonoscopy, 6 subjects were classified as inflamed

with active fistula and 7 as non-inflamed with inactive/healed fistula.

2.2.2 Tissue processing for scRNA-seq

Three rectal biopsies per patient were immediately processed using a cold protease
(Sigma Cat #P5430) protocol [141]. Enzyme mix was prepared using Rho kinase (Y-
27632, CAS#872543-07-6) and Caspase inhibitors (CAS#187389-52-2) in DPBS with
0.5M EDTA. Biopsies were minced and digested twice (for 15 minutes each) and passed
through a 40 pum filter. Single cell suspensions were washed with buffer containing
Benzonase (CAS#9025-65-4) and centrifuged at 400 g for 5 minutes. Cells were
resuspended in 200-300 pl of RPMI with 10% FBS and counted. Single cell encapsulation
was carried out using 10X reagent mix and loaded into the Chromium microfluidic device

according to manufacturer’s instructions. This was performed using Chromium Next GEM
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Single Cell 3’ Reagent Kit v 3.1 Dual Index (PN-100268) with a target of 10,000 cells.
Barcoded sequencing libraries were made from the amplified cDNA. Sequencing at a read
depth of 50,000 reads per cell was performed on the Illumina NovaSeq S4 sequencing

platform at the Emory-Yerkes Genome Core.

2.2.3 Gene expression profiling

The FASTQ files were aligned to GRCh38 human reference genome using 10X
Genomics Cell Ranger 6.1.2 “cellranger -count” excluding introns, except for IF1 (Cell
Ranger 6.0.2 “cellranger -count” include introns), was used to generate the gene expression
matrix for each sample [142]. The resulting filtered feature-barcode matrices (n = 13

samples) were merged for downstream analysis.

Filtered gene expression matrices were loaded into Seurat v. 4.1.1 with min.features
=200 and min.cells = 3 [143]. The following QC parameters were used: number of genes
250-6500, number of transcripts >300, mitochondria percent <30% and log10(Genes/UMI)
>(0.80. Only genes that were observed to be expressed in 10 or more cells were kept for
downstream analysis. After QC, 67,119 cells from rectal tissue were kept for downstream

analysis.

The dataset was normalized using log normalization and the highly variable
features (n=2000) were selected for clustering using Seurat (v. 4.1.1). Next, the dataset was
scaled, and PCA was performed on the highly variable genes. The cells were clustered in
this low dimensional setting using “FindNeighbors” and “FindClusters”. 15 PCs and a
resolution of 0.50 were used for clustering analysis. The clustering results were visualized

using UMAP.
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2.2.4 Robustness and batch effect comparison

Three batch effect correction methods (Harmony, CCA, and rPCA) were applied to
test for the robustness of clustering for this dataset [77, 144]. Epithelial, immune, and
stromal cells were included in the batch effect correction comparison. The following
parameters were kept the same to facilitate method comparison: log normalization, 15 PCs
and 0.50 clustering resolution. Additionally, the samples were integrated across sequencing

batch.

The batch effect correction methods were assessed based on clustering stability and
similarity. To determine the stability of the clustering results, the Adjusted Rand Index (RI)
was computed with the R package Dune v. 1.8, using the “merge” function to determine
the maximum agreement between clusters (Supplemental Figure 1) [145]. Similarity of the
clustering results was ascertained by generating confusion matrix heatmaps. More
“splitting” of clusters was indicative of decreased similarity (Supplemental Figure 1).
Lastly, the distribution of each sample contributing to each cluster was assessed to ensure

that sample-specific or batch-specific clusters were not present.

To ensure that clustering stability was not strongly affected by including the control
sample (NI5), clustering stability and similarity was reassessed after removal of this
sample, again contrasting batch effect correction with Harmony, CCA, and rPCA (same
parameters as previously mentioned). The RI was computed, and clustering similarity was
evaluated. It was determined that clustering stability and similarity was not strongly
affected by including the control sample, so the control sample was included in clustering

analysis, but excluded for differential gene expression analysis.
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2.2.5 Partitioning epithelial and immune cells

To identify additional subtypes of epithelial and immune cells, epithelial and
immune cells were partitioned based on the previously annotated cell types from the
UMAP. The partitioned epithelial and immune cells were re-clustered using rPCA with the
previously described parameters, including integration across sequencing batch, and
annotated based on marker genes from literature. Within the immune cell compartment, as
observed by others [146, 147], a cluster of cells that exhibited an epithelial and immune
cell phenotype was detected. These cells were removed from clustering analysis of the

immune cells.

2.2.6 Cell type annotation

Cell types were annotated using marker genes from literature [86, 96]. Additionally,
the “FindAllMarkers” function (Wilcoxon rank sum test) from Seurat was employed on
the epithelial and immune cells to assist in verification of the annotations. Genes that were
detected in at least 25% of the cells were included, and genes that had an adjusted p value
< 0.05 were considered significantly differentially expressed for verifying the identified

epithelial/immune cell types.

2.2.7 Differential gene expression analysis

MAST was used to compare inflamed and non-inflamed rectal tissue so as to adjust
for random effects of individuals [148]. Two samples were excluded from DEG analysis:
NI3 (low number of cells) and NI5 (control sample) for a total of 2,863 inflamed and 2,081

non-inflamed cells. The covariate variables include sex, ancestry, and age. DEGs were
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filtered for p value <0.05, average log2FC >0.25, and >10% of either inflamed vs. non-
inflamed cells expressing the DEG. The list of DEGs were imported to ToppFun for
pathway analysis [149]. Pathways were considered significant with a Bonferroni correction
p-value < 0.05. IL-6 pathway was identified by the Pathway Interaction Database [150]

and Interferon gamma signaling pathway was identified by REACTOME [151].

2.3 Results

During colonoscopy, 6 subjects were classified as IF (5 with active fistula), 6 as non-
inflamed (NI) with inactive/healed fistula, and a non-inflammatory bowel disease (IBD)
control was included. In total, 67,119 cells from 13 individuals that were dissociated by
cold protease digestion and subject to droplet-based single-cell RNA sequencing on the
10X Genomics Chromium platform [142] (methods) were jointly clustered to broadly

identify cell types within the rectum.

Batch effect correction was performed on the dataset to facilitate accurate downstream
analysis. After testing three methods for reproducibility and rigor based on clustering
stability (Adjusted Rand Index), clustering similarity, and proportion of cells from each
sample in each cluster (Supplemental Figure 1), reciprocal principal component analysis
was chosen. We identified seven broad classes of epithelial and immune cells and a small
population of stromal cells within the rectum (Figure 3A). Epithelial cells were the most
abundant population within the rectum. Compared to the IF, unhealed mucosa, there were
higher proportions of colonocytes in the NI tissue with corresponding increases in the
abundance of naive B cells and plasma cells associated with inflammation (Figure 3B).

This observation suggests dysregulation of both the immune component and epithelial

33



barrier within the rectum of individuals with perianal-CD and highlights heterogeneity of

cell type abundance.
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Figure 3 Representation of rectal cell types. (A) UMAP of 15 major cell types detected
by cluster analysis of 6 inflamed (IF), 6 non-inflamed CD (NI), and 1 non-IBD control
(NI5S) samples. Epithelial cells (colonocytes, BEST4/0TOP2 colonocytes,
enteroendocrine, transit amplifying, stem, tuft cells) mostly form the central group
with goblet cells to the right, while immune cells (T, cycling, naive, or activated naive
B, plasma cells, mononuclear phagocytes, and mast cells) tend to be at the periphery
of the plot. (B) Stacked bar graph showing the proportion of each cell type in each
sample. UMAP, Uniform Manifold Approximation and Projection; ANB, activated
naive B Cell; B/OCol, BEST4/OTOP2 colonocytes; CB, cycling B cells; Entero,
enteroendocrine; Gob, goblet; Mast, mast cells; MNPs, mononuclear phagocytes; NB,
naive B cells; Plasma, plasma cell; Stem, stem cell; Strom, stromal cells; T, T cells;
TA, transit amplifying cells.

In further analyses of each compartment separately, we sought to identify additional
cellular subtypes, leveraging previous single-cell RNA sequencing studies for cell cluster
annotation. For consistency, the epithelial cells were re-clustered using reciprocal principal
component analysis. Additional sub-populations included immature goblet cells (imGob)
(mostly comprised of cells from patient IF1), colonocyte progenitors, and M cells, all of

which were mostly present in the IF tissue (Supplemental Figure 2A). The majority of
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epithelial cell types, excluding imGob, were identified in both IF and NI rectal tissue
(Supplemental Figure 2A,B). We observed an overall trend of increased goblet cell
abundance in IF tissue (4/6 > 10% of epithelial cells in IF, 5/7 < 10% in NI), which was
offset by higher levels of colonocyte (or colonocyte progenitors in NI2) in NI samples as

compared to other epithelial cells (Supplemental Figure 2B).

Similarly, focused analysis on the mucosal immune compartment led to the
identification of additional subpopulations within the B and T cell sets, as well as LTi-like
NCR" ILCs. Although NI tissue had fewer immune cells overall compared to IF tissue
[152] (Supplemental Figure 2C), similar distributions of immune cell sub-populations were
identified in both classes of samples. However, we did note enrichment of IgG plasma cells
in the IF tissue of two donors (IF1 and IF2, Supplemental Figure 2D), contrasting with
expansion of IgA plasma cells in two NI samples (NI1 and NI2). Considerable
heterogeneity of immune cell proportions was observed, notably for naive B cells, and
surprisingly mononuclear phagocytes were seen in more of the NI samples suggesting they

may play a role in healing.

Next, focusing on goblet cells because of their protective function in the epithelial
barrier, interaction with gut microbiota [153], and increased abundance in IF tissue of
perianal-CD, we performed differential expression analysis to elucidate the altered
pathways involved in persistent inflammation. By comparing IF vs NI rectal tissue (n = 6
IF, n = 5 NI: methods), we identified 226 significant up-regulated differentially expressed
genes, some of which were enriched for the inflammatory pathways involving interleukin
6 and interferon gamma [140, 153, 154], along with 92 significant down-regulated

differentially expressed genes (Figure 4A,B). It is conceivable that increased interleukin 6
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and interferon gamma signaling might prevent healing by disrupting epithelial tight

junctions [155].
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Figure 4 Signatures of inflammation in goblet cells. Dot plots of expression of genes
in goblet cells identified in 6 inflamed (IF) and 5 non-inflamed (NI) samples
representing (A) IL-6 inflammatory pathways and (B) interferon gamma pathway.
The size of each dot corresponds to the percentage of cells expressing each gene, and
the color shading represents the average log-normalized expression in cells that
express it. IL-6, interleukin 6.

2.4 Discussion
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In summary, our findings implicate altered epithelial cell function during persistent
inflammation, which could further promote mucosal damage in perianal-CD. Further
studies are needed to determine if the higher levels of goblet cells in the IF rectal mucosa
are a result of the ongoing inflammatory response or contributing to it. Single-cell
transcriptomics of the rectum in cases of idiopathic fistula (non-IBD) should also establish
whether altered cytokine levels [156] are due to specific aspects of cellular pathology in
CD. Our data suggest that persistent perianal-CD despite anti-TNF treatment may be due
to the altered behavior of goblet cells (in one case imGob) and colonocyte precursors in IF
tissue that express inflammatory pathways. These findings appear to be related to studies
showing imbalances in epithelial subtype composition when pathways downstream of
Myd88 and Cox-2 are disrupted during inflammation [157]. Remarkably, PTGER4, a
known IBD risk locus [158] expressed in the epithelium, encodes a receptor that responds
to paracrine stimulation from prostaglandins produced by Cox-2 expressed in the
mesenchymal stromal cells [159]. Taken together, our findings suggest that epithelial
differentiation is affected by inflammation during perianal-CD and has a negative impact
on fistula healing. Longitudinal profiling studies are currently underway to systematically

map these cellular changes in mucosal biology over the course of each patient’s disease.
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CHAPTER 3. IDENTIFICATION OF CROHN’S DISEASE
SUBTYPES IN SINGLE CELL RNA SEQUENCING
SIGNATURES OF TREATMENT NAIVE SAMPLES ACROSS

THE PAEDIATRIC GASTROINTESTINAL TRACT

3.1 Introduction

Crohn's disease (CD) is a life-long, chronic inflammatory disease of the
gastrointestinal tract. This chronic inflammation in CD is patchy in nature, often
transmurally involved with remitting and relapsing disease course but progressive in nature
[9]. Despite effective therapies such as biologics and small molecules targeting various
pathways to counter inflammation, many patients eventually progress to complications
such as strictures and internal penetrating disease with abscesses [160, 161]. Further, we
observe a therapeutic ceiling that none of these therapies can achieve mucosal healing in
more than 50% of CD cases [27, 162, 163]. It is commonly believed that pathogenesis of
CD is multifactorial and known to be associated with genetic susceptibility, immune
dysregulation and microbial dysbiosis [1, 9]. The onset of CD occurs at any age with peak
incidence between 15-25 years; however, clinical and etiological research findings so far
point toward the same underlying pathogenesis for both children and adults [20, 164].
Despite extensive research, the precise mechanisms of associated genes, environmental
factors and other unknown factors remain poorly understood. This may be due to most
research on CD being conducted using biopsies from a single intestinal location, either

from patients with established Crohn’s disease or from discarded surgical tissue, which
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represents the effect of treatment biologics or end stage of the disease rather than

early/treatment naive CD pathogenesis.

Recent advances resulting in many landmark publications with single-cell RNA
sequencing (scRNA-seq) technology have provided an unprecedented opportunity for
dissection of the complex cellular and molecular landscape of CD in the mucosa at the
individual cell-type level [87-89, 92, 96, 165]. These studies have revealed the contribution
of cellular diversity in the intestinal microenvironment to the pathogenesis, progression, and
treatment outcomes of CD. A key objective of most sScCRNA-seq analyses is to classify tissue
from a heterogenous cell composition into meaningful populations, uncovering cell type
specificity in the biological question of interest. While scRNA-seq has enabled discovery of
novel cell types and states, correctly identifying the cell types/states remains a challenge due
to heuristic clustering parameter selection leading to non-robust clustering results and high
dimensional data [81, 83]. Methods that evaluate the robustness of clustering or downstream
results from scRNA-seq studies are needed. This problem persists as datasets grow and
become more heterogenous. To better understand the underlying mechanisms of initial
disease onset across donors and the different regions of the intestines, we approached this
question by assessing rigor and repeatability of cell type assignment while evaluating the
impact of cell type assignment on downstream results. Different methods to survey clustering
stability include bootstrapping, subsampling, and optimal transport alignment [166]. In this
study, we employ a bootstrapping method to assess clustering stability of a treatment naive

CD cohort and filter out cells that are considered unstably assigned.

Treatment naive CD at the time of diagnosis in children with short duration of

symptoms before diagnosis may provide the best opportunity to examine the nature of early
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inflammatory and pathogenic events in CD. For this study we recruited 34 children at the
time of diagnosis, obtaining mucosal biopsies during the diagnostic colonoscopies from
three locations including both inflamed and non-inflamed bowel locations for scRNA-seq
experiments resulting in 270,268 cells post quality control and the stability assessment.
This cohort provides an opportunity to examine how inflammation influences cellular
contribution to disease since the subjects are treatment naive and not confounded by years
of inflammation, therapies, diet, or other environmental exposures. We hypothesized that
discovery of distinct cellular signatures in immune, epithelial, and stromal cells in
treatment naive CD during early stages of inflammation may provide novel pathways to
target new therapies while evaluating signatures of disease management and prognosis.
Bulk RNA-seq analysis of the RISK study has, for example, suggested bias towards
mesenchymal or immunological engagement in stricturing and penetrating disease,

respectively, but could not resolve cellular contributions [53].

Here we show that the higher resolution provided by scRNA-seq allows interrogation
of specific cellular contributions to disease behavior while recapitulating signatures
observed in bulk RNA-seq. Moreover, we demonstrate that donors can be categorized into
clinically meaningful groups based on tensor decomposition with the tool single-cell
Interpretable Tensor Decomposition (scITD) [167]. Lastly, we integrate genome wide
association studies (GWAS) and scRNA-seq data to identify cell types associated with CD

across the intestines.

3.2 Materials and Methods

3.2.1 Patient recruitment and ascertainment
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The study adheres to all the relevant guidelines and regulations. Mucosal biopsies
were obtained from newly diagnosed Crohn’s disease patients (treatment naive CD)
undergoing clinically indicated colonoscopy at Children’s Healthcare of Atlanta (CHOA),
under a protocol approved by Emory University Institutional Review Boards (IRB). This
study includes a diverse pediatric cohort with patients ranging from 3 to 18 years of age.
Written consent was obtained from all the patients and/or their legal guardians. Mucosal
biopsies were collected from various intestinal locations, including the ileum, ileocecal
valve, colon (cecum, ascending/transverse/descending), rectal sigmoid, and rectum.
Biopsies collected specifically from the ileocecal valve to the descending colon are
categorized as colon and rectal sigmoid/rectum as rectum for downstream analysis. In total,
the cohort included 34 donors, with 27 ileum, 36 colon, and 32 rectum samples. For each
biopsy, both the macroscopic (endoscopic) and microscopic (pathology from adjacent
biopsy) inflammation statuses were determined by reviewing the endoscopic and

histological/pathology reports of the donors from whom the biopsies were collected.

3.2.2  Phenotypic classifications of Bl, B2, and B3

Non-stricturing, non-penetrating (B1) disease was classified as an uncomplicated
disease state. Stricturing disease (B2) refers to persistent luminal narrowing with pre-
stenotic dilation. Internal penetrating disease (B3) refers to intra-abdominal fistulizing
disease resulting in intra-abdominal or pelvic abscesses or fistulas to an adjacent organ

(excluding vagina or perianal region) [53].

3.2.3  Sample preparation, processing and quality control
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Biopsies from ileum, colon and rectum regions of each patient were immediately
processed using a cold protease (Sigma Cat #P5430) protocol. Enzyme mix was prepared
using Rho kinase (Y-27632, CAS#872543-07-6) and Caspase inhibitors (CAS#187389-
52-2) in DPBS with 0.5M EDTA. Biopsies were minced and digested twice (for 15 minutes
each) and passed through a 40 um filter. Single cell suspensions were washed with buffer
containing Benzonase (CAS#9025-65-4) and centrifuged at 400 g for 5 minutes. Cells were
resuspended in 200-300 pl of RPMI with 10% FBS and counted. Single cell encapsulation
was carried out using 10X reagent mix and loaded into the Chromium microfluidic device
according to manufacturer’s instructions. This was performed using Chromium Next GEM
Single Cell 3° Reagent Kit v 3.1 Dual Index (PN-100268) with a target of 10,000 cells.
Barcoded sequencing libraries were made from the amplified cDNA and sequenced at the
Molecular Evolution core at Georgia Tech using the [llumina NOVA S4 kit with 50,000

reads per cell.

Raw sequencing files were aligned to GrCH38-2020-A using CellRanger count (v.
6.1.2) [142], and the resulting gene expression count matrices were assessed with Seurat
(v.4.3.0) [77]. The following quality control (QC) metrics were implemented to retain high
quality cells: number of genes per cell 250-3000, mitochondria percent <30%, and keep

genes that are expressed in 10 or more cells.

3.2.4 Stability assessment

The clustering stability workflow was performed for each tissue separately (R
v.4.2.1). rPCA (reciprocal Principal Component Analysis) batch effect correction was

applied to correct for sequencing batch effect in the ileum, colon, and rectum data for the
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stability assessment. The typical Seurat rPCA clustering pipeline [77] was implemented
with the log-transformed and normalized data (GitHub: https://github.com/GibsonLab-
GT/CD_transcriptomics). Each tissue was clustered separately with resolution of 0.20, 15
principal components (PCs), and 2000 highly variable genes (HVG), referred to as the
reference dataset. The reference dataset was randomly split into two non-overlapping
subsets, called the query. The following query parameters were implemented: resolution
of 0.20, 15 PCs, and 2000 HVG to have similar cluster number between reference and
query. Cluster annotations were mapped from the reference to the query clusters with
Seurat’s TransferData function using PCs 1-15. Stably assigned cells were identified by
comparing how often cells in each query cluster were assigned to the same reference
cluster. We required at least 80% concordance between cells in the query cluster and
reference cluster to match clusters. If the query cluster was partitioned into two or more
clusters that mapped to the same reference cluster, the clusters containing the largest
proportion of cells adding up to 80% were considered to be the same. This process was
repeated four additional times for a total of 10 queries that were compared to the reference.
Next, a list containing the number of times each cell was assigned to the same cluster, and
cells were considered stably assigned if this occurred in four out of the five times the query

was made. These clustering results were termed the low-resolution stably assigned cells.

The clustering stability assessment was also performed with a higher clustering
resolution for the ileum data. The same workflow was implemented but the reference was
clustered at resolution of 1 and the queries with a resolution of 1.5. The following
parameters were considered for low-, high-resolution stably assigned cells, and reference

clustering: resolution of 0.25, 0.50, 0.75, and 1, PCs 1-10, 1-15, and 1-30, and HVGs of
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500, 2,000, and 5,000. The adjusted Rand Index computed using (ARI) Dune (v. 1.10)
merge function was used to assess clustering similarity within the low-, high-resolution
stably assigned cells, and reference clustering parameters[145]. The top three clustering
results based on mean ARI score for low resolution stably assigned cells and median ARI
score for high resolution stably assigned cells and reference were further assessed for
clustering robustness. The top clustering result of the low-, high-resolution stably assigned
cell, and reference were selected based on proportion of cells from each sample and batch
in each cluster, as well as segregation of cell type based on marker gene expression. These
results are referred to as the clustering set. The Jaccard index (JI) was used to quantify the
similarity of cells present within each cell type across all three sets of clusters after cell
annotation. Differential gene expression was performed for each set using Seurat’s
FindAllMarkers function (Wilcoxon Rank Sum Test) with min.pct = 0.25. Spearman
correlation of the average log2 fold change (FC) was calculated for the overlapping genes

within each cell type for each set.

The top three ARI clustering results based on mean scores for low-resolution stably
assigned cell clustering results for ileum and median scores for colon and rectum were
assessed for each tissue. The final set of clusters were determined based on criteria
previously described. The clustering parameters used for the ileum were resolution 0.5, 1-
15 PCs, and 2,000 HVG, parameters for colon were resolution 0.25, 1-30 PCs, and 2,000
HVG, and parameters for rectum were resolution 0.75, 1-15 PCs, and 2,000 HVG. Doublet
clusters were removed from each tissue, and the data was then re-clustered with same

parameters previously described.

3.2.5 Cell proportion and hierarchical clustering analysis
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Speckle (v. 0.99.7) was used to perform the cell type proportion analysis [168]. A
t-test or ANOVA test was used to determine if cell type proportion was significantly
associated (FDR adjusted p value < 0.05) with macroscopic/microscopic inflammation
status, batch, sex, or SIRE group in the ileum and rectum data. Additionally, a t-test was
used to determine if cell type proportions were significant across ileum donor group status
from scITD. A linear model with individual as a random effect was used to assess
relationship between cell type proportion and metadata variables mentioned previously in

the colon data.

Hierarchical clustering was performed using the transformed proportion of cells,
calculated from Speckle, for each sample with Wards’ method using Euclidean distance.
The number of groups identified in each tissue was determined by measuring within group

sum of squares and visualized with an elbow plot.

3.2.6 Tucker tensor decomposition

The R package scITD (v. 1.4.0) was used to perform Tucker tensor decomposition
within each tissue [167]. The tensor was formed using the raw pseudobulked count data
corrected for batch with Combat. The following parameters were used to form the tensor:

donor min cells = 5, norm method = ‘“regular”, scale factor = 1,000,000,

vargenes_method = “norm_var”, vargenes thresh = 500, scale var = TRUE, and
var_scale power = 0.5. SVD Rank determination was used to establish the number of
factors and gene sets used for tensor decomposition. Additionally, stability of the selected
ranks were assessed with the run_stability analysis() function. The number of factors and

gene sets used were 2 and 9 in the ileum, 4 and 10 in the colon, and 4 and 10 in the rectum,
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respectively. The ‘hybrid’ rotation method and ‘regular’ tucker decomposition method was
applied. Positive or negative donor scores used to stratify donors into groups represent the
relative degree of a gene expression pattern observed in that donor [167]. Some donors and
cell populations were excluded from scITD analysis due to low cell count (Supplementary

Table 1).

3.2.7 Differential gene expression and pathway analysis

Differential gene expression analysis comparing groups identified in the tensor
decomposition analysis was performed using Dreamlet (v. 1.1.1) in R (v.4.3.1) for each
tissue separately [169]. The raw count data was pseudobulked per cell type per sample with
default parameters in Dreamlet using the aggregateToPseudobulk() function. Voom style
normalization with processAssays() was performed using sequencing batch and as a
covariate and individual as a random effect for the colon data and sequencing batch as a
covariate for the rectum data with min.cells = 10 for all three tissues. Batch was not used
as a covariate for the ileum data. The dreamlet() function was used to perform differential
gene expression analysis comparing group status with the same covariates used for
normalization. Genes were considered differentially expressed if the FDR adjusted p value
< 0.05. Pathway analysis with significant differentially expressed genes was performed
using the clusterProfiler (v. 4.10.1) R package with Gene Ontology Biological Pathways

[170]. Significant pathways had a Bonferroni adjusted p value < 0.05.

3.2.8 Cell-cell communication
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CellChat (v. 2.1.2) was implemented to perform cell-cell communication analysis
comparing groups identified from tensor decomposition in each tissue [78]. Default

parameters were used to infer cellular communication networks.

3.2.9 Gene module score

Gene module scores were used to quantify the strength of gene expression in a gene
set related to a biological process [171]. UCell (v. 2.2.0) was used for module scoring
within each tissue [171]. Genes present in the ileum from the Gene Ontology (GO)
pathways, metallopeptidase activity (GO:0008237) and chemokine receptor binding
(GO:0042379), were used for module scoring. Genes present in colon from GO pathways
macrophage activation (GO:0042116) and regulation of inflammatory response
(GO:0050727) were used to create module scores. Genes present in rectum from GO
pathways type II interferon response (G0O:0034341) and response to TNF (GO:0034612)

were used to create module scores.

3.2.10 Disease behaviour bias in the ileum

Average gene expression was calculated from the normalized expression values for
each group using the AverageExpression() function in Seurat. Log2FC + 1 comparing
group 1 vs. group 2 was calculated. Genes with Log2FC difference > 0.25 or < -0.25 were
retained. Genes present in the Gene Ontology molecular functions and biological processes
pathways identified as enriched in B2 or B3 ileum samples in Table S4, S5, and S6 from
Kugathasan et al. were used to assess enrichment for B2 or B3 bias in the ileum group data

[53].
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3.2.11 PCA4 in colon

Pseudobulked and normalized myeloid cell gene counts from Dreamlet were used
for scaled PCA of the DEGs enriched in macrophage activation pathway (G0O:0042116)
with prcomp() function (Supplementary Table 2). The normalized mean gene counts were
used for PCA of macrophage activation pathway DEGs across all cell types identified in

the colon.

3.2.12 GWAS and scRNA-seq integration analysis

The following workflow was adapted from Duncan et al. and MAGMA (v1.10) was
used to identify cell type specific gene sets associated with CD [172, 173]. Prior to running
MAGMA, the average normalized expression of each gene per cell type was calculated
with AverageExpression() in Seurat. The cell type specificity score used to identify cell
type specific gene sets, were calculated as the fraction of a gene’s expression across all
cells per tissue. After pre-processing the data, GWAS summary statistics from Liu et al.
were obtained after filtering for high quality variants [174]. MAGMA was implemented to
annotate SNPs from GWAS and identify genes associated with CD using the probit
transformation of SNP p-values from GWAS summary statistics (snp-wise=mean).
Linkage disequilibrium was adjusted for by using the European ancestry panel from phase
3 of 1000 Genomes Project [175]. Then gene property analysis was performed to identify
cell types associated with CD using the cell type specificity scores to define a gene-set. A
one-sided positive test was used to test for cell type association with CD. Lastly, a
conditional analysis with the top cell types after Bonferroni correction was performed to

identify signals that were most likely acting independent of other cell types using the same
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criteria explained in Duncan et al. [172] Conditional analysis was not performed on the
rectal data since only one cell type was retained after Bonferroni correction. This analysis

was performed for each tissue separately.

3.3 Results

3.3.1 Patient recruitment and sample preparation

A diverse cohort of treatment naive pediatric CD patients (ages 3-18) was recruited
prospectively within the Children’s Healthcare of Atlanta network. Biopsies were obtained
from the ileum, different sections of the colon, rectal sigmoid, and rectum from each donor.
Samples from the ileocecal valve to descending colon were classified as colon, and rectal
sigmoid and rectum were classified as rectum for downstream analysis. When research
biopsies were obtained, a corresponding biopsy from same location was acquired for
histological analysis. Endoscopic images and histology reports were gathered. A panel re-
examined all reports for macroscopic and microscopic inflammation to determine the
inflammation status (methods). In total, there were 34 donors, 27 ileum samples, 36 colon
samples, and 32 rectum samples included in this cohort. The biopsies were sequenced with
10X Genomics 3 scRNA-seq technology (methods, Supplemental Figure 3A) [142].

Additional patient metadata is provided in Supplemental Table 2.

3.3.2 Filtering for stably assigned cells improves overall clustering stability and

similarity
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In order to be confident in cell type assignments, we assessed clustering stability
by conceptualizing a workflow [82] that tests robustness and repeatability of clustering

results while retaining dataset heterogeneity.
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Figure 5 Stability assessment and rigor of ileum clustering results. (A) The
“reference” ileum clustering results (87,785 cells). (B) Example of a confusion matrix
heatmap showing the proportion of cells shared between query and reference
clustering results. Cell prop. = cell proportion, ref = reference. (C) Stably assigned
(83,702 cells) and unstably assigned (4,083 cells) cells highlighted by the low-
resolution stability assessment. (D) Heatmap comparing the cells present in each cell
type between the low and high resolution stably assigned cells scored by the Jaccard
Index. JI = Jaccard Index. (E) Spearman correlation of Log2FC values of shared
DEGs in the low and high resolution stably assigned cells. FC = fold change,
Spearman Cor. = Spearman correlation, ILC3 = type 3 innate lymphoid cell, NK =
natural killer, TA = transit amplifying, UMAP = Uniform Manifold Approximation
and Projection.

After sequencing, alignment, and obtaining count matrices, quality control (QC)
was performed for each tissue separately. The same QC parameters were implemented for

each tissue resulting in a total of 87,785 ileum cells, 111,282 colon cells, and 88,355 rectum
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cells post QC (methods, Supplemental Figure 3B-D). The QC’ed data, termed reference,
was clustered using the Seurat [77] pipeline with rPCA batch effect correction (methods)
at a low clustering resolution to identify the broad cell types. An example of the ileum
reference clustering results is shown in Figure 5A. Next, the reference was split in half,
termed query, and each query was clustered with rPCA batch effect correction. Query cell
cluster assignment was compared to the matching reference cell cluster assignment
(methods), and clusters that share 80% or more cells were considered to be matched (Figure
5B). There was high concordance of cell type assignment between the reference and query,
indicating cell assignment was generally stable. This process was repeated four additional
times, for a total of ten queries that were evaluated. A list of cells that repeatedly cluster
together, termed stably assigned cells, was generated. We hypothesized that removing the
unstably assigned cells would improve clustering stability because they are most likely a
mixture of low-quality cells and transitioning cells that do not reliably retain cluster
assignment, potentially affecting downstream results and interpretation. For this study,
cells that were clustered together at least four times were considered stably assigned and
retained for downstream analysis. This general workflow, termed the low-resolution
clustering assessment, was executed for each tissue separately. Generally, unstably
assigned cells were typically found at the junction between two different clusters (Figure
5C). Most of the cells considered unstably assigned were primarily located in epithelial
clusters (Figure 5C). After the stability assessment, 95.34% of the ileum cells, 94.41% of

colon cells, and 92.24% of rectum cells were retained.

To further evaluate the robustness of the stably assigned cell clustering results, the

same workflow was implemented with a higher clustering resolution for the ileum data,
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which was called the high-resolution clustering assessment (methods). The low-resolution
stably assigned cells, high-resolution stably assigned cells, and reference were each
clustered with a variety of different clustering parameters (methods). The clustering results
were compared to evaluate the effect of the stability assessment on downstream results.
The adjusted Rand Index (ARI) computed with Dune was used to evaluate clustering
similarity across different clustering parameters within a dataset [145]. The low resolution
stably assigned cells had a mean and median ARI of 0.87 and 0.86, the high resolution
stably assigned cells had a mean and median ARI of 0.81 and 0.83, and the reference had
mean and median of 0.82 and 0.84 ARI in the ileum. The high ARI scores indicate that the

clustering results are similar within the dataset, regardless of clustering parameters chosen.

The top clustering parameters for the ileum low-resolution, high-resolution stably
assigned cells, and reference were annotated using marker genes. Each of these results will
be referred to as clustering set. Differential gene expression analysis comparing one cell
type vs. the rest was also performed for each clustering set. The Jaccard index (JI) was used
to evaluate the similarity of cells present within each annotated cluster. Overall, there was
high concordance of cells present within each cell type, except for sub-cell types that were
identified in one clustering set and not the others. For example, the ribosomal cluster, likely
a technical artifact, was found in the high resolution stably assigned cells and reference
(Supplemental Figure 4A,B) but absent in the low resolution stably assigned cells. As a
result, this cluster exhibited a low JI (~0) (Figure 5D). The stability assessment removed
most cells that comprised this cluster from the low-resolution stably assigned clustering
result (Figure 5C). Additionally, pairwise comparisons of the average log2 fold change

(1og2FC) values from the differential gene expression results were evaluated to assess
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similarity in downstream analysis. There was high correlation between differentially
expressed gene (DEG) results for each cell type and the broad cell types (Figure SE). Some
distinct cell types had higher concordance in part because this analysis was restricted to
comparison of the same DEGs. We used the low-resolution stability assessment workflow
for the ileum, colon and rectum data since (i) there was evidence that the different
clustering sets yield similar results, (ii) downstream pseudobulk analyses were based on
the broad cell type to investigate variation within each cell type, and (iii) the low-resolution
retained more cells than the high-resolution stably assigned cell clustering. The mean and

median ARI was 0.89 and 0.92 in the colon, and 0.82 and 0.85 in the rectum, respectively.

Overall, these results demonstrate that the stability assessment improves the
clustering stability and similarity. Additionally, heterogeneity within each dataset/cell type

was preserved while ensuring results are robust to the selected stably assigned cells.

3.3.3  Modest influence of inflammation on cellular proportions

After the stability assessment was performed for each tissue, the low-resolution
stably assigned cells were filtered for doublet clusters and re-clustered with the same
parameters (methods). The clusters were annotated using marker gene expression and
validated by assessing the top DEGs for each cluster (Supplemental Figure 4C). Across
each tissue, epithelial, immune, mesenchymal, and a small population of endothelial cells
were identified (Figure 6A-C). An ambiguous T cell population was detected in the ileum
and rectum data, having some marker gene expression of T cells accompanied by ribosomal
gene expression but did not express CD4 or CDSA/CDS8B. The same ambiguous T cell

population was also observed in the high-resolution stably assigned clustering and the
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reference clustering in the ileum data, suggesting that it was not driven by the selected
clustering parameter (Supplemental Figure 4A,B). Additionally, an ambiguous B cell
population in the rectum was identified, again expressing some B cell marker genes
accompanied by ribosomal gene expression. In general, the expected cell types were

identified within each tissue, even after filtering for the stably assigned cells.
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Figure 6 Clustering results reveal heterogeneity within and across tissue. (A-C) (Left)
Ileum (top), colon (middle), and rectum (bottom) low-resolution stably assigned cell
clustering results. (A-C) (Right) Stacked bar plots of proportion of cells within each
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donor grouped by hierarchical clustering results. Dashed lines separate each group
identified by hierarchical clustering. (ileum — top, colon — middle, rectum — bottom).
Sample labels in black are both macroscopically and microscopically non-inflamed,
labels in orange are both macroscopically and microscopically inflamed, labels in blue
are macroscopically inflamed and microscopically non-inflamed, labels in green in
macroscopically non-inflamed and microscopically inflamed, and label in purple
represents macroscopically inflamed but microscopic inflammation is unknown.
Ambig. = ambiguous, ILC3 = type 3 innate lymphoid cell, NK = natural Killer, TA =
transit amplifying.

Post stability assessment, we still observed heterogeneity across and within each
tissue. We were first interested in cellular composition differences across the intestines.
Directly comparing epithelial cell proportion across each tissue, we observed increased
epithelial cell proportion in the rectum compared to the colon, which was not as

pronounced in the ileum to rectum or ileum to colon comparison (Supplemental Figure

5A).

Since previous studies observed differences in cellular compartments with respect
to inflammation status, we hypothesized that inflammation would affect the immune and
epithelial cellular proportions across each tissue [97]. Speckle [168] was used to assess
whether cell type composition was associated with macroscopic/microscopic inflammation
(macro IF/micro IF) status and other metadata variables (methods). Interestingly,
inflammation status was not strongly associated with ileal or rectal cell proportion, most
likely due to the high heterogeneity across inflamed and non-inflamed samples. The
relatively low variance component due to inflammation may be related to generally high
inflammation in an inception cohort but could also be influenced by the relatively small
number of donors, and by sampling bias at the biopsy sites. Macro and micro IF status was

however associated with monocytes in the colon (FDR adjusted p value = 0.05, Student’s
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t = -3.2 macro IF status, and FDR adjusted p value < 0.01, Student’s t = -5.3 micro IF

status, Figure 6B and Supplemental Figure SE).

Since inflammation was not largely affecting cell composition, we performed
hierarchical clustering using the proportion of cells within each sample to identify patterns
of cell composition (methods). Across each tissue, we observed that one group tended to
have over representation of epithelial cells, and one group tended to have over
representation of immune cells (Figure 6A-C, Supplemental Figure 5B-D). In the ileum
and colon, some donors were mostly comprised of all immune cells. Alternatively, one
group in the rectum was comprised mostly of all epithelial cells [141]. This heterogeneity
across tissue and sample could be biologically meaningful or a consequence of sampling

bias during tissue collection.

3.3.4  sclITD stratifies donors into potentially clinically important groups

To investigate variation of CD across samples within each tissue, we performed
Tucker tensor decomposition analysis with scITD [167] (methods). Briefly, scITD
identifies patterns of gene expression that covary across cell types and donors to
meaningfully stratify patients: rather than independently identifying co-regulated gene sets
within each cell type, scITD finds patterns shared by multiple cell types. Most of the
variance within the ileum was explained in two factors (Figure 7A). Factor 1 was extreme
in three donors in Batch 1 and was weakly correlated with SIRE (self-identified race and
ethnicity), and factor 2 was weakly correlated with sex. Within the colon, four factors
explained most of the variance (Figure 7B). Factor 1 was significantly associated with

batch; factor 3 also captured variation from two donors in batch 1. Factor 2 was weakly

56



correlated with macro and micro IF status while factor 4 was weakly correlated with macro
IF status. Lastly, four factors explained most of the variance within the rectum (Figure 7C).
Factors 1 and 2 were weakly correlated with macro IF status. Factor 3 was weakly
correlated with SIRE, and factor 4 was weakly correlated with micro IF status and sex.

Batch did not drive tensor decomposition within the rectum.
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Figure 7 scITD stratifies donors into clinically important groups. (A-C) Ileum (top),
colon (middle), and rectum (bottom) scITD donor matrix heatmap showing
association (top box) and correlation (bottom box) of metadata variables. Variance
explained by each factor is shown under the heatmap for each tissue. Macro_IF =
macroscopically inflamed, Micro_IF = microscopically inflamed, IF = inflamed, NI =
non-inflamed, F = female, M = male, SIRE = self-identified race and ethnicity, EA =
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European American, AA = African American, exp_var = explained variance, rsq =r-
squared.

We next were interested in investigating the underlying differences between donors
within each tissue. Focusing on factor 2 because batch was driving factor 1 in the ileum,
donors with a positive score were called group 1 (G11, n = 13) and donors with a negative
score were called group 2 (G21, n = 10). Focusing on factor 2 in the colon due also to batch
driving factor 1, samples with a positive score were called Glc (n = 19) and samples with
a negative score were called G2¢ (n = 13). Colon samples from donors 15 and 16 were
stratified into separate groups. For donor 15, one colon sample was inflamed, and the other
was non-inflamed which most likely explains the difference in group identity. Although
both colon samples from donor 16 were inflamed, sample one had an expansion of immune
cells whereas sample two had an expansion of epithelial cells (Figure 6B, Supplemental
Figure 5C,E), potentially explaining differences in group identity. Finally, donors with a
positive score in factor 1 were called G1r (n = 13) and negative scores in factor 1 were
called G2r (n = 15) in the rectum. For these group comparisons, the null hypothesis was
no differences in group status, whereas the alternative hypothesis was inflammation, or an

alternative disease mechanism stratifies donors into groups.

3.3.5 Groups one vs. two in the ileum are biased towards B2 vs. B3 signatures

independently identified in the RISK cohort

To study the differences between ileum Gli and G2i, pseudobulked differential
gene expression and pathway analysis was performed (methods). These preliminary
findings revealed up-regulation of pro-inflammatory pathways such as response to type Il

interferon (interferon-gamma, [FN-y) in enterocytes of G21 donors (Supplemental Figure
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6A,B). These results were recapitulated in the cell-cell communication analysis comparing
groups, in addition to displaying enrichment of pro-fibrotic pathways such as THBS, KLK,
and CypA in Gli donors (methods, Supplemental Figure 6C). These results suggested

alternative modes of disease mechanism in G11 vs. G21 donors.
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Figure 8 Ileum group 1 vs. 2 demonstrate B2 vs. B3 bias independently identified in
RISK study. (A) Proportion of genes enriched in B2 (above dashed line) vs. B3
pathways (below dashed line) identified in RISK study. Number of genes in GO
pathway are displayed in parentheses next to the pathway. Number of genes
represented in group 1 or 2 are displayed next to each bar. (B) Gene module score of
metallopeptidase activity per cell type in group 1 and 2 donors ordered from lowest
to highest score. Median module score (line) and interquartile range (box) is shown
for enterocytes. (C) Gene module score of chemokine receptor binding per cell type
in group 1 and group 2 donors ordered from lowest to highest score. Median module
score (line) and interquartile range (box) is shown for enterocytes. ECM
extracellular matrix, G1; = group 1, G2; = group 2, Ambig. = ambiguous, NK
natural killer.
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The RISK study is an independent study that examined molecular correlates of
disease complications in an inception cohort of CD using bulk RNA-seq from ileum
biopsies [53]. The authors observed enrichment of extracellular matrix (ECM) remodeling
in donors with stricturing (B2) disease and enrichment of pro-inflammatory pathways in
donors with internal penetrating (B3) disease [53]. Based on these previous findings, we
hypothesized that donors within G11 and G21 were exhibiting gene expression bias towards
B2 or B3 disease signatures. Since this is an inception cohort, only 4 of the 23 individuals
with ileal profiles already showed signs of severe disease (Supplemental Table 2). Whereas
12 of the 19 B1 cases (63%) were G11, 2 of the 3 B3 were G21. The sample is too small to
draw any inferences about statistical significance, but the trend is consistent with a

tendency for G2i to progress to penetrating disease.

To test our hypothesis, the B2 and B3 enriched pathways were used to determine if
donors from Gli or G21 were biased towards the RISK cohort B2 or B3 signatures
(methods). The mean gene expression for donors in G11 and G21 were calculated for genes
in pathways identified as enriched in B2 or B3 samples from the RISK study. This showed
that donors in G11 were biased towards the B2 signature (pathways above the dashed line),
whereas donors in G21 were biased towards the B3 signature (pathways below the dashed
line, Figure 8A). Supplemental Figure 6D and E show gene expression patterns of donors
in each group for the top genes in the metallopeptidase activity pathway and neutrophil
chemotaxis pathways. The “collagen binding” and “ECM disassembly” pathways were the
only pathways not enriched in the expected group, Gli, but the enrichment in G21 was

slight. The collagen-binding integrin a4 5; has also been associated with inflammation and
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promoting monocyte activation in DSS-induced colitis mouse model, suggesting a pro-

inflammatory role which is aligned with B3 bias in G21 donors [176].

Next, we were interested in the cell types driving the B2 and B3 signatures in G11
and G21. UCell [171] was used to compute gene module scores from genes in the
metallopeptidase activity pathway and chemokine receptor binding pathway (methods). A
metallopeptidase activity module score was elevated in enterocytes (Figure 8B).
Mesenchymal cell signaling is partly responsible for the careful balance between ECM and
epithelial cells, affecting intestinal permeability and fibrotic mechanisms which can
promote progression to stricturing disease [106, 177, 178]. These results further support
the importance of epithelial cells in initial disease manifestation and interactions that could
lead to severe outcomes of CD [89, 96, 106, 179, 180]. Chemokine receptor binding
module was elevated in pro-inflammatory monocytes (Figure 8C). The proportion of
monocytes and pro-inflammatory monocytes were significantly higher in G21 donors
(methods, FDR adjusted p value < 0.05, pro-inflammatory monocytes Student’s t= -3.0,
monocytes Student’s t= -2.8, Figure 6A). Monocytosis, the increase in circulating
monocytes, has been previously associated with penetrating disease complications,
providing further evidence for B3 complications in G21 donors [181]. Together, tensor
decomposition can stratify donors exhibiting disease progression signatures before

therapeutic intervention.

3.3.6 Mpyeloid cell activation accompanied by inflammation stratifies colon samples

Similar to the ileum analysis, pseudobulked differential gene expression and

pathway analysis was performed to understand underlying differences among colon Glc
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and G2c donors. There were 10 DEGs upregulated in Glc and 253 DEGs upregulated in
G2c myeloid cells (pseudobulked gene expression of monocytes, macrophages, and mast
cells per sample) (Figure 9A). DEGs upregulated in G1c¢ were mainly involved in cellular
homeostasis. Pathways enriched in myeloid cells of G2¢ donors include regulation of
inflammatory response, myeloid cell differentiation, response to IFN-y, and response to
microbes (Figure 9B). We then hypothesized that myeloid cells are driving inflammation

within G2c¢ donors.

Gene module scores using genes enriched in the macrophage activation pathway
corroborated the differential gene expression results in G2¢ donors (Supplemental Figure
7A). The module scores were highest in G2¢ macrophages/monocytes, and, in general,
immune cells, and lower in epithelial cells. Notably, there was variation in module score
within each group with donor 16 in G2¢ having the highest mean module score

(Supplemental Figure 7A).
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Figure 9 Myeloid cell activation accompanied by inflammation stratifies colon
samples. (A) Volcano plot of DEGs identified in the colon group 1 and 2 myeloid cells.
(B) Top 20 pathways enriched in myeloid cells of group 2 donors. P.adjust =
Bonferroni adjusted p value. (C) Relationship between mean macrophage activation
module score and mean response to inflammation module score stratified by group.
(D) PCA of DEGs enriched in macrophage activation GO pathway in the myeloid
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(bottom). Macro IF status = macroscopic inflammation status, IF = inflamed, NI =
non-inflamed, PC = principal component. (E) Circle plot of ADGRE signaling
pathway in group 1 (top) and 2 (bottom) donors highlights increased engagement of
immune of epithelial cells in group 2 donors. Edges are proportional to interaction
strength. G1c = group 1, G2c = group 2, NK = natural killer, TA = transit amplifying.

We sought to test whether macrophage activation can predict inflammatory
response. A module score using genes from the regulation of inflammatory response
pathway was calculated (methods). The mean score of macrophage activation across all
cells per donor was regressed against the mean score of regulation of inflammatory
response across all cells per donor with group interaction as a covariate. While the
relationship between macrophage activation and regulation of inflammatory response
between groups was marginally significant (p value = 0.051), both groups exhibited the
same trend suggesting macrophage activation is contributing to inflammatory response.
Patient differences between groups were highlighted, specifically for outlier donor 16 in

G2c (Figure 9C).

To confirm that donors were stratified based on macrophage cell activation, PCA
using DEGs involved in the macrophage activation pathway was performed on the
pseudobulked normalized gene counts from the myeloid cells. PC1 was significantly
associated with group status (Student’s t test =-6.2, p value < 0.01) and inflammation status
(Student’s t test = 3.2, p value < 0.01 Macro IF and Student’s t test = 4.4 p value < 0.01
Micro IF), confirming group stratification (Figure 9D). These results were recapitulated
using the normalized mean gene counts across all cells identified in the colon

(Supplemental Figure 7B).
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Cell-cell communication analysis using CellChat [78] validated the pro-
inflammatory signature of G2c¢ samples (methods, Supplemental Figure 7C). Pro-
inflammatory effects of myeloid cells could be partly driven by the cellular signaling
pathway, ADGRE, which is involved in angiogenesis, tumor progression, and leukocyte
recruitment to inflammation [182, 183]. This signaling pathway is enriched in G2c¢ donors
with strong engagement between T cells, monocytes, and epithelial cells (Figure 9E). These
results suggest macrophage activation is accompanying inflammation in the colon of G2¢

donors.

3.3.7 Inflammation is associated with interferon gamma in group one donors in the

rectum

Pseudobulk differential gene expression and pathway analysis was also performed
on the rectal compartment (methods). There were 27 DEGs upregulated in G1r colonocytes
and just 3 DEGs upregulated in G2r colonocytes (Figure 10A). The genes upregulated in
G2r colonocytes are involved in colonocyte cellular homeostasis. The DEGs upregulated
in Glr colonocytes are enriched for pro-inflammatory pathways such as antigen
presentation, response to virus, and response to IFN- y pathways [184] (Figure 10B).
Similar results were observed in the rectal stem cells. There were 42 DEGs upregulated in
G1r stem cells and 2 DEGs upregulated in G2r stem cells (Figure 10C). Pathways enriched
in G1r donors include antigen presentation and response to IFN- y (Figure 10D). Pro-
inflammatory pathways were also enriched in G1r myeloid cells, including the interferon-
mediated signaling pathway (Supplemental Figure 8A). These results suggest donors in

G1Rr are exhibiting pro-inflammatory response, potentially perpetuated by IFN- y.
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Cell-cell communication analysis was performed to further elucidate the role of
inflammation in G1Ir donors. Supplemental Figure 8B shows pathways enriched in G1r
and G2r donors with TNF and TNF related pathways (LIGHT, LT) elevated in G2r. TNF
signaling was mediated by ILC3 to target T cells, monocytes, mature colonocytes,
mesenchymal cells, and endothelial cells (Supplemental Figure 8C). Based on these initial
findings, we questioned whether G1r donors may be biased towards IFN-y mediated

inflammation and G2r donors biased towards TNF mediated inflammation.
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Figure 10 Inflammation driven by interferon gamma is enriched in the rectum of
group 1 donors. (A) Volcano plot of DEGs identified in group 1 and 2 colonocytes. (B)
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Top 20 pathways enriched in colonocytes of group 1 donors. P.adjust = Bonferroni
adjusted p value. (C) Volcano plot of DEGs identified in group 1 and 2 stem cells. (D)
Pathways enriched in stem cells of group 1 donors. (E) (left) Mean IFN-y module score
of groups 1 and 2 donors per cell type. (right) Mean TNF response module score of
groups 1 and 2 donors per cell type. ** indicates FDR p value < 0.05 from Student’s
t test. IFN = interferon, TA = transit amplifying, Ambig. = ambiguous, ILC3 = type 3
innate lymphoid cells, NK = natural Killer.

To test for IFN-y vs. TNF inflammation bias, module scores using genes in
response to [FN-y or response to TNF were generated (methods). Memory B cells had the
highest mean response to IFN-y module score in G1r donors (Figure 10E, Supplemental
Figure 8D). There was also donor variation in the mean module score for response to IFN-
¥ (Supplemental Figure 8D). ILC3 had the highest mean TNF response module score in
G2rdonors (Figure 10E, Supplemental Figure 8E). There was less variation in TNF module
score per donor, perhaps reflecting low-grade inflammation and disease activity that
precedes inflammation in non-inflamed tissue pretreatment [ 106, 185]. Directly comparing
mean module score for each group per cell type, the IFN-y response score was significantly
higher (FDR adjusted p value < 0.05) in mature colonocytes (Student’s t = 3.5), TA cells
(Student’s t = 3.6), Stem cells (Student’s t = 3.7), macrophages (Student’s t = 4.5), and
CD4" T (Student’s t = 3.1) cells in G1r donors (Figure 10E). The mean TNF response
module score was unexpectedly significantly higher in macrophages (Student’s t = 3.94,
FDR adjusted p value = 0.01) from Glr donors (Figure 10E). These results suggest that
the overall inflammatory response is elevated in G1r donors and is driven, in part, by IFN-

y engaging immune and epithelial cells in the rectum.

3.3.8 Mpyeloid cells and T cells are associated with Crohn’s disease across tissue
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Figure 11 Cell types associated with CD. (A-C) Cell types significantly associated with
CD in the ileum (A), colon (B), and rectum (C). Point size represents the Bonferroni-
corrected p-value. Dashed red line indicates Bonferroni-corrected p-value. Ambig. =
ambiguous, pro-inflam. = pro-inflammatory, NK = natural Kkiller, TA = transit

amplifying.

After identifying enrichment of different cell types within groups across the small

and large intestine, we next were interested in identifying cell types associated with CD,

linking GWAS and scRNA-seq data. Briefly, average gene expression per cell type for

each tissue was quantified and the fraction of a gene’s expression across all cells was

calculated, referred to as the specificity score. MAGMA was used to annotate SNPs from

Lui et al. GWAS summary statistics and identify genes associated with CD on the
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assumption that genes located in the vicinity of lead variants tend to be causal, though
recognizing that this assumption is often violated. [174]. Next, the specificity scores and
genes associated with CD were used to perform gene property analysis, identifying cell
types associated with CD, following a recently described pipeline for schizophrenia [172].
Conditional analysis was performed to refine cell types most likely acting independent of

other cell types in CD pathogenesis.

Within the ileum, pro-inflammatory monocytes and CD4" T cells were significantly
associated with CD after Bonferroni correction and conditional analysis (Figure 11A). Pro-
inflammatory monocytes and regulatory T cells were consistently associated with CD in
both the high-resolution stably assigned ileum dataset and the reference data. Within the
colon, monocytes, regulatory T cells, and mast cells were significantly associated with CD
after Bonferroni correction and conditional analysis (Figure 11B). Lastly, in the rectum,
monocytes remained significantly associated with CD after Bonferroni correction (Figure
11C). These findings were replicated when all three tissue types were combined, as
regulatory T cells and monocytes were associated with CD after Bonferroni correction and
conditional analysis. These findings highlight the role of myeloid cells and T cells in CD
across tissue, while further validating the cell types driving group status differences in the

previous analyses.

3.4 Discussion

Single cell genomics analysis is predicated on consistent assignment of cells to
clusters, a process that is both to some degree stochastic and guided by researcher

preferences regarding the level of resolution. The inherent sparsity of single cell data often
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leads to inconsistent cluster assignments due to statistical uncertainty, which underscores
the importance of analytical approaches that evaluate reproducibility. For this reason, we
decided to focus our analysis on cells that consistently cluster together at a commonly
agreed upon relatively low level of resolution. Unstably assigned cells were defined as cells
that do not repeatedly cluster together. Since they were generally identified at the junction
of two clusters, they could be transitioning cells, or in some cases, low quality cells, but
many are normal members of the cluster that are misassigned simply for statistical reasons.
Higher resolution clustering, for example based on as few as a dozen marker genes, may
identify novel cell types or states in these regions, but they tend to have lower
reproducibility. The stability of clusters should in our view be reported as a standard
component of single cell analysis [82], much as bootstrap intervals support phylogenetic

analysis.

The clustering stability assessment was conducted to enhance rigor of data analysis,
motivated by the of lack of repeatability reported in many scRNA-seq studies. Previous
studies have bench-marked different clustering algorithms and batch effect correction
methods; however, investigation of the methods after permutation is warranted. Here, we
demonstrated that the stability assessment workflow yielded similar and repeatable
downstream results based on the JI of cluster assignment and Spearman correlation of
differential gene expression results across different sets of the same data (Figure 5). The
stably assigned cells are most likely a more representative and reliable transcriptomic
measure of the cell type(s) identified in the data. The findings from the stability assessment

may be more broadly applicable across different datasets.
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After performing the clustering stability assessment for the ileum, colon, and rectum
data, we assessed the relationship between cell type proportion and inflammation status.
Analysis of each site was performed separately because after joint clustering of the data we
observed that epithelial, B cell, and plasma cell compartments in the ileum were very
different from these compartments in the large intestine. Previous studies have identified
shifts in immune, epithelial, and mesenchymal cell populations with respect to
inflammation [97, 98], yet major differences in cell type composition regarding inflamed
or non-inflamed tissue were not observed in the ileum or rectum, reflecting high donor
variability within this inception cohort [186]. Like previous studies, we also observed a
pronounced transcriptional response in the colonic data compared to the ileal data [97].
Monocytes were significantly associated with inflammation status within the colon,
underscoring the role of monocytes in inflammation [187]. To further investigate cellular
proportion heterogeneity, the donors were hierarchically clustered into groups. One group
had over-representation of epithelial cells, and one group had over-representation of
immune cells across each tissue (Figure 6, Supplemental Figure 5). We also observed an
outlier group in the ileum data and outlier donor in the colon data comprised of mostly
immune cells. Longitudinal data collection from the same donors could help decipher

whether this pattern is biologically relevant or due to sampling bias.

Since inflamed tissue was not exhibiting obvious disease patterns, we sought to
understand interindividual variation by performing tensor decomposition with scITD. This
analysis stratified donors into clinically meaningful groups for each tissue, which has
important implications for personalized medicine. Within the pro-inflammatory groups,

ileum G2j, colon G2¢, and rectum G1lg, there was one donor that was present in all three
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of these groups. There was considerable overlap between group membership in colon G2¢
and rectum Glgr, and some overlap between ileum G2r and rectum GIlr (Supplemental
Figure 9A). The other groups, ileum G11, colon Glc, and rectum G2r had three donors that
were present in all three of these groups. Again, there was strong overlap in group
membership between colon Glc and rectum G2r, and some overlap between ileum Gli
and colon Glc, as well as ileum Gl and rectum G2r (Supplemental Figure 9B). One
possible explanation for decreased overlap in group membership between ileum vs. colon
and ileum vs. rectum could be due to tissue specific differences. Additionally, there was
some donors that only contributed colon and rectum samples which could also explain

group membership differences.

The ileum data was separated into two factors after Tucker tensor decomposition.
Focusing on factor 2, preliminary analysis indicated G11 donors had an enrichment of pro-
fibrotic and ECM related pathways whereas G21 donors had an enrichment of pro-
inflammatory pathways (Supplemental Figure 4). These signatures have been previously
associated with B2 vs. B3 bias in the RISK study, which we validated at the single-cell
level. Tindle et al. also observed similar subtypes of CD, they termed immune deficient
infectious CD, and senescence and stress induced fibrotic CD, within their organoid
biobank [188]. These subtypes reflect the ileal specific disease signatures identified in this
cohort. Further, enterocytes and mesenchymal cells were found to drive the B2 disease bias
signal in G11 donors (Figure 8B). Fibroblasts have been identified as having a main role in
stricturing disease, confirming our findings [106]. Epithelial cells may promote fibrosis by
secreting cytokines and growth factors that activate fibroblasts and ECM deposition [189].

Pro-inflammatory monocytes were driving the B3 signal in G21 donors (Figure 8C).
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Penetrating disease has been previously associated with increased circulating monocytes

and up-regulation of pro-inflammatory pathways.

Our findings suggest single cell profiling might be used as a technique to reveal B2
or B3 bias in the ileum and hence to help guide therapeutic intervention. However, we
emphasize that this clinical interpretation must be replicated in a much larger study and
that a major limitation of the present study is that only four of the patients with ileal RNA-
seq data had progressed to severe disease. We have initiated longitudinal profiling and over
the next several years hope to report on whether inception, or subsequent, biopsies are
associated with progression to stricturing (B2) or penetrating (B3) complications. The
advantage of single cell profiling may lie in increased accuracy and ability to identify
relevant cell types relative to bulk RNA-seq, as well as to define categorical profile groups
as opposed to a cutoff of a continuous expression signature. While the preliminary data is
consistent with B3 individuals more likely being G21, since the sole B2 donor was also in
this group, it is clear that any classifier will not be completely predictive of course of
disease. However, the level of accuracy of any genomic score needed for clinical
implementation remains to be seen, particularly if the score is considered alongside other
markers such as histology, with the intent to guide more likely intervention strategies.
Additionally, the RISK study demonstrated that individuals who progressed to B2 disease
were not TNF-responsive, suggesting the need for alternative therapeutic strategies. For
example, anti-fibrotics (in development but not yet available for CD subjects) may benefit
individuals with B2 disease complications, while anti-inflammatories (anti-TNF, anti-

IL23, etc.) could help individuals with B3 disease complications, ultimately improving
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patient outcomes. Clinical implementation should benefit from increased knowledge of

heterogeneity underlying cellular and molecular mechanisms in patient subtypes.

We also investigated underlying disease mechanisms in the colon data. Tensor
decomposition was applied to the colon data, separating the data into four factors. Donors
were sorted into two groups based on factor 2 scores (Figure 7B). G2¢ donors in the colon
had enrichment of macrophage activation in addition to upregulation of pro-inflammatory
pathways and microbial interactions in the myeloid cells. G1c donors also exhibited a pro-
inflammatory response, albeit at a lower level for both donor and cell type (Figure 9).
Garrido-Trigo et al. examined the heterogeneity of macrophage and neutrophils, arguing
myeloid cell plasticity was shaped by patient inflammatory microenvironments [187].
Here, we saw heterogeneity within myeloid cell populations across inflamed and non-
inflamed colonic tissue, with elevated macrophage activation in a subset of donors. This
process may be mediated by ADGRE pathway in dysfunctional myeloid cells leading to
tissue repair failure [190]. Macrophage plasticity, influenced by inflammatory
environment, could lead to alternative disease progression mechanisms with divergent
therapeutic outcomes in these subsets. These results further support the idea that donors
with high macrophage and inflammatory activity may benefit from anti-inflammatory

therapies compared to donors with lower macrophage activity.

Examining the modes of disease progression in the rectum, the data was separated
into four factors based on tensor decomposition. Two groups of donors in the rectum were
derived from factor 1 scores (Figure 7C). GIr donors had an elevated pro-inflammatory
signature, partly mediated by IFN-y which has been shown to affect vasculature through

disruption of VE-cadherin in DSS-induced colitis in a mouse model and confirmed in IBD
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patients, providing experimental evidence of the IFN-y contribution [154]. G2r donors
initially displayed a TNF signature enriched in ILC3s, with upregulation of TNF, LIGHT,
LT pathways (Supplemental Figure 8B), however, this signature was masked by Glr
donors (Figure 10E). This is most likely due to the synergistic effect of IFN-y and TNF-a
in an inflammatory environment [191, 192]. Differences in pro-inflammatory cytokine
profiles can lead to alternative modes of disease progression, such as persistent

inflammation/healing leading to variable patient outcomes we see in clinical practice today.

Lastly, we integrated CD GWAS summary statistics with scRNA-seq data to identify
cell types associated with CD across the intestines (Figure 11). This study identified an
association between monocytes and T cells with CD. Although this interpretation is based
on MAGMA assumptions that prioritize causal genes as those most proximal to GWAS
peaks, and is not without the limitations of excluding potential environmental influences
on cell type gene expression [172], it should be noted that previous studies have also
identified increased expression of IBD GWAS genes in regulatory T cells, CD4" T cells,
and monocytes in the ileum and colon [97, 193, 194]. Rare variants associated with CD
were enriched in genes related to mesenchymal cell function affected by inflammatory
signaling [180]. These findings further reinforce myeloid cells and CD4" T cells as

important targets for therapeutic interventions in pediatric CD.

While this study consists of a treatment-naive CD cohort with samples from different
tissue locations of the same individuals, the major limitation is that it is too early to tell to
what extent the genomic subtypes correlate with or predict disease complication. The
distinct disease signatures of disease progression need to be validated as predictive

biomarkers by association with stricturing or penetrative complications as some of the
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patients experience adverse outcomes over the next few years. In the interim, follow-up
samples from the same donors during clinically indicated biopsy might be analyzed to
establish whether profiles persist longitudinal or are restricted to the time of diagnosis.
Extended profiling of diverse cohorts with similar strategies will also illuminate the

mechanisms of elevated risk of progression in particular populations [101].

In conclusion, treatment naive CD is highly heterogeneous, exhibiting alternative
modes of initial disease onset across tissue, even after filtering for stably assigned cells.
This has important implications for guiding therapeutic decisions from clinicians. A more
targeted, personalized approach with respect to affected tissue and disease profile should
be considered when treating patients even at the time of diagnosis to improve their
outcomes. Longitudinal data will inform upon patient profile stability and highlight patient

specific features across the intestines.
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CHAPTER 4. POST-OPERATIVE ILEUM TRANSCRIPTOMICS
IMPLICATE SEX-BIASED MECHANISMS IN CROHN’S

DISEASE RECURRENCE

4.1 Introduction

Crohn’s disease (CD) is one of two major subtypes of inflammatory bowel disease
(IBD) and most commonly affects the terminal ileum; its chronic inflammation can affect
any part of the intestine, with frequent skip and segmental involvement, compared to the
continuous tracts seen in ulcerative colitis [174, 195, 196]. Treatment of CD aims to reduce
inflammation and achieve remission through potent biologics, notably anti-TNF
monoclonal antibodies. Resection of inflamed regions due to treatment non-response
remains common for refractory cases in the biologic era [197-199], which often results in
complications such as ileal strictures and fistulae formation. However, recurrence after

resection has been reported to be as high as 70% within 6 months of surgery [200-202].

Consequently, there is an unmet need to identify molecular features associated with
recurrent disease following colectomy [53, 203]. This Chapter describes my contribution
to a study to this end, submitted to the journal Gastroenterology describing RNA-seq
analysis of 339 neoterminal ileal biopsies between 1 and 3 timepoints from 268 post-
operative CD patients. The main analyses were carried out by Dr. Kyle Gettler in the
laboratory of Professor Judy Cho (Mt Sinai School of Medicine, New York), identifying
sex-related differences in gene expression related to recurrence, while eQTL mapping was

performed by my colleague in the Gibson lab at Georgia Tech, Dr. Sini Nagpal. Here, |
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first describe their results as Introduction before presenting my own findings in relation to
the contribution of aberrant splicing to recurrent disease possibly through a process akin to

rectalization [204].

In a post-operative setting many genes are differentially expressed when comparing
recurrent and non-recurrent samples. Males have more pronounced differences in
expression than females when comparing recurring to non-recurring samples (7,037 and
545 genes with adjusted p-values < 0.1 after downsampling, respectively). OSM is an
example of a gene which was significantly more highly expressed in recurrent samples
compared to nonrecurrent samples specifically in males (adjusted p-value = 0.015 in males
and adjusted p-value = 0.82 in females). Male and female recurrence-related expression
differences show high correlation (r = 0.706) and log2FC values are higher for males.
Next, the 20 most significantly differentially expressed genes from the male recurrent vs.
male non- recurrent analysis were used to calculate PC1 for the female samples. PC1 values
for the females significantly separated recurrent and non- recurrent samples, showing that
top predictors of recurrence are relevant to both sexes (p-value = 8.85e-6). Overall, anti-
TNF treatment did not substantially modulate gene expression after correction for
recurrence state, though there are a small number of genes with very significant changes in
expression such as TNFAIP6 and CXCL9 which have increased expression in the absence
of anti-TNF treatment; TNFAIP6 is induced in response to TNF [205] and can down-

regulate TNF effects [206, 207].

Ingenuity pathway analysis (IPA) of genes differentially expressed when comparing
recurring and non-recurring samples was used to identify targets of upstream regulators.

Known inflammatory pathways such as LPS, TNF, and IFNG response were activated.

78



Anti-inflammatory pathways such as TGFBI are also activated, consistent with its role in
mediating peripheral immune tolerance [208]. Conversely, HNF4A pathways are inhibited,
consistent with prior reports indicating a protective effect of gut-specific HNF4A against
DSS colitis [209]. Interestingly, other top pathways included dexamethasone and sex-
hormone regulation by beta-estradiol, progesterone receptor (PGR), estrogen receptor 1
(ESR1), and estrogen receptor 2 (ESR2). The androgen receptor was also predicted to be
an upstream regulator activated in recurring samples, though less significantly than
estrogen receptors in our IPA results. Dihydrotestosterone was also implicated as a highly
significant upstream regulator of recurrence genes (p-value = 1.42E-24), and has recently
been linked to induction of TNF production in monocytes in vivo [210]. In ileal single cell
data from CD patients, we found that genes regulated by dihydrotestosterone are primarily
expressed in fibroblasts, stromal cells, and myeloid cells. Comparing recurrence-related
log2(fold change) between males and females within genes downstream of top regulators
revealed that some of the largest differences occurred in inflammatory pathways like TNF
and in genes regulated by dexamethasone. Similarly, HNF4A and ESR1 response had
larger fold changes in males. However, genes downstream of ESR2 and PGR had

comparable fold change values between males and females.

The sex-related expression differences observed are robust even when different
definitions of recurrence are used. If recurrence is instead defined to be occurring in
samples with Rutgeerts scores i1+ and only 10 samples considered to be non-recurring

males still show more significant expression changes.

Results were replicated using ileal mucosa samples from an Affymetrix GeneChip

microarray study on recurrence risk [211]. Non-recurring female and male sample sets

79



were compared to inflamed recurring samples (28 inflamed recurring vs. 40 non-recurring
for each sex). Logistic regression models were used to assess the relationship between gene
expression and recurrence status, with anti-TNF treatment and smoking status included as
covariates. We found that males again have more significantly differentially expressed
genes compared to females (8,277 genes in males compared to 4,783 in females at a p-
value threshold < 0.05 and 5,226 genes in males compared to 1,601 in females at a p-value
threshold < 0.01). Beta coefficients for each gene are also highly correlated between
females and males in the replication data (Pearson correlation coefficient = 0.622) and have
a higher magnitude when comparing recurring and non-recurring males (trendline slope of

0.438).

Testing for differential expression between inflamed CD cases and non-IBD controls
using ileal RNA-seq data from the RISK pediatric inception cohort [53] gave similar results
to the recurrence analyses, with males showing more pronounced expression differences
in response to inflammation. When comparing 12 non-IBD control samples to inflamed
CD samples collected from males a total of 6,575 genes were differentially expressed with
p-values < 0.1. However, when comparing the same number of female samples there were
only 3,604 genes differentially expressed at the same threshold. The gene signatures were
very consistent, with almost all genes having comparable but reduced log2FC values in
females compared to males. This comparison confirms that the sex bias in gene expression

observed in our dataset is not specific to post-operative ileal samples.

Cell-specific markers were used to calculate cell-type representative first principal
components (PC) in the post-operative ileal bulk dataset. PC1 calculated using the markers

for enterocytes (p-value = 1.58E-8) and goblet cell (p-value = 1.36E-5) clusters were best
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able to separate recurrent and non- recurrent samples when included in logistic regression

models.

Genome-wide, polygenic risk scores (PRS) conferring 3-5 fold increased risk for 3.2-
0.2% of the overall population, respectively have been reported [212, 213]. We calculated
a Crohn’s specific PRS [174] and identified no evidence (p-value = 0.7) for association to

disease recurrence.

To assess whether the cis-regulation of gene expression is conserved between the
sexes or modified by recurrence status, cis-eQTL were identified for genes expressed in
the ileum. A total of 829 independent eQTL were identified at p<0.05, influencing
expression of 594 genes. Effect sizes were highly correlated between males and females,
but surprisingly 212 of the eQTL were in opposite directions, of which 138 had a significant
sex-by-genotype interaction effect at p<0.001. This discordance was not observed in the
RISK study of ileal biopsies and appears to be exacerbated in the post-operative ileal

samples.

To confirm this, the magnitude and sign of the eQTL effects was tested for
equivalence between non-recurrent and recurrent samples. Restricting the analysis to the
eQTL associated with 81 genes differentially expressed in the recurrent cases indicated
further enrichment for opposing sex effects, as 40 genes had the same direction of eQTL
in males and females and 41 had opposite signs. The eQTL with consistent direction of
effect included several with immune functions (notable genes including C6, TNFSF13,
CLCNI, SETD9) whereas several opposite direction eQTL were related to the extracellular

matrix. The strongest example is the matrix metalloproteinase MMP3, expression of which
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is elevated for the major allele at chr11:10279772 in recurrent males, but for the minor
allele in recurrent females, whereas there is no effect of genotype on expression in the non-
recurrent samples. Two-thirds (27/41) of the opposite-sex effect eQTL showed this pattern,
sex bias in gene expression is driven by disease recurrence. In contrast, only 11/40 of the
same-direction sex effects differed in recurrent samples and just six genes showed elevated
directional responses that were consistent in both sexes, one example being C6. Across all
eQTLs with opposite sex effects, 25 of 41 (61%) transcripts are upregulated and for the
largest effect eQTL with opposite sex effects, 19 of 23 (83%) transcripts are upregulated

in recurrence group.

While the previous findings characterized recurring disease mechanisms at the
genetic and transcriptomic level, additional mechanisms like alternative splicing (AS) may
be involved in promoting recurring disease post-surgical intervention. Dysregulation of AS
has been previously implicated across different conditions including CD, characterized by
microbiome dysbiosis, epithelial barrier breakdown, inflammation, and promotion of
fibrosis [45, 60, 214]; however, mechanisms associated with recurring disease are less well
understood. Distinct tissue specific AS events have also been described by Berger et al. by
identifying a “splicopathy” AS signature in individuals with IBD defined as rectal-like
splicing within ileum samples [67]. Evidence from other studies highlighted AS products
as actionable therapeutic targets for intervention [62, 215]. Global regulators of splicing
have been implicated in IBD pathology. Mata-Garrido et al. found that decreased
expression of HP1y lead to increased splicing noise and was associated with ulcerative
colitis [64]. Based on these previous studies, we hypothesize that signatures of

“spliceopathy” and HP1y dysregulation may be mechanisms promoting recurring CD.
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4.2 Materials and Methods

4.2.1 Patient exclusion criteria

Participants were excluded from the study if they underwent ileal resection with
ileal-ileal anastomosis leaving an intact ileocaecal valve, a sub-total or near sub-total
colonic, resection with temporary or permanent diverting ileostomy, or more than two prior

surgeries.

4.2.2 Biopsy preservation and RNA isolation

Endoscopic biopsies were immediately added to RNAlater Stabilization Solution
(Invitrogen AM7022) and stored at 4°C overnight or up to 48 hours. Subsequently, samples
were transferred to -80°C for long-term storage. Samples were shipped in batches to the
University of Minnesota Genomics Center (St. Paul, MN), where RNA isolation was
performed using the Qiagen RNEasy Plus Kit (74192). RNA quality and quantity was

assessed using either Agilent Bioanalyzer or Tapestation analyzers.

4.2.3 Library preparation and sequencing

All samples were normalized to a concentration of either 500ng or 100ng, where
500ng was not available. Samples with RIN scores < 3 were not included in subsequent
steps. Libraries were created using the Illumina Stranded Total RNA Prep, Ligation with
Ribo-Zero Plus (20040529) using corresponding protocol (1000000124514 v01 — v02).

Library quality was assessed using either Agilent Bioanalyzer or Tapestation analyzers and
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additional AMpure bead cleanup (Beckman Coulter A63882) was performed if necessary
to remove unwanted small fragments. Libraries were then pooled and run on a MiSeq Nano
v2 2x150 PE sequencer to ascertain library normalization. Samples were then run on a
NovaSeq S4 2x150 PE v1.0 — v1.5 with a minimum read depth of 70M reads per library

with mean quality scores above Q30.

4.2.4 RNA-seq data collection and QC

Ileal RNA samples were ribo-depleted and sent for paired-end 150 base pair
sequencing using the NovaSeq S4 platform, resulting in 60-70 million reads per sample
(339 samples for 267 unique individuals). Reads were aligned to the human genome (hg38)
using STAR [216] and quantified with RSEM [46] using the nf-core Nextflow pipeline

[217,218].

4.2.5 Differential transcript usage analysis

To perform Differential Transcript Usage (DTU) analysis, isoform fractions (IF)
were calculated as the normalized isoform counts divided by normalized total gene counts.
Isoforms were filtered if the gene is not expressed, >95% of individuals express isoform as
the only isoform of this gene, and >95% of individuals do not express this transcript.
Differentially used isoform fractions (dIF) were calculated as the mean IF in recurring
disease — mean IF in non-recurring disease for each isoform. Isoform fractions considered
differentially used if dIF > +0.1 or <-0.1 with FDR adjustment p-value < 0.05 [219]. Five
samples were excluded from analysis due to either missing recurrence status information

(S44 and S150), or missing smoking status information (S67, S157, and S182).
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Raw data (n =10 ileum, n = 10 rectum from N = 10 individuals) was obtained from
GSE158952 [67]. The Nextflow-RNA-seq workflow from nf-core was performed [217,
218]. The same workflow to calculate differential transcript usage was applied.
Differentially used isoforms were calculated as the mean IF in rectum — mean IF in ileum
for each isoform, identifying the tissue-specific DTUs. The same significance cutoffs were
applied. Principal Components Analysis (PCA) in the post-operative ileum dataset was

performed with the tissue-specific DTUs using prcomp() in R.

4.2.6 Tissue specific differential gene expression analysis

Genes that had a mean normalized expression greater than 5 counts were retained
for downstream analysis. Linear mixed models and an ANOVA test were implemented to
identify log2 normalized tissue specific DEGs. Genes were considered differentially
expressed if the FDR adjusted p-value < 0.05 and log2FC > 1 or < -1. These tissue
specific DEGs were used to perform PCA in the post-operative ileum dataset with
prcomp() in R. Five samples in the post-operative ileum dataset were excluded from
analysis due to either missing recurrence status information (S44 and S150), or missing

smoking status information (S67, S157, and S182).

4.2.7 Tissue associated DEG pathway analysis

The top 100 genes in PC1 and PC4 from tissue-specific PCA analysis were used
in pathway analysis. PC1 pathways were discovered with enrichGO() from clusterProfiler
R package. Pathways with Bonferroni adjusted p value < 0.05 were retained. PC4
pathways were discovered with ToppGene, and pathways with Bonferroni adjusted p

value < 0.05 were retained.
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Gene set enrichment analysis (GSEA) was used to evaluate whether ileum vs.
rectum DEGs had enrichment of the p53 pathway [220, 221]. Genes in the p53 GSEA
pathway were also used to perform PCA in the post-op data at both the gene level and the

1soform level.

4.2.8 Stratification of recurrence status

A logistic regression model was implemented to stratify patients into recurring and
non-recurring disease. PC2 from DTU analysis, PC1 and PC4 from tissue-specific
differential expression analysis, sex, smoking status, age at sampling, race, and batch
were predictors in the model. The data was divided into 5 folds, where recurrence status

was even in each fold, for k-fold cross validation.

4.3 Results

4.3.1 Cohort phenotype/clinical summary and serial sampling

The clinical features of the study cohort are summarized in Table 2 [129]. RNA-seq
data from 339 ileal samples (166 female/173 male) were collected from 268 individuals
with CD. Phenotypic variables are comparable to similar studies [222, 223]: the median
age of the individuals in the study was 33, 41 (25.0%) samples from females and 55
(31.8%) samples from males demonstrated disease recurrence (Rutgeerts scores i2b+), 67
(40.6%) samples from females and 68 (39.3%) samples from males were collected during
current anti-TNF treatment, and 18 (10.8%) females and 14 (8.2%) males were reported to
smoke at the time of sample collection (Table 2), lower than were reported in the REMIND

cohort [222] study, also of post-operative CD recurrence. Recurrence rates between
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females and males are comparable in our study because matched samples were selected for

RNA sequencing to improve power.

The 339 samples which passed QC include 237 samples collected at the 1% endoscopy
(57 of which were recurring), 95 from the 2™ (37 of which were recurring), and 7 from the
3" or later endoscopy (3 of which were recurring). In total, 70 individuals had multiple
samples collected (65 of which were at the first and second endoscopies). Of these, 14 (7
females and 7 males) recurred between post-operative colonoscopies and 7 (2 females and
5 males) changed from recurring to non-recurring. Six individuals started anti-TNF (one
of which recovered from recurrence) and 3 stopped anti-TNF treatment between collected
endoscopies. Four of the 14 individuals who experienced recurrence after the first

timepoint were on anti-TNF and none changed between the two timepoints.

Table 2 Summary of post-op cohort characteristics. RIN = RNA integrity number.

Sample characteristics Female (n=166) Median Male (n=173) Median
(n=339) (IQR) or n (%) (IQR) or n (%)
Age (years) 33 (26.25—-47) 33 (25-41)
Time between diagnosis and
sample collection (years) 9(4-16.75) 11(4-19)
Recurrence (Rutgeerts
scores i2b+) 41 (25.0%) 55 (31.8%)
Use of anti-TNF at time of
endoscopy (yes) 67 (40.6%) 68 (39.3%)
Smoking status (yes) 18 (10.8%) 14 (8.2%)
RIN values 7(59-17.7) 6.7 (5.7-1.6)
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4.3.2 Differential splicing and differential gene regulation demonstrate rectalization

associated with recurrent ileal disease

Given recent evidence that RNA splicing is extensively misregulated in IBD [60,
214], in part in response to down-regulation of the chromatin and RNA-binding protein
HP1y [64], we next asked whether recurrence was associated with differential splicing. A
transition from ileal-like to rectal-like splicing patterns was also described in ileal biopsies
from 2 of 20 pediatric CD patients [67]. Tissue-specific DTU in a publicly available dataset
containing 10 ileum and 10 rectum samples [67] was assessed using the Nextflow RNA-
seq workflow for isoform and gene counts. DTU analysis was performed comparing ileum
vs. rectum samples, identifying 107 rectal DTUs and 96 ileal DTUs. PCA of these 203
DTUs in the post-operative ileal dataset revealed a strong batch effect explaining PCl,
while PC2 was associated with recurrence status (Figure 12A,B). Further analysis showed
that ileal disease recurrence is associated with expression of transcript isoforms more
commonly observed in the rectum (“rectalization”). No significant difference between

males and females was observed with respect to splicing.

Using a similar analysis, apparent rectalization was recapitulated at the gene
expression level (Figure 12C,D) where 383 ileum DEGs and 552 rectum DEGs were
identified. Recurrence status was associated with tissue specific DEGs in PC1 and PC4.
Pathway analysis of the top 100 genes in PC1 highlighted lipid catabolism and
transmembrane trafficking as well as organic ion transport (Figure 12E). Similarly, PC2 of
the DTUs was enriched for lipid metabolism and membrane trafficking. The same pathway
also appeared in aberrantly spliced transcripts associated with gut pathology in CBX3

knock-out mice that do not express HP1y. PC4, by contrast, implicates pathways associated
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with epithelial morphogenesis and extracellular matrix function (Figure 12F), consistent

with the involvement of epithelial and stromal cell populations in CD recurrence.
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Figure 12 Differential transcript usage and expression indicate that recurrence status
is associated with altered splicing biased towards the rectum. (A.) Tissue specific
DTUs are associated with recurrence status. (B.) Violin plots of PC2 scores of samples
with non-recurring (R0) and recurring (R1) disease show median and interquartile
range as boxes, and full kernel density distribution of scores as surrounding shapes.
The significant difference is from a Wilcoxon Rank Sum Test. (C.) Tissue specific
DEGs are associated with recurrence status. (D.) Violin plot of PC1 scores in non-
recurring and recurring disease show recurrence status is associated with tissue
biased expression patterns (Wilcoxon Rank Sum Test). (E.) Pathways enriched in top
100 genes in PC1. Shading represents Bonferroni adjusted p-value. (F.) Pathways
enriched in top 100 genes in PC4. Shading represents Bonferroni adjusted p-value.

A logistic regression model with PC2 from the DTU analysis, PC1 and PC4 from

the differential gene analysis, as well as other controlling variables, had an average AUC



score of 0.75, positive predictive value of 0.7, and negative predictive value of 0.9 after k-

fold cross validation where recurrence is the positive class (Supplemental Figure 10).

The epithelial enrichments (Figure 12F) combined with IPA analysis showing the
most marked enrichment of the p53 pathway in ileal samples with CD recurrence,
motivated PCA analysis of the p53 pathway in the context of the rectalization signature in
ileal recurrence. p53 inhibits cell replication and gut-based studies have traditionally
focused on its role in colorectal cancer, and p53 pathway genes were enriched in genes
differentially expressed in the rectum. PCA analysis of hallmark p53 pathway genes
showed that PC2 was able to separate recurrent and non-recurrent ileal samples (p = 1.1E-

7).

4.4 Discussion

Transcriptomic analysis of post-operative ileal biopsies from 268 CD patients taken
six months or more after bowel resection indicates large-scale gene expression remodeling
in the approximately one third of individuals who experience recurrent disease. Differential
expression is highly correlated between the sexes, but notably more pronounced in males.
The consequence of these changes in gene expression appears to be pro-inflammatory, with
lipopolysaccharide, tumor necrosis factor, and interferon-y pathways all activated;
induction of regulatory pathways, such as TGFB1 highlights the interplay of pro- and anti-
inflammatory pathways in disease progression. Interferon-y pathway genes, including
CXCL9, were also top serum markers of recurrence in the post-operative CD ileal
proteome [128]. High OSM expression has previously been linked with failure of

infliximab and golimumab treatments [224] and was identified to be specifically
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upregulated in male patients but not females after recurrence, which may help to explain
why some studies have found that males are more likely to recur and help to improve

treatment plans based on patient sex.

The observed sex bias in gene expression might be attributed to sex hormone
(dihydrotestosterone, estradiol, estrogen, progesterone, and androgen) activity since genes
in these pathways are enriched among recurrence-related genes. In Western populations
females have a higher risk of CD than males only after puberty [225], and these pathways
have previously been linked to post-pubertal IBD [226, 227]. While our study
demonstrated that males are only slightly more likely to experience recurrence (37% versus
30%), a similar European study demonstrated a 2.48-fold increased clinical recurrence rate
in males [222]. Interestingly, the 41 genes that show opposite direction effects in the cis-
eQTL analysis are as much as two-fold enriched within these pathways. Since these genes
are linked to functions such as extracellular matrix deposition, itself implicated in fibrotic
disease, whereas cis-regulation of immune activity tends to show the same effects in males
and females, epithelial dysregulation is implicated. Furthermore, we see that genes
associated with goblet cell and enterocyte cell populations in single cell data are the most
strongly associated with recurrence. While sampling of ulcer edges demonstrates the
highest transcriptional remodeling [228], development of risk for recurrence scores based

on goblet cell and enterocyte transcripts from intact mucosa may be important.

Another aspect of dysregulation is altered splicing involving genes that regulate lipid
metabolism and membrane trafficking among other processes. One possibility is that
aberrant splicing in stem cells biases epithelial cell differentiation toward fates less

commonly observed in the ileum, contributing to increased likelihood of recurrent disease.
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Many of these genes are also differentially expressed in recurrent disease samples and have
been identified as targets of the chromatin and RNA-binding protein HP1y which is known
to be down-regulated in the presence of pro-inflammatory microbes. This regulator thus
emerges as a potential therapeutic target for prevention of recurrence, though we note a
limitation of the study is that the biopsies were obtained mostly after onset of recurrent

disease.

Given the differences between recurring and non-recurring disease, we sought to
evaluate the ability of these gene expression signatures to stratify these patients. A logistic
regression model with PC2 from the DTU analysis, and PC1 and PC4 from the differential
gene analysis, as well as other controlling variables, had an average AUC score of 0.75,
positive predictive value of 0.7, and negative predictive value of 0.9 after k-fold cross
validation where recurrence is the positive class (Supplemental Figure 10). This model
suggests that patients with recurring vs. non-recurring disease can be stratified based on
altered splicing and gene expression factors that also distinguish the ileal and colorectal

compartments.

A second potential limitation is that the analysis is of bulk biopsy samples rather than
single cell level profiling. However, given the ease of sampling from multiple recruiting
sites, combined with the continually lowering costs of sequencing, it may be feasible to
develop molecular RNA marker sets more predictive of disease recurrence than current
clinical measures. Many extant IBD-based single cell datasets estimate cell-type
abundances after cell dissociation. Epithelial cells disproportionately die with dissociation;

given the particularly significant contributions of enterocytes and goblet cells in our present
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recurrence signatures, we regard bulk RN A-seq analyses as being complementary to single

cell approaches.

Finally, polygenic risk scores for CD were not associated with disease recurrence,
with well-known clinical factors, like post-operative anti-TNF use being much more
impactful. Partitioned polygenic risk scores based on multiomic single cell data may be
more relevant [229]. Women are more likely to develop Crohn’s disease after puberty
[225]; the non-replication of the sex discordant eQTLs in the pediatric onset cohort
highlights the complex contributions of age, sex, disease duration and treatment history in
linking genetics with bulk RNA-seq data. Some genome-wide association studies of
disease progression have been reported, notably in chronic kidney [230] and
neurodegenerative diseases, albeit with substantially fewer genetic associations compared
to susceptibility trait GWAS. The present study suggests key covariates and pathways
associated with CD recurrence, some of which are distinct from disease susceptibility risk
factors. A fundamental challenge in Crohn’s disease management over time is the frequent
loss of response to biologic therapies; response rates for initial biologics often form a
ceiling for response to subsequent drugs with different mechanisms of action [231-234].
This may reflect epigenetic and/or stem cell alterations, combined with limitations of pro-
inflammatory cytokine blockade via monoclonal antibodies or JAK-level inhibition. This
study’s novel implication of numerous nuclear hormone pathways in CD recurrence,
highlights potential new mechanisms for therapeutic targeting beyond pro-inflammatory

cytokine blockade.
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CHAPTER 5. CORRELATED MULTI-OMIC SIGNATURES
INFORM POTENTIAL CLINICAL STRATIFICATION IN POST-

OPERATIVE CROHN’S DISEASE

5.1 Introduction

Crohn’s disease (CD) is characterized by chronic transmural inflammation
commonly affecting the small and large intestine. While etiology remains unknown,
interactions between the immune system, microbiome, and genetic susceptibility most
likely play a role in disease manifestation [1, 8]. Different therapeutic strategies are
employed to treat and manage disease based on severity, with the primary objective to
induce mucosal healing [235, 236]. Disease management strategies include dietary
modifications, corticosteroids, antibiotics, immunomodulators, and biologics such as anti-
Tumor Necrosis Factor (anti-TNF) therapy [237, 238]. Despite improved outcomes in the
post-biologic era, approximately half of all patients require surgical intervention within ten
years of diagnosis [239]. Surgery is not curative, and approximately 17%-55% of
individuals experience recurring disease, defined as the appearance of new lesions after
bowel resection, within five years post-operation (post-op) [129, 240-243]. Risk factors for
recurring disease after intestinal resection include smoking, history of CD-related surgery,
penetrating disease complications, and younger age [239, 244, 245]. We (Hernandez-
Rocha et al. [129]) also identified male sex and non-European ancestry to be associated
with increased risk of recurring disease, while anti-TNF use after surgery was associated
with decreased risk of recurring disease, in addition to the previous risk factors described.

To identify potential biomarkers associated with post-op disease recurrence, a cohort of
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individuals with CD was recruited and both serum proteomics and ileal biopsy RNA-

sequencing (RNA-seq) analyses were performed.

Various biomarkers and disease scores are used to evaluate disease activity. The
Rutgeerts score is commonly utilized to evaluate disease course following ileocolonic
resection based on severity of lesions [246, 247]. Usually those with Rutgeerts score > i2
are considered to have recurring disease [246]. A modified Rutgeerts score has been
proposed, separating i2 into two groups: i2a characterized by anastomotic lesions and i2b
characterized by lesions in the terminal ileum, associated with disease recurrence [248,
249]. Biomarkers such as C-reactive protein (CRP) or fecal calprotectin have been utilized
to monitor intestinal inflammation; however, these biomarkers lack specificity to recurring
disease and have poor correlation to the Crohn’s Disease Activity Index (CDAI) scores
[238, 244, 250]. Non-invasive biomarkers to monitor disease recurrence should facilitate
optimized disease management. To this end, proteomic and RNA-seq approaches provide
an opportunity to improve patient stratification and discover potential biomarkers of

disease recurrence.

Inflammatory bowel disease (IBD)-related proteomic studies have been performed
to investigate underlying disease pathology, identify potential therapeutic targets and
disease biomarkers, and stratify patients. Previous proteomic studies with serum or plasma
samples identified IBD subtype biomarkers and found varying classification accuracy of
CD vs. Ulcerative colitis (UC) using protein levels which were dependent on primary
disease location in individuals with CD [127, 251, 252]. These results further reinforce the
importance of identifying tissue-specific therapies. Additional studies have been performed

to characterize the association between therapy and specific protein levels in individuals
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with IBD. Zwicker et al. (2017) performed a pilot study to investigate proteomic profiles
of serum before and after IBD patients were treated with vedolizumab, which binds to a, [,
integrin [253]. These results revealed remodeling of proteomic profiles after therapy and
proposed CCL13 as a potential marker for response to vedolizumab [253]. Comparison of
inflammatory proteomic profiles before treatment between anti-TNF responders and non-
responders showed increased expression of several proteins associated with non-response,
in line with increased immune activation playing a role in response to therapy [254].
Investigation of other treatment methods for pediatric IBD, such as exclusive enteral
nutrition (EEN), showed that the traditional Type 1 Helper T cell profile associated with
CD and Type 17 Helper T cell profile for UC, suggesting alternative disease mechanisms.
In this cohort, protein expression data were used to stratify IBD subtypes and predict
response to EEN, with a more focused analysis among CD patients suggesting that those
with ileal involvement may respond better to EEN than those with colonic CD [255].
Granno et al. were also able to predict development of CD and UC based on protein
expression levels [256]. Proteomic studies to investigate disease recurrence in post-op
individuals with CD have also been reported. Our group (Walshe et al. [128]) identified
strong associations between increased CXCL9 and MMP1 expression and higher Rutgeerts
scores in a post-op CD cohort, with elevated CXCL9 and CXCL11 expression having the
strongest association with higher Rutgeerts scores within the anti-TNF-treated group.
Collectively, these studies indicate that proteomic profiling could serve as a valuable
clinical tool for biomarker discovery, disease monitoring, and patient stratification for

individuals with IBD.
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While important CD-related discoveries have been made with proteomics and
transcriptomics alone, incorporating both modalities may improve biomarker recognition
and uncover additional pathological mechanisms associated with disease progression [257,
258]. While modest correlation between RNA and protein expression has been observed
across tissues [125, 259], Koussounadis et al. also noted increased correlation between
differentially expressed genes (DEGs) and protein expression [124]. Preto et al. also
performed an integrative analysis of intestinal biopsy RNA-seq data and plasma proteomics
from individuals with IBD. In this analysis, they were able to classify CD vs. UC patients
and identify subgroups of donors within UC and CD [260]. One of the aims of this work is
to perform a comparative analysis between ileal transcript and serum protein expression to
gain insight to post-op disease recurrence and how these signatures may be leveraged for
patient stratification. The other aim of this study is to investigate potential sex differences
associated with recurring disease at the proteomic level since sex-biased differences were

observed in recurring disease at the transcriptomic levels [Gettler et al, submitted].

In this work, we identify DEPs and DEGs associated with disease recurrence and
anti-TNF use while observing sex-biased protein expression with respect to recurring
disease. Furthermore, in a comparative analysis between ileal RNA-seq described by
Gettler et al. [261] and described in Chapter 4, and serum protein expression described by
Walshe et al [128], hierarchical clustering of correlation patterns revealed two patient
subgroups for whom transcript and protein abundance correlated with clinical phenotypes.
Lastly, a logistic regression model using the correlated expression patterns was

implemented to stratify patients based on recurrence status.

5.2 Materials and Methods
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5.2.1 Patient recruitment and data collection

A full description of the patient cohort for this study is described in Hernandez-
Rocha et al., Walshe et al., and Chapter 4 of this thesis [128, 129]. Briefly, adult patients
diagnosed with Crohn’s disease were prospectively recruited across Genetic Research
Centers (GRCs) in affiliation with the NIDDK Inflammatory Bowel Disease Genetics
Consortium (IBDGC). The centers include Icahn School of Medicine at Mount Sinai New
York, Cedars-Sinai Medical Center Los Angeles, University of Pittsburgh, Johns Hopkins
University, Mount Sinai Hospital Toronto, and University of Montreal. These patients were
undergoing ileocaecal or ileocolonic resection, and only patients with confirmed ileal
disease were included in the study. Exclusion criteria included ileal-ileal anastomosis with
intact ileocaecal valve, colonic resection, temporary or permanent diverting ileostomy, and
more than two prior surgeries [128, 129]. This study only included samples from the first
endoscopy with known Rutgeerts score documented during endoscopy. Those with
Rutgeerts score >12b were considered to have recurring disease while those with Rutgeerts
score < i2a were considered to have non-recurring disease [262]. The total number of
individuals at first endoscopy used in the study was n = 120 in the proteomics dataset (29
with recurring disease and 91 with non-recurring disease) and n = 235 in the RNA-seq
dataset (56 with recurring disease and 179 with non-recurring disease). There were n = 79
individuals (62 with non-recurring disease and 17 with recurring disease) that had both

proteomics and transcriptomics data available at first endoscopy.

5.2.2 Sample preparation and RNA sequencing
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Serum samples collected on day of colonoscopy were processed with the Olink
proteomics inflammation panel (v. 3012) which quantifies abundance of 92 proteins by
virtue of DNA barcodes linked to antibodies to each protein. Due to changes in the panel
during sample processing, only 91 proteins were considered in downstream analyses. A
full description of sample preparation for Olink proteomics is described in Walshe et al.

[128].

Ileal biopsies were obtained and preserved at -80°C for long term storage. Library
preparation was performed using the Illumina Stranded Total RNA Prep, Ligation with
Ribo-Zero Plus (20040529) with protocol 1000000124514 vO1 — v02. The cDNA was
sequenced on the NovaSeq S4 platform. Reads were aligned to the human genome (hg38)
with STAR [216] and quantified with RSEM [46] using the nf-core RNA-seq Nextflow
pipeline [217, 218]. A full description of sample and library preparation for RNA-seq data

is found in Chapter 4 of this thesis.

For the most direct contrast of gene and protein expression, a subset of 90 matching

gene-protein pairs were analyzed only in patients who donated both sample types.

5.2.3 Differential expression analysis

Differential protein expression analysis was performed on a sample of n = 120
subjects with m = 91 proteins considered. A mixed linear regression model was fit using
the open source R code /me4 (v 1.1-35.1) on log2 normalized protein expression (NPX).
Fixed effects included recurrence status, anti-TNF use, sex, and sample age (in years at
time of assay) with GRC as a random effect. Protein expression was modeled as the

outcome variable. P-values obtained from each model were corrected for multiple testing
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with Benjamini-Hochberg (BH) false discovery rate (FDR) correction. Proteins
significantly associated with a given fixed effect variable (FDR adjusted p-value < 0.05)
from the linear regression model were selected for post-hoc testing with the emmeans()
function which performs two-sided t-tests on the estimated marginal means of proteins in
the data. Comparisons of differential protein expression were performed for recurrence
status, anti-TNF use, and sex separately. The same framework was implemented to
investigate the interaction between recurrence status and sex. Two models were considered,
the first including recurrence status, sample age, sex, the interaction between recurrence
status and sex, and GRC as a random effect. The second model included the addition of
anti-TNF use with the other fixed and random effects as previously described. The
interaction between recurrence status and sex was evaluated using the Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC) applied to the first model.
Subsequently, pairwise comparisons of proteins associated with the interaction between
recurrence status and sex at FDR adjusted p value < 0.05 was performed with emmeans().
If proteins were significantly associated with one of the comparisons, they were considered

differentially expressed.

A similar workflow was used for the differential gene expression analysis for
consistency. For the linear regression models per gene, n =235 subjects and m = 90 genes
with log2 normalized transcriptomic data were used. Fixed effects included recurrence
status, anti-TNF use, sex and GRC as a random effect. After BH FDR correction,
significant genes were considered for post-hoc analysis (two-sided t-tests) with the
emmeans() function. Pairwise comparisons of genes associated with a particular variable

was performed as previously described. The interaction between recurrence status and sex
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was evaluated with recurrence status, sex, and interaction between recurrence status and
sex as the fixed effects and GRC as a random effect. Post-hoc analyses were performed
with emmeans() and genes with BH FDR corrected p-value < 0.05 were considered

differentially expressed.

5.2.4  Batch effect correction

A strong batch effect was identified by performing principal component analysis
(PCA), since PC1 was significantly associated with GRC and anti-TNF use for both the
proteomic and transcriptomic data (one way ANOVA p value < 0.05). PCA was also
performed in the proteomic data (n = 120) for anti-TNF use and no-anti-TNF use
separately. PC1 was significantly associated with GRC (one way ANOVA p value <0.01).
This batch effect was corrected for in the proteomics data with ComBat [263] which uses
an empirical Bayes framework on normalized data to adjust for known sources of technical
variation. Recurrence status was implemented in the model matrix as the outcome of
interest. Similarly, the transcriptomic data batch effect was corrected using ComBat-seq
[264], which uses the raw count data for batch effect correction. ComBat-seq implements
a negative binomial regression model to estimate batch effects [264]. Again, GRC was the
batch covariate and recurrence status was used as the outcome of interest. The correlation

and group stratification analysis utilized the batch effect corrected data.

5.2.5 Correlation analysis

Spearman correlation was computed to understand coordination between ileal gene
expression and serum protein expression. The batch effect corrected, log2-normalized and

scaled (across donor) gene and protein expression values were used for this analysis.
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Donors with both transcriptomic and proteomic information (n = 79 subjects) and the same

gene-protein pairs (m = 90) were included.

Spearman correlation was evaluated between direct gene-protein pairs to identify
gene-protein pairs with BH FDR adjusted p value < 0.05. Hierarchical clustering of gene
and protein correlations using Euclidean distance and the “complete” clustering method
with the pheatmap R package (v. 1.0.12) was implemented to investigate patterns of
correlated gene and protein expression. Hierarchical clustering was also performed using
correlation distance and “complete” clustering method. Similar clusters of genes and
proteins were identified. There were 30 Group A genes, 25 Group B genes, 18 Group 1
proteins, and 20 Group 2 proteins shared between each hierarchical clustering approach.

The number of clusters was identified using the within sum of square metric.

This analysis was also performed on the non-batch-effect corrected data with the

same methodology as previously described.

5.2.6 Permutation test

To ensure that correlation patterns between gene and protein expression were
greater than random expectation, a permutation test was performed on the log2-normalized,
batch effect corrected, and scaled data. Protein labels were randomly permuted, and the
Spearman correlation was computed for direct gene-protein expression patterns. This
process was repeated a total of 10 times. Pseudo p-values were computed as the proportion

of permuted correlations as or more extreme than real correlation (Supplementary table 1).

5.2.7 Group comparison
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To investigate variables associated with clusters identified from the hierarchical
clustering analysis, two separate approaches were implemented. The first approach was to
create a “donor score” by computing the average expression of batch corrected, log2
normalized, and scaled (z-score) of genes in group A or B, as well as proteins in group 1
or 2. Next, a Wilcoxon rank sum test performed for each group to test for association
between “donor score” and variables of interest (recurrence status, anti-TNF use, sex, and
disease behavior). A variable was considered significantly associated with the “donor
score” if the BH FDR adj. p value was < 0.05. The second approach was to compare gene
or protein expression within each group using a Wilcoxon rank sum test for each of the
variables previously tested. P-values were again adjusted using BH FDR correction with p

value < 0.05.

To further confirm group stratification based on gene and protein expression
correlation patterns, the same groups of genes/proteins were used to compute donor scores
for the donors not in the direct transcriptomic-proteomic comparison. Again, log2-
normalized, scaled, and batch effect corrected data were used in this analysis. For the
proteomics data, n =41 donors (21 donors with non-recurring disease and 12 donors with
recurring disease) were included. For the transcriptomic data, n = 156 donors (117 donors
with non-recurring disease and 39 donors with recurring disease) were included. The same
variables listed previously were evaluated for association with donor score using the

Wilcoxon rank sum test.

5.2.8 Recurrence status stratification
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To stratify recurrence status based on groups identified from hierarchical clustering
analysis, a 3-fold cross validation logistic regression model was performed. First, PCA was
performed on group A and B genes and group 1 and 2 proteins. PCs 1-5 from group A and
B genes and group 1 and 2 proteins were used as variables in the logistic regression model.
Youden’s J index (sensitivity + specificity — 1) was used as the model’s accuracy threshold.

The positive class was recurring disease.

5.3 Results

5.3.1 Cohort description

A cohort of adult patients (17-75 years old) diagnosed with Crohn’s disease (CD)
was recruited prospectively across six genetic research centers (GRC) in North America
under the auspices of the Inflammatory Bowel Disease Genetics Consortium (IBDGC)
network. This cohort includes patients with confirmed ileal disease undergoing ileocaecal
or ileocolonic resection (methods). Those with Rutgeerts score >i2b were considered to
have recurring disease after surgery. Only individuals with data from first colonoscopy
were retained for this analysis. Additional patient metadata is described in Chapter 4,

Hernandez-Rocha et al. and Walshe et al. [128, 129].

Protein abundance in serum samples collected at time of colonoscopy was assessed
by barcode sequencing with the Olink proteomics inflammation panel. Ileum pinch
biopsies were also collected at time of colonoscopy and subjected to RNA-sequencing
(methods) [128, 129]. In total, there were 120 individuals with proteomic information and
235 individuals with transcriptomic information at time-of-first colonoscopy. For the

proteomics cohort, there were 29 donors (9 Female and 29 Male) with recurring disease
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and 91 donors (41 Female and 50 Male) with non-recurring disease, and 36% of donors
were taking anti-TNF at time of colonoscopy (43 donors on anti-TNF). For the
transcriptomics cohort, there were 56 donors (21 Female and 35 Male) with recurring
disease and 179 donors (88 Females and 91 Males) with non-recurring disease, with 41%
of donors on anti-TNF treatment (96 donors on anti-TNF). A subset of these individuals
had both proteomic and transcriptomic information, for a total of 79 individuals (non-
recurring: 28 Females and 34 Males, recurring: 6 Females and 11 Males) included in a

comparative analysis.

5.3.2  Serum protein expression implicates recurring disease sex bias

After observing sex bias with respect to recurring disease at the transcriptomic level
(Chapter 4) and some clinical characteristics [129], we were motivated to investigate
whether sex bias was also observed at the proteomic level. In order to study the potential
interaction between recurring disease and sex, we first established baseline protein
expression differences across recurrence status and sex using linear regression models
while controlling for anti-TNF use and sample age with GRC as a random effect (methods).
Proteins significantly associated with disease recurrence, anti-TNF, or sex, while
controlling for other variables after FDR p-value adjustment (adj.) < 0.05 were then
considered for post-hoc analysis. A protein was considered differentially expressed if the
association between protein expression and the variable of interest had an FDR adj. p-value
< 0.05 after post-hoc analysis (methods). Differential protein expression analysis revealed
that IL6 and MMP-1 were significantly associated with recurrence status, and
unsurprisingly, had elevated expression in the donors with recurring disease (Figure 13A).

Both proteins have been previously associated disease activity and increased disease
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severity [265-267]. Differentially expressed proteins (DEPs) associated with sex include
CXCLS5, FDF-21, Ft31, IL5, OPG, and TRAIL (Figure 13B). Interestingly, TRAIL, part of
the TNF family, is the only protein with increased expression in males [268]. TRAIL may
have a dual pro-inflammatory and pro-apoptotic role in CD pathophysiology depending on
environmental conditions and has been previously associated with upregulation in

mononuclear cells during inflammation [269, 270].
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Figure 13 Sex-bias associated with recurring disease at the proteomic level. (A) DEPs
associated with recurrence status in n =120 donors. (B) DEPs associated with sex. (C)
DEPs associated with the interaction between recurrence status and sex show
expression differences between males and females within non-recurring disease. (D)
DEPs associated with the interaction between recurrence status and sex show CCL3
expression difference within females. ** indicate significantly differentially expressed
after post-hoc FDR adjusted p value correction. R0 = non-recurring, R1 = recurring,
F = female, M = male, NPX = normalized protein expression.
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After identifying DEPs associated with recurrence status and sex, we next
investigated the interaction between these two variables. Again, linear regression models
were implemented to investigate the interaction between recurrence and sex (methods).
After post-hoc analysis of the interaction model, DEPs were associated with sex within
non-recurring individuals (Figure 13C) and in one case, difference in expression between
female recurrence status (Figure 13D). These results further validate sex-bias observed
across recurrence status at the proteomic level, though the extent of the bias is much less
than characterized in the full ileal RNA-seq data [261] both in terms of number of DEPs

and magnitude of the bias.

Since biologic therapies may affect proteomic profiles [253, 254], we next
investigated DEPs associated with anti-TNF use. There were seven DEPs associated with
anti-TNF use (Supplemental Figure 11A). As expected, each of these proteins had higher
expression in individuals who were not taking anti-TNF medication [25, 236]. Notably,
CXCL9 was significantly associated with anti-TNF use. This protein has been associated
with reduced levels after biologic therapy previously as well as with increased expression
in individuals with CD [252, 265]. These findings further support the role of CXCL9 as a

clinically important protein in CD pathogenesis.

5.3.3 lleal gene expression associated with recurring disease and anti-TNF use

To support our proteomic analysis, we also performed a complementary differential
gene expression analysis. Similar linear regression models and post-hoc analyses were
implemented (methods). There were 22 differentially expressed genes (DEGs) associated

with recurrence status after post-hoc analysis (16 DEGs upregulated in recurring disease
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and 7 DEGs upregulated in non-recurring disease) (Figure 14A). Interestingly, IL6 and
MMP-1 were both DEPs and DEGs associated with recurring disease. IL10RA was the only
DEG associated with sex (Figure 14B) in this restricted set of genes. It has also been
implicated in very early onset IBD [271, 272]. No DEGs were associated with the
interaction between recurrence status and sex. Similar results were obtained when
identifying DEGs associated with anti-TNF use (Supplemental Figure 11B). Again,
CXCL9 was upregulated in non-anti-TNF users. Additionally, differential expression of
CCL4, CXCL10, and TNFRSF9 were associated with anti-TNF use in both the proteomic
and transcriptomic data (Supplemental Figure 11). The similarity between ileal gene
expression and serum protein expression prompted us to investigate the potential

correlation between these expression patterns.
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Figure 14 Differentially expressed genes associated with recurrence status and sex.
(A) DEGs associated with recurrence status for n = 235 donors. (B) DEG associated
with sex. RO = non-recurring, R1 = recurring, F = female, M = male.

5.3.4 Correlation between ileal gene expression and serum protein expression

To investigate coordinated patterns of expression in the ileum and serum, we
analyzed 90 gene-protein pairs from 79 donors with both gene and protein expression data.
Prior to correlation analysis, principal component analysis (PCA) was performed which
revealed a strong batch effect associated with GRC in both datasets (Supplemental Figure
12A,B). This batch effect in both data modalities was driven by low anti-TNF use in
Canadian GRCs (51/69 donors not on anti-TNF in Canada whereas 26/52 donors are not
on anti-TNF in the US). PCA performed the proteomic data of anti-TNF users vs. non-anti-

TNF users separately continued to show strong batch effect associated with GRC in PC1
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(p value < 0.01). ComBat [263] was used to correct for batch effect in the proteomic data
whereas ComBat-seq [264] was used to correct for batch effect in the transcriptomic data
(methods). Subsequently, the batch effect corrected data were used for the correlation

analysis.
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Figure 15 Correlation between ileal gene expression and serum protein expression.
(A) Distribution of spearman correlation between each gene-protein pair. (B)
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Hierarchical clustering of pairwise comparisons of Spearman correlation values
between ileal gene expression and serum protein expression. X-axis: proteins with
Group 1-3 labeled, Y axis: genes with Group A-C labeled.

Spearman correlation was first performed for the matching gene-protein pairs (e.g.
correlation between CXCL9 gene and CXCL9 protein, methods). The mean correlation
across these pairs was just 0.06, not surprisingly since they are from different tissue
sources. Figure 15A shows the distribution of matching gene-protein pair correlations.
Many pairs had little correlation, and a few gene-protein pairs had modest correlation
around 0.20 [125, 259]. The top correlated gene-protein pairs include ADA, CXCL9, and
IL17 (FDR adj. p value < 0.05). To ensure that the observed correlation patterns were
greater than random expectation, a permutation analysis was performed (methods). The
null hypothesis was that there was not a difference between observed and permuted
correlation and the alternate hypothesis was that there was a difference in the correlation
distributions Briefly, the protein labels were randomly permuted 10 times, and the gene-
protein pair correlation was computed for each permutation. The permuted correlation
distribution was qualitatively different from the observed correlation distribution
(Supplemental Figure 13A,B) as seen in the rightward shift of the observed distribution
relative to all permutation sets, including a shoulder of relatively high positive correlations.
14 gene-protein pairs had a nominally significant pseudo p-value < 0.10, with ADA,
CXCL9Y, and IL17A being three of the 14 gene-protein pairs that remained significantly
correlated after the permutation analysis (Supplemental Table 3). Overall, these results
nevertheless are consistent with correlated regulation of a minority of the gene-protein

pairs across the serum proteome an ileal transcriptome.
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To further examine the coordinated gene and protein expression patterns, pairwise
correlations were computed for all proteins and transcripts. Figure 15B shows a heatmap
of the hierarchical clustering results (methods) of these pairwise comparisons. Hierarchical
clustering identified 3 gene clusters (Group A-C) and 3 protein clusters (Group 1-3) which
were robust to the choice of clustering algorithm (methods). Group A and Group 1 (Group
Al) contained 12 matching gene-protein pairs and Group B and 2 (Group B2) contained 7
matching gene-protein pairs. Similar results were obtained when using the non-batch-effect
corrected data to compute correlation and perform hierarchical clustering analysis with
pairwise correlations. After identifying these distinct groups of correlated expression
patterns, we were next interested in identifying potential clinical factors associated with

these patterns.

5.3.5 Correlated groups of genes and proteins stratify donors

Two approaches were taken to investigate the clinical factors associated with
GroupA[1 or GroupB2 clusters. The first approach was to compute a “donor score,” defined
as the mean of the batch corrected, normalized, and scaled expression value of genes or
proteins identified in each group, calculated per donor. Wilcoxon rank sum tests were then
used to assess whether donor scores for each group were associated with different clinical
factors (methods). Group A donor score was significantly (FDR adj. p value < 0.05)
associated with recurrence status and anti-TNF use (Figure 16A). Group 1 donor score was
nominally significant (unadjusted p value < 0.05) with anti-TNF use (Figure 16B). Group
A and 1 donor scores had similar trends where donor score was higher in recurring disease
and no anti-TNF use. Group B donor score was significantly associated (FDR adj. p value

< 0.05) with recurrence status and anti-TNF use (Figure 16C), whereas Group 2 was not
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associated with either variable (Figure 16D). Group B had higher donor scores for anti-

TNF use and non-recurring disease, showing the opposite trend from GroupAl donor
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Figure 16 Coordinated gene and protein expression stratify groups of patients. (A)
Donor z-score for Group A gene expression. (B) Donor z-score for Group 1 protein
expression. (C) Donor z-score for Group B gene expression. (D) Donor z-score for
Group 2 protein expression. (A-D) (Left) stratified by anti-TNF use. (Right) stratified
by recurrence status. R0 = non-recurring, R1 = recurring.

The donor scores were also computed for the same protein and gene sets on the
other individuals not included in the joint gene-protein expression analysis (n = 41 donors
with proteomic data and n = 156 donors with transcriptomic data, methods). The general
trends were recapitulated for the other donors. Group A was significantly associated (FDR

adj. p value < 0.05) with higher donor scores for recurring disease. Group 1 donor score
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was not significantly associated with recurrence status or anti-TNF use, but the same trend
previously described was observed. Recurrence status and anti-TNF use were not
significantly associated with Group B or 2 donor scores, but again, the same trends
described earlier were observed. Taking these results together, correlation patterns of gene

and protein expression have the potential to stratify donors into clinically relevant groups.

An alternate approach involved direct comparison of gene or protein expression
within each Group to associated clinical variables with a Wilcoxon Rank Sum test
(methods). Within Group A, 19 of the 31 genes in this group were significantly upregulated
in those not on anti-TNF and 10 of the 31 genes were significantly upregulated in those
with recurring disease (FDR adj. p value < 0.05, Supplemental Figure 14A,B). All but one
gene, CXCL5, were associated with both anti-TNF use and recurrence status (Supplemental
Figure 14A,B). Two proteins from Group 1, CXCL9 and TNFRSF9, were significantly
associated with anti-TNF use, and SLAMFI1 was significantly upregulated in males
(Supplemental Figure 14C,D). While no Group 2 proteins were significantly associated
with recurrence status, 5 genes from Group B were significantly upregulated in those on
anti-TNF therapy (Supplemental Figure 14E). These results complement the donor scores
that were computed to understand the coordinated ileal gene and serum protein expression

patterns.

5.3.6 Recurrence status stratification

We next asked whether the group signatures could stratify donors based on
recurrence status. First, PCA was performed using genes in Group A and B and using

proteins in Group 1 and 2 (methods). PC1 from Group A and B genes was significantly
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associated with anti-TNF use and recurrence status (student’s t test < 0.05, Supplemental
Figure 15A). PCI1 from Group 1 and 2 proteins was also significantly associated with anti-
TNF use (student’s t test, p value < 0.05, Supplemental Figure 15B). A 3-fold cross
validation logistic regression with PCs 1-5 from the gene expression PCA and protein
expression PCA was implemented to see whether patients would stratify based on recurring
disease (methods, Figure 17). The mean area under the curve (AUC), specificity and
sensitivity measures across each fold were 0.63, 0.70, and 0.26, respectively. Overall, the
model did not have sufficient predictive power to establish predictive utility with this small

sample size, so independent empirical replication is needed.
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Figure 17 ROC curves of 3-fold cross-validation of logistic regression models with
PCs 1-5 of gene and protein group signatures. ROC = receiver operating
characteristic, AUC = area under the curve.

5.4 Discussion
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While anti-TNF therapy has improved disease prognosis, many individuals with CD
still require surgical intervention at some point during disease course [239, 243].
Sequencing technological advancements have enabled biomarker discovery for disease
classification and potential therapeutic targets; however, specific, non-invasive biomarkers

related to post-op disease recurrence are needed.

Differential expression analysis was leveraged to investigate potential sex-biased
protein expression given our recent observations in recurring CD at the transcriptomic
level. This analysis revealed that there were a few instances of sex-biased protein
expression in recurring CD, though specifically within non-recurring CD (Figure 13C).
Notably the set of proteins on the Olink panel are underrepresented in the sex-biased ileal
transcript list, so this analysis is not globally representative of sex differences in serum
proteins. Nevertheless, previous studies have implicated CCL3 and CCL4, known as
macrophage inflammatory proteins, in promoting pro-inflammatory processes through
increased neutrophil accumulation in the colon [273-275]. Leveraging CCL4 as a potential
therapeutic strategy has been demonstrated by Gong et al. by conjugating CCL4 with
nanoparticles which bind to CCRS effectively alleviating IBD associated inflammation in
experimental models of colitis [276]. Interestingly, [L24 was enriched in females with non-
recurring disease (Figure 13C). IL24 may have a protective role in CD by suppressing
inflammation, potentially engaging pro-fibrotic processes to initiate compensatory
mechanisms, attempting to restore homeostasis [277, 278]. CCL3 was also differentially
expressed between females with recurring and non-recurring disease, highlighting disease

heterogeneity (Figure 13D). Further studies are needed to evaluate the consistency of these
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observations and to refine the mechanisms responsible for a sex-biased role of these

proteins in therapeutic response.

In addition, the serum proteomics differential expression analysis identified marked
enrichment of proteins associated with anti-TNF use relative to recurring disease. Proteins
elevated in recurring disease are involved in pro-inflammatory and pro-fibrotic processes
which could lead to more progressive disease [279, 280]. Additionally, proteins elevated
in patients not using anti-TNF biologics were associated with pro-inflammatory disease
mechanisms [273, 281-285]. Our study further supports the role of CXCL9 and CXCL10
in disease recurrence, consistent with studies showing these proteins contribute to disease
pathogenesis and potentially influence therapeutic efficacy [128, 282, 286, 287]. Despite
previous studies that have reported varying degrees of success utilizing serum biomarkers
to monitor CD activity [288-290], our results suggest that serum biomarkers may be useful
to monitor post-op therapeutic efficacy in individuals with recurring CD. Future studies are
needed to assess whether CXCL9 and CXCL10 are predictive of therapeutic response in

the post-op setting.

Differential gene expression analysis complemented the differential protein
expression analysis. DEGs associated with higher expression in non-recurring disease
generally have a protective effect by initiation of tissue repair in CD [291-297]; however,
over expression may lead to fibrosis or angiogenesis in certain cases [298, 299].
Alternatively, DEGs associated with higher expression in recurring disease were generally
involved in pro-inflammatory and pro-fibrotic mechanisms [253, 266, 282, 300-306]. Even
though there was not a significant interaction between sex and recurrence status in this

analysis, the interaction between these variables could be enhanced by other genes not
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included in this analysis (Chapter 4). Since similar post-op disease recurrence and anti-
TNF signatures were observed for the transcriptomic and proteomic differential expression
analysis, we were next interested in performing a comparative analysis between these

modalities.

For a comparative analysis between ileal gene expression and serum proteomic
expression, we computed spearman correlation for matching gene-protein pairs and for all
pairwise comparisons. Even though many genes and proteins were weakly correlated, a
few gene-protein pairs had modest but stronger correlation (Figure 15). Koussounadis et
al. found that DEGs have higher correlation with protein expression compared to other
genes [124]. Similar results were obtained in this study. For example, CXCL9 was one of
the top correlated gene-protein pairs, in addition to being both a DEG and DEP associated
with anti-TNF use. Overall, these findings suggest that correlated gene and protein
expression levels in different tissues may identify biomarkers for disease progression or

therapeutic response.

Hierarchical clustering further identified groups of genes and proteins with similar
expression patterns (Figure 15B). The groups of genes and proteins were found to be
correlated with clinical factors related to disease recurrence. GroupAl patterns showed
elevated expression of genes and proteins in those with recurring disease and no anti-TNF
use (Figure 16A,B) whereas the opposite trend was observed in GroupB2 (Figure 16C,D).
Multi-omic integration has been used to elucidate alternative underlying disease
mechanisms associated with groups of donors, classify IBD subtypes, and predict response
to treatment [260, 307, 308]. These results underscore the utility of multi-omic data for

patient stratification into clinically informative groups of donors.
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Lastly, a logistic regression model was implemented to classify disease recurrence
based on the hierarchical clustering derived-Group signatures. Even though this model had
limited predictive capabilities, most likely due to the small cohort, this approach applied to
a larger cohort may be useful for patient stratification within distinct patient subgroups or
clinical factors. A major limitation of the current study is the small sample size despite the
combined efforts of multiple GRC. While larger replication studies may confirm our
findings, the heterogeneity of molecular response to colectomy means that it is unlikely
that combined protein and transcript biomarkers will provide useful prediction of
recurrence. Also, since anti-TNF use was different between the Canadian and American
sites reflecting in part different therapeutic approaches, the biological correlations are
confounded with what may be a batch effect of site. This consideration underscores the

practical issues related to robust biomarker development.

Overall, ileal transcriptomic and serum proteomic profiles at first endoscopy post
resection showed correlated expression patterns that were associated with clinical factors
that stratify CD patients. These results suggest that serum may reflect systemic aspects of
post-op disease based on transcriptomic disease signatures in the ileum. We also identified
DEPs associated with the interaction between disease recurrence and sex, and anti-TNF
use. CXCL9 was one of the top correlated gene-protein pairs and was significantly
associated with anti-TNF use at both the transcriptomic and proteomic level, underscoring
the potential utility of this biomarker to monitor disease recurrence and/or anti-TNF use.
Several proteins were associated with the interaction between disease recurrence and sex,

supporting the observation of sex-biased expression in recurring disease. These molecular
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signatures may serve as a valuable tool for patient stratification and disease management

monitoring in the CD post-op setting.
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CHAPTER 6. CONCLUSIONS AND FUTURE DIRECTIONS

Building on early GWAS and linkage studies that revealed the genetic component of
CD, omics profiling has been harnessed to further elucidate how genetic variation may lead
to alternative mechanisms contributing to CD pathogenesis and progression across a range
of environmental conditions [36, 258]. Omics profiling of intestinal tissue from individuals
with CD has revealed pathogenic pathways within immune, epithelial, and stromal cell
compartments that promote inflammation or response to therapy [92, 96, 309, 310].
Heterogeneity across donors has been previously described, but many studies focused on
small or large intestine separately, potentially missing disease heterogeneity even within
the same individual. Further, many of these studies were performed on individuals with
steady-state disease, warranting investigation of more progressive forms of disease and
disease at inception. As omics profiling becomes more popular to investigate disease
biology, its potential for advancing personalized medicine in clinical settings remains an

active area of research.

Chapter 2 of this thesis focused on investigation of inflammatory mechanisms that may
be involved in persistence of perianal-fistulizing CD (perianal-CD), even after therapeutic
intervention. This scRNA-seq study revealed compositional remodeling of immune and
epithelial compartments in inflamed tissue compared to non-inflamed, healed tissue from
those with perianal-CD, while noting heterogeneity even within each group. Generally,
there was expansion of epithelial cells in the non-inflamed tissue and expansion of immune
cells within the inflamed tissue; however, after analyzing epithelial and immune cell

compartments separately, there was an expansion of goblet cells in the inflamed tissue
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prompting further investigation of this cell type. Additional analyses revealed pro-
inflammatory pathways enriched in goblet cells from inflamed tissue, suggesting goblet
cells are involved in disease pathogenesis. Dysregulation of goblet cell function may lead
to dysbiosis and perpetuate inflammation [311]. One limitation of this study is that rectal
biopsies were collected only from near the fistula, potentially neglecting specific cellular
mechanisms occurring in the fistula tract itself, so future single-cell studies addressing this
limitation are needed. Furthermore, African Americans are disproportionately affected by
perianal-CD [100, 312, 313], so future studies should continue to sample diverse
populations to understand factors potentially contributing to progressive disease across

different populations.

Progressive disease may exhibit distinct molecular signatures that differ from disease
at inception, prompting investigation of this clinical phenotype. There were two main aims
of the third chapter of this thesis. The first aim of this chapter was to develop a clustering
stability assessment in a treatment naive CD cohort to promote reproducible and rigorous
scRNA-seq analyses. Dependency of current clustering methods applying user-defined
parameters may introduce variability in results based on parameter selection [80, 82, 83],
necessitating approaches that can identify clusters robust to the selected parameter. The
stability assessment workflow yielded similar and repeatable results, suggesting stably
assigned cell clustering results were more representative of the cell type(s) identified in the
intestines. This workflow could be further extended by investigating the extent to which
other clustering parameters impact clustering stability, in addition to further classification
of unstably assigned cells into low quality cells or transitional cells, for example.

Validation of this approach in other scRNA-seq studies is needed as well. The second aim
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of the third chapter was to investigate the molecular signatures that might promote mucosal
healing or disease progression across the intestines in the treatment naive CD cohort. This
study revealed substantial cellular composition heterogeneity across and within the regions
of the intestine. Since we could not conclude that inflammation status was the main driver
of compositional differences, tensor decomposition was used to understand inter-individual
variation within each tissue compartment. This analysis stratified donors into distinct
groups associated with particular pathological modes of disease. Within the ileum, two
groups of donors were identified, one group associated with a stricturing disease signature,
and the other group of donors associated with a penetrating disease signature [53, 188]. In
the colon, one group of donors had inflammation perpetuated by myeloid cells whereas
another mechanism was promoting inflammation in the other group of donors. Tensor
decomposition analysis in the rectum revealed two groups of donors with separate
inflammatory profiles, one group had an IFN-y and TNF-«a profile whereas the other group
had a TNF-a profile. Connecting genetics with transcriptomics, integration of GWAS
summary statistics and scRNA-seq data also confirmed association of T cells and
monocytes to CD, validating the cell types associated with the groups of donors identified
in this cohort. While this unique cohort contained samples across the intestines from
treatment naive CD donors, longitudinal studies with follow-up samples from the same
donor are needed to establish whether these signatures are predictive of disease

progression, or in certain cases mucosal healing, across the intestines in these individuals.

Post-surgical disease recurrence constitutes another clinically important CD
phenotype. The primary focus of chapter 4 was to investigate whether recurring CD is

associated with alternative splicing mechanisms in a post-op cohort. Previous studies have
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shown that splicing dysregulation in IBD is in part associated with down-regulation of
HP1y and transition from ileal-like to rectal-like splicing patterns in ileal biopsies from CD
patients [64, 67]. In this study, tissue-specific differentially used transcripts were able to
stratify donors with recurring or non-recurring disease, with rectal transcripts associated
with recurring disease in the ileum. These results were also recapitulated at the gene
expression level, suggesting that the rectal-like transition may be involved in post-op
recurrence. Other signatures of HP1y dysregulation were observed, including enrichment
of lipid metabolism and membrane trafficking [64]. These results suggest that HP1y could
be a potential therapeutic target for preventing disease recurrence. Lastly, this study
implicated the p53 pathway, traditionally described in the context of colorectal cancer, in
recurring CD. While pathway enrichment analysis suggested that epithelial and stromal
cells were involved in recurring CD based on PCA of tissue specific differentially used
transcripts, sSCRNA-seq studies that investigate the distinct cellular contributions to disease
recurrence are needed. Moreover, comparison of post-op recurrence across the intestines

to earlier stages of disease may enable prediction of disease recurrence.

Extending the analysis from chapter 4, chapter 5 investigated the serum proteomic and
ileal transcriptomic signatures in the post-op CD cohort. The first aim of this chapter was
to investigate whether sex-bias occurs at the proteomic level with respect to recurring
disease. Differential protein expression analysis for samples at first endoscopy post-op
revealed protein expression differences between sex in donors with non-recurring disease,
and in one case, an expression difference between females with recurring or non-recurring
disease, validating sex-bias for some proteins at the proteomic level. The second aim of

this study was to evaluate whether incorporation of both transcriptomics and proteomics

124



data could improve and validate biomarkers for recurring disease. Comparative analysis of
correlation between the same serum protein and ileal gene levels validated CXCL9 as a
potential biomarker for monitoring post-op recurrence [119, 128]. Hierarchical clustering
analysis also identified distinct groups of correlated genes and proteins that stratify donors
based on anti-TNF use and disease recurrence. A logistic regression model was
implemented to evaluate whether these correlation patterns can stratify donors based on
disease recurrence; however the model had low predictive accuracy. A similar analysis in
a larger cohort may improve the predictive accuracy of patient stratification based on these
signatures. Future studies comparing these potential biomarkers to current disease
monitoring strategies (CRP and fecal calprotectin) are needed to determine whether these

new markers offer improved monitoring of disease recurrence.

In summary, this thesis explored the applications of omics profiling for characterization
of inception and more progressive forms of CD across intestinal tissues, with implications
for personalized medicine. Previous studies have primarily focused on differences between
CD cases and controls. In this thesis, variation within CD was explored, illuminating
alternative mechanisms that might be involved in pathology at both disease inception and
progressive disease. As omics cohorts continue to grow and incorporate more complex
datasets, novel analytical challenges will inevitably arise. Statistical and technical methods
that address related challenges will be needed for reproducible analyses. Despite ongoing
barriers to translating personalized medicine approaches into clinical practice, genomics
offers valuable insights for guidance on disease management strategies. Overall, this thesis

provides a framework for how future omics studies can inform personalized medicine
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approaches by considering the pathological pathways underlying disease progression in

IBD and other diseases.

126



PUBLICATIONS

. Washburn, S., Borowski, K., Briggs, K. Rioux, J., Lazarev, M., & Gibson, G.
(2025). Correlated multi-omic signatures inform potential clinical stratification in
post-operative Crohn’s disease. In prep.

Gettler, K., Nagpal, S., Washburn, S., Tastad, C., Zhang, J., Sabic, K., Lazarev,
M., ... & Cho, J.H. (2025). Post-operative ileum transcriptomics implicate sex-
biased mechanisms in Crohn’s disease recurrence. Submitted.

. Washburn, S., Hwang, Y., Maddipatla, S.C., Murthy, S., Koti, T., Kolachala, V.L.
Gibson, G.*, Kugathasan, S.*, & Qiu, P.* Identification of Crohn’s disease
subtypes in single cell RNA sequencing signatures of treatment naive samples
across the paediatric gastrointestinal tract. (2025). Under revision.

. Washburn, S., Maddipatla, S.C., Murthy, S., Dodd, A., Pelia, R.S., Kolachala,
V.L., Geem, D., Matthews, J.D., Gibson, G., & Kugathasan, S. (2024). Persistent
inflammation of the rectum in perianal fistulizing Crohn’s disease is associated with

goblet cell function. Gastro Hep Advances, 3(1), 131-133.

127



APPENDIX A. SUPPLEMENTARY TABLES

Supplemental Table 1 Patient demographics. ! Self-reported ancestry: AA, African
American; EA, European American; Hisp, Hispanic ethnicity. > Age in years. Bins
for covariate adjustment in differential gene expression analysis were: <19, pediatric;
19-30 young adult; >30 adult.

Sample ID Ancestry!  Gender Age’ Infl. Treatment
Lab ID Disease
Status
P5 IF1 perianal- AA F 41 Inflamed  Infliximab
CD
P7 IF2 perianal- AA M 31 Inflamed Humira
CD
P11 IF3 perianal- EA M 13 Inflamed Vedolizumab
CD (Entyvio)
P15 IF4 perianal- EA M 15 Inflamed Ustekinumab
CD (Stelara)
P16 IF5 perianal- EA F 21 Inflamed Ustekinumab
CD (Stelara)
P18 IF6 perianal- EA M 13 Inflamed  Infliximab
CD (Remicade)
P6 NI1 perianal- EA M 31 Non- Inflectra
CD inflamed
P8 NI2 perianal- AA M 13 Non- Inflectra
CD inflamed
P13 NI3 perianal- EA F 19 Non- Adalimumab
CD inflamed  (citrate-free)
(Humira (CF)
pen)
P17 NI4 perianal- EA M 51 Non- Humira and
CD inflamed Methotrexate
P19 NIS non-IBD Hisp F 17 Non- Non-IBD
inflamed
P20 NI6 perianal- EA F 8 Non- Infliximab
CD inflamed  (Remicade)
P21 NI7 perianal- EA F 54 Non- Vedolizumab
CD inflamed (Entyvio)
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Supplemental Table 2 Metadata of samples included in this study. Macro IF status = macroscopic inflammation status, Micro
IF status = microscopic inflammation status, IF = inflamed, NI = non-inflamed, SIRE = self-identified race and ethnicity, M =
male, F = female, AA = African American, EA = European American.
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Supplemental Table 3 Gene-protein pairs with pseudo p value < 0.10.

Spearman
Gene-Protein name
Correlation
ADA 0.405
CCL13 0.324
CCL23 0.181
CCLS 0.192
CD274 -0.222
CXCL9 0.444
IL10RB 0.202
IL17A 0.358
1L24 0.174
L6 0.204
MMP10 0.253
NRTN 0.314
TGFA -0.245
TGFB1 -0.143
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APPENDIX B. SUPPLEMENTARY FIGURES
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Supplemental Figure 1 Justification of rPCA for Batch Effect Correction. A) Rand
Index (RI) comparison of cluster stability contrasting no batch correction (None) with
the three batch correction methods, Harmony (Har), Canonical Correlation Analysis
(CCA), and reciprocal Principal Component Analysis (rPCA), all implemented in
Seurat v4.1.1. An RI of 0 indicates dissimilarity whereas 1 indicates perfect
concordance, implying high stability of the clustering. (B-D) Confusion matrix
heatmaps showing the proportion of cells assigned to each cluster in the pairwise
comparisons of the batch correction methods (darker blue indicates more sharing).
(B) rPCA y-axis versus CCA x-axis. (C) rPCA versus Harmony. (D) CCA versus
Harmony. rPCA shows the highest concordance with both methods and was chosen
for downstream analysis
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Supplemental Figure 2 Representation of epithelial and immune cell compartments.
(A) UMAP of ten epithelial cell types clustered jointly but split by Inflamed versus
Non-Inflamed status. The cell types are Col, colonocytes; ColProg, colonocyte
progenitors; B/OCol, BEST4/0TOP?2 positive colonocytes; Gob, goblet cells; ImGob,
immature goblet cells; Stem, stem cells; TA, transit amplifying cells; Entero,
enteroendocrine; Tuft, tuft cells; M, M-cells. (B) Proportions of each epithelial cell
type in each subject, with same color code. (C) UMAP of the immune cell
compartment, also jointly clustered but split by inflammation status to show relative
overall abundance. The 14 cell types are: NB, naive B cells; RMB, resting memory B
cells; FMB, FCRL4 positive memory B cells; CB, cycling B cells; GCB, germinal
center-like B cells; IgA, IgA-expressing plasma cells; IgG, IgG-expressing plasma
cells; NCD4T, naive CD4-positive T-cells; CD8T, CD8-positive T-cells; LTiNCR, LTi-
like NCR-positive type 3 innate lymphoid cells; Tfh, follicular helper T-cells; Mast,
mast cells; MNPs, mononuclear phagocytes. (D) Stacked bar graph of immune cell
proportions by subject, showing heterogeneity of the compartment.
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Supplemental Figure 3 Study design and quality control. (A) Overview of study. Total
donors = 34 donors. Samples were obtained from the ileum, colon, and rectum, and
were processed with 10X Genomics 3’ assays. I. = ileum, Ce. = cecum, A.C. =
ascending colon, T.C. = transverse colon, D.C. = descending colon, S.C. = sigmoid
colon, R. = rectum. Created with BioRender.com. (B) Ileum gene count (left) and
mitochondria percent (right) after QC and the stability assessment per sample.
Colored by sequencing batch. (C) Colon gene count (left) and mitochondria percent
(right) after QC and the stability assessment per sample. Colored by sequencing
batch. (D) Rectum gene count (left) and mitochondria percent (right) after QC and
the stability assessment per sample. Colored by sequencing batch.
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type 3 innate lymphoid cells. (B) (left) UMAP of the ileum



reference clustering results. (right) Stacked bar plots of proportion of cells within
each donor. (C) (left) ileum, (middle) colon, and (right) rectum marker genes used to
annotate cell types of the stably assigned cell clustering results. Normalized and scaled
gene expression counts. % Exp. =Percent expressed, Avg. Exp. = Average Expression,
Ambig. = ambiguous, NK = natural Kkiller, Pro-inflam = pro-inflammatory, TA =
transit amplifying.
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Supplemental Figure 5 Epithelial cell bias across tissue and hierarchical clustering
results. (A) (left) Proportion of ileum epithelial cells vs. proportion of colon epithelial
cells. (middle) Proportion of ileum epithelial cells vs. proportion of rectum epithelial
cells. (right) Proportion of colon epithelial cells vs. proportion of rectum epithelial
cells. Each point is colored by sample. Only donors that had a sample in each
comparison are plotted. (B) Heatmap of ileum hierarchical clustering results using
the proportion of cells per donor. Red indicated high proportion and blue indicated
low proportion of cells. Proportions were scaled across donor. (C) Heatmap of colon
hierarchical clustering results using the proportion of cells per donor. Red indicated
high proportion and blue indicated low proportion of cells. Proportions were scaled
across donor. (D) Heatmap of rectum hierarchical clustering results using the
proportion of cells per donor. Red indicated high proportion and blue indicated low
proportion of cells. Proportions were scaled across donor. (E) Box plot of the
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proportion of monocytes in macroscopically inflamed or non-inflamed donors. Shows
the median (line), interquartile range (box), and points represent the outliers. Macro
IF = macroscopic inflammation status, IF = inflamed, and NI = non-inflamed.
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Supplemental Figure 6 Top genes in metallopeptidase activity and neutrophil
chemotaxis pathways. (A) Volcano plot of enterocyte DEGs identified in group 1 vs.
group 2. (B) Pathways enriched in group 2 enterocytes. P.adjust = Bonferroni
adjusted p value. (C) Bar plot of cell signaling pathways from CellChat enriched in
group 1 or group 2 donors. Pink pathway names are significantly enriched in group
1 and blue pathway names are significantly enriched in group 2. G11=group 1, G2; =
group 2. (D) Normalized and scaled average gene expression counts of top 19 genes in
group 1 and top 4 genes in group 2 in metallopeptidase activity module. (E)
Normalized and scaled average gene expression counts of top 6 genes in group 1 and
top 21 genes from group 2 in neutrophil chemotaxis module.
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Supplemental Figure 7 Pathway enrichment and macrophage activation in the colon.
(A) Violin plot of macrophage activation gene module score per donor (left) and cell
type in ascending order (right). (B) PCA of DEGs enriched in macrophage activation
pathway using average gene expression of all cells. (top) colored by group status and
(bottom) colored by macroscopic IF status. Macro IF = macroscopic inflammation,
NI = non-inflamed, IF = inflamed. (C) Bar plot of cell signaling pathways from
CellChat enriched in group 1 or group 2 donors. Pink pathway names are
significantly enriched in group 1 and blue pathway names are significantly enriched
in group 2. G1c = group 1, G2¢c = group 2.
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Supplemental Figure 8 Difference in inflammatory pathways in rectum group 1 and
2. (A) Pathways enriched in group 1 myeloid cells. P.adjust = Bonferroni adjusted p
value. (B) Bar plot showing cell signaling pathways from CellChat enriched in group
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1 or group 2 of the rectum. Pink pathway names are significantly enriched in group
1 and blue pathway names are significantly enriched in group 2. G1r = group 1 and
G2r = group 2. (C) TNF pathway signaling pathway in group 2. (D) IFN-gamma
module score per donor (left) and cell type in ascending order (right). (E) TNF module
per donor (left) and cell type in ascending order (right).
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Supplemental Figure 9 Comparison of scITD group membership across tissue. (A)
Venn diagram of group membership comparing the “pro-inflammatory” groups. (B)
Venn diagram of group membership comparing the “alternative” groups.
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Supplemental Figure 10 Altered splicing signatures of HP1y in the post-operative
ileum dataset. (A) Log2 normalized expression of CBX3 in RO vs. R1 samples
(Wilcoxon Rank Sum Test). (B) Log2 normalized expression of CBX5 in R0 vs. R1
samples (Wilcoxon Rank Sum Test). (C) Log2 normalized expression of MKI67 in R0
vs. R1 samples (Wilcoxon Rank Sum Test). (D) Regulation of cell cycle process is
enriched in R1, identified by GSEA and ranked by log2FC. (E) ROC curves for five
folds of cross-validation of logistic regression models with PC2, PC1, PC4, sex, batch,
smoking status, self-reported population, and age at sample collection.
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Supplemental Figure 11 Differential expression of proteins and genes associated with
anti-TNF use. (A) Differentially expressed proteins associated with anti-TNF use.
NPX = normalized protein expression. (B) Differentially expressed genes associated
with anti-TNF use.
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Supplemental Figure 12 Batch effect correction for transcriptomic and proteomic
data. (A) PCA of gene expression colored by GRC. (Left) before batch effect
correction. (right) after batch effect correction. (B) PCA of protein expression colored
by GRC. (Left) before batch effect correction. (Right) after batch effect correction.
GRC = genetic research center, PCA = principal component analysis, and PC =
principal component.
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Supplemental Figure 13 Permutation analysis of gene-protein correlation. (A) Overall
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of observed spearman correlation between gene-protein pairs and each permutation.
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Supplemental Figure 14 Group genes or proteins associated with recurrence status,
anti-TNF use, and sex. (A) Group A gene expression significantly associated with anti-
TNF use. (B) Group A gene expression significantly associated with recurrence
status (C) Group 1 protein expression significantly associated with anti-TNF use. (D)
Group 1 protein expression significantly associated with sex. (E) Group B gene
expression significantly associated with anti-TNF use. R0 = non-recurring, R1 =
recurring, F = female, M = male, NPX = normalized protein expression.
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