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Translation of genetic risk of disease to treatment development benefits from also consid-
ering functional data like that capturing gene activity across diverse cell types and conditions,
such as transcriptomics. However, this integration is complicated by technical differences between
assays, uncertainty in which cell types drive disease pathology, and our limited ability to inter-
pret the regulatory impact of noncoding variants. This thesis develops computational frameworks
that address these challenges, enabling stronger mechanistic interpretation of genetic risk. First,
I establish methods to integrate heterogeneous transcriptomic datasets, allowing construction of
larger, more informative disease cohorts for genomic-transcriptomic integration. This enables more
robust predictive modeling and biomarker discovery in ovarian cancer, providing a reliable founda-
tion for downstream genetic analyses. I then benchmark approaches for linking genetic variants to
disease-relevant cell types and genes using single-cell RNA sequencing. I show that while disease-
relevant cell types can be robustly identified, inferred gene mechanisms from noncoding variants
vary widely, highlighting the need for improved regulatory interpretation. Finally, I develop compu-
tational methods to link regulatory genetic variants to transcriptional networks in disease-relevant
conditions, allowing noncoding variants to be linked to potential drug targets. Applied to lung
diseases, these approaches uncover shared and disease-specific regulatory programs, prioritize func-
tional variants, and identify candidate regulatory drivers, several of which were experimentally
validated. Together, this work provides an integrated framework for connecting genetic variation
to regulatory mechanisms across cell types, advancing our understanding of complex disease and

supporting translational discovery.
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Chapter 1

Introduction

The advent of high-throughput biological assays combined with improved drug access has
brought us to a new age of biomedical research: precision medicine. This type of medicine acknowl-
edges that patients often show significantly different responses to a treatment regimen, even when
having the same diagnosed disease and symptoms[168]. This variability can be largely explained by
differences in the patient’s biology as measurable from high-throughput assays [262], 282] [155] [124].
For example, a single disease may have multiple completely different etiologies, or a patient can
have distinct biological baselines leading to adverse or inappropriate drug reactions[168]. In its ideal
state, precision medicine uses a patient’s biology, measured by high-throughput assays, combined
with statistical analyses or machine learning to identify an optimal treatment or alternative drug
targets.

Next-generation sequencing has become particularly essential as high-throughput measure-
ments of biology for precision medicine. The full spectrum of DNA and RNA inside a person
can now be both identified and quantified for precise, downstream interpretation[I67]. Genetics
combined with environmental signals, whether at patient- or cellular-scale, determine which genetic
sequences are transcribed and thereby activated. After transcription, the RNA itself, or the protein
built from the RNA, enables cellular activity and signaling that culminate towards a cellular and
eventually organismal phenotype. Therefore, understanding both the genetics and transcription
patterns associated with different diseases and the success of treatment has become a key research

focus for precision medicine.



1.1 Transcription and Regulatory Networks

Transcription is one of the first regulatory steps by which cells respond to their environ-
ment and maintain physiological states (e.g. cell types). Therefore, understanding the underlying
transcriptional regulation conferring a response or phenotype can pinpoint the biological mecha-

nisms/pathways of disease, enabling subsequent efforts to disrupt or fix the process [76].

1.1.1 Transcriptional Regulatory Networks

Such transcriptional regulation is often summarized as transcriptional regulatory networks,
where a gene is linked to the biological features that regulate it’s transcription and possibly the
other genes with which it is co-regulated. A gene’s transcription levels are established from
mainly two biological features: transcription factors (TFs) and enhancers. A TF is a protein
that either helps recruit (activator) or prevent (repressor) transcriptional machinery from accessing
and subsequently transcribing a gene [200] 108] 1T14]. A gene’s promoter is the genetic sequence
where some TFs and transcriptional machinery binds, thereby allowing baseline transcription of
a gene[l14] (Figure ) Other genetic sequences, enhancers, largely mitigate this transcrip-
tion level based on microenvironment or perturbations to confer responses like differentiation and
stress-response[284] 215]. The exact mechanism of enhancer-mediated transcription varies, but the
general consensus is that an enhancer is a non-promoter genetic sequence that helps recruit or sta-
bilize transcription factors and transcriptional machinery to a gene’s promoter for its transcription
[146], 207, 186} [302] (Figure [1.IB). One of the more recent (2024) reviews of enhancer mechanisms
can be found at [273]. Unlike the promoter sequence which is consistently at the start of a gene,
enhancers range broadly in location: within a gene itself or hundreds of kilobases away from a
gene [284]. Additionally, multiple enhancers can work cooperatively or antagonistically to regulate
transcription of the same or different genes [61], [55]. A classic but simple transcriptional network
will therefore, consider the transcription factors activating the enhancer and/or gene, and the en-

hancers activating the gene [223]. Therefore, a transcriptional regulatory network can be described



as successful linkage of appropriate transcription factor(s) and enhancer(s) to a given gene.
Multiple factors complicate the study of transcriptional regulatory networks. First, a gene’s
relevant enhancer(s) and transcription factor(s) can significantly change depending on the mi-
croenvironment and condition. For example, activation of the same transcription factor in different
cell types can lead to the same genes being activated but through completely different enhancers
[108, B, 7] (Figure ) Therefore, one must clearly define the experimental space (cell type,
condition) when identifying these networks. Some population-level studies have been used to iden-
tify genetic loci associated with certain gene’s expressions (expression quantitative trait loci), but
have been largely biased towards promoter rather than enhancer sequences, and are rarely done in
disease-relevant cell types and conditions [I70]. Therefore, experiments performed in the specific
cell type and condition of interest more specifically clarify the relevant transcriptional networks.
In this process used to predict networks, different assays measuring RNA levels (summarized as

transcriptomics assays) have clear weaknesses and strengths, as described in the next section.

1.1.2 Methods for measuring transcription

Since the advent of next-generation sequencing, there have been several transcriptomics as-
says developed and this work will focus on some of the most popular contributors to this space.
Some of the most commonly used assays include RNA-seq (and its single-cell counterpart scRNA-
seq), NanoString, and Microarray. Briefly, NanoString and Microarray use probes targeted towards
specific sequences of RNA to allow highly-specific and accurate measurements [70} 40]. Unlike all
other transcriptomics approaches described in this work, NanoString does not perform cDNA syn-
thesis from RNA and similar post RNA-extraction steps (e.g. amplification) known to introduce
technical biases[262, [70, [40} [172], 155], 44]. This limits such biases, but also means that NanoString
can only consider up to 1000 probes in one panel, in contrast to Microarray [293) [70, 220]. In-
stead of relying on probes, RNA-seq sequences the full set of available RNA, before mapping the
sequences back to a genome for quantification[262]. This approach allows more flexible full-genome

analysis at the possible cost of lower precision from mapping biases and lower sensitivity from
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Figure 1.1: Transcriptional regulatory networks are based on the transcription factors
and enhancers that regulate a gene’s activity across conditions/cell types. A. A gene
has baseline transcription from a transcription factor (TF) binding to its promoter region (Prom).
B. A gene has increased expression via either the enhancer and transcription factor (TF) on the
left with Drug and Celltype A (red), or with the enhancer and TF on the right with Drug and
Celltype B (pink). This figure was made in Biorender.

sampling/RNA proportion biases[22(0]. Finally, scRNA-seq provides sequencing at the single-cell
level for downstream clustering of cells with similar transcription profiles, but can only accurately
consider the most highly expressed genes [172].

All of these assays are steady-state; measurements represent a balance of both increased
RNA from active transcription and decreased RNA from degradation. Mapping out transcriptional-
regulatory networks is best performed when we can distinguish between these two processes[223].
For the sake of simplicity, from this point on “expression” will refer to the measurement of steady-
state RNA (balance between RNA transcription and degradation) and “transcription” to the active
transcription of a gene. Nascent run-on sequencing approaches, like precision run-on (PRO-seq)
or global run-on (GRO-seq) sequencing, capture RNA actively being transcribed by RNA poly-

merase II and have been considered ideal for measuring active transcription levels [155] 44, 278].



Both of these approaches use labeled nucleotides to mark the RNA that is actively transcribed
by RNA polymerase at a given timepoint by incorporating biotin-NTPs (PRO-seq)[155] or Br-
UTPs (GRO-seq)[44]. Metabolic labeling approaches have similarly attempted to capture nascent
transcription, like transient transcriptome sequencing (TT-seq) using 4-thiouridine[216]. However,
incubation time with the marked nucleotide is often longer than that of run-on approaches (usu-
ally 5-20min for TT-seq compared to 5-min for GRO-seq, so that RNA labeled is less nascent and
more a combination of nascent and processed RNA[216, 249]. Therefore, nascent run-on RNA
sequencing approaches tend to more consistently capture the accurate dynamics at which regions
and nucleotides are actively transcribed in response to perturbations, even between minute-level
time frames[60)].

Nascent run-on assays like PRO-seq have one additional advantage in predicting transcrip-
tional regulatory networks. Most RNA in a cell is “steady-state” RNA, having undergone RNA-
processing (post-transcription) and ready for potential degradation or usage, rather than RNA
being actively transcribed. By instead enriching for this nascent RNA, very lowly transcribed and
quickly degraded RNAs previously overwhelmed by more stable RNA, can be better considered.
Enhancers emit these less stable RNAs and are therefore very poorly (or not at all) captured in
steady-state assays, yet well captured in nascent run-on ones [278, [5]. Because of the technical
challenge of nascent run-on assays, non-transcriptomics assays have often been used as proxies of
enhancer activity like epigentic modifications (H3K27ac ChIP-seq) or open (and therefore likely
transcribed) chromatin (ATAC-seq) [145), [164]. Transcription, however, has been shown to be the
measurement most strongly associated with an enhancer’s activity, with nascent run-on RNA se-
quencing being particularly adept at pinpointing enhancer transcription [278|, 292, [304]. A summary
of all of these assays and their pros/cons is listed in Table The accurate capture of enhancer
functionality means that nascent run-on sequencing cannot only capture enhancer activity but also
their target gene’s transcription within highly dynamic scenarios. Therefore, recent work has shown
great promise in using the correlation of enhancers and genes across perturbations and datasets as a

highly informative proxy for enhancer-target gene linkages [223], 5], 138, 132]. In fact, I contributed



to an effort to build a large scale database of nascent run-on transcription which could be used to

link enhancers to genes[223].

Table 1.1: Summary of different transcriptomics assays

Element — Impact NanoString Microarray RNA-seq scRNA-  PRO/GRO-
seq seq

Probes — Specific, but pre- X X - - -

defined regions

Post-processing of RNA — In- - X X X X

troduces additional biases (e.g.
amplification, cDNA)

Steady-state (Expression) — X X X X -
RNA levels in the cell (consider-

ing both transcription and degra-

dation)

Transcription - Allows im- - - - - X
proved capture of enhancer

RNAs and measurements for

regulatory networks

Single-cell — Higher granularity - - - X -
but can only confidently consider
highly expressed genes

1.2 Genetic Variation and Linkage to Disease

1.2.1 Measuring genetic variance

Despite transcription varying significantly across tissues, and even spatially adjacent cells,
the genomes of cells are almost universally identical within an individual [282]. Instead, genetic
variance is found primarily at the level of patient to patient comparison. Genetic variants can
include deletions, insertions, complete rearrangements of DNA (e.g. inversion), and finally the
primary variant focus for this thesis: single nucleotide changes ( single nucleotide polymorphism
(SNP)) [282]. This last variant is one of the most common, although this commonality may also
be due to it generally being the easiest to identify [47].

Millions of SNPs can be discovered and genotyped in an individual using a wide range of



approaches. SNP arrays probe at a pre-defined set of common SNPs, and then use genetic context
to predict the changes of nearby variants[251, 26]. SNPs are rarely inherited independent of one
another; instead, alleles at nearby loci are commonly inherited together with recombination patterns
and population history creating blocks of linkage disequilibrium (LD)[284) [39]. These LD patterns
allow a subset of variants to act as tag SNPs that capture information about other linked variants,
reducing the genotyping burden while preserving genomic resolution[251] 26, 213]. Hence, SNP
arrays limit costs by only considering common SNPs in a population that are decently representative
of the surrounding variation based on LD. In contrast, whole genome sequencing considers the full
genome and can include both rare and common SNPs, but at a far greater resource cost [251].

After identifying genetic variants, these SNPs can be tested for association with a given phenotype.

1.2.2 Linking SNPs to disease

One of the most common approaches for identifying variants associated with a phenotype
is genome-wide association studies. These studies commonly include hundreds to thousands of
individuals and genotype hundreds of thousands to millions of SNPs[251), 26]. For a detailed
overview on genome-wide association studies, I suggest [26]. Briefly, each cohort contains a number
of cases (with the phenotype) and controls (without the phenotype) or ranges of quantitative trait
samples. Then, a variant’s allele frequency or genotypic distribution is modeled relative to the
phenotype of interest, with regression-based tests typically evaluating association[213], 204, 26].
Due to the large numbers of SNPs/individuals tested and high correlation across tests, extremely
stringent significance cutoffs are used (e.g. adjusted p-values < 5 x 1078). After these tests,
to simplify downstream analysis and comparison across datasets, the variant with the strongest
statistical association signal within an LD block, referred to as the lead SNP, is focused on [213].
Importantly, the lead SNP is not necessarily the causal variant itself, as is exemplified in Figure[L.2
Additionally, the linkage disequilibrium across SNPs is largely dependent on ancestry (i.e. genetic
similarity), so that differing lead and causal SNPs across ancestries may mask a biological feature’s

relevance[251] 26]. Therefore, functional prediction and mapping of all SNPs to biological sequence



units (e.g. gene) are routinely used to prioritize functional candidates within marked LD-blocks
[284), 213]. A review on statistical approaches at identifying causal SNPs in LD-blocks can be
found at [2I3]. SNPs that change amino acid sequences are highly prioritized as this change will
often lead to a structural/functional difference to a protein and therefore phenotype(Figure )
Noncoding SNPs might instead fall within a regulatory element (i.e. enhancer) that, for example,
when mutated no longer effectively induces a gene’s transcription in response to a drug(Figure
). Overall, genome-wide studies have proven to be essential for identifying possible biological
linkages to disease, but are burdened by weak physiological interpretability, statistical noise, and

difficult compatibility across people with largely different genetics (e.g. different ancestries).

LD Blocks

Causal
SNP

Figure 1.2: Linkage disequilibrium requires that SNPs are fine-mapped to identify the
most probable causal SNPs. A. The causal SNP in a linkage disequilibrium (LD) block is far
from the lead SNP and encodes a change in amino acid sequence impacting protein function. B.
The causal SNP in a second LD block is far from the lead SNP and disrupts the transcription factor
binding to an enhancer. This enhancer can therefore no longer effectively induce gene transcription
with a drug response. This figure was made in Biorender.



1.3 Motivation for integrating genomics with transcriptomics

Transcriptomics and genomics data provide largely complementary information for under-
standing disease pathways relevant to developing novel treatments or assigning optimal treatment

regimens to a patient.

1.3.1 Transcription clarifies physiological context and relevance

Transcriptomics data helps determine the physiological role and context of genes in a high-
throughput approach for downstream mechanistic understanding of disease. Genetics and envi-
ronment operate together to produce a phenotype, and transcriptomics is often the biological
readout of this cooperation. For example, organoids, mice, or cells can be perturbed with different
drugs to assess the genes and/or regulatory networks relevant to treatment response (Figure
Transcriptomics)[210, [5, 99, 106, [76]. Similarly, scRNA-seq can clarify if subgroups of cells exhibit
changed transcriptional signal or if the proportions of certain cell types change with disease [286].

Despite providing physiological context, translating transcriptomics to clinical application
has many challenges. Transcriptomics can vary largely across environmental factors, time, and in
different tissues; this diversity means considering the relevant experimental conditions is essential
for direct translation to disease [223, [164],[145]. The high heterogeneity based on tissue and condition
also exacerbates the challenges of small cohorts and poor consistency across study findings [224].
Finally, transcriptional patterns associated with a given disease are not necessarily causal of the
disease; for example, it is highly difficult to assess whether high levels of inflammatory genes cause
autoimmune diseases or are simply consequences [I87]. Overall, transcriptomics data can clarify
physiology, but only after determining the relevant biological system and condition to consider, and

with limited clarity on causality.
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1.3.2 Genetics more simply addresses assumptions for causal inference

Genomics data addresses many of the limitations for disease pathway discovery found in
transcriptomics, while facing its own challenges. Unlike transcription, the same genome is generally
shared across all cells in an individual and unlikely to change as a consequence of disease[282].
Therefore, it is simpler both to capture genetic information (without concern for correct tissue
consideration), and argue that the association of a genetic variant with disease is more likely causal
rather than simply consequential[204]. Indeed, most clinically successful drugs target genes or
proteins whose genetic sequences have been associated with the disease [175] 201].

The massive number of genetic variants and LD, however, has limited researchers to focus
on only SNPs achieving extremely strict statistical cutoffs and with obvious functional impacts[26),
213]. This improves chances of a causal SNP being identified and the exact mechanism that can
be addressed in drug development (Figure Genomics). Such annotation requirements have
previously limited focus to variants found in protein-coding regions where the variant’s impact on
amino acid sequence can be effectively predicted|213]. As necessary as this limitation is for feasible
interpretation and target development, it removes a great number of variants that are functional but
not easily interpretable, or that are disease-relevant but either rare or have lower effect sizes[234].
Indeed, an estimated 70-90% of disease-associated variants are not considered because they fall in
the regulatory elements (e.g. enhancers) discussed previously [159] 284] [39]. Consequently, many
diseases still have limited treatment options despite multiple genome-wide association studies [284].
For example, only considering variants passing strict statistical significance cutoffs leaves 95% of
the heritability of certain lung-diseases unexplained[41], 298]. Therefore, being able to predict the
functionality and biological mechanism of disease-associated variants, whether in coding or non-
coding regions, is key to both further clarify which variants are most likely clinically relevant, and
allow downstream treatment development.

While genomics can clarify the most relevant variants, it does not provide functional anno-

tations, specifically of noncoding regions, that transcriptomics can. Enhancers are not annotated
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across the genome and the relevance of a sequence change within an enhancer is rarely known.
Even if the variant changes a nucleotide found within a predicted TF-binding motif, enhancers are
enriched in tens and sometimes hundreds of motif instances, and only a small number of these
instances might be relevant to a given disease (i.e. condition and cell type) [200, [108]. Since only a
small number of these motif instances are used in a cell type and condition context, identifying the
functionally active TFs can clarify the function of a disease-associated variant. Similarly, proteins
have more historical guidance as drug targets, so linking an enhancer (and therefore SNP) to a gene
not only clarifies the SNP’s impact on physiology but might support an easier treatment target.
As noted previously, nascent run-on RNA sequencing allows transcriptional regulatory networks to
be identified and within the actual context of the disease system. Therefore, using nascent run-on
RNA sequencing to study the activity of these enhancers (as well as helping to predict the TFs
activating them) could be key to filtering and understanding the relevance of these genetic variants.
Overall, transcriptomics can clarify the physiological context of SNPs associated with disease while

genomics-based studies more succinctly consider causality (Figure Combined).

1.4 Addressing key challenges for integrating genetics and transcriptomics

Despite the clear motivation for integrating genomics and transcriptomics to identify biomark-
ers/pathways of disease, there are several challenges. T address three main challenges for this process

in my thesis.

1.4.1 Challenge I: Assay heterogeneity

First, using high-throughput data (e.g. genomics and transcriptomics) to identify pathways
or genes associated with disease requires large cohorts of patients. A large cohort helps ensure that
biologically relevant subtypes are observed at a high enough number that we can fully characterize
the subtypes rather than designate them as noise. These larger cohorts are especially important
in transcriptomics data where there is already a high level of heterogeneity simply from cell type

proportion (in bulk assays), tissue microenvironment, and environmental conditions. Even when
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Figure 1.3: Combining genomics and transcriptomics hypothetically improves discovery
of disease pathways. Genomics: SNPs are linked to disease based on genome-wide association
studies, but these studies do not tell us what the SNP does. Transcriptomics: Physiological
differences between disease and non-diseased patients can indicate changes in transcriptional reg-
ulatory networks, but this does not indicate causality. Combined: Disease-associated SNPs can
be linked to enhancers or genes in the transcriptional networks determined in a disease-relevant
condition to predict alternative drug targets or mechanisms of disease. This figure was made in
Biorender.
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considering bulk RNA-seq from the same general tissue and for decently homogeneous diseases,
an estimated minimum of 200 samples are needed for machine learning models to predict dis-
ease status[224]. Sources of biological heterogeneity are key to consider for proper prediction of
biomarkers or using gene expression in a model to predict disease. Transcriptomics data, however,
also suffers from large sources of technical heterogeneity that are solely the consequence of different
assays being used rather than biological signal [293] 197, 196, B36]. Ideally, smaller cohorts from sep-
arate studies can be combined for a larger-scale, and more powerful analysis. However, systematic
technical biases can readily overwhelm signal, which has limited meta-analysis that use different
assays. Therefore, there is great need to specify the strengths, weaknesses, and systematic tech-
nical biases of assays, and perhaps propose methodologies for directly integrating datasets across
assays to build larger cohorts. I address these exact needs for transcriptomics data in Chapter 2,

demonstrating the feasibility with predictive modeling in ovarian cancer.
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1.4.2 Challenge II: Identifying relevant cell types and microenvironment

As hinted at previously, identifying the cell type (or tissue) and condition/microenvironment
most relevant to a disease is key to pinpointing the appropriate regulatory networks. Transcrip-
tomics data provides key functional annotation and understanding of a gene’s relevance but only
if the gene’s network under study is reflective of the disease (i.e. proper tissue and condition).
Use of patient samples can address disease-relevance, but these samples still contain a mixture of
cell-types, all of which might have different regulatory networks for a given gene [222], 164, 145]. Ad-
ditionally, it is highly difficult to assess causality from transcriptomics data alone. Instead, genome
wide association studies identify SNPs with strongest association with a disease and that are more
likely to have a causal connection to the disease. Therefore, significant work has gone into inte-
grating disease-associated genetic variants with scRNA-seq to clarify which cell types display the
most relevant functionality for possibly causal mechanisms of a given disease [102] 291, 259, 199].
In Chapter 3, I benchmark these methods and identify key weaknesses and growth areas in the
field. During this effort, I show both the high variability across approaches linking SNPs to genes,
and the impacts of this step on predicting disease mechanisms. Therefore, my last two chapters

address the limitations of linking SNPs to molecular mechanisms.

1.4.3 Challenge III: Predicting underlying molecular mechanisms of SNPs

Predicting the molecular mechanisms of genetic variants is key to pinpointing functional
variants within an LD block and to link the variant to a druggable target [201], 59]. As hinted
at previously, integrating transcriptional regulatory network prediction (e.g. TF-enhancer-gene)
from nascent RNA-sequencing could serve as a promising way of doing this, not only for coding
but also noncoding variants. As proof of concept, previous work with the Dowell Lab used PRO-
seq to identify enhancers responding to clinically relevant perturbations (i.e. drugs) in disease-
relevant cell types — thus allowing effective disease-associated variant filtering and annotation for

downstream mechanism prediction [68, 209]. However, this process, and the general field, still face
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key limitations.

First, the process is heavily reliant on a currently weak ability to annotate and characterize
enhancers to link SNPs to changing enhancers in a disease-relevant perturbation. Enhancers are
unannotated and commonly overlap one another, so that their annotation has relied on either ChIP
peaks (which are historically noisy and large) or more precisely, bidirectional transcription from
PRO/GRO-seq[223], 164, 145]. These enhancer midpoints are highly enriched in transcription factor
binding sites, and are predicted to be the primary region impacting transcription factor activity
and initiation of enhancer activity [223, 145, 164, 120]. However, a focus on midpoint regions
means enhancer regions have been misrepresented, minimizing the region over which we count for
quantifying expression or to which we map SNPs. The fact that the RNAs of enhancers themselves
are not well captured by midpoints was initially deemed less relevant because these transcripts
were believed to be nonfunctional. We now know that some full transcripts are key to gene-specific
regulation and their SNPs can cause disease phenotypes[I71], 1611, 233] [89] 135], 214, 177, 275 I8,
190]. Therefore, accurately linking SNPs to enhancers and accurately quantifying which enhancers
are expressed under conditions requires that this coordinate space is refined while still addressing
overlapping transcription of enhancers. My work with Dr. Jacob Stanley to finalize a Bayesian
model predicting gene coordinate space from nascent RNA run-on sequencing provided a framework
that might address this complication[232].

Beyond enhancer quantification and mapping, assigning enhancers and genes to their active
upstream regulators (e.g. TFs) also faces unique challenges. For example, multiple methods have
been developed to predict transcription factors responding to a given perturbation from nascent
RNA run-on sequencing or ATAC-seq, but the GC-rich sequence bias of enhancers and many tran-
scription factors consistently leads to false-positive predictions[200} 108]. Introducing additional
metrics independent of GC-content bias may improve such analyses to clarify which transcription
factor binding motifs in which a SNP is found are most relevant to a given cell type and disease.

To address these complications, in chapter 4, I introduce several new algorithms that opti-

mize how we can link variants to enhancers and identify transcriptonal regulatory networks, partic-
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ularly responding enhancers and their TFs, from enhancer-focused assays (e.g. PRO-seq, GRO-seq,
ATAC-seq). Then, in chapter 5, I apply these algorithms to identify functionally relevant Asthma-
and COPD-associated genetic variants and possible disease mechanisms. My collaborators Drs.
Arnav Gupta (National Jewish Health) and Sarah Sasse (University of Kentucky) were able to

verify several of these hypotheses through experimental validation.



Chapter 2

Addressing transcriptomic assay heterogeneity for predictive modeling in

cancer

2.1 Note to Readers:

I plan to have this work on BiorXiv by April 1, 2026 which will also have all the supplemental
tables included. I can send them to you if requested, but in the final thesis I will refer readers to
the BiorXiv link as done in Chapter 4.

The ”cite lucy paper” refers to a paper in prep that well be uploaded to BioRxiv **before**

final thesis submission.

2.2 Contribution Statement

For this work, I was advised by Drs. Robin Dowell, Benjamin Bitler, and Aaron Clauset.
Dr. Bitler collected the samples, and processed the samples for sequencing which was then done
by external /commercial labs noted below. I performed all downstream computational analyses and
found the literature support. I wrote the original draft that was then edited by Drs. Robin Dowell,

Benjamin Bitler, and Aaron Clauset.

2.3 Abstract

The clinical heterogeneity of cancer poses a major challenge for precision medicine, partic-
ularly when limited cohort sizes and evolving assay platforms impede robust biomarker discovery.

Here, we systematically evaluate how to integrate bulk RNA sequencing (RNA-seq), NanoString,
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microarray, and single-cell RNA-seq (scRNA-seq) for predictive modeling in cancer. We focus on
high-grade serous ovarian carcinoma (HGSOC), as a highly heterogeneous cancer both in terms of
biology and assay data.

We first show that using log2 fold-change in patients with matched pre- and post-neoadjuvant
chemotherapy samples reduces inter-patient and -assay variability, but is insufficient to overcome
platform-specific biases. Microarray and scRNA-seq exhibit systematic biases, while RNA-seq
and NanoString show the most promise for direct integration into a single training cohort. To
overcome inter-assay limitations, we generate a new HGSOC dataset profiled by both bulk RNA-
seq and NanoString, and identify limits of detection and optimal harmonization strategies. Our
approaches enable robust integration of independent cohorts for separate and combined RNA-seq-
and NanoString-based predictive modeling (test-set AUROCS of 0.81 and 0.86), validated with an
external microarray cohort.

We further leverage single-cell data and RNA-seq network-based analyses to provide mecha-
nistic context of predictive model genes. Notably, our models indicate GBP/ expression is a key
predictor of treatment response and biomarker of immune remodeling towards cytotoxicity. Finally,
we provide an interactive web portal to facilitate exploration of the datasets and results. Together,
this work guides cross-assay harmonization of transcriptomic data and enables improved predictive
modeling in heterogeneous cancers.

Statement of Significance: We present a framework for integrating RNA-seq, NanoString,
microarray, and single-cell transcriptomic data for predictive modeling, enabling robust biomarker

discovery in heterogeneous cancers and identifying GBP/ as a marker of immune remodeling.

2.4 Introduction

The heterogeneity of diseases like cancer means that a single treatment regimen is often not
broadly successful[98]. Precision medicine aims to assign the most promising treatment regimen
based on a patient’s specific pathology (e.g. tumor microenvironment) as measured in biological

dataI09]. Machine learning models can then be trained on these data to predict clinical endpoints,
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including disease recurrence, therapeutic response, and survival. These models serve a dual pur-
pose: in addition to predicting treatment success, the genes used in the model highlight potential
biological mechanisms underlying disease progression and therapy resistance.

These predictive models assume that the data on which they train contain sufficient samples
to represent the full heterogeneity of a given disease. However, this is often not the case, particularly
for rare diseases and in small datasets[224]. Therefore, analyses that combine smaller cohorts into a
single study have often been favored to identify biomarkers less confounded by spurious correlations
or batch effects that bias single-cohort studies[98] [148| 202]. While a large, integrated cohort (a
mix of smaller cohorts) is highly effective, it requires that all cohorts use comparable measurements
(e.g. use the same high-throughput sequencing assays).

Instead, continual technological development has led to data being dispersed across several
different assays that measure RNA expression levels of genes in methodologically distinct ways:
RNA-sequencing (single-cell (sc) or bulk), microarray, and NanoString. For instance, microar-
ray was one of the first and most successful high-throughput approaches, enabling highly specific
quantification even with degraded RNA by using molecular probes built to hybridize to a pre-
determined subset of genes [40)]. Conversely, RNA-seq has become much more popular in recent
years, where a sample of RNA is sequenced and then mapped back to a genome for quantification,
allowing consideration of any genes and isoforms at the potential cost of specificity and sampling
bias[262]. As a cheaper intermediate often favored by clinics, NanoString is a probe-based assay
avoids technical biases from post-RNA extraction processing steps at the cost of only considering
up to 1,000 genes at a time [293, [70]. While microarray often has larger data suites compared to
RNA-seq and NanoString, it has also been shown to have limited dynamic range due to its reliance
on fluorescence intensity[297]. Finally, scRNA-seq is the most recent of the four assays, providing
insight into cell-state granularity while being limited to confident analysis for only the most highly
expressed genes[I72]. The technical diversity of these assays has prevented datasets of different
assays from being combined for more powerful predictive modeling. Previous work has evaluated

the large-scale consistency of these assays in differential expression trends and found reasonable
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overlap, but similar studies have not been done for direct cohort combination or predictive modeling
[293], 197), 196, [36]. Overall, the question of how to retain as much data as possible for predictive
modeling with the rapid advancement of technologies remains unanswered.

Here, we address this question by directly interrogating assay-based biases in predictive mod-
eling for a disease that presents several challenges inherent to effectively answering this question.
High-grade serous ovarian carcinoma (HGSOC) is the most common and aggressive subtype of
epithelial ovarian carcinoma, and is the fifth leading cause of cancer-death in women [306]. Un-
fortunately, it is typically diagnosed at advanced stages (III or IV), at which point the 5-year
survival rate ranges from 20% to 40%][306]. Despite these sobering statistics, HGSOC has largely
standard treatment, including the use of neoadjuvant chemotherapy (NACT), where patients are
treated with chemotherapeutics (e.g., carboplatin/cisplatin and paclitaxel) with the goal of reduc-
ing the tumor for an increased likelihood of optimal surgical debulking. Given the poor survival
rate, several studies have attempted to identify biomarkers of prognosis with NACT treatment,
but with limited success and overlap of results[109] [I, 290]. This difference in results can be
largely attributed to the known heterogeneity of the disease, further augmented by cohorts being
split across multiple transcriptomics assays: NanoString, RNA-seq (sc and bulk), and microarrays.
[109] 8, 147, 290, 126, 99, 100, 1]. In addition to this heterogeneity, HGSOC has several datasets
of patients with matched measurements pre and post treatment. Such data is valuable as using
expression changes after treatment compared to before might alleviate simple scale differences from
both subject- and assay-specific biases. Previous studies have shown that even when using such
pre-post data, HGSOC patient heterogeneity is still high enough to require increased sample size by
combining datasets across assays [cite lucy paper|. Therefore, using pre/post data in HGSOC not
only allows clearer evaluation of systematic assay-specific biases but might also provide a solution
to combine data across assays for HGSOC.

In this work, we evaluate how to use pre/post data across different transcriptomics assays
for predictive modeling in cancer, focusing on their limitations and strengths both individually and

combined. First, we assess the limitations and comparability of HGSOC results of these assays
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independently, deciphering if pre-post data can alleviate biases. Although cleaner than expression
data alone, we show that pre-post data is still unable to fully resolve assay-specific biases. Unlike
microarray and scRNA-seq, NanoString and RNA-seq do not show systemic technical biases (e.g.,
low dynamic range or sensitivity). Therefore, second, we predict limits of detection and intro-
duce preprocessing steps to optimally combine NanoString and RNA-seq. Third, we successfully
combine NanoString and RNA-seq for predictive modeling of HGSOC survival, indicating consis-
tent biomarkers also verifiable in both scRNA-seq and microarray data. Finally, we highlight how
to use newer, higher-throughput assays RNA-seq and scRNA-seq to predict the mechanistic con-
text of biomarkers with network analyses. Overall, this work provides critical insights and data on

harmonizing data between transcriptomics assays for predictive modeling, with a focus on HGSOC.

2.5 Materials and Methods

For the sake of brevity, additional methods and more detailed information can be found in

Supplemental Methods.

2.5.1 Cohorts
2.5.1.1 Longitudinal, single-assay combined cohort

Given the ability of longitudinal (e.g. pre/post) data to reduce the impact of patient-specific
biases relative to using single data points, we hypothesized pre- and post-NACT data could similarly
address assay-specific biases. We predicted that although exact expression levels differ between
assays, the change in expression — measured by log2 fold-change (log2FC) — between two samples
using the same assay would be consistent, since assay-specific biases would be accounted for by the
ratios. Therefore, we collected transcriptomics data for paired pre- and post-NACT samples (i.e.,
public or in-house) sequenced with microarray, NanoString, or RNA-seq (both bulk and single-
cell) for which clinical data were available (Figure 2.1]A). Summary statistics for the combined and

individual mini-cohorts can be found in Table We found one pre/post cohort for microarray
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(N=28)[106], and three each for RNA-seq and NanoString (Ns ranging from 15 to 35) [I}, 126l 290,
100, 991 147, 109, [183], [18T][cite lucy paper|. Therefore, for downstream analyses, these studies
were combined into one mini-cohort labeled EGA. Zhang et al[290] also published paired pre- and
post-NACT scRNA-seq samples for 11 patients, 5 of whom matched with bulk RNA-seq. We
ended with a combined transcriptomics cohort of 174 patients with platinum-free survival (PFS)
or platinum-free interval (PFI), with PFS defined as the time interval between the completion of
upfront chemotherapy and disease recurrence via CA125 or imaging (Table . We then sought
the most appropriate approaches to integrate data from the different assays to enable a single,
combined cohort for predictive analysis of PFS (Figure ) This single, combined cohort will
from now on be referred to as the “Single-assay cohort.” Similarly, a mini-cohort refers to the
data coming from one study/assay (i.e. Bitler-NanoString, Manso-NanoString, James-NanoString,

Adzib-RNAseq, Jav-RNAseq, EGA-RNAseq, Jim-Sanchez-Microarray, Zhang-scRNAseq).

2.5.1.2 New double-assay post-NACT cohort

To directly interrogate assay biases of RNA-seq and NanoString, we collected a new dataset
of 24 FFPE HGSOC post-NACT tumor samples, in which sequential FFPE tumor sections were
used for either RNA-seq or NanoString. From now on, samples from this dataset will be referred

to as the “Double-assay cohort.”

2.5.1.3 Non-longitudinal microarray cohorts

Most HGSOC data and public resources are available as microarray data at a single time
point from each patient. This includes two publicly available portals for Ovarian (CSIOVDB) or
Serous Ovarian (KMPlot) cancer[240], 80]. These datasets, however, are not specific to HGSOC
and did not easily allow us to compare cohorts. Therefore, we also re-analyzed four microarray
HGSOC cohorts with overall survival information: Bonome (N=185)[17], Crijns (N=415)[46], Mok

(N=53)[162], Yoshishara (N=260)[281].



Table 2.1:

Summary of Key Clinical Data of Longitudinal Cohorts.

22
Med=Median.

Full=Full dataset, N+R=NanoString and RNA-seq dataset combined. Some variables are not
available for all patients, so the number of patients with the data and their summary statistics
are included and highlighted in grey. Micro=Microarray. PFS = Platinum Free Survival. PFI =
Platinum Free Interval. OS = Overall Survival. CRS=Chemo Resistance Score. Articles for the

different experiments are found in Methods.

Full* N+R Nanostring RNA-seq Micro scRNA-
seq
Bitler Manso James Adzib Jav EGA Jim- = Zhang
Sanchez
PFS 168 140 35 17 31 15 20 22 28 8
Med 12 11 9 18 10 11 14.3 12.3 14 9.8
(mths)
PFI 29 0 0 0 0 0 0 23 0 11
Med 6.8 6.8 5.9
(mths)
oS 109 81 35 0 0 6 20 21 28 8
Med 35 33 34 36 22.9 30 40.5 30
Age 136 108 35 0 31 4 20 19 28 11
Med 63 63.5 60 63 62.5 62 68 60 67
CRS 51 51 0 17 0 0 19 16 0 11
Med 2 2 2 2 2 2
Stage 101 73 0 0 31 0 20 23 28 11
IITA 1 1 0
I11B 3 3 3 0
IIIC 68 52 23 15 15 16 3
v 16 4 4 0 0 12 0
IVA 6 6 0 1 5 0 7
IVB 7 7 0 4 3 0 1

*scRNA-seq (Zhang) includes some patients also found in Piet-Zhang so the Full Dataset numbers account for only

considering each patient once.



23

2.5.2 Modeling
2.5.2.1 Predicted Outcome

We used modeling to predict two outcomes. First, a model predicted platinum-free survival
(PFS) categories, split between the median of the cohort: PFS > 12mths or < 12mths. Second,
to see if log2FC data could clarify assay, a model predicted whether a sample was sequenced with

NanoString or RNA-seq. In all cases, we used the Single-assay cohort for these predictions.

2.5.2.2 Training, Validation, and Hold-out data

Before modeling, a “hold-out” dataset was removed for final testing, including a minimum of
10 patients or about 10% of the total cohort studied and equally representative of each classification
and mini-cohort. To ensure performance on the hold-out set was not biased from the patients
held having either extreme PFS (therefore likely easier to separate) or PFS closer to 12 months
(therefore likely harder to separate), we selected patients based on the following. For RNA-seq
vs NanoString prediction, the patients with the third lowest, third highest, and median PFS were
used from each mini-cohort (N=18). For PFS prediction, we selected the patients with the third
lowest and third highest PFS values within each mini-cohort (N=12). This left 128 patients left for
training/validation. When only considering one assay type (e.g. RNA-seq), to maintain a hold out
N of 12 rather than 6, we added patients with the median PFS of each category (PFS > 12mths
and < 12mths) (except for the Manso mini-cohort which only had 4 patients with PFS > 12mths).

Due to the small sample sizes, we used leave-one-out cross validation (LOOCYV) to determine
the final number of genes to include in the model (k). The final model parameters were then fit on

the full training/validation dataset.

2.5.2.3 Assessing Model Performance

Area under the Receiver Operating Characteristic Curve (AUROC) was primarily used to

compare model performance when using different gene numbers in cross-validation. The AUROCs



24

for each mini-cohort or cohort combinations were also calculated to ensure that the model wasn’t
clearly biased towards one mini-cohort. Other assessments of model performance are detailed in

Supplementary Methods.

2.5.2.4 Feature Selection

Due to small sample sizes, including the full feature list of a shared 770 or all expressed
18,000+ genes would likely cause overfitting. Additionally, assays have different numbers of genes,
which could lead to biases in model performance simply due to different dimensionalities across
assays.

Therefore, we performed an initial feature selection to confine the feature space considered by
a model to a maximum of 25 genes, as is often done in high-dimensional datasets [189, 276]. When
predicting PFS, genes were first filtered based on the predicted limits of detection in expression
and log2FC, as detailed in Supplementary Methods.

Because the integrated dataset comprised multiple mini-cohorts with differing sample sizes
and technical contexts, we implemented two complementary feature selection strategies designed
to mitigate cohort-specific biases. All strategies were implemented using training data only:

1) Bootstrapping: Bootstrapping resamples from the cohort to estimate the underlying value
in a population despite low sample size. We bootstrapped samples from the training/validation
set (with equal number of patients within the two categories: either NanoString and RNA-seq
or PFS> 12mths and PFS< 12mths) using weights inversely proportional to the sample size
of each of the mini-cohorts. Therefore, assays or mini-cohorts with lower sample numbers were
about equally represented compared to mini-cohorts with higher sample numbers. With each
bootstrapped sample, the top 50 or 100 genes with the highest F-scores (from ANOVA F-tests
using python’s function f_classif) were recorded. At each bootstrap, for each gene, we updated
the cumulative proportion of bootstrapped samples that included it in this top ranking list. This
value is hereby referred to as predictive frequency. The genes kept for model training/validation

were identified based on those with the top predictive frequency values (details in Supplemental
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Methods).

2) Consensus: We also saw if explicitly considering genes found within the top k
predictive genes across each mini-cohort would work. For example, there were 21 genes
ranked in the top 50 predictive genes of NanoString vs RNAseq, shared across four or more
datasets. The exact numbers and genes used for all comparisons for training/testing can be
found at the jupyter notebooks RNA-PrePost/Modeling/01 NanoRNAseq_Cons.ipynb and RNA-

PrePost/Modeling /03_RNAseqFull BtspCons.ipynb

2.5.2.5 Models Considered

To assess how robust the predictive power of a feature combination was to model parameter-
s/structure, we considered three different model architectures: logistic LASSO regression, logistic
Ridge regression, and support vector machine. In all cases, logistic regression performed better or
just as well as the support vector machine approach. Since the regression approaches provided more

directly interpretable coefficients, we report these models for the final interpretation of results.

2.6 Results

2.6.1 NanoString and RN A-seq show the greatest potential for direct combination

of longitudinal data
2.6.1.1 Pre/post data does not address microarray and scRNA-seq biases

Technical biases of assays may be addressable through preprocessing or instead reflect loss
of data that makes them no longer directly comparable to other assays. For example, within-assay
scaling is often used to align expression data across assays to comparable scales, but assumes that
all assays measure similar dynamic ranges (i.e. the lowest and highest values in each assay should
be biologically comparable). Longitudinal-based calculations (like Post vs. Pre NACT log2 fold
change (log2FC)) would address scale differences but not data-loss between assays.

We therefore asked what the strengths and weaknesses were of each assay, and whether there


https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-PrePost/Modeling/01_NanoRNAseq_Cons.ipynb
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-PrePost/Modeling/03_RNAseqFull_BtspCons.ipynb
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-PrePost/Modeling/03_RNAseqFull_BtspCons.ipynb
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was data loss making the assays no longer directly able to be combined. To do so, we considered how
data from different assays aligned when summarized in low-dimensional space from expression or
log2FC data, using Principal Component Analysis (PCA) (details in Methods). When considering
all assays, we use the shared set of 731 genes, i.e., genes in both NanoString and microarray probe
sets and in the most recent RefSeq annotation (GRCh38.p14). Limitations of enforcing a shared
feature space are noted in the Supplemental Results. In the case of scRNA-seq and bulk RNA-
seq, some patients were sequenced with both assays. Based on previous work, we expected weak
correlation between expression levels of bulk RNA-seq and scRNA-seq pseudobulk[23T], but asked
if log2FC might address such poor correlation.

Using log2FC yielded more consistent measurements across the four assays than with ex-
pression levels, yet could still not address some underlying data differences. Expression levels led
to patients being clustered based on assay, while use of log2FC between the post and pre sam-
ples allowed the assays and cohorts to overlap in low-dimensional space(Figure ) Applying
within-assay scaling improved overlap between assays in low-dimensional space (Appendix Figures
and B). However, as found in previous work[297], the microarray data showed evidence of
lower dynamic range: lower log2FCs and interquartile ranges of expression compared to all other
assays and cohorts (all adjusted p-values < 0.01 and effect sizes (Cliff’s deltas) > 0.33)(Figure 2.1C,
Appendix Figure ) Thus, it is unsurprising that, even when using log2FC, microarray data
contributed little variance across the combined cohort unless using within-assay scaling (Appendix
Figure ) We concluded that within-assay scaling can seem to harmonize data but assumes
a comparable dynamic range, which is likely not accurate for microarray data. Therefore, in sub-
sequent analyses, we use unscaled log2FC and consider microarray directionality to validate our
predictive model after combining other datasets.

When comparing pseudobulked scRNA-seq and bulk RNA-seq, we observed the expected
poor correlation using expression levels (N=13), yet saw similar trends in pre/post log2FCs (N=5)
(median spearman coefficients (p) of 0.3 and 0.2, respectively) (Figure [2.1D). The resolution of

scRNA-seq means that only the most highly expressed genes have sufficient read coverage for



27

confident downstream analyses [90]. Therefore, we hypothesized this poor correlation was from
lowly expressed genes, but the trends were common across all levels of gene expression (Appendix
Figure [A.2)). Ultimately, we observed pseudobulked scRNA-seq biases that limited its potential

direct combination with bulk datasets.

2.6.1.2 NanoString and RN A-seq have limited biases influencing clinical predictive

modeling

NanoString and RNA-seq showed similar dynamic ranges and patterns in low-dimensional
space. To test whether these two assays could be effectively combined using pre-post data, we
hypothesized that a predictive model would not be able to distinguish between samples sequenced
using RNA-seq and NanoString based on Post/Pre-NACT log2FC alone. We also assessed if assay-
biases might impact clinical modeling by checking if genes predictive of assay differences were also
predictive of PFS. Specifically, we compared the predictive frequency of genes when predicting
NanoString vs RNA-seq or PFS category (proportion of bootstrapped samples where each gene
was one of the top 100 ranked predictive features).

First, we successfully trained a model that consistently predicted whether a patient was as-
sayed by NanoString or RNA-seq, regardless of cohorts considered (hold-out AUROC was 0.93;
Figure 2.1E) (details in Methods). The model found consistent assay-specific biases, as nine of the
twelve genes in the model (including the eight with the highest coefficients) showed the trends be-
tween assays maintained across all six mini-cohorts (Appendix Figure. We also found evidence
that RNA-seq and NanoString had poor concordance in predictive features of PFS. Predictive fre-
quencies when predicting PFS with NanoString or RNA-seq were more comparable to predictive
frequencies when distinguishing NanoString from RNA-seq (p = 0.071,p = 0.077) than to each
other (p = 0.028) (Appendix Figure . Several genes predictive of PFS (predictive frequencies
above 0.3 in RNA-seq or NanoString cohorts), were also predictive in distinguishing NanoString
and RNA-seq samples (predictive frequencies above 0.3) (Appendix Figure coloration of dots).

These findings suggest that calculating log2FC in longitudinal data is likely insufficient to remove
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Figure 2.1: NanoString and RN A-seq show the lowest biases for direction combination of
longitudinal cohorts but are still distinguishable. A. Outline of study where we assessed the
most appropriate approaches to combine longitudinal data across 4 transcriptomics assays of varying
cohort sizes for predictive modeling of PFS. B. PCA across all patients/cohorts for the bulk assays
using either normalized expression pre-NACT (left) or log2FC between normalized expression post
and pre-NACT (right). C. Violin plot of absolute values of log2FC between normalized expression
post and pre-NACT across the different assays/cohorts. Pairwise comparisons using Wilcoxon-
Mann-Whitney tests and minimum effect sizes (measured with Cliff’s delta) are shown with those
between Microarray highlighted in yellow. Stars indicate comparisons with adjusted p-values below
0.01 (**) and 0.05 (*) with minimum Cliff’s deltas of 0.33, or adjusted p-values below 0.001 (***)
and a minimum Cliff’s delta of 0.474. D. Spearman correlation coefficient of gene expression
across patients between normalized (CPM) expression levels pre/post NACT or post/pre NACT
log2FC for bulk RNA-seq and pseudobulked scRNA-seq sequenced on the same FFPE samples. E.
Receiver Operator Characteristic Curves of a model trained to predict NanoString samples using
log2 Post/Pre NACT fold changes (AUC corresponds to AUROC) from the unmatched dataset.
All includes all training/validation samples (N=128) excluding the 24 kept for the Hold out set
and remaining cohorts refer to the one of the three NanoString cohorts (i.e. Manso, Bitler, James)
combined with one of the three RNA-seq cohorts (i.e. Adzib, Jav, EGA), again excluding the 24
validation samples.

assay-based biases in data.



29

2.6.2 Differences between NanoString and RNA-seq measurements are largely

addressable with data processing

Since NanoString and RNA-seq showed comparable dynamic ranges, we hypothesized that
NanoString and RNA-seq could still be effectively combined for predictive modeling by optimizing
preprocessing of their data. To test this hypothesis, we collected a new dataset of 24 FFPE
HGSOC tumor samples, in which sequential FFPE tumor sections were used for either RNA-seq
or NanoString (double-assay cohort) (Figure[2.2]A). We evaluated the impact of two preprocessing
components: 1) removing lowly expressed genes based on limits of detection, and 2) counting
regions in RNA-seq. Normalization approaches had little to no impact and are therefore discussed
in Supplemental Results.

In the case of detection limits, a gene might not be expressed sufficiently to be accurately
detected, or have such a narrow expression range that there is insufficient variance to accurately
estimate covariance (and therefore correlation). Therefore, we gauged the limits of detection of both
expression and range for RNA-seq and NanoString harmonization. We estimated cutoffs of RNA-
seq and NanoString expression (or ranges) at which we observed a clear (strict) or starting (loose)
decline in correlation between RNA-seq and NanoString expression/range (details in Methods; final
cutoffs in Supplemental Table 2; Figure ) For the counting component, an obvious difference
between the assays is that while NanoString commonly only considers < 200bp of a gene (via a
probe), RNA-seq can consider any gene sequence(Figure , Appendix Figure ) Therefore,
we evaluated if counting across isoforms (isoform-based counts) or exons (exon-based counts) most
closely corresponding to the NanoString probe (the latter expected to resemble probe regions)

impacted harmonization (Appendix Figure [A.5)).

2.6.2.1 Most consistent differences are due to limits of detection

Projection of the double-assay cohort into a low-dimensional space suggested that although

absolute values differed between RNA-seq and NanoString, relative gene expression across patients
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Figure 2.2: NanoString and RNA-seq assay-specific biases are largely due to limits of
detection. A. Sequential samples from 24 FFPE isolations were sequenced with either NanoS-
tring and RNA-seq. B. Scatter plot of logged Expression from RNA-seq (Isoform-RPKM, y-axis)
and NanoString (x-axis) for each gene where the color corresponds to the correlation between the
matched datasets. Strict and loose limits of detection are shown as lines. C. AUROC of models
predicting NanoString vs RNA-seq when allowing consideration of all NanoString genes vs those
above the limits of detection for range and expression (No LowExpRange). D. Flow graph of the
number of genes that first have isoform- or exon-based counting allowing improved harmonization,
and second whether the isoform or exon-based counts are below the limits of detection. E. Scatter-
plot of log2FC values of genes using RNA-seq based isoforms (y-axis) vs NanoString based isoforms
(x-axis) where genes with differences greater than 5 are noted. F. Scatter plot of mean F-score
across bootstrapped samples of genes when using RNA-seq based isoforms (y-axis) vs NanoString
based isoforms (x-axis). The inset shows the probe-, exon-, NanoString isoform-, and RNaseq
isoform- based coordinates for FANCA.

and the dynamic range were maintained (Appendix Figure . Similarly, most genes showed
Spearman correlations that were largely unchanged by the using different normalizations or isoform-
or exon-based counting (51% > 0.85, 12% < 0.65, 5% 0.65 < = < 0.85), with only 30% of genes
showing variability across approaches (details in Methods).

Given counting differences had limited impact on most genes’ harmonizations, it is likely
that most poor correlations were from technical limitations of detection. Indeed, Spearman corre-
lation coefficients were significantly lower in genes with the lowest expression and/or range quantile

(adjusted p-values < 0.001, Appendix Figure [A.7). When using cutoffs based on our strict pre-
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dicted limits of detection, only 31 genes still had consistent correlation coefficients below 0.7, with
TMEM140, RAD50, PVRIG, HDAC3, BAD, and ELOB all with coefficients far below 0.5, possi-
bly partly explained by low expression (< 5 TPM). Removing genes below the limits of detection
also restricted the ability to distinguish between NanoString and RNA-seq samples using log2FC
(hold-out AUROC from 0.93 to 0.65) (Figure [2.2C). This restricted model seemed to rely primarily
on memorizing noise across cohorts rather than learning assay-specific differences, with only two of
the twelve model genes exhibiting assay-specific trends (Appendix Figure . Indeed, 10 of the
12 genes included in the original model predicting NanoString vs RNA-seq fell below these limits of

detection, whether in the form of expression or range (log2FC below 0.05) (Appendix Figure |A.3]).

2.6.2.2 Probe-focused counting can harm rather than improve harmonization

There still remained findings indicating that counting approach may impact harmonization.
A total of 96 genes (13%) had improved Spearman correlation coefficients between NanoString and
RNA-seq when using either exon- or isoform-based counts over the other (increase of > 0.05 in at
least two of three normalization approaches) (Figure left). Exon-based counts may improve
region matching between RNA-seq and NanoString, but they also decrease counts by considering a
smaller genomic segment. Indeed, we found that isoform-based counts commonly performed better
due to simply increasing data above the limits of detection: 40% of genes for which isoform-based
counts are better have expression levels below the limits of detection (Figure Isoform-Better
to Exon Only and Both). Similarly, genes with better harmonization from exon-based counts have
higher exon-based but not isoform-based counts than genes with better isoform-based correlation
(adjusted p-value < 121072%; Appendix Figure . Still, the majority of cases where exon- or
isoform-based counting is preferential (64% and 57%, respectively) are not explained by detection

limits (Figure[2.2ID). However, further evaluation confirmed that probe-focused counting has limited

if any improvement in harmonization (Supplemental Results; Appendix Figures|A.10} |A.11} |A.12)).

Clinically relevant insights could be lost by restricting RNA-seq analysis to isoforms best

matching NanoString probes rather than the most highly expressed ones. However, there was still
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high correlation of log2FC in genes when the highest-expressed or NanoString isoform (R? of 0.93),
even though most genes (456-457) had a different isoform (Figure 2.2E). All outliers (> 5 change in
log2FC; labeled in Figure ) were explained by expression levels changing between values already
below our limits of detection and zero (details in Supplemental Results). Similarly, isoform usage did
not change NanoString and RNA-seq harmonization; in our double-assay dataset, despite 462/770
genes (60%) having changed isoforms, we observed little to no change in Spearman correlation
between NanoString and RNA-seq expression levels (Appendix Figure ) Finally, isoform-
based changes in 1og2FC lead to minimal differences in genes’ predictive power of NanoString
vs RNA-seq samples or PFS (as measured by mean F-score across bootstraps) (Figure and
Appendix Figure , R?=0.92 and R?=0.99). The only obvious outlier was the FANCA gene
whose isoform dramatically changed from the shortest to the longest isoform (increased length by
more than 50kb) (subset of Figure[2.2]F). Therefore, isoforms used made minor impact on predictive

modeling except with extreme changes (e.g. more than 50kb).

2.6.3 Integrating NanoString and RNA-seq pre-post longitudinal data allows

generalizable survival prediction

NanoString and RNA-seq showed enough congruence after preprocessing to hypothetically be
combined into a single cohort to predict PFS (Figure ) The extent to which this combination
can improve predictive modeling and clarify biomarkers in cancer has not been previously deter-
mined. We performed the PFS predictive modeling using a combined cohort of the single-assay
NanoString and RNA-seq cohorts, hereby referred to as the “combined cohort.” scRNA-seq and
microarray data were used as an external verification of modeling results. Because microarray data
shows a lower dynamic range, we used longitudinal data to see if the direction of change supported
by our model is found in the microarray data. Similarly, scRNA-seq could clarify which cell-states
best represent a given gene’s bulk signal. Finally, the vast majority of HGSOC data is from non-
longitudinal microarray; therefore, we evaluated how well our log2FC-based biomarkers showed

association with survival metrics based on expression levels alone, focusing on microarray data.



33

For the sake of brevity, results showing how our harmonization insights improve upon previous
single-assay predictive modeling of PFS can be found in Supplemental Results.
A model that used log2FC of genes to predict patients with PFS < 12mths achieved decently

high AUROCs (0.81 for hold-out) across all mini-cohorts and assays (Figure [2.3B). Further results

confirming the model learned true biological patterns and feature relevance can be found in Sup-

plemental Results (Appendix Figures|A.15] |A.16/A,|A.17)). All of the eleven combined model genes

except TMUBZ2 had explicit literature support of their predictive power for HGSOC survival or dif-
ferential expression in HGSOC cells with and without chemotherapeutic resistance (Supplemental
Table 4). Seven of these genes had more than one source supporting their linkage: IDO1, CD/0,
JAK2, ID4, ENO1, EGR1, and RRM?2 [87, 289, 174, (133, [62], 169 66, 239, 118 206, 258, 178 20,
131), 156, 205, 136l 294, 274, 3]. Despite the external validation of most model genes in HGSOC
specifically, only JAK2 and RRM2 showed consistent trends in PFS> 12mths and PFS< 12mths
across all mini-cohorts: stronger median upregulation and downregulation with > 12mths patients
of JAK2 and RRM?2, respectively (Figure ) Based on the DepMap database[94] of CRISPR
knockouts and RNA knockdowns, most cancer cell lines show a high dependence on RRM2. OV-
CARS, an HGSOC cell line characterized by high cisplatin resistance, is classified as RRM2 essential

by DepMap cutoffs (Appendix Figure |A.18)[160, [50].

2.6.3.1 Verifying results in external scRNA-seq and microarray

For external verification in scRNA-seq and microarray data, we considered 12 genes: the
11 genes included in the combined model, and CD27/ (protein PD-L1). The latter was included
because it was one of the highest and consistently top-ranked genes in our feature selection for both
RNA-seq and NanoString, and was also included in a previous PFS model for HGSOC cite lucy
(details in Supplemental Results; Appendix Figure . We first assessed if the directionality
of pre/post microarray data was consistent with that suggested by our model. Of the 12 genes, 5
(42%) showed the same directionality across all three assays, with a maximum of one mini-cohort

within NanoString or RNA-seq disagreeing (Figure [2.3D). In some cases, the microarray data’s
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Figure 2.3: Predictive modeling in combined cohort of NanoString and RN A-seq reveals
consistent biomarkers. A. Receiver Operator Characteristic Curves of a model trained to predict
if a patient has a PFS< 12months using log2 Post/Pre NACT fold changes (AUC corresponds to
AUROC). Tr/Val refers to training/validation samples (N=128) excluding the 12 kept for the Hold
out set. B. Coefficient values for each of the genes considered in the model where blue indicates a
negative and red positive coeflicient for the log2FC. Bolded genes have consistent trends across all
6 experiments. Heatmap shows median log2FC in each experiment of patients with PFS < 12mths
vs those > 12mths. C. Difference between median Log2FC of patients with PFS > 12mths and
PFS < 12mths of model genes found in the NanoString panel across the 7 available experiments
with the p-values of t-tests of the log2FC dictated by e< 0.1, % < 0.05, *x < 0.01, * % x < 0.001. D.
Heatmap of counts per million (CPM) per pseudobulked cell-state from single-cell data pre-NACT,
post-NACT, and combined (All). E. Kaplan-Meier curves based on median expression split of
JAK?2 and ID/ in an external Microarray cohort.

directionality might have clarified some initial disagreements between cohorts, supporting most of
the other cohorts that higher upregulation of IDOI generally corresponds to PFS > 12mths.
scRNA-seq indicated which cell types in which the four genes with the most consistent signals
were likely conferring the impact on PFS (results for all genes/cell types are in our Github repository
in Methods). While JAK2 showed the strongest initial signal in pDC cells, it showed increased
expression post-NACT in NK and dendritic cells (DC-2) (Figure 2.3E). CTSS and CD27/ showed

an increase post-NACT in macrophages and mast cells, respectively. Interestingly, the scRNA-seq
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data showed the opposite direction for PFI correlation with CD274 to bulk, instead indicating that
decreased post-NACT expression correlated with higher PFI (Appendix Figure ) Finally,
RRM2 showed the clearest decrease in the cancer cell cluster Epithelial Ovarian Cancer (EOC)
Cluster 5, which had previously been annotated as proliferative cancer cells (Figure 2.3E)[290].
This finding corresponds with a stronger decline of RRM2 expression reflecting lower proliferation
of cancer cells and therefore serving as a biomarker of treatment success as suggested by our model.
EGR1 and IDO!1 had log2FC significantly correlated (Spearman correlation p-value below 0.05)
with the platinum-free interval (PFI) in cancer-associated fibroblasts, but the correlational signal
was not recapitulated in patients not previously considered in model training (Appendix Figure
and B).

Finally, all 12 genes showed significant correlation with survival from microarray-based ex-
pression alone in much larger cohorts than those used in this study. First, all 12 genes were
significantly associated with survival and/or PFS in two publicly available portals for Ovarian
(CSIOVDB) or Serous Ovarian (KMPlot) cancer[240] [80] (Supplemental Table 4). When consid-
ering HGSOC-specific microarray data, genes JAK2 and 1D/ showed significant association with
survival across multiple cohorts in the same direction, including the cohort with the smallest N
(Mok, N=>53; Hazards Ratio 95% confidence intervals of [0.23-0.85] and [0.22-0.83]; p-values of 0.01)
(Figure [2.3F). Seven of the 12 genes (58%) suggested by our combined cohort analysis showed sig-
nificant association with survival (padj < 0.05; univariate Cox regression) in at least one of the four
non-longitudinal microarray cohorts (Supplemental Table 5): IDOI1, JAK2, CTSS, IDj, EGR1,
OAS3, CD274.

Overall, these findings indicate that data from NanoString and RNA-seq can be effectively

combined to identify biomarkers, after optimizing preprocessing steps.
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2.6.4 Full genome consideration reveals key genes missing and provides additional

mechanistic context
2.6.4.1 Non-NanoString panel genes mark treatment success

Given the successful usage of the combined dataset, we next evaluated the unique insights
that RNA-seq could provide for discovery by considering all genes, with NanoString and similar
probe-reliant assays used for validation. To this end, we predicted patients with PFS < 12mths
using the 57 patients with paired RNA-seq and all genes transcribed. Importantly, the feature
selection approach we used ensured there was no obvious burden from including more genes (details
in Methods).

We achieved higher AUROCSs from a model trained on just the RNA-seq data than observed
with the combined (NanoString+RNA-seq) model (0.86 vs original 0.81 in hold-out set) (Figure

2.4)A). Further results validating the RNA-seq model and feature importance can be found in

Supplemental Results (Appendix Figures [A.14] [A.16B, |A.22)). Six of the nine genes used in the

final RNA-seq model showed consistent median log2FC differences between PFS classes across mini-
cohorts (highlighted in[2.4B). This is a higher number than that observed with the combined model,
but it is important to consider that we also required fewer mini-cohorts to demonstrate similarity
(3 instead of 6). Seven of the nine RNA-seq model genes also had literature support linking them
specifically to ovarian cancer or chemoresistance: GBP4, AMOTL2, ESTYS3 HCN3, DDX11, CLK2,
and CDKL2[269, 300 93] 124] 88| 178 295, 280, 811, 105] (Supplemental Table 4). Although GBP/
was the only model gene in the NanoString panel, NanoString panel genes generally showed higher
predictive power (as measured by Mean F-score across bootstrapped samples) than other genes
(p-value < 0.001, Appendix Figure . Specifically, CD27/ and GBP/ were consistently within
the top 25 genes with highest predictive frequency when only considering NanoString panel genes
across the combined cohort.

Like with the combined model, microarray and scRNA-seq data supported our model findings.

Six of the nine genes (67%) showed the same log2FC directionality across all available assays, with
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a maximum of one NanoString or RNA-seq mini-cohort showing a different directionality (Figure
). Similarly, all genes showed expression significantly associated with overall survival and/or
PFS in at least Ovarian (CSIOVDB) or Serous Ovarian (KMPlot) cancer [240}, [80] (Supplemental
Table 4). Expression of only three of the model genes (33%, GBP4, DDX11, and CLK2) was
significantly associated with survival (padj < 0.05 univariate Cox regression) in a HGSOC-specific
cohort (Supplemental Table 5). GBP/ was significant across multiple cohorts in the same direction,
with a Kaplan-Meier curve of the Yoshihara cohort[281] shown in Figure (Hazards Ratio 95%
confidence interval [0.41-0.85], pvalue=0.004). GBP4 showed the most consistent, although not
by much, results of all guanylate-binding genes in our and other datasets (Supplemental Results;
Appendix Figure . Both GBP4 and CLK2 also had log2FC correlated with platinum free
interval (PFI) in cacner cells according scRNA-seq, in the same directions suggested by the bulk
RNA-seq model. GBP4 showed upregulation in patients with longer PFI and down regulation
in those with shorter PFIs in the proliferative cancer cells (EOC_C5); stronger downregulation of
CLK?2 was associated with higher PFI in dendritic cells and EOC_C4 (annotated as differentiating
cancer cells) (Figure , Appendix Figure [290]. Log2FCs of four additional model genes
(total 67%) also correlated with PFI: HCN3, AMOTL2, ESYT3, GPR173 (Appendix Figure.
Overall, being reduced to a gene panel list, even one specific to cancer, can hinder identification of

relevant biomarkers.

2.6.4.2 Gene networks clarify mechanistic relevance of GBP/

Considering a full gene space also allows us to perform robust network analyses. Therefore, we
performed network-based analysis of genes to hypothesize 1) which genes/pathways a gene correlates
with and therefore might be represented by that gene in the model, and 2) the contextual role of
a gene itself. We focus on GBP4, due to its differential signal being highly consistent. Briefly, we
reconstituted pre- or post-NACT networks using the topological overlap matrix (TOM) similarity
scores (measurement of gene interconnectedness) between genes from WGCNA (RNA-seq) and

hdWGCNA (scRNA-seq) (details in Methods, Supplemental Table 6)[128], [166].
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Figure 2.4: Full genome analysis improves mechanistic understanding of biomarkers. A.
Receiver Operator Characteristic Curves of a model trained to predict if a patient has a PFS<
12months using log2 Post/Pre NACT fold changes (AUC corresponds to AUROC) using all RNA-
seq genes and data. Tr/Val includes all training/validation samples (N=45) excluding the 12 kept
for the Hold out set. B. Coefficient values for each of the genes considered in the model where
blue indicates a negative and red positive coefficient for the log2FC. Bolded genes have consistent
trends across all 3 experiments. Heatmap shows median log2FC in each experiment of patients
with PFS < 12mths vs those > 12mths. C. Difference between median Log2FC of patients with
PES > 12mths and PFS < 12mths of model genes across the experiements considering the gene,
with the p-values of t-tests of the log2FC dictated by e< 0.1, % < 0.05, xx < 0.01, * x x < 0.001. D.
Kaplan-Meier curve based on median expression split of GBP4 in an external Microarray cohort.
E. Scatter plots of Post/Pre NACT Log2FC from pseudobulked scRNA-seq data (N=11, within
cell-type) and the log(PFI + 1). Fitted line with R and p-values from a linear regression is shown
with standard error highlighted. F. Volcano plot of gene’s changes in TOM similarity with GBP4 in
Pre and Post NACT WGCNA-based networks (x-axis) and the maximum similarity (y-axis). Genes
determined as shared or post/pre only are colored based on general immune-based functions, with
genes of highly mixed or lesser known functions labeled as None.

We first evaluated how the bulk-based gene-networks of GBP/ changed based on treatment
status (Pre- vs Post-NACT) (details in Methods). Regardless of timing, GBP/ connected to
a core set of immune-relevant genes including immune-checkpoints, lymphocyte regulation, and
chemokine signaling, and immune-cell infiltration (Figure , Supplemental Table 7). This finding
supports that GBP/ is indeed corresponding to an immune role in the HGSOC context. In Pre-

NACT networks, GBP4 was connected to genes primarily involved in innate immunity: innate
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immune sensing, apoptosis, antigen processing, interferon-stimulated genes, metabolic stress, and
immune inhibitory checkpoints (including CD27/ [PD-L1], PDCDILG2 [PD-L2])) (Figure 2.4F,
Supplemental Table 7). Enriched pathways (q value < 0.05) unique to the pre-NACT gene group
included viral response, interferon-mediated signaling pathways, and positive regulation of Tumor
Necrosis Factor. Conversely, post-NACT GBP/ connectivity shifted closer to pathways of cytotoxic
lymphocytes, with enriched pathways (q value < 0.05) unique to the post-NACT group including
thymic T cell selection, T helper (CD4+) cell differentiation and immune response, and regulation
of alpha-beta T-cell differentiation. Key post-specific genes direct towards T helper cell fates and
expansion, mark cytotoxic T-cell proliferation, increase CD4+4 and CD8-+ T cell trafficking, and
activate T/NK cells (Figure , Supplemental Table 7). HLA-DOA and CLEC10A both mediate
antigen loading in macrophages and dendritic cells, thereby influencing T helper responses. Finally,
genes PTPN7, NAPSB, Cl6orf54, and TMCS8 have been independently associated with immune-hot
tumor micro environments and serve as predictive markers of cancer prognosis[255, [173] 53], 139]
(Figure ) Overall, these findings indicate that GBP/ networking may focus on marking a
general innate response to one of cytotoxicity.

Single-cell expression and networks support this interpretation. GBP4-associated edge
weights from bulk RNA-seq most closely matched the scRNA-seq networks of the dendritic cells
in which GBP4 was also most strongly expressed prior to treatment (Appendix Figure ,B).
Following NACT, GBP/4 expression then decreased markedly in macrophages, NK cells, B cells,
and dendritic cells, while remaining stable in T cells and increasing in innate lymphoid cells and
mast cells (Appendix Figure ) GBP/ network correspondence also shifted from primarily
dendritic cells to include the NK cell group (NK+ILC, with 86% NK cells), with the caveat that NK
cell numbers above 50 were only found in two patients pre-NACT. Together, these results indicate
that GBP/4 expression and network context are both reprogrammed by chemotherapy, so that it’s
expression patterns may reflect a shift from a myeloid-dominated, immunosuppressive environment

toward lymphoid-associated cytotoxic immune programs in our model.
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2.7 Discussion
2.7.1 Foundational Guidance on data integration across assays for predictive
modeling

In this work, we evaluated how to incorporate the growing technologies in transcriptomics
with one another, providing guidelines on how to effectively combine assay data both directly in
modeling or for verification of results. We first identified the strengths and weaknesses of each
assay, before clarifying necessary steps for harmonizing NanoString and RNA-seq. We ended by
performing predictive modeling and network analysis to show how integrating probe-based assays
with assays that consider full gene space and single-cell dynamics can powerfully identify biomarkers
and their mechanistic insights.

Our work first clarifies that microarray and scRNA-seq contain systematic biases from
other transcriptomics assays that should be considered before combining them with other data.
Percentile-scaling is commonly used to directly consider microarray with other datasets; however,
our and previous work supports that this approach relies on a likely poor assumption that the
biological meaning of extremes is shared[297]. Our data indicates that a better solution might
come with including a binary variable of whether the assay is microarray in a model trained across
all three assays: microarray, NanoString, RNA-seq. Longitudinal data also does not address the
known poor correlation between pseudobulked scRNA-seq and bulk RNA-seq. Importantly, we had
low sample numbers to effectively address the full extent and reasons for this. The difference might
be explained by cell types being preferentially captured for scRNA-seq, thereby changing from the
cell type proportion in bulk. Previous studies have shown that smaller, robust cells like immune
cells are often more easily captured for scRNA-seq than larger, fragile cells[113].

Our framework and web portal can be used by others to clarify whether modeling/biomarker
differences across cohorts are more likely due to assay- or biological-heterogeneity. The greatest
limitation to integration across assays was the poor characterization of lowly expressed genes.

Therefore, determining the limits of detection for assays, as provided in this work, is essential
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not only for accurate integration across but also within one assay. Similarly, our work suggests
that RNA-seq data is not commonly sequenced to a high enough depth where probe-focused (e.g.
exon-counting) or isoform-specific counting makes a general difference in harmonization between
NanoString and RNA-seq. This, however, depends on the isoform difference; for example, a single
100bp probe was not well representative for a gene expressing its largest 100kb+ isoform. Our
results can enable researchers to pinpoint why a different cohort/study may have gotten opposing
findings by considering exon-counting approaches or differential isoform usage. As a quick-check,
researchers can use our portal (in Data Availability) to explore how certain genes harmonize between
NanoString and RNA-seq using both isoform-based and exon-based counts.

Finally, we provide guidelines that address how to effectively integrate data as technological
innovations continue in single-cell and bulk transcriptomics. RNA-seq and NanoString were con-
sistent enough to allow direct comparison of results, even when considering notoriously variable
sample types (e.g. FFPE). While NanoString panels are gene-limited, they provide a simpler, effi-
cient, and often cheaper alternative to RNA-seq for expression profiling. Therefore, we suggest that
RNA-seq be used to clarify the most relevant sub-1000 list of genes for a NanoString panel that is
then more easily adopted by clinics. NanoString and RNA-seq data can then be effectively com-
bined for more refined predictive modeling, expanding data generation without hindering biomarker
selection. Given the current scarcity of scRNA-seq, both RNA-seq and scRNA-seq can be used to
further characterize the possible mechanisms underlying biomarkers. For example, we clarified that
GBP/ is not necessarily an effector itself, but a marker of the tumor microenvironment’s immune
state shifting from immune suppression and generalized inflammatory conditions towards specific

cytotoxicity and immune-hot tumor signatures.

2.7.2 Potential biomarkers and models for downstream experimentation in HG-

SOC

The effectiveness of the above guidelines can be observed by our work presenting several

models and biomarkers of treatment response in HGSOC. These results can be used for both
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hypothesis generation and focused experimental efforts.

For example, our findings suggested that strong expression of RRM2 reflects proliferation
of cancerous cells and therefore chemoresistance. Indeed, inhibition of ribonucleotide reductase
(RNR), whose activity RRM2 directly regulates, has been shown to increase the sensitivity of
chemoresistant cancers across multiple clinical trials, including one focused on platinum-resistant
ovarian cancer[285, 122]. Since direct RNR inhibition can lead to severe side effects, grow-
ing research is focusing on developing expression-level inhibition of RRM2 as a possibly safer
alternative[285]. Interestingly, our data suggested that increased expression of CD27; (PD-L1),
and similarly, low initial expression and high post-NACT expression, correlate with increased PF'S.
Interaction of PD-L1 with its receptor inhibits T-cell activation and cytokine production, so limit-
ing this inhibition has been a key therapeutic target[I50]. We provide two key explanations of our
finding. First, increased PD-L1 expression is a biomarker of both potential downstream immuno-
suppression and of a responding immune system, with NF-kB inducing PD-L1 expression[I50].
Indeed, we showed that the immune rather than cancer cells showed expression post-NACT, while
decreased expression of C'D274 within immune cell types correlated with higher PFS. Secondly, the
bulk RNA-seq expression levels might represent an increased portion of immune cells post-NACT.

Finally, we consistently found that increased JAK2 and GBP/ expression post-NACT and
generally higher expression correlated with higher PFS. Multiple functional assays in cancer cell
lines have indicated decreased expression of JAK2 instead limits proliferation[66} 239]. Importantly,
however, our findings reveal that JAK2 expression from FFPE cancer samples is primarily in im-
mune cells rather than epithelial cells, indicating the importance of considering a gene within the
context of the full tumor microenvironment. Indeed, JAK inhibitors on mice only slightly improved
chemosensitvity when using tumor cells already showing higher expression of JAK and STAT genes
compared to chemo-sensitive tumors[239]. While a helpful marker, JAK2 is a multifaceted protein
across cells and therefore might not be an ideal treatment target. Instead, GBP/ shows dispersed
expression across all cell types, although primarily in immune cells, and has been previously de-

scribed as a marker of immuno-hot tumors[300]. Indeed, experimental manipulations of GBP5
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and GBPI expression in ovarian cancer cell lines have indicated that these genes are critical to
preventing cancerous proliferation[305, 269]. Although GBP4-focused functional assays have not,
to our knowledge, been conducted, our finding that GBP4 more consistently predicts higher PFS

than other GBP genes indicates that GBP/ might be a promising gene for future experimentation.

2.7.3 Limitations and Future work

Finally, the limitations of this study help pinpoint important opportunities for future work
in integrating data across assays for predictive modeling. Despite combining across cohorts, the
sample size of 140 was still below the 200 ideal for predictive modeling in even simple diseases[224].
Similarly, feature filtering is a necessary step when dealing with a large number of features compared
to samples, but can also remove clinically relevant genes. Thus, the ability to integrate cohort data
for larger sample sizes, including those across assays, is clear. Finally, while longitudinal data is
ideal for addressing patient- and assay-specific biases, it is harder to obtain and perhaps not as
clinically applicable as un-matched expression data. The ideal use case for biomarkers and models
of treatment success is that they can predict success before a patient receives treatment. Since
NACT is a highly standardized treatment for ovarian cancer, our models on log2FC are relevant
for enabling immediate action post-treatment, but are still limited. Our findings from our double-
assay dataset indicate that NanoString and RNA-seq have comparable dynamic ranges and that,
once addressing limits of detection, assay-scaled expression values are directly comparable between
samples. Therefore, building a model from the full set of pre-treatment RNA-seq and NanoString
data using our suggested preprocessing steps is not only viable but could provide more immediate
insight into HGSOC pathology. In all cases, our harmonization insights, models, and the multiple
data resources/analyses available on our portal (see Data Availability) will be powerful tools for

downstream dataset incorporation and predictive modeling of ovarian cancer and other cancers.
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2.8 Data Availability

For NanoString, the Bitler dataset consisted of raw files from GEO GSE319500[109]cite lucy,
the Manso dataset from GEO GSE181597[147], and the James dataset from GEO GSE201600[99].
For RNA-seq, the Adzib dataset used raw files from GEO GSE227100[I]. Survival informa-
tion was provided for a subset of patients by the original authors. The EGA (Piet-Zhang
and Piet) dataset was so named since raw files could only be collected from the European
Genome Archive (EGAD00001006456). This dataset included consortia of HGSOC studies MU-
PETFaasi2, HERCULES, and CHEMORESPONSE. The metadata and previous analyses of the
data were collected from [I83], 294, [I8T], 129]. The Jav dataset only provided normalized counts
(RPKM) as the Supplementary Table 5 (JL00]). For Microarray (Jim-Sanchez) data, normalized
data were found at GEO=GSE146963[106]. Quality Control counts and metadata for scRNA-
seq (Zhang) data from [290] were downloaded from GEO using accession number GSE165897
(GSE165897_celllnfo HGSOC.tsv and GSE165897_UMIcounts HGSOC.tsv.gz). Data from the
double-platform work can be found at GSE323347 (RNA-seq) and GSE322784 (NanoString).

Users can also explore the data on https://hopetownsend.shinyapps.io/hgsoc-gene-explorer /.
This app runs through Shiny apps free portal and therefore users are also encouraged to follow in-
structions on the github repository (https://github.com/Hope2925/NanoString-RNAseq-HGSOC)
to run it locally to avoid server limitations. The same github repository contains all code and data
links for this work.

Code for all analyses can be found at https://github.com/Hope2925/NanoString-RNAseq-

HGSOCL
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Chapter 3

Evaluating methods for integrating single-cell data and genetics to understand

inflammatory disease complexity

The work in this chapter is as published in: Townsend, H.A., Rosenberger, K.J., Van-
derlinden, L.A., Inamo, J., Zhang, F. (2024). Evaluating Methods for Integrating Single-Cell
Data and Genetics to Understand Inflammatory Disease Complexity. Front. Immunol. 15. doi:
10.3389/fimmu.2024.1454263. All supplemental tables can be found with the published manuscript.

Figures in Appendix B were published as supplemental figures in published manuscript.

3.1 Contribution Statement

I led this work and was aided by Kaylee Rosenburger. Kaylee Rosenberger helped research
different approaches to benchmark, ran scGWAS, and provided the scGWAS results. Kaylee and I
wrote the initial draft which was then edited by all authors. Drs Inamo and Zhang advised on the

project. I did all other work including data curation, literature reviews, and analyses.

3.2 Abstract

Background: Understanding genetic underpinnings of immune-mediated inflammatory dis-
eases is crucial to improve treatments. Single-cell RNA sequencing (scRNA-seq) identifies cell states
expanded in disease, but often overlooks genetic causality due to cost and small genotyping cohorts.
Conversely, large genome-wide association studies (GWAS) are commonly accessible.

Methods: We present a 3-step robust benchmarking analysis of integrating GWAS and
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scRNA-seq to identify genetically relevant cell states and genes in inflammatory diseases. First,
we applied and compared the results of three recent algorithms, based on pathways (scGWAS),
single-cell disease scores (scDRS), or both (scPagwas), according to accuracy/sensitivity and in-
terpretability. While previous studies focused on coarse cell types, we used disease-specific, fine-
grained single-cell atlases (183,742 and 228,211 cells) and GWAS data (Ns of 97,173 and 45,975)
for rheumatoid arthritis (RA) and ulcerative colitis (UC). Second, given the lack of scRNA-seq for
many diseases with GWAS, we further tested the tools’ resolution limits by differentiating between
similar diseases with only one fine-grained scRNA-seq atlas. Lastly, we provide a novel evaluation
of noncoding SNP incorporation methods by testing which enabled the highest sensitivity /accuracy
of known cell-state calls.

Results: We first found that single-cell based tools scDRS and scPagwas called superior
numbers of supported cell states that were overlooked by scGWAS. While scGWAS and scPag-
was were advantageous for gene exploration, scDRS effectively accounted for batch effect and
captured cellular heterogeneity of disease-relevance without single-cell genotyping. For noncoding
SNP integration, we found a key trade-off between statistical power and confidence with positional
(e.g. MAGMA) and non-positional approaches (e.g. chromatin-interaction, eQTL). Even when
directly incorporating noncoding SNPs through 5 scRNA-seq measures of regulatory elements,
non disease-specific atlases gave misleading results by not containing disease-tissue specific tran-
scriptomic patterns. Despite this criticality of tissue-specific scRNA-seq, we showed that scDRS
enabled deconvolution of two similar diseases with a single fine-grained scRNA-seq atlas and sepa-
rate GWAS. Indeed, we identified supported and novel genetic-phenotype linkages separating RA
and ankylosing spondylitis, and UC and crohn’s disease. Overall, while noting evolving single-cell
technologies, our study provides key findings for integrating expanding fine-grained scRNA-seq,

GWAS, and noncoding SNP resources to unravel the complexities of inflammatory diseases.
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3.3 Introduction

The efficacy of treatments for immune-mediated inflammatory diseases, such as rheumatoid
arthritis (RA) and ulcerative colitis (UC), varies across patients[I168]. Single-cell RNA sequencing
(scRNA-seq) technology enables the development of effective treatments for patients with immune-
mediated inflammatory diseases by allowing the identification of specific cell states expanded in
diseased tissue or blood[172]. However, most scRNA-seq analyses do not consider genetic causality,
and due to its high expense, available single cell datasets are often confined to small patient co-
horts. Understanding the genetic underpinnings of diseases is key for preventative care, unraveling
physiological and environmental contributions to pathology, and allowing personalized treatments.
Genome wide association studies (GWAS) have been the gold standard to identify disease-associated
genetic loci and summary statistics for large cohorts are often publicly accessible[213]. Therefore,
recent work has gone into combining the physiological insights from scRNA-seq with genetic as-
sociations from GWAS for unraveling disease causality[291], 102 259, [199] [65, 151, 163]. Indeed,
attempts to integrate bulk RNA-seq studies with GWAS have been implemented, yet still only ex-
plain about 30% of the heritability by gene expression for complex traits[277]. This pitfall is likely
explained by the less fine-scale cell states available with bulk RNA-seq compared to scRNA-seq,
where immune cells exhibit divergent expression profiles at nuanced cell states, and different cell
phenotypes are uniquely associated with disease[I0T], 191, 286].

Recently, several computational tools have been developed to link disease relevant loci from
GWAS to nuanced cell states revealed by scRNA-seq to identify disease-associated cell states and
genes with both transcriptomic and genomic support[291], 102, 259] [199] 151, 244]. For each tool,
major steps include summarizing variably expressed genes/pathways from single cell expression
data, using a third-party method to link GWAS based single nucleotide polymorphisms (SNPs)
to genes/pathways, and then using statistical tests to identify significant associations. However, a
thorough comparison and assessment of these tools is lacking. Additionally, a critical step for all

these tools, linking SNPs from GWAS to the genes they potentially impact, has been challenging
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with no clear solution[134] 263 [69, 266], 272]. With more than 90% of immune-disease associated
SNPs falling into noncoding regions, most of which are in cis-regulatory regions, the need to link
these SNPs to physiological mechanisms cannot be overstated[39]. The most common method for
linking SNPs to genes does so according to a user-selected window size outside the gene. MAGMA,
one of the most common tools that does this, can take both genotype data and summary statistics as
input while accounting for Linkage Disequilibrium[I34]. It outputs a list of thousands of genes with
the corresponding GWAS statistics reestablished at the gene level. However, many target genes
of cis-regulatory regions are not the closest gene and can even be farther than 1 Mb away, con-
tradicting the assumptions of tools like MAGMA[69]. Therefore, alternative methods focusing on
eQTL, chromatin contact (e.g. Hi-C), and similarly relevant enhancer-gene linking data have been
introduced[263, 07]. Additionally, newer studies have begun introducing single-cell transcriptomics
methods that measure cis-regulatory elements to directly consider noncoding SNPs[163]. The in-
fluence of incorporating noncoding SNPs using non-positional compared with positional methods,
specifically within the context of these algorithms, has not been formally evaluated.

Beyond SNP-gene linking complexities, transcriptomics-genomics integration algorithms have
currently been assessed for capturing broad associations (e.g. metabolic cells for metabolic
diseases)[291] 102, 151]. This limited analysis is primarily due to the usage of non-disease spe-
cific scRNA-seq atlases rather than disease-specific atlases with highly refined cell states identified.
Disease specific, scRNA-seq atlases are quickly being developed and revolutionizing the understand-
ing of diseased tissue heterogeneity. Yet the ability for tools tested on broader cell types to work
with these more refined atlases with disease confounders has not been tested. Additionally, these
tools might still be usable for diseases without atlases currently available by using atlases of similar
diseases but the appropriate GWAS summary statistics.

Overall, despite the recent influx of tools integrating genetics and single-cell transcriptomics,
a thorough comparison and assessment of different types of recent algorithms and major challenges
of the domain is lacking. To address this, we conducted a benchmark analysis of the three most

recent, open-source algorithms, scGWAS, scPagwas and scDRS, by objectively linking GWAS data
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with single-cell phenotypes across four immune-mediated disease datasets[291] 102 151, 286, 227].
We further annotated our results based on literature support of calls (detailed in Methods and
Supplementary Tables 1, 2), and evaluated the computational efficiency and result interpretability.
Given most immune relevant SNPs are noncoding, we then evaluated the influence of different
methods incorporating these SNPs for use in the algorithms[134, 263]. As a result, we first showed
that all three tools successfully identified expected significant cell types for tested diseases when
using fine-grained scRNA-seq atlases, although with varying consistency and agreement. Single-cell
scoring tools scDRS and scPagwas identified more significant results with literary support, although
pathway-based scPagwas invokes a higher computational cost and cannot effectively consider batch
effects. We also found that scDRS can be used to distinguish cell phenotypes for different diseases
while using the same fine-grained scRNA-seq atlas. Finally, we provided evidence supporting
the usage of positional based methods to incorporate noncoding SNPs until other methods can
increase in statistical power and include more relevant atlases. Overall, our in-depth benchmarking
and application on disease-tissue data demonstrated that current tools could identify associations
between cell phenotypes and disease with high resolution and specificity. Our work pinpoints the
capabilities and benefits of using atlases with fine-grained cell subtype annotations, while also

showing that a single atlas could still be used to understand multiple diseases.

3.4 Materials and Methods

We first benchmarked the three most recent and representative algorithms in the field accord-
ing to the number of literature supported clusters called significant, computational efficiency, and
result interpretability (Figure[3.1]A). Brief descriptions of the tools can be found in sections 2.1 and
2.4. Expected results were based on a literature search for each individual cell phenotype for expan-
sion in a disease and/or genetic connections, the results of which can be found in Supplementary
Tables 1 and 2. If a general cell state with multiple, more detailed cell states was significant, the cell
states were marked as having “general” literature support while if a specific cell state was supported,

it had “specific” literature support. Due to the robustness of the available atlases and studies, we
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used scRNA-seq data generated from inflamed RA synovial and UC colon to determine disease-
associated cell states[286], 227]. Next, we assessed the feasibility of using identical scRNA-seq
atlases to distinguish between two clinically similar diseases, using RA inflamed synovial tissue for
RA and ankylosing spondylitis (AS), and UC colon for UC and Crohn’s disease (CD) (Figure[3.1B).
Finally, we evaluated the incorporation of noncoding SNPs when using positional (MAGMA) vs
non-positional based SNP-gene linking methods or cis-regulatory element focused single-cell omics
like ATAC-seq or 5-scRNA-seq (Figure ) We deploy all the code and analytical pipelines
at our Github repository for reproducible research at https://github.com/fanzhanglab/SCRNA-

GWAS-Benchmarking.

3.4.1 Selection of tools

We summarized the attributes of six currently available and supported packages that integrate
scRNA-seq data and GWAS summary statistics to identify significant cell types and/or the GWAS-
linked genes that best explain these cell types in Table[3.1] Other methods like RolyPoly, CocoNet,
and sc-linker are described in Supplementary Table 3, and are either no longer maintained or not
designed as user-friendly packages but instead open-source code [97, 28, [218]. Briefly, RolyPoly was
one of the first tools to employ the use of polygenic modeling to identify trait-relevant cell states,
CocoNet pioneered gene-network based analyses, and sc-linker leveraged enhancer-gene linkages to
assign SNPs to genes. The three tools chosen for more detailed benchmarking were the most recent
tools and provide unique results as either gene-gene networks or single-cell based scores. The other
methods differ most by their incorporation of noncoding SNPs which is addressed separately in this

work.
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Table 3.1: Summary table of the currently maintained and operable packages for identifying signif-
icant cell types and/or genes based on the integration of GWAS and single-cell RNA-seq data. A
similar table for methods no longer maintained (RolyPoly) or not designed as packages for complete

analysis workflows (CocoNet and SC-Linker) is available in Supplementary Table 1.

Package Inputs Relevant SNP- Summary Highlights
Interface Outputs Gene
Linking
scPagwas|[I51] 1. Seurat 1. Cell score file Window- Pathway-based Pathway-
R package Object 2. Cell Pathway based polygenic regression:  based while
2. GWAS Scores linear regression of maintaining
summary stats 3. Opt: Cell group GWAS signals with single-cell
score pathway activation in  analysis
4. Opt: Gene cells.
PCCs
scGWASJ[I02] 1. Boxcox 1. Significant gene Window- Network-based Pathway
CL JAR, transformed modules in each based: approach to identify based for
pre,/post gene p-values  cell type MAGMA cell types more
processing 2. Pseudobulk overexpressed with meaningful
in R 3. Gene-gene disease-significant output
network file genes
scDRS[291] 1. Anndata 1. Cell score file Window- Monte Carlo Single-cell
CLIor APT single cell for a given trait based: simulation method level allows
expression 2. Opt: Cell group MAGMA that scores individual unique post
data score and cells for disease analyses
2. Gene heterogeneity association based on
p-values or 3. Opt: Cell increased expression
Z-Scores variable (e.g., of sets of putative
gene) correlation disease genes
to disease scores
EPIC|259] 1. Pseudobulk 1. Enrichment Sliding-  Gene-level chi-square  Adapted for
R package gene score of trait for window  association testing, rare and
expression each cell type based then gene-level common
2. GWAS 2. Relevant genes ~ LDSC regression-based variants
summary stats from DFBETAS association testing for
each cell type
ECLIPSER[199] GWAS 1. Prioritized cell eQTL Cell-type-specificity Provides
Scripts on summary stats types and score for each GWAS  putative
Github 2. Gene 2. Leading edge other locus, cell-type regulatory
differential causal genes and func- specific genes (from impact of
expression eQTL impact tional differential expression genes
table evidence analysis mapped to
locus)
CELLECT|[244l. Specificity 1. Prioritized cell LDSC or Heritability Allows easy
CLI input from types MAGMA regression based usage of
CELLEX 2. Opt: Gene heri- method with LDSC or
2. GWAS tability CELLEX gene MAGMA

summary stats

specificity scores
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Figure 3.1: Overview of study design. A. We first benchmarked the three most recent tools
built to identify cell states and genes associated to disease according to both genetics (GWAS) and
transcriptomics (scRNA-seq). B. We next assessed if a single scRNA-seq atlas could be used with
summary statistics from two diseases to reveal well separated disease associated cell states of the
different diseases. C. Finally, we assessed the robustness and accuracy of results of these tools
when using different SNP-Gene linking methods. Figure made in Biorender.

3.4.2 Data availability

The GWAS data used in this work can be found in Supplementary Table 4. Due to the most
robust LD score data belonging to those with European descent, and the larger sample size of this
group in both GWAS and scRNA-seq data, we focused on this subpopulation for the purpose of
this benchmarking analysis. The major histocompatibility complex region was not included due
to its complex genetic architecture. For GWAS summary statistics without rsids for RA, SNPs
were assigned to rsids using BEDOPs and for duplicate/synonmous rsids, those with the lowest
p-values were kept. The code for these steps can be found on our github under SCRNA-GWAS-
Benchmarking/src/00B_Preprocess GWAS.

For RA and AS, we analyzed a scRNA-seq data set developed by[286]. To stay consistent
with GWAS data, we only included cells from individuals of European descent with RA, leaving

183,742 cells. We used their most updated cell-state and cell-type annotations determined by their
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analysis of 314,011 cells with scRNA-seq, CITE-seq, experimental evidence and batch control to
ensure the best validation. All expression was normalized with log(1 + UMIs for gene/totl UMIs
in cell *¥10,000), and cells expressing fewer than 500 genes or that contained more than 20% if their
total UMIs mapping to mitochondrial genes were removed. Further QC analysis is described in
their paper[286]. For UC and CD, we analyzed the scRNA-seq dataset from [227] which contained
228,211 cells passing quality control by using the raw counts and metadata they provide. For
batch correction in both datasets, we applied Harmony, one of the best recommended methods for
correcting for technical batch effect in single-cell batch data analysis and integration[119] 247]. We
used identical batch variables for correction as used in the original analysis for RA: the individual
from which the cells were isolated (“sample”)[287]. Combat was used for batch correction originally
in Smillie et al., but is not designed for single-cell data, therefore we applied Harmony with “sample”
to the UC scRNA-seq data instead[227, 296]. Both scRNA-seq data only contained individuals of
non-Hispanic, European descent. For scPagwas, we created Seurat objects with the same QC-
based cells but using the Seurat based normalization. Due to the high computational expense
of scPagwas, we excluded certain cell states from the RA and UC datasets that were not found
significant by the literature on RA and UC, including Endothelial (RA & UC), Glia, Macrophages,
TA 1 & TA 2(UC), and fibroblast cell states except for F-7: NOTCH3+ sublining and F-2: CD34+
sublining (RA). The code for these steps can be found on our github repository under SCRNA-

GWAS-Benchmarking/src/00A _Preprocess_scRNA.

3.4.3 SNP-gene linking

MAGMA-based SNP-gene linking was done using version v1.10 with NCBI37.3.gene.loc and
NCBI38.gene.loc downloaded from the MAGMA website as the gene locations files, and European
UK Biobank Phase 3 LD scores. The window sizes of 10-10kb and 50-35kb were chosen for final
comparison of significant cell states as the most common window size and that used in the original
scGWAS paper, respectively. When assessing the impact of this window size parameter on scDRS,

sizes Okb, 5kb, and 100kb were also chosen based on the window sizes used across the literature
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(Supplementary Table 5). For this parameter stability assessment, the top-ranking genes according
to MAGMA that were also found in the scRNA-seq expression data were used, with a final total of
1000 genes. Synonyms according to genecards.org and humanproteinatlas.com were also considered
to verify proper comparison of genes between MAGMA and scRNA-seq. Genes from the scRNA-
seq dataset still not found in the MAGMA file were added to allow their inclusion in the analysis.
The genes identified by MAGMA but not found in scRNA-seq data are discussed further in the
Supplementary Material, with numbers dictated in Supplementary Table 6.

The code for all these steps can be found on our github under |SCRNA-GWAS-Benchmarking/
src/01_MAGMA_Gene_Alias.

FUMA is a web-based tool that determines statistically significant disease associated genes
using positional, eQTL, and 3D chromatin based mapping, but does not calculate a summary p-
value like MAGMA[263]. Therefore, to explore the implications of including these forms of mapping,
we used the minimum GWAS SNP P-value (minGwasP in genes.txt output file) for each gene as a
proxy for a disease-association p-value to allow input for scDRS and scGWAS. FUMA identifies lead
SNPs, maps to rsIDs, addresses duplicate and synonymous rsIDs, and filters out the MHC region
in its analysis from the summary statistics. Default parameters were used including a MAGMA
window of 10kb, with MAGMA expression data being based on GTEx v8. We also used eQTL
and Chromatin Interaction Mapping, both including the options of available blood cell eQTL data.
Versions include FUMA v1.5.3, MAGMA v1.08, GWAScatalog e0.r2022-11-29, and ANNOVAR

2017-07-17.

3.4.4 scGWAS, scDRS, & scPagwas

scGWAS uses a network-based approach to uncover cell types that significantly express
disease-associated genes and identify gene modules representing disease-specific processes[102].
Unlike other methods where cell types are assigned a disease-significance score, scGWAS as-
signs significance scores to gene modules with strong representation in both scRNA-seq cell

type expression and GWAS based on a proportional test (Figure ) scGWAS is imple-
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mented in Java via a JAR package (ver. scGWAS_rl.jar) on the authors’ GitHub repository
(https://github.com/ElkonLab/scGWAS) and can be run through the command line. Based on
author recommendations on their GitHub repository, configuration file parameters were kept at de-
fault values. Further, we first used the same PathwayCommons input network file as Jia et al. (5),
with gene-gene relationship information used for constructing the background network. We also cre-
ated a second PathwayCommons input network file following their same steps but with v14 rather
than v12 (what they used originally). Briefly, housekeeping and ribosomal genes were removed as
well as any genes within 50kb of one another (detailed jupyter notebook and output pathway file
found on our github under SCRNA-GWAS-Benchmarking/data/Pathway). We followed the anal-
ysis pipeline described on the authors’ GitHub repository for the following steps. For the screen
expression input file, we processed the scRNA-seq dataset using their R-script to calculate the
average log-transformed gene-based CPM per defined cell type. We processed the MAGMA output
using the box-cox transformation script as the GWAS node input file. We ran scGWAS on the same
scRNA-seq dataset first with general cell types and then on fine-scale defined cell states. The code
for these steps can be found on our github under SCRNA-GWAS-Benchmarking/src/03_scGWAS.

scDRS assesses disease-associations at the individual cell level using a gene set enrichment
analysis with genes with scored associations to the trait of interest according to a third party
method[291] (Figure [3.1]A). It then presents downstream analyses that use unified Monte Carlo
tests to identify significant pre-annotated cell states according to a group Z score, and the genes
whose expressions correlate with disease scores. It is the only tool designed to take cell-level covari-
ates to address potential batch effects. The CLI version (Version v102 v1.0.2) of scDRS was used
according to their GitHub repository (https://github.com/martinjzhang/scDRS). All default pa-
rameter values were used, and P-value files output from MAGMA served as input to scdrs munge-gs.
The covariates files used in computing scDRS scores included nUMI, number of genes, and sex for
both RA & UC, and age and duration for RA, and sample location, percent of mitochondrial reads,
and smoking status for UC (found in our github at SCRNA-GWAS-Benchmarking/data/SC_data).

We ran downstream analyses to identify significant cell groups on the same scRNA-seq dataset
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using annotations of general cell types and then with fine-scale defined clusters. The code for these
steps can be found on our github repository under SCRNA-GWAS-Benchmarking/src/02_scDRS.

scPagwas associates cells and cell types to traits through pathways rather than only indi-
vidual genes, while maintaining associations at the individual cell level[I51]. Rather than using
a pre-determined GWAS based gene set list with scores like scDRS and scGWAS, scPagwas cal-
culates genetically associated pathway activity scores (gPAS). Briefly, the gPAS is the product of
a per-cell coefficient of a linear regression between SNP effect sizes and gene expression within
a pathway, and the pathway activity score of the cell (first principal component of an SVD).
Finally, following a similar logic of scDRS, a trait-relevance score is calculated using the Seu-
rat cell scoring method which considers the expression of the top 1,000 genes most correlated
with the summed gPAS in cells (Figure 3.1]A). We followed installation instructions from the sc-
Pagwas github (https://github.com/sulab-wmu/scPagwas) for version 1.3.1, using Seurat version
5.1.0 and SeuratObject version 5.0.2. Code for these steps can be found on our github repository
under SCRNA-GWAS-Benchmarking/src/04_scPagwas. To run scDRS with scPagwas genes, the
1,000 genes with the highest Pearson correlation coefficient (PCC) values output by scPagwas were
used without weights (scDRS automatically assumes all weights are 1 if none are provided)[291].
The use of PCC values as weights did not lead to a significant difference, so only unweighted
based results are discussed. Code to generate the scDRS input can be found in SCRNA-GWAS-

Benchmarking/analysis/0A_Tool Benchmarking/Genes/Gene_comparison.ipynb.

3.4.5 Benchmarking methods

All packages provide results indicating which cell clusters are significant for the disease, but
the exact format and calculation of these results differs. scGWAS provides significance in the form
of gene modules within clusters that have disease-relevance, whereas scDRS and scPagwas provide
disease scores at the single cell and cluster levels. scDRS additionally provides measurements re-
garding the heterogeneity of these disease scores within each cluster. To compare results across the

three packages, we defined significant cell clusters in sScGWAS as clusters with at least one disease-
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significant gene module. We then assessed whether the packages identified significant cell types
similarly across a given disease. We also evaluated possible bias of scores from the health status of
individuals and the sensitivity of scDRS to different numbers of top-ranking MAGMA genes (100,
300, 500, 1000, 1500, 2000). Additionally, we assessed the change in results of scGWAS to different
pathway files (details in scGWAS and scDRS section above) according to both the significant gene
modules and significant cell-states. Jupyter notebooks outlining these comparisons can be found at
our github under SCRNA-GWAS-Benchmarking/analysis/0A_Tool Benchmarking/Sensitivity and
CT_Clusters. We also compared the genes considered most linked to the traits by the tools: scG-
WAS gives the significant gene modules, scDRS gives the correlation of gene expression to disease
scores, and scPagwas gives the PCCs of gene expression according to a singular value decomposition
method to calculate pathway activity scores in cells. We assessed the expression and correlation
of significant gene modules identified by scGWAS or MAGMA top-ranking genes with scDRS and
scPagwas disease scores, and compared scDRS and scPagwas correlation coefficients under SCRNA-
GWAS-Benchmarking/analysis/0A _Tool_Benchmarking/Genes. Finally, the relationship of scDRS
heterogeneity scores with cell-state population sizes and granularity was done with code under
SCRNA-GWAS-Benchmarking/analysis/0A_Tool_Benchmarking/.

To compare genes, we analyzed the top 1,000, 500, and 100 genes ranked by MAGMA, scDRS,
and scPagwas, as well as all significant gene modules identified by scGWAS. Using Gene Set En-
richment Analysis (https://www.gsea-msigdb.org/gsea/msigdb/human/compute_overlap), we ex-
amined gene sets enriched across our genes belonging to the Cell type (C8) collection, just Curated
Pathways (C2-CP), or a combination of Hallmark, Curated (C2), Regulatory (C3), Biological Pro-
cess (GOBP), and IMMUNESIGDB (C7-IMMUNE)[165, 236]. GSEA allows a maximum of 500
genes. We ran scGWAS with all significant gene modules collectively or individually for C8 to
ensure logical results given the smaller gene numbers. We also conducted GO analysis with clus-
terProfiler 4.12.2 and org.Hs.eg.db_3.19.1[9, 242]. Code for this analysis can be found in SCRNA-
GWAS-Benchmarking/analysis/0A_Tool_Benchmarking/Genes/Gene_comparison.ipynb.

To determine whether a single atlas could distinguish between two similar diseases, we ran
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scDRS on the RA and UC cell atlases using MAGMA results from summary statistics of AS
and CD GWAS, respectively. The code for analyzing scDRS results for this can be found un-
der SCRNA-GWAS-Benchmarking/analysis/0B_Dist_path. The code for analyzing the effects of
using different MAGMA window sizes and FUMA can be found under https://SCRNA-GWAS-

Benchmarking/analysis/0C_Preproc.

3.5 Results

3.5.1 Single-cell disease scores allow greater sensitivity while gene-network anal-

yses allow greater interpretability of gene targets

We built our initial benchmarking pipeline on evaluating both cell types and finer grained

cell states as well as gene modules using RA and UC datasets.

3.5.1.1 Comparison of disease-significant cell types/cell states

At the scale of cell types, all tools imply significance of NK cells in RA (Appendix Figure.
Both scDRS and scPagwas identified T cells as significant, while scPagwas and scGWAS identified B
cells as significant. scDRS alone determined Myeloid cells to be significant for RA (Appendix Figure
[B.1)). For more specific cell-states, the three tools shared the same significance calls for 24/63 (38%)
fine-grained cell states. In general, all three tools identified significant cell states within the T and B
cell compartments. This overlap was particularly notable in the results from scDRS and scPagwas.
scGWAS called only 20 significant cell states (45% with literary support) compared to the 46 (54%
with literary support) and 43 (53% with literary support) calls from scDRS and scPagwas (Figure
3-2). scDRS alone identified MERTK+ myeloid cell states as significant[286], (123, 260]. scDRS still
identified MERTK+ myeloid cell states as significant when using the same genes used by scPagwas
(top 1000 correlated with gPAS cell scores) as input rather than the top 1000 MAGMA genes
(Appendix Figure . Additionally, scPagwas called all NK cell cell states significant for RA,

while opposing subsets of NK cell states were called by scGWAS and scDRS (Figure .
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There were a smaller number of significant cell types/states identified for UC. All tools
identified epithelial cells as significant and T cells as not; all other cell types had mixed calls from
tools (Appendix Figure [B.1). For fine-grained cell states, all tools shared the same significance
calls for 20/43 (47%), including M epithelial cells, Immature Enterocytes, and Secretory TA cells.
Again, scPagwas called a high number of significant cell states (25, 44% with literary support)
and was the only tool to identify most myeloid and fibroblast cell states as significant, including
the inflammatory subtypes. scDRS and scGWAS showed similar numbers for significant cell states
with seven (57% with literary support) and eight (50% with literary support), respectively (Figure
. When running scDRS with the genes used by scPagwas, scDRS also identified the fibroblasts

and non-mast myeloid cell states as significant (Appendix Figure |B.2)).

3.5.1.2 Significant genes

Significant modules identified by scGWAS are networks of genes that may represent a bi-
ological pathway and contain genes important for disease pathogenesis. scGWAS assesses these
gene modules with each annotated cell type cluster. Notably, significant gene modules strongly
align with functional annotations of their corresponding cell-states, as confirmed by gene set over-
lap analysis[165], 236] (Supplementary Table 7). For example, T cell gene modules were frequently
enriched with cytotoxic or T helper cell surface molecules while gene modules associated with NK
cell states were enriched in genes involved in upregulating CD4 T cells and cellular responses to
cytokines, chemokines, and cellular ligands. Many of these gene modules had overlapping genes
and similar functions; despite having a total of 204 and 472 genes in NK and T cell cluster sig-
nificant modules, there were only 63 and 87 unique genes, respectively. One gene in particular
was found in nearly every significant gene module across cell states—CD2, which encodes for a sur-
face antigen in all T cells and is involved with triggering T cells[243]. Both scDRS and scPagwas
provide genes whose expressions correlate with the scDRS cell disease scores and scPagwas gPAS,
respectively[291], 151]. The majority (59-85%) of the top 1,000 scoring genes in MAGMA, scPagwas,

and scDRS are unique to each tool, while 75-90% scGWAS significant genes are identified by at
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Figure 3.2: Comparison of cell-state-specific significance results for RA and UC.. For
each cell-type and cell-state, the single-cell level scDRS Z-scores and scPagwas TRS Z-scores are
displayed in boxplots colored according to the group scDRS Z-score or group scPagwas bootstrap
Z-score. Non-significant cell states in scDRS or scPagwas are shown unbolded with grey outliers,
while significant cell states are bolded. scGWAS called gene modules and their disease scores are
also plotted with colors following the scDRS group Z-score gradient for easier comparison. Cell
states considered significant by all three tools are bolded. “General literary support” means the
general cell type has been shown to associate with the disease while “specific” denotes evidence in
the literature linking the specific cell state. Left: RA (rheumatoid arthritis). Right: UC (ulcerative
colitis).

least one other tool (Figure ) Additionally, significant genes from MAGMA and scGWAS show
low median correlations to scDRS and scPagwas disease Z-scores (MAGMA: 0.02,0.05 for RA and
0.02,0.01 for UC; scGWAS: 0.06,0.09 for RA and 0.04,0.01 for UC) (Figure [3.3B). For RA, scDRS,
scGWAS, and MAGMA but not scPagwas top ranked genes were enriched in myeloid cell type
genesets (Supplementary Table 8). For UC, all tools except scGWAS showed myeloid cell-specific
gene set enrichment, with scPagwas being the only tool to show significant enrichment for stromal
terms in the top 50 pathways (Supplementary Table 9). The top 100 ranking genes for scPagwas

were largely ribosomal genes regardless of the disease (43% and 68% in RA and UC, respectively)
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while scDRS’s top 1,000 genes contained very few if any (Figure ) Indeed, the top 20 enriched
gene ontology terms for scPagwas were related to translation or general differentiation while scDRS
was dominated by leukocyte-specific pathways (Appendix Figure 3). Gene sets uniquely enriched
in scPagwas genes focused on translation, ribosomes, and general cell differentiation, unlike those
specific to scDRS, MAGMA, and scGWAS which were immune-cell state or process focused (Sup-
plementary Tables 8, 9). Removal of the ribosomal genes when using scPagwas genes as input to
scDRS only led to one and four cell states to change in significance in RA and UC, respectively,

compared to scDRS results using all scPagwas genes (Appendix Figure [B.2]).

3.5.1.3 Investigating result differences between pathway-based tools and scDRS

We first explored if variance in significant genes between methods might explain the different
significant cell states identified by scGWAS and scDRS. We evaluated if the genes that most highly
correlated with scDRS disease scores for cells in the MERTK+ cell states were found in networks
in the original scGWAS pathway file and KEGG pathways. Indeed, pairs of genes that are strongly
associated with scDRS disease scores were connected in the scGWAS pathway file, however, re-
lationships between the genes beyond two were not supported and the 40 genes with the highest
correlation to scDRS disease scores had only 6 pairings between them in the pathways file (Supple-
mentary Table 10). The top 20 KEGG pathways uniquely enriched for MERTK+ cells according
to scPagwas genetically associated pathway activity scores included Wnt signaling, cGMP-PKG
signaling, and Inositol phosphate metabolism. We also explored the large discrepancy between
NK calls across scGWAS and scDRS. As a controlled comparison, we looked at a cell cluster with
strong agreement between scGWAS and scDRS: CD4+ Tph (T-7). scDRS disease scores in all cells
positively correlated with the expression of the NK scGWAS module genes although T-7 scGWAS
module genes had a slightly higher median correlation (0.08 vs 0.13) (Appendix Figures , B).
This relative increase was maintained when the eight genes identified by scGWAS as significant
for both groups were removed (median correlations 0.005 NK vs 0.02 T-7). Importantly, these

correlations were comparable to that observed for all ScGWAS genes and the top 100 genes ranked
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Figure 3.3: Gene comparisons show low correlation across tool-based genes and single-
cell disease scores. A. UpSet plots of the top 1000 ranked genes for scDRS (highest correlation
to scDRS disease scores), scPagwas (highest correlation to genetically associated pathway activ-
ity scores) and MAGMA as well as the significant scGWAS genes. RA=Rheumatoid arthritis,
UC=Ulcerative colitis. B. Scatter plots of the correlations of all studied genes with scDRS dis-
ease scores and scPagwas gPAS with (top) scGWAS genes, (middle) MAGMA genes, or (bottom)
ribosomal genes highlighted. Genes reaching the top 1000 ranked genes for scPagwas and scDRS
are colored in light and dark turquoise, respectively. C. scGWAS results when using a pathway
file based on Pathway Commons v12 or 14. Results are highlighted according to the number of
significant gene modules called per RA cell state and max disease Z score across the modules for
each cell state. Only cell states with a significant gene module from using either pathway file are

shown. Cell states without a significant gene module called when only one of the pathway files was
used are bolded.

by MAGMA with scDRS disease scores (Medians of 0.01-0.09) (Figure [3.3B). Median correlations
decreased when only considering cells within the corresponding cell states (NK-cells & T-7) unlike
those of the top ranking scDRS genes for each cell state (Appendix Figures , D, . These
findings led us to assess the impact of the pathway file used by scGWAS on results. When using

gene pairings from Pathway Commons v14 instead of v12 (see Methods for details), 20 RA and 8
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UC cell states changed in whether they had at least one significant gene module identified. Of these,
13 RA cell states and 1 UC cell state had been originally called significant by scDRS, scGWAS,
and scPagwas (Figures , Appendix Figure ) Extending the gene-SNP linking window
from 10-10kb to 50-35kb resulted in 14 cell states no longer having a significant gene module (Ap-
pendix Figure ) Despite having 319,042 more gene pairings, use of Pathway Commons v14 led
to an overall decrease in significant gene modules called regardless of window size used. Even when
cell states were called with both pathway files, the genes within significant gene modules were also
dependent on pathway input despite all changing genes being found within both pathway input
files (Appendix Figures .

While scDRS single cell disease scores followed an expected normal distribution, disease
scores from scPagwas or from scDRS run with scPagwas genes showed large polarization (Figure
Appendix Figures . Specifically, 23% and 12% of cells in RA and UC, respectively, had
scPagwas Z-scores of -10 despite the next nearest Z-score being -5. These percentages decreased
to 17.5% and 3% when applying the scDRS framework to scPagwas genes, and further to 15% and
3% when ribosomal genes were removed for RA and UC, respectively. These cells were distributed
across cell states, although most were found in plasma and MERTK+ cells for RA (Appendix
Figures .

Finally, although all tools may be impacted by covariates within the data, only scDRS allows
for their inclusion for batch-effect analysis. In both RA and UC datasets, certain cell states contain
significantly different proportions of cells from individuals according to health status (Appendix
Figure . scPagwas shows clear, significant differences in its single cell trait relevant scores,
whereas scDRS exhibits minimal to no batch effects (Appendix Figures . When scPag-
was genes are used, biases in scDRS disease scores related to health status become more pronounced

but remain less substantial than those in scPagwas disease scores (Appendix Figures B.13)).
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3.5.1.4 Additional features

Although all scDRS additional features are outside the scope of this work, we evaluated the
usage of the tools’ group-level metric to consider the heterogeneity of disease scores within a cell
state[291]. This metric can hypothetically indicate if a provided cell state has inner-clusters of cells
that should be further separated out based on the groupings of disease score. All large-scale cell
types in RA (T cell, B cell, Myeloid, NK, Fibroblast, Endothelial) had significant heterogeneous
disease scores that positively correlated with the number of cells (adjusted R2 0.29) and annotated
clusters in each group (adjusted R2 0.37) (Appendix Figure 14). Eighty-seven percent (67/77) of

RA fine-scale cell states had significant levels of heterogeneity in disease score with similarly low

positive correlation with the number of cells (Figure Appendix Figures B.16)).

3.5.1.5 Resources

Despite these additional features and working at the single-cell level, scDRS was the most
robust in memory usage and speed, although this is primarily due to the initial preprocessing step
for scGWAS (Table . scPagwas took the longest by 45 hours compared to scDRS and 32 hours
compared to scGWAS (Table . Notably, the number and size of cell states had a negligible

effect on resource usage in scDRS and scGWAS unlike scPagwas.

3.5.2 scDRS can distinguish similar diseases from pathological cell clusters

While atlases with fine-grained annotations may allow more detailed analyses, it raises the
question of whether a single atlas can still be used to study multiple diseases. This is particularly
relevant for diseases without single-cell data available. Given the high sensitivity of single-cell
disease scores, we used scDRS to assess the feasibility of using one atlas to identify pathological
cell clusters distinguishing similar diseases. We used summary statistics from GWAS for RA and
ankylosing spondylitis (AS) on the scRNA-seq data from inflamed RA synovial tissue to determine
if scRNA-seq from a clinically similar disease can provide fine-grained insight on disease-relevant

clusters[280, [05], T03]. We also applied the GWAS statistics from UC and crohn’s disease (CD)
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Table 3.2: Resource usage of each package when running for the RA cluster-level data. Memory
used refers to the max amount of memory required for a single step. All tools were run with 15
CPUs

Package CPU used Wall clock Memory Relevant Function (script)

(time) time Used

scDRS 00:00:05 00:00:07 488 KB Preprocess GWAS stats
(run_scdrs.sh)

scDRS 00:54:13 00:38:43 12.26 GB Compute single cell
scores(run_scdrs.sh)

scDRS 00:23:41 00:25:11 17.89 GB Cell-type scores & Gene
analysis (run_scdrs.sh)

scGWAS 04:32:03 04:33:37 208.4 GB Preprocessing single cell data
(process_sc_data_R.sh)

scGWAS 08:50:26 08:50:24 2.55 GB Running scGWAS
(run_scGWAS _2023_clusters.sh)

scPagwas 1-16:48:25 1-21:47:25 185 GB Running scPagwas

scPagwas 1-19:00:00 Link GWAS and Pathway

block annotations

on the scRNA-seq data from UC colon tissue[227, [49]. We considered both 10-10kb and 50-35kb
window sizes on these analyses, focusing main figures on 50-35kb window results due to the larger

number of significance calls.

3.5.2.1 RA and AS

Although both analyses used the same scRNA-seq atlas references, scDRS successfully dis-
tinguished RA from AS. We identified 46 candidate cell clusters in RA and 23 in AS, with 10
clusters shared between the two diseases. We found that while most T, myeloid, and B cell cell-
states were significant for RA, very few were significantly associated with AS (Figure ) CD8+
activated/NK-like (T-17), pDC (M-13), and unswitched memory cells (B-1) were significant for AS.
AS and RA showed the greatest differences across the T, NK, and myeloid cells. While essentially

all T cell states showed significance for RA, only CD8+ activated NK-like (T-17) and proliferating
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(T-18) T-cells showed significance for AS. Conversely, far more NK cell clusters were called signifi-
cant for AS[195] 141]. Specifically, most of the CD56bright CD16- (NK4,6,8) NK cell clusters were

called significant for AS. This AS and RA separation was consistent when using different MAGMA

windows (Appendix Figure [B.17)).

3.5.2.2 UC and CD

Although fewer significant cell states were identified for UC and CD (eight and six, respec-
tively) (Figure|3.4B), we still observed differences in pathological cell types. None of the significant
cell-states were shared between UC and CD. Epithelial cells linked to UC and fibroblasts linked
to CD most clearly distinguish the diseases, a finding maintained when using different MAGMA
windows (Appendix Figure . For example, we found that NK cells, CD4+ activated, and
CD8+ lamina propria (LP) cells were enriched in CD compared to UC while only Tregs, CD8+

IL174, and Cycling T cells were enriched in UC.

3.5.3 Positional SNP-gene linking methods provide greater statistical power than

tested alternatives

Methods integrating scRNA-seq and GWAS summary statistics rely largely on the same
preprocessing steps, yet a standardized guidance for these steps is lacking. Therefore, we evaluated
the impact of inputs and preprocessing steps on results, focusing on scDRS due to its high sensitivity
and covariate analysis.

First, we considered the robustness of results when using solely positional information to
connect noncoding SNPs to genes. The primary positional method to link SNPs to genes is MAGMA
which relies on a window size parameter determining the distance a SNP can be from a gene to
be incorporated[I34]. Because there is no standardization on MAGMA window size beyond the
notion that a larger window size incorporates SNPs falling in cis-regulatory elements, we evaluated
the impact of the most used window sizes on results (details in Methods)[291], 102, 65, 263, 230,

82, 264, 226], 303]. Different window sizes for RA analyses only changed the significance calls for
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Figure 3.4: Comparison of similar diseases with scDRS.. Summary statistics unique to each
disease were used on the same scRNA-seq data for each pair[286, 227]. scDRS defines significant
clusters (annotated according to original papers) with a group disease Z-score as shown in the
gradient legend. Cell clusters with literary support for either disease are labeled in purple/orange
for RA/UC and green/blue for AS/CD, respectively. General literary support means that a cell
type with multiple cell states is supported by the literature while specific means a specific single cell
state was supported. A. Rheumatoid arthritis (RA) vs Ankylosing Spondylitis (AS). B. Ulcerative

Colitis (UC) vs Crohn’s Disease (CD).

16 of the 77 cell states in at least one of the window-sizes, half of which are only different in one

window size (Figure [3.5)). Importantly, none of these cell states had the top 20 group disease scores
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in our original results (50-35kb window). There also did not appear to be a clear pattern across
the window sizes in terms of the numbers of significant cell states or the cell states changing in
significance. These findings were similar with our three other diseases of study, with results for CD
having the greatest differences across window sizes (Appendix Figures . Despite only
54% of genes being shared across the top 1000 MAGMA ranked genes in all window sizes, these
shared genes consistently had most of the lowest p-values (Appendix Figure . In comparison,
scGWAS showed 20 cell states with change in significance just between 10-10kb and 50-35kb window
sizes in RA, including four cell states originally identified as significant by all three tools: T-22,
B-5, B-0, and B-1 (Figure , Appendix Figure .

Given the growing concern over positional methods inaccurately assigning SNPs to genes, we
next explored the usage of non-positional based data within the framework of FUMA. Although
other SNP-gene linking tools can be found in Table B.3] we focused on FUMA as a commonly
used alternative to MAGMA and because it can incorporate eQTL, chromatin contact data and
positional information from MAGMA to express summary statistics at the gene-level[134] 263, [69]
2606, 272]. Therefore, while FUMA uses a different summary statistics processing that doesn’t
allow direct comparison to our own MAGMA based analyses, we used its MAGMA pipeline to
consider the impact of alternative linkage methods (details in Methods). The 1000 genes with
the lowest p-values were significantly different between positional and non-positional methods,
regardless of exact summary statistics used (Appendix Figure . When only considering genes
supported from non-positional methods, 445 genes were significant, a number consistent across
usual non-positional methods (Supplementary Table 9, Table . : The smaller number of genes
was maintained regardless of p-value cutoff (Supplementary Table 11). Indeed, FUMA analysis that
combined positional with non-positional methods showed similar results to purely using MAGMA
but with only 28 of the 52 original cell states called significant (Appendix Figure . Conversely,
scDRS only lost nine and five significant cell state calls when only using the top 300 and 500 ranking
genes according to MAGMA, respectively (Appendix Figure . Only restricting scDRS to the

top 100 ranking genes allowed loss of significant results at the same magnitude (23 vs 24 by FUMA)
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(Appendix Figure [B.22)). Still, incorporating non-positional methods added 2 significant clusters:
HLA-DR+IgG+ plasmablasts (B-7) and MKI67+ Proliferating NK cells (NK-11), which were still
not called significant when increasing the MAGMA window size to 100kb, a size commonly used

to capture cis-regulatory element SNPs (Figure .

Table 3.3: Current methods to link SNPs to genes and the estimated number of genes output, form
of significance output, and interface. All tools address linkage disequilibrium

Name Method Est. Gene Score Interface

(Citation) list size

cS2G[69] Linear combination of linking < 500 ¢S2G score Scripts
scores from main S2G (depends on provided
strategies, exon, promoter, # lead
eQTLGen, and GTEx variants)

cis-eQTL, EpiMap, ABC,
and Cicero. Restricts each
strategy to gene w/ highest
linking score

PoPs[266] Similarity based filtering of <200 PoPs score CLI
MAGMA results (although (depends on  (for relative
paper described other input # lead ranking)
options) variants)

nMAGMA[272] Network-enhanced MAGMA 1000+ Z-scores and  Scripts
links SNPs to genes by P-values provided

considering tissue specificity
(Hi-C and eQTL) and
functional interactions
(WGNCA), then use
MAGMA to get significance

of genes

FUMA[263] SNP2GENE Module: MAGMA MAGMA Web tool
Identifies lead SNPs, can run  based Z-scores/P-
MAGMA or map using 1000+, values or
eQTL, position, and otherwise min p-value
chromatin-interaction <700 of linked

SNPs

MAGMA[134] Maps SNPs to genes via 1000+ Z-scores and  CLI

positional window, empirical P-values

gene p-value via permutation
followed by PCA regression
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3.6 Discussion

In this study, we evaluated three software for linking genetics to single-cell phenotypes ac-
cording to the enrichment of literature supported calls, robustness, and interpretability of results.
Although all strategies identified disease-relevant cell states, single-cell based scDRS and scPagwas
identified the greatest number supported by previous findings. B and T cell subsets were iden-
tified as significant for RA across all tools, aligning with the literature highlighting the disease
relevance of lymphocytes[191], 286] 287, 260), 279, 268]. Gene set enrichment analyses indicated the
significance of monocytes and macrophages across all tools for RA, consistent with the recent work
discovering the cell phenotype expanded in inflamed synovial tissue. However, only scDRS called
the best defined RA induced cell states, MERTK+ myeloid cells, significant[286, 123, 260]. In addi-
tion, all methods recognized autoimmune-associated B-cells (ABCs) as significant, a cell phenotype
recently shown to be expanded in RA inflamed synovial tissue[286 [123], 260]. Importantly, none of
the algorithms identified significant fibroblast cell types despite the expansion of NOTCH3+ and
CD34+ sublining fibroblasts in RA[287, [182]. This finding supports previous hypotheses that these
phenotypes arise only after the expansion of other genetically driven cell states called significant
by scDRS[I82]. For UC, we found few disease-significant cell states. However, all methods iden-
tified M cells — a recently discovered cell group with the highest expression of putative IBD risk
genes in inflamed vs healthy tissue corroborated by two separate cohorts[227, 217]. Interestingly,
no algorithm called CD8+ IL17+ T cells despite their significantly different proportions between
individuals with and without UC[227, [116]. However, transcriptional changes in this group oc-
cur downstream of proportional shifts of Tregs and epithelial cells, both of which were called by
scDRS[37, 193], 271].

scGWAS is more distinctly built to identify probable gene sets relevant to pathological cell
states, but is significantly impacted by the pathway networks on which it bases its analyses. While
removing false positives by requiring a known set of connected genes to have increased expression

compared to single genes, the algorithm also assumes that the pathway file contains all possibly
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relevant gene connections. Therefore, true positives can be lost such as was likely with MERTK+
cells. Additionally, many of the significantly called scGWAS gene modules overlapped, depleting
information content, perhaps due to the lack of cell type specificity in the pathways. This finding
underscores the importance of not necessarily using the number of significant gene modules iden-
tified as a relative metric of significance for a cell type. Although scGWAS provides gene modules
more conducive for certain analyses, the original network file should be considered according to a
researcher’s specific focuses. In contrast, scDRS focuses on single cell based exploration by only
providing genes correlated with single-cell disease scores[291]. Historically, purely correlational ap-
proaches tend to be noisy and significantly impacted by data heterogeneity[21], [83]. This fact might
explain why both MAGMA and scGWAS genes showed relatively low correlation with single-cell
disease scores, even within the annotated cell-state.

Although scPagwas uniquely integrates gene pathways with single-cell scoring, it currently
has three limitations compared to scDRS. First, the computational expense of scPagwas makes
scDRS far more feasible for large scale analyses; this could potentially be addressed by enabling
multiprocessing for the current bottleneck in linking pathway blocks and GWAS, as done in the
regression portion. Second, scPagwas currently lacks covariate adjustment, making it susceptible to
batch effects, which may explain the highly polarized disease scores observed in scPagwas mitigated
by scDRS. Finally, while both scDRS and scPagwas consider genes correlated with single-cell disease
scores, scPagwas relies on these genes—rather than SNP-linked genes—for final cell-type analysis.
Our results suggest that gene correlations can be heavily influenced by dataset heterogeneity and
often poorly reflect SNP-based gene associations (e.g. MAGMA). This finding may help explain
the overrepresentation of ribosomal genes among scPagwas genes despite their minimal impact on
cell-state identification. Importantly, these results might also be based on the pathway size of
scPagwas (default 5-300 genes); this range was optimized by the original authors but may require
further optimizing for more heterogeneous datasets like those tested here. The scDRS simulated
control set may also allow a more accurate prediction of significance given scDRS using scPagwas

gene input, but not scPagwas, called MERTK+ cells significant despite the MERTK+ genetically
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enriched scPagwas pathways being linked to RA[257, [52], 2, 265].

Importantly, the use of broad cell types, as mostly done in previous applications of scDRS,
scPagwas and scGWAS, lacked the insight provided by fine-tuned cell state annotations. Indeed,
all tools missed calling some cell types significant despite them calling significant cell states within
them. The heterogeneity of disease scores as called significant by scDRS might indicate when a
cell type, even when not called significant as a group, might contain cell states with significance.
However, statistically significant heterogeneity does not always imply biological significance, as even
small cell states with as few as 50 cells showed significant heterogeneity. Similarly, potential biases
from including cells from diseased tissue in these atlases must be considered. For example, scDRS
relies on normalized single-cell scores so statistical significance is partly driven by the comparison
of cells. Despite these caveats, we were able to explain the lack of significance for certain cell states
according to lack of genotypic support in the literature and their links to upstream cell states that
had genotypic backing.

Given the increased sensitivity when using fine-grained cell states, we evaluated whether a
single atlas could be used to assess multiple diseases. scDRS clearly distinguished between diseases
with a single atlas, with literary support for the found differences from other single-cell based
analyses. We were able to determine RA vs. AS and UC vs. CD pathogenesis based on the results
of scDRS, using one scRNA-seq atlas for the respective comparisons. Cell states causally linked to
AS according to a recent Mendelian randomization study were all called significant in AS: CD8+
activated/NK-like (T-17), pDC (M-13), and unswitched memory cells (B-1)[64]. Additionally,
CD8+ activated NK-like (T-17) and proliferating (T-18) T-cells showed significance here and in
other studies[74, 270]. NK cells were heavily implicated in AS. The unique significance of CD56dim
CD16+ GZMB- cells (NK-3) in AS was supported by GZMB being expressed at much lower levels
in AS patients in previous NK-focused scRNA-seq analysis and ELISA studies[195]. Similarly, the
significantly called IL7TR+ ILC (NK-12) cell state showed similar upregulation of genes, including
IL7R, as a NK cluster upregulated in AS according to previous single cell analyses[195] [141].

Finally, most of the CD56bright CD16- (NK4,6,8) NK cell clusters were called significant for AS,
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supported by the previous findings of upregulation of CD56bright NK cells in AS[195, [141]. On the
other hand, epithelial cells and fibroblasts most clearly separated UC and CD respectively. Indeed,
the enrichment of CD8+ LP cells, NK cells, and activated CD4+T cells has been supported by
independent CD single cell analyses[96]. We were also able to distinguish fibroblasts with genetic
bases for CD and UC. We called RSPO3+ fibroblasts significant when multiple CD specific SNPs
have previously connected this phenotype[I10]. Similarly, WNT2B+ fibroblasts were only called
significant for CD, matching the previous finding that the group only shows genetic connection to
CD despite it being expanded in both UC and CD[24][63]. Publicly available scRNA-seq data is not
always available or sufficient for a certain disease, so instead researchers might need to apply the
existing and relevant GWAS summary statistics to the scRNA-seq data generated from a clinically
similar disease. Our findings support the ability for researchers previously constrained by the lack
of appropriate scRNA-seq atlases to study diseases while not sacrificing fine-scale analyses.
Finally, we also evaluated methods incorporating noncoding SNPs for identifying pathogenic
cell states. Unsurprisingly, the input gene set used can have major implications on results, regard-
less of the tool. We determined that MAGMA-based results in scDRS are robust to window sizes
while scGWAS appeared to have larger changes. This different robustness might be explained by
our finding that the genes consistent across window sizes had the highest significance scores while
scGWAS considers the full list of MAGMA based scores rather than the top 1000. We also con-
sidered non-positional methods to link SNPs to genes with FUMA and found the decreased power
from these tools have significant impacts on results. Non-positional methods provide significantly
smaller genesets due to a focus on highly confident linkages and noisy data sources (Table .
Our findings show that these low gene numbers, regardless of confidence, lead to significant decline
in sensitivity. Ideally, one would be able to combine strict window MAGMA results with that of a
non-positional method, however the need to combine different significance scales complicates this.
The p-values output by FUMA and similar methods also often do not account for the uncertainty
in the predicted SNP-gene linkages. For now, if using tools reliant on a long list of genes, we suggest

focusing on cell types consistent across window sizes for MAGMA and adding genes called by other
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tools like FUMA. It’s important to note that regardless of the window sizes used, many SNPs were
still not assigned to a gene with MAGMA. For example, with a moderately large window size of
50-35kb, about 60% of SNPs for RA and UC were linked to a gene which decreased to about 40%
when that window was reduced to 10-10kb. Outside of these methods, repeating analyses with mul-
tiple GWAS summary statistics and scRNA-seq cohorts is equally relevant to ensure repeatability
of results.

One way to circumvent linking SNPs to genes is using cis-regulatory elements (cREs) SNPs
fall in directly. Given cRE activity is highly dependent on cellular behavior and allows accurate de-
convolution of cell types, this switch could also allow separation of more nuanced cellular states[152].
Additionally, tools like Cicero link cREs to their regulated genes from single cell data[I84]. While
classic scRNA-seq data cannot capture the activity of these elements well, 5> scRNA-seq is more
sensitive to them. Moody et al.[163] successfully applied 5" sc-RNA-seq to detect the transcription
of cREs and genes simultaneously and developed a metric to identify cell types enriched in trait
heritability. Interestingly, they used the same summary statistics as our work for crohn’s disease
(CD) and ulcerative colitis (UC). Despite using gene-based methods, we captured the same fibrob-
last and dendritic cell enrichment for CD that they found. However, unlike their results, we did
not find an overall enrichment of T/NK cells in UC compared to CD but found some specific states
in these cell types oppositely enriched and supported by the literature[96]. These differences can
be explained by the fact that Moody et al. relied on general lymphocyte 5-scRNA-seq for anal-
ysis while we used scRNA-seq specifically from the colon mucosa of UC patients. The cell states
we identified as seeming to conflict with findings from Moody et al. are unique to intraepithelial
lymphocytes and likely would not be in their data. Overall, these results showcase the need for
careful interpretation when relying on non-disease tissue specific scRNA-seq data. Exciting insight
will come from evaluating the adaptation of algorithms like scDRS, scPagwas, and scGWAS to the
growing cRE-based single cell data[163], 267, 145], 222].

While disease-specific and fine-scaled single-cell cRE atlases continue being developed, tools

like MAGMA, scGWAS, scPagwas and scDRS provide key opportunities to identify cell states and
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genes associated with disease through both transcriptomics and genomics. We’ve also showed that
these tools can even allow single-cell level analyses for diseases without fine-scaled sc-RNA-seq
atlases currently accessible if an atlas for a similar disease is available. We note that our focus on
four immunological diseases, including RA, AS, UC, and CD, may not be generalizable to all other
disorders. However, these analyses represent the consistency of key genetic-relevant cell phenotypes
across autoimmune disorders, providing valuable guidance for future investigations to other similar
diseases. Overall, the development of tools like scDRS, scGWAS, scPagwas, along with improved
SNP-Gene-cell state linking methods, are essential steps for using existing data to pinpoint the

search of biological targets for treatment development.
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Figure 3.5: MAGMA Window impacts on scDRS results.. scDRS results for RA of clusters
that show different levels of significance with different MAGMA windows being used to generate the
GWAS inputs (0-Okb, 5-5kb, 10-10kb, 50-35kb, 100-100kb). scDRS defines significant clusters with
a group disease Z-score as shown in the gradient legend (significant scores marked with square).
Cell states with significant heterogeneity scores are marked by an X. General literary support means
that a cell type with multiple cell states is supported by the literature while specific means a specific
single cell state was supported. Cell states with changes in just scDRS disease score, heterogeneity
score, or both significance calls across MAGMA windows are marked in bold and with grey or
turquoise squares.



Chapter 4

Improving calls of differentially transcribed enhancers and their upstream

regulators

This chapter is adapted from: Townsend, H.A. 6 Stanley, J.T., Allen, M.A., Dowell,
R.D. Improving confidence of differential transcription calls in enhancers. [Under Review]. doi:
10.1101/2025.09.12.675852.

All supplemental tables can be found with the published manuscript. Supplemental Notes,
Methods, and figures are found in the Appendix B but were originally published as supplemental

material.

4.1 Contribution Statement

Drs. Mary Allen and Robin Dowell conceived of the original project. Dr. Dowell and 1
designed the algorithms for Mu Counts and the edited format of LIET. Dr. Dowell conceptualized
the Leading Edge and I designed and implemented the final algorithms of it used in this work. All
three of us conceptualized how to evaluate the algorithms. I implemented the algorithms, tested
them, and analyzed data. Dr. Jacob Stanley confirmed accuracy of code and changes to LIET and
provided general feedback. Dr. Dowell and I wrote the manuscript published on BioRxiv, which

was then reviewed by all authors. I have edited that version to make the one here.
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4.2 Abstract

Motivation: Most disease-associated genetic variants reside within transcribed regulatory
elements (tREs). Patterns of differential transcription at tREs can be leveraged to identify
upstream regulators and link enhancers to their target genes. But the low transcription levels
and high variability in tREs makes identifying high confidence differentially transcribed elements
challenging.

Results: We present Mu_Counts and TFEA-LE, two algorithms for robust identification of
differentially transcribed tREs. The first step in accurate identification of differentially transcribed
tREs is to obtain accurate RNA lengths and therefore counts over these regions. To this end
we developed a method of accurate length inference (LIET-EMG) as wll as a rapid method
for counting reads over tREs (Mu_Counts). Armed with newly identified and quantified tREs,
TFEA-LE then integrates motif information to simultaneously identify responsive tREs and their
likely upstream regulators. We show improved precision and recall over general-purpose tools (e.g.
DESeq2) in detecting p53-responsive tREs. We then clarify TF-specific responses within multi-TF
perturbations in lung cells. Finally we show that the TFEA-LE approach improves TF activity
inference, including in complex perturbations where many TFs respond. TFEA-LE is especially
effective in technically challenging datasets, whether due to highly specific or broad responses,
outliers, or high GC content. Ultimately, these methods advance the systematic characterization
of individual tREs, enabling their integration with regulators, target genes, and disease-associated
variants for translational research.

Availability and Implementation: TFEA-LE: https://github.com/Dowell-
Lab/TFEA /tree/Lead_edge. Nextflow pipeline to run Mu_Counts: https://github.com/Dowell-
Lab/Bidir_Counting_Analysis. LIET (including modifications for tREs):
https://github.com/Dowell-Lab/LIET /tree/LIET_EMGtoo. Source code for this work:

https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper


https://github.com/Dowell-Lab/TFEA/tree/Lead_edge
https://github.com/Dowell-Lab/TFEA/tree/Lead_edge
https://github.com/Dowell-Lab/Bidir_Counting_Analysis
https://github.com/Dowell-Lab/Bidir_Counting_Analysis
https://github.com/Dowell-Lab/LIET/tree/LIET_EMGtoo
https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper
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4.3 Introduction

Enhancers are genetic sequences that regulate the transcription of genes—thereby allow-
ing coordinated cellular responses and unique transcriptional states. Enhancer activity is histori-
cally most commonly measured by chromatin accessibility (ATAC-seq) or epigenetic markers (e.g.
H3K27ac ChIP-seq). However, recent work on identifying enhancers has demonstrated that most
enhancers produce lowly transcribed RNAs, hence they are more generally referred to as tran-
scribed regulatory elements (tREs)[278]. These enhancer-associated RNAs have been found to be
more reliable markers of local regulatory activity than epigenetic markers [278) 223] [6]. Despite
several high-throughput measurements of enhancer activity, tissue and perturbation specificity of
enhancers leads to high biological variability between samples [6], 121 223].

Measurements of enhancer activity and transcription can vary significantly not only due to
biological factors, but also technical artifacts such as depth, protocol, and analysis choices [278, 92].
This high variability complicates both the identification of tREs and detection of when they are
changing [149]. Consequently, most efforts to date have focused on using tRE meta-profiles (rather
than individual tREs) across conditions or samples to infer upstream regulators|200, 108, 48] or
to link enhancers to their target genes[I38), 223]. In these scenarios, general trends are detectable
even if some changing enhancer RNAs are missed.

However, genome-wide association studies are revealing a growing need to confidently charac-
terize individual tREs. The majority of disease-associated single-nucleotide polymorphisms (SNPs)
fall within enhancers [159] 39, 284]. Given many SNPs can be inherited together (reside within
linkage disequilibrium), functional data provides critical information for identifying specific causal
variants[68, [209]. The relatively small lengths of tREs and their condition- and tissue-specific ac-
tivities aid in fine-mapping of associated SNPs. This is particularly true when the tRE and its
target gene both respond to a disease relevant perturbation[209]. These coordinated changes ef-
fectively pinpoint both the functional SNP and its relevant target, thereby implicating biological

pathways, relevant cell types, genes, and/or upstream regulators. Consequently, annotating SNPs
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within enhancers holds tremendous potential to aid in the identification of potential drug-targets
[159] 39, 284].

Yet identifying cell type or condition-specific tREs requires precise detection of changes in
individual tREs. tREs have high variability and low transcription compared to genes, making them
particularly challenging for calling as differentially transcribed with high confidence[223]. Although
in-vitro methods like massively parallel reporter assays provide a method for high-throughput
evaluation of tRE activity, they do not represent in-vivo conditions and can lead to inaccurate
indication of SNP relevance and biological mechanisms [228]. Consequently, we sought to develop
a pipeline for robustly identifying and characterizing differentially transcribed tREs from high-
throughput nascent run-on sequencing and similar enhancer-focused sequencing data (e.g. ATAC-
seq). Our overall framework builds on prior work on transcription factor enrichment analysis
(TFEA)[200], leveraging both transcription changes (via ranking metrics) and motif information
to support the identification of high confidence changes in tRE expression. With this approach, we
simultaneously improve identification of responsive tREs as well as the upstream regulators that
activate them. Additionally, we provide the first high-throughput length estimation of tRE RNAs,
both enabling more accurate differential transcription measurement and facilitating future SNP
integration. Overall, this work provides key steps toward incorporating individual tRE responses

into downstream studies of biological mechanisms or SNPs for translational research.

4.4 Algorithms and Methods

Detecting differential transcription of individual tREs is becoming imperative for integrating
noncoding SNPs and regulatory networks into drug target discovery. However, this advance has
been largely stymied due to low confidence in identifying which tREs are significantly differentially-
transcribed. Given transcription best represents enhancer activity, and previous studies have al-
ready revealed poor differential calls of peak-based data[73], we focused our initial analysis using
nascent RNA-sequencing.

As detailed in Supplemental Information, we show that to capture the differential activity
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of tREs at the same confidence of genes, we would need unrealistically large amounts of data:
either about 100 million uniquely mapped and de-duplicated reads per sample, or ten high quality
replicates (each with depth of 40 million) (Appendix Figures and . These sample sizes and
depth are not found in any published studies; instead it is most common to have 2 replicates per

sample, each with depths of about 30 million uniquely mapped and de-duplicated reads[223].

4.4.1 Truth Sets

Therefore, we sought to develop approaches to improve confidence of differentially-transcribed
tREs from nascent run-on RNA-sequencing data. However, to accomplish this goal, we need a reli-
able truth set—a set of tREs independently known to respond in a particular condition. Although
no ground truth is known, we can take advantage of the fact that Nutlin-3a is a highly specific
activator of transcription factor (TF) p53 and has been characterized by both nascent run-on
RNA-sequencing and chromatin immunoprecipitation (ChIP) in three cell lines: HCT116, MCF7,
SJSA[5,[7]. We first defined true p53-responsive tREs by ChIP-seq peaks, and nonresponsive tREs
by the lack of both a p53 motif and substantial ChIP-seq reads (details in Supplemental Meth-
ods). We also wanted to have a truth set based on transcription alone, and not biased by motifs
or ChIP-peaks. Because there is no ground truth known, we instead considered the three cell
types (HCT116, MCF7, SJSA) as replicates (six total replicates). Use of this combined dataset
resulted in two truth sets, which include tREs called significant by any (“Combined Union”) or
all (“Combined Intersection”) tools and parameter combinations (details in Supplemental Meth-
ods). Importantly, these truth sets cannot clarify cell type-specific vs shared calls. Using the
transcription and multiomics-based truth sets, we compared the three most commonly used differ-
ential expression tools (DESeq2, Limma, and EdgeR) under 13 parameter combinations (details in

Supplemental Methods) to identify tREs responding to p53 activation|[149] 198, [130].
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4.4.2 Algorithms and Pipelines

As high depth and replication are usually cost prohibitive, we built software tools for augment-
ing confidence by 1) maximizing transcriptional information gathered from nascent RNA-sequencing

or peak data, and 2) integrating axillary biologically meaningful information.

4.4.2.1 Identifying tREs

The first step in enhancer analyses is to identify the (unannotated) regions of interest, in our
case, sites of peaks or bidirectional transcription (Figure Step 1). Several tools have been
developed for this, including most popularly Homer and MACS2 for peak-based data and Tfit and
dREG for nascent RNA-sequencing [12), 261]. The second step is to identify consensus positions
of the regions, where “bedtools merge® is often used. However, because the position of RNA
polymerase II initiation is critical to interpreting TF motif enrichment and similar downstream
analyses, muMerge was created to probabilistically determine the best estimate for the midpoint of
each replicate (which is assumed to be the position of RNA polymerase II initiation) (Figure

Step 2).

4.4.2.2 Characterizing tRE length and counting: LIET-EMG and Mu Counts

Next, these consensus regions are counted over. muMerge midpoints are key towards down-
stream TF activity inference, but the output region widths no longer reflect the transcribed ex-
panse of the tRE but instead confidence windows [200} 223]. Consequently, for counting purposes,
a fixed window around the center point has been used[223] (Figure Step 3). This approach,
however, does not take noise from overlapping transcripts into account, which is commonplace
in nascent run-on sequencing data and intragenic tREs. Prior work benchmarked the ability of
tools to identify active tREs and the position of predicted RNA polymerase initiation, but not
the accuracy of transcribed lengths[278]. Therefore, in this work, we benchmark identification
tools (Homer, dREG, Tfit) to assess how well they predict lengths of tRE RNAs from short-read

RNA-sequencing compared to lengths based on long-read nascent RNA sequencing [50, 57, [194].
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Figure 4.1: An improved workflow for identifying differentially transcribed tREs from
nascent run-on sequencing data. A. First three steps involve 1) identifying tREs, 2) identifying
consensus regions from multiple replicates, for which we show muMerge[200], and 3) counting reads
over consensus regions. Shown are four methods of counting: Identification based (using Tfit or
dREG), Fixed window, Length based (in this case, LIET), and Mu_Counts. Misattributed counts
(red highlight) indicates counts that would be falsely considered for one tRE despite belonging to
another. Fixed Window and Mu_Counts are both fast (rabbit) while LIET is slower (tortoise).
B. F1 scores (harmonic mean of recall and precision) for p53-responsive tREs when using lengths
according to various methods: tRE identification tools (Tfit and dREG, grey), HOMER (blue),
LIET (green), fixed windows (black), and Mu_Counts (purple). Isolated tREs have no detectable
transcription (tRE or gene) within 8kb. C. Scatter plots of logs fold change between Nutlin-3a
and DMSO cells of tREs when using counts based on 600bp fixed window (top) or 6kb Mu_Counts
(bottom). Truth sets according to ChIP-peaks or “Combined Union” are in green. D. Once
regions are counted and ranked (top) by direction and significance, the leading edge is calculated
on the enrichment curve (middle). The enrichment score reflects co-occurrence with motif instances
(bottom, dots), with each motif instance weighted by the distance of the motif to tRE center (,
labeled 0). tREs with p53 ChIP support are colored green. E. Two methods of leading edge
detection are compared to the classical statistical cutoff from DESeq2 (left). Plateaued Enrichment
considers when the cumulative enrichment score growth stalls significantly (dark purple). Match
Background identifies when the slope of the enrichment curve matches the expected background
(light purple). Final leading-edge calls can consider tREs with motifs within a certain distance
of u and within the leading edge (e.g. mu500 = 500bp, full=All). F. Finally, TFEA enrichment
scores are used, with optional GC-bias correction (TFEA) or leading edge adjustments, to identify
responding TFs.
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We also add two length-focused counting approaches. First, we create a modified version of the
recently published LIET approach[232] (LIET-EMG) that focuses explicitly on capturing transcrip-
tion lengths of bidirectional regions (details in Supplemental Methods). Unlike Homer, LIET-EMG
can incorporate the consensus midpoint positions from muMerge for final coordinates, providing
both tRE midpoints and endpoints. The LIET algorithm is slow, so we also developed an approach
called Mu_Counts that rapidly assigns reads within a fixed window (around consensus midpoints
as from muMerge) to a specific tRE, even when another tRE or gene is nearby (Figure Step

3 “Mu-Counts”). A figure describing the full pipeline can be found in Appendix Figure

4.4.2.3 Integrating motif information into differential expression analysis: TFEA

Leading Edge

Differential expression tools like DESeq2, EdgeR, and Limma are used to capture changing
enhancers with both peak-based or transcriptional data. Given these tools perform worse on fea-
tures with high dispersion (such as enhancers), in addition to our previous algorithms above, we also
considered how we could integrate orthogonal biological data to increase confidence. Perturbations
that affect tRE transcription do so through the alteration of transcription factor function. More-
over, transcription factors most often work through DNA motifs. Therefore, we wondered if motifs
within the tREs could be used to further improve our ability to detect differently transcribed tREs.
Additionally, we found that regardless of differential expression tool used, ranking of tREs based
on statistical confidence and direction of change was largely comparable (Appendix Figure .
Therefore, we developed a rank-based approach of identifying differentially transcribed tREs that
could integrate orthogonal data such as DNA motifs. For this, we considered how we have already
shown the power of ranking and motifs in TFEA, which uses motif co-occurrence with sites of bidi-
rectional transcription to robustly quantify changes in TF activity between conditions[10} 200 108].

In TFEA, tREs are first separated by direction of fold change and then ranked by the dif-
ferential p-value as defined by tools like DESeq2. Iterating through the ranked tREs, TFEA then

calculates a cumulative enrichment score, with the score increasing according to the proximity of
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a specific TF motif to the tRE’s midpoint [200]. When TF motif instances co-occur with the
tRE midpoint at the extremes of the ranking, the TF is inferred as actively contributing to the
differences between the conditions (Figure ) Therefore, we hypothesized that the tREs most
contributing to a given TF’s significant call in a perturbation would correspond well with tREs
responsive to a perturbation. This concept is similar to gene set enrichment analysis identifying a
“leading-edge” to pinpoint which genes are responsible for a pathway’s call, and therefore relevant
to the perturbation[236]. Consequently, we developed a similar approach, instead identifying the
“leading-edge” of the enrichment curve within TFEA. The inflection point of this curve represents
a statistically principled shift in the enrichment of TF-motif instances and changes in transcription
(Figure + C) and hence would be an alternative metric for defining regions of differential
transcription that utilizes both transcription and sequence signals.

To identify the inflection point (aka leading-edge) we developed two approaches: one defines
a conservative inflection point for changing tREs, and the other captures large scale trends of
enrichment (Figure ) Specifically, the first looks for the point where the rate of change in the
enrichment curve plateaus, hereafter called “Plateaued E” where E stands for Enrichment. The
second identifies the point at which the slope of the cumulative enrichment curve is comparable
to the TF motif presence in unchanged (background) tREs, hereafter called “Match Background”.
Details regarding these approaches can be found in Supplemental Methods. This approach extends
beyond relying on a single p-value cutoff with classic statistical tools. Instead, a user can consider
tREs based on multiple sources of confidence-both sequence support and statistical analyses for

transcriptional change—to assess downstream biological questions.

4.4.2.4 Identifying responsive TFs

Finally, analyses usually end with identifying the TFs active within a condition, as with TFEA
(4.1D Step 5). Sequence-based predictions, however, are hindered by the fact that transcription
initiation sites (including tRE midpoints) tend to be GC-enriched[10), 108]. TFEA attempts to

mitigate this bias with a heuristic correction term to enrichment scores before deciding significance
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based on a simple regression model[200]. This was admitted to be a rudimentary solution in the
original paper, and so we end this work with evaluating how to improve upon it using what is
learned from the leading-edge [200]. Specifically, we develop two new metrics. First, we calculated
the fraction of tREs contributing to cumulative TF enrichment scores above what is expected
from background noise (hereby called “Fraction Above Background”). Second, we considered the
enrichment trends across the ranked quantiles of tREs to assess if the strongest source of motif
enrichment was occuring in tREs robustly changing in expression or not. Details are found in
Supplemental Methods.

Overall, the resulting pipeline (Figure still takes advantage of consensus positions from
muMerge before combining improved feature counting (Mu-Counts) with the leading-edge approach

of TFEA, the latter of which is hereafter referred to as TFEA-LE.

4.5 Results

4.5.1 Differentially transcribed tREs are poorly called by classic methods

We first clarified how poorly classic differential expression tools (DESeq2, Limma, EdgeR)
perform on enhancers using our p53 truth-set. Regardless of the cell type considered, or whether
truth sets were determined by ChIP-seq peaks or transcription alone, recall was poor (< 0.65) for all
tools/parameter-combinations (Figure , Appendix Figure ) To test if this performance
was better than random guessing, we defined an expected recall (based on chance alone, e.g. a
“random set”) where tREs with increased transcription (positive log fold change) were randomly
selected as responsive. As expected given the stringency of the negative truth set, very few, if any,
non-responsive tREs (without motif or ChIP peak), were called significant except when using the
random set (Figure , Appendix Figure A). Unrealistically large p-value cutoffs were needed
to reach the recall enabled from using the random set, albeit at the cost of low precision (Appendix
Figures [C.5B).

Despite the poor recall and variable calls between the classic tools (Deseq2, EdgeR, and
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Limma), both truth sets (p53 ChIP peaks and “Combined Union”), are enriched in tREs with
the highest rankings (i.e. statistical confidence) (Appendix Figure . However, common signif-
icance cutoffs (e.g. alpha=0.05) of many tested parameter-tool combinations do not capture this
enrichment well. This is especially true for the most popular tool according to citation numbers
— DESeq2 — and across all tools in HCT116 (Appendix Figure . One of the HCT116 samples
has less overall transcription captured, and might therefore represent a more difficult dataset to
analyze [223, [5]. Conversely, some parameter-tool combinations seemed to capture the enrichment
of truth sets for MCF7 and SJSA samples well (Appendix Figure . However, these approaches
are the most permissive, and are therefore subject to extensive over-calling in datasets with more
robust transcriptional responses[137, 23]. Our findings indicate that much of the tREs supported
to be changing from multiomics data have weak statistical confidence from transcriptional data
alone. We next saw if our approaches to 1) increase transcriptional data with length assessment,

and 2) incorporating additional data would improve results.

4.5.2 A novel and reusable pipeline incorporates length and sequence-based sup-

port for calling tREs with poor statistical confidence
4.5.2.1 Length characterization improves differential expression analysis

To address the counting problem, we ask how accurately the region calls of tRE identification
algorithms reflect transcript length. When applying these approaches to transcriptionally isolated
tREs, we found that identification methods (e.g. Tfit and dREG) tended to largely underestimate
length estimates while Homer and LIET-EMG lengths were closer to those suggested by long-read
sequencing ) Most tREs, however, are found within genes (e.g. intragenic) or overlap other
tREs [223] (4.1]A). Because long-read data could not be clarified as belonging to intragenic tREs
or genes, we instead simulated high noise (random reads distributed) to represent overlapping
transcription of isolated tREs. While Homer falsely captured noise as extensions of transcripts,

LIET-based estimates were unchanged (C.7B). The LIET-EMG model’s background parameter
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Figure 4.2: Statistical incorporation of length and motif information significantly im-
prove in single TF system. A. Recall and precision of p53 responsive tREs in multiple cell
lines. Red line is recall from randomly assigning tREs with positive fold change as true. Truth
based on p53 ChIP peaks and false positives lack motif or ChIP peak. Data from [7]. C. Preci-
sion and Recall of HCT116 tREs with p53 ChIP peaks. Triangle: randomly selected tREs with
positive fold change; Grey dots: adj. p-value cutoffs; Purple dots: Leading edge methods (classic
padj < 0.05 + mu500). Methods correspond to DESeq2-Local-LRT (left), EdgeR-Locfit.mixed-QL
(middle), and Limma-Trend-eBayes (right). D. An example region (chr2:113612107-113616515) for
three cell types before (grey) and after Nultin-3a (orange). Data from [7]. Check-marks (far left)
indicate whether the tRE was called significant in that cell type with different approaches. Org:
2kb fixed window; Mu_Counts: 2kb; TFEA-LE ranked based on 2kb Mu_Counts. E. Percentage of
HCT116 Nutlin-responsive tRE calls from the different approaches that also have a H3K27ac peak
only after Nutlin was added to the media. Black: padj< 0.05 by TMM-eBayes-Trend; Dark Purple:
Plateaued E with padj<0.05 + mub00; Light Purple: Match Background with padj<0.05 4+ mu500.
F. Percentage of calls shared across all cell types, with p53 ChIP in Nutlin-3a also shared across
cell types, according to the different approaches.

effectively captured the introduced noise and gave predicted lengths closest to the long-read data
(Appendix Figure +C). Despite the accuracy of LIET-EMG, the underlying algorithm is
computationally expensive and becomes obtuse when considering thousands of tREs (20,000 tREs
in one sample took > 24 hours) (Appendix Figure )

Therefore, we next sought if our Mu_Counts algorithm could rapidly obtain optimal counts

per tRE, without requiring RNA lengths. This approach is fast, able to consider all relevant
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samples in a 15 minute time frame (Appendix Figure ) Both LIET and Mu_Counts not only
improved differential calls of transcriptionally isolated tREs, but successfully distinguished between
overlapping tREs with and without multi-omic evidence of change (“Overlapping”) (Figure )
Mu_Counts and LIET’s having high and comparable rankings were consistent across all cell types
(Appendix Figure . Importantly, Homer’s low F1 scores arise in large part because it fails
to call many regions (Appendix Figure . Instead, LIET and Mu_Counts can focus on tRE
characterization based on accurate consensus midpoints of tREs (e.g. from muMerge) [200].
Despite effectively maximizing transcriptional data retrieval, we still observe low statistical
confidence for most tREs. While Mu_Counts shifts the density of mean counts, dispersion trends
don’t improve; instead many expected true positives still show transcriptional responses difficult to
distinguish from noise(Appendix Figure Therefore, incorporating orthogonal biological data

was still imperative for enhancers with limited data from transcription alone.

4.5.2.2 TFEA-LE identifies previously missed shared enhancer responses for p53

across cell types

We next tested TFEA-LE, first by comparing it’s calls to the regions identified by those called
by classic tools (adjusted p-value cutoff of 0.05, after using Mu_Counts). We find that considering
tREs within either leading-edge algorithm clearly improves recall of p53 ChIP-peaks, while main-
taining high precision [£.:2C. These improvements, as also measured by F1-scores, are found in all cell
types, regardless of non-motif-based truth set used (ChIP-peaks, Combined Intersection, Combined
Union), parameter-tool combination, or length of windows used for Mu_Counts (Appendix Figure
. Both algorithms for obtaining the leading-edge (Plateaued E and Match Background) are
also largely consistent regardless of the classic statistical tool-parameter combination used to rank
tREs (Appendix Figure. Figure shows an example of a tRE that, despite having p53 and
Nutlin-specific H3K27ac peaks across all cell types, would only be considered significantly changing
in response to Nutlin-3a in HCT116 cells from classic statistical approaches. Using Mu_Counts

allowed MCF7 to indicate a significant call as well, compared to using fixed window counts. Only
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the leading-edge (TFEA-LE) allowed this tRE to be called significant across all three cell types,
hence matching the multiomics support.

Likewise, the leading-edge calls are highly enriched in previously published Nutlin-induced
H3K27ac peaks in MCF7 and HCT116, more so than tREs called from classic statistical approaches
(SJSA H3K2T7ac data not available) (Figure and Appendix Figure . The leading-edge
identifies a much larger number of p53 responding tREs shared across all cell types compared to
the original publication using classical statistical analysis methods[7] (Appendix Figure )
Despite this, the percentage of tREs called shared across all cell types that are also supported by

p53 ChIP peaks [shared across cell types] is consistently higher for LE-based calls than those from

only classic tools (Figure [1.2F, Appendix Figure [C.14B).

4.5.3 TFEA-LE improves understanding of multi-TF transcriptional and

chromatin-accessibility responses
4.5.3.1 Leading edge helps clarify GR-activating enhancers across multiple TFs

Arguably, Nutlin-3a is an exquisitely specific activator of a single transcription factor — p53.
Thus, we next wondered whether the leading-edge approach works well when multiple transcription
factors are responding to a perturbation. To assess this, we applied TFEA-LE to our previously
published double drug study[208]. In that work, we exposed Beas-2B cells to either dexametha-
sone (DEX), TNF-a (TNF), or both drugs. DEX activates glucocorticoid-based receptors (GR
and MCR) while TNF activates the NFxB complex, including multiple TFs (REL, RELB, TF65,
NFxB1, NFxB2) (Figure 4.3A) [208]. All leading-edges for these TFs showed similar consistency
across ranking methods, as with p53. The leading-edges also had greater consistency in the differen-
tial tREs called than classic statistical methods (Appendix Figure. Unlike with p53, however,
classic statistical tools called more tREs significant than the Plateaued E leading-edge values indi-
cated (Figure ; Appendix Figure . We predicted that the greater number of tREs called

could be due to these tools not being specific towards upstream regulators, while the leading-edge is
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TF-specific. These drugs also produce highly robust transcription compared to many other nascent
sequencing experiments, suggesting that classic statistical tools are less disadvantaged in predicting

tREs that change or might be prone to overcalling [223].
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Figure 4.3: Mu Counts and TFEA-LE significantly improve calls in multi-TF system
and allow TF-enhancer predicted linkages. A. Left: Visualization of double-drug treatment
of dexamethasone (DEX) and TNF treated cells and the expected transcription factors activated.
Right: Visualization of Plateaued E full and Match Background options when the classic approach
calls more significant regions than the Plateaued E approach. B. Percentage of tRE calls in DEX-
treated cells that also have a GR ChIP peak. Black: DESeq2-Ratio-LRT-Local padj < 0.05;
Dark Blue: Plateaued E (full); Light Blue: Plateaued E (full) + Match Background mu500. C.
Percentage of tRE calls in DEX and TNF treated cells that also have a GR ChIP peak. Leading-edge
results are based on the GR TF motif. D. Percentage of tRE calls shared between cells exposed
to both TNF and DEX and just DEX that also have GR ChIP peaks shared between the two
conditions. In all cases, Ns listed are the total number of tREs called significant by each approach.
Method selected for black (C-G) was selected for highest number of shared tREs across all samples.
E. Visualization of wood smoke particle experiment. F. PCA plot of ATAC-seq BEAS-2B samples
without WSP (Veh) or with WSP perturbation for 30 or 120 minutes (WSP30 and WSP120) and
replicate 1 or 2. G. Top: Metagene showing normalized ATAC-seq reads after 120 minutes for cells
perturbed with vehicle (grey) or wood smoke particles (orange) of regions within the Plateaued
E leading edge for Serum Response Factor (SRF). Bottom: tREs within the Plateaued E leading
edge for SRF at ATAC-seq 120 minutes (decreasing accessibility, with SRF motifs within 500bp)
are colored as they are ranked by differential transcription confidence according to PRO-seq at the
30min mark (focusing only on tREs with positive log fold change).
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Therefore, in this case, we hypothesized that the leading-edge would allow 1) secondary
support for what adjusted p-value cutoffs should be used for classic tools in cases with robust
transcription and 2) more specific identification of tREs being regulated by a single TF of interest.
To test these hypotheses, we focused on considering all tREs within the leading-edge, instead of just
those with strong motifs (Figure ) This approach would still consider motif enrichment trends,
which could be TF specific, while allowing for secondary responses and cases where TF motifs aren’t
as precise. When applying this approach to the DEX condition (GR focused activation), we indeed
observed either a slightly increased or comparable enrichment of calls supported by GR ChIP-seq
with the leading-edge compared to classic statistical tools (Figure DEX and Appendix Figure
CIm).

To test our second hypothesis, that the leading-edge could identify tREs most likely reg-
ulated by a specific TF, we also assessed if we could clarify GR-specific tREs amidst conditions
where multiple TFs were perturbed (DEX+TNF). When considering cells perturbed with both
DEX+TNF, the GR leading-edge tREs were more enriched in GR ChIP peaks than those called by
classic statistical approaches; this trend is observed even after removing tREs called significant in
cells perturbed with TNF alone (Figure TNF+DEX and Appendix Figure ) Next, we
compared tREs responding with just DEX, and in cells perturbed with both TNF and DEX. Again,
the leading-edge calls shared between these perturbations had a higher enrichment of ChIP calls
also shared between the two perturbations, regardless of classic statistical approach used; leading

edge calls for perturbation-unique tREs were also more enriched in ChIP-seq peaks unique to a

perturbation and Appendix Figure ))

4.5.3.2 Leading edge enables differential chromatin accessibility calls despite sam-

ple outliers

Finally, we examined whether TFEA-LE could be applied to ATAC-seq data as with its
predecessor TFEA [200]. We re-examined ATAC-seq data generated from Beas-2B cells perturbed

with wood smoke particles (with two time points: 30 and 120 minutes)([79]) (Figure [4.3D). In this
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case, both DESeq2 and EdgeR called a maximum of one region significantly changing chromatin
accessibility at the 120 minute mark, likely due to one of the two 120 minute samples showing outlier
accessibility patterns (Figure ) Despite classic approaches indicating no tREs were changing,
TFEA called several TF motifs as significantly enriched in the regions ranked towards decreasing
accessibility at 120 minutes, including SRF. Therefore, we assessed if the leading-edge tREs of SRF
would represent tREs changing in accessibility, despite generally weak agreement between samples.
Indeed, normalized counts of the Plateaued E leading-edge regions for SRF show a clear depletion
in accessibility at 120 minutes with wood smoke particles (Figure ) Additionally, while SRF-
based leading-edge tREs showed decreased accessibility in both 120 minute replicates, random
tREs of the same number with fold changes below 0.9 only showed decreased accessibility in one
replicate (Appendix Figure . Finally, SRF leading-edge tREs with SRF motifs have increased
transcription at the 30 minute mark (which follows SRF activity at that time point) before having
transcription levels again comparable to Vehicle by 120 minutes (Figure ) Similar plots of
and G for all the time points and leading-edge approaches show similar trends (Supplemental
Methods). Therefore, we successfully identified tREs with changing accessibility at 120 minutes as

supported by other data, even when classic statistical cutoffs of original tools could not.

4.5.3.3 The leading-edge improves identification of upstream regulators in techni-

cally challenging multiomics data

TFEA identifies upstream regulators optimally under two conditions 1) when a single or few
TFs are primarily responding and 2) for TF motifs with low GC content. The more TFs that
are responding, the more likely motifs of significant TFs will be found across a larger spread of
ranked tREs rather than just those at the extreme poles. Similarly, motifs with high GC content
are more likely to be randomly found due to the GC-enrichment of transcription-initiation sites. To
mitigate this bias in TFEA, corrected Enrichment-scores are calculated as a y-offset of the observed
Enrichment-scores from a linear regression fit (extreme case shown in Figure ) However, we

have found that this approach fails with strong GC bias, introducing as many false-positive TF's as
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it mediates against [200]. Therefore, we next sought to evaluate whether leading-edge metrics can
be used to reduce false-positive TF enrichment calls.

In the Nutlin-3a and TNF/DEX data sets, false-positive and true-negative TF calls by TFEA
consistently had Match Background leading-edges that suggested either half or zero tREs were con-
tributing to the TF’s enrichment score. Remarkably, these cases suggested that some significant
enrichment scores were being called based on tREs with no transcriptional change between condi-
tions (Appendix Figure top).

To robustly measure this trend, we introduce two new metrics. First, we calculated the
fraction of tREs contributing to cumulative TF enrichment scores above what is expected from
background noise (hereby called “Fraction Above Background”). While DEX-induced transcription
factors GR and MCR have lower fractions, false-positive and true negative TF calls have fractions
above .45 (Figure ) This finding is reproducible across all Nutlin-3 and DEX/TNF perturbed
cells, with the fractions being lowest for highly specific TF responses (e.g. P53) (Appendix Figure
. Second, to more substantially characterize enrichment trends, we divided the ranked tREs
into fifteen equally sized bins (Q1-Q15) and plot the maximum enrichment score per quantile
(Figure ) We observed three general patterns for motifs: 1) strong motif enrichment at the
extremes, as expected by TFEA; 2) weaker enrichment at the extremes, as is typical for weaker
responders when multiple TFs respond; and 3) instances where the strongest motif enrichment is
in the middle of the ranking, where tREs have little to no detectable change in transcription. This
last group is likely false-positives. We predicted that using this positional enrichment assessment,
we could both separate out weak and stronger responders, as well as remove false-positive TF calls.

Using these refined correction metrics, we turned our attention to complex perturbations
with many transcription factors are responding: paired PRO-seq and ATAC-seq from Beas-2B
cells perturbed with wood smoke particles (with two time points: 30 and 120 minutes). This
perturbation produces a very robust transcriptional response, with multiple TFs responding. These
data also have a strong GC bias in their active tREs, leading to a large linear regression coefficient

in traditional TFEA (Figure 4.4A and Appendix Figure [C.20). The default GC-bias correction
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Figure 4.4: The Leading Edge improves identification of true TF responses and re-
sponding tREs in technically challenging multi-omics data. A. TFEA enrichment score
plot for ATAC-seq at 120 min. Dots colored by GC-content, red line: regression fit. B. Fraction of
tREs with cumulative enrichment scores above expectation from background (y-axis) is plotted for
numerous TFs (x-axis). Dots are colored by correctness status based on TFEA enrichment score
alone. The area about 0.4 is shaded in pink as a consistent cutoff between true positives and neg-
atives. C. Cartoon example of quantiles within the ranked list, colored by their median change in
enrichment. Coloring sets grey as expected background level (“background change”). Patterns rep-
resent two false positives (FP), two weak TF signals, and two strong TF signals (TP). Check marks
on right indicate whether the TF is considered significant by different methods. TFEA’s Padj and
GC-corrected (Corr-Padj), Frac. Abv. Bkgd (Fraction tREs with cumulative enrichment increase
above background expectation), and Max Quant (requires maximum value at edges of ranked list).
D. Quantile heatmap (similar to C) based on PRO-seq from BEAS-2B cells 30 minutes after their
perturbation with wood smoke[79]. TFs (rows) are sorted by whether they are called by TFEA
uncorrected, TFEA GC-corrected, or TFEA-LE methods. TFs with extensive wet-lab validation
are marked with red stars (SRF and AHR). Change is calculated via a binning of ranked tREs
(each bin N=2994).
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paradoxically results in artifically shifting tens of TF's into significance, most of which have no
support in the literature for being involved in wood smoke or respiratory response. However, the
GC-bias correction also enabled the calling of the TF Aryl Hydrocarbon Receptor (AhR), one of the
best-known respiratory responders with confirmed activation in these same cells according to ChIP-
qPCR, siRNA knockdown, and western-blots [79]. We wondered whether the improved TFEA-LE
approach would both identify AhR and remove the large number of apparent false-positives.

We split wood-smoke predicted TFs according to whether they were being called significant
by TFEA’s GC-corrected scores, TFEA’s uncorrected scores, and/or TFEA-LE based metrics. We
started with strict TFEA-LE based metrics, requiring <0.45 “Fraction Above Background” and
the quantile with the maximum enrichment score (“Maximum Quant”) outside the middle (max q
< 5 or > 10). TFs supported by all methods as responding at 30 minutes from PRO-seq showed
very clear maximum changes in cumulative enrichment in tREs with the greatest confidence of
statistical change (Figure ) This included the transcription factor first noted in the original
publication for response: Serum Response Factor (SRF) [79]. The leading-edge approach also
uniquely confirmed the significance of AhR (Figure star). Conversely, most TFs called by
GC-bias correction alone, and many called with uncorrected scores alone, had maximal enrichment
scores in middle quantiles, consistent with false-positives (Figure ) These trends are generally
visible at all time points and in both PRO-seq and ATAC-seq (Appendix Figure . As a final
support for calls, we considered which TFs were supported as relevant by both ATAC-seq and PRO-
seq, in the same direction of enrichment. The percentages of TF's called with the same enrichment
direction in both ATAC/PRO were highest in TFs shared across all calling approaches, and next
LE-based calls at all time points (Appendix Figure . A comparable but less consistent trend

was observed for agreement in direction when using gene TSS bidirectionals compared to tREs

(Appendix Figure [C.22)).
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4.6 Discussion

Overall, in this work we provide a new suite of tools to improve the characterization of
transcriptional regulatory networks from multiomics-data. Although especially powerful when in-
tegrated together, all tools are available as independent software packages to fit a user’s needs. The
high dispersion and low transcription of tREs present a difficult challenge for traditional statistical
tools such as DESeq2. To identify high-confidence differential tREs, we developed two new tools:
Mu_Counts and TFEA-LE. Mu_Counts maximizes the data we can consider from tREs through
improved counting, while still taking advantage of consensus positions of muMerge. TFEA-LE
then leverages motif co-localization signals to assist in the identification of statistically significant
changes in transcription at lowly tREs. For this purpose, TFEA-LE improves on the original TFEA
algorithm in multiple ways. First, TFEA-LE uses a leading-edge approach to identify the inflection
point of co-enrichment of motif instances with the extremes of transcription changes. Finally, we
leverage the TFEA-LE metrics to improve discrimination between true positive enrichment and
false-positive TF calls. Collectively, these improvements enable TFEA-LE to both identify dif-
ferentially transcribed tREs that are supported by multiple lines of biological information and to
address complex perturbations that can have a either a highly specific or very broad impact on
cells.

While prior work has benchmarked the identification of tREs[278|, we extend this work to
whether these methods accurately return the lengths of the transcribed region. In this extension,
we also introduce a tRE-focused adaptation of the LIET model, finding that the LIET model’s
explicit background parameterization provides a uniquely powerful approach for distinguishing noise
from signal, resulting in the best length estimates. However, LIET is computationally expensive,
and tools such as Homer present an effective alternative for tREs with confirmed isolation from
neighboring and overlapping transcripts. Accurate lengths of enhancer-associated transcripts are
necessary for characterizing the RNA itself and using them for fine-mapping of SNPs. We and others

have already shown that using tREs can be essential towards filtering and annotating SNPs[209, 6],
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but were confined to about 1% of SNPs by focusing on the initiation/loading zone[3I] rather than
the RNA produced. We now know that some tRE RNA SNPs can lead to disease-related phenotypes
[207, 1711, (89, 214 185].

The introduction of Mu_Counts was necessary to bolster counts associated with individual
transcripts. The method is a fast heuristic that accounts for overlapping transcription of both
genes and tREs, counting only regions where reads can be conclusively assigned. The accuracy of
Mu_Counts, however, is dependent on the accurate identification of tREs and their midpoint, i.e.
the position of RNA polymerase II initiation, to correctly disentangle overlapping tREs. Hence, the
combination of muMerge[200] which seeks to preserve accuracy on the inferred midpoint of tREs
across replicates, with Mu_Counts results in a measurable improvement in differential-transcription
analysis of tREs through increased recall. More accurate counting can also enable more accurate
linking of tREs to their target genes with correlated counts, a growing focus of research ([223] [32]
221]).

The leading-edge leverages the consistency of expression-based ranks to identify the set of
tREs supported by both changes in transcription (the ranking) and co-localization of a responsive
transcription factor (a supporting motif). We developed two approaches to identify the leading-
edge. The Plateaued Enrichment method provided the best calls of tREs with transcription changes
specific to a TF. We also show that the approach can also be applied to perturbations with more
than one TF responding. Our reliance on motif instances, however, means that our assessment is
limited by the accuracy and specificity of a TF’s motif. For example, we were unable to decipher
between the activity of AhRR and AhR due to their essentially identical motifs.

The second method of identifying the leading-edge, the Match Background approach, proved
highly informative on interpreting larger-scale enrichment trends that improve false positive iden-
tification in TF enrichment. We showed that metrics based on the leading-edge can distinguish
between GC-corrected significant calls with no clear enrichment and those with clear biological
support from multiomics data or downstream validation. Indeed, with the leading-edge, subtle but

biologically meaningful enrichment such as AhR within the woodsmoke data can now be detected
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without inflating the false positive rate[79]. Some TFs can function as both an activator and a
repressor, dispersing their signals to both ends of the ranked list. The quantile plots provide a
quick way to identify these TFs (high change at both poles), but TFEA-LE does not currently
consider simultaneous enrichment in both directions. However, the leading-edge metrics do provide
an intuitive interpretation of enrichment results, allowing users to consider a number of alterna-
tive enrichment cutoffs and their tradeoffs. Therefore, the leading-edge can be essential not only
for improving the call of responsive tREs, but has largely improved TFEA calling of responsive
transcription factors as well.

Ultimately, this work has provided multiple, open-source tools within a novel pipeline for
improved characterization of changes in expression at lowly transcribed regulatory elements. The
leading-edge seems specifically advantageous when dealing with technically challenging multiomics
data, in this case nascent RNA sequencing and ATAC-seq. In particular, TFEA-LE was robust to
low overall transcription signal and outlier samples, cases that are problematic for classical statisti-
cal approaches yet common. Our applications simultaneously improve identification of significantly
changing tREs, linking tREs to their upstream regulators, defining coordinates of tREs, and provid-
ing further confirmation of transcription factors responsible for changing transcription. Together,
this work clarifies key weaknesses in current regulatory element focused analyses, particularly with

nascent RNA-sequencing, and provides several methods to advance their usage.

4.7 Code Availability

All code is available on Github and zenodo at the links provided below.
(1) LIET-EMG: https://github.com/Dowell-Lab/LIET /tree/LIET_EMGtoo,

(2) Nextflow pipeline that can allow Mu_Counts or fixed-window counting: https://github

.com/Dowell-Lab/Bidir_Counting_Analysis,

(3) Updated TFEA (with leading-edge and related metrics): |https://github.com/Dowell-

Lab/TFEA /tree/Lead_edge,


https://github.com/Dowell-Lab/LIET/tree/LIET_EMGtoo
https://github.com/Dowell-Lab/Bidir_Counting_Analysis
https://github.com/Dowell-Lab/Bidir_Counting_Analysis
https://github.com/Dowell-Lab/TFEA/tree/Lead_edge
https://github.com/Dowell-Lab/TFEA/tree/Lead_edge
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(4) Source code for this work: https://github.com/Dowell-Lab /Improving tRE_Analysis_Paper
4.8 Data Availability

All sequencing data for TP53 based analysis can be found in the NCBI Gene Expression
Omnibus (GEO) under accession number GSE86222 (HCT116, SJSA, MCFE7). Sequencing data
for GR based analysis can be found under accession numbers GSE125623 (ChIP) and GSE124916

(GRO-seq). All SRRs used with annotations can be found in Supplemental Table 1.


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper
http://www.ncbi.nlm.nih.gov/geo/

Chapter 5

Air pollutant multiomics improves functional annotation of SNPs associated

with lung disease

5.1 Note to Readers:

We are in the process of uploading some files to GEO and finalizing the Github for this work.
Supplemental Data is currently uploaded to Zenodo but will be included as supplemental tables for
the final thesis. The methods section and supplemental figures can be found in Appendix D, with
red parts of the methods section indicating that I am awaiting collaborators to confirm accuracy.

You can request supplemental tables from me for now.

5.2 Contribution Statement

This work was made possible by collaborating with Drs. Anthony Gerber, Sarah Sasse,
Arnav Gupta, and Shu-Yi Liao at National Jewish Health. Drs. Gerber and Sasse are now at the
University of Kentucky while Dr. Liao is at the David Geffen School of Medicine at UCLA. Dr.
Liao ran the disease-association analysis of SNPs with asthma and chronic obstructive pulmonary
disorder with the All of Us Research cohort. Dr. Sarah Sasse performed the initial PRO-seq for
UPM. Dr. Sasse provided BAMS (intermediate files) from two currently unpublished ATAC-seq
experiments in nasal epithelial cells. Dr. Arnav Gupta performed all experimental validation (qRT-
PCR, ELISA), and did the HYA-gene regression analyses in COPDGene. I performed all other
computational analyses. I wrote the initial draft, with Methods sections for the association analysis

provided by Dr. Liao and for the ELISA by Dr. Gupta. The version used for this thesis was then
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reviewed by Dr. Dowell.

5.3 Introduction

Both asthma and COPD are prevalent lung conditions affecting a combined 15% of U.S.
adults[33]. Treatment development has been largely stymied by the fact that treatment response
and pathogenesis for asthma and COPD are largely dictated by interactions between both genetic
background and environment[I17]. Air pollutants, specifically, such as those found from dust, wild-
fires, or urban areas, explain half of COPD risk and have often been incorporated into clinical
models[225], [54], 143), 157]. Air pollution exposure is also increasing worldwide, with a projected
22% increase in the number of people exposed to hazardous pollution by 2030[I88]. Air pollu-
tants and lung disease are hence a growing medical concern, and yet there remains a very limited
understanding of the biological mechanisms by which pollutants increase risk of disease.

Genome-wide association studies identify genetic variants associated with disease yet have
had limited impact on treatment development for COPD and asthma. Due to the sheer number of
correlated variants across the genome, interpretation of these studies is often limited to only single
nucleotide polymorphisms (SNPs) that pass extremely stringent statistical significance (adjusted p-
value < 521078)[213]. Rare SNPs, or those found across regulatory regions that function together,
often have low individual effect sizes despite functional relevance [234]. Additionally, the SNPs
prioritized downstream are limited due to feasibility. SNPs inherited together (due to linkage
disequilibrium) are commonly analyzed with using the SNP with the highest association with the
disease (lead SNP)[213]. However, these lead SNPs are commonly not the SNPs whose functionality
is relevant to the disease. Limiting downstream analysis to these lead, significant SNPs increases
feasibility of functional annotation and experimental validation, but also removes the majority of
genetic variance explaining a disease. In the case of COPD, only considering variants passing strict
statistical significance cutoffs leaves 95% of heritability still unexplained[41] [298§].

Interpretation of disease-associated variants for treatment stability is additionally stymied

by the fact that most disease-associated variants, including those for COPD and asthma, are found
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in noncoding regions[54} 112, 225]. Linking noncoding SNPs to druggable targets, like the genes
whose functionality SNPs impact, is a challenging problem. These noncoding SNPs are often
functionally annotated by identifying transcription factor binding motif instances or sites that
might be functionally impacted by a sequence change[213]. However, the functional relevance of
these changes is dependent on whether the impacted transcription factors are active for the disease,
which is typically unknown. Active transcription factors can be deciphered from experimental data
in disease-related cell types and conditions, but such data are often not available[I08]. Overall,
genome-wide association studies often end with a long list of associated variants with unknown
functional activity and pertinence to experimental validation.

Our lab and others have recently established experimental and computational pipelines that
address these challenges. Our processes primarily take advantage of nascent RNA run-on sequencing
because it captures the direct transcriptional activity of genes and transcribed regulatory elements
(tREs), like enhancers, while also enabling inference of transcription factor activity. In our previous
work, we pinpointed key noncoding variants associated with asthma and their functions, focusing
on SNPs found within tREs responding in lung cells perturbed with inflammatory signals [209].
We also recently developed several algorithms that improve our ability to accurately identify when
noncoding SNPs correspond to tREs, their target genes, and upstream regulators[223] 246].

In this work, we expand this framework, applying it to COPD and asthma based on the
response of lung cells to air pollutants. To this end, we consider published and new nascent se-
quencing data of lung cells perturbed with an expanse of air pollutants: wood smoke particles
(WSP), urban particulate matter (UPM), and Afghan dust particles (ADP)[79) [78]. This work
presents the first analysis of UPM nascent transcriptional response in primary lung cells over time.
Therefore, we compare transcriptional regulatory networks (transcription factors, genes, enhancers)
based on both time-scale dynamics and general response, specifically between WSP and UPM. Sub-
sequently, we perform a focused association study with both COPD and asthma of genetic variants
falling within air-pollutant-responding genomic regions. By combining our novel and previously

published transcriptomics, we effectively rank and predict the functionality of variants. From these
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analyses, we prioritize and predict biological mechanisms for genetic variants associated with lung
disease and several other inflammatory diseases. Beyond our biological insights, readers can apply
our computational pipeline to other diseases and data for improved understanding of noncoding

variants in disease physiology.

5.4 Results

5.4.1 Genes show dynamic transcriptional responses to UPM comparable to other

particulate matter responses

We first asked how responses to UPM transforms across time, and if genes showing certain
timings show shared functions (via Gene Ontology enrichment analyses). By comparing to other
particulate matter responses, we can also clarify if the dynamics are general to particulate matter
responses or specific to compounds in UPM. To determine the earliest transcriptional responses to
UPM, we conducted nascent RNA sequencing on primary samples of small airway epithelial cells
(smAECs) using precision run-on sequencing (PRO-Seq). PRO-Seq measures both gene and regu-
latory element (e.g. enhancer) transcription at high temporal resolution based on RNA polymerase
IT activity. To confine our analyses to direct transcriptional responses, we used both a 30-min and
120-min exposure time to UPM and analyzed the results relative to treatment with vehicle (PBS).
Transcriptional responses were defined into three large-scale groups: Early response (rise or fall
at 30 minutes before returning to vehicle baseline at 120 minutes), Early-Plateau response (rise
or fall at 30 minutes that is sustained at 120 minutes), Late response (rise or fall only after 120
minutes) (Supplemental Data). We found that the general transcriptional patterns of genes within

these categories were comparable, with the largest number of genes responding within 30 minutes

(Figure , Appendix Figure [D.1)).

Some of the strongest early responses were marked by upregulated genes attributed to cellular

adhesion and cilia pathways, and downregulated genes involved in hyaluronan biosynthesis and
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Figure 5.1: UPM produces a timeline of responses comparable to other particle-based
perturbations in lung cells. A. Line plots of the mean (blue, light blue 95% confidence interval)
and individual (grey) normalized transcriptional changes of statistically significant (adj-p-value |
1x10-10) genes in early response (details in Methods). Norm Expression (z-score) is normalized
counts min-max scaled. 0 minutes is Vehicle response. B. Summary of significant Gene Ontology
(GO) terms of the matching genes with the size of the dot corresponding to the number of significant
genes matching the GO term. C. Percentage of significant UPM genes that were found across
the timeline categories of WSP responsive genes (adjusted-p-value | 1x10-10). ER=FEarly Rise,
EF=Early Fall, EPR=Early Rise-Plateau, EPF=Early Fall-Plateau, LR=Late Rise, LF=Late Fall.
The bar corresponding to the same time point as UPM for WSP is highlighted in blue. Numbers
above bars are number of UPM genes shared. D. gqRT-PCR or E. ELISA (HYA levels in media)
results from smAECs perturbed with UPM or WSP for 3 and 6 hours. F. Log2FC expression at
UPM 30 min for genes involved in HYAL degradation, synthesis, and related signaling. H/LMW-
HA=high/low molecular weight hyaluronic acid. ROS=reactive oxygen species.
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glycolysis (Figure [5.1]B, Supplemental Data). Hyaluronans (HYA), built from glycolysis products,
are abundant in the lung extracellular matrix and coat alveolar macrophages[107]. While the robust
early response could reflect a large-scale stress response, early-plateaued or late-responding genes
appeared more characteristic of targeted particulate matter degradation. Glucuronidation-related
pathways were strongly enriched by genes either increasing transcription early and maintaining
high transcription at 120 minutes, or only increasing transcription after 120 minutes (Appendix
Figure ) Similarly, other metabolic response pathways for Vitamins, Iso/Flavo/Terpinoids,
alcohols, and steroids dominated the late rise response (Appendix Figure Right).

When comparing gene response patterns in UPM to those found in WSP, we saw an average
of 30% of UPM responsive genes also being found significantly responsive in WSP, with about 50%
of early fall UPM genes (which includes HYAL metabolism) also responding in WSP. Although the
overall direction of gene expression was largely maintained, the precise timing of the response was
less so. For example, most UPM early-rise genes only rose at the 120-minute time mark for WSP
(Figure ), while more than 15% of the early fall UPM genes had maintained lower expression
levels compared to vehicle at 120 minutes in WSP. Enzyme CYP1B1 had induced transcription at
30 minutes for WSP and UPM, but while it stayed highly activated at 120 minutes for UPM, the
gene was back to baseline with WSP by 120 minutes, and in the case of small airway epithelial cells

perturbed by ADP, down-regulated by 20 hours (Appendix Figure )

5.4.2 Hyaluronan metabolism and signaling response to both WSP and UPM is

highly dynamic

HYA metabolism and signaling relevance to lung function has shown increasing evidence of
relevance in the literature, so we saw if our data could further clarify its timing and cellular response
with pollutants[86} 107, 212]. Specifically, smoke can cause degradation of high-molecular weight
(HMW) hyaluronic acid into low-molecular weight (LMW) hyaluronic acid fragments, which then
serve as pro-inflammatory signals[86]. Genes showing downregulation by thirty minutes in UPM

include genes whose proteins are directly involved in both the synthesis (HAS2, HAS3) (HAS1
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not expressed) and breakdown (CEMIP, HYAL1, HYAL2, HYAL3) of hyaluronic acid (Appendix
Figure . We observe comparable nascent RNA early response in Beas-2B cells perturbed with
WSP at the same time points, except that HAS3 and PFKP show initial upregulation before being
downregulated compared to baseline at 120 minutes (Appendix Figure .

Given the transience of hyaluronic acid-related response in nascent transcription levels, we
evaluated if these responses were also observed at steady state RNA levels. RNA levels of HYAL2
and its paralogs HYAL1/3 all showed small downregulation by 3 and 6 hr post WSP or UPM
perturbations according to qRT-PCR. in smAECs, matching downward trends shown in PRO-seq
(Figure, Appendix Figure Supplemental Table 1). Conversely, synthesis genes (HAS2 and
HASS3) showed upregulated steady state RNA levels by 3 hr. RNA-seq of Beas-2B cells perturbed
with WSP indicated that at 2 hours, RNA levels of all HYAL and HAS genes followed the trends
observed with qRT-PCR, with limited change observed in glycolysis-related genes (Appendix Figure
. Finally, we confirmed that levels of hyaluronic acid in media decreased at 3 hours for smAECs
perturbed with either UPM or WSP, but returned to vehicle levels by 6 hours based on ELISA
(Figure , Supplemental Table 2).

We then evaluated whether predicted signaling pathways involving HYA followed expected
trends. Pro-inflammatory signals from HYA fragments have been shown as largely mediated via
toll-like receptors TLR4 and TLR2, which then activate NFKB for increased expression of cy-
tokines(Campo et al., 2012); this same pathway shows increased expression at 30 minutes in PRO-
seq and 2h in RNA-seq, specifically expression of cytokines IL-6 and TNF-a for UPM (Figure ,
Appendix Figure |D.2)). Similarly, TMEM2 (textitCEMIP2) mediates the decreased expression of
CEMIP1 by cytokines like IL1-B and TG1-B and is shown to be upregulated at 30 minutes in our
data (Figure ) [211, 212]. Finally, we found that HYA metabolism can be directly linked to
lung-based disease measurements. Specifically, a 1 unit increase in HYALI protein levels predicted
increased FEV1 (ml/yr) by 0.0024 (high-precision p-value 0.0016) in a linear regression model of
the COPDGene cohort; this is after accounting for smoking status, gender, age, BMI, and total

cumulative cigarette exposure.
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5.4.3 Robust transcriptional network responses are comparable across particulate

matter perturbations and cell types

Nascent RNA sequencing allows us to not only consider the nascent transcription of genes, but
also of transcribed regulatory elements (tREs). The response of tREs and motif enrichment can then
allow us to predict the transcription factors responding to UPM and the tREs they are regulating
with Transcription Factor Enrichment Analysis (TFEA-LE)[200, 246]. Therefore, we identified
and characterized the responding tREs and transcription factors in our three lung cell experiments
(smAEC-UPM, BEA2B-WSP, smAEC-ADP) (Supplemental Data). Since transcription factors
can also be impacted by a change in chromatin accessibility, we also considered ATAC-seq in nasal
airway epithelial cells perturbed by UPM or WSP at the same time points for PRO-seq.

Similar to genes, tREs show robust early responses in UPM and WSP (early rise and fall)
(Appendix Figure left). However, unlike with genes, a similar number of tREs also show
maintained decreased expression after 30 or only at 120 minutes (Appendix Figure middle
and right). This finding suggests that a similar number of tREs are being deactivated as being
activated in response. Similar to genes, tREs responding in both WSP and UPM show very similar
directionality with more variability in exact timing (most rising in UPM also rise in WSP, etc.)
(Appendix Figure [D.4B). The group of tREs with the largest variability between WSP and UPM
were the “late fall” category, with equal proportions of UPM late-fall tREs showing both late-fall
and early-fall response in WSP.

While responses of general stress-focused transcription factor were shared, some transcrip-
tion factors showed different predicted activities depending on perturbation. Both WSP and UPM
responsive tREs are strongly enriched in the GC-rich motifs of several transcription factor families
known to respond to respiratory stress (e.g. KLF, SP families, Nuclear respiratory factor), pri-
marily at 30 minutes (Figure ) We also observe strong regulation of the genes encoding for
these transcription factors at the 30-minute mark in both perturbations (Appendix Figure .

However, while Serum Response Factor (SRF) was the primary predicted transcription factor re-



111

sponding to WSP, tREs responding to UPM showed no clear enrichment for the motif (Figure
). Similarly, the gene encoding for SRF saw significant upregulation at 30 minutes for WSP,
but with no clear transcriptional change for UPM (Figure ) The tREs predicted as regulated
by SRF in WSP response (details in Methods) also showed upregulation at 30 minutes for WSP
but have no transcriptional response to UPM at any timepoint (Appendix Figure . Conversely,
NFKB transcription factors (REL, NFKB1, NFKB2) had significantly positive enrichment at 30
minutes for UPM but not WSP, and genes encoding for NFKB TFs increased expression at 30
minutes under UPM conditions but not WSP (Figure , Appendix Figure . Not all tran-
scription factors change chromatin accessibility with their activation or repression, but we do see
that the KLF TFs, SP TFs, NRF1, AhRR, and AhR show the same trends (as seen in PRO seq)
in ATAC-seq at the 30-minute mark of nasal airway epithelial cells perturbed with WSP or UPM
(Appendix Figure .

Both WSP and UPM early response tREs were enriched for the transcription factor Aryl-
hydrocarbon Receptor (AhR) and its antagonizer AhRR, particularly at 30 minutes (Figure )
However, while AhR still had a positive enrichment score at 120 minutes for UPM, it had a neg-
ative enrichment score for WSP (Appendix Figure . These results match the transcription
levels of AhR and AhRRR. In WSP, AhR steadily increases transcription while AhRR decreases by
120 minutes; in UPM, AhR returns to baseline expression at 120 minutes while AhRR continues to
increase expression at 120 minutes (Figure ) Previously confirmed target genes of AhR also
show similar trends of upregulation at 30 minutes with both UPM and WSP (Appendix Figure
[79]. We then compared the tREs predicted as responding to AhRR/AhR between perturba-
tions, focusing on AhRR as it has a slightly more specific motif less likely to lead to false motif hits
(details in Methods).

Following the transcriptional trends of AhRR and TFEA-LE results, many of the predicted
AhRR-responding tREs at 30 minutes for UPM still maintain high upregulation compared to
vehicle at 120 minutes (Figure 2C, grey lines UPM 120min). Conversely, WSP-responsive AhRR

tREs become mostly downregulated compared to vehicle at 120 minutes (Figure , pink lines
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WSP 120 min). Despite the different perturbations and cell types, both WSP and UPM shared 18
tREs at 30 minutes predicted to be regulated by AhRR. And when highlighting how the 30-minute
responding AhRR tREs are ranked in expression changes in opposite perturbations, we see the tREs
follow the same response as the perturbation they map to (Figure , comparing WSP 30 min
to UPM 30 min within colors). In other words, many of the same tREs appear to be responding
but with timings dependent on the experiment.

Finally, the response of smAECs treated with ADP after 20 hours was predicted to be largely
based on a single transcription factor: P53. Interestingly, TFEA-LE noted P53 (and its motif
neighbor P63) as having positive, but weak enrichment in UPM and WSP. The P53 binding motif
was confined to weakly upregulated tREs at both 120 and 30 minutes for UPM and WSP rather
than the strongly downregulated tREs for afghan dust particles after 20 hours for ADP (Figure
). We observed the same weak upregulation in accessibility of tREs with P53 motifs in nasal

epithelial cells perturbed with WSP and UPM (Supplemental Data).

5.4.4 Particulate matter responsive tREs pinpoint SNPs associated with COPD,

asthma, and other lung-relevant diseases

Our characterized transcriptional responses of pollutant-responding lung systems then im-
proved the interpretation and annotation of genetic variants associated with COPD and asthma.
We specifically asked whether focusing association analyses on SNPs within particulate-matter re-
sponsive lung tREs can pinpoint SNPs associated with COPD /asthma, or related diseases, even
when working with a small and heterogeneous association dataset. In this case, we perform an
association study of SNPs in pollutant-responsive tREs in the All of Us cohorts for COPD and
asthma[176] (Figure Steps 1 and 2). We consider all available ethnicities to increase the gen-
eralizability of our study at the expense of statistical power. Therefore, we considered functional
annotations along with less stringent association cutoffs since noncoding SNPs, regardless of func-

tionality in disease, are known to have weaker effect sizes.
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Figure 5.2: UPM produces a specific response of transcriptional networks (transcription
factors and corresponding tREs). A. Scatterplot of TFEA GC-corrected enrichment scores
for WSP and UPM 30 minutes. Transcription factors are highlighted as being a call in neither
UPM/WSP, only one or the other, or both (where significance requires adjusted p-value < 0.01
and Fraction above Background < 0.5 — see Methods). B. Log normalized counts of genes encoding
transcription factors SRF, AHR, and AHRR in UPM and WSP treated cells across time. C. tREs
called responding via AhRR to WSP and UPM at 30 minutes are colored pink and grey, respectively.
The x axes are rankings of tREs according to confidence of up(+) or down(-) regulation compared
to Vehicle across 4 different responses: WSP 30min, WSP 120min, UPM 30min, UPM 120min.
Left (or Right) most x-coordinates are tREs with the lowest adjusted p-values for a positive (or
negative) log2fold change for the listed response. D. Quantiles of tREs are ranked as done in C
for 5 different responses: ADP 20, WSP 120min, UPM 30min, UPM 120min. Relative enrichment
of the P53 motif (weighted score from TFEA) is colored within each quantile (scaled within each
row) so that green shows the maximum enrichment.

A total of 15,196 tREs responded to particulate matter, and we captured full RNA coordinates
for 15,136 (99.6%) with the LIET-EMG approach[246] (Figure[5.3]A Step 1). 12,576 (83%) of these
tREs were uniquely responsive to a particulate, with most of the remaining tREs being shared
between WSP and UPM (Appendix Figure ) Since bidirectional transcription in PRO-seq
enables precise identification of the transcriptional start site (TSS) of genes[278], we also considered
Gene TSS bidirectionals of genes with significant changes across particulate responses. We again

saw that most calls were unique to a given particulate response (6,935 — 77%) (Appendix Figure
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). After merging any RNAs with overlapping genomic coordinates, a total of 20,764,608
bp were considered with 28% coming from either Gene TSS bidirectionals or tREs whose RNAs
overlapped the 1kb gene TSS region, 36% coming from tREs within the exons/introns of genes,
and the final 36% coming from tREs outside of annotated genes.

We then predicted the regulatory networks of a given tRE (and overlapping SNP), including
the likely target gene and, if applicable, the transcription factor who’s binding a SNP could disrupt.
To this end, we considered several factors from the particulate matter data along with publicly
available databases, including our previous nascent run-on sequencing database (DBNascent) (full
details in Methods, Figure Step 3)[164], 223]. We then ranked SNPs with the strongest support
for downstream validation based on association with COPD /asthma, previously found association
with traits in ClinVar/GWAS Catalog[35], [127], confidence of regulatory network support, and
overall response to particulate matter (Figure Step 4; details in Methods).

The All of Us cohort had 6,164 SNPs mapping within our coordinate search space, with
51% of these SNPs (N=3,144) associated with COPD and asthma in the same direction (Figure
[5.3B). Of the total SNPs, 10% (N=681) had p-values below 0.05 for association with asthma or
COPD. Compared to the original full set of SNPs, a similar proportion of significant COPD-
or asthma-associated SNPs associated in the same direction with both diseases (57%) and all
SNPs containing TF binding site according to ENCODE (6.5% to 58.4%) or having genome-wide
significance with external studies were maintained (0.7% to 6.5%) (Figure [5.3B). Of the 44 SNPs
correlated to external traits, only 3 (7%) were found within exons, with 23 (52%) and 18 (41%)
SNPs being intronic and intergenic, respectively. SNPs and their functional annotations (predicted
target TFs/genes, phenotypes, etc.) can all be found in Supplemental Tables 3 and 4.

The traits these SNPs were externally associated with could all be directly linked back to
lung function and inflammatory response except for Peutz-Jeghers syndrome and non-specific traits
like neuroimaging and protein measurements (Figure , Supplemental Table 5)[4], 13], 15} 25, B30,
34, 58, [67, [72, 185, 91, (1T, (15, (142, 144} 179, 180, 219, 235, 237, 238, 241, 256, 288, 301, 283].

Two SNPs associated with direct lung-related measurements — smoking initiation and a COPD
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indicator (FEV/FVC ratio). This second SNP (rs12894780), showing a significant odds ratio of
1.06 for COPD (p-value=5.921073) in our study, was previously associated with FEV/FVC ratio
across two different genome-wide association studies and ancestry cohorts (p-values 0.00237 and
3.8210720) [45, [140]. It is an intronic variant found within ITPK and is 67bp from the predicted
transcription initiation site (u) of a tRE responding to WSP that also has evidence as a cis-
regulatory element in lung based on ENCODE[164] (Appendix Figure . ITPK indeed shows
upregulation at all time points and air pollutant perturbations compared to vehicle, although it
is only statistically significant in WSP (Appendix Figure . Two other SNPs were associated
with diseases impacting lung development: Ellis-van Creveld syndrome and Hutchinson-Gilford
syndrome[I3] 256]. The largest category (N=12) of non-lung phenotypes corresponded with either
immune-cell measurements (N=7) or red blood cell measurements (N=5). The second largest group
of phenotypes focused on markers of muscle/liver/kidney function (N=8).

Overall, the enrichment of SNPs showing independently significant correlation with lung
and inflammatory based traits support that our filtering approach improved identification of lung

disease relevant variants.

5.4.5 Functional relevance of coordinate space is not tied to timing of response

PRO-seq allows cleaner evaluation of noncoding SNP linkages, specifically in linking TF and
target genes, but whether SNPs within transient transcriptional patterns are also relevant has not
been established. Given most of the tREs and genes responses in PRO-seq were transient, we
evaluated whether these responses 1) had SNP enrichment comparable to consistent responses (e.g.
plateau) and 2) impacted steady-state RNA levels. For the first question, we considered transient
responses based on both transcription (PRO-seq) and chromatin accessibility (ATAC-seq). We
saw no systematic difference in enrichment of SNPs associated with asthma or COPD across time
categories, even when only considering transient (early) responses in both WSP and UPM (Figure

). We then compared steady-state RNA changes from previously published RNA-seq (2h and
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Figure 5.3: Perturbation-focused regulatory region SNPs associated with COPD and
asthma are externally associated with other traits related to lung-function. A. Visual-
ization of pipeline. 1) Identify the genes, tREs, and transcription factors responding to air pollutant
perturbations and the coordinates of gene and tRE bidirectionals. 2) Evaluate the association of
SNPs within these coordinates and with asthma and COPD according to All of Us cohorts. 3)
Predict transcription factor-tRE linkages by considering the transcription factors responding to
perturbations, motifs within SNPs, and binding sites of transcription factors. Predict gene-tRE
linkages based on the nearest gene, quantitative trait loci for the SNPs, and correlation of tran-
scription across lung cells. 4) Rank candidate SNPs based on associations, regulatory networks,
and response of tREs to the perturbations. B.Percentage of all region SNPs (grey) vs those associ-
ated with COPD (C) or asthma (A) (blue) that fall into different functional annotations (details in
Methods). C. shows the traits associated with the SNPs associated with COPD or asthma in this
work based on GWAS Catalog and ClinVar. Bar plots indicate odds-ratios for COPD and asthma
where error bars indicate there are two SNPs associating to the trait.

4h) to the nascent transcription changes in PRO-seq (30m and 120m) in Beas-2B cells perturbed
with WSP[77]. Regardless of timing in PRO-seq (early, plateau, late), about 50% of responding

genes also showed change in steady-state RNA levels (Appendix Figure |D.13). Early response
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genes then continuously showed the highest percentage shared with RNA-seq for significant change
in the same direction (Appendix Figure [D.13)). Overall, transient transcriptional responses still

showed important functional insight for SNP filtering in addition to enabling functional annotation

of SNPs.
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Figure 5.4: Focused multiomics data clarifies grouped SNP relevance across cohorts into
biological features. A. Percentage of SNPs in enhancer timing categories (agreed upon between
WSP and UPM) based on ATAC-seq and PRO-seq that are associated with asthma or COPD. B.
and C. IGV tracks for two SNP-enriched enhancer groups, of PRO -seq of smAEC perturbed
with UPM and Beas-2B cells perturbed with WSP, and GRO-seq of Beas-2B cells perturbed with
dexamethasone (Dex), TNF, or both. 30 minute time points (compared to Vehicle above) are
shown. Transcription factor or EP300/CTCF ChIP-peaks of either Beas-2B perturbed with Dex
(B2B-DEX) or A549 cells. The numerical read distributions are not directly comparable outside
of experiments due to different normalization approaches (scale noted on the right top of each
experiment). SNPs are labeled by their rsids. D. Annotated opentargets screenshot of SNPs
rs4919767 and rs4919766 (chr12:52873025 and 6, respectively), and indicate change of GA to AG
within a PRDM1 binding motif. E. Frequency of alleles of chr12 enhancer group SNPs (C) across
cell types used in this study.
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5.4.6 Focused multiomics links mixed SNP significance across cohorts to shared

target-gene and enhancer functionalities

Lung cell multiomics data can confer key insight into the mechanisms by which noncoding
SNPs might have association with COPD/asthma. This can include clarifying the possible role
of SNPs associated with other diseases, like those noted above. We specifically asked whether, if
by focusing on biological features (e.g. enhancers) rather than individual SNPs, we could identify
enhancer groups that showed consistent significant association with Asthma/COPD across cohorts.

Although some immune-associated SNPs were intronic to genes that logically linked to in-
flammatory signals (e.g. PFKP, IL2RA, BAG/ ), many were intergenic and could be linked to target
genes based on our data. One tRE with a SNP associated with reticulocyte count (rs54211) showed
high correlation of transcription with the gene encoding platelet-derived growth factor (PCC=0.91,
p-value< 121072, expressed in 87% samples), both of which also showed strong early response in
WSP. Instead, when relying on quantitative trait loci alone, GTEx has indicated this SNP was
associated with isoform transcription of its nearest gene, which has no known correspondence with
reticulocyte function: RPL3 [22]. Similarly, SNP rs4989187 associated with eosinophil counts was
found within an intergenic tRE predicted to target CYP26A1 based on our data (PCC=0.95, p-

0729, expressed in 49% samples). A knockout of this same gene has been previously

value< 1x1
shown to increase eosinophilic globules[229]. Finally, one of the SNPs associated with serum al-
bumin, rs10145747, was in an intergenic tRE between SERPINA genes, with our data suggesting
the tRE transcription was best correlated with transcription of FAM181A and SERPINAG. In
each case, direct transcriptional data in a disease-relevant cell type and perturbations have allowed
noncoding-SNPs to be linked to a target gene of logical function.

When evaluating if biological features have consistent results across cohorts, we often found
the same group of enhancers contained SNPs associated with asthma and COPD, albeit with SNPs

showing varying significance across cohorts. For example, we considered the All of Us Research

cohort and GERA cohorts based on our previous work associating SNPs within tREs responsive
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to TNF and dexamethasone in Beas-2B cells with asthma from the GERA cohort[209]. Only one
of the original 36 significant SNPs was also considered in the All of Us cohort and responsive to
WSP and UPM: rs3094117 (chr6:30769709). Interestingly, while this SNP did not have significant
association with either COPD or asthma in the All of Us cohort (p-values 0.62 and 0.75), three
SNPs found within tREs just proximal to the SNP tRE showed the same transcription patterns
and significant correlation with asthma: rs28780111, rs3095340, and rs9468829. All four tREs
showed upregulation with at least one particulate matter type, and downregulation in response to
dexamethasone at 30 minutes (Figure , Appendix Figure . Despite two of the four tREs
falling within introns of HGC20, all four tREs coordinates had accessibility and transcriptional
peaks specific to their regions far above any reads dispersed across HGC20 in all particulate matter
datasets (Appendix Figure. The SNPs were close to or within A549 or Beas-2B ChIP peaks of
transcription factors that were also identified as responsive to particulate matter or dexamethasone
based on TFEA-LE: GR, JUN, YY1, ETS1, GABPA, FOSL2, ELF1 (Figure )[164}. One of
the SNPs, rs3095340, was also found significantly associated with FEV1/FVC and inflammatory
bowel syndrome in a genome-wide pleiotropic analysis of Europeans (N=400,102 COPD cases and
709,884 controls, p-value 62107 11)[104]. In the smaller All of Us cohort (N=5,843 cases and 158,404
controls), this SNP had the same odds ratio direction (1.03 for COPD) but did not reach statistical
significance (p-value 0.32). Therefore, by considering enhancer groups and genes, we pinpoint a
group of features that might perform a shared functionality relevant to lung disease.

Finally, of the top ten associated SNPs with COPD and asthma in our study, four were found
within the same enhancer group (overlapping tREs) on chromosome 12 that showed robust early
response in both UPM and WSP (Figure ) There appear to be three positions of transcription
initiation across these tREs according to PRO-seq and GRO-seq data in BEAS-2B and smAEC
cells as well as EP300 ChIP peaks from A549 cells. All three tREs show accessibility peaks in nasal
epithelial cell lines while falling within one vast H3K27ac peak in A549 (Appendix Figure [164].
The odds ratios for all four SNPs were almost identical and indicated decreased likelihood of COPD

or asthma with the presence of the SNP: 0.945 for COPD and 0.98 for asthma. One of the four SNPs
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(rs10876380) had also been independently shown to be associated with alkaline phosphatase levels
(Beta=0.0088, p-value 4.17x10-13), a phenotype which has also been associated with poor lung
function [203]. For all four SNPs, the alternative allele is more common across all ancestries (range
from 59-81% of population), suggesting a possible fitness advantage as supported by decreased odds
of lung-diseases(Appendix Figure [22, 38].

Interestingly, our data suggests that purely database-based predictions of impacted target-
gene(s) and transcription factors for this enhancer group might not be relevant to pollutant-based
response. SNPs rs4919767 and rs4919766 correspond to adjacent positions in chrl2 (52873025 and
52873026), and disrupt two sites corresponding to a PRDM1 motif (Figure ) Indeed, these
two SNPs appear to be almost exclusively found together in reads from the cell lines we considered
(Beas2B and smAECs), with few, if any, cases of the alleles being disrupted separately (Figure
). SNPs rs10876378 and rs10876380 were similarly shown to disrupt key bases for the binding
motifs of SOX5 and MEIS1/MEIS2, respectively (Appendix Figure . Neither Beas2B nor
smAEC cells appeared to show these alleles in our data (Figure [5.4[E). Despite predicted impacts
on motifs, all transcription factors whose motif instances the SNPs were suggested to disrupt did
not contain significantly enriched motifs in responding tREs across any particulate responses, nor
appropriate binding sites based on lung-cell CHIP-seq (Figure, Supplemental Data). Although,
raw signal suggests that there may be a significant PRDM1 ChIP-seq signal at the appropriate SNP
sites (Appendix Figure . We next turned our focus to the target-gene. All four SNPs fall
within an eQTL region associated with PFDN5 in the upper lobe of the left lung[I64]. This gene,
however, the opposite transcription trend of the tREs, showing nonsignificant (adjusted p-value
> 0.05) downregulation at 30 minutes in both perturbations (Appendix Figure. It is possible
that these tREs repress the gene, there is simply a different gene target, or that these SNPs are
operating within a specific subset of cells in the lung not well-captured by Beas-2B or smAEC cell
studies.

Overall, PRO-seq data proved essential to link several SNPs to a shared biological feature

that can then undergo downstream experimental testing to evaluate the exact functionalities these
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SNPs confer.

5.5 Discussion

We first highlight dynamic transcriptional responses of lung cells to air pollutants. The strong
initial transient response might represent a core initial stress response found in lung cells before
stabilization to stress-specific responses, and merits additional comparison across non-particulate
perturbations. By 120 minutes, we saw a clear upregulation of genes previously noted as involved
in modulating response to foreign particles such as smoke. WNT signaling is involved in lung
cell regeneration/repair and has been previously shown to regulate inflammation from cigarette
smoke[75, [192]. Vitamin D metabolism and similar detoxification-focused genes like CYP1A1 and
UGT genes have also been shown to help modulate air particulate responses[27), 158]. Finally,
despite differences in cell type and air pollutant, a significant fraction of both transcription factors,
tREs, and genes are responding regardless of time point — suggesting some universal pollutant
responses worth exploring in the future.

Our work specifically shows a complex but rapid response to hyaluronan molecules that may
be relevant not only to cigarette-smoke response, but also to environmental pollutants. Other
studies have shown the importance of HYA response in COPD, both with HYA plasma levels
and HYAL2 expression [252]. With reactive oxygen species from smoke particles inducing HMW
breakdown, it is possible that the rapid response we observed reflected a need for HYA metabolism
being shifted towards other stress-related responses, with synthesis genes rebounding to increased
steady-state RNA levels by 2-3 hours. Indeed, the mixed timing response of HASS in Beas-2B cells
compared to smAECs might be reflective of cell type differences or stress resilience, as total lung
tissue vs lung macrophages have shown opposite results of HASS and HAS1 expression response to
cigarette-smoke[19]. Finally, the rapid HYA response in our work provides biological explanation
behind a previously discovered treatment for smoking-based inflammation. Aerosolized HMW can
have anti-inflammatory effects and reduce lung injury if taken with smoking, with the positive

impact lowering with delayed HMW intake [29].
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Our predicted responses of transcription factors both confirm and further clarify transcrip-
tion factor particulate-based studies in the literature. Previous work showed that cigarette smoke
increases expression of SP- and KLF-based transcription factor genes, as observed in our data,
and also show that knockdown of KLF6 reverses mitochondrial dysfunction and apoptosis[51], 253].
Nuclear respiration receptors NRF1 and NRF2 have both been shown to compete in response to
cigarette smoke, following our data, with NRF2 specifically protecting lung cells from wood smoke
particle toxicity [125], 248]. Indeed, our ATAC-seq indicated that while NRF2 regions had decreased
accessibility in wood smoke, they had increased accessibility in UPM at 30 minutes, thus down-
regulation of NRF2 target genes SRXN1 and NQOI in WSP but not UPM. Finally, the finding
that p53 target tREs are only slightly upregulated at WSP and UPM early responses but strongly
downregulated by 20 hours after ADP response might indicate key timings for oxidative stress and
DNA damage and p53 response. Indeed, repeated exposure of particulate matter can also lead to
hypermethylation and therefore downregulation of P53]299].

We also confirm that rapid, transient transcriptional responses can still be biologically rel-
evant for SNP filtering and functional annotation, and can vary across conditions. Indeed, such
transient responses may still confer changes in steady-state, or might prime enhancers or genes
for easier accessibility if perturbed again[250]. We considered a broader range of cell types and
perturbations to ensure less bias in SNP filtering from enhancers, but that limited the direct com-
parability of our results across experiments. It would be interesting to compare such transient
responses between cells from patients of increasing disease severity, and see how RNA decay rates
help balance pollutant impact[245]. Regardless of the disease-relevance of these dynamics, consid-
ering short time points and time-series data allowed more specific SNP functional annotation (e.g.
linkage to target genes and transcription factor binding) than provided by general public databases.

Finally, our results show that taking advantage of precise enhancer coordinates and tran-
scriptional network characterization across multiple conditions enabled more refined association
analyses of SNPs with COPD and asthma. First, we improved clarification of secondary vs pri-

mary associations with SNPs by considering whether the SNPs were found in lung-enhancers or
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genes. For example, SNPs associated with markers of kidney function like creatinine or glomerular
filtrate rate have often been associated with COPD or asthma as secondary impacts from increased
work of skeletal muscle for breathing or increased inflammatory processes[4], 25 115, 179, 241].
Second, multiomics data allowed us to refine the predicted transcription factor and target genes
explaining phenotypic connections. For example, we were able to predict target-genes of multiple
SNPs associated with external associations along with COPD and asthma. Finally, we showed how
assessing associations based on enhancers rather than SNPs alone allows us to still capture disease-
relevant functions even when individual SNPs show mixed significance across cohorts. In this study,
we were limited to small cohort sizes for association studies, with mixed ancestries increasing gen-
eralizability of our results but also limiting statistical power from heterogeneity. Therefore, we
focused on cases where multiple individual SNPs showing significance in at least one cohort all
pointed to the same enhancer group. Noncoding SNPs often have lower individual effect sizes (and
therefore significance), regardless of causality, due to the higher level of redundancy in enhancer be-
havior compared to coding regions[234]. Therefore, SNP-focused analyses would miss that several
cohorts confirm the relevance of the same enhancer, and therefore potentially important disease
mechanisms. Instead, we were able to identify three promising enhancer groups with validation
across cohorts based on shared SNPs as well as response in disease-relevant perturbations wor-
thy of downstream experimental exploration. Overall, this work provides the first pan-pollutant
based nascent transcriptional characterization along with a framework and dataset of promising

lung-disease SNPs/enhancers for downstream testing.

5.6 Data availability

DEX-TNF Beas2B GRO-seq (GSE124916), WSP Beas2B RNA-seq (GSE283113), WSP
Beas2B PRO-seq (GSE167372), UPM smAEC PRO-seq (uploading to GEO), ADP smAEC PRO-
seq (GSE201150). ENCODE experiments and files, all in A549, include ENCSR977FEF (PRDM1
Experiment), ENCFF096PTH (EP300), ENCFF229ULU (CTCF), ENCFF835PPK (YY1),

ENCFF618CNL (JUN), ENCFF229ULU (TP53), ENCFF271WHK (ETS1), ENCFF343BIK
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(GABPA), ENCFF232TVP (FOSL2), ENCFF169QCM (ELF1). UPM and WSP NEC ATAC-seq
de-deuplicated bams were received by Dr. Sarah Sasse (personal communication).

Supplemental Data can be found at Zenodo: https://doi.org/10.5281/zenodo.18929828.



Chapter 6

Conclusions and Future Directions

6.1 Summary of Contributions

Transcriptomics and genomics provide complementary insights into disease biology: genetic
variation offers a clearer framework for causal inference, while transcriptomics contextualizes gene
function within cell types and environmental conditions. Despite their complementary strengths,
integrating these data types has remained challenging due to technical heterogeneity across assays,
ambiguity in which cell types drive the most relevant pathology, and limited ability to resolve the
molecular mechanisms of noncoding genetic variants. This thesis provides computational frame-
works and benchmarking that address these challenges, enabling integrative analyses that connect
genetic risk loci to regulatory networks.

I first address (Chapter 2) the challenge of integrating heterogeneous transcriptomic datasets,
which is essential for assembling sufficiently large and diverse cohorts to model complex diseases.
Not only did I provide guidelines for optimized preprocessing and assay-integration, but I also
introduced several new potential biomarkers of ovarian cancer. This framework establishes the
statistical and technical basis required for downstream integration with genetic data.

In my third chapter, I pinpoint some key challenges behind integrating genetic variants with
disease-relevant cell types and genes. Briefly, I benchmarked methods that integrate GWAS sum-
mary statistics with scRNA-seq data to identify the cell types that best represent causal disease
pathology, as well as the SNP-gene linking methods on which these approaches rely heavily. I

show that the use of scRNA-seq atlases that only consider healthy tissue can lead to misleading
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results, further demonstrating the importance of considering the proper cell type for physiological
interpretation of SNPs. Similarly, I show the high variability of SNP-gene linking approaches for
non-coding SNPs and how this variability can severely change what biological mechanisms and drug
targets are predicted. Given this need, I focus the remainder of my thesis on using specific tran-
scriptomics data to improve our ability to link noncoding SNPs to druggable targets/mechanisms
likely relevant to the disease.

In Chapter 4, I develop several algorithms to optimize 1) linking noncoding SNPs to tran-
scriptional units (e.g. enhancers/genes), and 2) mapping active transcriptional networks under a
given condition. Briefly, I introduced LIET-EMG, based largely on the original foundation model
from my colleague Dr. Jacob Stanley, to probabilistically assign SNPs to a given enhancer [232].
Next, I provided a new counting algorithm (Mu-counts) and pipeline that addresses overlapping
transcription while maximizing signal from lowly expressed enhancers. Finally, I introduce TFEA-
LE to improve our abilities to assign TFs to the enhancers they regulate in a given treatment.
These efforts improved how SNPs might be assigned to druggable targets such as enhancers, genes,
and transcription factors.

Finally, my thesis culminates with showcasing how my algorithms enable identification of
novel biological mechanisms of lung disease by integrating genomics with transcriptomics (Chapter
5). My improvements first allowed me to clarify shared biological mechanisms of response across
environmental perturbations in different lung cell types previously unestablished. I then combined
publicly available databases with our own nascent sequencing data to filter and assign COPD and
Asthma associated SNPs to predicted functional mechanisms and biological pathways. From these
efforts, my collaborators were able to experimentally validate key biological pathways or super
enhancer regulation relevant to lung disease.

Collectively, this thesis advances the frameworks by which integrating genomics with tran-
scriptomics can clarify disease mechanisms and support translational discovery in complex human

diseases.
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6.2 Future Work

This work also provides several clear avenues for future research that can continue to
strengthen the open-source abilities to identify disease mechanisms. I provide three brief example

areas below.

6.2.1 Combining single-cell with bulk approaches for network prediction

Nascent RNA sequencing is largely optimal for transcriptional regulatory network prediction
due to its ability to accurately quantify regulatory element activity from transcription. However,
the chemistry behind nascent RNA sequencing combined with the low nascent RNA content in
cells has limited the approach to bulk sequencing. Attempts for single-cell nascent approaches have
shown extremely sparse data that would make enhancer-based studies infeasible [I54]. Instead,
as noted in Chapter 2, 5-scRNA-seq might provide a more feasible alternative, showing a decent
capture of enhancer transcription compared to classic scRNA-seq approaches [163]. Future efforts
could compare regulatory networks predicted based on scATAC-seq, 5-scRNA-seq, and bulk PRO-
seq. We could evaluate how much loss we see of enhancer identification across approaches, and
compare network prediction from deconvoluted PRO-seq and single cell alternatives. Most of my
work focused on using perturbation data for network prediction so it would also be interesting to
integrate Bayesian (or other statistical) priors of networks predicted in PRO-seq into methods for

predicting networks from single-cell data.

6.2.2 Improved large-scale enhancer characterization

I introduce a novel way of fine-mapping SNPs to functional units, particularly enhancers,
using a probabilistic coordinate space of enhancer RNAs using the LIET model. This can currently
be done at a per-experiment level, as done in Chapter 4, but we can extend this to a universal dataset
based on the predicted enhancer lengths across the full 3,000+ nascent sequencing samples in

DBNascent [223]. This work could also consider whether lengths of enhancers seem to systematically
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change based on perturbation. Previous work had used these same sequencing data to predict
enhancer-gene linkages across cell types [223]. A similar effort can be made but with my optimal
counting methodologies outlined in Chapter 4. The accuracy of enhancer-SNP-gene linkages can

then be validated with eQTL and perturb-seq data.

6.2.3 Novel database and resource for functional prioritization of disease pathways

Finally, my above efforts could be combined into a single, shared resource to optimize target
and disease pathway discovery. Unsurprisingly, some of the most successful insights into physiologi-
cally come from combining multiple sources of evidence, but accessing and modeling these data can
become overwhelming. First, we could develop a relational database based on SNPs, enhancers,
genes and their linkages. For example, a SNP-focused table could contain predicted disease or gene-
linkages from genome wide association studies as well as the enhancers it is predicted to fall within.
Enhancers would have their linked genes under given cell types/conditions, whether or not they
have been assigned to a given TF based on the leading edge approach, and conditions/cell types
under which they are active. Finally, genes would have similar activity metrics across conditions/-
cell types. This database could be integrated into a web-server similar to the FUMA (Functional
Mapping and Annotation of Genome-Wide Association Studies) web-server evaluated in Chapter 3,
that allows users to rank functional units of study (e.g. SNPs, enhancer, transcriptional networks)
for downstream validation based on criteria like disease, condition, confidence of measurements, etc
[263, 264]. The value of this general capability has already been shown in Chapter 5, but is not
yet widely available and easily reproducible. Taken together, a full resource could become essen-
tial for exploring and understanding the relevant transcriptional regulatory networks for disease to

optimize downstream drug target prediction and functional validation.
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heterogeneity for predictive modeling in cancer

Al Supplemental Results

Al1l Harmonizing Counts between RN A-seq and Nanostring
A.1.1.1 Genes Considered in Harmonization

The NanoString platform uses probes considering a specific sequence subset of a gene’s exons.
This means that a NanoString count can apply to multiple isoforms of the gene. NanoString
provides the RefSeq isoform to which a given probe is meant to capture so we first tried to link said
isoforms to the most current RefSeq annotations. Of the 770 genes in the NanoString panel, 31 had
exact NanoString naming matches to RefSeq, while 723 had isoform names matching except for the
version number (e.g. A2M NM_000014.4 in Nanostring is NM_000014.6 in the current RefSeq). The
remaining 16 isoforms are not currently annotated in the most recent RefSeq version and therefore
we instead linked the NanoString probe based on where it mapped in the genome (details in
Methods). Three of these probes aligned to genes no longer existing in RefSeq (CD45RA, CD45RB,
and CD45R0) but instead had to be manually linked to different isoforms of the same gene:
textitPTPRC. Every one of the 770 probes mapped to the genome clearly only once, supporting
NanoString’s claim that NanoString is specific and accurate.

We attempted two methods for harmonizing counts: isoform-focused and exon-focused.

NanoString annotation files provide the Refseq or ENSEMBL isoform of the gene used. There-
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fore, we first retrieved coordinates of gene isoforms matching to the names (Figure ) Probe
sequences are about 100bp long and therefore best correspond to an exon rather than a complete
isoform (i.e. collection of exons). Therefore, we also mapped probe sequences to individual exons
for counting that might better match with NanoString counts. 765 probes successfully mapped to

exons (details in Methods).

A.1.1.2 Normalization

Both NanoString and RNA-seq then rely on normalization to mitigate bias from a sam-
ple simply having higher general transcription levels, or sequencing/measuring biases of machines.
NanoString uses relatively standardized normalization approaches, relying on positive and nega-
tive control probes along with pre-specified housekeeping genes to calculate normalization factors.
Conversely, RNA-seq normalization approaches are widespread and often rely entirely on external
factors (the length of regions being counted and the number of sequences/reads mapping to the
regions being considered) rather than specifically calibrated internal controls. Due to the high vari-
ability of normalization approaches for RNA-seq and the fact that some data is only available with
already normalized counts, we considered three normalization methods: Median-Ratio from DE-
Seq2 (MR), Reads Per Kilobase of transcript per Million mapped reads (RPKM), and Transcripts

per Million (TPM) (details in Methods, Supplemental Figure [A.5C) [100].

A.1.1.3 Isoform-based Counts allow improved harmonization

Some biological explanation of isoform-counts being better regardless of limits of detection
can be found by the fact that genes showing better harmonization with isoform-based counts tend
to have longer probe-matching exons; therefore an exon is less comparable to the length of the probe
(Supplemental Figure . We observed no clear feature differences for exon-improved counts nor
between genes with improved harmonization from length-based vs non-length-based normalization
(Supplemental Figure . Ultimately, isoform-based counts with length-based normalization,

allowed more similar low-dimensional spaces of samples in NanoString and RNA-seq, regardless
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of removing genes below limits of detection (Supplemental Figure . Therefore, isoform-based
counts seem to better harmonize with NanoString, likely by maintaining enough counts to overcome
sampling and length-based biases.

When considering highest-expressed isoforms vs NanoString-based isoforms, all cases with
changed log2FC (outliers labeled in Figure ) were explained by expression levels changing
between values already below our limits of detection and zero (details in Supplemental Results).
Removing these cases led to R? values of 0.99 and below 1% of sample-gene combinations with
different isoforms having changes in log2FC exceeding 1 and below 0.05% changing in sign. Of
these, 1% problem cases, 60%-88% were explained by at least one of teh transcription cases again

being below the limit of detection.

A.1.2 Poor correlation for select samples in Matched Dataset

We wanted to make sure that poor or high correlation between NanoString and RNAseq of
a gene was not being driven by a single outlier. Therefore, we recalculated spearman correlation
coefficients after removing the top (maximum 2) samples with greatest distance from the line of
best fit. Some genes significantly increased in correlation when only removing one sample (from
spearman coefficients of 0.5 to greater than 0.85), regardless of harmonization approach. When
looking into these genes, we saw that the outlier sample in each case was well within the range
of expression (therefore not simply caused due to having expression levels not considered by other
samples) and was almost always one of two samples: P_09 and P_18. We then checked if these
sample outliers were explained by poor QC. Both samples, however, had uniquely mapped read
numbers comparable to that of the other samples (31.6M for P_09 and 30.3M for P_18) and did not
show any clear differences in mapping, sequencing, or trimming compared to the other samples.
These disrepancies could be caused by multiple factors. First, mutations in the patient might allow
specific genes to be poorly mapped to the probe. Additionally, it is possible that exact samples of
the FFPE tissue blocks used for sequencing and NanoString were different enough to cause these

disrepancies. Because we wanted to have strict consideration for whether a gene had poor or strong



167

correlation, without bias from one specific sample, we removed these two samples for final coefficient
calculations. For final results, we used the number of genes with correlation trends (good, poor,
mid, mixture) across methodologies before filtering. After removing the samples, the number of
genes with good correlation across all increased (345 to 390) and poor correlation decreased (116 to
78). We saw limited changes to distributions of spearman correlations (average increase of 0.04 and
0.002 increase in median spearman correlation for across and within patients, respectively). When
determining characteristics of genes with improved correlation, we did not include the outliers to
ensure we had clean comparisons. Importantly, we performed all RN Aseq-vs-NanoString analyses
with and without the samples, with no changes to trends. The genes with the largest impacts from
outliers include: textitBLM/IRF2/RELA, and G6PD/HLA-F changed correlations of 0.5 — 0.6 to
> 0.85 when removing P_09 or P_18, respectively; FUTY, textitUBAT, textitIFI35, textitCLEC4E
saw vast improvements when removing P_09 and P_18.

Full comparisons of with and without the outlier samples can be found at Evaluate_Harmonization.ipynb.

A.1.3 Relevance of Harmonization in single-assay predictive modeling

We wanted to assess if our harmonization insights have improved upon the interpretation of
the top 20 predictable genes based on several different modeling approaches (AUROCs < 0.6) for
the same NanoString data/cite lucy paper|. When training a model using only these 20 genes, we
achieved comparable performance to our original model (T/V AUROC=0.84, hold-out=0.78), but
wit as almost entirely reliant on two genes: CD274 and MTOR (Supplemental Figure and
C). CD274 (protein PD-L1) was also among the top 25 predictive frequencies in both our RNA-seq
and NanoString analyses. All genes with independent predictive power (measured by AUROC of
Tr/V and hold-out above 0.55) showed expression levels above the limits of detection (CD27/,
PDCD1, MTOR, IL11RA, and RAD51), with 7/20 genes showing median expression levels below
the limit in most experiments (Supplemental Figure and D). Therefore, our harmonization

approaches clearly allow improved insight both for feature filtering and model interpretation.
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A.14 Evaluation of Predictive Models for PFS
A.1.4.1 Feature Relevance

To help clarify if some features captured redundant signals, we assessed how well each model
performed when removing each individual gene, a leave one feature out strategy. For the combined
(NanoString+RNA-seq) model, removal of most genes independently led to small (< 0.05) changes
to AUROCSs of the hold-out patients, with the most severe changes coming from removing FGR1
(decrease > 0.1), CTSS (increase 0.1), JAK2, and ENO1 (both decrease around 0.05) (Supple-
mental Figure Top). When used as the only gene in the model, most of the model genes had
AUROC S only slightly above 0.5, with C'D40 having the strongest predictive power (hold-out AU-
ROC 0.81) and JAK2, ENO1, RRM2, and IDO1 following as still having AUROCs clearly above
0.5 for both the full validation/training set and hold-out set (Supplemental Figure Bottom).
For the RNA-seq model, removal of ESYT3 and CLK2 showed no change in model performance,
indicating clearly redundant signals from these and other genes in the model. However, remov-
ing either CDKL2 or GBP/ caused sharp declines (;0.15) in AUROCS in the hold-out set, while
DDX11, HCN3, GPR173, and AMOTL2 showed only a slight decline (;0.05) (Supplemental Figure
A.22). These findings further support that these six genes contain non-redundant information in
the model. Conversely, removing SHROOM1 caused a decrease in training/validation AUROC but
an increase in the hold-out AUROC, suggesting that the gene’s patterns might be more population-
specific or the coefficient is prone to overfitting (Supplemental Figure. Indeed, we were unable

to find clear literature support for the SHROOM1’s relevance in ovarian cancer.

A.1.4.2 Model confidence reflects biology

We then confirmed that the model confidence (logistic probability) matched that expected
given our data. The combined model clearly favored one of the classifications (probabilities < 0.4
or > 0.6) for 100 of the 140 patients and low confidence classifications (near the decision boundary,

i.e. £0.1 of 0.5) were enriched in samples with PFS closer to the cutoff of 12 months (Supplemental
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Figure|A.15)). As with the combined model, the vast majority of cases (84%) were high confidence
(predicted probabilities from the model were outside 0.4-0.6) and lower confidence predictions

(probabilities of 0.5 £ 0.1) were enriched in patients with PF'S values close to the cutoff (12 mths)

(Supplemental Figure [A.14)).

A.1.4.3 Models perform better than random chance after feature filtering

Since we have a feature filtering approach before modeling, we wanted to estimate 1) if
we might be missing key genes with predictive power in the model, and 2) what a fair "random
guess” baseline might be to compare for our model given we already limit features. To do this, we
trained 1000 models on randomly selected sets of two genes and recorded the AUROCs on both
the full training/validation set and hold-out set. For the NanoString+RNA-seq models, Median
AUROCGs from these random combinations were well below what our final model reached: 0.6
for training/validation and 0.5 for hold-out (Supplemental Figure ) There were a total of
17/1000 gene sets where the training/validation set had AUROC above 0.6 (max of 0.71) and the
hold-out set above 0.8, with two of the cases including one of our final model genes: CD40. For
the RNA-seq only model of PFS, we again found that the AUROCSs values were significantly higher
than AUROCSs acheived across 1000 models using random sets of 2 genes (median AUC 0.45 Tr/V
and 0.5 Hold out) (Supplemental Figure ) Only ten of the 1000 models had AUROCs above
0.8 (max 0.92)in one of the datasets (Tr/V or Hold-out) and above 0.7 (max 0.75) in the other, with
HCNS3 being in one of the models. There was some stochasticity to this process, but the general

results were observed regardless of seed used.

A.1.5 Guanylate-binding genes

While GBP4 showed the most consistent and strongest trends and the highest AUROCs
when considering different GBP genes in the full model, other guanylate-binding genes still show
comparable if not greater predictive power individually (Supplemental Figure |A.23). GBP3//

showed consistent trends across all tested assays but GBP3 was not included in the NanoString
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panel (Supplemental Figure ). Similarly, when considering the 4 HGSOC non-longitudinal
micorarray datasets, GBP4/5 showed consistently significant results across 2 cohorts while GBP1/2

showed in only one, and GBP3/7 in none (Supplemental Table 5).
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A.2 Supplemental Methods

A.2.1 Longitudinal Cohort Information

Datasets were named based on the first or last authors of the papers from which the dataset
was collected and as noted in the Data Availability Statement. All source and clinical information

for patients are available in Supplemental Table 1.

A.2.2 Nanostring Analysis

Nanostring counts were achieved by using nSolver Analysis Software version 4.0.70 on MacOS.
Lanes were flagged when 0.5fM positive control < 2 standard deviations above the mean from
negative controls. Background thresholding was done according to the geometric mean of negative
control counts. Positive control normalization was done using the geometric mean with lanes flagged
if normalization factors were outside the 0.3-3 range. Reference/housekeeping normalization was
done using the geometric mean with lanes flagged if normalization factors were outside the 0.1-10
range. No samples/lanes were flagged. RLF files from nCounter PanCancer 10 360 panel were used

with platform and annotation information available on GEO using GEO accession GPL27956.

A.2.3 RNA-seq Analysis

Reads were mapped to the hg38 genome where NCBI RefSeq annotations were used (hg38
release GCF 000001405.40-RS 2023 03) for all analyses except comparison with scRNA-seq in
which case GENCODE v25 annotation was used to match what was used for the scRNA-seq.
Bams were created by using the RNAseq-Flow nextflow pipeline at https://github.com/Dowell-
Lab/RNAseq-Flow under commit 97¢703b using the options —genome_id 'hg38’, -profile slurm, and
—forwardStranded. Versions hisat2/2.1.0, fastqc/0.11.8, and bbmap/38.05 were used. Bbduk was
used to trim fastqs which were then checked via fastqc. Hisat2 was used to map to hg38. Counting
was done using featureCounts using subread v1.6.2. If using DESeq2 median-ratio normalization,

RNA-seq counts were normalized using size factors from according to 191 housekeeping genes (full
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list found at 05_Get_Final Counts.ipynb). Annotated genes not captured by Nanostring probes
were counted as all exons corresponding to the gene (no single isoform), or the isoform most highly
expressed in the experiment.

For the matched RNA-seq and NanoString dataset, RNA-seq counts were filtered so that
genes not also considered in Nanostring were only kept if the median TPM value across all 24

samples was above 1 (leaving 17,976 genes).

A.2.4 Harmonizing Counts

The code needed to replicate these analyses are found in https://github.com/Hope2925 /NanoString-
RNAseq-HGSOC/RNA-Nano-Matched. We first tried to link the NanoString probes to the isoform
most similarly representing them by 1) using the isoform annotated by the NanoString company
for the probe, or 2) considering the longest isoform that uses the exon(s) to which the probe
maps (Isoform Counting). We also counted just over the exon(s) to which the probe mapped
for a gene (Exon Counting), hypothesizing that this may allow for cleaner harmonization in the
event of changing isoform usage (Supplemental Figure ) We next considered three different
normalization approaches for RNA-seq: Median-Ratio from DESeq2 (MR), Reads Per Kilobase
of transcript per Million mapped reads (RPKM), and Transcripts per Million (TPM) (details in

Methods, Supplemental Figure [A.5C) [100]. Further details are below.

A.24.1 Probe Mapping

To account for probes extending across multiple exons, the probe sequences for the 770 Nanos-
tring genes were mapped to hg38 using HISAT2. These sequences were also blasted (https://blast.ncbi.nlm.nih.gov/

against the database Refseq genome RS_2023_03 using highly similar sequence algorithm (megablast).

A.2.4.2 Exon matching

HISAT?2 mappings of probe sequences were overlapped with hg38 exons (RefSeq hg38 release

GCF 000001405.40-RS 2023 03). If a probe sequence was completely within an exon, those exon co-


https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-Nano-Matched/
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-Nano-Matched/
https://blast.ncbi.nlm.nih.gov/
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ordinates were used. Otherwise, all exons with the probe overlapping were considered. Probes that
mapped to multiple genes (6 total probes) due to overlapping exons were linked to the coordinates
of the exon(s) for the same gene as Nanostring. A subset of PTPRC exons simultaneously mapped
to the probes for CD45RB, CD45R0O, CD45RA, and PTPRC. Only the PTPRC probe was kept
to avoid the same exons being considered across multiple probes, and because the PTPRC probe
covered all the exons. A GTF file was produced to assign multiple exon coordinates to a single

probe for counting. The full code and results for this can be found in subfolder Preprocessing

A.2.4.3 Matching Isoforms between RN A-seq and Nanostring

To identify isoforms best matching to NanoString probes, we first saw if the RefSeq isoforms
NanoString offered as annotation of the probes could be linked to the most recent RefSeq hg38
annotations that we mapped RNA-seq reads to. CD45RA, CD45RB, CD45R0O, and PTPRC in
the Nanostring samples map to different exons of PTPRC, with no clear isoform matching up
(CD45RA and CD45B and CD45RO no longer exist in the most recent annotation). For sake of
completion, Nanostring probes for PTPRC, CD45RA, CD45RB, and CD45R0O were assigned to iso-
forms that used the exon in which the probe mapped most exclusively: NM_080921.4, NM_002838.5,
XM_047426398.1, and XM_006711472.5 of PTPRC, respectively. The full list of isoforms linked to
probes based on HISAT and BLAST results can be found at 05_Get_Final Counts.ipynbl. All probes,
if successfully mapping to the genome, only mapped once. LILRA3 has the Nanostring isoform of
NM_001172654.2 which maps to an alternative reference assembly due to large differences to pri-
mary reference chromosome sequences (chr19 ALT_REF_LOCI.9), (both according to the isoform
name and BLAST). Therefore the gene was not easily integrated into RN A-seq analysis and showed

0 counts across all RNA-seq datasets.

A.2.4.4 Determining similarity between RN A-seq and NanoString

Spearman correlation coefficients were calculated to capture how NanoString expression com-

pared to RNA-seq expression. We considered correlation of gene expression across patients (1 coef-


https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-Nano-Matched/Preprocessing/
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-Nano-Matched/Preprocessing/05_Get_Final_Counts.ipynb
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ficient calculated for each gene) or within patients (1 coefficient calculated for each patient). These
calculations were done for NanoString expression compared to each of the six approaches described
in the RNA-seq Analysis section individually for RNA-seq based isoforms and NanoString-based
isoforms (12 total comparisons). A gene was considered to have poor correlation if it had a spear-
man correlation coefficient across patients < 0.65 and high correlation if > 0.8. Notes on two outlier
samples can be found in Supplementary Info, but had little impact on final trends.

A gene was considered to be better captured by Isoform- or Exon-based counts if the spearman
correlation changed by at least 0.1 across at least two of the three normalization approaches. A
gene was considered to be better captured by a normalization approach if there was a change of at
least 0.1 across both Exon- and Isoform-based counts.

For evaluation of correlation and similarity of expression after considering low expression
and range genes, we did the following. Genes that had ranges below the limits of detection were
removed. Expression levels below the limit of detection were replaced with NA (therefore not
included in analyses) and genes with NA values in 10 or more patients (out of 24) were removed.
This led to about 635-700 genes kept when using strict cutoffs and 702-730 genes kept when using
loose limits of detection.

RV coefficients were used to assess how similar the relationships were between samples in
low-dimensional space without directly integrating RNA-seq with NanoString. We calculated them
using FactoMineR::coeffRV and only considering genes with no samples having expression levels
below the limits of detection. We then compared how samples mapped in low dimensional space (us-
ing PCA R function prcomp) when combined, with different approaches of scaling. In all cases, we
used z-score scaling. We only changed scaling for the NanoString and RN A-seq samples, seperately,
before performing gene-based scaling in the full (NanoString and RNA-seq) data-set as is the usual
action for PCA. We either did not scale, scaled per-patient, or scaled per-gene separately before com-
bination. The analysis for scaling comparisons are found in Evaluate_Harmonization_Post.ipynb.

We also investigated whether normalization approaches led to biases, but very few genes

saw systematic improvements to correlation due to normalization: 9 genes better with length-


https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-Nano-Matched/Final_Comparison/Evaluate_Harmonization_Post.ipynb
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based methods (RPKM and TPM) compared to MR, 5 genes better with MR than length-based

methods, 5 genes better in RPKM compared to both MR and TPM.

A.2.4.5 Estimating limits of detection for RN A-seq and NanoString

First, to bin genes generally according to low expression or range, we split genes according to
10 quantiles of expression and range (highest-lowest expression) for each of the six harmonization
approaches. If considering all six harmonization approaches at once, each measurement would
serve as a gene-harmonization approach pair rather than simply a gene. To estimate limits of
detection, we first plotted NanoString expression and RNA-seq expression (separately for each of
the six harmonization approaches), with each gene colored by the spearman correlation coefficient.
We observed the worse correlation appeared close to low expression levels for both NanoString
and RNAseq, mostly below where the largest mass of genes clearly began to cluster around a line-
of-best fit. We first estimated loose cutoffs, where the NanoString (or RNA-seq) expression level
reached the first point of the large cluster of genes. Strict cutoffs were determined by similar logic
except where the first point of the large cluster of genes that also contain Spearman correlation
coefficients clearly above 0.65. Without technical replicates, these limits were estimated largely by
visual clustering and are not expected to be used as official limits of detection. The final estimated
limits of detection for harmonization can be found in Supplemental Table 2. The code for this

analysis is found in |[Evaluate_Harmonization.ipynb.

A.2.5 Predictive Modeling of PFS and NanoString/RNAseq

The code and results for this section, and an outline of the number of samples in each

prediction category and cohorts are found under RNA-PrePost/Modeling/.

A.2.5.1 Feature Selection

Due to our relatively small sample sizes, including the full feature list of a minimum shared

770 or all expressed 18,000+ genes would likely cause overfitting. Therefore, we performed an initial


https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-Nano-Matched/Final_Comparison/Evaluate_Harmonization.ipynb
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-PrePost/Modeling
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feature selection to confine the feature space considered by a model to a maximum of 25 genes, as is
often done in high-dimensional datasets [I89, 276]. First, we performed analyses with and without
filtering of genes with median log2FCs < 0.5 to optionally focus on genes with clearer changes in
expression. When considering the full RefSeq annotated genes, we removed any genes where the
median expression was below 0.4 RPKM (right below strict limit of detection) in both classifications:
patients with PFS < 12mths and > 12mths. This would ensure we are not removing genes that
have large changes in expression (e.g. from no expression to high expression) but instead only genes
with expression levels difficult to ascertain consistently. This led to gene numbers declining from
18,035 genes to 12,974, and keeping 652 NanoString genes.

For choosing the genes considered in model validation from the bootstrapping approach, the
10-40 genes with the highest predictive frequencies excluding that of a chosen threshold after 390
bootstrapped samples (cumulative proportions remained stable after around 200 samples). The
threshold was chosen based on a clear visual clustering of genes that was consistently obvious as
shown in these jupyter notebooks RNA-PrePost/Modeling/02_NanoRNAseq_Btsp.ipynb and RNA-
PrePost/Modeling /03_RNAseqFull_BtspCons.ipynb.

Scaling of features showed little to no difference in results. Therefore, we reported coefficients

without scaling for more immediately interpretable results.

A.2.5.2 Assessing Model performance

Since we performed some initial feature selection, we wanted to ensure that the random base-
line from which to compare model performance was indeed still about 0.5. Therefore, we randomly
selected two genes from the genes that had log2FC above 0.5 1000 different times and evaluated
model performance using each of these subsets. We recorded AUROCS on the full training/valida-
tion set and hold-out set to evaluate the AUROCS for each of these when using random subsets of
genes.

We also calculated sensitivity and precision. We did this either using the whole dataset, or

after splitting patients based on whether or not the probability from the model was greater than


https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-PrePost/Modeling/02_NanoRNAseq_Btsp.ipynb
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-PrePost/Modeling/03_RNAseqFull_BtspCons.ipynb
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-PrePost/Modeling/03_RNAseqFull_BtspCons.ipynb
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0.1 distance from 0.5. Briefly, low-confidence patients had probabilities from the model of 0.4-0.6
(model is almost randomly guessing) while high-confidence patients had probabilities either below
0.4 or above 0.6.

We also assessed how much each feature of the final model was contributing to the model
(e.g. if there were features capturing redundant signal). To do so, we reperformed training, and
recalculated AUROC on the training/validation and hold-out sets when removing the single gene
from the model. Similarly, we evaluated the predictive power of each feature individually by

reperforming training and evaluation using only the single gene in the model.

A.2.6 Non-longitudinal Microarray

Code and results for this analysis can be found at RNA-scRNA-Microarray /SC_Micro/03_Format_Microarray.
Expression data was downloaded from GEO numbers GSE32062 (Yoshishara)[281], GSE26712

(Bonome)[17], GSE13876 (Crijns)[46], and GSE18521 (Mok)[162]. Metadata was downloaded from

Precog (https://precog.stanford.edu/) [16}, [71].
Univariate Cox regression was performed on each of the four Microarray cohorts and gene-

probes, using both a categorical variable (low vs high expression) or treating the expression as a

numerical variable. For categorical Cox regression and Kaplan-Meier curves, we split the patients

within each cohort based on the median expression. In both cases we used ‘coxph()* for the regres-

sion and ‘survfit()’ for the Kaplain-Meier curves from survminer v0.5.1, survival v3.8-3, survMisc

v0.5.6, and KMsurv v0.1-6. All model genes assessed for survival regression were considered by

probes in at least two of the microarray datasets.

A.2.7 scRNA-seq

Code and results for this analysis can be found at RNA-scRNA-Microarray/SC_Micro/.
scRNA-seq data was pseudobulked (at the count level) for samples as well as sample/cell clus-
ter levels based on the previous annotations from Zhang et al[290] using SingleCellExperiment

v1.26.0 and muscat v1.18.0 in R. There were 11 patients with SC data, 5 which had paired bulk


https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-scRNA-Microarray/SC_Micro/03_Format_Microarray_KM_curves.ipynb
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-scRNA-Microarray/SC_Micro/
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data as well. There are 13 total samples originating from the same patient and tissue with both
sequencing from scRNA-seq and bulk RNA-seq. Pseudobulked counts were then normalized using
counts per million (CPM) or DESeq2 v1.44.0 (MR) to ensure results were not dirven by nor-
malization approaches. Due to the high sparsity of scRNA-seq data, log2FC was calculated as
log2((Post_Norm+1)/(Pre_ZNorm+1)). A total of 18,921 genes had non-zero counts in both scRNA-

seq and bulk RNA-seq paired samples.

A.2.8 Gene-Network Analyses
A.2.8.1 hdWGCNA

Before running hdWGCNA v0.04.09, a Seurat object v5.3.0 and Seurat v5.4.0 for the 11
patients was normalized (NormalizeData()), the top 3000 variable features were found (FindVari-
ableFeatures), and the expression was scaled (ScaleData()) with variables “nCount RNA” and
“percent.mt” regressed out using option vars.to.regress. PCA was then run using RunPCA (seurat,
npcs = 50). To maintain reasonable N, we did not include Endothelial cells (only 79 cells), com-
bined all epithelial cancer cells (EOC) into one group (new N of 8,806), combined dendritic cells
(pDC, DC-1, DC-2) into “Myeloid_APC” (new N of 1,297), and combined NK cells (N=1,744) with
ILC cells (N=288) into “Innate_Lymphoid” or “NK_ILC.” Harmony v1.2.4 was then run using the
first 30 PCs of PCA and group.by.vars of “sample” and “patient_id”. Metacells were then built
within each treatment phase (Pre or Post NACT) and cell type (with the following changes above).
Briefly, genes expressed in at least 4% of cells were considered and then MetacellsByGroups() was
run with groupings being based on the cell types and patients with minimums of 50 cells needed.
Several cell types lost patient representation due to not having enough cells, with the exact lost
patients noted in the jupyter notebook below. Topological Matrices (TOMs) were calculated based
on TestSoftPowers() using a signed network and ConstructNetwork() with default parameters.
Briefly, the TOM similarity scores measure the relative interconnectedness of two nodes (genes)

by comparing their shared neighbors and direct expression correlations across samples, thereby
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being more robust to noise than correlation alone[I28]. Code for this analysis can be found at

RNA-scRNA-Microarray /Network /04_ hdWGCNA _Networks.ipynb.

A.2.8.2 WGCNA

Variance stabilization transformation from DESeq2 v1.44.0 was used to get normalized counts
for all available bulk raw RNA-seq data for pre or post-NACT conditions (N=80 or N=83). Code for
this step can be found in RNA-scRNA-Microarray /Network /04 hdWGCNA Networks.ipynb These
data were then used to run pre/post NACT specific network analyses with WGCNA (v1.73) to
create signed TOMs, with genes being split into two TOMs to avoid memory surges. This split is
determined internally by WGCNA to keep similarly networked genes together. Code for this step
can be found at RNA-scRNA-Microarray/Network/05-WGCNA _Networks.R

Two different approaches were used to identify GBP/ gene networks specific to a certain
timing (shared, Pre, Post). Both approaches led to the same findings described in results. First,
genes that had TOM similarities above 0.1 in only one timing were considered timing-specific, and
those above 0.1 in both were considered shared. Since Pre networks tended to have overall higher
connectivities, we then classified genes to more specifically consider this potential bias based on both
scores and differences in scores. Genes shared between Pre and Post NACT networks had TOM
similarity scores above 0.11 in both Pre and Post, and differences j 0.02. Genes only found in Pre
networks had score differences above 0.08 or the gene was not considered in the Post TOM despite
having a connectivity with GBP4 above 0.12 in Pre. Genes only found in Pre networks had score
differences above 0.03 or the gene was not considered in the Pre TOM despite having a connectivity
with GBP/4 above 0.11 in Post. Gene enrichment analysis was done with clusterProfiler::enrichGO
where the universe of genes considered was the 23,557 genes reaching the required expression levels
for the TOM in either pre- or post-NACT conditions. Code for this analysis can be found at

RNA-scRNA-Microarray/Network /07_GBP4_Networks.ipynb


https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-scRNA-Microarray/Network/04_hdWGCNA_Networks.ipynb
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-scRNA-Microarray/Network/04_hdWGCNA_Networks.ipynb
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-scRNA-Microarray/Network/05_WGCNA_Networks.R
https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-scRNA-Microarray/Network/07_GBP4_Networks.ipynb
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A.2.8.3 Comparing

For each gene, the spearman correlation of TOM similarity scores were calculated between
bulk and cell-type networks at Pre and Post conditions. Only unfiltered genes in both cases were

considered. Code for this analysis can be found at . RNA-scRNA-Microarray/Network/06_Network_Compare.R


https://github.com/Hope2925/NanoString-RNAseq-HGSOC/tree/main/RNA-scRNA-Microarray/Network/06_Network_Compare.R

181

A.3 Supplemental Figures
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Figure A.1: Microarray shows a limited dynamic range with gene-scaling required for
somewhat comparable levels A. Violin and box plots of normalized expression levels (log2
with pseudocount) of 731 genes shared across all assays and cohorts (RNA-seq normalization was
RPKM). Black diamonds indicate means. B. PCA from pre-NACT expression alone of all cohort-
s/assays when scaling per gene before combining assays. C. PCA from Post-Pre NACT log2FC of
all cohorts/assays when scaling per gene before combining assays.
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Figure A.2: Poor correlation between matched pseudobulked scRNA-seq and bulk
RNA-seq is not explained by low expression genes A. Genes with low spearman corre-
lation across matched pseudobulked scRNA-seq and bulk RNA-seq samples (N=13) (blue) are well
spread across transcription levels predicted by both scRNA-seq and Bulk RNA-seq (x and y-axes).
B. Genes with poor correlation () have higher expression levels on average than those with high
correlation (N=). C. Genes with below 0 spearman correlation (N=) have loower transcription
than those with high correlation (N). *** indicates p-value from Mann-Whitney test below 0.001.
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Figure A.3: Genes predictive of NanoString vs RN A-seq show consistent trends regard-
less of experiments Heatmap of final genes used as features in the model predicting NanoString
from RNA-seq samples based on log2FC. Genes are ranked based on direction and effect strength
(coefficient size) in the model calling NanoString. Bolded genes have the same trends across all
experiments (NanoString vs RNAseq). Median Log2FC for each experiment are row-scaled with
min-max scaling to more clearly visualize trends.
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Figure A.4: Genes predictive of NanoString vs RNA-seq often shown high predictive
power in either RINA-seq or NanoString Scatter plot of the cumulative frequency of a gene
being within the top 100 predictive features across boostrapped samples (e.g. 1 means 100% of
bootstrapped samples had the gene within the top 100 predictive features) for NanoString (y-
axis) or RNA-seq (x-axis). Genes are then colored according to their cumulative frequency for
bootstrapped samples in predicting NanoString vs RNA-seq samples (Freq_Percent NR_All).
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Figure A.5: Several preprocessing approaches were tested to harmonize counts across
NanoString and RNA-seq A. Visualization of what NanoString vs RNA-seq might capture
based on a gene and its exons. NanoString will be confined to probe location while RNA-seq can
map anywhere. B. We mapped probes to the genome and then used that to match a NanoString
probe to either a given isoform (Isoform-Counting) or Exon(s) (Exon-Counting). C. Three RNA-
seq normalization approaches were considered: Transcripts per kilobase million (TPM), Reads per
kilobase million (RPKM), and DESeq2’s median of ratios (MR). Unlike TPM and RPKM, MR does
not account for gene length. TPM and MR attempt to allow direct comprison between samples.
All approaches consider library size. More details can be found in Methods.
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Figure A.6: RN A-seq and NanoString matched-samples are similar in low-dimensional
space after gene-based scaling A. PCA of RNA-seq and NanoString matched samples without
gene-based scaling. Patients are color coded and NanoString vs RNA-seq define most of the vari-
ance (PC1). NanoString and RNA-seq originally cleanly separate, with RNA-seq showing larger
inner-variability. B. When performing gene-based scaling (z-score scaling for each gene across pa-
tients), patients are instead close together. C. When graphing the euclidean distance of a sample
(NanoString or RNA-seq) to it’s nearest other sample of the opposite assay (y-axis), most samples
were closest to the sample of the same patient (27) (on the line so y=x).
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Figure A.7: Genes with low expression or low ranges of expression explain most of the
poor correlation between NanoString and RNA-seq A. Violin/Box plots of spearman corre-
lation coefficients of genes between matched NanoString and RNA-seq split across four categories:
those with both low range of expression and expression (Low Exp & Range), just low expression
(Low Exp), just low range of expression (Low Range), or neither (None). Means are indicated by a
diamond. Non-parameteric Dunn’s test was used for post-hoc pairwise comparisons and bonferroni
adjusted p-values are indicated by ns > 0.05, ** < 0.01, *** < 0.001.
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Figure A.8: Non low expression features marking differences between RNA-seq and

NanoString log2FC are not consistent or improved by exon counts.

Heatmap of final

genes used as features in the model predicting NanoString from RNA-seq samples based on log2FC.
Genes are ranked based on direction and effect strength (coefficient size) in the model calling
NanoString. Bolded genes have the same trends across all experiments (NanoString vs RNAseq).
Median Log2FC for each experiment are row-scaled with min-max scaling to more clearly visualize
trends. Right shows heatmap of spearman correlation coefficients for the gene when comparing
matched RNA-seq and NanoString used either Exon-based or Isoform-based counting.
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Figure A.9: Genes where exon counts have better harmonization have higher expression
in exons than genes where isoform counts have better harmonization. Expression levels
(y-axis) for genes where exon-based counts show improved correlation between NanoString and
RNA-seq than isoform counts (pink) compared to genes where isoform-based counts are better
(grey). Exon-better genes have significantly higher expression in exons than isoform-better genes.
There is no clear difference in expression levels for isoform-based counts. Pairwise comparisons
were made using a Student’s t-test with p-values shown.
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Figure A.10: Genes with better harmonization from isoform counts tend to have longer
exons. Genes with better harmonization between NanoString and RNA-seq from Exon-based
counts (Exon Better - pink) or Isoform-based counts (Iso Better - grey) are compared for their
isoform length, number of exons for the isoform (Isoform Exon #), lengths of the exons used for
exon-based counting (Probe Exon(s) Length) and the number of exons to which the probe aligned
(Probe Exon #). Pairwise comparisons were made using a Student’s t-test with p-values shown.
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Figure A.11: There is no clear biological explanation for genes with higher harmoniza-
tion via a normalization approach Genes are split into whether non-length based normalization
(MR) allowed better harmonization between RNA-seq and NanoString (purple) or if length-based
normalization (TPM and RPKM) was better (grey). There is no consistent difference in Expression
levels (left) or other features (right) (length of isoforms or exons, number of exons to the isoform
or probes) between the two categories. Pairwise comparisons were made using a Student’s t-test
with p-values shown.
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Figure A.12: Isoform and length-based normalization allow better harmonization in low-
dimensional space between RN A-seq and NanoString. RV coefficients (y-axis) measure the
similarity of NanoString and RNA-seq in low-dimensional space when using the different harmo-
nization methods (x-axis), where a higher coefficient indicates more similarity. Original refers to

use of all 770 genes while loose and strict refer to when genes not passing the loose and strict limits
of detection are removed.
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Figure A.13: Use of RNAseqg-based isoforms has limited change on harmonization and
predictive comparison between NanoString and RNA-seq A. RNA-seq isoforms were cho-
sen as the isoform most strongly expressed in TPM compared to other isoforms for a given gene.
About 60% of isoforms changed from the original NanoString isoforms. Spearman correlations
of the genes that changed isoforms between NanoString and RNA-seq are plotted when using
NanoString-based isoforms (y-axis) and RNA-seq based isoforms (x-axis) cross 1l three normaliza-
tion approaches. The line of best fit along with r and R? values are indicated. B. Mean F-score of
genes across bootstraps when using RNA-seq isoforms (y-axis) or NanoString isoforms (x-axis) are
plotted with genes farther than 2 standard deviations from the fitted line highlighted.
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Figure A.14: Probabilities generated from the RNA-seq only model of PFS seem to
reflect confidence of calls. Patients were split into four categories based on whether the model
called them PFS< 12mths (1) with high confidence (probability above 0.6, High Conf 1) or not
(Low Conf 1), or PFS> 12mths (0) with high confidence (probability below 0.4, High Conf 0) or
not (Low Conf 0). The true PFS are plotted on the y-axis with a line indicating the 12mth mark.
Low confidence patients had PFS values closer to the cutoff of 12 and a higher ratio of mismatched
call to reality (MM) to matches (M).
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Figure A.15: Probabilities generated from the NanoString-RNAseq combined model
of PFS seem to reflect confidence of calls. Patients were split into four categories based on
whether the model called them PFS< 12mths (1) with high confidence (probability above 0.6, High
Conf 1) or not (Low Conf 1), or PFS> 12mths (0) with high confidence (probability below 0.4,
High Conf 0) or not (Low Conf 0). The true PFS are plotted on the y-axis with a line indicating
the 12mth mark. Low confidence patients had PFS values closer to the cutoff of 12 and a higher
ratio of mismatched call to reality (MM) to matches (M).
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Figure A.16: Models using random sets of genes cannot recapitulate the same AUROCSs
of our final models. Results from considering only the NanoString panel gene and combined
dataset are in A while the full RNA-seq genes and RNA-seq dataset is in B. 1000 models were
generated, each using random sets of 2 genes with median log2FC above 0.5 with AUROCSs recorded
for both the full training/validation set (All - purple) and hold out test set (Hold out - green).
AUROC:s generated from the final model from feature selection are shown as lines. For the combined
datasets, all cases where the Hold out AUROC above 0.8 had All AUROC below 0.7 except IL2RA
and CENPF (0.71 All and 0.82 AUROC). For the RNA-seq dataset, only 10 combinations had Hold
out AUROC > 0.8 and All AUROC > 0.7 with the highest combination being 0.92 HO / 0.75 All
when using genes GNB4 and CTSW.
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Figure A.17: There is some redundancy in features in the NanoString-RNAseq PFS
model and varying individual predictive power across genes. AUROCs of models including
either all but one of the genes (top) or only a single gene (bottom) for the full training/validation
set (All) or the Hold out set. A grey dotted line marks 0.5 AUROC (what is expected from random
guessing) and solid lines indicate the AUROCSs using the complete original model.
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Figure A.18: RRM2 is a largely essential gene for ovarian cancer cell lines. Scatterplot
of gene effects of RRM2 from DepMap across cancer cell lines from CRISPR (y-axis) or RNA-
interference (x-axis) where more negative values indicate more essential genes. DepMap suggested
cutoffs of essentiality include -2 for CRISPR (Chronos algorithm) and -1 for RNAi (DEMETER2
algorithm) which are highlighted. Cancer cell lines from HGSOC (purple) and gynecological cancers
(red) are highlighted.
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Figure A.19: Our harmonization approach informs about the top 20 ranked genes ac-
cording to several different models and the same NanoString data A) logl0(Median
expression) of genes across the mini-cohorts (experiments) where an X indicates the value is below
the predicted limit of detection, B) AUROC plot for LASSO model using genes in C, C) Coefficient
values for genes from the model, D) AUROC values for hold-out and training (All) set when each
gene is removed. Xs are placed by the genes with median expression levels below the limits of
detection and blue highlights indicate where AUROCsS of both training and hold out are above 0.6.
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Figure A.20: Despite low correlation between pseudobulk scRNA-seq and bulk RNA-
seq, several model genes show significant correlation with PFI in a cell-state dependent
manner A. Heatmap of Pearson correlation coefficients between Post/Pre NACT log2FC of genes
in the pseudobulked cell states and log(PFI41) of 11 patients. An * indicates a Pearson correlation
p-value below 0.05 and e below 0.1. B. Scatter plot of log2FC of gene in the noted cell type (x-axis)
and log(PFI+41) of patients (y-axis) with the R-squared values noted according to best-fit line and
dots colored by whether they have samples in Bulk (SC+Bulk) or just single-cell.
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Figure A.21: NanoString genes had high predictive power compared to most RNNA-seq
genes. Mean F-score of either genes only considered in RNA-seq (red) or in both NanoString
panel and RNA-seq (blue) across bootstraps when using RNA-seq isoforms. Genes below count
thresholds are not included. GBP4 and CD27j are NanoString panel genes that were consistently
found in the top 25 genes with the highest predictive frequency.
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Figure A.22: There is some redudancy in features in the RNAseq PFS model and varying
individual predictive power across genes. AUROCs of models including either all but one of
the genes (top) or only a single gene (bottom) for the full training/validation set (All) or the Hold
out set. A grey dotted line marks 0.5 AUROC (what is expected from random guessing) and solid
lines indicate the AUROCSs using the complete original model. Removal of ESYT3, GPR173, or
CLK2 had no impact on model performance despite having varying predictive power.
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Figure A.23: Any one of the GBP genes might explain the GBP relevance A. AUROC for
the RNA-seq based model to predict PFS category on RNA-seq data when considering the different
GBP genes in the dataset in the full model. B. AUROC when only using one of the GBP genes
on RNA-seq data to predict PFS category. C. Heatmap comparable to Figure 4A of difference in
median log2FC between patients with PFS ;12mth and < 12mth. e = p-value < 0.1, * < 0.05, ***
< 0.001 for t-test (non-parameteric Mann-Whitney shows comparable results).
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Figure A.24: Comparing GBP4 bulk expression within the context scRINA-seq A. Spear-
man correlation of TOM similarity scores (edges) between model genes and other genes in Pre-
NACT and Post-NACT conditions between bulk RNA-seq WGCNA and scRNA-seq hdWGCNA
for cell-types. Grey or missing genes indicates that a gene did not pass filters for hdWGCNA for
a given or any cell type, respsectively. Low correlation scores are expected given the consideration
of 1000s of genes for each. B. Counts per million (CPM) within each pseudobulked cell-type from
scRNA-seq Pre and Post NACT, or combined (All). Green boxes are around cell types that show
an increase in GBP4 expression after NACT, as shows the highest correlation with improved PFS

in the bulk model.
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Appendix B. Supplemental Material to Evaluating methods for integrating

single-cell data and genetics to understand inflammatory disease complexity
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Figure B.1: For each cell-type, the single-cell scDRS Z-scores and scPagwas TRS Z-scores are
displayed in boxplots colored according to the group scDRS Z-score or group scPagwas bootstrap
Z-score. Non-significant cell types are shown as non-bolded and grey, while significant cell states
are bolded. scGWAS called gene modules and their disease scres are plotted with colors according
to the scDRS group Z-score gradient for easier comparison. Cell types considered significant by all
three tools are bolded. Left: RA (rheumatoid arthritis). Right: UC (ulcerative colitis).
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Figure B.2: scDRS results when using 1000 genes with the highest pearson correlation coefficients
with scPagwas single-cell genetically associated disease scores, with or without ribosomal genes
included. Significant calls have bolded box plots. Single cell scDRS z-scores are plotted as box-
plots that are then outlined in the color of the cell group scDRS score. Cell states with different
significance calls depending on ribosome gene inclusion are bolded.
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Figure B.3: Top 15 Gene Ontology results for the top 100 and 1000 ranked genes according to
correlation with scDRS disease scores and scPagwas genetically associated pathway activity scores.
Top is RA and Bottom is UC.
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Figure B.4: Histograms of the correlations of all studied genes with scDRS disease scores and
scPagwas gPA scores (grey) in all cells (A,B), NK cells (C), or T-7 cells (D) with the appropriately
labeled scGWAS module genes highlighted (turquoise). Median correlation score of sScGWAS genes
is written and shown as a vertical line. scGWAS genes with highest and lowest scores are labeled.
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Figure B.5: Histograms of the scDRS correlation scores of the top 20 genes correlated with disease
scores in all cells (RA), NK cells, or T-7 cells, within the different cell type options. The genes
with the highest and lowest scDRS correlations within the top 20 list are annotated. The median
correlation of the top 20 genes are listed. All data is from the RA analysis.
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Figure B.6: scGWAS results when using a pathway file based on Pathway Commons v12 or 14 for
Ulcerative Colitis with 10kb-10kb MAGMA windows A. and Rheumatoid Arthritis with 50-35kb
MAGMA windows B. Results are highlighted according to the number of significant gene modules
called per RA cell state and max disease Z score across the modules for each cell state. Only cell
states with a significant gene module from using either pathway file are shown. Cell states without
a significant gene module called when only one of the pathway files was used are bolded. Max
module Z score refers to the maximum z score value of all significant gene modules called for a cell

state.
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Figure B.7: The number of genes of significant modules of RA and UC cell states called when
using input from Pathway Commons v12 (v12 Only), v14 (v14 Ounly), or either (Both) for 10-10kb
MAGMA windows. Only cell states with significant gene modules are shown.
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Figure B.8: The number of genes of significant modules of RA cell states called when using input
from Pathway Commons v12 (v12 Only), v14 (v14 Only), or either (Both) for 50-35kb MAGMA
windows. Only RA cell states with significant gene modules are shown.
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Figure B.9: Distribution and correlation of scDRS z-scores with MAGMA input (SCDRS), sc-
Pagwas gene input (SCDRS_SCP), scPagwas gene input without ribosomal genes (SCDRS_SCP
NORIB), and scPagwas z-scores for trait relevant scores (SCPAGWAS). Diagonals show the distri-
butions of the scores and correlation coeflicients were calculated with the Spearman method using
base R function cor. Left: Rheumatoid arthritis (RA), Right: Ulcerative colitis (UC).
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Figure B.10: The proportion of cells within each cell type that have disease zscores of -10 according
to scDRS z-scores using scPagwas gene input (SCDRS_SCP) or scPagwas gene input without ribo-
somal genes (SCDRS_SCP NORIB), and scPagwas z-scores for trait relevant scores (SCPAGWAS).
Left: Rheumatoid arthritis (RA), Right: Ulcerative colitis (UC).
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Figure B.11: Proportion of disease status across cell-states. The proportion of cells belong
in either: A) RA duration for RA and B) disease tissue status for UC were graphed for each of the
relevant cell states.
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Figure B.12: Single-cell disease scores connection to disease status. Single- cell disease
scores (from scDRS, scDRS with scPagwas input, and scPagwas) were graphed for cells belonging
in difference disease annotations: A) RA duration for RA and B) disease tissue status for UC.
ANOVA was followed by Tukey multiple comparison analysis (95% confident intervals).
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Figure B.13: scDRS improves covariate bias. Confidence intervals around mean differences
(absolute value) from Tukey-based ANOVA post-hoc comparison analysis of cell disease scores
(from scDRS, scDRS with scPagwas input, and scPagwas) according to the disease status of cells
(RA duration in years for RA (left) and Inflammation status for UC (right)). Confidence inter-
vals touching the 0.0 line indicate nonsignificant differences in the cell disease scores between the
compared groups. Single cell disease scores were scaled from 0 to 1 using min-max scaling to allow
easier comparison of differences. Exact Tukey and ANOVA results can be found at our github
under (SCRNA-GWAS-Benchmarking/analysis/0A_scGWAS_scDRS/Sensitivity).
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Figure B.14: Linear regression between heterogeneity score and number of clusters/cells in RA
scRNA-seq data. The adjusted R2 and model p-value (F-test) are included. Left: the number of
cells in Macro-cell types (T-cell, B-cell, Myeloid (My), NK, Fibroblast (Fib), Endothelial (End))
and their number of annotated clusters (A) and group scDRS disease score heterogeneity z-scores
(B) (N=6). C. Number of annotated clusters in large-cell types and group scDRS disease score
heterogeneity z-scores (N=6). B. the number of clusters in large-cell types and their group scDRS
disease score heterogeneity z-scores. D. Number of cells in annotated clusters, and their group
heterogeneity z-scores (N=77). Details of the linear regression results can be found in the jupyter
notebook heterogeneity.ipynb on github. MAGMA window of 50-35kb was used.
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Figure B.15: Linear regression between heterogeneity score and number of cells in each cluster
annotated from RA scRNA-seq data, separated by cell type. The adjusted R2 and model p-value
(F-test) are included. Details of the linear regression results can be found in the jupyter notebook
heterogeneity.ipynb on github. MAGMA window of 50-35kb was used.
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Figure B.16: The scDRS group heterogeneity scores [of disease scores| of cell clusters from RA and

the size of said clusters. Any cluster below 500 cells is noted by the number of cells while the rest

5000 bar for reference with the largest number being 12k. Significance legend: *P< 0.05,
**P< 0.01, ***P< 0.001. MAGMA window of 50-35kb was used.
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Figure B.17: MAGMA window comparisons for ankylosing spondylitis. scDRS results of
significant clusters for AS using 50-35kb and 10-10kb windows. scDRS defines significant clusters
with a group disease Z-score as shown in the gradient legend. AS = ankylosing spondylitis.
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Figure B.18: MAGMA window comparisons for ulcerative colitis and crohn’s disease.
scDRS results of significant clusters for UC and CD using 50-35kb and 10-10kb windows. scDRS
defines significant clusters with a group disease Z-score as shown in the gradient legend. Significance
legend: *P< 0.05, **P< 0.01, ***P< 0.001. UC=ulcerative colitis, CD=crohn’s disease.
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Figure B.19: A. The number of genes shared between the top 1000 genes deemed significant by
MAGMA that also were found in scRNA-seq, with 5 different windows (Okb-Okb, 5kb-5kb, 10kb-
10kb, 50kb-35kb, 100kb-100kb) B. The distribution of p-values of the the same top 1000 genes in
B) with the distribution of the shared 554 genes highlighted in red.
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FUMA'’s final summary statistics (FUMA+MAGMA10kb), and MAGMA run on our final summary

statistics (Our MAGMA 10kb).
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Figure B.21: scDRS results of significant clusters from rheumatoid arthritis calls using inputs from
FUMA generated SNP analysis using MAGMA 10kb window mapping (FUMA-MAGMA), using
FUMA based mapping including 10kb window, eQTL, and 3D chromatin interaction mapping
(FUMA), and the 10kb/100kb MAGMA windows from Figure 5. Cell states with literary support
are highlighted in purple. Cell states with differences in disease significance calls are bolded.
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Figure B.22: scDRS results for RA of cell-states that show different levels of significance with a
different number of top ranked MAGMA genes (100, 300, 500, 1000, 1500, and 2000). Cell states

with significant disease scores and heterogeneity scores are marked by a box or an X, respectively.
General literary support means that a cell type with multiple cell states is supported by the lit-
erature while specific means a specific single cell state was supported. Cell states with changes in
just scDRS disease score, heterogeneity score, or both significance calls across MAGMA windows
(MAGWin) or number of top-ranked genes (NGene) are marked with grey or turquoise squares.
Cell states with changes both across MAGMA windows and number of top-ranked genes are bolded.



Appendix C

Appendix C. Supplemental Material to Improving calls of differentially

transcribed enhancers and their upstream regulators

C.1 Contribution Statement

Drs. Mary Allen and Robin Dowell conceived of the original project. Dr. Dowell and 1
designed the algorithms for Mu Counts and the edited format of LIET. Dr. Dowell conceptualized
the Leading Edge and I designed and implemented the final algorithms of it used in this work. All
three of us conceptualized how to evaluate the algorithms. I implemented the algorithms, tested
them, and analyzed data. Dr. Jacob Stanley confirmed accuracy of code, math, and changes to
LIET and provided general feedback. I wrote the following Supplemental Methods and Notes which

were reviewed by the other authors.

C.2 Supplemental Notes

C.2.1 Impact of classic statistical parameters

Although most parameter options for classic statistical tools had limited impact on recall
or precision, the mean-dispersion estimation methods of DESeq2 had large implications on the
tREs called significant according to F1 scores in all cell types (Supplemental Figure . Most
consistently, the DESeq2 mean-based estimation method led to the worst recall and largely skewed
p-value distributions; both markers of poor statistical capture of the data (Figure 1A, Supplemen-

tal Figure |[C.24). While DESeq2 local-based dispersions increased recall and alleviated the skew
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of p-value calls, EdgeR and Limma had the most consistent p-value distributions without skew

(Supplemental Figure [C.24]).

C.2.2 Flexible motif scanning cutoffs

We considered that TFEA uses a fixed motif scanning cutoff for all motifs, which results in
some motifs having far more called instances due to their sequence being more likely by random
chance alone. To address this bias, we enabled different p-value cutoffs for motif scanning to be
used per transcription factor motif. Default cutoffs for each motif were optimized as a function of
the number of motifs found across all tREs of the genome, resulting in different adjusted-pvalue
cutoffs per motif (details in Supplemental Methods). This eliminated the gross over-calling inherent

with some motifs.

C.3 Methods

All code for analyses are available at (https://github.com/Dowell-Lab/Improving_tRE

_Analysis_Paper/) which will subsequently be referred to as github:.

C.3.1 PRO-seq Analysis
C.3.1.1 Trimming, Mapping, and Quality Control

Samples were mapped to the hg38 genome and NCBI RefSeq annotations were used (hg38
release GCF 000001405.40-RS 2023 03). All samples were trimmed and mapped using an in-house
NextFlow pipeline (https://github.com/Dowell-Lab/Nascent-Flow), run with NextFlow (version
20.07.1). Briefly, fastq files were trimmed for adapter sequences and low quality bases using BBMap
(version 38.05) and aligned to reference genomes with HISAT?2 (version 2.1.0). Downstream mapped
read files (CRAM files and IGV-compatible TDF files) were generated with Samtools (version 1.8),
Bedtools (version 2.28.0), and IGVtools (version 2.14.1). Samples were then assessed for quality
using metrics from the following software packages: FastQC (version 0.11.8), HISAT2 (version

2.1.0), Preseq (version 2.0.3), RSeQC (version 3.0.0), and BBMap (version 38.05).


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/
https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/
https://github.com/Dowell-Lab/Nascent-Flow
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C.3.1.2 Identifying bidirectional transcripts

This approach was used for all datasets (separately for each dataset defined in Supplemental
Table 1) unless otherwise noted. Regions of bidirectional nascent run-on transcription were identi-
fied using Tfit and dREG. For both, we removed multimapped reads and reads with low mapping

quality score with the following code (all caps indicate a bash variable is being used):
samtools view -@ 16 -h -q 1 |${SRR}.bam | grep -P

where ${SRR} refers to the prefix of the bam file (usually the SRR key). For Tfit, we used the
in-house NextFlow pipeline (https://github.com/Dowell-Lab/Bidirectional-Flow). Final analyses
used 3’ bedgraphs that were generated with the -3 flag of bedtools coverage. Briefly, Tfit was run
in a two step process, first with the template matching module to identify sites of bidirectional
transcription, then these regions were used for input to fit the precise RNA polymerase behavior.
For dREG, we followed the recommended pipeline (per https://github.com/Danko-Lab/dREG])
and generated BigWig input files by converting the filtered BAM files using bedtools bamToBed to
BED files, which where then converted to bedGraph format with bedtools genomecov, and finally
BigWig files from bedGraphToBigWig.

Final consensus regions of bidirectional transcription were identified using muMerge version
1.1.0 (https://pypi.org/project/mumerge/). muMerge probabilisticly determines the most likely
midpoint of transcriptional initiation for the bidirectional RNAs (mu or p). Briefly, Tfit and
dREG bidirectional calls were first mumerged separately across all replicates. For p53, these re-
gions were then merged again with each celltype noted as “conditions.” For the GR and TNF
cells, these regions were merged again with each paper being noted as “conditions.” As done
previously[223], the dREG and Tfit muMerge files were then combined such that calls above 2.5kb
were removed and Tfit calls were used for any regions overlapping by at least 40% (relevant code

found in (https://github.com/Dowell-Lab/Bidir_Counting_Analysis).


https://github.com/Dowell-Lab/Bidirectional-Flow/tree/Tfit_focus
https://github.com/Danko-Lab/dREG
https://pypi.org/project/mumerge/
https://github.com/Dowell-Lab/Bidir_Counting_Analysis/blob/main/bin/00_get_final_muMerge.sh
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C.3.1.3 Counting reads over regions

The counting pipelines used in this work can be found and run with a nextflow pipeline at
(https://github.com/Dowell-Lab/Bidir_Counting_Analysis)). Briefly, a bed file of consensus regions
(bidirectionals) must be provided where the midpoints of regions are considered the centers of
bidirectionals (e.g. from muMerge). Users define a fixed window from the midpoints of regions
over which they want to consider tREs or gene TSS bidirectionals (e.g. 500 means total 1kb region).
Gene bodies are counted over to exclude the gene TSS bidirectionals from gene counts as described
previously [223]. The pipeline addresses overlapping transcription from nearby bidirectionals via
the algorithm Mu_Counts. Briefly, bidirectional transcripts are counted strand-specifically where
the transcript regions are from the center of the bidirectional (mu (u)) to which ever is shorter: the
fixed window length or the p of the next closest bidirectional. A full visualization of the pipeline
can be found at Supplemental Figure Counting over the fixed window length alone is also done
so users have access to both. In both cases, to address overlapping transcription from genes, first,
bidirectionals overlapping genes with at least a user-defined percentage of the gene-body region
transcribed (according to bedtools coverage, default 70%) on both strands are removed. Counts for
bidirectionals with transcribed genes overlapping one strand are replaced with the stranded counts
from the strand without overlap multipled by 2. We then ensure that only the regions within genes
predicted to not have overlapping transcription from bidirectionals are counted over. The longest
isoforms of genes are used for final counts where the regions of bidirectionals with counts more than

a user defined limit are removed from the region considered for that gene for counting.

C.3.2 Differential Expression Benchmarking

The following packages were used with R version 4.4.0 (2024-04-24) on platform x86_64-apple-
darwin20: DESeq2_1.44.0, edgeR 4.2.1, limma_3.60.4.
C.3.2.1 Simulation based

Relevant code and figures for this section can be found at (github:/Simul Bench DE)


https://github.com/Dowell-Lab/Bidir_Counting_Analysis
https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/tree/main/Simul_Bench_DE
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Refraction Analysis Two samples with > 100M non-duplicated reads were used to assess
the impact of tRE vs gene TSS counts with decreasing depths: SRZ1554311 and SRR1145801
([43,1254]). SRZ1554311 is a combination of technical replicates with the curation detailed in [223].
tREs were identified from Tfit and muMerge was run on the two samples to ensure no overlapping
bidirectionals. Full counting fixed windows of 600bp and 1kb were used. Bams with uniquely
mapped and non-duplicate reads were subsampled using the -bs flag of samtools view with unique
seeds for each subsample to ensure random variability.

Dispersion Visualization Estimated mean-dispersion trends and coefficients were cal-
culated with DESeq2 default settings using the functions DESeq2DataSetFromMatrix, estimate-
SizeFactors, estimateDispersions, and nbinomWaldTest. This was performed on all three celltypes
with Nutlin-3a/DMSO data (MCF7, HCT116, SJSA) and PRO-seq samples from HeLa cells per-
turbed with either dox-inducible shRNA Intsll or dox-inducible shRNA control (latter had read
depths above 70M and quality control scores of 1 according to DBNascent) ([14, [7, 5, 223]. Log fold
changes between conditions (shRNA control vs Ints11 and DMSO vs Nutlin) or biological replicates
were visualized for gene TSS bidirectionals, gene bodies, and tREs. Counts were collected from
genes as described above, while gene T'SS bidirectionals and tREs used a 600bp, unstranded, fixed
window. Counts for tREs overlapping a transcribed gene (>30 summed counts from samples) on
both strands were removed, and if on only one of the strands were counted by multiplying the
non-convoluted strand counts by 2. Any features with less than 21 counts between all samples
within the same cell type were removed before analysis.

Power Analysis R package powsimR version 1.2.4 was installed from their github reposi-
tory (https://github.com/bvieth/powsimR) according to their instructions. The HeLa cell samples
and counts from Dispersion Visualization section were used for power analysis ([14]). Features were
filtered at 16 rather than 21 counts. Parameters of the data were estimated by powsimR using a
TMM normalization (estimateParam function). Differential transcription data was simulated with
25 simulations, 5% of features being differentially transcribed, and six different number of repli-

cates (2, 3, 5, 10, 15, 20). The following normalization and differential expression software were


https://github.com/bvieth/powsimR
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used: Median Ratio Normalization and DESeq2, TMM and EdgeR-LRT (likelihood ratio test),
TMM and EdgeR-QL (quasi-likelihood test), TMM and Limma-Trend, TMM and Limma-Voom.
All simulations produced very consistent results so only DESeq2 with Median-Ratio normalization

is shown.

C.3.2.2 p53 Differential Expression Benchmarking

Relevant code and figures for this section can be found at (github:/Bench DE) in subdirec-
tories Truth_Sets and Before_LE.

Tested Methods The following combinations (total) were used to identify differentially
transcribed regions: First, as a baseline, transcribed bidirectionals (> 20 counts within cell type)
with positive log fold changes were randomly assigned to “significant” or “not significant” with
equal probability. For classic tools, the most common three tools were considered according to
their relevant documentation. Details for these methodologies can be found in the documentation
and papers corresponding to the appropriate packages [149, 198 130]. DESeq2 was performed
with local, mean, or parametric dispersion methods, Wald or Likelihood Ratio significant tests,
and Ratio, positive counts, and iterative normalization methods. EdgeR with Locfit, Movingave,
LOESS, and Locfit.mixed dispersion methods (robust or not), Likelihood Ratio, quasi-likelihood,
and quasi-likelihood-robust significance tests. Limma with voom or trend dispersion methods and
eBayes or eBayes-robust significance tests. Both Limma and EdgeR used trimmed mean of M-
values (TMM), TMM with singleton pairing (TMMwsp), upper-quartile, or relative log expression
(RLE) for normalization methods. Finally, to further consider the impact of normalization on
results, we considered virtual spike-in normalization factors [I53]. Adjusted p-value cutoffs of
le —70,1e — 50,1e — 30, 1le — 20, 1le — 18,1le — 16,1le — 14,1le — 12,1e — 10, le — 8, 1le — 6, 1le — 4, 1le —
2,0.05,0.1,0.3,0.5,0.7,0.9,0.95, and 0.99 were used.

Defining the Truth Sets The expected “True Positives” were transcribed bidirection-
als split into 4 sections for each cell type: BOTH (overlapping the appropriate cell type-specific

ChIP peaks as called in their original, respective publications and having their bidirectional cen-


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/tree/main/Bench_DE
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ters (us) be within 500bp of the appropriate TF motif), EITHER (motif or CHIP qualifica-
tions), CHIP, and MOTIF. ChIP Peaks originally published in hgl9 coordinates were converted
to hg38 coordinates using UCSC Liftover (https://genome.ucsc.edu/cgi-bin/hgLiftOver) as avail-
able Spring 2024. To assess potential bias from motif prediction for p53, HOCOMOCOv12 motif
P53.H12CORE.0.P.B was used with FIMO p-value significance cutoff of either p-value le — 6 or
le — 5. The expected “True Negatives” were identified for each cell type as transcribed bidirec-
tionals (total counts > 20 within cell type) not within 10kb of a ChIP peak, with below 11 stan-
dardized (countsczperimental — COUNEScontrol) ChIP peak reads, and with centers (us) at least 8kb
away from both p53 HCOCOMOCOvV12 motifs (P53.H12CORE.0.P.B and P53.H12CORE.1.5.C)
(FIMO p-value le — 5). The jupyter notebooks for getting these Truthsets can be found at
P53_Classic_Bench_DE/Assess_ TPs_H12.ipynb and Assess_ TNs_H12.ipynb.

Since ChIP peaks and motifs do not necessarily confer transcription[7], we also considered the
three cell types as replicates to allow six replicates per condition rather than two. We considered
the same tested differential expression methods explained above and had two groups to use as
additional “True positive” sets: “Combined Union” and “Combined Intersect.” The former are
tREs called significant by any tested methods (N=1640). The latter are tREs called significant all
tested methods except necessarily TMM _eBayes_Trend and TMM_eBayes-robust_Trend (for final
Combined Intersect N=399). These latter two methods were not required since they led to only 38
tREs being called across all methods.

Precision was calculated as TP /(TP+FP) where FP was all regions called significant that were
considered a True Negative defined as above. Recall was calculated as the number of True Positives
called by the tool divided by the number of True Positives defined above. Area under precision-
recall curves usually provides a more robust evaluation of classification methods by considering
all significance cutoffs. The differing ranges of precision and recall across platforms, however,
prevented fair evaluation with this metric. Specifically, DESeq2 showed far lower maximum recall
values compared to EdgeR and Limma for MCF7 and SJSA, even when a p-adjusted cutoff of 0.99

was included (Supplemental Figure [C.25). Adjusted pvalue cutoffs of 10770, 10750 10730, 10720,
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1071810716, 10714, 10712, 10719, 108, 1076, 1074, 0.01, 0.05, 0.1, 0.3, 0.5, 0.7, 0.9, 0.95, and 0.99

were considered.

C.3.3 Length based Benchmarking

Relevant code and figures for this section can be found at (github:/Length Bench).

C.3.3.1 Defining the Truth Length Sets

Long-read nascent run-on sequencing currently provides the best, high-throughput length
estimation of enhancer-associated transcripts, but has few published experiments [57, 56, [194].
Therefore, we evaluated the ability of tools to predict the length of enhancer-associated transcripts
(as defined by long-read nascent run-on sequencing) from short-read nascent run-on sequencing
data. Five long-read nascent run-on sequencing fastq files (same control states) for K562 were
downloaded from SRA with relevant information found in Supplemental Table 2 ([57]). Fastqs
already had adapters and poly A/I tails removed according to Guppy as used by the original authors
([57]). Due to the low-depth of nascent long-read samples, and since individual reads rather than
counts would be used, all fastqs were combined into a single fastq file before mapping. Following the
code used by the original authors, reads were mapped to hg38 using minimap2 (primarily designed

for error-prone long reads) with the following parameters (words in all caps refer to bash variables):

minimap2 -acx map-ont -t 16 -ki14 \
--sam-hit-only ${FASTA} ${FASTQ} \

| samtools sort -o ${BAM}

where ${FASTA} points to the fasta file for the hg38 genome, ${FASTQ} refers to the long-read
fastq file downloaded, and ${BAM} refers to the named bam file to serve as output.

As a truth set for comparison, 411 tRE associated transcripts with support from ENCODE
Phase 3 (ENCFF464BRU) were manually annotated as transcriptionally isolated in both long-read

and short-read data, having at least two long-reads (mapping quality > 30) supporting a clear


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/tree/main/Length_Bench
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transcript end position, and significant depth from previously published nascent run-on short read
samples in K562 controls (SRA SRR4454567/8/9/70) [250}, [164]. The most downstream end of long
reads (minimum mapping quality of 30) within the annotated transcript region was used as the

“true end” of the transcripts.

C.3.3.2 Linking RNA calls across tools

Since a single tool might call multiple bidirectionals or transcripts within a region of interest,
we identified the transcripts for each tool most appropriately aligning to the long-read supported
transcripts with the following methods.

We used muMerge to get consensus bidirectional center calls for the relevant tools: dREG
and Tfit. Briefly, coverage filtered (at least 9 counts per tRE predicted) output by dREG and
Tfit were given to muMerge along with a metadata file grouping DMSO and heatshock samples
together. For this work, a new flag was added to muMerge to allow the original positions of the

regions and samples in which they’re found to also be saved (—orig-names). The code run was

python ${SRC}/mumerge.py -i {METADATA} -o {OUT_PREFIX} \

--orig_names

where ${SRC} refers to the directory containing the cloned repository for muMerge, 5{ METADATA}
is the file with the metadata information for the samples (e.g. replicates and conditions), and
${OUT_PREFIX} is the prefix for all output to be saved with. Users may get similarly cov-
erage filtered regions and details on parameter layouts using the verbose branch of muMerge:
https://github.com/Dowell-Lab/mumerge/tree/verbose.

Tfit has been shown to have the highest accuracy in calling the center of bidirectional tran-
scription and using the 3’ bedgraphs particularly improves the calls (this work) ([223] 278]). There-
fore, the final centers of bidirectional transcription (us) were based on Tfit 3’ calls. Bedtools closest
was run to find the distances between Tfit 3’ calls and dREG and Tfit calls. A bidirectional was

then linked to the original Tfit 3’ bidirectional of interest if the us (center of bidirectional) were
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within 500bp of one another.

Homer calls were matched in two ways: 1) requiring a transcript’s 5’ end to be within 400bp of
the Tfit 3’ u, or 2) requiring a transcript to overlap region between Tfit 3’ 1 and downstream 100bp
and in the case of multiples, choose the one where the 5’ end was closest to p. The latter method
includes transcripts that have poor calls for the transcript start but still capture the transcript.
dREG and Tfit (full read) calls were matched to Tfit 3’ calls according to the us being within

500bp.

C.3.3.3 Noise generation

To determine the regions over which to add noise, we used 1.5kb downstream of the true length
annotation (according to long read) with a minimum of 3.5kb downstream of the bidirectional center
(1) [padded regions]. If a strand of a bidirectional does not have any long reads, then 2kb is used.
All regions were manually examined to ensure significant reads, short or long, were not omitted and
nearby transcripts were not accidentally included. To assess the impact of noise, we added reads
in random locations (sampling with replacement) across the padded regions. The number of reads
added was different percentages of the number of original reads mapped to the same region (filtering
for supplementary or secondary alignment): 20, 40, 60, 80, 100, 120, and 140. To mimic full reads,
the random position was elongated to the 5’ end by 74bp to reach the original 75bp read length.
To mimic the 3’ ends of reads in a bedgraph, the position alone was used. These reads (formatted
as bedgraphs) were then merged with the original multi-mapped filtered bedgraphs using bedtools

version 2.28.0.

C.3.3.4 Homer

Homer v5.1 was run with multi-mapped filtered bams or bedgraphs (full reads) ([84]). First,
tag directories were made using ‘makeTagDirectory’ and the ‘-keepAll’ flag to ensure the same
input was used across all tools. Then, nascent run-on sequencing de novo transcript identification

was run with (bash variables in all caps)
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findPeaks ${TAGDIR} -style groseq -o ${OUT_FILE} \
-minBodySize 150 -tssSize 50 -bodyFold 3 \

-endFold 5 -uniqumap hg38-50nt-unigmap

where ${TAGDIR} refers to the TagDirectory from the filtered bams/bedgraphs, ${OUT_FILE}
is the output path to save the peaks. Different parameter combinations like endFold 7, bodyFold
4, and tssFold 4 were also tested with the above showing the best results and therefore used
for benchmarking. More detailed explanation of the Homer groseq algorithm can be found at
http://homer.ucsd.edu/homer/, hereby called homer: at http://homer.ucsd.edu/homer/ngs
/groseq/groseq.html| where you can also download the hg38-50nt-uniqgmap folder at http:
//homer .ucsd.edu/homer/data/unigmap/unigmap.hg38.50nt.zip. The latest version available

at the time of this work was October 26, 2018.

C.3.3.5 dREG

dREG uses single-position based bigwigs. To convert the 3’ bedgraphs to bigwigs, we used
bedGraphToBigWig v4. We then ran dREG v1.0 through https://dreg.dnasequence.org/| using
default parameters (R version 4.3.2 (2023-10-31)). The dREG lengths are directly based on dREG

output.

C.3.3.6 Ttit

For initial analysis, Tfit was run with both 3’ bedgraphs or full read bedgraphs using
Tfit_focus branch of the pipeline in https://github.com/Dowell-Lab/Bidirectional-Flo
w/tree/Tfit_focus. This nextflow pipeline has been optimized to run Tfit genome-wide. To
allow unnecessary computational burden, for noise based calls, we had Tfit only search over the
regions of study by feeding Tfit the padded regions used for noise production as preliminary regions.
Tfit was run using the shell script available at https://github.com/Dowell-Lab/Bidirectional

-Flow/blob/main/bin/tfit_model.sh (commit 89f2fd1l, words in all caps are bash variables) :


http://homer.ucsd.edu/homer/
http://homer.ucsd.edu/homer/ngs/groseq/groseq.html
http://homer.ucsd.edu/homer/ngs/groseq/groseq.html
http://homer.ucsd.edu/homer/data/uniqmap/uniqmap.hg38.50nt.zip
http://homer.ucsd.edu/homer/data/uniqmap/uniqmap.hg38.50nt.zip
https://dreg.dnasequence.org/
https://github.com/Dowell-Lab/Bidirectional-Flow/tree/Tfit_focus
https://github.com/Dowell-Lab/Bidirectional-Flow/tree/Tfit_focus
https://github.com/Dowell-Lab/Bidirectional-Flow/blob/main/bin/tfit_model.sh
https://github.com/Dowell-Lab/Bidirectional-Flow/blob/main/bin/tfit_model.sh
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${TFIT_DIR}/tfit_model.sh -t ${TFIT_PATH} \
-c ${TFIT_CONFIG} -b ${BG} -k ${PADDED_REGIONS} \

-p ${PREFIX} -n 32

where ${TFIT_DIR} refers to the path where the tfit_-model.sh script is, ${ TFIT_PATH} is the path
to the Tfit software, ${ TFIT_CONFIG} is the path to the config file for Tfit, ${BG} is the bedgraph
used by Tfit, ${PADDED_REGIONS} is a bed file with the padded regions used for noise calls
(considered preliminary regions over which to look for bidirectionals), and ${PREFIX} is the prefix
used to name output. Details regarding the parameters can be found at https://github.com/Dowell-
Lab/Bidirectional-Flow/. Tfit release version 1.2 (Repository version) was used and can be found
at https://github.com/Dowell-Lab/Tfit /releases/tag/v1.2. Importantly, in this version, the source
code incorrectly labels 7 as A\. To avoid confusion, all cases where Tfit’s A parameter is used, but
is actually 7, we label as 7 here.

Tfit lengths were considered according to three options:
(1) The original output length from Tfit (when going from p to the edge of the region): 7+ o,

(2) T+o0+ w, since the footprint is not originally considered in the length output of the

region from Tfit, and

(3) fom%im + |z — p| where z is the 95th percentile of the EMG, numerically solved for given
K, 0, T

CDF(x|p,o,7)=0.95

where CDF(-) is the cumulative distribution function of the EMG and 7, y, o are param-

eters of the EMG.

C.3.3.7 LIET

LIET v1.0.0 takes both a pad file to determine the complete regions over which to look

and annotation file to use as priors in its Bayesian modeling. We used the same pads used for
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noise production (1.5kb downstream of the true length annotation (according to long read) with a
minimum of 3.5kb downstream of the bidirectional center (u)). Input annotations for LIET were
entered with the 5’ location being the bidirectional center from muMerge (1) + Tfit footprint/2
as the start and 400bp downstream of this position as the 3’ location, labeling all regions as
positively stranded for simple tracking purposes. Exact LIET parameters and priors used are
found in Supplementary Table 1. Originally, LIET was designed to run the full LIET model
on the sense strand (positive according to the annotation) and an EMG model on the antisense
strand. The software was edited to run either the EMG or LIET model on either strand. Similarly,
percentiles of the probability distributions (with background removed) were calculated. Briefly,
weights making up the total weight (w) were recalculated (to w’) after removing background (wy)
as described by Equation The probability distribution functions of each strand using these
recalculated weights were then calculated based on a domain of (—10%,10°). As defined in Equation
we compute the genomic positions corresponding to each target percentile (¢) from these pdfs

by identifying where the strand-specific cumulative distributions reach that value.

w1 w2 Wp—1

Given w = [wy, wo, ..., wy_1,wp], define w' = — T — (C.1)
Dol Wi Dy wi Dy Wi
where:
e w = original vector of weights for the LIET model,
e w = recalculated vector of weights for the LIET model.
T
CDF,(x) = Y PDF,(i)
i=1
xT
CDF,(z) = )  PDF, (i)
i=1 (C.2)

position,(¢q) = arg min |CDF, () — ¢| — 10°

position,, (¢) = arg min |CDF,,(z) — ¢| — 10°
x

where:
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CDF,(x) = cumulative distribution for the positive (p) strand,

e CDF,,(z) = cumulative distribution for the negative (n) strand,

position, (q) = closest position to percentile ¢ on the positive strand (0-based),

position,, (q) = closest position to percentile ¢ on the negative strand (0-based).

C.3.3.8 Calculating consensus lengths

To calculate consensus lengths based on replicates similar to muMerge, we considered multiple
methods. First, we took the average. Next, we took a weighted average according to weights of

coverage or in the case of LIET, the number of reads assigned outside of background:

noa e
Weighted Average 3’ position = #
> ie1Ci
where z; is the 3’ position of the transcript in sample ¢ and ¢; is either full coverage of the transcript

according to feature counts or the weight of transcription (1 — wy) according to LIET in sample i.

C.3.4 Length based p53 Differential Expression Benchmarking

Relevant code and figures for this section can be found at (github:/Bench_ DE/Length DE).

C.34.1 Mu_Counts

This description follows what is shown in Supplemental Figure The full pipeline (as a
Nextflow pipeline) and additional descriptions are accessible at https://github.com/Dowell-L
ab/Bidir_Counting_Analysis/tree/main. The first step involves filtering inputs. First, the
tool takes in consensus regions for bidirectional transcripts where the midpoint is assumed to be
the initiation point of bidirectional transcripts and the length is a confidence interval around it
(like from muMerge). Therefore, we remove bidirectionals that are likely called due to technical
noise (those with confidence intervals above 3.5kb) and filter bams/crams to remove multimapped

reads. This module produces consensus files with the widths needed for future analyses and unique
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names (based on parameters). The next major step is identifying Gene T'SS Bidirectionals; these
show distinct transcriptional patterns from tREs and correspond to gene PROMPTSs rather than
enhancers. Bidirectionals coordinating to the transcription start site (T'SS) of genes are identi-
fied by overlapping bidirectionals with a small window (parameter TSS_WIN - default 25bp) with
1kb regions around gene TSSs (parameter tss_1kb_file, also available for GR38.p14). Gene TSS
bidirectionals are assigned so that a single gene isoform only has one TSS bidirectional, with the
one whose midpoint is closest to the TSS used. Multiple gene isoforms are allowed to share the
same TSS bidirectional if their TSSs are within 50bp of each other. The third step involves ad-
dressing overlapping transcription from both genes and other tREs. Nascent transcription of genes
continues downstream of annotations and many tREs are found within introns. Therefore, gene
bodies considered transcribed (parameter COUNT_LIMIT_GENES=70% isoform is covered with
reads) along with the region 10kb downstream of said isoform are overlapped with the nonTSS
bidirectionals (tREs). Any nonTSS bidirectional overlapping active gene transcription on both
strands is removed since deconvolution cannot confidently occur. NonTSS bidirectionals overlap-
ping gene transcription on one strand have counts replaced with those from the strand with no
overlapping transcription, doubled. We then address overlapping transcription from bidirection-
als with other bidirectionals using Mu_Counts. If the parameter COUNT_WIN for a tRE means
the tRE is now overlapping with another tRE region, the neighborhing tREs will be counted so
that the maximum distance of each RNA is the u of the nearest neighboring tRE. RNAs for tREs
are then counted separately according to the strand (e.g. counts on positive/negative strand for
a bidirectional’s positive/negative RNA are counted separately before being combined). Finally,
we address gene counts that improperly contain counts from overlapping bidirectionals. Azofeifa
et al[I1] showed that gene counts can be largely disrupted by including responding bidirectionals.
Therefore, the pipeline optionally removes the regions of bidirectionals with counts above parameter
COUNT_LIMIT_BIDS.

Grouping Test Sets We hypothesized that length would have testable implications on two

key groups of calls: Isolated (bidirectionals without possible convolution from nearby transcription)
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and “Overlapping” pairs (“True positive” and “True negative” bidirectionals that can influence each
other’s calls with convoluting transcription). Isolated bidirectionals were identified as those with
no other tREs with 5.5kb of them, no overlap with genes, and at least 500bp upstream of a gene
TSS and 10kb downstream of a gene annotated termination site (only considering genes that had
total counts > 200). Overlapping pairs were identified as “True positives” and “True negatives”,
as defined below, with us within 5kb of each other.

Defining the Truth Sets In order to not bias the truth sets to a specific tool, we took
a slightly different approach to defining the truth sets for this length-based analysis compared to
the analysis focusing on differential transcription alone. First, we wanted to limit how much the
position of mu potentially bias truth sets as Homer cannot consider mu. Therefore, we considered
“True Positives” if a 50bp region around Tfit 3’ u overlapped a ChIP peak with a p53 motif
within it. To ensure we had high enough statistical power when considering overlapping “True
Positives” and “True Negatives,” we used less stringent requirements for these truth sets when
considering overlapping tREs. Expected “True Positives” were considered according to p53 ChIP
peaks containing TP53 HOCOMOCOv12 motifs with a p-value cut off of le-5. Expected “True
Negatives” were transcribed bidirectionals (total counts > 20) without motifs or ChIP peaks within

2kb rather than 10kb to allow consideration of “Overlapping” pairs within 5kb of each other.

C.3.5 TFEA and Leading Edge Analysis

Transcription Factor Enrichment Analysis from https://github.com/Dowell-Lab/TFEA (ver-
sion v1.1.1) was run with the ranked files (according to log fold change, then adjusted p-values) from
the different parameter-tool combinations. The FIMO (from Meme v5.0.3) scanning background

was set to uniform. Otherwise, default parameters were used.

C.3.5.1 Leading Edge Methodologies

The final algorithm is integrated into the most updated version of TFEA (v2.0.1): https:

//github.com/Dowell-Lab/TFEA. Relevant code and figures from using the leading edge for


https://github.com/Dowell-Lab/TFEA
https://github.com/Dowell-Lab/TFEA
https://github.com/Dowell-Lab/TFEA

238

identifying significantly changing tREs in p53 and GR datasets can be found at for this section can
be found at (github:/Bench DE) in subdirectories Get_LE and Compare LE.

Simply speaking, the leading edge is interpreted the position at which any elements with
higher p-values (hence less statistically significant changes) are no longer considered as contributing
to the transcription factor being enriched. Two methods to find the leading edge were used:

Let E(t) represent the cumulative enrichment as a function of the ranked tREs t.

(1) Matched Background: The first position (so leftmost if positive enrichment score and
rightmost if negative) where the slope of the cumulative enrichment score curve is equal to

or below that of the background enrichment line.

Let B(t) represent the background enrichment line (a straight line from E(0) to E(T)).

Slope of enrichment: E’(t)

E(T) - E(0)

Slope of background: B'(t) = T

Define the matched background position t* as:

min{t: E'(t) < B'(t)} if auc(E(T)) > 0 (positive enrichment)
T

max {t: E'(t) > B'(t)} if auc(E(T)) < 0 (negative enrichment)

(2) Plateaued Enrichment: Captures the position at which the cumulative enrichment
changes have stopped steadily changing due to enrichment. The second derivative of
cumulative enrichment (E”(t)) shows two cases: a monotonic stabilization towards 0 or
a non-monotonic function with up to six extrema (high oscillation) before stabilization.
With non-monotonic cases, we use the first extrema as a conservative leading edge. With
monotonic stabilizing cases (no extrema within the first 40% of tREs), we calculate the

elbow of the curve as shown below.


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/tree/main/Bench_DE
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argmin E”(t) =0 (Early Oscillation)
1 — ) t<04T

elbow(E"(t)) (Monotonic stabilization)

where T is the total number of tREs and the elbow is computed as:

elbow(E"(t)) = arg max (distance from line ¢(t) from E”(0) to E”(T))
t

Smoothing Method:

To reduce sensitivity to noise, multiple smoothed iterations of the cumulative enrichment
curve F(t) are generated using B-spline interpolation with degree k = 5. The final leading edge is
determined by taking the median position across all spline fits. The initial smoothness parameter
and subsequent smoothness sequences for the spline were optimized empirically by assessing about
100 case-scenarios: across several perturbations (P53, TNF/DEX, WSP, UPM, shRNAs) and cell
types (HCT116, MCF7, SJSA, BEAS2B, different primary samples of small airway epithelial cells,
ESC), bidirectional numbers ranging from 15,000 to 120,000, and transcription factors with motifs
covering from 0-50% of tREs. Importantly, subsequent smoothness assessment (described in next
section) ensures that the algorithm is robust to this initial smoothness parameter.

Let:

o Nyotir: number of tREs with motif calls

e so: initial smoothness value, defined by a tiered rule based on Nyatif
e s;: spline smoothness parameter for iteration i

Initial smoothness sg:



240

(

3 x 10712 if Npoir > 30000
4 x 10712 if Nyotie > 20000
5x 10712 if Npowie > 10000
2 x 1071 if Nposir > 8000
3x 107" if Npogie > 7000
4% 107" if Npogie > 5000
S0 =95 x 107" if Npouir > 4000
7 x 1071 if Npowir > 3000
8 x 1071 if Ny > 2500
9 x 107 if Npogir > 2000
4% 107" if Npogie > 1500
1 x 10719 if Nyorie > 1000

2 x 10719 otherwise

\
Smoothness sequence:

Subsequent smoothness values are decreased to allow less smoothing:
Si+1 = S; +5H X 10*(’”*1), where n; = power of the current smoothness parameter

This continues until the number of extrema for E”(t) (E"(t) = 0) exceeds a threshold (with

a maximum of 20 iterations):

6 if Nyrg > 60,000
Max (E"(t) =0) =

4 otherwise
Importantly, the ultimate leading edge is robust to these thresholds (4, 5, or 6), but we found
that these separations ensured the greatest breadth of smoothness parameters considered while

avoiding noise.
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In case of under-smoothed start:
If the initial sy already exceeds the allowed number of extrema, then it is increased by

3 x 10~ (™) until the constraint is satisfied:

sog =80+ 3 X% 10_("0), where ng = power of the initial smoothness parameter

C.3.5.2 Other Updates to TFEA:

Relevant code and figures for this section can be found at (github:/Improving FP _calls).
TF-specific FIMO significance cutoffs: To determine good default adjusted p-value cutoffs
for FIMO (using Meme v5.0.3) for each motif, all 847,522 bidirectionals identified in [223] were
scanned for motifs across their 3kb total regions (£ 1.5kb from p) and using p-value cutoffs of
le — 4,1e — 5,1e — 6, and le — 7. If a motif was called in between .5% (4,237) and 7% (59,326)
bidirectionals based on one specified p-value cutoff, that p-value was considered the default cutoff
for the TF to use. If less than .5% of bidirectionals had a motif at 1e—7,1e—6,1e—5, or le—4, the
default p-value cutoff was changed to le — 6,1e — 5, 1le — 4, and le — 3, respectively. If greater than
5% of bidirectionals had a motif at 1le — 4, 1e — 5, le — 6, and le — 7, the default p-value cutoff was
changed to le — 5,1e — 6,1e — 7, and 1le — 8, respectively. If greater than 40% of bidirectionals had
a motif at le — 7, the default p-value was changed to le — 9. Transcription factors with more than
20,000 tRE motifs for tREs found within the Nutlin-3a and DMSO dataset with le — 6 (ZN121,
ZN135, ZN441, ZN560, ZN613, ZN770) were assigned best pvalues of le — 10. The code for this
analysis can be found at Other TFEA _ Updates/Assess_pval motifs.ipynb. TFEA was edited to
take in a file with the desired p-value motifs with the option —fimo_thresh and the default values
calculated above are provided as a file in the github repository of TFEA.

Leading Edge metrics for significance calls: False positives and true negatives were
defined as the TFs with the highest enrichment scores that had no well-characterized linkage to
the perturbation and were called significant or not according to the GC-corrected adjusted-pvalue
(< 0.01), respectively. TFs with enrichment scores below 0.05 were not considered as they could

be easily filtered out. Three metrics were calculated regarding the tREs with changes in enrich-


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/tree/main/Improving_FP_calls
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ment that were higher than that from background. Background slope was calculated as the max-
imum(cumulative enrichment score) - minimum(cumulative enrichment score) / Number of tREs.
Frac_Background, as focused on in the remainder of the text, is the fraction of tREs with their
slope higher than background. The fraction of tREs in the interquartile range of ranks with slopes
higher than background (Frac_Back_Q13) and the difference between slopes (True - Background)
(Diff_Back) were also calculated and showed comparable trends to Frac_Background.

To identify the quantile of ranked tREs where the cumulative enrichment score increased
the fastest in magnitude, tREs were binned into 15 quantiles (around 3000 tREs per bin). The
quantile with the maximum absolute value slope when using the median spline tested was returned
as the Max_Quant. TFs with Max_Quant values in the middle of the ranked list (6,7,8,9,10) were

considered False positives by the LE.

C.3.5.3 Wood Smoke Particle LE and TFEA-LE Analysis:

Relevant code and figures for this section can be found at (github:/WSP). Matching
ATAC-seq peaks and PRO-seq tREs: To allow complete comparison between ATAC-seq and
PRO-seq, bidirectionals were first called within each sequencing approach with Tfit before being
mapped to each other. 80bp windowed PRO-seq bidirectionals (muMerged according to condition
(BID)) were mapped to 1kb windowed ATAC-seq peaks (muMerged according to condition (ATAC))

with bedtools closest (words in all caps refer to variables):
bedtools closest -k 4 -d -D "ref" -a ${BID} -b ${ATAC} > ${OUT}

where ${BID} refers to the bed file of muMerged bidirectionals from PRO-seq and ${ATAC} refers
to the muMerged ATAC-peak bed file. PRO-seq bidirectionals with us within 2kb of an ATAC peak
1 were kept with the closest corresponding ATAC peaks removed. 74% of PRO-seq bidirectionals
(50,850) mapped to 60% (50,512) of ATAC-peaks. Otherwise, ATAC peaks and PRO bidirectionals
were kept and noted as only occurring in one method. All regions were used for downstream analysis.

Running TFEA: To ensure the fairest comparison between ATAC-seq and PRO-seq,


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/tree/main/WSP
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we only considered Non-GeneTSS bidirectionals/peaks as defined by Counting Bid_Analysis. For
TFEA and leading edge, rankings from EdgeR-TMM-QL were used but DESeq2 and other EdgeR
results showed the same trends noted in this work. TFEA was run with and without assuming a
uniform background for FIMO and led to no clear difference in results.

Considering Leading Edge Metrics for TF Calls: To ensure results weren’t solely
based on the number of motifs, TF calls were first filtered to have between 600 and 10000 tREs with
the motif. To be considered a call supported by the leading edge metrics, the Match-Background
leading edge had to be before the midpoint and after the Plateaued Enrichment leading edge, the
Fraction of tREs above background had to be below 0.46 for PRO-seq and 0.51 for ATAC-seq, and
the Max_Quant could not be 6,7,8,9,10 (interquartile range inclusive). TFs were then split into the

following categories:
o All: GC-corrected Padj < 0.001, uncorrected Padj < 0.001, and meets LE requirements

e GC_only: GC-corrected Padj < 0.001, uncorrected Padj > 0.001, does not meet LE

requirements

e UNC_only: GC-corrected Padj > 0.001, uncorrected Padj < 0.001, does not meet LE

requirements
e GC_LE: GC-corrected Padj < 0.001, uncorrected Padj > 0.001, and meets LE requirements

e UNC_LE: GC-corrected Padj > 0.001, uncorrected Padj < 0.001, and meets LE require-

ments

The jupyter notebook with this analysis can be found at WSP /Plot_MB_curves.ipynb

The TF calls were assessed for directionality by comparing GC-corrected Enrichment scores.
If the magnitude of scores were both > 0.05, they were assessed as being in the same or opposite
directions (£) between ATAC-seq and PRO-seq of the same time points, or when using gene TSS

bidirectionals (according to gene differential rankings) compared to tREs in the same condition.
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C4a Supplemental Figures
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Figure C.1: About 100 million unique reads are needed for tREs to reach the same
median counts obtained by gene TSS bidirectionals when only using about 40 million
unique reads across two independent samples.. Distribution of counts, including all tREs
with counts above 0 (A+C) or 20 (B+D) at full depth visualized as violin plots. The median counts
for gene TSS bidirectionals at 36.6 million (A+B) or 39.5 million (C+D) unique reads is shown as
a pink line. Data in A+B is SRZ1554311 and Data in C+D is SRR1145801.
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Figure C.2: Simulated data with mean-dispersion trends comparable to p53 data show
that tREs require much higher number of replicates to achieve comparable false dis-
covery rates as genes and gene TSS bidirectionals. A. Distributions were estimated by
powsimR based on real PRO-seq count data of the following features from two biological replicates
(details in Supplementary Methods). B. False Discovery Rates of gene TSS bidirectionals, genes,
and tREs across increasing replicate numbers (colors) and quantiles (Q1-Q10) according to average
counts (log2). Due to the different mean distributions across the feature types, the quantiles do
not represent the same count levels. The grey box represents a section of features with comparable
average counts (around 5.5-7). Shade of green reflects replicate numbers per condition.
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Figure C.3: Visual representation of the Mu_Counts pipeline. Full description in Supple-
mental Methods Step 1-Filtering Inputs. We remove bidirectionals that are likely called due to
technical noise and filter bams/crams to remove multi-mapped reads. This produces consensus
files with the widths needed for future analyses and unique names. Step 2-Identifying Gene
TSS Bidirectionals. Bidirectionals coordinating to the transcription start site (TSS) of genes
are identified by overlapping bidirectionals with a small window (parameter TSS_WIN - default
25bp) with 1kb regions around gene TSSs (parameter tss_1kb_file, also available for GR38.p14).
Step 3A-Addressing overlapping transcription from genes. Gene bodies considered transcribed
(COUNT_LIMIT_GENES=70% isoform is covered with reads) along with the region 10kb down-
stream of said isoform are overlapped with the nonTSS bidirectionals (tREs). Any nonTSS bidi-
rectional overlapping active gene transcription on both strands is removed since deconvolution can-
not confidently occur. NonTSS bidirectionals overlapping gene transcription on one strand have
counts replaced with those from the on-convoluted strand, doubled. Step 3B-Addressing over-
lapping transcription from bidirectionals with other bidirectionals (Mu_Counts). If the parameter
COUNT_WIN for a tRE means the tRE is now overlapping with another, the neighborhing tREs
will be counted so that the maximum distance of each RNA is the u of the nearest neighboring
tRE. RNAs for tREs are then counted separately according to the strand (e.g. counts on posi-
tive/negative strand for Bid 2’s positive/negative RNA are combined). Step 4-Fixing gene counts
due to overlapping bidirectionals. The pipeline optionally removes the regions of bidirectionals with
counts above parameter COUNT_LIMIT _BIDS.
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Figure C.4: The features with highest statistical confidence for differential transcription
are consistent across classic differential expression tools for all celltypes. The percentage
of tREs within the same ranked quantile according to all tested tool-parameter combinations (grey)
or all excluding combinations using the Mean-based dispersion estimation (light blue) for (A)
HCT116, (B) MCF7, and (C) SJSA. tREs are ranked according to direction of change and adjusted
p-value where the poles have the greatest statistical significance and the middle tREs have little to
no change.
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Figure C.5: High adjusted p-value cutoffs of 0.1 or 0.5 are required to reach recall of p53
truth sets enabled from random calling. Recall and Precision for Nutlin-3A (p53) responding
tREs when using five different classic statistical method combinations. True positives are based on
p53 ChIP peaks (CHIP) or peaks with p53 motifs (BOTH) or calls achieved by all tools/parameter
combinations (COMB INTERSECT) or any tool/parameter combination (COMB UNION) when
considering cell types as replicates. False positives are based on calls without both motif and P53
ChIP peak. Red lines indicate recall from randomly assigning tREs with positive fold changes as a
true call. A) Adjusted p-values < 0.05 are used. B) Adjusted p-value cutoffs of 0.1 or 0.5 are used.
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Figure C.6: True positives are often mixed with statistical confidence of expected true
negatives, regardless of cell type and tool-based rankings. The top tREs with positive log
fold change for p53 ranked according to adjusted p-values values (proxy for statistical confidence)
for each cell type. The tREs overlapping p53 ChIP peaks for the appropriate cell type are colored
green (top), called when using all cell types as replicates (" Combined Union”) are colored turquoise
(middle), and those with no clear linkage to Nutlin-3a or P53 are colored grey (bottom). A red
line corresponds to the position at which all tREs to the left are called significant at p-adjusted
value cutoff of 0.05 (padj< 0.05). HCT116 is expected to have very conservative classic results for

EdgeR and Limma due to one of the samples having significantly lower overall transcription levels
than the rest of the samples [5].
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Figure C.7: Despite taking the longest, tRE-adapted LIET consistently produces lower
error in tRE length after considering overlapping transcription. Results of the four
tRE identification methods (Tfit (yellow), dREG (grey), Homer (blue), LIET (green) on length
prediction across 411 tREs, both without (A) and with (B) noise added. Distance from Long Read
serves as a proxy for length prediction error (details in Supplementary Methods). A negative value
refers to the prediction being too short, and a positive to the prediction being too long. Results
for A and B that consider all twelve methods (as described in Supplementary Methods) and all
noise levels can be found at (github:/Length_Bench/Comparison/Compare_Lengths.ipynb). All
results correspond to the short-read data from SRA SRR4454567. Similar results were found when
calculating consensus lengths from tools. C. LIET background weight (Bayesian prior (posterior
estimated graphed here)) effectively captures noise. Results from other samples and LIET-model
adaptations can be found in the same notebook above. D. Real time taken to run each of the
length-predicting methods on one sample, or in the case of mu-Counts in all samples at once.
Homer, the fastest approach for a single sample, takes 25 minutes to run on all samples at once.
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Figure C.8: tRE-focused LIET and Mu_Counts both show the highest F1 scores for
overlapping and isolated tREs across all cell types. F1 scores using p53 ChIP-peaks as the
truth set for HCT116, MCF7, and SJSA when using EdgeR and counts from windows defined by
multiple different methods. Methods colored as Figure [C.7] Fixed_win refers to a fixed window
and Fixed-win_mu (and suffix win) refers to the Mu_Counts (and suffix MU) pipeline being used
with the provided initial fixed window. Average is noted by _a, weighted average (based on counts)
is noted by _wa. Tfit includes fp and fpperc where the footprint is added to Tfit length, with or
without the 95th percentile of the EMG, respectively. EMG_95p means that the 95th percentile
of LIET using just the EMG was used. wLIET means that the weighted average was used with
weights based on wLIET =1 — wy, (wp, =background weight in LIET). Details on other methods
can be found in Supplementary Methods section. All comparisons (e.g. cell types and platforms)
can be found at (github:/Bench DE/Length DE/p53_Len_Compare_Vis.ipynb).
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Figure C.9: Homer provides length for significantly less tREs compared to its coun-
terparts. The number of tREs used for length-based differential transcription assessment whose
lengths could be estimated by the relevant methods: Tfit (Tfit with 3’ bedgraphs), dREG, Homer,
LIET (with 1- wj, used for consensus calculation in LIET (details in Supplemental Methods)), and
Mu_Counts (so all). The total tREs are based on the consensus tREs determined as described in
Supplementary Methods, so that all methods are considering the same “universe” of tREs. Impor-
tantly, LIET uses pre-annotated search positions on which to model tREs while Homer cannot take
predefined regions on which to consider its model. Therefore, LIET and Mu_Counts have a huge
advantage to consider any pre-specified tREs (as defined by tRE identification tools like Tfit and

dREG).
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Figure C.10: Mean-dispersion trends remain similar, leading to low statistical confidence
for p53 data, despite length correction with Mu_Counts. Absolute log fold change of tREs
between Nutlin-3a and DMSO (left, green/grey) and biological replicates (right, blue) with tREs
that are supported by ChIP peaks or with combined cell types (“Comb Union”) are highlighted in
green. Results are considered for A) MCF7, B) HCT116, and C) SJSA when using counts from
600bp fixed windows (left) and 6kb Mu_Counts (right).
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Figure C.11: The leading edge methods confer improved balance of precision and recall
based on Fl-beta scores. Fl-beta scores of p53 responsive tREs based on their proximity to
corresponding p53 ChIP peaks. These results are from SJSA using Mu_Counts with a max window
size of 2kb since they were well-representative of all results. Other cell type and window size results
are comparable but can be found at (github:/Compare LE/p53_Compare_LE stats.ipynb)). Graphs
with recall and precision mapped as scatter plots are also available at the same notebook. Due to
the extreme conservativeness of DESeq2, adjusted p-values of 0.5 were occasionally able to allow a
small increase in recall compared to leading edges while maintaining precision above 0.9.


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/blob/main/Bench_DE/Compare_LE/p53_Compare_LE_stats.ipynb
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Figure C.12: Leading Edge positions are consistent across ranking platforms. Boxplots
of leading edge positions for both leading edge methods and classic statistical tools (padj < 0.3
and padj < 0.05) when considering all tREs or just those with the corresponding TF motifs within
1.5kb of the tRE ps (midpoints). The variability of Limma-Voom vs Limma-Trend leading edge
results in HCT116 is not observed with any other cell type or condition.
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Figure C.13: Leading edge calls have higher enrichment of H3K27ac support. Percentage
of calls for HCT116 (top) and MCF7 (bottom)supported by ChIP peaks. (Note H3K27ac unavail-
able for Nutlin-3a in SJSA cells). A H3K27ac peak must be only called after Nutlin-3a has been
added to media (1hr for HCT116 and 2.5hr for MCF7). p05 refers to the classic statistical approach
cutoff for various methods (column labels), Plateaued E for adding tREs within the “Plateaued
Enrichment” leading edge that have a p53 motif within 500bp (mu500) or 1.5kb (mul500) of their
midpoint. Same for “Match Background” leading edge.
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Figure C.14: Despite leading edge calling more p53-responsive tREs shared across cell
types, these calls are generally supported by p53 ChIP peaks A. Percentage of tREs for
each cell type that are called in at least one other celltype (i.e. shared) according to classic tools
(padj<0.05) (noted in titles - e.g. Ratio_ LRT Local), or leading edge methods including calls with
p53 motifs within 500bp of tRE midpoints (Plateaued E (mu500) and Match Background (mu500))
B. Percentage of calls shared between all celltypes or pairwise combinations that overlap p53 ChIP
peaks shared across cell types. In all cases, the bottom numbers refer to the N of the bars while the
y values graphed are the percentages of the total calls within each method. Results from all classic
tool-parameter combinations as well as leading edge with tREs containing motifs within 1.5kb can
be found at (github:/Bench DE/Compare LE/p53_Compare_Celltypes.ipynb)


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/blob/main/Bench_DE/Compare_LE/p53_Compare_Celltypes.ipynb
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Figure C.15: Leading Edge positions for GR and NFxB TF's are consistent across rank-
ing methods. Boxplots of leading edge positions in A) dexamethasone (DEX), B) TNF, or C)
dexamethasone and TNF (DEX_TNF) when considering all tREs (left) or just those with the
corresponding TF motifs (GR, NFKB1, RELB, REL, TF65) within 1.5kb of the tRE us (right).
Boxplots represent leading edge or classic statistical methods with padj<0.05.
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Figure C.16: Unlike with Nutlin-3a and p53, classic tools call more tREs significant than
the GR leading edge for DEX and TNF perturbed cells. Boxplots of the difference between
the number of significant calls according to adjusted p-values < 0.05 and all tREs (regardless of
motif) within the Plateaued Enrichment leading edge. Dexamethasone (DEX), dexamethasone
with TNF (DEX_TNF), and these conditions with the TNF only significant (adjp < 0.05) calls
removed (-TNF). The only case where the classic statistical approach does not call more significant
tREs is for Limma (eBayes significance test and Trend dispersion estimation).
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Figure C.17: Leading Edge based calls for GR for are equally or more enriched in GR
ChIP peaks than calls with classic tools. A. The percentage of calls supported by ChIP-
seq peaks of GR for cells treated with dexamethasone (DEX) or both dexamethasone and TNF
(TNF+DEX). padj<0.05 refers to the classic approach. Plateaued E (full) means all calls within
the Plateaued E leading-edge are considered. Plateaued E (full) + Match Background (mu500)
adds tREs within the Match Background leading-edge that have a GR motif within 500bp of their
midpoints. Tool-parameter combinations are representative of all results. B. The percentage of calls
considered either unique to DEX or TNF+DEX perturbed cells and percentage of calls considered
shared by both perturbations supported by equivalent comparisons with GR ChIP. Tool-parameter
combinations are representative of all results. Calls from leading edge with the classic approach
and motif calls (e.g. mu500) are not shown since they give almost equivalent results to the classic
statistical approach. Full results including these and all tool-parameter combinations can be found
at (github:/Bench DE/Compare LE/GR_Compare_Conditions.ipynb)).


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/blob/main/Bench_DE/Compare_LE/GR_Compare_Conditions.ipynb
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Figure C.18: Leading edge tREs show decreased accessibility in both replicates while
the same number of random tREs with fold changes below 0.9 do not. Mean reads
per-million of the two ATAC-seq vehicle and 120 minute WSP replicates of tREs randomly selected
from tREs with DESeq2 fold changes below 0.9 (Random FC < 0.9) vs those with an SRF motif
within the Plateaued E Leading edge (SRF Plateaued E mu500) (both N=98). Only 1 tRE is
found in both sections. Results for SRF Match Background mu500 (with its own random set) look
almost identical. The tREs that have FC below 0.9 but are outside the Plateaued E LE show
lower decreased accessibility with overlaps of confidence intervals for combined replicates, unlike
the tREs of the same number just barely within the leading edge. These graphs can be found at
(github:/WSP /Graph_WSP _metaplots.ipynb)).


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/blob/main/WSP/Graph_WSP_metaplots.ipynb
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Figure C.19: Leading-edge related values serve as robust secondary metrics of false
positive TFEA calls. TFs are color-coded as known expected calls (black), improperly called
significant (light red), or properly called non-significant enriched (dark red). Dots indicate the
number of tREs within a Match Background leading edge (top) or fraction of tREs with cumulative
enrichment scores above that expected from background (bottom). The quarter point of tREs and
below 0 (top) or fraction above 0.4 (bottom) are highlighted. HCT116 and MCEF'7 refer to Nutlin-3a
(p53) datasets for these celltypes. TNF and TNF & DEX refer to lung cells perturbed with TNF or
both TNF and dexamethasone. Only these are shown for brevity; other celltypes and perturbations
can be found at (github:/Improving FP_calls/LE_FP.ipynb)).


https://github.com/Dowell-Lab/Improving_tRE_Analysis_Paper/blob/main/Improving_FP_calls/LE_FP.ipynb
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Figure C.20: PRO-seq and to a lesser extent ATAC-seq data for woodsmoke particles
have strong GC-bias. GC-correction graphs from TFEA for A) PRO-seq 30min, B) PRO-seq
120min, C) ATAC-seq 30min, D) ATAC-seq 120min. Each dot represents a TF with its original
score (non-corrected E-score, y-axis) against its GC-content (y-axis) and colored by the new E-score
after correction.
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Figure C.21: Leading edge metrics successfully remove false positive TF calls in both
ATAC and PRO-seq, regardless of GC correction Quantile enrichment plots for A) ATAC-
seq WSP at 30min vs Veh, B) ATAC-seq WSP 120min vs Veh, and C) PRO-seq WSP 120min vs
Veh. Transcription factor calls are split into All (black, LE metrics support, GC-corrected and
uncorrected adjusted p-values < 0.001), GC only (red, GC-corrected but not uncorrected adjusted
p-value < 0.001 and not supported by LE-metrics), GC-LE (orange, supported by GC-correction
and LE-metrics but not uncorrected adjusted p-value), UNC only (dark blue, supported by only
uncorrected adjusted p-value), UNC+LE (light blue, supported by only uncorrected adjusted p-
value and LE-metrics). Slope at quantiles of tREs (each quantile has 2,944 tREs). Ns: ATAC-seq
30min All=15, GC only=15, GC+LE=1, UNC only=1, UNC+4+LE=2; ATAC-seq 120min All=39,
GC only=11, GC+LE=3, UNC only=12, UNC+LE=29; PRO-seq 120min All=33, GC only=24,
GC+LE=0, UNC only=137, UNC+LE=207.
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Figure C.22: Direction of TF significant calls between ATAC and PRO or gene TSS
bidirectionals and tREs was mostly enriched when including leading-edge focused met-
rics. Percentage of TF's from each of the TF call categories that have enrichment scores going the
same direction in ATAC-seq and PRO-seq (ATAC/PRO SAME) or with gene T'SS bidirectionals
and tREs (GeneTSS/TRE SAME), or suggest closing of chromatin but increased transcription
(ATAC-/PRO+) or opposite directions between gene T'SS bidirectionals and tREs (GeneTSS/TRE
OPPOSITE). All refers to TF's called significant by GC-correction, no correction, and LE metrics.
GC only and GC+LE refer to TFs called with GC-corrected but not uncorrected significance, and
called without or with LE metric support, respectively. UNC only and UNC+LE refer to TF's called
with uncorrected but not GC-corrected significance, and called without or with LE metric support,
respectively. PRO-seq 120 minutes did not have any TFs supported by both GC-correction and
Leading edge metrics (NO GC-LE calls).
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Figure C.23: Low F1 scores, specifically for the DESeq2-mean parameter combination,
are consistent across varying truth sets across cell types. A. HCT116 cells (Continued on

the following page.)
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Figure C.23: B. SJSA cells (Continued on the following page.)
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Figure C.23: C. MCFT7 cells. (A-C) F1 scores for all tested dispersion-significance test combinations
are shown as boxplots colored according to the platform (DESeq2, EdgeR, or Limma). The red
horizontal lines refer to the median F1 score calculated when randomly assigning features as signif-
icant five times. 600bp and 1kb refer to the window sizes used over which to count tREs. BOTH,
CHIP, Combined Intersect, and Combined Union refer to the true positive sets used (details in
Supplementary Methods).
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Figure C.24: Distribution of p-value scores (non-adjusted) reflects unclean analysis par-
ticularly for DESeq2, and mean-dispersion estimation. The red line indicates the 0.05
position (common p-value cutoff). Built-in normalization factors (Ratio for DESeq2, TMM for
EdgeR and Limma) were used here but use of virtual-spike in normalization factors show almost
identical results (data not shown) [153]. DESeq2 Mean Dispersion (Disp) shows bumps in p-values
common with poor dispersion calling. EdgeR and Limma showed the strongest consistency in a
peak at the 0-0.05 p-value position with a generally uniform distribution after. All outputs were
from using Mu_Counts with a 2kb fixed window to ensure biased counting approaches did not ex-
plain comparisons. To simplify visualization, only one of tested combinations with almost identical
results are shown (e.g. DESeq2 Wald vs LRT, QL-Robust vs QL).
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Figure C.25: AUC-PR metrics would be inappropriate due to variable ranges of precision
and recall across tools and parameter combinations for p53 based analysis. Precision
and recall for the three tools (DESeq2, EdgeR, and Limma) were tested using a broad range of
parameters and p-value cutoffs (see Supplementary Methods), and results are shown as boxplots.
MCF7, HCT116, and SJSA refer to the cell types considered. The true positive set used was based
on ChIP identified p53 calls (details in Supplementary Methods).



Appendix D

Appendix D. Supplemental Material to Air pollutant multiomics improves

functional annotation of SNPs associated with lung disease

D.1 Methods

D.1.1 Cell culture

[awaiting updates from Sarah]. Cell culture of primary small airway epithelial cells (smAECs)
was performed as described previously[79]. Briefly, deidentified primary human small airway epithe-
lial cells (< 2 mm bronchiole diameter) were obtained from the National Jewish Health Biobank
from donors with no history of deployment or chronic lung disease. Cells were first cocultured
with irradiated NIH/3T3 (ATCC) fibroblasts in F-medium containing 1 xM Y-27632 (APEX Bio)
and then passaged onto tissue culture dishes double-coated with Type I bovine collagen solution
(Advanced Biomatrix) and grown to confluence in BronchiaLife Epithelial Medium with the com-
plete LifeFactors Supplement Kit (Lifeline Cell Technology). All exposures were performed in this

medium. All cells were maintained in 5% CO2 at 37°C.

D.1.2 PRO-seq

[awaiting updates from Sarah]. Cells required treatment and harvest on two separate days
to generate enough nuclei to perform Precision Run-on Sequencing (PRO-seq) on two replicates
per condition [untreated control (Ctrl) vs. UPM]. For each set of replicates, Sm36 cells (small
airway epithelial cells from donor 36) were seeded on 5- x 15-cm double collagen-coated plates

per treatment and grown to confluence (34 days), then left untreated (Ctrl) or treated with
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UPM (100 pg/cm?2) for 30 or 120 minutes. Cells were harvested and nuclei prepared as reported
previously[210]. PRO-seq libraries for all replicates were then prepared simultaneously by sub-
jecting one aliquot of 12107 nuclei/sample to 3-min nuclear run-on reactions in the presence of
Biotin-11-CTP (PerkinElmer) following our previously detailed protocol [68]. Uniquely indexed
libraries were pooled and sequenced on an Illumina NextSeq instrument using 75 bp single-end

reads by the BioFrontiers Sequencing Facility at the University of Colorado Boulder.

D.1.3 ATAC-seq

[This might not be needed but for now updated description from previous publication]|. Nasal
epithelial cells were grown to confluence in 6-well tissue culture dishes and treated with vehicle
(PBS), UPM, or WSP for 30 or 120 min. Cells were rinsed and scraped in ice-cold PBS, then
around 50,000 cells from each treatment were pelleted and processed in duplicate for Omni-ATAC-
Seq using the protocol developed by [42]. Uniquely indexed libraries were pooled and sequenced on
an Illumina NextSeq using 37 bp paired-end reads by the BioFrontiers Sequencing Facility at the

University of Colorado Boulder.

D.1.4 Genome

Unless noted otherwise, hg38 genome was used and Refseq annotations from GrCh38.p14
were used. Putative transcripts were included for enhancer annotation (whether intronic, exonic,
intergenic) but not for differential expression analysis. Putative genes were not included for count-
ing/differential expression analysis, but were included in all other cases (e.g. linking tREs to

exons/introns).

D.1.5 Fastq processing

Unless otherwise noted, samtools v1.8, bedtools v2.28, python v3.6.3, bbmap v38.05, fastqc
v0.11.8, hisat2 v2.1.0, preseq v2.0.3, and igvtools v2.3.75 were used. In all cases, fastq files were

qc’d with FastQC, trimmed for adapters, mapped to hg38 using hisat2, and resulting SAM/BAM
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files qc’d before being converted to TDF format using igvtools for visualization. Scripts for
these steps can be found in Preprocessing. RNA-seq fastqs were qc’d, trimmed, and mapped to
hg38 using the Nextflow pipeline https://github.com/Dowell-Lab/RNAseq-Flow (commit 6e73ba2).
Fastq files from PRO-seq were qc’d, trimmed, and mapped to hg38 using the Nextflow pipeline
https://github.com/Dowell-Lab/Nascent-Flow (commit 42add22). ATAC-Seq fastq files were trimmed
for adapters, minimum length, and minimum quality using the bbduk tool from the BBMap Suite
(v38.73) with arguments “ref=adapters.fa ktrim=r qtrim=10 k = 23 mink=11 hdist=1 maq=10
minlen=20.” Quality control was monitored both pretrim and post-trim for all samples using
FastQC. Trimmed reads were mapped to the human genome (hg38; downloaded from the Uni-
versity of California Santa Cruz genome browser on September 16, 2019, with corresponding hisat2
index files) using hisat2. Resulting SAM files were converted to sorted BAM files using samtools
(v1.9). Read coverage was then normalized to reads per million mapped using a custom python
script, and files were converted to TDF format using igvtools (v2.5.3) for visualization in IGV.

Reads were de-duplicated in BAM files for counting.

D.1.6 Getting enhancer coordinates from PRO-seq

Tfit v1.0 [12] was run for each experiment using Nextflow pipeline Bidirectional-Flow with the
updates outlined in (Townsend et al., 2025) (https://github.com/Dowell-Lab/Bidirectional-Flow
(branch Tfit_focus, commit c¢b74496)). 3-prime bedgraphs were used as input into Tfit using the
—tfit_3prime parameter. Consensus bidirectionals across the three perturbation experiments (WSP,
UPM, ADP) were identified using muMerge v1.1.0 (https://github.com/Dowell-Lab/mumerge).
LIET-EMG (https://github.com/Dowell-Lab/LIET /tree/LIET_EMGtoo, branch LIET_EMGtoo,
commit f3b1b31) was then using muMerge us. Annotations provided to LIET included the start
being the ps from muMerge, and ends being 200bp downstream. Paddings were 3kb up and
downstream unless there was another enhancer mu within that region in which case the distance
between enhancers was used, with a minimum of 500bp. Any cases where the 95th percentile of the

LIET model extended beyond the pad had paddings decreased by 200bp in the relevant direction
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(upstream/downstream), with a minimum pad of 300bp. As described in previous work [246], we
used a weighted average (weighted by coverage not attributed to background) of the 95th percentile
of the LIET-EMG model to get consensus lengths from the particulate experiments. Code for all

these steps can be found in the Preprocessing section of the Github.

D.1.7 Differential expression analysis

For RNA-seq, featurecounts (subread v1.6.2) was used with parameters -0, -s 1, -t “exon”
according to the Refseq GTF. For PRO-seq, genes and bidirectionals were counted over using the
Nextflow pipeline at https://github.com/Dowell-Lab/Bidir_Counting_Analysis (commit 4076721)
using count type “MU_COUNTS” and the count_limit_bids of 60. This pipeline was run separately
for each experiment (ADP, UPM, WSP) but using the same mumerged regions (cons_file). Briefly,
this pipeline identified gene TSS bidirectionals from tREs, and addressed overlapping regions in
counting (Townsend, 2025). Genes were counted over using 5’ truncated regions as detailed in
(Sigauke et al., 2025; Townsend et al., 2025). For ATAC-seq, 1kb regions were used (500bp around
mus). Featurecounts was again used, counting over bams with duplicated reads de-duplicated.
Code and results for counting can be found in the Github under Counting.

All differential expression analysis was done using DESeq2 (v1.44.0) with PRO-seq and RNA-
seq size factors calculated based on a list of housekeeping genes for the sake of consistency (size fac-
tors based on all gene counts were very comparable). For ATAC-seq analysis of enhancers, the size
factors were based on DESeq?2 size factors when using merged enhancer regions to ensure no double
counting (non-strandedness of ATAC-seq means counts can’t be deconvoluted between overlapping
regions), but the analysis was done using counts from the non-merged regions. Overenrichment anal-
ysis of GO terms was done using org.Hs.eg.db (v3.19.1) and clusterProfiler::enrichGO (v4.12.6), us-
ing all possible ontology terms, and a multiple correction adjustment using the Benjamini-Hochberg
approach. Due to the large number of significantly enriched terms, we then summarized signifi-
cant terms into categories. The full GO results and their annotated categories can be found in

Supplemental Table GO. WSP and UPM PRO-seq both showed extremely robust responses, likely
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increasing the false positive rate. Therefore, we used more conservative adjusted p-value cutoffs
(1e-10 for genes and 0.001 for enhancers) to reduce false positive calls and ensure downstream
functional analyses were focused on regions with high confidence of change. General results do not

0—20

change when increasing stringency of cutoffs to 1zl . In all other cases, an adjusted p-value

cutoff of 0.05 was used. Code, notebooks, and results from all differential expression analyses can

be found in the Github under Diff_Exp.

D.1.8 Differential transcription factor motif enrichment (TFEA-LE)

TFEA (from Github https://github.com/Dowell-Lab/TFEA /tree/Lead_edge, branch Lead_edge,
commit 76ef85a) was used with HOCOMOCO motifs from v12. TFEA was run separately for TSS
bidirectionals and tRE bidirectionals, and for each timepoint and condition (e.g. WSP 30min vs
Veh). TF motif p-value cutoffs were edited as suggested by original authors to get the estimated
number of TF motif instances to be between 700 and 5000 to ensure p-values were not shrunk due
to simply high number of motif instances. TF Motif ZN362.H12CORE.0.P.C was not included in
analysis because it had motif instance numbers above 15,000. The code for this and final p-values
can be found in the Github. Final TF significant calls were done based on Townsend et al. 2025:
motif instances between 600 and 10000, Fraction above background < 0.46, GC-corrected adjusted
p-value < 0.01, and the Match background leading edge is above the plateaued enrichment leading
edge but below half the number of tested enhancers.

SRF and AhR/AhRR bidirectionals were assigned by considering those enhancers within the
plateaued enrichment leading-edge from TFEA-LE that also had a motif instance within 500bp of
the enhancer p. This was done for each timepoint and condition (e.g. WSP 30min vs Veh).

Full code for these analyses can be found at TFEA/.

D.1.9 Comparing enhancer and TF calls

Enhancers and genes were assigned to different timing categories based on their response

across the 30min and 120min timepoints, when available. Early rise (or fall) features were those that
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were significantly increasing (or decreasing) at the 30min mark compared to vehicle and decreasing
(or increasing) at the 120min mark compared to 30min and were not significantly different between
vehicle and 120min. Plateau rise (or fall) features were those that were significantly higher (or
lower) in both 30min and 120min compared to vehicle with no significant change between 30min
and 120min. Late rise (or fall) features were those that significantly increased (or decreased)
expression compared to Vehicle and 30 min, but were not significantly changed at 30min compared
to Vehicle. For RNA-seq, the 30min was replaced by the 2hr (earliest time point) and 120min with

4hr (latest time point).

D.1.10  gqRT-PCR

[Confirming this with Arnav] smAEC cells were grown to confluence in 6-well tissue culture
dishes as previously described[78] and treated with vehicle (PBS), UPM, or WSP for 3 or 6 h.
Cells were harvested in TRIzol (Life Technologies) and RNA purified by PureLink RNA Mini
Kit (Life Technologies) prior to qRT-PCR, performed with normalization to RPL19 as previously
detailed([210]. Sequences of primers used for qRT-PCR analysis are provided in Supplemental

Table Primers.

D.1.11 ELISA

Hyaluronic Acid Enzyme-linked immunosorbent assay (ELISA). The ELISA kit was pur-
chased from R and D Systems (DY3614). This kit detects low, medium and high molecular weight
hyaluronic acid. Assay plates are coated with primary capture antibody. After sample addition,
biotinylated detection antibody is added. Streptavidin-conjugated peroxidase is then added, and
quantification of hyaluronic acid is performed using a colorimetric assay. Absolute quantification

is calculated by comparison with a standard curve and adjusted for sample dilutions.
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D.1.12 Genomic association analyses

We analyzed data from the All of Us Research Program, a diverse cohort including partici-
pants of European, African, Asian-American, and other ancestries. Asthma and chronic obstructive
pulmonary disease (COPD) were identified from harmonized electronic health records mapped to
the OMOP Common Data Model, which standardizes ICD-9/10 and SNOMED codes into unique
condition concept IDs. Asthma cases were defined by > 1 occurrence of OMOP concept IDs
(317009, 40483397, 4308356, 4191479, 4125022, 46270030, 45766728, 256448, 4250128, 46270028,
4123253, 4279553, 42535716, 4309833, or 46273454). COPD cases were defined using concept IDs
25573, 4110056, and 257004. Participants with both conditions were excluded. The final analytic
set included 5,843 COPD, 20,454 asthma, and 158,404 controls. Genetic variants with > 90% com-
pletion and MAF > 0.05 were retained; individuals with > 10% missing genotypes were excluded.
Logistic regression using SNP dosage tested COPD vs. controls and asthma vs. controls, adjusting
for sex, age, pack-years, and 16 principal components. A meta-analysis combining COPD and

asthma results was conducted using sample size-weighted p-values to assess shared genetic effects.

D.1.13 Predicting transcriptional networks

To predict the transcription factors associated with a given tRE, we considered the presence of
binding motifs, whether the TF was considered active based on global motif response (TFEA-LE),
and ChIP-seq data from ENCODE. To predict the target genes of a given tRE, we considered quan-
titative trait loci (QTL), and nearest gene coordinates. We also recently showed that target genes
show nascent transcription correlated with that of their tREs; so we also considered the genes with
the highest correlation of nascent transcription across lung cell nascent sequencing samples[79) 210,
223]. Github Repo https://github.com/Dowell-Lab/bidir_gene_pairs/tree/windowed_correlations
(branch windowed_correlations, commit 32eea2ddd206c¢83e35¢5876744ba08bc7683b0a8) was used.

TPM-normalized counts were used.
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D.1.14 Fine mapping and candidate SNP selection

We ranked SNPs for manual annotation based on whether the meta-p-value was significant
and if the odds ratio was in the same direction for both asthma and COPD. SNPs were further
annotated from both external (accessed via APIs) and internal data in a code pipeline built to
be reusable for later analyses. The code collecting all this data from APIs or our own datasets
can be found in SNP_Analysis/. The full annotations can be found in Supplemental Table SNPs
with descriptions of columns found in Supplemental Table SNP Columns. Importantly, we noticed
that the web-server data was sometimes more up-to-date than that provided by the API databases.
Therefore, we still encourage users to use the direct web-servers to explore a SNP of interest. For
this work, APIs were accessed September 12, 2025.

Bidrectional Type: The bidirectional(s) in which the SNP was found for our dataset were
labeled as either intergenic, exonic, intronic, Gene TSS, or LIET Gene TSS Intron/Exon/Intergenic.
Gene TSS bidirectionals were first annotated according to the above Nextflow pipeline for counting.
This pipeline aims to assign one active T'SS bidirectional to each annotated gene isoform by choosing
the bidirectional with a p closed to the annotated T'SS. We next assigned the non-TSS bidirectionals
from this pipeline to intergenic, introns, exons, or gene T'SS regions based on 100bp regions around
the ps. Such regions were overlapped with exons, introns, and Gene T'SS regions of the hg38.p14

genome using bedtools intersect with options (e.g.
bedtools intersect -wo -f .51 -a ${BID} -b ${EXON }

) so that the bidirectional is assigned to either introns or exons, but not both. Gene TSS regions are
1kb (500bp up and downstream of the Gene TSS). Sometimes the p of a bidirectional is intergenic
but LIET-based lengths of the bidirectional indicate that it overlaps the TSS region. We considered
that these bidirectionals might be unannotated alternative start sites and therefore labeled them
as LIET Gene TSS bidirectionals with extra labels of Intron/Exon/Intergenic to indicate which
other region the bidirectional falls into. The code and more detailed results from this analysis can

be found in Preprocessing/LIET/Get_LIET results_bed_5.15.25.ipynb.
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Disease Associations: SNPs associated with diseases in external analyses were noted based
on GWASCatalog (Cerezo et al., 2025), ClinVar [127], and OpenTargets (API v25.4.4) [22]. Full
annotations included any variants with predicted linkage disequilibrium above 0.8 for OpenTargets
and if the posterior probability was above 0.05 and absolute beta value above 0.1. The 44 SNPs
considered externally associated with a phenotype were all the lead SNPs. When available, we
saved the trait, beta, posterior probability (of the SNP), types of association, predicted targets of
SNP, scores for the predicted target linkage, locus size (number of SNPs possibly contributing to
the Beta value), and whether the lead SNP for the association is the same as the SNP of interest.

Molecular Effects: We first calculated the distance from the SNP to the p of overlapping
bidirectionals since the p is predicted to estimate the transcription initiation site. SNPs overlap-
ping TF Binding sites based on ENCODE were annotated based on the OpenTargets (API v25.4.4)
[22] 164], with the transcription factor, and cell types and tissues in which the binding site saved.
OpenTargets also overlaps variants with features annotated by ENCODE’s chromHMM (e.g. En-
hancer, Genic-Enhancer, TssAFInk, etc.)[164]. We saved the regions the SNPs overlapped with,
and the celltypes and tissues where the overlapping ChromHMM is found based on the OpenTargets
API. Molecular effects (e.g. intron_variant, missense_variant) were saved along with the variant,
predicted effect, method for prediction (e.g. Ensembl VEP), amino acid changes or distance to a
footprint (e.g. TF motif instance), and predicted targets/effect scores if available again from Open-
Targets API. Full annotations included any variants with predicted linkage disequilibrium above
0.8 for molecular effects and chromHMM predictions.

Target Genes: First, genes whose 5-prime and 3-prime ends were the most proximal were
recorded. Second, genes with the highest correlation of transcription with the enhancer(s) were
recorded based on all non-cancerous lung cells, or just Beas-2B cells or smAEC cells. [GIVE THE
Ns for each|. The correlations of the most proximal genes were also recorded. Finally, we recorded
quantitative trait loci and 3D Chromatin-based linkages (e.g. within loop, anchor-to-anchor) to
genes based on the Open Targets[22] and 3DSNPv2 APIs (Quan et al., 2022). For Open Target-

based findings, full annotations included any variants with predicted linkage disequilibrium above
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0.8 for these, with cases of the variant of interest being the lead SNP being noted. The tissues
for the interactions, and if available, betas, posterior probabilities (of SNPs), and p-values were
recorded. The transcriptional changes in particulate matter responses for all potential target genes

were recorded.

D.2 Supplemental Figures
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Figure D.1: Plateau and Late Response Genes A. Line plots of the mean (blue, 95% confidence
interval shaded) and individual (grey) normalized transcriptional changes of genes statistically
significant (adjusted-p-value < 1210~ !°) matching different timeline categories (details in Methods).
Norm Expression (z-score) refers to normalized counts min-max scaled. 0 minutes refers to Vehicle
response. B. Summary of Gene Ontology (GO) terms of the matching genes (exact terms and
grouping found in Supplemental Table GO) where each term is a GO term called significant with
the size of the dot corresponding to the number of significant genes matching the GO term. C. Log2
fold change of normalized counts of the genes with the greatest statistical significance in change
for UPM among three different perturbations (UPM, wood smoke particles (WSP), or Afghan dust
particles (ADP)) compared to vehicle at their available timepoints. Cases where the change had an
adjusted p-value < 121079 were outlined in black. UGTI1A4/5 were not significantly transcribed
in WSP conditions. D. Percentage of significant UPM genes that were found across the timeline
categories of WSP responsive genes (adjusted-p-value < 1x107!%). ER=Early Rise, EF=Early
Fall, EPR=Early Rise-Plateau, EPF=Early Fall-Plateau, LR=Late Rise, LF=Late Fall. The bar
corresponding to the same time point as UPM for WSP is highlighted in blue. Numbers above bars
correspond to the number of UPM genes shared. Number of WSP genes in each category are as
follows: ER=416, EF=1527, EPR=164, EPF=1148, LR=879, LF=549.
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Figure D.2: Hyaluronan-related genes show similar regulation across WSP and UPM
and steady-state Log2 fold change (Log2FC) compared to vehicle of smAEC cells perturbed with
UPM (urban particulate matter) or Beas-2B cells perturbed with WSP (wood smoke particles) of
genes involved in hyarluronan-related processes (Pathway). Adjusted p-values from DESeq2 are
shown as * < 0.05, ** < 0.01, *** < 0.001. PRO refers to PRO-seq, RNA refers to RNA-seq. Grey
means the gene was removed from analysis by DESeq2 due to low-expression outliers.
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Figure D.3: HYA synthesis genes generally go up upon pollutants while HYA degra-
dation genes go down qRT-PCR results for smAECs treated with UPM and WSP, with results
from RNA extracted at 3h or 6h time-points after perturbation compared to Vehicle. There are 8
replicates per condition/time-point, split between two different experiments/days
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Figure D.4: tREs show a massive early response comparable to genes and a unique
large fall in expression at later points A. Line plots of the mean (blue, with light blue 95%
confidence interval) and individual (grey) normalized transcriptional changes of tREs statistically
significant (adjusted-p-value < 0.001) matching different timeline categories (details in Methods).
Norm Expression (z-score) refers to normalized counts min-max scaled. 0 minutes refers to Vehicle
response. B. Percentage of significant UPM tREs that were found across the timeline categories
of WSP responsive tREs (adjusted-p-value < 0.001). ER=Early Rise, EF=Early Fall, EPR=Early
Rise-Plateau, EPF=Early Fall-Plateau, LR=Late Rise, LF=Late Fall. The bar corresponding to
the same time point as UPM for WSP is highlighted in blue. Numbers above bars correspond to
the number of UPM tREs shared.
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Figure D.5: Transcription factor transcriptional changes follow changes captured by mo-
tif analysis with TFEA KLF6, NRF1, and SP2 all have motifs enriched in tREs with decreased
transcription levels at the 30-minute mark according to TFEA in both WSP and UPM (green) and
also show significant change in transcription for both perturbations at 30 minutes. KLF6 and SP2
have been observed both as activators and repressors. EGR3 only had significant negative enrich-
ment score in WSP and shows significant upregulation in WSP. Genes encoding for the NFKB TF's
show upregulation at 30 minutes only in UPM and have positive motif enrichment in UPM.
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Figure D.6: tREs attributed to SRF response in WSP response show no pattern of
response in UPM tREs called responding via SRF to WSP at 30 minutes are colored, and the
x axes represent where all tREs rank in confidence of up(+) or down(-) regulation compared to
Vehicle across 4 different responses: WSP 30min, WSP 120min, UPM 30min, UPM 120min. Left
(or Right) most x-coordinates are tREs with the highest positive (or negative) log2fold change and
lowest p-values for the listed response.
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Figure D.7: Mostly strong agreement of ATAC-seq TF responses between UPM and
WSP Scatterplot of TFEA GC-corrected enrichment scores for WSP and UPM 30 minutes com-
pared to vehicle for ATAC-seq in nasal airway epithelial cells. Transcription factors are highlighted
as being a call in neither UPM/WSP, only one or the other, or both (where significance requires ad-
justed p-value < 0.01 and Fraction above Background < 0.46 — see Methods). Both KLF6 and SP2
have fraction above backgrounds of 0.51 in WSP, indicating weaker but still significant enrichment.
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Figure D.8: Mostly strong agreement of 120min TF responses between UPM and WSP
Scatterplot of TFEA GC-corrected enrichment scores for WSP and UPM 120 minutes compared to
vehicle. Transcription factors are highlighted as being a call in neither UPM/WSP, only one or the
other, or both (where significance requires adjusted p-value < 0.01 and Fraction above Background

< 0.46 — see Methods).
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Figure D.9: Previously confirmed AhR target genes show mostly similar responses at 30
minutes for UPM and WSP Log?2 fold change (Log2FC) compared to vehicle of cells perturbed
with ADP (afghan dust particles), UPM (urban particulate matter), or WSP (wood smoke particles)
of genes that were confirmed as AhR target genes based on ChIP-seq and sRNA knockdown of AhR
in either Beas2B cells or small airway epithelial cells in Gupta et al. 2021. Dots with black outline

indicate the gene has an adjusted p-value for fold change < 1210710 for WSP and UPM and 0.01
for ADP.
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Figure D.10: Replicated SNP rs1284780 (association with COPD in our and other stud-
ies) is an intronic tRE SNP within ITPK1 The SNP is 67bp away from the p (midpoint) of
a tRE showing robust early response to WSP. The odd ratios for COPD (left) and asthma (right)

are listed with the association p-values.
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Figure D.11: Three genes in which significantly associated SNPs are found tend to have

changing transcriptional patterns shared across particulate perturbations.

DESeq-

calculated log2 fold change (Log2FC) of genes within samples perturbed with one of three partic-
ulate matters (ADP=afghan dust particles, UPM=urban particulate matter, WSP=wood smoke
particles) at three time points (30 or 120 minutes, 20 hours) compared to vehicle sample. Black out-
line surrounds genes that have an adjusted p-value lower than 0.01. PFDNb5 has adjusted p-values
all above 0.1. ITPK has adjusted p-values below 0.001 for UPM.
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Figure D.12: Most tREs and genes responding according to strict significance cutoffs are
unique to perturbations UpSet plots of A) tREs and B) genes called significantly responding
at any time point for each perturbation compared to vehicle: ADP (Afghan dust particles 20h),
UPM (urban particulate matter 30min or 120min), WSP (wood smoke particles 30min or 120min).
Adjusted p-value cutoffs of 0.001 and 0.01 were used for tREs for UPM (N=8073) and WSP
(N=9237), and ADP (N=526), respectively. Adjusted p-value cutoffs of 1z107° and 0.01 were
used for genes for UPM and WSP, and ADP, respectively. Details are found in Methods.
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Figure D.13: Harmonization between RNA-seq and PRO-seq responsive genes is not
biased against early response genes Percentage of genes responding in the three time categories
in PRO-seq (early fall/rise (Early), early plateau fall/rise (Plat), late fall/rise (Late) that have a
significant change in RNA-seq (Sig Change) in the same direction at the 2h, 4h, or both timepoints.
Beas-2B cells perturbed with WSP were used for both.
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Figure D.14: Previous SNP correlated with asthma is within group of tREs and other
SNPs similarly associatedIGV tracks of PRO/GRO-seq or ATAC-seq (Seq column) of lung cells
(small airway epithelial cells (smAEC), Beas-2B cells, nasal epithelial cells (NEC)) (CT column)
perturbed with urban particulate matter (UPM), wood smoke particles (WSP), afghan dust par-
ticles (ADP), TNF, and/or dexamethasone (Dex) (Cond column) at varying time points (Time
column). The numerical read distributions are not directly comparable outside of experiments due
to different normalization approaches (scale noted on the right top of each experiment). ChIP
peaks from A549 (ENCODE) of different transcription factors or from Beas2B cells perturbed with
Dex (GR-B2B-DEX) are highlighted with varying colors for easier interpretation. SNPs are labeled
by their rsid values and odds ratios for asthma (p-values) in our study.
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Figure D.15: Chromosome 12 SNPs fall within enhancer group with consistent signal
across conditions and omics data IGV tracks of PRO/GRO-seq or ATAC-seq (Seq column) of
lung cells (small airway epithelial cells (smAEC), Beas-2B cells, nasal epithelial cells (NEC)) (CT
column) perturbed with urban particulate matter (UPM), wood smoke particles (WSP), afghan
dust particles (ADP), TNF, and/or dexamethasone (Dex) (Cond column) at varying time points
(Time column). The numerical read distributions are not directly comparable outside of experi-
ments due to different normalization approaches (scale noted on the right top of each experiment).
ChIP peaks from A549 (ENCODE) of different transcription factors or from Beas2B cells perturbed
with Dex (GR-B2B-DEX). SNPs are labeled by their rsids.
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Figure D.16: Four of the top SNPs indicating lower likelihood of COPD and asthma are

more common across all ancestry populations and at similar levels.

Population allele

frequencies from Open Targets webserver (https://platform.opentargets.org/) of each of the four
SNPs falling within chromosome 12 and within the top 10 SNPs associated with both COPD and

asthma.
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Figure D.17: Four SNPs all disrupt canonical binding sites of transcription factors A.
SNP rs10876378 (chr12:52873818) indicates a change from reference A to G, which might disrupt
the motif instance of SOX5. Finally, SNP rs10876380 might disrupt the motif instances of either
MEIST or MEIS2. All images were collected before annotation from opentargets.platform.com. B.
Frequency of alleles for each SNP in PRO-seq reads for Beas2B cells and smAECs.
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Figure D.18: Small PRDM1 ChlIP-seq peaks near PRDMI1-motif SNPs. Chrl2 region
SNPs along with ENCODE cCREs and ENCODE-produced data from PRDM1 ChIP-seq in A549
cells (ENCODE Experiment ENCSR977FEF) in their provided Genome browser, looking at rep1,2.
Irreproducibility Discovery rate (IDR) ENCODE Genome browser repl,2. Conservative IDR-
thresholded peaks indicate the peak was found across a pair of true replicates (not just pseu-
doreplicates).
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