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Mapping gene regulatory architectures driving human disease using single-cell data

Abstract

More than 90% of disease-associated genetic variants implicated in genome-wide
association studies (GWAS) lie outside of protein-coding regions of the genome and are believed
to mediate disease risk by regulating the expression of nearby genes. Because the regulatory
regions (“enhancers”) harboring these variants often do not regulate the nearest gene, the
biological mechanisms underlying these associations remains poorly understood. Genome-wide
“single-cell” technologies assay various cellular modalities at the single-cell level and enable the
detection of regulatory relationships at unprecedented resolution. However, existing
computational methods for linking enhancers to their target genes using high-dimensional single-
cell data fail to identify true regulatory relationships, implicate incorrect regulatory relationships,
or do not adequately consider context specificity; indeed, methodological advancements in single-
cell data analysis are needed to realize the promise of this powerful new data.

Single-cell “peak-gene linking” methods link enhancers to target genes by measuring
associations between enhancer activity (“peaks” of accessible chromatin) and gene expression
across single cells, using single-cell “multimodal” data (which simultaneously profile gene
expression and chromatin accessibility). However, existing methods exhibit low concordance and
power. We developed a statistical framework that integrates existing linking strategies (including
genomic distance) with expression quantitative trait loci (eQTL) data to score each candidate link.
Our method outperformed existing methods in several orthogonal evaluation tasks, and restricting

to a focal cell type improved power to identify cell type-specific links. We constructed enhancer-



gene maps that reveal novel genes and regulatory elements underlying GWAS associations that
were not implicated by other methods.

Despite this substantial improvement in power, we hypothesized that correlations among
peaks of accessible chromatin may induce non-causal tagging enhancer-gene links. Indeed, we
demonstrate that tagging effects induced by “co-accessibility” (correlations among peaks) are
pervasive, by analyzing tagging correlations in CRISPR-tested enhancer-gene links and co-
accessibility stratified by functional peak categories. We show that the binding of transcription
factors (TFs) (particularly pioneer TFs, which activate repressed chromatin regions) at multiple
sites across the genome drives tagging effects. We also determined that statistical “fine-mapping”
to distinguish causal from tagging associations improves peak-gene linking. These findings
underscore the importance of accounting for tagging effects when linking enhancers to target
genes.

We further investigated cell state-dependent genetic effects on gene expression, which
may often play an important role in disease etiology. Expression quantitative trait loci (eQTL)
studies link regulatory variants to target genes by measuring associations between genotype and
gene expression across multiple individuals. Using a single-cell eQTL mapping framework
modeling cell state, we demonstrate that gene expression is often regulated by cell state-
dependent genetic effects and that these “dynamic” regulatory effects are often independent from
“‘main” effects (detected without accounting for cell state). We provide several examples
demonstrating context-dependent regulatory architectures underlying GWAS associations.

Characterizing rich and multi-layered gene regulatory architectures by linking enhancers
to target genes is critical to advancing our understanding of disease etiology and elucidating
potential drug targets. Here, we leverage the unprecedented power and resolution of genome-
wide single-cell data to develop a new method for linking enhancers to their target genes,
characterize patterns of enhancer co-accessibility inducing spurious regulatory links, and

investigate cell state-dependent genetic effects on gene expression.
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Chapter 1: Introduction

Genome-wide association studies (GWAS) identify associations between genotype and
phenotype, pinpointing genomic regions underlying particular traits (e.g. height, cardiovascular
disease) and nominating disease-relevant genes as potential therapeutic targets’?. GWAS
leverage natural genetic “perturbations” or variations existing in a human population (rather than
experimentally perturbing the genome), enabling large-scale investigations into human diseases
and traits measured in vivo. For example, several coding variants in the PCSK9 gene were found
in GWAS to be associated with both low-density lipoprotein (LDL) levels and coronary artery
disease®. PCSK9, which encodes an enzyme involved in regulating LDL levels, has been
implicated in several cardiovascular diseases* and has been successfully targeted by a class of
cholesterol-lowering drugs®.

While GWAS have nominated thousands of disease-associated variants, the vast majority
of variants implicated in GWAS lie outside protein-coding regions of the genome'?®. Most variants
significantly associated with disease lie in intergenic or intronic regions, and only a small
proportion (~10%) lie in exons®. Furthermore, common diseases are often highly polygenic,
showing diffuse patterns of variant association rather than strong, concentrated signal around one
or a few genes®. Because many GWAS variants do not directly implicate a specific gene and
numerous genomic regions may be implicated in each GWAS, pinpointing the biological
mechanisms underlying GWAS variant-disease associations is often challenging.

These non-coding disease-associated variants often lie within non-coding regulatory
elements called enhancers, which are hypothesized to mediate disease risk by modulating the
expression of nearby genes’ . Enhancers, canonically marked by regions of open chromatin
and specific histone modifications (e.g. H3K4me1, H3K27ac), have long been experimentally
demonstrated to influence the expression of nearby genes'®'®. Partitioned heritability analyses

suggest that regions of open chromatin account for <20% of common SNPs tested in GWAS but



harbor the vast majority of GWAS signal, reflecting substantial enrichment for causal signal'”"®.

GWAS variants are particularly enriched in regions with histone modifications associated with
enhancer activity (H3K4me1, H3K27ac)".

Importantly, enhancer activity is highly cell type-specific'>?2. Canonical enhancer marks
(open chromatin, histone modifications) often differ greatly across cell types®, and disease
association signals are often highly enriched in regions with enhancer-associated marks in
disease-relevant cell types'®. Similarly, the genetic architectures driving gene expression shift
substantially throughout cellular differentiation and organismal development®?. Because
enhancer-gene relationships are highly dynamic, they can be difficult to pinpoint (data profiling
the relevant context may be unavailable).

Furthermore, non-coding variants often do not regulate the nearest gene®*%°. Genomic
distance is a powerful predictor of enhancer-gene regulatory interactions and the cis (proximal)
region surrounding a gene often harbors the most regulatory effects?*’. However, transcriptome-
wide association studies (TWAS) demonstrate that the genes whose genetically predicted
expression is most strongly associated with disease are often not the closest genes to disease-
associated variants?®; the nearest gene may be the target gene for as few as ~50% of disease
GWAS variants®*. Genetic regulation of gene expression is often orchestrated by distal regulatory
elements, precluding the use of a simple nearest-gene method to link GWAS variants to their
target genes. Thus, the specific biological mechanisms underlying GWAS associations remain
poorly understood??¢,

Outside of the lens of GWAS, mapping enhancer-gene regulatory architectures is critical
for understanding the cellular circuitry driving key developmental and disease processes. Indeed,
functionally important genomic regions are depleted of variation due to purifying selection; thus,
enhancers that do not harbor common genetic variation may be among the most disease-critical
regions (despite SNPs within the enhancer being absent or too rare to conduct a well-powered

GWAS)?*3, Networks of enhancers, in concert with transcription factors (TFs) and their target



genes, are hypothesized to regulate cellular development, respond to environmental stimuli, and
orchestrate a complex array of biological processes that work to maintain homeostasis and fend

13263436 ' A nascent category of gene therapy involves targeting

off internal and external threats
enhancers (either by modifying the activity of existing enhancers or by inserting new enhancers
in a relevant genomic location), which may provide an avenue for modulating gene expression
while avoiding the safety risks of directly manipulating coding sequences®’*8. Because enhancers
are highly context-specific, enhancer-targeting therapies may be safer and more effective than
directly modifying a gene, which can induce off-target effects.

For example, the SNP rs1427407, confidently fine-mapped for red blood cell count, lies in
an experimentally validated intronic enhancer of BCL11A. BCL11A is known to play a critical role

in fetal-to-adult hemoglobin switching in erythroid cells®%4°

, and the disruption of this enhancer
has been experimentally shown to result in decreased BCL71A expression and elevated fetal
hemoglobin*'. Experimental evidence also demonstrates that activity of the focal enhancer is
necessary for BCL11A expression in erythroid cells but not in other cell types*?, underscoring the
cell type-specificity of trait-relevant enhancer activity.

Previous approaches have used data from DNA sequence and epigenomic assays to
approximate the genomic location and activity of enhancers. Because functionally important
genomic regions are depleted of genetic variation, scores quantifying DNA sequence
conservation such as PhyloP and phastCons can be suggestive of enhancer activity?>**. Several
genome-wide biochemical assays can also provide suggestive evidence of enhancer activity.
Assay for Transposase-Accessible Chromatin using sequencing** (ATAC-seq) and DNase |
hypersensitive site sequencing* (DNase-seq) measure regions of open chromatin, which are
biologically available for interactions with transcription factors and other transcription machinery.
Histone chromatin immunoprecipitation sequencing (ChlP-seq) maps the locations of DNA

histone modifications related to enhancer activity (e.g. H3K27ac, H3K4me1)*. Transcription

factor ChlP-seq pinpoints the binding sites of transcription factors, which are hypothesized to



affect gene expression in concert with enhancers®. While these methods generate approximate
maps of putative enhancers across the genome, they do not intrinsically link enhancers to the
genes whose expression they regulate.

Previous methods to link enhancers to their target genes include large-scale or targeted
experimental validation, genetic association studies, additional genome-wide epigenomic assays,
and integrated computational approaches.

CRISPR-based approaches (including CRISPR interference, CRISPR activation, base
editing, and Perturb-seq), considered the current “gold standard” for identifying enhancer-gene
pairs, perturb a candidate enhancer and detect resulting changes (or lack thereof) in expression
of a candidate target gene*’~*°. However, CRISPR-based approaches often have low efficiency
and highly variable effectiveness (efficiency can vary dramatically across guide RNAs targeting
the same gene®). These experiments are often costly and laborious and may only simultaneously
profile a few elements or genes (though recent approaches have increased the number of tested

element-gene pairs per experimental input)*’—>°

. Furthermore, these experiments are often
restricted to cell lines that are prone to structural abnormalities and that may not reflect disease-
relevant in vivo contexts®’.

Massively parallel reporter assays (MPRA)% quantify changes in gene expression in
response to enhancer activity by cloning the candidate enhancer into a reporter construct and
measuring expression of a reporter gene. While MPRA are less expensive and traditionally
higher-throughput, they do not reflect gene regulation in an enhancer’s native chromatin context
and thus may be prone to false positive or biologically implausible results®. Like CRISPR-based
approaches, MPRA are also restricted to reporter systems which do not reflect in vivo contexts
relevant for human disease.

Expression quantitative trait loci (eQTL) measure associations between genotype and

63,64

gene expression across individuals®>**. eQTL studies are restricted to genomic regions harboring

genetic variation and are not well-powered for low-frequency or rare variants®*®°; because



2033 eQTL studies may not

functionally important genomic regions are depleted of variation
characterize disease-critical regulatory elements. Linkage disequilibrium (LD), correlation
between SNPs, also limits specificity of variant-gene associations, with many non-causal SNP-
gene associations induced by SNP-SNP associations. Importantly, unlike CRISPR- and MPRA-
based studies, eQTL only provide evidence of association and no direct evidence that a focal
SNP is causal in influencing focal gene expression; associations may instead reflect the biological
action of a biologically related or co-expressed gene. Recent work has also demonstrated limited
overlap between variants implicated by eQTL and GWAS®®"; indeed, only ~10% of disease-
causal genes have colocalizing GWAS and eQTL variants?'. One possible explanation for this
discrepancy is context-specific gene regulatory effects.

High-throughput chromatin conformation capture (Hi-C) detects 3D spatial interactions
between genomic regions; in particular, promoter capture Hi-C enriches for interactions between
non-coding regions and genes, nominating potentially causal enhancer-gene pairs®. Further,
HiChIP combines Hi-C and ChIP to detect 3D chromatin contacts associated with the binding of
a specific protein and can be used to identify putative enhancer-promoter loops in 3D space®.
However, Hi-C-based methods are difficult to conduct in primary cells, because a large number
of cells are required; thus, chromatin contexts detected by Hi-C may not reflect disease-relevant
interactions. These also do not imply causal enhancer-gene links and may be confounded by
other structural factors influencing 3D genome conformation.

Several computational approaches (e.g. EpiMap®, ABC?, ENCODE-rE2G?)
simultaneously leverage multiple data types (e.g. transcriptomic, epigenomic, chromatin
accessibility, and 3D contact information) to infer regulatory links between non-coding elements
and their target genes. While these computational approaches are powerful in predicting genome-
wide enhancer-gene maps, they represent predicted associations and do not themselves provide

evidence of causality. They also require inputs from large-scale experiments and/or “gold



standard” validation sets of enhancer-gene links and thus may be difficult to apply to specific or
rare disease contexts without significant experimental efforts.

Importantly, most prior methods were developed and applied to bulk data (which comprise
a single readout per sample representing an aggregate of all cells in the sample). Because
enhancer activity is highly cell type-specific'®??, bulk methods may be underpowered to detect
many disease-relevant context-specific enhancer-gene regulatory effects**. Bulk data sets are
also laborious to assemble, often requiring the recruitment of hundreds or thousands of human
participants to achieve meaningful statistical power (e.g. for eQTL studies).

Single-cell data (which provide a single readout for each individual cell within a sample)

characterize biological processes at high resolution®®7%"

. In their most proximal applications,
single-cell measurements enable the precise definition of a homogeneous sample from a
biological context of interest (for example, by restricting a single-cell RNA-seq data set to cells
that express markers of a particular cell type or disease state) prior to applying traditional bulk
methods (“pseudobulk”)’?"3. New computational methods have been further extended to not only
refine bulk samples but leverage biological variation across individual cells™ .

In particular, single-cell multiome technologies co-assaying chromatin accessibility and
gene expression (sScCRNA+ATAC-seq) profile the enhancer-gene regulatory landscape at high
resolution. By jointly capturing the activity of candidate enhancers (as measured by “peaks” of
open chromatin in scATAC-seq) and candidate target genes (as measured by scRNA-seq), these
technologies enable the detection of regulatory interactions by associating the accessibility of
non-coding regulatory elements with gene expression across individual cells, revealing rich
profiles of gene regulatory processes in diverse cell types and states’®®. In addition to providing
complementary information on multiple cellular modalities, scRNA+ATAC-seq data capture in vivo

regulatory contexts and thus may have greater potential to reflect disease-relevant regulatory

interactions relative to data collected in cell lines or from experimentally perturbed samples.



‘Peak-gene linking methods,” computational methods which predict enhancer-gene links
from scRNA+ATAC-seq data by correlating the accessibility of ATAC peaks with genes, have
shown particular promise in linking regulatory elements to their target genes’”%-2, Other studies

828393 or constructed ‘modules’ of co-

have produced methods for mapping peak co-accessibility
accessible peaks®* from single-cell ATAC-seq data, inferring a larger regulatory network in
which enhancer-gene interactions operate and raising the question of coordinated enhancer
action®>98,

In addition, single-cell eQTL mapping methods have been developed to capture genetic
variants controlling gene expression at a more granular level. These approaches can model gene
expression values from individual cells as multiple draws from a distribution, rather than using a
single gene expression value aggregated across cells, providing a richer profile of genetic
regulatory control’""*%°_ Disease-driving genetic variants may only affect gene expression in a
specific rare or transitional cell state; thus, their effects may not be detected by eQTL studies

21,22,70,100

using bulk data . In contrast to bulk and pseudobulk eQTL mapping, single-cell
approaches can characterize eQTL in fine-grained cell states (e.g. lymphocyte cytotoxicity,
activation, cellular stress, etc.), which are often implicated in disease mechanisms and difficult to
precisely define®.

While methods characterizing gene regulatory architectures from single-cell data show
promise, statistical and biological challenges of analyzing these data persist.

For peak-gene linking, causal inference remains challenging due to a lack of consensus
around enhancer-gene modeling approaches as well as biological and technical correlation
structure present in single-cell data. Existing methods take varied approaches to selecting
candidate peak-gene links, modeling the peak-gene relationship’”8°°  Additionally, previously
proposed peak-gene linking methods have attempted to account for false positive links induced

77,80,81,84,88

by technical and biological confounders and gene co-expression®, but have not fully

explored how enhancer correlations may confound enhancer-gene linking.



For single-cell eQTL mapping, single-cell data sets used for eQTL mapping are also more
complicated in structure than bulk data sets. Each observation in single-cell eQTL mapping is a
single cell, and individuals may differ in their overall and cell type-specific cell abundance.
Therefore, these approaches often require complex or hierarchical models (e.g. to distinguish
cell-level vs. donor-level effects) to avoid false positives (from assuming independence across
non-independent observations), which impose a significant computational burden’!86:89.101
Methods that handle the statistical, biological, and computational challenges of genome-wide
single-cell data are needed to realize the promise of emerging high-resolution and high-
dimensional single-cell eQTL data sets®8891,

For both peak-gene linking methods and single-cell eQTL methods, single-cell data is
subject to high levels of measurement noise, which often does not follow a normal distribution

102,103

and is thus not amenable to standard statistical solutions or assumptions . In these

conditions, linear models may produce false positive associations. To combat this, single-cell

81,82,104

models must implement careful normalization or use Poisson or zero-inflated negative

binomial models rather than linear models®®®

. (Also of note, these methods are purely
correlational, measuring associations between ATAC peaks or SNPs and genes; they do not
provide causal evidence of a regulatory relationship.)

Characterizing gene regulatory architectures by linking enhancers to their target genes is
critical for the functional interpretation of GWAS discoveries and understanding the circuitry
driving key developmental and disease processes. In the following chapters, we develop and
characterize statistical methods to link enhancers (and the regulatory variants they harbor) to their
target genes, carefully considering the challenges and leveraging the advantages of high-
dimensional genome-wide single-cell data.

In Chapter 2, we present a new statistical method for linking enhancers to their target

genes using single-cell multiome data. While peak-gene linking methods show promise in linking

regulatory elements to genes, we show that existing methods exhibit low concordance and do not



capture the effects of genomic distance. We present pgBoost, an integrative modeling framework
that trains a non-linear combination of existing linking strategies (including genomic distance) on
eQTL data to assign a probabilistic score to each candidate SNP-gene link. We show that pgBoost
outperforms existing methods (including genomic distance) on evaluation sets derived from
genetic and experimental data. We further demonstrate that restricting pgBoost to features from
a focal cell type improved power to identify links relevant to that cell type. We highlight several
examples where pgBoost linked fine-mapped GWAS variants to experimentally validated or
biologically plausible target genes that were not implicated by other methods.

In Chapter 3, we investigate correlation structure in single-cell multiome data, which may
induce false positive enhancer-gene associations, and propose a framework for improving peak-
gene linking accuracy in light of this structure. We demonstrate that “tagging” effects (non-causal
peak-gene associations induced by peak-peak correlations) are pervasive in peak-gene linking
by analyzing peak-peak correlations among CRISPR-tested enhancer-gene pairs. We further
show that peak-peak correlations are substantially driven by shared transcription factor (TF)
activity within correlated peaks. Consistent with widespread tagging, peak-gene links that we fine-
mapped using SuSiE significantly outperformed marginal peak-gene links in evaluation sets
derived from genetic and experimental data. We provide examples demonstrating the impact of
tagging effects at specific peaks and genes implicated in GWAS of blood cell traits.

In Chapter 4, we describe a new method for mapping cell state-dependent genetic effects
on gene expression and characterize the landscape of context-dependent gene regulation. We
validate and apply a dynamic single-cell eQTL framework with an interaction term to model
continuous cell states across single cells, identifying genetic variants that affect gene expression
in a cell state-dependent manner. We discover a substantial number of genes with genetic effects
that interact with cell state, and we demonstrate that these effects are sometimes independent

from the main genetic effect. We further show that interaction genetic effects colocalize with



GWAS associations and provide examples. Our findings suggest that dynamic eQTL mapping
reveals novel regulatory variant-gene relationships.

In conclusion, each of these efforts will advance our understanding of gene regulatory
architectures, provide new insights into disease etiology, and elucidate potential therapeutic
targets. Training a non-linear combination of linking strategies improves power to identify target
genes underlying GWAS associations. Investigating the correlation structure in single-cell
multiome data demonstrates the importance of accounting for tagging effects when linking
enhancers to target genes, leveraging information from broader enhancer regulatory networks
to reduce false positive enhancer-gene associations. Profiling conditional dynamic eQTL reveals
previously undiscovered cell state-dependent enhancer-gene relationships. These efforts
leverage the unprecedented power and resolution of genome-wide single-cell data to
characterize rich and multi-layered gene regulatory architectures and advance our

understanding of human disease biology.
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Chapter 2: Linking regulatory variants to genes by integrating single-cell

multiome methods and genomic distance

Elizabeth Dorans, Karthik Jagadeesh, Kushal Dey*, Alkes L. Price*

*These authors contributed equally

Introduction

More than 90% of disease-associated genetic variants implicated in genome-wide
association studies (GWAS) lie outside of protein-coding regions of the genome®. However, non-
coding variants often do not regulate the nearest gene®?°; thus, the biological mechanisms
underlying these associations remains poorly understood®?®. Previous methods have leveraged
transcriptomic, epigenomic, chromatin accessibility, and 3D contact information to infer regulatory
links between non-coding elements and their target genes?*2>" but methods analyzing data from
bulk tissues or cell lines may be underpowered to detect cell-type-specific patterns®. Nascent
single-cell multiome technologies co-assaying chromatin accessibility and gene expression
(scRNA/ATAC-seq) enable the detection of context-specific regulatory relationships by correlating
the accessibility of candidate regulatory elements (as measured by ATAC-seq peaks) with gene
expression (as measured by RNA-seq) across individual cells’®®. While existing peak-gene

linking methods have shown promise®’-¢

, we observe low concordance in their linking scores
(Figure 2.1a), and these methods underperform a simple genomic distance-based linking score
in their enrichment for fine-mapped eSNP-eGene pairs (Figure 2.1b) and other evaluation sets
(see below).

Here, we propose an eQTL-informed gradient boosting'®

approach (pgBoost) that
integrates linking scores from existing peak-gene linking methods across cell types and data sets

with genomic distance, training on fine-mapped eQTL data to assign a single probabilistic score

11



to each candidate SNP-gene link. We evaluate the performance of pgBoost and existing methods
using sets of SNP-gene links derived from eQTL®%*  Activity-By-Contact (ABC)*?’, CRISPR*~
% and GWAS'%'% data. We also investigate whether restricting to single-cell data from a focal
cell type can improve power to detect links relevant to that cell type. We further highlight examples
demonstrating that our integrative approach can aid in the biological interpretation of GWAS
variant-disease associations. Accurately mapping regulatory architectures can improve our
understanding of disease mechanisms and highlight regulatory relationships with therapeutic
potential.
Results
Overview of Methods

pgBoost integrates information from existing peak-gene linking scores derived from single-
cell RNA/ATAC-seq multiome data’’%%? (or scATAC-seq data®®), as well as genomic distance,
to predict regulatory SNP-gene links (Figure 2.2). The existing scores assess the co-activity of

77,80-82 (

ATAC peaks and genes or the co-accessibility of peaks and gene promoters®®) across

single cells”’8%®" (or metacells®*®) and are computed separately for each multiome data set and

k1 05

cell type. pgBoost optimizes a gradient boosting classification task'™, using existing scores from

each data set and cell type and genomic distance as features and fine-mapped GTEx eSNP-

eGene pairs®54

as training data (Figure 2.2). The gradient boosting algorithm, a decision tree-
based ensemble approach, learns the non-linear relationships among these features to predict
the causal probability of candidate SNP-gene links.

In this study, we computed peak-gene linking scores using the existing single-cell methods
SCENT?®, Signac’”?', ArchR¥, and Cicero®, restricting to cis peak-gene pairs with peak-TSS
distance >1kb and <500kb, thus focusing primarily on enhancer-gene links rather than promoter-
gene links (Table 2.1 and Methods). To integrate linking scores from existing methods across

data sets, we intersected ATAC peaks with 1000 Genomes Project variants with minor allele count

> 5, thus analyzing SNP-gene links instead of peak-gene links. We selected pgBoost features

12



from the output of SCENT, Signac, ArchR, and Cicero using evaluation sets of SNP-gene links
(see below and Supplementary Note). After this feature selection step, pgBoost features for
each candidate SNP-gene link included 3 features for each data set and cell type—peak-gene
effect sizes generated by SCENT, Signac, and Cicero—and 2 distance-based features: SNP-TSS
distance and a binary variable indicating whether the candidate SNP links to the gene with closest
TSS (Table 2.2 and Methods). As positive and negative training sets, we used fine-mapped
eSNP-eGene pairs assigned maximum PIP > 0.2 and maximum PIP < 0.01 across GTEx

tissues®364

, respectively, incorporating training data from 49 tissues (Supplementary Figure 2.1
and Methods). To avoid overfitting, we trained pgBoost using a leave-one-chromosome-out
(LOCO) approach, generating predictions on held-out chromosomes. We have publicly released
open-source software implementing pgBoost (see Code Availability).

We compared pgBoost to each existing peak-gene linking method (specifically, the top
score assigned by each method across data sets and cell types analyzed) and to a distance-
based method that ranks candidate SNP-gene links based on their genomic distance (Methods).
For a given evaluation data set and a given method, we computed average enrichment across
recall values, defined as the enrichment of predicted SNP-gene links in the set of evaluation links,
averaged across values of recall and upweighting enrichments at lower values of recall
(Methods). To evaluate performance at more proximal vs. more distal links, we computed
average enrichment when restricting candidate and evaluation SNP-gene links to various distance
thresholds ranging from >1kb to >100kb. We conservatively restrict the set of candidate SNP-
gene links used in all computations to SNP-gene pairs involving a SNP lying in an ATAC peak
(not all cis SNP-gene pairs as in ref.?), leading to much lower enrichment for all methods.

We analyzed 4 scRNA/ATAC-seq multiome data sets (10x PBMC'%, Luecken BMMC'%,
SHARE-seq LCL"", Xu K562''°) that each spanned 1-5 blood/immune cell types (total of 10 data
set-cell type pairs, spanning 7 cell types and 93K cells after QC) (Table 2.2, Supplementary

Figure 2.2, and Methods; see Data Availability). This resulted in 32 pgBoost features (combined

13



in a single model), including 2 features based on genomic distance. We computed each of these
features for 6,882,594 candidate SNP-gene links. We have publicly released linking scores and
percentiles for every method considered in this study (see Data Availability).
pgBoost enrichment in eQTL and ABC evaluation sets

We constructed pgBoost predictions and assessed whether SNP-gene links predicted by
pgBoost recapitulated SNP-gene links predicted by eQTL (via fine-mapped eSNP-eGene

6364y and Activity-By-Contact (ABC)?*?”. We compared pgBoost to existing peak-gene linking

pairs
methods and to restricted gradient boosting models using linking scores from a single method
plus distance as features. We note that although SNP-gene links predicted by eQTL/ABC are only
partially accurate and represent statistical predictions rather than gold-standard links, high
enrichment with respect to these evaluation sets is still suggestive of high power to detect true
links. We also note that, in primary analyses, pgBoost uses the eQTL evaluation set for training.
We use a LOCO approach such that overfitting, if present, would reduce (and not improve) model
performance on the eQTL evaluation set. However, results on the eQTL evaluation set should still
be viewed as a best-case scenario for pgBoost.

Results for 4,434 SNP-gene links implicated by eQTL (fine-mapped eSNP-eGene pairs
with maximum PIP > 0.5 across GTEx tissues®*®*; see Data Availability) are reported in Figure
2.3a and Supplementary Figure 2.3. pgBoost significantly outperformed the 4 existing scores
(SCENT, Signac, ArchR, Cicero) at all distance thresholds, including >10kb (average enrichment
12x vs. 1.9-2.2x, all p-values for difference < 4e-69). pgBoost did not significantly outperform the
distance-based method when including all links (distance >1kb; 18.3x vs. 17.7x, p = 0.27), but
significantly outperformed it at increasingly distal thresholds, including >10kb (12.0x vs. 10.6x, p
= 2e-4) and >100kb (12x vs. 3.9x, p = 2e-5). pgBoost also significantly outperformed a gradient
boosting model restricted to SCENT scores plus distance as features, but did not significantly

outperform gradient boosting models restricted to Signac, ArchR, or Cicero scores plus distance

(Figure 2.3b) (but see results for other evaluation sets below). Analyses using secondary

14



evaluation metrics produced similar findings (Supplementary Figure 2.5a, Supplementary
Figure 2.6a, Supplementary Figure 2.7a).

Results for 53,701 SNP-gene links implicated by ABC (ABC score > 0.2 in at least one of
344 biosamples?®?’) are reported in Figure 2.3c and Supplementary Figure 2.4. pgBoost
significantly outperformed all 4 existing scores (SCENT, Signac, ArchR, Cicero) at >1kb (65x vs.
2.1-4.9x, all p-values for difference < 2e-308) and >10kb (37x vs. 2.9-10x, all p-values for
difference < 4e-45), but not at >100kb (12x vs. 3.5-18x, p-values for difference = 0.01-0.72).
pgBoost did not significantly outperform the distance-based method when including all links
(distance >1kb; 65x vs. 66x, p = 0.25), but significantly outperformed it at increasingly distal
thresholds, including >10kb (37x vs. 26x, p = 2e-11) and >100kb (12x vs. 4.6x, p = 0.04); we note
that the ABC evaluation set strongly favors links at shorter distances (thus favoring the distance-
based method), as it is derived from Hi-C contact frequencies that are largely determined by

genomic distance® ™"

(Supplementary Figure 2.8). pgBoost also outperformed gradient
boosting models restricted to SCENT, Signac, or ArchR scores plus distance as features, but did
not significantly outperform a gradient boosting model restricted to Cicero scores plus distance
(Figure 2.3d). Analyses using secondary evaluation metrics produced similar findings
(Supplementary Figure 2.5b, Supplementary Figure 2.6b, Supplementary Figure 2.7b).

We performed 2 secondary analyses. First, we compared pgBoost to a logistic regression
model using identical features and determined that gradient boosting significantly outperformed
logistic regression on eQTL evaluation data (Extended Data Figure 2.1a-b). Second, we
compared pgBoost to an eQTL-based linking strategy. We determined that pgBoost significantly
outperformed the eQTL-based linking strategy on ABC evaluation data (Extended Data Figure

2.2a). Additional secondary analyses are reported in the Supplementary Note and

Supplementary Figures 1.9-1.15.
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As more distal links are generally more difficult to detect and are of high biological interest

25 these

(in particular, causal variants in disease GWAS often do not link to the closest gene
results indicate substantial potential for pgBoost to identify biologically important SNP-gene links.
pgBoost enrichment in CRISPR and GWAS evaluation sets

We assessed whether SNP-gene links predicted by pgBoost recapitulated relatively
smaller sets of gold-standard SNP-gene links that were either experimentally validated using
CRISPR*=® or implicated by fine-mapped non-coding variants near genes with fine-mapped
coding variants in disease/complex trait GWAS'%%”  providing strong evidence of biological
causality. We note that the CRISPR SNP-gene links were derived from regulatory element-gene
links based on SNPs that reside in a regulatory element.

Results for 892 gold-standard SNP-gene links experimentally validated in 9 CRISPR
perturbation studies*’~*° (see Data Availability) are reported in Figure 2.4a and Supplementary
Figure 2.16. pgBoost significantly outperformed the 4 existing scores (SCENT, Signac, ArchR,
Cicero) at >1kb (7.6x vs. 1.5-3.3x, all p-values for difference < 2e-12) and >10kb (6.5x vs. 1.5-
3.3x, all p-values for difference < 6e-6), but not at >100kb (8.4x vs. 1.5-3.1x, p-values for
difference = 0.03-0.09). pgBoost significantly outperformed the distance-based method at all
distance thresholds, including >10kb (6.5x vs. 5.0x, p = 4e-3). pgBoost also outperformed gradient
boosting models restricted to SCENT, ArchR, or Cicero scores plus distance as features, but did
not significantly outperform a gradient boosting model restricted to Signac scores plus distance
(Figure 2.4b). Analyses using secondary evaluation metrics produced similar findings
(Supplementary Figure 2.18a, Supplementary Figure 2.19a, Supplementary Figure 2.20a).
We note that all CRISPR evaluation data was derived from the K562 erythroleukemia cell line, a
cell line that is widely analyzed in CRISPR experiments®'; while CRISPR experiments are viewed
as a general gold-standard®®°, the relevance of these links to individual cell types will be explored

below.
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Results for 155 gold-standard SNP-gene links implicated by fine-mapped non-coding

variants near genes with fine-mapped coding variants'®

in GWAS of 94 diseases/complex traits
from the UK Biobank'%"''? (see Methods and Data Availability) are reported in Figure 2.4c and
Supplementary Figure 2.17. pgBoost significantly outperformed the 4 existing scores (SCENT,
Signac, ArchR, Cicero) at all distance thresholds, including >10kb (6.9x vs. 1.9-2.1x, all p-values
for difference < 6e-7). pgBoost and the distance-based method performed similarly when
including all links (distance >1kb; 6.8x vs. 6.7x, p = 0.87), but pgBoost performed significantly
better at distance >10kb (7.0x vs. 5.2x, p = 3e-3) and >100kb (13x vs. 3.6x, p = 0.04). Differences
between pgBoost and gradient boosting models restricted to one existing score plus distance
were not statistically significant (Figure 2.4d). Analyses using secondary evaluation metrics
produced similar findings (Supplementary Figure 2.18b, Supplementary Figure 2.19b,
Supplementary Figure 2.20b).

We evaluated the performance of pgBoost trained on other training data sets, using the
same set of input features. First, we trained pgBoost using CRISPR links. We found that training
on eQTL significantly outperformed training on CRISPR for eQTL and ABC evaluations but
yielded similar performance on CRISPR and GWAS evaluations, motivating further research on
training using CRISPR data (Extended Data Figure 2.3). Second, we trained pgBoost using fine-
mapped eSNP-eGene pairs in whole blood (the GTEx tissue closest to the single-cell data)
instead of all GTEXx tissues. Training on eSNP-eGene pairs from all GTEXx tissues significantly
outperformed training on blood eSNP-eGene pairs for eQTL, ABC, CRISPR, and GWAS
evaluations (Extended Data Figure 2.4). Additional training set analyses are reported in the
Supplementary Note and Supplementary Figures 1.21-1.25.

To select features for the main pgBoost model, we performed sequential feature selection,
comparing the performance of pgBoost models using different feature sets on eQTL, ABC,
CRISPR, and GWAS evaluations (Supplementary Note). This approach selected SCENT,

Signac, and Cicero features (but not ArchR features), in addition to distance-based features, for
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inclusion in the main pgBoost model. pgBoost significantly outperformed restricted gradient
boosting models using a subset of existing scores as features and an expanded model adding
ArchR features (Figure 2.3b, Figure 2.3d, Figure 2.4b, Figure 2.4d, Extended Data Figure 2.5,
Extended Data Figure 2.6), for various subsets of evaluation sets. Additional feature set
analyses are reported in the Supplementary Note and Supplementary Figures 1.26-1.32.

We also compared pgBoost to the ENCODE-rE2G method?, a logistic regression model
using chromatin activity and 3D interactions as features and using CRISPRi data*’~*® from K562
cells to guide training (see Data Availability). We determined that pgBoost significantly
outperformed ENCODE-rE2G on eQTL evaluation data (Extended Data Figure 2.7a) and
ENCODE-rE2G significantly outperformed pgBoost on CRISPR evaluation data (Extended Data
Figure 2.7b), consistent with the training data used by each method. In addition, pgBoost
significantly outperformed ENCODE-rE2G on longer-range (>50kb and >100kb) GWAS
evaluation data (Extended Data Figure 2.7c). Further details and additional secondary analyses
are reported in the Supplementary Note and Supplementary Figures 1.33-1.34.

These results indicate substantial power for pgBoost to detect experimentally validated
links and links underlying disease/complex trait GWAS associations. In particular, pgBoost
strongly outperformed the 4 existing scores and distance-based method in capturing longer-range
links.

Identifying SNP-gene links in a focal cell type

pgBoost leverages features from an input set of data set-cell type pairs, which may often
span multiple cell types (Figure 2.2, Table 2.2). However, in settings where the goal is to predict
SNP-gene links in a focal cell type, it may be beneficial to restrict model features to that cell type.
We generated independent pgBoost predictions for each of the 4 major cell types of the Luecken
BMMC' multiome data set (spanning >8,000 cells: T cell, B cell, myeloid, erythroid; Table 2.2),
K562 cells from the Xu'"® data set, and oligodendroglia from an additional brain multiome data

set (Meijer'’®; see Data Availability) by restricting model features to each cell type in turn (as
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well as the 2 distance-based features; Methods) during model training and prediction. We
continued to use fine-mapped eSNP-eGene pairs®*% (maximum PIP > 0.2 vs. maximum PIP <
0.01 across GTEXx tissues; Methods) as training data. We compared these pgBoost predictions
(as well as pgBoost predictions using model features from multiple cell types) using two different
types of evaluation involving a focal cell type: cell-type-specific evaluation, involving evaluation
sets of SNP-gene links that are present in the focal cell type and absent from other cell types, and
cell-type-level evaluation, involving evaluation sets of SNP-gene links that are present in the focal
cell type (irrespective of presence/absence in other cell types).

We first analyzed cell-type-specific ABC evaluation data in 4 blood/immune cell types,
defined by SNP-gene links strongly implicated in biosample(s) related to the focal cell type (ABC
score > 0.2) and not strongly implicated in other biosamples (ABC score < 0.1; see Methods).
We compared the performance of pgBoost models restricted to T cells, B cells, myeloid cells,
erythroid cells, K562, or the union of these 5 cell types on cell-type-specific ABC evaluation sets
from T cells, B cells, myeloid cells, or K562 (excluding erythroid, which was not available). Across
the 4 evaluation sets, the pgBoost model restricted to features from the focal cell type significantly
outperformed models restricted to other cell types and usually significantly outperformed the
model spanning the union of all 5 cell types (Figure 2.5a, left panel and Supplementary Figure
2.35); differences between models were not statistically significant at other distance thresholds
besides >1kb (Supplementary Figure 2.36).

We next analyzed tissue-specific ABC evaluation data in blood or brain, similarly defined by
SNP-gene links strongly implicated in biosample(s) related to a focal tissue and not strongly
implicated in other biosamples. We compared the performance of pgBoost models restricted to
K562 or brain oligodendroglia on tissue-specific ABC evaluation sets from blood or brain tissue.
Across blood and brain evaluation sets, the pgBoost model restricted to features related to the
focal tissue (K562 or brain oligodendroglia, respectively) significantly outperformed the model

restricted to features related to the non-focal tissue (Figure 2.5a, right panel and
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Supplementary Figure 2.37); the model spanning both tissues significantly outperformed both
tissue-specific models on blood-specific ABC evaluation data, but significantly underperformed
the model restricted to brain oligodendroglia on brain-specific ABC evaluation data. Results
were similar at other distance thresholds (Supplementary Figure 2.36).

We next analyzed cell-type-level CRISPR evaluation data*’->°, defined by SNP-gene links
experimentally validated in the K562 cell line. The pgBoost model restricted to features from K562
significantly outperformed models restricted to other cell types (Figure 2.5b and Supplementary
Figure 2.38); the model restricted to K562 did not significantly outperform the model spanning
the union of all 5 blood/immune cell types at >1kb, but significantly outperformed it at more distal
thresholds (> 5kb to >100kb) (Supplementary Figure 2.39). We did not consider cell-type-
specific CRISPR evaluation, because all CRISPR evaluation data was derived from K562.

We also analyzed cell-type-level GWAS variant evaluation data, defined by fine-mapped
variants for 7 autoimmune diseases and granulocyte-related blood cell traits (for which T cells, B
cells and myeloid cells are most relevant) and 7 red blood cell or platelet-related blood cell traits
(for which erythroid cells are most relevant) (Supplementary Note). For the first (resp. second)
set of traits, the pgBoost models restricted to B cells and myeloid cells (resp. erythroid cells)
outperformed models restricted to other cell types (Extended Data Figure 2.8).

We also analyzed cell-type-level GTEx evaluation data, defined by fine-mapped eSNP-
eGene pairs identified in EBV-transformed lymphocytes or LCL. A pgBoost model restricted to
features from the SHARE-seq LCL" data set (Table 2.2) outperformed models restricted to other
cell types (Extended Data Figure 2.9). We further analyzed cell-type-level or tissue-level ABC
evaluation data, defined by SNP-gene links identified in biosample(s) related to the focal cell
type/tissue (ABC score > 0.2), irrespective of other biosamples. Models restricted to the focal cell
type/tissue generally significantly outperformed models restricted to other cell types/tissues and
the model spanning the union of all cell types (Extended Data Figure 2.10). Additional secondary

analyses are reported in the Supplementary Note and Supplementary Figures 1.40-1.44.
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We conclude that training pgBoost by restricting to features from a focal cell type generally
maximizes power to detect SNP-gene links corresponding to that cell type in cell-type-specific
and cell-type-level evaluation data—despite the inclusion of fine-mapped eSNP-eGene pairs from
all GTEx tissues in our training data (see Extended Data Figure 2.4). However, training pgBoost
using all cell types attained similar performance as training pgBoost in the focal cell type in some
cell-type-specific and cell-type-level evaluation experiments.
pgBoost links variants to genes mediating GWAS associations

We have shown that SNP-gene links identified by pgBoost may not be identified by other
methods (Figure 2.3 and Figure 2.4). Below, we dissect four loci in which pgBoost links fine-
mapped GWAS variants to experimentally validated or biologically plausible target genes that are
not identified by other single-cell methods and/or the distance-based method. For simplicity, we
defined SNP-gene links identified by a given method based on the top 5% of linking scores across
all candidate links at distance >1kb. These examples were derived from fine-mapping results for
94 diseases/complex traits (see Data Availability).

First, pgBoost linked rs499883 (fine-mapped for apolipoprotein B'7112114 | DL
cholesterol'"1211% and total cholesterol'""'211% each with PIP = 1.00) to PCSK9 (intronic variant
14kb from TSS; closest TSS) (Figure 2.6a). This is considered a gold-standard SNP-gene link,
based on an independent PCSK9 GWAS coding variant that was fine-mapped for apolipoprotein
B'%8197 " an essential structural protein of LDL cholesterol. PCSK9, which encodes an enzyme
involved in regulating LDL levels, has been implicated in several cardiovascular diseases* and
has been successfully targeted by a class of cholesterol-lowering drugs®. This link also scored in
the top 5% of links predicted by the distance-based method, but scored outside the top 5% of
links predicted by existing single-cell methods.

Second, pgBoost linked rs12722502 (fine-mapped for deep vein thrombosis with PIP =
0.93 and eosinophil count with PIP = 0.52'%7:112114) to JL 2RA (11kb distance to TSS; closest TSS)

(Figure 2.6b). rs12722502 lies in an intronic enhancer of IL2RA experimentally validated by
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CRISPR activation'®. IL2RA encodes a key component of the interleukin 2 signaling pathway
critical for T cell proliferation and homeostasis''” and has been implicated in several autoimmune

18120 This link scored in the top 5% of links predicted by most methods (Signac, Cicero,

diseases
ArchR, and the distance-based method). However, SCENT, ArchR, and Cicero each assigned
highest priority to other genes (RMB27, IL15RA) and additionally prioritized other genes in the
top 5% of links (GDI2, ANKRD16, FBX0O18, PFKFBS3).

Third, pgBoost linked rs12151289 (fine-mapped for monocyte count with PIP = 1.00,
basophil count with PIP = 0.98, and mean corpuscular volume with PIP = 0.82'":11211%) to CEBPA
(42kb distance to TSS, 2nd closest TSS) (Figure 2.6¢). rs12151289 lies in an enhancer of CEBPA
experimentally validated by CRISPR'?". CEBPA has been widely studied for its role in myeloid
cell differentiation and proliferation, and somatic mutations in the CEBPA gene are associated
with acute myeloid leukemia and other hematological malignancies'??'?3. This link also scored in
the top 5% of links predicted by Cicero, but scored outside of the top 5% of links predicted by the
distance-based method and other existing methods.

Fourth, pgBoost linked rs28679793 (fine-mapped for mean corpuscular hemoglobin
concentration with PIP = 0.98'%7121'%) to SPTB (56kb distance to TSS; 3rd closest TSS) (Figure
2.6d). SPTB encodes a protein critical for red blood cell membrane stability and has been
implicated in disorders stemming from erythrocytic abnormalities, including spherocytosis and
hemolytic anemia'®~"'?®. Thus, while the link between rs28679793 and SPTB has not been
experimentally tested (to our knowledge), SPTB is a biologically plausible target gene. This link
also scored in the top 5% of links predicted by SCENT and Signac, but scored outside of the top
5% of links predicted by the distance-based method, ArchR, and Cicero.

Additional examples are discussed in the Supplementary Note and Supplementary
Figure 2.45. These examples demonstrate that pgBoost can combine weak or conflicting
evidence from constituent methods to link regulatory variants to experimentally validated or

biologically plausible target genes.
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Discussion

We developed a gradient boosting'® framework (pgBoost) integrating single-cell peak-

80-83 63,64

gene linking scores with genomic distance by training on fine-mapped eSNP-eGene pairs
to predict the causal probability of candidate SNP-gene links. We demonstrated that pgBoost
significantly outperforms existing single-cell methods and genomic distance in enrichment for
SNP-gene links derived from eQTL®*®, Activity-By-Contact (ABC)?*?’, CRISPRi*"°, and
GWAS'%197 gata. In particular, pgBoost substantially outperformed existing methods in
evaluations of longer-range links, which are of high biological importance (for example, non-

2%2%) and are more difficult to

coding variants in GWAS often do not regulate the closest gene
capture using distance-based approaches. We further demonstrated that restricting pgBoost to
features from a focal cell type improves power to detect regulatory links relevant to that cell type,
supporting the future application of this framework to a wider variety of biological contexts. Finally,
we applied pgBoost scores to fine-mapping results for 94 diseases/traits to nominate target genes
mediating GWAS associations, highlighting several examples where pgBoost links a fine-mapped
variant to an experimentally validated or biologically plausible target gene.

Our work has several implications for downstream analyses. First, we have publicly
released pgBoost scores as a resource to aid in the functional interpretation of GWAS variant-
disease associations or epigenomic assays. While we highlight links scoring in the top 5% by
pgBoost score, we note that this is a stringent cutoff at larger distances (for example, only 0.3%
of links >100kb are included in the top 5% of all links); thus, this threshold could plausibly be
relaxed for longer-range links. Second, pgBoost scores nominate SNP-gene pairs with high
causal probability for functional follow-up (e.g. CRISPRIi or base editing®) to validate predicted
links and dissect underlying biological mechanisms. Third, we have publicly released open-source
software enabling users to retrain pgBoost while incorporating features from additional

scRNA/ATAC-seq multiome data sets (or additional single-cell methods). In settings where the

goal is to predict SNP-gene links across a broad set of cell types, or in a cell type (or context/state)
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that is not represented in multiome data, we recommend incorporating features from a larger
number of multiome data sets (as this approach generally improves pgBoost performance;
Supplementary Figure 2.30 and Supplementary Figure 2.31). In settings where the goal is to
predict SNP-gene links in a focal cell type, we recommend incorporating features from only the
focal cell type (as this approach usually performs best; Figure 2.5). Fourth, the eQTL, ABC,
CRISPR and GWAS evaluation sets of SNP-gene links that we have used here may prove useful
in future studies.

Our work has several limitations and directions for future research. First, we primarily

focused our analyses on blood/immune cell types (for which there currently exist multiple high-

77,108—110) t113

quality multiome data sets . Tissue-specific analyses using a brain data set'"™ yielded
encouraging results for pgBoost performance in broader biological contexts (Figure 2.5a, right
panel), but it will be important to apply pgBoost to other tissues/cell types as more multiome data
becomes available. Second, a high pgBoost score (for example, in the top 5% of all links) does
not imply biological causality, underscoring the importance of experimental validation. Third,
pgBoost does not include as features enhancer-associated biochemical and epigenomic
annotations; including these features in future extensions of pgBoost may further improve
performance. Additional limitations are discussed in the Supplementary Note. Despite these
limitations, we have shown that pgBoost improves power to link regulatory variants to genes and
can aid the functional interpretation of GWAS variant-disease associations.
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Figure 2.1. Existing single-cell peak-gene linking methods exhibit low concordance and
underperform a distance-based linking score. a) Pearson correlation matrix of linking scores
predicted by genomic distance from TSS and 4 single-cell peak-gene linking methods (Table 2.1)
across 2,672,886 candidate SNP-gene links scored by any method in T cells from the 10x PBMC
data set (Table 2). b) Average enrichment across recall values of links predicted by distance and
4 single-cell peak-gene linking methods (across 6,882,594 candidate SNP-gene links scored in 4
single-cell multiome data sets; Table 2.2) for 4,434 fine-mapped eSNP-eGene pairs attaining
maximum PIP > 0.5 across all GTEXx tissues (Methods). Confidence intervals denote standard
errors. Stars denote 2-sided bootstrap p-values for difference (***: p < 0.001) of top method
(denoted in black outline) vs. each other method (actual p-values < 2e-152 vs. each method)
(Methods).
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Figure 2.2. Overview of pgBoost method. a) Single-cell peak-gene linking methods assign
linking scores measuring the co-activity of ATAC peak-gene pairs. b) pgBoost learns a non-linear
combination of SNP-gene distance and linking scores across methods, cell types, and data sets
to assign probabilistic linking scores using a gradient boosting classification framework and a
training set of positive and negative links comprised of fine-mapped eSNP-eGene pairs attaining
maximum PIP > 0.2 and maximum PIP < 0.01 across all GTEXx tissues, respectively. This figure
was created with BioRender.com.
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Figure 2.3. Performance of pgBoost and other methods on eQTL and ABC evaluation data
sets. a) Average enrichment across recall values of links predicted by pgBoost, distance, and 4
existing methods for 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across
GTEXx tissues, at various distance thresholds. b) Average enrichment across recall values of links
predicted by pgBoost (denoted in black outline) vs. gradient boosting models restricted to linking
scores from a single existing method plus distance for 4,434 fine-mapped eSNP-eGene pairs
attaining maximum PIP > 0.5 across GTEXx tissues, at >10kb. ¢) Average enrichment across recall
values of links predicted by pgBoost, distance, and 4 existing methods for 53,701 SNP-gene pairs
attaining maximum ABC score > 0.2 across 344 biosamples, at various distance thresholds. d)
Average enrichment across recall values of links predicted by pgBoost (denoted in black outline)
vs. gradient boosting models restricted to linking scores from a single existing method plus
distance for 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344 biosamples,
at >10kb. The number of positive evaluation links at each distance threshold is specified in
parentheses in a and c. All enrichments are measured across 6,882,594 candidate SNP-gene
links scored in 4 single-cell multiome data sets (Table 1.2). Confidence intervals denote standard
errors. Stars denote 2-sided bootstrap p-values for the difference of the top-performing method
(in @, c) or pgBoost (in b, d) vs. each other method (*: p < 0.05, **: p < 0.01, ***: p < 0.001)
(Methods). Red stars (in b, d) denote significant underperformance of the focal method vs.
pgBoost.
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Figure 2.4. Performance of pgBoost and other methods on gold-standard evaluation data
sets. a) Average enrichment across recall values of links predicted by pgBoost, distance, and 4
existing methods for 892 links validated by CRISPR, at various distance thresholds. b) Average
enrichment across recall values of links predicted by pgBoost (denoted in black outline) vs.
gradient boosting models restricted to linking scores from a single existing method plus distance
for 892 links validated by CRISPR, at >10kb. ¢) Average enrichment across recall values of
links predicted by pgBoost, distance, and 4 existing methods for 155 non-coding SNP-gene
pairs derived from fine-mapped GWAS variants with a unique fine-mapped coding variant within
a 2 Mb window, at various distance thresholds. d) Average enrichment across recall values of
links predicted by pgBoost (denoted in black outline) vs. gradient boosting models restricted to
linking scores from a single existing method plus distance for 155 non-coding SNP-gene pairs
derived from fine-mapped GWAS variants with a unique fine-mapped coding variant within a 2
Mb window, at >10kb. The number of positive evaluation links at each distance threshold is
specified in parentheses in a and c. All enrichments are measured across 6,882,594 candidate
SNP-gene links scored in 4 single-cell multiome data sets (Table 2.2). Confidence intervals
denote standard errors. Stars denote 2-sided bootstrap p-values for the difference of the top-
performing method (in a, ¢) or pgBoost (in b, d) vs. each other method (*: p < 0.05, **: p < 0.01,
***: p < 0.001) (Methods). Red stars (in b, d) denote significant underperformance of the focal

method vs. pgBoost.
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Figure 2.5. Performance of pgBoost restricted to features from a focal or non-focal cell
type in evaluation data sets relevant to the focal cell type. a) Average enrichment across
recall values of links predicted by pgBoost restricted to features from a focal cell type (left) or
tissue (right) for training and prediction (columns; Union denotes all features) for cell type/tissue-
specific ABC evaluation links (rows). Number of evaluation links in each ABC evaluation set: npiood
= 10,845, Norain = 6,417, nr = 5,855, N = 4,404, Nmyeloid = 2,680, Nkse2 = 1,107. Number of
biosamples in each ABC evaluation set: Noiood = 74, Norain = 26, Nt = 53, Ng = 14, Nmyeioid = 5, Nkss2
= 1. b) Average enrichment across recall values of links predicted by pgBoost restricted to
features from a focal cell type (columns; Union denotes all features) for cell-type-level CRISPR
evaluation links in K562 (number of evaluation links: n = 892). Confidence intervals denote
standard errors. Stars denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01,
***: p < 0.001) of top method (denoted in black outline; defined separately for each row in a) vs.

each other method (Methods). In b, red stars denote significant underperformance of the focal
method vs. the top method.
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Figure 2.6. Examples of SNP-gene links identified by pgBoost. We report links prioritized by
pgBoost, distance, and 4 existing methods for (a) rs499883, (b) rs12722502, (¢) rs12151289, and
(d) rs28679793. Figure panel headings for each SNP report the corresponding GWAS trait(s) (in
parentheses) and the SNP-gene link attaining the highest pgBoost score. Linking scores for each
method are reported as dots in the middle of each gene (jittered for easier visualization). Large
dots denote links scored in the top 5% by a given method. Hollow dots denote links that were not
scored by a given method (with their percentile defined as the percentage of links not scored by
the method). Genes scored in the top 5% by any method are reported at the bottom of each panel
(with gene name); nearby genes are also displayed (without gene name). Colored boxes denote
the gene attaining the highest linking score percentile > 95% by one or more method(s); colored
borders denote other genes scored in the top 5% by a given method. ApoB: apolipoprotein B,
DVT: deep vein thrombosis, Eosino: eosinophil count, Mono: monocyte count, Baso: basophil
count, MCV: mean corpuscular volume, MCHC: mean corpuscular hemoglobin concentration.
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Tables

Method Input data Scoring procedure Significance testing Candidate link criteria

SCENT®® | RNA + ATAC | Poisson regression effect size | Bootstrapping across cells | Peak & gene in > 5% of cells
Signac’’®" | RNA + ATAC | Correlation across single cells | Permutation across peaks | Peak & gene in > 10 cells
ArchR®? RNA + ATAC | Correlation across metacells | Analytical p-value N/A

Cicero® ATAC Peak-promoter co-accessibility | N/A Promoter overlaps a peak
across metacells

Table 2.1. Overview of 4 single-cell peak-gene linking methods. For each method linking
ATAC-seq peaks to genes, we indicate the input data (either sScRNA/ATAC-seq multiome data
or scATAC-seq data), scoring procedure, significance testing approach (if applicable), and
candidate link selection criteria. Further details are provided in Methods.
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Data set Cell types # cells Experimental protocol | # pgBoost features
10x PBMC'%® T, B, myeloid 10,561 10x Multiome 9

Luecken BMMC'® | T, B, myeloid, erythroid, dendritic | 57,371 10x Multiome 15

SHARE-seq LCL”" | lymphoblastoid cell line (LCL) 17,644 SHARE-Seq 3

Xu'° K562 7,861 10x Multiome 3

Genomic distance | N/A N/A N/A 2

All 7 cell types 93,437 cells 32 features

Table 2.2. Overview of pgBoost features. We indicate the cell types profiled, number of cells
passing QC, experimental protocol, and number of pgBoost features derived from each single-
cell multiome data set (plus 2 distance-based features). 10x Multiome: 10x Genomics Single

Cell Multiome ATAC + Gene Expression.
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Chapter 3: Distinguishing causal from tagging enhancers using single-cell

multiome data

Elizabeth Dorans, Alkes L. Price

Introduction

Mapping gene regulatory architectures is critical for the functional interpretation of GWAS
discoveries and understanding the circuitry driving key developmental and disease
processes'2610.1315.1819.26.36 pegk-gene linking methods,” which predict regulatory relationships
from single-cell RNA-seq+ATAC-seq multiome data by correlating the accessibility of peaks of
open chromatin in ATAC-seq data with genes in RNA-seq data, have shown particular promise in
linking regulatory elements to their target genes’”%2, Previously proposed peak-gene linking
methods have attempted to account for false positive links induced by technical and biological

77,80,81,84,88

confounders and gene co-expression®’. Other studies have mapped peak co-

828393 or inferred ‘modules’ of co-accessible peaks®** from single-cell ATAC-seq

accessibility
data, raising the question of how peak co-accessibility might impact peak-gene linking.

We hypothesized that correlations among ATAC-seq peaks may induce non-causal
tagging peak-gene links, analogous to tagging associations in GWAS (Figure 3.1); in particular,
we hypothesized that these correlations are induced by the binding of shared transcription factors
(TFs) at multiple ATAC peaks, with patterns of co-accessibility reflecting dynamic cell types /
states. Here, we show that tagging effects, induced by peak co-accessibility, are pervasive in
peak-gene linking. We first define two scores for each ATAC-seq peak: co-accessibility score,
quantifying peak-peak correlations, and co-activity score, quantifying peak-gene correlations. We

investigate peak tagging by analyzing CRISPR data and by regressing co-activity scores on

stratified co-accessibility scores (S-CASC) to disentangle causal from tagging effects and pinpoint
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categories of peaks harboring causal peak-gene links. We then assess TF binding activity as a
potential biological mechanism underlying peak co-accessibility. We further investigate tagging
peak-gene associations induced by gene-gene co-expression. Finally, we explore statistical fine-
mapping''* as a method to distinguish causal from tagging peak-gene links, and we highlight
several examples. Understanding the correlation structure among peaks and genes in single-cell
multiome data is critical for accurate mapping of regulatory links and functional interpretation of
GWAS discoveries.
Results
Overview of methods

To quantify peak-peak and peak-gene correlations for each peak in single-cell multiome
data, we define two scores for each peak: co-accessibility score (quantifying peak-peak
correlations) and co-activity score (quantifying peak-gene correlations), each reflecting a sum of
squared correlations. We assess the relationship between co-accessibility scores and co-activity
scores across peaks. We propose a method, stratified co-accessibility score regression (S-
CASC), to identify functional peak categories that are enriched for causal peak-gene associations.
We note that co-accessibility scores can be viewed as an analogue of SNP LD scores'?, co-
activity scores can be viewed as an analogue of GWAS associations, and S-CASC can be viewed
as an analogue of stratified LD score regression'®.

In detail, we define the co-accessibility score of peak j as x; = Y ¢ K; rﬁc where K; is the
set of all cis peaks located <1Mb from focal peak j (including peak j itself) and rﬁ{ are squared

peak-peak correlations (from scATAC-seq data) across metacells®2. We define the co-activity

score of peak jas y; = Y5 ¢ G rij, where G; is the set of all cis genes with TSS <1Mb from focal

peak j and rj;, are squared peak-gene correlations (from scATAC-seq and scRNA-seq data)

2
g
across metacells. In all analyses, we exclude peaks with distance <1kb to any TSS*'? (thus

focusing primarily on enhancers rather than promoters), and we correct each r2 term for upward
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bias'?’

(Methods). We assess whether peaks with higher co-accessibility scores tend to have
higher co-activity scores, as would be expected if peak-gene correlations arise in part due to
peak-peak tagging effects.

S-CASC determines that a category of peaks is enriched for causal peak-gene
associations if peaks with high co-accessibility to that category have higher co-activity scores than

peaks with low co-accessibility to that category. The S-CASC regression relies on the following

model:

E[)’j] = 10+ Xc(Tcxjc) + V|Gj|1 [2.1]

where y is the co-activity score of peak j, 7, is an intercept term, x;  is the co-accessibility score

of peak j with respect to peak category C (defined as Y €(K;nC) rﬁ(), ¢ is the per-peak contribution

to causal peak-gene effect variance for peak category C, and the covariate |G;| is the number of
genes with TSS <1Mb from peak j. We define the enrichment of a peak category as the proportion
of causal peak-gene effect size variance from peaks in that category divided by the proportion of
peaks in that category. We estimate standard errors by jackknifing across chromosomes; we then
meta-analyze enrichments for each peak category across data set-cell type pairs (Methods). Due
to peak measurement noise, we focus on the enrichment of a peak category, and not on total
causal peak-gene effect size variance. We have released open-source software implementing S-
CASC.

Although our primary focus is on peak-peak tagging effects, we also explore gene-gene

tagging effects by defining the gene co-expression score of gene i as x; = ¥4 ¢ g, r{‘;, where G; is
the set of all genes with TSS <1Mb from the TSS of focal gene g (including gene g itself) and ri?g

are squared gene-gene correlations across metacells; defining the gene co-activity score of gene

[asy; = Ykek; &, where K; is the set of all peaks located <1Mb from the TSS of focal gene i
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and rZ are squared gene-peak correlations across metacells; and identifying gene categories
enriched for causal gene-peak associations using stratified co-expression score regression
(Methods).

We analyzed 4 scRNA+ATAC-seq multiome data sets (Xu K562'"°, Satpathy K562'%,
SHARE-seq LCL"", and Luecken BMMC'%) that each spanned 1-4 blood or immune cell types
(total of 7 data set-cell type pairs, spanning 6 cell types and 86k cells after QC) (Table 3.1 and
Methods). We have publicly released peak co-accessibility and co-activity scores and gene co-
expression and co-activity scores for each data set-cell type pair analyzed in this study.

We assessed the relationship between co-accessibility scores and co-activity scores
across peaks, for each of the 7 data set-cell type pairs (Table 3.1). Results for the Xu-K562'"°
data set are reported in Figure 3.2a, and results for all other data set-cell type pairs are reported
in Supplementary Figure 3.1. Co-accessibility scores and co-activity scores were strongly
correlated (r = 0.57-0.73 in each data set-cell type pair), and these correlations remained strong
after conditioning on the number of genes with TSS <1Mb from the focal peak (r = 0.48-0.69 in
each data set-cell type pair). This result is potentially consistent with the hypothesis that co-
accessibility between peaks induces tagging peak-gene associations (“tagging hypothesis”), but
it is important to rule out other explanations (see below). Analyses using correlations across single
cells instead of metacells produced similar findings (Supplementary Figure 3.2).
Co-accessibility between peaks induces tagging peak-gene associations

To evaluate the tagging hypothesis, we analyzed CRISPRi-tested peak-gene pairs*’ = in
K562 cells, restricting to genes with both an experimentally validated causal (CRISPR-positive)
peak that is identified by ArchR® (with peak-gene correlation > 0.45) and at least one
experimentally tested non-causal (CRISPR-negative) peak overlapping our single-cell data. We
restricted this analysis to the 3 data set-cell type pairs most relevant to K562 cells: Xu-K562'"°,
Satpathy-K562'%°, and Luecken-erythroid'® (Table 3.1). We measured the correlation (across

metacells) of each CRISPR-negative peak with both the CRISPR-positive peak and the focal
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gene. Correlation with the CRISPR-positive peak was strongly correlated to correlation with the
focal gene (r = 0.92; Figure 3.2b), corroborating the tagging hypothesis. Analyses using
correlations across single cells instead of metacells produced similar findings (Supplementary
Figure 3.3).

To further evaluate this hypothesis, we computed the enrichment of causal peak-gene
effect size variance for 19 functional categories of peaks using S-CASC; the 19 functional
categories of peaks included gene proximity, histone modifications, constraint, and other genic
features. We observed significant enrichment of causal effect size variance for peak categories
defined by gene proximity (closest to TSS, TSS+10kb, TSS+100kb), activating histone
modifications (H3K4me3, H3K9ac, H3K4me2, H3K27ac, H3K4me1, H3K36me3), constraint, and
other genic features (3' UTR, 5 UTR, coding) (ranging from 1.09+0.014 to 2.91+0.67), and
significant depletion for the repressive histone modification H3K27me3 (0.67+0.11) (Figure 3.2c,
Supplementary Figure 3.4). These findings provide additional support for the tagging
hypothesis, as alternative explanations for the correlation between co-accessibility scores and co-
activity scores (see below) would not be expected to produce these functional enrichments.
Analyses using correlations across single cells instead of metacells produced similar findings
(Supplementary Figure 3.5). Analyses excluding the covariate for the number of genes <1Mb
from each peak also produced similar findings. (Supplementary Figure 3.6).

We restricted most of our analyses to peaks/genes located <1Mb from the focal peak, but
we also assessed the relationship (across focal peaks) between genome-wide co-accessibility
scores and genome-wide co-activity scores, defined without this restriction (Methods). Genome-
wide co-accessibility scores and genome-wide co-activity scores were very strongly correlated
(Figure 3.2d and Supplementary Figure 3.7; r = 0.94-0.99 in each data set-cell type pair).
Genome-wide co-accessibility scores were strongly correlated with co-accessibility scores
restricted to <1Mb from focal peak (r = 0.73-0.86), and genome-wide co-activity scores were

strongly correlated with co-activity scores restricted to <1Mb from focal peak (r = 0.58-0.67).
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Analyses using correlations across single cells instead of metacells produced similar findings
(Supplementary Figure 3.8). This is consistent with peak tagging being driven by variation
across cells in the abundance of particular transcription factors (TF) that bind at multiple sites
across the genome (see below). This could involve the same copy of a TF binding to multiple
nearby sites (cis TF effect), or different copies of the same TF binding to distal sites (trans TF
effect), or a combination of cis and trans effects. The genome-wide correlation between co-
accessibility and co-activity scores (Figure 3.2d) specifically implicates trans TF effects. On the
other hand, our observation of higher peak-peak r? at shorter genomic distances (Supplementary
Figure 3.9) specifically implicates cis TF effects. We conclude that co-accessibility is driven by a
combination of cis TF effects and trans TF effects.

We performed 5 secondary analyses to rule out alternative explanations for the correlation
between co-accessibility scores and co-activity scores. First, to further assess the effects of
biological causality, we performed a bivariate regression of co-activity score on co-accessibility
score and a binary indicator of CRISPR-positive status (restricting to genes with CRISPR-positive
and CRISPR-negative peaks), as well as univariate regressions of co-activity score on each
predictor individually. We determined that co-accessibility score alone explained a much higher
proportion of the observed variation in co-activity scores, and that the bivariate model did not
substantially increase the proportion of variation explained (Supplementary Figure 3.10).
Second, to assess peak read depth effects, we performed a bivariate regression of co-activity
score on co-accessibility score and peak read depth, as well as univariate regressions of co-
activity score on each predictor individually. We determined that co-accessibility score alone
tended to explain a much higher proportion of the variance in co-activity scores (r*=0.34-0.58) vs.
peak read depth alone (r’=0.0013-0.15), and that the bivariate model did not substantially
increase the proportion of variation explained (r*=0.34-0.61; Supplementary Figure 3.11); we
note that peak read depth explained r’=0.00046-0.12 of the variance in co-accessibility scores.

Third, to assess cell subtype effects, we computed co-accessibility scores and co-activity scores
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using peak-peak and peak-gene correlations conditional on cell subtype proportions within each
metacell of the Luecken'® T cell data set (for which major cell subtype annotations are

available'%%1%)

. We determined that the correlation between co-accessibility scores and co-
activity scores decreased but remained substantial (r = 0.51, vs. r = 0.62 for unconditioned
correlation) (Supplementary Figure 3.12). This suggests that, although peak tagging is related
to cell subtype / cell state-specific processes (see Discussion), major cell subtypes based on
available annotations do not explain the bulk of the correlation between co-accessibility and co-
activity. Fourth, to assess peak measurement noise effects, we introduced additional artificial
noise for a subset of ATAC peaks and recomputed the correlation between co-accessibility scores
and co-activity scores. We determined that adding noise did not substantially increase the
correlation (Supplementary Figure 3.13). Fifth, we assessed the correlation between co-
accessibility scores and co-activity scores when conditioning on the number of peaks located
<1Mb from the focal peak (in addition to conditioning on the number of nearby genes; see above).
We determined that the correlation remained strong (Supplementary Figure 3.14). We thus
conclude that the correlation between co-accessibility scores and co-activity scores cannot be
explained by biological causality (also see Figure 3.2b), peak read depth, major cell subtypes,
varying peak measurement noise, or the number of nearby peaks.

We performed 3 additional secondary analyses. First, we estimated the proportion of gene
expression variance explained by measured cis-peak accessibility using co-accessibility score
regression (without stratifying by functional category). Our results suggested that the proportion
of gene expression variance explained by measured cis-peak accessibility may exceed 0.5, but
we caution that our estimates have limited interpretability (Supplementary Figure 3.15). Second,
we assessed how much peak-peak correlation patterns vary across cell types by computing
correlations across peaks between co-accessibility scores from each data set-cell type pair. We
determined that co-accessibility scores are partially concordant across cell types (r = 0.08-0.35)

and show stronger concordance in more similar cell types (Supplementary Figure 3.16),
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providing additional evidence that peak tagging is related to cell subtype / cell state-specific
processes (see Discussion). Third, we recomputed standard errors and p-values for enrichments
of peak categories using 200 jackknife blocks defined via k-means clustering on ATAC data,
instead of via chromosomes. We determined that standard errors and p-values were similar using
these two approaches (Supplementary Table 3.6).

These findings demonstrate the pervasive effects of peak-peak tagging on peak-gene
associations.
Co-accessibility between peaks is driven by transcription factor binding activity

We hypothesized that TF binding at multiple sites (including sites that do not impact gene
expression in the focal cell type) could induce tagging correlations between pairs of ATAC-seq
peaks—either via the same copy of a TF binding to multiple nearby sites (cis TF effect), or via
different copies of the same TF binding to distal sites (trans TF effect), or via a combination of cis
and trans effects—providing a mechanistic explanation for the relationship between peak tagging
and cell subtypes / cell states (see Discussion). Under this hypothesis, pioneer TFs'% "' (a class
of TFs with the ability to bind and activate closed chromatin) would be particularly powerful in
driving tagging correlations. To evaluate the TF binding hypothesis, we analyzed transcription
factor binding sites (TFBS) detected by ChIP-seq for 303 TFs in K562 cells and 148 TFs in
GM12878 cells, including 9 known pioneer TFs in K562 and 8 known pioneer TFs in
GM12878"%%13" (Supplementary Table 3.7 and Methods). For each ATAC-seq peak, we counted
the number of TFs that bind within the peak. For each pair of ATAC-seq peaks, we counted the
number of TFs that bind within both peaks. For each peak-gene pair, we counted the number of
TFs that bind within both the peak and the promoter of the gene (defined as TSS+1kb'%).

We computed the correlation across peaks between the number of TFs that bind within
the peak and the co-accessibility score. Results for the Xu-K562'"° data set are reported in Figure
3.3a, left panel, and results for the Satpathy-K562'* and SHARE-seq-LCL’’ data sets are

reported in Supplementary Figure 3.17a, left panel and Supplementary Figure 3.18a, left
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panel. The number of TFs binding within a peak was moderately correlated to the co-accessibility
score (r = 0.18-0.35 in each data set-cell type pair). To compare the effects of pioneer and non-
pioneer TFs, we performed a bivariate linear regression of the co-accessibility score on the
number of pioneer TFs that bind within a peak and the number of non-pioneer TFs that bind within
a peak. We determined that the effect size per pioneer TFs was much larger than the effect size
per non-pioneer TF (0.068+0.028 vs. 0.012+0.0047, p-value for difference = 0.028) (Figure 3.3a,
right panel, Supplementary Figure 3.17a, right panel, Supplementary Figure 3.18a, right panel,
and Supplementary Figure 3.19a, right panel). These results are consistent with peak co-
accessibility being driven by TF binding activity (particularly of pioneer TFs). Analyses using peak-
peak correlations across single cells instead of metacells produced similar findings
(Supplementary Figure 3.20a).

We computed the correlation across peak-peak pairs between the number of TFs that bind
within both peaks and the squared peak-peak correlation (across cells in scATAC-seq data).
Results for the Xu-K562'"° data set are reported in Figure 3.3b, left panel, and results for the
Satpathy-K562'%° and SHARE-seq-LCL’ data sets are reported in Supplementary Figure 3.17b,
left panel and Supplementary Figure 3.18b, left panel. The number of TFs that bind within both
peaks was moderately correlated to the squared peak-peak correlation (r=0.12-0.21 in each data
set-cell type pair). To compare the effects of pioneer and non-pioneer TFs, we performed a
bivariate linear regression of squared peak-peak correlation on the number of pioneer TFs and
the number of non-pioneer TFs that bind within both peaks. We determined that the effect size
per pioneer TF was much larger than the effect size per non-pioneer TF (0.0025+0.00062 vs.
0.00046+0.00016, p-value for difference = 2e-5) (Figure 3.3b, right panel, Supplementary
Figure 3.17b, right panel, Supplementary Figure 3.18b, right panel, and Supplementary
Figure 3.19b, right panel). These results further corroborate the hypothesis that peak co-

accessibility is driven by TF binding activity (particularly of pioneer TFs). Analyses using peak-
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peak correlations across single cells instead of metacells produced similar findings
(Supplementary Figure 3.20b).

We computed the correlation across peaks between the number of TFs that bind within
the peak and the co-activity score. Results for the Xu-K562'"° data set are reported in Figure
3.3c, left panel, and results for the Satpathy-K562'* and SHARE-seq LCL’" data sets are
reported in Supplementary Figure 3.17c, left panel and Supplementary Figure 3.18c, left
panel. The number of TFs binding within a peak was moderately correlated to the co-activity score
(r=0.14-0.25 in each data set-cell type pair). To compare the effects of pioneer and non-pioneer
TFs, we performed a bivariate linear regression of co-activity score on the number of pioneer TFs
that bind within a peak and the number of non-pioneer TFs that bind within a peak. We determined
that the point estimate of the effect size per pioneer TF was larger than the point estimate of the
effect size per non-pioneer TF, although the difference was not statistically significant due to noisy
estimates (p-value for difference = 0.29) (Figure 3.3c, right panel, Supplementary Figure 3.17c,
right panel, Supplementary Figure 3.18c, right panel, and Supplementary Figure 3.19¢c, right
panel). These results are consistent with peak-gene co-activity being impacted by TF-driven peak
co-accessibility. Analyses using peak-gene correlations across single cells instead of metacells
produced similar findings (Supplementary Figure 3.20c).

Finally, we computed the correlation across peak-gene pairs between the number of TFs
that bind within both the peak and the promoter of the gene and the squared peak-gene correlation
(across cells in scRNA-seq and ATAC-seq data). Results for the Xu-K562'"° data set are reported
in Figure 3.3d, left panel, and results for the Satpathy-K562'* and SHARE-seq-LCL" data sets
are reported in Supplementary Figure 3.17d, left panel and Supplementary Figure 3.17d, left
panel. The number of TFs binding within both the peak and the promoter of the gene was
somewhat correlated to the squared peak-gene correlation (r = 0.03-0.09 in each data set-cell
type pair). To compare the effects of pioneer and non-pioneer TFs, we performed a bivariate

linear regression of squared peak-gene correlation on the number of pioneer TFs and the number
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of non-pioneer TFs that bind within both the peak and promoter of the gene. We determined that
the effect size per pioneer TF was much larger than the effect size per non-pioneer TF
(0.0016+0.00069 vs. 8.4e-5+4.4e-5, p-value for difference = 0.019) (Figure 3.3d, right panel,
Supplementary Figure 3.17d, right panel, Supplementary Figure 3.18d, right panel, and
Supplementary Figure 3.19d, right panel). These results further corroborate the hypothesis that
peak-gene co-activity is impacted by TF-driven peak co-accessibility. Analyses using peak-gene
correlations across single cells instead of metacells produced similar findings (Supplementary
Figure 3.20d).

We repeated the above analyses (Figure 3.3a-d) using genome-wide peak-peak and
peak-gene pairs (and genome-wide co-accessibility and co-activity scores), instead of restricting
to pairs with distance <1Mb. Correlations across peaks between the number of TFs that bind
within a peak and either the co-accessibility score (Figure 3.3a) or the co-activity score (Figure
3.3c) became stronger when using genome-wide scores, with a larger and more significant
difference for pioneer TFs vs. non-pioneer TFs (Supplementary Figure 3.21a,c). Correlations
across peak-peak pairs (resp. peak-gene pairs) between the number of TFs that bind within both
peaks (resp. the peak and the gene’s promoter) and the squared peak-peak correlation (Figure
3.3b) (resp. squared peak-gene correlation (Figure 3.3d)) were similar when using genome-wide
pairs, with similar differences between pioneer TFs vs. non-pioneer TFs (Supplementary Figure
3.21b,d). These results further corroborate the trans TF binding mechanism of peak-peak tagging;
as noted above, our observation of higher peak-peak r? at shorter genomic distances
(Supplementary Figure 3.9) also supports the cis TF binding mechanism.

We performed 3 secondary analyses. First, we repeated the bivariate regression of the
co-accessibility score on the number of pioneer TFs that bind within a peak and the number of
non-pioneer TFs that bind within a peak (Figure 3.3a, right panel) while adding covariates that
bin TFs that bind each peak by their average binding and expression. We determined that the

effect size per pioneer TF was still much larger than the effect size per non-pioneer TF
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(Supplementary Figure 3.22). Second, we repeated each bivariate regression comparing
pioneer vs. non-pioneer TF effects (right panels of Figure 3.3a-d) using Perturb-multiome data to
define pioneer TFs (TFs whose perturbation is associated with a significant change in peak

132)

accessibility or gene expression in scRNA+ATAC-seq multiome data’™™), and drew similar

conclusions (Supplementary Figure 3.23). Third, we repeated the above analyses (Figure 3.3a-

d) using sequence motif data'?

instead of ChIP-seq data to quantify TF activity, and reached
similar conclusions (Supplementary Figures 2.24-2.28).

These analyses suggest that TF binding (particularly of pioneer TFs) at multiple sites may
drive peak-peak tagging.
Co-expression between genes induces tagging peak-gene associations

We shifted our focus to gene-gene tagging, a potential alternative source of non-causal
peak-gene correlations, using gene co-expression scores and gene co-activity scores (defined
above). We assessed the relationship between gene co-expression scores and gene co-activity
scores across genes, for each of the 7 data set-cell type pairs (Table 3.1). Results for the Xu-
K562'"° data set are reported in Figure 3.4a, and results for all other data set-cell type pairs are
reported in Supplementary Figure 3.29. Gene co-expression scores and gene co-activity scores
were strongly correlated (r = 0.25-0.76 in each data set-cell type pair), and these correlations
remained strong after conditioning on the number of peaks <1Mb from the focal gene (r = 0.26-
0.65 in each data set-cell type pair). This result is potentially consistent with the hypothesis that
co-expression between genes also induces tagging peak-gene associations (“gene tagging
hypothesis”), in addition to tagging associations induced by co-accessibility between peaks.
Analyses using correlations across single cells instead of metacells produced similar findings
(Supplementary Figure 3.30).

To evaluate the gene tagging hypothesis, we analyzed CRISPRi-tested peak-gene

47-58

pairs in K562 cells, analyzing multiple genes per peak (instead of multiple peaks per gene;

Figure 3.2b). We restricted to peaks with both an experimentally validated target gene that is
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identified by ArchR® and at least one experimentally tested non-target gene overlapping our
single-cell data, restricting to the same 3 data set-cell type pairs most relevant to K562 cells
(Table 3.1). We measured the correlation (across metacells) of each CRISPR-negative gene with
both the CRISPR-positive gene and the focal peak. Correlation with the CRISPR-positive gene
was strongly correlated to correlation with the focal peak (Figure 3.4b), corroborating the gene
tagging hypothesis. Analyses using correlations across single cells instead of metacells produced
similar findings (Supplementary Figure 3.31).

To further evaluate the gene tagging hypothesis, we computed the enrichment of causal
peak-gene effect size variance for 18 functional categories of genes by modeling gene co-activity
score as a function of co-expression scores stratified by functional gene category, analogous to
S-CASC (Methods); the 18 functional categories of genes included various metrics for gene
essentiality and disease relevance. We observed significant enrichment of causal effect size
variance for gene categories defined by gene conservation (high pLlI, high pHI) and proximity to
peaks (peak+10kb) (ranging from 1.06+0.021 to 1.20£0.047), and significant depletion for genes
with many nearby SNPs (e.g. most independent SNPs within 10kb, 0.76+0.090) (Figure 3.4c and
Supplementary Figure 3.32). These findings provide additional support for the gene tagging
hypothesis. Analyses using correlations across single cells instead of metacells were generally
underpowered (Supplementary Figure 3.33). Analyses excluding the covariate for the number
of peaks <1Mb from each gene also produced similar findings (Supplementary Figure 3.34).

We also assessed the relationship (across focal genes) between genome-wide gene co-
expression scores and genome-wide gene co-activity scores, defined without restricting to gene-
gene or peak-gene pairs with distance <1Mb. Genome-wide gene co-expression scores and
genome-wide gene co-activity scores were very strongly correlated (Figure 3.4d and
Supplementary Figure 3.35; r = 0.72-0.99 in each data set-cell type pair). Analyses using
correlations across single cells instead of metacells produced similar findings (Supplementary

Figure 3.36).
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Although TF binding within a peak explained substantial variance in peak co-accessibility
(and peak co-activity) (Figure 3.3a-b), TF binding within a gene promoter explained very little
variance in gene co-expression (and gene co-activity) (data not shown). Instead, gene co-
expression is driven by other biological factors®®'341% (as well as gene read depth; see below).
In particular, gene co-expression may be driven by peak co-accessibility, as hypothesized by
ref.%. Indeed, we observed that the average gene-gene r? for pairs of genes linked to highly co-
accessible pairs of peaks was substantially higher (r* = 0.28) than for all gene-gene pairs (1 =
0.047; p-value for difference = 4e-15), supporting this hypothesis (Supplementary Figure 3.37).

We performed 5 secondary analyses to rule out alternative explanations for the correlation
between gene co-expression scores and gene co-activity scores. First, to further assess the
effects of biological causality, we performed a bivariate regression of gene co-activity score on
gene co-expression score and a binary indicator of CRISPR-positive status (restricting to genes
with CRISPR-positive and CRISPR-negative peaks), as well as univariate regressions of gene
co-activity score on each predictor individually. We determined that gene co-expression score
alone explained a much higher proportion of the observed variation in gene co-activity scores,
and that the bivariate model did not substantially increase the proportion of variation explained
(Supplementary Figure 3.38). Second, to assess gene read depth effects, we performed a
bivariate regression of gene co-activity score on gene co-expression score and gene read depth,
as well as univariate regressions of gene co-activity score on each predictor individually. We
determined that gene co-expression score alone tended to explain a higher proportion of the
variance in gene co-activity scores (R?=0.062-0.57) vs. gene read depth alone (R°=0.12-0.27),
and that the bivariate model did not substantially increase the proportion of variation explained
(R?=0.20-0.58; Supplementary Figure 3.39); we note that gene read depth explained R?>=0.036-
0.24 of the variance in gene co-expression scores. Third, to assess cell subtype effects, we
computed gene co-expression scores and gene co-activity scores using gene-gene and peak-

gene correlations conditional on cell subtype proportions within each metacell of the Luecken'®
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T cell data set. We determined that the correlation between gene co-expression scores and gene
co-activity scores remained substantial (r = 0.66, vs. r = 0.57 for unconditioned correlation),
suggesting that major cell subtypes do not explain this correlation (Supplementary Figure 3.40).
Fourth, to assess gene measurement noise effects, we introduced additional artificial noise for a
subset of genes and recomputed the correlation between gene co-expression scores and gene
co-activity scores. We determined that adding noise did not substantially increase the correlation
(Supplementary Figure 3.41). Fifth, we assessed the correlation between gene co-expression
scores and gene co-activity scores when conditioning on the number of genes with TSS <1Mb
from the focal gene’s TSS (in addition to conditioning on the number of nearby peaks; see above).
We determined that the correlation remained strong (Supplementary Figure 3.42). We thus
conclude that the correlation between gene co-expression scores and gene co-activity scores
cannot be explained by biological causality (also see Figure 3.4b), gene read depth, major cell
subtypes, varying gene measurement noise, or the number of nearby genes.

These findings demonstrate the pervasive effects of gene-gene tagging on peak-gene
associations.
Accounting for co-accessibility between peaks via fine-mapping improves peak-gene linking

We sought to assess whether peak-level fine-mapping could distinguish causal peaks
from tagging peaks, analogous to SNP-level fine-mapping in GWAS''*+'3¢137 For each target gene
(in all 7 data set-cell type pairs; Table 3.1), we applied SuSiE'"* to our multiome data (processed

using ArchR® or Signac’’'

pipelines) to compute posterior inclusion probabilities (PIPs) for each
peak, and multiplied marginal peak-gene linking scores (squared peak-gene correlations from
ArchR® or Signac’”®") by PIPs to obtain fine-mapped peak-gene linking scores. We assumed
either a single causal peak or multiple causal peaks per gene, and used either flat priors or
functionally informed priors obtained from S-CASC (analogous to ref."*®). We evaluated the fine-

mapped peak-gene linking scores using evaluation sets derived from CRISPR*-%® and eQTL®*%

data, computing average enrichment across recall values®. Further details are provided in the
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Methods section. We caution that we view these fine-mapping analyses as a proof of concept
that accounting for tagging can improve upon existing approaches, and not as a resolution of the
state-of-the-art.

We first evaluated fine-mapped peak-gene linking scores using 448 gold-standard links
validated by CRISPR*"~%8, Results for ArchR® are reported Figure 3.5a and Supplementary
Figure 3.43. Fine-mapped peak-gene linking scores substantially outperformed marginal peak-
gene linking scores, particularly for single causal peak methods (average enrichment 2.48-2.51x
vs. 1.1x for marginal, each p-value for difference < 8e-15); we observed little benefit from including

functional priors. Results for Signac’”®"

are reported in Figure 3.5b and Supplementary Figure
3.44. Again, fine-mapped peak-gene linking scores substantially outperformed marginal peak-
gene linking scores, particularly for single causal peak methods (average enrichment 3.49-3.50x
vs. 2.2x for marginal, each p-value for difference < 2e-10), with little benefit from including
functional priors.

We next evaluated fine-mapped peak-gene linking scores using 39,194 predicted SNP-
gene links implicated by fine-mapped eQTL (eSNP—eGene pairs with maximum PIP > 0.5 across
GTEX tissues®®®*). Results for ArchR®? are reported in Figure 3.5¢ and Supplementary Figure
3.45. Fine-mapped peak-gene linking scores substantially outperformed marginal peak-gene
linking scores, with functionally informed multiple causal peak fine-mapping performing best
(average enrichment 1.43x vs. 1.16x for marginal, p-value for difference = 1e-48; all fine-mapped
peak-gene linking scores outperform marginal, p-values for difference < 6e-8). Results for

Signac’’8!

are reported in Figure 3.5d and Supplementary Figure 3.46. Functionally informed
multiple causal peak fine-mapping again performed best, but with a much smaller improvement
(average enrichment 1.69x vs. 1.64x for marginal, p-value for difference = 2e-5). Non-functionally
informed multiple causal peak fine-mapping also slightly outperformed marginal peak-gene linking

scores (p-value for difference = 0.0057), while single causal peak methods underperformed

marginal peak-gene linking scores.
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We also sought to assess whether gene-level fine-mapping could pinpoint target genes.
For each peak, we applied SuSiE'* to our multiome data to compute PIPs for each gene, and
multiplied marginal peak-gene linking scores (squared peak-gene correlation from ArchR®? or
Signac’”®") by PIPs to obtain fine-mapped gene-peak linking scores, as above (Methods). We
determined that both fine-mapped ArchR® peak-gene linking scores and fine-mapped Signac’”®’
peak-gene linking scores significantly outperformed marginal peak-gene linking scores, on both
CRISPR**® and eQTL®*%* evaluation data (Supplementary Figure 3.47).

We performed 3 secondary analyses. First, we performed multiple causal peak fine-
mapping of peak-gene correlations across metacells (from ArchR®) using peak-peak correlations

781 and vice versa. We determined that these

computed across single cells (from Signac
approaches did not outperform estimating peak-peak correlations across the same data types
(metacells or single cells, respectively) as the focal peak-gene linking method (Supplementary
Figure 3.48). Second, we performed fine-mapping restricting to candidate peak-gene pairs with
strong correlations instead of all peak-gene pairs. We determined that this approach did not
outperform using all candidate peak-gene pairs in fine-mapping (Supplementary Figure 3.49).
Third, we compared marginal and fine-mapped scores to a ‘top peak’ approach, retaining only
peak-gene links for which the peak attains the highest correlation to the focal gene. We
determined that the top-peak approach attained similar enrichment to single causal peak fine-
mapping but attained very low recall, and is thus a less desirable approach (Supplementary
Figure 3.50).

These initial efforts at fine-mapping peak-gene links using standard approaches''*3®
suggest that accounting for peak-peak co-accessibility has substantial potential to improve peak-
gene links.

Peak-peak and gene-gene tagging impact peak-gene links at GWAS loci

We have shown that peak-peak tagging and gene-gene tagging effects are present in

single-cell multiome data and induce tagging peak-gene associations (Figure 3.2 and Figure 3.4,
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resp.). Below, we dissect two examples illustrating peak-peak and gene-gene tagging effects in
the Xu K562'""° data set. We selected these examples from 90 peak-gene links (marginal ArchR
linking score () > 0.2025, corresponding to ArchR threshold r > 0.45%2%) involving a peak

harboring a fine-mapped GWAS variant (PIP > 0.5 across 32 blood cell traits ')

, based on single
causal variant fine-mapping (as multiple causal variant fine-mapping is not recommended in the
absence of in-sample LD'3).

First, we dissect an example involving fine-mapping the causal peak for a given gene.
ArchR linked the gene RAP1GAP to 16 peaks, including the ATAC peak spanning
chr1:21687033-21688350 (assigned the highest marginal ArchR linking score among 171 peaks
<1Mb from the RAP1GAP TSS) (Figure 3.6a, upper panel). The linked peak harbors the fine-
mapped GWAS variant rs17423390, fine-mapped to high light scatter reticulocyte percentage of
red blood cells (HLRP) with PIP = 0.63"3°'%0. RAP1GAP has been well studied for its role in the
differentiation and survival of erythroid cells (and other hematopoietic cell lineages)>*'*'~"*4 HLRP
reflects erythroid cell maturity and is an established clinical indicator for anemia'*>"'*". Therefore,
RAP1GAP is a biologically plausible driver of this GWAS association, supporting the link between
RAP1GAP and chr1:21687033-21688350; an erythroid/hematopoietic progenitor cell line such as
K562°''*8 is also a biologically plausible context for detecting this link. We measured the
correlation of each other peak (<1Mb from the RAP1GAP TSS) with both chr1:21687033-
21688350 and RAP1GAP. Squared correlation with chr1:21687033-21688350 was strongly
correlated (r = 0.90) with linking score to RAP1GAP (Figure 3.6a, upper panel and
Supplementary Figure 3.51), suggesting the presence of peak-peak tagging. (We note that
measured peak-peak r* are likely underestimates of true biological values, due to peak
measurement noise.)

We determined above that pioneer TFs were important for explaining peak co-accessibility
and tagging peak-gene links (Figure 3.3). For each tagging peak, we thus measured the number

of pioneer TFs binding both that tagging peak and the focal peak chr1:21687033-21688350 (of 6
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total pioneer TFs'*%"3" that bind chr1:21687033-21688350). The number of shared pioneer TFs
was moderately correlated to the tagging peak’s squared correlation with chr1:21687033-
21688350 (r = 0.45) and the tagging peak’s linking score to RAP1GAP (r = 0.42) across peaks

149-151 and has

(Supplementary Figure 3.52). In particular, GATA1 is critical for hematopoiesis
been shown to affect the accessibility of chr1:21687033-21688350 and the expression of
RAP1GAP in Perturb-multiome experiments'?. GATA1 binding within a peak was moderately
correlated with squared correlation to chr1:21687033-21688350 (r = 0.35) and linking score to
RAP1GAP (r = 0.32) across peaks. Other TFs were also moderately correlated with both
chr1:21687033-21688350 and RAP1GAP, but were not implicated by Perturb-multiome'®? (data
not shown). These findings provide additional support for this peak-gene link and for the TF-driven
origins of peak-peak tagging.

We examined fine-mapped ArchR linking scores for RAP1GAP. Fine-mapped ArchR
scores (assuming a single causal peak and flat priors) correctly prioritized the link to
chr1:21687033-21688350 (the 4th closest peak) and assigned very low linking scores to other
peaks (Figure 3.6a, lower panel), demonstrating the ability of fine-mapping to pinpoint causal
peak-gene links. While the marginal ArchR method correctly prioritized the link to chr1:21687033-
21688350, marginal ArchR linked 15 other peaks to RAP1GAP (Figure 3.6a, upper panel). Fine-
mapping approaches assuming multiple causal peaks linked 3 additional peaks to RAP1GAP;
while none harbor fine-mapped GWAS variants, these may be true causal peaks in this or other
cellular contexts (Supplementary Figure 3.53). Functionally-informed approaches yielded highly
similar results (Supplementary Figure 3.53). Overall, all fine-mapping approaches generated a
smaller and thus ‘de-noised’ set of peaks relative to marginal peak-gene linking scores.

Second, we dissect an example involving fine-mapping the target gene for a given peak.
ArchR linked the ATAC peak spanning chr19:8417808-8418540 to 7 genes, including the gene
ANGPTL4 (assigned the highest linking score among 35 genes with TSS <1 Mb from the focal

peak) (Figure 3.6b, upper panel). The peak chr19:8417808-8418540 harbors the fine-mapped
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GWAS variant rs12150986, fine-mapped to mean platelet volume with PIP > 0.64'3%1%°. ANGPTL4
encodes an angiopoietin-like protein, a family of proteins well-studied for their role in
hematopoiesis (production of erythroid and other blood cells from hematopoietic stem and

192153 "and has been broadly implicated in disease'*'*®. ANGPTL4 has been

progenitor cells)
shown to support the survival and expansion of hematopoietic progenitors'’'%® with ANGPTL4
treatment linked to increased platelet production in mouse experiments'®®. Therefore, ANGPTL4
is a biologically plausible driver of this GWAS association, supporting the link between ANGPTL4
and chr19:8417808-8418540; a hematopoietic progenitor cell line such as K562%"'%® is also a
biologically plausible context for detecting this link. We measured the correlation (across
metacells) of each other gene (with TSS <1Mb from the focal peak) with both ANGPTL4 and the
focal peak. Linking score to ANGPTL4 was strongly correlated (r = 0.82) to squared correlation
with the focal gene (Figure 3.6b, upper panel and Supplementary Figure 3.54), suggesting the
presence of gene-gene tagging. (We note that measured gene-gene r? are likely underestimates
of true biological values, due to peak measurement noise.)

We determined above that pioneer TF binding did not explain gene co-expression and
that co-expression may instead be explained by gene read depth (see Supplementary Figure

3.39) and other biological factors 3*'3+1%

(including peak co-accessibility, see Supplementary
Figure 3.37). We determined that gene read depth was only moderately correlated to the tagging
gene’s squared correlation with ANGPTL4 (r = 0.13) and the tagging gene’s linking score to
chr19:8417808-8418540 (r = 0.29) (Supplementary Figure 3.55) across genes. We also
determined that the average squared correlation with ANGPTL4 was substantially higher for
tagging genes strongly linked to peaks co-accessible with chr19:8417808-8418540 (r* = 0.24)
than for all tagging genes (r* = 0.070) (Supplementary Figure 3.56), supporting the hypothesis
that peak co-accessibility underlies gene co-expression®.

We examined fine-mapped ArchR linking scores for chr19:8417808-8418540 (from fine-

mapping genes to a focal peak). Fine-mapped ArchR scores (assuming a single causal gene and

53



flat priors) correctly prioritized the link to ANGPTL4 (the 3rd closest gene) and assigned very low
linking scores to other genes (Figure 3.6b, lower panel), demonstrating the ability of fine-mapping
to pinpoint causal peak-gene links. While the marginal ArchR method correctly prioritized the link
to ANGPTL4, marginal ArchR linked 6 other genes to chr19:8417808-8418540 (Figure 3.6b,
upper panel). Fine-mapping approaches assuming multiple causal genes linked 2 additional

genes to chr19:8417808-8418540 (CERS4, with known roles in ceramide synthesis and cancer

160,161 162).
)

progression , and OR7G1, an olfactory receptor gene involved in odor perception while
these genes seem less functionally relevant, they may be truly causal target genes in this or other
cellular contexts (Supplementary Figure 3.57). Functionally-informed approaches yielded highly
similar results (Supplementary Figure 3.57). Overall, all fine-mapping approaches generated a
smaller and thus ‘de-noised’ set of genes relative to marginal peak-gene linking scores.

These examples demonstrate the effects of peak-peak and gene-gene tagging at specific
peaks and genes implicated in GWAS.
Discussion

In this study, we hypothesized that co-accessibility among scATAC-seq peaks may induce
tagging peak-gene associations in single-cell multiome data (analogous to tagging associations
in GWAS). We examined patterns of peak co-accessibility to assess this hypothesis. We
determined that the extent of a peak’s correlation with nearby peaks is strongly related to the
extent of its correlation to nearby genes, consistent with tagging and not with other explanations.
CRISPRI data and a regression of co-activity scores on co-accessibility scores stratified by
functional peak categories (S-CASC) provided additional support for the tagging hypothesis. We
explored a TF-driven mechanism for peak tagging and determined that peak co-accessibility is
strongly related to TF binding activity (with a particularly strong effect for pioneer TFs, which
induce accessibility of closed chromatin). Indeed, although major cell subtypes based on available

annotations do not explain the bulk of the correlation between co-accessibility and co-activity, we

showed that peak tagging is related to cell subtype / cell state-specific processes (likely reflecting
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TF activity), and it is possible that tagging effects would largely disappear in the extreme limit of
a perfectly homogeneous cell state across cells. We demonstrated that accounting for tagging
effects using statistical fine-mapping improves peak-gene linking. We observed similar patterns
when investigating gene-gene tagging effects, suggesting that gene co-expression can also
impact peak-gene linking. Finally, we highlighted examples in which peak tagging or gene tagging
obscures a causal peak-gene link, such that fine-mapping yields more precise predictions of peak-
gene links. Overall, we find that tagging has a major impact on efforts to identify peak-gene links.
We propose that tagging peak-gene links should be viewed as spurious links, because they
implicate incorrect gene regulatory mechanisms (in contrast to tagging associations in GWAS,
which are generally viewed as true associations because they implicate correct GWAS loci).

Our work has several implications for downstream analyses. First, researchers applying
existing peak-gene linking methods should be aware that non-causal peak-gene links may be
induced by tagging peaks or genes. Examining patterns of peak co-accessibility and gene co-
expression in the focal data set or incorporating other types of data (e.g. transcription factor

binding data or experimental follow-up via CRISPRi*"~%’

or base editing®®) may help distinguish
causal from tagging links. Second, researchers developing new single-cell peak-gene linking
methods should consider how to explicitly model peak co-accessibility and/or gene co-expression
to more effectively identify causal links; extensions of the fine-mapping approaches explored

here'*, as well as other approaches for causal inference'®®-1%

, could plausibly improve
performance. In particular, peak-gene linking studies are often motivated by the functional
interpretation of GWAS associations. A possible future method could jointly examine patterns of
peak co-accessibility, gene co-expression, and GWAS summary statistics at a GWAS locus to
nominate the causal peak-gene links driving the underlying genetic association.

Our work has several limitations and directions for future research. First, we primarily
focused our analyses on blood/immune cell types (for which large and high-quality multiome data

77,109,110,129)

sets are available ; in particular, we focused our analyses of transcription factor binding
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patterns on the K562 and GM12878 cell lines’” "% for which abundant TF ChIP-seq data are
available. While our findings were consistent in all cell types analyzed, exact patterns of peak co-
accessibility and gene co-expression vary among cell types (Supplementary Figure 3.16); it will
therefore be important to extend these analyses to other multiome data sets®%2. Second, in our
fine-mapping analysis, we applied fine-mapping software designed for use on genotype data
(which is generally highly accurate or well-imputed). While these analyses demonstrated in
principle that accounting for tagging effects can improve peak-gene linking, extensions of the fine-
mapping algorithm that explicitly model measurement noise in single-cell data may improve
performance and should be further explored in future studies'®®'; indeed, we present the fine-
mapping approaches described here as a proof of concept rather than state-of-the-art methods
(e.g. functionally informed priors do not always substantially improve performance). Likewise, due
to noisy single-cell measurements, relative causal effect size enrichments from S-CASC are likely
to be more reliable than absolute causal effect sizes variances. Third, a high fine-mapped linking
score does not guarantee biological causality. While fine-mapping linking scores improve upon

marginal linking scores (Figure 3.5), experimental validation*’~°"

is still needed to conclusively
demonstrate a causal link. Fourth, we do not include a large set of existing correlation-based
peak-gene linking methods in our analyses®*®%. While our findings were highly consistent using
linking scores computed from two foundational and distinct approaches (ArchR® and Signac’’?"),
it would be valuable to perform these analyses using additional peak-gene linking methods. Fifth,

we did not consider TF footprinting™®*'"

, i.e. inferring TF binding sites from the strength and
position of ATAC reads, in our TF analyses. TF footprinting requires high-resolution ATAC data,
which can be challenging to obtain in a single-cell multiome data set, and achieves variable
precision'®®7"172 While our findings were consistent using ChIP-seq data (which provide context-

169) and DNA sequence motifs (which

specific, ‘gold standard’ readouts for a smaller set of TFs
provide non-context-specific predictions for a larger set of TFs'*®) to define TF binding sites, it

would be valuable to perform these analyses using TF footprinting data, particularly as higher
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quality multiome data sets amenable to precise footprinting become available®"2. Despite these
limitations, we have shown that peak co-accessibility and gene co-expression, driven by TF
activity and other biological factors, can induce non-causal peak-gene links in single-cell data,
and that accounting for these ‘tagging’ effects is crucial for identifying causal peak-gene links.
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Figure 3.1. Toy example illustrating the effects of peak tagging on peak-gene links. We
plot simulated squared peak-gene correlations for each peak <1Mb from the TSS of the focal
gene. r values are reported as dots in the middle of each peak, with the causal peak colored in
red and other peaks colored based on their squared correlation to the causal peak.
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Figure 3.2. Relationship between peak-peak co-accessibility and peak-gene co-activity. a)
Relationship between co-accessibility score and co-activity score across 132,736 peaks in the
Xu K562'"° data set, computed using peaks and genes within the cis window (<1Mb) of each
focal peak. ‘Conditional r denotes correlation conditioned on number of genes <1Mb from the
focal peak. b) Relationship between correlation with the CRISPR-validated causal peak and
correlation with the target gene (relative to the causal peak’s correlation with the target gene)
across non-causal peaks tested by CRISPRI, restricted to CRISPR positive-negative peaks
where ArchR correctly identifies the causal peak-gene link. ¢) Causal effect size enrichment of
19 peak categories in stratified co-accessibility score regression. Bars and confidence intervals
denote estimates and standard errors, respectively, meta-analyzed across data set-cell type
pairs. Stars denote meta-analyzed p-values for significant enrichment (green) or depletion (red)
(*: p<0.05, **: p<0.01, **: p <0.001). d) Relationship between genome-wide co-accessibility
score and genome-wide co-activity score across 132,736 peaks in the Xu K562'"° data set,
computed using all peaks and genes for each focal peak. In a and d, peaks are partitioned
equally into 100 bins (each represented by 1 point) by co-accessibility score and genome-wide
co-accessibility score, respectively.
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Figure 3.3. Peak co-accessibility and peak-gene co-activity are related to transcription
factor binding activity. a) Relationship between number of TFs binding an ATAC peak and co-
accessibility score (left). Per-TF effect for pioneer vs. non-pioneer TFs on co-accessibility score
(right). b) Relationship between number of TFs binding both peaks in a peak-peak pair and
squared peak-peak correlation (left). Per-TF effect for pioneer vs. non-pioneer TFs on squared
peak-peak correlation (right). ¢) Relationship between number of TFs binding an ATAC peak and
co-activity score (left). Per-TF effect for pioneer vs. non-pioneer TFs on co-activity score (right).
d) Relationship between number of TFs binding both the peak and the gene (promoter) in a peak-
gene pair and squared peak-gene correlation (left). Per-TF effect for pioneer vs. non-pioneer TFs
on squared peak-gene correlation (right). In left subpanels of a-d, correlations are computed
across 132,736 peaks in the Xu K562'"° data set, and peaks (or peak-peak / peak-gene pairs)
are partitioned equally into 100 bins (each represented by 1 point) by x-axis value. In right
subpanels of a-d, regression effect sizes are meta-analyzed across 3 data set-cell type pairs (Xu
K562'"°, Satpathy-K562'%°, and SHARE-seq-LCL’"), and confidence intervals denote standard
errors.
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Figure 3.4. Relationship between gene-gene co-expression and peak-gene co-activity. a)
Relationship between gene co-expression score and gene co-activity score, computed using
genes and peaks within the cis window (<1Mb) of each focal gene, across 15,460 genes in the
Xu K562'"° data set. ‘Conditional r denotes correlation conditioned on number of peaks <1Mb
from the focal gene. b) Relationship between correlation with the CRISPR-validated causal target
gene and correlation with the causal peak (relative to the causal target gene’s correlation with the
causal peak) across non-causal target genes tested by CRISPR, restricted to CRISPR positive-
negative peaks where ArchR correctly identifies the causal peak-gene link. ¢) Causal effect size
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enrichment of 18 gene categories in stratified co-expression score regression. Bars and
confidence intervals denote estimates and standard errors, respectively, meta-analyzed across
data set-cell type pairs. Stars denote meta-analyzed p-values for significant enrichment (green)
or depletion (red) (*: p < 0.05, **: p < 0.01, ***: p < 0.001). d) Relationship between genome-wide
gene co-expression score and genome-wide gene co-activity score, computed using all peaks
and genes for each focal gene, across 15,460 genes in the Xu K562'"° data set. In a and d, genes
are partitioned equally into 100 bins (each represented by 1 point) by gene co-expression score
and genome-wide gene co-expression score, respectively.
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Figure 3.5. Fine-mapping improves peak-gene linking methods. a) Average enrichment
across recall values of links predicted by ArchR vs. fine-mapped ArchR scores for 448 links
validated by CRISPR. b) Average enrichment across recall values of links predicted by Signac
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vs. fine-mapped Signac scores for 448 links validated by CRISPR. ¢) Average enrichment
across recall values of links predicted by ArchR vs. fine-mapped ArchR scores for 39,194 fine-
mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues. d) Average
enrichment across recall values of links predicted by Signac vs. fine-mapped Signac scores for
39,194 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEX tissues.
Bars and confidence intervals denote estimates and standard errors, respectively, meta-
analyzed across data set-cell type pairs. Stars denote meta-analyzed p-values for significant
enrichment (green) or depletion (red) (*: p < 0.05, **: p < 0.01, ***: p < 0.001). Green asterisks
denote significant underperformance of the focal method vs. the top-performing method
(denoted with a black outline). Grey horizontal dashed lines mark 1.0x enrichment. SCP, single
causal peak fine-mapping; SCP + Functional, single causal peak functionally informed fine-
mapping; MCP, multiple causal peak fine-mapping; MCP + Functional, multiple causal peak
functionally informed fine-mapping.
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Figure 3.6. Examples of peak-peak and gene-gene tagging. a) Upper panel: Marginal linking
score (squared ArchR peak-gene correlation) for each peak <1Mb from the TSS of the gene
RAP1GAP. r? values are reported as dots in the middle of each peak, with the top correlated
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peak colored in red and other peaks colored based on their squared correlation to the top
correlated peak (non-focal genes not shown). Lower panel: Fine-mapped linking score (squared
ArchR peak-gene correlation multiplied by fine-mapped PIP) for each peak <1Mb from the TSS
of the gene RAP1GAP. b) Upper panel: Marginal linking score for each gene with TSS <1Mb
from the peak spanning chr19:8417808-8418540. r* values are reported as dots in the middle of
each gene, with the top correlated gene colored in red and other genes colored based on their
squared correlation to the top correlated gene (non-focal peaks not shown). Lower panel: Fine-
mapped linking score for each gene with TSS <1Mb from the peak spanning chr19:8417808-
8418540. In each panel, dashed line denotes linking score threshold corresponding to the
ArchR linking threshold.
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Tables

Data set Cell type(s) Number of cells
Xu'® K562*" 7,861
Satpathy'?® K562*t 5,359
SHARE-seq LCL”" | lymphoblastoid cell line (LCL)* 17,644
Luecken BMMC'® | T, B, myeloid, erythroid 55,321

All 6 cell types 86,185 cells

Table 3.1. Overview of single-cell multiome data sets. We report the cell types profiled and
number of cells passing QC for each single-cell multiome data set. *: TF ChIP-seq data is
available for that cell type. 1: CRISPR data is available for that cell type.
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Chapter 4: Robust and fast context-dependent eQTL mapping for single-cell data

Elizabeth Dorans, Jose Alquicira-Hernandez, Aparna Nathan, Soumya Raychaudhuri

Introduction

Genome-wide association studies (GWAS) identify many non-coding genetic variants
associated with disease, but the functional mechanisms by which these variants mediate complex
disease risk remain poorly characterized'"'®, Expression quantitative trait loci (eQTL) studies
link regulatory variants to target genes by measuring associations between genotype and gene
expression across individuals®*®*'73. However, recent work has demonstrated limited overlap

between variants implicated by eQTL and GWAS®*7;

indeed, only ~10% of disease-causal genes
have colocalizing GWAS and eQTL variants®'. One possible explanation for this discrepancy is
context-specific gene regulatory effects. Disease-driving genetic variants may only affect gene
expression in a specific rare or transitional cell state; thus, their effects may not be detected by
eQTL studies using bulk RNA sequencing data for heterogeneous tissues?'?27%1%  Methods to

investigate genetic effects on molecular phenotypes at granular cell state resolution are needed

to fully characterize the functional impact of disease variants.

Single-cell eQTL mapping has recently emerged as a powerful strategy for linking disease
variants with context-specific effects to their target genes. While previous eQTL studies of context-
dependent effects (“dynamic” eQTL) have focused on discrete cell type definitions’®, single-cell
data have the potential to elucidate continuous cell states (e.g. immune activation) at high
resolution®®. In contrast to bulk eQTL mapping, single-cell approaches characterize eQTL in fine-
grained cell states, which are often implicated in disease mechanisms (e.g. cytotoxicity, activation,

99,104,174 (

cellular stress, etc.) and difficult to precisely define. Existing single-cell eQTL models e.g.

a single-cell Poisson Mixed Effect (scPME) model®®) have shown promise in identifying disease-
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associated variants whose regulatory effects were mediated by continuous cell states. However,
the computational complexity of these models is an obstacle to their application; genome-wide
eQTL scans in data sets with large sample sizes are often computationally intractable. Existing
approaches also often rely on mixed-effect modeling (to account for repeated measurements per
donor, cellular heterogeneity, and data sparsity), which can be sensitive to model misspecification

and computational instability'">~""".

Due to computational constraints, previous work has focused on interaction eQTL
mapping at genes with strong main effects, often restricted to the lead main effect variant, instead
of locus-wide eQTL scans®. There has thus been little exploration of interaction eQTL at genes
with no detected main effect. Further, there can be multiple independent eQTL effects at the same
locus (separate biological signals)'’®'’®. Even genes with strong main effects may harbor
interaction effects that are independent from the main effect, which would not be detected by
testing only lead main effect variants. Therefore, a systematic investigation into the overlap of
genes with main and interaction effects, as well as the independence of main and interaction

effects at the same loci, is needed.

Here, we propose a robust and scalable dynamic single-cell eQTL mapping framework
modeling cell-state-dependent genetic effects in T cells. We first identify genetic variants that
interact with continuously defined cell states (e.g. cytotoxicity and regulatory function). We then
assess whether these dynamic eQTL effects tend to occur at previously reported “main effect”
genes. We further explore the overlap of interaction eQTL effects with variant-disease
associations from GWAS and provide an example of a context-dependent eQTL that may drive
autoimmune disease. Profiling cell-state-dependent eQTL at cellular resolution is critical for
profiling the full landscape of gene regulatory effects and understanding the biological

mechanisms of disease.
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Results
Overview of Methods

Dynema performs single-cell dynamic eQTL mapping to identify variant-gene pairs where
continuous cell state modulates genetic effect on gene expression. This approach provides robust
p-values across genes and multiple cell states, scales to larger datasets, and enables locus-wide

eQTL searches.

Dynema uses a Poisson Generalized Linear Model (Poisson GLM) to model single-cell
gene expression as a function of SNP genotype dosage, cell state(s), and genotype x cell state
interaction(s), while controlling for sample and single-cell covariates (Methods). Dynema takes
as input: (1) a single-cell gene expression matrix, (2) a genotype matrix, (3) a context matrix
representing discrete and/or continuous cellular phenotypes (e.g. cell states), and (4) a covariate
matrix including cell-level and sample-level covariates. Cell states (pre-defined by the user) might
include discrete phenotypes (e.g. cell type, pathway activation, surface marker expression) or
continuous phenotypes describing dynamic cell processes (e.g. T cell cytotoxicity, differentiation,
activation).

In detail, we modeled single-cell gene expression counts using a Poisson Generalized

Linear Model:

log(E) = Bo+ BaG + Y _ BeviCVi+ Y Baxcvi(G x CV;) +
i=1 i=1 , [4.1]

where E is the gene expression count, §, is the intercept term, G is the alternate allele dosage
of the tested SNP, CV is the cell state variable of interest, GxCV is the interaction term between
genotype and cell state, and u are the residuals. We also include biological and technical

covariates to account for possible confounding (see Methods).
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After fitting the Poisson GLM, Dynema uses cluster-robust variance estimators (CRVE) to
empirically measure the residual variance at the donor level and generate calibrated p-values in
the presence of correlated cells within donors and moderate model misspecification. Dynema also
offers a flexible framework to test single or multiple model parameters jointly, including eQTL main

(i.e., cell-state-independent) or interaction (i.e., cell-state-dependent) effects.

We analyzed an existing cellular indexing of transcriptomes and epitopes by sequencing
(CITE-seq) data set of 500,089 memory T cells from 259 healthy Peruvian individuals with a
previous tuberculosis infection'®® (Methods). These data contain measured gene expression and
T cell surface proteins, allowing for single-cell-level eQTL mapping with single-cell-level cell state
definitions. We quantified 3 independent continuous cell state representations using the top 3
canonical variates (CVs) from canonical correlation analysis on both modalities, corresponding to
cytotoxicity (CV4), Treg/activation (CV2), and central memory (CV3) phenotypes, as previously

described®® 18 (

which play key roles in immune function and autoimmune disease risk). We jointly
tested for significant interaction effects across the 3 CVs (testing for nonzero variance explained
by any of the 3 CVs).

Dynema is well-calibrated to identify genetic effects that interact with cell state

We evaluated the calibration of p-values for genetic interaction effects computed by
Dynema. To quantify model calibration, we selected 2,202 genes and their lead eQTL SNPs
from our previous pseudobulk analysis of the TBRU data set. We then permuted genotypes to
generate a “null” effect scenario and tested for an eQTL interaction effect with CV (T cell
cytotoxicity). We quantified model inflation by computing a lambda inflation factor 1. Dynema
produced well-calibrated p-values across all genes (1 = 1.04).

We further assessed Dynema’s calibration in extreme scenarios with smaller sample
size and cell count imbalance across donors. We generated downsampled gene expression for

each of the 2,202 SNP-gene pairs by downsampling donors (selecting a random subset of 50,
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100, or 200 donors), downsampling cells (selecting a random subset of 10%, 25%, or 50% of
cells for half of donors, and retaining all cells for half of donors), or both (selecting a random
subset of 50 donors and downsampling cells as previously described). We observed moderately
robust calibration of Dynema p-values in each scenario (1 = 1.04-1.22). We conclude that
Dynema is generally robust to low sample size and cell count imbalance.

Dynema identifies genetic effects that interact with cell state

We first defined a set of eGenes with any significant genetic effect for use in all analyses.
We ran Dynema on 6,019/6,267 genes from the TBRU data set expressed in at least 50% of
donors (due to computational constraints, analyses are ongoing). We first tested “total” genetic
effect of all cis variants within 1 Mb of each gene’s TSS using a 4-degree of freedom Lagrange
multiplier test jointly testing the main effect and interaction effects for CVs 1-3 (from CCA on the
TBRU data set, as in ref.*®) (Methods). We defined a conservative Bonferroni-corrected p-value
threshold of 0.05 / 11,721,353 (the total number of variant-gene pairs tested in this study). We
restricted subsequent analyses to 776 genes with at least one variant whose “total” genetic effect
passed this Bonferroni-corrected p-value threshold.

For each of these 776 genes, we then separately ran Dynema testing the main genetic
effect and the interaction genetic effect (jointly testing CVs 1-3). For each locus-wide eQTL scan,
we generated FDR-corrected p-values (using Benjamini-Hochberg correction across all cis
variants at a locus) and defined a “significant” variant-gene effect as FDR < 0.05 for either a main
effect (FDR < 0.05 for main genotype effect) or an interaction (FDR < 0.05 for joint CVs 1-3
interaction). We defined a main eGene as any gene with a significant main effect eQTL and an
interaction eGene as any gene with a significant interaction eQTL. We discovered 768 main effect
eGenes and 285 interaction eGenes (Figure 4.1a). While a substantial proportion of main eGenes
were not interaction eGenes (490/768), the majority of interaction eGenes were also main eGenes

(278/285) (Figure 4.1b).
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Genetic effects that interact with cell state are often independent from main genetic effects

We next assessed whether cell state interaction genetic effects are independent from main
genetic effects for 211/285 interaction eGenes (due to computational constraints; analyses are
ongoing). For 11/211 interaction eGenes, the lead interaction SNP was identical to the lead main
effect SNP, and for 200/211 interaction eGenes, the lead interaction SNP and lead main effect
SNP were different. To determine whether an interaction genetic effect controlling a gene’s
expression was independent from the main genetic effect, we performed conditional eQTL
mapping: for each interaction eGene, we retested all cis SNPs for their joint interaction genetic
effect, conditioned on the main and interaction effects of the lead main effect SNP, computing
conditional p-values for each SNP. We defined an interaction eGene as having an “independent”
interaction effect if the FDR-corrected p-value for the original lead interaction SNP remained <
0.05 after conditioning and the correlation between log-transformed interaction p-values across

SNPs before and after conditioning was > 0.9 (Figure 4.2a).

We determined that 21 genes (out of 211 interaction eGenes) had interaction effects
independent from the main effect (Figure 4.2b). We further restricted to genes with significant
interaction and main effects and determined that 17 genes (out of 205 genes that were both
interaction eGenes and main effect eGenes) had non-independent interaction and main effects
(Figure 4.2b). These results suggest that cell state interaction eQTL may sometimes be
independent from main effect eQTL and may often provide mechanistic insights into the specific
contexts driving a main effect eQTL, motivating further investigation into the disease relevance of

these variants.

We highlight CAPN2 (calpain-2), an example of an eGene with independent main and
interaction effects (Figure 4.2c). The lead main effect variant at the CAPN2 locus, located at
position 223756117 on chromosome 1, attains a p-value of 5e-12 (and FDR-corrected p-value of

5e-9). The lead interaction effect variant at the CAPN2 locus, located at position 223712428 on
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chromosome 1, attains a p-value of 2e-5 (and FDR-corrected p-value of 0.0013). After
conditioning on the lead main effect variant, this variant attains an interaction p-value of 3e-4
(FDR-corrected p-value of 0.0064), and the correlation between log-transformed interaction p-
values across variants before and after conditioning was 0.95, suggesting independent interaction

and main effects.

CAPN2 is a calcium-dependent cysteine protease with established roles in immune
synapse formation and NF-kB signaling®"'®. In T cells, calpain activity is linked to T cell receptor
(TCR)-induced calcium influx, translating antigen recognition into changes in signaling and cell
motility'®'8 A cell state interaction eQTL for CAPN2 is biologically plausible because its
functional impact would be pronounced during T cell activation, which induces calcium-related
pathways; indeed, we observe the largest interaction effect size for the interaction of genotype
with CV, previously shown to quantify T cell regulatory vs. activated state®. Examination of total
SNP effect sizes per cell also suggests that eQTL effects vary with the value of CV2 (Figure 4.2d-
e). This example demonstrates how genetic variation may selectively modulate gene expression
dependent on T cell activation dynamics. This example also underscores the importance of
conducting a principled test for effect independence rather than relying on heuristics; while locus
plots look visually similar and may suggest the main and interaction signal arise from the same
causal variant, statistical investigation strongly suggests independence.

Interaction genetic effects drive disease associations in GWAS

We tested for colocalization of interaction and main eQTL effects with autoimmune
disease GWAS associations. We used publicly available summary statistics for rheumatoid
arthritis (RA)'®, systemic lupus erythematosus (SLE)'®®, and Type 1 diabetes (T1D)'®". We ran
coloc'® for all eGenes with each of the 3 diseases, defining colocalization as probability of a
shared causal variant (PPH4) > 0.5, as in ref.% Out of all 776 eGenes, 14-29 genes had main

effects that colocalized with GWAS associations for each disease and 6-13 genes had interaction
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effects that colocalized with GWAS associations for each disease (Figure 4.3a). Below, we

highlight an example of an interaction eQTL effect that colocalized with disease GWAS signal.

We observed strong colocalization of the interaction effect for the ORMDL3 gene with a
GWAS association for Type 1 diabetes'®” (PPH4 = 0.92) (Figure 4.3b). The ORMDL3 locus
harbors a strong interaction eQTL effect (lead variant located at position 39912129 on
chromosome 17, p-value = 4e-7; Figure 4.3c, upper panel). We also observed a strong main
effect eQTL for ORMDLS3 (lead main variant located at position 39888640 on chromosome 17,
attains a p-value of 2e-27; Figure 4.3c, lower panel). We determined that the interaction effect
was not independent from the main effect at this locus (correlation between log-transformed
interaction p-values across variants before and after conditioning on lead main variant = -0.023);
indeed, we also observed colocalization of the main effect with T1D GWAS (PPH4 = 0.61). Thus,
the ORMDL3 locus may harbor a T1D-driving genetic association with both a cell-state-
independent genotype effect and a cell state interaction effect. ORMDL3 regulates cellular stress
responses and sphingolipid metabolism, which are both critical for T cell receptor (TCR) signaling
and cytokine production, and plays a known role in other immune-related diseases (e.g. allergic

asthma)!8e-19"

. Higher ORMDL3 expression may drive cytotoxicity and inflammatory cytokine
release, increasing pancreatic B-cell destruction in T1D'¥? and magnifying genetic effects in
cytotoxic cells; indeed, we observe the largest interaction effect size for the interaction of
genotype with CV4, previously shown to quantify T cell cytotoxicity®®. Examination of total SNP
effect sizes per cell also suggests that eQTL effects vary with the value of CV1 (Figure 4.3d).

This example illustrates how, in addition to revealing novel genetic effects, cell state interaction

eQTL can nominate biological mechanisms for known genetic effects.
Discussion

In this study, we developed a statistically robust and computationally efficient method for

dynamic eQTL mapping using single-cell gene expression data. We applied this method to a
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paired genotype and CITE-seq data set from healthy individuals with a previous tuberculosis
infection. We demonstrated that genes may often harbor eQTL effects that interact with cell state.
These interaction effects may exist with or without a corresponding main effect, and they may or
may not be independent from the main effect. We most frequently observe interaction effects for
eGenes harboring main effects, and interaction and main effects are most often not independent.
We identify examples of colocalization between interaction eQTL effects and GWAS variant-
disease associations, demonstrating how interaction eQTL can reveal novel regulatory effects or

provide mechanistic insights into known genetic effects.

Our work has several implications for downstream analyses. First, Dynema software is
publicly available for users to apply to additional data sets with paired genotype and CITE-seq or
scRNA-seq. Because dynamic eQTL are context-specific and require many donors/cells to detect,
there are likely many more dynamic eQTL (in the T cell context and beyond) that explain disease
signal than those reported here. Second, Dynema SNP-gene associations nominate SNP-gene

47-54

pairs for functional follow-up (e.g. via CRISPRI or base editing®) to validate predicted links

and investigate the cell type-specific mechanisms of the genetic associations identified.

Our work has several limitations and directions for future research. First, our analyses
have thus far been restricted to the TBRU data set'®®; while this data set is well-powered and
characterized by highly interpretable CVs, it will be important to validate our results in additional
(particularly, larger) data sets®'. Second, we currently rely on a maximally stringent p-value
correction procedure to select genes of interest, which may dampen true biological signal,
especially for interaction eQTL which may lack power; we plan to develop a permutation-based
approach to construct a per-gene null distribution and more accurately quantify the significance
of genetic associations. We will also explore larger data-set and potential meta-analyses to
maximize power. Third, we have conducted GWAS colocalization analyses for a limited number

of immune-related diseases (RA'®, SLE', and T1D"); it will be important to conduct these
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analyses in a larger and broader set of diseases and traits with publicly available GWAS summary
statistics. Fourth, it would be of interest to conduct large-scale validation of Dynema on real data
(in addition to calibration simulations); while gold-standard sets of dynamic eQTL effects are not
widely available, gene-level or variant-level validations (e.g. disease-relevance or context

33.106.193-195) could be useful in characterizing the regulatory relationships

specificity scores
uniquely captured by Dynema. Fifth, our analyses focus on T cells and well-defined (from prior
work'®) cell states; it will be of great importance to expand this work beyond the T cell context to
new data sets profiling other cell types. This extension will require further consideration of the
dimension reduction approaches for each biological context (and careful interpretation of the
biological dimensions of variation captured), as CCA may not be suitable for non-immune
contexts.

Despite these limitations, we have shown that Dynema robustly and efficiently captures
genetic effects on gene expression that interact with cell state, suggests biological mechanisms
underlying known regulatory effects, and reveals new disease-relevant gene regulatory effects.
Author Contributions
J. A-H., A.N., and S.R. conceived this study. J. A.-H. developed the Dynema model and
conducted calibration analyses. E.D. conducted conditional interaction eQTL analyses and

GWAS colocalization analyses. E.D. and J. A.-H. contributed to the written report. A.N. and S.R.

provided critical scientific guidance.
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Figures

All genes
B Main eGenes
Interaction eGenes

. Main eGenes Interaction eGenes

Figure 4.1. Dynema identifies genetic effects on gene expression that interact with cell
state. a) Number of genes expressed in at least 50% of donors (‘All genes’), genes that have at
least one variant within 1Mb with a significant main genotype effect (‘Main eGenes’), and genes
that have at least one variant within 1Mb with a significant interaction between genotype and cell
state (‘Interaction eGenes’) in the TBRU data set. b) Set overlap between main eGenes and
interaction eGenes.
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Figure 4.2. Independence of main and cell state interaction genetic effects. a) Relationship
between conditional lead interaction FDR-corrected p-values (lead interaction effect p-values
after conditioning on the lead main effect SNP, corrected via FDR; x-axis) and the correlation
across SNPs of interaction effect p-values with conditional interaction p-values (y-axis), across
211 interaction eGenes. Red outline denotes interaction eGenes whose interaction effect is
independent from the gene’s main effect (defined by conditional lead interaction p-value < 0.001
and r(unconditional interaction p-values, conditional interaction p-values) > 0.9, denoted by black
dashed lines). b) Number of interaction eGenes (left) and interaction and main eGenes (right)
whose interaction effects are tested for independence from the main effect (‘All genes’) and whose
interaction effects are determined to be independent from the main effect (‘eGenes with
independent interaction’). ¢) Locus plots mapping the joint interaction effects (top) and main
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effects (bottom) for all variants <1 Mb from the CAPN2 TSS. Y-axes display -logio-transformed p-
values for either joint interaction p-value (top) or main effect p-value (bottom). Red points highlight
the variant with the most significant p-value. d) UMAP embedding of cells in the TBRU data set,
colored by total effect on CAPN2 expression for each cell (main effect size plus interaction effect
sizes multiplied by CV values for each cell). ) UMAPs of cells in the TBRU data set, colored by
values of CV1 (left), CV2 (middle), and CV3 (right).
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Figure 4.3. Colocalization of cell state interaction eQTL with GWAS associations. a) Number
of genes with GWAS-colocalizing main effects, interaction effects, or interaction and main effects
in each of 3 diseases analyzed (RA, rheumatoid arthritis; SLE, systemic lupus erythematosus;
T1D, type 1 diabetes). b) Locus plot mapping the -logio-transformed GWAS p-values for all
variants <1 Mb from the ORMDL3 TSS with summary statistics reported by ref.’®” ¢) Locus plots
mapping the -logi-transformed p-values for the main effect (top) and joint interaction effect
(bottom) for all variants <1 Mb from the ORMDL3 TSS. d) UMAP embedding of cells in the TBRU
data set, colored by total effect on ORMDL3 expression for each cell (main effect size plus
interaction effect sizes multiplied by CV values for each cell). Red points in b and ¢ highlight the
variant with the most significant p-value.
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Chapter 5: Conclusion

Characterizing enhancer-gene regulatory architectures is critical for understanding the
biological mechanisms underlying GWAS discoveries and understanding the circuitry driving key
biological processes. We have shown that combining evidence from genomic distance and single-
cell methods improves power to link enhancers to genes, that enhancer correlations have a major
impact on the identification of enhancer-gene links, and that dynamic eQTL are an underexplored
and fruitful source of gene regulatory effects.

In Chapter 2, we developed an integrative modeling framework (pgBoost) combining
single-cell peak-gene linking scores with genomic distance and genetic evidence to predict causal
SNP-gene links. We demonstrated that pgBoost significantly outperforms existing single-cell
methods and genomic distance in multiple evaluation analyses. In particular, pgBoost
substantially outperformed existing methods in evaluations of longer-range links, which are of
high biological importance in GWAS. We further demonstrated that restricting pgBoost to features
from a focal cell type improves power to detect regulatory links relevant to that cell type,
supporting the future application of this framework to a wider variety of biological contexts.

In Chapter 3, we demonstrated that co-accessibility among scATAC-seq peaks induces
false positive tagging peak-gene associations in single-cell multiome data (analogous to tagging
associations in GWAS). CRISPR analyses and a stratified regression of peak-gene associations
on functional peak annotations both support pervasive tagging. We presented a TF-driven
mechanism for peak tagging and determined that peak co-accessibility is strongly related to TF
binding activity (with a particularly strong effect for pioneer TFs, which induce accessibility of
closed chromatin). We showed that accounting for tagging effects through statistical fine-mapping
improves peak-gene linking. We observed similar patterns when investigating gene-gene tagging

effects.
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In Chapter 4, we developed a statistically robust and computationally efficient method for
dynamic eQTL mapping using single-cell gene expression data. We demonstrated that genes
may often harbor eQTL effects that interact with cell state. These interaction effects may exist
with or without a corresponding main effect, and they may or may not be independent from the
main effect. There are likely many more dynamic eQTL that help explain variant-disease
associations than those reported here, and it will be important to perform dynamic eQTL mapping

in broader disease-related contexts.

Our work suggests several directions for future research. In the area of peak-gene linking,
it will be important to apply pgBoost and other methods to other non-blood-related cell types as
higher quality multiome data from such contexts become available. In addition, statistical fine-
mapping (and other algorithms adapted from the GWAS toolkit in Chapter 3) can be extended to
explicitly model measurement noise in single-cell data, which may further improve performance
and biological insight. Importantly, strong peak-gene linking scores represent predictions and do
not imply biological causality, and downstream experimental validation will be crucial. In the area
of single-cell eQTL mapping, it will be important to explore larger immune cell data sets and
potential meta-analyses to maximize power for detecting interaction eQTL related to immune
function. It will also be of great interest to expand these analyses to diverse cell types and states,
given the broad and largely unknown set of contexts relevant for human disease.

To conclude, we have developed and characterized statistical methods to link enhancers
(and the regulatory variants they harbor) to their target genes, carefully navigating the challenges
and leveraging the advantages of high-dimensional single-cell genomic data. Each of these efforts
improves enhancer-gene maps, aids in the functional interpretation of GWAS variant-disease

associations, and facilitates downstream drug target identification.
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Methods
Existing single-cell peak-gene linking methods

We applied 4 existing single-cell peak-gene linking methods (SCENT®, Signac’”®',
ArchR®?, Cicero®®; Table 2.1) separately to each cell type in each data set (Table 2.2), generating
10 total sets of predictions from each method (1 for each data set-cell type pair). We selected
candidate links as peak-gene pairs with an ATAC-seq peak centered +500kb from the gene’s
TSS (as in refs.””#818%) gand not overlapping any promoter region (defined as + 1kb from the
gene’s TSS as in ref.'?®). Some methods implement additional requirements for candidate peak-
gene pairs to test for association (for example, SCENT only tests peak-gene pairs from which the
peak and gene are both active in > 5% of cells). To integrate linking scores across data sets and
facilitate downstream variant-level analyses (e.g. interpreting GWAS variant disease
associations), we intersected peaks with 1000 Genomes Project variants with minor allele count

> 5 (following refs,5:26:86.196.197)

, to define SNP-gene linking scores from peak-gene linking scores;
we consider SNP-gene pairs for which the focal SNP lies in any peak centered +500kb from the
gene’s TSS (we do not restrict to peaks tested by single-cell peak-gene linking methods). We also
restricted all analyses to the set of autosomal genes analyzed in ref.?® (see Data Availability).

Brief descriptions of each linking method are provided below (additional implementation
details are provided in the Supplementary Note):

SCENT® (v0.1.0) uses Poisson regression to test the association of each candidate peak-
gene pair (while controlling for batch and cell-level covariates) and quantifies the significance of
associations by bootstrapping across cells.

Signac’”®! (v1.10.0) computes the correlation between binarized peak accessibility and
normalized gene expression across single cells for each candidate peak-gene pair and quantifies

significance by permuting across off-chromosome peaks matched to the focal peak for peak

accessibility, peak length, and GC content.
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ArchR®? (v1.0.2) defines metacells (low-level cell aggregates) using k-nearest neighbors,
aggregates RNA and ATAC peak counts across single cells within each metacell, and computes
the correlation between normalized aggregated RNA and ATAC peak counts across metacells.
ArchR outputs an FDR computed from the analytical correlation p-value.

Cicero® (v1.3.9), which uses as input scATAC-seq data only, computes partial
correlations across metacells between pairs of ATAC peaks, quantifying the association between
two peaks after accounting for accessibility of all other peaks + 500kb. Cicero uses the Graphical
LASSO"? with a distance-dependent penalty term to prioritize local cis-regulatory interactions.
Our results show that this penalty term does not effectively capture the impact of genomic distance
(Figure 2.3 and Figure 2.4). These peak-peak associations can be interpreted as peak-gene
associations when one peak overlaps a gene promoter (we define the promoter region as + 1kb
from the gene’s TSS as in ref.'?8).
pgBoost framework

pgBoost is a gradient boosting classification model (implemented using XGBoost
software'®) which takes as input (features) linking scores from existing methods and genomic
distance and outputs (predictions) probabilistic scores for each pair.

The gradient boosting algorithm iteratively builds regression trees to capture relationships
between features x; and observed “truth” values y;, minimizing the following objective function at

each iteration t:
LO =T (73 H )+ 00D 1)

where [(y;, ;) is a loss function measuring the difference between “truth” (y;) and prediction (J;)

forinstance i, f;(x;) is a regression tree fit to the errors from the previous iteration, and Q(f;) is a
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regularization term which prevents the model from overfitting to the training data. The model
predicts the causal probability of candidate links by summing over tree outputs: 9; = >:7_; f;(x;).
The regularization term Q(f;) can be expressed as a sum of regularization costs across trees at

each iteration t:

Q(f) =i 0(f)  [2.2]

where w denotes the “complexity” of tree f, defined as:

W(f) = VT +3A%]w?  [23]

where y is the “gamma” parameter, T denotes the number of leaves, 1 is an additional L2
regularization parameter, and Z]T-zl sz denotes the sum of squared prediction scores within each

leaf. The “gamma” parameter prevents overfitting by specifying a minimum reduction in loss
required to make an additional split, thus penalizing more complex trees. We report gradient
boosting hyperparameters used in the Supplementary Note.

Across candidate SNP-gene links, pgBoost considers 3 separate features for each cell
subset (one cell type in one data set}—SCENT regression effect size, Signac correlation, Cicero
peak-promoter co-accessibility—as well as 2 distance-based features: SNP-TSS distance, and a
binary indicator for “closest TSS”. A feature matrix of 6,882,594 candidate SNP-gene links x 32
features was thus defined for candidate SNP-gene links profiled in any of the 4 multiome data
sets (Table 2.2). If a candidate link was not scored by a given method in a given cell subset, an
NA was entered as the corresponding feature. (We note that the main pgBoost model excludes

features from ArchR, which requires separate processing of raw fragment/BAM files; see pgBoost
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feature selection and evaluation of feature importance). Further details on pgBoost feature
selection and evaluation of feature importance are provided in the Supplementary Note.

We defined a training set comprised of fine-mapped eSNP-eGene pairs attaining a
posterior inclusion probability (PIP) > 0.2 in any GTEXx tissue as positives and maximum PIP <

0.01 across all GTEx tissues as negatives®®* (

Supplementary Figure 2.1). In detail, for each
SNP-gene pair, we computed the fine-mapped PIP in each GTEx tissue and determined the
maximum PIP attained across all GTEXx tissues. We then defined positive SNP-gene pairs as
those attaining maximum PIP > 0.2 across tissues and negative SNP-gene pairs as those
attaining maximum PIP < 0.01 across tissues. We selected negative SNP-gene pairs by restricting
to genes that included a positive SNP-gene pair in order to avoid uninformative (and potentially
false negative) SNP-gene pairs that might arise due to gene-specific factors not captured by
pgBoost model features (e.g. read mappability). We intersected this set of SNP-gene pairs with
candidate SNP-gene links profiled in any of the 4 multiome data sets (Table 2.2) and removed
any “duplicate” SNP-gene pairs receiving the same scores across data set-cell type pairs
(intuitively, limiting to 1 entry per uniquely-defined regulatory element). In total, pgBoost was
trained on 11,926 positive SNP-gene pairs and 99,772 negative SNP-gene pairs.
Single-cell data sets

We downloaded 4 publicly available scRNA/ATAC-seq multiome data sets (10x PBMC'%,
Luecken BMMC'®, SHARE-seq’’, and Xu K562''%; Table 2.2) (see Data Availability) that span a
large number of cells and reflect immune/blood cell biology. For each data set, we analyzed major
cell types spanning >500 cells (in accordance with ref.2%), yielding 10 data set-cell type pairs. (No
statistical methods were used to pre-determine the number of data sets or number of data set-
cell type pairs analyzed). We also downloaded 1 publicly available scRNA/ATAC-seq multiome

data set from brain tissue (Meijer brain'"?)

. We obtained publicly available QCed gene expression
and ATAC peak matrices for the Luecken BMMC'® and Meijer brain''® data sets, and processed

the 10x PBMC'%®, SHARE-seq’’, and Xu K562'"° data sets using both Seurat 4.3.0.1'°® and ArchR
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1.0.2% (ArchR requires raw fragment/BAM files as input and thus separate processing). We
retained all cells from each data set passing QC filters on total ATAC and RNA reads, nucleosome
signal, and TSS enrichment in accordance with ref.2° We next identified “peaks” of open chromatin
in each data set using macs2'® and excluded non-standard chromosomes and blacklist regions.
To ensure uniform cell and peak sets were used by all methods, we imported the set of ATAC
peaks identified using macs2 into ArchR using the addPeakSet function.

These steps yielded matrices of gene expression and ATAC peak counts in individual cells
for each data set. We also generated binarized ATAC peak matrices, in which an entry of 1 for a
given peak-cell pair indicates that > 1 ATAC fragments overlap the peak and an entry of 0
indicates that no ATAC fragments overlap the peak. Finally, we added cell type annotations. For
the Luecken BMMC'®, SHARE-seq’’, Xu K562'"°, and Meijer brain''® data sets, we used cell type
labels provided by the authors. For the 10x PBMC'® data set, we performed Seurat reference-
query mapping with a PBMC reference object to define cell type labels, as described in the
“Multimodal reference mapping” vignette at

https://satijalab.org/seurat/articles/multimodal reference mapping.html. In detail, we normalized

and scaled 10x PBMC gene expression data using the Seurat SCTransform function'®®,
downloaded a PBMC reference data set (previously annotated with cell type labels and
normalized using SCTransform) from ref.'®8, then assigned cell type labels to the 10x PBMC data
set by projecting the PCA structure of the reference data set onto the 10x PBMC data set.
Defining single-cell and distance-based SNP-gene linking scores

Running existing peak-gene linking methods separately in each of the 10 data set-cell type
pairs (Table 2.2) typically yielded multiple scores per method for a single candidate SNP-gene
link. To facilitate downstream analyses, we assigned a single score per method to each candidate
link in accordance with ref.?® For SCENT, we assigned each candidate SNP-gene link the
minimum FDR observed across cell subsets. For Signac, we assigned each candidate SNP-gene

link the maximum |score| across cell subsets. For ArchR, we assigned each candidate SNP-gene
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link the maximum |correlation| across cell subsets. For Cicero, we assigned each candidate SNP-
gene link the maximum |co-accessibility| across cell subsets.

To compare the performance of pgBoost and existing methods to a distance-based
strategy, we defined a distance-based linking score by ranking all candidate SNP-gene links by
SNP-TSS distance (such that more proximal SNP-gene links are assigned higher linking scores).
Evaluation data sets

We defined 4 main evaluation sets derived from eQTL®3%4, Activity-By-Contact (ABC)?¢%,
CRISPR*%, and GWAS'%®"'%" (see Data Availability). We intersected all evaluation sets with
candidate SNP-gene links (see Existing single-cell peak-gene linking methods).

Brief descriptions of each evaluation set are provided below:

The eQTL evaluation set is comprised of 4,434 fine-mapped eSNP-eGene pairs attaining
a posterior inclusion probability (PIP) > 0.5 in any GTEXx tissue®*®*. Fine-mapping was conducted
by ref.®* (by applying the SuSIiE'"* fine-mapping method to 49 GTEXx tissues®).

The Activity-By-Contact evaluation set is comprised of 53,701 SNP-gene links attaining
ABC score > 0.2 in any of 344 biosamples passing QC?*%". Activity-By-Contact scores®” were
computed and made publicly available by ref.?® (344 biosamples were obtained by removing
duplicate assays corresponding to same cell type from the 352 biosamples released by ref.).

The CRISPR evaluation set is comprised of 892 SNP-gene links experimentally validated
by CRISPR interference experiments*’~>°. Validated links are defined as those marked “TRUE” in
the “Regulated” column of the combined CRISPR evaluation data set (see Data Availability). We
derived 892 CRISPR-validated SNP-gene links from these 472 element-gene links based on
SNPs that reside in a regulatory element. CRISPR results were assembled and made publicly
available by ref.?®

The GWAS-derived evaluation set is comprised of 155 SNP-gene pairs defined by non-
coding variants fine-mapped to a focal trait (PIP > 0.1) with a coding variant for exactly one

candidate gene + 1 Mb from the non-coding variant attaining PIP > 0.5 for the same trait. This
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evaluation set was defined by ref.'® (based on fine-mapping results from ref.’”” on 94 diseases
and complex traits from the UK Biobank'"?).
Average enrichment metric

We used an enrichment-based metric, average enrichment across recall values, to assess
the ability of each linking method to prioritize (assign higher linking scores to) “true” links over
“false” links (as defined by an evaluation set of SNP-gene links).

For a given evaluation set and given method, we ranked candidate SNP-gene links by
linking score. At each unique linking score ¢ assigned to any candidate SNP-gene link, we

computed enrichment and recall as follows:

| predicted SNP-gene links N true SNP-gene links | / | true SNP-gene links |

Enrichment = | predicted SNP-gene links | / | candidate SNP-gene links |

[2.4]

| predicted SNP-gene links N true SNP-gene links |

Recall = | true SNP-gene links |

[2.5]

where “predicted SNP-gene links” denotes the binarized set of SNP-gene links attaining linking
score > ¢, “true SNP-gene links” denotes the binarized set of “true” SNP-gene links defined by
the evaluation set (intersected with the set of “candidate SNP-gene links”), and “candidate SNP-
gene links” denotes SNP-gene pairs profiled in at least one single-cell multiome data set (involving
a SNP lying in an ATAC-seq peak and a gene expressed in the focal data set; Table 2.2). When
computing enrichment for evaluation sets derived from CRISPR*’~*° and GWAS'%"%" we further
restricted the set of “candidate SNP-gene links” to SNP-gene pairs tested by a CRISPR
experiment*’~*®° (for CRISPR evaluation) or SNP-gene pairs involving a SNP with a “true” GWAS-
derived link (for GWAS evaluation). We did not further restrict the set of “candidate SNP-gene
links” for evaluation sets derived from eQTL®*** and ABC#*?, as these methods can detect SNP-

gene associations genome-wide. Intuitively, equation 4.4 quantifies the extent of overlap between
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predicted SNP-gene links and evaluation SNP-gene links relative to the overlap expected by
chance.

For a given evaluation set and set of methods, we used equation 4.4 and equation 4.5 to
construct enrichment-recall curves. For each method, we considered different values of the
number of evaluation links prioritized (k), corresponding to a recall and enrichment of
(recally, enrichment,,), and performed linear extrapolation to complete the enrichment-recall
curve between the points (recall;, enrichment,) and (1, 1), such that the enrichment-recall curve
spanned values of recall in the range [0, 1]. We then defined average enrichment across recall

values (or average enrichment, shortened) as follows:

Average enrichment = (3, enrichment; * (1 — recall.))/n [2.6]

where n denotes the total number of evaluation links and (recall;, enrichment;) for i € {1 ...n}
denote the values of each point on the enrichment-recall curve. Multiplying enrichment; by

(1 —recall,) upweights enrichments at lower recall values, prioritizing method performance at
high score thresholds. Intuitively, this metric can be interpreted as a weighted area under the
enrichment-recall curve.

We obtained standard errors on average enrichment for each method, as well as
standard errors and p-values on the difference in average enrichment between two methods, by
bootstrapping genes using 1,000 bootstrap iterations. (The distribution of enrichment differences
was assumed to be normal, but this was not formally tested.)

Training pgBoost models in a focal cell type

To investigate whether restricting model features to a focal cell type improves power to

detect SNP-gene links relevant to that cell type, we trained individual pgBoost models and

generated predictions for T cells, B cells, myeloid cells, and erythroid cells in the Luecken
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BMMC'® multiome data set (each spanning > 8,000 cells), K562 cells from the Xu''"® data set,
and oligodendroglia from the Meijer brain''® data set (Table 2.2). We trained pgBoost models in
a focal cell type by restricting model features to the 3 linking scores derived from the focal cell
type plus 2 distance-based features, totaling 5 features. We used fine-mapped eSNP-eGene pairs
(maximum PIP > 0.2 vs. maximum PIP < 0.01 across GTEXx tissues, see pgBoost framework
above) as training data.
ABC evaluation data in a focal cell type or tissue

We defined evaluation SNP-gene links relevant to each of the 4 focal cell types (T cells,
B cells, myeloid cells, and erythroid cells; see Training pgBoost models in a focal cell type) from
ABC data®®%". We first assigned 344 biosamples profiled by ABC data?®?’ to either 1 focal cell
type (if a biosample is closely biologically related to that cell type) or 0 focal cell types (if a
biosample is not related to any of the 4 focal cell types), yielding 53 biosamples related to T cells,
14 biosamples related to B cells, 6 biosamples related to myeloid cells, and 1 biosample related
to K562 cells. We then defined 4 cell-type-level sets of SNP-gene links strongly implicated in any
biosample related to each focal cell type (max(ABC) > 0.2 across biosamples). We finally defined
cell-type-specific sets of SNP-gene links as the set of cell-type-level SNP-gene links in each focal
cell type that are not as strongly implicated in the 3 non-focal cell types (defining “not as strongly
implicated” via max(ABC) < 0.1 across biosamples). We compared the performance of pgBoost
models restricted to T cell features, B cell features, myeloid features, erythroid features, or K562
features (see Training pgBoost models in a focal cell type) on cell-type-specific and cell-type-level
ABC evaluation data sets.

We also defined evaluation SNP-gene links relevant to each of 2 focal tissues (blood,
brain; see Training pgBoost models in a focal cell type) from ABC data??’. We first assigned 344
biosamples profiled by ABC data®?’ to either 1 focal tissue (if a biosample is closely biologically
related to that tissue) or O focal tissues (if a biosample is not related to either focal tissue), yielding

74 biosamples related to blood and 26 biosamples related to brain. We then defined 2 tissue-level
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sets of SNP-gene links strongly implicated in any biosample related to each focal tissue
(max(ABC) > 0.2 across biosamples). We finally defined tissue-specific sets of SNP-gene links
as the set of tissue-level SNP-gene links in each focal tissue that are not as strongly implicated
in the non-focal tissue (defining “not as strongly implicated” via max(ABC) < 0.1 across
biosamples). We compared the performance of pgBoost models restricted to K562 features or
brain oligodendroglia features (see Training pgBoost models in a focal cell type) on tissue-specific
and tissue-level ABC evaluation data sets. We selected K562 as the blood-related cell type in
these analyses (instead of T/B/myeloid/erythroid cells) because the K562 data set''® is most

t'3 in number of cells (8k cells for K562, vs. 3k cells for

similar to the oligodendroglia data se
oligodendroglia and 9-23k cells for T/B/myeloid/erythroid cells) and number of ABC biosamples
derived from the focal cell type (1 biosample for K562, vs. 0 biosamples for oligodendroglia and
6-53 biosamples for T/B/myeloid/erythroid cells).

Because cell-type-specific evaluation data is often limited, we used all evaluation SNP-

gene links (distance >1kb) in primary analyses to maximize power; we consider other distance

thresholds in secondary analyses.
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Supplementary Note

Additional secondary analyses using eQTL and ABC evaluation data

We performed 9 additional secondary analyses involving eQTL and ABC evaluation data.
First, we compared the performance of pgBoost and existing methods on eQTL and ABC
evaluation data using secondary metrics area under the precision-recall curve (AUPRC), area
under the receiver operating characteristic curve (AUROC), and average enrichment across recall
values without linear extrapolation or weighting (see below), each stratified by distance threshold.
These analyses produced similar findings to our main enrichment metric (Supplementary Figure
2.5a-b, Supplementary Figure 2.6a-b, Supplementary Figure 2.7a-b). Second, we assessed
the enrichment of the sets of SNP-gene links scored by each method. We determined that, for
eQTL and ABC evaluations, differences in performance of existing methods were partially driven
by the subset of candidate links scored by each method, particularly for SCENT (Supplementary
Figure 2.9a-b). SCENT employs stringent criteria for selecting candidate peak-gene links to test
(Table 2.1), thereby pre-selecting a smaller set of scored links with higher enrichments for eQTL
and ABC evaluations. Third, we assessed how pgBoost scores vary with SNP-gene distance and
determined that pgBoost scores generally decrease with distance, even at larger distances
(Supplementary Figure 2.10). Fourth, we compared the performance of pgBoost and existing
single-cell methods on an evaluation set of 41,029 SNP-gene links implicated by promoter capture
Hi-C2%°. We determined that pgBoost significantly outperformed existing single-cell methods but
significantly underperformed the distance-based method across distance thresholds
(Supplementary Figure 2.11); we note that Hi-C contact frequencies are largely determined by

genomic distance®*'""201

(even more so than ABC; Supplementary Figure 2.8) and are thus
expected to favor the distance-based method. Fifth, we compared pgBoost to an ABC-based

linking strategy (ranking candidate SNP-gene links by maximum ABC score across 344
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biosamples?®?)

and determined that pgBoost significantly outperformed ABC on eQTL evaluation
data (Supplementary Figure 2.12a). Sixth, we assessed the sensitivity of pgBoost and the 4
existing scores to variation in cell count and sequencing depth by downsampling to 50% of the
input data (see Methods: Downsampling analyses varying cell count and sequencing depth
below). We observed that the performance of pgBoost and the 4 existing scores in eQTL
evaluation data generally does not significantly differ between 2-fold downsampled and non-
downsampled conditions (Supplementary Figure 2.13). Seventh, we assessed the calibration of
the pgBoost probabilistic score. The relationship between the proportion of predicted links that
were concordantly predicted by eQTL or ABC vs. the pgBoost score was monotonic but not
perfectly linear, supporting the prioritization of top-scoring links rather than probabilistic scores in
enrichment computations and downstream analyses (Supplementary Figure 2.14). Eighth, we
assessed the performance of pgBoost trained using alternative gradient boosting hyperparameter
values. We determined that pgBoost performance was generally robust to alternative values of
fixed hyperparameters, and our approach for selecting values of the remaining hyperparameters
performed at least as well as alternative approaches (Supplementary Figure 2.15; see Methods:
Gradient boosting parameters below). Ninth, we assessed the computational cost of pgBoost and
determined that the runtime and memory requirements of training and inference are generally
modest (e.g. <2 hours and <15G of memory for the data sets analyzed).
Evaluations of alternative training data sets

We performed 5 additional secondary analyses evaluating the performance of pgBoost
trained on alternative training data sets, using the same set of input features; as noted above,
each link set that we analyze can be considered as a prediction, used for model training, or used
for evaluation. First, we trained pgBoost using ABC links (ABC score > 0.2 in at least one of 344

biosamples?®?)

. Training using eQTL and ABC links attained the highest enrichments for eQTL
and ABC evaluations, respectively, but training on eQTL links significantly outperformed training

on ABC links for CRISPR and GWAS evaluations (Supplementary Figure 2.21). Second, we
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trained pgBoost using fine-mapped eSNP-eGene pairs from alternative eQTL catalogs instead of
GTEX, including eQTLGen'” or the union of GTEx and eQTLGen fine-mapped eSNP-eGene
pairs (see Data Availability). We determined that the GTEx training set outperformed the
eQTLGen training set and performed similarly to the union of training sets, supporting our primary
use of the GTEX training set (Supplementary Figure 2.22). Because restricting training data to
eQTLs in whole blood (from either eQTLGen or GTEX) significantly underperformed training using
eQTL from all GTEXx tissues, we did not consider more granular cell-type-specific eQTL catalogs
(e.g. OneK1K?%), Third, we trained pgBoost using random subsamples of fine-mapped eSNP-
eGene pairs from our primary GTEX training set. We determined that mild downsampling did not
substantially impact performance, suggesting that there may be diminishing returns from
incorporating additional training data (Supplementary Figure 2.23). Fourth, we trained pgBoost
using fine-mapped eSNP-eGene pairs at other PIP thresholds, instead of PIP > 0.2. We
determined that more stringent PIP thresholds yielded smaller training data sets and lower
pgBoost enrichments for eQTL, ABC, CRISPR, and GWAS evaluations (Supplementary Figure
2.24). We did not train pgBoost using the set of gold-standard SNP-gene links identified by
GWAS, as this set contained only 155 links. Fifth, we trained pgBoost using fine-mapped eQTL
spanning all SNPs in GTEX, instead of restricting to SNPs with minor allele count > 5 in 1000
Genomes. We determined that including all GTEx SNPs yielded a slightly larger training set but
did not impact pgBoost performance on eQTL, ABC, CRISPR, and GWAS evaluations
(Supplementary Figure 2.25).
Evaluations of alternative feature sets

To investigate which features contributed most to the classification of SNP-gene links, we
performed 5 secondary analyses comparing the performance of pgBoost using different feature
sets. First, we compared pgBoost to restricted gradient boosting models using a subset of linking
scores as features. We determined that pgBoost significantly outperformed models restricted to

a single existing score or distance (Extended Data Figure 2.5) or a single existing score plus

97



distance (Figure 3b, Figure 3d, Figure 4b, Figure 4d), for various subsets of evaluation sets.
We further determined that models ablating a single constituent score or distance generally
performed significantly worse than pgBoost across the 4 evaluation sets, particularly when
ablating distance (Extended Data Figure 2.6). Second, we compared pgBoost to expanded
models including features from additional constituent methods. We determined that the model
adding features from ArchR did not significantly outperform pgBoost on eQTL, ABC, CRISPR,
and GWAS evaluations (Extended Data Figure 2.6). We also considered including features from
SCARIink®, a recently published method for linking regulatory elements to genes using
scRNA/ATAC-seq multiome data. We analyzed SCARIink predictions on the 10x PBMC'® data
set (Table 2.2), restricted to ATAC peaks (Supplementary Figure 2.26). We first determined that
SCARIink generally performed similarly to the 4 other existing methods (Supplementary Figure
2.27). We then compared pgBoost to an expanded model including features from SCARIink and
determined that the model including SCARIink features did not significantly outperform pgBoost
(Supplementary Figure 2.28). Third, we compared pgBoost to expanded models including p-
values from SCENT and Signac as features (we note that Cicero does not output p-values). We
determined that the model adding significance features did not significantly outperform pgBoost
(Supplementary Figure 2.29). Fourth, we compared pgBoost to restricted gradient boosting
models using linking scores from a subset of the 4 multiome data sets. We determined that
pgBoost significantly outperformed models restricted to a single multiome data set
(Supplementary Figure 2.30) and models ablating a single multiome data set (Supplementary
Figure 2.31). Fifth, we conducted a SHAP?*® analysis of feature importance. As expected, we
determined that genomic distance attained the highest feature importance, followed by the
“closest TSS” binary indicator, but features based on constituent scores were also broadly
important (Supplementary Figure 2.32); we caution that SHAP analysis of feature importance
can be misleading due to correlation among pgBoost features (Figure 1a).

Ad(ditional secondary analyses using CRISPR and GWAS evaluation data
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We performed 7 additional secondary analyses involving CRISPR and GWAS evaluation
data. First, we compared the performance of pgBoost and existing methods on CRISPR and
GWAS evaluation data using secondary metrics area under the precision-recall curve (AUPRC),
area under the receiver operating characteristic curve (AUROC), and average enrichment across
recall values without linear extrapolation or weighting (see below), each stratified by distance
threshold. These analyses produced similar findings to our main enrichment metric
(Supplementary Figure 2.5c-d, Supplementary Figure 2.6¢c-d, Supplementary Figure 2.7c-
d). Second, we compared pgBoost to the ENCODE-rE2G method®, a logistic regression model
using chromatin activity and 3D interactions as features and using CRISPRi data*’~*° from K562
cells to guide training (see Data Availability). Specifically, we ranked candidate SNP-gene links
by maximum ENCODE-rE2G score across 344 biosamples and performed evaluations on eQTL,
CRISPR, and GWAS data (we exclude ABC evaluation data from these comparisons, because
the ABC evaluation data were used as features to generate ENCODE-rE2G predictions). We
determined that pgBoost significantly outperformed ENCODE-rE2G on eQTL evaluation data
(Extended Data Figure 2.7a) and ENCODE-rE2G significantly outperformed pgBoost on
CRISPR evaluation data (Extended Data Figure 2.7b), consistent with the training data used by
each method. In addition, pgBoost significantly outperformed ENCODE-rE2G on longer-range
(>50kb and >100kb) GWAS evaluation data (Extended Data Figure 2.7c). We also compared
pgBoost restricted to features from the Xu K5622%* data set to ENCODE-rE2G scores in K562 and
reached similar conclusions, when well-powered to detect a difference (Supplementary Figure
2.33). Third, we compared pgBoost to a logistic regression model using identical features (see
above) and determined that gradient boosting significantly outperformed logistic regression on
longer-range (>50kb) CRISPR evaluation data but performed similarly on GWAS evaluation data
(Extended Data Figure 2.1c-d). Fourth, we compared pgBoost to an eQTL-based linking strategy
(see above) and determined that pgBoost significantly outperformed eQTL on CRISPR and

GWAS evaluation data (Extended Data Figure 2.2b-c). Fifth, we compared pgBoost to an ABC-
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based linking strategy (see above) and determined that pgBoost significantly outperformed ABC
on CRISPR and GWAS evaluation data (Supplementary Figure 2.12b-c). Sixth, we compared
gradient boosting models restricted to features from one existing method (across data sets and
cell types) to the maximum score of the same existing method (across data sets and cell types).
We determined that these reduced gradient boosting models sometimes significantly
outperformed the maximum score of the existing method across data sets (Supplementary
Figure 2.34), but the main pgBoost model still significantly outperformed these reduced models
(Extended Data Figure 2.5). Seventh, we assessed the enrichment of the sets of SNP-gene links
scored by each method. We determined that, for CRISPR and GWAS evaluations, differences in
performance of existing methods were partially driven by the subset of candidate links scored by
each method (but less so than for eQTL and ABC evaluations, because CRISPR and GWAS
enrichments are computed against restricted backgrounds of candidate links tested by CRISPR
and candidate links including a variant with a gold-standard GWAS link, respectively; see
Methods) (Supplementary Figure 2.9c-d).
Additional secondary analyses of pgBoost performance in a focal cell type

We performed 5 additional secondary analyses involving pgBoost restricted to a focal cell
type. First, we analyzed tissue-specific GTEx evaluation data, defined by fine-mapped eSNP-
eGene pairs identified in brain or blood tissue (PIP > 0.5) and not strongly implicated in the other
tissue (PIP < 0.1). On both evaluation sets, the pgBoost model spanning both K562 and brain
oligodendroglia features and the model restricted to brain oligodendroglia features performed
similarly, and both models significantly outperformed the model restricted to K562 features
(Supplementary Figure 2.40). The underperformance of the model restricted to K562 features
on eQTL evaluation data sets from whole blood may reflect more pronounced differences
between K562 (a cultured cell line) and in vivo human blood regulatory circuitry at the level of
downstream regulatory effects (e.g. eQTL) vs. upstream molecular interactions (e.g. ABC).

Second, instead of restricting features to cell type X for training and prediction and evaluating in
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cell typef/tissue Y in cell-type-specific ABC evaluation data (Figure 5a, left panel) or tissue-specific
ABC evaluation data (Figure 5a, right panel), we restricted features to cell type X for training,
used features in cell type/tissue Y for prediction, and evaluated in cell type/tissue Y in cell-type-
specific or tissue-specific ABC evaluation data. We determined that the cell type used for training
no longer significantly impacts performance (Supplementary Figure 2.41), suggesting that the
cell-type-specific patterns of enrichment in Figure 5a were driven by the use of the focal cell type
for prediction rather than the use of the focal cell type for training. Third, we trained pgBoost using
fine-mapped eSNP-eGene pairs from blood or brain tissue instead of all GTEx tissues and
evaluated performance on tissue-specific ABC evaluation data. Across blood and brain evaluation
sets, the pgBoost model restricted to features related to the focal tissue (K562 or brain
oligodendroglia, respectively) again significantly outperformed the model restricted to features
related to the non-focal tissue (Supplementary Figure 2.42). Fourth, we generated independent
pgBoost predictions for each of the 3 major cell types shared by the Luecken BMMC'® and 10x
PBMC'® multiome data sets (T cell, B cell, myeloid; Table 2.2) by restricting model features to
linking scores from both data sets for each cell type (as well as the 2 distance-based features).
The pgBoost model restricted to myeloid features significantly outperformed the other two models
and the model spanning the union of all 3 cell types on myeloid-specific ABC evaluation data;
models restricted to T cells or B cells attained similar enrichments and significantly outperformed
the myeloid model and the model spanning the union of all 3 cell types in T cell-specific and B
cell-specific ABC evaluation data (Supplementary Figure 2.43). Fifth, we analyzed cell-type-
specific or tissue-specific ABC evaluation data defined by SNP-gene links identified in
biosample(s) related to the focal cell type or tissue (ABC score > 0.2) but below a more stringent
threshold in non-focal cell types or tissues (ABC score < 0.05) and observed qualitatively similar
patterns to Figure 5a (Supplementary Figure 2.44). We did not consider evaluation sets of SNP-

gene links implicated by fine-mapped non-coding and coding variants in GWAS'%'%7 (Figure 4c)
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restricted to sets of traits most relevant to a focal cell type(s), as this would result in prohibitively
small evaluation sets.
Additional examples of pgBoost-predicted SNP-gene links

pgBoost linked rs78507984 (fine-mapped for uric acid with PIP = 1.00'%71'21"4) to SLC2A9
(12kb distance to TSS; closest TSS) (Supplementary Figure 2.45a). This is considered a gold-
standard SNP-gene link, based on an independent SLC2A9 GWAS coding variant that was fine-
mapped for uric acid'%'%”. SLC2A9 encodes an enzyme critical for the reabsorption of uric acid

and glucose from the kidneys into the bloodstream?°%2%

, and is thus a biologically plausible target
gene. Dysregulation of SLC2A9 has been implicated in hyperuricemia®®” and gout®®. This link
also scored in the top 5% of links predicted by the distance-based method, but scored outside the
top 5% of links predicted by other single-cell methods.

pgBoost linked rs6116189 to RNF24 (67kb distance to TSS, 2nd closest TSS)
(Supplementary Figure 2.45b). rs6116189 lies in an enhancer of RNF24 experimentally
validated by CRISPR interference41. Knockout of RNF24 resulted in decreased hemoglobin

content and erythrocyte cell number in mice?°®2%°

, suggesting that this gene may play an important
role in red blood cell function; however, rs6116189 was not fine-mapped for any of the 94
diseases/traits analyzed. This link also scored in the top 5% of links predicted by Signac, SCENT,
and ArchR, but scored outside of the top 5% of links predicted by the distance-based method and
Cicero. Existing single-cell methods assigned highest priority to other genes (CDC25B, PANK2)
and additionally prioritized other genes in the top 5% of links (SIGLEC1, C200rf7, SPEF1, AP5S1,
MAVS, SMOX).

pgBoost linked rs7665090 to NFKB1 (130kb distance to TSS; closest TSS)
(Supplementary Figure 2.45c¢). rs7665090 is a known risk variant for multiple sclerosis (MS)?'°;
however, rs7665090 was not fine-mapped for any of the 94 diseases/traits analyzed. NFKB1

encodes a subunit of the NF-xB transcription factor, which has been implicated in MS?'%2'" and

other autoimmune diseases?'?. While this link has not been tested via CRISPR (to our
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knowledge), previous studies have reported an association between rs7665090 and NFKB1
activation?'*2': thus, NFKB1 is a biologically plausible target gene. Notably, rs7665090 is
approximately equidistant to MANBA (131kb distance to TSS; 1.0kb distance to TES vs. 13kb for
NFKB1). A recent study also reported an association of rs7665090 with MANBA, a lysosomal

215-217

enzyme primarily studied for its role in kidney disease and rare lysosomal disorders?'8, in

219 While ref.2" did not observe this association, it is

specific cell types and stimulatory conditions
possible that pgBoost failed to detect a true link between rs7665090 and MANBA if the relevant
biological context was not represented in our multiome data (see below). This link also scored in
the top 5% of links predicted by SCENT and Signac, but scored outside of the top 5% of links
predicted by the distance-based method and other existing methods.
Ad(ditional limitations and directions for future research

Our work has several additional limitations and directions for future research. First,
because pgBoost uses as features linking scores computed from ATAC peaks, predictions are
largely limited to SNPs lying in regions of accessible chromatin. However, chromatin accessibility
is a known predictor of regulatory activity, making ATAC peaks a well-supported prior for

regulatory regions?%?7220

. In addition, it would be straightforward to apply pgBoost using a
genomic tiling approach to define candidate regulatory regions instead of ATAC peaks (although
we anticipate limited benefit from this approach; Supplementary Figure 2.26). We note that we
have performed our analyses at the level of SNP-gene links, but users can also generate pgBoost
predictions for peak-gene links by computing constituent peak-gene linking scores using peaks
that are merged across data sets and defining positive and negative training sets of peak-gene
links based on the maximum PIP (of fine-mapped eSNP-eGene pairs) across SNPs within a focal
peak. Second, pgBoost may fail to identify links specific to rare cell types or disease contexts.
Indeed, pgBoost results are a function of the multiome data sets included as features and cannot

be perfectly reproduced when different multiome data sets are included as features (thus, different

pgBoost models are recommended for predicting SNP-gene links in different cell types).
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Encouragingly, pgBoost identifies links specific to blood/immune or brain cell types when including
fine-mapped eSNP-eGene pairs from all GTEXx tissues in model training (Figure 5). However, it
will be important to investigate pgBoost performance in rare contexts as more multiome data from
such contexts becomes available. Third, pgBoost does not exhaustively include all single-cell

77.80-8 However, our analyses suggest that there will be diminishing

peak-gene linking methods
returns from including additional single-cell peak-gene linking methods; indeed, we determined
that including ArchR® or SCARIink®® scores as features did not significantly improve pgBoost
performance relative to the main pgBoost model incorporating 3 peak-gene linking
methods’’8%%183 (Extended Data Figure 2.6, Supplementary Figure 2.28). Fourth, our default
set of positive SNP-gene links predicted by pgBoost (top 5% of linking scores across all candidate
links at distance >1kb) prioritizes only 50% and 37% of SNP-gene links from the gold-standard
CRISPR and GWAS evaluation sets, respectively; our primary enrichment metric is a relative
measure and does not reflect the total rate of discovery, but our secondary metrics (including
AUPRC and AUROC) provide complementary information. Fifth, the eQTL and ABC evaluation
sets that we analyzed are only partially accurate and represent statistical predictions rather than
gold-standard links; however, high enrichment with respect to these evaluation sets is still
suggestive of high power to detect true links. In addition, the eQTL evaluation set should be
viewed as a best-case scenario for pgBoost because the pgBoost model uses (off-chromosome)
eQTL data for training. Sixth, we have not conclusively established whether it is better to use
eQTL data or CRISPR data for training (considering comparable performance on GWAS-derived
evaluation data); further, we caution that pgBoost causal probabilities are estimated with respect
to the training data and may not reflect biological causality. It will be of interest to further explore
training on CRISPR-validated links as more CRISPR data sets become available. Seventh, we
have not conclusively established whether longer-range links reflect cis-regulatory or trans-
regulatory biology, but we hypothesize that they are predominantly cis-regulatory, as pgBoost

scores generally decrease with distance, even at larger distances (Supplementary Figure 2.10).
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Eighth, pgBoost does not include as features linking scores derived from bulk data sets (e.g.
ABC®?, evaluated in Supplementary Figure 2.12); including these features in future extensions
of pgBoost may further improve performance.

Methods: Implementation details for existing single-cell peak-gene linking methods

To generate peak-gene links from SCENT (version 0.1.0), we first ran the

CreateSCENTObj function on gene expression count matrices and binarized ATAC peak matrices
(specifying number of unique molecular identifiers / UMIs and percentage of mitochondrial reads
as cell-level covariates). We then generated peak-gene links by running the SCENT_algorithm
function on the resulting SCENT object (with parameters: reg = “poisson”, bin = TRUE). We then
computed FDR (Benjamini Hochberg correction) from bootstrapped p-values as in ref.%
To generate peak-gene links from Signac, we first normalized and scaled gene expression data
using the Seurat SCTransform function'®® and binarized the ATAC peak matrix. We then ran the
Signac (version 1.10.0) LinkPeaks function on the normalized gene expression and binarized
ATAC peak matrices (with parameters: peak.assay = “peaks”, expression.assay = “SCT”,
peak.slot = “counts”, expression.slot = “data”, method = “pearson”, distance = 5e+05, min.cells =
10, n_sample = 200, pvalue_cutoff = 1, score_cutoff = 0). We specified these non-default values
of pvalue_cutoff and score_cutoff to obtain scores for all candidate links (instead of limiting output
to links passing specific score thresholds).

To generate peak-gene links from ArchR (version 1.0.2), we first performed dimension
reduction on RNA and ATAC data separately using the addlterativeLS| function and then
generated a joint dimension reduction from RNA and ATAC using the addCombinedDims
function. We then ran the addPeak2GeneLinks function (with parameters: reducedDims =
“LSI_Combined”, useMatrix = “GeneExpressionMatrix”’, dimsToUse = 1:30, scaleDims = NULL,
corCutOff = 0.75, k = 100, knnlteration = 500, overlapCutoff = 0.8, maxDist = 5e+05, log2Norm =
TRUE, predictionCutoff = 0.4). Finally, we output peak-gene links by running the

getPeak2GeneLinks function (with parameters corCutOff = -1.5, FDRCutOff = 1, varCutOffATAC
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= 0.25, varCutOffRNA = 0.25, resolution = 1). We specified these non-default values of corCutOff
and FDRCutOff to obtain scores for all candidate links (instead of limiting output to links passing
specific score thresholds).

To generate peak-gene links from Cicero (version 1.3.9), we ran the run_cicero function
on binarized ATAC peak matrices (with parameters: window = 5e+05, sample_num = 100).
Methods: Gradient boosting hyperparameters

We specified the following model parameters (passed to the xgboost'® function): learning
rate (0.05), gamma (10), maximum tree depth (10, 15, 25), minimum child weight (6, 8, 10), and
subsampling ratio (0.6, 0.8, 1). We selected these values of gamma and learning rate in

221-225 15 minimize overfitting. During each round of inference,

accordance with previous studies
pgBoost selects values of maximum tree depth, minimum child weight, and subsampling ratio via
a randomized search with five-fold cross validation (over the sets of potential values given above,

selected in accordance with refs?2422°)

. The parameter set attaining the highest AUC is selected
and used to generate predictions. Descriptions of each parameter are given by ref.'® Briefly:
learning rate defines a shrinkage factor for feature weights after each iteration (a lower value
makes the boosting process more conservative), the gamma parameter is described in Methods
(equation 4.3), maximum tree depth defines the maximum number of edges from the “root” to any
“node” of the tree constructed during each iteration (a lower value makes the boosting process
more conservative), minimum child weight defines the minimum instance weight (intuitively,
sample size) in a node required to conduct further partitioning (a larger value makes the boosting
process more conservative), and subsampling ratio defines the proportion to which pgBoost will
randomly subsample training data to prevent overfitting (a lower values makes the boosting
process more conservative).

Methods: pgBoost feature selection and evaluation of feature importance

To select existing scores to include as pgBoost features, we conducted analyses adding

sets of features to the pgBoost framework and evaluating model performance on eQTL, ABC,
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CRISPR, and GWAS evaluation data sets. We trained pgBoost using features from a single
existing score (SCENT®, Signac’’®', ArchR®?, or Cicero®) plus distance, resulting in 4 models
each spanning 12 features (1 constituent score for each of 10 data set-cell type pairs plus 2
distance-based features). We selected the top-performing model among these 4 models on
eQTL, ABC, CRISPR, and GWAS evaluations. For a given evaluation set, we identified the top-
performing model(s): the “winning” model attaining the highest average enrichment plus any other
models that did not significantly underperform the “winning” model. We intersected the top-
performing model(s) from the 4 evaluations to determine the overall top-performing model. We
then conducted sequential feature selection, iteratively adding existing methods as pgBoost
features only if doing so significantly improved model performance across the 4 evaluation sets.
We ended the feature selection procedure once the top-performing model could not be
significantly improved by adding more features. Whenever the 4 evaluation sets yielded
discordant results, we prioritized results on the eQTL, CRISPR, and GWAS evaluations over the
ABC evaluation. The eQTL evaluation set is large (and therefore well-powered to detect
differences in method performance) and provides orthogonal genetic evidence of regulatory links.
The CRISPR and GWAS evaluations represent “gold-standards” with stronger evidence of
biological causality, although they are smaller and therefore less well-powered to detect
differences. The ABC evaluation is large and well-powered but may be susceptible to biases
related to genomic distance. If n > 1 top-performing feature sets (with equal numbers of features)
were identified, we split the feature selection procedure into n separate paths, separately testing
further additions to each top-performing feature set. (In our analyses, each path of feature
selection yielded the same final feature set).

To determine which features contribute most to pgBoost performance, we conducted
analyses ablating sets of features from the pgBoost framework and evaluating performance on
eQTL, ABC, CRISPR, and GWAS evaluation data sets. We trained pgBoost using features from

genomic distance, a single existing peak-gene linking score, or a single existing score plus
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distance (resulting in models spanning either 2 distance-based features; 10 features derived from
SCENT®, Signac’”®', ArchR®, or Cicero®; or 12 features using one existing score plus distance-
based features). We similarly trained gradient boosting models with features from a single
existing score ablated, resulting in models spanning 30 features (with 2 distance-based features
ablated) or 22 features (with SCENT®’, Signac’’8!, ArchR®?, or Cicero® features ablated). We
then trained pgBoost using linking scores computed in one data set (Table 2.2), resulting in
models spanning 11, 17, or 5 features (linking scores computed in the 10x PBMC'®, Luecken
BMMC'®, or SHARE-seq LCL""/Xu K562?* data sets, respectively, plus distance-based
features). We similarly trained gradient boosting models with features from one data set ablated,
resulting in models spanning 23, 17, or 29 features (ablating linking scores computed in the 10x
PBMC'®, Luecken BMMC'%, or SHARE-seq LCL""/Xu K5622%* data sets, respectively).

We also applied Shapley Additive Explanation (SHAP), a tool for interpreting complex
nonlinear models?*??*, SHAP uses positive/negative training labels and the trained model to
quantify the importance of individual features driving pgBoost predictions while accounting for
nonlinear interactions. We computed SHAP scores using SHAPforxgboost software??.
Methods: GWAS variant enrichment analyses

We applied the average enrichment across recall values metric (Methods) to assess the
ability of pgBoost models trained in focal cell types to prioritize (assign higher linking scores to)
causal variants fine-mapped to cell type-relevant traits in GWAS.

We analyzed GWAS fine-mapping results for 7 red blood cell or platelet-related blood cell
traits (platelet count, hemoglobin A1c, hemoglobin, red blood cell count, mean corpuscular
volume, mean corpuscular hemoglobin, mean corpuscular hemoglobin concentration) and 7
autoimmune diseases and granulocyte-related blood cell traits (white blood cell count, monocyte
count, eosinophil count, autoimmune disease, lymphocyte count, neutrophil count, basophil
count) from the UK Biobank'®"''2, 455 variants (resp. 488 variants) scored by pgBoost were fine-

mapped to any red blood cell or platelet-related blood cell traits (resp. autoimmune disease or
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granulocyte-related blood cell trait) with PIP > 0.2. (We selected a PIP threshold of > 0.2 instead
of > 0.5 to specify a larger variant evaluation set, as approximately 200 variants were fine-mapped
to each category of GWAS traits with PIP > 0.5.)

For a given evaluation set of fine-mapped GWAS variants and a given pgBoost model
corresponding to a focal cell type, we ranked candidate SNPs by the maximum linking score
across all candidate SNP-gene links involving the focal SNP. At each unique score ¢ assigned to

any SNP, we computed variant-level enrichment and recall as follows:

| linked SNPs N causal SNPs | / | causal SNPs |
| linked SNPs | / | candidate SNPs |

Enrichment = [2.7]

| linked SNPs N causal SNPs |
| causal SNPs |

Recall = [2.8]

where “linked SNPs” denotes the binarized set of SNPs attaining maximum linking score > c,
“causal SNPs” denotes the binarized set of SNPs attaining PIP > 0.2 for any trait in the focal
category, and “candidate SNPs” denotes SNPs lying in ATAC-seq peaks in the Luecken BMMC'®®
or Xu K562'"? data sets (Table 2.2).

For a given evaluation set and set of methods, we used equation 2.7 and equation 2.8 to
construct variant-level enrichment-recall curves. For each method, we considered different values
of the number of evaluation SNPs prioritized (k), corresponding to a recall and enrichment of
(recally, enrichment,,), and performed linear extrapolation to complete the enrichment-recall curve
between the points (recall,, enrichment,) and (1, 1), such that the enrichment-recall curve
spanned values of recall in the range [0, 1]. We then computed average enrichment across recall
values using equation 2.6 (Methods).

We obtained standard errors on average enrichment for each method, as well as standard
errors and p-values on the difference in average enrichment between two methods, by

bootstrapping genes using 1,000 bootstrap iterations.
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Methods: AUPRC metric
As a secondary evaluation metric, we computed area under the precision-recall curve
(AUPRC) or, equivalently, average precision across recall values. At each unique linking score ¢

assigned to any candidate SNP-gene link, we computed precision as follows:

| predicted SNP-gene links N true SNP-gene links | [2 9]

Precision = | predicted SNP-gene links |

where “predicted SNP-gene links” denotes the binarized set of SNP-gene links attaining linking
score > ¢, “true SNP-gene links” denotes the binarized set of “true” SNP-gene links as defined by
the evaluation set, and the set of “candidate SNP-gene links” is defined depending on the
evaluation set (see Average enrichment metric in Methods).

For a given evaluation data set and set of methods, we used equation 2.9 and equation
2.5 to construct precision-recall curves. For each method, we considered different values of the
number of evaluation links prioritized (k), corresponding to a recall and precision of
(recallk, precisionk), and performed linear extrapolation to complete the precision-recall curve
between the points (recally, precision, ) and (1, 0), such that the precision-recall curve spanned
values of recall in the range [0, 1]. We then computed average precision across each unique
level of recall in [0, 1], thus defining AUPRC.

We obtained standard errors on AUPRC for each method, as well as standard errors and
p-values on the difference in AUPRC between two methods, by bootstrapping genes using 1,000
bootstrap iterations.

Methods: AUROC metric

As a secondary evaluation metric, we computed area under the receiver operating
characteristic curve (AUROC) or, equivalently, average sensitivity across specificity values. At
each unique linking score ¢ assigned to any candidate SNP-gene link, we computed sensitivity

and specificity as follows (noting that sensitivity is equivalent to recall in equation 2.5):
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| predicted positive SNP-gene links N true positive SNP-gene links |
| true positive SNP-gene links |

Sensitivity = [2.10]

| predicted negative SNP-gene links N true negative SNP-gene links |
| true negative SNP-gene links |

Specificity = [2.11]

where “predicted positive SNP-gene links” and “predicted negative SNP-gene links” denote the
binarized set of SNP-gene links attaining linking score > c or < c, respectively, and “true positive
SNP-gene links” and “true negative SNP-gene links” denote the binarized set of “true” positive
and negative SNP-gene links defined by the evaluation set (with the background set of candidate
SNP-gene links, defined depending on the evaluation set; see Average enrichment metric in
Methods).

For a given evaluation data set and set of methods, we used equation 2.10 and equation
2.11 to construct sensitivity-specificity curves. For each method, we considered different values
of the number of evaluation links prioritized (k), corresponding to a specificity and sensitivity of
(specificityk,sensitivityk), and performed linear extrapolation to complete the sensitivity-
specificity curve between the points (specificityk, sensitivityk) and (1, 0), such that the sensitivity-
specificity curve spanned values of specificity in the range [0, 1]. We then computed average
sensitivity across each unique level of specificity in [0, 1], thus defining AUROC.

We obtained standard errors on AUROC for each method, as well as standard errors and
p-values on the difference in AUPRC between two methods, by bootstrapping genes using 1,000
bootstrap iterations.

Methods: Unweighted average enrichment metric

As a secondary average enrichment metric, we computed unweighted average
enrichment across shared recall values, with two modifications to the main enrichment metric.
First, for a given set of methods, we computed k,i,, the minimum number of evaluation links

scored by any method, and averaged enrichment across shared recall values [0, recallkmin],
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instead of [0, 1]. Second, we computed a flat average of enrichment values, instead of weighting
by (1 —recall) as in equation 2.6 (Methods).
Methods: Downsampling analyses varying cell count and sequencing depth

We performed downsampling analyses assessing the sensitivity of pgBoost and existing
methods to variation in cell count, RNA count, ATAC count, and RNA + ATAC count
simultaneously. We conducted all downsampling analyses in T cells from the NeurlPS data set
(Table 2.2). We generated matrices reflecting 4 downsampling conditions (50% of cells; 50% of
RNA counts and 100% of ATAC peak counts; 100% of RNA counts and 50% of ATAC peak
counts; 50% of RNA counts and 50 % of ATAC peak counts), ran the 4 existing methods and
pgBoost in each of these downsampled conditions, and computed average enrichment across
recall values (Methods) of each method in downsampled and non-downsampled conditions. (We
note that Cicero only uses ATAC-seq data as input and thus is unaffected by downsampling of
ATAC peak counts.)

In each downsampled condition, pgBoost is trained on the 2 distance-based features
and constituent linking scores (SCENT, Signac, Cicero) computed on downsampled data.
Because ArchR software®? does not support modification of the ATAC peak count matrix, we did
not consider ArchR in experiments downsampling ATAC or RNA counts (Supplementary

Figure 2.13b-d).
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Extended Data Figures
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Extended Data Figure 2.1. Average enrichment across recall values of links predicted
by pgBoost vs. a logistic regression model with identical features for (a) 4,434 fine-
mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues, (b)
53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344 biosamples, (c)
892 links validated by CRISPR, and (d) 155 non-coding SNP-gene pairs derived from
fine-mapped GWAS variants with a unique fine-mapped coding variant within a 2 Mb
window, at various distance thresholds. The number of positive evaluation links at each
distance threshold is specified in parentheses. Confidence intervals denote standard
errors. Stars denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01,
***. p < 0.001) of top method vs. each other method (Methods). Gradient boosting
significantly outperformed logistic regression on eQTL evaluation data and CRISPR
evaluation data >50kb. Gradient boosting did not significantly outperform logistic
regression on GWAS evaluation data. While gradient boosting significantly
outperformed logistic regression on all ABC evaluation data (>1kb and >5kb), gradient
boosting significantly underperformed logistic regression on longer-range ABC
evaluation data (>50kb and >100kb); this could be due to the gradient boosting model
assigning higher weight to distance-based features than the logistic regression model
(however, we do not observe this behavior in other evaluation sets).
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Extended Data Figure 2.2. Average enrichment across recall values of links predicted
by pgBoost vs. fine-mapped eQTL (ranking candidate SNP-gene links by maximum PIP
across GTEXx tissues) for (a) 53,701 SNP-gene pairs attaining maximum ABC score >
0.2 across 344 biosamples, (b) 892 links validated by CRISPR, and (c¢) 155 non-coding
SNP-gene pairs derived from fine-mapped GWAS variants with a unique fine-mapped
coding variant within a 2 Mb window, at various distance thresholds. The number of
positive evaluation links at each distance threshold is specified in parentheses.
Confidence intervals denote standard errors. Stars denote 2-sided bootstrap p-values
for difference (*: p < 0.05, **: p < 0.01, **: p < 0.001) of top method vs. each other
method (Methods).
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Extended Data Figure 2.3. Average enrichment across recall values of links predicted
by pgBoost trained on fine-mapped eSNP-eGene pairs vs. CRISPR-validated links for
(a) 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEXx
tissues, (b) 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344
biosamples, (c) 892 links validated by CRISPR, and (d) 155 non-coding SNP-gene
pairs derived from fine-mapped GWAS variants with a unique fine-mapped coding
variant within a 2 Mb window, at various distance thresholds. While other regulatory
linking methods have used CRISPR links for model training, pgBoost may perform
better when trained on eQTL due to the limited amount of CRISPR data, pervasive
aneuploidy and structural variants in the K562 cell line, and/or better representation of
multiple cell types in GTEx eQTL data. The number of positive evaluation links at each
distance threshold is specified in parentheses. Confidence intervals denote standard
errors. Stars denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01,
***: p < 0.001) of top method vs. each other method (Methods). For pgBoostcrispr, we
defined a training set comprised of 892 SNP-gene links validated by CRISPR as
positives and 10,345 links tested but not validated by CRISPR as negatives.
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Extended Data Figure 2.4. Average enrichment across recall values of links predicted
by pgBoost trained on fine-mapped eSNP-eGene pairs from all GTEXx tissues vs. fine-
mapped eSNP-eGene pairs from whole blood for (a) 4,434 fine-mapped eSNP-eGene
pairs attaining maximum PIP > 0.5 across GTEXx tissues, (b) 53,701 SNP-gene pairs
attaining maximum ABC score > 0.2 across 344 biosamples, (c) 892 links validated by
CRISPR, (d) 155 non-coding SNP-gene pairs derived from fine-mapped GWAS variants
with a unique fine-mapped coding variant within a 2 Mb window, and (e) 712 fine-
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mapped eSNP-eGene pairs attaining PIP > 0.5 in GTEx whole blood, at various
distance thresholds. The number of positive evaluation links at each distance threshold
is specified in parentheses. Confidence intervals denote standard errors. Stars denote
2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top
method vs. each other method (Methods). For pgBoostgiood-earL, We defined a training
set of 1,518 eSNP-eGene pairs attaining PIP > 0.2 in whole blood as positives and
6,997 eSNP-eGene pairs including a gene in the positive set and attaining PIP < 0.01 in
whole blood as negatives.
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Extended Data Figure 2.5. Average enrichment across recall values of links predicted
by pgBoost restricted to linking scores from a single existing method or genomic
distance for (a) 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5
across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum ABC score > 0.2
across 344 biosamples, (c) 892 links validated by CRISPR, and (d) 155 non-coding
SNP-gene pairs derived from fine-mapped GWAS variants with a unique fine-mapped
coding variant within a 2 Mb window. Because enrichment differences are highly similar
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across distance thresholds, results at >10kb are shown as barplots to aid in visual
comparison. Confidence intervals denote standard errors. Stars denote 2-sided
bootstrap p-values for the difference of the main pgBoost model (denoted in black
outline) vs. each other method (*: p < 0.05, **: p < 0.01, ***: p < 0.001) (Methods). Red
stars indicate that the focal method significantly underperforms pgBoost.
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Extended Data Figure 2.6. Average enrichment across recall values of links predicted
by pgBoost (denoted in black outline) vs. pgBoost models ablating features from one
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existing peak-gene linking method (SCENT, Signac, Cicero), ablating distance-based
features, or adding ArchR features for (a) 4,434 fine-mapped eSNP-eGene pairs
attaining maximum PIP > 0.5 across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining
maximum ABC score > 0.2 across 344 biosamples, (c¢) 892 links validated by CRISPR,
and (d) 155 non-coding SNP-gene pairs derived from fine-mapped GWAS variants with
a unique fine-mapped coding variant within a 2 Mb window. e) Table summarizing the
significance of differences in average enrichments between pgBoost and each other
model on the 4 evaluation sets. Because enrichment differences are highly similar
across distance thresholds in a-d, results at >10kb are shown as barplots to aid in visual
comparison. Confidence intervals denote standard errors. Stars denote 2-sided
bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of focal method
vs. main pgBoost model (Methods). Red stars (in a-d) or red shading (in e) indicates
that the focal method significantly underperformed pgBoost. Black stars (in a-d) or blue
shading (in e) indicates that the focal method significantly outperformed pgBoost. While
the main pgBoost model significantly underperformed the model ablating Signac on
ABC evaluation data, we prioritized results on eQTL and CRISPR evaluations (see
Supplementary Note). The main pgBoost model significantly outperformed each
ablated model on at least 1 evaluation data set and never significantly underperformed
an expanded model, supporting our choice to include SCENT, Signac, Cicero, and
distance as features (and exclude ArchR).
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Extended Data Figure 2.7. Average enrichment across recall values of links predicted
by pgBoost vs. ENCODE-rE2G (maximum score across biosamples) for (a) 4,434 fine-
mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues, (b)
53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344 biosamples, (c)
892 links validated by CRISPR, and (d) 155 non-coding SNP-gene pairs derived from
fine-mapped GWAS variants with a unique fine-mapped coding variant within a 2 Mb
window, at various distance thresholds (we exclude ABC evaluation data from these
comparisons, because the ABC evaluation data were used as features to generate
ENCODE-rE2G predictions). The number of positive evaluation links at each distance
threshold is specified in parentheses. Confidence intervals denote standard errors.
Stars denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p <0.01, *™*: p <
0.001) of top method vs. each other method (Methods).
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Extended Data Figure 2.8. Average enrichment across recall values of variants linked
to genes by pgBoost restricted to features from a focal cell type (Union denotes all
features) for (a) n = 488 fine-mapped variants (PIP > 0.2) for 7 autoimmune diseases or
granulocyte-related blood cell traits, (b) n = 455 fine-mapped variants (PIP > 0.2) for 7
red blood cell or platelet-related blood cell traits, (c) fine-mapped variants for individual
traits from (a), (d) fine-mapped variants for individual traits from (b). Confidence
intervals denote standard errors, and stars denote 2-sided bootstrap p-values for
difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of focal method vs. top method
(denoted in black outline) (Methods). PIt: platelet count, HbA1c: hemoglobin A1c, Hb:
hemoglobin, RBC: red blood cell count, MCV: mean corpuscular volume, MCH: mean
corpuscular hemoglobin, MCHC: mean corpuscular hemoglobin concentration, WBC:
white blood cell count, Mono: monocyte count, Eosino: eosinophil count, AID:
autoimmune disease, Lym: lymphocyte count, Neutro: neutrophil count, Baso: basophil
count.
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Extended Data Figure 2.9. Average enrichment across recall values of links predicted
by pgBoost restricted to features from a focal cell type (columns; Union denotes all
features) for fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 in GTEx
EBV-transformed lymphocytes or LCL (number of evaluation links: n = 79). We
expanded the set of pgBoost models to include a model restricted to LCL features from
the SHARE-seq LCL data set (Table 2). The pgBoost model restricted to LCL
significantly outperformed models restricted to B cell, myeloid, or erythroid features and
the model spanning the union of all 5 cell types, and performed similarly to the model
restricted to T cell features. (We did not analyze cell-type-specific GTEx evaluation data
for T cells, B cells, myeloid cells, or erythroid cells, because these cell types are not
represented in GTEx). Confidence intervals denote standard errors. Stars denote 2-
sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top
method (denoted in black outline) vs. each other method (Methods). Red stars denote
significant underperformance of the focal method vs. the top method.
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Extended Data Figure 2.10. Average enrichment across recall values of links predicted
by pgBoost restricted to features from a focal cell type (columns; Union denotes all
features) for cell-type-level (left) or tissue-level (right) ABC evaluation links (rows)
defined by SNP-gene links attaining ABC score > 0.2 in biosample(s) related to the focal
cell type or tissue (irrespective of ABC scores attained in other biosamples). Number of
evaluation links in each ABC evaluation set: nt = 19,301, ng = 17,638, Nmyeloid = 10,632,
Nkse2 = 3,793, Noiood = 33,867, Norain = 19,623. Number of biosamples in each ABC
evaluation set: Noiood = 74, Nbrain = 26, Nt = 53, Ng = 14, Nmyeloid = 5, Nkse2 = 1. Stars
denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001)
of top method (denoted in black outline; defined separately for each row) vs. each other
method (Methods). For cell-type-level evaluation data sets (left), pgBoost models
restricted to the focal cell type significantly outperformed each other model, in general
(except for the T cell-level ABC evaluation data set, for which the model restricted to T
cell features did not significantly outperform the model restricted to B cell features, but
significantly outperformed each other model). On brain-level evaluation data (right), the
pgBoost model restricted to brain oligodendroglia features significantly outperformed the
model restricted to K562 features and the model spanning both cell types. On blood-
level evaluation data (right), the pgBoost model spanning the union of both cell types
significantly outperformed both other models.
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Supplementary Figure 2.1: Tissue representation in eQTL training set. Number of positive

training eSNP-eGene pairs (fine-mapped PIP > 0.2) detected in each GTEx tissue. The sample
size of each GTEXx tissue is specified in parentheses. We note that each positive eSNP-eGene
pair can be discovered in multiple tissues. In general, more positive eSNP-eGene pairs were

detected within tissues with higher sample size. While whole blood harbors the largest number of
positive eSNP-eGene pairs (1,518, vs. 370 for the median tissue), 10,866 / 11,926 positive eSNP-

eGene pairs were discovered in at least one tissue other than whole blood.
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Supplementary Figure 2.2: UMAP plots of single-cell data sets. Cells in 5 single-cell
RNA/ATAC-seq multiome data sets summarized in a joint UMAP visualization representing both
gene expression and chromatin accessibility (built on a joint weighted nearest neighbor graph?*7)

and colored by cell type.
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Supplementary Figure 2.3: Enrichment-recall curves of pgBoost and other methods on
eQTL evaluation data set. Enrichment-recall curves of links predicted by pgBoost, distance, and
4 existing methods for 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across
GTEXx tissues, at various distance thresholds. The number of positive evaluation links at each
distance threshold is specified in parentheses.
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Supplementary Figure 2.4: Enrichment-recall curves of pgBoost and other methods on
ABC evaluation data set. Enrichment-recall curves of links predicted by pgBoost, distance, and
4 existing methods for 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344

biosamples, at various distance thresholds. The number of positive evaluation links at each
distance threshold is specified in parentheses.
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Supplementary Figure 2.5: AUPRC of pgBoost and other methods on eQTL and ABC
evaluation data sets. a) Area under the precision-recall curve (AUPRC) of links predicted by
pgBoost, distance, and 4 existing methods for 4,434 fine-mapped eSNP-eGene pairs attaining
maximum PIP > 0.5 across GTEXx tissues, at various distance thresholds. b) Area under the
precision-recall curve (AUPRC) of links predicted by pgBoost, distance, and 4 existing methods
for 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344 biosamples, at various
distance thresholds. The number of positive evaluation links at each distance threshold is
specified in parentheses. Confidence intervals denote standard errors. Stars denote 2-sided
bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top method vs. each
other method.
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Supplementary Figure 2.6: AUROC of pgBoost and other methods on eQTL and ABC
evaluation data sets. a) Area under the receiver operating characteristic curve (AUROC) of links
predicted by pgBoost, distance, and 4 existing methods for 4,434 fine-mapped eSNP-eGene pairs
attaining maximum PIP > 0.5 across GTEXx tissues, at various distance thresholds. b) Area under
the receiver operating characteristic curve (AUROC) of links predicted by pgBoost, distance, and
4 existing methods for 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344
biosamples, at various distance thresholds. The number of positive evaluation links at each
distance threshold is specified in parentheses. Confidence intervals denote standard errors. Stars
denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top
method vs. each other method. We note that AUPRC is often preferred over AUROC in
imbalanced data with a small proportion of true positives.
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Supplementary Figure 2.7: Unweighted average enrichment of pgBoost and other methods
on eQTL and ABC evaluation data sets. a) Unweighted average across recall values in [0, 0.3]
of links predicted by pgBoost, distance, and 4 existing methods for 4,434 fine-mapped eSNP-
eGene pairs attaining maximum PIP > 0.5 across GTEX tissues, at various distance thresholds.
b) Unweighted average across recall values in [0, 0.4] of links predicted by pgBoost, distance,
and 4 existing methods for 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across
344 biosamples, at various distance thresholds. The number of positive evaluation links at each
distance threshold is specified in parentheses. Confidence intervals denote standard errors. Stars
denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top
method vs. each other method. Average enrichments were computed over a range of recall
attained by all methods (no linear extrapolation) and without weighting (Methods).
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Supplementary Figure 2.8: Distance distributions of eQTL, ABC, CRISPR, GWAS, and
PCHi-C evaluation data sets. SNP-gene distance distributions of evaluation sets comprised of
(a) 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues, (b)
53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344 biosamples, (c) 892 links
validated by CRISPR, (d) 155 non-coding SNP-gene pairs derived from fine-mapped GWAS
variants with a unique fine-mapped coding variant within a 2 Mb window, and (e) 41,029 SNP-
gene pairs implicated by PCHi-C. The median SNP-gene distance for positive SNP-gene pairs in
each evaluation data set is reported within each plot.
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Supplementary Figure 2.9: Enrichment of candidate links scored for eQTL, ABC, CRISPR,
and GWAS evaluation data sets. Enrichment of the subset of candidate SNP-gene links scored
by 4 existing methods for (a) 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5
across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344
biosamples, (c) 892 links validated by CRISPR, and (d) 155 non-coding SNP-gene pairs derived
from fine-mapped GWAS variants with a unique fine-mapped coding variant within a 2 Mb
window, at various distance thresholds. The number of positive evaluation links at each distance
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threshold is specified in parentheses. Confidence intervals denote standard errors.
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Supplementary Figure 2.10: Average pgBoost scores at different linking distances.
Relationship between average SNP-gene distance and average pgBoost score across 6,882,594
candidate SNP-gene links. Candidate links are partitioned equally into 500 bins by SNP-gene
distance (each represented by 1 point). In general, more proximal SNP-gene links are assigned
higher pgBoost scores.
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Supplementary Figure 2.11: Performance of pgBoost and other methods on promoter
capture Hi-C evaluation data sets. Average enrichment across recall values of links predicted
by pgBoost, distance, and 4 existing methods for 41,029 SNP-gene pairs implicated by PCHi-C
(attaining maximum CHICAGO score > 5 across 17 hematopoietic cell types®”), at various
distance thresholds. Confidence intervals denote standard errors. Stars denote 2-sided bootstrap
p-values for the difference of the top-performing method vs. each other method (*: p < 0.05, **: p
< 0.01, ***: p <0.001). Results are reported for distance thresholds ranging from >1kb to >20kb.
(We did not measure enrichments at >50kb or >100kb, because there were too few evaluation
SNP-gene links at these distance thresholds (48 links >50kb and 0 links >100kb) to perform
bootstrapping across genes.)
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Supplementary Figure 2.12: Performance of pgBoost vs. ABC. Average enrichment across
recall values of links predicted by pgBoost vs. ABC (maximum score across 344 biosamples) for
(a) 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues, (b)
892 links validated by CRISPR, and (c) 155 non-coding SNP-gene pairs derived from fine-
mapped GWAS variants with a unique fine-mapped coding variant within a 2 Mb window, at
various distance thresholds. The number of positive evaluation links at each distance threshold
is specified in parentheses. Confidence intervals denote standard errors. Stars denote 2-sided
bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top method vs. each
other method.
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Supplementary Figure 2.13: Performance of pgBoost and existing methods in
downsampled conditions. Average enrichment across recall values of links predicted by
pgBoost and 4 existing methods using all data from NeurlPS T cells (Table 2) vs. downsampling
to (a) 50% of cells, (b) 50% of RNA counts, (¢) 50% of ATAC counts, (d) 50% of RNA counts and
50% of ATAC counts, for 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5
across GTEx tissues. Because enrichment differences are highly similar across distance
thresholds, results at >10kb are shown as barplots to aid in visual comparison. Confidence
intervals denote standard errors. Dark and light bars report average enrichments for each method
in non-downsampled and downsampled (“DS”) conditions, respectively. Stars denote 2-sided
bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001, N.S.: non-significant) of
focal method in downsampled vs. non-downsampled conditions. Downsampling conditions
(number of cells, average per-cell RNA and ATAC counts) are reported within each plot. Because
ArchR software does not support modification of the ATAC peak count matrix, ArchR is excluded
from analyses b-d. We note that Cicero performance is unaffected by RNA count downsampling
(b) because Cicero only uses ATAC-seq data as input.
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Supplementary Figure 2.14: Calibration of the pgBoost probabilistic score. Relationship
between average pgBoost score and the proportion of links concordantly predicted by (a) 4,434
fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues and (b)
53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344 biosamples. All
6,882,594 candidate links are partitioned equally into 100 bins by pgBoost score (each
represented by 1 point). The discrepancy between predicted probability and actual proportion of
concordantly predicted links in a is expected given the different PIP threshold used to define
model training (PIP > 0.2) vs. model evaluation (PIP > 0.5) sets as well as the different definitions
of “negative” SNP-gene links in model training (link includes a gene in the set of positive links) vs.
enrichment computations (any candidate SNP-gene link that is not a positive link) (Methods). The
relationship between proportion of links concordantly predicted and pgBoost score is not perfectly
linear, supporting the use of binarized sets of top-scoring links predicted by pgBoost rather than
the probabilistic score in downstream analyses.
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Supplementary Figure 2.15: Performance of pgBoost trained using alternative gradient

boosting hyperparameters. a) Average enrichment across recall values of links predicted by

pgBoost trained using alternative values for the hyperparameters learning rate and gamma for
4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues. b)
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Average enrichment across recall values of links predicted by pgBoost trained using alternative
values for the hyperparameters maximum tree depth, minimum child weight, and subsampling
ratio for 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEx
tissues. Because enrichment differences are highly similar across distance thresholds, results at
>10kb are shown as barplots to aid in visual comparison. Confidence intervals denote standard
errors. Stars denote 2-sided bootstrap p-values for the difference of the default pgBoost
hyperparameters (denoted in black outline) vs. each other method (*: p < 0.05, **: p < 0.01, ***: p
< 0.001). Red stars indicate that the focal method significantly underperforms pgBoost. LR =
learning rate, MD = maximum tree depth, MCW = minimum child weight. In a, the default values
of learning rate (0.05) and gamma (10) significantly outperformed models trained using a gamma
value of 0 and generally performed similarly to other values of gamma and learning rate; a higher
value of gamma implements stronger regularization and prevents overfitting. In b, the default
approach (denoted in black outline) for selecting values of maximum tree depth, minimum child
weight, and subsampling ratio (via randomized search and cross validation (Methods)) did not
significantly underperform any fixed combination of these parameter values.
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Supplementary Figure 2.16: Enrichment-recall curves of pgBoost and other methods on
CRISPR evaluation data set. Enrichment-recall curves of links predicted by pgBoost, distance,
and 4 existing methods for 892 links validated by CRISPR, at various distance thresholds. The

number of positive evaluation links at each distance threshold is specified in parentheses.
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Supplementary Figure 2.17: Enrichment-recall curves of pgBoost and other methods on
GWAS-derived evaluation data set. Enrichment-recall curves of links predicted by pgBoost,
distance, and 4 existing methods for 155 non-coding SNP-gene pairs derived from fine-mapped
GWAS variants with a unique fine-mapped coding variant within a 2 Mb window, at various
distance thresholds. The number of positive evaluation links at each distance threshold is
specified in parentheses.
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Supplementary Figure 2.18: AUPRC of pgBoost and other methods on gold-standard
evaluation data sets. a) Area under the precision-recall curve (AUPRC) of links predicted by
pgBoost, distance, and 4 existing methods for 892 links validated by CRISPR, at various distance
thresholds. b) Area under the precision-recall curve (AUPRC) of links predicted by pgBoost,
distance, and 4 existing methods for 155 non-coding SNP-gene pairs derived from fine-mapped
GWAS variants with a unique fine-mapped coding variant within a 2 Mb window, at various
distance thresholds. The number of positive evaluation links at each distance threshold is
specified in parentheses. Confidence intervals denote standard errors. Stars denote 2-sided
bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top method vs. each
other method.
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Supplementary Figure 2.19: AUROC of pgBoost and other methods on gold-standard
evaluation data sets. a) Area under the receiver operating characteristic curve (AUROC) of links
predicted by pgBoost, distance, and 4 existing methods for 892 links validated by CRISPR, at
various distance thresholds. b) Area under the receiver operating characteristic curve (AUROC)
of links predicted by pgBoost, distance, and 4 existing methods for 155 non-coding SNP-gene
pairs derived from fine-mapped GWAS variants with a unique fine-mapped coding variant within
a 2 Mb window, at various distance thresholds. The number of positive evaluation links at each
distance threshold is specified in parentheses. Confidence intervals denote standard errors. Stars
denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top
method vs. each other method. We note that AUPRC is often preferred over AUROC in
imbalanced data with a small proportion of true positives.
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Supplementary Figure 2.20: Unweighted average enrichment of pgBoost and other
methods on gold-standard evaluation data sets. a) Unweighted average across recall values
in [0, 0.73] of links predicted by pgBoost, distance, and 4 existing methods for 892 links validated
by CRISPR, at various distance thresholds. b) Unweighted average across recall values in [0,
0.25] of links predicted by pgBoost, distance, and 4 existing methods for 155 non-coding SNP-
gene pairs derived from fine-mapped GWAS variants with a unique fine-mapped coding variant
within a 2 Mb window, at various distance thresholds. The number of positive evaluation links at
each distance threshold is specified in parentheses. Confidence intervals denote standard errors.
Stars denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of
top method vs. each other method. Average enrichments were computed over a range of recall

(n=1_42) (n=131) (n=109)
Distance threshold

(n=72) (n=41)

attained by all methods (no linear extrapolation) and without weighting (Methods).
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Supplementary Figure 2.21: Performance of pgBoost trained on eQTL vs. ABC data.
Average enrichment across recall values of links predicted by pgBoost trained on fine-mapped
eSNP-eGene pairs vs. ABC links for (a) 4,434 fine-mapped eSNP-eGene pairs attaining

maximum PIP > 0.5 across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum ABC

score > 0.2 across 344 biosamples, (c) 892 links validated by CRISPR, and (d) 155 non-coding
SNP-gene pairs derived from fine-mapped GWAS variants with a unique fine-mapped coding

variant within a 2 Mb window, at various distance thresholds. The number of positive evaluation

links at each distance threshold is specified in parentheses. Confidence intervals denote standard

errors. Stars denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01,

0.001) of top method vs. each other method. For pgBoostasc, we defined a training set comprised
of 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344 biosamples as
positives and 1,207,294 SNP-gene pairs including a gene in the positive set and attaining
maximum ABC score < 0.015 across 344 biosamples as negatives.
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Supplementary Figure 2.22: Performance of pgBoost trained on different eQTL data sets.
Average enrichment across recall values of links predicted by pgBoost trained on fine-mapped
eSNP-eGene pairs from different eQTL catalogs for (a) 4,434 fine-mapped eSNP-eGene pairs
attaining maximum PIP > 0.5 across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum
ABC score > 0.2 across 344 biosamples, (c¢) 892 links validated by CRISPR, and (d) 155 non-
coding SNP-gene pairs derived from fine-mapped GWAS variants with a unique fine-mapped
coding variant within a 2 Mb window. Because enrichment differences are highly similar across
distance thresholds, results at >10kb are shown as barplots to aid in visual comparison.
Confidence intervals denote standard errors. Stars denote 2-sided bootstrap p-values for the
difference of the main pgBoost model (denoted in black outline) vs. each other method (*: p <
0.05, **: p<0.01, ***: p <0.001). Red (resp. black) stars indicate that the focal method significantly
underperforms (resp. outperforms) pgBoost. In addition to our primary training set from GTEx
multiple causal variant fine-mapping (GTEx-MCV), we considered a GTEXx single causal variant
fine-mapping training set (GTEx-SCV), an eQTLGen'"® single causal variant fine-mapping training
set (eQTLGen-SCV), and the union of all three training sets (Union). We performed fine-mapping
using SUSIE™* to compute PIPs for the GTEx-SCV and eQTLGen-SCV training sets (see Data
Availability); we used approximate Bayes factors®® to construct the eQTLGen-SCV training set.
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For each training set, we defined eSNP-eGene pairs attaining maximum PIP > 0.2 as positives
and eSNP-eGene pairs including a gene in the positive set and attaining maximum PIP < 0.01 as
negatives (yielding 11,926 positives for GTEx-MCV; 8,279 positives for GTEx-SCV; 2,296
positives for eQTLGen-SCV; and 13,457 positives for the Union training set). GTEx-MCV
significantly outperformed GTEx-SCV on eQTL and CRISPR evaluations; while GTEx-MCV
significantly underperformed GTEx-SCV on ABC evaluation data, we prioritized results on eQTL
and CRISPR evaluations (see Methods). GTEx-MCV significantly outperformed eQTLGen-SCV
on all 4 evaluations. GTEx-MCV outperformed the Union training set on ABC evaluation data but
performed similarly on eQTL, CRISPR, and ABC evaluations, supporting our choice to train using
fine-mapped eSNP-eGene pairs from GTEx. (We note that eQTLGen-MCV is not feasible
because multiple causal variant fine-mapping requires in-sample LD from individual-level data'®,
which is not available for eQTLGen.) (We also note that GTEx-SCV is an approximate subset of
GTEx-MCV.)
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Supplementary Figure 2.23: Performance of pgBoost trained on downsampled eQTL data.
Average enrichment across recall values of links predicted by pgBoost trained on random
subsamples (20-80%) of GTEx fine-mapped eSNP-eGene pairs for (a) 4,434 fine-mapped eSNP-
eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues, (b) 53,701 SNP-gene pairs
attaining maximum ABC score > 0.2 across 344 biosamples, (c) 892 links validated by CRISPR,
and (d) 155 non-coding SNP-gene pairs derived from fine-mapped GWAS variants with a unique
fine-mapped coding variant within a 2 Mb window. Because enrichment differences are highly
similar across distance thresholds, results at >10kb are shown as barplots to aid in visual
comparison. Confidence intervals denote standard errors. Stars denote 2-sided bootstrap p-
values for the difference of the main pgBoost model (denoted in black outline) vs. each other
method (*: p < 0.05, **: p < 0.01, ***: p < 0.001). Red stars indicate that the focal method
significantly underperforms pgBoost. While more severe downsampling of the training data
yielded significant reductions in pgBoost performance, mild downsampling did not substantially
impact performance. This suggests that there may be diminishing returns from incorporating
additional training data (consistent with our results for the Union training set in Supplementary
Figure 2.22).
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Supplementary Figure 2.24: Performance of pgBoost trained using various eQTL PIP
thresholds. Average enrichment across recall values of links predicted by pgBoost trained on
eSNP-eGene pairs passing varying PIP thresholds for (a) 4,434 fine-mapped eSNP-eGene pairs
attaining maximum PIP > 0.5 across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum
ABC score > 0.2 across 344 biosamples, (c¢) 892 links validated by CRISPR, and (d) 155 non-
coding SNP-gene pairs derived from fine-mapped GWAS variants with a unique fine-mapped
coding variant within a 2 Mb window. Because enrichment differences are highly similar across
distance thresholds, results at >10kb are shown as barplots to aid in visual comparison.
Confidence intervals denote standard errors. Stars denote 2-sided bootstrap p-values for
difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of focal method vs. top method (denoted in
black outline). Red stars indicate that the focal method significantly underperforms pgBoost. We
defined training sets comprised of SNP-gene links attaining maximum PIP across GTEXx tissues
above each threshold as positives and SNP-gene links including a gene in the positive set and
attaining maximum PIP < 0.1 across GTEXx tissues as negatives. Using this strategy, we defined
training sets of fine-mapped eSNP-eGene pairs passing PIP thresholds of 0.01 (124,472
positives), 0.1 (22,668 positives), 0.2 (11,926 positives), 0.5 (4,435 positives), 0.7 (3,033
positives), 0.9 (2,008 positives). We also assessed a “weighted” training set where SNP-gene
pairs attaining PIP > 0.8 were assigned a weight of 4, SNP-gene pairs attaining PIP > 0.4 and <
0.8 were assigned a weight of 2, and SNP-gene pairs attaining PIP > 0.1 and < 0.4 were assigned
a weight of 1 (and SNP-gene links including a gene in the positive set and attaining maximum PIP
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< 0.1 were defined as negatives). We determined that: the threshold of PIP > 0.2 significantly
outperformed the less stringent PIP threshold of PIP > 0.01 on ABC and GWAS evaluations; PIP
> 0.2 significantly outperformed the more stringent PIP thresholds of PIP > 0.5, PIP > 0.7, and
PIP > 0.9 on ABC evaluation data; and PIP > 0.2 significantly outperformed the weighted training
strategy on eQTL, ABC, and GWAS evaluations. Average enrichment differences between
training sets were not statistically significant on CRISPR evaluation data. While thresholds of PIP
> 0.2 and PIP > 0.1 yielded statistically similar performance on all evaluation sets, we elected to
train using PIP > 0.2 to limit computational cost.
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Supplementary Figure 2.25: Performance of pgBoost trained using common SNPs from
1000 Genomes vs. all SNPs from GTEx. Average enrichment across recall values of links
predicted by the main pgBoost model (trained using GTEx SNPs with minor allele count > 5 in
1000G, labeled pgBoost ¢, 10005) VS- P9BoOst trained using all SNPs present in GTEx (labeled
pgBoost ., ) for (a) 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across
GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344
biosamples, (c) 892 links validated by CRISPR, and (d) 155 non-coding SNP-gene pairs derived
from fine-mapped GWAS variants with a unique fine-mapped coding variant within a 2 Mb
window, at various distance thresholds. Confidence intervals denote standard errors. Stars
denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top
method vs. each other method. For both models, we used a training set comprised of SNP-gene
links attaining maximum PIP > 0.2 across GTEXx tissues (as positives) or maximum PIP < 0.01
across GTEXx tissues (as negatives) (Methods). We trained pgBoost .., without restricting to
SNPs with minor allele count > 5 in 1000G (resulting in a training set of 12,698 positive SNP-
gene pairs and 112,927 negative SNP-gene pairs).
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Supplementary Figure 2.26: Performance of SCARIlink restricted to ATAC peaks. Average
enrichment across recall values of links predicted by SCARIink including all scored regions vs.
restricted to ATAC peaks for (a) 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP >
0.5 across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across
344 biosamples, (c) 892 links validated by CRISPR, and (d) 155 non-coding SNP-gene pairs
derived from fine-mapped GWAS variants with a unique fine-mapped coding variant within a 2
Mb window, at various distance thresholds. By default, SCARIink® uses a “genomic tiling”
approach, scoring 500bp tiles spanning the 250kb cis window of each gene. To compare with
peak-gene linking methods and incorporate SCARIink into pgBoost, we first defined SCARIinkpeak
by restricting SCARIink predictions across all tiles (SCARIinkriLe) to tiles overlapping ATAC peaks.
Here, we show that SCARIinkeeak performed at least as well as SCARIinkt e across eQTL, ABC,
CRISPR, and GWAS evaluations, justifying our choice to restrict SCARIink predictions to ATAC
peaks in downstream analyses. We restricted analyses to the 10x PBMC data set and to
candidate links with SNP-TSS distance < 250kb, because SCARIink predictions for this data set
spanning 250kb cis windows around genes are publicly available from ref.®® The number of
positive evaluation links at each distance threshold is specified in parentheses. Confidence
intervals denote standard errors. Stars denote 2-sided bootstrap p-values for difference (*: p <
0.05, **: p < 0.01, ***: p < 0.001) of top method vs. each other method. (We did not measure
GWAS enrichments at >50kb or >100kb, because there were too few evaluation SNP-gene links
profiled in the 10x PBMC data set at these distance thresholds to perform bootstrapping across
genes.)
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Supplementary Figure 2.27: Performance of SCARIink vs. other existing methods. Average
enrichment across recall values of links predicted by SCARIink vs. other existing peak-gene
linking methods for (a) 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5
across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344
biosamples, (c) 892 links validated by CRISPR, and (d) 155 non-coding SNP-gene pairs derived
from fine-mapped GWAS variants with a unique fine-mapped coding variant within a 2 Mb
window, at various distance thresholds. The number of positive evaluation links at each distance
threshold is specified in parentheses. Confidence intervals denote standard errors. Stars denote
2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top method
vs. each other method. We restricted analyses to the 10x PBMC data set and to candidate links
with SNP-TSS distance < 250kb, because SCARIink predictions for this data set spanning 250kb
cis windows around genes are publicly available from ref.®® We further restricted analyses to
ATAC peaks (see Supplementary Figure 2.26). For each method, we analyzed the top score
(for SCARIink, highest Z-score) across cell types in the 10x PBMC data set. In general, SCARIink
performed similarly to other existing methods across the 4 evaluation sets (and significantly
underperformed Cicero and ArchR on CRISPR and GWAS evaluations, respectively). (We did
not measure GWAS enrichments at >50kb or >100kb, because there were too few evaluation
SNP-gene links profiled in the 10x PBMC data set at these distance thresholds to perform
bootstrapping across genes.)
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Supplementary Figure 2.28: Performance of pgBoost adding SCARIlink as a constituent
method. Average enrichment across recall values of links predicted by pgBoost vs. a model
incorporating additional features from SCARIink for (a) 4,434 fine-mapped eSNP-eGene pairs
attaining maximum PIP > 0.5 across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum
ABC score > 0.2 across 344 biosamples, (c¢) 892 links validated by CRISPR, and (d) 155 non-
coding SNP-gene pairs derived from fine-mapped GWAS variants with a unique fine-mapped
coding variant within a 2 Mb window, at various distance thresholds. The number of positive
evaluation links at each distance threshold is specified in parentheses. Confidence intervals
denote standard errors. Stars denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p
< 0.01, ***: p < 0.001) of top method vs. each other method. We restricted analyses to the 10x
PBMC data set and to candidate links with SNP-TSS distance < 250kb, because SCARIink
predictions for this data set spanning 250kb cis windows around genes are publicly available from
ref.3¢ We further restricted analyses to ATAC peaks (see Supplementary Figure 2.26). The main
pgBoost model restricted to 10x PBMC data includes 11 total features: SCENT, Signac, and
Cicero scores for each of the 3 cell types in the 10x PBMC data set, as well as 2 distance-based
features (Table 2). The pgBoost model adding SCARIink as a constituent method includes 14
total features: SCENT, Signac, Cicero, and SCARIink scores (Z-score) for each of the 3 cell types
in the 10x PBMC data set, as well as 2 distance-based features. The main pgBoost model
significantly outperformed the model adding SCARIink as a constituent method on ABC and
CRISPR evaluation data sets, and differences between these models on eQTL and GWAS
evaluations were not significant, supporting our choice to exclude SCARIink from the set of
pgBoost features. (We did not measure GWAS enrichments at >50kb or >100kb, because there
were too few evaluation SNP-gene links profiled in the 10x PBMC data set at these distance
thresholds to perform bootstrapping across genes.)
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Supplementary Figure 2.29: Performance of pgBoost models incorporating significance
features. Average enrichment across recall values of links predicted by pgBoost (or models
restricted to linking scores from a single existing method plus genomic distance) using effect size
features (E) or effect size and significance features (E+S) for (a) 4,434 fine-mapped eSNP-eGene
pairs attaining maximum PIP > 0.5 across GTEx tissues, (b) 53,701 SNP-gene pairs attaining
maximum ABC score > 0.2 across 344 biosamples, (c¢) 892 links validated by CRISPR, and (d)
155 non-coding SNP-gene pairs derived from fine-mapped GWAS variants with a unique fine-
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mapped coding variant within a 2 Mb window. Because enrichment differences are highly similar
across distance thresholds, results at >10kb are shown as barplots to aid in visual comparison.
Confidence intervals denote standard errors. Stars denote 2-sided bootstrap p-values for the
difference between each pair of models (denoted with black brackets) (*: p < 0.05, **: p < 0.01,
***: p < 0.001). Models incorporating only effect size metrics (SCENT regression coefficient,
Signac correlation, ArchR correlation, and/or Cicero co-accessibility) plus distance as features
are denoted by dark purple bars. Models incorporating effect size metrics, significance metrics
(SCENT p-value, Signac p-value, and/or ArchR FDR), and distance features are denoted by light
purple bars and labeled (E+S). The main pgBoost model significantly outperformed a model
adding significance features on eQTL and GWAS evaluations, and differences between (E) and
(E+S) models were otherwise generally not significant across the 4 evaluation sets, suggesting
that significance metrics do not provide additional useful information for predicting SNP-gene links
when effect size metrics are already included as features. These results are consistent with ref.??°,
which suggested that Pearson correlation between peak accessibility and gene expression may
be a better predictor of regulatory links than a permutation-based p-value.
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Supplementary Figure 2.30: Performance of pgBoost models restricted to a single data set.
Average enrichment across recall values of links predicted by pgBoost vs. pgBoost models
restricted to features from a single multiome data set for (a) 4,434 fine-mapped eSNP-eGene
pairs attaining maximum PIP > 0.5 across GTEx tissues, (b) 53,701 SNP-gene pairs attaining
maximum ABC score > 0.2 across 344 biosamples, (c) 892 links validated by CRISPR, and (d)
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155 non-coding SNP-gene pairs derived from fine-mapped GWAS variants with a unique fine-
mapped coding variant within a 2 Mb window. Because enrichment differences are highly similar
across distance thresholds, results at >10kb are shown as barplots to aid in visual comparison.
Confidence intervals denote standard errors. Stars denote 2-sided bootstrap p-values for
difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of focal method vs. top method (denoted in
black outline). Red stars indicate that the focal method significantly underperforms pgBoost.
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Supplementary Figure 2.31: Performance of pgBoost models ablating a single data set.
Average enrichment across recall values of links predicted by pgBoost vs. pgBoost models
ablating features from a single multiome data set for (a) 4,434 fine-mapped eSNP-eGene pairs
attaining maximum PIP > 0.5 across GTEXx tissues, (b) 53,701 SNP-gene pairs attaining maximum
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ABC score > 0.2 across 344 biosamples, (c) 892 links validated by CRISPR, and (d) 155 non-
coding SNP-gene pairs derived from fine-mapped GWAS variants with a unique fine-mapped
coding variant within a 2 Mb window. Because enrichment differences are highly similar across
distance thresholds, results at >10kb are shown as barplots to aid in visual comparison.
Confidence intervals denote standard errors. Stars denote 2-sided bootstrap p-values for
difference (*: p < 0.05, **: p < 0.01, **: p < 0.001) of focal method vs. top method (denoted in
black outline). Red stars indicate that the focal method significantly underperforms pgBoost. While
the main pgBoost model significantly underperformed the model ablating the Luecken BMMC
data set on ABC evaluation data, we prioritized results on eQTL and CRISPR evaluations (see
Methods).
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Supplementary Figure 2.32: SHAP analysis of pgBoost feature importance. Mean SHAP
scores of pgBoost features, categorized by feature category (denoted by x-axis position) and
color-coded by cell type (if applicable). Vertical grey dashed lines separate feature categories.
Distance attains the highest mean SHAP score followed by the binary indicator for “closest TSS,”
indicating that these distance-based features contribute most to linking predictions. Signac-
derived features attain slightly higher mean SHAP scores than SCENT and Cicero (possibly
because Signac scores more candidate links than SCENT and Cicero). We note that SHAP score
assessment of the relative importance of pgBoost features may be misleading due to correlation
among features (Figure 1a).
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Supplementary Figure 2.33: Performance of pgBoost vs. ENCODE-rE2G in K562. Average
enrichment across recall values of links predicted by pgBoost (restricted to linking scores from
the Xu K562 data set plus distance features) vs. ENCODE-rE2G (score assigned to K562 cells)
for (a) 4,434 fine-mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEX tissues,
(b) 53,701 SNP-gene pairs attaining maximum ABC score > 0.2 across 344 biosamples, (c) 892
links validated by CRISPR, and (d) 155 non-coding SNP-gene pairs derived from fine-mapped
GWAS variants with a unique fine-mapped coding variant within a 2 Mb window, at various
distance thresholds (we exclude ABC evaluation data from these comparisons, because the ABC
evaluation data were used as features to generate ENCODE-rE2G predictions). In particular, we
compared pgBoost to predictions made by the ENCODE-rE2GE*"*d model, which incorporates
features derived from DNase-seq, histone ChlP-seq, and HiC data®® for K562. The number of
positive evaluation links at each distance threshold is specified in parentheses. Confidence
intervals denote standard errors. Stars denote 2-sided bootstrap p-values for difference (*: p <
0.05, **: p < 0.01, ***: p < 0.001) of top method vs. each other method.
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Supplementary Figure 2.34: Performance of each existing method vs. pgBoost models
restricted to features from each existing method. Average enrichment across recall values of
links predicted by a single existing method (taking the best score across data sets and cell types)
vs. pgBoost restricted to linking scores from the focal method as features for (a) 4,434 fine-
mapped eSNP-eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues, (b) 53,701 SNP-
gene pairs attaining maximum ABC score > 0.2 across 344 biosamples, (c) 892 links validated
by CRISPR, and (d) 155 non-coding SNP-gene pairs derived from fine-mapped GWAS variants
with a unique fine-mapped coding variant within a 2 Mb window. Because enrichment differences
are highly similar across distance thresholds, results at >10kb are shown as barplots to aid in
visual comparison. Confidence intervals denote standard errors. Stars denote 2-sided bootstrap
p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001, N.S.: non-significant) for each
comparison.
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Supplementary Figure 2.35: Enrichment-recall curves of pgBoost restricted to features
from a focal cell type in cell-type-specific ABC evaluation data sets. Enrichment-recall curves
of links predicted by pgBoost restricted to features from a focal cell type (Union denotes all
features) for cell-type-specific ABC evaluation links detected in biosamples related to (a) T cells,
(b) B cells, (c) myeloid cells, and (d) K562 cells. The number of positive links in each evaluation
set is specified in parentheses.

166



>5kb

+ NCSIGHIN 25/ BTSN 2008 33.5  46.5

>5kb
s 53
S mo- 54.0 78.0 60.0 65.4 26.6 50.5 23
3 S
C
= % - 69.4 71.5 g 90.3 40.9 1144 g © 7S 52.4
< E‘ <o
.y K5I62 Brain Unlion
©- 58.4 49.2 40.7 R 1254 57.3 (Oligo)
V4 pgBoost features
+ Eli myelloid erythroid K5I62 Unlion
pgBoost features
b >10kb
- 226 243
>10kb
5 c 5
g o- 233 383 S 8- 27.3 [EEEEIEEE
3 S o
o 3
&2 3
2 o [ 25 QG- 13.4 28.2
IS < o
o~ K5|62 Brain Unlion
5- 13.3 10.4 (Oligo)
pgBoost features
T B myeloid erythroid K562 Union
pgBoost features
C >20kb
- 5.6 6.4 8.7 5.0 fehal 653
c c T
2mw- 107 181 | 193 | 17.3 13.6 16.7 CR-E ) 16.4
3 S
9e- 97 304 902 58 149 EEEXE O 5. 90 22.7
< 2 <@

K5|62 Brain Unlion
- 8.1 8.2 43.9 8.2 2711/ 1183 (Oligo)

pgBoost features

B myéloid eryttl1roid K5I62 Unlion

pgBoost features
Supplementary Figure 2.36: Performance of pgBoost restricted to features from a focal cell
type in cell-type-specific ABC evaluation data sets. Average enrichment across recall values
of links predicted by pgBoost restricted to features from a focal cell type (left) or tissue (right) for
training and prediction (columns; Union denotes all features) for cell type/tissue-specific ABC
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evaluation links (rows) at (a) >5kb, (b) >10kb, and (c) >20kb. Stars denote 2-sided bootstrap p-
values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top method (defined separately
for each row and denoted in black outline) vs. each other method. We were not well-powered to
detect differences in the performance of pgBoost models at higher distance thresholds because
evaluation sets were small (e.g. number of evaluation links at >20kb: nt = 662, ng = 542, Nmyeloid
= 134, nkse2 = 59). (We did not measure enrichments at >50kb or >100kb, because there were
too few evaluation SNP-gene links at these distance thresholds to perform bootstrapping across
genes.)
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Supplementary Figure 2.37: Enrichment-recall curves of pgBoost restricted to K562 and/or
brain oligodendroglia features in tissue-specific ABC evaluation data sets. Enrichment-
recall curves of links predicted by pgBoost restricted to features from a focal cell type (Union
denotes all features) for tissue-specific ABC evaluation links detected in biosamples related to (a)
blood and (b) brain. The number of positive links in each evaluation set is specified in
parentheses.
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Supplementary Figure 2.38: Enrichment-recall curves of pgBoost restricted to features
from a focal cell type on CRISPR evaluation data set. Enrichment-recall curves of links
predicted by pgBoost restricted to features from a focal cell type (Union denotes all features) for
links validated by CRISPR. The number of positive evaluation links is specified in parentheses.
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Supplementary Figure 2.39: Performance of pgBoost restricted to features from a focal cell
type on CRISPR evaluation data set. Average enrichment across recall values of links predicted
by pgBoost restricted to features from a focal cell type (Union denotes all features) for 892 links
validated by CRISPR, at various distance thresholds. The number of positive evaluation links at
each distance threshold is specified in parentheses. Confidence intervals denote standard errors.
Stars denote 2-sided bootstrap p-values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of

top method vs. each other method.
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Supplementary Figure 2.40: Performance of pgBoost restricted to K562 and/or brain
oligodendroglia features on tissue-specific and tissue-level eQTL evaluations. Average
enrichment across recall values of links predicted by pgBoost restricted to features from K562 or
brain oligodendroglia (columns; Union denotes all features) for (a) fine-mapped eSNP-eGene
pairs attaining maximum PIP > 0.5 across brain-related tissues (resp. whole blood) and maximum
PIP < 0.1 in whole blood (resp. brain-related tissues) and (b) fine-mapped eSNP-eGene pairs
attaining maximum PIP > 0.5 across brain-related tissues or whole blood (irrespective of PIPs
attained in the other tissue). Number of evaluation links in tissue-specific evaluation sets in (a):
Nblood = 344, Nprain = 427. Number of evaluation links in tissue-level evaluation sets in (b): Nbiood =
392, nurain = 460. The GTEX brain evaluation set spans the following tissues: amygdala, anterior
cingulate cortex, caudate basal ganglia, cerebellar hemisphere, cerebellum, cortex, frontal cortex,
hippocampus, hypothalamus, nucleus accumbens basal ganglia, putamen basal ganglia, and
substantia nigra. For all 4 eQTL evaluation data sets, the pgBoost model spanning brain
oligodendroglia features did not significantly outperform the model spanning both K562 and brain
oligodendroglia features, and both of these models significantly outperformed the model restricted
to K562 features; results of tissue-specific and tissue-level analyses were similar because these
evaluation sets were similar. The underperformance of the model restricted to K562 features on
eQTL evaluation data sets from whole blood may reflect more pronounced differences between
K562 (a cultured cell line) and in vivo human blood regulatory circuitry at the level of downstream
regulatory effects (e.g. eQTL) vs. upstream molecular interactions (e.g. ABC).
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Supplementary Figure 2.41: Performance of pgBoost restricted to features from a focal or
non-focal cell type for training only in evaluation data sets relevant to the focal cell type.
Average enrichment across recall values of links predicted by a pgBoost model restricted to
features from an individual cell type (left) or tissue (right) during training (columns) for cell-
typel/tissue-specific ABC evaluation links (rows), where predictions are always generated by
applying models to linking scores from the evaluation cell type. Number of evaluation links in each
ABC evaluation set: Nblood = 10,845, Nprain = 6,417, nr= 5,855, ng = 4,404, Nmyeloid = 2,680, Nkse2 =
1,107. Enrichment differences between models in each row of (a) were generally not statistically
significant, with a few exceptions. First, the pgBoost model restricted to K562 features during
training significantly underperformed each other model on T-specific, B-specific, and myeloid-
specific ABC evaluations. Second, the model restricted to erythroid features did not significantly
underperform the model restricted to K562 features during training on K562-specific evaluation
data, and both models significantly outperformed each other model. In (b), the difference between
pgBoost models restricted to K562 and brain oligodendroglia features during training on blood-
specific ABC evaluation data was not statistically significant, while the model restricted to K562
features during training significantly outperformed the model restricted to brain oligodendroglia
features on brain-specific ABC evaluation data. These results suggest that, while there is
sometimes a significant improvement in performance from training in the focal cell type (e.g. on
K562 evaluation data), pgBoost models trained using linking scores from individual cell types are
generally portable across cell types.
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Supplementary Figure 2.42: Performance of pgBoost restricted to K562 and/or brain
oligodendroglia features and trained on eQTL from blood and/or brain tissues on tissue-
specific ABC evaluation data sets. Average enrichment across recall values of links predicted
by pgBoost trained on GTEx eSNP-eGene pairs from (a) whole blood or (b) brain tissues,
restricted to features from a focal cell type (columns; Union denotes all features), for tissue-
specific ABC evaluation links (rows). Stars denote 2-sided bootstrap p-values for difference (*: p
< 0.05, **: p < 0.01, ***: p < 0.001) of top method (defined separately for each row and denoted
in black outline) vs. each other method. In both tissue-specific evaluations, the pgBoost models
restricted to the related cell type (K562 for blood, oligodendroglia for brain) significantly
outperformed a model restricted to the unrelated cell type. For the blood eQTL training set in (a),
we defined 1,518 eSNP-eGene pairs attaining PIP > 0.2 in whole blood as positives and 6,997
eSNP-eGene pairs including a gene in the positive set and attaining PIP < 0.01 in whole blood as
negatives. For the brain eQTL training set in (b), we defined 1,334 eSNP-eGene pairs attaining
PIP > 0.2 across brain tissues as positives and 12,399 eSNP-eGene pairs including a gene in the
positive set and attaining maximum PIP < 0.01 across brain tissues as negatives. The pgBoost
model restricted to K562 (resp. brain oligodendroglia) features significantly outperformed the
model restricted to brain oligodendroglia (resp. K562) on blood-specific (resp. brain-specific)
evaluation data in both (a) and (b). The pgBoost model spanning both cell types significantly
underperformed the model restricted to K562 on blood-specific ABC evaluation data in both (a)
and (b), but outperformed (in a) or performed similarly to (in b) the model restricted to brain
oligodendroglia features in brain-specific ABC evaluation data.
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Supplementary Figure 2.43: Performance of pgBoost restricted to features from a focal cell
type across two single-cell data sets in cell-type-specific ABC evaluation data sets.
Average enrichment across recall values of links predicted by pgBoost restricted to features from
a focal cell type (columns; Union denotes all features) included in the Luecken BMMC and 10X
PBMC data sets (Table 2) for cell-type-specific ABC evaluation links (rows). Top method is
defined separately for each row and denoted in black outline. Stars denote 2-sided bootstrap p-
values for difference (*: p < 0.05, **: p < 0.01, ***: p < 0.001) of top method vs. each other method.
The pgBoost model restricted to myeloid features significantly outperformed all other models on
myeloid-specific ABC evaluation data. Models restricted to T cells or B cells attained statistically
similar enrichments and both significantly outperformed the model restricted to myeloid features
and the model spanning all 3 cell types in T cell-specific and B cell-specific ABC evaluation data.
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Supplementary Figure 2.44: Performance of pgBoost restricted to features from a focal cell
type in ABC evaluation links passing a stringent threshold for cell-type/tissue-specificity.
Average enrichment across recall values of links predicted by pgBoost restricted to features from
a focal cell type (left) or tissue (right) (columns; Union denotes all features) for cell-type/tissue-
specific ABC evaluation links (rows) defined by SNP-gene links attaining ABC score > 0.2 in
biosample(s) related to the focal cell type/tissue and below a more stringent threshold in non-focal
cell types/tissues (ABC score < 0.05). Number of evaluation links in each ABC evaluation set: nr
= 2,223, ng = 1,747, Nmono = 1,204, nkse2 = 708. Top method is defined separately for each row
and denoted in black outline. For T cell-specific evaluation data, the pgBoost model restricted to
T cell features significantly outperformed each other model. For B cell-specific evaluation data,
the pgBoost model restricted to erythroid features did not significantly outperform the models
restricted to B cell features or myeloid features, but significantly outperformed the model restricted
to T cell features, the model restricted to K562 features, and the model spanning the union of all
5 cell types. For myeloid-specific evaluation data, the pgBoost model restricted to myeloid
features significantly outperformed models restricted to T cell, B cell, or K562 features, but did
not significantly outperform the model restricted to erythroid features or the model spanning the
union of all 5 cell types. For K562-specific evaluation data, the pgBoost model restricted to K562
features did not significantly outperform the model restricted to erythroid features, but significantly
outperformed each other model. For brain-specific evaluation data, the pgBoost model restricted
to brain oligodendroglia features significantly outperformed the model restricted to K562 features,
but did not significantly outperform the model spanning both cell types. For blood-specific
evaluation data, the pgBoost model restricted to K562 features significantly outperformed both
other models.
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Supplementary Figure 2.45: Additional examples of variant-gene links predicted by
pgBoost. We report links prioritized by pgBoost, distance, and 4 existing methods for (a)
rs78507984, (b) rs6116189, and (c) rs7665090. Panel headings for each SNP report the
corresponding GWAS trait(s) (in parentheses) and the SNP-gene link attaining the highest
pgBoost score. Linking scores for each method are reported as dots in the middle of each gene
(jittered for easier visualization). Large dots denote links scored in the top 5% by a given
method. Hollow dots denote links that were not scored by a given method (with their percentile
defined as the percentage of links not scored by the method). Genes scored in the top 5% by
any method are reported at the bottom of each panel (with gene name); nearby genes are also
displayed (without gene name). Colored boxes denote the gene attaining the highest linking
score percentile > 95% by one or more method(s); colored borders denote other genes scored
in the top 5% by a given method. UA: uric acid.
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Methods
Defining peak co-accessibility and peak co-activity

Computing co-accessibility scores. We defined the co-accessibility score of peak j as

Xj = Xk EKj(rjzk — by), where K; is the set of all cis peaks centered <1Mb from the center of peak

j (including peak j itself) (average number of cis peaks per focal peak = 124-147 across data set-

cell type pairs), rj'i are squared peak-peak correlations (from scATAC-seq data) across metacells,

and b, is a term that captures expected bias in measured peak-peak r? due to finite sample size
(see below). We defined genome-wide co-accessibility score analogously, letting K; be the set of
all peaks genome-wide. Co-accessibility scores can be viewed as an analogue of SNP LD

127 We computed peak-peak correlations across metacells using the ArchR® function

scores
addCoAccessibility (with parameter maxDist = 1e+06) followed by getCoAccessibility (with
parameter corCutOff = -1.5, ensuring that all peak-peak correlations € [—1,1] are returned). We
excluded peaks overlapping any promoter region (defined as <1kb to any gene’s TSS*'?®) from

all analyses.

Bias correction. We computed the expected bias b, (see above) for a given data set-cell

type pair as follows: we first randomly selected 100,000 peak-peak pairs and computed a,, the
average peak-peak r2? across the selected peak-peak pairs. We then generated a randomly
downsampled ATAC matrix (containing 50% of metacells) and computed ay gownsampled: the
average peak-peak r? (measured in the 50% downsampled metacells) across the selected peak-
peak pairs. Finally, we computed by = ay gownsampled — Gx- (Because squared correlations
measured across 50% of metacells should contain 2x the amount of upward bias due to noise,
this value of b, provides an estimate of the amount of upward bias due to noise in all metacells.)

Computing co-activity scores. We defined the co-activity score of peak j as y; =

Yge Gj(rfq — by), where G; is the set of all cis genes with TSS <1Mb from the center of the focal
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peak j (average number of cis genes per focal peak = 8-12 across data set-cell type pairs), rj?g
are squared peak-gene correlations (from scATAC-seq and scRNA-seq data) across metacells,
and b,, is a term that captures expected bias in measured peak-gene r2 due to finite sample size
(analogous to bias correction procedure described above). We also defined genome-wide co-
activity score as above, where G; is the set of all genes genome-wide. We computed peak-gene
correlations across metacells using the ArchR® function addPeak2GeneLinks (with parameter
maxDist = 1e+06) followed by getPeak2GeneLinks (with parameters corCutOff = -1.5 and
FDRCutOff = 1, ensuring that all peak-gene correlations € [—1,1] are returned). We excluded
peaks overlapping any promoter region (defined as <1kb to any gene’s TSS%'?%) from all
analyses.

Stratified co-accessibility score regression

S-CASC model. We propose stratified co-accessibility score regression (S-CASC) as a

method to identify functional peak categories that are enriched for causal peak-gene associations

and assess the tagging hypothesis. The S-CASC regression relies on the following model:

E[)’j] = 10+ Xc(Tc xjc) + V|Gj|1 [3.2]

where y is the co-activity score of peak j, 7, is an intercept term, x;  is the co-accessibility score
of peak j with respect to peak category C, . is the per-peak contribution to causal peak-gene
effect variance for peak category C, and the covariate |G;| is the number of genes with TSS <1Mb
from peak j. x; . is defined as Zke,{j(lc,{rﬁ( — by), where K; is the set of all cis peaks centered
<1Mb from the center of peak j (including peak j itself) and not overlapping any promoter region,
Ik is the value of peak category C for peak k (for binary peak categories, I, equals 1 if peak k

belongs to category C and 0 otherwise; for probabilistic peak categories, I € [0,1]; see below),
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and other terms are defined as above. S-CASC can be viewed as an analogue of stratified LD
score regression's,

Estimating per-peak causal effect size variance. We defined per-peak causal effect size

variance for peak j as Var(f;) = X¢ Ic;T¢. After computing co-activity scores (y;) and stratified co-
accessibility scores (x; ¢), we performed the multiple regression in equation 3.2 (regressing y; on
x; c) to obtain estimates 7. of 7. for each peak category C. We then estimated per-peak causal
effect size variances Var(g;) using ..

Estimating causal effect size enrichment of a peak category. We defined the total causal

effect size variance in peak category C as v = Y Ic;Var(f,). We then defined the causal effect

size enrichment of peak category C as follows:

¢=—%—/—t [33]

)
Vall peaks’ Mall peaks

where vy, peaks 1S the total causal effect size variance of all peaks, M. is defined as ) I¢; (for a
binary peak category, M. is the number of peaks in category C), and My peaks is the total number
of peaks. We use our estimates of \7§r(/)’,-) to estimate ¥ and D, peaks- WWe then use these
estimates to estimate E. for each peak category C. (Due to peak measurement noise, we focus

on E, rather than 7 to assess the relative importance of each peak category.)

Computing jackknife standard errors. For a given data set-cell type pair, we estimated

standard errors for each E. using a jackknife with blocks defined by chromosomes, analogous to

k18’127. (

previous wor We first obtained jackknifed estimates of 7., then used these estimates to

obtain jackknifed estimates of Var(B;), 9¢, and D,y peaks, and Ec.)

Computing meta-analyzed estimates and standard errors. We computed meta-analyzed

E. estimates and standard errors via random effect meta-analysis across data set-cell type pairs.
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Defining peak categories. We implemented S-CASC using 19 functional peak categories

(including 18 binary categories and 1 probabilistic peak annotation), in addition to a category

defined by all peaks, as described in ref."® For each binary category, we defined an ATAC peak

belonging to that category as a peak overlapping any genomic region in that category.

The functional peak categories were defined as follows:

5 binary genomic categories (“Coding”, “3' UTR”, “5’ UTR”, “Intron”, “Repressed”) from
the S-LDSC'® baseline model.

10 binary categories defined by activating or repressive histone modifications (7
activating: H3K4me1, H3K4me2, H3K4me3, H3K9ac, H3K27ac, H3K36me3,
H3K79me2; and 3 repressive: H3K27me3, H3K9me1, H3K9me3), as measured by
histone ChIP-seq experiments in K562 cells publicly on the ENCODE portal (for each
experiment, we used the ‘pseudoreplicated peaks’ file in ‘bed narrowPeak’ format).

2 binary gene proximity-based categories (“TSS+10kb”, “TSS+100kb”) defined by any
overlap between a peak and the union of genomic windows TSS+10kb (or
TSS+100kb, respectively) across all genes.

1 binary category defined as “Closest to TSS”. For each gene, we identified the single
ATAC peak closest to the focal gene’s TSS. We then defined the set of these peaks
as the “Closest to TSS” category.

1 probabilistic constraint-based annotation (“Constraint”) defined by the proportion of

bases in an ATAC peak overlapping any constrained region defined by ref.'®®

Genome-wide S-CASC. As stated above, to compute x; ¢, we restricted to the set of all cis

peaks centered <1Mb from peak j. Computing x; . without this restriction (and instead using all

peaks genome-wide) yielded x; . that were highly correlated across peak categories, leading to

substantial multicollinearity in the S-CASC regression and inflated standard errors for E, such

that all E. were statistically indistinguishable from 1.
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Gene co-expression and gene co-activity scores

Computing gene co-expression scores. We defined the gene co-expression score of gene

lasx;=Yge Gi(rfq — bg), where G; is the set of all genes with TSS <1Mb from the TSS of focal

gene i (including gene i itself) (average number of cis genes per focal gene = 31-44 across data

set-cell type pairs), rfq are squared gene-gene correlations (from scRNA-seq data) across
metacells, and b, is a term that captures expected bias in measured gene-gene r2 due to finite
sample size (analogous to the bias correction procedure described above). We also defined
genome-wide gene co-expression score as above, where G; is the set of all genes genome-wide.
We computed gene-gene correlations using the cor() function on ArchR® gene expression

metacell matrices.

Computing gene co-activity scores. We defined the gene co-activity score of gene i as

Vi = ZkEKi(rﬁc —by), where K; is the set of all peaks centered <1Mb from the TSS of gene i

(average number of cis peaks = 64-102 across data set-cell type pairs), r are squared gene-
peak correlations (from scATAC-seq and scRNA-seq data) across metacells, and b,, is a term
that captures expected bias in measured peak-gene r? due to finite sample size (analogous to
the bias correction procedure described above; we note that the same b,, value is used to compute
peak co-activity scores and gene co-activity scores). We also defined genome-wide gene co-
activity score analogously, letting K; be the set of all peaks genome-wide. We excluded peaks
overlapping any promoter region (defined as <1kb to any gene’s TSS*'?®) from all analyses. We
computed peak-gene correlations across metacells as described above.

Stratified co-expression score regression model. We implemented stratified co-expression

score regression as a method to identify functional gene categories that are enriched for causal
peak-gene associations and assess the gene tagging hypothesis. This regression relies on a

model analogous to the S-CASC model:
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Elyi]l = 1o + 2c(tc xic) +VIKl, [3.4]

where y is the gene co-activity score of gene i, 7, is an intercept term, x; c is the co-expression
score of gene i with respect to gene category C, 7. is the per-peak contribution to causal peak-
gene effect variance for gene category C, and the covariate |K;| is the number of peaks centered
<1Mb from the TSS of gene i. x; . is defined as ZgEGi(ICgrizg — be), where G; is the set of all cis
genes with TSS <1Mb from the TSS of gene i (including gene i itself), I, is the value of gene
category C for gene i (for binary gene categories, 1 if peak k belongs to category C and 0
otherwise), and other terms are defined as above.

Estimating per-gene causal effect sizes and causal effect size enrichment. We defined

and estimated per-gene causal effect size variances, total causal effect size variance in each
gene category, and causal effect size enrichment for each gene category, as described above.
We also computed jackknife standard errors and meta-analyzed enrichments across data set-cell

type pairs, as described above.

Defining gene categories. We implemented S-CESC using 18 functional gene categories,
in addition to a category defined by all genes. These categories spanned 16 categories described
in ref.2% and 2 peak proximity-based categories; all were binary categories.

The 16 functional gene categories from ref.?** are briefly described below; we excluded
the gene category “Olfactory receptors”?*° from our analyses because the Luecken BMMC'* data
set did not include any genes in this category:

e 6 categories reflecting gene essentiality or selection against protein-altering variants

(“High pLI”, “High pHI”, “High Sret”, “Haploinsufficient”, “Missense Z”, “MGI essential”).

e 3 categories reflecting clinical significance or pathogenicity (“OMIM”, “ClinVar”,

“Autosomal dominant”).
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e 2 categories defined by proximity to a large number of SNPs (“Most SNPs within
100kb”) or independent (r < 0.1) SNPs (“Most independent SNPs within 100kb”).

e 2 categories defined by the presence or absence of genetic associations (“GWAS
nearest’, “eQTL-deficient”).

e 1 category defined by genes encoding transcription factors (“TFs”).

e 1 category defined by high predicted connectedness to enhancers (“High Enhancer
Domain Score”).

e 1 category defined by established drug targets (“FDA drug bank”).

The 2 peak proximity-based categories are briefly described below:

e 1 category (“Peak+10kb”) defined by the overlap of a gene’'s TSS with the 10kb
genomic window surrounding any peak. (We note that the “Peak+100kb” category
included most genes and was thus uninformative.)

e 1 category defined as “Closest to peak”. For each peak, we identified the single gene
with TSS closest to the focal peak. We then defined the set of these genes as the
“Closest to peak” category.

Single-cell multiome data sets

We downloaded 4 publicly available sScRNA+ATAC-seq multiome data sets (Xu K562'"°,
Satpathy K562'%°, SHARE-seq LCL"", and Luecken BMMC'%; Table 2.1) that spanned immune
and blood cell types. For the Luecken BMMC'® data set, we analyzed major cell types that
spanned >5,000 cells, yielding 7 data set-cell type pairs.

We obtained publicly available quality controlled gene expression and ATAC peak
matrices for the Luecken BMMC data sets, and processed the Xu K562'"°, Satpathy K562'%°,
SHARE-seq LCL"" data sets using both Seurat (v5.3.0)'*® and ArchR (v1.0.3)%2. We retained all
cells from each data set passing quality control filters on total ATAC and RNA reads, nucleosome

f_90

signal, and TSS enrichment, following ref.” We next identified ‘peaks’ of open chromatin in each
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data set using macs2'® and excluded non-standard chromosomes and blacklist regions. For the
Luecken BMMC data set, which spans multiple cell types, we defined cell types using labels
provided by the authors'®. These steps yielded matrices of gene expression and ATAC peak
counts in individual cells for each data set-cell type pair.

We pre-processed each data set-cell type pair using the ArchR® pipeline. We first
performed iterative LSI-based dimensionality reduction separately on RNA and ATAC peak
matrices using addlterativeLSI() with default parameters. We then combined the RNA and ATAC
LSI-based reductions into a joint dimension reduction using addCombinedDims() with default
parameters. When computing peak-peak and peak-gene correlations (see above), ArchR®
generates metacell-level RNA and ATAC matrices from the joint dimension reduction, by defining
metacells (low-level cell aggregates) using k-nearest neighbors and aggregating RNA and ATAC
peak counts across single cells within each metacell. After computing peak-gene correlations, we
extracted RNA and ATAC metacell matrices from the metadata of the output from peak-gene
linking.

Transcription factor binding site data

ChiIP-seq data. We obtained publicly available ChlP-seq data for 303 transcription factors
(TFs) in K562 cells and 148 TFs in GM12878 cells from the ENCODE portal, using the following
search terms: “TF ChIP-seq” for assay title, “Homo sapiens” for organism, “K562” or “GM12878”
for biosample, “Not perturbed” for perturbation, and “GRCh38” for genome assembly. We further
restricted to assays with biosample summary either “Homo sapiens K562” or “Homo sapiens
GM12878” (removing assays with “genetically modified using CRISPR” in the biosample
summary). For each experiment, we downloaded the “IDR thresholded peaks” file in “bed
narrowPeak” format, which contained quality-controlled ChiP-seq peaks.

Defining TFBS for ATAC peaks. We analyzed transcription factor binding sites (TFBS) in

3 data set-cell type pairs (Xu K562'%12° and Satpathy K562'%° for K562 TFs, SHARE-seq LCL"’

for GM12878 TFs; Table 2.1). For a given TF and data set-cell type pair, we defined a TF binding
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in an ATAC peak as any overlap of the ATAC peak with a ChlP-seq peak for that TF in the
corresponding cell type; we thus generated a binarized TFBS matrix for ATAC peaks in each data
set-cell type pair (in which an entry of 1 for a given ATAC peak-TF pair indicates that >1 ChIP-
seq peaks for the focal TF overlapped the focal ATAC peak, and an entry of O indicates that no
ChiIP-seq peaks for the focal TF overlapped the ATAC peak). We further computed the number
of TFs that bind in each ATAC peak by summing binarized matrix entries across TFs. For a given
peak-peak pair, we also computed the number of TFs that bind both peaks as the dot product
between the binarized TFBS vectors for both peaks.

Defining TFBS for genes. For a given TF and data set-cell type pair, we also defined a TF

binding a gene as any overlap of the gene’s promoter (TSS+1kb) with a ChIP-seq peak for that
TF in the corresponding cell type; we thus generated a binarized TFBS matrix for genes in each
data set-cell type pair. We further computed the number of TFs that bind in each gene’s promoter
by summing binarized matrix entries across TFs. For a given peak-gene pair, we also computed
the number of TFs that bind both the peak and the gene’s promoter as the dot product between
the binarized TFBS vectors for the focal peak and gene.

Defining pioneer TFs. We obtained a list of 43 established pioneer TFs from refs."%"3" We

intersected this set with the set of 303 TFs in our K562 ChlP-seq data and 148 TFs in our
GM12878 ChIP-seq data to define 9 known pioneer TFs in K562 and 8 known pioneer TFs in
GM12878. We define ‘non-pioneer’ TFs as TFs included in our ChiP-seq data but not included in
the set of established pioneer TFs''3": we note that the label ‘non-pioneer’ does not exclude the
possibility that these TFs do exhibit pioneer activity in these or other cell types. We further note
that the distinct sets of pioneer TFs in each cell type are a function of ChiP-seq data availability
and do not necessarily reflect cell type-specific TF abundance or activity.

Fine-mapping peak-gene links

Computing posterior inclusion probabilities. We performed peak-level fine-mapping using

SuSIE™* (v0.14.2) to distinguish causal from tagging peaks. For a focal gene, we ran the function
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susie(), using as input standardized expression of the focal gene (“y” parameter) and standardized
accessibility of candidate peaks (“X” parameter), to generate posterior inclusion probabilities
(PIPs) for each candidate peak.

Fine-mapping approaches. We performed fine-mapping assuming either a single causal

peak (with susie() parameter L = 1) or multiple causal peaks (with susie() parameter L = 10 or the
number of candidate peaks, if there were <10 candidate peaks). We also performed fine-mapping
assuming either flat priors or functionally informed priors, defined by per-peak causal effect size
variances from S-CASC and supplied to the susie() parameter prior_weights (see above;
analogous to ref.'®®). We thus defined 4 peak-gene fine-mapping approaches (single causal peak,
single causal peak informed, multiple causal peak, multiple causal peak informed).

Defining marginal and fine-mapped linking scores. We define “marginal peak-gene linking

score” as squared peak-gene correlation (from ArchR® or Signac’”?'; see below). We define “fine-

mapped peak-gene linking score” as marginal peak-gene linking score multiplied by the fine-
mapped PIP for the focal peak-gene pair. We computed marginal and fine-mapped linking scores
for each candidate peak-gene link in each data set-cell type pair. We define “candidate peak-
gene links” as the set of peak-gene pairs with peak-TSS distance <1Mb (for analyses involving
the CRISPR*~®® evaluation set, we further restricted the set of “candidate peak-gene links” to
7—58).

peak-gene pairs tested by a CRISPR experiment*

Generating marginal and fine-mapped linking scores from Signac. For each data set-cell

type pair (Table 2.1), we generated separate fine-mapped scores for the ArchR® peak-gene

linking method (using metacell-level data pre-processed by ArchR® and standardized across

77,81

metacells) and the Signac peak-gene linking method (using single-cell-level data pre-

processed by the Signac’”®’

pipeline and standardized across single cells). To compute Signac
linking scores, we first generated binarized ATAC matrices (in which an entry of 1 for a given
peak-cell pair indicates that >1 ATAC fragments overlap the peak and an entry of 0 indicates that

no ATAC fragments overlap the peak) and normalized gene expression matrices (by running
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SCTransfrom'®® on the RNA counts matrix). We computed peak-gene correlations by running the
Signac’”®! LinkPeaks() function (with parameters: 1e+06, pvalue_cutoff = 1, score_cutoff = 0;
these values of “pvalue_cutoff’” and “score_cutoff” ensured that all peak-peak correlations €
[—1,1] were returned).

Gene-level fine-mapping. We also performed gene-level fine-mapping using SuSiE"* to

distinguish causal from tagging target genes. For a focal peak, we ran the function susie(), using
as input standardized accessibility of the focal peak (“y” parameter) and standardized expression
of candidate genes (“X” parameter), to generate posterior inclusion probabilities (PIPs) for each
candidate gene. As above, we performed fine-mapping assuming either a single causal target
gene or multiple causal target genes (with susie() parameter L = 1 or 10, respectively). We also
performed fine-mapping assuming either flat priors or functionally informed priors, defined by per-
peak causal effect size variances from stratified co-expression score regression. We defined
“marginal peak-gene linking score” and “fine-mapped peak-gene linking score” as above.
Evaluating fine-mapped peak-gene links

To assess the performance of peak-gene linking methods, we used an enrichment-based
evaluation framework and peak-gene link evaluation sets described in ref.*® We defined 2
evaluation sets of peak-gene links derived from eQTL®%®* and CRISPR*"~*® data (also described
in ref.%). Brief descriptions of the evaluation sets are provided below:

The eQTL evaluation set is comprised of 39,194 fine-mapped eSNP-eGene pairs attaining
a posterior inclusion probability (PIP) > 0.5 in any GTEXx tissue®*®*. Fine-mapping was conducted
by ref.%* (by applying the SuSIiE' fine-mapping method to 49 GTEx tissues®). For each data set-
cell type pair, we defined a peak-gene pair as a “true” link if the focal peak harbored any SNP with
PIP > 0.5 to the focal gene; we classified all other peak-gene pairs as “false” links.

The CRISPR evaluation set (defined by ref.*®) is comprised of 448 enhancer-gene links
experimentally validated by CRISPR interference experiments*’~*’. Validated links are defined as

those marked “TRUE” in the “Regulated” column of the combined CRISPR evaluation data set.

189



For each data set-cell type pair, we defined a peak-gene pair as a “true” CRISPR link if the focal
peak overlapped any enhancer with a validated causal effect on the focal gene; we defined a
peak-gene pair as a “false” CRISPR link if the focal peak overlapped any genomic region
experimentally tested for an effect on the focal gene and found to be non-causal.

We used an enrichment-based metric (also described in ref.?°), average enrichment
across recall values, to assess the ability of each linking method to prioritize (assign higher linking
scores to) “true” links over “false” links (as defined by an evaluation set of peak-gene links).

For a given evaluation set and given method, we ranked candidate peak-gene links by
linking score. At each unique linking score ¢ assigned to any candidate peak-gene link, we

computed enrichment and recall as follows:

| predicted peak-gene links N true peak-gene links | / | true peak-gene links |

Enrichment = [3.5]

| predicted peak-gene links | / | candidate peak-gene links |

| predicted peak-gene links N true peak-gene links |

Recall = [3.6]

| true peak-gene links |

where “predicted peak-gene links” denotes the binarized set of peak-gene links attaining linking
score > ¢, “true peak-gene links” denotes the binarized set of “true” peak-gene links defined by
the evaluation set (intersected with the set of “candidate peak-gene links”), and “candidate peak-
gene links denotes the set of peak-gene pairs with peak-TSS distance <1Mb (as noted above, for

R*-%8 evaluation set, we further restricted the set of “candidate

analyses involving the CRISP
peak-gene links” to peak-gene pairs tested by a CRISPR experiment*’~°%). We restricted the set
of “candidate peak-gene links” to links involving genes with > 1 “true” link. Intuitively, equation 3.4
quantifies the extent of overlap between predicted peak-gene links and evaluation SNP-gene links
relative to the overlap expected by chance.

For a given evaluation set and set of methods, we used equation 3.5 and equation 3.6 to

construct enrichment-recall curves and observed R < 1, the maximum recall achieved by all
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methods (e.g. if ArchR and fine-mapped ArchR attained maximum recall values of R; and R,
respectively, we defined R as the minimum of R; and R,. For each method, we then defined

average enrichment across recall values (or average enrichment, shortened) as follows:

Average enrichment = (X% enrichment; * (1 — recall,)) /ng [3.7]

where np denotes the total number of “true” evaluation links corresponding to recall R and
(recall;, enrichment;) for i € {1...n} denote the values of each point on the enrichment-recall
curve. Multiplying enrichment; by (1 —recall,) upweights enrichments at lower recall values,
prioritizing method performance at high score thresholds. Intuitively, this metric can be interpreted
as a weighted area under the enrichment-recall curve.

We obtained standard errors on average enrichment for each method, as well as standard
errors and p-values on the difference in average enrichment between two methods, by

bootstrapping genes using 1,000 bootstrap iterations (as in ref.%).
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Supplementary Figure 3.1. Relationship between co-accessibility score and co-activity
score. Relationship between co-accessibility score and co-activity score across peaks in the a)
Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken
myeloid, and g) Luecken erythroid data set-cell type pairs, computed using peaks and genes
within the cis window (<1Mb) of each focal peak. ‘Conditional r denotes correlation conditioned
on number of genes <1Mb from the focal peak. Peaks are partitioned equally into 100 bins
(each represented by 1 point) by co-accessibility score.
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Supplementary Figure 3.2. Relationship between co-accessibility score and co-activity
score computed using correlations across single cells (instead of metacells). Relationship
between co-accessibility score and co-activity score across peaks in the a) Xu K562, b)
Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g)
Luecken erythroid data set-cell type pairs, computed using peaks and genes within the cis
window (<1Mb) of each focal peak, with peak-peak and peak-gene correlations computed
across single cells (instead of metacells). ‘Conditional r denotes correlation conditioned on
number of genes <1Mb from the focal peak. Peaks are partitioned equally into 100 bins (each
represented by 1 point) by co-accessibility score.
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CRISPRi-tested enhancer-gene pairs

« 1254 @ Noncausal peak =

() ' ® w

C

(O] i L .' @) [ ) o

3 1.00 X ) ° ‘.

© 0.75-

o

©  0.50 -

>

©

o 0.25 A

-

© 0.00 -

>

S( —0.25‘

©

& —0.50 - ° r=0.38
o :

0.00 0.05 0.10 0.15 0.20 0.25
Peak-peak r with causal peak

Supplementary Figure 3.3. Relationship between non-causal peak-gene correlation and
tagging peak correlation using correlations computed across single cells (instead of
metacells). Relationship between correlation with the CRISPR-validated causal peak and
correlation with the target gene (relative to the causal peak’s correlation with the target gene)
across non-causal peaks tested by CRISPRI, with correlations computed across single cells
(instead of metacells). We analyzed CRISPRI-tested peak-gene pairs, restricting to 28 genes
with both an experimentally validated causal (CRISPR-positive) peak that is identified by Signac
(with peak-gene correlation > 0.05 and p-value < 0.05) and at least one experimentally tested
non-causal (CRISPR-negative) peak overlapping our single-cell data. We restricted this analysis
to the 3 data set-cell type pairs most relevant to K562 cells: Xu K562, Satpathy K562, and
Luecken erythroid. We measured the correlation of each CRISPR-negative peak with both the
CRISPR-positive peak and the focal gene. Correlation with the CRISPR-positive peak was
strongly correlated to correlation with the focal gene.
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Supplementary Figure 3.4. S-CASC causal effect size enrichments. Causal effect size

enrichment of 19 peak categories in stratified co-accessibility score regression in the a) Xu

K562, b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid,
and g) Luecken erythroid data set-cell type pairs. Bars and confidence intervals denote

estimates and standard errors, respectively. Stars denote meta-analyzed p-values for significant

enrichment (green) or depletion (red) (*: p < 0.05, **: p <0.01, ***: p < 0.001).
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Supplementary Figure 3.5. S-CASC causal effect size enrichments computed using
correlations across single cells (instead of metacells). Causal effect size enrichment of 19
peak categories in stratified co-accessibility score regression, implemented using peak-peak
and peak-gene correlations computed across single cells (instead of metacells) and meta-
analyzed across all 7 data set-cell type pairs. Results are qualitatively similar to Figure 3.2c,
except for significant enrichments for the H3K27me3 and H3K9me1 categories (repressive
histone marks) that were not observed at the metacell level. Bars and confidence intervals
denote estimates and standard errors, respectively, meta-analyzed across data set-cell type
pairs. Stars denote meta-analyzed p-values for significant enrichment (green) or depletion (red)
(*: p<0.05, *: p<0.01, ***: p < 0.001).
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Supplementary Figure 3.6. S-CASC causal effect size enrichments without conditioning
on number of nearby genes. Causal effect size enrichment of 19 peak categories in stratified
co-accessibility score regression across peaks, implemented without the covariate for the
number of genes <1Mb from each peak and meta-analyzed across all 7 data set-cell type pairs.
Results are very similar to Figure 3.2c; differences include a small but significant enrichment for
the “Intron” category and a small but significant depletion for the “Repressed” category (both
nonsignificant in Figure 3.2c). Bars and confidence intervals denote estimates and standard
errors, respectively, meta-analyzed across data set-cell type pairs. Stars denote meta-analyzed
p-values for significant enrichment (green) or depletion (red) (*: p < 0.05, **: p < 0.01, ***: p <
0.001).
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Supplementary Figure 3.7. Relationship between genome-wide co-accessibility score and
genome-wide co-activity score. Relationship between genome-wide co-accessibility score
and genome-wide co-activity score across peaks in the a) Xu K562, b) Satpathy K562, c)
SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g) Luecken erythroid
data set-cell type pairs, computed using all peaks and genes genome-wide. Peaks are
partitioned equally into 100 bins (each represented by 1 point) by co-accessibility score.
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Supplementary Figure 3.8. Relationship between genome-wide co-accessibility score and
genome-wide co-activity score computed using correlations across single cells (instead
of metacells). Relationship between genome-wide co-accessibility score and genome-wide co-
activity score (using a subset of 5000 peaks and 5000 genes) across peaks in the a) Xu K562,
b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g)
Luecken erythroid data set-cell type pairs, computed using all peaks and genes genome-wide,
with peak-peak and peak-gene correlations computed across single cells (instead of metacells).
We downsampled to 5000 randomly selected peaks and 5000 randomly selected genes when
computing scores (due to the high computational cost of computing correlations for every peak-
peak, gene-gene, and peak-gene pair genome-wide across single cells). Peaks are partitioned
equally into 100 bins (each represented by 1 point) by genome-wide co-accessibility score.
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Supplementary Figure 3.9. Average peak-peak r* at different peak-peak distances.
Relationship between average peak-peak squared correlation and peak-peak distance across
132,736 peaks in the Xu K562 data set. Peaks are partitioned equally into 100 bins (each
represented by 1 point) by peak-peak distance. Peak-peak r* is moderately higher at shorter
peak-peak distances, possibly implicating cis TF effects (the same copy of a TF binding to
multiple nearby sites).
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Supplementary Figure 3.10. Regression of co-activity score on CRISPR status and co-
accessibility score. Model 1 for linear regressions of co-activity score on CRISPR-positive
status (“CRISPR?”), co-accessibility score, or both, for the a) Xu K562, b) Satpathy K562, and c)
Luecken erythroid data set-cell type pairs. Peaks in more ‘active’ regulatory regions (higher co-
accessibility scores) may be more likely to truly affect gene expression. To assess the role of
biological causality in driving the correlation between co-activity score and co-accessibility
score, we performed a bivariate linear regression of co-activity score on co-accessibility score
and a binary indicator of CRISPR-positive status (1 if a peak has at least one causal target gene
validated by CRISPR, 0 otherwise) across peaks. We also performed univariate regressions of
co-activity score on co-accessibility score and CRISPR-positive status individually. We
restricted this analysis to the 3 data set-cell type pairs most relevant to K562 cells: Xu-K562,
Satpathy-K562, and Luecken-erythroid. Within each data set-cell type pair, we further restricted
to genes with >1 peak validated by CRISPR (CRISPR-positive) and =1 CRISPR-tested non-
causal (CRISPR-negative) peak. Bars and confidence intervals denote estimates and standard
errors, respectively.

201



a Xu K562 b Satpathy K562 C SHARE-seq LCL d Luecken T

0.4 1 0.4 0.4 1
0.3 1
031 . ~ 0.3 ~ 031
- - - ~
3 g 021 3 g
8 0.2 1 <} o 0.2 o 0.2 A
= = = =
0.11 011 0.1 0.1
0.0 - 0.0 - 0.0 - 0.0 -
5 g g s Y o £ v g b= o o
o o o Qo o (e} Qo o (=} Q o []
2 & & 3 & & 3 & & 3 & @
T & £ T & £ T & £ T £ £
¢ = = ¢ =& = &€ 2 = & =& =
w wn w w w w wn wn
wn wn w w 1% n wn (%]
[ [ [} [ (9} [} (0] [J]
o o o o 1> o o v
o o o o o o o o
? o 2 ? 2 2 P ?
o o o o o o (e} o
o L &) o o o o O
+ + + +
o = < < <
- - B -
Q. [=% Qo Q.
[ [ [ (]
o e © ©
ke el el e
© © © ©
[ [ [} [J]
(-4 o o o
Predictors Predictors Predictors Predictors
e Luecken B f Luecken myeloid g Luecken erythroid
0.6 -
L L 0.4 4
o] I}
T T
(s} (=}
= =
0.2 1

0.0 -

L [ [ L [ [ L (9] (9]
-~ —~ — - — — Eod — -
[} o (=} Q. (=} (=} Q (=} (=}
(7] 1o o QU v o Q O o
- [} [} - ) [} o 0 ]
> > > > > >
© © el
e = = & = = ® = =
& =& = & =& = & £ =
" " wn " w wn
" v " [ " (%]
[ [ [ [ [} [V}
v 1o 1 (o3 13 o
1% 1% 1% o o o
o by e D e e
o o (e} o (e} o
O o O o o o
+ + +
L L L
- - .
Q [=% Q
<1J [ [
© © kel
kel © kel
§ § g
4 < <
Predictors Predictors Predictors

Supplementary Figure 3.11. Regression of co-activity score on peak read depth and co-
accessibility score. Model 1 for linear regressions of co-activity score on peak read depth, co-
accessibility score, or both in the a) Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL, d)
Luecken T, e) Luecken B, f) Luecken myeloid, and g) Luecken erythroid data set-cell type pairs.
Peaks with higher read depth may have higher measured correlations with other peaks and
genes, generating higher co-accessibility scores and higher co-activity scores. To assess the
role of read depth in driving the correlation between co-activity score and co-accessibility
scores, we performed a bivariate linear regression of co-activity score on co-accessibility score
and log(read depth) across peaks. We also performed univariate regressions of co-activity score
on co-accessibility score and read depth individually. Bars and confidence intervals denote
estimates and standard errors, respectively. (We note that log-transformed read depth attained
higher r? than raw read depth.)
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Supplementary Figure 3.12. Relationship between co-accessibility score and co-activity
score conditioned on cell subtype. Relationship between co-accessibility score and co-
activity score across peaks in the Luecken T cell data set computed using a) unconditioned
peak-peak and peak-gene correlations and b) peak-peak and peak-gene correlations
conditioned on cell subtype proportions. Cell subtypes may be associated with varying levels of
average peak accessibility and gene expression, driving a correlation between co-accessibility
score and co-activity score. To assess the role of cell subtypes, we analyzed T cells from the
Luecken data set, which span 4 labeled T cell subtypes (activated CD4+, naive CD4+, CD8+,
and naive CD8+; each represented by 1-12k cells). We separately residualized gene expression
and ATAC peak accessibility by cell type proportions in each metacell (via linear regression
across metacells), recomputed peak-peak correlations and peak-gene correlations using
residualized data, and recomputed co-accessibility scores and co-activity scores by summing
these conditional correlations. The correlation between co-activity score and co-accessibility
score was lower after accounting for cell subtypes, suggesting that, while major cell subtypes do
not fully explain the correlation, peak tagging may be related to cell subtype/state. Peaks are
partitioned equally into 100 bins (each represented by 1 point) by co-accessibility score.
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Supplementary Figure 3.13. Relationship between co-accessibility score and co-activity
score with ATAC measurement noise added. Relationship between co-accessibility score
and co-activity score across peaks in the Xu K562 data set computed using a) the original
ATAC peak matrix and b) an ATAC peak matrix with added measurement noise. ATAC peaks
with higher amounts of measurement noise may have lower measured correlations with other
peaks and genes, possibly driving the correlation between co-activity score and co-accessibility
score. Because it is difficult to directly assess the amount of measurement noise in ATAC data,
we introduced additional artificial noise to 50% of ATAC peaks (by randomly setting 20% of
entries equal to 0, retaining the original data for the remaining 50% of peaks), and recomputed
co-accessibility and co-activity scores.
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Supplementary Figure 3.14. Relationship between co-accessibility score and co-activity
score conditioned on number of nearby genes and peaks. Relationship between co-
accessibility score and co-activity score across peaks in the a) Xu K562, b) Satpathy K562, c)
SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g) Luecken erythroid
data set-cell type pairs, computed using peaks and genes within the cis window (<1Mb) of each
focal peak. ‘Conditional r denotes correlation conditioned on both the number of genes <1Mb
from the focal peak and the number of peaks <1Mb from the focal peak (instead of only the
number of genes <1Mb from the focal peak). Peaks are partitioned equally into 100 bins (each
represented by 1 point) by co-accessibility score.
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Supplementary Figure 3.15. Estimates of proportion of gene expression variance
explained by measured cis-peak accessibility from co-accessibility score regression. a)
Estimates of proportion of variance in gene expression explained by measured cis-peak
accessibility, b) regression intercepts, and ¢) average co-activity score from co-accessibility
score regression (performed without stratifying by functional category) in each data set-cell type
pair. We regressed co-activity score on co-accessibility score across peaks (equivalent to
performing stratified co-accessibility score regression with a single peak category defined by all
peaks). We then estimated the proportion of variance explained by measured cis-peak
accessibility as 7/k * M, where t is the slope of the regression, k is the average number of
genes <1Mb from the focal peak (across peaks), and M is the average number of peaks <1Mb
from the focal peak (across peaks). Estimating proportion of gene expression variance
explained by peak accessibility is analogous to estimating heritability using LD score regression
(LDSC)', with 2 changes: we divide by k because co-activity score is the sum of r* across
multiple genes instead of r* with a single trait as in ref.'?’, and we do not divide by N (number of
metacells) because co-activity scores are sums of squared correlations and not y? statistics
(which are equal to squared correlations multiplied by N) as in ref.'?” Importantly, we note that
regression slopes may be overestimated when regression intercept is negative relative to the
average value of co-activity score (leading to inflated estimates of proportion of gene expression
variance explained); indeed, estimates in a) are largest for data set-cell type pairs with the most
negative intercepts. The estimates in a) could be impacted by downward bias due to
measurement noise or bias in either direction due to various forms of model misspecification,
analogous to LDSC/S-LDSC'®32'?" Bars and confidence intervals denote estimates and
standard errors, respectively.
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Supplementary Figure 3.16. Correlations between co-accessibility scores and co-activity
scores across data set-cell type pairs. a) Pearson correlation matrix of co-accessibility scores
computed in 7 data set-cell type pairs across ATAC peaks. b) Pearson correlation matrix of co-
activity scores computed in 7 data set-cell type pairs across ATAC peaks. For each entry in a)
and b) representing two data set-cell type pairs, correlation is computed across peaks called in
both data set-cell type pairs (defined by any overlap between peaks in each data set-cell type
pair). Scores tend to show stronger concordance in more similar cell types. For example: scores
computed in K562 show the strongest concordance with each other, followed by scores
computed in Luecken erythroid (the primary cell type most related to K562), and scores
computed in SHARE-Seq LCL are more concordant with scores computed in Luecken B cells
(the primary cell type from which LCL are derived) vs. other cell types.
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Supplementary Figure 3.17. Relationship between peak-peak co-accessibility, peak-gene
co-activity, and transcription factor binding activity in Satpathy K562 data set. a)
Relationship between number of TFs binding an ATAC peak and co-accessibility score (left).
Per-TF effect for pioneer vs. non-pioneer TFs on co-accessibility score (right). b) Relationship
between number of TFs binding both peaks in a peak-peak pair and squared peak-peak
correlation (left). Per-TF effect for pioneer vs. non-pioneer TFs on squared peak-peak
correlation (right). ¢) Relationship between number of TFs binding an ATAC peak and co-
activity score (left). Per-TF effect for pioneer vs. non-pioneer TFs on co-activity score (right). d)
Relationship between number of TFs binding both the peak and the gene (promoter) in a peak-
gene pair and squared peak-gene correlation (left). Per-TF effect for pioneer vs. non-pioneer
TFs on squared peak-gene correlation (right). Correlations and regression effect sizes are
computed using 123,113 peaks in the Satpathy K562 data set. In left subpanels of a-d, peaks
(or peak-peak / peak-gene pairs) are partitioned equally into 100 bins (each represented by 1
point) by x-axis value. In right subpanels of a-d, confidence intervals denote standard errors.
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Supplementary Figure 3.18. Relationship between peak-peak co-accessibility, peak-gene
co-activity, and transcription factor binding activity in SHARE-seq LCL data set. a)
Relationship between number of TFs binding an ATAC peak and co-accessibility score (left).
Per-TF effect for pioneer vs. non-pioneer TFs on co-accessibility score (right). b) Relationship
between number of TFs binding both peaks in a peak-peak pair and squared peak-peak
correlation (left). Per-TF effect for pioneer vs. non-pioneer TFs on squared peak-peak
correlation (right). ¢) Relationship between number of TFs binding an ATAC peak and co-
activity score (left). Per-TF effect for pioneer vs. non-pioneer TFs on co-activity score (right). d)
Relationship between number of TFs binding both the peak and the gene (promoter) in a peak-
gene pair and squared peak-gene correlation (left). Per-TF effect for pioneer vs. non-pioneer
TFs on squared peak-gene correlation (right). Correlations and regression effect sizes are
computed using 117,332 peaks in the SHARE-seq LCL data set. In left subpanels of a-d, peaks
(or peak-peak / peak-gene pairs) are partitioned equally into 100 bins (each represented by 1
point) by x-axis value. In right subpanels of a-d, confidence intervals denote standard errors.
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Supplementary Figure 3.19. Relationship between peak-peak co-accessibility, peak-gene
co-activity, and transcription factor binding activity in Xu K562 data set. a) Relationship
between number of TFs binding an ATAC peak and co-accessibility score (left). Per-TF effect
for pioneer vs. non-pioneer TFs on co-accessibility score (right). b) Relationship between
number of TFs binding both peaks in a peak-peak pair and squared peak-peak correlation (left).
Per-TF effect for pioneer vs. non-pioneer TFs on squared peak-peak correlation (right). c)
Relationship between number of TFs binding an ATAC peak and co-activity score (left). Per-TF
effect for pioneer vs. non-pioneer TFs on co-activity score (right). d) Relationship between
number of TFs binding both the peak and the gene (promoter) in a peak-gene pair and squared
peak-gene correlation (left). Per-TF effect for pioneer vs. non-pioneer TFs on squared peak-
gene correlation (right). Correlations and regression effect sizes are computed using 132,736
peaks in the Xu K562 data set. In left subpanels of a-d, peaks (or peak-peak / peak-gene pairs)
are partitioned equally into 100 bins (each represented by 1 point) by x-axis value. In right
subpanels of a-d, confidence intervals denote standard errors.
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Supplementary Figure 3.20. Relationship between peak-peak co-accessibility, peak-gene
co-activity, and transcription factor binding activity using correlations across single cells
(instead of metacells). a) Relationship between number of TFs binding an ATAC peak and co-
accessibility score (left). Per-TF effect for pioneer vs. non-pioneer TFs on co-accessibility score
(right). b) Relationship between number of TFs binding both peaks in a peak-peak pair and
squared peak-peak correlation (left). Per-TF effect for pioneer vs. non-pioneer TFs on squared
peak-peak correlation (rit). ¢) Relationship between number of TFs binding an ATAC peak and
co-activity score (left). Per-TF effect for pioneer vs. non-pioneer TFs on co-activity score (right).
d) Relationship between number of TFs binding both the peak and the gene (promoter) in a
peak-gene pair and squared peak-gene correlation (left). Per-TF effect for pioneer vs. non-
pioneer TFs on squared peak-gene correlation (right). All peak-peak and peak-gene correlations
are computed across single cells (instead of metacells). Analyses comparing per-TF effect size
for pioneer vs. non-pioneer TFs (right subpanels of a-d) did not yield statistically significant
differences (each p-value > 0.05). In left subpanels of a-d, correlations are computed across
132,736 peaks in the Xu K562 data set, and peaks (or peak-peak / peak-gene pairs) are
partitioned equally into 100 bins (each represented by 1 point) by x-axis value. In right
subpanels of a-d, regression effect sizes are meta-analyzed across 3 data set-cell type pairs
(Xu K562, Satpathy-K562, and SHARE-seq-LCL), and confidence intervals denote standard
errors.
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Supplementary Figure 3.21. Relationship between genome-wide peak-peak co-
accessibility, genome-wide peak-gene co-activity, and transcription factor binding
activity. a) Relationship between number of TFs binding an ATAC peak and genome-wide co-
accessibility score (left). Per-TF effect for pioneer vs. non-pioneer TFs on genome-wide co-
accessibility score (p-value for difference = 0.0002) (right). b) Relationship between number of
TFs binding both peaks in a peak-peak pair and squared peak-peak correlation, across all peak-
peak pairs (not restricted by peak-peak distance) from a random subset of 5,000 ATAC peaks
(left). Per-TF effect for pioneer vs. non-pioneer TFs on squared peak-peak correlation, across
all peak-peak pairs (not restricted by peak-peak distance) from a random subset of 5,000 ATAC
peaks (p-value for difference = 0.0003) (right). ¢) Relationship between number of TFs binding
an ATAC peak and genome-wide co-activity score (left). Per-TF effect for pioneer vs. non-
pioneer TFs on genome-wide co-activity score (p-value for difference = 0.024) (right). d)
Relationship between number of TFs binding both the peak and the gene (promoter) in a peak-
gene pair and squared peak-gene correlation, across all peak-gene pairs (not restricted by
peak-gene distance) from a random subset of 5,000 ATAC peaks and 5,000 genes (left). Per-TF
effect for pioneer vs. non-pioneer TFs on squared peak-gene correlation, across all peak-gene
pairs (not restricted by peak-gene distance) from a random subset of 5,000 ATAC peaks and
5,000 genes (p-value for difference = 0.070) (right). In left subpanels of a-d, correlations are
computed across 132,736 peaks in the Xu K562 data set, and peaks (or peak-peak / peak-gene
pairs) are partitioned equally into 100 bins (each represented by 1 point) by x-axis value. In right
subpanels of a-d, regression effect sizes are meta-analyzed across 3 data set-cell type pairs
(Xu K562, Satpathy-K562, and SHARE-seq-LCL), and confidence intervals denote standard
errors.
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Supplementary Figure 3.22. Pioneer vs. non-pioneer TF effects after conditioning on TF
expression and binding. Per-TF effect for pioneer vs. non-pioneer TFs on co-accessibility
score in the Xu K562 data set after conditioning on overall TF expression and binding (p-value
for difference = 0.034). We partitioned TFs equally into 10 bins by total expression (defined as
expression of the focal TF in Xu K562 RNA-seq data) and 10 bins by total binding (defined as
number of peaks in the Xu K562 data bound by the focal TF). We performed a linear regression
of co-accessibility score on: 1 predictor for the number of pioneer TFs binding in a peak, 1
predictor for the number of non-pioneer TFs binding in a peak, 10 predictors for the number of
TFs in each expression bin binding in a peak, and 10 predictors for the number of TFs in each
binding bin binding in a peak. Plotted are the effect sizes for pioneer and non-pioneer TFs
(conditioned on TF expression and binding information). Confidence intervals denote standard
errors.
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Supplementary Figure 3.23. Pioneer vs. non-pioneer TF effects using Perturb-multiome
data to define pioneer TFs. Per-TF effect for pioneer vs. non-pioneer TFs on a) co-
accessibility score (p-value for difference = 4e-12), b) squared peak-peak correlation (p-value
for difference = 8e-7), ¢) co-activity score (p-value for difference = 0.067), d) squared peak-
gene correlation (p-value for difference = 0.61). We used Perturb-multiome data from ref.’*? to
define pioneer TFs as TFs whose perturbation is associated with a significant change in peak
accessibility or gene expression in scRNA+ATAC-seq multiome data and repeated each
bivariate regression comparing pioneer vs. non-pioneer TF effects (right panels of Figure 3.3a-
d). Confidence intervals denote standard errors. Regression effect sizes are meta-analyzed
across 2 data set-cell type pairs most similar to the HSPCs assayed in ref.*? (Xu K562 and
Satpathy K562). Bars and confidence intervals denote estimates and standard errors,
respectively.
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Supplementary Figure 3.24. Relationship between co-accessibility score and
transcription factor binding activity as assessed by transcription factor motifs. a)
Relationship between number of TF clusters with DNA sequence motifs in an ATAC peak and
co-accessibility score across peaks in the a) Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL,
d) Luecken T, e) Luecken B, f) Luecken myeloid, and g) Luecken erythroid data set-cell type
pairs. Peaks are partitioned equally into 100 bins (each represented by 1 point) by x-axis value.
We obtained genomic coordinates for TF binding motifs (sites with predicted TF binding activity
based on DNA sequence) from ref."® which grouped 2,179 TFs into 286 TF clusters with highly
similar binding motifs. For a given TF cluster and data set-cell type pair, we computed the
number of TF clusters with motifs in each ATAC peak (analogous to ChlP-seq analyses, using
sequence motifs instead of ChlP-seq peaks to define genomic regions of TF activity).
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Supplementary Figure 3.25. Relationship between squared peak-peak correlation and
transcription factor binding activity as assessed by transcription factor motifs. a)
Relationship between number of TF clusters with DNA sequence motifs in both ATAC peaks in
a peak-peak pair and peak-peak r*, across peak-peak pairs in the a) Xu K562, b) Satpathy
K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g) Luecken
erythroid data set-cell type pairs. Peak-peak pairs are partitioned equally into 100 bins (each
represented by 1 point) by x-axis value. We obtained genomic coordinates for TF binding motifs
(sites with predicted TF binding activity based on DNA sequence) from ref.'®3, which grouped
2,179 TFs into 286 TF clusters with highly similar binding motifs. For a given TF cluster and
data set-cell type pair, we computed the number of TF clusters with motifs in each ATAC peak.
For each peak-peak pair with peak-peak distance <1Mb, we then computed the number of TF
clusters with motifs in both peaks (analogous to ChlP-seq analyses, using sequence motifs
instead of ChlP-seq peaks to define genomic regions of TF activity).
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Supplementary Figure 3.26. Relationship between co-activity score and transcription
factor binding activity as assessed by transcription factor motifs. a) Relationship between
number of TF clusters with DNA sequence motifs in an ATAC peak and co-activity score across
peaks in the a) Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f)
Luecken myeloid, and g) Luecken erythroid data set-cell type pairs. Peaks are partitioned
equally into 100 bins (each represented by 1 point) by x-axis value. We obtained genomic
coordinates for TF binding motifs (sites with predicted TF binding activity based on DNA
sequence) from ref.", which grouped 2,179 TFs into 286 TF clusters with highly similar binding
motifs. For a given TF cluster and data set-cell type pair, we computed the number of TF
clusters with motifs in each ATAC peak and each gene’s promoter (analogous to ChlP-seq
analyses, using sequence motifs instead of ChlP-seq peaks to define genomic regions of TF
activity).
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Supplementary Figure 3.27. Relationship between squared peak-gene correlation and
transcription factor binding activity as assessed by transcription factor motifs. a)
Relationship between number of TF clusters with DNA sequence motifs in both the ATAC peak
and the gene’s promoter for a peak-gene pair and peak-gene r?, across peak-gene pairs in the
a) Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken
myeloid, and g) Luecken erythroid data set-cell type pairs. Peak-gene pairs are partitioned
equally into 100 bins (each represented by 1 point) by x-axis value. We obtained genomic
coordinates for TF binding motifs (sites with predicted TF binding activity based on DNA
sequence) from ref."®, which grouped 2,179 TFs into 286 TF clusters with highly similar binding
motifs. For a given TF cluster and data set-cell type pair, we computed the number of TF
clusters with motifs in each ATAC peak and each gene’s promoter. For each peak-gene pair
with peak-gene distance <1Mb, we then computed the number of TF clusters with motifs in both
the peak and gene’s promoter (analogous to ChlP-seq analyses, using sequence motifs instead
of ChlP-seq peaks to define genomic regions of TF activity).
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Supplementary Figure 3.28. Pioneer vs. non-pioneer TF effects using transcription factor
binding activity as assessed by transcription factor motifs. Per-TF effect for pioneer vs.
non-pioneer TF motifs on a) co-accessibility score (p-value for difference = 4e-12), b) squared
peak-peak correlation (p-value for difference = 8e-7), ¢) co-activity score (p-value for difference
= 0.067), d) squared peak-gene correlation (p-value for difference = 0.61). We obtained
genomic coordinates for TF binding motifs (sites with predicted TF binding activity based on
DNA sequence) from ref.'®, which grouped 2,179 TFs into 286 TF clusters with highly similar
binding motifs. For a given TF cluster and data set-cell type pair, we computed the number of
TF clusters with motifs in each ATAC peak and each gene’s promoter. For each peak-gene pair
with peak-gene distance <1Mb, we then computed the number of TF clusters with motifs in both
the peak and gene’s promoter (analogous to ChlP-seq analyses, using sequence motifs instead
of ChIP-seq peaks to define genomic regions of TF activity). We defined pioneer TF motif
clusters as clusters containing a TF from our main set of pioneer TFs (obtained from refs.
Confidence intervals denote standard errors.
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Supplementary Figure 3.29. Relationship between gene co-expression score and gene
co-activity score. Relationship between gene co-expression score and gene co-activity score
across genes in the a) Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e)
Luecken B, f) Luecken myeloid, and g) Luecken erythroid data set-cell type pairs, computed
using peaks and genes within the cis window (<1Mb) of each focal gene. ‘Conditional r denotes
correlation conditioned on number of peaks <1Mb from the focal gene. Genes are partitioned
equally into 100 bins (each represented by 1 point) by co-expression score.
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Supplementary Figure 3.30. Relationship between gene co-expression score and gene
co-activity score using correlations computed across single cells (instead of metacells).
Relationship between gene co-expression score and gene co-activity score across genes in the
a) Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken
myeloid, and g) Luecken erythroid data set-cell type pairs, computed using peaks and genes
within the cis window (<1Mb) of each focal gene, with peak-peak and peak-gene correlations
computed across single cells (instead of metacells). ‘Conditional r denotes correlation
conditioned on number of peaks <1Mb from the focal gene. Genes are partitioned equally into
100 bins (each represented by 1 point) by co-expression score.
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Supplementary Figure 3.31. Relationship between non-causal peak-gene correlation and
tagging gene correlation using correlations computed across single cells (instead of
metacells). Relationship between correlation with the CRISPR-validated causal target gene (x-
axis) and correlation with the causal peak (relative to the causal target gene’s correlation with
the causal peak) (y-axis) across non-causal target genes tested by CRISPRI, with correlations
computed across single cells (instead of metacells). We analyzed CRISPRI-tested peak-gene
pairs, restricting to 86 peaks with both an experimentally validated causal (CRISPR-positive)
target gene that is identified by Signac (with peak-gene correlation > 0.05 and p-value < 0.05)
and at least one experimentally tested non-causal (CRISPR-negative) gene overlapping our
single-cell data. We restricted this analysis to the 3 data set-cell type pairs most relevant to
K562 cells: Xu K562, Satpathy K562, and Luecken erythroid. We measured the correlation of
each CRISPR-negative gene with both the CRISPR-positive gene and the focal peak.
Correlation with the CRISPR-positive gene was strongly correlated to correlation with the focal
peak.
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Supplementary Figure 3.32. S-CESC causal effect size enrichments. Causal effect size
Luecken erythroid data set-cell type pairs. Bars and confidence intervals denote estimates and

standard errors, respectively. Stars denote meta-analyzed p-values for significant enrichment

b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g)
(green) or depletion (red) (*: p < 0.05, **: p < 0.01, ***: p < 0.001).
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Supplementary Figure 3.33. S-CESC causal effect size enrichments computed using
correlations across single cells (instead of metacells). Causal effect size enrichment of 18
gene categories in stratified co-expression score regression, implemented using gene-gene and
peak-gene correlations computed across single cells (instead of metacells) and meta-analyzed
across all 7 data set-cell type pairs. Bars and confidence intervals denote estimates and
standard errors, respectively, meta-analyzed across data set-cell type pairs. Stars denote meta-
analyzed p-values for significant enrichment (green) or depletion (red) (*: p < 0.05, **: p < 0.01,
***: p <0.001).
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Supplementary Figure 3.34. S-CESC causal effect size enrichments without conditioning
on number of nearby peaks. Causal effect size enrichment of 18 peak categories in stratified
CO-expression score regression across genes, implemented without the covariate for the
number of peaks <1Mb from each gene and meta-analyzed across all 7 data set-cell type pairs.
Results are generally similar to Figure 3.4c. Bars and confidence intervals denote estimates
and standard errors, respectively, meta-analyzed across data set-cell type pairs. Stars denote
meta-analyzed p-values for significant enrichment (green) or depletion (red) (*: p < 0.05, **: p <
0.01, ***: p < 0.001).
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Supplementary Figure 3.35. Relationship between genome-wide gene co-expression
score and genome-wide gene co-activity score. Relationship between genome-wide gene
co-expression score and genome-wide gene co-activity score across peaks in the a) Xu K562,
b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g)
Luecken erythroid data set-cell type pairs, computed using peaks and genes within the cis
window (<1Mb) of each focal gene. ‘Conditional r denotes correlation conditioned on number of
peaks <1Mb from the focal gene. Genes are partitioned equally into 100 bins (each represented
by 1 point) by co-expression score.

226



Xu K562 b Satpathy K562 SHARE-seq LCL
Q [ [
S ® Bin (100 bins, 38 genes per bin) S @ Bin (90 bins, 44 genes per bin) & 0.209 @ Bin (100 bins, 46 genes per bin)
% 1.50 %10 ol @ o
) ®lz" )
£ 5l £ o S 015
g PY gos - ° g
S 1.00 4 . 306_ = S 0.10 4 ®
1) Q- ‘. ® ]
c c [
© 0.75 '. @ @ @
& 94 4 o 0.05
e o e 0.4 = (o) e [
1 3 021 : 0.00 fov
£ 0.25 g £
2 S 2 . 2 Lo
Goooqbr= 0.85 across individual genes g 0.01® r=0.40 across individual genes & -0.05{@ = 0.22 across individual genes
0 5 10 15 0 5 10 15 1.0 1.5 2.0 2.5 3.0
d Genome-wide gene co-expression score e Genome-wide gene co-expression score f Genome-wide gene co-expression score
Luecken T Luecken B Luecken myeloid
© 0.7 @ 1.2 <
S @ Bin (100 bins, 48 genes per bin) S ® Bin (100 bins, 48 genes per bin) S @ Bin (100 bins, 48 genes per bin)
.06 ®|> 107 o 207 o
2 0.5 H 2
5 0.5 F=] =1
5 % 0.8 3 1.5
8 0.4 ° 8 8
2 g 06 g
@) J
2 0.3 g sl ® g 1.0
3 02 o ® 3 ¢] B o ®
=" & = d Z 0.5 .
@ o 0.2 1 [ 8
€ 0.1 € €
2 e 2 2 o 2
8001 = 0.63 across individual genes 8 0.0 1 = 0.60 across individual genes 800+ .81 across individual genes
5 10 15 20 2 4 6 8 25 5.0 7.5 10.0 12.5
g Genome-wide gene co-expression score Genome-wide gene co-expression score Genome-wide gene co-expression score
Luecken erythroid
@
S 84 @ Bin (100 bins, 48 genes per bin)
&
> o
=
561
?
o
o
24 o
& o®
[
kel (€]
=24 ®
@
£
2
8 0 =0.90 across individual genes
0 5 10 15 20 25

Genome-wide gene co-expression score

Supplementary Figure 3.36. Relationship between genome-wide gene co-expression
score and genome-wide gene co-activity score computed using correlations across
single cells (instead of metacells). Relationship between genome-wide gene co-expression
score and genome-wide gene co-activity score (using a subset of 5000 peaks and 5000 genes)
across peaks in the a) Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e)
Luecken B, f) Luecken myeloid, and g) Luecken erythroid data set-cell type pairs, computed
across single cells (instead of metacells) using all peaks and genes genome-wide. We
downsampled to 5000 randomly selected peaks and 5000 randomly selected genes when
computing scores (due to the high computational cost of computing correlations for every peak-
peak, gene-gene, and peak-gene pair genome-wide across single cells). Genes are partitioned
equally into 100 bins (each represented by 1 point) by co-expression score.
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Supplementary Figure 3.37. Average squared gene-gene correlation for off-chromosome
pairs of genes linked to co-accessible peaks vs. all genes. We identified 2,108 proximal
peak-gene links in the Xu K562 data set (defining “proximal” as peak-gene distance <100kb and
“links” as ArchR linking score (r*) > 0.2025, corresponding to ArchR threshold r > 0.45). From
these peak-gene links, we identified 644,981 highly co-accessible pairs of off-chromosome
linked peaks (involving a peak from chromosome 1 and a peak from a different chromosome,
defining “highly co-accessible” as peak-peak r* > 0.2025). We then identified 124,714 pairs of
genes linked to peaks forming an off-chromosome co-accessible peak-peak pair (such that each
gene-gene pair also has a gene on chromosome 1 and a gene on a different chromosome). We
then computed the average gene-gene r? across these gene-gene pairs (right) vs. all gene-gene
pairs formed from the set of genes involved in a proximal peak-gene link (left). Average gene-
gene r? for pairs of genes linked to highly co-accessible pairs of peaks was substantially higher
(r? = 0.28) than for all gene-gene pairs (r? = 0.047; p-value for difference = 4e-15). Confidence
intervals denote standard errors.
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Supplementary Figure 3.38. Regression of gene co-activity score on CRISPR status and
gene co-expression score. Model r for linear regressions of gene co-activity score on
CRISPR-positive status (“CRISPR”), gene co-expression score, or both, for the a) Xu K562, b)
Satpathy K562, and ¢) Luecken erythroid data set-cell type pairs. Genes in more “active”
regulatory regions (higher gene co-expression scores) may be more likely to be true causal
target genes. To assess the role of biological causality in driving the correlation between gene
co-activity score and gene co-expression score, we performed a bivariate linear regression of
gene co-activity score on gene co-expression score and a binary indicator of CRISPR-positive
status (1 if a gene has at least one causal peak validated by CRISPR, 0 otherwise) across
genes. We also performed univariate regressions of gene co-activity score on gene co-
expression score and CRISPR-positive status individually. We restricted this analysis to the 3
data set-cell type pairs most relevant to K562 cells: Xu-K562, Satpathy-K562, and Luecken-
erythroid. Within each data set-cell type pair, we further restricted to peaks with >1 causal
target gene validated by CRISPR (CRISPR-positive) and >1 CRISPR-tested non-target
(CRISPR-negative) gene. Confidence intervals denote standard errors.
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Supplementary Figure 3.39. Regression of gene co-activity score on gene read depth and
gene co-expression score. Model r for linear regressions of gene co-activity score on gene
read depth, gene co-expression score, or both in the a) Xu K562, b) Satpathy K562, ¢) SHARE-
seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g) Luecken erythroid data set-
cell type pairs. Genes with higher read depth may have higher measured correlations with other
peaks and genes, generating higher gene co-expression scores and gene co-activity scores. To
assess the role of gene read depth in driving the correlation between gene co-activity score and
gene co-expression scores, we performed a bivariate linear regression of gene co-activity score
on gene co-expression score and log(read depth) across genes. We also performed univariate
regressions of gene co-activity score on gene co-expression scores and read depth individually.
Confidence intervals denote standard errors. (We note that log-transformed read depth attained
higher r? than raw read depth.)
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Supplementary Figure 3.40. Relationship between gene co-expression score and gene
co-activity score conditioned on cell subtype. Relationship between gene co-expression
score and gene co-activity score across peaks in the Luecken T cell data set computed using a)
unconditioned peak-peak and peak-gene correlations and b) gene-gene and peak-gene
correlations conditioned on cell subtype proportions. Cell subtypes may be associated with
varying levels of average peak accessibility and gene expression, driving a correlation between
gene co-expression score and gene co-activity score. To assess the role of cell subtypes, we
analyzed T cells from the Luecken BMMC data set, which span 4 labeled T cell subtypes
(activated CD4+, naive CD4+, CD8+, and naive CD8+; each represented by 1-12k cells). We
separately residualized gene expression and ATAC peak accessibility by cell type proportions in
each metacell (via linear regression across metacells), recomputed gene-gene correlations and
peak-gene correlations using residualized data, and recomputed gene co-expression scores
and gene co-activity scores by summing these conditional correlations. The correlation between
gene co-activity score and gene co-expression score did not decrease after accounting for cell
subtypes, suggesting that major cell subtypes do not fully explain the correlation. Genes are
partitioned equally into 100 bins (each represented by 1 point) by gene co-expression score.
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Supplementary Figure 3.41. Relationship between gene co-expression score and gene
co-activity score with RNA measurement noise added. Relationship between gene co-
expression score and gene co-activity score across peaks in the Xu K562 data set computed
using a) the original RNA matrix and b) an RNA matrix with added measurement noise. Genes
with higher amounts of measurement noise may have lower measured correlations with other
peaks and genes, possibly driving the correlation between gene co-activity score and gene co-
expression score. Because it is difficult to directly assess the amount of measurement noise in
gene expression data, we introduced additional artificial noise to 50% of genes (by randomly
setting 20% of entries equal to 0, retaining the original data for the remaining 50% of genes),
and recomputed gene co-expression and gene co-activity scores.
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Supplementary Figure 3.42. Relationship between gene co-expression score and gene
co-activity score conditioned on number of nearby peaks and genes. Relationship between
gene co-expression score and gene co-activity score across genes in the a) Xu K562, b)
Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g)
Luecken erythroid data set-cell type pairs, computed using peaks and genes within the cis
window (<1Mb) of each focal gene. ‘Conditional r denotes correlation conditioned on both the
number of peaks <1Mb from the focal gene and the number of genes <1Mb from the focal gene
(instead of only the number of peaks <1Mb from the focal gene). Genes are partitioned equally
into 100 bins (each represented by 1 point) by gene co-expression score.
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Supplementary Figure 3.43. Evaluation of ArchR vs. fine-mapped ArchR scores on
CRISPR data. Average enrichment across recall values of links predicted by ArchR vs. fine-
mapped ArchR scores for 448 links validated by CRISPR in the a) Xu K562, b) Satpathy K562,
c) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g) Luecken erythroid
data set-cell type pairs. Bars and confidence intervals denote estimates and standard errors,
respectively. Green asterisks denote significant underperformance of the focal method vs. the
top-performing method (denoted with a black outline) (*: p < 0.05, **: p < 0.01, ***: p < 0.001).
Grey horizontal dashed lines mark 1.0x enrichment. SCP, single causal peak fine-mapping;
SCP + Functional, single causal peak functionally informed fine-mapping; MCP, multiple causal
peak fine-mapping; MCP + Functional, multiple causal peak functionally informed fine-mapping.
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Supplementary Figure 3.44. Evaluation of Signac vs. fine-mapped Signac scores on
CRISPR data. Average enrichment across recall values of links predicted by Signac vs. fine-
mapped Signac scores for 448 links validated by CRISPR in the a) Xu K562, b) Satpathy K562,
c) SHARE-seq LCL, d) Luecken T, e) Luecken B, f) Luecken myeloid, and g) Luecken erythroid
data set-cell type pairs. Bars and confidence intervals denote estimates and standard errors,
respectively. Green asterisks denote significant underperformance of the focal method vs. the
top-performing method (denoted with a black outline) (*: p < 0.05, **: p < 0.01, ***: p < 0.001).
Grey horizontal dashed lines mark 1.0x enrichment. SCP, single causal peak fine-mapping;
SCP + Functional, single causal peak functionally informed fine-mapping; MCP, multiple causal
peak fine-mapping; MCP + Functional, multiple causal peak functionally informed fine-mapping.
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Supplementary Figure 3.45. Evaluation of ArchR vs. fine-mapped ArchR scores on eQTL
data. Average enrichment across recall values of links predicted by ArchR vs. fine-mapped
ArchR scores for 39,194 fine-mapped eSNP—-eGene pairs attaining maximum PIP > 0.5 across
GTEXx tissues in the a) Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e)
Luecken B, f) Luecken myeloid, and g) Luecken erythroid data set-cell type pairs. Bars and
confidence intervals denote estimates and standard errors, respectively. Green asterisks denote
significant underperformance of the focal method vs. the top-performing method (denoted with a
black outline) (*: p < 0.05, **: p < 0.01, ***: p < 0.001). Grey horizontal dashed lines mark 1.0x
enrichment. SCP, single causal peak fine-mapping; SCP + Functional, single causal peak
functionally informed fine-mapping; MCP, multiple causal peak fine-mapping; MCP + Functional,
multiple causal peak functionally informed fine-mapping.

236



a xuks62 b Satpathy K562 @  SHARE-seq LCL ¢} Luecken T
X,
Py 254 % 1.4 1 2.0 1 x x
kksk
-~ - - 12_ -
= < c 101 e
S ] i o ©
£ £ 15 € 0.81 g
(0] (0] () (V] 10_
& S 1.0- % 0.6 - &
© Cl © ©
(] (V] () i (0]
z 2,5 z 04 205
' 0.2 -
0.0 - 0.0 - 0.0 -
EHELE EHELE EHELE EGEBE
& S = o &Y o = o &S o = o 5 Y 6 = o
— -~ — — - - - -~ - | o —
© (9] (@) [(+] Q (&) o (9] (&} © Q Q
= 5 5 = 5 5 = 5 5 = 5 5
w [ w [ w [ w [
+ + + + + + + +
o o [+ o [« [« 9 o [« 9
Q O Q (&) Q O Q (@]
0 s 0 s ) s 0] s
Method Method Method Method
e Lueckens f Luecken myeloid §  Luecken erythroid
1.4 1759 ok g s 1.4 1 sk Kk
i 1.2 1
é 1.2 é é
£ 1.0 £ 1.251 E 101
O L o
S g S 1.00 S qgd
£08 s £ 08
U o 9 0.75 2 06 -
8 0.6 g g 0.6
9544 9 0.50 - 9 0.4
z 04 z z
0.2 0.25 0.2 -
0.0 - 0.00 - 0.0 -
ECED® EGED T E 5 ESE
s S8 = o s S8 = o S S8 = o
© © o © © o © © ©
2 £ ¢ 2 £ £ s £ ¢
i c i i s i
+ + + + + +
o o [« o o o
Q (8) Q (&) Q (@]
n = 2] = 2] =
Method Method Method

Supplementary Figure 3.46. Evaluation of Signac vs. fine-mapped Signac scores on eQTL
data. Average enrichment across recall values of links predicted by Signac vs. fine-mapped
Signac scores for 39,194 fine-mapped eSNP—-eGene pairs attaining maximum PIP > 0.5 across
GTEXx tissues in the a) Xu K562, b) Satpathy K562, ¢) SHARE-seq LCL, d) Luecken T, e)
Luecken B, f) Luecken myeloid, and g) Luecken erythroid data set-cell type pairs. Bars and
confidence intervals denote estimates and standard errors, respectively. Green asterisks denote
significant underperformance of the focal method vs. the top-performing method (denoted with a
black outline) (*: p < 0.05, **: p < 0.01, ***: p < 0.001). Grey horizontal dashed lines mark 1.0x
enrichment. SCP, single causal peak fine-mapping; SCP + Functional, single causal peak
functionally informed fine-mapping; MCP, multiple causal peak fine-mapping; MCP + Functional,
multiple causal peak functionally informed fine-mapping.
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Supplementary Figure 3.47. Evaluations of gene-level fine-mapping on CRISPR and eQTL
data. a) Average enrichment across recall values of links predicted by ArchR vs. gene-level
fine-mapped ArchR scores for 448 links validated by CRISPR. b) Average enrichment across
recall values of links predicted by Signac vs. gene-level fine-mapped Signac scores for 448 links
validated by CRISPR. ¢) Average enrichment across recall values of links predicted by ArchR
vs. gene-level fine-mapped ArchR scores for 39,194 fine-mapped eSNP-eGene pairs attaining
maximum PIP > 0.5 across GTEXx tissues. d) Average enrichment across recall values of links
predicted by Signac vs. gene-level fine-mapped Signac scores for 39,194 fine-mapped eSNP—-
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eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues. Details about gene-level fine-
mapping are provided in the Methods section. Bars and confidence intervals denote estimates
and standard errors, respectively, meta-analyzed across data set-cell type pairs. Green
asterisks denote significant underperformance of the focal method vs. the top-performing
method (denoted with a black outline) (*: p < 0.05, **: p < 0.01, ***: p < 0.001). Grey horizontal
dashed lines mark 1.0x enrichment. SCG, single causal gene fine-mapping; SCG + Functional,
single causal gene functionally informed fine-mapping; MCG, multiple causal gene fine-
mapping; MCG + Functional, multiple causal gene functionally informed fine-mapping.
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Supplementary Figure 3.48. Evaluations of multiple causal peak fine-mapping using
peak-peak correlations computed across single cells vs. metacells. a) Average enrichment
across recall values of links predicted by multiple causal peak fine-mapped ArchR scores using
for 448 links validated by CRISPR. b) Average enrichment across recall values of links
predicted by multiple causal peak fine-mapped Signac scores for 448 links validated by
CRISPR. c) Average enrichment across recall values of links predicted by multiple causal peak
fine-mapped ArchR scores for 39,194 fine-mapped eSNP-eGene pairs attaining maximum PIP
> 0.5 across GTEXx tissues. d) Average enrichment across recall values of links predicted by
multiple causal peak fine-mapped Signac scores for 39,194 fine-mapped eSNP—-eGene pairs
attaining maximum PIP > 0.5 across GTEXx tissues. In primary analyses, SuSIiE used peak-peak
correlations computed within the susie() function across metacells (for ArchR) or single cells (for
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Signac) to perform multiple causal peak fine-mapping. We also assessed fine-mapping using
alternatively computed peak-peak correlations (across single cells for ArchR and across
metacells for Signac), which we implemented by supplying a peak correlation matrix (across
single cells or metacells) to the “R” argument of the susie_rss() function. Fine-mapped scores
using alternative peak-peak correlations are noted in parentheses on the x-axis (e.g. “metacell
R” or “single-cell R”). Fine-mapping using alternative peak-peak correlations did not outperform
fine-mapping using peak-peak correlations from the focal peak-gene linking method. Bars and
confidence intervals denote estimates and standard errors, respectively, meta-analyzed across
data set-cell type pairs. Green asterisks denote significant underperformance of the focal
method vs. the top-performing method (denoted with a black outline) (*: p < 0.05, **: p < 0.01,
***:p < 0.001). Grey horizontal dashed lines mark 1.0x enrichment. MCP, multiple causal peak
fine-mapping; MCP + Functional, multiple causal peak functionally informed fine-mapping.
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Supplementary Figure 3.49. Evaluations of fine-mapping restricting to peak-gene pairs
with strong marginal correlations. a) Average enrichment across recall values of links
predicted by ArchR vs. fine-mapped ArchR scores for 448 links validated by CRISPR. b)
Average enrichment across recall values of links predicted by Signac vs. fine-mapped Signac
scores for 448 links validated by CRISPR. ¢) Average enrichment across recall values of links
predicted by ArchR vs. fine-mapped ArchR scores for 39,194 fine-mapped eSNP—eGene pairs
attaining maximum PIP > 0.5 across GTEXx tissues. d) Average enrichment across recall values
of links predicted by Signac vs. fine-mapped Signac scores for 39,194 fine-mapped eSNP-
eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues. For all fine-mapping methods
labeled “(|r] > X)”, we restricted the fine-mapping algorithm to candidate peak-gene pairs with

242



marginal peak-gene |r] > X (with X = 0.1 (for ArchR) and X = 0.01 (for Signac). Restricting to
peak-gene pairs with strong marginal correlations yielded similar or lower average enrichments
on both CRISPR and eQTL evaluation sets vs. fine-mapping without this restriction. Bars and
confidence intervals denote estimates and standard errors, respectively, meta-analyzed across
data set-cell type pairs. Green asterisks denote significant underperformance of the focal
method vs. the top-performing method (denoted with a black outline) (*: p < 0.05, **: p < 0.01,
***: p < 0.001). Grey horizontal dashed lines mark 1.0x enrichment. SCP, single causal peak
fine-mapping; SCP + Functional, single causal peak functionally informed fine-mapping; MCP,
multiple causal peak fine-mapping; MCP + Functional, multiple causal peak functionally
informed fine-mapping.
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Supplementary Figure 3.50. Evaluations of fine-mapping vs. a ‘top peak’ fine-mapping
approach. a) Average enrichment across recall values of links predicted by ArchR vs. fine-
mapped ArchR scores vs. a ‘top peak’ fine-mapping approach for 448 links validated by
CRISPR. b) Average enrichment across recall values of links predicted by Signac vs. fine-
mapped Signac scores vs. a ‘top peak’ fine-mapping approach for 448 links validated by
CRISPR. c) Average enrichment across recall values of links predicted by ArchR vs. fine-
mapped ArchR scores vs. a ‘top peak’ fine-mapping approach for 39,194 fine-mapped eSNP—-
eGene pairs attaining maximum PIP > 0.5 across GTEXx tissues. d) Average enrichment across
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recall values of links predicted by Signac vs. fine-mapped Signac scores vs. a ‘top peak’ fine-
mapping approach for 39,194 fine-mapped eSNP—eGene pairs attaining maximum PIP > 0.5
across GTEx tissues. We defined the ‘top peak’ fine-mapping approach as follows: for each
gene, we assigned the peak with the highest r? to the gene a posterior inclusion probability (PIP)
of 1, and assigned PIP of 0 to all other candidate peaks. We then defined fine-mapped linking
scores as PIP x marginal peak-gene linking score (as for all other fine-mapping approaches).
The ‘top peak’ fine-mapping approach significantly underperformed SCP fine-mapped Signac
scores on CRISPR evaluation data, but otherwise attained similar average enrichments across
shared values of recall. However, ‘top peak’ fine-mapping yielded very low recall, for both the
eQTL evaluation (recall 0.0053-0.025 for ‘top-peak’ fine-mapped methods vs. 0.33-0.84 for
marginal and SCP fine-mapped methods) and the CRISPR evaluation (recall 0.07-0.2 for ‘top-
peak’ fine-mapped methods vs. 0.35-0.98 for marginal and SCP fine-mapped methods)
(because the number of peak-gene pairs with PIP > 0 is strictly equal to the number of genes);
thus, ‘top-peak’ fine-mapping is a less desirable approach. Bars and confidence intervals denote
estimates and standard errors, respectively, meta-analyzed across data set-cell type pairs.
Green asterisks denote significant underperformance of the focal method vs. the top-performing
method (denoted with a black outline) (*: p < 0.05, **: p < 0.01, ***: p < 0.001). Grey horizontal
dashed lines mark 1.0x enrichment. SCP, single causal peak fine-mapping.
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Supplementary Figure 3.51. Relationship between marginal linking score and r* with
causal peak across non-causal peaks near RAP1GAP. Relationship between marginal
linking score (squared correlation) with RAP1GAP and squared correlation with the “causal
peak” (peak attaining highest linking score with RAP1GAP). Each point represents 1 “non-
causal”’ peak (peak <1Mb from the TSS of RAP1GAP that does not attain the highest RAP1GAP
linking score).
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Supplementary Figure 3.52. Relationship between pioneer TF activity, peak-peak co-
accessibility, and peak-gene co-activity in the cis window of RAP1GAP. a) Relationship
between squared correlation with the “causal peak” and the number of pioneer TFs binding both
the causal peak and the focal peak, across “non-causal” peaks. b) Relationship between
marginal linking score (squared correlation) with RAP1GAP and the number of pioneer TFs
binding both the focal peak and the causal peak, across “non-causal” peaks. The “causal peak”
(chr1:21687033-21688350) is defined as the peak attaining the highest linking score with
RAP1GAP, and “non-causal peaks” are defined as peaks <1Mb from the TSS of RAP1GARP that
do not attain the highest RAP1GARP linking score. We measured the number of pioneer TFs that
bind each non-causal peak and the causal peak (of 6 total pioneer TFs that bind the causal

peak).
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Supplementary Figure 3.53. Fine-mapped linking scores for RAP1GAP. Fine-mapped
linking scores for each peak <1Mb from the TSS of the gene RAP1GAP from a) single causal
peak fine-mapping, b) functionally informed single causal peak fine-mapping, ¢) multiple causal
peak fine-mapping, and d) functionally informed multiple causal peak fine-mapping. r? values
are reported as dots in the middle of each peak, with the top correlated peak colored in red and
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other peaks colored based on their squared correlation to the top correlated peak. In each
panel, dashed line denotes linking score threshold corresponding to the ArchR linking threshold.
Fine-mapping approaches assuming multiple causal peaks linked 3 additional peaks to
RAP1GAP. None of these peaks harbored fine-mapped GWAS variants; nevertheless, these
may be true causal peaks in this or other contexts. Functionally-informed approaches yielded
highly similar results to non-functionally-informed approaches.
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Supplementary Figure 1.54. Relationship between marginal linking score and r* with
causal target gene across non-causal genes near the peak chr19:8417808-8418540.
Relationship between marginal linking score (squared correlation) with the focal peak
(chr19:8417808-8418540) and squared correlation with the causal target gene (gene attaining
highest linking score with the focal peak), across non-causal target genes. Each point
represents 1 “non-causal” gene (gene <1Mb from the focal peak that does not attain the highest
linking score).

250



Q

Non-causal gene r=0.13

r? with causal target gene

004 @ @ o 0o ® o080

-6 -4 -2 0 2 4
b log(read depth)

Non-causal gene r=0.29

o
=
w

Linking score

o
=
o

o
o
a

0004 © @
-6 -4 -2 0 2 4
log(read depth)

Supplementary Figure 1.55. Relationship between gene read depth and gene-gene
tagging for the peak chr19:8417808-8418540. a) Relationship between squared correlation
with the causal target gene (ANGPTL4) and log(read depth), across non-causal genes. b)
Relationship between marginal linking score (squared correlation) with the focal peak
chr19:8417808-8418540 and log(read depth) across non-causal genes. The causal gene
(ANGPTLA4) is defined as the gene attaining the highest linking score with the focal peak, and
non-causal genes are defined as genes <1Mb from the focal peak that do not attain the highest
linking score. We also note that ANGPTL4 had only moderate read depth (with percentile = 0.66
among all genes <1Mb from chr19:8417808-8418540).

251



0.25 A

o

N

o
1

©

[y

[0}
1

0.10 A

Average gene-gene r?

0.05 A

0.00 -

All Linked to
co-accessible peaks

Gene-gene pairs

Supplementary Figure 1.56. Average r* with ANGPTL4 for genes linked to peaks co-
accessible with peak chr19:8417808-8418540 vs. all cis genes. We identified 51 peaks
linked to any gene <1Mb from the peak chr19:8417808-8418540 (besides ANGPTL4) (defining
“linked” as ArchR linking score (r?) > 0.2025). From these peak-gene links, we identified 7 genes
linked to peaks highly co-accessible with chr19:8417808-8418540 (defining “highly co-
accessible” as peak-peak r* > 0.2025). We then computed the average r* between ANGPTL4
and each of these genes (right) vs. the average r* between ANGPTL4 and each gene <1Mb
from ANGPTL4. Average r* with ANGPTL4 for genes linked to peaks highly co-accessible with
chr19:8417808-8418540 was substantially higher (r* = 0.24) than for all genes (r* = 0.070).
Confidence intervals denote standard errors (from jackknifing across individual genes).
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Supplementary Figure 1.57. Gene-level fine-mapped linking scores for the peak
chr19:8417808-8418540. Gene-level fine-mapped linking scores for each gene <1Mb from the
peak spanning chr19:8417808-8418540 from a) single causal gene fine-mapping, b) functionally
informed single causal gene fine-mapping, ¢) multiple causal gene fine-mapping, and d)
functionally informed multiple causal gene fine-mapping. r? values are reported as dots in the
middle of each gene, with the top correlated gene colored in red and other peaks colored based
on their squared correlation to the top correlated gene. In each panel, dashed line denotes
linking score threshold corresponding to the ArchR linking threshold.
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Chapter 4 Appendix

Methods
Genetic data generation, processing, and quality control

The data used in this study were originally generated from a Peruvian tuberculosis
progression cohort. Details of the genotyping process can be found in ref.?®', but in brief, 4,002
admixed Peruvian individuals were genotyped on a custom Affymetrix array (LIMAArray)
designed based on whole exome sequencing from 116 individuals from the same Peruvian
cohort.

We used the processed genotyping data from ref.®®, which included 675,358 genotyped
variants after removing variants that are significantly associated with batch (p < 1 x 10°°), duplicate
variants, variants with a low call rate (< 95%), variants with significant differences in the
missingness rate between cases and controls (> 107°), or variants with Hardy-Weinberg p value
< 10° in controls. These 675,358 variants were mapped to GRCh37/b37, pre-phased with
SHAPEIT2, and imputed with IMPUTEZ2 using the 1000 Genomes Project Phase 3 as the
reference panel. After removing SNPs with an INFO score < .9, minor allele frequency < 0.05, or
deletions, the remaining variants were converted to GRCh38 using liftOver, resulting in 5,486,956
variants for eQTL analysis.

Genotyping principal components were previously calculated as described in ref.*®, by
combining autosomal genotyping data from the full cohort (n = 4,002) with whole-genome
sequencing data from the 1000 Genomes Project Phase 3 (n = 2,045 individuals from 26
populations); matching variants with MAF > 1% based on position, reference, and alternate allele;
removing highly correlated variants (r* > 0.2, window size = 50, and step size = 5); and conducting

PCA with PLINK.
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Single-cell CITE-seq data generation, processing, and quality control

The memory T cell CITE-seq dataset used in this study was previously generated as part
of a study of a subset of the genotyped Peruvian tuberculosis progression cohort'®. All samples
were collected from individuals after treatment and resolution of M. tuberculosis infection. Detailed

experimental methods are available in ref.'®

. In summary, we collected PBMCs from 259
genotyped Peruvian individuals, isolated memory T cells through negative selection on CD45RA,
and carried out an optimized version of the CITE-seq protocol with a panel of 31 surface proteins
with TotalSeg-A (BioLegend) oligonucleotide-labeled antibodies. We conducted 10x Genomics
library preparation and sequencing for pools of six donors and subsequently demultiplexed donors
using Demuxlet.

In the present study, we used single-cell sequencing data from ref.'®° that was aligned to
GRCh38 with Cell Ranger (3.1.0). Antibody tags were aligned to a dictionary of oligonucleotides.
We followed the same quality control steps as in the original study: we removed doublets labeled
by Demuxlet and other genotype mismatches, cells with <5600 genes expressed or >20% of
mitochondrial unique molecular identifiers, and cells lacking memory T cell surface markers (CD3
and CD45R0). After QC, 500,089 cells remained. We log-normalized gene expression data and
applied centered log-ratio transformation to surface marker UMI counts for each of these cells.

We used canonical variates (CVs) reflecting an RNA- and protein-informed low-
dimensional embedding of cells that were published in ref.' to represent cell states. These CVs
were defined using canonical correlation analysis (CCA) on single-cell expression of genes (union
of the top 1,000 most variable genes per sequencing batch, excluding TCR genes) and non-
control surface markers.

Robust single-cell-resolution e QTL model

To accurately test associations between SNPs and single-cell gene expression, we

developed a strategy based on the cluster-robust variance estimator (CRVE) and the

score/Lagrange multiplier test to robustly estimate calibrated p-values in the presence of
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correlated cells within donors and moderate model misspecification (e.g. over- or under-
dispersion). The method requires donor-level genotyping data, single-cell RNA expression data,
cell state(s) (e.g. low-dimensional embeddings or cell weights), and donor- and cell-level
covariates.

First, we modeled single-cell gene expression counts using a Poisson Generalized Linear

Model:

log(E) = Bo+ BaG + Y _ BeviCVi+ Y Baxcv(G x CV;) +
i=1 i=1 ,[4.2]

where E is the gene expression count, S, is the intercept term, G is the alternate allele dosage of
the tested SNP, CV is the cell state variable of interest, GxCV is the interaction term between
genotype and cell state, and u are the residuals.

We added biological and technical covariates to equation 4.2 to account for possible confounding:

log(E) = Bo + BaG + ZﬁcmCV; + Z Baxov, (G x CV;)+
1=1 =1

=

[))age age + [jsea: sex + Z BgPCigPCi‘i‘

=1
5

/BnU]\JI nUMI + 5mito mito + Z 5ePC’iePCi + 1%
i=1 [4.3]

At the donor-level, age is the scaled age (mean = 0 and s.d. = 1), sex is a binary dummy

variable for sex, and gPC are genotype PCs to account for genetic ancestry and population

stratification. At the single-cell level, nUMI is the scaled and natural log-transformed number of
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UMIls, mito is the proportion of mitochondrial expression, and ePC are the expression PCs. To
simplify the notation in the following steps, we can express an unrestricted (full) model (equation

4.3) in its matrix form as:
log(E) = X3+ 1 [4.4]

Assuming n cells and p predictor variables, E is an n x 1 column vector containing the
gene expression counts, X is an n x p design matrix where columns each correspond to a
predictor included in equation 4.3, S is a p x 1 vector of coefficients, and u is a column vector with
the residuals.

For inferential purposes, we fitted a restricted (null) model by setting q terms of interest to

be equal to zero:

log(E) = X3+ [4.5]

where [ is a vector (p - q) x 1 containing the parameter coefficients and fi is a column vector
containing the residuals, under the null model.
Computation of single-cell-level contribution to score function

To perform a Lagrange multiplier test, we first calculated the contribution of each single
cell to the score function (i.e., gradient of the Poisson GLM objective log-likelihood), in accordance

with refs. 2233 The Poisson probability mass function is defined as:

AVe A

Y; = y|)) =
I y|\) 0 sl
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where 1 is the mean (and variance) parameter of the Poisson distribution and y is a discrete
random variable.

The Poisson GLM log-likelihood function for each cell indexed by i is

;!

UB) = ;m (Vie_ ) - Z [y In(A:) — A — In(y:!)]

In a Poisson GLM with a log-link function, we can relate A to the predictors as the expected

T
value Ni = exp(z; /B) therefore, we can rewrite the log-likelihood as

n

(B) = [ui(x!B) — exp(x] B) — In(y!)]
i=1 [4.8]

The scores Ui(B) can be calculated by differentiating the log-likelihood function with

respect to the vector g:

_ 9
- 53

= y;x; — exp(x! B)xi= (y; — Ai)X;, [4.9]

U:(8) [i(x] B) — exp(x] B) — In(ys!)]

where Ui — Ai are the residuals u. For parameter inference via the score test/Lagrange multiplier
(LM), we built observation-level scores under the null (equation 4.5) using the restricted model

residuals as follows:

S = diag(jf1)X [4.10]
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where S is an observation-level scores matrix of dimensions n x p and ji are the residuals from
the restricted model. S contains the contribution of all predictors from the full model to the gradient
of the log-likelihood function evaluated at the restricted model solution.
Cluster-robust variance estimation

The naive variance-covariance matrix of the parameters from a Poisson GLM assumes all
observations are independent from each other and the model is accurately specified. In single-
cell data, cells from the same donor are not independent observations. Furthermore, gene
expression might be difficult to model under stringent assumptions (e.g. the mean and variance
of gene expression may not be the same as assumed in a Poisson GLM). We relaxed the
assumptions of the Poisson GLM to handle the correlation of cells within each donor and allow
for potential model misspecification by applying the cluster-robust variance estimator (CRVE) as

described in ref.?%:

D
VC’R\/E - mﬁ_l Z §d(§d)/ ﬁ_l
d=1 . [4.11]

where Sd (a vector of length p) is the sum of all the centered single-cell scores from donor d for
each predictor, m is a finite-sample correction factor D/ (D — 1) (where D is defined as the

number of donors), and — HYis the classical Poisson GLM variance-covariance matrix of the

full model evaluated at the restricted model solution:
V=(-H"=XWX)" 417

where X is the design matrix with all predictors from the unrestricted model and

W = diag(fi1, . . . , fin) contains the residuals from the restricted model.
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Lagrange multiplier (score) test
We tested for single or multiple betas jointly by applying general and multiple exclusion

linear restrictions. For each model, we tested the null hypothesis:
Ho: RS =0q  [4.13]

where R is a matrix with g linear restrictions as rows and k parameters as columns. R contains

1s for the parameter(s) being tested. For example, for the model:

log(E) = Bo + BcG + Bevi CVi + Baxovi (G X CVi) + 1 1414,

testing a single restriction Hy : Baxev, =0 requires a row matrix R =10,0,0, 1]. Likewise,
testing the joint restriction Hy : Ba =0, Bexcv, =0 requires R =[0,1,0,0;0,0,0, 1],

We defined the generalized Lagrange multiplier test as proposed in ref.?3:

N ! N
~ ~ -1 ~
LM = (Z s> 'R/ [RVCRVER’] RA! (Z s)
i=1 i=1 : [4.15]
where the first and last components on the right-hand side of the formula are the sum of
uncentered restricted scores for each predictor across all cells. We derived a p-value from the

LM statistic based on the area under the upper tail of the y? distribution curve with g degrees of

freedom. When g = 1, the LM can be linearized by taking its square root to derive a Z-score.
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