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To my mother and father.



Where is the Life we have lost in living?

Where is the wisdom we have lost in knowledge?

Where is the knowledge we have lost in information?

–T. S. Eliot, the Rock (1934)



TABLE OF CONTENTS

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vi

ACKNOWLEDGMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 Mapping the genetic architecture of human complex diseases . . . . . . . . 1
1.2 Elucidate causal mechanisms of noncoding GWAS variants with molecular

QTL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 The success and limitation of eQTL . . . . . . . . . . . . . . . . . . . . . . . 5
1.4 Chromatin accessibility QTL may complement eQTL data . . . . . . . . . . 7
1.5 Combining single-cell multiomics with molQTL mapping . . . . . . . . . . 8
1.6 The immunology and genetics of rheumatoid arthritis . . . . . . . . . . . . 9

2 THE IMPACT OF REGULATORY VARIANTS ON HUMAN IMMUNE-RELATED DIS-
EASES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
2.5 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
2.6 Supplementary Notes for Chapter 2 . . . . . . . . . . . . . . . . . . . . . . 52
2.7 Supplementary Figures for Chapter 2 . . . . . . . . . . . . . . . . . . . . . . 62

3 DYNAMIC EFFECTS OF DISEASE-ASSOCIATED VARIANTS ON CHROMATIN AC-
CESSIBILITY ACROSS HUMAN IMMUNE CELLS . . . . . . . . . . . . . . . . . . . 75
3.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
3.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
3.5 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
3.6 Supplementary Notes for Chapter 3 . . . . . . . . . . . . . . . . . . . . . . 119
3.7 Supplementary Figures for Chapter 3 . . . . . . . . . . . . . . . . . . . . . . 129

4 CONCLUSION AND DISCUSSION . . . . . . . . . . . . . . . . . . . . . . . . . . . 136
4.1 Significance and limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . 136
4.2 Reflections on current paradigm and future directions . . . . . . . . . . . . 138

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

v



LIST OF FIGURES

2.1 Summary of analysis workflow. . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.2 Sharing of eQTL and sQTL using mash. . . . . . . . . . . . . . . . . . . . . . . . 20
2.3 Colocalization analysis explained up to 47% of GWAS variants and revealed

potential causal SNPs to non-immune traits. . . . . . . . . . . . . . . . . . . . 25
2.4 mash analysis indicates high sharing of QTL among immune cell types. . . . . 28
2.5 Characterizations of uncolocalized GWAS loci. . . . . . . . . . . . . . . . . . . 31
2.6 H3K27ac profiling in RA samples reveals disease-specific effects. . . . . . . . . 35
2.7 Validation of eQTL from 15 cell types or only T cells in DICE. . . . . . . . . . . 53
2.8 Validation of eQTL colocalized with non-immune GWAS in relevant GTEx tis-

sues. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
2.9 Mean colocalization rates for 72 GWAS stratified by P-value bins. . . . . . . . . 56
2.10 LocusZoom plot for an RNASET2 eQTL and a CD GWAS locus. . . . . . . . . . . 58
2.11 Comparing COLOC and HyPrColoc. . . . . . . . . . . . . . . . . . . . . . . . . . . 59
2.12 Shared eGenes that colocalized in at least one cell-type tend to have larger PP4

in cell types that do not colocalize. . . . . . . . . . . . . . . . . . . . . . . . . . 60
S2.1 Number of exon-exon junctions in each sample is positively correlated with

library sizes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
S2.2 Fold-change of effective sample sizes as estimated by mash. . . . . . . . . . . . 63
S2.3 Sharing of eQTL and sQTL using mash excluding genes in the HLA locus. . . . 64
S2.4 Enrichment of eQTL in regulatory elements. . . . . . . . . . . . . . . . . . . . 65
S2.5 Mean colocalization rates as a function of PP4 cutoff in COLOC. . . . . . . . . . 66
S2.6 Mean colocalization rates as a function of GWAS sample sizes and number of

GWAS loci. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
S2.7 Colocalization rates for 72 GWAS in DICE and DGN consortium. . . . . . . . . 68
S2.8 Many eGenes colocalized in CD GWAS are shared among the immune cells. . . 69
S2.9 LocusZoom plot for IL23R eQTL and a CD GWAS locus. . . . . . . . . . . . . . . 70
S2.10Ascertainment of eQTL effect sizes at uncolocalized lead GWAS SNP. . . . . . . 71
S2.11Comparison of colocalized loci between eQTLGen and BLURPRINT for 14 au-

toimmune GWAS. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
S2.12Two dimensional UMAP visualization of CUT&Tag read counts in the 30kmost

highly variable peaks across samples. . . . . . . . . . . . . . . . . . . . . . . . 73
S2.13Genome tracks of H3K27Ac in monocytes near IL1B promoter. . . . . . . . . . 74

3.1 Integrated map of scATAC-seq of PBMC from three studies in 56 donors. . . . . 80
3.2 Topicmodeling helps interpretation of inter-cellular and inter-individual vari-

ation in scATAC-seq profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
3.3 Mapping of caQTL with RASQUAL and sc-PME model. . . . . . . . . . . . . . . . 91
3.4 caQTL-eQTL colocalization and dynamic caQTL mapping. . . . . . . . . . . . . 95
3.5 caQTL and GWAS analysis. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
3.6 Two donors from a multiplexed library show T cell activation signatures. . . . 121
3.7 Pseudo-bulk replicates greatly enhance correlation estimation between load-

ings and gene activity scores. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

vi



3.8 Linear model identifies fewer caQTL, although effect sizes are highly corre-
lated with RASQUAL and the sc-PME. . . . . . . . . . . . . . . . . . . . . . . . . 125

3.9 Higher dropouts lead to higher false discovery rates in sc-PME model. . . . . . 126
3.10 Weaker QTL explain the lack of sharing of caQTL-eQTL colocalization. . . . . . 127
3.11 Cross-context comparison of QTL effects. . . . . . . . . . . . . . . . . . . . . . 129
S3.1 Quality control on scATAC-seq data and genotyping. . . . . . . . . . . . . . . . 130
S3.2 Visualization of cell loadings for the 20 topics in UMAP embedding. . . . . . . 131
S3.3 Topic analysis. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
S3.4 caQTL mapping using RASQUAL and sc-PME model in harmonized data. . . . . 133
S3.5 Comparative analysis of eQTL and caQTL. . . . . . . . . . . . . . . . . . . . . . 134
S3.6 Comparative analysis of GWAS and caQTL. . . . . . . . . . . . . . . . . . . . . 135

vii



ACKNOWLEDGMENTS

Rarely in our lifetime do we have an opportunity to reflect on all the people that have

helped and supported us, in small and big ways, to bring us to where we are today. As

I reach the end of this five-year journey, I would like to take this opportunity to express

my gratitude toward everyone who has had or is still having a substantial and meaningful

impact on my education and life.

First, I must thankmy advisor, Dr. Yang Li for the unconditional support and excellent

training that I received fromhim. I have learned somuch fromyou, not only on doing daily

research, but also on ways of thinking and analyzing scientific questions in a critical way,

and not to follow the path walked by others, but to always follow the questions we care.

Thank you for givingme the space and trustingme to freely exploremy sometimes not-so-

clear passions and interests, allowing me to do things more independently. I would also

like to thank all current and past members of the Li Lab for the supportive and thought-

stimulating environment they created.

Thank you tomy Thesis Committeemembers, Drs. Bana Jabri, Matthew Stephens, and

Luis Barreiro for offering guidance and feedback on my work. I am especially grateful to

Dr. Bana Jabri, for supporting my immature ideas on the interactions between regulatory

T cells and CD8+ effector T cells, and for allowingme to learn immunological experiments

from the very beginning in her lab. Thank you to Megan Borregard, for helping me to re-

fine and crystallize my hypothesis and come up with actionable experimental plans and,

most importantly, teaching me with all the patience how to do the immunology experi-

ments and spending long hours withme in front of the bench. These knowledge and skills

will be useful to me forever.

Thank you to Sue Levinson for always helping me in every way possible and making

my graduate life much easier. To the Section of Genetic Medicine community: first, thank

you to Dr. Yoav Gilad for allowing me to attend your lab meeting, to learn and exchange

viii



ideas with the members of your lab. Thank you for creating an open environment that

allowed me to learn from people that I would otherwise have no chance to know. Thank

you to the people in this community that I can learn from and also have fun together,

especially Wenhe Lin, Lili Wang, HyunKyung Kim and Dr. Jinghui Li. To administrators

in the Section of Genetic Medicine, Tamiko Charley and Sandra Dantzler, thank you for

always helping me in countless ways.

My journey as a student in bioinformatics and human genetics started beforemy grad-

uate school thanks to the International Student at Large (ISAL) program, here at the Uni-

versity of Chicago with Dr. Eileen Dolan. Thank you for accepting me in your lab when

I was still an undergraduate knowing little about computational biology. Thank you to

Omar El-Charif, who directly taught me computational skills duringmy time at the Dolan

Lab. Through the several months in the lab, I gained hands-on experience in doing com-

putational research and became fully confident in my ability in pursuing a Ph.D. degree

in this field.

Tomy parents and grandparents, thank you for unconditionally supportmy choice and

decision in every step during my growth and education. Your love and support transcend

physical distance and I can constant feel it thousands of miles away on this side of the

globe. Thank you to my twin brother, Zekun Mu, for always being together with me along

the journey, especially during the pandemic when many international students cannot

meet their family. Thank you for having hours-long video calls with me, during which

you often remindme of how little I know about immunology, so that I always know I need

to do better.

ix



ABSTRACT

In the past 15 years, genome-wide association studies (GWAS) have identified thousands

of genetic variants associated with a plethora of human complex traits, and greatly ex-

panded our knowledge on their genetic architectures. Around 90% of GWAS variants are

located in noncoding regions, suggesting that they may have regulatory effects. How-

ever, statistical integration ofGWASand expression quantitative trait loci (eQTL) can only

explain ~25% of GWAS variants, highlighting the challenges in uncovering the molecu-

lar mechanisms underlying GWAS signals. Here, we show that genetic variants affecting

pre-mRNA splicing (sQTL) can pinpoint GWAS loci missed in eQTL. Together, eQTL and

sQTL explain 40% of GWAS variants. We demonstrate that primary, steady-state eQTL

and sQTL are largely shared among immune cell types in peripheral blood, suggesting

that it is challenging to pinpoint the exact cell type in which these shared QTL mediate

disease risk. I also show that disease samples from the correct tissue can capture regu-

latory effects distinct from healthy or in vitro stimulated immune cells. We then investi-

gate the regulatory effects on chromatin accessibility and relevance to disease. We find

that chromatin accessibility (caQTL) greatly complement eQTL/sQTL in explaining dis-

ease GWAS. Through extensive comparisonswith caQTL, eQTL andGWAS, I conclude that

partially due to enhancer pleiotropy, even though caQTL can correctly reveal the effect of

disease variants on chromatin accessibility, it is much harder to pinpoint the true causal

gene and causal context when a caQTL has no effect on gene expression. This highlights

the crucial importance to study more disease-relevant contexts and integrate caQTL with

multi-modal annotation data for deeper understanding of the causal mechanisms of dis-

ease GWAS. Taken together, our results offer a more comprehensive understanding of

the regulatory landscape of molecular phenotypes, especially for chromatin accessibil-

ity and gene expression, and their roles in the genetic predisposition of immune-related

diseases. We highlight the complexity in layers of gene regulation cascade and provide a

x



more cautionary tale in the interpretation of molQTL-GWAS data. We believe our work

form a basis for future studies to further extend the boundaries of our knowledge of how

genetic variants can shape human phenotypes through regulation of a network of molec-

ular features.
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CHAPTER 1

INTRODUCTION

1.1 Mapping the genetic architecture of human complex diseases

The majority of human diseases—like many other complex traits—are jointly determined

by genetic factors and environmental factors. The study of the genetic architecture of

human diseases aims at determining the number and location of genetic variants impact-

ing disease risk, and the joint distribution of their effect sizes and allele frequencies. It is

well-established that the genetic architecture of human diseases falls into a wide range of

distribution. Mendelian diseases are typically caused by variants in a single gene, hence

also known as monogenic diseases. Earlier genetic studies based on linkage analysis in

pedigrees have successfully identified causal genes for many monogenic diseases. Mono-

genic diseases are usually highly heritable, and have high penetrance rate, but they also

tend to be less prevalent in the population due to negative selection on strongly dele-

terious mutations. At the other end of the spectrum are polygenic diseases, which can

be jointly affected by hundreds to thousands of genetic variants together. Polygenic dis-

eases are more common in population—rheumatoid arthritis (RA), for example, could af-

fect ~0.5%-1% of the global population1. Although many polygenic diseases are not as

deleterious or life-threatening as monogenic diseases, the systemic and chronic nature

of these disease can nonetheless lead to significant years of life lost and reduction in pa-

tients’ quality of life2

Mapping the genetic architecture of polygenic diseases proved to be challenging due

to several reasons. First, it requires technology capable of identifying genetic variants

across the whole genome at scale. Second, given that most genetic variants underlying

complex diseases have too small effect sizes to be detected by the traditional linkage anal-

ysis3, a large cohort of cases and controls is needed for sufficient power to map disease-
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associated variants. In the past two decades, the construction of the reference genome

pivoted by the Human Genome Project (HGP) and the steady decrease in the cost of geno-

typing by DNA microarray, and next-generation sequencing (NGS) have made it feasible

to collect genotype data from huge cohorts. Statistical imputation algorithms can fur-

ther improve the number of genetic variants that can be reliably genotyped and included

in downstream analysis, especially for common single nucleotide polymorphisms (SNPs).

As a result, the association between each genetic variant and disease status in a popula-

tion can be tested genome-wide with a linear regression, while adjusting for confounding

factors such as population admixture, gender and other demographic variables. Nowa-

days, a typical study can test anywhere between 5 to 10 million SNPs, depending on the

sample size and genotyping platform. This framework, known as genome-wide associa-

tion study (GWAS), has become the “paradigm” of mapping the heritable component of

complex diseases. To date, there have been more than 6,000 publications, 550,000 lead

associations documented in the GWAS Catalog4.

Not only did the success of GWAS significantly expanded the catalogue of disease-

associated variants, but it has also shed light on the genetic architecture of human dis-

eases. One major discovery from GWAS in the past 15 years is that most complex dis-

eases have a genetic component and are often polygenic, including metabolic diseases

like type 2 diabetes, psychiatric diseases like schizophrenia, and immune-related diseases

like rheumatoid arthritis, inflammatory bowel diseases and asthma, for which at least a

hundred genome-wide significant SNPs have been found. Given the “missing heritability”

problem—which posits that current GWAS signals only explain a fraction of total genetic

variation—it is postulated that new disease-associated variants will continue to be identi-

fied as GWAS sample size grows5. Notably, as the prevalence of complex, chronic diseases

steadily increases in the U.S. and around the globe6, it is imperative to establish more

complete understanding of the diseases mechanisms. Human genetics and GWAS offer
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a unique opportunity to understand disease pathogenesis, which could in turn translate

into better disease prediction, management, and treatment.

1.2 Elucidate causal mechanisms of noncoding GWAS variants

with molecular QTL

Contrary to the ever-increasing number of significant variants identified in GWAS, very

few of them have been successfully translated into biological discoveries, which entails

knowing the causal variants, downstream causal genes and functional contexts. This gap

in knowledge highlights the challenges in obtaining causal mechanisms from statistical

associations, and can be partially attributed to the difficulty in linking GWAS variants to

genes, due to at least three reasons. First, about 90% of GWAS variants lie in noncoding

regions7. Even though this represents an enrichment in protein-coding sequences, which

only account for ~2% of the entire human genome, the finding means that the vast ma-

jority of GWAS hits cannot be directly linked to a gene or changes in amino acid residues

in protein products. Second, the success of GWAS relies on linkage disequilibrium (LD)

between true causal SNPs and co-segregating SNPs in the population. Consequently, in

most cases, the lead SNP identified by GWAS is not causal, but merely “tagging” the true

causal SNP. Third, by testing the association between germline variants and a phenotype,

GWAS is able to find trait-associated variants that function in virtually any context (i.e.

cell types, cellular states, or developmental stages), which means that it is impossible to

pinpoint the exact context in which their effects impact disease risk directly from GWAS

results.

To address these issues, recent years have witnessed concerted efforts in developing

strategies to study noncoding GWAS variants. One of the most important and fruitful

approaches is the statistical integration of summary statistics from GWAS and molecular
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quantitative trait loci (molQTL). Molecular QTL refers to the genetic variants that are as-

sociated with the levels of molecular features, such as gene expression, pre-mRNA splic-

ing, chromatin accessibility, histone modification, DNA methylation at CpG sites, and

protein levels8–16. Molecular QTL can be categorized into cis- or trans-QTL depending

on the distance between a genetic variant and the genomic location of the tested feature,

such as the transcription start site (TSS) of a gene. Themajority ofmolQTLmapping stud-

ies to date have only focused on cis-QTL1. Mapping trans-QTL is extremely challenging

because: (1) the vast number of SNP-feature pairs genome-wide leads to huge multiple

testing burden; (2) the small effect sizes of trans-QTL require large sample size to detect.

However, recent innovations in statistical methods and efforts to meta-analyze multiple

QTL datasets can lead to biological discoveries in trans-QTL that greatly complement our

current understanding of gene regulation landscape in the near future17,18.

The rationale for integrating GWAS with molQTL comes from the observation that

noncoding elements in the genome have regulatory functions, such as activating gene

expression. Furthermore, studies have shown that 80.6% GWAS lead SNPs either lie di-

rectly within or are in close LD with SNPs in open chromatin regions19, suggesting that

GWAS SNPs might perturb the activity of regulatory elements. A more compelling line of

evidence for the regulatory role of GWAS variants is that they are significantly enriched

for expression QTL (eQTL) compared to randomly chosen variants with matched minor

allele frequencies (MAF) in the genome20.

Motivated by these discoveries, statistical methods have been developed to integrate

GWAS and QTL, with the goal of nominating genes that can potentially mediate the dis-

ease risk conferred by genetic variants. This family of methods includes colocalization

to test whether GWAS and QTL data share the same causal SNP21, PrediXcan/TWAS to

determine whether the genetic component of gene expression is associated with disease

1. For the sake of simplicity, all references to in this thesis QTLmeans cis-QTL unless specified otherwise

4



status22,23, and Mendelian Randomization (MR) to evaluate the causal relationship be-

tween gene expression and disease24.

1.3 The success and limitation of eQTL

There have been many large-scale studies to collect both genotype and gene expression

data from a wide range of human tissues, and to perform eQTL mapping. Earlier stud-

ies used easily accessible samples like cell lines or whole blood, allowing for the profiling

of gene expression from hundreds to nearly a thousand individuals25,26. However, these

datasets were unable to study tissue- or cell type- specific eQTL. To address this question,

the Gene-Tissue Expression (GTEx) consortium was the most comprehensive catalogue

of eQTL/sQTL from more than 50 tissues with, in several cases, over 300 post-mortem

donors9. It has been immensely successful at revealing the commonalities and specifici-

ties of tissue gene regulation. But one drawback of it is that tissue samples are a mixture

of multiple cell types. Given the presence of cell type-specific gene expression, variations

in cellular compositions across population can lead to spurious eQTL signals. Moreover,

genetic effects that are specific to a rare cell population can be masked by more abundant

cell types27. This is particularly crucial for the study of genetics in IRD because (1) hu-

man immune system consists of a huge diversity of immune cells, and (2) many immune

cells that are important in IRD have low cell numbers but profound effects in disease

pathogenesis. Indeed, the collection of whole blood rather than individual immune cell

types in GTEx greatly hampers its utility in studying IRD GWAS. Fortunately, there is a

plethora of studies like BLUEPRINT, DICE and ImmuNexUT that solely focus on the cell

types and subtypes in immune cell compartment28–30. Although some of these studies

have relatively small sample sizes, they provide a high-resolution map of gene regulation

in diverse peripheral immune cell types, thus offering a unique opportunity to investigate

the genetics of immune-related diseases.
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However, current eQTL datasets are not without limitations. Chun et al.31 reported

that eQTL from the three immune cell types (B cell, CD4+ T cell, monocyte) colocal-

ized with only 21% of autoimmune disease loci. Although the conclusion in this study

is largely consistent with previous analysis, it is among the first to formally question the

limitation of eQTL datasets. Another study estimated that cis-eQTL from GTEx data only

mediate ~11% of trait heritability, again suggesting that eQTL have limited power in ex-

plaining GWAS signals32.

One of the most obvious reasons for the limited overlap between GWAS and eQTL

is statistical power. While GWAS typically consists of hundreds of thousands or even

millions of individuals, most eQTL studies only contain hundreds of individuals, rais-

ing the possibility that weaker eQTL are yet to be found. However, whether significantly

increasing the sample size in eQTL studies can lead to better understanding of GWAS

data remains an open question. On one hand, larger studies have identified more colo-

calization events between eQTL and GWAS compared to previous, smaller studies. On

the other hand, our previous comparison between eQTLGen data (~30,000 samples) and

BLUEPRINTdata (~300 samples) suggests that increasing the sample size by 100-fold only

increases the number of colocalizedGWAS loci by 1.5-fold, even though almost every gene

included in eQTLGen has at least one primary eQTL33. Collectively, these results show

that power cannot fully explain why most GWAS loci are not eQTL, and other properties

of GWAS and QTL SNPs should be considered.

Below, I will discuss two aspects that are the major concerns of the following chap-

ters in this thesis, namely, disease-specific regulatory effects overlooked by the use of

healthy samples in current eQTL data and the effects of disease variants on chromatin

accessibility.
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1.4 Chromatin accessibility QTL may complement eQTL data

While eQTL data has greatly expanded the understanding of GWAS variants, it is not guar-

anteed that all genetic effects on phenotype are mediated through gene expression. In

other words, other types of molQTL can capture biological mechanisms that are missed

by eQTL. For instance, RNA splicing can change the outcome of protein products with-

out having detectable effects on gene expression, which is often measured as the sum of

sequencing reads overlapping exons. Recently, Mostafavi et al. proposed that GWAS and

eQTL are capturing systematically different sets of genetic variants due to the history

of natural selection34. The authors observed that closest genes to GWAS loci are more

selectively constraint than eQTL genes and have more complex regulatory landscape.

They further argued that negative selection on functionally important genes purges large-

effect eQTL variants around promoters, whereas GWAS study design is still able to capture

variants around these genes. This theoretical analysis suggests that the overlap between

GWAS and eQTL SNPs is low not because of technical reasons, but due to selection his-

tory34. Therefore, the intrinsic limitation of eQTL data may not be salvaged by better

experimental design. We hypothesis that other molecular phenotypes can complement

eQTL data in that they regulate gene expression through distinct biological processes.

Chromatin accessibility is a measure of “open” chromatin regions that are depleted

with histone complex occupation in the genome. First assayed by DNase I hypersensi-

tive sites sequencing (DNase-seq) andmore recently by transposase-accessible chromatin

with sequencing (ATAC-seq), these accessible regions represent active regulatory ele-

ments as they need to be accessible to transcription factor (TF) binding to function35,36.

Studying caQTL offers several advantages over eQTL. First, it is easier to map causal ge-

netic effects on chromatin accessibility than on gene expression, given that chromatin

lies upstream of expression in the gene regulation cascade. As genetic information “flows

through” the regulatory cascade, noise and other biological mechanisms unaccounted for
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could dilute the signal of causal genetic variants. Indeed, chromatin accessibility tend to

be more heritable than gene expression11. Second, chromatin accessibility can measure

the activity of various kinds of regulatory elements, including promoters and enhancers.

Some enhancers might be too far away from a gene body to be tested in eQTL studies,

others might have too weak an effect on expression to be detected in eQTL. Moreover,

while a gene can be regulated by multiple enhancers, expression level only reflects their

joint effects, which is not necessarily additive37. On the contrary, caQTL has the ability

to capture the regulatory effect of separate enhancers.

1.5 Combining single-cell multiomics with molQTL mapping

The study of disease genetics has constantly benefited from technological innovations

that generate new types or modalities of data. Among them, single-cell genomics has

revolutionized how biological samples are collected and analyzed, and proved to be a

powerful tool when combined with human genetics. Until recently, most eQTL studies

used bulk RNA-seq method, which measures gene expression in a group of cells. When

tissues are used, themeasured gene expression represents an average level across the cell

types in the tissue, obscuring cell type-specific eQTL signals. This could be overcome by

using sorted cell populations for RNA-seq libraries. However, in many cases, there is no

a priori knowledge for choosing the correct cell population to study. It is also difficult to

collect sufficient number of cells in bulk RNA-seq for rare cell types or subtypes and for

precious samples.

Single-cell technologies offer an unprecedented opportunity to address these short-

comings. Single-cell RNA-seq (scRNA-seq) counts the number ofmessenger RNA (mRNA)

molecules in each single cell and distinguishes uniquemolecules from amplified products

by a uniquemolecular identifier (UMI) that’s attached to eachmolecule. Current technol-

ogy allows for the simultaneous profiling of thousands of genes in around 10,000 cells in
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each experiment, which can be scaled to collect population-level scRNA data from almost

a thousand individuals38, providing enough statistical power for QTL mapping. Single-

cell RNA-seq data can not only identify rare cell types and states, it can also infer con-

tinuous cell trajectory. Combined with genetics analysis, this has led to the discovery of

eQTL with “dynamic” effects in processes like immune activation and induced Pluropo-

tent stem cell (iPSC) differentiation39,40.

Recent developments in technologies also enable the collection of epigenetic or even

multi-modal data at single-cell resolution. While there have been several sc-eQTL stud-

ies in the past years, sc-caQTL has been scarce so far. Bulk caQTL studies have already

shown that caQTL colocalize with more GWAS loci andmediate more disease heritability,

suggesting the potential of sc-caQTL to reveal novel biological understandings. What is

more, sc-ATAC data and scRNA-data from matched samples or multi-modal single-cell

data offers the opportunity to interrogate the genetic effects on both chromatin accessi-

bility and gene expression in the same set of samples and even the same cells, which can

be used to better understand the dynamic of various steps of gene regulation and their

relevance to diseases.

1.6 The immunology and genetics of rheumatoid arthritis

RA is an autoimmune disease characterized by chronic, often-symmetrical inflammation

in synovial joints (synovitis) and subsequent destruction of bone and cartilage. As it is a

systemic disorder, comorbidities often involve other tissues and organs, including lung,

heart, and peripheral nervous system. RA is one of the most common autoimmune dis-

eases, with a global prevalence of around 1%1.

The exact triggers of RA remain elusive so far, but previous studies have identified sev-

eral factors associated with higher RA risk. The initial breakdown of self-tolerance before

symptoms in the joints likely happens in the mucosal surfaces. Smoking and inhalation
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of certain particles in textile factory or silica mines lead to higher RA risk, possibly by

inducing the citrullination of arginine residues in protein peptide by peptidyl arginine

deiminases (PADs) such as PADI4 and PADI6. Periodontal diseases—disorders in the oral

mucosal—have also been linked to the triggering of RA, and might be related to interac-

tions with oral microbiomes, which can in turn stimulate PAD activity41,42.

RA is a highly heritable disease, with a heritability of around 60% in twin studies and

10-25% in the general population43. The genetic architecture of RA has been relatively

well-studied in the past 15 to 20 years. The major histocompatibility complex (MHC) lo-

cus shows the strongest association with RA risk, and studied have identified HLA-DRB1

as the major risk gene in this region. Multiple risk alleles in HLA-DRB1 encodes the same

amino acid sequences, leading to the shared epitope hypothesis. Later studies established

the link between shared epitope and the development of anti-citrullinated protein anti-

bodies (ACPA).

GWAS has led to the discovery of a large number of non-MHC genetic variants associ-

ated with RA, with more than 150 genome-wide significant loci identified44,45. RA GWAS

is also among the largest—therefore themost well-powered—studies for autoimmune and

immune-related diseases, offering a unique opportunity to study the genetic basis of the

disease. Many genes implicated in the genetic studies of RA are well-characterized im-

mune genes or have known role in RA etiology, including PTPN22, IL6R and PADI4.

Many immune andnon-immune cell types have been associatedwithRAdevelopment.

Multiple types of immune cells infiltrate the synovium in RA, among which CD4+ T cells

are crucial to disease pathogenesis. Given that the shared epitope resides in HLA-DRB1,

a MHC class II gene, it is expected to engage with CD4+ T cells. Indeed, activated CD4+

T cells are accumulated in inflamed joints of RA patients, and secretes proinflammatory

cytokines. Many T cell subtypes, such as type 1 Thelper (TH1) cells and type 17 Thelper

(TH17) cells, are enriched in RA synovium, and play crucial roles in disease progression.
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For instance, interleukin-17 (IL-17) produced by TH17 cells can lead to bone and cartilage

destruction. Human genetic studies have also found that genes specifically expressed in

effector memory CD4+ T cells are highly enriched around RA risk loci46.

Given that systemic breakdown of self-tolerance is a characterization of autoimmu-

nity, regulatory T (Treg) cells also play an important role in RAdevelopment. A large num-

ber of Treg cells are present in the synovial fluids of RA patients. From the perspective of

epigenetics, H3K4me3 histone modifications, which represent active promoters and en-

hancers, are significantly enriched with RA SNP in Treg cells47. But the exact role of Treg

cells in RA can be complicated by their interaction with various types signalingmolecules

and immune cell types. Many functional studies on Treg cells in autoimmunity were per-

formed in other autoimmune disease samples or in relevantmousemodels. Nevertheless,

the discoveries made in these systems can be generalized to many human autoimmune

conditions, including RA. Earlier studies suggested that Treg cells might have defective

immunosuppressive functions, inspiring clinical trials that aimed at developing thera-

pies that supplement healthy, functional Treg cells to patients. Although most studies

have shown that it is safe to adoptivly transfer in vitro expanded Treg cells into patients,

the treatment effect of this practice remains unclear, with many early stage clinical trials

still ongoing48. Subsequent studies found that synovial fluid Treg cells are still functional

in vitro, suggesting that it is effector T cells that are rendered resistant to Treg suppression

in inflamed joints. This resistant phenotype has been shown to be mediated by certain

proinflammatory cytokines including IL-6, IL-15, and IL-2149,50.

Recent studies have also pointed to CD8+ T cells and their potential role in RA devel-

opment. For instance, one study found that enrichment of CD8+ T cells in synovial fluid

and synovial tissue of sero-positive RA patients and identified a group of GZMK+ GZMB+

CD8+ T cells that secrete IFN-γand tumor necrosis factor (TNF), but have diminished cy-

totoxic activity51. Similar, another study identified clonally expanded GZMB+ CD8+ T
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cells in the PBMC of ACPA+ RA patients52. However, many aspects of the role of CD8+ T

cells in RA development remain elusive and further studies are necessary.

RA is often regarded as a “prototypical” autoimmune disease in that many features of

RA are shared with other types of autoimmune conditions. Therefore, understanding RA

pathogenesis can potentially be generalized to other diseases.

Given the diverse disease-related cell states and complex interactions in disease tis-

sue, it is plausible that the key to understanding the genetics of IRD like RA is to study

genetic effects under disease contexts. Many studies have used in vitro stimulation on

immune cells as a proxy for disease-relevant contexts. This has led to the understanding

of how immune cells act differently to various challenges from a genomic perspective,

as well as the discovery of eQTL that respond to stimuli (also known as response eQTL,

or reQTL)53,54. Nevertheless, how faithful these artificial conditions recapitulate biolog-

ical contexts that mediate the genetic predisposition of IRD remains contested. On the

contrary, directly studying genetic regulation in disease conditions offer at least three ad-

vantages. First, many immune cell types show altered gene expression under disease con-

ditions, andmany of these alterations are disease-specific. For instance, monocytes from

PBMC of RA patients showed substantial differences in their transcriptomes from that of

healthy PBMC55. Second, and more crucially, because many IRDs often most strongly

affect certain organs and tissues, cell types from those locations can show specific ge-

netic effects that are absent from easily-accessible tissues like peripheral blood. Third,

cellular functions can be profoundly affected by disease-specific micro-environment that

does not exist in healthy individuals. This is particularly important for IRDwhere chronic

inflammation at the disease site can modulate the migration, expansion and activities of

immune cells for a long period, or even permanently.

12



CHAPTER 2

THE IMPACT OF REGULATORY VARIANTS ON HUMAN

IMMUNE-RELATED DISEASES

Note: This chapter is adapted from published article: Mu, Z., Wei, W., Fair, B. et al. The

impact of cell type and context-dependent regulatory variants on human immune traits.

Genome Biol 22, 122 (2021). https://doi.org/10.1186/s13059-021-02334-x

2.1 Abstract

The vast majority of trait-associated variants identified using genome-wide association

studies (GWAS) are noncoding, and therefore assumed to impact gene regulation. How-

ever, the majority of trait-associated loci are unexplained by regulatory quantitative trait

loci (QTL). We perform a comprehensive characterization of the putative mechanisms by

which GWAS loci impact human immune traits. By harmonizing four major immune QTL

studies, we identify 26,271 expression QTL (eQTL) and 23,121 splicing QTL (sQTL) span-

ning 18 immune cell types. Our colocalization analyses betweenQTL and trait-associated

loci from 72 GWAS reveals that genetic effects on RNA expression and splicing in immune

cells colocalize with 40.4% of GWAS loci for immune-related traits, inmany cases increas-

ing the fraction of colocalized loci by two fold compared to previous studies. Notably, we

find that the largest contributors of this increase are splicing QTL, which colocalize on

average with 14% of all GWAS loci that do not colocalize with eQTL. By contrast, we find

that cell type-specific eQTL, and eQTL with small effect sizes contribute very few new

colocalizations. To investigate the 60% of GWAS loci that remain unexplained, we collect

H3K27ac CUT&Tag data from rheumatoid arthritis and healthy controls, and find large-

scale differences between immune cells from the different disease contexts, including at

regions overlapping unexplained GWAS loci. Altogether, our work supports RNA splic-
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ing as an important mediator of genetic effects on immune traits, and suggests that we

must expand our study of regulatory processes in disease contexts to improve functional

interpretation of as yet unexplained GWAS loci.

2.2 Introduction

Genome-wide association studies (GWAS) have identifiedwell over ten thousand genomic

loci associated with human diseases and complex traits. However, while the number of

trait-associated variants continues to grow, the causal genes and mechanisms at most

GWAS loci remain difficult to determine. This difficulty is in part owing to the fact that

~90% of GWAS variants lie in noncoding regions.

Multiple studies have now shown that noncoding trait-associated variants are en-

riched for expression QTL (eQTL) and enriched in regulatory elements such as enhancers

and promoters. These findings suggest that noncoding variants likely affect traits by im-

pacting gene regulation, an interpretation which hasmotivatedmany studies tomap reg-

ulatory QTL—in particular eQTL—in a diverse set of tissues and cell types. While eQTL

indeed overlap withmany variants that have been associated with complex traits and dis-

eases, several studies that assessed colocalization between GWAS and eQTL variants con-

cluded that only a minority of GWAS loci can be explained by the eQTL detected in avail-

able samples. For example, a 2017 study reported that ~21% of variants associated with

autoimmune diseases colocalize with eQTL in at least one of three immune cell types they

analyzed. In addition, a paper from the GTEx consortium suggests that ~20% of GWAS

loci show colocalized effect with eQTL in the tissue most relevant to the trait. Moreover,

another recent study estimated that only an average of ~11% of trait narrow-sense her-

itability could be explained by cis-genetic effects on gene expression levels as measured

in GTEx. Altogether, these observations suggest that very little is known about the genes

and mechanisms by which genetic variants impact traits at the vast majority of GWAS
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loci.

There are several possible explanations for themodest overlap betweenGWAS loci and

eQTL. For example, there may exist genetic effects on gene regulatory processes other

than steady state gene expression levels that mediate genetic effects on trait. Indeed,

we previously showed that RNA splicing is an important regulatory mechanisms that link

trait-associated variants to complex traits. Another explanation is that genetic effects

are often restricted to trait-relevant cell types and cell states that have not been the sub-

jects of colocalization or eQTL studies. Indeed, because the effect of GWAS loci on gene

regulation can be cell type-specific, QTL maps in precise trait-relevant cell types must be

available for successful colocalization. Additionally, the effects of GWAS loci have also

been reported to be disease-specific, and can be found only when QTL mapping in sam-

ples collected from disease patients is available. Finally, genetic effects on gene regula-

tionmay sometimes be too small to be detected at current sample sizes, even in the causal

cell types, cell states, and disease context. While all these possibilities likely contribute

to the modest overlap that has been observed, identifying major contributors would sig-

nificantly help our design of future human genomics studies.

The large number of GWAS loci without a colocalized eQTL is particularly striking

for immune-related trait GWAS given that immune cell types have been the subject of

the most eQTL studies, and with the largest sample sizes for eQTL mapping. This study

aims to leverage the large number of eQTL studies available for immune cell types to

understand how regulatory variants affect common disease risk, with a particular focus

on the ~80% of autoimmune disease GWAS loci without a colocalized eQTL. Our approach

was to perform a uniform eQTL and splicing QTL (sQTL) mapping across cell types and

datasets to evaluate the prevalence of cell type and cell state-specific effects, as well as

to quantify the colocalization rates between sQTL and GWAS loci.

To this end, we mapped eQTL and sQTL in four datasets, including (i) a dataset with a
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Figure 2.1. Summary of analysis workflow.
a,Auniform computational pipeline to analyze data from four large immune RNA-seq datasets. b,
Total number of genes and intron clusters with a significant QTL identified in DICE (left) and the
three other studies (right) as a function of sample sizes. c, Studies with larger effective sequencing
depth (BLUEPRINT and GEUVADIS EUR) have more sQTL compared to other studies. Effective se-
quencing depth = library size× read-length. Red line represents the fitted simple linear model. d,
An eQTL for gene CDK10 is shared by all 15 cell types in DICE despite large differences in baseline
expression levels. e, An eQTL for gene IL15RA is shared across cell types but show cell type-
specificity according to linear regression. lm Z: Z-scores of linear model from FastQTL, mash Z:
Z-scores estimated by mash (red). The lm Z-scores were colored in grey when the Z-score did not
pass statistical significance after FastQTL permutation and in black when they were determined
to be significant.
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large number of different immune cell types but a small sample size (DICE, N = 90); (ii) a

dataset with a single tissue-type but with a large sample size (DGN, N = 922); and (iii) two

intermediate datasets (BLUEPRINT, N = 197, and GEUVADIS, N = 462). We reasoned that

analyzing these datasets in a uniform fashion (Figure 2.1a) would allow us to capture

both strong QTL with cell type-specificity (using DICE) and weak-effect eQTL that are

less likely to be cell type-specific (e.g., using DGN). These data allowed us to evaluate

the cell type-specificity of QTL while considering limited statistical power due to small

sample size. Moreover, using the uniformly processed QTL, we found that, on average,

eQTL and sQTL together colocalize with 40.4% of GWAS loci for autoimmune diseases

and blood-related phenotypes, doubling for many GWAS the number of colocalizing loci

from previous studies. Interestingly, we found that cell type-specific eQTL account for a

very small number of colocalization events, a finding that stands in contrast to several

previous studies. Notably, we found that genetic effects on RNA splicing contributed a

large number of novel colocalizations, implying that RNA splicing is often impacted by

trait-associated variants.

To characterize the remaining 60% of GWAS loci without colocalization, we collected

H3K27ac profiles of 5 immune cell types (CD4+ T cells, CD8+ T cells, regulatory T cells,

monocytes, and B cells) from rheumatoid arthritis (RA) patients and healthy controls us-

ing CUT&Tag. These additional data helped us to better understand the cellular con-

text in which GWAS loci, including those without colocalization, contribute to disease

risk. Specifically, our work suggests that to understand themechanisms underlyingmany

GWAS risk loci, we need to study gene regulation in the context of disease. This stands in

contrast to the idea that gene regulation in the disease context merely reflects the conse-

quence of disease, or of response to treatment, which would confound the study of causal

genetic mechanisms rather than help it.

Taken together, our work reports a comprehensive analysis of the regulatory effects of
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genetic variants on immune cell types, their overlap with GWAS loci and with regulatory

regions in a disease context. Our maps of eQTL, sQTL, and gene regulatory regions in

diverse immune cell types are available online, which we foresee will aid research on the

genetic basis of diseases and on gene regulation in immune cells.

2.3 Results

Harmonized map of eQTL and sQTL in 18 immune cell types

We built a uniform data processing pipeline to harmonize four population-scale RNA-

seq datasets (Figure 2.1a). The DICE dataset consists of population RNA-seq data for

13 unstimulated immune cell types including various naïve and effector/memory T cell

sub-types, classical and non-classical monocytes, B cells, and NK cells. The DICE dataset

also includes RNA-seq data from CD4+ and CD8+ T cells that have been activated in vitro

by engaging T cell receptor (TCR) complex using CD3/CD28 antibodies. Although the

sample size in the DICE dataset is the smallest (n = 91) among the four datasets, the large

number of sorted cell types makes the DICE dataset ideal to identify cell type-specific

genetic effects. The BLUEPRINT dataset consists of RNA-seq data from three cell types

(classical monocytes, naïve CD4+ T cells and neutrophils) in 197 individuals. The DGN

consortium collected whole blood samples from 922 individuals and, finally, GEUVADIS

collected RNA-seq data from 462 lymphoblastoid cell lines (LCL).

Our pipeline, which is described in detail in Methods, includes quantifying RNA ex-

pression and splicing levels, imputing genotype data to the same common reference panel,

and calling QTL in all datasets using the same strategy. We also designed an approach

to harmonize quantification for splicing junction usage across cell types and datasets by

first merging textttLeafCutter intron clusters across all samples and then re-calculating

intron usage for each sample (Methods). Thus, we produced a harmonized set of introns
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that can be readily interrogated. To map eQTL and sQTL, we used FastQTL. As covari-

ates for the linear regression, we used three genotype PCs and a number of phenotypic

PCs chosen to maximize the number of significant QTL (Storeys q-value < 0.05). In to-

tal, we discovered 26,271 genes and 23,121 intron clusters that have a significant QTL

in at least one the four datasets at 5% false discovery rate (FDR). As expected, both the

numbers of eQTL and sQTL were correlated with sample size (Figure 2.1b). In addition

to sample size, we found that the number of sQTL identified was also correlated with ef-

fective sequencing depths (Figure 2.1c and Figure S2.1). Notably, while the number of

sQTL is roughly linearly related to sample size, datasets with higher effective sequencing

depths consistently yielded more sQTL than predicted by a simple linear model. This is

most obvious for BLUEPRINT, which used 100 bp single-end or paired-end sequencing

when compared to DICE or DGN (both 50 bp single-end). We show a shared eQTL for the

CDK10 gene (Figure 2.1d) and an eQTL for the IL15RA gene (Figure 2.1e) as examples.

All gene expression and splicing quantification, as well as all identified eQTL and sQTL

are available on Zenodo56.

Global patterns of eQTL and sQTL sharing across immune cell types

To characterize the cell type-specificity of genetic effects on gene regulation in immune

cells, we sought to discern genetic variants that impact gene regulation broadly across

many or all immune cell types from those that impact a few or only one cell type. Previ-

ous studies have also quantified the sharing and specificity of regulatory QTL28,29. How-

ever, because the sample sizes of most datasets are small, we speculated that estimates

of QTL effect sizes are noisy, which would generally cause studies to underestimate the

levels of QTL sharing. We reasoned that our harmonized dataset would allow us to better

infer sharing patterns. In particular, we improved our estimates of eQTL and sQTL effect

sizes at each locus by statistical shrinkage usingmash57. Themashmethod improves esti-
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mates of QTL effect sizes from those that are obtained from applying linear regression in

each cell type separately, because mash leverages the correlation structure of QTL effect

sizes across all cell types to re-estimate QTL effect sizes at each locus. We applied mash

to calculate posterior mean effect sizes (henceforth referred to as mash effect sizes) and

corresponding standard errors for the 36,950 unique SNP-gene associations and 116,881

unique SNP-intron associations (q-value below 5%) in the 15 DICE cell types separately.

This procedure greatly enhanced estimates of QTL effect sizes in the 15 immune cell types

(for two examples see Z-scores in Figure 2.1d-e, also see Figure S2.2 and Methods).
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Figure 2.2. Sharing of eQTL and sQTL using mash.
a, Estimated number of cell types in which eQTL are inferred to be significant among six common
cell types from mash. These estimates of sharing are much higher than that from the original
study29. b, Sharing of eQTL (left) and sQTL (right) by magnitude (Fold difference in QTL effect
size less than 2). Red square: cells were grouped into six clusters based on eQTL sharing, which
resulted in the following groups: (i) Naïve T cells, (ii) Memory and Effector T cells, (iii) Monocytes,
(iv) activated T cells, (v) B cells, and (vi) NK cells. c, Estimated number of cell types in which eQTL
are inferred to be active among naïve and activated naïve T-cells from DICE. d, Heatmap showing
-log10p values of a differential gene expression analysis that compared the expression level of cell
type-specific eGene in the discovery cell type to the expression levels of the eGene in the other 14
cell types. e, Distance between eQTL and their target genes stratified by the number of cell groups
in which the eQTL is active. To obtain the six cell groups, we grouped the 15 cell types based on
similarity in their mash effect sizes as described in b.
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We first asked about the proportion of QTL that are shared across immune cell types

based on the estimated mash effect sizes. We found that a large fraction (33.7%, n =

2897 of 8597) of genes with an eQTL (eGenes) are shared according to mash (Local False

Sign Rate [LFSR] < 0.05) across all six distinct major cell types in the DICE dataset (B

cell, naïve CD4+ and CD8+ T cell, NK cell, classical monocytes, non-classical monocytes)

(Figure 2.2a). Our estimates of sharing are therefore much higher than the 5.2% (463

out of 8863) estimated in the original DICE study29. In fact, the original DICE study es-

timated that nearly half of all eGenes are specific to a single immune cell type, while our

new estimate suggests that only 20.4% are likely cell type-specific (Figure 2.2a).

Using mash effect sizes, it is also possible to quantify the amount of QTL sharing in

terms of magnitude of effects. We found that over 40% of eQTL have similar mash effect

sizes (within 2-fold, 34% within 1.5-fold) across pairs of cell types, and this fraction in-

creases to over 90%when considering closely related cell types, such as classical and non-

classical monocytes or TH 1 and TH 17 cells (Figure 2.2b, left). In addition, we found that

the vast majority (> 80% within 2-fold, 67% within 1.5-fold) of sQTL have similar mash

effect sizes across all immune cell types, with activated CD4+ and CD8+ T cells forming

an outlier group in a hierarchical clustering based on estimates of sharing (Figure 2.2b,

right). These results are consistent with previous work and suggest that the impact of

genetic variation on RNA splicing is generally shared across two cell types when the in-

volvedmRNA transcripts are expressed in both cell types, which is largely the case for any

pair of immune cell types.

In general, the proportion of shared eQTL across cell types captured the lineage re-

lationships among the 15 immune cell types. Specifically, classical and non-classical

monocytes clustered together, while B cells and NK cells each formed distinct clusters.

Furthermore, despite a high level of QTL sharing (> 80%) among naiïve T cells, we found

that naiïve CD4+, CD8+ and regulatory T cells formed one cluster, while memory and ef-
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fector T cells formed another larger cluster. We also observed a higher level of QTL shar-

ing between activated CD4+ and CD8+ T cells compared to that between stimulated and

naiïve T cells. This observation suggests that activated CD4+ and CD8+ T cells share sim-

ilar gene expression programs upon activation, and that differences in genetic effects on

gene regulation exist between activated and non-activated cells. Nevertheless, we found

that 66.2% of eGenes (n = 4,900) were shared according to mash (LFSR < 0.05) between

naiïve and activated T cells, suggesting that the overall impact of genetic effects on gene

regulation is in most cases the same across activated and naiïve T cells (Figure 2.2c). We

also calculated share-by-sign and share-by-magnitude excluding the HLA locus (Chr6:

25-35 Mb), and observed no significant difference in eQTL sharing levels. This is not sur-

prising given that the HLA locus contains but a few hundreds genes, which account for

1.26% of all genes included in our mash analysis (Figure S2.3).

While a large proportion of eQTL and sQTL appeared to be shared across multiple im-

mune cell types, we found that a substantial number of eQTL (2810 eQTL, 27.8%, which in-

clude stimulation-specific eQTL) appeared cell type-specific. We asked whether QTL that

appeared cell type-specific showed specific features compared to QTL that were shared

across immune cell types. We first asked whether genes with eQTL that were specific

to a cell type were also more highly expressed in that cell type compared to the other

cell types. To test this, we asked whether genes with an eQTL in a cell type A but not

in another cell type B, were significantly more highly expressed in cell type A than cell

type B. Indeed, we found that this was the case for most cell type-specific eQTL (66.7%,

Bonferroni adjusted P value < 0.05, one-sided, paired Wilcoxon rank-sum test), suggest-

ing that variation in gene expression level likely impacts whether a genetic variant has a

regulatory effect and/or our ability to detect this effect. This observation was most ob-

vious for classical monocytes, non-classical monocytes and naïve B cells, and is driven

by differences in their gene expression levels compared to T cells (Figure 2.2d). In ad-
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dition to differences in gene expression levels, we found that eQTL that were cell type-

specific were located further away from the gene transcription start site in comparison

to eQTL that were shared across immune cell types (Figure 2.2e). Moreover, cell type-

specific eQTLweremore highly enriched in enhancers compared to eQTL thatwere shared

(Figure S2.4). These observations are consistent with the notion that cell type-specific

eQTL tend to impact enhancer activity, while shared eQTL more often impact promoters.

Taken together, our analyses revealed that QTL effects are shared for a large number

genes. Nevertheless, we were able to detect a non-negligible number of cell type or cell

group-specificQTL. Importantly, these findings and classification show replication across

datasets (Supplementary Notes). Thus, we expect our QTL data to be highly replicable in

existing or future immune QTL datasets.

Colocalization of immune regulatory QTL with common disease GWAS

Our harmonized eQTL and sQTLdata gave us the unprecedented ability to identify genetic

variants that impact traits through regulatory effects on immune cell types. Weperformed

colocalization analyses that aimed to determine whether the genetic variants at GWAS

loci that are causal for a trait are likely to be the same variants as the causal regulatory

QTL. We compiled a set of 72 well-powered GWAS, including 14 for autoimmune diseases

(11 unique disease types), 36 blood traits, and 22 other traits, and used COLOC to evaluate

colocalization (PP4 ≥ 0.75)with DICE, BLUEPRINT, and DGN QTL separately (average N

= 206,090)21. We computed the colocalization rate for each GWAS as the percentage of

GWAS loci that show evidence of colocalization out of the total number of associated loci

in the GWAS (Methods). We report the main colocalization results of our analyses using

BLUEPRINT QTL (3 immune cell types) below, and use the DICE (15 cell types) regulatory

QTL to interpret the cell type-specificity of colocalized genes. We reasoned that choosing

BLUEPRINT over DICE as the main dataset for this analysis will increase our power for
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QTL mapping owing to its larger sample size and will also allow us to identify more sQTL

owing to higher RNA-seq coverage and longer read-lengths (Figure 2.1c).

Whenwe ascertained colocalization between GWAS loci for the 72 traits and QTL from

BLUEPRINT, we observed that colocalization rates between immune regulatory QTL and

GWAS hits were higher for autoimmune and blood-related traits compared to other non-

immune traits (mean 40.4% versus 27.7%) (Figure 2.3a). This observation supports the

expectation that a large fraction of colocalized regulatory QTL indeed affect immune

traits by impacting gene regulation in immune cell types.

We next focused on autoimmune diseases and blood-related traits. Our regulatory

QTL colocalized with a mean of 38.1% (range: 24-47.4%, n = 14) and 41.4% (range: 33.8-

50%, n = 36) of autoimmune disease and blood traits GWAS loci (PP4 >0.75), respectively

(Figure 2.3a). The mean rates of colocalization ranged from 27.4% to 50.2% depending

on the choice of posterior probability cutoff for determining colocalization status (PP4,

ranging from 0.5 to 0.9, Figure S2.5). We chose to use an intermediate cutoff of 0.75

to be consistent with previous studies31. Expression QTL colocalized with 6.7-39.3% of

GWAS loci with an average of 26.6%, similar to estimates from a previous study31. No-

tably, we found that splicing QTL colocalized with an additional 7.6-21% GWAS loci (av-

erage: 13.8%) that did not colocalize with an eQTL, and explain much of the increase in

colocalization rates from this study compared to that of previous studies. Interestingly,

we observed that the rates of colocalization between GWAS loci and both an eQTL and

an sQTL can vary substantially across traits, ranging from 4.5% for systemic lupus ery-

thematosus (SLE) to 28.6% for basophil percentages of granulocyte (BASO%GRAN) (av-

erage: 17.2%). Most notably, nearly all colocalized loci associated with SLE (10 out of

16) colocalized only with sQTL (Figure 2.3a). Interestingly, the rates of colocalization

were not correlated with GWAS sample size nor the number of significant loci, and thus

the variation in colocalization rates cannot be attributed to differences in GWAS power
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Figure 2.3. Colocalization analysis explained up to 47% of GWAS variants and revealed potential
causal SNPs to non-immune traits.
a, Proportions of GWAS loci colocalized with eQTL, sQTL, or both. Dashed line: mean colocaliza-
tion rate. *: Alzheimers disease (AD) GWASwas not included in themean calculation owing to the
well-documented involvement of microglia in AD. b, Colocalization of Crohns Disease (CD) GWAS
with eQTL (orange), sQTL (purple), or both (black). GWAS SNPswith -log 10(P) larger than 30were
set to 30 to facilitate visualization. c, LocusCompare plot (top) and Sashimi plot (bottom) showing
colocalization between a sQTL of an intron in gene SP140 in T cell and a GWAS locus for CD. Ar-
rows in the Sashimi plot point to the intron affected by the sQTL, labeled with PSI quantification
from LeafCutter58.
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(Figure S2.6). This result raises the possibility of distinct regulatory architectures for dif-

ferent diseases. We obtained similar rates of colocalization with DICE and DGN, for which

30.7% and 38% immune GWAS loci colocalized with DICE and DGN regulatory QTL, re-

spectively (Figure S2.7).

To help the interpretation of these results, we show the colocalizations between im-

mune regulatory QTL and GWAS loci for Crohns disease (CD) as an example (Figure 2.3b)

(12,194 cases and 28,072 controls)59. We included 108 GWAS loci in our colocalization

analysis that pass a p-value threshold of 10-7 (Methods). Ten and fifteen loci colocalized

with only eQTL or sQTL, respectively, while an additional 25 loci colocalized with both

eQTL and sQTL. In total, 46% of loci colocalized with an eQTL, an sQTL, or both. Of note,

several identified colocalized genes have been extensively studied in terms of CD etiol-

ogy, including NOD2 and ITGA4, of which the latter is the target for the CD monoclonal

antibody drug natalizumab60,61.

The high rates of colocalization (average: 13.8%) between GWAS loci and sQTL high-

light the importance of considering the impact of risk variants onRNA splicing. For exam-

ple, we identified an sQTL associated with the skipping of the seventh exon in gene SP140

in T cells that colocalizedwith a risk locus in bothCDGWASweanalyzed (Figure 2.3c)59,62.

SP140 encodes nuclear body protein SP14063, which preferentially binds to gene promot-

ers with H3K27me3modification and regulates multiple immune-related genes64,65. No-

tably, the exclusion of the same exon in SP140 transcript isoformshas also been associated

with risk alleles for other diseases including multiple sclerosis66.

As expected, immune regulatory QTL colocalized at a lower rates in GWAS of traits

that are not autoimmune or blood-related (27.7%). Among the 22 non-immune traits we

analyzed, Alzheimers disease (AD) is an outlier, for which 55% of GWAS loci colocalized

with a BLUEPRINT QTL. The high rate of colocalization can be explained by the known

role of microglia in AD etiology67. Nevertheless, it is likely that for most other non-
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immune traits GWAS loci, colocalization with immune regulatory QTL reflect a causal

effect of the risk variant on disease throughnon-immune cell types that is alsomanifested

in an immune cell type (Supplementary Notes).

GWAS-eQTL colocalizations across immune cells are highly shared when ac-

counting for statistical power

Several studies have proposed that a large fraction of autoimmune disease risk loci affect

gene expression levels in a cell type-specificmanner68,69. We sought to use our dataset to

evaluate this hypothesis by analyzing the cell type-specificity of the eQTL that colocalize

with autoimmune GWAS loci. To do this, we focused on the 197 genes with a DICE eQTL

(eGenes) that colocalized with at least one of the 14 IRD GWAS in our study. We then

evaluated the cell type-specificity using the mash QTL effect sizes estimated for the 15

immune cell types from the DICE consortium.

The general pattern of sharing that we observed for colocalized risk loci is that the

corresponding eGenes are mostly shared across multiple cell types. The sharing was also

apparent across the 6 major groups of immune cells that represent naïve T cells, memory

and effector T cells, monocytes, activated T cells, B cells, and natural killer (NK) cells

(Figure 2.4a). Sixty five of 197 (33.0%) tested genes colocalized in all 6 major immune

cell groups. The immune cell groups in which the most colocalized genes were found are

memory and naïve T cells, inwhich 160 and 151 of 197 eGenes colocalizedwithGWAS loci,

respectively. However, only 8, 8, and 4 eGenes showed an effect that appear to be specific

to B cells, monocytes, and NK cells, respectively, while 12 eGenes showed an effect only

in T cells. These observations suggest that for the vast majority of autoimmune risk loci,

the effect of risk variants on gene expression level is not restricted to a single immune

cell type or cell group.

We next set to understand the discrepancy between our finding that most GWAS loci
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impact multiple cell types and that of previous work, which suggests more cell type-

specificity46,68. We first analyzed colocalization status of autoimmune GWAS loci in each

cell type separately, which corresponds to the general approach used by previous stud-

ies9,29,31. We found that, using this approach, the number of cell types with positive

colocalization status is generally smallersometimesmuch smallerthan the number of cell

types in which the eQTL effects are shared according to our analysis (Figure 2.4b). We

speculate that this discrepancy results from the variation in the posterior probabilities

of colocalization computed by COLOC, owing to inherent noise in estimating the effect

sizes and statistical significance of eQTL (Supplementary Note).

We asked whether this observation was reflective of a general trend across GWAS loci.

We reasoned that, under the simplifying assumption that there is only one causal eQTL

at each GWAS locus, colocalized loci should show a general pattern where SNPs in high

LD with the lead GWAS SNP will show strong associations with expression levels of the

colocalized gene, but the eQTL associations will weaken for SNPs in lower LD. Thus, eQTL

that colocalize with a GWAS locus in all cell types should show decreasing eQTL associ-

ation strength for SNPs in decreasing amount levels of LD for most or all cell types. By

contrast, eQTL that only colocalize with a GWAS locus in a single cell type, should show

these patterns only in a single or a small number of cell types.

To visualize these patterns across many GWAS loci and cell types, we first found the

lead GWAS SNPs at every colocalized loci and divided all SNPs within 1Mb into four bins

according to their linkage disequilibrium (LD)with the lead SNP (namely, r2 within ranges

of (0, 0.25), (0.25, 0.5), (0.5, 0.75), and (0.75, 1)). Next, for each r2-bin, we identified the

SNP with the smallest eQTL p value for the colocalized eGene in each of the 6 DICE cell

groups (Figure 2.4c). We then plotted the p values for all the colocalized locus-gene

pairs where themash SNPs and the lead GWAS SNPs are in close LD (r2 >0.8, Figure 2.4d,

Figure S2.8a). We observed that the most significant eQTL are often in high LD with the
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lead GWAS SNP for multiple cell groups (rows) when the eQTL were determined to have

shared effects. By contrast, for the eQTLwe inferred to have a cell type-specific effect, the

patterns are strikingly different as themost significant eQTL aremore likely to be in lower

r2-bins in most cell types (Figure 2.4e, Figure S2.8b). These findings support our high

estimates of shared regulatory effects of GWAS variants across multiple cell types. These

observations also suggests that COLOC is susceptible to noise in QTLmapping, especially

when the sample size in QTLmapping is small. More importantly, our data indicates that

previous work over-estimated the fraction of GWAS loci with cell type-specific effects on

gene expression levels. Indeed, we found cell type-specific colocalization in a single or

two major immune cell groups for only 35 of 197 loci (17.8%), while 103 (52.3%) are eQTL

in five or more cell groups.

Limited regulatory effects specific to stimulated cells at GWAS loci

Our analysis so far indicates that about 40% of autoimmune GWAS loci have a detectable

effect on gene regulation in at least one of the 18 immune cell types analyzed. We next

wondered about the mechanism by which the remaining 60% of GWAS loci function.

There are several possible explanations for why such a large fraction of GWAS loci do

not colocalize with a regulatory QTL identified in our study. One simple explanation is

that many of these GWAS loci do not impact disease risk by affecting the expression or

splicing of mRNA. Instead, theymay affect protein coding sequence or other as yet poorly

studied molecular mechanisms, such as alternative polyadenylation69.

To identify putative mechanisms by which trait-associated variants at uncolocalized

GWAS loci function, we asked whether genes in GWAS loci without colocalization were

different in terms of expression levels, enhancer density, and sequence constraint com-

pared to those in GWAS loci with colocalization (Methods). Our analysis revealed that

genes in loci without colocalization are expressed at a significantly lower levels than com-
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a, Genes closest to uncolocalized loci are expressed at lower levels compared to colocalized
eGenes. b, Genes closest to uncolocalized loci have higher EDS. c, Genes closest to uncolocal-
ized loci have lower LOEUF70. d, Forest plot showing the log2 OR of enrichment of uncolocalized
GWAS SNPs in open chromatin of stimulated immune cells compared to colocalized GWAS SNPs
(Fishers exact test). Error bars show 95% confidence intervals from bootstrap (Methods); *: FDR
<0.05. e, eGenes that colocalized only in eQTLGen data tend to be restricted in fewer cell types
(in DICE data) compared to eGenes that colocalized only in BLUEPRINT data or eGenes that colo-
calized in both BLUEPRINT and eQTLGen. f, eGenes that colocalize only in eQTLGen data have
smaller effect sizes compared to eGenes that colocalize only in BLUEPRINT T cells or eGenes that
are shared between eQTLGen and BLUEPRINT.

31



pared to genes at loci with colocalization (Figure 2.5a). In addition, we found a higher

enhancer density as measured by EDS37 (Figure 2.5b), and a lower tolerance to loss-of-

function mutations as measured by LOEUF70 (Figure 2.5c) for genes in uncolocalized

GWAS loci.

Several studies have proposed that many autoimmune disease GWAS loci impact gene

regulation in stimulated but not resting immune cells71,72. Thus, it is possible that a

large fraction of uncolocalized GWAS hits impact gene regulation in stimulated but not

unstimulated cells. However, we found in an earlier analysis of DICE RNA-seq data that,

although some exceptions exist (Figure S2.9), regulatory effects in stimulated CD4+ and

CD8+ T cells were largely the same in unstimulated T cells. As a less direct but comple-

mentary analysis, we therefore asked whether uncolocalized GWAS loci were more likely

to overlap with open chromatin regions in stimulated immune cells compared to colocal-

ized ones using ATAC-seq data from 20 naïve and stimulated immune cells71. Again, we

found very little support for the hypothesis that a large fraction of uncolocalized GWAS

loci impact gene regulation in immune cells that were stimulated. Specifically, we ob-

served very subtle differences in the enrichment of uncolocalized GWAS SNPs in open

chromatin regions of stimulated immune cell types compared to that of colocalized GWAS

SNPs (Figure 2.5d, Methods). When accounting for multiple testing, only 17 out of 254

tests are significant at a FDR of 5%, and the enrichment for these were modest. Thus,

these analyses suggest that there are fundamental differences in the mechanisms and

genes that underlie colocalized and uncolocalized autoimmune GWAS loci, but the dif-

ference cannot be simply explained by regulatory effects that are restricted to stimulated

immune cells.
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No evidence for GWAS colocalization with small effect eQTL at most unex-

plained loci

Another explanation for the large number of uncolocalized GWAS loci is that the regu-

latory effects of many GWAS loci are outside current range of detection owing to small

sample sizes. As a simple way to test this, we performed an eQTL analysis for only the

lead GWAS SNPs at uncolocalized CD GWAS loci in BLUEPRINT T cells. The smaller num-

ber of tests compared to a genome-wide analysis improved our ability to detect eQTL

with smaller effect sizes (mean absolute effect size 0.34 versus 0.64 genome-wide, Fig-

ure S2.10). However, we found that only a small fraction (7.97% on average) of uncolocal-

ized autoimmune GWAS loci showed evidence of a regulatory effect using this approach.

This would still leave about half of all autoimmune GWAS loci uncolocalized.

As an additional test, we asked how many uncolocalized GWAS loci could be colocal-

ized using eQTL summary statistics from eQTLGen, which were obtained from a meta-

analysis of 31,684 whole blood samples17, including the 922 DGN samples analyzed in

our study. As quality control, we first compared the eQTLGen colocalizations with that

of DGN (15,269 common genes) and that of BLUEPRINT (15,373 common genes). Of the

242 autoimmune GWAS loci that colocalized with DGN eQTL, 196 were found to replicate

using the eQTLGen dataset (168 of 232 (72.4%) for BLUEPRINT). The higher replication

rates for DGN was to be expected given the sample overlaps and that DGN and eQTLGen

sampled the same tissue type, whole blood, while BLUEPRINT assayed sorted immune

cell types.

Using eQTLGen eQTL, we identified an additional 130 GWAS loci that colocalize in

eQTLGen but not in BLUEPRINT, on average accounting for 16.8% (range: 6.6% - 35.8%)

of uncolocalized loci from our BLUEPRINT analyses (Figure S2.11). These findings sug-

gest that although the gain in colocalization by increasing sample size could be large for

someGWAS (e.g., 35.8% formultiple sclerosis), the average increase in colocalization rate
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is small. As expected, colocalized eGenes specific to eQTLGen tend to not be eGenes in

DICE immune cell types, or were eGenes with cell type-specificity (Figure 2.5e). Addi-

tionally, the eQTL of colocalized eGenes specific to eQTLGen have smaller effect sizes on

average than that of colocalized eGenes specific to DGN, which in turn have smaller ef-

fects on average than colocalized eGenes that were identified to be shared in the DICE

dataset (Figure 2.5f). Thus, despite the substantial improvement in detection power af-

forded by the large eQTLGen sample size, the average GWAS colocalization rates for eQTL

only increased slightly, from 22.9% using BLUEPRINT compared with 29.4% using eQTL-

GEN. Indeed, even when colocalized loci ascertained in DGN and eQTLGen are combined

together, only an average of 35.8% GWAS loci colocalized with an eQTL. While this is a

relatively big increase, suggesting that the lack of colocalization atmanyGWAS loci is due

lack of power in our eQTL analysis, these results suggest that increasing the sample size

of our eQTL analysis is unlikely to account for the majority of the uncolocalized GWAS

loci, at least for eQTL studies on cell types that are well-represented in whole blood.

Condition-specific profiles ofH3K27ac inRApatients highlights context-dependent

effects in RA pathogenesis

Finally, we hypothesized that the effects of some uncolocalized GWAS loci may be more

readily interpretable in the context of the corresponding disease. While stimulation of

immune cells in vitro may capture some important regulatory features reflecting disease

state, we reasoned that studying immune cells sampled directly fromautoimmune disease

patients may better help understand the effects of uncolocalized GWAS loci. To this end,

we focused specifically on rheumatoid arthritis (RA), an autoimmune disease that primar-

ily affects synovium joints and is often associated with immune cell infiltration that leads

to the build up of synovial fluid (SF) that can be collected from a joint aspiration73.

To obtain regulatory profiles of cells in the context of RA, we first collected peripheral
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blood mononuclear cells (PBMC) from 6 RA patients and 4 healthy controls, as well as

synovial fluid from the same RA patients. We then sorted B cells, CD4+ and CD8+ T cells,

regulatory T cells and monocytes using flow cytometry (Methods), and profiled regions

marked with H3K27ac using CUT&Tag (Figure 2.6a). Using these data, we identified reg-

ulatory regions and quantified their activity in 5 immune cell types and 3 different im-

mune contexts corresponding to the peripheral immune context in a healthy state, the

peripheral immune context in the disease state, and the immune context at the active

site of inflammation. We mapped CUT&Tag 150bp paired-end reads onto the genome

using Bowtie 2 and identified peaks using MACS2 for each sample separately75,76. We

then merged the peaks for all samples, by joining peaks that overlap, to obtain a single

consensus peak set that was used for quality control and downstream analyses.

As expected, UMAP visualization of the log2-transformed read count-per-million

(log2CPM) at the top 30,000 most variable peaks in the consensus set showed separation

of the major cell groups (Figure 2.6b). In particular, B cells and monocytes formed dis-

tinct clusters, while CD4+, CD8+ and regulatory T cells clustered together. Notably, cells

from the same biopsy site also formed sub-clusters such that immune cells from healthy

and disease PBMCclusteredmore closely together, while immune cells from synovial fluid

clustered separately. Importantly, samples did not cluster according to batch or other

technical factors (Figure S2.12), indicating that the observed clusters reflect biological

differences between cell types and biopsy sites.

We next compared H3K27ac activity between immune cells from the different immune

contexts (Methods). The general trend we observed was that H3K27ac profiles in T cells

were more different between RA synovial fluid and RA PBMC than between RA PBMC and

healthy PBMC. Indeed, we found 2,481 and 2,962 differentially acetylated peaks between

RA SF and RA PBMC cells for CD4+ T cells and CD8+ T cells, respectively, compared to the

1,045 and 1,070 differentially acetylated peaks between RA PBMC and healthy PBMC. By
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contrast, theH3K27ac profile ofmonocytes fromRAPBMC ismore similar to that of RA SF

monocytes than that of healthy PBMC monocytes. This finding suggests that monocytes

in the peripheral blood of RA patients show similar pathogenesis signatures to synovial

fluid monocytes (e.g., at the IL1B locus, Figure S2.13), and corroborates observations

that were made previously using single-cell RNA-seq data55.

We next studied the 8,117 peaks that showed higher activity in immune cells from RA

SF compared to immune cells from healthy PBMC. We found that many of these peaks

are located near important genes that are involved in inflammation pathways and dis-

ease pathogenesis, such as CSF1, which modulates the differentiation of monocytes to

macrophages77, and IL1RN (also known as IL1RA), which encodes the interleukin-1 re-

ceptor antagonist protein that has been associated with autoimmune diseases including

RA78. Interestingly, IL1RN expression was also found to be upregulated in monocytes

treated with synovial fluid from arthritic joints79. Overall, we found that genes near

peaks with higher activity in RA SF monocytes were enriched in functional annotations

such as immune response (P value: 2.96×10-14, hypergeometric test), immune effector

process (1.76×10-18), and several pathways including interferon, TNF, NF-κB, and TLR

signaling pathways (1.64×10-3, 5.10×10-5, 3.49×10-3, 8.46×10-3, respectively) (Meth-

ods). Thus, the H3K27ac profiles of RA SF immune cells revealed elements that appear

context-specific and relevant to RA pathogenesis.

We then askedwhether differentially active peakswere enriched in unexplainedGWAS

loci. To answer this question, we overlapped differentially accessible peaks in all immune

cells from RA patients with RA GWAS after fine-mapping using SuSiE (Methods)80. Strik-

ingly, we found that of the 42 uncolocalized RA GWAS loci, fine-mapped SNPs at 12 loci

overlappedwith a regionwith higher activity in RA immune cells (6 loci for healthy PBMC,

bootstrap p-value 0.026, Methods). For example, we found that a lead GWAS SNP lies

within a differentially active peak at the promoter region of FCRL3 in CD4+ and CD8+ T
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cells (FDR: 7.7×10-3 for CD4+ and 2.6×10-2 for CD8+ T cells, Figure 2.6d). In another

example, the RA lead SNP overlaps with an H3K27ac peak located near the promoter of

ETV7which showed higher activity in both RA SF CD4+ T cells compared to the respective

cell types from RA PBMC (FDR: 1.6×10-3) and healthy PBMC (FDR: 5.7×10-5). The ac-

tivity of this regulatory region was also higher in RA SF monocytes compared to healthy

PBMC monocytes (FDR: 4.5×10-3, Figure 2.6e).

To further assess the relevance of each immune context on the study of disease eti-

ology, we quantified the enrichment of RA heritability in H3K27ac peaks identified in

the different immune contexts using stratified LDscore regression74. To establish a base-

line for comparison, we used accessible chromatin regions identified using ATAC-seq data

from unstimulated and stimulated immune cell types (Methods)71. Our estimates reca-

pitulated the findings from the original study in which CD8+ T cells and delta gamma

T cells showed the largest increase in heritability enrichment subsequent to stimulation

(~30-fold vs ~20-fold enrichment for stimulated versus unstimulated)71. We then applied

the same analysis using our H3K27ac peaks. We found that while the estimated RA her-

itability was similarly enriched in ATAC-seq peaks from unstimulated immune cells and

in H3K27ac peaks from RA PBMC and Healthy PMBC (~20-fold), the heritability enrich-

ment was greater in H3K27ac peaks from RA SF B cells, CD4+ T cells, and Tregs than in

ATAC-seq peaks from in vitro stimulation of the same cell types (Figure 2.6f).

Our analyses therefore show that there are significant differences in the regulatory

landscapes of immune cell types across disease states and immune contexts. In particu-

lar, we found that the regulatory landscape of cells extracted from the active site of RA

inflammation showed striking differences when compared to that of circulating immune

cells in the periphery of both RA patients and healthy individuals. Importantly, we find

that the regulatory regions identified in immune cells from RA synovial fluid overlap with

many uncolocalized GWAS loci and are the most highly enriched in RA SNP heritability.
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Altogether, these observations indicate the importance of studying cell types in the cor-

rect disease context in order to elucidate the genetic etiology of a disease.

2.4 Discussion

The goal of this study was to establish a detailed accounting of the effects of genetic vari-

ants on gene regulation in immune cells and their overlap with genetic effects on human

traits and disease. Recent studies suggested that fewer than a third of GWAS loci colocal-

ize with an eQTL9,31. This finding implies that much is left to be understood about the

mechanisms by which genetic variants impact human traits.

There are several possible explanations for the small fraction of GWAS loci that colo-

calize with an expression QTL. Our work evaluated the possibilities that (i) there exist

genetic effects on gene regulation other than steady state gene expression levels, (ii) ge-

netic effects are often restricted to cell types and cell states that are causal for the trait,

and (iii) genetic effects are often too small to be detected, even in the causal cell types

or cell states. These possibilities are not mutually exclusive, but the implications are dif-

ferent for how we should design future human genomics research. For example, if trait-

associated variants often impact mRNA splicing but not steady state mRNA expression,

then a more widespread focus on mapping the effects of genetic variants on mRNA splic-

ing is needed. If most disease-associated genetic effects are very specific to cell types and

cell states that are relevant to the trait, then studying eQTL identified in bulk, unsorted,

tissues will have limited success in elucidating the mechanisms underlying most GWAS

loci.

Using our harmonized regulatory QTL data, we found that eQTL and sQTL together

colocalized with up to 45% of trait-associated loci for the 72 GWAS we analyzed. On aver-

age, 40.4% of significant loci from the 50 immune-related GWAS colocalized with a regu-

latory QTL, a larger proportion compared to an average of 26.4% for the 21 non-immune
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GWASwe analyzed (excluding Alzheimers disease, 55.2% colocalized). One of the caveats

in our colocalization analysis is the use of the method COLOC. Although COLOC is a very

popular method for colocalization analyses, it uses priors that, when altered, can impact

substantially the computed posterior probabilities that the causal eQTL and GWAS vari-

ants are the same variants. Reassuringly, when we used another colocalization method,

HyPrColoc81, that does not rely on user-defined priors, we were able to replicate nearly

all colocalized genes identified using COLOC, indicating that our colocalization analyses

are robust and replicable (Supplementary Notes).

Our data also allowed us to ask whether regulatory QTL are likely to be active in many

immune cell types, or only in few or a single cell type. We found that at least one third of

eQTL (81% of sQTL) are shared across all 15 immune cell types we analyzed from the DICE

dataset. For closely-related cell types, we found that the fraction of shared eQTL was as

high as 96% (99% for sQTL). Intriguingly, activated and naïve T cells share nearly 70% of

detected eGenes. Thus, QTL effects appear similar across many cell types and cell states.

One important implication of this finding is that eQTL that colocalize with GWAS SNPs in

one cell type are also likely to be active in other cell types. Thus, eQTL that colocalize at a

GWAS locus in one cell type should, in general, colocalize in the other cell types. Indeed,

after accounting for variability in the posterior probabilities of colocalization reported by

COLOC owing to the inherent noise in QTLmapping, we found that the majority of GWAS

loci colocalizes with the sameQTL inmultiple cell types. Altogether, these data questions

the notion that the vast majority GWAS SNPs affect gene regulation in a very cell type-

specific manner as highlighted in several studies29,53. Thus, the use of regulatory QTL

from proxy cell types or tissues, e.g., from the GTEx consortium, to identify causal genes

may be well justified for a large fraction of GWAS loci.

A noteworthy finding from our colocalization analysis is that genetic variants that im-

pact mRNA splicing often colocalize with a GWAS signal. Indeed, if we considered eQTL
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only, our rates of colocalization would be very similar to that of previous studies (26.2%

vs 21%)31. Instead, when sQTL were tested for colocalization, we found that more GWAS

loci colocalized with sQTL than with eQTL. It is worth noting however, that a substan-

tial number of GWAS loci colocalized with both an eQTL and an sQTL. This may be due

to horizontal pleiotropy, whereby a genetic locus can influence the expression level of a

gene, as well as the splicing of an intron in the same or a different gene. Another possible

explanation for this observation is that eQTL effects are often mediated by sQTL or vice-

versa. A colocalization analysis for sQTL conditioned on the eQTL would be necessary to

tease apart these possibilities but is outside the scope of our work.

Despite a substantial increase in colocalization rates in our study, we find that formost

traits, over half of all GWAS loci do not colocalize with a regulatory QTL. Interestingly,

we found several differences between genes at colocalized GWAS loci and those at un-

colocalized loci. Genes at GWAS loci without colocalized regulatory QTL tend to be more

lowly expressed, have higher enhancer density, and are less tolerant to loss-of-function

mutations. These findings suggest that genes at uncolocalized GWAS loci may be subject

to stronger constraints both at the levels of gene regulation and sequence conservation.

Thus, a plausible explanation is that genetic effects at these loci are on average smaller

and more cell type or context-specific compared to genes at GWAS loci with colocaliza-

tion. This hypothesis is consistent with the idea that much larger sample sizes may be

required to find the causal QTL effects that explain the associations at GWAS loci with-

out colocalization. That said, our colocalization analyses on QTL datasets with very large

sample sizes (DGN: N = 900, eQTLGen: N = 31,684) revealed that the rates of colocaliza-

tion only increased slightly despite the large increase in our power to detect low-effect

QTL. We speculate that an important reason for the modest increase in colocalization is

because both DGN and eQTLGen QTL data are from whole blood samples, which are less

likely to capture genetic effects that are cell type or context-specific.
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One intriguing finding from our analyses is that eQTL identified specifically in in vitro

stimulated immune cells from DICE colocalized with only a small number of GWAS loci

that did not colocalize with QTL from unstimulated cells. This observation might seem

surprising because a recent paper showed that autoimmune disease SNP heritability is

more highly enriched in accessible chromatin from in vitro stimulated immune cells com-

pared to naïve immune cells71. However, we should note that our data does indeed sug-

gest that SNPs at colocalized and uncolocalized GWAS loci are more highly enriched in

open chromatin from stimulated cells compared to unstimulated cells. The differences in

the enrichment, however, is negligible, suggesting that stimulation-specific effects can

not explain why a large fraction of GWAS loci do not colocalize with the regulatory QTL

identified in our study.

One possible explanation for the modest increase in the colocalization rates, when

using eQTL identified in stimulated immune cells, is that the immune cells stimulated

in vitro only partly recapitulate gene regulation in the in vivo disease context. Thus,

although many regulatory elements are primed to be activated subsequent to in vitro

stimuli—thereby capturing someof the important regulatory regions relevant to disease—

theymay require additional factors to fully capture the effects of genetic variants on gene

expression levels in the disease context. In support of this, Tsuchiya et al.found that

stimulating immune cells in vitro was able to recapitulate gene expression signatures of

immune cells from rheumatoid arthritis (RA) patients when 6 different cytokines were

used together, but not when the cytokines were used on their own82.

To better understand the role of context on our ability to interpret GWAS signals, we

collected H3K27ac measurements in healthy and RA patients using CUT&Tag to use as

proxy for enhancer and promoter activity. Although the sample sizes are too small for

a QTL analysis, we were able to use these data to ask whether gene regulatory data in

the disease context could aid us to identify putative mechanisms that underlie RA GWAS
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hits, in particular for loci with no QTL colocalization. We found that SNPs at 12 out of 42

uncolocalized GWAS loci overlap with regions with increased H3K27ac levels in immune

cells from RA synovial fluid. Remarkably, we also found that regions marked by H3K27ac

in immune cells from RA synovial fluid were more highly enriched in RA heritability than

compared to healthy or RA immune cells collected from peripheral blood. Additionally,

our initial analyses suggest that the RA GWAS heritability enrichments in regulatory re-

gions identified in RA synovial fluid immune cells are even higher than in that of in vitro

stimulated immune cells. We should note here that cautionmust be used when interpret-

ing these results as the data type collected in these two studies differ (ATAC-seq versus

CUT&Tag). Nevertheless, these preliminary analyses indicate that studying the regula-

tory effects of genetic variants in the disease context may be critical for discovering the

mechanisms behind a large number of GWAS loci without colocalization.

2.5 Methods

Data processing

To harmonize the set of genetic variants across all four datasets, we imputed the geno-

types of all individuals in the four studies using the 1000G Phase 3 v5 as a common refer-

ence panel (Michigan Imputation Server83). Following imputation, only non-duplicated

genetic variants with INFO score larger than 0.9 were retained. We filtered variants with

Hardy-Weinberg Equilibrium (HWE) p values below10-5, withmissing genotype rate higher

than 5%, and with minor allele frequency below 5% using PLINK v1.984. We used the re-

maining set of variants in all subsequent analyses unless otherwise noted. To exclude out-

lier individuals, we calculated genotype principal components (PCs) using smartpca85.

Five outliers in the DICE dataset were identified and removed from downstream analyses.

To quantify gene expression levels, we used Kallisto86 and summed the transcript per
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million (TPM) estimates of all GENCODE 1987 isoforms to obtain a gene-level TPM. The

gene-level TPMwere then scaled and quantile-quantile normalized as described before10.

Gene expression principal components were calculated using the prcomp function in R.

To quantify RNA splicing, RNA-seq reads were aligned to the hg19 reference gnome us-

ing STAR 2.6.088 with the GENCODE 19 annotation. To avoid reads mapping with al-

lelic bias, we usedWASP89 as implemented in STAR 2.6.0 by providing the corresponding

genotype data. This is an important step as we found a substantial increase in the num-

ber of false positive splicing QTL due to allelic bias in read mapping. Indeed, when reads

representing different alleles map to different regions of the genome, QTL mapping will

be susceptible to identifying spurious associations between the alleles and read coverage

at those genomic regions58. Exon-exon junctions were extracted using RegTools90, and

clustered and quantified using LeafCutter58. As expected, we observed that the number of

exon-exon junctions identified in each sample is positively correlated with the sequenc-

ing depth in the DICE consortium (Figure S2.1). To harmonize quantification for splicing

junction usage across cell types and datasets in all 18 immune cell types, clusters were

merged and the merged union was used to re-calculate intron usage in all samples.

MashR analysis in the DICE dataset

To quantify the sharing of eQTL and sQTL in the DICE dataset, we followed the workflow

provided by the authors ofMashR (https://github.com/stephenslab/gtexresults) that

was previously described in57. Briefly, standard errors of QTL effect sizes were calculated

from FastQTL nominal output, which were used together with effect sizes as the input

for mash. To quantify the correlation structure of the null tests, 30% of all tests were

randomly sampled (referred to as the “random” set). To obtain a confident set of QTL for

each feature (gene or intron), the SNP with the smallest P-value across all tested SNPs

and all cell types were extracted for each feature. This resulted in a feature-by-sample
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matrix of effect sizes and their standard errors without missing values referred to as the

“strong” set. For eQTL, we included all protein coding genes. For sQTL, we included

all introns. Data-driven covariance matrices were calculated from the “strong” set. We

then built a mash model using the “random” set with the exchange effects (EE) mode

to estimate the priors. This model was then applied to the “strong” set to calculate the

posterior mean effect sizes (mash effect sizes). Significant QTL after mash analysis were

feature-SNP pairs with local false sign rate (LFSR) below 0.05, as suggested by57. The

level of QTL sharing was quantified as both overall sharing and pairwise sharing. Overall,

sharing was determined to be the number of cell types in which a given feature has a

regulatory QTL (LFSR <0.05). Pairwise sharing was quantified both by magnitude and by

sign. Share-by-magnitude between two cell types correspond to the proportion of QTL

that is significant in one of the cell types and posterior mean effect sizes differ by no

more than twofold. Share-by-sign between two cell types correspond to the proportion of

QTL that was significant in one of the cell types and had the same sign. The 15 cell types

in DICE were grouped into 6 cell groups based on the eQTL sharing-by-magnitude (see

Figure 2.2b).

Characterization of regulatory QTL

To calculate the distance between eQTL and their target genes, we defined the promoter

of each gene as the region 2000 bp upstream and 500 bp downstream of TSS. We tested

the enrichment of eQTL in regulatory elements from Ensembl Regulatory Build and con-

sensus ATAC-seq peak set from Calderon et al.71. We categorized all ATAC-seq peaks to

be either an enhancer or a promoter based on whether they overlap with any promoter

region (2000 bp upstream and 500 bp downstream of TSS). The observed and expected

number of QTL overlapping with each feature was estimated using the fenrich command

from QTLtools91, and the odds ratios of enrichment were calculated by supplying those
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number to Fishers exact test in R. We validated eQTL from DICE in other datasets using

π1 statistics92, stratifying eQTL by their levels of sharing across six cell groups estimated

bymash (specific: in one cell group; intermediate: 2-5 cell groups; shared: 6 cell groups).

The 95% confidence intervals of π1was estimated using 1000 bootstraps (i.e., re-sampling

DICE eQTL with replacement).

Colocalization

COLOCColocalization analyseswere performedbetween eQTL/sQTLand72publicly avail-

able GWAS summary statistics for 11 autoimmune diseases (14 studies), namely, rheuma-

toid arthritis (RA)44, Crohns disease (CD)59,62, ulcerative colitis (UC)59,62, inflamma-

tory bowel disease (IBD)59,62, allergy and eczema (AE)93, asthma, hay fever and eczema

(allergy for short)94, apoptotic dermatitis (ApD)95, asthma96,97, systemic lupus erythe-

matosus (SLE)98 and multiple sclerosis99. We also collected 36 GWAS for blood-related

traits100, 11 GWAS related to heart functions and circulation system101, and several other

traits including type 2 diabetes (T2D)102, Alzheimers disease (AD)103, Parkinsons disease

(PD)104, estimated glomerular filtration rate (eGFR)105, height106, and breast cancer sur-

vival107 and other cancers/neoplasms101. We considered the 14 autoimmune and the 36

blood-related GWAS as immune-related, and the rest 22 GWAS as non-immune GWAS.

To assess colocalization betweenGWAS loci andQTL,we first identified the leadGWAS

variants and their flanking region inwhich colocalizationwas to be tested. Specifically, all

variants available in the GWAS summary statistics were sorted by p-values in increasing

order. Starting from the variant with the smallest p-value (lead variant), variants within

the 500 Kb window on either side of the leading variant were removed. This resulted in

a 1Mbp GWAS locus for colocalization analysis. The same procedure was then applied to

the next most significant variant among the remaining variants, until no variant with p

value below 10-7 was left. The HLA region (Chr6: 25-35 Mb) was excluded from colocal-
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ization. Only GWAS with more than 10 identified loci were included in our analysis. For

each GWAS locus identified above, colocalization was tested only if it harbored a regula-

tory QTL with beta-distribution permuted p value below 0.01 (bpval <0.01) as reported by

FastQTL in the 1 Mb window flanking that leading GWAS SNP. Default priors were used

for COLOC. We set PP4 >0.75 as the threshold for colocalization. The colocalization pro-

portion was calculated as the proportion of colocalized loci among all identified loci in a

GWAS.

Colocalization resultswere visualizedusing a function adapted fromLocusCompare108.

For a given locus, SNP with the largest posterior probability from COLOC was defined as

the colocalized SNP. r2 relative to the colocalized SNP were calculated from the geno-

types in the QTL study. To visualize the sQTL in the form of a Sashimi plot109, we first

grouped individuals by their genotypes, and then extracted RNA-seq reads that mapped

to the cluster that contains the intron to be visualized. To make the coverage comparable

between different genotypes, we scaled the read coverage by the number of indivuduals

that carry each genotype using the scaleFactor argument in bamCoverage fromDeeptools

when generating bigWig files110. The coverage was then visualized using pyGenome-

Tracks111.

Cis-eQTL data of eQTLGen was directly obtained from the website (https://eqtlge

n.org/cis-eQTL.html)17. We also downloaded allele frequencies from 26,609 eQTL-

Gen samples (excluding FraminghamHeart Study), which were used in our colocalization

analysis. Of note, the DGN dataset is also included in eQTLGen meta-analysis, but does

not alter the interpretation of any of our analyses.

HyPrColoc

The GWAS-gene pairs tested in HyPrColoc were selected in the same way as COLOC. We

set PP >0.25 as the threshold for colocalization as recommended by the authors81.
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Validation of immune-cell-specific colocalization for non-immune traits

We validated colocalization of 14 non-immune traits (11 heart-related, AD, PD and breast

cancer survival) in DICE immune cells using the GTEx V7 eQTL. We first chose several

tissues in GTEx that are most relevant to each GWAS trait. For heart-related traits, we

chose tissues in heart and circulation system (Artery - Aorta, Artery - Coronary, Artery

- Tibial, Heart - Atrial Appendage, Heart - Left Ventricle). For AD and PD, we included

the 13 brain tissues (Brain - Amygdala, Brain - Anterior cingulate cortex (BA24), Brain -

Caudate (basal ganglia), Brain - Cerebellar Hemisphere, Brain - Cerebellum, Brain - Cor-

tex, Brain - Frontal Cortex (BA9), Brain - Hippocampus, Brain - Hypothalamus, Brain -

Nucleus accumbens (basal ganglia), Brain - Putamen (basal ganglia), Brain - Spinal cord

(cervical c-1), Brain - Substantia nigra). For breast cancer survival, we used adipose tis-

sues and breast tissue (Adipose - Subcutaneous, Adipose - Visceral (Omentum), Breast

- Mammary Tissue). We then identified all the colocalized gene-SNP pairs for these 14

GWAS in DICE, and extracted their P values from GTEx eQTL in the relevant tissues, as

well as from DICE eQTL in all immune cell types. Given that a large proportion of eQTL

are shared in DICE, we grouped the 15 immune cell types into 6 groups, assigning the

smallest P value from all cell types within a given group to that group for each gene. We

used Bonferroni correction to adjust P values for multiple testing. Finally, we calculated

the proportion gene-SNP pair that has adjusted P value below 0.05 in DICE but not GTEx

tissues.

Characterizations of uncolocalized GWAS loci

We restricted this analysis to the loci from the 14 autoimmuneGWAS that did not colocal-

izewith any BLUEPRINTQTL. All geneswere classified into four categories: geneswith an

eQTL that colocalized at a GWAS locus, genes that are the closest to a GWAS locus, genes

that are closest to a uncolocalized GWAS locus, and all remaining genes. We compared
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gene expression level in the three BLUEPRINT cell types separately. The gene expression

level values for the three cell types were combined and plotted in Figure 2.5a. We also

obtained Enhancer-domain score (EDS)37 and “loss-of-function observed/expected up-

per bound fraction” (LOEUF)70 for all available genes and compared the distribution of

EDS and LOEUF across the four categories above.

To test the enrichment of uncolocalized loci in ATAC-seq peaks in stimulated immune

cells, we constructed a contingency table by counting the number of colocalized and un-

colocalized loci overlapping stimulated and unstimulated ATAC-seq peaks, respectively.

We then tested the hypothesis that uncolocalized loci were more highly enriched in stim-

ulated open chromatin regions compared to colocalized loci using Fishers exact test. We

estimated 95% confidential interval of estimates by bootstrapping uncolocalized GWAS

loci 1,000 times with replacement.

We reasoned that regulatory effects of many uncolocalized GWAS loci might be too

small to be detected due to small sample sizes. To test this possibility, we ascertained

eQTL only at uncolocalized GWAS loci. Briefly, we extracted QTL tests at lead SNP of un-

colocalized loci. GWAS locus-gene pairs that have already been tested in COLOC but did

not colocalize were filtered. Since it is common for one lead SNP to be associated with

many genes, we adjusted the P values by number of tested genes at each loci using Bon-

ferroni correction and picked the gene with the smallest P value. We then calculated the

proportion of genes with P value below 0.05. This analysis was applied to each autoim-

mune GWAS in each cell type in BLUEPRINT dataset.

RA samples collection and analysis

Sample collection and CUT&Tag experiment All of the clinical samples were obtained

from Xijing Hospital. Peripheral blood and synovial fluid samples were collected from 6

RA patients at the Department of Clinical Immunology, Xijing Hospital. All of the RA pa-
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tients fulfilled the 1987 revised American College of Rheumatology criteria and the ACR

2010 Rheumatoid Arthritis classification criteria112. In addition, peripheral blood sam-

ples were gathered from 4 healthy individuals. All blood and synovial fluid samples were

subjected to gradient centrifugation using lymphocyte separation medium (MP Biomed-

icals, 0850494) to isolate mononuclear cells, which were cryopreserved for later experi-

ments.

The cryopreservedmononuclear cells were thawed intoRPMI/10%FBS,washed once in

sterile phosphate-buffered saline (PBS; Beyotime, ST476), and stained with the following

antibodies in PBS for 30 min: anti-CD3-APC/Cy7 (Biolegend, 300426), anti-CD4-PE/Cy7

(Biolegend, 357410), anti-CD8-Percp/Cy5.5 (Biolegend, 301032), anti-CD25-PE/CF594(BD

Horizon,562525), anti-CD19-FITC (Biolegend,302206), and anti-CD14-APC (Biolegend,

301808). CD4+ T cells (CD3+, CD4+, CD8-), CD8+ T cells(CD3+, CD4-, CD8+), T reg cells

(CD3+, CD4+, CD8-, CD25+), B cells (CD3-, CD19+), and monocytes (CD3-, CD14+) were

sorted by FACSAria III (BD Pharmingen, San Diego, USA) directly into wash buffer for

CUT&Tag, with a maximum of 1×105 cells for each cell type. We profiled H3K27ac (ab-

cam ab4729) for each cell type following the standard CUT&Tag protocol113. Samples

were processed in different batches, and we ensured to include at least one healthy indi-

vidual and one RA patient in each batch to minimize batch effects that align with biolog-

ical differences that we are interested in.

CUT&Tag data analysis

TheDNA libraries were subjected to 150bp paired-end (PE) sequencing. Sequencing reads

were aligned to human reference genome hg19 using Bowtie 2 with parameters

-local -very-sensitive-local -no-unal -no-mixed -no-discordant -phred33 -minins

10 -maxins 70075. Aligned reads were filtered using Samtools with -F 1804 -f 2 -q

30114. Samples with fewer than 2M reads were excluded from subsequent analyses. Fil-
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tered BAM files for samples that have the same disease status (healthy/RA), tissue-type

(PBMC/SF) and cell type were merged. Read coverage was calculated using bamCoverage

in 10bp window normalized by RPKM110. H3K27ac peaks were called from the merged

BAMfiles usingMACS2with parameters –format BAMPE –broad –broad-cutoff 0.1 –qvalue

0.1 –extsize 14676. We reasoned that calling peaks from merged BAM files increases

the signal-to-noise ratio. To generate a consensus peak set, wemerged all the peaks using

bedtools merge115, resulting in 90,412 peaks. We then counted the number of fragments

overlapping with the consensus peak set in each sample using featureCounts116.

Differential peak analysiswas performedusing limma117. We calculated average log2CPM

across samples with the same disease status, tissue-type, and cell type. This average

log2CPMwas only used to filter our peaks with low fragments counts. Peaks with average

log2CPM below 2 in all groups were excluded from differential analysis. Then, normaliza-

tion factors were calculated from the remaining peaks using the TMMmethod, and counts

in each sample converted to log2CPM. Since samples were processed in different batches,

we used ComBat to adjust for batches while including disease status, tissue-type, and cell

type as our variable-of-interest. We constructed a contrast matrix comparing RA SF vs.

RA PBMC, RA SF vs. Healthy PBMC, and RA PBMC vs. Healthy PBMC in each, and applied

the trend method. Differential peaks were defined as log2-fold-change (log2(FC)) larger

than 1 or smaller than -1, and FDR below 0.1.

We overlapped H3K27ac peaks up-regulated in RA samples with uncolocalized RA

GWAS loci. We first fine-mapped RA GWAS summary statistics using SuSiE80. Fine-

mapping was performed at each locus we used in our colocalization analysis. We supplied

GWAS Z-scores, genotype correlation matrix from CEU and GBR from the 1000 Genome

Project as the reference panel and the sample size of reference panel to the susie_rss func-

tion.

We estimated the enrichment of RA SNP heritability in our H3K27ac peaks using Strat-
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ified LD Score Regression (S-LDSC)74. We used MACS2 peaks from merged BAM files,

which were extended by 500 bp on both sides. To reproduce the heritability analysis from

Calderon et al.71, we used the MACS2 peaks shared by the authors.

2.6 Supplementary Notes for Chapter 2

Patterns of sharing across datasets

To evaluate replication of our findings across datasets, we first verified that QTL that were

shared across DICE immune cell types were more likely to be captured in QTL data from

other datasets, particularly datasets that consist of RNA-seq from whole blood. To test

this, we used Storey’s π1 statistics to estimate the proportion of eQTL identified in DICE

that are also eQTL in the other three datasets. In particular, we partitioned the eQTL into

six groups representing the level of sharing across the major immune cell lineages sam-

pled by DICE. We estimated that 88.2% (∼2,118 out of 2,401) of eQTL that were shared

in all six DICE immune cell groups were eQTL in whole blood from DGN, and approxi-

mately 83% in monocyte or T cells from the BLUEPRINT consortium. By contrast, only

8.13-40.4% of eQTL that were detected in only one DICE immune cell-type could be de-

tected in the the DGN or BLUEPRINT data (Figure 2.7a). In addition, when we calculated

the π1 statistics starting with only eQTL that were specific to T-cells from DICE, we found

that 17.7% were captured in T cells from the BLUEPRINT consortium. Although this rate

of replication may seem low, it is 2.2-fold higher than compared to the overall proportion

of cell-type-specific DICE eQTL that were captured by BLUEPRINT T cells (Figure 2.7b).

These patterns of sharing observed are consistent with the sharing pattern and cell-type-

specificity patterns of the eQTL as inferred from the DICE dataset. We note also here

that, interestingly, up to 40.4% of the cell-type-specific eQTL identified in DICE could be

replicated in the DGN dataset, suggesting that a substantial fraction of cell-type-specific
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eQTL effects can be detected in RNA-seq from whole blood.

0.00

0.25

0.50

0.75

DGN W
ho

le 
Bloo

d

BLU
EPRIN

T T
 ce

ll

BLU
EPRIN

T M
on

oc
yte

BLU
EPRIN

T N
eu

tro
ph

il

GEUVA
DIS

 E
UR L

CL

π 1

Specific
Intermediate
Shared

0.0

0.2

0.4

0.6

0.8

DGN W
ho

le 
Bloo

d

BLU
EPRIN

T T
 ce

ll

BLU
EPRIN

T M
on

oc
yte

BLU
EPRIN

T N
eu

tro
ph

il

GEUVA
DIS

 E
UR L

CL

π 1

T−cell−specific
Shared among
T cell and others

a b

Figure 2.7. Validation of eQTL from 15 cell types or only T cells in DICE.
a, Storey’s π1 statisticsmeasuring replication of shared and cell-type-specific eQTL in DICE across
datasets. As expected, DICE eQTL that are shared across all six cell groups aremore highly replica-
ble in other datasets than eQTL that are specific to one cell group. Bars represent 95% confidence
intervals calculated from 1,000 bootstrap samples. b, Similar to a, but only eQTL identified in T
cells in DICE were validated in the other three studies.

The role of immune cells in non-immune traits

Immune cell types are relevant to many complex traits and diseases. Indeed, coding and

regulatory variants in genes that primarily function in immune cells have been linked

to autoimmune diseases, e.g. PTPN22 in rheumatoid arthritis (RA), systemic lupus ery-

thematosus (SLE) and type 1 diabetes (T1D)118–120. Interestingly, there are also many

ways—perhaps less appreciated—by which immune cells impact non-immunological dis-

eases, including coronary artery diseases (CAD)121–123, metabolic diseases such as type

2 diabetes (T2D)124, and neurological disorders125,126. For example, microglia cells have

been shown to play an important role in the development of Alzheimer’s disease127,128.

We have also recently found that a highly significant Parkinson’s disease risk locus is as-

sociated with the expression level of LRRK2 in monocytes, but not in neuronal cells126,

suggestive of a specific effect on immune function. Thus, many, if not most, diseases are

associated with a number of risk loci that function through immune cell types.
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To identify trait-associated variants that likely act through immune cell types, we ob-

tained eQTL p-values from relevant GTEx tissues for the DICE eQTL SNPs that colocalized

with non-immune GWAS loci. Using these GTEx eQTL p-values, asked about the propor-

tion of immune regulatory eQTL that colocalize with non-immune GWAS loci that do not

show any effects on gene expression levels in GTEx tissues that are most relevant to each

trait. We chose five GTEx heart tissues as the relevant tissues for our 11 heart-related

GWAS. For breast cancer, we ascertained the effect of colocalized eQTL SNPs in breast and

adipose tissues. For Parkinsons disease (PD), we used the 13 GTEx brain tissues. Overall,

we found that 65 of 267 (24.3%) loci that colocalized in the 14 selected GWAS are specific

in DICE and BLUEPRINT immune cell data (Supplementary File 5, Supplementary Notes).

For example, we found that 8 of 36 eQTL that colocalized with diastolic blood pressure

in DICE are not significant in any of the five heart related tissues (P- value > 0.05 / 5)

(Figure 2.8).

Of note, two genes with colocalized eQTL, FOLR3 and LTBP4, were significantly as-

sociated with gene expression levels in GTEx whole blood, suggesting that they indeed

likely function through the immune cells. Interestingly, this possibility is further sup-

ported by studies that have shown that FOLR3 is down-regulated in peripheral blood of

patients with hypertension129,130.

Colocalization of immune regulatory QTL with non-immune trait GWAS loci

We found that nomore than 30%GWAS loci for T2D, eGFR and height colocalizedwith our

QTL in the BLUEPRINT dataset, whereas more than 50% AD GWAS loci colocalized with

a BLUEPRINT QTL. This is consistent with the known role of immune system in AD eti-

ology. The number of genetic loci below a given p-value cutoff varies between our GWAS

due to reasons including power and the genetic architecture of diseases. We observed

that GWAS loci with lower p-values were more likely to colocalize with QTL. To rule out
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Figure 2.8. Validation of eQTL colocalized with non-immune GWAS in relevant GTEx tissues.
Heatmap of eQTL association strengths in GTEx tissues and immune cell types for DICE eQTL
that colocalize with diastolic blood pressure loci. Several GWAS loci colocalize with eQTL active
in immune cell types but not in heart-related tissues.
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the possibility that the difference in colocalization percentages between our autoimmune

and non-autoimmune GWAS is due to differences in sample sizes (and therefore p-value

distribution), we also calculated the proportion of colocalized loci binned by p-values of

GWAS lead SNP. In this analysis we included GWAS lead SNPs with p-values below 10-5.

We found that at all p-value bins, the median of percentage of colocalized loci is higher

for autoimmune diseases than non-autoimmune traits, and this difference is larger at

higher p-value bins (Figure 2.9). Interestingly, while many colocalized genes in different

autoimmune diseases were shared, indicating partially overlapping disease etiology, they

rarely overlapped with colocalized genes in non-autoimmune traits.
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Figure 2.9. Mean colocalization rates for 72 GWAS stratified by P-value bins.

Underestimation of colocalization using COLOC

We found that the number of cell types in which a GWAS locus colocalizes with an eQTL

is generally smaller than the number of cell types in which that same eQTL is inferred to

be active. We speculated that this discrepancy results from the variation in the posterior

probabilities of colocalization computed by COLOC, owing to inherent noise in estimat-
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ing the effect sizes and statistical significance of eQTL. In support of this, we found a

gene RNASET2, whose eQTL colocalized with a CD risk locus in 7 out of the 13 cell types

analyzed (PP4 ranges between 0.79 and 0.99), but whose eQTL were inferred to be active

across all 13 cell types (Figure 2.10).

We found that in the colocalized cell types, the lead eQTL SNPwas also the lead GWAS

SNP. In the 7 other cell types, the lead eQTL SNPs did not correspond exactly to the lead

GWAS SNP, but were in strong LD (r2 > 0.6). As a result of this variation, the posterior

probabilities of colocalization (PP4 values) in these 6 cell types ranged from 0.58 to 0.69,

which did not pass our cutoff of 0.75. Taken together, these observations suggest that

RNASET2 eQTL colocalize with the Crohns disease GWAS locus in all 13 immune cell

types.

Robustness of colocalization

A recent study on COLOC reported that mis-specification of prior parameters can heavily

impact the inferred posterior probability of colocalization131. To verify the robustness of

our colocalization estimates, we performed the same analyses as above using HyPrColoc

(Hypothesis Prioritisation inmulti-trait Colocalization)81 instead of COLOC. Unlike COLOC,

HyPrColoc calculates both SNP-level alignment posterior probabilities and a regional pos-

terior probability. HyPrColoc then uses the product of the SNP-level alignment posterior

probabilities and the regional posterior probability as the colocalization posterior proba-

bility. It further applies non-uniform priors to SNPs in a given genomic locus, which was

proposed to bemore conservative than COLOC81. We found that the posterior probabilities

calculated in HyPrColoc were highly correlated (Spearman’s ρ = 0.86) to the posterior of

colocalization (PP4) estimated using COLOC, but were consistently lower (Figure 2.11a).

Using the posterior probability cutoff recommended by the authors (0.25), we were

able to replicate all colocalized signals identified using COLOC. Indeed, HyPrColoc found
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Figure 2.10. LocusZoom plot for an RNASET2 eQTL and a CD GWAS locus.
The eQTL is shared among all twelve cell types in mash but only colocalized in six using COLOC.
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Figure 2.11. Comparing COLOC and HyPrColoc.
a, Comparison of posterior probabilities of HyPrColoc and COLOC for CD GWAS. Red: colocalized
in both COLOC and HyPrColoc; blue: only colocalized in HyPrColoc; grey: not colocalized. Dashed
lines: posterior probabilities used in each method. Similar patterns for other autoimmune were
also observed. b, The rate of colocalization is on average 44.9% for the 13 IRD analyzed using
HyPrColoc. AE GWASwas not included in this analysis because SNP effect sizes were not available
in the summary statics.

the same number or slightly more colocalized loci when compared to COLOC (mean: 44%

compared to 40%; Figure 2.11b). Interestingly, we found that COLOC and HyPrColoc yield

identical results when the COLOC PP4 cutoff was lowered to 0.5 (Figure 2.11a). Our re-

analysis of colocalization using HyPrColoc therefore suggests that our initial COLOC results

are robust to assumptions on the prior distribution of colocalization probabilities. We

thus performed all downstream analyses based on COLOC colocalization status.

To better understand the effect of a fixed PP4 cutoff on over-estimating cell-type-

specificity of colocalization, we categorized all gene-cell pairs tested for colocalization

by (i) whether the eGene colocalizes in at least one cell-type and (ii) whether the eGene is

shared in at least four cell categories in DICE. We then compared the PP4 values of these

genes in each cell-type. We found that when the eGenes are shared across cell types,

the COLOC PP4 values are larger than when the eGenes are not shared for uncolocalized

gene-cell pairs. By contrast, this difference was much smaller for colocalized gene-cell

pairs (Figure 2.12).

While these observations suggests that our PP4 cutoff should perhaps be lowered, we
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Figure 2.12. Shared eGenes that colocalized in at least one cell-type tend to have larger PP4 in
cell types that do not colocalize.
Each entry in the plot represents the PP4 value of an eGene with a GWAS locus in a given cell-type
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in 12 or more cell types. Data from all 14 immune-related GWAS were plotted together.
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found that lowering the PP4 cutoff does not solve the overestimation issue as PP4 will

be inevitably smaller than any reasonable cutoff in some cell-type. We interpret these

findings to support the possibility that the cell-type-specificity of eQTL-GWAS loci colo-

calization is often overestimated.
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2.7 Supplementary Figures for Chapter 2
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Figure S2.1. Number of exon-exon junctions in each sample is positively correlated with library
sizes.
Blue line represents fitted line using a simple linear model.
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Figure S2.2. Fold-change of effective sample sizes as estimated by mash.
a, Fold-change in effective sample sizes for DICE eQTL. b, Fold-change in effective sample sizes
for DICE sQTL.
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a Proportion of colocalized loci as a function of GWAS sample size
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Figure S2.7. Colocalization rates for 72 GWAS in DICE and DGN consortium.
a, Stacking bar plots showing the proportion of GWAS loci colocalized with eQTL, sQTL, both or
none in DICE dataset. b, Similar to a, Stacking bar plots showing the proportion of GWAS loci
colocalized with eQTL, sQTL, both or none in DGN dataset.
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Figure S2.8. Many eGenes colocalized in CD GWAS are shared among the immune cells.
a, eQTL p-values in different LD bins at GWAS loci with colocalized eQTL across all 15 cell types.
b, Cell type-specific colocalized eGenes show low p-values across LD bins only in a small number
of cell types.
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Figure S2.9. LocusZoom plot for IL23R eQTL and a CD GWAS locus.
IL23R eQTL colocalized with the CD GWAS locus only in activated naïve CD4+ T cells.
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CHAPTER 3

DYNAMIC EFFECTS OF DISEASE-ASSOCIATED VARIANTS ON

CHROMATIN ACCESSIBILITY ACROSS HUMAN IMMUNE CELLS

3.1 Abstract

Asmall fraction of autoimmunity-associated variants fromgenome-wide association stud-

ies (GWAS) colocalize with steady-state expression quantitative trait loci (eQTL) discov-

ered from bulk RNA-seq studies. To learn more about the remaining associated loci, we

created an extensive and unified single-cell chromatin accessibility (scATAC-seq) map in

peripheral blood of rheumatoid arthritis (RA) patients and healthy controls, comprising

a total of 218,934 cells from 56 individuals. Topic modeling of scATAC count data identi-

fied continuous cell states associated with RA risk and disrupted gene activities in RA that

are masked in standard cluster analyses, including an effector CD8+ T cell trajectory that

tracks the activation of LILRB1. We identified 25,107 significant chromatin accessibility

QTL (caQTL) at 10%FDR across eight cell groups. Twenty percent of these caQTLwere dy-

namic along cell trajectories defined by our topic analysis. Remarkably, caQTL explained

~50% more GWAS loci compared to eQTL. Combining eQTL- and caQTL-GWAS colocal-

ization allowed us to nominate potential causal genes and contexts at ~55% of colocalized

GWAS loci. Importantly, we found evidence that GWAS loci colocalized with a caQTL but

no eQTL may reflect cases where the causal effect is through nearby cis-regulatory ele-

ments but in an as yet uncharacterized context.

3.2 Introduction

Genome-wide association studies (GWAS) have identified thousands of noncoding vari-

ants associated with complex traits and chronic diseases like rheumatoid arthritis (RA)45;
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however, uncovering the molecular mechanisms—including the genes and biological

contexts—that explain these associations remains a major challenge. To address this,

molecular quantitative trait loci (molQTL) in relevant contexts can be integrated with

GWAS summary statistics. While cis-QTL of transcriptomic phenotypes like gene expres-

sion (eQTL) and pre-mRNA splicing (sQTL) have been the focus of many studies, these

cis-e/sQTL only explain ~40% of GWAS loci33. Additionally, cis-eQTL from healthy, post-

mortem tissues in the GTEx Consortium only mediate ~11% of trait heritability32, sug-

gesting that current eQTL data are insufficient to fully capture regulatory pathways in

complex traits.

These observations reveal two fundamental challenges in dissecting the causal mech-

anisms of GWAS variants using steady-state cis-eQTL. The first challenge is the lack of

overlap between GWAS variants and cis-eQTL31,132. Possible explanations include: (1)

insufficient power in eQTL studies; (2) contexts not studied in existing eQTL studies; and

(3) genetic regulatorymechanisms independent of expression. Multiple studies have sup-

ported these possibilities at explaining specific GWAS loci, but still, themajority of GWAS

hits remain unexplained17,69,133. The second challenge is—when a GWAS variant does

colocalize with eQTL—to identify the causal gene and context through which the variant

exerts its function. Due to widespread sharing of eQTL across contexts and horizontal

pleiotropy, a GWAS locus typically colocalizes with many eQTL in more than one con-

text9. Even if a colocalization is identified in a unique context, there is no guarantee that

the context is causal as the same colocalization may be found in another uncharacterized

context. Additionally, functionally important genes tend to be regulated by redundant

enhancers to maintain a stable expression level under perturbations37. Consequently,

the genetic effect of an enhancer on a gene can be masked in an important context, but

instead revealed in a less important context where fewer enhancers are regulating the

gene134. This indicates that context-specific eQTL-GWAS colocalization does not neces-
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sarily pinpoint the true causal context. Moreover, a recent study demonstrates theoret-

ically that primary, steady-state eQTL and GWAS largely pinpoint intrinsically different

categories of genes34, highlighting the need to study other types of regulatory variants.

Chromatin accessibility can potentially complement existing eQTL studies. For in-

stance, chromatin accessibility QTL (caQTL) mediate roughly twice as much trait heri-

tability as eQTLand colocalizewith a larger fraction ofGWAS loci comparedwith eQTL133.

However, caQTL studies are still scarce and experimental validation is lagging; thus, the

target genes and pathways affected by most caQTL remain elusive, hampering the inter-

pretability and functional relevance of these discoveries. Understanding the regulatory

consequences of caQTL is also crucial for correctly nominating the causal contexts for

GWAS variants using caQTL. Therefore, deeper characterization of the complexity and

pleiotropy of genetic effects on gene regulation is necessary for further understanding

how current and future molQTL data can be used to elucidate mechanisms underlying

GWAS associations.

Advances in novel single-cell genomic technologies nowallow for the profiling of tran-

scriptomes and epigenomes of tens to hundreds of thousands of single cells, providing an

exciting opportunity to map the functional effects of disease-associated variants onto

molecular phenotypes in diverse cell types. In particular, scATAC-seq is able to profile

both active promoters and regulatory elements that cannot be studied using scRNA-seq.

Although large-scale single-cell eQTL analyses have been performed38,39,135–137, very

few single-cell caQTL studies have been conducted so far13,138.

To gain additional insights into the molecular mechanisms underlying genetic asso-

ciations with complex traits, we built a resource of single-cell chromatin accessibility

(scATAC) profile in peripheral bloodmononuclear cells (PBMC) consisting of 218,934 cells

from 56 individuals. We collected original data from 16 rheumatoid arthritis (RA) patients

and 17 healthy donors and incorporated two public PBMC scATAC-seq datasets13,139. We
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show that topic modeling of scATAC count data can reveal cell state continuum not repre-

sented by cell clusters and thus can be a powerful alternative to cluster-based analyses; for

example, we found an effector phenotype trajectory leading to a rare CD8+ T cells popula-

tion inRApatients that implicates the activation of disease genes such as LILRB1. Wenext

leveraged pseudobulk allelic imbalance and single-cell counts in a Poisson mixed-effects

model to identify 25,107 significant caQTL (10%FDR) in common immune cell types, qua-

drupling the number of significant genetic effects on chromatin accessibility identified in

previous studies13. Remarkably, our caQTL colocalized with ~50% more GWAS loci than

bulk eQTL, and enabled us to better disentangle the genetic regulatory mechanisms that

underpin autoimmunity-associated variants.

3.3 Results

Multiplexed single-cell chromatin accessibility profiling of peripheral blood

mononuclear cells in healthy and RA patients

Severe technical batch effects in single-cell genomic experiments complicate differen-

tial expression and accessibility analyses across conditions when samples are profiled in

different experiments140. To overcome this difficulty, we sought to pool samples from

healthy and RA patients in a single library and to use naturally occurring genetic varia-

tion across the donors to identify each cell’s donor identity. To test whether this strategy

could work for scATAC-seq-as it has already been shown to work well for scRNA-seq-we

obtained whole-blood scATAC-seq data from a pool of four individuals, and quantified

the number of reads overlapping a common SNP from the 1000 Genomes Project for each

individual cell. Amedian of 1,169 and 231 SNPs were covered by at least one or two reads,

respectively. As expected, the number of SNPs covered by reads is positively correlated

with the number of unique fragments in each cell (Figure S3.1a). Moreover, 90.5% of
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the cells that have >1,000 fragments had at least 100 SNPs covered by at least two reads

(Supplementary Notes). These results indicate we would obtain highly accurate data by

demultiplexing cells from a typical pooled scATAC library comprised of samples from sev-

eral individuals.

To obtain a comprehensivemapof chromatin accessibility in peripheral bloodmononu-

clear cells (PBMC) from healthy donors and rheumatoid arthritis (RA) patients, we col-

lected scATAC-seq data from 16 RA patients and 17 healthy controls. We pooled samples

from two to four donors, except for one healthy sample that was processed separately. We

combined RA samples with at least one healthy PBMC sample to separate batch effects

from potential disease effects (Figure 3.1a). To allow for accurate demultiplexing, low-

pass whole genome sequencing (LP-WGS) was performed for all 33 individuals, followed

by genotype imputation using GLIMPSE141. This allowed us to assign a donor to 73,980

(59.8%) of the filtered 123,714 cells with high confidence, as well as to remove 34,021

(27.5%) likely doublets.

Depending on whether two or four donors were pooled, the number of high-quality

cells from each individual ranged from 718 to 4,441 (mean: 2,228). We projected all the

cells onto 50 dimensions using Latent Semantic Indexing (LSI). To integrate data across

experiments and remove batch effects, we used fastMNN to adjust the LSI reduced dimen-

sions, because it is more resilient to erroneous removal of biological variations compared

to othermethods142. Next, we projected fastMNN-adjusted reduced dimensions to a two-

dimensional UMAP embedding. Visualizing the harmonized data in the UMAP space, we

found that cells from all individuals are well-mixed except for two healthy donors (see be-

low; Supplementary Notes) and there is no separation between fresh and frozen samples

(Figure S3.1b-c). To annotate cell types in scATAC-seq data, we reanalyzed scRNA-seq

data we previously collected from PBMCs of three RA patients, one ankylosing spondyli-

tis (AS) patient control, and one healthy control55. Azimuth was employed to label cell
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Figure 3.1. Integrated map of scATAC-seq of PBMC from three studies in 56 donors.
a, Schematic of study design and analysis workflow. b, A UMAP embedding of all cells colored by
Azimuth L1 annotation. c, The same UMAP embedding as in b, colored by Azimuth L2 annotation.
d, Gene activity scores of marker genes in the common immune cell types. e, Heatmap for marker
genes for cell subtypes in L2 annotation. f, Comparison of imputation quality (INFO) score from
either low-pass WGS or aggregated scATAC-seq using GLIMPSE and from DNA microarray using
Minimac4. g, L1 cell type compositions. Samples are clustered by distances in scaled proportions;
bar colors are the same as b. h, Genome browser tracks of scATAC-seq reads aroundmarker genes.
Shaded regions highlight cell type-specific open chromatin regions.
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types in the scRNA-seq data143, and we transferred these labels onto cells in our inte-

grated scATAC-seq dataset by integrating with scRNA-seq data144. Using this method,

we identified a low number of cells for rare cell types such as Tregs (183), only accounting

for 0.228% of all PBMCs in our data. We reasoned that low total cell number could limit

the ability to confidently identify rare cell types (Supplementary Notes), we thus sought

to expand our dataset by integrating additional datasets to our study.

Harmonization of chromatin accessibility profiles and genotypes across three

studies

We supplemented our scATAC-seq dataset with two recently published PBMC scATAC-seq

datasets to improve the power and utility of our study13,139. After assessing quality met-

rics such as TSS Enrichment scores and unique fragment counts per cell, we concluded

that the three datasets were comparable in quality (Figure S3.1d). This prompted us to

integrate the three datasets for joint analysis, thereby increasing the sample size from 33

to 56 donors (13 healthy donors, Benaglio et al.13; two healthy donors and eight conva-

lescent COVID-19 donors; You et al.139).

To integrate the three datasets, we performed joint LSI to map cells from the three

studies to a shared latent space and again used ’fastMNN’ to remove batch effects. After

integration and filtering, we retained 218,934 high-quality single-cells. We identified 28

distinct cell clusters in this integrated dataset. We called a unified peak set consisting of

287,567 cis-regulatory elements (cREs) 500 bp long on chr1-22 and chrX from the 28 cell

clusters using the ArchR implementation ofMACS276. We again used Azimuth to annotate

cell types in this integrated dataset. The final annotation had two levels of granularity:

the L1 level contained seven common immune cell types, while the L2 level contained 17

cell types/subtypes that are well represented in our data (Figure 3.1b-c). Annotated cell

types by Azimuth and Leiden clusters showed a high degree of agreement (Figure S3.1e;
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adjusted Rand index: 0.42). In this annotation, we captured 3,961 Tregs, accounting for

1.81% of all PBMC, more consistent with known Treg compositions in peripheral blood

(1-4%) (Supplementary Notes). This indicates accurate integration and cell type identifi-

cation in our integrated dataset. To further validate our cell type annotation, we assessed

gene activity (GA) scores of marker genes in each cell type and observed high GA scores

forMS4A1 in B cells, CD3E and CD8A in T cells, NCR1 in NK cells, S100A8 in monocytes,

and FLT3 in DC (Figure 3.1d). We also visualized genome browser tracks for markers

specific to L2 cell annotations, which show patterns that are broadly consistent with the

annotated cell types (Figure 3.1e).

We compared all three donor groups (healthy, RA, and COVID-19 convalescent) to de-

termine if there were any differences in cell type compositions. While the overall cell

type compositions were similar among all individuals, there were a few notable excep-

tions (Figure 3.1f). For example, three COVID-19 convalescent donors (D41, D45, D48)

had expanded CD8+ T cell and NK cell populations, consistent with the original study139

(Figure 3.1f). In addition, three healthy subjects (D5, D8 and D12) showed significantly

lower B cell and monocyte compositions but an increased proportion of CD8+ T cells.

These individuals also shared upregulated effector and pro-inflammatory genes including

IFNG, IL23R, IL17A and IL12RB2 (Figure S3.1f). We hypothesized that these healthy indi-

viduals may be enduring underlying chronic inflammation. Notably, two of these donors

also formed their own clusters when the 33 individuals we collected in this study were

analyzed together (Figure S3.1b). This demonstrates that our multiplexed experimental

design is capable of disentangling individual effects from batch effects.

To identify chromatin accessibility quantitative trait loci (caQTL) in our harmonized

dataset, we sought to obtain genotypes for scATAC-seq samples from the twopublic datasets

that were not multiplexed. We hypothesized that aggregated scATAC-seq reads may pro-

vide sufficient coverage for genotype imputation145. Remarkably, our low-pass WGS li-
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braries and aggregated scATAC-seq libraries have similar coverage profiles across the genome

(mean: 4.08 for 4X-WGS, 6.75 for scATAC-seq; Figure S3.1g). Therefore, we adapted

the GLIMPSE imputation pipeline to aggregated scATAC-seq reads and compared im-

puted genotypes from scATAC-seq reads using GLIMPSE with those imputed from mi-

croarray in the original study13. We found that GLIMPSE-imputed SNPs from low-pass

WGS and scATAC-seq both had consistent high quality scores across all reference MAF

bins, whereas Minimac4-imputed SNPs were of significantly lower quality for relatively

rare SNPs (reference MAF < 0.2, Figure 3.1g). In addition, genotype dosages imputed

from scATAC reads and microarray were highly correlated across all reference MAF bins

(higher than 91%, Figure S3.1h), suggesting that scATAC-imputed genotypes are accu-

rate and are not biased by allelic-imbalance signals in chromatin accessibility. Conse-

quently, wemerged genotype likelihood estimations from all three studies and performed

joint imputation using GLIMPSE. This enabled us to generate a harmonized callset of 6.3

million high-quality SNPs for joint caQTL mapping (Figure S3.1i).

In summary, we constructed a map of accessible chromatin from 218,934 peripheral

blood cells from 56 individuals and generated high-quality, harmonized genotype infor-

mation for all the individuals, enabling fully-integrated downstream analysis. Surpris-

ingly, we found that imputation using aggregated scATAC-seq reads offers high-quality

genotype information and is superior to microarray-based methods; this workflow can be

easily adopted for future population-scale scATAC studies.

Topic analysis of chromatin accessibility defines cell types and states

One benefit of single-cell data is that it can capture rare cell types as well as transi-

tional cell states. But typical single-cell data analysis aggregates cells into discrete clus-

ters, essentially ignoring the heterogeneity among cells belonging to the same cluster.

On the other hand, topic modeling on the single-cell count matrix can represent each
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cell as a grade of membership (referred to as “loadings” hereafter) to multiple topics, or

“components”-akin to admixture analysis in population genetics. Each topic captures

an axis of variation in the data, which can represent cell types, contexts, or biological

processes, enabling straightforward interpretation. Topic modeling also estimates the

probability of a cRE belonging to a topic (referred to as “scores” hereafter), which can

be framed as a differential accessibility analysis for cREs between topics146. Therefore,

cREs with the highest scores in each topic can be analyzed to reveal associated biological

functions.

We applied a new topicmodeling approach, fastTopics147, to our scATAC countmatrix

with various numbers of total topics (referred to as “k” hereafter, Methods). As expected,

the number of total topics greatly influences which biological processes are captured by

different topics. For example, when k=6, the topics largely represented common immune

cell types including B cells, CD4+ T cells, CD8+ T cells/NK cells, and monocytes; topic 3

(k3) was observed in both CD8+ T cells and NK cells, likely capturing the cytotoxic signa-

tures shared between these two cell types (Figure 3.2a). When we increased the number

of total topics to 12, k3 became private to NK cells and was replaced by k9 in cytotoxic

CD8+ T cells (Figure 3.2a). We chose 20 topics for all downstream analyses as the ma-

jority of common cell types and states in our PBMC data were represented under this

parameter (Figure 3.2a, Figure S3.2).

Both cell-level loadings and cRE-level scores offer rich information for biological in-

terpretations. We first asked whether topics largely represent cell types annotated using

Azimuth. We calculated the mean loading for cells belonging to the same annotated cell

type and found multiple topics that were almost exclusive to given cell types, including B

cells, monocytes, and DC (Figure 3.2b). We note that the same topic can represent both a

cell type and a biological program (e.g. the topic for memory CD4+ T cells also represents

T cell memory program). We found that T cell subsets are oftenmapped to more than one
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Figure 3.2. Topic modeling helps interpretation of inter-cellular and inter-individual variation in
scATAC-seq profiles.
a, Structure plots of topic loadings in 2,000 randomly selected cellswhenfitting 6, 12 and 20 topics.
Cells were grouped by seven common immune cell types to highlight coarse-grained differences in
topic loading among cell types. b,Heatmap showing the average loading for each topic in each cell
types in L2 annotation. c, Heatmap of scaled gene-level scores calculated from cRE-level scores
in each topic. d, Heritability enrichment score of 49 GWAS in top 10% cREs for each topic. e, Top,
smoothed percentage of non-naïve B cells in trajectory percentile. Heatmap on the left shows the
Spearman’s correlation between GA scores and memory B cell trajectory; heatmap on the right
shows row-normalized GA score changing along the trajectory. f, Similar to e, showing the tra-
jectory and relevant genes in RA-associated topic k9. g,, Genome browser tracks of the genetic
region around three genes (LILRB1, SIGLEC9 and PROK2) that progressively gained accessibility
along k9 trajectory. Cells are grouped by disease status and k9 quintiles.
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topic, highlighting the difficulty to precisely annotate T cells based on scATAC-seq data

alone. Interestingly, several topics did not clearly correspond to any specific cell type. For

example, topic 1 (k1) was ubiquitously present in all cell types. We found that k1 loadings

are highly correlated with TSS Enrichment score and the top 1,500 cREs with the high-

est scores in k1 were over-represented in promoter regions (p-value = 0, hypergeometric

test; Figure S3.3a,b), suggesting that k1 likely represents single-cell data quality rather

than biological variation. Similarly, k11 and k18 showed weak, but widespread signals in

B cells and T cells.

To facilitate functional annotation of the topics, we derived a gene-level score in each

topic from the cRE-level scores. We tested four cRE-to-genemapping strategies: (1) cREs

directly overlapping with TSS; (2) the nearest cRE to a TSS; (3) cREs co-accessible with

TSS, and (4) distance-based exponential weighting function similar to GA score calcu-

lation in ArchR (Figure S3.3c, Methods)148. We benchmarked the four methods using

k4 as ground truth, as it indubitably represents naïve T cell programs. We found that

the distance-based exponential weighting function from ArchR captured the most known

marker genes for naïve T cells (Figure S3.3c). Thus, we used this strategy to identify a

set of genes driving each topic (Figure 3.2c). We identified well-known cell type mark-

ers among topic-driving genes, including EBF1 and CD83 for naïve B cells (k2); CD27 and

TNFSF9 for memory B cells (k19); CD247 and ZBTB16 for NK cells (k3); S1PR5, KLRD1,

PRF1 and TBX21 for cytotoxic CD8+ T cells (k9); and ICOS and CTLA4 for Treg (k16)

(Figure 3.2c). We then performed gene-set over-representation analysis on the top 500

genes driving each topic. Interestingly, k1 was enriched in mitochondrial-related path-

ways, while k11 was enriched in splicing pathways. We conclude that these topics capture

specific biological processes, rather than cell type identities, which is consistent with the

weak, but widespread loadings in multiple cell types (Figure S3.2). Finally, we tested the

enrichment of transcription factor (TF) bindingmotifs in the top 3,000 cREs for each topic
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(Methods). Again, TFs known for several immune cell types and states showed signifi-

cant enrichment in the corresponding topics. Interestingly, the most enriched TF motif

in topic k17 is BATF (Figure S3.3d,e). Although BATF mostly functions in monocytes,

its specific enrichment in a small group of k17-associated CD8+ T cells was intriguing.

This group of cells were also enriched for the expanded CD8+ T cells from the three out-

lier healthy donors discussed previously (D5, D8 and D12). Consistent with this, the BATF

motif showeddeviation in its binding activity in theseCD8+ T cells (Figure S3.3f). Indeed,

BATF is responsible formediating effector CD8+ T cell differentiation and response during

chronic viral infection149–151, and ectopic overexpression of BATF in T cells drives prolif-

eration152. This is in line with our hypothesis that these healthy individuals were expe-

riencing chronic inflammation at the time of sampling (see Figure 3.1f, Figure S3.1b,f).

These lines of evidence suggest that k17 may represent BATF-driven programs in a small

subset of CD8+ T cells.

We next studied the disease relevance of each topic. We used stratified LD Score re-

gression (s-LDSC) to calculate heritability enrichment for 48 GWAS (11 immune-related

diseases, 36 blood phenotypes and height) in the top 10% cREs in each topic (Meth-

ods)74. As expected, we observed higher h2g enrichment in many immune-related dis-

eases and blood phenotypes compared to height, a negative control trait (Figure 3.2d).

In particular, we found large h2g enrichment for three autoimmune diseases (RA, sys-

temic lupus erythematosus [SLE] and multiple sclerosis [MS]) in the lymphoid-related

topics (Figure 3.2d). For SLE, B cell topics (k19 and k2) were the most enriched, consis-

tent with a recent bulk ATAC-seq study and the known crucial role of B cells in SLE etiol-

ogy153,154. In addition, several monocyte andmyeloid-related GWAS (MONO%,MONO#,

GRAN%MYELOID, BASO%GRAN, BASO%) were enriched in monocyte-associated topics

(k5, k6, k12, k13, k15, k20; Figure 3.2d), suggesting that cellular programs in these topics

may causally regulate myeloid cell numbers and proportions.
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Topic-derived cell trajectories identify cell differentiation and disease-associated

continuums

Recent single-cell genomics studies have shown that cell states and disease states often

form a continuum rather than distinct clusters; and this continuum can reflect cell differ-

entiation or disease progression155,156. We reasoned that if a topic represents a cellular

program or state, the loading for this topic should capture the cell trajectory along that

program. As a proof-of-concept, we derived a memory B cell trajectory based on topic k2

loadings (Methods). As anticipated, we observed progressive enrichment of non-naïve B

cells (includes memory B cells and plasmablasts) along the trajectory (Figure 3.2e, top).

We correlated gene activity (GA) scores with the memory B cell trajectory and observed

decreasingGA scores for naïve B cellmarker genes (IL4R,TCL1A) and increasingGA scores

for memory B cells marker genes (CD27, COCH, AIM2) (Figure 3.2e, bottom; Supplemen-

tary Notes). Therefore, cell loadings from our topic modeling results can effectively cap-

ture biologically meaningful continuum along cell states.

The capability to identifymemoryB cell trajectory directly from topic loadings prompted

us to assess if any topic is associated with RA states. In this analysis, we removed cells

fromCOVID-19 convalescent donors to avoid confounding fromCOVID-19-associated in-

flammatory signatures. We tested the association between topic loadings and RA cells us-

ing logistic regressions and assessed the statistical significance by likelihood-ratio tests

(LRT,Methods). We found that k9 and k4 are enriched for RA cells (nominal p-value < 0.05,

Figure S3.3g). K9 largely represented CD8+ TEM (and CD4+ TEM to a lesser extent) and

accessible regions in k9were significantly enriched for RAheritability (Figure 3.2b,d). We

observed that cells with high k9 loadings-especially those at the top 20%-are dispropor-

tionately RA cells, suggesting an expanded TEM population in RA patients (Figure 3.2f,

top). To further study the relevance of k9 to RA, we built a k9 trajectory and divided the

cells into five equal loading bins (quintiles, Methods). We then tested for differential GA
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scores between RA cells in the different quintiles against all cells (RA and healthy) in the

first quintile and we found that RA cells in high quintiles havemore differentially accessi-

ble genesespecially the fifththan RA cells in lower quintiles (Figure S3.3h). We identified

352 and 256 genes with significantly (|log2FC| > 1, 1% FDR) and progressively increased or

decreased accessibility along the k9 trajectory, respectively and confirmed their changes

in accessibility by visualizing the GA scores along k9 trajectory (Methods). Among these

geneswe foundwell-establishedRA risk genes including IL2, TNFSF4,CCL18, andCXCL13

(Figure 3.2f)157,158. In contrast, we only identified ~200 up-regulated genes when com-

paring all RA cells against all healthy cells in k9, despite this test being better-powered

as it used more cells. This demonstrates that the open chromatin landscape of cells from

RA patients form a continuum from almost healthy to diseased state, which is masked by

“healthy” RA cells in conventional cluster-based differential analysis.

We highlight several genes that are up-regulated along the k9 trajectory, all of which

are understudied and may play a role in RA pathogenesis. For example, we observed in-

creased accessibility around the LILRB1 gene body along k9 trajectory (Figure 3.2g); ac-

cordingly, LILRB1 is up-regulated in peripheral CD8+ T cells from seropositive RApatients

from an earlier study52. We also observed increased accessibility around gene SIGLEC9

(encodes Sialic acid-binding Ig-like lectin-9, or Siglec-9, Figure 3.2g); it has been shown

that soluble Siglec-9 is up-regulated in the synovial fluids of RA patients159. Another

gene PROK2 also showed increased accessibility along k9 trajectory (Figure 3.2g). PROK2

encodes prokineticin-2 (PK2), which is elevated in RA synovial fluid and the synovial

membrane of collagen-induced arthritis (CIA, an animal model for RA) in mice160,161.

These findings suggest that k9 represents a rare population of CD8+ T cells in RA periph-

eral blood that may reflect activated cellular programs in the inflamed synovium, and can

be used to study RA pathobiology.
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Harmonized scATAC-seq dataset reveals high-resolution shared and cell type

specific caQTL

Our harmonized scATAC-seq dataset with genotype information for all 56 individuals al-

lows us to study the impact of genetic variation on chromatin accessibility in multiple

cell types and contexts. To map the genetic effects of chromatin accessibility, we first

used RASQUAL to model both intra-individual allelic-imbalance and inter-individual phe-

notype variations for SNPs in a 10 Kb window flanking the cRE center in whole blood

(WB, aggregating all cells from a donor) as well as the seven immune cell types in L1 an-

notation. Phenotypic principal components (PCs) were calculated to assess technical and

batch effects across our datasets; as anticipated, the top 2 PCs largely separated samples

by study and library (Figure S3.4a). We chose the number of PCs in themodel empirically

by maximizing the number of significant caQTL detected at 10% FDR. We also included

five genotype PCs, the number of cells within each group, library depths and GC content

of each peak as covariates40. We identified the most number of caQTL (15,962, 10% FDR)

inWB, owing to the largest number of cells used for pseudobulk aggregation. The number

of caQTL in each L1 cell type varied greatly and were proportional to the number of cells,

ranging from 147 in DC to 9,200 in monocytes (10% FDR; Figure 3.3a). In total, 25,107

caQTL (8.90% of all tested cREs) were found, 6,782 of which were only discovered in L1

annotations, but not in WB. Compared to the most recent work on mapping caQTL using

scATAC-seq by Benaglio et al.13, we quadrupled the number of identified caQTL.

Wenext verified that the large number of caQTLwe found are very likely true positives.

To do this, we mapped caQTL in WB in the three studies separately and found multiple

lines of evidence indicating that the caQTL uniquely identified in our harmonized data

(“novel caQTL”) are bona fide caQTL. First, novel caQTL showed allelic imbalance in the

smaller dataset from Benaglio et al.13, despite being nonsignificant (Figure 3.3b). Sec-

ond, caQTL we found are strongly enriched in bulk caQTL from lymphoblastoid cell lines
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Figure 3.3. Mapping of caQTL with RASQUAL and sc-PME model.
a, The number of RASQUAL caQTL positively correlates with cell number and sample size. b,
RASQUAL caQTL only found in merged data also show allelic imbalance in smaller data (Benaglio
et al.), and have correlated effect sizes. c, Enrichment of WB caQTL in bulk caQTL in LCL for all
significant ones (left) and those only found in the merged data (right). d, Cell type-specific en-
richment of caQTL in DICE eQTL. Odd ratios are normalized by the maximum in each row. e,
QQ-plot of RASQUAL caQTL in DICE eQTL. caQTL in NK cells (top) and monocytes (bottom) show
elevated signals only in eQTL from corresponding cell types. All other DICE cell types were in
grey. f, RASQUAL and sc-PME caQTL effect sizes are highly correlated. g,, Replication of RASQUAL
caQTL in sc-PME model. Barplot shows the number of RASQUAL caQTL that are replicated or not
in sc-PME model; line chart shows the percentage of RASQUAL caQTL replicated. h,, A DICE eQTL
in monocytes colocalizing with sc-PME caQTL that is different from the RASQUAL lead SNP. Ver-
tical dashed lines highlight the genomic coordinations of lead SNPs in RASQUAL, sc-PME and
DICE. The shaded region highlights the mapping window of RASQUAL and its position relative to
the mapping window of sc-PME. SNPs are colored by LD to the lead SNP in sc-PME.
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(LCL; Figure 3.3c)162. Moreover, the novel caQTL showed higher enrichment in the top

5% (OR: 1.48, p-value: 1.34e-4, Fisher’s exact test) and 10% (OR: 1.61, p-value: 1.43e-

10) of LCL caQTL compared to the top 1% (OR: 1.12, p-value: 0.62; Figure 3.3c), indi-

cating that novel caQTL in our dataset tend to have smaller effect sizes and could only

be detected in our larger, harmonized dataset. Finally, caQTL in L1 cell types showed

cell-typespecific enrichment in eQTL from 15 immune cell types in the DICE consor-

tium29,33. For instance, caQTL inmonocytes and NK cells are themost enriched for eQTL

in classical/non-classical monocytes and NK cells in DICE, respectively (Figure 3.3d,e).

Similarly, caQTL in CD4+ T cells were broadly enriched in eQTL across various T cell sub-

types in DICE. When visualizing p-value distribution of caQTL SNPs in DICE eQTL, the

same consistent trend emerged (Figure 3.3d). In conclusion, our analysis captured high-

quality cell-typespecific effects on chromatin accessibility and significantly increased the

number of significant caQTL compared to previous studies.

Modeling single-cell count data with Poisson regression improves estimation

of caQTL effect size

RASQUAL increases detectionpower by combining between-individual andwithin-individual

(allele-specific) signals but does not produce statistical measurements (i.e. effect size

and its standard error) that are required in downstream analysis. Moreover, RASQUAL is

biased toward heterozygous SNPs with higher read coverage; SNPs outside cREs have

weaker or no allele-specific signal and lower accuracy in haplotype phasing, making their

effects difficult to model in RASQUAL. To overcome these limitations and enhance the util-

ity of our caQTL results, we sought to produce standard summary statistics of caQTL ef-

fects, thereby allowing for popular downstream analysis, such as colocalization21, TWAS,

mashr57 and meta-analysis. To this end, we modeled single-cell count data with a Pois-

sonmixed-effects model (sc-PME) to re-map RASQUAL caQTL39. We focused on the 25,107
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significant caQTL peaks identified by RASQUAL in WB and L1 cell types to reduce compu-

tation time and avoid spurious associations for cREs with high read dropout rates (Sup-

plementary Notes). We fitted the sc-PME model in each study separately, and performed

meta-analysis to combine the summary statistics from the three studies in WB and each

cell type.

We verified that our sc-PME model produced accurate effect sizes and p-value esti-

mates. First, the effect sizes from both methods were highly concordant for lead SNPs

(97.4% in WB; Figure 3.3e). We then asked whether RASQUAL caQTL could be generally

replicated by sc-PME. In WB, 96% of RASQUAL caQTL was replicated; across L1 cell types,

an average of 82.1% of RASQUAL caQTL was replicated. As anticipated, the rate of replica-

tion was lowest among rare cell types like DC (Figure 3.3f). Since sc-PME was fitted in

each study separately and then combined usingmeta-analysis, the high rate of replication

of RASQUAL caQTL again demonstrates that our caQTLmapping pipeline is able to control

for possible type-1 error due to inter-study variations. Finally, compared to a standard

linear mixed-effects model, effect sizes from sc-PME models had higher reproducibility

and correlation with RASQUAL caQTL (Supplementary Notes, Figure S3.4b).

Another potential benefit of the sc-PMEmodel is that the largermappingwindow (500

Kb v.s. 10 Kb in RASQUAL) can capture significant caQTL that are not tested in RASQUAL at

all. Indeed, RASQUAL caQTL were highly enriched toward the cRE centers, whereas those

only found in sc-PME tend to locate farther away (Figure S3.4c). To test this possibility,

we focused on 2,224 caQTL whose sc-PME lead SNPs resided in another cRE that lies out-

side the 10 Kb window used in RASQUAL, as they are more likely to capture the causal

mechanism. Of those 2,224 caQTL-containing distal cREs, 434 (19.5%) also had a signif-

icant caQTL, showing a strong enrichment of cREs with a caQTL compared to genome-

wide average (8.73%, p-value=1.39e-56; hypergeometric test). This suggests that sc-PME

captures bona fide distant caQTL that cannot be effectively detected in RASQUAL. We
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highlight a cRE (chr11:3856237-3856737) whose lead caQTL from RASQUAL in monocytes

lies within itself, but the lead sc-PME caQTL is ~250 Kb upstream and colocalized with an

eQTL for gene TRPC2 in classical monocytes from DICE (PP4=0.81, Figure 3.3h). These

lines of evidence support the notion that sc-PME is better than RASQUAL at capturing pu-

tative causal SNPs.

In summary, we identified a set of 25,107 caQTL inWBand separate immune cell types,

for which summary statistics can be readily used in standard and popular downstream

analyses.

Sharing and specificity of caQTL and eQTL across cell types and states

Previous single-cell eQTL studies in immune cells find that genetic effects on gene expres-

sion are largely cell-typespecific38. Similarly, caQTL studies using scATAC-seq also reveal

a large number of cell-typespecific caQTL13,138. The high prevalence of cell-typespecific

QTL implies that most genetic variants have cell-typespecific effects that can only be un-

covered using single-cell genomic datasets. However, this contradicts observations from

previous QTL analyses in immune cells33,135 and other cell types137,163, which instead

suggests that most QTL effects are shared across cell and tissue types. Another explana-

tion to the sharing of eQTL among bulk tissues is the sharing of similar cell types across

tissues, and accordingly tissue-specific eQTL can largely be attributed to tissue-specific

cell types27. However, this cannot explain the sharing of eQTL between FACS sorted im-

mune cell types and LCLs. We thus sought to systematically evaluate the specificity of

caQTL across eight contexts (WB and the seven common immune cell types in L1 anno-

tation), and to understand their impact on gene expression levels.

We first compared caQTL sharing from RASQUAL and sc-PME results. Interestingly, we

identifiedmore shared caQTL in sc-PME than in RASQUAL results. Of those 18,746 RASQUAL

caQTL identified in L1 cell types, 13,308 (71.0%) were unique to one cell type, and merely
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Figure 3.4. caQTL-eQTL colocalization and dynamic caQTL mapping.
a, Sharing of caQTL in seven immune cell types for both RASQUAL and sc-PME results. Top: bar
plot of number of caQTL shared in a given number of contexts. Bottom: log2 fold-change in the
number of caQTL between sc-PME and RASQUAL, highlighting the increased level of sharing for
sc-PME caQTL. b, Barplot for the number of contexts in which an eQTL, caQTL, or both are signif-
icant and the number of contexts in which they colocalize. c, Comparison of cRE levels (top) and
gene expression levels (bottom) for COLOC caQTL-eQTL pairs in COLOC contexts, non-COLOC
contexts and contexts where colocalization was not tested (No tested). d, Cumulative distribution
of ABC scores between all the COLOC caQTL-eQTL pairs in COLOC contexts, non-COLOC con-
texts and contexts where colocalization was not tested (No tested). ABC scores of caQTL-eQTL
pairs without observed links in Nasser et al. were set to 0. e, The number of significant dynamic
caQTL in each cell type. Each point represents a pair of cell type and topic with which the interac-
tion between loadings and genotypes were tested. f, Left: Z scores of dynamic and non-dynamic
caQTL from CD8+ T cells in rolling windows along k9 trajectory. Dynamic caQTL were further cat-
egorized by whether their effects are consistently significant along k9 trajectory or only in part
of the trajectory. The most significant 50 caQTL from each category were plotted. Right: effect
sizes of one dynamic caQTL, where the underlying cRE (chr19:4328325-4328825) is linked to an
immune-related gene TMIGD2 (also known as CD28H). Shaded region represents standard error
of effect sizes.
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24 caQTL were shared in all seven (Figure 3.4a). Although these findings are consistent

with analyses from previous work17, we found that the estimated levels of caQTL sharing

were much higher in sc-PME results. In fact, only 5,324 (22.2%) caQTL are found to be

unique in one cell type, and an average of 4,132 caQTL were identified to act in two to

five cell types (Figure 3.4a). Furthermore, sc-PME identified 878 caQTL that are only

significant in L1 cell types but not inWB, whereas RASQUAL identified 9,145 caQTL that are

specific to L1 cell types (Figure S3.5a,b). These results indicate that the sc-PME model

is better powered than RASUAL and the prevalence of cell-typespecific QTL in single-

cell genomics data could be explained by low QTL detection power rather than cell type

specificity.

Many caQTL should regulate promoters or enhancers with an effect on the expression

level of a nearby gene; therefore, we asked whether caQTL are also eQTL in the DICE

dataset47 in caQTL-eQTL colocalization analysis21. Wematched 15 cell types/subtypes to

five cell types in our scATACdata (excludingDCandother T cells in L1 cell types) and these

are referred to as “contexts” hereafter (Figure S3.5c). In total, we identified 7,063 unique

caQTL-eQTL pairs that colocalized in at least onematching context (referred to as COLOC

caQTL-eQTL pairs hereafter), including 3,169 eGenes (24.5% of all tested) and 4,409 cREs

(21.7% of all tested). In each context, 17.6-29.8% (average: 22.9%) of test eGenes and

8.43-15.3% (average: 12.1%) of tested cREs colocalized, respectively. Moreover, caQTL-

eQTL colocalizations are highly context-specific, with 5,995 (84.5%) being colocalized in

only one context. In stark contrast, sharing of caQTL-eQTL pairs across all contexts were

much higher (Figure 3.4b). Therefore, a caQTL-eQTL pairmight colocalize in one context

but not another simply because the eQTL is absent.

To better understand the identified caQTL-eQTL colocalization-or the lack thereof-

we focused on the 7,063 COLOC caQTL-eQTL pairs and, for each pair, grouped all the

contexts into three scenarios: (1) contexts where a caQTL-eQTL pair colocalizes (COLOC
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contexts); (2) contexts where the caQTL-eQTL pair was tested for colocalization but does

not colocalize (non-COLOC contexts); (3) contexts where the caQTL-eQTL pair was tested

for colocalization due to the lack of significant caQTL/eQTL (not-tested contexts). First,

we hypothesized that the lack of colocalization could be simply attributed to the lack of

activity, namely, low enhancer or gene expression levels. We thus compared cRE levels

and gene expression levels across the three types of contexts above. We found that in

not-tested contexts, cREs/eGenes have significantly lower activity than in COLOC con-

texts, suggesting that the lack of caQTL/eQTL due to low activity can explain the lack

of caQTL-eQTL colocalization in these contexts (Figure 3.4c). Similar trends were also

observed for eQTL and caQTL effect sizes, further supporting the idea that low activity

genes/cREs require higher power to call significant QTL (Supplementary Notes). Notably,

we found cases where the cRE activity is shared across multiple contexts but the eQTL is

context-specific. For example, gene PADI2 is highly and specifically expressed in classi-

cal monocytes and has a classical monocyte-specific eQTL, which colocalized with caQTL

chr1:17336114-17336614 (Figure S3.5d-g). Although this caQTL is shared inCD8+ T cells

and B cells, it was not tested for colocalization with PADI2 because the eQTL is absent in

these cell types due to low expression (Figure S3.5e). This indicates that cREs can share

activity and genetic control in many contexts, but they are not necessarily functionally

regulating the target gene in all these contexts. Although a larger sample size would in-

crease the statistical power to identify significant eQTL for lowly expressed genes, our

analysis underpin the biological reasons for the lack of eQTL sharing. Moreover, we ob-

served no difference in cRE and gene expression levels between COLOC contexts and

non-COLOC contexts, suggesting that othermechanisms exist. Since enhancer-promoter

looping is often necessary for an active enhancer to impact gene expression, we hypoth-

esized that in non-COLOC contexts, a cRE may not be physically contacting a TSS, even

though the caQTL and eQTL are significant. We compared predicted enhancer-TSS links
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from the Activity-by-Contact (ABC) model for our caQTL-eQTL pairs in COLOC, non-

COLOC and no-test contexts164. We found that caQTL-eQTL pairs are more likely to be

linked and have significantly higher ABC scores in COLOC contexts than in non-COLOC

contexts (Figure 3.4d). This implies that even when an eQTL and a caQTL colocalizes

in one context, they may not colocalize in another context because the cRE is not phys-

ically interacting with the same TSS. This offers a mechanistic explanation for context-

specific caQTL-eQTL COLOC and highlights the importance of distinguishing “merely ac-

tive” cREs from “functional” cREs in caQTL analysis.

Dynamic effects of caQTL along topic model-derived trajectories

SharedQTLoftenhave quantitatively different effects across contexts. Similarly, although

cell-typespecific QTL are typically defined by a hard cutoff, their true effect sizes are con-

tinuous rather than “all-or-none” across contexts. Measured along a certain trajectory,

such as differentiation or time after stimulation,manyQTL effect sizes appear to be track-

ing the trajectory; these QTL are termed “dynamic QTL’165,166. Single-cell data offers a

unique opportunity to understand the dynamic effects ofQTL, because each single cell is a

measurement that can be placed along a latent trajectory that can be statistically defined.

To identify caQTL that have dynamic effects, we tested for the linear interaction between

lead caQTL in seven cell types and the loadings of relevant topics and identified 4,577

(19.1%) unique cREs that have at least one dynamic caQTL in at least one cell-typetopic

pair (q-value < 0.01). On average, we detected 233 significant dynamic caQTL in each cell-

typetopic pair, suggesting that dynamic effects are often cell-type and topic-specific. As

expected, we found that the number of cells in each topic greatly influenced the statisti-

cal power for calling dynamic caQTL; widespread topics represented inmultiple cell types

including k11 had the most dynamic caQTL, whereas topics only represented in a small

number of cells, like k20 (active in a subset of monocytes) had the smallest number of
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dynamic caQTL (Figure 3.4f).

To get a deeper understanding of our dynamic caQTL, we focused on k9-interacting

caQTL inCD8+ T cells, which represent the largest group of dynamic caQTL inCD8+ T cells

(Figure 3.4f). To visualize the changes in effect sizes of these caQTL along k9 trajectory,

we fitted the sc-PME model without an interaction term in k9 rolling windows. Exam-

ining the caQTL Z scores in each rolling window, we manually divided dynamic caQTL

into two groups (consistently significant and partially significant) and contrasted their

effects with randomly chosen non-dynamic caQTL (likelihood-ratio test p-value > 0.5)

(Figure 3.4g, left). Consistently significant dynamic caQTL are significant along the k9

trajectory, with varying effect sizes. Partially significant caQTL tend to have negligible

effects in part of the trajectory and progressively gained (or lost) genetic effects along the

trajectory. Thus, partially significant dynamic caQTL are more likely to be masked when

all cells are analyzed as a group (Figure 3.4g, right). To understand the functional rele-

vance of k9-interacting dynamic caQTL, we mapped these cREs to potential target genes

through the ABC model and tested for gene sets enrichment. Many genes were enriched

in immune and disease-related pathways, including the immune response-regulating sig-

naling pathway (GO:0002764, p-value = 3.01e-4; BLK, CD8A, CD8B, THEMIS2, ICOSLG,

NOD2, and KLHL6) and RA development (Wikipathways: WP5033, p-value = 5.20×10-3;

BLK, CCR6, and CIITA) (Figure S3.5h). Several target genes of these dynamic caQTL were

also implicated in the k9-associated RA genes we identified in topic analysis, including

TMIGD2, SPRY1, CD8A, CD8B, SOCS3, and LIF. Gene TMIGD2 was down-regulated in RA

cells along k9 trajectory and was regulated by an upstream cRE chr19:4328325-4328825

that had a dynamic caQTL (Figure 3.4g). TMIGD2 (also known as CD28H or IGPR-1)

encodes a recently identified T cell costimulatory receptor and can promote cell pro-

liferation and cytokine secretion upon engagement with its ligand B7H7167. Although

the role of TMIGD2 in autoimmunity is elusive, it remains a promising candidate for
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future research and a drug target168. Another gene SPRY1 was under the regulation of

cRE chr4:124521047-124521547, which lies ~203 Kb downstream of SPRY1, and may im-

pact RA etiology in fibroblast-like synoviocytes169. Finally, we colocalized sc-PME caQTL

with a trans-ethnic RA GWAS1 (see below) and found that 24 out 69 (34.8%) colocal-

ized GWAS loci have an underlying dynamic caQTL. Moreover, we found that colocalized

caQTL are also enriched for dynamic caQTL (OR=2.27, p-value=1.70×10-5; Fisher’s ex-

act test). These results demonstrate that dynamic caQTL may have important regulatory

functions in immune and disease-related pathways. Taken together, our analyses suggest

that mapping dynamic caQTL is a crucial step for understanding how genetic variation

may impact disease-relevant genes.

Identification and interpretation of autoimmune GWAS loci on chromatin ac-

cessibility across cell types and states

To understand the relationship between genetically controlled cRE and immune-related

complex traits, we colocalized sc-PME caQTL with GWAS of 11 immune-related diseases

and 36 blood phenotypes, and compared the results with eQTL-GWAS colocalization33.

We first calculated the proportion of colocalized GWAS loci in a context-agnostic fash-

ion. In total, 60.9% (4,981 out of 8,176) GWAS loci (GWAS-SNP pairs) colocalized with

either a caQTL or an eQTL, of which 1,743 colocalized with both a caQTL and an eQTL

(caQTL+eQTL), 2,337 colocalized with caQTL only (caQTL-only), and 901 with eQTL only

(eQTL-only). For each GWAS, caQTL explained 6.0% to 33.3% more loci than eQTL

(Figure 3.5a), increasing the percentage of colocalized loci to an average of 50.7% from

32.6% for eQTL alone, consistent with previous observations that caQTL could offer novel

biological insights on GWAS mechanisms not captured by eQTL133,170.

To compare which cell type contexts were implicated at the caQTL+eQTL loci, we

mapped 15 DICE cell types to the five common immune cell type contexts as we did above
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Figure 3.5. caQTL and GWAS analysis.
a, Comparison of the percentage of colocalized GWAS loci with caQTL and DICE eQTL. b, Number
of contexts in which GWAS loci colocalize with either eQTL, caQTL or both. c, Schematic showing
that restricting eQTL-GWAS COLOC by caQTL-GWAS COLOC in the same context to narrow down
potential causal genes and contexts. d, Restricting eQTL-GWAS pairs to contexts also supported
by caQTL-GWAS COLOC increases enrichment in causal S2G (cS2G) links. Error bars represent
95% confidence intervals of log2(OR) estimates. e, An example showing that eQTL- and caQTL-
GWAS COLOC together narrows down CARD9 gene in monocytes as the causal gene and context
for an IBD locus. f, Similar to e; an example showing a caQTL shared across many cell types that
colocalized with RA GWAS near gene SYNGR1. However, the SYNGR1 eQTL only colocalized in NK
cells. g, Similar to e; an example showing a caQTL shared by two cREs in B cells and monocytes,
respectively, that colocalized with RA GWAS near gene CD83. h, Cumulative distribution of the
sum of ABC score numerator for all TSS connected to a cRE, colored by whether the cRE colocalize
at GWAS locus also colocalize with eQTL. i, Comparison of TF binding site enrichment in cREs
underlying caQTL-only or caQTL+eQTL GWAS loci in CD8+ T cells. j, Comparison of TF motif
deviation Z scores in CD8+ naïve CD8+ TEM for TFs enriched at colocalized cREs in CD8+ T cells.
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for caQTL-eQTL colocalization analysis (Figure S3.5a). Of these 1,743 caQTL+eQTL loci,

1,252 had colocalization with both eQTL and caQTL in at least one overlapping context;

but this only constituted 25.1% of all colocalized GWAS loci. The remaining 491 (27.4%)

caQTL+eQTL loci colocalized with caQTL and eQTL in distinct contexts, raising the ques-

tion of which contexts are likely causal. Notably, GWAS loci colocalized in more contexts

tend to colocalize with multiple cREs and eGenes, suggesting widespread pleiotropy and

higher uncertainty in determining a single causal gene and context (Figure S3.6a,b).

By restricting our investigation of GWAS loci to caQTL+eQTL contexts, we can re-

duce the number of identified eGenes and contexts in eQTL-GWAS colocalization results

(Figure 3.5c). We hypothesized that this shortlist of colocalized eGenes might be en-

riched in causal genes. To test this, we separated all eQTL-GWAS colocalization (V2G)

pairs to three groups depending on whether they are supported by caQTL-GWAS colocal-

ization: (1) have caQTL-GWAS colocalization in at least one overlapping context

(caQTL+eQTL, overlapping contexts); (2) have caQTL-GWAS colocalization but not in

overlapping contexts (caQTL+eQTL, no overlapping contexts); (3) no caQTL-GWAS colo-

calization in any context (eQTL-only) (Figure 3.5d). We validated these V2G pairs with

the combined SNP-to-Gene (cS2G) resource, which has been shown to identify causal

SNP-gene links with high confidence171. We found that caQTL+eQTL V2G pairs in over-

lapping contexts are significantly enriched for cS2G links (log2OR = 0.68, p-value = 2.68e-

07; Fisher’s exact test), whereas caQTL+eQTL V2G pairs in non-overlapping contexts

show no significant enrichment (log2OR = 0.14, p-value = 0.433). In contrast, eQTL-

only V2G pairs were moderately depleted with cS2G links (log2OR = -0.40, p-value =

7.43e-3), suggesting that more evidence is needed to nominate causal genes from this set

(Figure 3.5d). We also stratified caQTL+eQTL colocalization by the number of contexts

in which they both colocalize and found that the number of overlapping contexts does not

have an impact on the enrichment in cS2G (SupplementaryNotes). This demonstrates the
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importance of caQTL-GWAS COLOC in the interpretation of eQTL-GWAS COLOC results.

Using this approach, 54.2% of caQTL+eQTL GWAS loci can be narrowed down to no

more than two eGenes in less than two contexts. Many of these candidate eGenes and

contexts have known roles in disease etiology. For instance, the inflammatory bowel

disease (IBD) risk locus 9:139269198 colocalized with eQTL of CARD9 and SDCCAG3 in

monocytes, and that of DNLZ in TH1-17 cells. The same locus also colocalized with two

cREs in monocytes and NK cells. By overlapping caQTL- and eQTL-GWAS colocaliza-

tion, we identified CARD9 and monocytes as the putative causal gene and context for

this GWAS locus. In support of this, we found that: (1) CARD9 is the only gene linked

to the GWAS SNP 9:139269198 in cS2G data (cS2G score=1); (2) the colocalized cRE is

predicted to be connected to CARD9 TSS in monocytes in the ABC model, whereas none

enhancer-TSS links were found in T cells; (3) CARD9 is highly expressed in classical and

non-classical monocytes, whereas DNLZ is lowly expressed in TH1-17 cells; (4) the iden-

tified cRE (chr9:139271584-139272084, ~13.3Kb upstream of CARD9 TSS) is monocyte-

specific and harbors fine-mapped IBD GWAS SNPs (Figure 3.5e). Indeed, CARD9 is one

of the established causal genes in IBD172–174.

While it is promising to combine eQTL- and caQTL-GWAS colocalization to nominate

causal genes, we next turned our focus to the caQTL-only GWAS loci, which consisted of

57.3% of all caQTL-GWAS colocalization. In addition, 720 caQTL+eQTL GWAS loci also

colocalized with caQTL in some contexts where there is no eQTL-GWAS colocalization.

Previous studies suggested that these caQTL without eQTL effects represent poised en-

hancers170. Similarly, we propose that in caQTL-only contexts, we can identify the correct

cRE and its genetic effects, but the underlying contexts are not causal ones.

To better illustrate this idea, we highlight two example GWAS loci where the puta-

tive causal context can be anchored by eQTL data and known biological knowledge. For

example, we found a cRE chr22:39747787-39748287 with a shared caQTL that colocal-
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ized with an RA GWAS locus 22:39747780 in five contexts (B cell, CD4+ and CD8+ T cell,

NK and monocyte). However, the same RA locus only colocalized with SYNGR1 eQTL

in two contexts (CD8+ T cell and NK). This cRE lies within the first intron of SYNGR1

gene and is linked to its promoter in the ABC model, likely regulating SYNGR1 expres-

sion (Figure 3.5f). SYNGR1 is not expressed in the three contexts where it does not have

an eQTL, although the promoter region is accessible (Figure S3.6c,d). This suggests that

a caQTL can be active in some contexts but does not have functional effect on gene expres-

sion. Therefore, although caQTL-GWAS colocalization reveals that this RA GWAS locus

has genetic effects on the nearby enhancers in all contexts, only two of the contexts (i.e.

CD8+ T cell and NK cell) are likely causal. Hypothetically, this would lead to the wrong

conclusion if a study did not include CD8+ T cells or NK cells.

In more complicated cases, the same GWAS locus can colocalize with distinct cREs

in distinct contexts. For instance, an RA GWAS locus (6:14107197) colocalized with two

cREs sharing the same caQTL SNP in B cells (chr6:14095609-14096109) and monocytes

(chr6:14025374-14025874); and it also colocalizedwith aCD83 eQTL inB cells (Figure 3.5g).

In the ABC model, the cRE in B cells (chr6:14095609-14096109) targets the CD83 pro-

moter, both of which overlap with fine-mapped RA GWAS SNPs. CD83 is crucial for B cell

maturation and antigen presentation175. A previous scATAC study on germinal-center B

cells has also reported the relationship between this B cell cRE (chr6:14095609-14096109)

and CD83 promoter at this RA risk locus176. On the contrary, the colocalizing cRE in

monocytes (chr6:14025374-14025874) lies farther upstream and is not linked to CD83

promoter (Figure 3.5g). We concluded that the causal gene and context for this GWAS

locus is CD83 in B cells. In monocytes, the caQTL-GWAS colocalization indicates the ef-

fect of this GWAS locus is mediated by chromatin accessibility, but failed to identify the

correct regulatory element. Therefore, in cases like this, caQTL-GWAS colocalization not

only leads to the likely wrong contexts, but also the likely wrong cRE.

104



Finally, to further understand the regulatory roles of caQTL-only and caQTL+eQTL

GWAS loci, we studied their “regulatory potential” as the sum of ABC score numerators

of all connected TSS. We found that caQTL-only GWAS loci are less connected to TSS

compared with caQTL+eQTL loci (two sided KS-test p-value: 1e-16, Figure 3.5h); sug-

gesting that caQTL-only GWAS loci could be regulating fewer genes or having weaker

effects on their target genes, which can explain why these loci are not detectable as eQTL

and is consistent with our observation in the locus around CD83 gene (Figure 3.5g). We

next compared the enrichment of TF motifs in colocalized cREs at caQTL-only versus

caQTL+eQTL GWAS loci. We found that cREs at caQTL+eQTL loci have a greater num-

ber of enriched TF motifs and stronger enrichment p-values than caQTL-only cREs in all

contexts except for B cells, which has the fewest number of colocalized cREs (Figure 3.5i,

Figure S3.6e). This indicates that cREs at caQTL-only GWAS loci may not have clear

regulatory functions in the contexts included in our data. Nevertheless, some TF mo-

tifs were specifically and strongly enriched in cREs at caQTL-only GWAS loci, including

EOMES, RUNX2 and RUNX3 in CD8+ T cells. EOMES is typically associated with T cell

activation and exhaustion, while RUNX factors and their companion CBFB are associated

with CD8+ T effector/memory (TEM) populations. But DICE only included CD3/CD28-

activated CD8+ T cells that resemble short-term, acute activation more than exhaustion

or long-term memory; this may explain the lack of eQTL-GWAS colocalization at these

loci. Indeed, when comparing the TF motif deviation Z scores of all the enriched TFs

between CD8+ naïve and CD8+ TEM cells in our scATAC data, we found that TF motifs

that were specifically enriched at caQTL-only GWAS loci have much higher deviation Z

scores than caQTL+eQTL loci in CD8+ TEM, including for EOMES, RUNX2 and RUNX3

(Figure 3.5j). This observation is consistent with the notion that for some caQTL-only

GWAS loci, the caQTL captures the genetic effects of these GWAS variants, but in a non-

causal context. These genetic variants are likely to impact disease risk in a context that
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has yet to be studied.

To conclude, we colocalized nearly 50% more GWAS loci with our caQTL compared

to eQTL alone, and discovered that combining caQTL-GWAS with eQTL-GWAS colocal-

ization enabled us to better nominate potentially causal genes and contexts at roughly

50% of colocalized GWAS loci. Furthermore, we showed that GWAS loci only colocalized

with caQTL are likely to pinpoint the correct genetic effects on candidate cREs, but in the

wrong context. We concluded that our caQTL-only GWAS colocalization results may have

causal function in as yet unprofiled contexts.

3.4 Discussion

In this study, we constructed a large, harmonized map of single-cell chromatin accessi-

bility accompanied with high-quality genotype information. We demonstrated that it is

feasible to use a multiplexed library preparation regime and confidently assign cells to

each donor using common genetic variants represented in scATAC-seq reads. While this

allowed us to profile a large number of individuals with fewer libraries, it may not cap-

ture all the rare cell types from each individual. Yet we believe that future larger-scale

scATAC studies could benefit from this multiplexed experiment design to increase power

and alleviate batch effects.

Through our topic analysis directly on the cell-level count data, we showed that we

can capture disease effects only present in a small proportion of RA cells, which are usu-

ally masked in cell clusters. One limitation of topic analysis is that it does not allow for

explicit removal of potential batch effects from scATAC count data. We found that topic

analysis is much less affected by batch effects compared to LSI dimension reduction and

clustering, and batch-associated topics can always be removed in downstream analysis.

Nevertheless, more principled ways to remove batch effects either before or after topic

analysis could prove useful for future research.
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Although sc-eQTL studies have become common, sc-caQTL studies are still rare. By

applying both allelic-imbalancemodeling in RASQUAL and the sc-PMEmodel, wewere able

to identify 25,107 caQTL. We not only quadrupled the number of caQTL from a previous

study17, but we also significantly improved the summary statistics to allow for down-

stream analysis, allowing for better utilization and interpretation of sc-caQTL data. We

also utilized the continuous nature of cell loadings in topic analysis to map dynamic

caQTL. We argue that topics are more straightforward to interpret compared to princi-

pal components39,177.

One of the overarching goals in the post-GWAS era is to understand the biological

mechanisms of associated variants in the noncoding genome. Here we sought to gain

novel insight into this question by utilizing both caQTL-eQTL and caQTL-GWAS colo-

calization. We reported that adding sc-caQTL increases colocalized GWAS loci by 50%

compared to eQTL alone. While this finding is promising and reflects discoveries in bulk

caQTL studies133,170, there has been no straightforward explanation as to why, in a given

context, many GWAS loci only have effects on chromatin, but not gene expression. Here

we offer a more cautionary tale in the interpretation of these caQTL-GWAS colocaliza-

tion results. We showed that combining caQTL- and eQTL-GWAS colocalization can help

us better nominate putative causal genes and contexts; this suggests that caQTL-GWAS

colocalization not corroborated by eQTL are not necessarily functional in the given colo-

calizing context. In some simple cases, we found convincing examples where caQTL are

shared across contexts, but eQTL are cell type-specific due to cell type-specific gene ex-

pression. This raises the possibility that many caQTL-GWAS colocalizations only reveal

the correct genetic effects on the cRE, but not the causal context. This notion is inti-

mately related to the concept of poised or primed enhancers, which play crucial roles in

immune activation and development53. In general, we propose that even when the idea

of poised enhancer does not readily apply, such as between B cells and monocytes, open
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chromatin regions tend to be shared across those contexts. Indeed, a recent multi-modal

study shows that open chromatin states are shared among various RA-associated cell-

states, whereas the gene expression profiles are distinct178. We believe that this layer of

complexity in cRE functions isworth experimental validation. Taken together, we demon-

strate the utility and importance of chromatin accessibility studies in the functional study

of regulatory elements, but we argue that caQTL data-especially those without clear ef-

fects on gene expression-defy over-simplified explanations. Further experimental vali-

dation in diverse disease-relevant contexts is necessary to understand this layer of com-

plexity in cRE functions.

3.5 Methods

Sample collection and library preparation.

Clinical patient samples collection. The Institutional Ethics ReviewBoard of the Fourth

Military Medical University approved this study. We collected RA and healthy samples

from Xijing Hospital, Fourth Military Medical University. We obtained written informed

consent from all donors. All of the RA patients fulfilled both the 1987 revised American

College of Rheumatology criteria and the ACR 2010 Rheumatoid Arthritis classification

criteria112. We isolate peripheral blood mononuclear cells from blood through gradient

centrifugation using lymphocyte separationmedium and either processed directly or cry-

opreserved using CryoStorő CS10 and stored in liquid nitrogen.

scATAC-seq library preparation. We constructed scATAC-seq libraries using the

Chromium Next GEM single-cell ATAC reagent kit v1.1 according to the manufacturer’s

instructions. Before nuclei isolation, the cryopreserved cells were thawed at 37řC for 5

min and viable cells were enriched by Dead Cell Removal Kit (MACS) following the manu-
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facturer’s instructions. To remove the ambient DNA released by fragile cells, DNase I was

used according to the 10x Genomics Protocol: Nuclei Isolation for Single Cell ATAC Se-

quencing. For fresh samples, PBMCswere processed immediately. To construct a scATAC-

seq library with pooled samples, the same amount of cells from two to four distinct sam-

ples were combined in a 2 mL microcentrifuge tube to extract nucle, following the 10x

Genomics Protocol: Nuclei Isolation for Single Cell ATAC Sequencing. Single-cell ATAC-

seq libraries were generated following the Chromium Single Cell ATAC Reagent Kits v1.1

User Guide (10x Genomics; CG000209 Rev G). Library concentrations were measured by a

Qubit 2.0 fluorometer. The quality of the final library was analyzed on an Agilent Bioan-

alyzer. Libraries were sequenced on a NovaSeq 6000 Illumina sequencer.

Low-pass whole genome sequencing. For WGS, one million PBMCs per sample were

collected. Samples were sent to Berry Genomics (Beijing, P. R. China) for library construc-

tion and sequencing, targeting 4X coverage for all samples.

Preprocessing of scATAC-seq data.

We processed data in all three studies from FASTQ files using the following pipeline.

We analyzed each library separately to identify high-quality barcodes and remove dou-

blets. Reads were processed using cellranger-atac v2.1.0 with an in-house GRCh37 refer-

ence genome generated using scripts from 10X Genomic documentations. We removed

reads that were unmapped, did not have primary alignment, failed platform/vendor qual-

ity checks, and had duplicated or supplementary alignment; we only kept reads that were

paired andmapped in proper pairs (samtool view -f 3 -F 3844). We then removed allelic-

biased reads using the WASP workflow implemented in Hornet, using a list of imputed

bi-allelic SNPs (see below). We converted each resulting BAM file from each library into a

fragment file using sinto v0.7.5 and loaded into an ArchR project separately. As a first pass,
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we excluded cell barcodes with fewer than 1,000 andmore than 50,000 unique fragments,

with a TSS enrichment score lower than six for all libraries, and those with high ratios of

reads mapping to nucleosomes, mitochondrial genome or ENCODE blacklist regions in a

library-specific manner.

Genotype imputation from low-pass WGS and aggregated scATAC-seq data.

FASTQ reads from low-pass WGS were aligned to the human reference genome GRCh37

primary assembly from GENCODE v19. Duplicated reads were removed using

MarkDuplicates in the picard tool. Read coverage across the genome was visualized us-

ing plotCoverage from deeptools, excluding blacklist regions from ENCODE. Genotype

likelihood calculation and imputation were performed following GLIMPSE documenta-

tion141. Basically, we first inferred genotype likelihoods across all SNPs from all indi-

viduals in the 1000 Genome Project using bcftools mpileup. In this step, we only in-

cluded sites with sequencing depth below 15 to avoid regionswith unreasonably high read

coverage. For non-multiplexed scATAC-seq libraries, we calculated genotype likelihood

from cellranger-atac generated BAM files after removing reads that are unmapped, not

primary alignment, failed platform/vendor quality checks, duplicated or supplementary

alignment and keeping reads that are paired and mapped in proper pair (samtool view

-f 3 -F 3844). Genotype likelihood was then estimated using bcftools mpileup with

the same parameters for WGS data above. Next, we merged genotype likelihood from all

individuals from the three studies, and performed GLIMPSE genotype imputation jointly.

Imputed genotypes were phased with eagle v2.4.1179.

To confirm GLIMPSE-imputed genotypes from scATAC-seq reads are of high quality

and are not biased by strong allele-specific signals in accessible chromatin regions, we

comparedMinimac4 imputation frommicroarray with GLIMPSE results in the 13 individ-

uals with microarray data from Benaglio et al.13 We first imputed microarray genotyped
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SNPs using the pipeline documented in Michigan Imputation Server (https://imputati

onserver.readthedocs.io/en/latest/pipeline). We used the same reference panel

as in our GLIMPSE pipeline. We then calculated mean imputation quality score (INFO

score) for SNPs stratified by reference MAF bins. We also calculated correlation between

genotype dosages for SNPs imputed using GLIMPSE andMinimac4 and derivedmean cor-

relation across the 13 individuals in each reference MAF bin using vcf-stats.

Demultiplexing of scATAC-seq libraries.

We used the imputed genotype from GLIMPSE to demultiplex scATAC-seq libraries col-

lected in our cohort. We genotyped each cell in a scATAC-seq library at SNPs with MAF >

0.05 in 1000G Project v3 using cellsnp-lite v1.2.2. In this step we included cell barcodes

with at least 500 unique fragments. Note that this cutoff is more lenient than the 1,000

unique fragments we used in the preprocessing step above. This is mainly to remove the

majority of barcodes with very low unique fragments to speed up the cellsnp-lite run.

These SNPs were then used to subset the high-quality, non-monomorphic imputed SNPs

(RAF>0.05 & RAF<0.95 & AF>0 & AF<1 & INFO>0.7) from low-pass WGS, which formed

the reference data for demultiplexing. Finally, we ran Vireo v0.5.7 to assign an individual

to each cell barcode145. We only kept cell barcodes that can be confidently assigned to an

individual ID in downstream analysis.

Preprocessing and cell type annotation of scRNA-seq data.

We re-analyzed previously published PBMC scRNA-seq data from three RA patients, one

ankylosing spondylitis (AS) control and one healthy control. Each scRNA-seq library

was first processed separately. Gene count matrix was used to create a Seurat object,

keeping genes expressed in at least five cells and cells with at least 20 expressed genes

(min.cells=5, min.features=20). Percentage ofmitochondrial readswas calculatedwith
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PercentageFeatureSet function. We further kept cellswith at least 500mRNA, percent_MT

below 10% and removed the top 2% cells with the most number of read counts. These

cells were analyzed using the Seurat pipeline. Briefly, SCTransform was performed us-

ing percent_MT, total RNA counts and number of features as variables to regress out. We

then performed PCA with 30 PCs, found neighbors with default parameters and iden-

tified cell clusters with a resolution of 1.5. After these preprocessing steps, we used the

paramSweep_v3 function, summarizeSweep function and find.pK functions to find suitable

parameters for doubletFinder. Weused modelHomotypic functionswith Seurat clusters to

calculate homotypic proportions and used doubletFinder_v3 with parameters estimated

above to remove potential doublets.

To annotate cell types with Azimuth, the five scRNA-seq libraries were integrated into

one Seurat object by first identifying top 3,000 features with SelectIntegrationFeatures

function, and applying PrepSCTIntegration, FindIntegrationAnchors and

IntegrateData functions. We then ran Azimuth on the integrated dataset with its built-in

PBMC reference data. Cells were annotated on two granularities: L1 consisted of eight

common immune cell types: B, CD4+ T, CD8+ T, dendritic cells (DC), monocytes, natural

killer cells (NK), other T cells and other ambiguous cell types; L2 consisted of 17 cell types

and subtypes. We required cells to have consistent annotations in L1 and L2. For example,

cells annotated as NK need to belong to one of NK, NK Proliferating or NK_CD56bright in

L2 annotation.

Basic analysis of scATAC-seq data.

After keeping cell barcodes with a valid individual ID from Vireo, we also used AMULET

to flag and remove potential doublets (AMULET q-value < 0.1). This is because Vireo only

identifies doublets that contain multiple cells from distinct individuals, but not for the

same individual.
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Through the processing steps above, we identified a list of barcodes that represent

high-quality single-cells with individual ID for each library. We then loaded the fragment

files containing these barcodes from all libraries to one ArchR project for integrated anal-

ysis. Dimension reduction on this full dataset was performed on the binary tile matrix,

selecting the top 30,000 variable tiles and outputting 50 reduced dimensions with ’addIt-

erativeLSI()’ function in ArchR. We then feed this LSI projection to the ’reducedMNN()’

function in R package ’batchelor’ to remove batch effects across libraries22. We imple-

mented a wrapper function to add MNN-adjusted dimensions to the ArchR project, en-

abling seamless downstream analysis. Clusters were identified with a resolution of 0.8.

For visualization, the fastMNN-adjusted reduced dimensions were used to derive a UMAP

embedding with minDist=0.8 and spread=1.

To calculate gene-activity scores (GA scores) from scATAC-seq profiles, we generated

an in-house gene reference set from the GENCODE v19 annotation. Basically, we started

from all the gene symbols in the full GENCODE annotation and removed those whose

gene_type map to one of snRNA, misc_RNA, snoRNA, rRNA, miRNA, pseudogene, poly-

morphic_pseudogene, IG_V_pseudogene, TR_V_pseudogene, IG_C_pseudogene,

TR_J_pseudogene, IG_J_pseudogene, processed_transcript, sense_intronic,

3prime_overlapping_ncrna and sense_overlapping, keeping 32,885 genes on chr1-22 and

chrX. We then extracted the transcript start sites (TSS) and exons for these genes and

constructed a gene annotation object that was added into our ArchR project. Our custom

annotation included important marker genes that are missed in the default hg19 annota-

tion used by ArchR, such as gene RP11-291B21.2 (also known as LINC02446, Figure 3.1h),

a long noncoding RNA thatmarks activated CD8+ T cells. We next calculated the GA-score

using default parameters.

To better annotate cell types in our scATAC-seqdata, we integrated itwith ourAzimuth-

annotated scRNA-seq data and transferred the annotation labels to scATAC-seq cells. We
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first performed unconstrained integration using the addGeneIntegrationMatrix func-

tion in the ArchR package. We then examined the confusion matrix between cell clus-

ters and annotated cell types. Several clusters contained mixed cell types from the refer-

ence dataset. Upon further speculation, we found these clusters tend to have higher rates

of mitochondrial DNA and lie between well-defined cell types in the UMAP, suggesting

these cells are of lower quality or are potential unremoved doublets. We excluded these

cells from the dataset and performed constrained integration, where we restricted cells

to three groups: T/NK cells, monocytes/DC, B cells and performed integration separately

in each group. After this round of constrained integration, we found several T/NK cell

subtypes in L2 have very low cell numbers in scATAC-seq data, we therefore only kept la-

bels with sufficient cell number (CD4+ naïve, CD4+ TCM, CD4+ TEM, CD8+ naïve, CD8+

TEM, MAIT, NK, NK_CD56bright, Treg) and performed another round of constrained in-

tegration. Finally, we re-calculataed the LSI, MNN-adjusted dimensions and the UMAP

embedding and Leiden clustering on the remaining cells.

To identify candidate cREs, we first produced pseudo-bulk group coverages in each

Leiden cluster and used the three studies as sample labels in

addGroupCoverages(sampleLabels=“Study”). We then called reproducible cREs by set-

ting reproducibility=2 in addReproduciblePeakSet. In thisway, wewere able to identify

cREs that are called in at least two of the three studies in our data.

Topic modeling on scATAC count data.

Fitting the topicmodel. Topicmodelingwas performedusing theRpackage fastTopics.

We retrieved the cell-by-cRE count matrix from the ArchR object. In practice, we consid-

ered two aspects in fitting Poisson NMF to our count data. First, fitting the topic model

on the full data is computationally expensive. Second, the NMF problem is non-convex,

meaning that each model fit returns slightly different results, making it difficult to com-
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pare the output using different parameters even on exactly the same data. To speed up the

model fitting process, we randomly downsampled 10,000 cells. For cREs that have zero

counts in the 10,000 sampled cells, instead of removing them from the matrix, we further

sampled cellswhere they havenon-zero counts. This ensures thatwe canproject the fitted

model to the full countmatrix. Tomake sure we can easily comparemultiplemodel fits on

the same data, we first performed NMF using a small number of total topics (k), and then

fit NMF with more topics conditioning on the previous model fit. We started by fitting

the topic model with k=6 using the fit_topic_model function, using 100 main iterations

and 200 refining iterations (numiter.main=100, numiter.refine=200). This returned a

multinomial topic model fitting, which was then projected to the full count data using

the predict function implemented in fastTopics. To fit a model with eight topics (k=8),

we propagated the loading matrix and the factor matrix from k=6 with two more columns

of uniformly distributed values (1/k for loading matrix and 1/(number of cREs) for fac-

tor matrix). We then applied the steps adapted from the fit_topic_model function. The

expanded loading matrix and factor matrix were passed into init_poisson_nmf together

with the downsampled count matrix to initialize a new Poisson model. Then, the model

was fitted with the EM method for 100 iterations (main fitting) and updated with SCD

method for 200 iterations in two consecutive runs of the fit_poisson_nmf function. The

fitted Poisson model was converted to a multinomial NMFmodel with poisson2multinom

function. The output of this final step is a cell-by-eight-topic loading matrix. We iterated

this process with 10, 12, 14, 16, 18 and 20 topics. This framework allowed us to keep the

order of topics constant, making it easier to compare across model fits, while also updat-

ing them when more topics are added. To visualize topic modeling results in a Structure

plot, we performed PCA on the loading matrix (after centering and scaling) and used the

rotated data matrix for K-means clustering (K=30). Then, we randomly selected 2.5% of

cells from each cluster, resulting in a subset of ~5,500 cells for plotting.
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Calculating gene scores. To define a molecular program underlying each topic, we

relied on the factor matrix. We selected the top 10% of cREs with the highest score

in each topic. To calculate gene-level scores from cRE-level scores, we applied ArchR’s

exponential-weighting strategy to calculate gene activity scores. Briefly, scores of cREs

within the gene body are directly summed up, and scores of cREs up to 5 Kb upstream of

the gene TSS are weighted by distance-based power-law. We then calculated the Z score

of each gene across all the topics.

Stratified-LDSC analysis on top cREs in each topic. For s-LDSC analysis, each cRE

was extended to 1,500 bp around its center. We then selected cREs with the highest 10%

factor scores from each topic for s-LDSC analysis. We usedGWAS summary statistics of 11

immune-related diseases and 36 blood cell type traits, and height as a negative control.

GWAS summary statistics were munged by munge_sumstats.py. LD score calculation and

s-LDSC analysis were carried out according to LDSC documentation.

Trajectory analysis in topic model. We defined the cell trajectory directly from topic

loadings with slight modifications to accommodate the analysis workflow of the ArchR

package. As a proof-of-concept, we first scrutinized the B cell trajectory. Since k2 repre-

sents naïve B cells, its loadings are the highest in naïve B cells and decreases in memory

B cells and plasmablast. To construct a trajectory that represents B cell maturation, we

used the reverse order of k2 loadings, such that the trajectory value increases as naïve B

cells transit into memory B cells. The trajectory was restricted to L1-annotated B cells,

and we set the value of all other cell types to NA, so that ArchR does not use these cells in

the analyses. The trajectory values were then scaled to the range of 0-100 for downstream

analysis. To study the change in the proportion of memory B cells or plasmablasts along

the trajectory, the trajectory was divided into percentiles, and we calculated the propor-

tion of non-naïve B cells in each percentile according to L1 annotation. When building a
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trajectory for k9, we removed cells whose k9 loadings are below 0.1, as these likely repre-

sent background noise rather than biologically meaningful variations.

After deriving the trajectory values from cell loadings, we added the trajectories to the

ArchR project as ametadata column. To visualize the changes of gene activity scores along

the trajectory, we used the getTrajectory function, followed by plotTrajectoryHeatmap

functions with options varCutOff=0.8, returnMatrix=TRUE. The heatmap was visual-

ized using ComplexHeatmap180.

To assess the relevance of k9 trajectory to RA,wefirst asked in a cluster-based analysis,

howmany differentially active genes can be found between healthy and RA cells. To do so,

we compared all RA cells with all healthy cells in k9 trajectory regardless of k9 loadings

using the getMarkerFeatures function. We then grouped cells into quintiles according

to their k9 loadings, where higher quintiles were enriched for more RA cells. We next

tested for differential gene activity between all cells in the first quintiles and RA cells in

the higher quintiles (second and above). Note in this test we used healthy and RA cells

in the first quintile as control, following the idea that RA cells in the first quintile are

epigenetically similar to healthy cells.

Chromatin accessibility QTL mapping.

RASQUAL caQTL mapping. Chromatin accessibility QTL (caQTL) were first mapped

using RASQUAL on three grouping levels, whole blood-like (WB-like), L1 and L2 annota-

tions. We generated pseudobulk counts by summing single-cell counts across cell bar-

codes within each group. For the WB-like group, we included all cREs and all individ-

uals. For caQTL mapping in L1 and L2 cell types, we only included cell types with at

least 50 cells in at least 10 individuals. From the pseudobulk count table, we calculated

library sizes and phenotype PCs (after scaling and centering; using ’prcomp()’ function

in R). To get allelic-specific read counts, we extracted reads from each group using ’fil-
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terbarcodes’ command from sinto v0.7.5 and counted allelic-specific reads using ’cre-

ateASVCF.sh’ from RASQUAL. We only kept bi-allelic SNPs with at least four minor allele

counts across tested individuals. We included library size as offsets and five genotype PCs,

the number of cells, and the GC content for each cRE as covariates. RASQUAL was run in

nominal mode and permutationmode. We extracted the lead SNP for each tested cRE and

used nominal and permuted log10(q-value) from RASQUAL to calculate empirical p-values

with empPvals function from the qvalue R package, and then derived q-values from the

empirical p-values. We used q-value below 0.1 as the cutoff for significant caQTL.

To test the enrichment of RASQUAL caQTL from WB in bulk caQTL from LCL, we ob-

tained summary statistics from a previous study46. We extracted lead SNP for each cRE

in the LCL dataset and ranked them by their significance. We then tested the enrichment

of RASQUAL lead SNPs in the top 1%, 5%, and 10% of the most significant LCL caQTL lead

SNPs using Fisher’s exact test.

sc-PME caQTL mapping. Single-cell caQTL mapping with the PME model was per-

formed in three studies separately. For continuous covariates, we included top five geno-

typePCs, topfive LSI dimensions, TSS enrichment scores, fraction ofmitochondrial reads,

log10 of number of unique fragments, all of which are scaled and fitted as fixed effects. We

also included libraries and donors as random effects. The Poissonmixed effect model was

fitted using the glmer function (family=poisson) in the lme4 R package. We set the addi-

tional options as nAGQ=0,control=glmerControl(optimizer=“bobyqa”,calc.derivs=F)

to save computational time for model fitting. We performed meta-analysis using effect

sizes and standard errors from all SNPs in the three datasets and ran Metasoft without

genomic control. For downstream analysis, we used effect sizes and standard errors from

the random effects model and p-values from the Han and Eskin’s Random Effects model

(RE2)69. To call significant caQTL in the meta-analyzed sc-PME results, we first applied

Bonferroni correction for all SNPs in a given cRE, extracted the lead SNP for each cRE,
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and then calculated q-values from the Bonferroni-adjusted p-values across all lead SNPs.

We used a q-value below 0.1 as a cutoff for significant lead caQTL.

Colocalization of caQTL with bulk eQTL and GWAS.

Toperform colocalization between caQTL and eQTL,we used the eQTL summary statistics

from the DICE study we published before2. We tested for colocalization between a caQTL

and an eQTL when their corresponding lead SNPs are among the overlapping SNPs and

there are more than 150 overlapping SNPs.

To perform colocalization between caQTL and GWAS, we used GWAS summary statis-

tics of 11 immune-related diseases and 36 blood cell type GWAS that we have accessed

and processed previously2. Briefly, we defined a GWAS locus as a 1 Mb window centered

around a SNP with a p-value below 1e-7, starting from the SNP with the smallest p-value,

removing all SNP lies within 1 Mb, and iteratively identified all GWAS loci until no SNPs

with p-value below 1e-7 are remained. Similar to eQTL, we tested for colocalization be-

tween a caQTL and a GWAS locus when their corresponding lead SNPs are among the

overlapping SNPs and there are more than 150 overlapping SNPs. All colocalization anal-

yses were performed with the coloc.abf function from R package coloc v5.2.148.

3.6 Supplementary Notes for Chapter 3

Genome-wide coverage of scATAC-seq reads

We sought to test whether the number of scATAC-seq reads in each individual cell would

be sufficient for demultiplexing pooled libraries. We quantified the number SNPs in the

1000G data that overlap with at least one or two unique reads in one scATAC-seq library.

Since donors we collected are all East Asians, we first selected bi-allelic SNPswith aminor

allele frequency (MAF) above 5% among the 493 East Asians (EAS) in the 1000G dataset,
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keeping ~5.6 million SNPs181. For the scATAC-seq library, we kept cells with at least 500

unique fragments and a TSS Enrichment score of at least four. We then randomly sampled

5,000 cells, extracted all reads from these cells using sinto, and calculated the coverages

over the 1000G SNPs using samtools depth. We found that an average of 188 SNPs were

covered with at least two reads (median: 158) across all cells. Because scATAC-seq is

a readout of genomic DNA in a single cell, any given single nucleotide position in the

genomic can only be covered by at most two unique reads. In fact, only 368 (7.36%) cells

have at least ten sites covered by more than three reads. We concluded that these reads

may be due to misalignment and they constitute a negligible portion of the data.

Identifying healthy individuals with expanded T cell population

In our multiplexed scATAC-seq libraries, we expect cells from all individuals in a single

library to be well-mixed when visualized on a 2-D UMAP embedding. We observed for all

libraries except for one that contains four healthy individuals. Intriguingly, two of the

four samples form their own clusters when this library was analyzed separately. For in-

stance, cluster 4, 5, and 7 were exclusively donor PBMC003, while clusters 3 and 6 were

exclusively PBMC004. Moreover, PBMC003 and PBMC004 are depleted with monocytes

and B cells, represented by cluster 1 and cluster 2, respectively (Figure 3.6a). Upon scru-

tinizing marker genes for clusters that are unique to PBMC003 and PBMC004, we found

markers for activated T cells like IFNG, CD28 and IL2RA as well as cell proliferation like

CDK6 (Figure 3.6b,c), suggesting that PBMC003 and PBMC004 are two seemingly healthy

individuals that have expanded T cell populations that set them apart from the other two

healthy individuals in the same pool. Given our multiplexed experimental design, we

concluded that the separation of cells from these two individuals is due to biological dif-

ferences rather than batch effects.
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Figure 3.6. Two donors from a multiplexed library show T cell activation signatures.
a, Left: UMAP of the multiplexed library containing four donors colored by cell clusters. Right:
UMAP colored by donors. b, Heatmap showing gene activity Z scores of cell cluster markers. c,
UMAP colored by imputed gene activity scores of genes representing activated T cells.
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Cell type annotation using scRNA-seq data

To annotate cell types and subtypes, we relied on the scRNA-seq dataset that is anno-

tated by Azimuth and then integrated it with our scATAC-seq data to transfer cell type

labels (Methods). We first tested this for all cells from the 33 individuals we collected in

this study. To assess the quality of cell type annotation, we examined the number of Tregs

identified and concluded that both the number (183) and percentage (0.228%) of anno-

tated Tregs in PBMC are underestimated in our dataset. We reasoned that the relatively

small total cell numbers in our dataset makes it difficult to confidently identify rare cell

types. This prompted us to integrate our dataset with previously published scATAC-seq

PBMC datasets, doubling the total number of cells. In this integrated dataset, we iden-

tified much more Tregs (2,390), and their proportion in PBMC is also higher, which is

more consistent with known estimations. Notably, identified Tregs in our data increased

to 2,390 from 183, consistent with the idea that increasing the total number of cells not

only increases the absolute number of rare cell types, but also makes it easier to identify

these rare cell types using existing computational methods.

ArchR offers two strategies for integrating scATAC-seq data with scRNA-seq data: un-

constrained and constrained integration. In unconstrained integration, all cells in scATAC-

seq are matched to all cells in scRNA-seq; in constrained integration, only cells from a

certain group are used for integration, such as B cells and monocytes. We found that con-

strained integration is better at capturing rare cell types. For example, we identified 16

plasmablasts in unconstrained integration, while 472 plasmablastswere identified in con-

strained integration. Similarly, the number of Treg increased from2,390 in unconstrained

integration to 3,961 in constrained integration. Therefore, we used cell type labels from

constrained integration for downstream analysis.
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Optimizing estimates of correlation coefficients between topic loadings and

gene activity scores

To enhance the utility and interpretability of continuous cell trajectories constructed

from topic loadings, we sought to calculate the correlation between a trajectory and gene

activity scores. To get better estimations of the correlation coefficients, we need to over-

come the sparsity in scATAC data, which can cause underestimated correlation coeffi-

cients. Therefore, we adapted the ArchR method to generate pseudo-bulk replicates by

grouping similar single-cells together. By default, ArchR creates a K-nearest neighbor

graph in a latent space to identify similar cells148; in our implementation, we used the

scaled loading matrix from fastTopics as the latent space to group similar cells, aiming

for around4,000pseudo-bulk replicateswith 50 cells in each replicate (knnIteration=4000,

k=50). As a result, we identified 3,989 pseudo-bulk replicates consisting of 124,858 unique

single-cells. Having identified the pseudo-bulk replicates, we calculated the mean gene

activity scores across all cells belonging to each replicate. Accordingly, we also calcu-

lated mean cell loadings across all cells in each replicate. We further removed genes with

mean activity score below 0.3 in all pseudo-bulk replicates, as these genes are likely to

have very low expression levels. When calculating Spearman’s correlation coefficients

between a given topic and gene activity scores, we only included pseudo-bulk replicates

with a loading score bigger than 0.01. Using this method, we found that Spearman’s cor-

relation coefficient between k19 (memory B cells) loadings and the memory B cell marker

gene TNFRSF13B is 0.852, compared to the drastically lower estimation of 0.291 when

single-cell measurements were used (Figure 3.7).
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Figure 3.7. Pseudo-bulk replicates greatly enhance correlation estimation between loadings and
gene activity scores.
Left: scatter plot showing the correlation between k19 loading andTNFRSF13B gene score. Dashed
line highlights the cutoff (0.01) we used to exclude pseudo-bulk replicates with extremely low
loadings from correlation estimation. Each data point represents a pseudo-bulk replicate con-
sisting of 50 single-cells. Right: scatter plot showing the correlation between k19 loading and
TNFRSF13B gene score in all single-cells. Note that cell density on the 2-D plot cannot be calcu-
lated because the majority of cells have a gene score of zero.

caQTL mapping with linear model and pseudo-bulk Poisson model

We also compared caQTL mapping results from our sc-PME model with the more com-

monly used pseudobulk linear model. Briefly, we mapped caQTL in pseudobulk whole

blood (WB) using QTLtools91. Count data was normalized to a total of 1e4 in each sample,

which is similar to CPM, followed by scaling across individuals and quantile-quantile nor-

malization across peaks. We then calculated the phenotypic principal components (PC)

from this scaled and normalized matrix. To be consistent with our RASQUAL caQTL call-

ing, we used five genotypic PCs and seven phenotypic PCs as covariates. We ran QTLtools

in both nominal mode (–nominal) and permutation mode (–permute). Using permutation

output, we calculated q-values from the adjusted empirical p-value given by thefitted beta

distribution and identified 3,417 cREswith significant caQTL across the genome. Notably,

3007 (88.0%) of these caQTLwere also identified in RASQUALWB caQTL; and 2,999 (87.8%)

of these were identified in sc-PME WB caQTL.

We next compared the effect sizes estimated by the linear model with the effect sizes

from RASQUAL and the sc-PMEmodel. As expected, we observed high correlations between

the effect size estimates, with Spearman’s rho 0.86 and 0.75 for RASQUAL and sc-PME,
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respectively (Figure 3.8a).

Figure 3.8. Linear model identifies fewer caQTL, although effect sizes are highly correlated with
RASQUAL and the sc-PME.
a, A scatter plot comparing the effect size estimation from linear model in QTLtools and RASQUAL
(Pi). Each point represents a significant cRE-SNP pair identified in RASQUAL output. Shared caQTL
between QTLtools and RASQUAL are colored in red, while RASQUAL-unique caQTL are colored in
gray. b, Similar to a, a scatter plot comparing the Z score estimation from linearmodel in QTLtools
and meta-analyzed sc-PME output. Z scores for sc-PME models are calculated from p-values of
the random effects method (RE2) in Metasoft. Each point represents a significant cRE-SNP pair
identified in sc-PME output.

Unique caQTL in RASQUAL and sc-PME have smaller effect sizes in linear models com-

pared to those shared between the two groups of methods, suggesting that the linear

model is under powered to detect caQTL with smaller effect sizes (Figure 3.8b). Note the

Z scores for sc-PME models are calculated from p-values of the random effects method

(RE2) in Metasoft182, because we used this p-value for identifying significant caQTL.

Higher dropouts lead to higher false discovery rates in sc-PME model

We sought to understand whether the single-cell Poissonmixed-effectsmodel can lead to

spurious associations when modeling single-cell count data. To this end, we performed

a permutation analysis by changing the order between genotype and individual labels,

thereby preserving the correlation structure between phenotype and covariates in our sc-

PME model. We ran the permutation analysis on all the 27,117 cREs on chromosome 1 in

the cohort of 33 individuals we collected. We calculated the q-value for each lead SNP in

the sameway aswedid for non-permutationmapping. In this analysis, 6,371 cREshad a q-
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value below 0.1, suggesting a false discovery rate (FDR) of 30%. In particular, the smallest

p-values are concentrated in cREs with more than 85% of zero counts (Figure 3.9).

Figure 3.9. Higher dropouts lead to higher false discovery rates in sc-PME model.
a, QQ-plot showing the permuted q-values for lead SNPs of 27,117 cREs. Grey line represents the
10% FDR cutoff. b, Violin plots showing the relationship between permuted q-values and zero
count proportions of cREs across all cells. The lowest q-values are particularly enriched in cREs
with more than 85% of zero counts.

Comparing Z scores of caQTL-eQTL pairs in colocalization analysis

To further understand how a given caQTL-eQTL pair colocalizes in one context but not

another, we compared effect sizes of all 7,063 colocalized caQTL-eQTL pairs in each of

the five contexts. Similar to our observation on gene/cRE activity levels, caQTL and eQTL

have the largest Z scores in colocalized contexts, followed by in non-colocalize contexts,

and the smallest Z scores are observed in not-tested contexts (Figure 3.10a,b). This sup-

ports our argument that even when a caQTL-eQTL pair colocalizes in one context, it often

does not colocalize in all other contexts because the eQTL/caQTL may be weaker due to
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the molecular phenotype having lower activity in another context. Therefore, a func-

tional caQTL is often also an eQTL in the same context, but this does not guarantee that

the same caQTL in another context is also an eQTL. On the contrary, the genetic effects

on chromatin accessibility can be widely shared across contexts, but not all caQTL are

functionally regulating downstream genes. We believe this conclusion also has great im-

plications for the proper interpretation of caQTL-GWAS colocalization results, especially

in the absence of eQTL.

Figure 3.10. Weaker QTL explain the lack of sharing of caQTL-eQTL colocalization.
a, Cumulative distribution of absolute caQTL Z scores in five contexts for 7,063 colocalized caQTL-
eQTL pairs in at least one context. Z scores in each context are grouped by whether a given caQTL
is colocalized, tested for colocalization but does not colocalize (Non-colocalize), or not tested for
colocalization (Not tested) due to the absence of eQTL or caQTL. b, Similar to a, showing the
cumulative distribution of absolute eQTL Z scores. To allow for better comparison with caQTL,
the 15 DICE cell types were mapped to the five common contexts by taking the maximum Z score
across the cell types belonging to each context.

caQTL-eQTL colocalization across all pairwise contexts

Through our caQTL-eQTL colocalization analysis, we found that many caQTL are shared

across many contexts, but they only colocalized with eQTL in a few specific contexts,

mostly due to the context-specificity of eQTL. Therefore, we proposed that it is impor-

tant to distinguish a cRE being merely “active” from it being actually “functional”. Func-
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tional cREs are actively regulating the expression of their downstream genes, whereas

active cREs are open chromatin regions that are not actively regulating gene expression

in a given context. Crucially, both functional and active cREs can have significant caQTL.

This implies that even though a caQTL does not colocalize with eQTL in one context, it

might be an eQTL in another context, where it has causal functions.

To test this hypothesis, we performed cross-contexts colocalization analysis, where

we tested for the colocalization between the caQTL in contexts A with the eQTL in con-

texts B for all pairs of contexts. In this expanded colocalization analysis, 42% of eGene

colocalized with at least one caQTL in any context; and the number of colocalized eGenes

increased 1.78 fold on average across contexts. Similarly, 18% of caQTL colocalized with

at least one eQTL in any context; although this increase is not as dramatic as that of eQTL,

the number of colocalized caQTL increased by 2.2 fold on average across contexts. Thus,

when all contexts are considered, the proportion of caQTL that are also eQTL almost dou-

bled compared to only using matched cell types.

To understand the cross-contexts colocalization in better detail, we first “fixed” the

caQTL to one context and scrutinized its colocalization with eQTL in all other contexts.

By doing so, we can alleviate the problem of caQTL sharing and potential noise in caQTL

p-values across contexts (even though the lead SNP is shared). We then compared the

properties of eQTL and eGenes across contexts while caQTL remains constant. To illus-

trate this process, we use B cells as an example. For each caQTL in B cell, we identified

all the colocalizing eQTL across contexts (B, CD4+ T, CD8+T, Monocyte, NK). These eQTL

were divided into three categories: (1) the same eGene is also colocalized in B cells (i.e.

shared colocalization; COLOC), (2) eQTL is significant but does not colocalize in B cells

(Non-COLOC), and (3) eQTL is not significant in B cells thus not tested for colocaliza-

tion with the caQTL (not-tested). We then scrutinized the effect sizes of these eGenes in

B cells, stratified across the three categories. Consistent with our previous analysis for
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colocalization in matching contexts, many eGenes were not tested for colocalization in

B cells because of weaker eQTL. The effects are the weakest in the “not-tested” group,

consistent with these eQTL being not significant in B cells. However, these genes have

significant eQTL in another context that colocalized with the caQTL in B cells, raising the

possibility that these caQTL do not have causal functions in B cells, although they are sta-

tistically significant. We performed the same analysis for all other contexts and observed

the same trend (Supplementary Fig. 6a). We also compared the effect sizes of eQTL and

reached the same conclusion, although the differences between the three categories are

smaller (Supplementary Fig. 6b).

Figure 3.11. Cross-context comparison of QTL effects.
a, Cumulative distribution of absolute eQTL Z scores for colocalized eGenes across contexts. Z
scores in each context are grouped by whether a given eQTL is colocalized (COLOC), tested for
colocalization but does not colocalize (Non-COLOC), or not tested for colocalization (Not tested)
due to the absence of eQTL in a given context. b, Similar to a, showing the cumulative distribution
of gene expression levels. To allow for better comparison with caQTL, the 15 DICE cell types were
mapped to the five common contexts by taking the maximum Z score and mean gene expression
across the cell types belonging to each context.

3.7 Supplementary Figures for Chapter 3
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Figure S3.1. Quality control on scATAC-seq data and genotyping.
a, Number of 1000G SNPs covered by at least one or two reads correlateswith the number of unique
fragments in each cell. Dashed linemarks 1,000 unique fragments. b, UMAP for 33 individuals col-
lected in this study, colored by donor. c, UMAP for 33 individuals collected in this study, colored
by whether fresh or frozen PBMCwere used. d, Distribution of quality control metrics in the three
datasets. e, Comparison Azimuth L2 annotation and cell clusters. Heatmap is colored by row nor-
malized proportions, such that the cell type compositions sum up to one on each row. f, UMAP for
CD8+ T cells from three healthy individuals with expanded CD8+ T cell populations and gene ac-
tivity scores for effector genes. g, 4XWGS and aggregated scATAC-seq reads have very similar read
coverages. h, Line chart showing mean correlation between GLIMPSE-imputed genotype dosages
from aggregated scATAC-seq reads and those imputed from microarray data using Minimac4. i,
PCA analysis of individuals in this study with 1000G samples.
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Figure S3.2. Visualization of cell loadings for the 20 topics in UMAP embedding.
a, UMAPplots showing the spacial distribution and quantity of loadings for the 20 topics. Loadings
below 0.1 in a cell were set to 0 for visualization purposes (grey).
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Figure S3.3. Topic analysis.
a, Correlation between k1 loadings and TSS Enrichment scores. b, Bar plot showing the genomic
annotation of the top 3,000 cREs in each topic, compared to all cREs. c, top: schematic show-
ing four strategies to calculate gene-level score from cRE-level scores. Bottom: gene-level scores
calculated from the four strategies for cREs in topic k4, a naïve T cell topic. d, Adjusted p-values
for TF motif enrichment in top 3,000 cREs in each topic. -log10(P) values are normalized for each
topic. Top five enriched TFs are shown for each topic. e, Ordered adjusted p-values for TF motif
enrichment in topic k17. f, UMAP colored by BATF deviation Z score (left) and k17 loadings (right).
Circulated region represents cells with high k17 loadings and high BATF activity. g, Likelihood-
ratio test of RA cell enrichment in each topic. Y-axis shows the effect sizes of RA status on each
topic in the generalized linear model. Error bars represent 95% confidence intervals. h, The num-
ber of up-regulated and down-regulated genes between RA cells in the top four k9 quintiles and
all cells in the first k9 quintiles, compared with the number of differential genes when all RA cells
in topic k9 were compared with all healthy cells.
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Figure S3.4. caQTL mapping using RASQUAL and sc-PME model in harmonized data.
a, Principal component analysis (PCA) on pseudo-bulk count data for WB and seven common im-
mune cell types. Each sample is colored by study. b, Scatter plots comparing RASQUAL effect sizes
(Pi) with sc-PME effect sizes (left) and sc-lme effect sizes (right). Only significant RASQUAL caQTL
on chromosome one identified in 33 individuals collected in our study were plotted. c, Histogram
showing distances from cRE centers to significant lead caQTL in WB from RASQUAL (top) and sc-
PME (bottom). Green shaded region highlights cRE size (500 bp); blue shaded region highlights
RASQUALmapping window (10 Kb) relative to sc-PME mapping window (500 Kb).
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Figure S3.5. Comparative analysis of eQTL and caQTL.
a, Sharing of sc-PME caQTL in WB and seven common immune cell types. b, Sharing of RASQUAL
caQTL in WB and seven common immune cell types. c, Mapping of 15 immune cell types in DICE
data to the seven common cell types used in caQTL mapping. d, Manhattan plots showing that
PADI2 eQTL is only significant in classical monocytes (highlighted in colored box). e, Violin plot
showing that PADI2 gene is only expressed in classical monocytes. f, Genome browser tracks for
the genomic locus around PADI2. Two cREs whose caQTL colocalized with PADI2 eQTL were col-
ored in red. g, Manhattan plots showing that cRE chr1:17336114-17336614 has shared caQTL in
monocyte, CD8+ T cell and B cell, but with different lead SNPs. h, Top 100 pathways enriched in
genes linked to cREs with k9-interacting dynamic caQTL in CD8+ T cells.

134



Figure S3.6. Comparative analysis of GWAS and caQTL.
a, Box plot showing that a GWAS locus that colocalized in more contexts also tends to colocalize
with more distinct cREs. b, Box plot showing that a GWAS locus that colocalized in more contexts
also tends to colocalize with more distinct eGenes. c, Violin plot showing that gene SYNGR1 is
only expressed in NK cells, classical monocytes, and to a lesser extent in naïve CD8+ T cells. d,
Manhattan plots showing GWAS, caQTL and eQTL around an RA GWAS locus. e, Comparison of
TFmotif enrichment p-values for cREs colocalizing with GWAS loci that also colocalize with eQTL
(eQTL+caQTL) versus cREs colocalizing with GWAS loci that have no eQTL colocalization (caQTL-
only).
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CHAPTER 4

CONCLUSION AND DISCUSSION

4.1 Significance and limitations

The central goal of this dissertation is to evaluate how molecular QTL can be utilized to

nominate potential causal genes and contexts for disease GWAS variants, and to better

address the question of why studies so far have had very limited success in doing so, which

has been proposed by some researchers as the missing interpretation problem132.

In Chapter 2, I focus on the transcriptome in immune cells and comprehensively

map the genetic control of gene expression and pre-mRNA splicing, by analyzing existing

large-scale RNA-seq datasets in a uniform fashion. My integrative analysis on eQTL/sQTL

and GWAS shows both the utility and limitations of eQTL data and generates several

valuable insights. First, I highlight the pervasiveness of primary eQTL sharing among

immune cell types and subtypes, contrary to previous believes that many eQTL are cell

type-specific29. This implicates that collecting ever-more diversified immune cell pop-

ulations in eQTL study will not lead to the discovery of new primary eQTL, as least in

peripheral blood. Second, I demonstrate that sQTL explain 14% of GWAS loci that are

not eQTL, highlighting the crucial role RNA splicing may play in disease progress. I show

that significantly increase the sample size for eQTL study does not increase the number

of colocalization with GWAS loci. In fact, increasing the number of samples by 100 folds

only identifies 1.5-fold more colocalization events with GWAS. I also observe that GWAS

loci not explained by eQTL tend to locate close to evolutionary constrained genes, and

have more complex gene regulatory landscapes, consistent with recent theoretical analy-

sis on the systematic differences between SNP found in GWAS and eQTL34. Finally, I use

synovial fluid immune cells from RA patients to show that disease samples from the cor-

rect tissue capture genetic effects absent in healthy cells or in vitro-stimulated immune
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cells. This highlights the importance to study disease-specific gene regulation.

In Chapter 3, I show that chromatin accessibility can greatly complement eQTL data

in understanding disease GWAS. I compile one of the largest scATACmap in human PBMC

to date and develop a workflow to demultiplex scATAC-seq libraries using low-pass WGS

data. I also demonstrate that aggregated scATAC reads can be used to accurately impute

genotype data. These strategies together makes population-scale scATAC study more

cost-effective and increases the utility of scATAC data without genotype information for

genetic studies, and can be readily applied to future experiment design. Using the harmo-

nized scATAC data, I discover four times more caQTL compared to a previous study and

show that caQTL colocalize with 50% more GWAS loci compared to eQTL alone13. Com-

bined with eQTL/sQTL colocalization from Chapter 2, we can now explain nearly 75%

of GWAS variants. While this is encouraging in terms of the number of colocalized loci,

I show that it is often challenging to pinpoint the causal genes and contexts for caQTL-

GWAS colocalization, especially when the GWAS loci do not colocalize with any eQTL. I

propose that a regulatory element—for example, a peak in scATAC data—can be active in

a given context, it is not necessarily functional in regulating gene expression. For a regu-

latory element to be functional, it needs additional mechanisms like certain transcription

factor or co-factor binding and being physically linked to its target promoter. In line with

this, scATAC data from Drosophila development revealed that pioneer TFs make chro-

matin accessible but other combinations of TFs are required for enhancer function183. I

argue that studying disease-relevant contexts and integrating functional annotations on

scATAC data is necessary to understand the biological process underlying caQTL.

The work I described in this dissertation is not without limitations. The study on

molQTL here is restricted to primary QTL. This is partially due to the relatively small

sample size that may not be sufficient for fine-mapping or conditional analysis. Statisti-

cal colocalization also assumes exactly one independent signal in each locus, which may
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be violated in some cases. Indeed, a recent study reported that considering non-primary

eQTL in adipose tissue increases colocalization by 46%184. Similarly, it is also difficult to

conduct three-way colocalization in a caQTL-eQTL-GWAS tuple. I observe many cases in

which both a caQTL and an eQTL colocalize with a GWAS locus, but the caQTL and eQTL

do not colocalize. This is possibly because both eQTL and caQTL have limited power com-

pared to GWAS in a colocalization test. Thus, it is challenging to directly link a GWAS

locus to a regulatory element and to its target gene. Another limitation is the use of RA

PBMC, rather than synovial fluid. This severely limits the ability to find disease-specific

regulatory effects. While I define an RA-associated effector/memory CD8+ T cells tra-

jectory in PBMC population, it is far from the only RA-associated cell populations and

it remains unclear whether this population has any role in disease progress in the syn-

ovial fluids. Last but not least, the eQTL and caQTL data analyzed in Chapter 3 come

from two independent studies. Different nomenclature used to identify cell subtypes are

not completely consistent between the eQTL and caQTL data. This poses a challenge to

identify cell type specific genetic effects in chromatin accessibility and gene expression.

In the foreseeable future, scRNA and scATAC data from the same set of samples, or even

multimodal measurements from the same cells can be used to address with issue.

4.2 Reflections on current paradigm and future directions

At the end of this dissertation, I would like to reflect on the current practices in the field

and discuss possible future directions. The biological interpretation of GWAS results has

been extensively studied in the past decade. This endeavor consists of at least two aspects:

(1) knowing the causal gene of a given GWAS locus and (2) knowing the causal context in

which it functions. To address these questions, the field has witnessed the formation of

a research paradigm, namely, the collection of large-scale RNA-seq data and subsequent

statistical integration of eQTL/sQTL with GWAS summary statistics. The recent develop-
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ment in epigenetic QTL (histone modification, DNA methylation, and chromatin acces-

sibility) mapping only reinforces this paradigm. The large number of scientific research

articles that report newly collected data and tallying of colocalization with GWAS attest

to the wide adoption of this research paradigm.

Conventional thinking has that if we can find a cell type-specific eQTL that is also

a GWAS locus, we can simultaneously nominate the causal gene and cell type (or con-

text) for this given GWAS locus. This line of thinking has been widely adopted in the

field in the past few years and partially motivated the pursuit of cell type-specific eQTL

and colocalization events. However, this interpretation is not necessarily true. Our work

demonstrated that due to high level of QTL sharing, it is very difficult to pinpoint the cor-

rect causal context for GWAS variants, evenmore so than pinpointing the potential causal

gene. Indeed, one study found that eQTL in whole blood (eQTLGen) colocalize with more

brain GWAS loci than eQTL from brain tissues185. Similary, in Chapter 1, I found a large

proportion of Alzheimer’s disease (AD) GWAS colocalize with eQTL in peripheral blood

monocytes. These signals likely arise from the shared eQTL between monocytes and mi-

croglias. Second, one GWAS locus often colocalizes with more than one eGene, possibly

due to co-regulation. Third, important genes may be regulated by multiple redundant

enhancers to maintain a stable expression level, thereby masking the effect of single en-

hancer and eQTL. Conversely, the same gene may be loosely regulated in an unimportant

cell type, making the effect of a single eQTL detectable134. This implicates that the colo-

calized context is not guaranteed to be the causal context. Instead, it may precisely be

the wrong context. Importantly, it is hard to disentangle these complex effects just based

on eQTL and GWAS data, and it is impossible to estimate how much of the colocalization

results are affected by the above reasons.

The recent advances in epigenetic, including chromatin accessibility, QTL (epiQTL)

has expanded our understanding of disease GWAS, although I would like to argue that
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current results raise more question than answers. On one hand, epiQTL have higher heri-

tability than eQTL and they mediate more GWAS heritability. epiQTL also colocalize with

more GWAS loci, ranging from ~25% to ~50% more depending on studies and traits ana-

lyzed. On the other hand, the majority of epiQTL has no effect on gene expression in the

same context. It thus remains unclear how epigenetic features can mediate the genetic

effects on phenotypes without affecting gene expression.

One hypothesis is that many enhancers are “primed”, meaning that these enhancers

are accessible but rapidly enhance the expression of their target gene in another con-

text. Primed enhancers have been relatively well-documented in immune activation and

development. In Chapter 3, I propose that similar ideas can be generalized to explain

the lack of effect on expression for most caQTL across cell types. However, new data

and methods are needed to fully understand this. In Chapter 3, I found that in CD8+

T cells, enhancers underlying caQTL-GWAS colocalization without eQTL tend to be en-

riched formotifs of TFs related to long-term effector/memory and exhausted phenotypes.

This suggests that adding TF binding information can help resolve the cell type and state

functions of enhancers and help define their causal context. Indeed, many enhancers are

highly accessible but not bound by TFs with specific functions, although they may have

a strong caQTL and harbor motifs of multiple TFs. The functional consequence of these

enhancers is only relevant with TF binding. Onemajor challenge is that existing ChIP-seq

data on TFs is scarce and current experimental methods can only profile one TF in each

experiment. Unlike chromatin accessibility and histone modifications, there are at least

hundreds of TFs in human genome, making it next to impossible to map all of them in

a single study. Nevertheless, hypothesis-driven studies that focus on a few TFs at a time

can still be immensely insightful on the selected TFs.

Alternatively, machine learning techniques can be used to carry out in silico experi-

ments to understand how TF works. Specifically, deep neural networks have been trained
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to predict scATAC signal at base-pair resolution183,186. Interpretation tools can subse-

quently be used to extract contribution scores for each of the four nucleotides at each

base-pair position. These contribution scores can be clustered and aggregated to identify

TF binding motifs, offering biological meanings to model outputs. Furthermore, manip-

ulated sequences can be run through the trained model to decipher how sequence con-

texts affect chromatin accessibility. Using these techniques, a recent study reported that

during Drosophila embryo development, pioneering TFs quickly drive chromatin acces-

sibility throughout the genome, whereas more specific TFs later bind to these sites to

induce tissue-specific gene expression patterns183. These discoveries are consistent with

previous experimental approaches, but also offers novel insights on the sequence rules

of TF lexicon and greatly improves the breath of questions that can be answered using

scATAC-seq data.

It is well known that functional enhancers make contact with downstream promot-

ers. Therefore, incorporating enhancer-to-promoter (E2P) links to caQTL/eQTL/GWAS

data can help nominate causal genes. However, current E2P prediction methods often

gives inconsistent results. It is unclear whether the inconsistency are due to technical

differences or that they are capturing different aspect of gene regulation. Benchmark-

ing these methods is also extremely challenging because of the scarcity of ground truth

data. Therefore, future research could benefit frommaking better benchmark datasetwith

specialized experiments and developing E2P prediction methods that can better handle

single-cell genomics data. Moreover, very few gene prioritization methods currently use

E2P information. Developing methods that integrate E2P and other functional annota-

tions with QTL/GWAS data in a more principled fashion may be useful.

Ultimately, knowingwhether an epiQTL is also an eQTL or notwould be tantamount to

solving the “cis-regulatory code”187, which is a mapping of DNA sequence to expression

level of nearby genes that could predict when, where, and how much the gene should be
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expressed. Unlike amino acid code that maps DNA sequence to protein sequence, “cis-

regulatory code” is extremely poorly defined. This is challenging for several reasons.

First, the sequence space of “cis-regulatory code” is huge, whereas the open chromatin

sequences from a group of cell types is relatively small, and most accessibility status are

shared across cell types. Second, “cis-regulatory code” dictates the binding and interac-

tion of TFs, which can have a large number of potential combinations and can lead to

competitive or cooperative relationships based on the exact interacting partners and the

genome context. Third, many aspects jointly determine the effect of cis-regulatory ele-

ments on gene transcription, including but not restricted to genomic distance, chromatin

folding, enhancer strength, promoter strength, and so on187. No single assay could gen-

erate the data modalities that are required to decipher the effect of these elements on

transcription, and future studies not only need to generate more types of data, but they

also need to come up with novel methods to integrate all the information from all the

data.

To summarize, given all the advents in experimental and statistical methods in the

past decade, understanding the biological mechanisms of disease GWAS variants remain

very challenging. While the field has largely focused on expanding the number of sam-

ples and contexts in study design, I believe more attention could be paid to multimodal

integration of data and to bridging the theories and methods between the fields of sta-

tistical genetics and biological experiments. These interdisciplinary approaches have the

potential to reveal the complexities in gene regulation and offer a more complete picture

of how genetics shape human complex phenotypes.
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