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Abstract

Recent advancements in single-cell technologies have enabled expression quantitative trait locus
(eQTL) analysis across many individuals at single-cell resolution. Compared with bulk RNA
sequencing, which averages gene expression across cell types and cell states, single-cell assays
capture the transcriptional states of individual cells, including fine-grained, transient, and difficult-
to-isolate populations at unprecedented scale and resolution. Single-cell eQTL (sc-eQTL) mapping
can identify context-dependent eQTLs that vary with cell states, including some that colocalize
with disease variants identified in genome-wide association studies. By uncovering the precise
contexts in which these eQTLs act, single-cell approaches can unveil previously hidden regulatory
effects and pinpoint important cell states underlying molecular mechanisms of disease. Here,

we present an overview of recently deployed experimental designs in sc-eQTL studies. In the
process, we consider the influence of study design choices such as cohort, cell states, and ex
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vivo perturbations. We then discuss current methodologies, modeling approaches, and technical
challenges as well as future opportunities and applications.
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1. INTRODUCTION

Genome-wide association studies (GWASs) have identified thousands of genetic loci
associated with complex traits and diseases (20). A pressing challenge is to define the
molecular mechanisms by which disease-associated variants contribute to pathogenesis.
Since more than 90% of GWAS hits lie within noncoding genomic regions, many disease
alleles are assumed to impact gene regulation (97). One approach is to find colocalization
between disease variants and expression quantitative trait loci (eQTLs)—regulatory variants
that affect the expression of an associated gene (referred to as an eGene) either nearby (c7s;
typically within 1 Mb) or far away (#rans, > 1 Mb away or on a different chromosome).

In addition to improving our basic understanding of gene regulation, mapping eQTLs is a
potentially powerful strategy to link disease variants to candidate target genes and pinpoint
causal cell types and states (146).

However, in practice, linking eQTLs to GWAS variants has had limited success—for
autoimmune diseases such as rheumatoid arthritis, for example, only ~10-30% of GWAS
hits have been found to colocalize with eQTLs (25, 48, 64). Large-scale eQTL studies
typically use bulk RNA sequencing (RNA-seq) to profile tissue samples from many
individuals and then associate genetic variants with gene expression. For example, the latest
phase of the Genotype-Tissue Expression (GTEX) project profiled more than 15,000 samples
from 49 tissues of more than 800 postmortem donors to identify tissue ¢is-eQTLS (54).
Despite the large sample size, studies have estimated that GTEx eQTLs explain only ~11%
of heritability for complex traits (161).

How do we explain this missing link between existing gene regulation and disease
association studies (27)? There are many possible explanations (27, 102, 146, 161); for
example, a substantial portion of noncoding disease variants may affect other aspects of
gene regulation beyond expression, such as splicing (119) or chromatin states that do not
have observable gene expression effects (82). One commonly proposed explanation is that
disease-associated eQTLs are context dependent—that is, the strength of a regulatory effect
depends on the cell’s specific biological state and environmental context—and thus are
poorly captured by bulk, single-condition datasets (56, 64, 103, 146).

There are several ways in which study design limits the ability to resolve context-dependent
eQTLs. First, eQTLs could be specific to relatively rare but distinct cell types in a given
tissue, such as microglia in the brain (166), and obscured in bulk analyses that aggregate
gene expression from diverse cell types. Second, eQTLs can be stronger within finer-grained
cell states within a given cell type (i.e., state dependent), as cell types themselves often
comprise heterogeneous subpopulations. These eQTLs may be (4) state specific, appearing
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only in certain cell subpopulations, such as regulatory T cells (Tregs) (15), or (4) dynamic,
where the eQTL follows a continuous gradient, such as cytotoxicity in T cells (106) or
differentiation over time (137). Bulk studies have sought to address these issues by isolating
cell populations through techniques such as flow sorting (23, 45, 72, 105, 113) or estimating
cell-type proportions with computational deconvolution methods (42, 75, 153); however,
these approaches may fail to distinguish closely related cell states or be biased toward cell
states for which we have well-validated marker genes or reference datasets. Third, it may
be that an eQTL exerts its effect only when a cell transitions into a state in response to an
environmental factor; this state may not be one that is commonly observed in unperturbed
physiological conditions. An example is response eQTLs (reQTLS), which may vary in
strength depending on exposure to a given environmental stimulus, such as activation (13,
76, 85), hypoxic stress (152), or drug treatment (79). ldentifying these reQTLs requires
assaying tissues from disease or ex vivo perturbations, for example, by stimulating immune
cells with pathogens.

Single-cell transcriptomic assays, such as single-cell RNA-seq (ScCRNA-seq), offer an
immense opportunity to both expand eQTL discovery and map transcriptional regulation

at a much finer resolution than was previously possible with bulk RNA-seq, including
previously uncharacterized cell states. They provide whole-transcriptome measurements
from heterogeneous single cells collected from their tissue or experimental contexts,
capturing variation in expression not only among individuals but also within different

cell populations. This preserves the cell-state granularity required to discover more context-
dependent eQTLs, which may capture cell-specific transcriptional machinery, such as
transcription factors (TFs) binding to state-specific regulatory elements. With single-cell
data, one can flexibly define discrete cell states at multiple resolutions in silico rather

than being limited to a priori flow sorting. When studying continuous processes such as
differentiation, single-cell data offer granular information on where a cell falls along a
dynamic trajectory (30, 31). When studying reQTLSs, it is challenging to tease apart eQTL
effects from cell-type-specific differential expression and changes in cell-type abundance—
hence, bulk reQTL studies have focused mostly on one cell type at a time (13, 44, 76, 85).
With single-cell data, it becomes feasible to separate these effects in mixtures of cell types
(37, 110, 121), which may be more representative of in vivo contexts.

In 2013, a proof-of-concept study by Wills et al. (155) used single-cell measurements

to associate single-nucleotide polymorphisms (SNPs) with gene expression phenotypes.

By assaying 1,440 cells from 15 individuals and measuring 92 genes by microarray, the
authors showed that many genetic associations with expression-based traits are masked
when expression is averaged over many cells. Since then, advancements in the throughput of
single-cell technologies and sample multiplexing (60, 70, 136) have enabled the sequencing
of larger cohorts amenable to eQTL analyses. In 2018, an early single-cell eQTL (sc-

eQTL) study by van der Wijst et al. (147) explored cell-type-specific eQTLs from ~25,000
peripheral blood mononuclear cells (PBMCs) from 45 individuals. Recent sc-eQTL studies
have grown to hundreds or thousands of individuals (106, 115, 121, 163) with diverse tissues
and cell-state contexts (18, 31, 43, 129, 133) (Figure 1). The field of sc-eQTLs is still in

its infancy but holds great potential to improve our understanding of both the fundamental
principles of gene regulation and their roles in complex traits and diseases. Here, we review
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current experimental designs and methodological approaches used to identify eQTLs in
single-cell data, highlighting insights from recent sc-eQTL studies, remaining challenges,
and future directions.

2. STUDY DESIGN

In this section, we discuss essential considerations for designing sc-eQTL studies (Figure
2a), including building an appropriate cohort and collecting cell types and states of interest.

2.1. Cohort Selection

Attributes of the study cohort, including disease status and genetic ancestry, can affect

the ability to detect sc-eQTLs. Several bulk studies have reported that some eQTLS

may be specific to disease (100, 165), arising from either disease-specific cell-state
composition or disease-specific shifts in gene regulation [e.g., interferon signature in
systemic lupus erythematosus (SLE) (10)]. Studies of sc-eQTLs that incorporate clinically
relevant samples from people with disease can be used to compare (4) people with and
without disease, (4) disease-affected and unaffected tissue from the same individuals, or

(¢) the same tissue across diseases. Additional information can be added by including

pre- and posttreatment patients or by aggregating multiple individuals affected by similar
diseases. However, heterogeneity in disease severity, clinical presentation, and treatment are
important confounders that may affect expression in disease cohorts. Thus far, the scarcity
and difficulty in retrieving patient tissues have partially limited case—control comparisons in
sc-eQTL studies. In one of the few examples, Perez et al. (115) profiled 1.2 million PBMCs
in a disease cohort of 162 individuals with SLE and 99 healthy controls.

Studying ancestrally diverse cohorts also offers unique advantages. Genetic ancestry refers
to the complex patterns within an individual’s genomic DNA that reflect their ancestors’
genomic DNA (68). When fine mapping genetic signals, linkage disequilibrium can make
it difficult to identify the causal variant among multiple tightly linked variants. Diverse
ancestries can help disentangle variants in high linkage disequilibrium and improve fine
mapping (under the assumption that causal variants are shared among ancestries) (156).
They can also boost power to detect regulatory alleles that exist at low frequencies in
Europeans but exist at higher frequencies in or are specific to other populations (101, 1086,
121, 163) and increase sensitivity for gene-by-environment interactions due to diversity in
selection pressures among ancestrally distinct groups (46).

Multiancestry eQTL studies have been used to interrogate biologically motivated questions,
such as how much of observed interpopulation differences in the immune response are due
to genetics versus unmeasured environmental factors correlated with genetic ancestry. For
example, two pioneering bulk studies demonstrated that ancestry can be used as a proxy for
the genetic contribution to the difference in the immune response to several stimuli (109,
120). A few years later, using similar experimental design, the same research groups used
scRNA-seq to profile PBMCs from ~100 individuals of European and African ancestry (111,
121). Randolph et al. (121) found thousands of cell-type-specific differentially expressed
genes after stimulation with influenza A virus, and increased European ancestry correlated
with stronger type | and 1l interferon responses to influenza A virus in multiple cell types.
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By mapping ¢/s-eQTLs, they demonstrated a considerable genetic component driving these
differences—individual genotype and c/is-eQTLs effect size alone explained more than 50%
of the variance of the genetic ancestry effect on expression. As these results demonstrate,
studying multiancestry cohorts at the single-cell level can provide critical references from
which to understand the biological mechanisms of diseases and differences in disease
susceptibility and outcomes.

2.2. Cell Type and State Selection

For sc-eQTL studies, it is important to carefully consider which cell types and states to
include in the study, as this will determine whether state-specific regulatory variants will be
detectable. Cell types can be narrowed by sorting cell populations, selecting appropriate
tissue segments, or applying quality control after data have been collected. While the
concept of cell types is nuanced (168), they can be thought of as biologically functional units
playing distinct roles—for example, the pancreas contains hormone-producing types, like
alpha and beta cells, as well as supporting cell types, like endothelial cells and fibroblasts.
Cells can traverse a landscape of states in development and disease (145); for example, beta
cells can enter an endoplasmic reticulum stress state that has been implicated in diabetes
(164). eQTLs specific to endoplasmic reticulum—stressed beta cells would be missed if that
particular cell state was not assayed.

After collecting samples of interest, one can either assay all cells present in an unbiased
manner or enrich for one or more cell types known to be important for specific traits (e.g.,
disease), using techniques like flow sorting. Optionally, one can experimentally perturb the
cells ex vivo to elicit cell states that may not be present in the collected sample.

The immune system lends itself well to this discussion because it comprises diverse cell
types that undergo dynamic transcriptional changes when responding to pathogens and
insults (139). Many existing sc-eQTL studies have focused on immune cell types from
peripheral blood, including B, T, natural killer, monocyte, and dendritic cells (106, 115, 147,
163). The largest such study to date mapped eQTLs in 1.27 million PBMCs collected from
982 individuals (163). The authors identified more than 26,500 conditionally independent
c/s-eQTLs (for 16,597 eGenes across 14 cell types) and showed that 3,060 out of the

6,469 unique eGenes were specific to a single cell type and likely due to cell-type-specific
regulatory mechanisms. Rather than analyzing all PBMCs together, it can sometimes be
valuable to enrich for one or more specific cell types, especially those that display immense
functional heterogeneity, like T cells. This improves the power to study finer-grained cell
states. For example, two recent studies (129, 133) focused on CD4* T cells, which have been
implicated in immune-mediated diseases (91).

An important future direction is to map sc-eQTLs for immune cells not only in blood but
also in solid tissues and lymphoid organs (139), which are often the site of disease activity.
For example, key cell states in rheumatoid arthritis, such as T peripheral helper cells and
IL1B* proinflammatory infiltrating monocytes (122, 169, 170), are missing or occur in very
low abundance in PBMCs. Future studies comparing cell types within different tissues (e.g.,
Tregs in blood versus kidney) will elucidate which regulatory effects are shared and which
are unique to particular tissue contexts (47).
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With improved solid tissue disaggregation procedures, mapping sc-eQTLs in primary tissues
beyond blood is becoming possible. For example, a recent study by Bryois et al. (18)

was the first to map sc-eQTLs in the brain. The authors used single-nucleus RNA-seq
(snRNA-seq) to define eight cell types in postmortem samples from 192 individuals. Single-
nucleus technologies may be better suited for tissues where disaggregation is challenging

or causes substantial cell loss, with comparable performance to SCRNA-seq in expression
quantification and downstream analyses such as cell-type annotation (see Section 3.1).
Bryois et al. (18) found significantly larger effect sizes for cell-type-specific cis-eQTLs—in
terms of mean absolute effect sizes both within and across cell types—compared with those
obtained from aggregating all the snRNA-seq data into a tissue-like profile (7,607 versus
3,058 cell-type-specific and tissue-like cis-eQTLs, respectively). In both neurons and glia,
these cell-type-specific cis-eQTLs affected more evolutionarily constrained genes than the
clfs-eQTLs detected at a tissue level, suggesting higher disease relevance. The increasing
availability of single-cell data from diverse tissues and disease conditions (18, 115, 130, 132,
169) will enable investigators to construct comprehensive maps of cell states where disease
variants act.

2.3. Ex Vivo Stimulation

Cells can be perturbed ex vivo to elicit cell states absent in unperturbed tissues. While
ex vivo conditions may not perfectly recapitulate complex cell dynamics in vivo, they are
useful model systems.

A common approach involves exposing immune cells to stimuli known to induce activation,
such as pathogens or cytokines (110, 121, 129, 133). By comparing different conditions, one
can identify reQTLs that change in strength between stimulated versus unstimulated states.
Bulk RNA-seq studies have identified such reQTLs and shown that they are enriched in
disease-risk loci (13, 37, 44, 85). For example, reQTLs in dendritic cells stimulated with
Mycobacterium tuberculosis were more likely to be enriched in the pulmonary tuberculosis
GWAS signal (13). Recent single-cell studies have investigated reQTLs in multiple cell
types simultaneously, as single-cell data can help tease apart changes in cell-state abundance
and cell-state-specific gene regulation (110, 121). For example, Oelen et al. (110) profiled
1.3 million PBMCs collected from 120 healthy individuals and exposed in vitro to M.
tuberculosis, Candida albicans, and Pseudomonas aeruginosa. They mapped eQTLs for

each stimulation condition across six major cell types at multiple time points, testing a
predefined set of lead eQTLs from a previous high-powered bulk meta-analysis of more
than 30,000 individuals (151). Interestingly, they found that reQTLs were typically more
cell-type specific than pathogen specific. In particular, myeloid cells exhibited the strongest
response to stimulation and the most reQTLs, supporting their role in early infection.

Using a similar experimental setup, Randolph et al. (121) mapped cell-type-specific eQTLS
in PBMCs stimulated in vitro with influenza A virus and control conditions using 235,161
cells from 90 male donors. For eQTL analysis, they divided cells into five major types and
found cell-type-specific reQTLs—for example, rs10774671 is an eQTL for the OASI gene
in CD4™ T cells only after influenza A virus stimulation. Strikingly, Kumasaka et al. (81)
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also found that the same OASZ locus was a reQTL (same direction of effect) in primary
dermal fibroblasts stimulated to induce an antiviral response.

2.4. Ex Vivo Differentiation

Because some tissues and developmental stages are difficult to access in vivo, several groups
have differentiated induced pluripotent stem cells (iPSCs) into cell types of interest, such

as neurons (67), endoderm (31), and cardiomyocytes (43). The ability to reprogram iPSCs
into otherwise inaccessible cell states enables the study of dynamic differentiation and
developmental processes at the single-cell level (31, 43, 67, 108).

For example, Cuomo et al. (31) generated sScRNA-seq data from iPSCs of 125 individuals
recruited by the Human Induced Pluripotent Stem Cell Initiative (HipSci) at four time points
of differentiation toward endoderm fate. They found eQTLs unique to specific differentiation
stages or modulated by specific gene programs, such as metabolism (31). In a more complex
differentiation scenario, Jerber et al. (67) assayed more than 1 million cells differentiating
from iPSCs into midbrain neuronal cells from 215 individuals. Generating sScCRNA-seq data
across three different time points and one stimulated condition mimicking oxidative stress
during Parkinson’s disease, they discovered more eGenes in later and stimulated stages

for all cell types. The effects of many of the mapped sc-eQTLs were shared with those

from GTEX brain tissues; however, 2,366 sc-eQTLs could not be detected in GTEX brain
tissues at all. Furthermore, Elorbany et al. (43) mapped sc-eQTLs in 19 iPSC cell lines
along seven time points in a bifurcating differentiation path toward cardiomyocytes and
cardiac fibroblasts. They used cells grouped into pseudotime bins to infer dynamic eQTLs
specific to each of the two lineages. Neavin et al. (108), by contrast, performed cell-type
reprogramming in the reverse differentiation direction (from dermal fibroblasts into iPSCs).
Most eQTLs discovered in fibroblasts disappeared during reprogramming, highlighting the
importance of cell-type-specific regulatory mechanisms.

Although widely used, iPSC-derived cells present some limitations, including high costs and
labor needed to develop high-quality cell lines. Moreover, in vitro models of differentiation
may miss aspects of the in vivo context. For example, iPSC-derived cardiomyocytes may
not experience the same cues as cardiomyocytes in native heart tissue. It will be important
to compare the results from the ex vivo experiments with eQTLs identified in large in vivo
tissue studies such as GTEXx (43).

2.5. Power Simulations

A major consideration for sc-eQTL studies is ensuring enough statistical power to detect
regulatory relationships for variants with a low (e.g., <10%) minor allele frequency.
Appropriate power analysis is critical in the regime of high multiple testing burden and

high cost of single-cell data generation. Given a fixed budget, researchers can modulate
several experimental design parameters to increase power. These parameters include the size
and genetic heterogeneity of the cohort, target number of cells per sample (though the final
distribution of cells per sample may vary depending on yields from cell sorting or tissue
disaggregation), sequencing coverage, and sample multiplexing.
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Several tools have been developed for sc-eQTL power and sample size calculations. For
example, the powerEQTL tool can be used to calculate one of power, sample size, minimum
detectable slope, or minimum minor allele frequency, given values for the other three

(41). Another useful approach is simulating multisample single-cell datasets to assess the
effects of different study design parameters (9, 28, 94, 99, 128, 149, 167). Recently, such
simulation frameworks have been able to incorporate genetic effects, making them amenable
to sc-eQTL power analysis (9, 94, 128). An early study showed that, on a fixed budget, one
can achieve greater power for cell-type-specific eQTL analysis by increasing sample size
and cells per sample while maintaining coverage of at least 10,000 reads per cell (94). In
line with this, another group developed the scPower framework (128), which models the
relationship between sample size, number of cells per sample, and sequencing coverage,
taking into account priors for expression level and effect size. This group also noted

that shallow sequencing of more cells generally leads to higher overall power than deep
sequencing of fewer cells (128). One can further decrease costs by multiplexing multiple
samples on the same lane (see Section 3.1).

Certain trade-offs also depend on the goal of the study. For example, including more
individuals or samples but fewer cells per sample will prioritize power to detect allelic
effects, whereas increasing the number of cells per sample may improve the definition of
cell states to model their interactions with a regulatory effect (163). Importantly, power
calculations are tightly linked to the underlying eQTL detection model and statistical testing
procedure, so when performing simulations, it is best to select the model and assumptions
most in line with the planned study.

3. DATA COLLECTION AND PREPROCESSING

Performing sc-eQTL analysis requires single-cell whole-transcriptome and genotype
data from the same individuals (Figure 2b). This section discusses the collection and
preprocessing of each data type.

3.1. RNA Measurements

Broadly, scRNA-seq comprises plate-based and droplet-based technologies. Plate-based
methods [e.g., Smart-seq2 and Smart-seq3 (58, 116)] are lower in throughput but typically
provide deeper sequencing of each cell and coverage across the full length of transcripts,
thereby allowing more complex libraries and clues about isoform usage. Droplet-based
technologies (e.g., 10x Genomics Chromium) have much higher cell throughput—scaling
to thousands of cells per library—but at the cost of lower coverage (171). Current droplet-
based technologies assay only the 5" or 3" end of the transcript and hence offer a limited
view of isoform usage. The full extent of available single-cell technologies and best
practices for data preprocessing have been reviewed extensively (22, 73, 84, 92).

Sequencing solid tissue samples can be more challenging than sequencing sorted cells from
blood, often requiring specialized single-cell dissociation protocols tailored to each tissue

to maximize cell yield or enrich for cell types of interest (38, 148). An alternative to SCRNA-
seq is SNRNA-seq, which sequences isolated nuclei instead of cells (40). SnRNA-seq can be
especially useful for tissues that are difficult to dissociate due to cell size or fragility, such
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as brain tissue or frozen tumor samples (11, 18, 131). Notably, transcripts measured in the
nucleus will be different from those in the cytoplasm, with a greater proportion of unspliced
introns but fewer mitochondrial genes. A recent study comparing sSnRNA-seq and SCRNA-
seq on fibrotic kidney samples found that sSnRNA-seq offered comparable gene detection
and reduced biases in cell-type dissociation and dissociation-induced transcriptional stress
responses (158).

For droplet-based assays, pooling multiple samples together in a single run, referred

to as multiplexing, is a cost-saving approach. Multiplexing samples may also make it

easier to separate interindividual sample differences from technical effects since cells from
multiple individuals are in a single experimental batch. Algorithms like demuxlet (70) and
souporcell (60) can use genetic variation among samples for demultiplexing (assigning cells
to individuals) and identifying cross-sample doublets. Another demultiplexing approach uses
sample-specific barcodes, known as cell hashing (136).

Several pipelines quantify single-cell expression by aligning reads to a reference genome
or transcriptome, including CellRanger (10x Genomics), STARsolo (69), and kallisto |
bustools (98). These tools can handle single-cell-specific considerations such as read-to-cell
assignment, correction of cell barcodes and unique molecular identifiers (UMIs), and UMI
collapsing, producing a genes-by-cells count matrix (92).

3.2. Datato Define Cell-Type and Cell-State Variables

When designing studies to investigate state-dependent regulation, it is important to collect
the data types required to quantitatively represent the cell states as variables (Figure 2c).

For many sc-eQTL studies, the single-cell transcriptomic data themselves are used not

only as the expression phenotype but also to define cell states. For example, one can

use a dimensionality reduction pipeline like principal component analysis (PCA) to define
expression components, and then define cell states by clustering (121, 163). Some states

can also be represented as binary variables, such as the presence or absence of a key

marker gene (e.g., CD4). Alternatively, cell states can be defined continuously, such as score
along a low-dimensional axis [e.g., principal component (PC)], position along a nonlinear
factor [e.g., pseudotime (163)], or even the expression of another gene or gene set [e.g.,
interferon response (115) or cytotoxicity (57)]. These discrete or continuous variables can
then be used to model cell-state-specific eQTL effects (see Section 4). For example, drawing
on prior evidence for increased interferon signaling in SLE patients, Perez et al. (115)

used a gene signature for type I interferon response as a cell-state variable to discover
interferon-interacting eQTLs, highlighting the utility of assaying disease cell states when
mapping regulatory effects.

Multimodal assays can help to define cell states by measuring additional markers beyond
RNA, such as surface protein markers from the same cells with cellular indexing of
transcriptomes and epitopes by sequencing (CITE-seq) (135), chromatin accessibility
profiles using multimodal snRNA and assay for transposase-accessible chromatin (ATAC)
sequencing (24), or even emerging trimodal measurements (140). Moreover, given the
complex combination of functions that even a single cell may carry out, its state may be
most precisely represented by multiple state variables (e.g., T cell, CD4* T cell, amount
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of Thl-like character, or score along PC1 of transcriptional space). For example, Nathan
et al. (106) recently mapped sc-eQTLs in memory T cells from a cohort of 259 Peruvian
individuals assayed using CITE-seq (135). A major advantage of the study was using
multiple continuously defined cell states derived from multimodal data. For example, a
continuous state correlated with cytotoxicity detected more state-interacting eQTLs than
discrete CD4* versus CD8* categories (106), often used as proxies for low- and high-
cytotoxicity cells.

3.3. Removing Technical Artifacts

For quality control and downstream analysis, technical parameters commonly used to filter
low-quality cells include library size (number of UMIs), number of genes detected per cell,
and percentage of mitochondrial reads (65, 112). These parameters can also be controlled for
in the downstream eQTL models as cell-level covariates. An important step in the processing
of single-cell data is removing suspected doublets or multiplets, which can be identified

as droplets with mixed sample genotypes (60, 70) or by simulating mixed transcriptional
profiles (157). Several reviews have discussed quality control for single-cell data in greater
depth (62, 92).

An important challenge in single-cell data is the presence of batch effects, which are
technical differences that can arise from many sources, including sample processing,

reagent batches, sequencing runs, sequencing technology (e.g., different chemistries of 10x
Genomics technology), or even season of blood draw. Batch effects can introduce unwanted
variation and make it challenging to properly define cell states. Removing batch effects
using one of the many available batch correction methods (19, 80, 89, 144) can help improve
downstream results and is essential to ensure that state variables are consistently defined
across samples.

3.4. Genotype Data

As in bulk eQTL analysis and GWASs, genotype information in sc-eQTL studies can
come from genotyping arrays (e.g., the Infinium Global Screening Array from Illumina) or
whole-genome sequencing (121). Data quality control is usually performed using standard
procedures (4) before haplotype phasing (16) and imputation of nonassayed variants using
a reference panel of densely genotyped haplotypes, which increases the number of SNPs
tested for associations and improves fine mapping of signals (35, 95).

Some groups have developed approaches for identifying eQTLs in single-cell data without
requiring separate genomic data, for example, by calling SNPs from raw scRNA-seq reads
(14, 93) or correlating the fraction of an allele at expressed biallelic loci to gene expression
directly from scRNA-seq (87). This can be necessary in some cases, such as mapping eQTLS
in species that do not have standard genotyping arrays. For example, Ben-David et al. (14)
sought to map whole-organism sc-eQTLs in genetically distinct organisms of the model
nematode Caenorhabditis elegans. They were able to infer genotypes from scRNA-seq

reads and use the inferred variants to test for sc-eQTLs by cell type. However, because
genotyping arrays are relatively cost-effective for humans, we generally recommend DNA-
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based genotyping when possible to ensure good coverage of variants genome-wide, rather
than limiting the tested variants to those in expressed transcripts.

4. MAPPING SINGLE-CELL EXPRESSION QUANTITATIVE TRAIT LOCI

In bulk eQTL analysis, each sample’s expression of each gene is measured as a single
measurement, and variants are tested for association with expression, for example, by
using a regression framework. Typically, each individual in the study has a single sample.
By contrast, in sc-eQTL analysis, hundreds to thousands of cells are measured from

each individual, which increases the complexity of the study but simultaneously creates
opportunities for new modeling approaches. In this section, we describe current strategies
for identifying context-dependent eQTLs in single-cell data.

4.1. Challenges When Modeling Single-Cell Data

There are several challenges for mapping sc-eQTLs compared with bulk eQTLs. First,
single-cell data inherently present a large number of transcriptional profiles, incurring
challenges in data storage and computational efficiency, especially for large-scale datasets
with hundreds of thousands to millions of cells. Improving computational scalability is an
issue facing the single-cell field at large and is not unique to sc-eQTL analysis (83). Second,
unwanted batch effects and technical variations in single-cell data, such as doublets and
uneven per-cell coverage, may introduce additional noise and affect results if not carefully
accounted for. Third, single-cell measurements are typically very sparse, especially for
droplet-based technologies—that is, a high proportion of observations in the expression
matrix have a count of zero. This can be attributed to both biological factors (e.g., truly
absent expression) and technical limitations (e.g., imperfect amplification or stochastic
sampling variation) (83).

One way to handle sparsity is to model it directly, which requires modeling expression—
genotype associations at single-cell resolution. However, traditional linear models used in
bulk eQTL mapping do not accurately reflect the distribution of single-cell expression (126,
143). Hence, there exists a trade-off between cell-state resolution and modeling strategy. At
two ends of the spectrum, one can either aggregate the cells within each sample until linear
assumptions hold (potentially at the loss of cell-state resolution) or preserve single-cell
resolution by modeling the cells individually (requiring effective cell-state definitions across
cells and models beyond linear regression, which can come with computational challenges).
These two strategies describe pseudobulk models (which aggregate cells) and single-cell
models (which model individual cells), respectively.

4.2. Pseudobulk Models

As the name suggests, pseudobulk analysis is similar to bulk analysis: Single-cell expression
is aggregated at the sample level such that each sample has a bulk-like expression profile.
The major advantages of this approach are that cell aggregation can mitigate sparsity and
that one can easily apply methods developed for bulk eQTL studies to pseudobulk data.

For each sample, one can either (&) classify cells into multiple discrete groups or bins (e.g.,
cell-state clusters or pseudotime bins) and aggregate within each bin or () aggregate all the
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cells together into a single bin. To be effective, the bins must be large enough to mitigate
sparsity for all samples; that is, individual samples in which the bin has too few cells can
challenge linear model assumptions. Each genes-by-cells count matrix (one per sample-bin
pair) is aggregated into a genes-by-samples matrix (Figure 3a). One can either (&) first
normalize gene expression in each cell for library size and then take the mean across cells
from each sample or () first sum expression across all cells per sample and then normalize
within-sample counts (giving more weight to cells with higher coverage) (29).

Each gene—-SNP pair can then be tested for an association by using simple correlation or
fitting a linear model:

y ~ SNP + age + sex + batch + genotype PCs + PEER factors + ¢,

where PEER stands for probabilistic estimation of expression residuals. Consistent with
standard bulk eQTL analysis, expression can be modeled per sample as a function of

dosage for each SNP, controlling for population stratification (e.g., using genotype PCs),
sample-level covariates (e.g., age and sex), batch(es) (if applicable), and unmeasured sources
of technical and biological variation as captured in expression PCs or PEER factors to
increase power (134, 160). For more than two batches, one can use multiple indicator fixed
effects or a random effect for the batch term. To test for the genotype main effect in each
bin, the model can be run on each bin separately using linear regression (Equation 1).

To determine whether the effect of a SNP on a gene’s expression depends on cell state,
one can test for heterogeneity across bins. This is modeled as interaction terms between
cell-state bins and genotype,

¥ ~ SNP + bin + ( SNPxbin ) + age + sex + batch + genotype PCs + PEER factors+(1|donor) + ¢,

2.

and then compared with a null model without interactions. Because bins from the same
donor are not independent, mixed-effects models are typically used: In Equation 2, a random
effect for the donor term is included to account for the sampling of cell bins from the same
donor, and one or more additional terms (the bin terms in Equation 2) are included to model
potential differential expression (the bin’s effect on expression separate from its interaction
with genotype). These kinds of eQTL interaction tests that include genotype interaction
terms are common in bulk analyses (17, 36, 114).

Importantly, the resolution at which the bins are defined determines the cell-state variable
that can be used to test for eQTL interactions using a pseudobulk model. The optimal
resolution often depends on the question at hand. For example, to identify cell-type-
dependent eQTLs at the level of major cell types (e.g., T cells versus monocytes; Figure
2d), one can cluster the cells at low resolution and define cell types using marker genes. For
cell-state-dependent eQTLS, one can partition cells at increasing granularity, given enough
cells per donor within each bin. Different approaches and challenges for unsupervised
clustering have been reviewed (62, 77). Because de novo clustering and annotation can
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be subjective, an alternative is to perform label transfer from an external well-annotated
reference dataset, using automated cell-type classification (3, 6, 26, 78, 141, 159, 173) or
reference mapping (71, 90, 138), which offers speed and reproducibility advantages. For
example, Yazar et al. (163) assigned 1.27 million immune cells to one of 14 different
immune subtypes for pseudobulk analysis with semisupervised classification using PBMCs
sorted by fluorescence-activated cell sorting as a reference (3). In the same study, the authors
defined pseudobulk bins in a different way for a B cell-focused analysis: First, they defined
a pseudotime trajectory from naive to memory B cells, and then they divided cells into six
quantiles along the trajectory. By testing for an interaction between genotype and quantile
rank using both linear and quadratic models, they found that ~17% of the 1,988 tested
eQTLs showed dynamic effects during B cell maturation.

Two recent studies effectively used pseudobulk models to study sc-eQTLs in activated T
cells. From a cohort of 89 donors, Schmiedel et al. (129) profiled more than 1 million
CD4* T cells activated in vitro with anti-CD3/CD28 beads. They defined 19 fine-grained
subsets, which spanned from more abundant subtypes like naive Tregs and Th1 cells to
rarer subtypes like CD4" cytotoxic T lymphocytes. Pseudobulk analysis within each subset
identified more than 4,000 eGenes in total, with the most prominent regulatory effects
occurring in specific subsets. In a similar study, Soskic et al. (133) profiled 655,349 CD4"
T cells from 119 healthy individuals across a time course of stimulation (unstimulated and
three activation time points). They defined 38 clusters, including fleeting states present only
at certain activation time points, and found 6,407 eQTLs, of which approximately one-third
were dynamically regulated during activation in an interaction analysis.

It is challenging to determine the appropriate resolution to model discrete cell states. Some
cell types comprise a continuum of states rather than transcriptionally distinct states. Should
one collapse all T cells into a single pseudobulk profile, separate profiles for CD4* and
CDS8™ T cells, or profiles for even finer resolution states (e.g., Tregs)? Aggregating the

cells into discrete groups may oversimplify potentially smooth and continuous gradients.
Moreover, for very-high-resolution bins such as rare cell types (e.qg., rare dendritic cells or
innate lymphoid cell subsets), many individuals may not have enough cells of the cell type
assayed, leading to reduced statistical power and inadequate mitigation of sparsity.

4.3. Single-Cell Models

Whereas pseudobulk approaches model the expression of a sample, single-cell models
treat the expression for each cell as an observation (Figure 3b). Because they are not
constrained by grouping cells a priori, single-cell models offer a principled strategy for
unbiased identification of cell-state-specific regulatory effects. This is especially relevant
when dynamic effects may be present in more granular cell states or along a continuous
cell-state transition. Another advantage of single-cell models is in scenarios where the
numbers of cells across individuals differ widely, which might affect variance properties
when aggregating cells into pseudobulk. However, single-cell models are unable to use
the established protocols for bulk eQTL mapping, and they often require more time-
consuming computation to model cells individually. Single-cell models described to date
include the Poisson mixed-effects (PME) model (106), the CellRegMap linear mixed model
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(30), and the GASPACHO (Gaussian Processes for Association Mapping Leveraging Cell
Heterogeneity) Gaussian-process latent-variable model (81).

Nathan et al. (106) recently proposed the PME model to map sc-eQTLs. By modeling the
raw gene expression counts in individual cells as a Poisson distribution (Equation 3; Figure
3b), this approach can handle sparsity in single-cell measurements. The model includes (&)
fixed effects for donor-related covariates, including genotype, age, sex, and genotype PCs;
(b) fixed effects for cell-level covariates, including expression PCs, cell quality (percentage
of mitochondrial UMIs), and library size; and (¢) random effects for repeated sampling of
cells from donors (and batches, if applicable). To test for interactions with cell state, one
can add cell-state variables and interaction terms for genotype with cell state, assessing
significance by comparing with a null model without the interaction terms:

¥ ~ SNP + age + sex + genotype PCs + expression PCs + percentage of mitochondrial UMIs + number of UMIs
+ (1|donor) + (1|batch) + cell state+( SNPxcell state ) + .

While cell states can be defined as discrete clusters, as in the pseudobulk framework, the
single-cell framework also enables continuous cell-state definitions. For example, Nathan
et al. (106, 107) assayed ~500,000 memory T cells from 259 individuals with prior
resolved tuberculosis infection using CITE-seq (135). By integrating the RNA and protein
information using canonical correlation analysis, the authors defined multiple axes of T
cell state variation (canonical variates), where each cell has a score along each canonical
variate. By modeling the way that each canonical variate modulated the regulatory effect
(using interaction terms, e.g., genotype x cytotoxicity) and considering each cell’s unique
combination of canonical variate scores, they calculated each cell’s own eQTL effect

size by aggregating the contributions of all canonical variates together. Such interaction
effects can be conceptualized as changes in the slope of the eQTL depending on a cell’s
continuously defined cell state (Figure 2e). The memory T cell analysis revealed not only
that approximately one-third of 6,511 pseudobulk lead eQTLs had significant cell-state
interactions, but also that approximately two-thirds of secondary eQTLs (conditioned on the
lead SNP) had dynamic effects, and some eGenes had multiple dynamic effects.

Cuomo et al. (30) recently proposed another sc-eQTL model called CellRegMap. It is
conceptually similar to the PME model, except it is implemented as a linear mixed-effects
(LME) model (83). Instead of modeling raw counts, CellRegMap models each cell’s log-
transformed expression for a gene as a function of a persistent genotype effect, the cell’s
state, and the cell-state interaction with genotype to test for dynamic effects. Like the PME
model, it includes random effects to account for the repeated sampling of cells from the
same donor. In an initial application, Cuomo et al. (30) reanalyzed eQTLs found in the
Smart-seq?2 dataset of ~30,000 iPSCs differentiating into endoderm (31). Their analysis
revealed that 322 of the 4,470 tested eQTLs demonstrated significant interaction with
continuous cell states defined using multiomics factor analysis (7), which infers latent
factors explaining expression variation.

Importantly, when modeling very sparse measurements in large numbers of cells (e.g.,
droplet-based data), LME models may become less effective, especially when testing for
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state interactions. Nathan et al. (106) provided an example: rs2214911 is an eQTL for
THAPS5 in both CD4* and CD8* T cells and, importantly, does not interact with CD4™*
versus CD8* cell state (genotype x CD4 interaction P> 0.05). When the authors randomly
downsampled 7HAPS5 counts in CD4* but not CD8* cells, the LME model erroneously
identified a significant eQTL interaction with CD4" status where there is none (because the
counts are downsampled randomly). Hence, with increased sparsity, LME models struggle
with distinguishing differential expression from an eQTL interaction with cell state, whereas
PME maodels remain robust (Figure 3c). For the CellRegMap iPSC example from Cuomo et
al. (30, 31), this was less of an issue because of the higher library complexity in plate-based
data. In a second application, Cuomo et al. (30) applied CellRegMap to ~148,000 cells from
a droplet-based dopaminergic differentiation dataset. As a creative solution to handle the
increased sparsity of 10x Genomics data relative to Smart-seq2, they aggregated individual
cells into pseudocells (~17 cells per pseudocell) (12, 37).

Kumasaka et al. (81) introduced a third approach, GASPACHO. The underlying

statistical framework uses a Gaussian-process latent-variable model—a flexible Bayesian
nonparametric dimensionality reduction approach that can capture nonlinear trends, unlike
PCA. While other studies have used such models to deconvolute single-cell dynamics (2,
124), GASPACHO introduced additional random-effect terms to account for donor variation
or batches. This framework enables eQTL mapping by adding a term modeling the eQTL
effect size as an additional Gaussian process that takes gene—environment interactions into
account. Kumasaka et al. (81) applied this framework to full-length scRNA-seq of dermal
fibroblasts from 68 donors stimulated to induce an antiviral response, demonstrating higher
sensitivity and specificity when compared with pseudobulk eQTLs from the same data.

A major limitation of current single-cell models is the computational cost. Fitting a model
to one SNP—gene pair using either the PME model or CellRegMap on a large single-cell
dataset (>100,000 cells, >100 individuals, ~10 cell-state variables) takes on the order of
minutes on a standard CPU, making it infeasible to test all SNPs in the cis-window for
every gene. Because of this, in the PME memory T cell analysis (106) and CellRegMap
iPSC analysis (30), single-cell models were used to test known eQTLs for cell-state
interaction rather than for genome-wide discovery of eQTLs. The authors of these studies
first nominated eQTLs with robust main effects using standard pseudobulk analyses, then
used the single-cell model as a second pass to test for cell-state interactions. While effective,
this approach may potentially miss hidden eQTLs that appear in specific cell states but are
not detectable using pseudobulk models. In the GASPACHO fibroblast example (81), it was
computationally tractable to test all variants in the c/s-window for each gene because of the
small dataset size (~20,000 cells). However, the authors noted that scaling to hundreds of
thousands of cells will be prohibitive without more efficient inference techniques or GPUs.
Apart from faster models, a potential way to improve efficiency is to reduce the effective
number of cells by collapsing small neighborhoods into pseudocells (12, 30, 37), as was
explored in CellRegMap.

As the field gains more experience with sc-eQTL models, it will be useful to benchmark
the various strategies and ascertain the best use cases for each approach. For example, the
modality of data (plate-based versus droplet-based) will likely affect model choice because
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some methods may handle sparsity better than others. The LME model in CellRegMap may
be less appropriate for genes with lower expression levels (increased sparsity) but may offer
faster model fitting for massive datasets.

LINKING EXPRESSION QUANTITATIVE TRAIT LOCI TO DISEASE LOCI

Unbiased eQTL discovery links variants to target genes, but identified eQTLs may not
necessarily be important for disease. In fact, GTEXx estimated that ~95% of all protein-
coding genes have at least one eQTL (54), so an important downstream task is integrating
eQTL maps with GWASs. For a given trait, linking eQTLs to associated variants can be
achieved through colocalization analysis methods, such as coloc and eCAVIAR (eQTL and
GWAS Causal Variants Identification in Associated Regions) (51, 52, 63). Colocalization
is used to determine whether a causal variant is responsible for both the GWAS and eQTL
signals in a given locus, providing stronger evidence that the regulatory effect contributes to
disease (20). Designed for bulk RNA-seq, colocalization methods can be readily applied to
pseudobulk sc-eQTLs (test eQTLs from each bin for colocalization), though it is less clear
how to best perform colocalization with state interaction models.

In a previously mentioned study of stimulated CD4* T cells, Soskic et al. (133) found

that 127 eQTLs colocalized with GWAS variants for immune-mediated diseases, including
eQTLs for CTLA4and TYKZ, which are clinically promising drug targets (8, 32).
Importantly, only 40% of colocalizations could be detected in resting cells, highlighting
the importance of assaying activation states. In the PBMC study by Yazar et al. (163),
colocalization analysis linked 19% of the ~26,600 c¢/s-eQTLs with GWAS risk variants.
Technically, colocalization alone does not imply causality since colocalizing signals could
also reflect that the GWAS hit and eQTL are two independent loci in tight linkage
disequilibrium or that the variant affects both expression and the trait independently
(pleiotropy) (20). Hence, the authors aimed to infer the direction of causality using
Mendelian randomization, concluding that 305 loci showed evidence of modulating disease
risk via affecting expression levels (163). In the study with SLE patients by Perez et

al. (115), out of 43 SLE GWAS loci, 5 colocalized with cell-type-shared eQTLs, and 7
colocalized with cell-type-specific eQTLs. In a notable example, eQTLs colocalized with
risk variants near ORMDL 3, which was also found to harbor dynamic eQTLs by both
Nathan et al. (106) and Yazar et al. (163) in T and B cells, respectively.

6. ALTERNATIVE APPROACHES AND OTHER EXPRESSION-RELATED
MOLECULAR PHENOTYPES

Another way to find regulatory variation is through allele-specific expression—measuring
the imbalance between the expression of alleles for a given gene in heterozygotes.
Identifying allele-specific expression relies on RNA-seq reads overlapping heterozygous
SNPs (21). Therefore, single-cell protocols with full-length transcript information are better
for allele-specific expression. For example, Heinen et al. (61) used Smart-seq2 data from
differentiating iPSCs (31) to quantify haplotype-resolved gene expression. For certain
genes, the balance of expression between alleles shifted based on cell states, suggesting
state-dependent activity of c/s-regulatory programs. Although current full-length assays
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are typically plate-based and therefore limited in throughput, emerging higher-throughput
full-length assays (58, 59) may enable the wider application of single-cell allele-specific
expression.

Single-cell data can capture other molecular phenotypes beyond eQTLs that could not be
measured in bulk RNA-seq. For example, the cell-to-cell variability of a gene’s expression
may be genetically regulated. A recent study aimed to identify so-called variance QTLs
using single-cell data from 5,447 iPSCs from 53 Yoruba individuals; however, they found
very few variance QTLs and estimated that cohorts ofmore than 4,000 individuals are
needed (127), though another group concluded otherwise (94).

Co-eQTLs are variants affecting the strength of coexpression between two genes across
cells within an individual (86, 110, 147). Co-eQTLs cannot be calculated in bulk RNA-seq
(with only one measurement per sample) but can quantify how genetic variation affects gene
regulatory network relationships. They can also be thought of as a type of state-dependent
eQTL, where one gene is the eGene for the eQTL and the other gene is a proxy capturing
cell state.

Thus far, our discussion has focused on ¢/s-eQTLs (affecting nearby genes), but bulk studies
have shown that frans-eQTLs (affecting distant genes or those on different chromosomes)
capture important trait-relevant regulation (49, 154). cis-eQTL effects can mediate frans-
eQTLs; for example, an eQTL affecting a TF’s expression can affect downstream genes
regulated by that TF (117, 154). A recent model estimated that heritability explained by
trans-acting variants is at least 70% (88), though another study argued that whole-blood
trans-eQTLs have limited influence on complex diseases (162). Because of the huge number
of SNP-gene tests required to find frans-eQTLs genome-wide, the multiple testing burden is
extremely high; historically, it has been hard to detect and reproduce #rans-eQTLs in bulk
without thousands of samples (117, 154). Furthermore, it is uncertain whether frans-eQTLS
reflect true regulatory effects or capture cell-type abundance QTLs (151). Single-cell trans-
eQTLs could be a fruitful future direction since single-cell data can deconvolute cell-type
abundance from expression, and no consensus has been reached on the best modeling
strategies.

7. VALIDATING SINGLE-CELL EXPRESSION QUANTITATIVE TRAIT LOCI

A key question is how to validate sc-eQTLs, especially those with predicted disease
relevance. Comparing the concordance of the main effects with the results of bulk studies
is an important first step. A second step would be to reproduce the signals in independent
datasets with cells obtained in independent samples and ideally different expression assay
platforms.

We anticipate that future studies will seek to validate eQTLs in the laboratory—for example,
by using electrophoretic mobility shift assays to measure TF binding and massively parallel
reporter assays to assess the effect of variants on reporter gene expression (reviewed in 123).
While useful, these assays do not account for chromatin context. Another, more accurate
approach is to use CRISPR-Cas systems (55, 123) to edit regulatory variants and observe
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their effects on expression and cellular phenotypes. However, validating context specificity
in the relevant cell states where eQTLs were identified is not straightforward. For example,
to prove that an eQTL depends on T cell cytotoxicity, one may sort cells by a cytotoxicity
marker and show that the variant has a stronger effect in more cytotoxic populations.

Methods measuring chromatin accessibility at the single-cell level, such as single-cell ATAC
sequencing (ATAC-seq) and multimodal SnRNA/ATAC-seq (24), will provide an orthogonal
lens by which to map functional elements to target genes and help validate sc-eQTLs.

For example, in an analysis of single-nucleus ATAC-seq from eight brain cell types (18),
many glial-specific peaks were enriched for eQTLs specifically discovered in glia-like

cells, whereas eQTLs discovered in neurons were less specific to neuron-specific regulatory
regions. It may become possible to pinpoint cell-state-specific TFs mediating regulatory
effects by identifying TF binding motifs. Furthermore, mapping chromatin accessibility
QTLs can help corroborate eQTLs or identify variants affecting chromatin structure in
contexts without a detectable eQTL.

8. TECHNICAL CHALLENGES AND FUTURE DIRECTIONS

As the sc-eQTL field is still nascent, several methodological challenges remain. Batch
effects remain a key technical issue in single-cell data. This may be especially relevant for
large, population-scale data generation efforts taking place over many weeks or months and
potentially involving personnel changes. Furthermore, cell types that are rare or difficult to
assay due to lower RNA content or higher levels of RNases [e.g., neutrophils (53)] remain
challenging to measure.

Similarly, some genes are harder to quantify accurately using standard pipelines. For
example, the highly disease-relevant human leukocyte antigen (HLA) genes are very
polymorphic across individuals (96, 125), and when short reads are mapped to the reference
genome, this creates a bias toward individuals with alleles more similar to those in the
reference. Hence, accurate mapping of eQTLs for HLA genes in single-cell data will require
specialized gene quantification pipelines (34), as have been developed for bulk RNA-seq

(1, 55). In fact, a recent study concluded that many genes may be inaccurately quantified

in 3" scRNA-seq datasets due to read-mapping challenges from poor 3 untranslated-region
annotation, intronic reads from unannotated exons, or reads mapping to multiple genes,
which are usually discarded (118). Full-length data, 5" data, or new assays coupling
droplet-based methods with long-read sequencing (142) may yield different results since
they capture different isoforms. Similarly, high-throughput single-cell full-length assays
would help to map variants affecting transcript splicing (splicing QTLs), which contribute to
disease risk but thus far have been systematically examined only using bulk RNA-seq (50,
75, 104, 119, 172).

As mentioned, an important direction on the modeling front is improving the efficiency

of single-cell models. Applying single-cell models genome-wide in large cohorts has

the potential to uncover previously hidden dynamic regulatory effects and take full
advantage of single-cell resolution data. More efficient inference techniques, more powerful
machines (e.g., GPUSs), or approaches to reduce the effective size of a dataset with
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minimal information loss [e.g., pseudocells (12, 30)] may offer a way forward. Another
opportunity is improving continuous cell-state definitions. Although they are highly flexible,
low-dimensional cell embeddings derived from standard approaches like PCA, canonical
correlation analysis, and multiomics factor analysis are not always clearly interpretable and
may not encapsulate all cell states that may interact with eQTLs, including nonlinear effects.
Finding the optimal interaction PCs—that is, the latent components that best maximize the
eQTL effect sizes—is an active area of investigation (150).

Just as the eQTL Catalogue (74) was able to aggregate and meta-analyze data from multiple
bulk studies, so we anticipate that future large-scale meta-analyses will be conducted for
sc-eQTLs. How to best meta-analyze single-cell datasets—for example, defining shared
cell-state variables across datasets generated from different groups—is an open question.
One approach is to merge cell annotations between datasets (e.g., combining all myeloid
cells from different studies), but this will lose information if some studies provide lower-
resolution labels. Different groups may also use different criteria and naming schemes to
define cell types. Another approach is to use single-cell reference mapping (71, 90, 138) to
project cells from query datasets into continuous cell states defined using existing reference
datasets. For example, Nathan et al. (106) used Symphony (71) to map memory T cells
onto an ulcerative colitis colon T cell reference, using the reference’s low-dimensional
embedding (PCs) to test for eQTL interactions with disease-related cell states.

Future efforts will construct cohorts comprising diverse ancestries, which will help define
disease mechanisms occurring in specific populations, aid in fine mapping, and uncover
evolutionary sources of phenotypic variation. Indeed, in the last three decades, technical
advances have enabled investigators to perform high-coverage whole-genome sequencing

on the remains of our closest known evolutionary relatives, the Neanderthals and the
Denisovans, dating back more than 50,000 years ago. This sequencing revealed ~1-5%
archaic introgression in the genomes of present-day Eurasians; these genomic regions are
biologically important for human physiology (33) and severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2) pathogenesis (174). For example, potentially advantageous
introgressed variants were found to be response-specific bulk eQTLs in monocytes (120)
and subsequently experimentally validated to be responsible for potential immune responses
(66). Interestingly, the previously mentioned OASI gene is a response eGene (81, 121)
where the ancestral version of its eQTL (rs10774671-G) is derived from an introgression
event from Neanderthal into Europeans. These findings motivate future efforts to unveil the
ancestral origins of specific physiological and disease responses and their biological contexts
at the single-cell level using similar approaches to those recently introduced by Aquino et al.

).

As approaches for sc-eQTL studies mature, we anticipate that sc-eQTLs will deliver on their
promise to help elucidate the molecular mechanisms underlying genetic associations with
complex diseases. We anticipate that improved solid tissue disaggregation protocols and data
quality will enable the single-cell equivalent of GTEX, effectively defining a comprehensive
catalog of eQTLs in human tissue-specific single-cell states. We anticipate that at least some
of the missing link between genetic association and regulatory variation will be uncovered
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by assaying a diverse array of precise cell types and cell-state contexts in large-scale cohorts
(27, 146).

Future sc-eQTL studies will revolutionize our understanding of gene regulation in specific
cellular contexts and help to illuminate fundamental biological processes, from the genetic
control of differential expression to the landscape of active enhancers in different cell
states. When eQTLs colocalize with disease variants, identifying the target genes and
characterizing their context-dependent effects can help prioritize therapeutic targets and
pathways driving pathogenesis. If disease-associated regulation varies with cell states, there
may be opportunities to selectively target the most relevant states. The future of sc-eQTL
analysis is exciting and will provide a high-resolution lens to understand genetically driven
interindividual differences.
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Genome-wide association study (GWAYS)
a study that tests the association between common genome-wide variants and a trait (e.g.,
disease)

Colocalization
analysis determining whether two genetically associated traits (e.g., a disease locus and
eQTL) share a causal variant in a given locus

Expression quantitative trait locus (eQTL)
a regulatory genetic variant that is associated with the expression of a gene nearby (cis-
eQTL) or far away (#rans-eQTL)

Cell state
the potentially transient phenotype of a cell given internal and extrinsic factors, which can be
defined in many ways (e.g., transcriptional state)

Context-dependent eQTL
an eQTL that is altered by a cell’s context, such as cell state, stimulus, or environment;
examples include dynamic, response, and state-dependent eQTLS

State-dependent eQTL
a type of context-dependent eQTL that changes across finer-grained cell states within a
given broader cell type

Dynamic eQTL
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a type of context-dependent eQTL that implies continuous or time-varying cell types or
states

Response eQTL (reQTL)
a type of context-dependent eQTL that changes in response to an external stimulus, such as
immune cell activation

Fine mapping
the process of narrowing the possible set of causal variants in a locus, which can be done
statistically or using experimental strategies

Linkage disequilibrium
the nonrandom assortment of alleles where certain variants tend to be inherited together,
leading to a correlation between linked variants

Cell-state variable
a variable used to define cell state quantitatively, which can be categorical (e.g., cluster) or
continuous (e.g., pseudotime)

Pseudobulk model
sc-eQTL modeling approach that aggregates gene counts for cells by donors and discrete
groups (e.g., cell type or cluster)

Single-cell model
sc-eQTL modeling approach that models each cell individually (e.g., by using mixed-effects
models)
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Figurel.

Timeline of sc-eQTL studies. The graph shows the number of individuals () axis) included
in key publications for sc-eQTL studies (x axis); the dot size indicates the number of
cell-type-specific genes with at least one eQTL (eGenes), and the color corresponds to the
number of cells per individual. The table shows relevant selected features (rows) for each
study (columns), where a gray dot indicates that the study included the feature. [Since
eGenes were not reported in the study by Sarkar et al. (127), the number of eGenes
indicated for that study corresponds to the number of eQTLs instead.] Abbreviations: eQTL,
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expression quantitative trait locus; iPSC, induced pluripotent stem cell; PBMC, peripheral
blood mononuclear cell; sc-eQTL, single-cell expression quantitative trait locus.
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Figure2.
Overview of sc-eQTL study design and context-dependent eQTLs. (&) For a given cohort,

cell states of interest are assayed directly from their native tissue contexts or elicited ex vivo
by experimental perturbations. (4) Single-cell whole-transcriptome and genomic data are
generated and serve as input to sc-eQTL analysis. (¢) Single-cell data can be used to define
cell types and states. Shown here is an example UMAP plot that illustrates the relationship
among cells, colored by major cell type. (&) In this example of a cell-type-specific eQTL in
B cells, a higher dosage of the T allele increases eGene expression. (€) In this example of a
dynamic, state-dependent eQTL in T cells, the effect of the eQTL becomes stronger along
a continuous cell state (increasing slope with darker teal colors). Abbreviations: eQTL,
expression quantitative trait locus; sc-eQTL, single-cell expression quantitative trait locus;
scRNA-seq, single-cell RNA sequencing; SNP, single-nucleotide polymorphism; UMAP,
uniform manifold approximation and projection. Figure adapted from images created with
BioRender.com.
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Figure 3.
Modeling approaches for sc-eQTLs. (&) Pseudobulk models collapse cells (into potentially

multiple discrete bins) and aggregate the cell profiles from each sample and bin. They

can identify eQTLs by adapting methods for bulk analyses. (6) In sc-eQTL models, the
expression of each cell is modeled individually; they are commonly implemented as mixed-
effects models, with random effects for repeated sampling of cells from the same donor.
They can test for eQTL interactions with both discrete and continuously defined cell states.
(¢) sc-eQTL modeling approaches must mitigate sparsity in single-cell measurements. In the
presence of differential expression and sparsity, a linear mixed-effects model may identify

a spurious interaction between eQTL and cell state, whereas a Poisson mixed-effects model
remains robust. Abbreviations: CPM, counts per million; eQTL, expression quantitative trait
locus; PCL1, principal component 1; sc-eQTL, single-cell expression quantitative trait locus;
SCRNA-seq, single-cell RNA sequencing; UMI, unique molecular identifier. Figure adapted
from images created with BioRender.com.
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