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Abstract

Non-coding genetic variants may cause disease by modulating gene expression. However,
identifying these expression quantitative trait loci (eQTLS) is complicated by differences in

gene regulation across fluid functional cell states within cell types. These states—for example,
neurotransmitter-driven programs in astrocytes or perivascular fibroblast differentiation—are
obscured in eQTL studies that aggregate cells::2. Here we modelled eQTLs at single-cell
resolution in one complex cell type: memory T cells. Using more than 500,000 unstimulated
memory T cells from 259 Peruvian individuals, we show that around one-third of 6,511 c¢/s-
eQTLs had effects that were mediated by continuous multimodally defined cell states, such as
cytotoxicity and regulatory capacity. In some loci, independent eQTL variants had opposing cell-
state relationships. Autoimmune variants were enriched in cell-state-dependent eQTLs, including
risk variants for rheumatoid arthritis near ORMDL3and CTLA4, this indicates that cell-state
context is crucial to understanding potential eQTL pathogenicity. Moreover, continuous cell states
explained more variation in eQTLs than did conventional discrete categories, such as CD4* versus
CD8™, suggesting that modelling eQTLs and cell states at single-cell resolution can expand insight
into gene regulation in functionally heterogeneous cell types.

Genome-wide association studies (GWAS) have implicated non-coding variants in
regulatory regions®. However, the effect of these variants on gene expression—eQTLs—
incompletely explains their pathogenicity*®. This may be because eQTL effects vary in
magnitude with cell states, such as differentiation or activation, as well as with cell-type
composition and environment6-12, Bulk studies have proposed new strategies to derive and
model these complex cell states, but the bulk approach still obscures many of the diverse
disease-relevant physiological states that are present in vivo.

T cells, in particular, are implicated in autoimmunity and allergy and have functional states
defined by surface markers (CD4* and CD8™), cytokines (T helper 1, T helper 2 and T
helper 17 cells; Tyl, Ty2 and Ty17, respectively), transcription factors (T-bet and RORyt)
or graded transcriptomic programs (effector, cytotoxicity and activation)3-15. Similar to
states in other cell types, T cell states are continuous, dynamic (for example, Ty17 cells
can become IL-17-and-1FN-y-coproducing Ty17/1 cells that are implicated in tuberculosis)
and may coexist in one cell (for example, effector-like CD4* T2 cells, which are seen in
asthma)16-20,

Single-cell assays capture these states, but many single-cell eQTL studies assess state
dependence by aggregating cells from discrete clusters and using pseudobulk linear
models®21-24, This limits analysis to coarse states that imperfectly partition a continuous
transcriptional landscape. We instead focus on continuous cell states, which are uniquely
discernible at single-cell resolution. These states may take many forms, including
trajectories or gene scores. In this study, we leverage low-dimensional embeddings to
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represent multidimensional cell-state heterogeneity in multimodal single-cell assays of
unstimulated memory T cells, and we also demonstrate the broader applicability of this
approach. Decomposing multiple states in each cell, we dissect state-dependent eQTL
effects at single-cell resolution.

Memory T cell eQTLs in Peruvian individuals

We used single-cell expression of the transcriptome and 30 T cell surface proteins from

a previous cellular indexing of transcriptomes and epitopes by sequencing (CITE-seq)
study of 500,089 memory T cells isolated from 259 healthy Peruvian individuals with

a previously resolved Mycobacterium tuberculosis infection?® (Methods, Supplementary
Fig. 1a—c; experimental details in Supplementary Note). This sample was selected from a
larger cohort of genotyped individuals of admixed Native American and European genetic
ancestry2® (Supplementary Fig. 2a, b; details in Supplementary Note). After quality control
and imputation, we analysed 5,486,956 genetic variants (Supplementary Fig. 2c, Methods).

We first defined a robust set of eQTLs across all memory T cells in pseudobulk; this
state-agnostic analysis would produce promising candidates to test for state dependence in

a single-cell model (Fig. 1a). We summed the expression of each gene across all cells from
each donor (mean = 1,846 cells per donor; Supplementary Fig. 1c) and then normalized and
corrected measured and latent covariates in this pseudobulk profile (Supplementary Fig. 1d).
We tested c/s-eQTL associations between the covariate-corrected expression of 15,789 genes
expressed in more than 50% of samples and variants less than 1 Mb from the transcription
start site (TSS) of each gene.

We found 6,511 genes with significant ¢is-eQTLs (eGenes, g < 0.05), consistent with
similarly sized bulk eQTL studies and including previously described eGenes such as
CTLA4and ERAP2 (refs. 27-29) (Extended Data Fig. 1a, b, Supplementary Table 1). We
also found 808 eQTLs with effects that are likely to be population-specific; that is, driven
by genetic variation that is common in Peruvian individuals (minor allele frequency (MAF)
> 0.05) but rare in European individuals (MAF < 0.05). For example, an eQTL for the gene
encoding the MAF transcription factor (MAF: rs9927852, 8= 0.32, P=3.45 x 1077) was
not reported in previous eQTL studies of predominantly European cohorts29-31 (minor allele
frequency = 22% in the study cohort, 27% in the 1000 Genomes Project Peruvians in Lima
(PEL) cohort and 1% in the 1000 Genomes Project European (EUR) cohort; Extended Data
Fig. 1c, d, Supplementary Table 2). When we iteratively conditioned on the lead eQTL for
each eGene (7= 6,511), we observed multiple independent effects at 436 loci (Extended
Data Fig. le, f, Supplementary Table 3).

We compared the effects of lead variants to published bulk memory CD4* T cell eQTLs
from the Database of Immune Cell eQTLs (DICE, 7= 91) and the BLUEPRINT

epigenome project?’31 (n= 169). We found high directional concordance for eQTLs
(DICE: 2,094/2,214 = 93% same direction of effect; BLUEPRINT: 1,917/2,056 = 93%);
Extended Data Fig. 2a, b, Supplementary Note). In other cell types assayed in BLUEPRINT,
eQTLs had less overlap with our memory T cell eQTLs and lower directional concordance
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(monocytes: 1,397/1,651 = 85%; neutrophils: 1,019/1,312 = 78%; Extended Data Fig. 2c, d,
Supplementary Table 4).

T cell diversity spans continuous states

Combined single-cell MRNA and protein measurements from CITE-seq allow us to not only
discretely cluster cells but also capture continuous states in a multimodal low-dimensional
embedding from canonical correlation analysis (CCA), as previously described (Methods)25.
In the original analysis of these single-cell data, clustering cells on the top 20 independent
CCA dimensions (canonical variates (CVs)) leveraged variation shared between modalities
for a robust definition of cell states beyond what mRNA alone captured and associated with
T cell markers, clinical and demographic variables2® (Supplementary Fig. 3a, b). Here, we
again scored each cell along the top 20 CVs, but rather than clustering on CVs, we now used
them as continuous, independent representations of cell state.

We observed that individual CVs correlate with genes, proteins and gene sets that are
relevant to well-described T cell functions (for example, CVV1 and cytotoxicity, CV2 and
regulatory or activated; Fig. 1b—d, Supplementary Table 5). Some CVs correlated with
lineage-defining markers of T cell state; for example, CV4 and the T2 marker GATA3
(Pearson r= 0.23 in non-zero cells. < 1071785%) or CV8 and the y& T cell marker 7TRDC
(ref. 32) (Pearson r= 0.51 in non-zero cells, < 10~7%7; Supplementary Fig. 3c—f). We
can attempt to interpret the correspondence of each CV to known immune states, while
recognizing the limitation that individual marker genes may have context-dependent roles
and multiple axes are likely to contribute to functions associated with known cell states.

The average scores of T cells on eight CVs varied among CCA-defined clusters
(Supplementary Table 6), but these clusters obscured intercellular heterogeneity within them
(Supplementary Fig. 3g). Thus, continuous CVs or similar single-cell metrics—capturing the
degree of each state’s presence in a cell-may be a more faithful representation of activation
or helper states manifesting in T cells.

Single-cell models of state-dependent eQTLs

Single-cell-resolution eQTLs and bulk eQTLs require different statistical models. For single
cells, we used Poisson mixed-effects (PME) regression, which can model discrete and
continuous single-cell states, Poisson-distributed unique molecular identifier (UMI) counts
and batch structure33:34, We model the UMI counts of a gene in single cells as a function

of genotype, adjusting for common eQTL confounders (age, sex, genotype principal
components (PCs) and gene expression PCs) and covariates shown to have gene-specific
effects in single-cell data3> (UMI count and percentage of mitochondrial UMIs; Fig. 2a,
Methods). Genotype PCs captured Native American and European components of admixed
Peruvian genetic ancestry2® (Supplementary Fig. 2a, b). Random-effect covariates account
for batch and repeated measurements (donor, library preparation batch). We assessed the
model’s significance with a likelihood ratio test (LRT) and compared effect sizes with Wald
statistics.
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To demonstrate consistency with commonly used linear models, we reanalysed our

data with PME. We successfully recapitulated almost all pseudobulk eQTLs (g < 0.05

with rzg = 0.38, 6,402/6,511 = 98%) with concordant direction of effect (6,509/6,511

= 100%; Supplementary Fig. 4a—c, Supplementary Table 7), powered by a large cell

count (Supplementary Note). We observed well-calibrated type | error when we permuted
genotypes (346/6,511 = 5.3% significant at £< 0.05; Supplementary Fig. 4d). Almost no
eQTLs interacted with the progression of tuberculosis, which was unsurprising because the
donors had received highly effective treatment for tuberculosis four or more years earlier
(6,510/6,511 eQTLs with interaction g> 0.05; Supplementary Table 8).

To identify eQTLs with cell-state-dependent effects, we added an interaction term between
genotype and cell state. We compared this to a baseline model including genotype (overall
eQTL) and cell-state (differential expression) effects and assessed significance with LRT
(Methods). First, in a simple binary test case (CD4* versus CD4"), we assessed concordance
between the interaction model (run on all cells) and two non-interaction models (run on
gated CD4" cells) that we validated above: the conventional pseudobulk linear model or

a single-cell PME model without an interaction term (Supplementary Fig. 5). The total
eQTL effect in CD4* cells (Biotal = Bs + Boxcpa) Was consistent with the genotype effects
estimated in both of these models (pseudobulk: Pearson 2 = 0.92; single-cell: Pearson 72

= 1.00; Extended Data Fig. 3a, b, Supplementary Tables 9-11), and type | error for the
interaction term was well-controlled at a = 0.05 when we permuted cell state (391/6,511 =
0.060; Extended Data Fig. 3c). As expected, effects were less concordant between CD4 Bigtal
and pseudobulk or single-cell models of gated CD8* T cells (pseudobulk: Pearson /2 = 0.80;
single-cell: Pearson /2 = 0.82; Supplementary Fig. 6, Supplementary Tables 12, 13).

An alternative is a linear mixed-effects (LME) model of normalized single-cell expression.
Without considering cell state, LME performed similarly to PME (Supplementary Fig. 4e—
h, Supplementary Table 14). However, with an interaction term, LME was confounded

by sparsity and cell-state expression differences (Extended Data Fig. 3d—f, Supplementary
Fig. 7, Supplementary Table 15, Supplementary Note). LME spuriously detected highly
significant state-specific eQTLs when we simulated differential expression between CD4*
and CD4~ cells, whereas PME did not (Methods, Extended Data Fig. 3g, h). This is
consistent with studies showing that linear models inadequately describe single-cell gene
expression33:34,

eQTLs vary along continuous cell states

We represented cell states in the PME model with the CV projections of cells and controlled
for the same covariates described above, such as genetic ancestry, which may confound
cell-state interactions (Fig. 2a, Supplementary Figs. 2, 3a, b, Methods, Supplementary Note).
We found that many eQTLs vary along these cell states. CV1, capturing cytotoxic function,
significantly interacted with 1,094/6,511 memory T cell eQTLs (g < 0.05; Supplementary
Table 16). For example, the interaction with rs9927852 eQTL for MAF amplified the effect
in cells with higher CV1 scores (Sg = 0.097, Bgxcv1 = 0.13, average SBiota in lower third
=0.009, average Biotal in upper third = 0.24; Fig. 2b). Interaction effects were independent
from differential expression and main genotype effects and occurred in less sparse genes,
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and the type | error was well-controlled when permuting CV1 scores and in simulated

null data (Supplementary Fig. 8, Methods, Supplementary Note). Interactions from Poisson
and negative binomial models were largely consistent for the subset of 1,000 eGenes that
we tested because gene expression was mostly not overdispersed (Supplementary Fig. 9,
Supplementary Table 17, Supplementary Note).

Continuous cell states captured more state-dependent regulatory variation than analogous
discrete phenotypes. For example, continuous CV1 scores discriminate between CD4* and
CD8™* T-cell lineages (CD4™ classified as CV1 < 0: sensitivity = 0.85; specificity = 0.93;
Extended Data Fig. 4a); accordingly, a PME model of eQTL interactions with continuous
CV1 recapitulated 517/612 (84%) interactions identified in a PME model with discrete
CD4" state. However, in this dataset, we observe not only CD4" helper and CD8* cytotoxic
cells—common lineage phenotypes—but also rarer CD4" cytotoxic and CD8* non-cytotoxic
subsets. These deviating states are obscured in a discrete CD4 versus CD8 classification,
but can be better resolved by continuous CVs inferred from the data (Extended Data Fig.
4a). We identified 577 additional eQTLs with CV1 interactions that lacked significant CD4
interactions but had consistent directions of effect (94% concordant direction; Fig. 2c,
Extended Data Fig. 4b). CV1 interactions generally had higher power (Deming g between
zscores = —1.48). Similarly, CV2 correlates with markers of regulatory T (Tyeg) cells

and activation, and the 982 eQTLs with CV2 interactions included but exceeded 288/387
(74%) eQTLs with significant Teq cluster interactions (Fig. 2c, Extended Data Fig. 4c,
Supplementary Tables 18, 19). These correspondences were CV-specific (Extended Data
Fig. 4d, e), showing that decomposing single-cell data into continuous states may capture
regulatory biology.

Continuous cell states may also better explain many heterogeneous eQTL effects. For
example, CD4™ cells tend to have lower CV1 scores, and both are associated with aweaker
MAFeQTL (CD4: Bg = 0.33, foxcpa = —0.25, Pexcpa = 2.91 x 10786; CV1: g = 0.097,
Boxcvi = 0.13, Poxcvi = 3.15 x 107246). However, in a joint model with cell state and
genotype—cell state interaction terms for both CD4 and CV1, the CD4" interaction was no
longer significant (2= 0.87), but the CV1 interaction was (P = 2.34 x 107118). Upon closer
inspection, the MAFeQTL is strong in both CD4* and CD8* memory T cells with high
CV1 scores (Bcpa, high cvi = 0.22, Beps, high cvi = 0.37; Fig. 2d), but weaker in cells with
a CV1 scores (Bcpa, 1ow cvi = 0.03, Beps, 1ow cvi = 0.04). The significance of the CV1
interaction similarly superseded the discrete CD4* interaction in the joint model for 264/517
eQTLs with significant interactions in both univariate models, whereas CD4 interactions
superseded continuous interactions for 49/517 eQTLs (LRT P < 0.05). Hence, although
some eQTLs may be driven by lineage, much of the observed regulatory variation is better
explained by the degree of cytotoxicity.

cells have distinct eQTL effects

To capture the regulatory effects of multifaceted states in individual cells, we added
orthogonal CVs sequentially to a multivariate PME eQTL model. We observed that the
number of significant interacting eGenes reaches a plateau with 7 CVs (2,117 interacting/
6511 eGenes, at g < 0.05; Extended Data Fig. 5a, Supplementary Table 20), and in

Nature. Author manuscript; available in PMC 2023 January 16.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Nathan et al.

Page 7

univariate models, CVs 8 and beyond identify fewer eQTL interactions than earlier CVs
(Supplementary Tables 21-33). Therefore, we included 7 CVs in the multivariate model

and observed high concordance with univariate interactions (r= 0.87-0.97; Supplementary
Fig. 10a), consistent with the independence of orthogonal CVs. Although we limited

further analyses to pseudobulk-significant eGenes and their lead variants to minimize
multiple testing burden and focus on more robust candidates, a minority of non-pseudobulk-
significant eQTLs were state-dependent (390/8,692 at ¢ < 0.05; Supplementary Table 34),
such as 7/G/T (Supplementary Fig. 11, Supplementary Note).

As validation, we focused on the subset of eQTLs also identified through meta-analysis of
six DICE memory T cell subsets. The state-dependent eQTLs identified by the 7-CV PME
model recapitulated 15 out of 16 of the eQTLs with high heterogeneity across memory T
cell states in DICE (Cochran < 0.001 and 2 > 25%).

CV1 had the most interacting eGenes in both the univariate and the 7-CV multivariate
models (Extended Data Fig. 5b, Supplementary Fig. 10b). Some eGenes significantly
interacted with multiple cell states (Extended Data Fig. 5¢), with related directions of
effect in the multivariate model; for example, CV1 (cytotoxicity) and CV6 (TH1) tended

to have the same direction of effect, whereas CV1 and CV3 (central) tended to have
opposite directions (Extended Data Fig. 5d—f). Clustering genes on the basis of their scaled
multivariate interaction S values (relative to the direction of the main effect) defined 10
broad patterns of CV interactions that may reflect shared cell-state-dependent regulatory
mechanisms (Supplementary Fig. 12, Supplementary Table 35). Using HOMER, we
observed the enrichment of some transcription-factor-binding motifs either in the promoter
of eGenes interacting with each CV or overlapping the interacting lead variants, including
known T cell transcription factors such as RUNX1 (refs. 32:36) (Supplementary Table 36).
There were few such significant enrichments, suggesting that the regulatory landscape may
be more complex than individual transcription-factor-driven programs.

CVs define biologically relevant cell states that may be missed by single-modality PCs, but
eQTL models with seven mRNA or protein PCs still yielded similar numbers of interactions
to those with seven CVs2> (mRNA: 2,364, protein: 1,915, g < 0.05; Supplementary Fig.
13a, Supplementary Tables 37, 38). Most of these eQTLs replicated across all three models
(Supplementary Fig. 13b—d).

We estimated eQTL effects at single-cell resolution by summing the products of interaction
B values and corresponding CV scores per cell (Fig. 3a, Methods). These CV scores capture
the partial influence of each state that may modulate regulatory activity. Adding this value to
the baseline genotype S estimates the total cell-level eQTL effect, which varies across cells
independent of eGene expression.

eGenes can have multiple dynamic effects

Previous studies suggest that secondary eQTLs conditioned on the lead effect are more
likely to be cell-state-specific3’. We observed that 68% of secondary eQTLs had significant
cell-state interactions compared to 33% of lead variants (Fig. 3b, Fisher P=1.96 x
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10747; Supplementary Table 39). Discordant Gene Ontology term enrichments for lead and
secondary variants further suggest distinct functional significance (Supplementary Table 40,
Supplementary Note). A total of 203 eGenes had at least 2 independent state-interacting
effects—sometimes with contradictory CV interactions. For example, MDGAZI’s lead eQTL
increases with CV1, whereas its secondary effect decreases (Fig. 3c—f). Of the 60 eGenes
with at least 2 independent CVV1-dependent effects (¢ < 0.05), 29 eGenes had different CV1
interaction directions for their lead and secondary variants. Seventy eGenes showed this
discordance with at least one CV (Extended Data Fig. 6).

Many autoimmune loci are dynamic eQTLs

Consistent with previous studies, we found that the pseudobulk memory T cell eQTLs
were enriched for lead variants in linkage disequilibrium (LD) (/2 = 0.5) with genome-wide
significant loci associated with immune traits compared to genome-wide significant loci
for all other traits in the GWAS Catalog?’+38 (rheumatoid arthritis (RA): odds ratio (OR)

= 4.67, Fisher P=2.25 x 107"; inflammatory bowel disease: OR = 4.80, Fisher 2= 2.63

x 10711: Extended Data Fig. 7a, Supplementary Table 41). We recapitulated previously
described disease-associated eQTL variants such as rs1893592 (chr21_42434957_A C), an
RA-associated UBASH3A eQTL3.

Moreover, the lead variants of cell-state-interacting eQTLs in memory T cells were enriched
for overlap with GWAS variants compared to non-interacting eQTLs (OR = 1.31, Fisher P
=5.3 x 1075), and state-dependent eQTL lead variants overlapped with at least one GWAS
variant for 185/194 traits tested from the GWAS Catalog. State-interacting eQTLs were
nominally enriched compared to non-interacting eQTLs for overlap with 11 individual traits,
only significantly exceeding the null expectation (2,117/6,511 = 33%) for some immune and
blood traits such as RA (16/24 = 67%), type 1 diabetes (13/20 = 65%) and multiple sclerosis
(24/43 = 56%) (ORs:1.45-6.24; Extended Data Fig. 7b, Supplementary Table 42).

To assess this further, we used coloc, a Bayesian colocalization method that estimates the
posterior probability that the same causal variant explains the eQTL and trait association in
a locus*0. We tested 15 traits for which GWAS have been performed in cohorts of European
or Asian ancestry (Methods), including those thought to be immune-mediated (for example,
RA and type 1 diabetes) and non-immune (for example, coronary artery disease and height).
Admixed ancestry of the eQTL cohort and LD discrepancies with the GWAS cohorts may
limit the power of this analysis. As expected, traits without major immune aetiology were
not enriched for colocalization with state-dependent eQTLs (for example, height: OR =
0.87, P=0.43; coronary artery disease: OR = 1.17, P=0.49), whereas GWAS loci for
some known T-cell-mediated diseases such as psoriasis (OR = 2.70, = 2.9 x 1073) and
multiple sclerosis (OR = 2.06, A= 4.06 x 10~4) colocalized with state-dependent eQTLs at
significantly higher rates than expected (Extended Data Fig. 7c). Other immune-mediated
traits, such as RA (OR = 1.55, £=0.063) and asthma (OR = 1.56, = 0.13), had substantial
proportions of state-dependent-eQTL-colocalizing loci but were not significantly enriched,
potentially owing to limited power.
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The lead eQTL variant for ORMDL3 (rs4065275) was in LD (1000 Genomes PEL, /2
=0.69; 1000 Genomes EUR, 72 = 0.68) with an RA GWAS variant (rs59716545) and

had significant multivariate interactions with CVs 1 and 2 (ref. 1). The ORMDL3eQTL
was strongest in GZMB* cytotoxic CD8* T cells (Fig. 4a). On the other hand, the lead
/L18R1eQTL variant (rs11123923, chr2_102351384 C_A)—in LD with the inflammatory
bowel disease GWAS variant rs1420098 (/2 = 1.00 in 1000 Genomes PEL and EUR)—was
strongest in T2 and T17 cells with weaker effects in cytotoxic states*2 (Fig. 4b).

GWAS variants did not always have stronger eQTL effects in states with higher overall
expression. For example, the lead eQTL effect for C7LA4 was mediated by rs3087243
(chr2_203874196_G_A), which is associated with RA and type 1 diabetes*3. Although
CTLA4 expression is highest in Treq cells, RORC" Tyeq cells and activated T cells, these
cells had weaker eQTL effects (Fig. 4c). The eQTL effect was strongest in cytotoxic CD4*
T cells, a state with very low CTLA4 expression. This suggests that disease processes may
emerge in unlikely states in which pathogenic variants modulate low-level gene expression.

Dynamic eQTLs are in regulatory regions

State-dependent eQTLs may be concentrated in regulatory regions, including promoters
(shared across states) or enhancers (state-specific)*4. We fine-mapped the eQTL effect at
each locus with causal variants identification in associated regions (CAVIAR) based on
pseudobulk summary statistics#°. For loci for which we fine-mapped the lead effect to one
variant (n= 461, posterior inclusion probability (PIP) = 0.5), we calculated a 12.05-fold
PIP-weighted enrichment of eQTL variants in promoters (TSS = 2 kb; permutation P <
0.001; Fig. 4d, Methods). Cell-state-interacting and non-interacting eQTLs defined on the
basis of the 7-CV multivariate model were both strongly enriched at 11.00- and 14.15-fold,
respectively (P< 0.001, one-sided Ajni_no int PErmutation £=0.19), reflecting the state-
agnostic regulatory importance of promoters.

To test enrichments in enhancers—given the uncertainty in their locations—we used an
inference and modelling of phenotype-related active transcription (IMPACT) model of T-bet
in CD4* Th1 cells to define cell-type-specific regulatory regions on the basis of transcription
factor binding and epigenetic features#®. We excluded promoters defined above. Cell-state-
interacting eQTLs were almost twice as enriched (3.72) as non-interacting eQTLs (2.04)

in T-cell-specific regulatory regions (both £< 0.001, one-sided Ajnt_no int Permutation 2

= 0.004; Fig. 4d). These state-dependent eQTLs were less significantly overrepresented

in B cell (1.45x more enriched, Ajnt_no int permutation 2= 0.067), or monocyte-specific
(1.18% more enriched, Ajnt_no int Permutation 2= 0.33) regulatory regions compared to
non-interacting eQTLs.

To more precisely identify causal variants, we combined this Peruvian dataset with European
data from BLUEPRINT and conducted multi-ancestry fine-mapping of pseudobulk effects*’.
We fine-mapped the lead effects for 916 eGenes to single causal variants (PIP = 0.5). As

in the Peruvian analysis, these variants were enriched in promoters (15.44; £< 0.001) and
state-interacting eQTLs were more enriched (4.17) in T-cell-specific regions compared to
non-interacting eQTLs (1.97) (both £< 0.001; one-sided Pfor Aint_ng int < 0.001; Extended
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Data Fig. 8a). State-interacting and non-interacting eQTLs were both strongly enriched

in assay for transposase-accessible chromatin using sequencing (ATAC-seq) peaks assayed
in CD4 and CD8 subsets, which reflect a combination of promoter and distal regulatory
regions*® (Extended Data Fig. 8b).

Secondary eQTL variants and their predominant state-dependent subset were also enriched
in T cell ATAC-seq peaks (Extended Data Fig. 8c). Consistent with previous studies finding
an overrepresentation of secondary eQTL variants in enhancers compared to promoters3’,
we found that secondary eQTL variants were less enriched in promoters than lead variants
(1.86; £P=0.13). Their significant enrichment in T-cell-specific regulatory regions (3.01; P
< 0.001), especially state-interacting secondary variants (3.60; £< 0.001; Fig. 4e), suggests
cell-type-specific regulatory roles.

other dynamic eQTL landscapes

To assess the utility of this approach in mixed cell types, we applied the model to

a published single-cell RNA-sequencing dataset in peripheral blood mononuclear cells
(PBMCs) (n=89), in which mRNA PCs delineated discrete cell types?*. We observed

that around one-third of the 962 pseudobulk eQTLs varied along the top 6 mMRNA PCs

and had consistent interactions with the corresponding discrete cell types (Supplementary
Fig. 14, Supplementary Tables 43, 44, Methods, Supplementary Note). Conversely, we also
identified eQTL interactions with more granular cell states within subsets of a larger cell
type by modelling CVs defined within CD4 and CD8 T cells in the memory T cell dataset
(Supplementary Fig. 15, Supplementary Tables 45, 46, Supplementary Note).

eQTL interactions with disease states

Cell states can also be defined through nonlinear trajectory or velocity analysis of cells
sampled throughout perturbation or differentiation and accompanying changes in gene
regulation. We demonstrated the ability of PME to model eQTLs interacting with nonlinear
pseudotime computed across monocytes with a variable response to influenza A virus or
mock infection? (Supplementary Fig. 16, Supplementary Table 47, Supplementary Note).

In addition to in vitro perturbations, in vivo disease states may also correlate with eQTLs.
However, disease-profiling single-cell datasets may contain relatively few cells because
patient samples are scarce. We propose projecting large, genotyped single-cell datasets
onto smaller disease reference datasets and using the cells’ projections in the reference’s
low-dimensional embedding as cell states to test for eQTL interactions. This allows us to
leverage both the large cell counts of the non-disease dataset and the clinically relevant
framework of the disease reference. We demonstrated the feasibility of this approach

by projecting 500,089 memory T cells onto an ulcerative colitis (UC) reference of
around 70,000 colon T cells and tested our eQTLSs for interactions with the UC-PCs49
(Supplementary Fig. 17a—d, Supplementary Table 48, Supplementary Note). In addition to
recapitulating many interactions from the original memory T cell analysis, we observed
some interactions unique to UC-PCs that define pathogenic cell states, which may reflect
tissue- or disease-specific dynamics (Supplementary Fig. 17e-h).
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Discussion

Single-cell data from genotyped cohorts make it possible to investigate how cell states
shape the complex relationship between genetic variation, gene expression and disease. In
this study, we underscore the untapped potential of these data to reveal state-dependent
regulatory heterogeneity when only analysed with traditional bulk methods and emphasize
the urgent need to refocus eQTL analyses at single-cell resolution.

Recognizing growing evidence that clusters obscure the functional diversity of dynamic

cell types such as T cells, we leveraged the granularity of single-cell data to better

define continuous state-dependent eQTLs using a single-cell Poisson model®05, This
model leverages large cell counts for power, circumventing a common limitation for
previous studies that have reported mixed success using similar approaches or pseudobulk
analysis?3:52:53, |n contrast to linear models, the PME model is robust to sparsity and

hence is an essential tool to measure robust statistical interactions. When we reconstructed
eQTL effects in individual cells, it was clear that they can vary even between cells in the
same cluster because continuous states transcend clusters. This offers a different perspective
on context-dependent disease-associated variation. For example, RA-linked rs4065275 has
the strongest effect on ORMDL 3 expression in GZMB* cytotoxic CD8* T cells, but by
modelling continuous states, we see that it is driven by cytotoxicity more broadly. Loci

with independent eQTLs that have opposing state-dependent effects suggest that positionally
distinct state-specific regulatory elements within a locus may determine these regulatory
interactions.

As more large, genotyped single-cell datasets emerge—especially from cohorts of non-
European genetic ancestry, and diverse clinical phenotypes or perturbations—they will
present heterogeneity beyond well-defined cell types®*25. Large cell counts and sample
sizes will enable well-powered single-cell studies, but computational tractability may limit
the current utility of the PME model in these settings. In our dataset of more than 500,000
cells from 259 donors, we had to restrict state-dependent analysis to pseudobulk-ascertained
eQTLs, which is likely to underestimate the full scope of dynamic eQTLs by omitting
certain state-dependent eQTLs obscured in pseudobulk: for example, specific to rare states
or with opposing effects in different states. For the PME model to be a practical choice

for genome-wide eQTL analysis, we need faster generalized linear mixed models. These
analyses will also need to contend with the multiple testing burden of assessing interactions
between thousands of genes and tens of cell states.

Continuous states exist in many cell types, so this approach applies to single-cell

eQTL studies of functional states beyond T cells, such as spatial gradients of neurons

and astrocytes, epithelial-mesenchymal transitions, Notch signalling in fibroblasts, or
development!29.22_ Analyses in heterogeneous PBMCs suggest that gating individual cell
types may be necessary before defining continuous states in a mixture of cell types, or

using a decomposition method such as non-negative matrix factorization that captures cross-
cell-type gradients®6. The PME model is flexible enough to accommodate many types of
cell states, including non-linear pseudotime along a single-cell trajectory or states imputed
through projection onto a reference. Although we used multimodal CCA of gene expression
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and surface proteins to define continuous states, for other cell types, alternative continuous
representations of cell state may be more effective. This study offers a broadly applicable
template to probe single-cell regulatory heterogeneity.

Extended Data
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Extended Data Fig. 1|. Memory T cell eQTLs.
a, (left) Box plot and (right) locus plot of rs3087243 eQTL for CTLA4and b, rs716848

eQTL for ERAPZ. Except where indicated, each point in box plots (panels &, b, d, f)
represents the average log2(UMI counts + 1) across all cells in a donor (n = 259), grouped
by genotype. Box plots show median (horizontal bar), 25th and 75th percentiles (lower and
upper bounds of the box, respectively) and 1.5 times the IQR (or minimum/maximum values
if they fall within that range; end of whiskers). Each locus plot shows the variants in a +/
250kb window around the TSS plotted based on their nominal pseudobulk eQTL p value and
genomic coordinate. The purple diamond is the lead variant and other variants are coloured
based on their r2 with the lead variant in 1000 Genomes AMR (American ancestry, including
Puerto Rican in Puerto Rico, Colombian in Medellin, Peruvian in Lima, and Mexican
ancestry in Los Angeles). c, Pie charts of the allele frequencies at rs9927852 in 1000
Genomes EUR (European) and PEL populations. d, Box plot and locus plot of rs9927852
eQTL for MAF (n = 259). e, Number of eGenes with 1, 2, or 3+ independent eQTLs. f, Box
plots for lead (rs9349050, left) secondary (rs6901281, middle), and secondary conditioned
on lead (right) eQTL variants for MDGA. In the box plot for rs6901281 conditioned

on rs9349050, each point represents the average residual of log2(UMI counts + 1) after
regressing out genotype at rs9349050 across all cells in a donor (n = 259). In the locus plot,
the pink diamond is the secondary variant.
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Extended Data Fig. 2 |. Concordance of published bulk T cell eQTLsand Peruvian (pseudo)bulk
memory T cell eQTLs.

Z scores of gvalues from pseudobulk analysis of Peruvian dataset compared to z scores
from @, inverse-variance-weighted meta-analysis of memory T cell subsets in DICE, b,
BLUEPRINT bulk eQTL analysis of naive CD4+ T cells, ¢, BLUEPRINT bulk eQTL
analysis of monocytes, and d, BLUEPRINT bulk eQTL analysis of neutrophils. Each point
represents an eGene/Peruvian lead variant pair significant in both datasets (g < 0.05).

Nature. Author manuscript; available in PMC 2023 January 16.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Nathan et al.

Page 14
a < b« C.
a [a] 5T 1.00 .
Q Q S< .
ks &3 £e o
+ g 50 o % 50 Dy | 4
2 Q d ? 5075 3
oE oE £ S
25 S5 ) o
@ o 0o Q5 .
8 0 38 0 S 8 0.50 e
.9 Q0 [OR3} b4
o £ e o ’
5w = o+ 2 o
S = S w c €025 o
@ g -50 3 2-50 Sx .
3 N S0 ,* Type 1 error = 0.060
= pel x
g © SGo0{e”  ata=0.05
-50 0 50 = -50 0 50 000 025 050 075 1.00
I"(pseudobulk p/2)*sign(B) Wald z score (B/se) for G, Alpha
d CD4-onlv PME interaction model
e f o " _ 16
Pearson N 200 Pearson N % 1 Wilcox p =7.7x10
-4 w
o+ =013 S r’= 0.023 g 1w L
O 8 250 o3 ° 3
58 52 1o = 8
~E . T ® 2 075
D c ® P 85 T
® o *eed” 2.9 cE
a7 0 - % €5 o o =
° 8 o, o S =
253 5 3g 050
g E 8= <+ =
AT N W -100 Ao’
NS -2 5= S
2 e s S 025 1
= ) - g ! H
=0
-100 -50 50 100 20 20 0 20 40 g T 000 I I
Wald z score (B/se) for GxCD4, Wald z score (B/se) for GxCD4, Q
LME interaction model PME interaction model @ GLMM LMM
9 100% LME GxCD4 interaction p = 0.83 50% LME GxCD4 p = 1.26x10* 20% LME GxCD4 p = 2.26x10% 10% LME GxCD4 p = 2.36x10%
PME GxCD4 interaction p = 0.55 PME GxCD4 p =0.78 PME GxCD4 p = 1.00 PME GxCD4 p = 1.00
o2 o2 o2 o2
2 2 2 2
= g =5 g
5 - 5 - 5 s .
I I3 . <} 2 .
8 8 8 8
o o N o
=) & =) =) =)
Lo Lo Lo1 Lo
[fel n n n
o o o o
< < < <
X s o X
F = F =
-
00 00 00 0.0
GIG GIT i GIG GIT i GlG GIT i GIG GIT v
rs2214911 rs2214911 rs2214911 rs2214911
0, 0, 0, - ’ 0, = 48
100% |\ Gucp4 interactionp=020  90% LME GxCD4 p = 2.68x10° 20% LM OO B 210 10% D e oTx1e
PME GxCD4 interaction p = 0.72 PME GxCD4 p = 0.10 XCQ4p =0. ‘p=1.
03 03 03 03
S b T "
2 2 ) 2
€02 €02 E02 € 0.2
3 3 3 3
Q Q Q Q
o [s] o o
N o o o
[ [ [ [=2]
S S S S
o 0.1 © 0.1 o 0.1 ;o3 e o 0.1
a a a o g a
IS IS IS C S =
0.0 0.0 0.0 o= L ) 0.0
T TIC CiIC T TIC cIC T TIC CIC Tm TIC c/Ic
rs4135092 rs4135092 rs4135092 rs4135092

Extended Data Fig. 3 |. Assessing the robustness of the single-cell Poisson modél.
a, b, Dot plot of each memory-T-cell eGene based on Wald z score for total B (Bg+Bcxcpa)

in PME interaction model of all cells and LRT-based statistic from a, pseudobulk model or
b, Wald z score for Bg from a PME model of only CD4+ cells. ¢, Proportion of eGenes
with significant Bgxcp4 Under genotype permutation. Each dot represents the proportion
significant at the given alpha threshold. d, e, Dot plot of memory-T-cell eGenes (n = 6,511)
based on z score for cell state p (Bcpa Or Pcpg) and z score for cell state interaction 8
(Bexcpa Or Paxcps) in d, LME and e, PME models. f, Box plot of sparsity of eGenes with
significant CD4 interactions (g < 0.05) in GLMM or LMM. P value is from a two-sided
Wilcoxon rank-sum test (ng mm = 612 genes, N pm = 1214 genes). Each point represents
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rs4135092 eQTL for 7DG in CD4+ (orange) and CD8+ (beige) cells. Box plots show the
eQTL effects as per-cell gene expression decreased from 100% to 50, 20, and 10 percent in
CDA4+ cells (left to right). Each point represents the average log2(UMI counts + 1) across all
cells in the indicated subset of cells in a donor (n = 259), grouped by genotype. Box plots
show median (horizontal bar), 25th and 75th percentiles (lower and upper bounds of the box,
respectively) and 1.5 times the IQR (or minimum/maximum values if they fall within that
range; end of whiskers).
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Extended Data Fig. 4 |. Concor dance between eQTL interactionswith continuous and discrete
states.

a, Distribution of CV1 scores for cells in CD4+ and CD8+ gates. Dashed line represents
CV1=0. b-e, Dot plots of eGenes” Wald z scores of genotype interactions with b, CV1 and
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c. Black dots represent eGenes significantly interacting with both continuous and discrete
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only significantly interacting with discrete state. r is calculated as the Pearson correlation
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Extended Data Fig. 7 |. Enrichment of eQTLsin disease-associated variants.
a, Dot plot of traits from the GWAS catalogue plotted based on the —log(Fisher p

value) and odds ratio of the enrichment test comparing the proportion of GWAS variants
colocalizing with memory-T cell eQTLs for one trait compared to all other traits. Labelled
traits have p < 107. b, Dot plot of traits from the GWAS catalogue plotted based on

the number of GWAS variants overlapping state-dependent eQTLs compared to the total
number of GWAS variants overlapping eQTLs. Overlap was defined by r2 > 0.5. The
dashed line represents the overall proportion of state-dependent eQTLs (2,117/6,511 =
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0.33) and labelled traits have Fisher p < 0.005. ¢, Dot plot of traits plotted based on

the number of GWAS variants colocalizing with state-dependent eQTLs compared to the
total number of GWAS variants colocalizing with eQTLs under the Bayesian coloc model.
The dashed line represents the overall proportion of state-dependent eQTLs (2,117/6,511 =
0.33) and traits outlined in red are significantly enriched at Fisher p < 0.01. AD=Atopic
dermatitis, AS=Ankylosing spondylitis, SLE=Systemic lupus erythematosus, T(1/2)D=Type
1/2 diabetes, RA=Rheumatoid arthritis, CAD=Coronary artery disease, MS=Multiple
sclerosis, IBD=Inflammatory bowel disease, CD=Crohn’s disease.
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Extended Data Fig. 8 |. Additional regulatory region enrichment of eQTL effects.
a, We calculated the enrichment of lead effects or independent secondary (conditional)

effects in promoter or T-cell-specific regulatory regions. Analysis was limited to loci that
were also significant eGenes in Peruvian analysis and where at least one variant had PIP >
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= 0.5. b, We calculated the enrichment of lead effects and c, secondary effects in ATAC-seq
peaks from Calderon, et al. 2019. Peaks were binarized as present or not in each sample

at a threshold of > 5 CPM. In all plots, the height of the grey bar corresponds to the

average enrichment calculated across all loci containing a variant with PIP < 0.05, red bar
corresponds to the subset with significant cell-state interaction (LRT ¢ < 0.05 in multivariate
model with 7 CVs), and the blue bar corresponds to the subset without significant cell-state
interaction. Bars with p > = 0.001 (limit of 1,000 permutations) are labelled with their
one-sided p-value and with corresponding asterisks. Each pair of interacting/non-interacting
bars is labelled with a one-sided permutation p value for the difference (interacting minus
non-interacting; only labelled if p < 0.1 for the ATAC-seq analysis). The grey dotted line
indicates enrichment statistic = 1.
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Fig. 1|. Modelling memory T cell statesand eQTLs.
a, Single-cell eQTL modelling strategy. We conduct a pseudobulk analysis of memory T

cell eQTLs and define single-cell states with continuous canonical variates. These states

can be used to identify dynamic memory T cell eQTLs in a single-cell model (shown here
binned into low, medium and high for ease of visualization). b, Heat map coloured by scaled
Pearson correlations between CVs and normalized expression of select marker genes or
surface proteins and gene set scores (weighted sum of scaled gene expression). Correlations
are scaled for each marker relative to the most extreme value, which is specified. Other
correlations of interest are also written in italics and non-significant correlations are crossed
out. ¢, Uniform manifold approximation and projection (UMAP) plots coloured by CV1
score (left), top 20% of cells based on innateness gene set score (red) (middle) and
normalized GNLY expression (right). d, UMAP plots coloured by CV2 score (left), CD25
protein expression (middle) and normalized FOXP3 expression (right). Colours for CV
scores range from low (green) to high (purple). Colours for expression range from minimum

(blue) to maximum (yellow).
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Fig. 2|. Modelling eQTL interactionswith continuous cell states across single cells.
a, Schematic of PME model for cell-state-dependent single-cell eQTL analysis. After

adjusting for covariates, we can measure the interaction between a continuous cell state
(shown here binned into low, medium and high for ease of visualization) and genotype. b,
Interaction of the rs9927852 eQTL for MAF with CV1. Left, UMAP plot of total effect
size (Biotal = Pe + Pcvi X CV1 score) per cell. Box plots show the eQTL effect for cells

in the bottom (left), middle (centre), and top (right) thirds of CV1 scores. ¢, Venn diagrams
of eGenes with significant CV interactions (red) and discrete state interactions (blue) for
CV1 versus CD4* (top) and CV2 versus Treg (bottom) at g < 0.05. d, rs9927852 eQTL

for MAFin CD4" (orange) and CD8* (beige) cells (left), then each divided by low (green)
or high (purple) CV1 score (right). CD4* or CD8* classification is based on CITE-seq
surface-protein-based gating. High or low CV1 is based on threshold = 0. For b, d, each
point in a box plot represents the average logo(UMI count + 1) across all cells in the
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indicated subset of cells in a donor (/7= 259), grouped by genotype. Box plots show median
(horizontal bar), 25th and 75th percentiles (lower and upper bounds of the box, respectively)
and 1.5 times the interquartile range (IQR) (or minimum and maximum values if they fall
within that range; end of whiskers).
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Fig. 3|. Single-cell dissection of eQTLSs.
a, Schematic of calculating cell-level eQTL g values with the example of MAFand

rs9927852. UMAP (right) shows the total eQTL effect size at single-cell resolution,
computed by summing the main genotype effect (box plot) and individual CV effects
(UMAPSs). CV UMAPs (middle) depict the interaction g value of each CV multiplied

by cell-level CV scores scaled independently from lowest (purple) to highest (yellow). b,
Number of lead eQTL variants and independent secondary variants with significant cell-state
interactions (brown). ¢, MDGA1 locus with two independent eQTLs. d, Zoom plot of

the MDGA1 locus. Purple diamond, lead variant; pink diamond, secondary variant; other
variants are coloured according to /2 values with the lead variant in 1000 Genomes AMR
(American ancestry: Puerto Rican in Puerto Rico, Colombian in Medellin, Peruvian in Lima,
and Mexican ancestry in Los Angeles). e, Lead (top) and secondary (bottom) eQTLs for
MDGA1 in cells with the bottom third (left) and top third (right) of CV1 scores. Each point
represents the average logo(UMI count + 1) across all cells in the indicated CV1 score bin

in a donor (n= 259), grouped by genotype. Box plots show median (horizontal bar), 25th
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and 75th percentiles (lower and upper bounds of the box, respectively) and 1.5 x IQR (or
minimum and maximum values if they fall within that range; end of whiskers). g values

are the average Biotal for cells in the bin. f, UMAP plots of the total eQTL effect of lead

(top) and secondary (bottom) variants for MDGA1. Each cell is coloured by its scaled Siotal,
centred on Bg with the maximum (red) and minimum (blue) determined by the most extreme

Brotal In any cell.
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Fig. 4|. Cell-state-dependent disease and regulatory effect of eQTLSs.
a, b, UMAP plots of the single-cell effect sizes of the RA-linked rs4065275 eQTL

for ORMDL 3 (&) and the irritable bowel disease (IBD)-associated rs11123923 eQTL

for /L18R1 (b). c, Left, UMAP plot of the single-cell effect size of the RA-associated
rs3087243 eQTL for CTLA4. Right, single-cell normalized expression of the CTLA4 gene
scaled from lowest (dark blue) to highest (yellow). For all single-cell eQTL effect UMAP
plots, each cell is coloured by its scaled Biotal, CeNtred on B with the maximum (red)

and minimum (blue) determined by the most extreme Biota1. For all box plots, each point
represents the average log,(UMI count + 1) across all cells in the indicated cluster in a donor
(n=259), grouped by genotype. Box plots show median (horizontal bar), 25th and 75th
percentiles (lower and upper bounds of the box, respectively) and 1.5 x IQR (or minimum
and maximum values if they fall within that range; end of whiskers). S values are the
average Biota for all cells in the cluster. d, e, Enrichment of eQTL lead effects (d; /7= 461)
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or independent secondary (conditional) effects (e; 7= 53) in promoter or T-cell-specific
regulatory regions. The analysis was limited to loci in which at least one variant had PIP

> 0.5. The grey bars show the average enrichment across all analysed loci; the red bars are
limited to those with significant cell-state interaction (LRT ¢ < 0.05 in multivariate model
with 7 CVs); and the blue bars show those without significant cell-state interaction. Bars
with £=0.001 (limit of 1,000 permutations) are labelled with their one-sided P value and
with corresponding asterisks. Pairs of interacting and non-interacting bars are labelled with
a one-sided permutation Pvalue for the difference (interacting minus non-interacting). The
grey dotted line indicates enrichment statistic = 1.
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