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Abstract
Genetic variants contribute to immune disease risk through complex, cell type-specific
regulatory mechanisms, yet post-transcriptional processes including alternative polyadenylation
(APA) and RNA editing remain poorly characterized. Using single-cell RNA-sequencing
of >7.27 million peripheral blood mononuclear cells from 2,022 individuals, we mapped 32,7635
single-cell quantitative trait loci (sc-xQTLs) across 31 immune cell types and diverse stimulation
conditions. Unexpectedly, APA and RNA editing QTLs are more strongly enriched for immune
disease heritability than expression QTLs. Immune stimulation, rather than sex or ancestry,
drove 73.65% context-dependent sc-xQTLs. We identified 382 putative causal genes, 85.08%
acting through expression-independent mechanisms. Integration with protein QTLs further10
identified 32 disease risk genes, including 19 druggable targets. Functional assays confirmed the
allelic effect of sc-xQTL in shortening DLD 3 ′ UTR, leading to reduced protein levels and
increased ulcerative colitis risk. This study reveals a previously underappreciated role for post-
transcriptional regulation in immune disease susceptibility.
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Main Text
Many immune-related diseases, such as autoimmune diseases, are highly heritable, with a
median heritability of approximately 60% (1). While genome-wide association studies (GWASs)
have identified thousands of genetic loci associated with various immune-related diseases, such
as autoimmune thyroid disease (AITD) (2), type 1 diabetes (T1D) (3), and rheumatoid arthritis5
(RA) (4), deciphering the underlying mechanisms remains a significant challenge. Notably,
while some disease-associated variants affect coding regions of immune genes, over 90% reside
in non-coding regions (5), especially active regulatory regions, such as enhancers and
untranslated regions, underscoring their predominant roles in transcriptional and post-
transcriptional regulation.10

Expression quantitative trait loci (eQTL) analysis has been successful in linking genetic
variations to their molecular mechanisms (6). However, most eQTL studies have been performed
using bulk tissues, limiting the identification of cell-specific regulatory effects and their
functional interpretation (7). Recent advances in single-cell eQTL (sc-eQTL) analyses across
multiple cell types and stimulation conditions (7-10) have significantly enhanced our15
understanding of the genetic regulation of immune-related diseases. For instance, the systemic
lupus erythematosus (SLE)-associated eQTL rs2736336 modulates BLK gene expression
specifically in memory B cells, promoting B-cell hyperactivity and enhancing T-cell
costimulatory capacities (11). In addition, many disease-associated variants only manifest their
effects in response to external stimuli (5). These context-specific eQTL studies represent critical20
gene-by-environment interactions where genetic effects are significantly altered by the cellular
environment. Additionally, recent efforts have also investigated the role of cell-type-specific
regulation of alternative splicing in autoimmune disease (12). Despite these advances, current
cell-type-specific eQTL studies are primarily limited to gene expression alone, overlooking the
potentially critical role of post-transcriptional processes in mediating disease risk.25

Beyond transcriptional control, post-transcriptional processes, particularly APA and
Adenosine-to-Inosine (A-to-I) RNA editing, have emerged as critical regulators of immune
function (13-15). APA, which affects ~70% of human genes, generates mRNA isoforms of
varying 3′UTR lengths through alternative poly(A) sites, thereby significantly affecting the
mRNA stability, translation, and cellular localization (16). A-to-I RNA editing, catalyzed by30
adenosine deaminases acting on RNA (ADARs) that bind to double-stranded RNA (dsRNA)
substrates and convert adenosines to inosines, plays a crucial role in immune regulation (17). The
ubiquitously expressed ADAR1 suppresses endogenous dsRNA sensing mediated by MDA5, a
cytosolic dsRNA sensor (18). Our and other previous works demonstrated that genetic variants
affecting APA and RNA editing levels are enriched in immune-related disease-associated loci35
(13, 14, 19) as exemplified by APA-mediated regulation of IRF5 in SLE disease (20) and the
association between reduced RNA editing levels and increased susceptibility to multiple
autoimmune diseases (14). However, their cell type-specific contributions to immune-related
disease pathogenesis remain unclear.

Here, we conducted a large-scale and comprehensive analysis of cell type-specific genetic40
regulation through generating sc-xQTLs, which include single-cell expression quantitative trait
loci (sc-eQTLs), single-cell APA quantitative trait loci (sc-aQTLs), and single-cell RNA editing
quantitative trait loci (sc-edQTLs), using single-cell RNA-seq (scRNA-seq) data from more than
7.27 million peripheral blood mononuclear cells collected from 2,022 individuals with genotype
information. Our study identified 32,763 sc-xQTLs, linking at least one molecular phenotype45
with 17,422 nearby genes. By analyzing context-specific sc-xQTLs, we uncovered that stimulus-
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dependent genetic effects primarily drive context-specific disease regulatory effects. Critically,
colocalization and single-cell transcriptome-wide association study (sc-xTWAS) pinpointed
potentially causal variants and genes of immune-related diseases in the relevant cell types that
cannot be explained by expression differences alone. Furthermore, we developed a
comprehensive web portal, the sc-xQTL atlas, to make the sc-xQTLs identified in this study5
widely accessible. Combined, these data provide an atlas of genetic effects for characterizing cell
type-specific regulation in immune-related diseases.

A uniformly processed compendium of multiple molecular phenotypes across 7 million
immune cells10

To comprehensively dissect the gene regulatory cascades in human immune cells, we compiled,
to the best of our knowledge, the largest immune single-cell dataset, comprising scRNA-seq data
of 7.27 million cells from 2,022 donors of seven independent cohorts (7-10, 21-23) (Fig. 1A and
figs. S1A–S1C). Our integrated dataset is vastly improved upon previous efforts in multiple
aspects, including significantly increased number of cells, a more balanced sex ratio (female:15
male = 1.15:1), the inclusion of various immune stimulation conditions (Influenza A virus,
SARS-CoV-2, and anti-CD3/CD28) and disease states (162 SLE and 126 tuberculosis cases),
and more broad ancestral diversity (70.0% European, 12.7% Peruvian, 9.4% East Asian, 6.5%
African, and 1.4% other ancestries). Using CellHint (24), we accounted for batch effects,
potential cell mislabels, and library/technical differences across datasets and successfully20
integrated these diverse single-cell datasets into a harmonized compendium composed of 31
immune cell types (Fig. 1B and figs. S1D–E). The accuracy of our cell type annotations was
validated by expression analysis of well-established marker genes (Fig. 1C).

To characterize molecular traits at both transcriptional and post-transcriptional levels in
scRNA-seq data, we performed rigorous annotation of poly(A) and A-to-I RNA editing sites25
using both the publicly available databases (25, 26) and de novo identification approaches (fig.
S2, see Methods for details). Our efforts resulted in high-confidence sets of 33,831 poly(A) sites
and 62,362 RNA editing sites, respectively. We then employed scUTRquant (27) and SAMtools
(28) to quantify poly(A) site usage and RNA editing levels based on pseudo-bulk analysis of
each cell type per individual, respectively.30

Our analysis characterized transcriptional and post-transcriptional molecular traits across
22,036 genes. Within each immune cell type, we identified an average of 12,285 expressed genes,
9,582 APA events, and 19,698 RNA editing sites (Fig. 1D). Compared to the OneK1K study,
which focused solely on gene expression, we have a 5.76-fold increase in the total number of
molecular traits (Fig. 1E). We tested the robustness of our molecular traits and found highly35
consistent measurements across different cohorts that indicated high reproducibility of the results
(fig. S3A). Remarkably, 77.10% of APA events and 74.67% of RNA editing events showed
insignificant association with gene expression (Pearson’s correlation coefficient |r| < 0.3),
suggesting that these post-transcriptional molecular traits are mostly independent of gene
expression (Fig. 1D).40

Upon immune stimulation, we observed extensive dynamic changes in APA and RNA
editing events that were also largely independent of gene expression changes (Fig. 1F and fig.
S3B; table S1). Notably, global 3′UTR shortening was observed upon virus infection, consistent
with previous reports (15). For example, CXCL9, a chemokine induced by interferon-γ that
recruits protective CXCR3+ T cells (29), exhibited 3′UTR shortening under influenza A virus45
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(IAV) treatment (Fig. 1G). For Additionally, RNA editing levels were massively increased for
most editing sites in SLE patients, likely attributed to the elevated ADAR1 expression induced by
the IFN immune response (30). For instance, CTSS, a cysteine protease implicated in multiple
autoimmune diseases (31) exhibited elevated RNA editing levels in SLE patients (Fig. 1H).

In summary, we have constructed a comprehensive compendium of uniformly processed5
molecular phenotypes across millions of single immune cells as a valuable resource for
understanding cell-type specific transcriptional and post-transcriptional regulation in the immune
system. In company with our harmonized dataset, we developed SERA (Single-cell gene
Expression, RNA editing, and APA), a streamlined computational framework for analyzing
multiple transcriptional and post-transcriptional phenotypes in scRNA-seq data. SERA is10
publicly available at https://github.com/lilab-bioinfo/SERA.

sc-xQTLs significantly expanded cell type-specific genetic effects
To understand the impact of cell type-specific genetic effects in immune cells, we first employed
a unified imputation procedure (fig. S4) using the Michigan Imputation Server (32), to genotype15
11,023,719 common variants with minor allele frequency ≥ 5% across 2,022 individuals (see
Methods for details). We used QTLtools (33) to identify 32,763 sc-xQTLs significantly
associated with 17,422 genes in cis via at least one molecular phenotype (Fig. 2A; FDR < 0.05;
see Methods for details). Functional pathway analysis revealed a strong enrichment of sc-xQTL-
associated genes (hereafter denoted as sc-xGenes, including sc-aGenes, sc-edGenes, and sc-20
eGenes) for immune-related pathways, underscored by the T cell receptor signaling pathway
(3.12-fold enrichment, P = 2.77 × 10-5), regulation of response to biotic stimulus (3.25-fold, P =
8.59 × 10-9), and positive regulation of cytokine production (2.13-fold, P = 7.39 × 10-8) (fig. S5).
Notably, compared to matched bulk tissue xQTLs and the OneK1K cohort, sc-xQTLs exhibited
mostly consistent directions of effects with significantly larger effect sizes (Fig. 2B and fig. S6).25

To characterize the genomic architecture of sc-xQTLs, we employed torus (34) to calculate
their enrichment across various functional annotations. Our analysis revealed that sc-xQTLs
were predominantly enriched in genomic regions of functional relevance, as demonstrated by sc-
aQTLs enrichment for 3′UTR regions, sc-edQTLs enrichment for ADAR binding regions, and
sc-eQTLs enrichment for promoter regions (Fig. 2C). These distribution patterns were further30
supported by our meta-gene analysis of the relative positions of the lead sc-xQTLs over their
associated genes (fig. S7A). Additionally, fine-mapping of 20,335 sc-xQTLs stratified by
posterior inclusion probability (PIP > 0.5) showed that most of the fine-mapped sc-eQTLs
(58.71%), sc-edQTLs (63.53%), and sc-aQTLs (71.66%) were located within ±100 kb of their
respective transcription start sites, RNA editing sites, or poly(A) sites (Fig. 2D).35

To further dissect the complex effects of shared genetic variants across multiple molecular
phenotypes, we focused on the 36.6% of sc-aGenes and 20.3% of sc-edGenes that overlapped
with sc-eGenes (Fig. 2E and fig. S7B), and employed a Bayesian model-based causal inference
approach bmediatR (35) to measure the extent to which one molecular phenotype might act as an
intermediary for another. Specifically, two relationship models were evaluated: (1) The causal40
mediation model, where the putative mediator (M) (e.g., APA, RNA editing) fully or partially
accounts for SNP effects on the outcome (Y) (e.g., gene expression); and (2) The independent
model, where SNP effects on both M and Y are independent (Fig. 2F). Using gene expression as
the outcome (Y) and APA or RNA editing as a putative mediator (M), we found a large
proportion of sc-xQTLs exhibit independent effects, suggesting weak mediation correlation (Fig.45
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2G). This is consistent with our multi-layer sc-xQTL colocalization result (fig. S7C). For
example, rs15797 is both a sc-eQTL (β = -0.24, P = 1.08 × 10-15) and sc-aQTL (β = 0.42, P =
5.47 × 10-18) of RHOF in CD4+T cell type. However, the variation of RHOF gene expression was
independent of its APA usages (posterior probability = 0.96, Figs. 2H–J). After conditioning on
the APA usage of RHOF, the residual RHOF expression remains significantly associated with5
rs15797 (β = -0.13, P = 2.01 × 10-8), which demonstrates their independent effects (Fig. 2K).
Collectively, our analyses reveal mostly independent regulatory mechanisms among APA, RNA
editing, and gene expression.

To delineate cell type-specificity of genetic effects, we employed the multivariate adaptive
shrinkage method (mash) (36) to compare sc-xQTL effect size across all cell types. We10
identified 16,653 sc-xQTLs with significant cell-type specific effects (local false sign rate < 0.05)
(Fig. 2L; table S2; see Methods for details). It is important to note that these cell type-specific sc-
eQTLs showed strong enrichment for open chromatin regions in the matched cell types (2.96-
fold enrichment compared to 0.52-fold for unmatched cell types), similar to observations in
previous studies (9, 37) (fig. S8). Among these cell-type-specific sc-xQTLs, many were15
previously implicated in immune-related diseases. For example, ITGA4, which encodes an α4
integrin crucial for immune cell migration, has been validated as a therapeutic target for MS
since a humanized monoclonal antibody, natalizumab, against ITGA4 is successful in disease
treatment (38). ITGA4 was found to be associated with a lead monocyte-specific sc-eQTL
(rs4667282, lsfr < 0.05). The variant rs1449263 and rs1375493 (in high LD with rs4667282, r2 >20
0.91 and 0.95 in European population, respectively), previously linked to monocyte count and
inflammatory bowel disease (IBD) (39, 40), modulates ITGA4 expression specifically in
monocytes, but not in other immune cell types (Fig. 2M and fig. S9A). This finding leads to a
testable hypothesis that rs1375493 may modulate disease susceptibility by regulating α4 integrin
expression that further influences monocyte migration, which agrees with the well-established25
role of monocytes in IBD etiology. Furthermore, we also uncovered previously uncharacterized,
cell-specific genetic effects that linked post-transcriptional regulation with immune-related
diseases. For instance, we found a CD4+ T cell-specific sc-aQTL (rs927335) associated with the
3′UTR length of CD44 (Fig. 2N and fig. S9B). This finding reveals a cell-type-specific
regulation of CD44 via alternative usage of polyadenylation and provides potentially new30
mechanistic insight into disease susceptibility, given the multifaceted role of CD44 in leukocyte
recruitment to inflammatory sites and its strong associations with immune-related diseases such
as SLE and RA (41, 42). Additionally, we identified a B cell-specific sc-edQTL (rs12582584) in
CLEC2D, a regulator of interferon-gamma production (43) (Fig. 2O and fig. S9C).

Taken together, we have constructed a comprehensive atlas of cell type-specific genetic35
regulatory cascades across immune cells. Our findings, fully replicated by bulk tissue and
previous sc-eQTL analyses, greatly expand the understanding of gene regulation at
transcriptional and post-transcriptional levels. The sc-xQTLs identified in this study are publicly
available on our dedicated and freely accessible web portal (http://bioinfo.szbl.ac.cn/sc-
xQTLatlas).40

Immune stimulation primarily drives context-specific regulatory effects
Immune cell activation, critical for immune system function, is often responsive to various
environmental factors and contexts (44). To elucidate the context-specific role of transcriptional
and post-transcriptional regulation of immune cells, we first applied a linear mixed model using45
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variancePartition (45) to delineate the relative contributions of immune stimulation, sex, and
genetic ancestry to the inter-individual gene expression variation. Our analysis revealed that
immune stimuli—including viral infection (IAV and COV), and T cell activation via anti-
CD3/CD28—consistently accounted for the most significant proportion of gene expression
variance, surpassing the effects of sex or ancestry (Fig. 3A). This finding was further supported5
by an unsupervised clustering analysis that predominantly grouped the cells by immune stimuli
rather than sex or ancestry (Fig. 3B), highlighting the primary role of stimuli in driving context-
specific gene expression. Similar observations were found for APA and RNA editing, further
supporting the crucial role of immune stimuli in shaping transcriptional and post-transcriptional
phenotypes in immune cells (fig. S10).10

To characterize the context-specific genetic regulation, we mapped context-dependent sc-
xQTLs across immune cells that were mainly driven by immune stimulation (Fig. 3C). We
identified a median of 1,268 stimulus-dependent, 927 ancestry-dependent, and 44 sex-biased sc-
xGenes (FDR < 0.05). Notably, stimulus-dependent sc-xQTLs exhibited larger effect sizes under
stimulation conditions compared to baseline (Fig. 3D and fig. S11). We performed gene set15
enrichment analysis on these stimulus-dependent sc-xQTL-associated genes and observed
significant enrichment for multiple immune-related pathways (Fig. 3E). For example, rs2130531,
which was strongly linked to rs11015435 (lead SNP, r2 = 1) and located in the IFN-stimulated
response element (ISRE) of interferon-stimulated gene (ISG) ARL5B, significantly decreased
ARL5B expression upon IAV and COV stimulation but not in non-stimulated cells (Fig. 3F),20
indicating stimulus-specific genetic regulation (Fig. 3G). Moreover, rs6846553 functions as a
strong COV-dependent sc-aQTL to mediate 3′UTR elongation for TNIP3, an inhibitor of NF-κB
activation (13) (Fig. 3H). rs5755840 is significantly associated with RNA editing increase of
APOL6 only upon IAV stimulation (Fig. 3I).

To characterize the ancestry-dependent genetic effects on gene regulation, we mapped i)25
population-biased sc-xQTLs, defined as genetic variants with different regulatory effects across
populations (6); and ii) population-specific sc-xQTLs, defined as genetic variants with different
allele frequencies across populations (46) (fig. S12A). We identified a total of 4,490 sc-eQTLs,
484 sc-aQTLs, and 366 sc-edQTLs across immune cells (FDR < 0.05) (Fig. 3J). For example,
the sc-eQTL rs10850097 was significantly associated with the differential expression of the anti-30
viral double-stranded RNA (dsRNA) sensor OAS3 in monocytes of European descendants (P =
3.27 × 10-10) but not African descendants (P = 0.24), a finding also replicated in an independent
cohort (47) (fig. S12B). Moreover, the G allele of African-specific sc-aQTL rs7649736 was
significantly associated with APA shortening of SACM1L, which regulates autophagosomal
phosphatidylinositol-4-phosphate for xenophagy-directed bacterial clearance (48) (Fig. 3K). We35
experimentally validated this observation using 3′ rapid amplification of complementary DNA
ends (RACE) in HEK-293 cells by transfecting two identical constructs with one nucleotide
difference (A-to-G) at rs7649736 (table S3). The alternative G allele construct utilized the
proximal poly(A) sites, which resulted in significantly shortened 3′UTR and reduced protein
abundance (Student′ s t-test, P = 0.015) (Fig. 3L). Additionally, the European (EUR)-specific40
variant rs62011287 was associated with expression of USP3, which controls the innate immune
signaling and inflammatory response through the NF-κB pathway (fig. S12C). EAS-specific
variant rs148991166 was associated with RNA editing level of RAD51-AS1, which is a lncRNA
involved in DNA repair inhibition and elevated in MS patients (49) (fig. S12D).

To characterize sex-mediated genetic effects on gene regulation, we identified sex-biased sc-45
xQTLs across various immune cell types (fig. S13) and identified 125 genes, 59 APA events, and
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59 RNA editing sites with significant sex-biased genetic regulation (FDR < 0.05). For example,
the allergy-associated risk variant rs7226035 (P = 1.22 × 10-19) exhibited a female-specific
association with altered retinoic acid receptor alpha (RARα) expression in conventional dendritic
cells (cDCs) (P = 3.35 × 10-5). RARα serves as a critical mediator in adaptive CD4+ T cell
immunity and additionally modulates the function of antigen-presenting cells (APCs), such as5
DCs, thereby shaping T cell responses (50).

We also performed pseudo-time analysis to characterize the dynamics of genetic effects and
identified dynamic sc-xQTLs for 1,636 genes, 798 APA events, and 415 RNA editing sites (FDR
< 0.05) using linear mixed models (8) that considered both linear (genotype × pseudotime) and
quadratic interaction (genotype × pseudotime2) (fig. S14). For example, during B cell maturation10
from naive to memory states, we uncovered dynamic CD44 upregulation and the non-linear
changes of genetic effects of sc-eQTL rs1885936. We also observed increased 3′UTR
lengthening effects associated with sc-aQTL rs872375 in PTPRCAP, encoding CD45-associated
protein that activates T- and B-cell signaling pathways, with effect size increasing from β = 0.10
in naive B cells to β = 0.59 in memory B cells throughout B cell maturation, consistent with its15
established role in affecting B lymphocyte proliferation and survival (51).

Collectively, our findings reveal that immune stimulation is the primary driver of context-
specific genetic regulation in immune cells. Immune stimuli, in particular viral infections,
amplify the genetic regulatory effects globally that lead to thousands of significant stimulus-
specific sc-xQTLs. This observation extends from transcriptional to post-transcriptional levels,20
suggesting a universal impact of immune stimuli in regulating gene functions that can potentially
provide critical insights into gene-environment interactions in immune-related diseases.

sc-xQTL explains a significant proportion of immune-related disease heritability
Prompted by our finding that a large fraction of the cell-type-specific and context-dependent sc-25
xQTLs were associated with genes implicated in immune-related disease risk, we sought to
systematically evaluate the genetic contribution of sc-xQTL to immune-related diseases. We
conducted stratified LD score regression (S-LDSC) analysis (52), conditioned on 52 baseline
annotations, to assess the heritability enrichment of sc-xQTLs across 16 immune-related diseases
and seven non-immune diseases as controls (Fig. 4A; table S4). In line with previous reports (8,30
9), PBMC sc-eQTLs were highly enriched in most immune-related diseases. Interestingly, sc-
aQTLs (P = 0.0022) and sc-edQTLs (P = 3.5 × 10-12) exhibited even greater heritability
enrichment compared to sc-eQTLs in various immune-relevant cell types (Fig. 4A and figs.
S15A–D), highlighting the critical role of post-transcriptional regulatory mechanisms in immune
disease susceptibility. For example, primary biliary cholangitis (PBC) GWAS variants showed35
more substantial enrichment for sc-aQTLs in monocytes (fold-enrichment = 5.72 ± 1.32, P =
1.51 × 10-4, BH-adjusted P = 0.0041) than sc-eQTLs (fold-enrichment = 2.99 ± 0.58, P = 4.21 ×
10-4, BH-adjusted P = 0.0019, from S-LDSC) (Fig. 4B). Quantile-quantile plots (QQ-plots) of
GWAS P-values for sc-xQTLs and genome-wide SNPs further validated this result (fig. S15E).
This finding aligned well with previous research that monocyte cell responses are actively40
involved in amplifying local inflammatory signals in PBC (53). Additionally, sc-xQTLs
accounted for a significantly larger proportion of heritability compared to bulk QTLs from GTEx
whole blood (P = 0.03 by Wilcoxon′s two-tailed test) (fig. S15F).

To further pinpoint potentially causal sc-xQTLs in immune diseases, we employed a
colocalization approach utilizing SuSiE-COLOC (54) and coloc (55) by integrating summary45
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statistics of immune-related disease with sc-xQTLs, bulk-xQTLs, or pseudo-bulk PBMC-xQTLs,
which combined all immune cell types, respectively (fig. S16A). Remarkably, sc-xQTLs
colocalized with 62.88% of immune-related disease risk loci, considerably higher than bulk-
xQTLs (25.90%) and pseudo-bulk PBMC-xQTLs (40.85%) (table S5). Specifically, 39.71% of
loci uniquely colocalized with sc-xQTLs, in contrast to only 2.54% exclusively colocalized with5
bulk xQTLs (Fig. 4C), underscoring that cell-type specific analysis expanded putatively causal
events that would be otherwise missed in bulk tissue analysis. We further assessed the
contribution of each molecular phenotype to the disease and observed that sc-eQTLs, sc-aQTLs,
and sc-edQTLs were colocalized with 55.67%, 25.37%, and 9.21% of the disease risk loci,
respectively (fig. S16B), and varied across different cell types (Fig. 4D). This observation was10
exemplified by a sc-edQTL of JAK1 (Janus Kinase 1, Fig. 4E), which was exclusively
colocalized with COVID-19 in CD4+ T cells (PP4 = 1.00) upon TB stimulation. JAK1 has been
known as a key kinase responsible for phosphorylating STAT proteins to activate the IFN
signaling pathway. Inhibitors of JAK1 have been approved for treating various autoimmune
diseases (56). Our findings shed light on the potential role of post-transcriptional regulation of15
JAK1 in mediating disease susceptibility of AITD.

To evaluate the disease relevance of context-specific sc-xQTLs, we performed an overlap
analysis between sc-xQTL variants (or their LD proxies, r² > 0.8) and genome-wide significant
GWAS loci (P < 5 × 10-8). This integration identified 286 context-specific sc-xQTLs spanning
238 GWAS risk loci (Fig. 4F; table S6). By including the context-specific sc-xQTLs, the20
detection power of colocalization events was significantly improved for immune-related diseases
(P = 4.55 × 10-5), with milder and non-significant improvement for non-immune-related diseases
(P = 0.08) (Fig. 4G). Notably, we identified a stimulus-dependent sc-aQTL for SMC4, which
promotes inflammatory innate immune responses by enhancing the transcription of Nuclear
Factor-kb essential modulator (NEMO), colocalized with PBC risk loci (57) (Figs. 4H–I).25

Our analysis revealed that 84, 40, and 17 shared loci colocalized with at least two immune-
related diseases, driven by underlying molecular effects of gene expression, APA, and RNA
editing, respectively (fig. S16C). Moreover, among the 471 sc-xQTL colocalized disease risk
loci, we observed a median of 86.61% of them were shared for the same disease, but the effects
of each are independent (Fig. 4J). For example, IRF5, a well-known risk gene for autoimmune30
diseases like SLE (20) and PBC (58), colocalized with PBC risk via both sc-eQTLs and sc-
aQTLs in stimulated monocytes (Fig. 4K). However, their underlying effects were independent
(coloc PP4sc-aQTL and sc-eQTL = 0.00017, Fig.4L).

By integrating GWAS data and fine-mapped sc-xQTLs data, we observed a significant
improvement in the prioritization of causal genetic variants. Variants found in both GWAS and35
sc-xQTL credible sets showed significantly higher GWAS PIP than those absent from the
credible sets (fig. S17A). This integration of GWAS and sc-xQTL credible sets substantially
increased the number of risk loci with ≤ 5 putatively causal variants (fig. S17B). Collectively,
our findings robustly demonstrate that genetic regulation of APA and RNA editing significantly
contributes to immune-related disease heritability, at least on par with gene expression. Owing to40
the inclusion of both transcriptional and post-transcriptional genetic regulation, our harmonized
colocalization analysis was able to significantly improve the interpretation of immune-related
disease signals with cell-type resolution.

Identification and validation of immune susceptibility genes45
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To systematically identify and prioritize candidate susceptibility genes associated with immune-
related diseases, we conducted a summary-based single-cell transcriptome-wide association
study (sc-xTWAS) using FUSION (59). To optimize sc-xTWAS performance across 31 immune
cell types, we employed five-fold cross-validation to select the best-fitting model (significant
out-of-sample R2; nominal P < 0.05) for predicting the expression, APA, or RNA editing usage5
for each gene event using nearby variants. This analysis generated 100,518 high-quality
prediction models for 8,568 genes, 5,725 APA events, and 4,430 RNA editing sites (fig. S18A).
To evaluate prediction accuracy, we calculated the correlation between predicted and observed
heritable molecular phenotypes. Consistent with previous studies (60, 61), the average in-sample
prediction accuracy was approximately 71.18%, demonstrating that the fitted models effectively10
captured most of the signals in predicted genetic effects (fig. S18B). By applying these
prediction models to GWAS summary statistics from 16 immune-related diseases, we identified
498 expression-linked genes, 286 APA-linked genes, and 235 RNA editing-linked genes
significantly associated with disease susceptibility (Fig. 5A; table S7). Comparative analysis of
these susceptibility genes across diseases revealed distinct disease clusters, highlighting shared15
genetic mechanisms and potential common therapeutic targets (fig. S19A). Among the
autoimmune diseases, autoimmune thyroid disease (AITD), type I diabetes (T1D), and IBD were
mapped with the highest number of significant susceptibility genes and events, likely owing to
their high heritability (2, 3, 62) (Fig. 5B).

Our analysis captured known disease risk genes, such as T-cell co-stimulation genes (CD28,20
CD40, CTLA4, and ICOS), interleukin receptor genes (IL2RA, IL6R, IL6ST, IL7R, IL12RB1,
IL12RB2, IL18R1), IRF family (IRF1, IRF3, IRF4, IRF5, and IRF7), and pleiotropic 17q12-21
locus associated genes (IKZF3, GSDMB, ORMDL3, and MED24). Importantly, 56.02% of sc-
eTWAS genes, 65.08% of sc-aTWAS genes, and 52.17% of sc-edTWAS genes were
independently validated as susceptibility genes in 16 diseases by the Open Targets Platform (63)25
(fig. S19B) with significantly higher disease association scores than randomly selected genes (P
< 2.6 × 10−16, Fig. 5D). Many of the sc-xTWAS genes are also shared across multiple immune
diseases (figs. S19C–E). Notably, including APA and RNA editing identifies 187 additional
susceptibility genes (Fig. 5C), many of which are important risk genes previously unexplained
through expression-based approaches, such as CD44 and STAT6 (exclusively through sc-30
aTWAS), and PTPN22 (exclusively through sc-edTWAS). Additionally, the sc-xTWAS and
colocalization analyses jointly discovered 1,012 susceptibility genes (fig. S19F). Among these
genes, 382 are mediated through APA and RNA editing mechanisms, mostly independent of
expression level changes (85.08% no overlap with eQTL of LD r2 < 0.5).

Pathway enrichment analysis revealed a substantial overrepresentation of sc-xTWAS35
susceptibility genes in cytokine-mediated signaling pathways, lymphocyte activation, and
immune responses, underscoring the relevance of these pathways in immune disease etiology
(Fig. 5E). Using AITD as an example, we identified a distinct class of sc-aTWAS and sc-
edTWAS susceptibility genes in several disease-relevant cell types (Fig. 5F). Notably, CTLA4
was found as a susceptibility gene with the highest effect size in AITD (Z-score = -19.86),40
especially in CD4+ T cells. It was also identified among the top susceptibility genes in T1D and
RA, implying its functional importance in autoimmune disease pathogenesis (Figs. 5A, 5G, and
5H). Cytotoxic T-lymphocyte antigen 4 (CTLA4), also known as CD152, is a protein receptor
expressed by activated T cells that functions as an immune checkpoint and "off" switch to
downregulate immune responses (64). Mechanistically, the rs3087243-G risk allele in AITD45
GWAS (P = 4.6 × 10-84) was associated with shortened 3′UTR length of CTLA4 through APA
regulation, an effect most pronounced in stimulated CD4+ T cells (Fig. 5I). We experimentally
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validated the causal effect of shortened 3′UTR length of CTLA4 in significantly reducing protein
abundance (Fig. 5J), which may potentially lead to more potent T cell activation that promotes
autoimmune disease risk (Fig. 5K). Our sc-edTWAS approach identified SIK3 as another
candidate gene for AITD risk in CD4+ T cells and monocytes (Figs. 5L and 5M, Z-score = -4.69).
SIK3 plays an integral role in innate immunity by preventing the differentiation of macrophages5
into a potent and stable anti-inflammatory phenotype (65).

Overall, our sc-xTWAS analysis transforms our understanding of immune disease
susceptibility by uncovering a significant layer of disease genes that operate through post-
transcriptional mechanisms, providing new insights into the molecular drivers of immune-related
diseases.10

sc-xQTLs significantly contribute to the protein abundance
Protein quantitative trait locus (pQTL) data provide crucial insights for proteogenomic research
and drug target prioritization (66). To elucidate the relationship between cell type-specific
genetic regulation of transcriptional phenotypes and protein abundance, we analyzed 2,65315
circulating cis-pQTLs identified from 79,751 individuals of three cohorts (66-68) (Fig. 6A). The
effect sizes of pQTLs were in high concordance across studies (Pearson′s r = 0.78-0.92) (fig.
S20A). The pQTL-associated genes were significantly enriched in immune-related biological
processes such as leukocyte migration, humoral immune response, adaptive immune response,
and negative regulation of response to external stimulus (Fig. 6B and fig. S20B).20

Colocalization analysis revealed substantial overlap between protein abundance and gene
regulation mechanisms, with 32% (849/2,653) of pQTLs significantly colocalized with sc-
xQTLs (PP4 > 0.5) (table S8). Vice versa, 44.03% (775/1,757), 31.40% (211/670), and 11.27%
(24/213) of sc-eQTLs, sc-aQTLs, and sc-edQTLs of the overlapping genes colocalized with
pQTLs, respectively (fig. S20C). Importantly, we identified 68 pQTLs that colocalized with sc-25
aQTLs but showed no evidence of colocalization (PP4 = 0.001) with sc-eQTLs, demonstrating
that APA events can contribute protein abundance variations independently of gene expression
(fig. S20D). Previous study reported only six colocalized eQTL-pQTL pairs when using whole-
blood eQTL data from the eQTLGen Consortium. In contrast, our single-cell approach
substantially increased detection power, identifying 15 sc-eQTL-pQTL pairs and revealing seven30
additional pQTL colocalizations from post-transcriptional mechanisms (Fig. 6C). For example,
the CCL3 pQTL (rs5820141) exclusively colocalized with sc-eQTLs, while the SLAMF1 pQTL
(rs1572382) specifically colocalized with sc-aQTLs (Fig. 6D and fig. S20E). Overall, our
analysis provided transcriptional and post-transcriptional interpretation for 2.5-fold more pQTLs
compared to previous bulk tissue studies.35

Directional effect analysis uncovered significant correlations between pQTLs and molecular
phenotypes. Overall, a strong positive correlation was observed between pQTLs and eQTLs (Fig.
6E), as exemplified by the T-allele of rs484915, which was strongly associated with increased
MMP1 protein abundance (β = 0.35, P = 5.73 × 10-192) and gene expression (β = 0.62, P = 1.19 ×
10-19, fig. S21A). Conversely, sc-aQTLs exhibited a weak negative correlation with pQTLs, as40
exemplified by variants rs17207042 and rs12969657, which were associated with CD226 3′UTR
shortening and increased protein abundance (fig. S21B).

To prioritize for putatively disease causal genes, we performed an integrative of pQTLs and
sc-xQTLs using HyPrColoc (69) and identified 32 genes colocalized with immune disease
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GWAS, including 28 and 12 through gene expression and APA, respectively, achieving a two-
fold increase over previously bulk tissue analyses (Fig. 6F). Notably, 19 of the 32 genes were
previously established as potentially druggable targets (70, 71) (Fig. 6G). For example, STAT6, a
member of the STAT family of transcription factors with a central role in exerting IL-4 and IFN-
mediated cellular immune responses, has been found as a susceptibility gene in multiple5
immune-related diseases (72, 73). Here, we found that the allergic disease risk variant rs703817
strongly colocalized with sc-aQTL and pQTL of STAT6, independent of sc-eQTL (Fig. 6H and
fig. S22A). Mechanistically, the T allele of rs4559 (PIP = 1 and in strong LD with rs703817)
results in a G-to-A change (reverse strand) in the 3′UTR of STAT6 that creates a new proximal
polyadenylation motif (AATGTA to AATATA), which significantly promotes 3′UTR shortening10
presumably through recruiting APA regulators (74) (Fig. 6I). To experimentally validate the
causal effect of rs4559, we employed a minigene reporter assay to make a single nucleotide G-
to-A change to mimic the T allele of rs4559 (Fig. 6J). Compared to the wildtype sequences, this
single G-to-A change dramatically shifted the usage of polyadenylation sites and resulted in
significant 3′UTR shortening, as evidenced by 3′RACE analysis (Fig. 6K). Further, we showed15
that this sc-aQTL effect on STAT6 APA contributes to protein abundance dysregulation,
potentially increasing the risk of allergic disease.

In addition to previously identified immune disease-related susceptibility genes, our study
uncovered novel APA-related immune disease susceptibility genes, such as dihydrolipoamide
dehydrogenase (DLD), which encodes a mitochondrial enzyme involved in energy metabolism20
(75) and susceptibility to ulcerative colitis (UC) with unclear underlying mechanism (76) (Figs.
6L and 6M). Our analysis revealed strong colocalization between the UC GWAS signal and a sc-
aQTL (rs4518) of DLD specifically regulating its APA in CD4+ T cells and CD8+ T cells (PP4 =
0.77), thereby potentially affecting DLD protein expression as a pQTL (PP4 = 0.81), independent
of overall gene expression levels (PP4 = 0.08) (Fig. 6N and fig. S22B). The minigene reporter25
assay demonstrated that the C to T change of rs4518 alters the polyadenylation site usage,
leading to an extended 3′UTR of DLD (Fig. 6O). Further dual-luciferase reporter assays
confirmed that the long 3′UTR isoform of DLD significantly enhances protein expression (Fig.
6P). Therefore, our study establishes a direct causal link between rs4518 and ulcerative colitis
disease susceptibility through post-transcriptional regulation of DLD. In summary, our results30
demonstrate that genetic variants can profoundly influence protein abundance through post-
transcriptional processes, revealing a critical mechanism underlying immune disease
susceptibility.

Discussion35

We generated a high-quality expansive resource for the scientific community. Exploiting this
unprecedented dataset of over 7 million immune cells, three distinct transcriptional and post-
transcriptional factors in gene regulation were explored, namely RNA abundance, alternative
polyadenylation, and RNA editing. We showed that cis-genetic effects through APA (sc-aQTLs)
and RNA editing (sc-edQTLs) operate largely independently of RNA abundance (sc-eQTLs)40
(63% and 86%, respectively). This independence suggests previously underappreciated layers of
gene regulation beyond RNA abundance. Indeed, we found that including sc-aQTLs and sc-
edQTLs explained an additional 213 immune-related disease loci, which further expanded upon
our previous studies in bulk tissues (13, 14). While our data only covers a fraction of the post-
transcriptional regulation space (RNA splicing, RNA modifications, RNA stability, etc), our45
estimates may be conservative for the role of post-transcriptional regulation governing immune-
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related gene function. In fact, since the identification of aQTLs and edQTLs is far from
saturation compared to eQTLs (14, 74), it is expected that future studies of greater sample size
and trans-effects will account for part of the immune-related disease heritability we attribute to
independent genetic effects.

Owing to our large-scale dataset composed of multiple molecular traits at transcriptional and5
post-transcriptional levels, we identified 32,763 sc-xQTLs in 17,422 xGenes, a significant step
forward compared to previous work (8, 9) in providing a comprehensive survey of the complex
genetic architecture of gene regulation in immune cells. Notably, about half of the sc-xQTLs
(16,653/32,763) were identified with significant cell-type specific genetic effects, which were
not attributed to cell-type specific expression of xGenes (4,733, or 14.45% of total xGenes) or10
low statistical power to detect allelic effects in more than one cell type. Compared to bulk-tissue
QTLs, cell-type specific cis-effects are mostly consistent in the direction of effect but of much
greater effect sizes, which likely explains the 2.43-time increase in the number of colocalized
immune-disease GWAS loci. These findings supported the notion that genetic effects on gene
regulation are largely cell-type specific (77, 78).15

Another intriguing finding is the dominant role of stimulation in driving context-dependent
genetic regulation in immune cells (21, 22). Our analysis reveals that immune stimuli exert a
substantial influence, more than sex or ethnicity, on the cis-genetic effects of gene regulation in
immune cells. Consistent with previous studies (21, 79), fewer sc-eGenes were identified upon
immune stimulation. However, immune stimulation significantly increased the overall magnitude20
of genetic effects compared to the unstimulated state, which further helped to explain 11.21%
more GWAS loci in immune-related diseases. Because immune cells are quiescent in the absence
of extrinsic stimulation, it is essential to explore genetic effects in biologically relevant contexts
to fully uncover the genes and pathways modulated by disease-risk variants.

With the support of protein-level evidence, our integrative analysis revealed 32 sc-xQTL-25
pQTL-GWAS triplets, most of which have been independently identified as druggable targets for
immune-related diseases (70, 71). By directly testing the allelic effects on APA and protein
abundance, we experimentally validated the causal effects of disease-risk variants on targeted
genes. The observation that the allele-specific changes at the protein level were not due to
expression level differences, once again, reaffirmed the notion that post-transcriptional30
regulation is an independent and important layer in gene regulation. Interestingly, we only
identified one sc-edQTL-pQTL-GWAS triplet, likely because RNA editing is known to regulate
nucleic acid sensing through affecting the structure and conformation of RNA, which is mostly
independent of expression and protein level (17, 18).

In summary, our comprehensive landscape of immune cell regulation provides a valuable35
resource for investigating how genetic variation influences immune function in healthy and
diseased individuals. The novel molecular mechanisms we identified, particularly those mediated
by APA and RNA editing, reveal promising targets for therapeutic intervention in immune-
related diseases. Moving forward, this work establishes a framework for understanding the
complex interplay between genetic variation, cellular context, and multi-layered gene regulation40
in the immune system.
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Fig. 1. Single-cell transcriptomic atlas of >7.27 million immune cells. (A) Overview of the
integrative study. (Top) Compilation and harmonization of 31 immune cell types from 2,022
individuals across seven cohorts, with cross-context integration. (Middle) Characterization of
cell type-specific QTLs of expression, APA, and RNA editing. (Bottom) Prioritization of5
immune-related disease-relevant cell types and genes. (B) Uniform manifold approximation and
projection (UMAP) visualization of 31 harmonized cell types clustering. (C) UMAP plots
delineating expression (color scale) of key marker genes in major cell types. (D) Molecular
phenotypes quantified across immune cell types. Expression-independent fractions of APA and
RNA editing events are shown as black points. (E) The scale and phenotypic diversity captured10
by sc-xQTL atlas compared to the OneK1K study. (F) Number of context-dependent post-
transcriptional events identified, including APA (shortening/lengthening) and RNA editing
(up/down-regulation) events in response to: (1) viral (IAV, COV); (2) T cell activation (anti-
CD28/CD3 at 16h, 40h, and 5d); and (3) clinical (SLE, TB patients). (G) Differential CXCL9
poly(A) site usages under (Top) baseline condition, (Middle) IAV, and (Bottom) COV15
stimulation. Arrows indicate proximal and distal poly(A) sites. (H) Differential editing event
(chr1:150732183:-) of CTSS between (Top) healthy controls and (Bottom) SLE patients. Arrow
highlights editing site.
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Fig. 2. Identification and characterization of cell-type specific sc-xQTLs. (A) Genetically
regulated genes across immune cells. (Left) sc-eQTL (blue), sc-aQTL (red), and sc-edQTL
(yellow) in 31 cell types. (Right) xGenes in major cell types. (B) Density plots comparing: (Top)
xQTLs effect sizes (single-cell versus bulk). (Bottom) sc-eQTL effect sizes (OneK1K versus our5
study). (C) Functional enrichment of sc-xQTLs. (D) Enrichment of the fine-mapped sc-eQTLs
around TSS, sc-aQTLs around PAS, and sc-edQTLs around editing sites. (E) Overlapping genes
between significant aQTLs-eQTLs and edQTLs-eQTLs. (F) Mediation models evaluated in this
study: causal forward and independent models. (G) Mediation events in each model across major
cell types. (H) Example of an independent model (posterior probability = 0.965) for sc-eQTL10
and sc-aQTL of RHOF. The plot shows the association between normalized RHOF expression,
and its APA usage levels (n = 962). The color indicates the genotype of the polymorphism
rs15797. The error bars represent standard error. The boxplots show the allelic effect on (I)
expression, (J) APA usages, and (K) residual expression after regressing out the APA effects of
RHOF. (L) Heatmap of cell type-specific sc-xQTLs (Z-scores by mashr). (M) ITGA4 monocyte-15
specific allelic effects on expression. (N) Allelic effects on CD44 APA usage specific to CD4+ T
cells. (O) Allelic effect on CLEC2D editing site (chr12:9688559) specific to B cells.
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Fig. 3. Context-dependent genetic regulation of immune cell function. (A) Relative
contribution of factors (stimulus, sex, and population) to gene expression variation in popCell
data. P-values calculated using two-sided Wilcoxon rank-sum test. (B) t-SNE projection of
immune cells stratified by stimulus condition, sex, and population. (C) Number of stimulus-5
dependent, population-specific, and sex-biased sc-xQTLs identified in major immune cell types.
(D) Comparison of sc-aQTL effect sizes between non-stimulated and stimulated conditions. (E)
Gene Ontology (GO) enrichment for stimulus-dependent sc-xGenes. Tests with FDR < 0.05 are
indicated by ‘ * ’ . (F) Stimulus-dependent regulation of ARL5B expression by rs11015435
genotypes. (G) Schematic diagram illustrating that rs11015435 modulates ARL5B expression via10
IFN-induced JAK/STAT-ISRE signaling. IFN, Interferon; ISRE, IFN-stimulated response
element. (H) Stimulus-dependent regulation of TNIP3 APA usage by rs6846553 genotypes. (I)
Stimulus-dependent regulation of APOL6 RNA editing levels (chr22:35661178:+) by rs5755840
genotypes. (J) Population-specific/biased sc-xQTLs across four major populations. (K) Example
of population-specific sc-aQTL. (Left) AFR-specific aQTLs regulating SACM1L APA usage in15
monocytes. (Right) rs7649736 disrupts PAS motif specific to African owing to its high allele-G
frequency. (L) Experimental validation of rs7649736 effects on SACM1L APA. (Left) 3′RACE
confirmed G allele of rs7649736 promotes proximal PAS usage of SAMC1L. (Right) Dual-
luciferase assays comparing SACM1L 3′UTR (short versus long) in HEK293 cells (n = 3; P =
0.015 by two-sided t-test).20
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Fig. 4. Cell type-specific genetic regulation contributes to immune disease heritability. (A)
Heritability enrichment for sc-xQTLs among GWAS associations for seven non-immune-related
diseases and 16 immune-related diseases (bold) across cell types and conditions. AD, Alzheimer’
s disease; BC, breast cancer; CAD, coronary artery disease; SCZ, schizophrenia; BMI, body5
mass index; T2D, type 2 diabetes; AS, ankylosing spondylitis; PBC, primary biliary cholangitis;
COVID-19, coronavirus disease 2019; UC, ulcerative colitis; CD, Crohn ’ s disease; SLE,
systemic lupus erythematosus; AITD, autoimmune thyroid diseases; MS, multiple sclerosis; T1D,
type 1 diabetes; IBD, inflammatory bowel disease; RA, rheumatoid arthritis. (B) Cell type-
specific PBC heritability estimates (±SE; red dash = median). (C) Colocalizations of sc-xQTLs10
and bulk xQTLs across immune diseases. D) Colocalization events between sc-xQTLs from 33
cell types and 16 immune-related diseases. (Top) The total number of colocalization events per
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immune cell type, while (Bottom) the proportion of different sc-xQTLs colocalization across cell
types and traits. (E) JAK1 locus associations for: (from top to bottom) COVID-19 GWAS,
GTEx whole-blood cis-eQTL, CD4Mem cell (TB) sc-eQTL, CD4+ Tmem cell (TB) sc-aQTLs, and
CD4Mem cell (TB) sc-edQTLs. TB: tuberculosis. (F) Number of context-specific xGenes
associated with the immune disease GWAS loci. (G) Comparative analysis for: GWAS loci5
associated with context-dependent xQTLs versus non-stimulus-dependent xQTLs for (Top)
immune-related diseases and (Bottom) non-immune-related diseases. (H) Colocalization
between PBC GWAS associations and stimulus-dependent sc-aQTL for SMC4 in activated CD4+
T cells (5d). (I) Left: Activated CD4+ T cell-specific allelic regulation of SMC4 APA usages by
rs4679904.Right: SMC4 APA usage differ by rs4679904 genotype. pPAS: proximal PAS; dPAS:10
distal PAS. (J) (Top) Number of unique (single molecular phenotype) versus shared (across
different molecular phenotypes) colocalized loci; (Bottom) Proportion of independent (median =
86.61%, red dash) versus shared effects in the multi-xQTLs colocalized loci. (K) Colocalization
between PBC GWAS signals with sc-eQTL and sc-aQTL in stimulated monocytes (COV), PP4sc-
eQTL and sc-aQTL = 0.00017. (L) Scatter plot at the IRF5 locus with sc-eQTL and sc-aQTL P-values15
in monocytes (COV).
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Fig. 5. Single-cell transcriptome-wide association studies reveal cell type-specific disease
mechanisms. (A) Miami plot displaying Z-score values from (Top) sc-eTWAS, (Middle) sc-
aTWAS, and (Bottom) sc-edTWAS across 16 immune-related diseases, with top genes
highlighted per chromosome. (B) Genes (FDR < 0.05) identified by sc-xTWAS. (C) Intersection5
of genes identified through different sc-xTWAS approaches. (D) Comparison of Open Target
Platform association scores between TWAS-identified and randomly selected genes. P-values
calculated using two-sided Wilcoxon rank-sum test. (E) KEGG enrichment of sc-xTWAS
identified genes. (F) Heatmap showing cell type-specific patterns of sc-xTWAS genes in AITD.
(G) Manhattan plot of AITD associations and highlighting of risk loci. (H) CTLA4 locus10
showing AITD GWAS signals before (gray) and after (blue) conditioned on predicted APA
usage. (I) Left: CD4+ T cell (COV)-specific allelic regulation of CTLA4 APA usages by
rs3087243 genotype. Right: CTLA4 APA usage varies by rs3087243 genotype. (J) Dual-
luciferase assays comparing CTLA4 3′UTR (short versus long) in HEK293 cells (n = 3; P =
0.006 by two-sided t-test). (K) Model of alternative alleles of rs3087243 affecting CTLA4 APA15
usage promoting AITD risk. (L) SIK3 locus showing AITD GWAS signals before (gray) and
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after (blue) conditioned on predicted APA usage. (M) Left: Monnocytes (COV)-specific SIK3
editing site (chr11:117065794:-) regulated by rs11216186. Right: RNA editing level on SIK3
differ by rs11216186 genotype.
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Fig. 6. Integration of protein-level evidence reveals immune disease therapeutic targets. (A)
Consolidated pQTLs from three datasets (non-redundant in yellow). (B) GO enrichment of
2,653 cis-pQTL genes. (C) Novel (red) and known (yellow) genes with pQTLs colocalized with
bulk-eQTL and our sc-xQTLs. Edges connect identical genes. Genes with pQTLs and5
colocalized bulk-eQTLs were extracted from study of Zhao et al. (D) Colocalization between sc-
e/aQTL and pQTL for SLAMF1. (E) Empirical cumulative distribution curves of Pearson
correlations between sc-xQTL and pQTL effect sizes. (F) Number of colocalizations: (Top)
pQTL-GWAS; (Middle) sc-e/aQTL-pQTL-GWAS; (Bottom) GTEx-e/aQTL-pQTL-GWAS. (G)
Druggable targets among susceptibility genes. Circle a: sc-xQTL type; Circle b: Therapeutic10
Target Database (TTD) information, Circle c: druggability. Tier 1: targets with approved drugs
or clinical-phase candidates; Tier 2: with drug-like compounds (≥ 50% structural similarity to
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approved drug targets); Tier 3: with lower(< 50%) similarity to approved drugs. The -log10 (P)
represents GWAS significance. (H) Potential druggable target STAT6. Left: Allelic effect of
rs703817 associated with differential STAT6 APA usage but not its expression. Right: Allergic
GWAS signal, pQTLs, and sc-aQTLs at the STAT6 locus. (I) Differential STAT6 3′UTR usage
regulated by SNPs in 95% credible set. pPAS: proximal PAS; dPAS: distal PAS; PIP: posterior5
inclusion probability. (J) Minigene reporter assay to validate the causal effect of rs4559 on
STAT6. F, forward primer; R: reverse primer. (K) Left: 3′RACE confirmed T allele of rs4559
promotes STAT6 3′UTR shortening. Right: Luciferase activity assay showing the reduced protein
level associated with the shortened 3′UTR of STAT6 (n = 3; P = 0.003 by two-sided t-test). (L)
APA-linked risk gene DLD in ulcerative colitis. Allelic effect of rs10253436 associated with10
differential DLD APA usage but not its gene expression. (M) Differential DLD 3′UTR usage
regulated by SNPs in 95% credible set. (N) Ulcerative colitis GWAS signal, pQTLs, and sc-
aQTLs at the DLD locus. (O) Minigene reporter assay to validate the causal effect of rs4518 on
DLD 3′UTR region. (P) 3′RACE analysis and luciferase activity validating DLD APA changes
associated with reference and alternative alleles of rs4518 (n = 3; P -values calculated by two-15
sided t-test).
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