nature genetics

Analysis

https://doi.org/10.1038/s41588-023-01586-6

Mapping the dynamic genetic regulatory
architecture of HLA genes at single-cell

resolution

Received: 31 March 2023

Accepted: 19 October 2023

Published online: 30 November 2023

W Check for updates

Joyce B. Kang"***%, Amber Z. Shen"***®, Saisriram Gurajala"?%*%,

Aparna Nathan ®"?34®, Laurie Rumker***®, Vitor R. C. Aguiar ®*5,

Cristian Valencia'>**®, Kaitlyn A. Lagattuta'*>**®, Fan Zhang ® "***%’,

Anna Helena Jonsson ®%, Seyhan Yazar®, Jose Alquicira-Hernandez®,

Hamed Khalili®, Ashwin N. Ananthakrishnan®, Karthik Jagadeesh®,

Kushal Dey ® "°"''?, Accelerating Medicines Partnership Program: Rheumatoid

Arthritis and Systemic Lupus Erythematosus (AMP RA/SLE) Network*,

Mark J. Daly®'*'5'¢, Ramnik J. Xavier®', Laura T. Donlin?°%, Jennifer H. Anolik?,
Joseph E. Powell® 8, Deepak A. Rao ® %, Michael B. Brenner®5,

Maria Gutierrez-Arcelus ® %, Yang Luo ® ">***23 Saori Sakaue'***® &

Soumya Raychaudhuri ® >34

The human leukocyte antigen (HLA) locus plays a critical role in complex
traits spanning autoimmune and infectious diseases, transplantation

and cancer. While coding variation in HLA genes has been extensively
documented, regulatory genetic variation modulating HLA expression
levels has not been comprehensively investigated. Here we mapped
expression quantitative traitloci (eQTLs) for classical HLA genes across
1,073 individuals and 1,131,414 single cells from three tissues. To mitigate
technical confounding, we developed scHLApers, a pipeline to accurately
quantify single-cell HLA expression using personalized reference genomes.
We identified cell-type-specific cis-eQTLs for every classical HLA gene.
Modeling eQTLs at single-cell resolution revealed that many eQTL effects
are dynamic across cell states even within a cell type. HLA-DQ genes exhibit
particularly cell-state-dependent effects within myeloid, Band T cells.
Forexample,aT cell HLA-DQA1eQTL (rs3104371) is strongest in cytotoxic
cells. Dynamic HLA regulation may underlie important interindividual
variability inimmune responses.

The human leukocyte antigen (HLA) genes, located within the major
histocompatibility complex (MHC) region on chromosome 6, are cen-
tral to the immune response. Classical HLA class I and Il molecules
trigger adaptive immunity by presenting antigens to CD8" and CD4"
T cells, respectively. Positive and balancing selection has made the
coding sequences of these genes among the most polymorphic in

the genome’. The HLA locus has the greatest number of associations
withimmune-mediated diseases and typically has larger effect sizes
than all other loci combined' ™. For example, the HLA-C*06:02 allele
is the major genetic risk factor for psoriasis’, and HLA-DRBI alleles
modulate risk for rheumatoid arthritis (RA)® and multiple sclerosis’.
HLA genes also play key roles in cancer by presenting neoantigens
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Fig.1|Overview of study and scHLApers pipeline. a, We used four datasets
with genotype and scRNA-seq data: synovium (n = 69 individuals, m = 275,323
cells), intestine (n =22, m=137,321), PBMC-cultured (n =73, m =188,507), and
PBMC-blood (n =909, m =765,079).b, Using the genotype data, we imputed
SNPs within the MHC and one- and two-field classical HLA alleles. ¢, Schematic
of scHLApers pipeline, where scRNA-seq reads are aligned to a personalized
reference for eachindividual based on classical HLA alleles. In the example, an

individualis heterozygous for all eight HLA genes, so 16 additional contigs are
added to the reference. Original reference gene sequences are masked with Ns.
scHLApers outputs a whole-transcriptome counts matrix withimproved HLA
gene estimates. Both alleles contribute to count estimation for each gene.

d, We generated an atlas of HLA expression across all cell types (left) and mapped
eQTLs for HLA genes in myeloid, B and T cells. Schematic of example dynamic
eQTL (right), where eQTL strength (slope, B...) changes across T cell states.

and in transplantation, where mismatched HLA alleles can result
inrejection.

The regulatory mechanisms governing HLA genes are not yet
well understood. Previous studies have focused on coding variation
altering HLA protein structure, which may affect antigen binding®*’
or restrict the T cell receptor repertoire’®'% However, mounting
evidence indicates that noncoding HLA regulatory variation can
influence disease™ . Higher HLA-C expression was found to control
HIV infection but increase Crohn’s disease risk'. Investigators have
argued thatrisk alleles for systemic lupus erythematosus and vitiligo
liewithin regulatory regions thatincrease class Il expression in myeloid
cells**". Understanding the role of noncoding HLA variationin disease
requires defining the genetic variation regulating HLA gene expression.

Previous bulk RNA-sequencing (RNA-seq) studies have identified
expression quantitative trait loci (eQTLs) for HLA genes in homoge-
neous cell lines'". However, HLA gene regulation may be context
dependent, varying across cell types or finer-grained cell states within
a cell type. For example, we previously demonstrated that allele-
specific expression of HLA class Il changes dynamically in activated
memory CD4" T cells in vitro™. Single-cell RNA-seq (scRNA-seq)
may offer a more comprehensive understanding of HLA expres-
sion and its regulation by assaying cell states in vivo and mapping
context-dependent eQTLs" 2.

Because HLA genes are highly polymorphic, standard short-read
sequencing pipelines thatalign reads to asingle reference genome are
biased when quantifying HLA expression®>>, Reads can fail to align if
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Fig. 2| Quantifying single-cell HLA expression using scHLApers.

a, Frequency of eachimputed two-field HLA allele across all cohorts. Most
common alleles (up to ten) labeled for each gene, with other alleles grouped
into ‘other’. Alleles with frequency of less than five are not labeled. b, Boxplot
(each observation is one sample) showing percentage change (y axis) in

the estimated UMIs for each HLA gene (x axis) summed across all cells after
quantification with scHLApers (compared to a pipeline using the standard
reference genome) in the combined dataset (n = 1,073 individuals), colored by
number of copies of the reference allele (Iabeled in red below for each gene).
Gray horizontal line denotes no change. Boxplot center line represents median,
lower/upper box limits represent 25/75% quantiles, whiskers extend to box

limit + 1.5x interquartile range, and outlying points are plotted individually.
¢, Comparing the estimated HLA expression as measured using shorter reads
(84 bp, yaxis) versus longer reads (289 bp, x axis) in the standard pipeline
(top row) compared to scHLApers (bottom row). Each dot shows the mean
log(CP10k +1)-normalized expression across cells for one sample in PBMC-
cultured (n =146 samples from 73 individuals). ris Pearson correlation;
dashed gray line is identity line. d, HLA expression in different cell types
across cohorts: myeloid (m =145,090 cells), B (m =180,935), T (m = 805,389),
NK (m =125,865), fibroblasts (m = 82,651) and endothelial (m =26,300). Dot
size indicates proportion of cells with nonzero expression; color indicates
log(CP10k +1)-normalized expression (mean across cells).
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anindividual’s allele is dissimilar from the reference allele, resulting
in unmapped reads, or reads can ‘multi-map’ to multiple HLA genes
due tosequence similarity between genes®. This bias confounds eQTL
analysis, making it difficult to distinguish genuine genetic associa-
tions with HLA expression from inaccurate read alignment. In bulk
data, personalized reference genomes accounting for individuals’ HLA
genotypes have been used to overcome this bias'*”*?, In this Analysis,
we developed a personalized pipeline (scHLApers; Fig. 1c) extending
thisapproachto single-cell data. We integrated four datasets (Fig. 1a)
to explore how geneticregulation of classical HLA class 1 (HLA-A, HLA-B
andHLA-C) and class Il (HLA-DPA1,HLA-DPBI1,HLA-DQA1, HLA-DQBI and
HLA-DRBI) gene expression varies dynamically across diverse immune
cell states (Fig. 1d), offering new insights into complex diseases.

Results

Quantifying single-cell HLA expression with scHLApers

We developed scHLApers, a pipeline that accurately quantifies
single-cell HLA expression using a personalized reference (Fig. 1c, Meth-
ods and Supplementary Note 1). First, scHLApers uses an individual’s
unique classical HLA alleles (Fig. 1b) to add the personalized genomic
sequences for each two-field allele from the Immuno Polymorphism
Database-ImMunoGeneTics/HLA (IPD-IMGT/HLA) database? to the
standard reference genomein place of the original HLA gene sequences.
scHLApers then uses STARsolo?® to quantify whole-transcriptome
expression in single-cells with multimapping.

Four cohorts with genotype and scRNA-seq data

To study immune cell states from diverse tissues and biological condi-
tions, including some from disease conditions, we used four scRNA-seq
datasets with paired genotype data (Fig. 1a, Supplementary Table 1
and Supplementary Fig. 1). After quality control (QC) (Methods and
Supplementary Table 2), the combined dataset of 1,073 individuals
comprised synovial joint biopsies from an RA cohort®” (synovium, n = 69
individuals), intestinal biopsies from an ulcerative colitis (UC) cohort*
(intestine, n =22), peripheral blood mononuclear cells (PBMCs) from
healthy males cultured invitro withinfluenza A virus and control con-
ditions® (PBMC-cultured, n=73), and PBMCs from a large Australian
cohort®? (PBMC-blood, n=909).

Imputing HLA alleles and MHC variants

Using SNP2HLA with our group’s multi-ancestry HLA reference
panel****3* (Methods, Fig. 1b and Supplementary Fig. 2), we inferred
acommon set of 12,050 variants in the MHC with imputation dosage
R?>0.8 and minor allele frequency (MAF) >1% in each cohort. These
included 11,938 single nucleotide polymorphisms (SNPs) and 112 one-
and two-field alleles for classical HLA genes (Fig. 2a and Supplemen-
tary Table 3). We used the two-field alleles to quantify expression with
scHLApers (Fig. 1c), and we used both types of variation as input for
downstream eQTL analysis (Fig. 1d).

Assessing the performance of scHLApers
We assessed the performance of scHLApers compared to a pipeline
without personalization, that s, using the standard GRCh38reference
genome (Methods and Extended Data Fig. 1). We expected estimated
HLA gene expression to generally increase with scHLApers since it
rescues previously unmapped reads. For each individual, we calcu-
lated the percentage change in the total unique molecular identifier
(UMI) count for each HLA gene across all cells after personalization.
Personalization indeed generally led to higher estimated expression
(Fig. 2b), with concordant trends across cohorts (Extended Data Fig.
1b). We reasoned that if scHLApers aligns reads more appropriately,
then personalization should have larger effects for individuals whose
alleles diverge more from reference genome alleles. Encouragingly, for
individuals homozygous for the reference allele for a given gene (for
example, HLA-DRB1*15:01), the scHLApers estimate highly coincided
with the standard pipeline’s estimate; in contrast, greater dosage of
non-reference alleles led to greater changes in estimated expression
after personalization (Fig. 2b). To further quantify this, we compared
the percentage changein estimated expression perindividual to their
alleles’ sequence dissimilarity to the reference (based on Levenshtein
distance, Methods). For all genes except HLA-B, individuals with alleles
more different from the reference tended to show a greater increase
inexpression after personalization (Extended Data Fig. 1c). The genes
whose expression increased the most per individual were HLA-DRBI
(mean +29% change, 25th to 75th percentile (+10% to 38% change) in
synovium), HLA-DQAI (+29% (+3% to 44%)), HLA-C (+26% (+5% to 44%)),
and HLA-DQBI (+7% (+3% to 10%)), consistent with prior findings in
bulk RNA-seq". Expression of HLA-DPBI, HLA-DPA1 and HLA-A also
increased but to a lesser extent (Supplementary Table 4). Unexpect-
edly, we observed an overall decrease in HLA-B counts across all cohorts
(Extended Data Fig. 1b). After detailed investigation, we determined
this was not a mishandling of reads by scHLApers, but rather was
explained by scHLApers improving the assignments of reads from
HLA-Bto HLA-C (Supplementary Note 1). For individuals with both
HLA-C alleles similar to the reference allele (HLA-C*07:02), HLA-B was
less affected by personalization (Extended Data Fig. 1e). In contrast,
for individuals with at least one non-reference-like HLA-C allele (that
is, different from HLA-C*07:02), more reads aligning to HLA-B in the
standard pipeline aligned better to HLA-Cin scHLApers, leading to
appropriately decreased HLA-B counts observed after personalization.
To assess if scHLApers improved the consistency of expression
quantification, we leveraged the fact that each PBMC-cultured library
was sequenced using two read lengths (289 bp and 84 bp). Wereasoned
that a standard pipeline might lead to inconsistent quantification
betweenthelonger and shorter read versions of the dataset due to dif-
ferent types of mapping biases for different read lengths. In contrast,
personalization should result in consistent quantification of each HLA
gene between the two versions. Indeed, personalization increased
the correlation between the estimated expression in shorter- and

Fig.3|eQTLsfor classical HLA genes from pseudobulk analysis. a, Manhattan
plot showing the significance (y axis) of association between tested MHC variants
(xaxis) and expression of each HLA gene (color) in myeloid cells from the multi-
cohort model. Most significant (lead) eQTLs are labeled. Diamonds indicate TSS
of each gene. b, Boxplot showing anexample lead eQTL (rs3104413). Increased
dosage of the G allele (x axis) associates with higher HLA-DQA1 expression
inmyeloid cells (y axis: units are the residual of inverse normal transformed
mean log(CP10k +1)-normalized expression across cells after regressing out
covariates), n =1,025 individuals total (synovium n = 69, intestine n =22, PBMC-
cultured n=73,PBMC-blood n = 861), plotted by dataset (color). All lead eQTLs
shownin Supplementary Fig. 6. c, Locus zoom plot for the primary (rs3104413)
and secondary (rs9272294) eQTLs for HLA-DQAI in myeloid cells. Significance
of association (y axis) is shown for nearby variants on chromosome 6 (x axis);
color denotes LD (r*with lead eQTL in multi-ancestry HLA reference). Triangles
point upwards for a positive (downwards for negative) effect on expression.

Gene bodies and direction of transcription (arrows) for HLA-DRB1, HLA-DQA1
and HLA-DQBI are underneath. d, Grid showing lead eQTLs for each HLA gene
(columns) in each cell type (rows: myeloid cells n =1,025, B cells n=1,069, and
Tcells n=1,072individuals total; for dataset breakdown, see Supplementary
Table 2). Each element of the grid includes a forest plot with the estimated lead
effect size (xaxis) and 95% confidence interval (mean +1.96 standard error) of the
estimate from the multi-cohort analysis (diamond) and the same variant-gene
pair tested for an association within each cohort separately (dots above). Size of
the dots/diamond indicates cohort size; color indicates sign of the ALT allele’s
effect on expression (blue for positive, red for negative). The eQTLs boxed in
blue and magentaare highlightedinb and candin e, respectively. e, Example of
acell-type-dependent eQTL (rs9271117) that was the lead eQTL for HLA-DRBI and
strongest in B cells. Boxplots are formatted analogously to b and show the eQTL’s
effect for all three cell types separately. Ina-c and e, nominal Wald Pvalues are
derived from linear regression (two-sided test).
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longer-read datafor all genes across samples (Fig. 2c; HLA-BSpearman While all four datasets were sequenced using 10x Genomics
r=0.97 scHLApers versus 0.82 standard; HLA-Cr=0.96 versus 0.86;  (10x) 3’ protocols, we also applied scHLApers to a separate dataset of
HLA-DPBI1 r=0.97 versus 0.70). Together, our results demonstrate  synoviumsamples with matched 10x 5’ data (n =9 individuals, 26,638
that aligning reads to a personalized reference improves precisionin  cells)*. We found that scHLApersled toagreaterincrease in HLA-A and

quantifying single-cell HLA expression. HLA-B counts after personalizationin 5’ datacompared to 3’ data, due
a 153104413 3¢ rs3828789
Myeloid 17747253 rs2524096 x
T 100 . - .
E __HLA-B*15
<
o 4
& 50
K]
]
0 -
T T T T
28 30 N 32 34
Chr 6 position (Mb)
HLA-DQBT ' i o-pPBI
HLA-A 4 HLA-B HLA-DRBT 4.9
HLA-C HLA-DQAT  HLA-DPAT
b c Myeloid HLA-DQA1 primary eQTL
P =8.04e-127; B=0.86 @ 150 rs3104413
. (_:; PNV Y -VNRVNYN A
P S 100 A aa Aaa . ¢
a m v
% o] Vit WY
© &> %0 v ‘ w¥y v av x
TE " s _lo 0 - . v AR Y A a A
4 : 32.55 32.60 32.65 32.70
< 07 '
g E;l Synovium Secondary eQTL (conditioning on primary) LD (P
< EEI Intestine 6 80 4 19272294 1.00
T s 607 v 0.75
‘ PBMC-cultured > vw wVvVw v .
2 g 407 M AA M w vy 0.50
-2 4 ~ v B
[E3 PBMC-blood 2 20 v YYwvw v vWey o v v
: : : 3 ol AA  Aa Ay, - 0.25
|
cie c/6 e/6 32.55 32.60 32.65 32.70
rs3104413 Chr 6 position (Mb)
<«—HLA-DRB1 HLA-DQAT — <= HLA-DQB1
d HLA-A ‘ ‘ HLA-C ‘ ‘ HLA-B ‘ ‘ HLA-DRB1 ‘ ‘ HLA-DQA1 M HLA-DQB1 ‘ ‘ HLA-DPA1 ‘ ‘ HLA-DPB1
rs7747253_C_A 1s2524096_G_T HLA-B*15 rs9271112.7_C [ rs3104413.CG rs3828789_G_T rs17220674_G_A rs13203715_A_G
Synovium 4 - - —— - - - —— —— =
Intestine 4 —— FR— —— — — ,f';
PBMC-cultured - - - —— - —- - —— — ‘63_.
PBMC-blood -
Multi-cohort 4 L
rs417162_C_T HLA-C*07 HLA-B*15 rs9271117.C_T 159271375_G_A 159272346_G_A rs2163472_C_T rs2395305_A_T
Synovium - - - - - L -
Intestine — —— —— —— —— —— o
PBMC-cultured - - - - - - -
PBMC-blood -
Multi-cohort L
rs7747253_C_A rs2395471.G_A - rs3104371.C_G rs9272271.A_T HLA-DPB1*04:02 rs1431403_T_C
Synovium - - - - —— -
Intestine - — —— —— — -
PBMC-cultured - - —--— —- - -
PBMC-blood -
Multi-cohort
2 -1 01 2 2101 2 -2-1 012 =2-1 012 -2-1 012 =2-1 012 -2-1 01 2 =2-1 01 2
Estimated lead effect (95% confidence
interval)
e r N
Myeloid T
P=8.44x10"% B=0.27 P=9.01x10"""; B=0.003
24 24
S S 14 S 1
bl -l o
3 3 o 3 B Synovium
= = o 0 £ Intestine
x x oy &« y B8 PBMC-cultured
< < < B3 PBMC-blood
— - —
I I, T,
-3 : : : -3 - : : : -3 - : : :
c/c c/T T c/c c/T T c/c c/T T
rs9271117 rs9271M117 rs9271117

Nature Genetics | Volume 55 | December 2023 | 2255-2268 2259


http://www.nature.com/naturegenetics

Analysis

https://doi.org/10.1038/s41588-023-01586-6

toincreased dissimilarity from the reference allele onthe 5’ end of the
genes compared to the3’end (Supplementary Note 1, Supplementary
Table 5and Supplementary Fig. 3).

HLA gene expression across major cell types

After removing low-quality cells (Supplementary Table 2, Supplemen-
tary Note 2 and Supplementary Fig. 4a-c), we grouped cells from the
four datasets into six major cell types (Methods and Supplementary
Table 6) toinvestigate cell-type-specific HLA expression using scHLA-
pers. These include four immune cell types from all cohorts: 145,090
myeloid cells (monocytes, macrophages and dendritic cells (DCs)),
180,935 B cells (including plasma cells), 805,389 T cells and 125,865
naturalkiller (NK) cells. Italsoincludes stromal cells from the two solid
tissue datasets: 82,651 fibroblasts and 26,300 endothelial cells. We
examined HLA gene expression patterns across cell types. As expected,
we found that all cell types highly express HLA class | genes across tis-
sues, consistent with ubiquitous presentation of self-peptides, whereas
class Il expression varied (Fig. 2d). Specifically, myeloid cells and B
cells expressed the highest levels of class II, consistent with their role
as professional antigen-presenting cells. Interestingly, all other cell
types, such as T cells, also express class Il genes, albeit at lower levels.
Human T cells have been previously observed to express HLA class Il
upon activation'®***%, though its function is not well understood®*.

Multi-cohort analysis identifies HLA regulatory variants

To identify eQTLs for classical HLA genes, we tested the 12,050
MHC-wide variants (Fig. 3a and Supplementary Table 7) for associa-
tion with the expression of each HLA gene in myeloid, Band T cells.
We chose these three cell types because they are well represented in
all datasets and have known roles in antigen presentation (myeloid
and B) or prior evidence for state-dependent HLA regulation (T)™®.
For each cell type and individual, we aggregated single-cell expres-
sion profilesinto a single ‘pseudobulk’ measurement (Methods and
Supplementary Fig.4d,e). We used linear regression and analyzed all
four cohorts together, controlling for covariates and testing 289,200
pairs of variants and HLA genes (Methods, Supplementary Fig. 5and
Supplementary Datal).

We detected an eQTL for every HLA gene in every cell type
(Pvalues <4 x107%; Fig. 3b—e, Supplementary Fig. 6 and Supplementary
Table 8). Calculating the effect size of each lead eQTL in each cohort
separately, we observed 91.7% (88/96) mean directional concord-
ance across cohorts (Fig. 3d and Supplementary Table 9), suggest-
ing consistent effects across datasets. The B cell results were highly
concordant with a previous study on HLA eQTLs", which used bulk
RNA-seq data from lymphoblastoid cell lines and found that all eight
variantsincludedin both studies showed consistent directions of effect
(Pearsonr=0.92, Extended Data Fig. 2a).

Most lead variants (19/24) were individual SNPs within the MHC.
For example, rs3104413, the lead variant for HLA-DQAI in myeloid
cells, is located between HLA-DRBI and HLA-DQAI (P=8.04 x107%;
Fig. 3b,c). This SNP commonly co-occurs with the classical
HLA-DQAI1*03:01 allele (87.5% of DQA1*03:01 haplotypes are in
phase with the G allele of rs3104413; Supplementary Table 10). The
HLA-DQAI*03:01alleleis part of the DQ8 haplotype, whichis associated
with type 1diabetes and celiac disease*’.

Somelead eQTLs wereindividual one- or two-field HLA alleles. For
example, HLA-B*15 was the lead eQTL for HLA-B in all three cell types
(P<3x107*) and associated with lower expression of HLA-B (Extended
DataFig.2b,c). Arecentstudy using anew capture RNA-seq method also
found that HLA-B*15 alleles were among the lowest expressed in bulk
PBMCs, consistent with our observations*. HLA-C*07 was the most
significant variant for HLA-Cin B cells (P=2.87 x 1072%; Supplementary
Fig. 6b and Extended Data Fig. 2b), reflecting reduced expression of
HLA-C*07 alleles relative to other HLA-C alleles. This finding could
not be explained by read alignment bias (Extended Data Fig. 2c) and
is supported by previous work showing that HLA-C*07 alleles contain
a 3’ untranslated region microRNA binding site that reduces HLA-C
expression***. Interestingly, the HLA-C*06:02 and HLA-C*12:03alleles,
major risk factors for psoriasis’, were associated with higher HLA-C
expressioninallthree celltypes (P< 8 x10™%and 3 x 1078, respectively;
Supplementary Datal). Theincreased expression of these HLA-Calleles
may contribute to psoriasis disease risk*¢.

scHLApersimproves eQTL estimates

We compared the eQTL effect sizes estimated using expression val-
ues from scHLApers versus the standard pipeline. For genes whose
expression were most affected by personalization, eQTL estimates
were meaningfully impacted (Pearson r = 0.73 for HLA-DRB1, 0.76 for
HLA-DQA1,0.76 for HLA-B,0.93 for HLA-C; Extended Data Fig. 3a). These
improved eQTL estimates probably reflect the reduction of spurious
eQTLsignals caused by reference bias. For example, using the standard
pipeline, the two-field allele HLA-DRB1*07:01 was significantly associ-
ated with HLA-DRBI expression in B cells (8=-0.50, P=3.43 x 107%).
However, with scHLApers, the effect was corrected away (= 0.02,
P=0.73) (Extended DataFig. 3b,c). In contrast, the lead HLA-DRB1 eQTL
forscHLApers (rs9271117) was significant in both pipelines (Extended
DataFig. 3b,c).

HLA eQTLs are cell type dependent

We next explored whether HLA eQTLs are cell type dependent, as
reported for other genes*>¥. To test this, we used a mixed-effects model
including aninteraction term for cell type with genotype (Methods).
Almost all (22/24) eQTLs exhibited statistically significant cell-type
dependency (interaction P<2.08 x 107> = 0.05/24 tests), and several
showed dramatic effects (Supplementary Table 11). The strongest
example was the lead eQTL for HLA-DRB1in B cells (rs9271117, = 0.7,
P=1.08 x107%), which was -3-fold weaker in myeloid cells (8=0.27,
P=8.44 x107%) and altogether absent in T cells (P= 0.90) (Fig. 3e).
Similarly, eQTLs for HLA-DPAI and HLA-DPBI (rs2163472 and rs2395305)
exhibited much stronger regulatory effects in B cells compared to
myeloid and T cells (Supplementary Fig. 8a,b, = 0.43in Bversus 0.04
and 0.08inmyeloid and T; 8= 0.55 versus 0.07 and 0.12, respectively).
These results highlight the importance of considering cell type when
studying the genetic basis of HLA expression.

Conditional analysis identifies multiple eQTLs per gene

We used conditional analysis to identify additional regulatory vari-
antsbeyond the primary eQTL (Supplementary Data 2). For example,
after controlling for the effect of rs3104413, a secondary independ-
ent variant (rs9272294, linkage disequilibrium (LD) r* = 0.04 with

Fig. 4 |Integrating single cells into aunified cell state embedding across
datasets. a-c, UMAP of cells generated using tissue-defined embedding (top ten
hPCs from synovium and intestine), with PBMC datasets projected into the same
space. The plotis divided into three sections: myeloid cells (a), B cells (b) and
Tcells (c). Left: class 1and Il HLA expression across cells across datasets. Cells are
binned into hexagons to avoid overplotting (50 bins per horizontal and vertical
UMAP directions) and colored by mean log(CP10k + 1)-normalized expression of
classl/llgenes per bin (for example, for class I, mean of HLA-A, HLA-B and HLA-C).
Right: cell state annotations (color) for a representative PBMC (PBMC-blood) and

solid tissue (synovium) dataset from merging annotations from each dataset toa
shared set of labels. d, Heatmap showing mean value for each hPC (color) across
cells for each discrete cell annotation within T cells in PBMC-blood. Values are
scaled relative to the most extreme value across cell states. Black boxes and inset
figures above show examples of how hPCs are linked to original cell state labels:
proliferating cells (highin hPC4 and hPC5) and CD8" cytotoxic and y5 (gdT)

cells (highin hPC7, low in hPC8). e, Estimated proportion of variance in UMIs
explained by cell state hPCs (color) across HLA genes and cell types.
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rs3104413) located ~1.4 kb upstream of HLA-DQA1 was also associated
with HLA-DQA1 expressioninmyeloid cells (P=3.06 x 10~5; Fig. 3¢). We
repeated this process to identify up to three additional independent
eQTLs (P<5x107®) for each gene in each cell type (Supplementary
Fig.7). HLA-B, HLA-Cand HLA-DQBI exhibited the most independent sig-
nals (three or more eQTLs per cell type). Most associations (76% = 44/58)
were unique to a gene and cell type (> < 0.8 with all other lead vari-
ants; Supplementary Fig. 8c), but some were shared. Forexample, the
primary eQTLs for HLA-DPAI and HLA-DPB1 in B cells (rs2163472 and
rs2395305, respectively) were tightly linked to each other (©=1.0) and
to the secondary signal for HLA-DPB1in T cells (rs4435981, r*=0.99).
Additionally, the primary eQTLs for HLA-DQAI in myeloid and T cells
(rs3104413 and rs3104371) were linked (r*= 0.86), and the secondary
signals shared the same lead variant (rs9272294).

HLA genes exhibit cell-state-dependent expression

We nextinvestigated whether HLA expression varies across cell states.
Here, ‘cell state’ refers to finer-grained transcriptional phenotypes of
cells within a major cell type. While there are multiple ways to repre-
sent cell state, we used harmonized expression principal components
(hPCs) as latent variables capturing the main axes of transcriptional
variation among the cells corrected for technical covariates. We inte-
grated the single cells fromall four datasetsinto a unified, continuous,
low-dimensional embedding space for each cell type (myeloid, Bor T)
(Fig.4a-c). Thisintegration was accomplished by applying PC analysis
to the two tissue datasets and removing batch and dataset-specific
effects using Harmony*S, then projecting the cells from the two PBMC
datasets onto the same hPC axes using Symphony*’ (Methods and Sup-
plementary Fig. 9). The resulting hPC space appropriately captured
transcriptional variation as reflected by the cell state annotations from
the original studies (Fig. 4d and Supplementary Fig. 13), but does not
rely on a specific clustering resolution.

The shared single-cell embedding allowed us to compare HLA
expression patterns across fine-grained transcriptional states. Both
classland Il expression varied widely across cell states within a given
cell type (Fig. 4a—c and Supplementary Figs. 10-12). By quantifying
the variance explained by cell state for each gene (Methods), we found
that cell state generally explained a greater proportion of variance in
class Ilexpression (mean 30%, 25th to 75th percentile (17-37%) across
all cohorts) compared to class I (mean 19% (8-34%)) (Fig. 4e and Sup-
plementary Table 12). The abundance of certain cell states differed
considerably between blood and tissues. For example, tissue mac-
rophages and infiltrating monocytes were absent or at low abundance
in PBMCs. However, HLA expression patterns were generally similarin
cell states shared across tissues, suggesting that cell state rather than
tissue context was driving expression. For example, conventional DC1
and DC2 cells expressed the highest levels of class Il among myeloid
cells in both blood and tissue (Fig. 4a). Among B cells (Fig. 4b), class
Il expression was lower in plasma cells than in B cells, reflecting the

downregulation of class Il in the transition to plasma cells**'. Among
T cells, proliferating and CD8" cytotoxic cells expressed the highest
levels of class Il (Fig. 4c).

Modeling dynamic eQTLs at single-cell resolution
Single-cell-resolution eQTL models™***>*3, which model expressionin
individual cells, can identify dynamic eQTLs—regulatory effects that
change as cells transition across continuous cell states. Dynamic effects
canbe masked in pseudobulk analysis and may reflect cell-state-specific
transcription factors binding to specific regulatory elements.

To investigate whether HLA eQTLs are dynamic, we used
a single-cell negative binomial mixed-effects (NBME) model
(Methods). Briefly, we modeled the UMI count of each gene as a func-
tion of genotype and its interaction with cell state, accounting for
sample-level covariates (age, sex and ancestry), cell-level fixed effects
(library size, percentage mitochondrial UMIs, and expression prin-
cipal components (PCs)), and random effects for donor and batch
(Fig. 5a). The NBME model showed high concordance with the pseu-
dobulk model when testing for eQTL main effect size and significance
(Pearson r=0.916 for effect, 0.984 for significance; Extended Data
Fig. 4a,b). By simulating single-cell datasets across a range of allele
frequencies with different eQTL effect sizes (Methods), we determined
that the NBME model has adequate power to detect eQTLs for our
application (Extended Data Fig. 4c). We then used the top ten hPCs
for each major cell type (Methods) as a continuous multivariate rep-
resentation of cell state when modeling eQTLs and tested for cell-state
interactions (G x hPC) within each dataset using the same cell-state
definitions across datasets. We tested the lead eQTLs identified by
our pseudobulk analysis, comprising 58 variant-gene pairs with robust
genotype main effects and excluding the Intestine dataset due to its
small sample size (Methods). We confirmed that the model has well
calibrated typelerror whentestingfor cell-state interactions (Extended
DataFig.4d,e).

We observed that most eQTLs (78% = 45/58) showed statistically
significant cell-state dependence (interaction P < 8.6 x10™* = 0.05/58
tests; Supplementary Table 13). Indeed, every HLA gene tested was
dynamic in at least one cell type, and HLA-DQA1, HLA-DQBI1, HLA-C
and HLA-A were the most state dependent (Supplementary Table 14).
Most interaction effects were modest relative to the main genotype
effect (Supplementary Table 13). Interestingly, the PBMC-cultured
dataset exhibited much less significant cell-state interactions overall
(Fig. 5b), despite being similar in size to the synovium dataset. This
is possibly due to cell state differences in cultured cells compared to
cells collectedin vivo.

Comparing dynamic effects across cell states

We next assessed the strength of dynamic regulatory effects in rela-
tion to annotated cell states. For each eQTL, we calculated each cell’s
estimated total eQTL effect size (B,,..) from the genotype main effect

Fig. 5| Identifying dynamic eQTLs by modeling single cells. a, NBME model

of single cells used to identify cell-state-dependent regulatory effects. Pink box
highlights terms for cell state (ten hPCs per cell type) and their interaction with
genotype. b, Testing lead eQTLs identified in multi-cohort pseudobulk analysis
for cell-state dependence using the NBME model in each dataset (color) in
myeloid (‘M’), Band T cells. Magnitude of genotype main effect (x axis) versus
the significance of cell-state interaction (y axis), measured using chi-square

(x?) statistic from LRT comparing full model (a) to null model without G x hPC
interactions. ¢, Dynamic HLA-A eQTL (rs7747253) in T cells (n =909 individuals,
m=538,579 cellsin PBMC-blood). UMAP shows T cells colored by estimated eQTL
strength (B.o.)- Boxplots for the eQTL effect are shown for two annotated cell
states (CD8" cytotoxic and proliferating, outlined inred circles), showing mean
log,(UMI +1) of HLA-A across all cells in the cell state per individual by genotype.
PBreve and Pvalues are derived from fitting the NBME model without cell-state
interaction terms on the discrete cell populations and comparing to a null model

without genotype using an LRT (n =908 individuals, m = 96,516 cells for CD8"
cytotoxic; n =409, m =739 for proliferating). Boxplot center line represents
median, lower/upper box limits represent 25/75% quantiles, whiskers extend to
box limit + 1.5x interquartile range, and outlying points are plotted individually.
d-f, Dynamic HLA-DQAI eQTL (rs3104371) in T cells (n = 68 individuals,

m = 82,423 cellsin synovium; n =909, m = 538,579 in PBMC-blood). UMAP (d)
colored by eQTL strength (B,...;), from blue (weakest) to orange (strongest).
Boxplots (e) showing the eQTL effects in cells from the top and bottom quintile
of Bioray Showing mean log,(UMI + 1) per individual (y axis) by genotype. Labeled
Preve and Pvalue are derived from fitting the NBME model without cell-state
interaction terms on the cells from the discrete quintile and comparing to
anullmodel without genotype using an LRT. Boxplot elements defined as

inc. Scatterplot (f) showing the mean S, (y axis) compared to the mean
log(CP10k +1)-normalized expression of HLA-DQAI (x axis) across annotated cell
states (color). LRT, likelihood ratio test (one-sided).
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and interaction effects weighted by the cell’s position along each hPC
(Methods)”. This allowed us to compare the eQTL’s strength across cell
states. Forexample, in PBMC-blood T cells, the effect of the HLA-A eQTL
(rs7747253, interaction P= 4.9 x 10"*%) was strongest in proliferating cells
(mean ... = 0.23 for proliferating versus 0.10 for other T cells; Fig. 5c),
suggesting the variant plays a more substantial role in regulating
HLA-A expressionduring T cell proliferation thanat rest. ThiseQTL was
also cell state dependentin myeloid cells (Supplementary Fig.14a-d).

We explored whether cell-state-interacting eQTLs may contrib-
ute to interactions with contextual factors that have been tested in
bulk-level analyses***>¢, including age, sex and interferon response.
Our findings indicate that if an eQTL interacts with cell states whose
abundance changes with a sample-level factor, the factor can showan
interaction in bulk; however, single-cell interaction testing is better
powered (Supplementary Note 3, Supplementary Table 15 and Sup-
plementary Fig.15).
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Fig. 6| Dynamic HLA-DQ eQTLs in myeloid and B cells. a-c, Dynamic
HLA-DQA1eQTL (rs3104413) in myeloid cells (n = 69 individuals, m = 66,789
cellsinsynovium; n =861, m = 40,568 in PBMC-blood). UMAP (a) of cells for
tissue-defined embedding, colored by f,,..., from blue (weakest) to orange
(strongest). Boxplot (b) showing the eQTL effect across individuals in the bottom
and top quintiles of estimated B,,,. Labeled Sysy: and Pvalue are from fitting the
NBME model without cell-state interaction terms on the cells from the discrete
quintile and comparing to a null model without genotype using an LRT. Mean
log,(UMI +1) across cells per individual (y axis) by each genotype. Boxplot center

Strongest 20% of cells Weakest 20% of cells

line represents median, lower/upper box limits represent 25/75% quantiles,
whiskers extend to box limit + 1.5x interquartile range, and outlying points are
plotted individually. Scatterplot (c) showing the mean estimated S, (v axis)
compared to the mean log(CP10k +1)-normalized expression of HLA-DQAI
(xaxis) across annotated cell states (color). d-f, Dynamic HLA-DQAIeQTL in

B cells (n= 65 individuals, m = 25,917 cells in synovium; n =909 individuals,

m =380,784 in PBMC-blood). d-fare analogous to a-c, respectively. LRT,
likelihood ratio test (one-sided).
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We observed the most significant cell-state interaction effects for
HLA-DQ genes (Fig. 5b), specifically HLA-DQAIin T cells (interaction
P=2.9x1072°°in PBMC-blood) and HLA-DQAI and HLA-DQBI in myeloid
cells (interaction P<1x 10™ in both synovium and PBMC-blood). In
T cells (Fig. 5d-f), the HLA-DQAI eQTL (rs3104371) had the strongest
effectsin gamma-delta (y8), cytotoxic CD8"and cytotoxic CD4* T cells,
afinding that replicated in synovium (Fig. 5f). All three of these cell
states exhibit cytotoxic activity. Our results indicate that HLA-DQA1
expressionis under dynamic genetic regulationin T cells, and further
studies to clarify its functional role are warranted.

In myeloid cells, PBMC-blood and synovium showed similar pat-
terns of regulation for the HLA-DQA1eQTL (rs3104413; Fig. 6a-c). The
strongest effects were observed in a subpopulation of monocytes
in PBMC-blood and infiltrating monocytes and DC4 cells (which are
similar to CD16" monocytes™) in synovium (Fig. 6¢), suggesting that
the underlying regulatory mechanisms governing the dynamic eQTL
are active in both blood and synovium. The estimated ..., values
were robust to whether the embedding was defined using the tissue
datasets or PBMC-blood dataset alone (Pearson r across cells, 0.896;
Supplementary Fig.14e-g).Incontrastto the T cell HLA-DQAI example,
the eQTL strength was negatively correlated with the expression of the
gene. That is, the expression of HLA-DQAI1 is highest in conventional
DC1 and DC2 cells, but the eQTL is weakest in those states (Fig. 6¢).
HLA-DQBI also showed similar patterns of eQTL strength as HLA-DQA1
in PBMC-blood (r across cells, 0.953), suggesting that HLA-DQ genes
are coordinately regulated.

In B cells, the HLA-DQAI and HLA-DQBI eQTLs (rs9271375 and
rs927346) were also state dependent (interaction P<2 x 107 in syn-
ovium and PBMC-blood), with plasma cells and plasmablasts exhibit-
ing the strongest effects (Fig. 6d-f). Interestingly, the overall trend
in B cells was similar to myeloid cells (and opposite of T cells) in that
cell states with higher HLA-DQ expression (pre-activated B cells and
conventional DCs, respectively) had weaker eQTL effects. In contrast,
states with lower expression (plasma cellsand monocytes) had stronger
effects. A potential explanationis that cells critical for antigen presen-
tation, such as DCs and pre-activated B cells*®>*°, have mechanisms to
maintain high HLA-DQ expressionto ensure proper function, such that
genetic effects contribute less to expression differences. Meanwhile,
cell states with lower expression may have evolved greater genetic
diversity intheir antigen presentation capabilities, leading to diversity
inimmune responses across individuals.

Discussion
This study demonstrates highly variable cell-type and cell-state-specific
expression and genetic regulation of HLA genes. By integrating four
diverse datasets from multiple tissues capturing a broad set of cell
states and contexts, we found that classical HLA gene expression is
under cis-regulation. Class Il genes show particularly variable strengths
of genetic regulation depending on cellular context. At the cell-type
level, B cells display much stronger regulatory effects for HLA-DRBI,
HLA-DPA1and HLA-DPBI than myeloid and T cells (Fig. 3e and Supple-
mentary Fig.8a,b). Single-cell resolutioneQTL modeling revealed that
many eQTLs are cell state dependent, especially for HLA-DQ genes (Figs.
5and 6). We previously showed that HLA-DQ exhibits state-dependent
regulationin CD4"* T cells ex vivo'®, Here, we demonstrated that HLA-DQ
is dynamically regulated in multiple cell types across tissues in vivo.
Variation in the HLA is hypothesized to have evolved to confer
selective advantages in immune response to pathogens®’, mater-
nal-fetal tolerance® and susceptibility to autoimmune diseases®’,
depending on environmental contexts. Coding variationin HLA genes
affects the quality of presented antigens by determining which peptide
sequences are presented, and population diversity enables collective
responsiveness to diverse pathogens. Concurrently, HLA regulatory
variation may affect the quantity of antigen presentation, leading to
different thresholds of immune responsiveness. It has been shown

that the expression levels of HLA-C alleles can affectimmunogenicity
in unrelated donor hematopoietic cell transplantation®, and HLA
downregulationin tumors may affect response toimmune checkpoint
inhibitors®* >, The presence of multiple independent regulatory effects
ateach HLA gene and cell-type and cell-state-specific effects suggests
that regulatory variation may have been selected to ensure diverse
immune responses within a population.

There are several limitations of this study. First, our
reference-based HLA imputation may have missed ultra-rare alleles.
Long-read sequencing or sequence-based typing with polymerase
chain reaction could eventually improve the detection of all possible
noncoding HLA variants®®®’. Second, we were not able to fine-map the
eQTLsto precise causal variants because of the high degree of linkage
disequilibrium (LD) inthe MHC region. Functional work evaluating can-
didate causal variation may ultimately define causal variation. Finally,
we did not perform colocalization with genome-wide association study
associations for several reasons. Standard tools (for example, coloc®®)
that assume asingle causal variant are not appropriate within the HLA
locus because genome-wide association study signal may jointly arise
from both coding and regulatory variation, rather than acting exclu-
sively through gene expression. Moreover, although colocalization can
be paired with conditional analyses or fine-mapping approaches® to
test multiple independent effects in a region, the extensive LD poses
achallenge. Colocalization analyses within the HLA have not been
systematically evaluated for accuracy and replication and warrant
futureinvestigation.

Future datageneration efforts thatincrease the size and ancestral
diversity of genotyped single-cell cohorts will continue toimprove our
understanding of state-dependent and population-specific regulatory
effects and aid in fine-mapping efforts’.
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Methods

Quantifying single-cell HLA expression with scHLApers

We developed the scHLApers (single-cell HLA expression using a per-
sonalized reference) pipeline to accurately quantify classical HLA
expressioninscRNA-seq data. Asinput, the pipeline takesin scCRNA-seq
read-level data (FASTQ or BAM) and HLA allele calls. If sequence-based
typingisunavailable, HLA alleles can be imputed using genotyping data
(see ‘HLA imputation’section). A personalized referenceis created for
eachindividual by adding personalized HLA allele sequences as extra
contigs to the reference and masking the original reference HLA gene
sequences. The output is a whole-transcriptome counts matrix with
improved HLA expression estimates. The code and tutorials to run
scHLApers are available at ref. 71 (v1.0 used for this study).

Preparing the HLA allelic sequence database. scHLApers requires
a database of genomic HLA allele sequences. To prepare this, we
downloaded the IPD-IMGT/HLA database’ (v3.47.0). The database
contains sequence alignment files for full-length genomic sequences
(thatis, four-field resolution, endingin ‘gen.txt’) and nucleotide cod-
ing sequences (thatis, two-and three-field resolution, endingin ‘nuc.
txt’). Wefilled in any incomplete genomic sequences with bases from
the most similar complete allele using the hla_compile_index function
from the ‘hlaseqlib’ R package (v0.0.3)”. Coding allele sequences
withno corresponding genomic sequence were substituted with the
genomic sequence of the most similar allele with agenomic sequence
based on the Hamming distance of coding sequences. For HLA-A,
HLA-DQAI, HLA-DQBI, HLA-DPA1 and HLA-DPBI, we padded the 5
and 3’ ends of the allelic sequences from IPD-IMGT/HLA with extra
bases from the GRCh38 reference to ensure that they did not have
any missing sequence content compared to the reference sequences.
The reference gene boundaries were defined by the Gencode v38
annotation file.

Creating personalized reference genome and annotation files.
scHLApers creates a personalized reference genome (FASTA) and
annotation file (GTF) for eachindividual. Based on the HLA allele calls,
scHLApers creates a FASTA file for each individual with their genomic
allelic sequences from the allelic sequence database. Each allele is
included as a separate contig, with the allele name as the identifier. If
multiple four-field versions exist for agiven two-field allele, the corre-
sponding XX:XX:01:01allele sequenceis chosen. The original reference
classical HLA gene sequences are masked with ‘NNN...'to prevent reads
from aligning to them. The personalized allelic sequences are then
concatenated with the masked GRCh38reference genome to produce
the personalized reference.

Inthe personalized annotation file (GTF), all entries correspond-
ing to the classical HLA genes are removed from the original Gencode
v38annotation file. New entries are added for each personalized allele
with the ‘seqname’ column labeled as the allele name (matching the
identifierin the personalized reference FASTA file), the ‘feature name’
as ‘exon’ to enable read alignments to the entire sequence, the ‘start’
and ‘end’ positions as ‘1’ and the length of the sequence, respectively,
and the strand as ‘+"since all sequences in the database are defined as
theforward strand. The ‘attribute’ columnis labeled with ‘transcript_id’
astheallele name (for example, IMGT_A*01:01:01:01) and ‘gene_id’ and
‘sene_name’ as the gene name (for example, IMGT_A), allowing align-
ments to either allele of the gene to contribute to its total UMI count.

Quantifying single-cell expression. Using the personalized genome
and annotations, scHLApers performs single-cell read alignment and
expression quantification using STARsolo* (v2.7.10a). STARsolo
performs barcode correction, UMI collapsing and optimal distribu-
tion of multimapping reads (that is, reads mapping to either overlap-
ping genes or multiple paralogous genes at separate loci), which are
typically discarded in standard pipelines. We chose STARsolo over

pseudoalignment-to-transcriptome methods because it can identify
splice junctions de novo, whichis useful because the transcriptisoform
usage for each HLA allele is not readily available. The personalized
genome index is generated using STARsolo ~-runMode genomeGen-
erate, and read alignment is performed with -runMode alignReads.
The user specifies the appropriate UMI length (-soloUMllen), cell
barcode whitelist file (—~soloCBwhitelist), and assay type (-soloType
CB_UMI Simple for droplet-based data). Additionally, scHLApers
counts all reads overlapping gene’s introns and exons (-soloFeatures
GeneFull_Ex50pAS) and optimally distributes multimapping reads
using an expectation-maximization algorithm (-soloMultiMappers
EM). The parameters -soloCBmatchWLtype IMM_Nbase_pseudo-
counts, —soloUMIfiltering MultiGeneUMI_CR and -soloUMIdedup
1IMM_CR are used to match CellRanger results. Users can output a
coordinate-sorted BAM file to view individual read alignments (-out-
SAMtype BAM SortedByCoordinate and -outSAMunmapped Within).

Cohorts with paired single-cell transcriptomics and

genotype data

We obtained data from four existing studies with scRNA-seq and
genotype data from the same individuals (Supplementary Table 1).
These include (1) synovial biopsies from patients with RA and from
osteoarthritis controls (synovium, n = 69 individuals after sample
QC)%, (2) intestinal biopsies from patients with UC and from healthy
controls (intestine, n = 22)*°, (3) PBMCs from healthy males that were
treated in vitro with both influenza A virus and mock conditions
(PBMC-cultured, n=73),and (4) PBMCs collected fromalarge popula-
tion cohort (PBMC-blood, n=909)*. For details regarding the collec-
tionof these cohorts and determination of the number of samples per
cohortincluded in this study, see Supplementary Note 4.

QCofgenotyping data

All cohorts were genotyped using genotyping arrays, except for
PBMC-cultured, which used low-pass whole-genome sequencing
(WGS) (Supplementary Table 1). We processed the genotyping data
and performed QC using PLINK v1.90, as described in Supplementary
Note 4 following the tutorial at ref. 74 (ref. 24). Genome-wide variants
were used to calculate PCs to control for genetic ancestry in eQTL
analysis, and variants in the extended MHC (defined here as chr 6:
28000000-34000000) were used for HLA imputation.

HLA imputation

HLA imputation with SNP2HLA. We used SNP2HLA” to perform HLA
imputation using version 2 of our group’s multi-ethnic reference panel
describedinSakaueetal.******, We performedimputationonthe full gen-
otyping datasets (thatis, not limited to samples with paired scRNA-seq),
then subset the imputed VCF file to the samples with scRNA-seq.
Two types of genetic variation were imputed: SNPs within the MHC
(n=14,691) and classical HLA alleles at one- and two-field resolution for
HLA-A,HLA-B, HLA-C, HLA-DPA1, HLA-DPBI1, HLA-DQA1, HLA-DQBI1 and
HLA-DRBI1 (n=570).InSNP2HLA output, reference (REF) and alternative
(ALT) values for classical alleles are set to ‘A’ and ‘T’ denoting absence
and presence of the allele, respectively.

The two-field HLA alleles were used in scHLApers to make person-
alized references. SNP2HLA outputs an individual’s imputed dosage
(0-2) andinferred genotype (GT: 0|0, 0|1,1|0 or1|1) forevery HLA allele
inthereference panel. Note that, for a subset of individuals, we could
not confidently call two-field alleles for one or more HLA genes, and the
dosage was split across multiple alleles (<0.5 for any given allele). We
excluded theseindividuals (9 synovium, 3intestine, 15 PBMC-cultured
and 60 PBMC-blood individuals, representing <8% of total samples) to
avoid introducing a technical batch effect. All downstream analyses
included 1,073 individuals for whom we could confidently impute
phased alleles forevery HLA gene (GT: 0|1and 1|0 for two alleles or GT:
11 foroneallele).
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QC of imputed MHC variants. We performed QC on the imputed
MHC-wide variants using custom R scripts and the ‘vcfR’ (v1.12.0) pack-
age. Because the HLA reference uses hgl9 coordinates, we first lifted
over the imputed variants to GRCh38 using CrossMap (v0.6.1) and
chainfile’®. Then, we subset to the relevant samples and calculated the
MAF within the subset. We retained variants withimputation dosage R*
(DR2, the estimated squared correlation between the estimated allele
dose and the true allele dose) >0.8 and MAF >0.01in each cohort. For
the intestine cohort, which was genotyped on two different arrays,
we first filtered by DR2 within each array then merged them by the
intersecting variants before filtering by MAF >0.01across the merged
cohort. We took the intersection of variants across all four cohorts
passing our QC thresholds to arrive at afinal set 0f 12,050 variants for
eQTL testing (Supplementary Fig.2):112 one- and two-field HLA alleles
and 11,938 intergenic variants.

Assessing the performance of scHLApers

Applying scHLApers to all four cohorts. We applied scHLApers to
quantify single-cell expression for all four datasets. As acomparison,
we also ran a standard pipeline that used STARsolo with the same
parameters as scHLApers but with the original GRCh38 reference (with
no personalization) and discarding multimapping reads. For both ver-
sions, we generated BAM files containing unmapped reads (samtools
view -b -f 4) and reads aligning to the MHC and personalized contigs
using samtools (v1.4.1). We removed empty droplets and low-quality
cells by filtering the count matrices by cell barcodes (see ‘Processing
single-cell expression data’ section).

For the read length concordance analysis, the PBMC-cultured
dataset contained reads of two different lengths (84 and 289 bp). We
generated long-and short-read versions of the dataset by creating sepa-
rate BAM files by sequence length and running scHLApers on longer
and shorter reads separately. To visually inspect read alignments and
coverage across the personalized allelic contigsin scHLApers, we used
Integrative Genomics Viewer (IGV v2.11.2).

Comparing percent change to dissimilarity from the reference
alleles. We assessed how expression estimates (summed UMI counts
acrossall cells for asample) changed from astandard pipeline (sp_exp)
tothe scHLApers pipeline (pers_exp) (equation (1)) withrespect to the
dissimilarity between the reference allele and personalized alleles.

pers_exp — sp_exp

%change =
sp_exp

()

Dissimilarity was defined as the Levenshtein distance between the
genomic GRCh38 allele and personalized allele sequences, calculated
using the stringdist functioninthe ‘stringdist’ (v0.9.8) R package. Since
alldatasets used 10x 3’ assays, the read coverage was predominantly at
the3’end of the gene (Supplementary Fig. 3). Hence, distances were cal-
culated at the 3’ end using sequence segments of 500 bp (HLA-A, HLA-B,
HLA-C and HLA-DRBI), 1,000 bp (HLA-DQAI and HLA-DPAI),1,500 bp
(HLA-DQBI) or 2,500 bp (HLA-DPBI), encompassing the region where
reads accumulated. For individuals heterozygous for a gene, we took
the mean of the two distances. The GRCh38 reference allele sequences
are listed in Darby et al.”” (4*03:01, B*07:02, C*07:02, DQA1*01:02,
DQBI1*06:02, DRBI1*15:01, DPA1*01:03 and DPBI*04:01). We confirmed
these by performing a multiple sequence alignment between the
IPD-IMGT/HLA allelic sequences and the reference sequence using
the msaClustalW function from the ‘msa’ (v1.22.0) R package.

Application of scHLApers to 5'-based data. We applied scHLApersto
aseparate dataset fromasubset of synoviumindividuals with matching
10x 5’ data (n =9 individuals, 26,638 cells)*. To compare the dissimi-
larity of HLA class1alleles to the reference alleles at the 5’ end (500-bp
region), we calculated Levenshtein distance at the 5’ end of the multiple
sequence alignment, as described for 3’ data above.

Investigating read mapping between HLA-B and HLA-C. To quantify
therescuing of unmapped reads and identify reads ‘jumping’ between
different genes, we tracked where reads aligned in scHLApers versus
the standard pipeline. We analyzed the BAM files output from both
pipelines using a custom R script and the scanbam function in ‘Rsam-
tools’ (v2.6.0). A given read can align to the classical HLA genes (that
is, personalized contigs for scHLApers or gene regions defined by
Gencode v38 for the standard pipeline), another locationin the MHC
outside of classical HLA genes, another location outside of the MHC, or
beunmapped. We used the multiple sequence alignment for HLA-Cto
generate a phylogenetictree of HLA-Callele sequences using the ‘Neigh-
borJoining’ optioninJalview (v2.11.0). By grouping the HLA-Calleles by
similarity to the reference allele (C*07:02) based on the tree, we could
observetherelationship between the dosage of ‘reference-like’ HLA-C
alleles and the change in HLA-B counts.

Processing single-cell expression data

QC of single-cell data. For synovium, intestine and PBMC-cultured
datasets, we subset the count matrix output from scHLApers to the
cells passing QC in the original studies (that is, barcodes present in
published cell metadata). For the PBMC-blood dataset, we started from
the original cells but performed additional filtering steps to remove
suspected doublets (Supplementary Note 2). Then, we performed
uniform cell-level QC procedures on all cohorts, removing cells with
<500 genes and >20% mitochondrial counts.

Defining major cell types and merged cell annotations. We defined
acommon set of sixmajor cell types across the four datasets—myeloid
(monocytes, macrophages and DCs), B (including plasma), T, NK,
fibroblast and endothelial—by aggregating fine-grained cell annota-
tions. For synovium, intestine and PBMC-cultured, these fine-grained
annotations came from the originally published cell annotations. For
PBMC-blood, we used the Seurat Azimuth PBMC CITE-seq reference’
to transfer labels to the cells following the more stringent doublet
removal (Supplementary Note 2). We removed cells from the follow-
ing annotations that did not fall under our major cell type catego-
ries of interest: ‘Mu-0: Mural’ and ‘T-21: Innate-like’ cells in synovium;
‘Glia’, ‘CD69 Mast’, ‘CD69* Mast’ and ‘Pericytes’ for intestine; ‘NKT’ and
‘neutrophils’ for intestine; and ‘HSPC’, ‘Platelet’, ‘Doublet’, ‘Eryth” and
‘MAIT for PBMC-blood. The final cell numbers can be found in Sup-
plementary Table 2. We generated cell-type-specific count matrices
for downstream analyses, removing cells from individuals with fewer
than five cells of the cell type. To obtain a version of finer-grained cell
annotationstoaid intheinterpretation of cellembeddings, we manu-
allymerged the fine-grained cell annotations for myeloid, Band T cells
insynovium and PBMC-blood datasets to ashared set of common cell
state annotations (for example, PBMC-blood ‘CD4 CTL and ‘CD4 TEM’
and synovium ‘T-12: CD4* GNLY"” were merged into ‘CD4" Cytotoxic’;
Supplementary Table 6).

Pseudobulk eQTL analysis

Generation of pseudobulk profiles. For each cell type (myeloid, B
and T), we generated ‘pseudobulk’ versions for each dataset. First,
we performed library size normalization using log(CP10k + 1) within
each cell, then aggregated all cells per sample by taking the mean
normalized expression of each gene to obtain a samples-by-genes
matrix”’. We excluded individuals with fewer than five cells of the cell
type. We performed rank-based inverse normal transformation for
each gene, including genes with nonzero expression in greater than
half of the samples.

Multi-cohort eQTL model. To control for genetic ancestry, we used
PLINK (v1.90) to calculate genotype PCs (gPCs) using 66,827 shared
genome-wide variants across all four datasets. For PC analysis,
we included all individuals from the full array cohorts passing QC
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(including those without paired scRNA-seq data, Supplementary Fig.
1f). To infer hidden determinants of gene expression variation, we
ran probabilistic estimation of expression residuals (PEER)*° on each
pseudobulk expression matrix for each dataset and cell type sepa-
rately, using the ‘peer’ R package (v1.0). We used different numbers of
PEER factors (K) for each dataset to account for the varying number
of individuals in each cohort (K =7 for synovium, 2 for intestine, 7
for PBMC-cultured and 20 for PBMC-blood; Supplementary Fig. 5a).
We generated covariate-corrected expression residuals, accounting
for sex, age, ancestry (five gPCs), 10x chemistry (for intestine) and
PEER factors.

Toidentify eQTLsfor each classical HLA gene, we incorporated all
four datasets into asingle model (‘multi-cohort model’) to boost power.
We combined the expression residuals from all datasets together for
each cell type (Supplementary Fig. 5b). For PBMC-cultured, which
included both influenza-stimulated and noninfected cells for each
sample, weincluded only the noninfected cells in the analysis. We tested
eachofthe12,050 MHC-wide variants for association with residualized
expression (E,..q) Using linear regression (equation (2)), controlling
for the dataset to account for systematic differences across cohorts.
This provided a pooled estimate for each eQTL effect across datasets.
For lead eQTLs in the multi-cohort model, we also ran the model in
each dataset separately (without the dataset term) to compare the
concordance across datasets. We also ran the same model using the
HLA expression estimates from the standard pipeline to compare to
the scHLApers results.

Eresia = ﬁGXG +ﬂdatasetxdataset +€ ()

Comparison to Aguiar et al. bulk eQTL study. We compared the lead
eQTL effectsidentified in this study to abulk RNA-seq study by Aguiar
etal.” on HLA eQTLsin lymphoblastoid cell lines (LCLs). We obtained
eQTL summary statistics from the original authors and limited the
comparisonto B cellsin this study as they are most biologically similar
to LCLs. Because some variants tested in this study were not tested in
Aguiar et al., werestricted the comparison to the lead variants among
those tested in both.

Grouping classical HLA alleles by lead eQTL variants. To determine
how classical one-and two-field HLA alleles track with lead eQTL vari-
ants, we compared the co-occurrence between eQTL variants and
HLA alleles for the associated gene. To calculate co-occurrence
(Occyiete eqriy Fanging from O to 1), we used the multi-ethnic HLA refer-
ence panel dataset from HLA imputation'. Because the reference
dataset is phased, we could calculate the proportion of reference
haplotypes (n=20,349 samples x 2 chromosomes =40,698 haplo-
types) containing the ALT allele of each lead eQTL using a custom R
script (equation (3)).

#haplotypes with HLA allele and ALT version of eQTL
Total # haplotypes with HLA allele

(3

OCCaI[eIe,eQTL =

Cell-typeinteraction analysis. To determine whetherlead eQTLs are
celltype dependent, we modeled the residualized expression fromaall
three cell types together using a linear mixed-effects model, adding a
fixed effect for cell type (myeloid, Bor T), aninteraction termbetween
variant and cell type (G x cell_type), and a random effect for donor
to account for the non-independent sampling of cell types from the
same donor (equation (4)). To ascertain the significance of the cell
type dependency, we compared the full model to a null model without
theinteractiontermusingalikelihood ratio test (LRT) (Irtest function
from ‘Imtest’ v0.9-39R package).

Eresia = BoXG + BaatasetXdataset + Beell typeXcell type

4)
+.BGxcellitypeXchellitype + (¢don0r|d0n0r) +&

Conditional analysis. Toidentify additional eQTLs independent from
thelead eQTL, we performed up to three additional rounds of condi-
tional analysis for each gene and cell type using the multi-cohort model,
conditioningonthelead eQTL(s) fromthe previous round(s). We termi-
nated early if the lead eQTL did not reach asignificance of P< 5 x 1075,
We used PLINK (v1.90) (-Id) to calculate LD r* values between every
pairof lead eQTLs across cell types and rounds of conditional analysis
using the multi-ethnic HLA reference panel.

Visualizations. To generate boxplots of pseudobulk eQTL effects, we
used the expression residuals and regressed out the effect of data-
set (not already corrected during PEER). For the Manhattan plots,
because each gene has multiple potential transcription start sites
(TSS) depending onthe transcript, we selected the transcript with the
midpoint chromosomal start position across transcripts. LD r* values
for the locus zoom plot were calculated using PLINK (v.1.90) and the
multi-ethnic HLA reference panel. For generating figures, we used R
packages ‘ggrastr’ (v1.0.1), ‘ggrepel’ (v0.9.1), ‘patchwork’ (v1.1.1) and
‘sgplot2’ (v3.3.5).

Creating a single-cell atlas of HLA expression

Mapping cells into a shared embedding. To create low-dimensional
cell state embeddings of single cells across datasets, we first inte-
grated the two tissue datasets (synovium and intestine). For each
cell type (myeloid, B and T), we concatenated the counts matrices
from both datasets and filtered to the union of the top 1,500 variable
genes per dataset calculated using the variance stabilizing transform
(vst) method, excluding cell cycle genes (Seurat v4.1.0s.genes and
g2m.genes), mitochondrial (MT-) and ribosomal (RPL-, RPS-) genes.
We scaled the variable genes across all cells using R package ‘single-
cellmethods’ (v0.1.0), calculated the top ten PCs (using the ‘irlba’
v2.3.5 R package), then removed sample and dataset-specific effects
using Harmony*® (v0.1.0) (parameters: 8,,mpie = 0.5, Ogaracer = 1, NClust
50 and sigma 0.2), resulting in a ten-dimensional ‘Harmonized PC’
(hPC) embedding. We visualized the embedding in 2D using uniform
manifold approximation and projection (UMAP), calculated with the
umap functioninthe ‘uwot’ (v0.1.11) R package, with n_neighbors =30
and min_dist = 0.2. We then projected the two PBMC datasets into the
same tissue-defined embedding using Symphony* (v0.1.0) to align
analogous cell states across tissues. For PBMC-cultured, we included
cells from both influenza-stimulated and noninfected samples. Sym-
phony mapping was performed one query dataset at atime, correcting
for ‘sample’ effectsin the query.

As an alternative approach, we also explored de novo integra-
tion of all four datasets together. We used the top 1,500 variable
genes per dataset (top 1,000 for T cells) and Harmony integration
With Ogseasec = 0.5, Opaecn = 0.5 and O,y = 0.5 (batch defined as the
sample for Synovium, 10x chemistry for intestine, and experimental
batch for PBMC datasets). However, the tissue-defined embeddings
produced a cleaner visual separation of cell states, particularly for
myeloid cells (Supplementary Fig. 9) and were therefore used for
downstream analysis.

Quantifying proportion of expression variance explained by cell
state. To estimate the percent of variance in HLA expression explained
by cell state, we fit an NBME model of the UMI count of each HLA gene
across cells in each cell type. We included donor-level fixed effects
for age, sex and ancestry (five gPCs), cell-level fixed effects for scaled
log(total UMI count), scaled percent mitochondrial UMIs, and cell
state (ten hPCs), and random effects for donor (and experimental
batch for PBMC datasets). The NBME models (including all other ver-
sions described in subsequent sections) were fit using the glmer.nb
function from the ‘lme4’ (v1.1-28) R package with options nAGQ =0
and ‘nloptwrap’ optimizer. We used the r.squaredGLMM function
from the ‘MuMIn’ (v.1.43.17) R package®' to estimate the marginal R?
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using the ‘delta’ method for the full model (equation (5)) as well as a
model without cell state terms. The difference between the R* values
between the two models was used to estimate the proportion of vari-
ance explained by cell state.

5
IOg (E)= ﬁo + BageXage + Bsexxsex + kzlﬁgPCngPCk

10 (5)
+ Brumi 108 Xaum) + BurXwr + kzlﬁhpckxhpck

+ (¢donor|d) + (6batch|b)

Defining a cell embedding using PBMC-blood alone. We also defined
an alternative cell state embedding for each cell type using cells from
PBMC-blood alone. To do this, we used the same dimensionality reduc-
tion pipeline described above for the tissue-defined embedding, except
we used the top 2,000 variable genes across PBMC-blood for each cell
type and corrected for experimental batch with Harmony (0., = 2).

Single-cell eQTL analysis

We used a single-cell NBME eQTL model to test HLA eQTLs for
cell-state dependency. The model is adapted from the Poisson
mixed-effects (PME) model recently described by our group”. We
used NBME in this study because we found that the LRT Pvalues from
the PME model exhibited inflation when testing for cell-state interac-
tions (Extended Data Fig. 4d; see ‘Evaluating model calibration for
testing cell-state interaction’ section), probably because HLA genes
exhibit greater overdispersion than other genes, whereas NBME was
well calibrated. We first used an NBME model without cell state to
define the set of variant-gene pairs with robust genotype main effects
within each dataset. We then used an NBME model with cell state to
test for dynamic effects. We excluded the Intestine dataset due to
smallsample size (n = 22).

Testing for genotype effect using NBME model without cell state.
Using thelead eQTL variantsidentified in the pseudobulk multi-cohort
modelabove (8 genes x 3 celltypes = 24 variants), we tested each eQTL
using a single-cell NBME model (equation (6)) to assess the genotype
effect. We modeled the per-cell UMI count of each HLA gene in each
major cell type and dataset separately (24 variants x 3 datasets =72
variant-gene pairs to test). We included the same donor and cell-level
fixed and random effects as in equation (5), except without cell state
terms (hPCs) and adding additional terms for donor genotype (G)
and five expression PCs (ePCs), which are calculated on each dataset
separately to account for technical effects (akin to PEER factors in
pseudobulk). We determined the significance of the genotype effect
by comparing to a null model without genotype using an LRT with 1
degree of freedom.

5
IOg (E) = ﬁO +ﬂGXG +ﬁageXage + Bsestex + kzlﬁgPCngPCk

S (6)
+ Baumi 10g Xoum) + BurXur + Zlﬁepc,XePc_,-
j:

+ (‘pdonorld) + (‘Sbatch|b)

We compared the genotype main effect size and significance from
the NBME model (equation (6)) to the pseudobulk eQTL model using
the PBMC-blood dataset. Significance was represented by LRT Pvalues
inthe NBME model and Wald Pvalues in the pseudobulk linear model
(runon PBMC-blood separately).

To define variants with robust main effects to test for cell-state
interaction, weincluded only variant-gene pairs withina cell type and
dataset with a significant genotype main effect (LRT P value <0.05),
resulting in a total of 58 variant-gene pairs.

Power analysis for NBME model. We estimated the power todetecta
spectrum of effect sizes across a range of allele frequencies using our
NBME model (methods detailed in Supplementary Note 4).

Testing for cell-state interaction using NBME model. To test the
58 variant-gene pairs for dynamic regulatory effects, we modeled the
eQTLs at single-cell resolution using an NBME model (equation (7)).
While the model can use any cell state variable (for example, clus-
ters and pseudotime trajectory), we reasoned that hPCs would pro-
vide a principled and unbiased way to define continuous cell states.
We include the same donor and cell-level fixed and random effects
as in equation (6), with the addition of cell state (hPC1-10 from the
tissue-defined Symphony embeddings) and genotype interaction
with cell state (G x hPC1+... + G x hPC10). To assess whether the eQTL
is cell state dependent, we compared the full model (equation (7)) to
anull model without interaction terms using an LRT with 10 degrees
of freedom.

5
lOg(E) = :BO + ﬂGXG + ﬁagexage +ﬂsexxsex + kZlﬁchngPck
5
+ Baumi 108(Xaump) + Byt Xur + Zlﬁepc/Xech
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Evaluating model calibration for testing cell-state interaction. We
analyzed the calibration of the NBME model when testing for interac-
tion between genotype and cell state. Using the PBMC-blood cells
and embedding defined in PBMC-blood alone, we permuted cell state
(tenhPCsasablock) across all cells, then ran the NBME model for each
variant-gene pair (equation (7)) and assessed its significance using LRT,
which should yield uniform P values if the model is well calibrated.
We repeated this process for 1,000 permutations and compared the
resultsto the equivalent analysis performed witha PME model (glmer
function from ‘Ime4’ R package with family = ‘poisson’).

Comparing eQTL strength across cell states. For a given eQTL, we
combined the genotype main effect (B;) with the interaction effects of
each hPC (estimated in equation (7)), weighted by each cell’s position
along each hPC (for example, Bg.npci x hPC1) to score each cell on the
basis of its estimated total eQTL effect size (equation (8)). This allowed
us to compare the strength of the eQTL across cell states by plotting
the estimated B,,., of each cell in UMAP coordinates and comparing
the mean S, across cell state annotations.

10
Beotal = Bo + D, Boxnec, hPCy 8
=]

By binning cells by five quantiles of estimated S,,.,, we calculated
the main genotype effect in each quantile separately (Byswe) USing
equation (6), determining significance by LRT comparing to a null
model without the genotype term. For the T cell HLA-A dynamiceQTL,
the dynamic effect was very specific to proliferating cells. Hence, for
visualization, we did not bin the cells by five quantiles based on hPCs
because proliferating cells were rare (n = 739 cells) and instead calcu-
lated the main genotype effectin proliferating cells and CD8" Cytotoxic
cells (n=96,516) for comparison.

To compare the S, estimates derived from the tissue-defined
embedding to those from the embedding defined using PBMC-blood
alone for the myeloid HLA-DQA1 eQTL (rs3104413), we ran the same
NBME cell-state interaction model (equation (7)) except using ten
hPCs defined in PBMC-blood (see ‘Defining a cell embedding using
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PBMC-blood alone’ section). We calculated the Pearson correlation
between the S, estimates produced by the two embeddings. We
alsotested foreQTL interactions with contextual factors (age, sex and
interferon response) as described in Supplementary Note 4.

Reporting summary
Furtherinformation onresearch designisavailableinthe Nature Port-
folio Reporting Summary linked to this article.

Data availability

The GRCh38 reference genome (primary assembly) and Gencode v38
annotation file can be downloaded at https://www.gencodegenes.
org/human/release_38.html. For the synovium dataset, the single-cell
expression data are available on Synapse at https://doi.org/10.7303/
syn52297840. Genotype data are available on the Arthritis and Autoim-
mune and Related Diseases Knowledge Portal (ARK Portal, https://ark-
portal.synapse.org/Explore/Datasets/DetailsPage?id=syn52297840).
For intestine, the raw scRNA-seq data (bam files) was obtained from
the Broad Data Use Oversight System (DUOS) (dataset name: Ulcera-
tive_Colitis_in_Colon_Regev_Xavier); the genotype data are available
on dbGaP (phs001642). For PBMC-cultured, the raw scRNA-seq data
(FASTQfiles) was obtained from GEO (PRJNA682434), and the imputed
low-pass WGS data is publicly available at SRA (PRJNA736483) and
Zenodo (https://doi.org/10.5281/zenod0.4273999). For PBMC-blood
(OneKIK cohort), both the raw scRNA-seq data (bam files) and genotyp-
ing data are publicly available on GEO (GSE196830). The reprocessed
versions of all sScRNA-seq count matrices from this study after realign-
ment with scHLApers are publicly available on Figshare (https://doi.
org/10.6084/m9.figshare.24311335).

Code availability

Code and tutorials to run the scHLApers pipeline (v1.0) are available
on GitHub (https://github.com/immunogenomics/scHLApers) and
Zenodo (https://doi.org/10.5281/zenodo.10003910). Scripts for repro-
ducinganalysesin the manuscript are also available on GitHub (https://
github.com/immunogenomics/hla2023) and Zenodo (https://doi.
org/10.5281/zenodo.10003911).
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Extended Data Fig. 1| Correcting HLA expression estimation bias with
scHLApers. a, Schematic showing how high HLA gene polymorphism leads to
biasinread alignment to a single reference genome. Consider two hypothetical
individuals who are either homozygous for HLA-DRBI allele X (orange) or allele
Y (blue), where the reference allele is X. Reads from X will align perfectly to the
reference, leading to accurate HLA-DRBI quantification. However, for Y, reads
will fail to align to the reference due to discordant sequence content, leading
to unmapped reads and underestimation of expression. b, Percentage change
inexpression (total UMIs for HLA gene per individual, y-axis) across cohorts
(synovium, n = 69 individuals; intestine, n = 22; PBMC-cultured, n = 73; PBMC-
blood, n=909). ¢, Percentage change in estimated expression (total UMISs for
HLA gene per individual, y-axis) in synovium (n = 69) as a function of the mean
(between the individual’s two alleles) Levenshtein distance relative to the
GRCh38 reference allele at the 3’ end of each gene (x-axis). For band ¢, dashed
horizontal red lines denote no change. Fitted linear regression line (blue) shown

with 95% confidence region. d, Heatmap showing the alignment of reads to each
geneinscHLApers (rows) versus where the same read aligned (‘came from’) in the
standard pipeline (columns) for synovium (top) and PBMC-cultured (bottom).
Columnsinclude HLA genes, other regions in the extended MHC, or unmapped
reads. Rows sum to 100%, and a darker color indicates that more of the reads
aligning toagivengeneinscHLApers came from the corresponding locationin
the standard pipeline. e, Phylogenetic tree derived from amultiple sequence
alignment of HLA-C allelic genomic sequences. The reference allele is C*07:02.
Yellow box shows alleles similar to the reference (‘reference-like’). Boxplot on
right shows the change in HLA-B estimated UMI counts summed across cells from
each sample (y-axis) compared to the genotype for HLA-Cin terms of dosage of
‘reference-like’ alleles (x-axis), across n =1,073 individuals from all cohorts. Forb
and e, boxplot center line represents median, lower/upper box limits represent
25/75% quantiles, whiskers extend to box limit +1.5 x IQR, and outlying points are
plotted individually.
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Extended Data Fig. 2| Concordance of eQTLs with bulk RNA-seq, differential
allelic expression, and read alignment visualization. a, Concordance between
the effect sizes of lead HLA eQTLs identified in the multi-cohort pseudobulk
model for B cells (this study, y-axis) and the same variant’s effect in LCLs
identified through bulk RNA-seq eQTL analysis (Aguiar et al., x-axis). Because not
alllead variants in this study were directly comparable due to different sets of
tested variants, we tested the concordance of the most significant variant present
inboth datasets (triangles indicate that the exact lead variant in this study was
alsotested in Aguiar etal., whereas circles indicate ‘substitute’ lead variants

was used for comparison). b, HLA-B expression in myeloid cells (top, n = 861

individuals) and HLA-C expressionin B cells (bottom, n = 909), showing mean
log(CP10k +1)-normalized expression (y-axis) across cells for each individual

in PBMC-blood by allele (x-axis). Each individual’s expression value is plotted
onceifthey are homozygous (red) and twice if heterozygous (tan) for each allele
(imputed dosage is rounded to the nearest integer). The black diamonds show
the mean value for each allele (used to order the x-axis). ¢, Integrative Genomics
Viewer (IGV) screenshots showing read alignments for alleles HLA-B*15:01 and
HLA-C*07:01, associated with lower expression of the respective genes, fora
representative individual in synovium.
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represents one of 12,045 MHC-wide genetic variants tested using the pseudobulk
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b, Example of eQTL effect correction through the use of corrected expression
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types and classical HLA genes. ¢, Power of the NBME single-cell eQTL model to

detect regulatory effects across allele frequencies. The proportion of simulations

where the null hypothesis was appropriately rejected at « = 5x 1078 (y-axis) in the
presence of asimulated eQTL effect across 1000 simulations. Simulations were
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run across arange of eQTL allele frequencies (x-axis) and effect sizes (colors)
using the PBMC-blood myeloid data and HLA-DQAI expression. d,e, We permuted
cell state (10 hPCs as ablock) for 1,000 tests and obtained interaction P-values
from a one-sided likelihood ratio test (LRT) comparing to the null model without
GxhPCinteraction terms. Q-Q plots showing statistical calibration (compared to
uniform P-values) for PME model (d) versus NBME model (e) when testing for cell
state interactions for representative class 1 (HLA-A) and class Il (HLA-DPAI) genes
inmyeloid cellsin PBMC-blood. Thered line is the identity line. The histograms
below show distributions of LRT P-values for HLA-DPAI.
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Data collection  No software was used to collect the data (expression data, genotyping data, and metadata were downloaded directly from public sources or
available internally).

Data analysis The code for the scHLApers pipeline is deposited on GitHub (https://github.com/immunogenomics/scHLApers); v1.0 was used for this study.
All notebooks and scripts used to generate figures and analyze the data are available at https://github.com/immunogenomics/hla2023.

We used custom scripts for preprocessing the genotyping data. We used the following open source R packages for various analyses and
visualization: hlaseqglib (v0.0.3), vcfR (v1.12.0), stringdist (v0.9.8), msa (v1.22.0), Rsamtools (v2.6.0), peer (v1.0), uwot (v0.1.11),

Harmony (v0.1.0), Symphony (v0.1.0), Ime4 (v1.1-28), MuMin (v.1.43.17), Seurat (v4.1.0), Imtest (v0.9-39), ggrastr (v1.0.1), ggrepel (v0.9.1),
patchwork (v1.1.1), singlecellmethods (v0.1.0), ggplot2 (v3.3.5)

We used the following command-line software: PLINK (v1.90), snpflip (v.0.0.6), CrossMap (v0.6.1), STARsolo (v2.7.10a), sinto (v0.8.4), bcftools
(v1.9), samtools (v1.4.1)

For HLA imputation, we used SNP2HLA (available at https://github.com/immunogenomics/HLA_analyses_tutorial/blob/main/scripts/
SNP2HLA.py)
We used the following software applications for visualization: Jalview (v2.11.0), IGV (v2.11.2)

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The GRCh38 reference genome (primary assembly) and Gencode v38 annotation file can be downloaded at: https://www.gencodegenes.org/human/
release_38.html. For the Synovium dataset, the single-cell expression data are available on Synapse at https://doi.org/10.7303/syn52297840. Genotype data are
available on the Arthritis and Autoimmune and Related Diseases Knowledge Portal (ARK Portal, https://arkportal.synapse.org/Explore/Datasets/DetailsPage?
id=syn52297840). For Intestine, the raw scRNA-seq data (bam files) was obtained from the Broad Data Use Oversight System (DUOS) (dataset name:
Ulcerative_Colitis_in_Colon_Regev_Xavier); the genotype data are available on dbGaP (phs001642). For PBMC-cultured, the raw scRNA-seq data (FASTQ files) was
obtained from GEO (PRINA682434), and the imputed low-pass WGS data is publicly available at SRA (PRINA736483) and Zenodo (https://doi.org/10.5281/
zenodo.4273999). For PBMC-blood (OneK1K cohort), both the raw scRNA-seq data (bam files) and genotyping data are publicly available on GEO (GSE196830). The
reprocessed version of all scRNA-seq count matrices from this study after realignment with scHLApers are publicly available on Figshare (doi.org/10.6084/
m9.figshare.24311335).
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Reporting on sex and gender Three of the datasets contained participants from both sexes. One study (PBMC-cultured, data from Randolph et al., Science
2021) included only individuals of male sex. We controlled for the effect of sex in eQTL analyses by regressing out the effect
of sex prior to eQTL modeling (for pseudobulk analysis) or by including sex as a covariate (for single-cell eQTL analysis). Sex
was determined based on the sample metadata provided by the original studies (Zhang et al., in press, Nature; Smillie et al.,
Cell 2019; Randolph et al., Science 2021; Yazar et al., Science 2022).

Reporting on race, ethnicity, or | We did not use socially constructed categorical variables such as race. We did control for genetic ancestry (see below).
other socially relevant
groupings

Population characteristics The datasets included two with tissue samples (Synovium: synovial biopsies from rheumatoid arthritis patients and
osteoarthritis controls; Intestine: intestinal biopsies from ulcerative colitis patients and healthy controls) and two PBMC
datasets (from healthy individuals). All individuals were adults, with age ranges varying by cohort (Supplementary Fig. 1b).
The PBMC-blood cohort consisted entirely of European individuals; the other three cohorts contained individuals of multiple
ancestries. To control for genetic ancestry, we calculated genotype PCs (gPCs) using 66,827 shared genome-wide variants
across all four cohorts. We included gPCs 1-5 as covariates in downstream eQTL analysis.

Supplementary Table 1 contains additional details of cohort characteristics.

Recruitment Participants were recruited as part of the original studies, and details regarding recruitment can be found in the original
publications (Zhang et al., in press, Nature; Smillie et al., Cell 2019; Randolph et al., Science 2021; Yazar et al., Science 2022).

Ethics oversight All datasets were secondary use and already publicly available with the exception of the genotyping data for the Intestine

cohort. The Intestine cohort was recruited under IRB protocols from local institutions (as reported in Smillie et al., Cell 2019).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size Sample size was determined based on the total sample sizes across the four datasets included in this analysis, comprising a total of 1,073
individuals after QC. Each dataset included at least 22 individuals, with the largest dataset (PBMC-blood) with 909 individuals. We combined
multiple datasets together for analysis to improve statistical power to detect eQTL effects.

The sample size (~1000 individuals with ~1000 cells per individual) is considered large given the current capabilities of single-cell data
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generation and was sufficient to be able to identify at least one independent eQTL signal for each classical HLA gene tested for every cell type.

Data exclusions  Starting from an initial cohorts from the original studies, we removed individuals based on the following criteria:
- Only include individuals with both genotyping and single-cell transcriptomic data available
- Filter based on genotype data QC (remove individuals with elevated missingness rates, high relatedness with another sample, etc.)
- Remove individuals for whom we could not confidently impute HLA alleles at two-field resolution for all 8 classical HLA genes

For the single-cell data, we removed cells based on the following criteria:

- Restrict to cells that passed QC in the original studies

- Remove suspected doublets in PBMC-blood dataset (OneK1K, Supplementary Note 2)
- Remove cells with fewer than 500 genes or >20% mitochondrial reads

Replication We demonstrated the performance of scHLApers on four different single-cell datasets sequenced using several versions of 10x 3'-chemistry
and diverse immune and stromal cell types. We found consistent patterns of improvement in estimated HLA expression relative to a standard
pipeline across all cohorts for all 8 classical HLA genes (Ext. Data Fig. 1b). We also tested scHLApers on a separate dataset assayed with 10x 5'-
chemistry to demonstrate its feasibility on a 5'-based sequencing protocol (Supplementary Fig. 3).

For eQTL analysis, we combined all four datasets into a single pseudobulk model for eQTL discovery. We then assessed replication of the lead
effect within each individual dataset separately. Calculating the effect size of each lead eQTL in each cohort separately, we observed high
(88/96) directional concordance across cohorts (Fig. 3d), suggesting consistent effects across datasets. For testing cell-state-dependence of
eQTLs using single-cell eQTL models, we analyzed each dataset separately and compared the pattern of estimated per-cell total eQTL strength
across datasets. We observed similar patterns of across cell states for Synovium and PBMC-blood. We observed the PBMC-cultured dataset
exhibited much less significant cell-state interactions overall, possibly due to differences in cell states in cultured cells compared to cells
collected in vivo.

Randomization  N/A. This study did not involve experimental grouping.

Blinding N/A. This study did not involve experimental grouping.
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