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Abstract

Systemic lupus erythematosus (SLE) is a heterogeneous autoimmune disease. Knowledge of
circulating immune cell types and states associated with SLE remains incomplete. We profiled
more than 1.2 million peripheral blood mononuclear cells (162 cases, 99 controls) with
multiplexed single-cell RNA sequencing (mux-seq). Cases exhibited elevated expression of type 1
interferon—stimulated genes (ISGs) in monocytes, reduction of naive CD4* T cells that correlated
with monocyte I1SG expression, and expansion of repertoire-restricted cytotoxic GZMH* CD8*
T cells. Cell type—specific expression features predicted case-control status and stratified patients
into two molecular subtypes. We integrated dense genotyping data to map cell type—specific
cis—expression quantitative trait loci and to link SLE-associated variants to cell type—specific
expression. These results demonstrate mux-seq as a systematic approach to characterize cellular
composition, identify transcriptional signatures, and annotate genetic variants associated with
SLE.

INTRODUCTION: Systemic lupus erythematosus (SLE) is a heterogeneous autoimmune disease
with elevated prevalence in women and individuals of Asian, African, and Hispanic ancestry.
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Bulk transcriptomic profiling has implicated increased type 1 interferon signaling, dysregulated
lymphocyte activation, and failure of apoptotic clearance as hallmarks of disease. Many genes
participating in these processes are proximal to the ~100 loci associated with SLE. Despite this
progress, a comprehensive census of circulating immune cells in SLE remains incomplete, and
annotating the cell types and contexts that mediate genetic associations remains challenging.

RATIONALE: Historically, flow cytometry and bulk transcriptomic analyses were used to

profile the composition and gene expression of circulating immune cells in SLE. However, flow
cytometry is biased by its use of a limited set of known markers, whereas bulk transcriptomic
profiling does not have sufficient power to detect cell type—specific expression differences.
Single-cell RNA sequencing (scRNA-seq) of peripheral blood mononuclear cells (PBMCs) holds
potential as a comprehensive and unbiased approach to simultaneously profile the composition
and transcriptional states of circulating immune cells. However, application of sScCRNA-seq to
population cohorts has been limited by sample throughput, cost, and susceptibility to technical
variability. To overcome these limitations, we previously developed multiplexed scRNA-seq (mux-
seq) to enable systematic and cost-effective SCRNA-seq of population cohorts.

RESULTS: We used mux-seq to profile more than 1.2 million PBMCs from 162 SLE cases and
99 healthy controls of either Asian or European ancestry. SLE cases exhibited differences in both
the composition and state of PBMCs. Analysis of lymphocyte composition revealed a reduction
in naive CD4™ T cells and an increase in repertoire-restricted GZMH' CD8* T cells. Analysis

of transcriptomic profiles across eight cell types revealed that classical monocytes expressed the
highest levels of both pan—cell type and myeloid-specific type 1 interferon-stimulated genes
(ISGs). The expression of ISGs in monocytes was inversely correlated with naive CD4* T

cell abundance. Cell type—specific expression features accurately predicted case-control status
and stratified patients into molecular subtypes. By integrating genotyping data and using a

novel matrix decomposition method, we mapped shared and cell type—specific cis—expression
quantitative trait loci (cis-eQTLs) across eight cell types. Cell type—specific cis-eQTLs were
enriched for regions of open chromatin specific to the same or related cell types. Joint analysis of
cis-eQTLs and genome-wide association study results enabled identification of cell types relevant
to immune-mediated diseases, fine-mapping of disease-associated loci, and discovery of novel
SLE associations. Interaction analysis identified variants whose effects on gene expression are
further modified by interferon activation across patients.

CONCLUSION: SLE remains challenging to diagnose and treat. The heterogeneity of disease
manifestations and treatment response highlight the need for improved molecular characterization.
In a large multiethnic cohort, we demonstrate mux-seq as a systematic approach to characterize
cellular composition, identify cell type—specific transcriptomic signatures, and annotate genetic
variants associated with SLE.

Graphical Abstract
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Census of immune cells in systemic lupus erythematosus
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Detection of cellular and genetic correlates of SLE. Genetic multiplexing enabled single-cell
profiling of hundreds of individuals with and without SLE. These profiles revealed that SLE
patients exhibit changes in cell composition and cell type-specific gene expression, which were
used to model disease status and severity. Additionally, cell type-specific cis-eQTL maps were
produced and used to annotate and contextualize genetic loci associated with SLE.

Systemic lupus erythematosus (SLE) is a heterogeneous autoimmune disease affecting
multiple organ systems, with elevated prevalence in women (1) and individuals of Asian,
African, and Hispanic ancestries (2). Bulk transcriptomic profiling has implicated increased
type 1 interferon signaling, dysregulated lymphocyte activation, and failure of apoptotic
clearance as hallmarks of disease (3). Many genes participating in these immunological
processes are proximal to the ~100 known genetic variants associated with SLE (4).
Despite this progress, a comprehensive census of circulating immune cells in SLE remains
incomplete, and annotating the cell types and cell contexts mediating genetic associations
remains challenging.

Historically, different approaches have been used to characterize the role of circulating
immune cells in SLE. Flow cytometry analyses, which quantify composition on the

basis of known cell surface markers, reported B and T cell lymphopenia (5). Bulk
transcriptomic analyses of peripheral blood mononuclear cells (PBMCs) universally found
elevated expression of interferon-stimulated genes (ISGs) and molecularly stratified patients
according to expression features (3, 6). However, flow cytometry is biased by its use of a
limited set of markers, whereas bulk transcriptomic profiling does not have sufficient power
to detect cell type—specific expression differences. Bulk transcriptomic analysis of sorted
cell populations can identify cell type—specific expression signatures in SLE (7). However,
it does not capture cell type frequencies, obscures heterogeneity within sorted populations,
and is challenging to scale to well-powered cohorts for detecting subtle disease-associated
differences in gene expression.
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Single-cell RNA sequencing (scRNA-seq) of PBMCs holds potential as a comprehensive
and unbiased approach to simultaneously profile the composition and cell type—specific
transcriptional states of circulating immune cells. When integrated with dense genotyping
data, there are further opportunities to fine-map disease-associated variants and identify
the cell types and states where they exert their effects. Despite its potential, application of
scRNA-seq to population cohorts has been limited by low sample throughput, high cost,
and susceptibility to technical variability. To overcome these limitations, we previously
developed multiplexed scRNA-seq (mux-seq) to enable systematic and cost-effective
scRNA-seq of population cohorts (8).

A census of circulating immune cells in SLE

We used mux-seq (8) to profile more than 1.2 million PBMCs from 264 unique samples
obtained from the California Lupus Epidemiology Study (CLUES) (9) and the ImmVar
Consortium (10-12). The 264 samples corresponded to 162 SLE cases, including 19 disease
flare cases and 10 matched samples post—flare treatment, along with 99 healthy controls
(fig. S1A). Most samples were from women of either European or Asian ancestry. The 264
samples and 91 replicates were profiled in 23 pools across four batches (fig. S1B). Surface
protein expression for cells from processing batches 3 (155,034 cells) and 4 (375,261

cells) were also profiled using 16 and 99 DNA-conjugated antibodies, respectively. After
quality control and doublet removal using freemuxlet (8) (mean doublet rate 22.12%;

fig. S1C), 1,444,450 cells remained. Additional removal of doublets using Scrublet (13)
(67,969 droplets), contaminating platelets, and red blood cells (112,805 cells) yielded a
total of 1,263,676 cells remaining in the final dataset (fig. S1C). Genotype-based sample
demultiplexing resulted in an average of 3560 singlets (standard deviation, 1103) assigned to
each sample (fig. S1D).

Compositional analysis reveals CD4* T cell lymphopenia in SLE

Louvain clustering (14) of normalized and batch-corrected single-cell transcriptomic profiles
identified 23 clusters, which were assigned to 11 cell types: CD14* classical and CD16*
nonclassical monocytes (cM and ncM); conventional and plasmacytoid dendritic cells (cDC
and pDC); CD4* and CD8* T cells (CD4 and CDS8); natural killer cells (NK); B cells

(B); plasmablasts (PB); proliferating T and NK cells (Prolif); and progenitor cells (Progen)
(fig. S2A). Regions of the uniform manifold approximation and projection (UMAP) (15)
were occupied by cells of different cell types (Fig. 1A), and to a lesser extent, different
case-control status and ancestry (Fig. 1B and fig. S2B). Different pools and processing
batches had no observable effects on the distribution of cells (fig. S2, C and D).

We first assessed changes in cellular composition in SLE by comparing the frequencies of
11 cell types between cases and controls of Asian and European ancestry separately. Cell
type percentage estimates from mux-seq were reproducible between biological replicates
(median Pearson Rgages = 0.79 and Reontrols = 0.85) (fig. S2E) and correlated with estimates
obtained from surface protein profiling for batch 4 (median Spearman /= 0.88). Relative
to controls, cases were most notably marked by a decrease in CD4 percentage [weighted
least squares (WLS); Asian, —20.4%; European, —10.0%; Fisher’s method APryeta:Eisher <
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5.58 x 10716] and an increase in cM (Asian, +11.9%; European, +8.8%; Preta:Fisher < 9.75
x 1077) and Prolif percentages (Asian, +0.55%; European, +0.38%; Preta:Fisher < 1.93 X
1073; Fig. 1C and table S1). Although most changes were correlated between ancestries
(Pearson R =0.97), Asian cases were marked by a greater reduction in CD4 percentage
[loga(fold change) = —0.36, Ays < 5.60 x 107>; Fig. 1D]. Cases not receiving therapy

(V= 21) exhibited changes in composition similar to cases receiving therapy (Pearson
Rasian = 0.89 and Reyropean = 0.92; fig. S2H). Relative to cases not receiving oral steroids
(OS; N=178), cases treated with OS (V= 82) exhibited an increase in CD8 percentage
(Asian, +5.2%; European, +3.9%; Preta:Fisher < 4.23 x 1073) and a decrease in ncM
percentage (Asian, —1.3%; European, —1.0%; Preta:Fisher < 3.54 % 1073; fig. S2F). Cases
treated with azathioprine (AZ, N/= 15) had a decrease in NK percentage (Asian, —4.3%;
European, —=7.7%; Preta:Fisher < 6.68 % 107°) and an increase in PB percentage (Asian,
+0.2%; European, +0.3%; Preta:Fisher < 1.36 x 1073; fig. S2F) relative to cases not receiving
AZ. Cases treated with mycophenolate mofetil (V= 54), hydroxychloroquine (V= 113),
methotrexate (A= 13), or a calcineurin inhibitor (A= 10) did not exhibit significant
differences in composition compared with cases not receiving each of these therapies. These
results suggest that the decrease in CD4* T cell percentages and increase in classical
monocyte percentages in patients with SLE are not due to therapy.

We next assessed whether changes in CD4 and cM percentages were due to changes

in the absolute abundance of either population. We analyzed lymphocyte and monocyte
abundances reported in the UCSF electronic health record (EHR) complete blood count.
Reported abundances in the EHR were highly correlated with the estimated abundances
from mux-seq (Pearson Rlympho = 0.97 and Rmono = 0.87; fig. S2G). Comparing an
additional 100 cases with 154 controls matched for self-reported ancestry, age, and sex,
cases exhibited a significant reduction in lymphocyte abundance [ordinary least squares
(OLS); Asian, —7.4 x 108 cells/liter, Po s < 3.46 x 1079; European, -5 x 108 cells/

liter, Ao s < 1.07 x 1078; Fig. 1E] but no difference in monocyte abundance (Asian,
Pors = 0.61; European, P s = 0.98). To assess whether a causal relationship exists
between lymphocyte decrease and SLE, we performed generalized summary data—based
Mendelian randomizations using summary statistics for genetic associations to immune
cell composition (16, 17). The mediation effect of variants associated with lymphocyte
abundance (Blympho—sLE = —-0.39, Aympho—sLE < 0.008) but not monocyte abundance
(Bmono—sLE = 0.009, Pnono—sLe < 0.92), was negative on SLE risk. A reverse causation
analysis did not show mediation of SLE risk on lymphopenia (Psig—lympho < 0.24,
PsLeE—mono < 0.20; Fig. 1F), although an alternative explanation of horizontal pleiotropy
cannot be excluded.

Decrease of circulating naive CD4* T cells in SLE

Previous studies revealed impaired activation of T and B memory cells and elevated
expression of 1ISGs in lymphocytes from patients with SLE (18). To characterize changes

in frequencies and transcriptomic profiles of lymphoid populations in SLE, we reclustered
lymphoid cells and assigned the resulting 26 clusters to 14 subpopulations (Fig. 2A). Within
non-T cells, we identified two NK and four B cell subpopulations. The NK compartment
consisted of NKgyignt cells expressing high levels of GNVLY and moderate levels of NKG7
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and NKpjn, cells expressing high levels of NKG7and CD16 (FCGR3A) (Fig. 2B). The

B cell compartment consisted of naive cells expressing 7CL 1A (Bnaive), memory cells
expressing BANKI (Bpem), plasma cells expressing MZB1 (Bpjasma), and an atypical
memory subpopulation expressing FCRL5, CD11c, and TBX21 and lacking expression of
CD21 (Baypicals Fig. 2B). Atypical B cells may also contain age-associated B cells that
share some (CD11c*, TBX21*, CD217) but not all of the expression markers [FCRL5 (19)].
As a percentage of lymphocytes, neither NK nor B cell subpopulations significantly differed
by case-control status.

In the CD4" T cell compartment, we identified canonical subpopulations of naive cells
expressing CCR7 (CD4naive), effector memory cells lacking CCR7 expression while
expressing OX40 receptor (TNFRSF4) and /L 7R (CD4gy), and regulatory cells expressing
the canonical transcription factor FOXP3and its direct target RTKNZ2 (20) (CD4geg; Fig. 2,
A and B). Relative to controls, the most pronounced difference in cases was a reduction of
CDA4Naive percentage (WLS; Asian, —21.7%; European, —11.8%; Fisher’s method Preta:Fisher
< 8.63 x 1072; Fig. 2C and table S2), with Asian cases exhibiting significantly more
reduction than European cases (Rys < 5.20 x 107°). No significant association between
CDA4naive percentage and age (Spearman P = 0.76; fig. S3A) or treatment (fig. S3B) was
detected. Cases not on therapy (V= 21) exhibited a similar decrease in CD4pgive percentage
relative to controls (Asian, —25.6%; European, —=9.7%; Prmeta:Fisher < 2.66 x 1077; fig. S3E).

Clonal expansion of cytotoxic GZMH* T cells in SLE

Within the CD8" T cell compartment, we identified naive cells expressing CCR7 (CD8paive)
and three effector memory subpopulations, including mucosal-associated invariant T cells
expressing KLRBIand GZMK (CD8wa ) and two clusters lacking expression of KLRB1
and expressing the chemokine CCL5, effector molecule PRF1, and exhaustion marker
LAG3 (Fig. 2, A and B). The two non-MAIT clusters could be distinguished by the
expression of granzymes (CD8 gy, GZMH and GZMB; CD8 gz GZMK) and mirrored
the NK subpopulations (NKpjm, GZMH and GZMB, NKgyight, GZMK) (Fig. 2B and fig.
S3C). Within the CD8 gz population, 6% were CD4*CD8™ cells according to CD4
surface expression in the subset of samples that were also profiled using DNA-conjugated
antibodies. Relative to controls, the CD8g 74 percentage was significantly increased in
cases (Asian, +8.6%; European, +6.0%:; Prmeta:Fisher < 3.43 X 107%; Fig. 2C and table S2)
and was observed at similar percentages in flaring and untreated cases (fig. S3, C to E).
Additionally, we observed a reduction in CD8ya T percentage in cases (Asian, —1.1%;
European, —0.7%; Preta-Fisher < 6.93 x 107%; Fig. 2C and table S2).

In addition to increased frequency within lymphocytes, CD8 54 cells were a
transcriptionally heterogeneous population with elevated expression of cytotoxic,
exhaustion, and ISG signatures in SLE cases relative to controls (Fig. 2D). The expression
of these signatures was not associated with treatment (fig. S3F). Additionally, only the ISG
signature was inversely correlated with age (Pearson /£ = -0.39, P< 6.57 x 10~7). Across
cells, the correlation between cytotoxic and 1SG signature genes (mean Rpearson = 0.16) and
between cytotoxic and exhaustion signature genes (mean Rpearson = 0.10) were generally
low (Fig. 2E). Thus, in cases, these pathways are unlikely to be jointly activated in the same
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cells. This was in stark contrast to the high correlation between signature genes calculated
across CD8 sz pseudobulk expression profiles from different individuals, highlighting
the limitation of bulk analysis in uncovering additional heterogeneity within a seemingly
homogeneous population (Fig. 2E).

To further investigate the clonality of the CD8 g7y and CD8 g7k populations, we
amplified and sequenced the CDR3 region of the T cell receptor (TCR), recovering paired
TCRA and TCRB sequences from 10.2% of CD4 and 8.7% of CD8 cells with no differences
in the number of unique TCRs detected between cases (V= 83) and controls (V= 20)
(Rwilcoxon = 0.72). Of the expanded CD8 clones, 59% were from CD8 g cells and 21%
from CD8 g~k cells (Fig. 2F). Relative to controls, cases exhibited a restricted repertoire in
CD8 cells (Awjilcoxon < 0.01; Fig. 2G) but not CD4 cells (ARyjilcoxon = 0.91; fig. S3, G and H).
Within the CD8 74 Subpopulation, cells expressing the cytotoxic signature were expanded
at a ~4:1 ratio to cells expressing the ISG signature (44.8% versus 9.7%, Fig. 2H). As a
positive control, clones expressing the invariant TRAVI-2and TRAJ33 chains were enriched
within the CD8ya T cluster relative to other cell types (Tukey’s HSD P< 0.001; fig. S3I).

Expression changes across 11 peripheral immune cell types in SLE

Bulk transcriptomic analyses of PBMCs have consistently reported the association between
SLE and elevated expression of 1SGs, which is normally observed during acute viral
infections (21). Longitudinal bulk analysis of 158 pediatric cases confirmed elevated
expression of ISGs in patients with more severe acute presentations and increased renal

and neurological involvement (3). However, bulk analysis has limited power to pinpoint the
cell types producing the ISG signature or to identify additional cell type—specific signatures.
Recent analysis of 33 pediatric cases demonstrated the potential of SCRNA-seq to assign cell
type specificity to previously identified 1ISGs from bulk analysis (6).

Transcriptional differences were characterized for each of 11 circulating immune cell types
between SLE cases and controls. We found that 302 genes were differentially expressed
(DE) in at least one cell type between cases and controls of either Asian or European
ancestry, not confounded by medication [|log(fold change)| > 0.5; Pygjusted < 0.05; table

S3 and fig. S4, A and G]. Hierarchical clustering of pseudobulk expression profiles of
these DE genes across cell types resulted in six modules (Fig. 3A). Relative to controls,
cases up-regulated the expression of a module of 1SGs across all cell types (Panyp) and a
myeloid-specific module (Myep) containing /FITM1/3, IFITM3, APOBEC3A, RNASEZ,
and /F/72. Both modules were enriched for type 1 interferon signaling and innate immune
pathways (Fig. 3B). Additionally, we identified a down-regulated module across all cell
types enriched for the interaction between lymphoid and non-lymphoid cells (Pangown),

a myeloid-specific down-regulated module (Myegown) enriched for hedgehog signaling, a
T cell-specific up-regulated module (Typ) enriched for leukocyte activation, and a B cell-
specific up-regulated module (Byp) enriched for AP-1 transcriptional response and Toll-like
receptor signaling (Fig. 3B).

Our results were validated by single-cell transcriptomic analyses of PBMCs activated in
vitro by recombinant interferon-g (rIFNB1) (8) and from pediatric patients with SLE (6).
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For each cell type, particularly myeloid populations, expression fold changes between cases
and controls were highly correlated with fold changes between rIFNB1-stimulated and
unstimulated cells (fig. S4B). Of the 100 1SGs previously identified from bulk analysis and
analyzed in pediatric SLE (6), 64 were DE in at least one cell type and mainly resided

in the Pany, (46/79) and Mye, (8/64) modules. Interestingly, 11 genes were DE only
across PBMC pseudobulks, illustrating a likely confounding effect of bulk analysis due to
differences in cellular composition between cases and controls (table S4). The large sample
size of our cohort resulted in the identification of 238 previously undescribed DE genes in
adult SLE, 56 of which were myeloid-specific.

Pronounced type 1 interferon response in classical monocytes

Myeloid cells exhibited the most DE genes between cases and controls, consisting of
known and novel genes associated with SLE. To further investigate their heterogeneity,

we reclustered myeloid cells into six clusters differentiating the monocyte lineage (cM,
CD14" classical; ncM, FCGR3A* nonclassical; NcMcomp, CIQATIFCGR3A' complement-
expressing nonclassical) and the dendritic cell lineage (cDC1, CLEC10A* conventional
type 1; cDC2, CLECIA* conventional type 2; pDC, /RF7* plasmacytoid; Fig. 3, C and

D, and fig. S4, C and D). Although pDCs can derive from either myeloid or lymphoid
progenitors, their expression profiles were more similar to, and thus jointly analyzed with,
other myeloid populations (22). We also detected AXL* dendritic cells within both cDC1s
and pDCs, consistent with their suggested distribution as a transitioning population between
cDCs and pDCs (23) (fig. S4E). As a percentage of myeloid cells relative to controls, cases
exhibited reduced percentages of pDCs (WLS; Asian, —0.6%; European, —1.8%; Fisher’s
method Preta:Fisher < 2.33 X 10724), cDC1s (Asian, —2.0%; European, —1.9%; Preta:Fisher <
2.65 x 10714), and cDC2s (Asian, —0.2%; European, —0.1%; Preta:Fisher < 2.51 x 10~7) and
increased percentages of cMs (Asian, +3.6%; European, +3.7%; Preta:Fisher < 1.78 X 107°)
and ncMcompS (Asian: +0.5%; European, +0.2%; Ameta:Fisher < 1.67 x 1073; Fig. 3E and
table S5).

Next, we used RNA velocity to assess the transcriptional heterogeneity of each myeloid cell
type along a trajectory of inferred activation (24, 25). In cMs, ncMs, and NcMcompS, Velocity
analysis of DE genes revealed that inferred activation largely reflected the degree of average
ISG expression (Myeyp; Fig. 3F) with regions of high activation enriched for cells from
SLE cases (Fig. 3G). These results were similar in cDC populations (fig. S4F). Ordering
cMs along inferred activation showed higher activation from cases with higher SLE Disease
Activity Index (SLEDAI) (26) defined using clinical features (¢test; Asian, P<5 x 1074;
European, P< 3.2 x 1077; Fig. 3H). The average inferred activation was better correlated
with SLEDAI in European(Apearson = 0.66) than in Asian cases (ARpearson = 0.52; Fig. 31). A
wide range of average inferred activations were observed in patients of either ancestry with
lower disease activity (SLEDAI between 0 and 4), which suggests that clinical measures
underlying SLEDAI do not fully capture the molecular heterogeneity of SLE.
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Expression modules enable clinical prediction and patient stratification

Previous work in mouse models has shown that type 1 interferons up-regulate the expression
of CD69, thereby inhibiting lymphocyte egress from lymphoid tissue (27). We hypothesized
that the pleiotropic effects of type 1 interferons in patients with SLE may underlie the
monocyte-dominant expression of 1SGs and inhibit CD4* T cells from exiting lymphoid
tissue, resulting in the observed decrease of circulating naive CD4* T cells. Consistent with
this hypothesis, both the Pan,, and Mye,, gene module scores were highly correlated with
CD4njaive abundance (Asian, Pearson Rpanyp = —0.52; European, Rpanup = =0.57; Preta:Fisher
<1.04 x 1073; Asian, Rwyeup = —0.35; European, Ruvyeup = —0.48; Preta:Fisher < 0.02; Fig.
4A and fig. S5A).

One of the diagnostic difficulties of SLE is the extensive heterogeneity in disease
manifestations. Consistent with this heterogeneity, individual clinical features weakly
correlated with module scores (Fig. 4B). We therefore used the expression of individual
module genes over pseudobulks of the relevant cell types as features for clinical prediction
and molecular stratification of SLE. Although the 302 expression features had good out-of-
sample predictive power for case-control status [area under the curve (AUC) = 0.84; Fig.
4C], they had only modest predictive power for individual clinical features, reflective of the
modest correlation between clinical features and module scores (Fig. 4D and fig. S5B). To
molecularly stratify cases, we performed principal components analysis (PCA) of expression
features followed by K-means clustering to identify two clusters that broadly separated
donors by case-control status (Fig. 4E), severity of SLEDAI score (Fig. 4F), and along
principal component 1 (PC1). Cases in the High cluster had significantly higher inferred
activation of monocytes relative to cases in the Low cluster (Apiicoxon < 6.20 x 1079; fig.
S5C). PC1 correlated most with genes in the Pany,, Myeyp, and By, modules, including

the myeloid-specific expression of /F/TM3, a gene previously described to stratify pediatric
SLE cases (3) (Fig. 4E). To assess the correspondence between molecular clusters and
clinical features, we projected 94 held-out cases each to a molecular cluster on the basis of
expression features (Fig. 4G). Cases assigned to the High cluster were enriched for disease
flare (15/19 flare cases, fig. S5D) and portended a factor of 5 increase in the odds of having
anti-Smith antibodies (Pagjusted:Fisher < 0.05; Fig. 4H). These results show that cell type—
specific expression profiles obtained using mux-seq can be used to link cell-intrinsic states
with changes in composition, predict case-control status, and molecularly stratify patients
with SLE.

Identification of cell type—specific cis-eQTLs across eight immune cell

types

We next integrated mux-seq data with genotyping data to map cell type— and cell context—
specific cis—expression quantitative trait loci (cis-eQTLs) that may mediate SLE disease
associations. Across the eight most abundant cell types, linear regression followed by meta-
analysis (28, 29) of three cohorts (92 CLUES Europeans, 98 CLUES Asians, 46 ImmVar
Europeans) identified 3331 genes with at least one cis-eQTL in a cell type [false discovery
rate (FDR) < 0.05], which we termed cell type-by—cell type cis-eQTLs (CBC-eQTLs) (table
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S6). Analysis of the genetic architecture of gene expression (30) resulted in estimates of
average cis heritability ranging from 0.03 to 0.09 per cell type and average cis genetic
correlations (rG) ranging from 0.25 to 0.75 for pairs of cell types. Because cells were
simultaneously processed, we also estimated shared residual effects (rE) between cell types
(e.g., shared environmental and trans-genetic effects) ranging from 0.03 to 0.12. Clustering
of rG and rE reflected known lineages between circulating immune cell types (Fig. 5A).

The rG and rE estimates suggest that pleiotropic genetic and shared residual effects are
common across immune cell types, which may confound the ability to detect cell type-
specific signals among CBC-eQTLs. To account for pleiotropy, we decomposed per—cell
type expression profiles into a shared component across all cell types and eight cell type—
specific components, then mapped cis-eQTLs associated with each component (31). We
identified 535 genes with at least one cell type—specific cis-eQTL (cs-eQTL) (FDR < 0.05)
and 1207 shared cis-eQTLs (sh-eQTLs) (Fig. 5B and table S7). The effect sizes of CBC-,
sh-, and cs-eQTLs were correlated between individuals of European and Asian ancestries
(fig. S6, A and B), which separated by genotype principal components (fig. S6C). Relative
to CBC-eQTLs, cs-eQTLs for each cell type were significantly and specifically enriched
for regions of chromatin accessibility in the same or closely related cell types (32), which
suggests that decomposition analysis is more likely to identify cis-eQTLs overlapping cell
type—specific cis-regulatory elements (Fig. 5C).

Identification and annotation of cell type—specific SLE-associated loci

We next integrated GWAS summary statistics from nine immune-mediated and seven non—
immune-mediated traits/diseases to identify cell types where cs-eQTLs harbored the most
GWAS associations. Linkage disequilibrium (LD) score regression (33) revealed enrichment
of disease heritability for relevant cell types across autoimmune diseases (Fig. 5D). The
highest enrichment for SLE variants was in cMs and B cells, consistent with our finding
that cMs are the highest expressers of type 1 ISGs and with previous work demonstrating
that activated B cells produce autoantibodies and secrete cytokines related to disease
pathogenesis (34, 35) (Fig. 5D).

We next performed Bayesian genetic colocalization analyses using sh- and cs-eQTLs to
fine-map 43 loci associated with SLE (4, 36). Among the five loci colocalized with sh-
eQTLs [posterior probability (PP) > 0.6] was the UBEZL 3 locus. Previously identified
UBEZL 3cis-eQTLs in lymphoblastoid cell lines, B cells, and monocytes were replicated
by colocalization analysis using CBC-eQTLs (B, cM, ncM; PP > 50%). However, analysis
using sh- and cs-eQTLs predicted colocalization of the SLE association and an UBELZL3
sh-eQTL (PP = 88.5%), which suggests that this association is shared across cell types (fig.
S6D).

Among the seven SLE-associated loci colocalizing with cs-eQTLs was 17921, a locus
associated with asthma (37), Crohn’s disease (38), and type 1 diabetes (39). This locus has
been difficult to dissect as it encompasses three genes, /IKZF3, GSDMB, and ORMDL3,
implicated in lymphocyte development (40), pyroptosis (41), and inflammation (42).
ORMDL3, a regulator of sphingolipid biosynthesis, is linked to the autophagy pathway
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associated with multiple autoimmune diseases (43) and is implicated in the development
and differentiation of lymphocytes in SLE pathogenesis (44). ORMDL 3 was ubiquitously
expressed across cell types with the highest expression in lymphoid populations (Fig. 5,

E and F). Colocalization was predicted between SLE associations and both ORMDL3
sh-eQTLs (PP > 88%) and cs-eQTLs in Bs, CD8s, and pDCs (PP > 96.1%, 92.0%, and
92.1%, respectively) (Fig. 5G). Although GSDMB and IKZF3were also expressed in most
cell types (Fig. 5F), neither gene had a cs-eQTL and the highest posterior probability of
colocalization was observed between SLE associations and GSDMB sh-eQTLs at 63.8%.
Further, conditional analysis (45) confirmed that the SLE associations observed near /KZF3
(Fig. 5G) were independent of the GSDMB and ORMDL 3 associations, and that the
conditioned SLE associations still colocalized with the ORMDL 3 cs- and sh-eQTLs. The
minor allele (T) of rs7216389, a tagging variant in the locus associated with asthma and SLE
(P<6.09 x 1077) (4), conferred an increase of GSDMB and ORMDL 3 expression across all
cell types, but an additional increase of ORMDL 3 expression in CD8s and Bs that suggested
cell type—specific genetic effects in these cell types was not observed for GSDMB (Fig. 5G).
These results are consistent with previous observations in CD8s and Bs where SNPs in high
LD with rs7216389 impacted regulatory elements affecting ORMDL 3 expression (46).

We further used expression decomposition to perform a modified transcriptome-wide
association study (TWAS) using CONTENT (47). Across SLE, Crohn’s disease, and
rheumatoid arthritis, joint modeling of shared and cell type—specific gene expression
identified 93 genes associated with SLE (73 novel), more than twice the number identified
by CBC approaches (Fig. 5H). Results were significantly enriched for known SLE
associations where 51% of candidate genes, defined as the most proximal gene to each
SLE association (6), were replicated in the TWAS with £< 0.05 (Penrichment < 1.2 X
10~24). Both the joint and CBC analyses enabled by mux-seq significantly outperformed a
standard TWAS using pseudobulk PBMC transcriptomic profiles. These analyses highlight
the advantage of leveraging cell type—specific cis-eQTLs to annotate GWAS associations,
detangle GWAS signals in gene-dense loci, and power TWAS analysis to identify novel
associations.

Modification of genetic effects on gene expression by interferon activation

We next assessed whether variable type 1 interferon activation observed in patients with SLE
could modify genetic effects on gene expression in vivo, consistent with our previous in
vitro work (11, 48). In SLE cases, we identified 35 genes with a cis-eQTL interacting with
the Pany, ISG signature, a proxy for type 1 interferon activation, which we call IFN-eQTL
(FDR < 0.1). IFN-eQTL effect size estimates correlated between samples of Asian and
European ancestries (fig. S7). Previous interferon response cis-eQTLs (reQTLs) identified in
monocyte-derived dendritic cells in vitro (48) were significant in cMs but not in other cell
types (Fig. 6A).

Among the IFN-eQTLs, we replicated rs11080327 (A>G) as an IFN-eQTL for SLFN5in
myeloid (cM, P< 2.5x 10719; ncM, P< 0.001) and B cells (P< 5.8 x 1075) but not in NK or
T cells (Fig. 6B). These results are consistent with the identification of rs11080327 as a cis-
eQTL in lymphoblastoid cell lines (49) and as a cis-reQTL in monocyte-derived dendritic
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cells stimulated with rIFNB1 (11). We then performed multiplexed single-cell ATAC-seq of
PBMCs from five healthy donors either unstimulated or stimulated with rIFNB1. In most
cell types, we observed less accessibility in genomic regions near rs11080327 at baseline
and a genotype-dependent increase of accessibility after stimulation (Fig. 6C). This was
most pronounced in cMs, where the strongest IFN-eQTL was observed. These results are
consistent with luciferase reporter assays that reveal the region overlapping rs11080327 to
be harboring a cis-regulatory element that is activated in response to type 1 interferon (11).
Overall, our findings illustrate that variability in cell activation in vivo could modify genetic
effects on gene expression, which in turn suggests that genetic differences may not only
predispose individuals to SLE but may also affect an individual’s response to a disease state.

Discussion

SLE remains a challenging autoimmune disease to diagnose and treat. The paucity of
targeted therapies, in conjunction with the heterogeneity of disease manifestations and
treatment response, highlight the need for improved molecular characterization. In a large
ancestrally diverse cohort, we demonstrated the use of mux-seq as a systematic approach

to characterize changes in cell type composition and cell type—specific gene expression in
adult SLE. We further showed how integration of population genetics with single-cell RNA
sequencing could be used to annotate genetic variants with cell type—specific effects on gene
expression associated with SLE and other autoimmune diseases.

Using mux-seq, we linked compositional changes to variation in immune cell transcriptional
states in SLE. Compositionally, the decrease of naive CD4" T cells in cases, particularly
those of Asian ancestry, appears to explain the known lymphopenia observed in patients
with SLE and importantly was not associated with immunosuppressant treatment, consistent
with reports suggesting that mycophenolate mofetil, hydroxychloroquine, and steroids have
either no or transient effects on the composition of white blood cells (50). Transcriptionally,
cMs and ncMs produced the most prominent type 1 ISG signature, including genes specific
to myeloid cells, consistent with observations in pediatric SLE (6). This finding justifies
further investigation into the heterogeneity of type 1 interferon response across leukocyte
subsets, particularly in SLE patients being treated with antagonists against the type 1
interferon receptors that have shown mixed results in clinical trials (51). Although both
cDCs and pDCs also express I1SGs, their scarcity in circulation limited their contribution to
the overall ISG signature. We did not detect /FNBI or /FNA transcripts in pDCs or other
myeloid cell types; thus, the source of type 1 interferons in SLE remains elusive and is likely
not among circulating immune cells (52). The inverse correlation between naive CD4* T cell
abundance and monocyte I1SG expression suggests the following model of the pleiotropic
effects of type 1 interferons in vivo: ISGs are produced through the interferon signaling
cascade and T cells are sequestered at sites of inflammation through the regulation of CD69
and SIPRI(27). Whereas age was inversely correlated with the 1SG signature, consistent
with previous reports, naive CD4 T cell abundance was not correlated with age and remains
inversely correlated to the ISG signature after adjusting for age (53). Thus, age is likely

not a primary factor for causing SLE, consistent with healthy female first-degree relatives
showing a similar inverse correlation between age and serum IFN-a (7). Matched profiling
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of cells from disease-damaged tissue and blood in cases could further shed light on the
source of type 1 interferons and confirm the role of lymphocyte trafficking in SLE.

A striking observation from our data is the expansion of GZMH" but not GZMK" cytotoxic
CD8* T cells in SLE, in some cases consisting of ~50% of all lymphocytes. Two cytotoxic
CD8* T cell populations were also observed in pediatric SLE (6), but the frequency of
GZMH' CD8* T cells was not reported to be significantly increased despite elevated
expression of GZMB and PRF1, which may originate from both GZMH" CD8* T and
NKgim cells. Although GZMB and PRFI have been described as markers for CD8* T

cell subsets enriched in SLE (54), GZMH was higher expressed, more ubiquitous, and
more differentially expressed between cases and controls. The function of granzyme-H

is not well characterized, but previous work demonstrated its divergent roles in initiating
caspase-dependent apoptosis in T cells while initiating caspase-independent apoptosis in
NK cells (55, 56). The significant clonal expansion of GZMH" CD8" T cells, specifically
within the cytotoxic subpopulation, suggests a pathogenic role for these cells in SLE and
is consistent with independent work (54). One model for the initiation and exacerbation

of SLE suggested by these results is an adaptive immune response initiated by foreign

and autoantigens followed by chronic exposure to antigens in damaged tissue, resulting

in “epitope spreading,” where new autoantigens are introduced to the immune system and
become future targets of the autoimmune response (57). Analysis of immune repertoires
of both B and T cells and matching analysis of their antigenic specificity of SLE patients
longitudinally would be instructive for deciphering the role of cell-mediated immunity in
pathogenesis.

Integrating measurements of cellular composition and cell type—specific expression with
genotyping provided an opportunity to assess the genetic determinants of cell type— and cell
context—specific gene expression and ascribe functionality to SLE-associated variants. In
the presence of pleiotropic effects, mux-seq enabled the decomposition of gene expression
into shared and cell type—specific components and mapping of cis-eQTLs associated

with these components. Enrichment analyses of orthogonal functional genomic datasets
supported the annotation of cell type—specific cis-eQTLs. Integrated analysis of GWAS
data and cell type—specific cis-eQTLs provided insight into immune cell types that mediate
disease associations; for individual loci, it enabled the fine-mapping and annotation of
disease-associated variants. Using decomposed expression components also significantly
improved our ability to identify novel disease-associated genes using TWAS compared

to using pseudobulk expression profiles over PBMCs or individual cell types. Finally,

using quantitative measures of interferon activation from mux-seq, we identified cis-eQTLs
whose effects on gene expression could be modified by elevated interferon levels, a critical
disease environment in SLE. These results highlight the importance of cellular context

for the interpretation of genetic variants associated with disease risk and perhaps disease
heterogeneity.

Mux-seq is a cost-effective and systematic approach for enabling cellular phenotyping
of large population cohorts. Genetic analysis of cohorts across populations is important
for understanding the differences in SLE risk between ancestries and the involvement
of environmental triggers. Longitudinal profiling of SLE cases, particularly patients in
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remission or active flare, could reveal new insights into the initiation of disease, variation

in disease activity, new homeostatic states in patients, and response to treatment. Although
we examined and controlled for treatment-associated differences in cellular composition and
cell type—specific expression between SLE and healthy controls, we did observe notable
effects of treatment including the depletion of NK cells in patients treated with azathioprine.
Because mux-seq leverages natural genetic variation as sample barcodes, it is compatible
with multimodal single-cell profiling of chromatin state and cell surface protein abundance.
The integration of richer epigenetic and cellular phenotypes along with improvements to
current transcriptomic workflows will undoubtedly improve molecular subphenotyping of
SLE, the power to detect cell type—specific and cell context—specific molecular QTLs, and
the resolution for annotating SLE associations.

Methods summary

Detailed materials and methods can be found in the supplementary materials. Briefly,
we collected PBMCs from SLE cases in the California Lupus Epidemiological Study
(CLUES) cohort, matching healthy controls from the UCSF Rheumatology Clinic, and
additional controls from the Immune Variation Project (ImmVar). Presence of clinical
features important to SLE were recorded.

Antibody-stained or unstained PBMCs were pooled and profiled using 10x Genomics’
Chromium Single Cell 3" V2 chemistry and processed using the 10x Cell Ranger pipeline.
Freemuxlet was used to assign cells to their donor of origin and, along with Scrublet (13),
remove doublets. Platelets, megakaryocytes, and red blood cells were removed using gene
markers. Technical variation was removed using COMBAT and regressing out nUMIs, and
mitochondrial percent. Standard approaches in Scanpy version 1.6 were used to filter cells,
perform dimensionality reduction, cluster using Louvain, and project cells using UMAP
(58). Cell types were annotated using canonical marker genes and confirmed in cells with
antibody staining.

For each cell type, percentage is calculated as the number of cells divided by the total
number of cells assigned to the sample. Differences in percentages were compared using
weighted least squares. UCSF electronic health record queries compared individuals with
multiple heathy encounters and cases with a M32.* ICD-10 code. Mendelian randomization
was performed using the GSMR package version 1.91.5beta on UK Biobank cell count
QTLs and a separate SLE study (4). To examine changes in expression, pseudobulk
expression profiles were computed for each cell type and individual using EdgeR EdgeR
was used to perform differential expression analysis (59). CD8 gz Signature scores were
calculated using Scanpy score_genes on canonical markers. Module scores per individual
were calculated by the mean pseudobulk expression for genes in each module. Coexpression
analysis was performed on the top 300 DE genes, and clustered by Spearman correlation.
Expression modules were recovered by hierarchical clustering of DE genes, revealing six
modules. ToppGene was used to find enrichment of modules in pathways (60). Molecular
clusters were defined using PCA. RNA velocity was performed on cM using the scVelo
package. Sklearn’s Logistic Regression function was used for all prediction models.
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TCR sequencing was performed by amplifying TRA and TRB CDR3 sequences from cDNA
and processed with the Cell Ranger pipeline. Only cells with paired TRA and TRB were
used. TCRs were analyzed with the singleTCR package. Expanded clonotypes, defined as

a TCR sequence detected in at least two cells, were identified using normalized Shannon’s
entropy.

Samples collected at UCSF were genotyped using the Affymetrix World LAT array. ImmVar
samples were genotyped on the OmniExpressExome54 chip. Data were processed using
Axiom Best Practices or by previously published methods for the ImmVar cohort. Samples
were evaluated for call rate, missingness, and heterozygosity, then imputed using the
Michigan Imputation Server with the Haplotype Reference Consortium version 1.1 reference
set. Only SNPs with Rsg > 0.3 and minor allele frequency > 10% were retained. Heritability
was calculated with the GCTA package’s Bivariate GREML function. Cis-eQTLs were
mapped £100 kb of each gene using the MatrixEQTL package accounting for genotype

PCs, expression PCs, age, sex, SLE status, and batch as covariates in the linear model.

Cell type—specific eQTLs were mapped using the fastGxC method (31). CLUES Asian,
CLUES European, and ImmVar samples were analyzed separately, then meta-analyzed using
the METASOFT package. Empirical P values and FDRs were calculated with the gvalue
package. LocusZoom was used to visualize loci. SLE cases were analyzed for reQTLs with
MatrixEQTL using the ISG score as an interaction term and accounting for genotype PCs,
age, sex, and batch.

ATAC-seq enrichment was calculated using a Mann-Whitney test and previously published
ATAC-seq peaks from sorted cell types. GWAS enrichment was calculated using LDscore
regression (33). TWAS analyses were performed using CONTENT (47). Colocalization
analyses were performed with COLOC (36).

The 10x Chromium scATAC-seq kit was used to process PBMCs from five healthy
individuals incubated for 8 hours with IFNB or culture media alone. Sequencing data were
processed with CellRanger and demultiplexed with Free-muxlet. The ArchR package and
Scanpy were used for downstream processing (61).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Analyzing immune system gene expression

Diseases involving the immune system are heritable, but it is unknown how genetic
variation contributes to different diseases. To identify how implicated loci affect gene
expression in immune cells from individuals from different populations, two groups
performed single-cell RNA sequencing of immune cells, with each study investigating
hundreds of individuals and more than 1 million immune cells (see the Perspective

by Sumida and Hafler). These studies examined both proximal (cis) and distal (trans)
genetic variants affecting gene expression in 14 different immune cell types. Perez

et al. studied healthy individuals of both European and Asian descent, as well as
individuals diagnosed with systemic lupus erythematosus. Yazar et al. performed a
population-based study investigating how segregating alleles contribute to variation in
immune function. Integrating these data with autoimmune disease cohorts identifies
causal effects for more than 160 loci. Both studies observe how gene expression patterns
are cell-type and context specific and can explain observed variation in immune cell
function among individuals. Both studies also identify causal links between genome-
wide analyses and expression quantitative trait loci, identifying potential mechanisms
underlying autoimmune diseases. —LMZ
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Fig. 1. Changes in composition of circulating immune cells in SLE.
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(A) UMAP and assignment of 1.2 million cells to 11 cell types: classical and nonclassical
monocytes (cM and ncM); conventional and plasmacytoid dendritic cells (cDC and pDC);
CD4* and CD8* T cells (CD4 and CD8); natural killer cells (NK); B cells (B); plasmablasts
(PB); proliferating lymphocytes (Prolif); CD34" progenitors (Progen). Subclustering of
lymphoid (orange box) and myeloid (blue box) cell populations. (B) Cell density plots of
cases and controls separated by ancestry. (C) Percentage () axis) versus case-control status
(xaxis) for each cell type separated by ancestry. Cell types with significant percentage
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changes between cases and controls are highlighted. *Pygjusted < 0.05 [weighted least
squares (WLS)]; blue bar indicates significant meta-analysis by Fisher’s method. (D)
Correlation in percentage change versus controls between European (x axis) and Asian

(v axis) cases. Colors are the same as in (C). (E) Monocyte (top) and lymphocyte (bottom)
abundances () axes) versus case-control status (x axis) from the UCSF EHR. Significant
differences between cases and controls are highlighted. *Pygjusted < 0.05 (OLS). (F)
Scatterplot of effect sizes on SLE status () axis) versus effect sizes on monocyte (top)

or lymphocyte (bottom) abundance (x axes) for genetic variants associated with both traits
reported (4, 17). ECTL, European control; ESLE, European case; ACTL, Asian control;
ASLE, Asian case.
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Fig. 2. Reduction of naive CD4" and expansion of cytotoxic CD8" T cells in SLE.
(A) UMAP of lymphoid cells reclustered into 14 subpopulations: naive, effector memory,

and regulatory CD4* T cells (CD4yaive: CD4gM, CD4Reg); naive, GZMH" cytotoxic,
GZMK" cytotoxic, and mucosal-associated invariant CD8* T cells (CD8naive» CD8 gz
CD8Gznk, CD8\arT); CD56PM9M and CD569M natural killer cells (NKgright, NKpim);
naive, memory, plasma, and atypical B cells (Bnajve, Bmem: Bpiasma: Batypical); and
CD34* progenitors (Progen). (B) Expression of marker genes (columns) used to annotate
each subpopulation (rows) colored by normalized expression level. (C) Percentage (y
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axis) versus case-control status (x axis) for each lymphoid subpopulation separated by
ancestry. Subpopulations with significant percentage changes between cases and controls are
highlighted. * Pygjusted < 0.05 (WLS); blue bar indicates significant meta-analysis by Fisher’s
method. (D) Density plot showing average expression of cytotoxic, exhaustion, and type 1
interferon—stimulated gene (ISG) signatures in CD8 g4 cells (top) and across individuals
(bottom) separated by case-control status and ancestry. *£ < 0.05 (WLS). (E) Coexpression
of top 300 differentially expressed genes between cases and controls in CD8 5z cells
computed across single cells (lower triangular matrix) or across donor-specific pseudobulk
expression profiles (upper triangular matrix). (F) All (light pink) and expanded (red) TCR
sequences detected shown on UMAP of all cells (left) and GZMH" cells (right). (G)
Normalized Shannon’s entropies of CD8* TCR repertoire diversity () axis) in cases and
controls (xaxis). *P< 0.05 (WLS). (H) Percentage of expanded CD8* TCRs identified as
GZMH" cells expressing cytotoxic, 1SG, and exhaustion signatures, GZMK* cells (GZMK),
and all other cells (Rest). ECTL, European control; ESLE, European case; ACTL, Asian
control; ASLE, Asian case.
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Fig. 3. Type 1 interferon-stimulated gene expression of myeloid cells in SLE.
(A) Heatmap of pseudobulk gene expression profiles of 302 differentially expressed genes

detected in at least one of 11 cell types. For each gene, colored row bars indicate cell types
in which it was differentially expressed. Colored columns indicate cell type, case-control
status, and ancestry. Labeled modules were identified using hierarchical clustering. (B) Top
GSEA (gene set enrichment analysis) pathway enrichment results for each module. Each
dot color represents the —log(g) value; dot size represents the number of genes overlapping
with the gene ontology. (C) Identification of six myeloid cell types including classical,
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nonclassical, and complement-expressing nonclassical monocytes (cM, ncM, NcM¢omp),
conventional type 1, conventional type 2, and plasmacytoid dendritic cells (cDC1, cDC2,
pDC). (D) Marker genes used for annotating each cell type. (E) Percentages of myeloid cells
() axis) versus case-control status and ancestry (x axis) for each myeloid sub-population.
Myeloid subpopulations with significant percentage changes between cases and controls are
highlighted. *P< 0.01, ***P < 0.0001 (WLYS); blue bar indicates significant meta-analysis
by Fisher’s method. (F and G) RNA velocity stream plots for cM (right UMAP) and ncM
and ncMgomp (left UMAP) subpopulations colored by the average expression of Myey,
genes enriched for type 1 ISGs (F) and the relative density of cells from SLE cases versus
healthy controls (G). (H) Distribution of the degree of inferred activation for individuals
across disease activities (HC, healthy controls; inactive, SLEDAI between 0 and 4; active,
SLEDAI of 5 or more). (I) Average inferred activation across cells per sample () axis)
versus disease activity (xaxis) for Asian (left) and European (right) samples separately.
ECTL, European control; ESLE, European case; ACTL, Asian control; ASLE, Asian case.
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Fig. 4. Prediction of disease status and molecular stratification of SLE.

(A) Correlation between logyg(expression of Panyp) (xaxis) and log;o(abundance of
CD4pgive cells) in processing batch 4 cases only. (B) Correlation matrix between average
expression of each of six gene modules and clinical features. (C and D) Receiver operating
curve for out-of-sample (OOS) prediction of case-control status (C) and individual clinical
variables (D) using a logistic regression model trained on 302 expression features. Inset
depicts the most important molecular features inferred by the model, colored by the module
to which each feature belongs. (E) Principal components analysis of training set based
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on 302 expression features. Green, control; red, case. Heatmap shows the top 25 most
correlated expression features to molecular principal component PC1. Expression was
binned and averaged across 24 equal steps across molecular PC1. K-means clustering of
samples based on principal components yielded two molecular subphenotypes (Low, High).
(F) Distribution of SLEDAI scores () axis) for each molecular subphenotype (x axis) in

the training cases. *P < 0.05 (Wilcoxon rank-sum test). (G) Projection of OOS test set

onto molecular PC1 and PC2 and colored by case-control status (left) and molecular cluster
membership (right). Heatmap shows the top 25 most correlated expression features to
molecular PC1 in the test set. (H) Odds ratio of having a clinical feature given membership
in the High molecular cluster versus the Low molecular cluster.
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Fig. 5. Cell type-specific genetic determinants of gene expression.
(A) Cis-genetic correlation (rG; lower triangular plot), shared residual correlation (rE; upper

triangular plot), and heritability (h2; diagonal) of eight cell types and PBMCs. Cis is
defined 100 kb within the transcription start site. (B) Manhattan plots of shared eQTLs
(sh-eQTLs; black) and cell type—specific cis-eQTLs (cs-eQTLs; colored) determined by
mapping cis-eQTLs associated with shared and cell type—specific expression components
from decomposition analysis. Associations are reported as —logqg(# value) () axis) ordered
by chromosomes (x axis). (C) Enrichment of cs-eQTLs (left) and cell type-by—cell type
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eQTLs (CBC-eQTLs; right) for disjoint sets of cell type—specific regions of open chromatin.
*pP<0.01, **P<0.001, ***P< 0.0001 (Mann-Whitney test). (D) Enrichment of shared

or cs-eQTLs among GWAS associations for seven non—-immune-mediated (CAD, coronary
artery disease; BMI, body mass index; T2D, type 2 diabetes; SCZ, schizophrenia; BP,
bipolar disease; AD, Alzheimer’s disease) and nine immune-mediated diseases or traits (UC,
ulcerative colitis; RA, rheumatoid arthritis; PBC, primary biliary cirrhosis; MS, multiple
sclerosis; 1BD, inflammatory bowel disease; SLE, systemic lupus erythematosus). The
Bonferroni corrected significance threshold is shown as a black line. (E and F) Boxplots

of decomposed shared and cell type—specific expression of ORMDL3 (E) and GSDMB

(F) in all individuals grouped by genotype for rs7216389. *COLOC posterior probability

> 0.7. (G) LocusZoom plots of SLE GWAS, sh-eQTLs, and cs-eQTLs associated with
ORMDL3 (red) and GSDMB (blue) expression. (H) Number of associations identified

by a modified transcriptome-wide association analysis (TWAS) using decomposed shared
and cell type—specific expression matrices (blue), CBC expression matrices (green), or
pseudobulk PBMCs (red).
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Fig. 6. Interferon modifies cell type—specific genetic effects on gene expression.
(A) Quantile-quantile plot of expected —logqo(P value) (x axis) versus observed —logo(P

value) () axis) of cis-IFN-QTLs (solid circles). Previously identified (48) response-QTLs
(reQTLs) from monocyte-derived dendritic cells are highlighted (open triangles). (B)
Normalized expression of SLFN5expression () axis) versus ISG score (x axis) separated
by rs11080327 genotype (color). Line indicates best linear regression fit for each genotype.
(C) Gene locus plot of SLFN5scATAC-seq peaks for six peripheral immune cell types

in unstimulated and rIFNB1-stimulated conditions, separated by genotype. Location of
rs11080327 is indicated.

Scilence. Author manuscript; available in PMC 2022 July 20.



	Abstract
	Graphical Abstract
	A census of circulating immune cells in SLE
	Compositional analysis reveals CD4+ T cell lymphopenia in SLE
	Decrease of circulating naïve CD4+ T cells in SLE
	Clonal expansion of cytotoxic GZMH+ T cells in SLE
	Expression changes across 11 peripheral immune cell types in SLE
	Pronounced type 1 interferon response in classical monocytes
	Expression modules enable clinical prediction and patient stratification
	Identification of cell type–specific cis-eQTLs across eight immune cell types
	Identification and annotation of cell type–specific SLE-associated loci
	Modification of genetic effects on gene expression by interferon activation
	Discussion
	Methods summary
	References
	Fig. 1.
	Fig. 2.
	Fig. 3.
	Fig. 4.
	Fig. 5.
	Fig. 6.

