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Materials and Methods

Sample preparation

Informed consent was obtained from all patients sequenced in this study. 162 SLE
cases were collected from the California Lupus Epidemiological Study (CLUES) cohort,
including 19 samples from SLE cases in an active disease flare and 10 matched samples
post-flare treatment, and 49 matching healthy controls were collected from the UCSF
Rheumatology Clinic. These studies were approved by the Institutional Review Board of
the University of California, San Francisco (17-22228). Peripheral blood mononuclear
cells were isolated from patient donors, Ficoll separated, and cryopreserved by the UCSF
Core Immunologic Laboratory (CIL). Frozen peripheral blood mononuclear cells from 46
healthy controls were obtained from consented donors and processed using published
protocols from the Immune Variation project (ImmVar).

PBMC processing, RNA and antibody-derived tags (ADT) library preparation, and
sequencing

Frozen PBMCs were profiled in 23 pools across four processing batches for a
total of 355 samples including 94 replicates and 10 longitudinal samples for flare
patients. PBMCs were thawed, counted using a Vi-CELL XR (Beckman Coulter),
resuspended, and pooled (8). For processing batches 3 and 4, pooled cells were
resuspended in 100 mL of Cell Staining Buffer (BioLegend 420201) with 5% Human
TruStain FcX (BioLegend 422301) to block non-specific staining. Cells were incubated
in this solution on ice for 10 minutes. Immunostaining antibodies (AbSeq, Becton
Dickinson) were pooled at 2 mL per antibody, the pooled antibody was then concentrated
using an Amicon Ultra 0.5 Centrifugal Filter (Millipore UFC503096) and resuspended in
100 mL volume of Cell Staining Buffer. The pool was added to the cell solution after
blocking. Cells were stained for 45 minutes on ice and were then washed 3 times in Cell
Staining Buffer. The cells were resuspended in DPBS with 0.04% BSA and strained
using a 40-micron Flowmi strainer (Sigma BAH136800040). Stained (processing batches
3 and 4) and unstained (processing batches 1 and 2) cells were loaded onto a 10X
Chromium Controller. Following library preparation using the published 10X Chromium
Single Cell 3° v2 Solution protocol, libraries were sequenced on the HiSeq4000 or
NovaSeq6000 at a depth of 6,306-29,862 reads/cell using the recommended cycle
numbers Read 1 26 cycles, i7 index 8 cycles, Read 2 98 cycles.

Single-cell RNA-seq data preprocessing




A total of 1,870,857 cell-containing droplets were obtained after sequencing.
Freemuxlet (https://github.com/statgen/popscle/), an extension of demuxlet (8), was used
with an error probability of 0.1 to assign each cell to a donor of origin, preserving a total
of 1,444,450 singlets (doublet rate 22.12%, expected 22-25%). Additional removal of
doublets with the same genotype was performed using Scrublet (13) (67,969 droplets,
doublet rate 4.71%; doublet threshold 0.15). Contaminated platelets were eliminated by
removing all cells with > 1 count of platelet gene markers (PF4, SDPR, GNG11, PPBP).
This also removed Megakaryocytes from our analysis. Red blood cells (RBC) were
removed using louvain community detection to identify a population with very high
expression of RBC markers like hemoglobin genes. In total, 1,263,676 cells remained in
the final dataset after platelet and RBC removal (112,805 cells). Using Scanpy version
1.6 (58), the data was preprocessed by first adjusting for pool using COMBAT (63),
followed by regressing total nUMIs and percentage mitochondrial UMIs. After cell
filtering and expression normalization using default parameters, we performed k-nearest
neighbor (KNN) graph construction, louvain, and projected the data onto two UMAP
dimensions. L3 cohort refers to the cohort of cases and controls that are age matched and
equal in number of cases of Asian and European ancestry in processing batch 4 and their
replicates in other batches. Processing batch 4 refers to the L3 cohort samples within
processing batch 4 only.

Cell type annotation, proportion, and abundance calculations

Scanpy version 1.6 (58) was used to cluster singlets into louvain communities with
parameter settings of resolution of 3 and fixing the random state to 0. Each louvain
community was assigned one of 11 cell types by comparing differentially expressed
genes between communities and the most abundantly expressed genes for each
community with known markers for each cell type. Cell type was confirmed using CITE-
Seq dataset (Fig. S8). The Prolif population was broken into its component populations in
the lymphocyte analysis based on high resolution clustering and gene expression of
known markers for each cell type. The percentage of each cell type was calculated as the
number of cells belonging to the cell type divided by the total number of cells assigned to
the sample or individual. ImmVar samples were excluded from all case-control
comparisons. Two samples with less than 100 cells total were excluded from the
analyses. Due to computational constraints, we computed RNA velocity only on
processing batch 4 myeloid samples and for consistency with the rest of myeloid analysis,
myeloid lineage subpopulation composition estimates were also computed using only
processing batch 4 samples. Absolute cell type abundances for SLE cases were calculated
by multiplying the cell-type proportions by the total number of white blood cells per
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volume for each patient reported in the electronic health record from the Complete Blood
Count. For cell type percentage comparisons between cases and controls, statistical
significance and effect size was computed using statsmodels python package (v0.12.0)
weighted least squares models with the weights as cell counts, percentage as the
endogenous variable and disease status [0,1] as the exogenous variable plus a constant. P
values were adjusted for multiple comparisons using Bonferroni correction. Meta p
values were calculated using Fisher’s method (Fisher’s combined probability test).

Electronic health record query

SLE cases with available monocyte and lymphocyte counts were selected according
to the following criteria: 4,532 healthy female controls were selected according to
previous work conducted with the UCSF EHR database (64). Adult outpatients, ages 20-
90 without abnormal findings, were extracted from the EHR system at the University of
California, San Francisco (UCSF) Medical Center on February 2018, spanning
approximately 6 years of medical service. In patients with multiple healthy encounters, a
single encounter was chosen at random. 403 SLE Cases were defined as patients ages 20-
90 who have a diagnosis of an ICD-10 code M32.* appearing at least twice, 30 days
apart. Lab test results for cases were taken from encounters where SLE was assigned as a
primary diagnosis or principal problem diagnosis. Patients with a monocyte count less
than 5 and a lymphocyte count less than 6 were excluded.

Mendelian randomization

Mendelian randomization was performed using the GSMR (Generalized Summary-
data-based Mendelian Randomization) package in gcta _1.91.5beta (16). We applied
GSMR to blood count quantitative trait loci (QTLS) in the UK Biobank (lymphocytes,
monocytes, red blood cells, white blood cells, and platelets) and variants associated with
SLE disease status (4). The 1000 Genomes Phase3 was used as the reference, a GWAS
significance threshold of 5x1078, heidi outlier threshold of 0.15, and a linkage
disequilibrium threshold of 0.01 were used as parameters. Varying the GWAS
significance threshold did not change our observations.

Cell-type-specific differential expression analysis

For each cell type and each individual, a pseudobulk expression profile was
computed by summing all of the counts for each gene and dividing it by the total number
of counts across all genes. Dividing by total counts simultaneously controlled for
variability in the number of cells per individual and variability in transcript capture
efficiency across pools and batches. The EdgeR package (59) was used to estimate the




log2 fold change and the p-value of gene expression differences between SLE and
healthy donors with processing batch and age included as a covariate. Samples of
European and Asian ancestries were analyzed separately. P values were adjusted for
multiple comparisons for each cell type. In total, we define differentially expressed (DE)
genes as |logFC| > 0.5 & Pagjustea< 0.05 in at least one cell type and ancestry. We
identified 127 differentially expressed genes in total PBMC pseudobulk (|logFC| > 0.5;
Padjusted< 0.05) but not differentially expressed in any of the 11 cell types (|logFC| < 0.01;
Padjusted>0.5).

Tcytoezmn Signature scores

We phenotyped Tcytoezmn using sets of genes to define a cytotoxic signature
(PRF1, GZMH, GZMB), an exhaustion signature (PDCD1, CTLA4, LAG3, CD160,
TIGIT, HAVCR2, CD244), and a type-1 ISG signature (ISG15, IFI6, IFI44L, IF144,
RSAD2, CXCL10, IFIT2, IFIT3, IFIT1, IFITM3, OAS1, OAS3, OAS2, OASL, EPSTIL,
RNASE1, RNASE2, IFI27, XAF1l, LGALS3BP, SIGLEC1, USP18, APOBEC3A,
APOBEC3B, MX1). Signature scores for each cell was calculated using Scanpy’s
score_genes function. For TCR enrichment analysis, the highest signature score was used
to annotate each cell dominant signal.

Module scores

The module score for each individual represents the mean pseudobulk expression of
all module specific genes for that module. Complete gene module gene lists can be found
in Table S3.

Tcytoszmy_CO-expression analysis

We computed a co-expression matrix of the top 300 differentially expressed genes
between L3 cases and controls for the Tcytoczmn population using Scanpy’s
rank genes groups function. Then using all samples, sklearn’s spectral clustering
algorithm was used to perform biclustering of genes with respect to similarities in their
Spearman correlations to other genes and the values were then column z scored for
visualization. After recovering the gene ordering at the single-cell level, we computed an
analogous co-expression matrix using the pseudobulk gene expression profile for each
sample and plotted both the single-cell (lower triangle) and pseudobulk (upper triangle)
co-expression patterns as a heatmap to demonstrate differences in co-expression patterns
inferred by the two approaches. Figure 2E was cropped to highlight the Type-1 interferon
and cytotoxic genes. Co-expression correlation between cytotoxic and Type-1 interferon
scores was calculated by taking the average expression of cytotoxic genes and Type-1




interferon genes (See Tcytoczmn_Signature scores section for details) for each cell and
computed the Pearson correlation within each sample/individual. The average Spearman
R across all samples was reported (Spearman R = 0.16). Computing the correlation based
off a random sampling of genes of appropriate sample size returned Spearman R = 0.02.

Normalized Shannon’s entropy to measure TCR repertoire diversity

Shannon’s entropy is an estimation of the average amount of information stored. In
the context of TCR expansion, a lower value represents more TCR expansion. To account
for variability in the number of cells per sample, Shannon’s entropy was normalized by
log(number of cells). The number of clones of size x is v. We controlled for age by only

using cases and controls between the ages of 20 and 40.
X

Y(x*v)
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Expression modules in SLE

Expression modules were recovered by first computing cell-type-specific
pseudobulk expression profiles for each of 11 cell types or all cell types together
(PBMC). Only genes that are differentially expressed in at least one cell type or PBMCs
were considered. For each cell type, cases and controls were hierarchically clustered
separately, then concatenated together, and gene expression for each DE gene was
standardized per gene. The 11 cell-type-specific matrices and the PBMC matrix was
column concatenated for visualization and clustering. Hierarchical clustering using
Seaborn’s Clustermap (v0.11.0 https://seaborn.pydata.org/; “complete” / Nearest Point
Algorithm) was used to cluster the genes. SciPy’s ((65); https://www.scipy.org/) fcluster
was utilized to recover clusters based on the hierarchical clustering branch points with a
cluster number of 15. The resulting clusters were further combined into six modules
based on the expression patterns within each cell type and case and control status. Genes
clusters which did not show any pattern (cell type specific or pan) were not included in
modules. Genes from one cluster which showed cell type expression in both T and B
cells, were added to both Up-T and Up-B modules. Module gene expression was
calculated for each module gene based on the module’s contributing cell types (e.g. a
Myeyp module gene value is the pseudobulk expression based only cM and ncM cells).

Pathway enrichment analysis of expression modules




Genes sets corresponding to each of six modules were submitted to ToppGene
(https://toppgene.cchmc.org/enrichment.jsp) and only significantly (FDR < 0.05)
enriched pathways (‘“Pathway” option) were retained.

Molecular clusters

Using cell-type-specific gene expression in cases from processing batch 4 (same
batch used for expression modules and differential expression analysis) as features, we
performed principal component analysis (PCA). Gene correlations to each principal
component can be found in Figd PCA correlations.csv. Two discernable cohorts
emerged (one which resided with controls and one that did not), so we performed K-
means clustering with k=2 to assign molecular clusters. We projected and assigned
molecular sub-phenotypes of out-of-samples flare cases and test cases using the already
trained PCA and K-means clustering models. Case replicates already found in processing
batch 4, were excluded from test set.

RNA velocity for identifying the activation axis

To analyze the expression dynamics of genes that are differentially expressed
between SLE and healthy donors, we first identified candidate genes by taking the genes
with >1 magnitude of the log-fold change across SLE and healthy donors in each cell
type. We then computed the RNA velocities using the scVelo package implemented in
Python ((24); https://scvelo.readthedocs.io/) by using the ‘dynamical’ mode of the
velocity estimation and default parameters. For the cM cluster, we computed the
activation pseudotime axis by computing the mean velocity vector in the all-gene space
and projected each cell onto the mean velocity vector. Due to computational constraints,
we computed RNA velocity only on processing batch 4 myeloid cells and for consistency
and comparison within the myeloid analysis, myeloid lineage subpopulation percentages
were also computed using only processing batch 4 data.

Logistic Regression Predictions

We used sklearn’s Logistic Regression function for all models (https://scikit-
learn.org/stable/). We used elasticnet penalty with saga solver and L1/L2 ratio penalty of
0.5. Receiver Operating Curve area under the curve (AUC) was recovered using sklearn’s
roc_curve and roc_auc_score functions. Input features were module specific gene
expression calculated with appropriate pseudobulk (e.g. Bup module gene expression
calculated only on B cell pseudobulk). Any scaling was computed on the train set and the
test set was transformed into that space. For case/control predictions, we trained the
model on samples from processing batch 4 and tested the model on samples from




processing batches 1, 2, and 3 (excluding case replicates from batch 4 found in other
batches). For predicting individual clinical features, we trained a model on cases from
processing batch 4 and tested the model on cases from processing batches 1, 2, and 3
(excluding case replicates from batch 4 found in other batches). Mean AUC was
computed by 3-fold-cross-validation.

TCR Sequencing and Analysis

Approximately 10% of the barcoded cDNA from the 10X workflow was utilized for
TCR analysis. The cDNA was further amplified with Template switch oligo (TSO)
primer and the Truseq Read 1 primer with KAPA HiFi hotstart readymix (Kapa
Biosystems, Thermo Fisher Scientific) for 12 cycles at the conditions 98°C for 15
seconds, 67°C for 20 seconds and 72°C for 1 minute. A pool of forward Valpha and
Vbeta primers containing the Illumina read 2 primer sequence were used in conjunction
with the Truseq Read 1 primer to amplify CDR3 sequences from the TCR alpha and beta
loci with NEBNext Ultra 11 Q5 Master Mix (New England Biolabs Inc.) for 25 cycles at
the conditions 98°C for 10 seconds, 68°C for 30 seconds and 72°C for 1 minute. An
additional amplification step using primers containing the lllumina P5 adapter, i5 index
sequences and Truseq Read 1 primer sequence with the lllumina P7 adapter, i7 index
sequences and Truseq Read 2 with NEBNext Ultra 11 Q5 Master Mix was carried out for
8 cycles at the conditions 98°C for 15 seconds and 72°C for 1 minute and 20 seconds to
create final TCR libraries for sequencing. High-throughput sequencing was done on an
Illumina Hiseq 2500 Rapid run with separate lanes for the TCR alpha and TCR beta
sequencing. Read 1 sequenced 26 bp containing the 10x barcode and UMIs, and Read 2
sequenced 251 bp containing the variable TCR regions plus the TCR alpha or beta CDR3
sequences.

TRA and TRB CDR3 nucleotide reads were demultiplexed by matching reads to
10X barcodes from cells with existing expression data that passed filtering in the Cell
Ranger pipeline. Following demultiplexing of the TRA and TRB CDR3s, reads were
aligned against known TRA/TRB CDR3 sequences then assembled into clonotype
families using miXCR with similar methodologies to a previous study (66). For any given
10X barcode, the most abundant TRA or TRB clonotype was accepted for further
analysis; if 2 TRA or TRB clonotypes were equally abundant for a given 10X barcode,
the clonotype with the highest UMI reads was used for further analysis. Only cells with
paired TRA and TRB were used for further downstream analysis. Paired TCR Gini
coefficients were calculated based on the number of unique cells sharing a specific
TRA/TRB clonotype sequence across the sample’s entire cell population. Analysis



involving both TCR clonotype and function was restricted to cells with both a mapped
TRA/TRB and a functional population from clustering. The TCR sequencing was
performed using the singleTCR package.

Clinical Features

American College of Rheumatology (ACR) Classification Criteria (67) or Systemic
Lupus Erythematosus Disease Activity Index (SLEDAI) criteria (26): ACR ANA, anti-
dsDNA, anti-Smith, Leukopenia, Malar Rash, Renal involvement, Neurological
involvement, Arthritis, Mucosal Ulcers, Serositis, Thrombocytopenia, Discoid Rash,
Photosensitivity, Lymphopenia, anti-Phospholipid, and SLEDAI Low Complement.
These clinical features were selected because they were not sparsely represented within
our data and they showed mild to moderate correlation with the SLEDAI instrument.

Sample Genotyping

CLUES SLE patients were genotyped on the Affymetrix World LAT Array, while
the ImmVar and flaring SLE patients were genotyped on the OmniExpressExome54 chip.

The Affymetrix .CEL intensities were processed using the Analysis Power Tools
(APT) in accordance with the Axiom Best Practices Genotyping Analysis Workflow
(https://assets.thermofisher.com/TFS-
Assets/LSG/manuals/axiom_genotyping_solution_analysis_guide.pdf). All CEL files
were grouped into a batch and DQC scores were calculated using apt-geno-qgc retaining
CEL files with DQC scores greater or equal to 0.82. Call rates were generated using apt-
genotype-axiom with the Stepl file for the corresponding Array and samples with a call
rate greater or equal to 97% were retained. Genotypes were called using apt-genotype-
axiom with the Step2 file for the corresponding Array. Per SNP QC metrics were
generated with ps-metrics and classified with ps-classification. The resulting
Recommended.ps set of 800,825 SNPs were retained for the analyses. These SNPs were
further evaluated for missingness and heterozygosity, but no individuals were removed
due to these metrics.

Processed OmniExpressExome54 genotypes were obtained (10). 787,355 SNPs
were retained for further analysis after evaluating for call rate, missingness and
heterozygosity with plink (69). We input 800,825 and 787,355 SNPs into the Michigan
Imputation Server’s web portal (70) for the LatArray and OmniExpress samples, which
were further filtered to 696,523 and 631,954 SNPs respectively, when accounting for
invalid alleles, multiallelic sites, monomorphic sites, allele mismatches, and SNP call
rates less than 90%. A total of 21,412,068 SNPs were imputed from the resulting SNPs
using the Haplotype Reference Consortium version 1.1 across both genotyping cohorts




and filtered to 16,176,651 with Rsq value >0.3. All SNPs were further filtered to only
include those with a minor allele frequency >10% that were imputed in all individuals,
resulting in 4,372,256 SNPs.

eQTL Analysis

Approximately 3.4 million SNPs with a MAF > 10% were used to map cis-eQTLs
within a window +/- 100kbp of each gene, and a total of 9,500 genes were tested. Gene
expression for each cell type was normalized using EdgeR’s (59) trimmed means of M
values (TMM) function, and cell-type-by-cell-type cis-eQTLs (CBC-eQTLS) were
detected using the MatrixEQTL R package (29) separately for Europeans and Asians
from the CLUES cohort and the ImmVar cohort. Genotype PCs clearly separate out the
two populations (Fig. S6C). Self-identified race ethnicity matched PCA determined
genetic ancestry in all case. The first 10 principal components of gene expression, 7
genotype PCs, expression PCs, age, sex, SLE status, and batch were included as
covariates in all of the eQTL linear models. We further mapped cell-type-shared and cell-
type-specific cis-eQTLs by decomposing the single cell expression data within each
individual across 8 cell-types into one cell-type-shared expression component and 8 cell-
type-specific components for each cell type. Then, genotypes are regressed against each
of these components using MatrixEQTL to call cell-type-shared and cell-type-specific
eQTLs (31). Per population results from MatrixEQTL were then meta-analyzed using the
METASOFT package (28) (http://genetics.cs.ucla.edu/meta_jemdoc/). 1000 permutations
were performed for each gene tested, meta-analyzed, and empirical p-values and FDR
were calculated using the qvalue R package
(https://www.bioconductor.org/packages/release/bioc/html/qvalue.html). The
LocusZoom standalone software was used to visualize individual loci ((71);

https://genome.sph.umich.edu/wiki/LocusZoom).

Heritability Analysis

Heritability, cis-genetic correlation (rG), and environmental correlation (rE) of
gene expression in each pair of cell types was calculated using a Bivariate GREML
analysis from the GCTA package ((30) ;
https://cnsgenomics.com/software/gcta/#Overview). SNPs +/-500KB of each gene were
used to evaluate the heritability of that gene in each cell type. For each gene in each pair
of cell types the rG and rE were calculated. Genes with poor model fits (SE<0.2) were
removed and the median rG and rE for each pair of cell types were used for visualization.

reQTL Analysis
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SLE cases were analyzed for reQTLs. The type-1 ISG signature score was used as
an interaction term with genotype, taking into account 10 PCs of genotype, age, sex and
batch as covariates. The effect size and significance of the interaction term were
calculated using the modelLinearCross option in MatrixEQTL. The ISG signature was
calculated as the average gene expression of the ISGs making up the Pany module as
described above. Per population results from MatrixEQTL were then meta-analyzed
using the METASOFT package ((28); http://genetics.cs.ucla.edu/meta_jemdoc/).

ATAC-seq enrichment analysis

Cell type specific ATAC-seq peaks were downloaded
(https://web.stanford.edu/group/pritchardlab/dataArchive/immune_atlas_web/index.html)
(32) and merged into major cell types (B, T, NK, Myeloid, Open). For each set of eQTLs
(cell-type-by-cell-type and cell-type-specific) and peaks, a Mann-Whitney test was
applied to determine the enrichment for significant SNPs residing within each set of cell-
type-specific peaks.

GWAS enrichment analysis

We performed stratified LDscore regression using the default parameters from the
cell type specific workflow (https://github.com/bulik/ldsc/wiki/Cell-type-specific-
analyses) (33) in a window of +/- 100kb around each gene containing a significant cell
type specific cis-eQTL (FDR<0.5). All expressed genes were used as the background set
in addition to the provided baseline scores. GWAS datasets were obtained from the
Alkes’ lab server (https://alkesgroup.broadinstitute.org/sumstats _formatted/), with the
exception of SLE (4).

Modified Transcriptome Wide Association Study (TWAS) analysis

TWAS expression weights were generated using SNPs +/-100kb from each gene
tested using pseudobulked expression profiles from each cell type and all PBMCs.
TWAS models were generated using the FUSION software and publicly available
GWAS summary statistics, mostly from TWAS hub. Secondary TWAS weights for
models using the shared and cell-type-specific decomposed expression matrices were
produced using the same approach as described in the eQTL discovery section. These
weights were then used to produce separate models using just shared weights, just cell-
type-specific weights, and both for a full model of expression. Multiple testing using
TreeQTL was performed for an FDR<0.1 BY correction across all models. Genes in the
MHC region of chromosome 6 were removed.




Colocalization analysis

Colocalization between eQTLs and the Bentham SLE GWAS study was performed
using the COLOC package's approximant bayes factor method for summary statistics
(36). Minor allele frequencies (MAF) were obtained from 1000 Genomes (74).

Single-cell ATAC-seq analysis

Primary PBMCs from 5 healthy individuals were incubated for 8 hours in 3
stimulation conditions (and one control condition): recombinant IFNB, recombinant
IFNG, and PMA/lonomycin. After incubation, cells were collected and mixed, and nuclei
isolation was performed. Nuclei were then tagmented and assayed using 5 lanes of the
10X Chromium scATAC-seq kit according to an experimental design that allows for
determination of the source sample from the individuals' SNPs. Droplet barcodes were
filtered for only those containing nuclei and then demultiplexed using freemuxlet
(https://github.com/statgen/popscle/). The ArchR package (61) and Scanpy (58) were
then used for dimensionality reduction, clustering, and cell type annotation to produce
cell type and condition gene locus plots.
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Controls 44 (16.5) 23 25 0 48 1 49 3 52
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Fig. S1. Constructing a circulating census of SLE. (A) Four cohorts of SLE cases and
healthy controls broken down by average age, ancestry, and gender. (n) = standard
deviation. (B) Multiplexed single-cell RNA-sequencing applied to 23 pools of 7-19
donors per pool over four processing batches. Mux-Abseq(CITE-seq) was applied to
processing batch 3 and 4 only. Cells were pooled, left unstained (processing batches one
and two) or profiled using 16 and 99 DNA-conjugated antibodies (processing batch three
and four), and processed using 10X Chromium 3’ V2 chemistry. After sequencing, the
resulting single-cell transcriptome or cell surface proteome profiles were sample
demultiplexed, batch corrected by Combat, and analyzed. (C) Quality control and
processing metrics. (D) Distribution of number of cells per sample
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Fig. S2. Exploring effects of covariates on composition. (A) Key gene markers used to
identify each of 11 cell types. (B) UMAP projection for 40 controls and 40 cases. (C)

UMAP projection colored by processing pool. (D) UMAP projection colored by

processing batch. (E) Correlation between cell type percentages for biological replicates



from different batches for ImmVar controls (left) and CLUES cases (right). (F)
Percentage (y-axis) of each cell type split by cases receiving or not receiving a given
therapy. (black bar and star *: WLS Padjusted< 0.05; blue bar and star indicate significant
meta-analysis by Fisher’s method) (G) CLUES lymphocyte and monocyte abundances
compared to UCSF electronic health record data colored by collection

cohort. (H) Percentage of each cell type split by cases on therapy and cases not taking
any medications at the time of sampling. WLS black * = Padjusted<0.05, **= Padjusted<0.01,
***= Padijusted<0.001. Blue bar and star indicate significant Fisher’s method meta P for
both ancestries.
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Fig. S3. Ancillary lymphocyte analysis. (A) Naive CD4* T cells and Naive CD8" T cell
proportion vs donor age. (B) Percentages of each cell type split by cases receiving or not
receiving a given therapy. black bar and star *: WLS Pagjustea< 0.05; blue bar and star
indicate significant meta-analysis by Fisher’s method) (C) Key gene markers used to
identify each of the 14 lymphocyte populations. (D) Cell type percentage for naive



CDA4* T cells and GZMH™ T cells for controls (CTL), managed cases (SLE), and cases in
an active disease flare (Flare). (black bar and star *: WLS Pagjusted< 0.05) (E) Percentage
of each cell type split by cases on therapy and cases not taking any medications at the
time of sampling. (black bar and star *: WLS Pagjustea< 0.05; blue bar and star indicate
significant meta-analysis by Fisher’s method) (F) Pseudobulk expression of T1 IFN,
Cytotoxic, and Exhaustion signatures within GZMH™ T cells for cases receiving or not
receiving hydrochloroquine, mycophenolate mofetil and oral steroids. (G) Expanded
(red) and non-expanded (grey) TCRs for CD8" T cells and CD4"T cells. (H) Normalized
Shannon Entropy for CD4* T cells. (1) Invariant TCR sequences associated with mucosal
associated invariant T cells as a positive control of custom TCR amplification strategy.
*= Padjusted<0.05, **= Pagjusted<0.01, ***= Pagjustes<0.001. Blue bar and star indicate
significant Fisher’s method meta P for both ancestries.
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Fig. S4. Ancillary monocyte analysis. (A) Log10 module expression split by case (red;
SLE) and control (green; CTL) and ancestry (A: Asian, E: European). * = Wilcoxon
rank-sums P<0.05. (B) Correlation of fold change between case control (y-axis) and
previously published fold change between interferon-beta stimulated versus unstimulated
cells (x-axis). (C) Gene markers used to call cell types in myeloid lineage. (D) Feature
plots of marker genes. (E) AXL expression in myeloid cells. (F) RNA velocity stream
plots with SLE cell density and monocyte upregulated gene module expression. (G) Log2
fold change pseudobulk gene expression of module genes between cases on therapy and
cases not taking any medications and cases on prednisone versus cases not on prednisone.
Genes reaching significance after Bonferroni correction (dashed line) are labeled and
colored blue.
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Fig. S5. Further exploration of clinical and molecular feature of SLE. (A) Correlation
between logio expression of five other modules (x-axis) and logio abundance of cell types
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prediction using a logistic regression model based on expression module features for 11
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expression derived PCA space. Histogram showing the High molecular cluster cases had
higher inferred activation. (D) Cases in active disease flare projected into train-dataset-
fitted PCA space with pie chart representing predicted cluster membership. Controls:
Green. Cases: Red. Flare Cases: Black.
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Fig. S6. Further analyses of cis-eQTLs (A) Scatterplot of effect sizes of CBC-cis-
eQTLs per cell type between CLUES Asian and European samples as well as CLUES
European and Immvar samples. (B) Scatterplot of effect sizes of cell-type-specific-cis-



eQTLs per cell type between CLUES Asian and European samples as well as CLUES
European and Immvar samples. (C) Genotype PCs colored by population. (D)
LocusZoom plots of shared-cis-eQTLs and SLE GWAS for UBE2L3. (E) Rsq
distribution of imputed SNPs MAF>10%, Cutoff of 0.3 shown with vertical line on the
plot.
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Fig. S8. CITE-Seq validation cohort. (A) UMAP projections based on RNA and protein
features (Key Protein Markers heatmap). Cell types labeled based on RNA or protein
derived clustering. (B) Correlation between RNA and protein based cell type proportions
for each cell type. (C) Box and Whiskers plot demonstrating the spread of correlations
between RNA and protein based cell type proportion for each individual. (D) Correlation



between log2 fold change expression between cases and controls based either on protein
expression or RNA expression.
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