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Central nervous system B cells have several potential roles in
multiple sclerosis (MS): secretors of proinflammatory cytokines
and chemokines, presenters of autoantigens to T cells, producers
of pathogenic antibodies, and reservoirs for viruses that trigger
demyelination. To interrogate these roles, single-cell RNA sequenc-
ing (scRNA-Seq) was performed on paired cerebrospinal fluid (CSF)
and blood from subjects with relapsing-remitting MS (RRMS; n =
12), other neurologic diseases (ONDs; n = 1), and healthy controls
(HCs; n = 3). Single-cell immunoglobulin sequencing (scIg-Seq) was
performed on a subset of these subjects and additional RRMS (n =
4), clinically isolated syndrome (n = 2), and OND (n = 2) subjects.
Further, paired CSF and blood B cell subsets (RRMS; n = 7) were
isolated using fluorescence activated cell sorting for bulk RNA se-
quencing (RNA-Seq). Independent analyses across technologies
demonstrated that nuclear factor kappa B (NF-κB) and cholesterol
biosynthesis pathways were activated, and specific cytokine and
chemokine receptors were up-regulated in CSF memory B cells.
Further, SMAD/TGF-β1 signaling was down-regulated in CSF plasma-
blasts/plasma cells. Clonally expanded, somatically hypermutated
IgM+ and IgG1+ CSF B cells were associated with inflammation,
blood–brain barrier breakdown, and intrathecal Ig synthesis. While
we identified memory B cells and plasmablast/plasma cells with
highly similar Ig heavy-chain sequences across MS subjects, similari-
ties were also identified with ONDs and HCs. No viral transcripts,
including from Epstein–Barr virus, were detected. Our findings sup-
port the hypothesis that in MS, CSF B cells are driven to an inflam-
matory and clonally expanded memory and plasmablast/plasma cell
phenotype.

multiple sclerosis | neuroimmunology | B cell | immune repertoire

Multiple sclerosis (MS) is a common autoimmune demye-
linating disease of the central nervous system (CNS), af-

fecting ∼1 million people in the United States (1). Although
T cells are important effector cells in MS, it is now clear that
B cells play a central role in both the relapsing and progressive
forms of the disease (2–5).
To date, microarray and bulk RNA-sequencing (RNA-Seq)

studies of B cells from MS subjects have been carried out on
CNS and blood samples with a focus on understanding differ-
ential expression of B cell receptor (BCR) genes in MS com-
pared with healthy controls (HCs) (6–12). These studies have not
yet been able to clearly define the transcriptome-wide profiles of
CNS B cell subpopulations or compare them with their periph-
eral counterparts. More effective therapies against MS, espe-
cially against progressive disease, will likely require the targeting
of residual CNS B cells, a heterogeneous population that may
include culprit autoreactive clones as well as beneficial regula-
tory B cells that serve homeostatic functions. Thus, better clar-
ifying the functional phenotypes of CNS B cell subtypes in MS

may not only shed light on disease pathogenesis but also po-
tentially provide more disease-specific and safer therapeutic
targets to guide development of the next-generation of B cell
therapeutics.
Similar to a recent study (13), we performed RNA-Seq at

single-cell resolution of paired cerebrospinal fluid (CSF) and
blood samples from relapsing-remitting MS (RRMS), other
neurologic diseases (ONDs), and HCs. Additionally, we paired
single-cell transcriptome data with immunoglobulin repertoire
sequencing (Ig-Seq) of B cells in MS so that transcriptomic
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phenotypes of B cells could be further delineated based on both
Ig subclass as well as the degree to which a cell is clonally ex-
panded. While this methodology makes it possible to simulta-
neously obtain transcriptional phenotypes and paired Ig heavy-
and light-chain sequences from a single cell, the number of genes
whose messenger RNA (mRNA) transcripts can be reliably de-
tected in each cell remains relatively small with today’s single-cell
technology (∼1,000 genes). Thus, to extend our findings to in-
clude more in-depth transcriptional phenotyping, we performed
bulk RNA-Seq on five classical B cell subsets defined by CD19,
CD27, and IgD expression from the CSF and blood on an in-
dependent cohort of seven treatment-naïve, RRMS subjects. We
further leveraged our bulk RNA-Seq dataset to assess nonhost
and human endogenous retrovirus (HERV) transcripts to look
for evidence of viral transcription in both blood and CSF B cells.

Materials and Methods
Single-Cell RNA-Seq Cohort.
Study cohort and inclusion criteria. All RRMS and clinically isolated syndrome
(CIS) subjects were participants in either the University of California, San
Francisco (UCSF) Origins or Expression, Proteomics, Imaging, Clinical (EPIC)
studies (14, 15) and were diagnosed according to the 2017 McDonald criteria
(16). Subjects were not on immunomodulatory or immunosuppressive disease-
modifying therapy at the time of sample collection. OND and HC participants
were enrolled in a biobanking study “Immunological Studies of Neurologic
Subjects” (Dataset S1A).
CSF and blood processing and single-cell sequencing. CSF and blood were
obtained during diagnostic and research procedures after subjects had
provided informed consent; 20 to 30 mL of CSF was centrifuged immediately
after collection at 400 × g for 15 min at 4 °C. The pellet was resuspended in
∼80 μL of residual supernatant, and lymphocytes were counted using a he-
mocytometer. Peripheral blood mononuclear cells (PBMCs) were isolated
using cell preparation tubes as described previously (17) and resuspended in
2% fetal bovine serum. All experiments were performed immediately with
freshly collected, unsorted cells. To obtain additional single-cell Ig-Seq
(scIg-Seq) data for some patients, CSF or PBMCs were enriched for total
B cells or for memory B cells via bead-based selection (EasySep Human Pan-B
cell enrichment kit and EasySep Human Memory B cell Isolation Kit, re-
spectively; StemCell Technologies). Sequencing libraries were prepared using
3′ or 5′ library preparation kits (10x Genomics).
Bioinformatic analysis. Both single-cell RNA-Seq (scRNA-Seq) and scIg-Seq
datasets were analyzed using the Cell Ranger (v3.0.1) count and variable
diversity joining (VDJ) functions using the Ensembl GRCh38.v93 and
GRCh38.v94 references, respectively. Data were analyzed using a custom
bioinformatics pipeline that included Seurat (v3.1.2), the Spliced Transcripts
Alignment to a Reference (STAR) algorithm (v2.5.1), SingleR (v1.1.7), and
DoubletFinder (v2.0.2). The Immcantation pipeline, specifically IgBLAST
(v1.4.0) and Change-O (v0.4.6), was used to assemble heavy- and light-chain
contigs for each cell.
Quality control for barcode hopping. Using a custom pipeline, overlapping reads
present in more than one sample that shared the same cell barcode and
unique molecular identifier (UMI) were counted and filtered using a single
sample read assignment threshold percentageof 80%aspreviously described (18).

If no sample accounted for at least 80% of the overlapping reads, the reads were
removed and excluded from further analysis from both samples (code available
at https://github.com/UCSF-Wilson-Lab/SingleCellVDJdecontamination).
Quality control for RNA-Seq data. The 3′ and 5′ single-cell datasets were ana-
lyzed separately. All gene counts were aggregated together using Seurat.
Only genes present in two or more cells were included. Only cells containing
transcripts for 700 or more genes were included. For both the 5′ and 3′ data,
maximum cutoffs of 2,500 and 4,000 genes were used, respectively. The
PercentageFeatureSet function was used to calculate the percentage of
mitochondrial transcript expression for each cell. Cells were omitted if they
expressed at least 10% mitochondrial genes or were defined by the platelet
markers PPBP and PF4. Gene counts were normalized using the R package
SCTransform (19). In addition, nonregularized linear regression was used on
the UMI counts per cell. Both datasets were clustered using 20 principal
components in Seurat. Clusters were formed using a shared nearest neigh-
bor graph in combination with dimensional reduction using uniform mani-
fold approximation and projection (UMAP) (20). In order to optimize the
total number of principal components, cumulative sums were iteratively
calculated for each principal component to measure the percent variance
accounted for with the data. A threshold of 90% variance was applied. As a
result, 10 and 17 principal components were used for the 5′ and 3′ data,
respectively. Both datasets were reclustered with the newly calculated
principal components. Doublet detection and removal were performed us-
ing DoubletFinder (21) with expected doublet rates set based upon the 10x
Genomics reference manual.
Cell type annotation and differential gene expression analysis. Immune cell type
identity was defined by performing differential gene expression (DGE)
analysis for each cluster. The normalized gene expression profile for each
cluster was comparedwith the remaining cells using aWilcoxon rank sum test
as provided in Seurat’s FindAllMarkers function (default parameters). The
most up-regulated genes, with the highest positive average log fold change,
were compared with a custom panel of canonical gene makers (Dataset S2)
spanning several key immune cell types, including B cells, CD4+ T cells, CD8+
T cells, natural killer (NK) cells, classical monocytes, inflammatory monocytes,
macrophage, plasmacytoid dendritic cells, and monocyte-derived dendritic
cells. Clusters that predominantly expressed PPBP or HEMGN genes were
omitted.

In addition, to improve specificity, all B cells included in our analysis were
required to have reads to CD79B. All clusters annotated as B cells were
extracted and annotated further with SingleR using the combined Blueprint
and ENCODE reference dataset (22–24). DGE analysis for heat map genera-
tion was performed using the FindMarkers command in Seurat with the
Wilcoxon test and the following parameters: P-adjusted value cutoff = 0.05
and logFC cutoff = 0.25. DGE was performed using zinbwave (v1.8.0) (de-
fault parameters) (25) and DESeq2 (v1.26.0) (Dataset S3). For the DGE and
subsequent downstream analysis, only paired CSF and blood transcriptome
profiles of RRMS patients were included.
Pathway analysis. Pathway analysis was carried out on both the 5′ and 3′
scRNA-Seq datasets using the Ingenuity Pathway Analysis (IPA) toolkit
(v01.12) (26) (Dataset S4). We reported all pathways that were significant at
Benjamini–Hochberg P adjusted of 0.05. In addition, upstream regulator
analysis and causal network analysis were carried out using the IPA toolkit to
identify likely upstream regulators of genes in the dataset. The activation
state of a pathway or gene was calculated based on differentially expressed
genes (P adjusted = 0.05), and all pathways/causal networks/master up-
stream regulators with a P adjusted less than 0.05 and Z score greater than
or equal to absolute value of two were reported. Upstream and master
regulators with a Z score ≥2 were considered activated and ≤−2 were con-
sidered inhibited. The ToppGene suite of tools and clusterProfiler (27) were
used to identify Gene Ontology (GO) terms (biological and molecular pro-
cesses) enriched in the differentially expressed genes. Only the overlapping
statistically significant differentially expressed genes in the 5′ and 3′ scRNA-
Seq datasets were used in ToppGene and clusterProfiler.
Identification of clonally related B cells. Assembled contigs outputted from Cell
Ranger were inputted into the Immcantation pipeline for a second round of
alignment to the VDJ region using IgBLAST. Contigs containing fewer than
three UMIs were omitted. Only contigs that aligned in frame (both the
FUNCTIONAL and IN_FRAME output fields were TRUE) and across the con-
stant region were retained. B cells were clustered based on similarities be-
tween their IGHV (immunoglobulin heavy-chain variable region gene),
IGHJ (immunoglobulin heavy-chain joining region gene), and H-CDR3
(heavy-chain Complementary Determining Region 3) amino acid sequence.
The Change-O toolkit generated a length-normalized bimodal distance-to-nearest
distribution of hamming distances for all cells in the dataset. A Gaussian mixture
model was applied to predict an appropriate hamming distance threshold

Significance

B cells serve as a key weapon against infectious diseases. They
also contribute to multiple autoimmune diseases, including
multiple sclerosis (MS) where depletion of B cells is a highly ef-
fective therapy. We describe a comprehensive profile of central
nervous system (CNS)-specific transcriptional B cell phenotypes
in MS at single-cell resolution with paired immune repertoires.
We reveal a polyclonal immunoglobulin M (IgM) and IgG1 ce-
rebrospinal fluid B cell expansion polarized toward an inflam-
matory, memory and plasmablast/plasma cell phenotype, with
differential up-regulation of specific proinflammatory pathways.
We did not find evidence that CNS B cells harbor a neurotropic
virus. These data support the targeting of activated resident
B cells in the CNS as a potentially effective strategy for control of
treatment-resistant chronic disease.
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(threshold = 0.15). B cells were defined as highly similar if they shared identical V
and J genes as well as a CDR3 amino acid sequence within the accepted threshold.
Any cell containing a single chain was omitted.Within an individual, B cells that are
highly similar based on these criteria are likely clonally related (i.e., originating
from the same progenitor B cell), but that is less likely when comparing B cells with
highly similar heavy-chain sequences between individuals. Clonal expansion within
an individual was defined as a highly similar B cell cluster containing two or more
B cells (28–30).

B Cell Subset Bulk RNA-Seq Cohort.
Study cohort and inclusion criteria. All subjects were participants in either the
Origins or EPIC studies at UCSF. Similar to patients included in the single-cell
sequencing cohort, subjects had to be treatment-naïve at the time of sample
collection with a clinical diagnosis of MS according to the 2017 McDonald
criteria (16) (Dataset S1B). Further, each subject had to have at least 7 of 10
B cell subsets (5 CSF and 5 blood subsets total) with 50 or more cells sorted by
flow cytometry.
Sample collection and flow cytometry analysis. CSF and blood were obtained
during diagnostic and research procedures following informed consent. Fresh
whole CSF and blood lymphocytes were labeled with the following anti-
bodies: CD3, CD19, CD27, CD38, CD138, and IgD. Using a Beckman MoFlo
Astrios cell sorter, CSF and blood B cell subsets were sorted directly into lysis
buffer as previously described (17, 31): naïve B cells (N; CD19+IgD+CD27–),
unswitched memory B cells (USM; CD19+IgD+CD27+), switched memory
B cells (SM; CD19+IgD–CD27+), double-negative B cells (DN; CD19+IgD–
CD27–), CSF plasmablast/plasma cells (CD19+IgD–CD27hi), and blood plas-
mablast/plasma cells (CD19+IgD–CD27hiCD38hi) (Dataset S1C). These distinct
B cell populations represent classic B cell subsets, as described previously (17,
32–34). Flow sorted cell lysates were stored at −80 °C until RNA extraction
was performed.
Complementary DNA (cDNA) library preparation and next-generation sequencing.
RNA was extracted from the CSF and blood B cell subsets using the All-
Prep DNA/RNA Micro kit (Qiagen), automated on the QIAcube robotics
platform. RNA-Seq libraries were prepared with the Next Ultra II RNA Library
Prep kit (New England Biolabs), automated on a Beckman-Coulter Biomek
NXP robot. Individual cDNA libraries were barcoded with dual-indexing
barcodes, pooled evenly, and sequenced on an Illumina HiSeq 4000 ma-
chine to generate 150-base pair paired-end reads.

Bioinformatic Analyses.
DGE and pathway analysis. The bulk RNA-Seq cohort was analyzed indepen-
dently of the scRNA-Seq cohort. Quality filtering of raw sequencing files was
performed using the Paired-Read Iterative Contig Extension software tool
kit (v1.2) (80% of sequences with a Q score > 0.98) (35). High-quality reads
were aligned to the human genome (hg38) and the Genome-based En-
dogenous Viral Element database (36) using STAR (37). Final gene counts for
the human genome (including HERV transcripts) were obtained using STAR
(v2.5.3a) and samtools (v1.7), respectively (36–38). DGE and principal com-
ponent analysis was conducted using DESeq2 (v2.1.14.1) using counts of all
protein-coding genes expressed in greater than 10% of the samples (39)
across all CSF and blood B cell subsets (Dataset S3). A false discovery rate and
P-adjusted (Benjamini–Hochberg) cutoff of 0.05 were used to select the final
list of differentially expressed genes. Cook’s distance, used for identification
of outliers, was calculated in DESeq2 (v2.1.14.1). Genes containing an out-
lying count as defined by a Cook’s distance above the default threshold were
flagged and not included in downstream analysis. DGE analysis was focused
on memory B cells and plasmablast/plasma cells, with additional B cell sub-
sets described in the SI Appendix. Pathway analysis was carried out using the
IPA toolkit, with methods described in the single-cell cohort section.

In Results and Discussion, we highlight pathways and GO terms that were
statistically significant by at least one of the single-cell (3′ or 5′) and bulk
RNA-Seq methods.
Immune repertoire analysis. A custom bioinformatics pipeline incorporating
MiXCR (v2.1.9) adapted for RNA-Seq data were used to identify Ig heavy-
chain (IGH) and light-chain (IGK, IGL) germline genes from raw, paired-end
sequencing reads (40). BCRs using identical IGHV and IGHJ germline seg-
ments and identical or near-identical H-CDR3 regions (minimum eight-amino
acid length, maximum Hamming distance of two at the amino acid level)
were considered highly similar (17, 41). Each candidate BCR sequence had to
have a coverage depth of two or more across the entire length of the se-
quence to be included in the analysis.
Virus identification.Viral transcripts were identified from raw sequencing reads
using IDseq (v2.11) as previously described (42–44). To distinguish potential
viruses from laboratory reagent and skin commensal flora contaminants, a Z

score was calculated for the value observed for each genus relative to water
(“no template”) and uninfected CSF controls (45).

Results
Overview of Study. The structure of this study is outlined in
Fig. 1A. Across the scRNA-Seq and scIg-Seq cohorts, 24 total
subjects were enrolled (n = 16 RRMS, 3 OND, 3 HC, 2 CIS)
(Table 1 and Dataset S1A). For gene expression analysis using
scRNA-Seq, 12 RRMS (n = 10 from 5′ and n = 2 from 3′), 1
OND, and 3 HC were analyzed. For paired scIg-Seq, a subset of
the scRNA-Seq gene expression cohort (seven RRMS, one
OND, three HC) and two additional RRMS subjects were in-
cluded. For analysis of B cell clonal connections, all available
subjects, including those from whom matched unsorted CSF and
blood samples were not available, were included (n = 14 RRMS,
n = 3 OND, n = 2 CIS, and n = 3 HC). Sequencing libraries were
prepared using the 10x Genomics 3′ and 5′ library preparation
kits (detailed in Fig. 1A and Dataset S1A).
Seven treatment-naïve RRMS subjects were enrolled in the

bulk RNA-Seq cohort (Table 1 and Dataset S1B). Flow cyto-
metric B cell subset distributions for the CSF and blood were
determined for all seven subjects in the bulk RNA-Seq cohort
(Dataset S1C). Principal component analysis demonstrated that
B cells primarily clustered based on their subset type and the
body compartment from which they were isolated (SI Appendix,
Fig. S1).

Distinct T Cells and Myeloid Cells Define the Cerebrospinal Fluid
Immune Environment, with B Cells Abnormally Enriched in RRMS
Compared with HCs. We analyzed 5′ scRNA-Seq libraries from
paired blood and CSF from 10 RRMS subjects. Expression of
canonical immune cell markers was determined for each unsu-
pervised Seurat cluster (Fig. 1B). To determine the relationship
between cells, we plotted the data using UMAP coordinates and
revealed distinct cell types (Fig. 1 C and D and SI Appendix, Fig.
S2A). We found distinct differences in the myeloid and lymphoid
populations in the CSF relative to blood of MS patients, con-
sistent with previous reports (13, 46, 47). CSF macrophages, also
termed microglia-like or CSF microglial cells, were present in
both RRMS and HCs (SI Appendix, Fig. S2B). In patients with
RRMS, comparison of CSF cell types relative to blood found no
cell type with a Q value < 0.05 (Fig. 1E). In comparison with
HCs, CSF B cells were 13 times more abundant in RRMS sub-
jects (Fig. 1F and SI Appendix, Fig. S2C).

Integrated Bulk and Single-Cell Transcriptomic Analysis of B Cells in
RRMS Identifies Distinct Changes in CSF Memory Cells and Plasmablast/
Plasma Cells.We were able to clearly identify three B cell subtypes
in the 5′ and 3′ scRNA-Seq datasets: naïve, memory, and plas-
mablast/plasma cells (Fig. 2A), with naïve and memory B cells
clustered in a transcriptional continuum in UMAP space
(Fig. 2B). In both the bulk (flow cytometry) and single-cell co-
horts, CSF contained higher proportions of memory B cells and
plasmablast/plasma cells than in peripheral blood (Fig. 2C). Ex-
pressions of classic B cell markers were similar across bulk and
scRNA-Seq (SI Appendix, Fig. S3).

CSF Antigen-Experienced Memory B Cells Activate Nuclear Factor kappa-
Light-Chain-Enhancer of Activated B Cells (NF-κB) and Proinflammatory
Cytokines.
IgD–CD27+ SM. A total of 294 genes were differentially expressed
between CSF and blood SM B cells, with 166 of these up-
regulated in the CSF (Dataset S3). Compared with their pe-
ripheral counterparts, CSF SM B cells up-regulated CD138 and
CD83 and down-regulated CD52, CD180, CD53, CD22, and
CD48 (Table 2 and Dataset S3). Additionally, IL10RA, IL2RB,
TGFB1, TBX21, CXCR3, CXCR4, CCR2, and CCR5 were up-
regulated by CSF SM B cells. A total of 18 upstream regulators
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were significant, including the transmembrane receptor TREM1
(Z = 2.2) and the NF-κB (Z = 2.7) complex, both predicted to be
activated (Fig. 2E and Dataset S4A). Additionally, CEBPB, a
transcriptional regulator downstream of the NF-κB pathway, was
also predicted to be activated (Z = 2.2), implying activation of
the canonical NF-κB pathway. Among chemokines, both CCL2
and CCL11 were predicted to be activated (Dataset S4B). By
IPA, 59 networks were significant, 50 of which were predicted to
be activated (Dataset S4B). CSF SM B cells showed enrichment
of GO terms corresponding to an inflammatory profile, not ob-
served in their peripheral counterparts (Dataset S4D). Similarly,
clusterProfiler analysis also revealed an enrichment of GO terms
related to cholesterol metabolism and biosynthesis (Fig. 2D)
(Dataset S4E). An enrichment of GO terms corresponding to
transcription, translation, and catabolic processes was also seen
in the blood SM B cells (Dataset S4E).
IgD+CD27+ USM.A total of 228 genes were differentially expressed
between CSF and blood USM B cells; 96 were up-regulated in
the CSF (Dataset S3). Compared with their blood counterparts,
CSF USM B cells up-regulated CD83, IL10RA, CXCR4, and
TGFB1 and down-regulated CD180, CD52, and CD27 (Table 2
and Dataset S3). IPA network analysis predicted that five up-
stream regulators were activated including TREM-1 (Z = 2.5)
and NF-κB (Z = 2.6) (Dataset S4A). Thirty-four master regula-
tors were significant, of which 29 were predicted to be activated,
including the following cytokines: IL3, IL6, IL7, IL32, OSM,
TSLP, and CXCL8 (Dataset S4B). Only one GO term was
enriched in CSF USM B cells: “skeletal muscle development.”
GO terms related to transcription, translation, and catabolic
processes were enriched in blood USM B cells (Dataset S4 D and
E). One pathway, “EIF2 signaling,” was significantly inhibited in
both USM and SM CSF B cell subsets (Dataset S4C).
We next compared our bulk RNA-Seq data with our scRNA-

Seq data. Totals of 1,231 and 1,221 genes were differentially
expressed between CSF and blood memory B cells in the 3′ and
5′ single-cell gene expression datasets, respectively (Dataset S3).
Of these, 430 were differentially expressed (59 up-regulated in
the CSF) across both the 3′ and 5′ datasets. In comparison with
their blood counterparts, CSF memory B cells up-regulated
CXCR4 and CD70 and down-regulated CD180, CD22, CD27,
CD37, CD40, CD52, CD53, CD72, CD74, CD79A, and CD79B.
Eight upstream regulators (three activated: PRDM1, NR4A1,
and MAPK1; five inhibited: STK11, PAX5, PML, PPARA, and
PPARGC1A) were significant (Dataset S4F). Seven upstream
regulators including TREM1, NF-κB complex, and RELA were
all predicted to be activated in the single-cell CSF memory B cell
5′ cohort, similar to the bulk RNA-Seq cohort (Dataset S4F).
Seventeen causal networks (10 activated, 7 inhibited) were sig-
nificant in both 3′ and 5′ datasets; 11 causal networks, including
CXCL8, were found overlapping with the bulk RNA-Seq cohort
(Dataset S4G). Additionally, pathway (5′ dataset) and GO (3′
and 5′ datasets) analyses showed that cholesterol biosynthesis
was activated in CSF memory B cells (Dataset S4 H and I). In

blood memory B cell counterparts, GO terms associated with
antigen processing such as “peptide antigen binding” and “MHC
class II protein complex binding” were enriched.

CSF CD27hi Plasmablast/Plasma Cells Display an Inflammatory Phenotype
and Down-Regulate Genes in the TGF-β1 Pathway.A total of 204 genes
(63 up-regulated in the CSF) were differentially expressed be-
tween CSF and blood plasmablast/plasma cells (Dataset S3).
Compared with their peripheral counterparts, CSF plasmablast/
plasma cells up-regulated CD138, CD74, CD79A, CD46, and
BCR (Table 2 and Dataset S3). Genes related to cytokines/
chemokines up-regulated in CSF plasmablast/plasma cells in-
cluded IL21R, UBA7, TBX21, IL16, SOX5, CXCR4, CXCR3,
and CCR5 (Fig. 2F). CSF plasmablast/plasma cells enriched for
inflammation GO terms including “cytokine receptor activ-
ity,” “chemokine receptor activity,” and “G protein-coupled
chemoattractant receptor activity” and terms associated with
cholesterol biosynthesis (Dataset S4D). Similarly, clusterProfiler
analysis revealed enrichment of terms associated with fatty acid
biosynthesis and inflammation (Dataset S4E). “SMAD protein
import into the nucleus,” corresponding to regulation of SMAD
protein signal transduction, involved in the TGF-β1 signaling
pathway (BMPR1A, TOB1, JUN, SPTBN1) was down-regulated
in CSF plasmablast/plasma cells (Dataset S4E). Finally, CSF
plasmablast/plasma cells did not express more IL10RA than their
blood counterparts (Dataset S3). Three upstream regulators were
significant using IPA (Dataset S4B), including inhibition of IL4, a
Th2 cytokine (Z = −2).
In comparison, 225 and 49 genes were differentially expressed

between CSF and blood plasmablast/plasma cells in the 3′ and 5′
scRNA-Seq datasets, respectively (Dataset S3). Of these, only 30
genes (10 up-regulated in the CSF) were shared, with no over-
laps in the pathways, predicted master regulators, or causal
networks. Additionally, the three significant upstream regulators
that were significant in the bulk RNA-Seq analysis were not
significant in the single-cell cohort. In the 3′ gene expression
dataset, similar to our findings in the bulk study, IL16 was up-
regulated in the CSF plasmablast/plasma cells (Dataset S3). In-
terestingly, TGFB-1 was predicted to be inhibited in the 5’ gene
expression dataset (Dataset S4F); with a downregulation of
genes in the TGF-β1 signaling pathway also observed in the CSF
plasmablast/plasma cells using the clusterProfiler analysis in the
bulk RNA-Seq cohort (Dataset S4E). GO analysis using only the
genes differentially expressed across both datasets revealed an
abundance of terms associated with iron transport protein tar-
geting and translocation (Dataset S4I), and while GO terms as-
sociated with cholesterol biosynthesis were not enriched, a
fourfold enrichment of the enzyme SQLE, necessary for the
initiation of cholesterol biosynthesis (P adjusted = 0.001), was
observed in the 3′ gene expression dataset. Similar to the bulk
RNA-Seq cohort, IL10RA was not differentially expressed be-
tween the CSF plasmablast/plasma cells and their blood coun-
terparts (Dataset S3).

Table 1. Subject demographics

Diagnosis Age (y) Female (%) EDSS CSF WBC OCBs (% positive) IgG index Gd (% positive) Months from onset

RRMS (n = 7, bulk) 25–40 71 1.5–2.5 1–20 86 0.66–1.4 43 1–79
RRMS (n = 16, single cell) 22–54 69 0–4 0–13 81 0.46–1.75 63 0–166
CIS (n = 2, single cell) 35–53 100 2.5–4 2–11 0 0.47–0.51 50 1–3
OND* (n = 3, single cell) 21–72 100 N/A 0–4 100 0.52–0.70 0 5–90
HC (n = 3, single cell) 27–41 33 N/A 0–1 0 0.51–0.58 N/A N/A

Seven treatment-naïve RRMS subjects whose age at enrollment ranged from 23 to 40 were included in the bulk RNA-Seq cohort. Twenty-four subjects (n =
16 RRMS, n = 2 CIS, n = 3 OND, n = 3 HC) (Fig. 1A and Dataset S1A have a breakdown of samples included in the RNA-Seq and Ig-Seq analyses) whose age at
enrollment ranged from 21 to 72 were included in the single-cell cohort. OCB, oligoclonal band; EDSS, expanded disability status scale; WBC, white blood cell;
N/A, not applicable; Gd, gadolinium.
*Subjects in the OND group had diagnoses of neurosarcoidosis, atypical neuroinflammatory syndrome with uveitis, and AQP4+ neuromyelitis optica.
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Paired scRNA-Seq and scIg-Seq Reveals Clonally Expanded, Somatically
Hypermutated IgM and IgG1 CSF B Cells Associated with Acute
Inflammation and Intrathecal Ig Synthesis. We next leveraged our
5′ scRNA-Seq libraries to perform full-length scIg-Seq analysis
on paired CSF and blood from RRMS subjects (n = 9) (Fig. 1A
and Dataset S1A). As expected, we found a statistically greater
proportion of IgG1+ B cells between the CSF and blood and a
roughly equal proportion of IgG1+ and IgM+ B cells within the
CSF (Fig. 3A). In our bulk RNA-Seq dataset, we observed
similar findings, with IgM-expressing cells found in the naïve and
USM subsets and IgG1-expressing cells found predominantly in
the plasmablast/plasma cells, SM, and DN subsets (Fig. 3B).
These findings recapitulate expected changes in the isotypes of
CSF B cells (48, 49).
We next investigated whether these findings correlated with

clinical laboratory testing or radiographic characteristics of the
patients. We found a significant linear correlation between the
clinical IgG index and the total number of CSF B cells we
identified in each subject by scRNA-Seq, relative to a weaker
correlation between the clinical total white blood cell count and
the CSF IgG index (R2 = 0.524, P = 0.027 vs. R2 = 0.278, P =
nonsignificant [ns]) (Fig. 3C). There was an even stronger cor-
relation between the number of CSF clonally expanded B cells by
scRNA-Seq and the CSF IgG index (R2 = 0.561, P = 0.02)
(Fig. 3D). Further, we found a greater number of clonally ex-
panded CSF B cells in RRMS subjects with gadolinium en-
hancement on MRI (P = 0.024) (Fig. 3E). This increase was
unique to the CSF, as there was clonal expansion of CSF B cells
relative to the blood in gadolinium-positive subjects (P < 0.01)
and no difference in the proportion of clonally expanded B cells
between the blood samples of gadolinium-positive and -negative
subjects (P = ns) (Fig. 3E).
We next explored the B cell immune repertoire diversity in the

CSF and blood. Interestingly, the B cell clonal expansion in the
CSF manifested as restricted diversity in both the IgM+ and
IgG1+ cells (Fig. 3F). Further comparing all of the scIg-
Seq–derived IgM+ and IgG1+ RRMS B cells, we observed an
increase in the replacement mutation frequency of the CSF
IgM+ CDR sequences vs. their blood counterparts but no dif-
ference between blood IgG1+ cells, extending previous bulk Ig-
Seq findings (Fig. 3G) (P < 0.001 and P = ns, respectively) (50).
The H-CDR3 of CSF IgM+ cells contained more basic amino
acid residues relative to the blood, and the CDR3 of CSF IgG1+
cells was longer relative to the blood, supportive of antigen ex-
perience in these cells (Fig. 3G) (P < 0.01).
To determine the phenotype of replacement mutation-bearing

IgM+ B cells, we combined scRNA-Seq and scIg-Seq to analyze
CSF and blood IgM+ B cells, categorizing them as either re-
placement mutation negative (i.e., germline) or replacement

mutation positive (i.e., having undergone somatic hypermutation
[SHM]) to identify differentially expressed genes between them.
The genes that best distinguished germline and SHM IgM+
B cells are shown (Fig. 3H). Germline B cells were TCL1A+,
CD27-, TNFRSF13B-, and GPR183-, supporting their identity as
naïve B cells. SHM+ IgM+ B cells were TCL1A-, CD27+,
GPR183+, and TNFRSF13B+, supporting their identity as
memory B cells with a phenotype resembling previously de-
scribed prediversified splenic marginal zone IgM+ B cells
(Fig. 3H) (51). Indeed, when we superimposed IgM+ germline
and SHM+ B cells onto our 5′ scRNA-Seq gene expression
UMAP space, the SHM- cells clustered primarily with naïve
B cells, and SHM+ cells clustered primarily with memory B cells
(Figs. 2B and 3I). Of note, we also identified three IgM+ SHM+
B cells in HC CSF, suggesting that their simple presence in the
CNS is not necessarily indicative of a diseased state.

CSF, but Not Blood, B Cell Clonal Expansion Is Linked to the Presence
of Unique Oligoclonal Bands in RRMS, and Some CSF B Cells in RRMS
Are Highly Similar to B Cells in the Blood of Controls. To examine
whether B cell clonal expansion in RRMS is unique to the CSF,
we compared the degree of clonal expansion in the blood and
CSF of nine subjects with RRMS, one subject with an atypical
neuroinflammatory disorder and uveitis (OND), and three HCs.
Of the three HCs, two had no B cells detected in the CSF by
scIg-Seq. Substantial B cell clonal expansion was observed in the
CSF of patients with RRMS and OND. In contrast, clonal ex-
pansion was not detected in the CSF of the HC (Fig. 4A). As
expected, we observed that CSF B cell clonal expansion was
linked to the presence of unique oligoclonal bands in RRMS
(Fig. 4A). We overlapped the scRNA-Seq and scIg-Seq data
from seven of our RRMS subjects and identified clonal expan-
sion primarily in the memory and plasmablast/plasma cell
compartments (Fig. 4B).
Nine of 8,692 (0.1%) and 90 of 138,109 (0.06%) B cells

identified exclusively across RRMS patients in the bulk and
single-cell cohorts were highly similar, respectively (Fig. 4D and
SI Appendix, Fig. S4). However, the presence of highly similar
B cells across subjects was not specific to a given diagnosis. In the
scRNA-Seq cohort, we found that 5 of 693 (0.72%) blood/CSF
B cells across subjects, including in HC and OND controls, were
highly similar, compared with 284 of 137,416 (0.21%) blood/
blood B cells. In the scRNA-Seq cohort, we found a greater
number (25 of 693, 3.61%) of B cells that were highly similar
across the blood/CSF immune axis within individuals (Fig. 4D).

Lack of Epstein–Barr Virus mRNA in MS Blood and CSF B Cell Subsets.
To address the possibility of Epstein–Barr virus (EBV) tran-
scription (or transcription of RNA from any other pathogen) in
the B cells from RRMS subjects, we mined our bulk dataset for

Table 2. RNA-Seq analysis findings in B cell subsets

B cell subset
Cell surface

transcripts up in CSF

Cell surface
transcripts down in

CSF Transcripts up in CSF

Significant
upstream
regulators Significant networks

N CD82 CD22, CD52, CD74 IL10RA, CXCR4, RASGRP2, IL2RB IL3, TLR9 —

DN CD3E, CD5 CD200 — — TPSD1, USP21
USM CD83 CD52, CD180, CD27 IL10RA, CXCR4, TGFB1 NF-κB, TREM-1 IL3, IL6, IL7, IL32,

OSM, TSLP, CXCL8
SM CD138, CD83 CD52, CD180, CD53,

CD22, CD48
IL10RA, CXCR3, TBX21, IL2RB, CXCR4,

CCR5, CCR2, AKNA, TGFB1
NF-κB, CCL2, CCL11 —

Plasmablast/
plasma cells

CD138, CD74,
CD79A, CD46, BCR

— AKNA, CCR5, IL21R, UBA7, CXCR4, TBX21,
IL16, SOX5, CXCR3, PPARA

IL4* —

Curated overview of transcripts up- and down-regulated between CSF and blood, significant causal networks, and upstream regulators predicted to be
activated/inhibited using the IPA toolkit in five B cell subsets (N, DN, USM, SM, and plasmablasts/plasma cells).
*Pathway inhibited.
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Fig. 3. Paired scIg-Seq in RRMS ties clonal B cell expansion to intrathecal Ig synthesis and blood–brain barrier breakdown and to the emergence of IgM+ B cells
undergoing SHM in the CSF. (A) Isotype usage by scIg-Seq in the 5′ dataset from n = 9 paired CSF and blood RRMS subjects. Statistics were performed with
Mann–Whitney U test; mean ± SD is shown. (B) Isotype usage by limited Ig-Seq data extracted from bulk RNA-Seq. (C) Linear correlation between the clinical CSFWBC
count vs. total B cells by scRNA-Seq and the clinical IgG index. (D) Linear correlation between the number of expanded B cells detected by scRNA-Seq and the clinical
IgG index. (E) Enrichment of clonally expanded CSF, but not blood, B cells in the same subjects with active gadolinium on MRI. Statistics performed with Mann–
Whitney U test. (F) Alpha diversity plots from the Immcantation framework depicting restricted diversity in the CSF relative to the blood for both IgM+ and IgG1+
B cells (n = 9 RRMS subjects). There were too few B cells in the HCs to generate comparison plots. Blood is depicted in red, and CSF is depicted in blue. (G) Mutation
frequency, basic residue count, and CDR3 length in the CSF and blood of RRMS subjects by scIg-Seq. Statistical test was performed using a Student’s t test. (H) Heatmap
of the top 20 most differentially expressed genes by the Seurat FindMarkers command in IgM+ B cells with and without replacement mutations. (I) UMAP of IgM+
B cells from scIg-Seq overlaid onto 5′ scRNA-Seq gene expression data fromHC (n = 3; 2 had zero B cells with productive VDJ sequences), RRMS (n = 7), and OND (n = 1)
subjects. Dot plot adjacent to UMAP with statistical testing comparing the total number of B cells detected in the CSF and blood with either IGM+ SHM or IGM− SHM.
Statistical testing was performed with the Mann–Whitney U test. PB/PC, plasmablast/plasma cells; WBC, white blood cell. *P < 0.05, ***P < 0.001, ****P < 0.0001.
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nonhuman reads. An average of 1,725,779 (interquartile range:
9,657 to 2,326,989) sequences per sample were nonhuman, high
quality, and nonredundant (Dataset S1C). Of these, all sequences
aligned to common environmental and reagent contaminants. No
human virus transcripts, including EBV transcripts, were detected
using IDseq despite detecting EBV transcripts in positive con-
trols (i.e., RNA from the EBV-infected EHEB cell line) at total
input RNA masses ranging from 10 pg to 10 ng. EBV tran-
scripts in the positive controls ranged from 24.4 to 68.7 reads
per million. Based on the limit of detection we calculated in the
EHEB control, we calculate for each CSF and blood sample the
approximate minimum number of EBV-infected cells we would
have been able to detect at the sequencing depths we used for
each sample (Dataset S1C). Additionally, no DGE in HERVs/
repetitive elements was observed between individual blood and
CSF B cell subsets. However, eight genes, including HERVK9-
int (P adjusted = 4.68E-07) (SI Appendix, Fig. S5), were up-
regulated in blood B cells compared with the CSF. The other
seven genes up-regulated in the blood were LINE/L1 elements.

Discussion
While monoclonal antibody therapy against CD20-expressing
B cells represents a highly effective treatment approach in MS,
the roles B cells play in this complex disease are still not fully
understood (52). A better understanding of B cell phenotypes in
MS, particularly in the relevant body compartment (i.e., CNS), is

vital to develop more effective and better targeted B cell de-
pletion strategies. In this study, we independently characterized
the transcriptional phenotypes and immune repertoires of B cell
subsets from the CSF and blood of treatment-naïve RRMS
subjects at both the bulk and single-cell levels. We have high-
lighted the potential contribution of distinct subsets of B cells to
ongoing inflammation. In addition, we characterized SHM pat-
terns with corresponding transcriptome profiles in CSF B cells in
the single-cell cohort and mined the bulk B cell subset transcripts
for evidence of EBV and HERV replication.
Using scRNA-Seq, we show that in MS patients, the CSF has a

remarkably different cellular profile from the blood. We found
very few B cells in healthy CSF, barely enough to be detected
with current single-cell technology, extending previous reports
using flow cytometry (53, 54). In addition, we found an expansion
of CD4+ and CD8+ T cells in the CSF. The myeloid population
was also distinct, with blood CD14+ and CD16+ monocytes
existing in a transcriptional continuum with what we broadly
termed CSF macrophages and monocyte-derived dendritic cells.
The identification of these CSF macrophages by scRNA-Seq
mirrors what was found in recently published scRNA-Seq stud-
ies of CSF obtained from patients with HIV-1 infection, RRMS,
and anti-myelin oligodendrocyte glycoprotein antibody disorder.
These investigators variously called these cells “microglia,”
“microglia like,” or “monocytes” (13, 46, 47). Like the study by
Esaulova and colleagues (47), we also identified these cells in the
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Fig. 4. (A) Donut charts of paired scIg-Seq results from blood and CSF in RRMS (n = 9), OND (n = 1), and HC (n = 3; 2 subjects had zero CSF B cells by scIg-Seq).
Adjacent plots demonstrating clonal expansion in RRMS subjects with or without unique CSF oligoclonal bands (OCBs). Unique indicates a clone seen in only
one cell in a subject’s sample. Clonal expansion was further divided into clone counts of two, three, four, and more than four. (B) Dot plot of cell types with
clonal expansion in seven RRMS subjects in whom overlapping gene expression data were available. (C) Venn diagrams of shared B cells, determined by highly
similar Ig heavy-chain sequences in the scIg-Seq cohort from an expanded set of subjects, including those without paired CSF and blood samples and with
sorted B cell subsets as listed in Fig. 1A and Dataset S1 (n = 14 RRMS, n = 3 HC, n = 3 OND, n = 2 CIS). (D) Proportions of public (present in more than one
subject) and private (present in only one subject) CSF B cells connected to blood (CSF/blood) and public blood B cells connected to other blood B cells (blood/
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CSF of all our HCs, illustrating that their presence is not nec-
essarily indicative of a neuroinflammatory disease process. The
CSF also contained a relative dearth of NK cells compared with
the blood and a relative enrichment for rare plasmacytoid den-
dritic cells, a cell type associated with MS relapse and activated
via TLR-9 to produce large amounts of type I interferon (IFN)
(55). Further subtyping of these cells was beyond the scope of
our study.
Genetic variation in multiple genes in the NF-κB pathway has

been identified by genome-wide association studies as a risk
factor for MS (56, 57). We observed NF-κB complex activation
in CSF memory (unswitched and switched) B cells. The canon-
ical NF-κB pathway is triggered by signaling through the BCR,
toll-like receptors, TREM1, and a variety of TNF receptor su-
perfamily members, through the generation of RELA and NF-
κB1 heterodimers (58, 59). TREM1, NF-κB complex, and RELA
were predicted to be activated both in the bulk RNA-Seq and
scRNA-Seq datasets. Additionally, in CSF SM B cells, CEBPB
and ECSIT pathway members directly involved in the activation
of NF-κB (58–61) were also predicted to be activated. CEBPB,
the CCAAT/Enhancer Binding Protein β transcription factor, is
activated by multiple inflammatory stimuli and promotes in-
flammation in experimental autoimmune encephalomyelitis
(EAE) (60). CEBPB−/− mice are resistant to EAE with reduced
lymphocyte and antigen presenting cell infiltration into the CNS.
In addition, pathway and GO analyses of the bulk and single-cell
datasets revealed an enrichment of terms associated with in-
flammation, activation, and fatty acid biosynthesis in CSF
memory and plasmablast/plasma cells. Previous work indicated
that inhibition of downstream biosynthesis of cholesterol pro-
motes regulatory Th2 bias and reverses paralysis in EAE models
(62, 63). While human trials did not demonstrate a clinical
benefit from statins in CIS and RRMS (64–67), there are indi-
cations that statins may be beneficial in the secondary progres-
sive form of the disease (68). Further work may identify
novel therapeutic targets for MS related to the cholesterol
biosynthesis pathway.
We also found evidence for a compartmentalized CSF CD27hi

plasmablast/plasma cell inflammatory profile in MS. IL16, a
chemoattractant whose ligand is CD4, was significantly up-
regulated both in the single-cell and bulk analyses, suggesting
cross-talk between CSF plasmablast/plasma cells and CD4+
T cells (69). Additionally, in the bulk RNA-Seq analyses, the
CSF plasmablast/plasma cells up-regulated IL21 receptor,
SOX5, UBA7, and TBX21 and inhibited IL4, suggesting these
cells display an inflammatory phenotype. UBA7, an ISG15 ac-
tivating enzyme, has been previously reported in systemic lupus
erythematosus to represent a distinct proinflammatory subset of
B cells (70). TBX21, the master transcription factor for Th-1 cell
differentiation and IFN-γ gene transcription, has been recently
shown to promote transmigration of B cells into the CNS
(71–73). Consistent with prior MS studies, genes associated with
the SMAD/TGF-β1 signaling pathway were down-regulated in
CSF plasmablast/plasma cells using both single-cell and bulk
analyses (74). Furthermore, TOB1, a gene involved in the
SMAD/TGF-β1 signaling pathway, was down-regulated in CSF
plasmablast/plasma cells (75). Low TOB1 expression, previously
only reported in T cells from MS subjects and here reported in
B cells, has been associated with a higher risk of MS conversion
from CIS to RRMS, and its ablation worsens disease severity in
EAE models (76, 77). Collectively, these findings support the
conclusion that antigen-experienced CSF B cells and plasma-
blast/plasma cells in MS are polarized toward an inflammatory
phenotype compared with their peripheral counterparts.
Previous immune repertoire studies in MS suggested that

B cell maturation occurs both in the periphery and CNS with Ig
class-switched B cells (IgG and IgM) providing an antigen-
experienced immune axis connecting the two compartments

(41, 78). In this study, we detected similar connections of highly
similar B cells across the immune axis that, in a given person, are
likely to be clonally related. Data from both bulk and single-cell
cohorts support the finding that highly similar B cells are also
shared across patients. In addition to observing B cell connec-
tions across the CSF/blood and blood/blood of subjects with
RRMS, highly similar B cells were also identified between sub-
jects in the OND group and HCs, with no significant difference
in the proportion of highly similar B cells shared between MS
subjects and individuals in the OND and HC groups. A recent
study found that 1 to 6% of identical Ig heavy chain clones
(identical IGHV, IGHJ, and H-CDR3) in the blood were shared
between three HCs (79). Independent of the presence or absence
of genetically similar BCRs across disease subjects and controls,
more work needs to be done to characterize the antigenic
specificity of expanded B cell populations in the CSF of RRMS
patients and to determine whether genetically similar but not
identical BCRs are indeed specific for the same antigen.
Using bulk and scIg-Seq, we found that most CSF B cells are

IgM+ or IgG1+. Using diversity analysis, we showed that both
IgM+ and IgG1+ B cells in RRMS subjects are less diverse in
the CSF and are clonally expanded. The number of clonally
expanded B cells in the CSF of MS subjects correlated with the
IgG index, consistent with what was seen with proteomics studies
(80). Further, we linked clonal B cell expansion to gadolinium
enhancement on MRI, suggesting CSF clonal B cell expansion is
heightened during active demyelination and blood–brain barrier
breakdown. This extends findings from a recent study that
identified a connection between the IgG index and elevated CSF
neurofilament light chain, a marker of axonal damage (81).
There was increased SHM in CSF IgM+ cells with increased
basic residues in the H-CDR3, consistent with neoantigen ex-
posure in the CSF. Further, IgG1+ CSF B cells had longer
H-CDR3 sequences relative to their blood counterparts, again
suggestive of neoantigen exposure in the CNS. Finally, we
showed that while there was a greater number of CSF IgM+ cells
that had undergone SHM, these cells were also present in HCs,
and so, their presence in low numbers is potentially a part of
normal CNS immune surveillance.
It has been hypothesized that EBV, the most consistent en-

vironmental risk factor for MS, may latently infect MS subjects’
B cells (82, 83). Some groups have identified EBV transcripts by
real-time PCR, in situ hybridization, and immunohistochemistry
in the CNS (84, 85), whereas others have not been able to detect
EBV in these locations (86–88). We did not detect EBV tran-
scripts (or other viral transcripts) in any of the B cell subsets
using an unbiased metagenomics platform, even though EBV
was detected in the latently EBV-infected control cell line
EHEB at 10 pg RNA input, comparable with the amount of
RNA in a typical single cell (45, 89, 90). While our findings do
not rule out rare latent EBV infection with intermittent tran-
scription, they do argue against constitutive EBV transcription in
the B cells of MS subjects. Lastly, a variety of HERV transcripts
were present in all of the B cell subsets we studied, but there was
no difference in their expression between CSF and blood B cells.
The significance of this finding is unclear without a comparable
dataset generated from HC and OND cohorts.
Our study has several limitations. It is possible that tran-

scriptional profiles are altered by sample handling, although we
did use a standardized protocol and processed samples imme-
diately upon acquisition to minimize the potential for batch ef-
fect. For the bulk RNA-Seq cohort, we sequenced sorted CSF
and blood B cell subsets based on traditional CD19, IgD, and
CD27 surface markers. However, this is not the only strategy for
defining B cell subsets, so the particular sorting protocol we
utilized is important context for appropriately interpreting the
transcriptomic profiles that are derived from these sorted cell
populations. To account for the bias that arises from defining cell
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populations based on a priori selection of a limited number of
cell surface markers, we also performed scRNA-Seq on unsorted
CSF and blood from an independent cohort of MS patients and
defined cell identity based on scRNA-Seq profiles alone. While
we highlighted pathways that were differentially regulated be-
tween CSF and blood in both the bulk and single-cell datasets,
the DGE analyses for each of the cohorts were carried out in-
dependently, and the data for each set of analyses are available
in Dataset S4. Future studies should take advantage of recently
developed protocols that allow for the simultaneous single-cell
measurements of RNA transcripts and surface proteins using
DNA barcoded antibodies (cellular indexing of transcriptomes
and epitopes by sequencing or CITE-Seq) (91). Finally, we
cannot conclude that the CSF B cell transcriptional signatures
we identified are MS specific without additional OND controls
and without normative RNA-Seq profiles of HC CSF B cells,
which were not feasible to obtain here given the low numbers of
CSF B cells in HC CSF, as has been seen in other studies (53,
54). Nevertheless, we have used the combination of bulk RNA-
Seq and scRNA-Seq, including with full-length VDJ analysis, to
identify a core set of transcriptional programs in antigen-
experienced CSF B cells with respect to blood B cells in pa-
tients with treatment-naïve RRMS.
In this study, we present a comprehensive profile of CNS-

specific transcriptional B cell phenotypes in MS at single-cell
resolution with paired immune repertoires. Further, we com-
bine this with in-depth profiling of sorted B cell subsets. We
reveal a polyclonal IgM and IgG1 CSF B cell expansion polar-
ized toward an inflammatory, memory, and plasmablast/plasma
cell phenotype, with differential up-regulation of specific proin-
flammatory pathways that can serve as potential therapeutic
targets. Our data are consistent with a pathogenic role for CNS
B cells, including evidence for active cross-talk with T cells in the

CNS. We did not find evidence that CNS B cells harbor a neu-
rotropic virus. Taken together, these data support the targeting
of activated resident B cells in the CNS as a potentially effective
strategy for control of treatment-resistant chronic disease.

Subject Consent. All studies were approved by the UCSF Insti-
tutional Review Board, and written informed consent was
obtained from each participant before inclusion in the study.

Data Availability. The datasets generated and/or analyzed during
the current study are available in the Gene Expression Omnibus
(GEO) repository under BioProject PRJNA549712 (GEO ac-
cession no. GSE133028). Additionally, gene count data for the
bulk RNA-Seq cohort analyzed during this study are included in
this article as part of Dataset S5.
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