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Kaufmann et al. identified pathogenic CD161+/LTB+ T cells resident in brains of
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and spatial RNA sequencing of brain tissue. They describe targetable surface
markers and mobilization to the blood by VLA4-blockage early in MS as
prerequisites for therapeutic targeting.
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SUMMARY

Context and significance

Background: Multiple sclerosis (MS), an autoimmune disease of the
central nervous system (CNS), can be suppressed in its early stages
but eventually becomes clinically progressive and unresponsive to therapy. Here, we investigate whether the therapeutic resistance of progressive MS can be attributed to chronic immune cell accumulation
behind the blood-brain barrier (BBB).
Methods: We systematically track CNS-homing immune cells in the peripheral blood of 31 MS patients and 31 matched healthy individuals in
an integrated analysis of 497,705 single-cell transcriptomes and 355,433
surface protein profiles from 71 samples. Through spatial RNA
sequencing, we localize these cells in post mortem brain tissue of 6 progressive MS patients contrasted against 4 control brains (20 samples,
85,000 spot transcriptomes).
Findings: We identify a specific pathogenic CD161+/lymphotoxin beta
(LTB)+ T cell population that resides in brains of progressive MS patients. Intriguingly, our data suggest that the colonization of the CNS
by these T cells may begin earlier in the disease course, as they can
be mobilized to the blood by usage of the integrin-blocking antibody
natalizumab in relapsing-remitting MS patients.
Conclusions: As a consequence, we lay the groundwork for a therapeutic strategy to deplete CNS-homing T cells before they can fuel treatment-resistant progression.
Funding: This study was supported by funding from the University Medical Center Hamburg-Eppendorf, the Stifterverband für die Deutsche
Wissenschaft, the OAK Foundation, Medical Research Council UK,
and Wellcome.

Multiple sclerosis (MS) is
characterized by a rogue immune
system that attacks the brain and
spinal cord, leading to severe
disability in young patients.
During early phases of the
disease, relapses can still be
suppressed by
immunomodulatory therapies.
Later on, many patients develop a
slowly progressive phase that is
mostly resistant to available drugs
for reasons remaining largely
unclear. According to one longstanding theory, the therapeutic
resistance might arise due to
infiltration and lasting residence
of blood immune cells behind the
blood-brain barrier, beyond the
reach of most therapeutics. In the
present study, researchers from
the Universities of Hamburg and
Oxford joined forces to study this
insinuated immune cell
colonization of the central nervous
system in MS. As a result, they
identified a specific immune cell
population resident in the brains
of progressive MS patients and lay
the groundwork to target it
therapeutically earlier in the
disease course.

INTRODUCTION
MS is a chronic autoimmune disease of the CNS associated with serious physical and
cognitive disability. MS manifests most commonly in young adults with a relapsingremitting disease course (RRMS), in which recurrent episodes (relapses) of neurological symptoms are followed by clinical remission. The majority of MS patients
develop a progressive form of the disease, in which an irreversible buildup of
disability occurs, regardless of relapses, either from its clinical onset (primary progressive MS [PPMS]) or after approximately 10–20 years of RRMS (secondary progressive MS [SPMS]).1 Mechanistically, the relapses observed in RRMS have been
linked to episodic bouts of CNS invasion by peripheral immune cells that cause
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demyelinating lesions in the white matter.1 Therefore, targeting of the peripheral immune system can suppress RRMS disease activity as exemplified by the anti-integrin
alpha 4 (ITGA4, CD49d) antibody natalizumab.2 Natalizumab blocks the extravasation of immune cells in the CNS, preventing their migration beyond the BBB and
strongly suppressing relapses. Notably, in contrast to RRMS, the same treatment
strategies, including natalizumab, are not effective in progressive MS, pointing to
a subsequent uncoupling of disease activity from the peripheral immune system.3
Thus, there is a major unmet clinical need to understand the sequence of events
that eventually leads to continuous neurodegeneration and disability progression.
The best starting point would be to explore the basis for the uncoupling of the peripheral immune response and disability progression. Although it remains largely unknown and might partly be attributed to primary neurodegeneration, it could be explained by chronic organization of peripheral immune cells behind the BBB, beyond
the reach of many common therapeutic strategies. This is suggested by the observation that the onset of progressive MS is best correlated with cortical lesions that
are pathologically characterized by lymphocyte collections adjacent to the gray matter.4–6 However, it is enigmatic whether such colonization of the CNS begins during
the RRMS phase and therefore could be prevented at an early stage of disease.
Here, we interrogated the basis of progressive MS by designing a study to (1) systematically identify immune cells homing to the CNS in RRMS, (2) test whether these cells
become resident in the CNS of progressive MS patients, and (3) investigate them as a
potential therapeutic target. For this purpose, we determined the signature of CNShoming cells trapped in the blood of natalizumab-treated RRMS patients using a
high-dimensional readout of combined single-cell RNA sequencing (scRNA-seq) and
protein surface marker profiling. We then tracked these cells in independent cohorts
of both untreated RRMS and untreated progressive MS patients and investigated their
localization directly in the CNS of progressive patients using spatial RNA sequencing of
MS brains. Finally, we describe their detailed characteristics and suggest a strategy for
specific targeting with a view to delay or prevent the progressive phase of MS that drives
irreversible disability and is untreatable to this day.

RESULTS
An integrated immune cell map of RRMS and progressive MS
To support the discovery of CNS-homing immune cells, we sampled the peripheral
blood mononuclear cells (PBMCs) of nine RRMS patients longitudinally with and
without natalizumab treatment (cohort MS1; 19 samples total, including 1 additional
patient, for which only the treated time point was available). As a basis to study the
distribution of these cells in the context of active RRMS and chronic progressive patients, we added two additional untreated cohorts consisting of eleven RRMS patients (cohort MS2) and ten PPMS patients (cohort MS3) as well as age- and sexmatched healthy individuals for all patients in the study (cohorts HI1–3; Figure 1A).
All samples were analyzed by multimodal immunophenotyping using scRNA-seq
and surface antibody staining, resulting in a comprehensive dataset of 497,705 single-cell transcriptomes and 355,433 surface protein profiles from 71 PBMC samples
of 62 donors (Figure 1A). We combined the data of all cells into one integrated immune cell map, which allowed us to establish cell identities across all cohorts and
samples (Figures 1B–1F). Unsupervised clustering of the transcriptomic data identified 25 clusters, including 11 CD3+ T cell clusters, 6 FCGR3A (CD14)+/CD16dim
monocyte clusters, 1 CD14dim/CD16+ monocyte cluster, 1 CD19+ B cell cluster,
1 ITM2C+ plasma cell cluster, 2 NCAM1 (CD56)+ NK cell clusters, 1 PPBP+ megakaryocyte cluster, and 2 CD14–, CD20–, HLA-DRA+ dendritic cell (DC) clusters
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Figure 1. An integrated immune cell map of relapsing-remitting and progressive MS
(A) Schematic overview for multimodal analysis of PBMCs from MS patients (cohorts MS1–3) and healthy individuals (cohorts HI1–3). Cohort MS1
contains samples from time points with and without treatment with natalizumab in 9 patients (for 1 patient, only the treated time point was available).
(B) Unsupervised clustering of n = 497,705 integrated PBMC single cell transcriptomes from n = 62 donors (cohorts MS1–3 and HI1–3).
(C–E) Data integration demonstrated on umap plots.
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(consisting of 1 ITGAX (CD11c)+ classical DC (cDC) cluster and 1 IL3RA (CD123)+
plasmacytoid DC (pDC) cluster; Figures 1B and 1F). Using the surface protein data
in combination with imputed RNA-based markers, we defined landmarks of established immune cell populations to augment our unsupervised immune cell map (Figures 2A–2E, S1, and S2). Besides established CD4+ and CD8+ T memory subsets
(Figures 2A, 2C, and 2E), we identified specialized T cell subtypes, such as NKT cells,
gamma-delta T cells (Tgd), mucosa-associated invariant T cells (MAIT), and T regulatory cells (Treg) (Figures 2A, 2B, 2D, and 2E). Most of the classically defined immune cell populations showed a widespread distribution in the high-dimensional
transcriptomic space (Figure 2E), emphasizing the continuous nature of immune
cell subtypes.
Defining CNS-homing cells in the peripheral blood of MS patients
In order to identify CNS-homing cells in the blood of RRMS patients, we compared samples from natalizumab-treated time points, where migration into the CNS is hindered,
with untreated samples from the same patients (cohort MS1; Figure 3A). We first
confirmed that CNS-homing cells were indeed enriched in the peripheral blood by natalizumab by observing increased cellular expression of the natalizumab target ITGA4
(CD49d) in the circulation of RRMS patients (Figure S3A). ITGA4 combines on cell surfaces with integrin beta 1 (ITGB1, CD29) to form the fully functional integrin very late antigen-4 (VLA-4) required for crossing of the BBB. Therefore, we confirmed that ITGB1
expression was also increased during treatment (Figures S3A and S3B). Importantly,
in vitro exposure of immune cells to natalizumab did not affect ITGA4 and ITGB1
mRNA expression (Figures S3C and S3D),7 suggesting the increase is not a direct
drug effect but instead reflects an accumulation of CNS-homing immune cells in the peripheral blood. Next, we determined for each immune cell cluster and donor the extent
to which the fraction of VLA-4+ CNS-homing cells increased during treatment with natalizumab (Figures 3A–3E). We observed the most significant increase and largest fold
change in T cell cluster T09, which consisted largely of CD4+ effector memory T cells
as well as a few central memory T cells (Figures 2C, 2E, 3E, and S2). The only other significant increase was observed in cluster T06, a close neighbor of T09 consisting mainly
of CD4+ central memory T cells (Figures 2C, 2E, 3E, and S2); however, T06 showed a less
pronounced increase of VLA-4+ cells. Thus, we selected cluster T09 for further exploration, as it consists of a mature effector CD4+ T cell population that seems to possess a
strong drive to localize to the CNS in RRMS. To track CNS-homing cells in progressive
MS, we sought to establish a way of measuring their presence in the blood independently of natalizumab. We conducted differential gene expression analysis for cluster
T09 between natalizumab-treated and untreated time points (cohort MS1) to yield a
CNS-homing signature (CNS-h) that marks these cells (Figures 4A and 4B). This signature
included migration and adhesion factors, such as such as ITGA4, AQP3, EZR, ADGRE5,
RHOB, and RGS1,8–11 as well as encephalitogenic genes, such as PIK3CG, KRAS,
SOCS3, and TOB1 (Figures 4C and 4D; Table S1).12–15 We first tested the enrichment
of the CNS-h signature on expression data from the blood of the same RRMS patients
(cohort MS1; untreated time points only) in comparison to matched healthy individuals
(cohort HI1; Figure 5A). In this context, we observed a clear de-enrichment of the CNS-h
signature in cluster T09, suggesting that we can measure a redistribution of CNS-homing
cells from the periphery to the CNS in the peripheral blood. Notably, as the baseline frequencies of VLA4+ cells in T09 show interindividual variety at the same scale as the effect
(C) 5,000 randomly drawn cells per cohort are shown.
(D) 2,500 randomly drawn cells per group are shown.
(E) 500 randomly drawn cells per individual are shown. No color legend is provided because of the large number of individuals (n = 62).
(F) Messenger RNA (mRNA) expression of cell type marker genes projected on umap of all cohorts (MS1–3 and HI1–3).
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Figure 2. Integration of protein surface profiling for detailed mapping of canonical immune cell
subtypes in the transcriptomic space
(A and B) Exemplary cell population gating based on sequenced surface marker profiles and
imputed mRNA markers of n = 355,433 PBMCs (refer to Figure S1 for the complete gating strategy).
Antibody-derived tags (ADTs) indicate that protein surface markers are shown, whereas ‘‘RNA’’
indicates imputed expression values based on the transcriptome.
(C and D) Projection of exemplary gated populations on umap (cohorts MS1–3 and HI 1–3). Refer to
Figure S2 for projections of all gates. Lines point to the mean coordinates of the indicated
populations.
(E) Column-scaled heatmap of gate distributions in unsupervised clusters. mono_c, classical
monocytes (CD14+ monocytes); mono_i, intermediate monocytes; mono_nc, non-classical
monocytes (CD16+ monocytes); NK_CD56bright, CD56-bright NK cells; NK_im, immature NK cells;
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to be measured in this cross-sectional comparison, analysis based on cell frequencies
would likely be inconclusive with the limited number of available samples (Figure 3E).
Next, we validated our CNS-h signature on an independent cohort of 11 RRMS patients
(cohort MS2) compared to 11 matched healthy individuals (cohort HI2). We confirmed a
significant de-enrichment of the CNS-h signature in cluster T09 in the RRMS patients
(Figure 5B). We then tested the CNS-h signature in a cohort of 10 progressive MS patients (cohort MS3) matched to 10 healthy individuals (cohort HI3). Again, we observed
a significant de-enrichment of CNS-h in T09 cells (Figure 5C), suggesting that, not only in
RRMS but also in progressive disease, these cells are still de-enriched in the peripheral
immune compartment. In contrast, a randomly selected control gene signature of the
same size as CNS-h was unchanged in all cohorts tested (Figures 5D–5F)
CNS-homing T09 cells localize to the white and gray matter in SPMS
Based on our observations in the peripheral blood of PPMS patients, we hypothesized
that T cells originating from cluster T09 might be found in the brains of progressive
MS patients. To test this, we used spatial RNA sequencing to examine the presence
and localization of T09 cells in post mortem brain samples from SPMS patients. This technique enables enrichment testing of complete gene signatures in brain tissue with spatial
resolution16 and is therefore ideally suited to directly track T09 cells defined by a complex
gene composition without loss of specificity (Figure 6A). We compiled a signature that
distinguished T09 cells from all other immune cells in the blood based on our entire integrated dataset (cohorts MS1–3 and HI1–3; Table S1). We ensured that it clearly distinguished T09 cells in the blood of MS patients and that developmental brain-resident
cells, such as microglia or astrocytes, did not enrich the T09 signature using a publicly
available dataset with single-cell resolution (Figures 6B, S4A, and S4B).17 Testing this
devised T09 signature, we clearly observed a speckled enrichment pattern in brain tissue
slices in four out of six MS patients, although no enrichment could be observed in brain
tissue of four non-MS controls (Figures 6C–6E). Analyzing the spatial distribution of T09
enrichment, we noted an association with areas of white matter demyelination (Figure 6D). In addition, we observed a focal enrichment in the gray matter, often associated
with sulcal areas or the border between gray and white matter (Figure 6E). Thus, we find
direct evidence for an accumulation of T09 cells in the brains of MS patients, not only in
white matter areas associated with relapses but also in gray matter areas strongly implicated in disease progression.5
T09 cells have an overlapping Th17-Tfh phenotype characterized by
targetable surface markers
Having identified CNS-homing T09 cells in the brains of patients with progressive
MS as well as in the blood of natalizumab-treated RRMS patients, we sought to

NK_m, mature NK cells; NK_NKT, NK T cells within NK cell clusters; T_actv, activated T cells; T_CD4,
CD4+ T cells; T_CD4_Tcm, CD4+ central memory T cells; T_CD4_Tem, CD4+ effector memory
T cells; T_CD4_Tn, naive CD4+ T cells; T_CD4_Tte, CD4+ terminal effector T cells; T_CD4_Ttm,
CD4+ T transitional memory cells; T_CD4_Ttm_Tem, CD4+ T transitional memory/CD4+ T effector
memory cells; T_CD8, CD8+ T cells; T_CD8_Tcm, CD8+ central memory T cells; T_CD8_Tem, CD8+
T effector memory cells; T_CD8_Tn, naive CD8+ T cells; T_CD8_Tte, CD8+ terminal effector T cells;
T_CD8_Ttm, CD8+ T transitional memory cells; T_CD8_Ttm_Tem, CD8+ T transitional memory/
CD8+ T effector memory cells; T_CD29hi, CD29-high T cells; T_CD38hi, CD38-high T cells;
T_CD49dhi, CD49d-high T cells; T_CD57hi, CD57-high T cells; T_CD161hi_non_MAIT, CD161-high/
non-MAIT cells; T_DN, CD4/CD8 = double negative T cells; T_DP, CD4+/CD8+ = double
positive T cells; T_gd, gamma-delta T cells; T_HLADRhi, HLADR-high T cells; T_INKT, invariant NK
T cells; T_MAIT, mucosal-associated invariant T cells; T_NKT, NK T cells within T cell clusters;
T_PD1hi, PD1-high T cells; T_reg_protein, T regulatory cells based on protein expression;
T_reg_RNA, T regulatory cells based on RNA expression; T_VLA4, VLA4+ T cells.
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Figure 3. Entrapment of CNS-homing immune cells in the peripheral blood by natalizumab
treatment uncovers their origin in cluster T09
(A) Experimental setup to identify CNS-homing immune cells in the blood (B). CNS-associated perivascular
compartments (CPV), lymphatic system (L), and natalizumab treatment (NAT) are shown.
(B–E) Increase of VLA-4+ cells during natalizumab treatment compared to untreated time points
(cohort MS1) in B cells (n = 7 RRMS patients), cDC (n = 6), monocytes (n = 9), NK cells (n = 9), and
T cells (n = 9).
(B) Mean increase of VLA4+ cells during natalizumab treatment projected on umap.
(C) Relative increase of VLA4+ cells during natalizumab treatment for B cells, cDC, and NK cell
subpopulations.
(D) Relative increase of VLA4+ cells during natalizumab treatment for monocyte subpopulations.
(E) Relative increase of VLA4+ cells during natalizumab treatment for T cell subpopulations.
FDR-adjusted paired two-tailed t tests were used in (C–E).

deeply characterize these cells to profile their potential as a therapeutic target.
Based on their surface protein marker profile, T09 cells were mainly composed of
CD4+ effector memory T cells (Figures 2C, 2E, and S2). To relate T09 cells to
more specific T helper cell subtypes, we projected the transcriptomes of sorted
CD4+ T cell populations18 on our immune cell map (Figures 7A and S5A). Notably,
we found that cluster T09, as a transcriptomic entity, transcended borders between
classically defined T helper type 17 (Th17) and T follicular helper (Tfh) cells, suggesting that T09 cells have an overlapping phenotype between these cell types (Figure 7A). To better understand how this phenotype is defined, we derived marker

302

Med 2, 296–312, March 12, 2021

ll

Clinical and Translational Article

OPEN ACCESS

Med 2, 296–312, March 12, 2021

303

ll

OPEN ACCESS

Clinical and Translational Article

genes for T09 cells by contrasting them against other CD4+ memory cells and all
other T cells (Figures 7B, 7C, and S5B–S5D; Table S1). T09 cells were most strongly
distinguished from other CD4+ memory cells by their expression of killer cell lectin
like receptor B1 (KLRB1; CD161) both on mRNA and protein level (Figures 7B, 7C,
and S5B). We also observed the expected expression of CD161 in CD8+ and
CD4/CD8-double-negative T cells (Tdn), including MAIT and Tgd (Figures 2D and
S2), but T09 did not extend into these subsets (Figures 1B, 2D, and S2). In contrast
to CD161, expression of lymphotoxin beta (LTB) was mostly restricted to CD4+
memory T cells, including T09, and was not seen in most CD8+ or Tdn cells (Figures
7C, 7D, and S6). Thereby, robust co-expression of KLRB1 and LTB exclusively tagged
T09 cells within the PBMC pool (Figure 7D). Additionally, we identified AQP3, ICOS,
and TNFRSF25 as markers with known surface expression suitable for discriminating
T09 cells (Figures 7E and S6). MAF bZIP transcription factor (MAF) was the most
prominently upregulated transcription factor in T09 (Figures 7B and 7E), which has
been noted to play a dual role in Tfh and Th17 differentiation in mice,19 followed
by RAR-related orphan receptor A (RORA) (Figure 7E), which is the classical transcription factor defining Th17 cells.20 A Gene Ontology (GO) enrichment analysis
of T09 marker genes in comparison to other CD4+ memory T cells revealed upregulation of numerous closely related terms describing T cell migration, extravasation,
chemotaxis, and cellular adhesion (Figure 7F; Table S2). Representative genes for
the migration phenotype of T09 cells included NINJ1, LIMS1, AQP3, and ITGA4 (Figures 7B, 7E, and S5C; Table S1).21–23 In addition, T09 cells had a more differentiated
phenotype than other CD4+ memory T cells, as indicated by downregulation of GO
terms associated with cell cycle and T cell proliferation as well as upregulation of
gene sets for terminally differentiated cells (Figure 7F; Table S2). Of note, in contrast
to other CD4 memory cells, the top marker genes for cluster T09 included numerous
genes, which have previously been proven to be encephalitogenic in MS animal
models, such as MAF, PDE4D, ABCB1, CCR1, and LGALS1.24–28 Together, cluster
T09 consists of unique highly differentiated CD4+ T cells that possess traits of
both Th17 and Tfh cells and express a rich repertoire of migratory and encephalitogenic factors, which make it plausible that they contribute to both the pathogenesis
of RRMS and progressive MS (Figure 7G).

DISCUSSION
Here, we provide evidence that a population of CNS-homing CD4+ T cells (T09) that
is relevant to the pathophysiology of RRMS is also detected in the CNS of patients
with progressive disease. Intriguingly, we found that T09 cells were not only clustered in areas of white matter demyelination but were also present in the gray matter, including sulcal areas, where lymphocyte accumulations in progressive MS are
mainly thought to occur.5

Figure 4. Differential gene expression analysis between T09 cells with and without natalizumab treatment identifies their CNS-homing signature
(A) Differentially expressed genes in cluster T09 between natalizumab-treated and untreated time points (cohort MS1), termed CNS-homing signature
(CNS-h).
(B) Comparison of single-cell gene set enrichment of the CNS-h signature in cluster T09 for n = 150 cells per sample and mean gene set enrichment
averaged for each sample (lower panel). n = 9 samples from natalizumab-treated RRMS patients and n = 8 samples from untreated time points of the
same patients (cohort MS1) are shown.
(C and D) Mean mRNA expression in cluster T09 of indicated genes for n = 9 RRMS patients with and without natalizumab treatment (cohort MS1).
(C) Significantly upregulated genes with natalizumab treatment (adjusted p value of DEseq2 analysis % 0.1).
(D) Significantly downregulated genes with natalizumab treatment (adjusted p value of DEseq2 analysis % 0.1).
p values in (A, C, and D) are derived from differential gene expression analysis with DEseq2. False discovery rate (FDR)-adjusted paired two-tailed t tests
were used in (B).
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Figure 5. CNS-homing immune cells are reduced in the blood of relapsing-remitting and progressive MS patients
(A–F) Comparisons of single-cell gene set enrichment of the CNS-h signature (A–C) or a control signature of random genes (D–F) in cluster T09 for
indicated cohorts with n = 150 cells per sample and mean gene set enrichment averaged for each sample (right panels).
(A and D) Samples from n = 8 RRMS patients without treatment (cohort MS1) compared with n = 7 HI (cohort HI1).
(B and E) Samples from n = 7 RRMS patients without treatment (cohort MS2) compared with n = 6 HI (cohort HI2).
(C and F) Samples from n = 10 PPMS patients without treatment (cohort MS3) compared with n = 10 HI (cohort HI3).
FDR-adjusted paired two-tailed t tests were used in (A)–(F).

Our data indicate that peripheral immune cells responsible for driving acute white
matter demyelination during the RRMS phase become resident within cortical brain
regions that are strongly associated with progression to disability. The presence of
these cells, likely already at the initiation of disease but also later during the secondary progressive phase, raises the intriguing possibility that these cells play an active
role in disease progression through colonization of the CNS. This observation may
help to explain widespread clinical observations. Thus, it is known that immunomodulatory treatments, such as natalizumab, are effective during the relapsing-remitting
phase of MS but that once secondary progressive disease has been established, they
are unable to prevent the progression of disability.2 Our data suggest that these
treatments may not be effective during the progressive stage of disease because
CNS-homing cells, although still detectable in the peripheral blood, will have
already become resident within the CNS, where they may continue to drive inflammatory processes.
By taking a high-dimensional continuous immunophenotyping approach, we uncovered that these cells possess a distinct phenotype obscured in lower dimensional, discrete methods by bimodal attribution either as Th17 cells or Tfh cells.
Thus, we defined a pathogenic cell population in RRMS and progressive MS that
was difficult to fully capture in previous human studies. These cells are distinguished by expression of CD161 and LTB. CD161 has been described as a reliable
marker of interleukin-17 (IL-17)-producing cells,29 and variants have been
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Figure 6. CNS-homing T09 cells localize to the white and gray matter in secondary progressive MS
(A) Schematic overview for spatial RNA sequencing of MS brain tissue.
(B) T09 signature enrichment for PBMC scRNA-seq data from n = 30 MS patients (cohorts MS1–3). Dots represent pseudobulks per sample. The dashed
line indicates the cutoff chosen for signature enrichment (AUC ratio = 11.5), above which enrichment was found to be specific for cluster T09 within all
PBMC populations.
(C) T09 signature enrichment for spatial RNA sequencing (spRNA-seq) data of brain slices from n = 4 control donors and n = 6 SPMS patients. Dots
represent individual spot transcriptomes as indicated in (A).
(D and E) Representative spatial localization of T09 gene set enrichment in white matter (D) and gray matter (E).

associated with MS risk.30 The combination of IL-17 production and LTB signaling
has been associated with the induction of meningeal resident tertiary lymphatic tissue in experimental autoimmune encephalomyelitis (EAE) in mice,31,32 implicating
these pathways in the seeding of immune cell accumulations in MS. However,
equivalent cells had not been identified in MS patients, and therefore, their therapeutic targeting was not feasible. By defining distinct migration factors and surface markers of LTB+/CD161+ T09 cells, a CNS-homing population that colonizes
the CNS of progressive MS patients, we lay the groundwork for a therapeutic opportunity to target this pathomechanism. Additionally, a recent scRNA-seq study
has provided further evidence for the importance of the Tfh phenotype in MS
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Figure 7. T09 cells have an overlapping Th17-Tfh phenotype characterized by targetable surface markers
(A) Gene set enrichment of T helper cell signatures derived from publicly available data 18 projected on umap plots of the CD4 memory T cell (CD4mem)
compartment. The localization of T09 cells in CD4mem is indicated in the lower right panel. All cohorts (MS1–3 and HI1–3) are shown.
(B) Differential gene expression (DEG) analysis contrasting single-cell transcriptomes of T09 cells (n = 19,874) and other CD4mem cells (n = 73,002). All
cohorts (MS1–3 and HI1–3) were used.
(C) Mean mRNA expression per individual (n = 62; cohorts MS1–3 and HI1–3) for KLRB1 and LTB in CD4mem clusters.
(D) (Co-)expression of KLRB1 and LTB projected on umap for all cohorts (MS1–3 and HI1–3).
(E) Mean mRNA expression per individual (n = 62; cohorts MS1–3 and HI1–3) for selected T09 markers in CD4mem clusters.
(F) Top 100 uniquely enriched or de-enriched GO terms in T09 markers from (B). Nodes indicate GO terms; edges represent shared genes between GO
terms.
(G) Schematic indicating the surface marker profile of T09 cells homing to the CNS of RRMS and progressive MS patients.
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with their demonstration of an enrichment of the Tfh signature in the cerebrospinal
fluid of RRMS patients.33
Our findings have potentially important clinical implications, as they suggest that
the initiation of an efficient immunomodulatory therapy in early MS could prevent
peripheral immune cells from establishing residence within the CNS, which could
in turn delay or halt the onset of the progressive stage of disease. Clinical support
for this hypothesis has recently come from two retrospective studies suggesting
that conversion to secondary progressive disease starts significantly earlier if the
peripheral immune system is left unchecked.34,35 However, long-term treatment
with natalizumab and other high-efficacy immunomodulatory therapies is associated with serious side effects, such as potentially lethal JC virus reactivations
and other severe infections36,37; this has led to the current paradigm of treatment
escalation commonly applied to RRMS patients, which is considered low risk in
terms of side effects to the patients yet fails to eventually curb disease progression. Thus, a therapeutic strategy to prevent CNS-homing immune cells from establishing themselves in the brain early in disease would have to be highly targeted to be practicable. Based on our study, it is attractive to speculate about
a novel therapeutic approach for MS: utilizing short-term natalizumab ‘‘pre-conditioning’’ at the early stages of RRMS could trap the pathogenic T cell population
in the easily accessible peripheral compartment, where it could then be specifically removed to potentially halt progressive disease onset. The identification
of a number of surface protein targets on the CNS-homing T cell population in
this study, including CD161, AQP3, LTB, ICOS, and TNFRSF25 (Figures 7C–7E,
7G, and S6), suggests possible options for developing tailored depletion therapies with tri-specific antibodies or combinatorial antigen-sensing cells, as has
recently emerged for cancer therapy.38,39 Together, we envisage that, by
removing the CNS-homing T cells early in disease, it may be possible to prevent
their establishment within the CNS and ultimately delay or prevent the transition
to progressive disease.
Limitations of study
This work was aimed at studying the important process of immune cell colonization of the CNS in MS entirely in humans in order to maximize clinical relevance
and translatability. Naturally, experiments in this setting cannot achieve the
same degree of mechanistic depth as would be possible in an animal model.
However, by investigating a defined molecular intervention to MS pathogenesis
(antibody-mediated VLA-4 blockage) with detailed multimodal, multicohort immunophenotyping and direct analysis of the target tissue, we ultimately identify
a promising avenue for preventing treatment-resistant progressive MS. Our study
only represents the first step in developing such a new treatment. To make
further progress, it will be important to better understand the temporal dynamics
of CNS immune cell colonization and to assess the suitability of different
surface proteins of T09 cells described in this study as targets for a depleting
intervention.
Moreover, as we found that a comparison between untreated MS patients compared
with healthy individuals did not show any significant differences in subpopulation
frequencies (data not shown) and mostly identified low numbers of differentially expressed genes (Figures S7A–S7F; Table S1), many of which were driven by a small
number of individuals, we cannot present a broader exploratory analysis of the MS
immunophenotype. We believe this to be reflective of the high variability expected
in cross-sectional human studies that are based on a relatively limited number of

308

Med 2, 296–312, March 12, 2021

ll

Clinical and Translational Article

OPEN ACCESS

tested individuals. Similar to the trend observed in gene-wide association studies,
we imagine that a comprehensive and valid cell type resolved signature of the immune system in MS will only be derived from a much larger number of individuals.
To this end, our dataset is a valuable starting point that can be incorporated into
larger cohorts in the future.
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CAT#341502; LOT#B199209; RRID:
AB_1595419

anti-CXCR5_clone-J252D4

Biolegend

CAT#356901; LOT#B163804; RRID:
AB_2561810

anti-TCR Va24-Ja18_clone-6B11

Biolegend

CAT#342902; LOT#B204558; RRID:
AB_2229301

Antibodies

anti-TCR g/d_clone-11F2

Nordic MUbio / Biozol

CAT#NMB-MUB1809P; LOT#7104; RRID: n/a

anti-TCR Va7.2_clone-3C10

Biolegend

CAT#351702; LOT#B209777; RRID:
AB_10900258

anti-CD161_clone-DX12

BD

CAT#556079; LOT#B7075709; RRID:
AB_396346

anti-NKG2D_clone-1D11

Biolegend

CAT#320802; LOT#B228271; RRID:
AB_492956

anti-CD159a (NKG2A)_clone-#131411

R&D

CAT#MAB1059-100; LOT#FVY0318061; RRID:
AB_2280982

anti-CD19_clone-HIB19

Biolegend

CAT#302202; LOT#B250155; RRID:
AB_314232

anti-IgD_clone-IA6-2

Biolegend

CAT#348202; LOT#B24390; RRID:
AB_10550095
(Continued on next page)
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anti-CD24_clone-ML5

Biolegend

CAT#311102; LOT#B240399; RRID:
AB_314851

anti-CD138_clone-DL-101

Biolegend

CAT#352302; LOT#B258491; RRID:
AB_10915555

anti-CD14_clone-M5E2

Biolegend

CAT#301802; LOT#B257124; RRID:
AB_314184

anti-CD16_clone-B73.1

Biolegend

CAT#360702; LOT#B243320; RRID:
AB_2562693

anti-CD123/IL-3R_clone-6H6

Biolegend

CAT#306002; LOT#B254974; RRID:
AB_314576

anti-CD11c_clone-3.9

Biolegend

CAT#301602; LOT#B252725; RRID:
AB_314172

anti-CD56_clone-HCD56

Biolegend

CAT#318302; LOT#B254021; RRID:
AB_604092

anti-CD279 (PD-1)_clone-EH12.2H7

Biolegend

CAT#329902; LOT#B250570; RRID:
AB_940488

anti-CD152 (CTLA-4)_clone-BNI3

Biolegend

CAT#369602; LOT#B224872; RRID:
AB_2566610

anti-CD3_clone-37895

Biolegend

CAT#317301; LOT#B201401; RRID:
AB_571926

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_01

Biolegend

CAT#394601; LOT# B272595; RRID:
AB_2750015

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_02

Biolegend

CAT#394603; LOT# B272602; RRID:
AB_2750016

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_03

Biolegend

CAT#394605; LOT# B272598; RRID:
AB_2750017

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_04

Biolegend

CAT#394607; LOT# B270523; RRID:
AB_2750018

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_05

Biolegend

CAT#394609; LOT# B270803; RRID:
AB_2750019

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_06

Biolegend

CAT#394611; LOT# B272604; RRID:
AB_2750020

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_07

Biolegend

CAT#394613; LOT# B272606; RRID:
AB_2750021

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_08

Biolegend

CAT#394615; LOT# B272605; RRID:
AB_2750022

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_09

Biolegend

CAT#394617; LOT# B270545; RRID:
AB_2750023

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_10

Biolegend

CAT#394619; LOT# B264719; RRID:
AB_2750024

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_12

Biolegend

CAT#394623; LOT# B264718; RRID:
AB_2750025

anti-CD298/b2-microglobulin-clone_LNH-94/
2M2-hashtag_13

Biolegend

CAT#394625; LOT# B264717; RRID:
AB_2750026

Peripheral blood mononuclear cells of MS
patients and healthy individuals

Biobank of the Institute of Neuroimmunology
and Multiple Sclerosis (INIMS)

https://www.inims.de/#biobanking

Brain tissue of MS patients and control brain
tissue

UK Multiple Sclerosis Society Tissue Bank

http://www.imperial.ac.uk/medicine/multiplesclerosis-and-parkinsons-tissue-bank/

Biological samples

Critical commercial assays
Chromium Single Cell Gene Expression 30 v2

10X genomics

No longer commercially available

Chromium Single Cell Gene Expression 30 v3

10X genomics

CAT#1000074, 1000092, 1000213

Library Preparation (LP) glass slides

Spatial Transcriptomics, Stockholm

The company is now part of 10X genomics. The
original assay is no longer available (compare
10X Visium product)

ScRNA-seq data of PBMCs from MS patients
and healthy individuals

This paper

GEO: GSE144744

Bulk RNA-sequencing data of sorted PBMC
populations

Ref18

GEO: GSE107011

Deposited data

(Continued on next page)
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Bulk RNA-sequencing data of natalizumabtreated T cells

Ref7

GEO: GSE37783

Sc-RNA-seq data of brain tissue from MS
patients and control tissue

Ref17

SRA: PRJNA544731

Oligonucleotides
See Table S4

N/A

Software and algorithms
bcl2fastq_v2.20.0.422

Illumina

https://support.illumina.com/sequencing/
sequencing_software/bcl2fastq-conversionsoftware.html

zUMIs_v2.5.6b
samtools_v1.9

40

https://github.com/sdparekh/zUMIs
https://github.com/samtools/samtools

STAR_v2.6.0c
CITE-seq-Count_v1.4.2

42

R_v3.6.1
Seurat_v3.1.1

41

https://doi.org/10.5281/zenodo.2590196
The R Project for Statistical Computing
43

https://github.com/alexdobin/STAR
https://github.com/Hoohm/CITE-seq-Count
https://www.r-project.org/
https://satijalab.org/iocon/

DoubletFinder_v2.0.2

44

https://github.com/chris-mcginnis-ucsf/
DoubletFinder

sctransform_v0.2.0
SAVER-X_v1.0.0

45

https://github.com/ChristophH/sctransform
https://github.com/jingshuw/SAVERX

Flowjo_v10.5.3
DESeq2_v1.22.1

46

BD
47

https://www.flowjo.com/
http://bioconductor.org/packages/release/
bioc/html/DESeq2.html
https://tidyverse.org

Tidyverse_v1.2.1.9000

48

nf-core/rnaseq_v1.4.2
AUCell_v1.4.1

49

clusterProfiler_v3.10.1

51

Cytoscape_v3.6.1

52

https://cytoscape.org/

ST pipeline_v1.5.1

Spatial Transcriptomics

https://github.com/
SpatialTranscriptomicsResearch/st_pipeline

50

https://github.com/nf-core/rnaseq
https://bioconductor.org/packages/release/
bioc/html/AUCell.html
https://bioconductor.org/packages/release/
bioc/html/clusterProfiler.html

RESOURCE AVAILABILITY
Lead contact
Further information and requests for resources and reagents should be directed to
and will be fulfilled by the Lead Contact, Prof. Dr. Manuel A. Friese (manuel.
friese@zmnh.uni-hamburg.de)
Materials availability
This study did not generate new unique reagents.
Data and code availability
All (unprocessed and processed) count matrices of scRNA-seq and CITE-seq experiments performed in this study are publicly available from Gene Expression Omnibus
(GEO): GEO: GSE144744 including metadata and cell type annotations. Please note
that the patient consent for this study did not cover the public deposition of raw
sequencing data (fastq files) and raw data were therefore not uploaded to GEO. Access to raw sequencing data can be offered upon reasonable request following
ethical approval at our institutions. Spatial RNA sequencing data and all code for
data processing and analysis in R is available from the corresponding author on
reasonable request. Other publicly available datasets used in this study are available
from GEO (GEO: GSE107011, GEO: GSE37783) and from the Sequence Read
Archive (SRA) (PRJNA544731).
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EXPERIMENTAL MODEL AND SUBJECT DETAILS
Study cohorts
MS patients and healthy individuals were recruited through the MS outpatient clinic
of the Department of Neurology, University Medical Center Hamburg-Eppendorf
(UKE). The study was approved by the local ethics committee (Ethikkommission
der Ärztekammer Hamburg, registration number PV4405) and informed consent
was obtained from all patients and healthy individuals. All cohorts from which
PBMCs were analyzed were compiled from cryopreserved samples collected in
the biobank of the UKE Institute of Neuroimmunology and Multiple Sclerosis
(INIMS). PBMCs were selected from n = 10 RRMS patients sampled during natalizumab treatment (cohort MS1). For n = 9 of these patients a second sample without
natalizumab treatment was available and analyzed in the study. Additionally, PBMCs
were used from n = 11 RRMS patients (cohort MS2) and n = 10 PPMS patients (cohort
MS3) with active disease. These patients were not on any immunomodulatory medication at the time of sampling and only two PPMS patients from cohort MS3 had
received any previous MS-specific long-term medication. PBMCs from n = 31
healthy individuals were carefully age- and sex-matched to the patients in this study
(cohorts HI1–3). Further specifications of the cohorts are detailed in Table S3. For
spatial RNA sequencing fresh-frozen brain tissue from MS patients or non-neurological controls were obtained from the UK Multiple Sclerosis Society Tissue Bank (registered charity 207495). This project falls under the umbrella of ethical approval obtained by the MS Society Tissue Bank (08/MRE09/31+5).

METHOD DETAILS
Single cell RNA sequencing and surface marker profiling
A panel of 38 antibodies (Key resources table; Table S4) was conjugated with barcoding oligonucleotides following the protocol for cellular indexing of transcriptomes and epitopes by sequencing (CITE-seq).53 In addition, hashtag antibodies
for sample multiplexing54 were obtained from BioLegend (Key resources table; Table S4). PBMC samples were defrosted and assessed for viability, required to be >
95%. 200,000 cells per sample were blocked with Fc blocking reagent (FcX,
BioLegend, cat. no. 422302) followed by staining with 0.5 mg of each prepared
CITE-seq antibody and 0.5 mg of one hashtag antibody. Labeled single cell suspensions were mixed and 5,000–10,000 cells per sample were loaded onto a Chromium
10x controller (total load of 25,000–50,000 cells per well). All samples for a given
donor and their matched control were loaded together and processed simultaneously. Samples were processed using the Chromium 30 v3 (cohorts HI1 and
MS1), v2 and v3 (cohorts HI2 and MS2), and v3 (cohorts HI3 and MS3) kits according
to the manufacturer’s instructions with modifications as described previously in the
CITE-seq and cell hashing protocols.53,54 Processed libraries were run on a Nextseq500 using an Illumina 75 cycle kit (R1 = 26, R2 = 55, i7 = 8, i5 = 0).
Data pre-processing for single cell analysis
Sequencing data was deconvoluted into separate libraries for cDNA, antibody
derived tags (ADT) and cell hashing using bcl2fastq (Illumina). For cDNA libraries single cell barcode deconvolution and mapping was performed using the zUMIs pipeline40 and the GRCh38 reference genome without alternative contigs. For ADT and
cell hashing libraries barcode deconvolution was performed using CITE-seq-Count.
Further data processing and analysis steps were carried out in R and handled within
the Seurat single cell analysis framework.43 First, cDNA and ADT samples were demultiplexed based on the signal of cell hashing antibodies using the HTODemux
function from Seurat. In the process inter-sample doublets were identified and

e4

Med 2, 296–312.e1–e8, March 12, 2021

ll

Clinical and Translational Article

OPEN ACCESS

removed. Next, single cell transcriptomes were subjected to the following basic
quality filtering procedures: Genes expressed in less than ten cells were removed;
pseudogenes and non-protein coding genes that were not annotated as either microRNAs or lincRNAs were discarded; highly abundant ribosomal protein coding
genes were discarded as they are prone to carry batch effects and to be overrepresented in clustering and differential gene expression analysis; cells with less than 500
cDNA unique molecular identifiers (UMI) or more than 15,000 UMI counts were
excluded as well as cells with less than 300 or more than 5,000 detected genes;
furthermore, cells with less than 100 or more than 7,000 ADT UMI and cells with
more than 20% mitochondrially encoded transcripts were excluded; remaining
strong outliers on a plot of cDNA UMI count and number of detected genes were
removed; automated intra-sample doublet detection was performed using DoubletFinder44 and predicted doublets were removed. Next, each sample was normalized
separately using sctransform,45 followed by integration of all samples using Seurat
as has been previously described43 to correct for batch and biological group effects.
A separate assay (termed SCT) was created in the Seurat object, in which all cells of
the dataset were normalized together using sctransform and subjected to linear
batch correction without correction for biological groups. This data was used in plots
comparing gene expression between groups. Finally, pANN scores from DoubletFinder were visualized on umap plots of the integrated data and small clusters
with overall high pANN considered as remaining intra-sample doublets were
removed. The ADT data was reduced to cell barcodes for which single cell transcriptomes remained in the filtered transcriptomic dataset. Next, ADT normalization was
performed across cells using centered log ratio transformations as described previously.53 Selected markers were plotted for all samples separately to identify high
quality stainings. 142 out of 204 ADT libraries showed excellent resolution, whereas
the remaining profiles (all from one antibody conjugation batch) were considered to
have inferior resolution. Tentative data integration including lower quality ADT profiles resulted in an overall reduced ability to gate subpopulations. Thus, they were
not included in the final dataset. For 8 out of 38 surface markers low signal to noise
ratio was observed in cryopreserved samples but not in fresh samples and these
markers were not included in the final dataset. In analogy to the processing of the
RNA data, ADT profiles were integrated and scaled using Seurat. To enable combined gating of protein surface marker data and RNA data we imputed dense
gene expression matrices from the sparse raw data. Specifically, we performed machine-learning based imputation using SAVER-X46 separately for each sample using
a pretrained human immune cell model available from https://github.com/jingshuw/
SAVERX (human_Immune.hdf5). The imputed gene expression data was integrated
and scaled using Seurat. ADT and imputed RNA data for selected markers were exported as FCS files compatible with standard flow cytometry software.
Clustering and gating
Unsupervised transcriptomic clusters were identified with a shared nearest neighbor
(SNN) modularity optimization-based algorithm implemented in Seurat using a resolution parameter of 0.75. Next, canonical RNA and ADT markers for the major cell types
expected in PBMCs were visualized on a umap plot and clusters were annotated accordingly. Manual gating of cell subpopulations was performed for each major cell type on
integrated ADT data and imputed RNA data within FlowJo. Cell IDs for each gate
were exported from FlowJo into R to visualize the gated populations on umap plots.
Cell frequency analyses
The frequency of VLA4-postive cells was separately calculated for each sample as the
number of ITGA4 and ITGB1 double positive cells in a given population (cell type or
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subcluster). Combinations of samples and populations with less than 20 total available cells were excluded from the analysis together with their paired samples. Clusters with less than five samples remaining were excluded. The change in frequency
under natalizumab treatment was calculated for each MS patient and cluster by subtracting the non-treatment frequencies from the frequencies in samples from natalizumab-treated time points. Statistical significance of frequency changes was assessed using FDR-adjusted paired two-tailed t tests.
Differential gene expression (DGE) analysis
Following recent suggestions for multi sample multi-condition scRNA-seq experiments55, the DGE analysis for cluster T09 was performed in pseudo-bulks. First,
separate expression matrices with raw UMI counts of cluster T09 were derived for
each sample in cohort MS1. Before pseudo-bulking, each matrix was sampled
(with replacement) to n = 1558 cells, the maximum number of cells found in a
sample – cluster combination in our discovery cohort. This step was included,
because the number of differentially expressed genes (DEG) was not independent
of the number of input cells for pseudo-bulking (likely due to non-linear normalization steps of DEseq2). After sampling, the raw UMI counts in all matrices were aggregated gene-wise to pseudo-bulk samples. Next, DGE analysis was performed using
DEseq247 with default settings. The design formula used was donor_identity +
group, where group indicated the treatment status with natalizumab. Genes were
considered to be differentially expressed at an FDR-adjusted p value % 0.1. For
gene sets used in gene set expression analysis also genes with a non-adjusted p
value % 0.05 were included. Cross-sectional DGE analyses (see Limitations of study,
Figure S7; Table S1) were carried out in an identical fashion with the design formula
adapted to batch_pair + group, where batch pair indicated the matched samples
that were processed together and group distinguished between MS patients and
healthy individuals. Markers for cluster T09 in contrast to all other T cells or in
contrast to all other CD4+ memory T cells were determined based on the integrated
transcriptomic data to describe this cell type independent of state changes in the
different biological groups investigated. For this purpose, the FindMarkers function
of Seurat was used to perform a Wilcoxon rank sum test. Genes were considered as
markers for the cluster at an FDR-adjusted p value % 0.1. For direct testing of differential mRNA expression of ITGA4 and ITGB1 (Figures S3A, S3C, and S3D) FDRadjusted two-tailed t tests were conducted.
Single cell gene set enrichment analysis
Gene set enrichment analysis was performed using AUCell as previously
described.50 Signatures tested for enrichment were split in positive and negative
marker gene sets. AUC values were then derived separately for positive and negative marker gene sets (Table S1). As an extension of the standard use of AUCell,
the ratio of AUCpositive markers / AUCnegative markers was used to determine overall
signature enrichment. AUC ratios for single cells were visualized as density plots.
As a control for cross-sectional comparisons, random gene sets were composed,
which contained equal numbers of genes as the positive and negative marker
gene sets to be tested. Single cell AUC ratio values for the random control signature
were derived as above.
Immunohistochemistry and histology for neuropathological assessment of
brain sections
Cryosections were cut to a thickness of 10 mm and stained for expression of MOG,
HLA-DP/DQ/DR, GFAP, and presence of oil red O (ORO) positivity according to
standard protocols. Reagents used included anti-MOG supernatant (1:50 dilution)
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(provided by Prof R. Reynolds, Imperial College London); DAKO rabbit polyclonal
anti-GFAP (1:500 dilution) (Z0334, Agilent); DAKO mouse monoclonal anti-HLADP/DQ/DR (1:200 dilution) (CR3/43, Agilent); ImmPRESS HRP Anti-Mouse or AntiRabbit IgG (Peroxidase) Polymer Detection Kit (Vector Laboratories) and ImmPACT
DAB Peroxidase (HRP) Substrate (Vector Laboratories); Oil Red O powder (Raymond
A Lamb Ltd). The sections were neuropathologically evaluated by Prof Margaret Esiri
(DM, FRCPath) and Dr Gabriele De Luca (MD, DPhil), University of Oxford.
Spatial RNA sequencing
The method was performed as described previously.16 Briefly, cryosections of MS
and control brain tissues were cut to a thickness of 10 mm and adhered to Library
Preparation (LP) glass slides purchased from Spatial Transcriptomics, Stockholm,
Sweden. This was followed by H&E staining and image acquisition, tissue permeabilization (1% Triton X followed by 0.1% pepsin (Sigma-Aldrich)) and overnight in situ
cDNA synthesis. Tissues were then removed using Proteinase K solution (QIAGEN),
followed by cDNA cleavage using a mix of Second Strand Buffer (1.1X) (Thermo
Fisher Scientific), dNTPs (8.75 mM each) (Thermo Fisher Scientific), BSA (0.20 mg/
ml) (NEB) and USER enzyme (0.1 U/ml) (NEB). The cleaved cDNA was collected and
immediately stored at 20 C until further processing. Visualization of spatial spots
for alignment with H&E images was achieved by hybridization with Cy3-labeled surface probes ([Cy3]AGATCGGAAGAGCGTCGTGT and [Cy3]GGTACAGAAGCGCGATAGCAG, IDT), followed by fluorescence image acquisition. Brightfield and fluorescent images were manually aligned using the ST Spot Detector tool described
previously56 on the basis of structural features detectable in both. Library preparation was carried out using a 2-phase robotic pipetting system (Magnatrix 8000+
Workstation, Magnetic Biosolutions AB) as described previously.57 The robot was
loaded with the following reagent mixtures. In phase 1 for second strand synthesis:
First Strand Buffer (2.7X) (Thermo Fisher Scientific), DNA polymerase I (3.7 U/ml)
(Thermo Fisher Scientific), RNase H (0.18 U/ml) (Thermo Fisher Scientific); for end
blunting reaction: T4 DNA polymerase (3 U/ml) (NEB), EDTA (80 mM) (Thermo Fisher
Scientific); for in vitro transcription: T7 NTP mix (7.5 mM each), T7 reaction buffer
(1X), T7 enzyme mix (1X) (all part of Ambion MEGAscript T7 kit, Thermo Fisher Scientific), SUPERaseIn (1 U/ml) (Thermo Fisher Scientific). In phase 2 for adaptor ligation: aRNA ligation adaptor (0.71 mM) (IDT), T4 RNA Ligase Reaction Buffer (1X)
(NEB), T4 RNA Ligase 2, truncated (20 U/ml) (NEB), RNase Inhibitor, murine (4 U/
ml) (NEB), for second cDNA synthesis: reverse transcription primer (1.7 mM) (IDT),
First Strand Buffer (2.5X) (Thermo Fisher Scientific), dNTP mix (0.83 mM each)
(Thermo Fisher Scientific), DTT (12.5 mM) (Thermo Fisher Scientific), RNaseOut Recombinant Ribonuclease Inhibitor (5 U/ml) (Thermo Fisher Scientific), Superscript III
(25 U/ml) (Thermo Fisher Scientific). Between all steps, libraries were purified using
Agencourt RNAClean XP Beads (Beckman Coulter) as described previously.57 Library indices were added with a PCR reaction. The number of cycles needed for indexing the libraries was determined by qPCR reaction in a total volume of 10 mL containing Kapa HiFi HotStart Ready Mix (1X) (Roche), EvaGreen (1X) (Biotium), PCR
Primer InPE1.0 (0.5 mM) (IDT), PCR Primer InPE2.0 (0.01 mM) (IDT), 0.5 mM PCR Index
(IDT) and 2 mL of purified cDNA. The following qPCR protocol was used: 98 C for
3 mins, followed by 25 cycles of 98 C for 20 s, 60 C for 30 s, 72 C for 30 s. Once
the number of cycles needed for indexing each library was determined, libraries
were indexed in a total reaction volume of 25 mL (5 mL cDNA + 20 mL reaction mix
as above). The 6 libraries obtained from each ST slide were indexed with PCR indices
1-6 or 7-12. After indexing PCR, libraries were purified using Agencourt AMPure XP
beads (Beckman Coulter) according to the manufacturer’s protocol. The ratio of
bead to sample volume used was 1.25:1. 80% ethanol was used for the wash steps.
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The libraries were eluted in 20 mL RNase/DNase-free water. The average fragment
length of the libraries was determined using a DNA High-Sensitivity kit (Agilent)
and Bioanalyser 2100 according to the manufacturer’s protocol. The cDNA concentration was measured by Qubit dsDNA HS assay (Thermo Fisher Scientific) according
to the manufacturer’s protocol. For sequencing, the 6 libraries from a slide were
diluted to 4nM or 2nM (depending on the starting concentration of the least concentrated sample), pooled and prepared for paired-end sequencing (R1 30bp, R2 55bp)
on the Illumina NextSeq 550 platform (Illumina) according to the manufacturer’s protocol. Raw data processing was performed with the Spatial Transcriptomics pipeline
including a mapping step with STAR and the GRCh38 reference genome.
T09 gene set enrichment analysis
Gene set enrichment analysis was performed as described above using AUCell with a
marker signature that distinguished T09 cells in all PBMCs (Table S1). The analyses
on PBMC data of MS patients from this study and brain cells from MS patients of a
publicly available dataset17 were carried out on pseudobulks of scRNA-seq data
aggregated for each sample – cluster combination. Sample – cluster combinations
with less than 20 cells and clusters with less than 3 available samples were excluded.
Gene set enrichment analysis on spatial RNA sequencing data from MS post-mortem
brain sections and control brain sections was carried out in the same fashion for each
spot transcriptome. Resulting AUC ratios were compared with PBMC and brain residential cell clusters and their spatial distribution was plotted on tissue sections.
Creation of T helper subtype marker gene sets
A publicly available dataset,18 which included bulk RNA sequencing data of sorted T
helper cell subpopulations, was downloaded from GEO (GSE107011) as fastq files.
Mapping and counting were performed using nf-core/rnaseq49 with default parameters and GRCh38 as reference genome. DGE analysis contrasting different T helper
cell subtypes was performed on the resulting count matrix with DeSeq2 to derive
markers for each subtype. The resulting marker gene sets were validated on the
sorted populations (Figure S5A).
GO term enrichment
As input for gene ontology (GO) enrichment analysis, marker genes for T09 in contrast to
other CD4 memory T cells (see above) were selected, which had an FDR-adjusted p
value % 0.1 and an average logFC change > 0.3. GO term enrichment was tested using
the enrichGO function from the clusterProfiler package.51 GO terms with an FDRadjusted p value % 0.1 were considered to be significantly (de-)enriched. GO term
enrichment maps were drawn for the top 100 uniquely enriched and de-enriched terms
using the emapplot function from clusterProfiler. Go term maps were formatted in Cytoscape (https://cytoscape.org/) and manually annotated with group terms for clarity. Networks with less than four GO terms are not shown in Figure 7F. All significantly (de-)enriched GO terms are listed in Table S2.

QUANTIFICATION AND STATISTICAL ANALYSIS
To assess differences in single cell gene set enrichment (Figures 4B and 5A–5F) 150
cells were drawn from cluster T09 for each sample and group differences were tested
using FDR-adjusted unpaired two-tailed t tests. Samples with less than 150 cells in
cluster T09 were excluded from the comparison. All other statistical analyses are
detailed in the respective sections of the article.
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