Cell Reports

Medicine

Uncovering combination therapies for immune-
mediated inflammatory diseases through systems
biology analysis on longitudinal patient data

Graphical abstract

o LONGITUDINAL TRANSCRIPTOMICS OF EXTREME RESPONDERS AND NON-RESPONDERS
b —

6 autoimmune diseases 8
6 targeted therapies (drugs) ' — ' Whole-Blood 4
11 disease-drug cohorts 2 %] Transcriptomics '
352 patient blood samples Pre-treatment Follow-up
e COMPUTATIONAL DISCOVERY OF DRUG COMBINATIONS e MOLECULAR MECHANISM CHARACTERIZATION
(SINGLE-CELL & IN-VITRO)
Drug A DrugB
Baseline Longitudinal Single-cell RNAseq reveals monocyte mediation
&% Diflerences Change
Respora - Fobo CD14* Monocytes
Non-Response Signature Drug Effect Signature

MITIGATION OF NON-RESPONSE?

« HLADRB1
« HLADRB1 o

Anti-TNF increases HLA-DRB in CD14* Monocytes (in vitro)

Drug Effect Drug Effect Anti-TNF
' | .
Complementary Incompatible ORB1 0w oRB e
Combination A A, Combination LI HLA-DRB1 hig|
S
ynergy i Exacerbation
combinations
v X Anti-TNF promotes synovial IL-6 driven pathology,
counteracted by Anti-IL6R
Blood ‘Synovium
Anti-BLyS + Anti-TNF
(Systemic Lupus Erythematosus)) — IL-6 producing
Migration . pro-inflammatory
o't

macrophage

—
Single-cell [©) \ R

N valdation s 205y
External validation @ ) —» o

v .
Mechanism
investigation

Resolved joint
inflammation

(@) COMBINED THERAPY OUTPERFORMS MONOTHERAPY IN PRECLINICAL MOUSE MODEL

paw tickness & improved clinical scores

Y Y Y +Y

ARTHRITIC ANTHIL6R ANTI-TNF COMBINED
MOUSE MODEL MONOTHERAPY MONOTHERAPY THERAPY

Highlights
® A systems approach prioritizes drug combinations from
longitudinal patient data

@ Anti-TNF and anti-IL-6R therapies are complementary in
rheumatoid arthritis

@ Single-cell analysis localizes the drug complementarity to

CD14" monocytes

® In mice, combined anti-TNF/anti-IL-6R therapy outperforms

monotherapy

Martinez-Mateu et al., 2026, Cell Reports Medicine 7, 103026
October 20, 2026 © 2026 The Author(s). Published by Elsevier Inc.

https://doi.org/10.1016/j.xcrm.2026.103026

Authors

Sergio H. Martinez-Mateu,

Yolanda Guillén, Edgar Angelats, ...,
Pere Santamaria, Sara Marsal,
Antonio Julia

Correspondence
tonijuliacano@gmail.com

In brief

Martinez-Mateu et al. develop a
computational framework that uses
longitudinal blood transcriptomes from
patients with immune-mediated
inflammatory diseases to prioritize
combination therapies. They identify anti-
TNF plus anti-IL-6R as complementary in
rheumatoid arthritis, localize the effect to
CD14* monocytes, and validate the
combination in mice, nominating
candidates for clinical testing.
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SUMMARY

While targeted therapies have reshaped the clinical management of immune-mediated inflammatory dis-
eases (IMIDs), primary non-response remains a major obstacle for many patients. Combining two targeted
therapies is an emerging strategy to overcome this therapeutic ceiling, but the number of possible drug pairs
makes prioritization difficult. For this objective, we present mitigation of non-response signature (MNRS), a
computational approach that uses longitudinal blood transcriptomic data from six IMIDs treated with
different targeted therapies to identify the most promising drug combinations. The approach identifies com-
plementary pairs of biologic agents and small molecules, as well as potentially incompatible pairs. In rheu-
matoid arthritis, anti-TNF and anti-interleukin 6 receptor therapy emerges as highly complementary;
single-cell analysis localizes this effect to CD14* monocytes, and a collagen-induced arthritis mouse model
confirms that the combination outperforms monotherapy. These findings show that longitudinal patient data
help prioritize drug combinations for clinical testing across immune-mediated diseases.

INTRODUCTION mune-mediated inflammatory diseases (IMIDs).1 However, while
this drug development has improved the global outcomes of
Since the first introduction of tumor necrosis factor (TNF) inhibi-  IMIDs compared to broad-spectrum immune modulators, there

tors (anti-TNFs) in the late 1990s, there has been significant are still many patients who do not benefit from targeted drug
progress in the development of targeted therapies to treat im-  interventions.” Remission rates during the first year are rarely
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higher than 30%,°° and even for those patients initially remitting,
drug efficacy is eventually lost.® Thus, there is a major need to
break this therapeutic ceiling in IMIDs. An emerging therapeutic
strategy involves the combination of existing drugs that comple-
ment each other and enable additive or synergistic effects that
can allow a larger proportion of patients to reach sustained
remission.” Clinical studies are costly and time-consuming and
therefore, the current challenge is to identify which drug combi-
nations should be prioritized for testing in patients.

IMIDs share common pathogenic mechanisms and, conse-
quently, targeted therapies have shown to be effective across
different diseases.! With the increasingly large number of
advanced therapies that are being approved every year, the
number of potential combinations that could be considered is
so high that it makes a comprehensive evaluation through
clinical trials unrealistic. In oncology, several large-scale pertur-
bation resources—such as Connectivity Map® and LINCS®—
systematically measure transcriptional or viability responses to
thousands of compounds across diverse cell lines. These data-
sets provide harmonized drug-effect signatures at a scale that
enables data-driven discovery of drug combinations using ap-
proaches such as the signature reversion principle (SRP).'%'?
The systemic nature of IMIDs, however, does not allow this
type of direct evaluation of drug efficacy. Alternatively, using
large numbers of animals to evaluate all possible combinations
raises major ethical concerns. Thus, there is a need to develop
an in silico approach that can help prioritize drug combinations
for IMIDs.

To address this limitation, we have developed an approach
named “mitigation of non-response signature” (MNRS). MNRS
is a systems biology approach based on the SRP,'® which tradi-
tionally relies on comparing a disease signature to in vitro drug-
effect signatures derived from perturbation screens. Because
such perturbation datasets are not available for IMIDs, we
instead leverage patient-derived in vivo signatures. In the SRP
framework, a drug is predicted to be beneficial when it antago-
nizes the disease signature and shifts it toward a homeostatic
state. Using this approach, we previously identified abatacept,
an anti-CD80/86 blocker, as a candidate therapy for severe
COVID-19." Clinical evaluation of abatacept in hospitalized se-
vere COVID-19 patients later confirmed the efficacy of this drug
to reduce mortality and increase the probability of recovery.'®

Here, we extend this systems biology framework to the prob-
lem of identifying optimal drug combinations for IMIDs. Instead
of using a disease signature obtained from comparing cases
and controls, here we used the signature of non-response to a
specific targeted therapy using RNA-Seq from whole blood.
Drug-effect signatures were obtained from the analysis of longi-
tudinal transcriptomic data from patients with six different IMIDs
treated with different therapies. Using this approach, we identi-
fied drug pairs showing a high level of complementarity, when
each drug strongly antagonizes the non-response signature of
the other, as well as drug pairs showing potential incompatibility.
One of the strongest drug combinations was anti-TNF and anti-
IL-6R for the treatment of rheumatoid arthritis (RA). Using single-
cell RNA-sequencing (scRNA-Seq), we validated this comple-
mentarity, and we identified CD14" monocytes as a key cell
type for mediating the combinatorial effect. Testing on a murine
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model for the disease corroborated the greater efficacy of
the drug combination in concurrent administration compared
to monotherapy. We report an approach for the prioritization of
combinatorial therapies in IMIDs and provide a proof-of-concept
study demonstrating that the combination of anti-TNF and anti-
IL-6R can be highly beneficial for RA.

RESULTS

A systems biology approach for drug combination
prioritization in IMIDs using longitudinal transcriptomic
data from patients

We developed a systems biology approach based on the SRP to
identify drug pairs with the highest potential for complementary
effect across IMIDs. Our approach is based on two main compo-
nents: (1) the disease-specific signature of non-response to a
given drug, referred to as the non-response signature, and (2)
the longitudinal in vivo effect of each therapy, referred to as the
drug effect signature, as illustrated in Figure 1A. The non-
response signature is obtained by comparing the gene expres-
sion profile of non-responders to that of responders at baseline.
The drug effect signature is captured by comparing the gene
expression profile after 3-4 months of treatment of each drug
(follow-up) against the gene expression profile at baseline. By
contrasting these two signatures, we can determine the extent
to which the effect of one drug antagonizes the signature of
non-response to a different drug (Figure 1B). We term this strat-
egy “mitigation of non-response signature” (MNRS).

To obtain the two signatures that compose the MNRS, we
generated whole blood longitudinal transcriptional profiles of
176 patients from six IMIDs starting a targeted therapy. In total,
352 blood samples were taken at the beginning of treatment
and at the time of assessment of the first clinical response
(Figure 1A). Patient selection was based on the presence of high-
ly distinctive clinical outcomes, including patients representative
of very favorable response (i.e., responders) and patients
showing no improvement or even worsening of disease activity
(i.e., non-responders). A total of 11 disease and therapy cohorts
were selected, each consisting of 16 patients divided into two
groups of highly opposed therapeutic outcomes (Table 1).
Table S1 summarizes the clinical and epidemiological features
of each of the cohorts. Responder and non-responder groups
were matched for potential confounding variables (STAR
Methods). To reduce heterogeneity related to prior treatment
exposure, eligible patients were either naive to targeted thera-
pies or with no more than one failure to a previous targeted ther-
apy (Data S1: patient selection criteria). A total of six targeted
therapies were included, five of which were biological agents
targeting a cytokine or its receptor: anti-tumor necrosis factor
(anti-TNF), anti-p40 subunit (shared by interleukins 12 and 23;
anti-IL-12/23), anti-interleukin  17A  cytokine/receptor (anti-
IL-17A), anti-interleukin 6 receptor (anti-IL-6R), anti-B lympho-
cyte stimulator (anti-BLyS), and a small molecule Janus kinase
inhibitor (JAKIi). The longitudinal data from the n = 352 transcrip-
tomes were used to generate the drug effect and drug non-
response signatures (Figure 1A).

Based on the computed signatures, a total of 55 candidate
drug combinations were evaluated using the MNRS analysis
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Figure 1. MNRS framework to prioritize optimal drug combinations for IMIDs

(A) Schematic representation of the study design. Left: pre-treatment and post-treatment samples were obtained from a large pool of IMID patients undergoing
targeted therapies. Left-center: patients who were good responders or clearly drug-resistant were selected. Right-center: total samples included for data
generation, including healthy controls. Right: two types of transcriptomic signatures were derived by differential expression analysis from the generated mo-
lecular data.

(B) Overview of the main principle underlying the MNRS drug combination prioritization framework.

(C) lllustration of the 11 drug-disease combinations included in this study, for which longitudinal transcriptomic data were generated. RA, rheumatoid arthritis; PS,
psoriasis; PSA, psoriatic arthritis; UC, ulcerative colitis; CD, Crohn’s disease; SLE, systemic lupus erythematosus; IBD, inflammatory bowel disease. See also

Table S1.
(Table S1 = baseline characteristics of the cohorts.)

(Figure 2A). A total of seven drug combinations showed strong
evidence for complementarity (Pearson r < —0.7; p < 5.2e—16).
Five drug combinations showed moderate evidence of com-
plementarity (Pearson —0.7 < r < —0.5; p < 5.1e—16). Two
drug combinations, anti-BLyS-anti-TNF and anti-BLyS-anti-
IL-6R both in SLE, showed a strong positive correlation (Pearson
r>0.8; p < 1e—323). This resultis indicative that a large fraction of
the genes associated with non-response to anti-BLyS in SLE are
exacerbated by either of these candidate combination therapies.
These results suggest that both anti-IL-6R and anti-TNF thera-
pies are unlikely to be synergistic in combination with anti-BLyS
and may even impair the efficacy of this targeted drug in SLE.
Four additional drug combinations showed moderate evidence
of exacerbation (Pearson 0.7 > r > 0.5; p value < 2.1e—13). The

MNRS analysis identified two distinctively strong antagonisms,
one between the longitudinal effect of anti-TNF and the signature
of non-response to anti-IL-6R in RA (r = —0.87, 95% CI [-0.88,
-0.86], Figure 2A; Table S2), and the other between the longitudi-
nal effect of anti-BLyS and the non-response to anti-IL-6R in RA
(r=—0.88, 95% CI [-0.89, —0.86], Figure 2A; Table S2). These
findings were reinforced by the proportion of genes that were
antagonized against those that were exacerbated by each of
the two complementary therapies (98.9% mitigated and only
1.1% exacerbated by anti-TNF; 97.4% mitigated and 2.6% exac-
erbated by anti-BLyS; Figure 2B; Table S3). Anti-IL-6R and anti-
TNF combination therapy in RA was further supported by
the reverse analysis, showing that the longitudinal profile of
anti-IL-6R significantly opposes the non-response signature to

Cell Reports Medicine 7, 103026, October 20, 2026 3
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Table 1. Overview of the 11 cohorts included in DoCTIS

Disease Drug Total patients (n) Responders (R) Non-responders (NR)
Rheumatoid arthritis (RA) anti-TNF 16 8 8
anti-IL-6R 16 8 8
JAK inhibitor 16 8 8
Psoriatic arthritis (PsA) anti-TNF 16 8 8
anti-IL17A 16 8 8
Psoriasis (PS) anti-IL12/IL23 16 8 8
anti-IL17A 16 11 5
Crohn’s disease (CD) anti-TNF 16 8 8
Ulcerative colitis (UC) anti-TNF 16 8 8
Inflammatory bowel disease (IBD) anti-1L12/IL23 16 7 9
Systemic lupus erythematosus (SLE) anti-BlyS/BAFF 16 8 8

anti-TNF in RA (r= —0.76, 95% CI [-0.79, -0.72], 91.2% mitigated
and 8.8% exacerbated). Overall, these findings demonstrate
that MNRS effectively identifies drug combinations with potential
therapeutic benefits in IMIDs while also highlighting com-
binations that may lead to detrimental interactions, thereby
guiding informed prioritization of treatment strategies for clinical
evaluation.

Characterization and validation of the anti-TNF and anti-
IL-6R combination in RA

Given the robust evidence supporting the combination of
anti-TNF and anti-IL-6R therapies for the treatment of RA, we
prioritized this drug pair for in-depth investigation. We first
analyzed the expression of the genes encoding the targets of
these therapies, IL6R and TNF, along with the key components
of their signaling pathways, including TNFRSF1A, TNFRSF1B,
and ADAM17 for the TNF pathway, and /L6, IL6ST, and
ADAM?10 for the IL-6 pathway (Figures S1A and S1B). The two
ADAM proteases that cleave and activate IL-6 and TNF were
found to be overexpressed in anti-IL-6R non-responders (unad-
justed p < 0.05; Figure S1A) and significantly downregulated by
in vivo treatment with anti-TNF therapy (unadjusted p < 0.001;
Figure S1A). We next evaluated the antagonism at the pathway
level. For this, the gene-level signatures were transformed to sig-
natures of enrichment scores of biological processes (Figure S2;
Tables S4 and S5, STAR Methods). The MNRS between anti-
TNF and anti-IL-6R in RA patients was also found to be strong
at the pathway level (r = —0.91 95% CI [-0.95, —0.91] and
r=-0.9395% ClI [-0.95, -0.89]; Figures 2C and 2D). The number
of anti-IL-6R pathways associated with non-response that were
antagonized by anti-TNF were of similar size of the anti-TNF
pathways associated with non-response mitigated by anti-IL-
6R therapy (128 and 103 pathways, respectively; Table S6;
Figures 2C and 2D). The pathways enriched in the anti-IL-6R
non-response signature and exclusively addressed by the anti-
TNF longitudinal effect (n = 59), were found to be heterogeneous
but with a predominance of metabolic processes and immune
processes like TCR signaling (Figure S3). Therapy with anti-
IL-6R also antagonized a variety of biological processes associ-
ated anti-TNF non-response (n = 57), with a predominance
of gene ontologies related with cell division but also with strong
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opposition to immunological pathways, particularly related to
viral response. Together, these results support that anti-TNF
and anti-IL-6R complement each other at the functional level.

We next aimed to replicate the observed complementarity be-
tween anti-TNF and anti-IL-6R therapies in RA. We identified two
transcriptional studies performed in Japanese RA patient co-
horts from which we could estimate the non-response and longi-
tudinal drug effect signatures necessary for the MNRS computa-
tion. For the former we used GSE78068 dataset, which includes
baseline whole blood transcriptomic profiles from n = 98 re-
sponders and n = 42 non-responders to anti-TNF (infliximab),
and the baseline profiles of n = 30 responders and n = 8 non-
responders to anti-IL-6R (tocilizumab).'® For the longitudinal
drug-effects, we used GSE93272 dataset, which includes
the longitudinal transcriptomic data of n = 18 RA patients
undergoing therapy with infliximab and of n = 13 RA patients
undergoing therapy with tocilizumab.'” After computing the
MNRS, we found that the reciprocal antagonism between
anti-TNF and anti-IL-6R therapies was significantly validated in
the independent patient cohorts in both directions (Figure S4,
r=-0.71, 95% CI [-0.81, —0.57] and r = —0.73 95% CI [-0.83,
-0.58]). Consistent strong negative correlations were also
found when contrasting the signatures from the independent
cohort with the signatures generated in our patient cohorts
(Figures S4A and S4B). These reciprocal antagonistic relation-
ships remained robust after adjusting the baseline non-response
signatures for disease duration, target treatment duration, oral
glucocorticoid use, and methotrexate use (Table S7). Pathway-
level analysis further supported this result, revealing solely
antagonistic interactions with biological processes exacerbated
by the complementary drug (Figures S5A and S5B). Collectively,
these findings demonstrate that anti-TNF and anti-IL-6R thera-
pies are highly complementary and combining the two drugs
could significantly improve therapeutic efficacy in RA.

Single-cell MNRS demonstrates the utility of the
framework and identifies CD14" monocytes as
mediators of anti-TNF/anti-IL-6R complementarity

To further support anti-TNF and anti-IL-6R combination for the
treatment of RA, we analyzed the complementarity of the two
drugs at the single-cell level using the MNRS approach.
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Figure 2. Drug combinatorial analysis in whole blood bulk RNA-seq based on the mitigation of the MNRS
(A) Gene-level correlation coefficients between non-response signatures (rows) and drug effect signatures (columns). Pearson correlations were computed using
genes significant at p < 0.05 in both signatures. A negative correlation indicates that the effect of the drug in the column tends to reverse the signature of non-

response in the drug-disease cohort of the row.

(B) Non-response signature reversal percentages. All the non-response genes significant at p < 0.05 in the drug-disease cohort of the row are categorized based
on the drug effect of the drug in the column. Antagonized by A: genes that are reversed by the drug effect. Exacerbated by A: genes that are exacerbated by the

drug effect.

(C and D) Pathway-level antagonization between anti-TNF and anti-IL-6R non-response signature in RA patients (C) and between anti-IL-6R effect and anti-TNF
non-response signature in RA patients (D). Green: IL-6-related pathways. Red: TNF-related pathways. Biological replicates are individual patients; each drug-
disease cohort comprises 16 patients (8 responders, 8 non-responders), except PS-anti-IL-17 and IBD-anti-IL-12/23 (see STAR Methods). See also Figures S1-

S5 and Tables S2-S7.

scRNA-seq data were generated from peripheral blood mono-
nuclear cells (PBMCs) from 48 RA patients and 8 healthy
controls. Patients were analyzed at baseline and at the week of
clinical response, resulting in a total of 104 samples. After quality
control, a total of 590,872 cells were annotated into 29 different
circulating immune cell types (Figure 3A). All cell types were pre-
sent in all donors (Figure 3B), except for the less frequent cDC1,
and the recently characterized ASDCs (present in 98.4% and
87.5% of donors, respectively). Treatment effect led to changes
in cell composition in all three therapies (Figure S6).

To determine whether MNRS could provide cell-type-resolved
information beyond whole-blood transcriptomic prioritization,
we applied the same conceptual framework to the longitudinal

scRNA-seq dataset. We applied the MNRS analysis to each of
the 29 immune cell types and across the three RA drug com-
binations (anti-TNF versus anti-IL-6R, anti-TNF versus JAKi,
and anti-IL-6R versus JAKI). In line with the bulk blood transcrip-
tomic analysis, we found a strong antagonism between the lon-
gitudinal signature of anti-TNF and the non-response signature
to anti-IL-6R (Figure 3C; Figures S7-S9; Table S8). The antago-
nism was highly significant in the classical CD14* monocyte
compartment, including CD14* monocytes (p = 1e—35), CD14*
CCL2"" monocytes (p = 1e—9), and CD14* DAB2™ monocytes
(p = 1e—24) (Figure 3C; Table S9). Across these three cell types,
HLA-DRB1 withstood as the most significantly antagonized
gene. CD14* monocytes from anti-IL-6R non-responder patients
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Figure 3. MNRS analysis using scRNA-seq longitudinal data from RA patients
(A) UMAPs of the PBMCs profiled with scRNA-seq from 96 longitudinal samples of 48 RA patients and 8 healthy donors. Cells of each major lineage (T/NK,

myeloid, B) were independently clustered and annotated into 29 cell types.

(B) Cell composition across all samples grouped by disease status and time point.

(C) Volcano plot showing the MNRS analysis computed per each cell type and drug combination; the x axis represents the odds ratio (OR) (i.e., negative OR
representing mitigation of the non-response signature of the first drug by the longitudinal signature of the second drug; positive OR represent exacerbation of the
non-response signature of the first drug by the longitudinal effect of the second drug); the y axis represents the significance of the MNRS analysis (-log10(p value)).
(D) Scatterplot of the anti-TNF longitudinal effect signature (x axis) and the anti-IL-6R non-response signature (y axis). Only the immune cell types where the MNRS
is significant (p < 0.05) are shown. Each point is a gene, colored by significance category (sig.FDR): not significant for either signature (gray), significant for the
anti-TNF effect only (light blue), significant for the anti-IL-6R non-response only (green), or significant for both (orange). HLA-DRB1 is labeled.

(E) Gene set enrichment analysis results of the anti-IL-6R non-response (green), anti-TNF longitudinal (red), and JAKi longitudinal (mustard) signatures in CD14*
monocytes. Only significantly enriched pathways (p value < 0.05) in at least two of the signatures are shown; direction of effect is determined by the sign of the

NES statistic. See also Figures S6-S9 and Tables S8, S9, and S10.

at baseline showed a persistent downregulation of the HLA-
DRB1 gene. Following 3-4 months of anti-TNF therapy, this
gene was markedly upregulated across these three classical
monocyte subtypes (Figure 3D). These results demonstrate
that bulk MNRS predictions are recapitulated at single-cell reso-
lution and allow to identify the specific immune compartments
driving the predicted therapeutic complementarity.

Single-cell MNRS analysis of the longitudinal effect of JAKi
against the non-response signature to anti-IL-6R showed a
highly significant positive association (Figure 3C; Figure S8).
Treatment with JAKi was shown to exacerbate the non-
response signature to anti-IL-6R identified in CD14* mono-
cytes (p = 1e—35), cDC2 (p = 1e—13), and CD14* DAB2"

6 Cell Reports Medicine 7, 103026, October 20, 2026

monocytes (p = 1e—12) (Figure 3C; Table S9). Comparing
the gene ontology (GO) enrichment of the genes associated
with anti-IL-6R non-response and the longitudinal effect of
the two drugs, we found that, while anti-TNF systematically
antagonizes GOs that are differentially enriched in the
CD14* monocytes of anti-IL-6R non-responders, JAKi sys-
tematically enhances these same biological processes
(Figure 3E; Table S10). Several of the pathways that were
oppositely regulated by anti-TNF and JAKi were related with
immune response activation. These results indicate that
JAKi leads to an exacerbation of the gene expression
programs in CD14" monocytes that are associated with
the non-response to anti-IL-6R and suggests that the
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combination of both drugs could risk worsening the disease
activity of the patients.

Circulating CD14* monocytes are associated with
synovial cell composition in RA and are poised for
synovial macrophage differentiation

Single-cell analyses identified that CD14" monocytes with low
expression of HLA-DRB1 are key cell types mediating the
complementary effect of anti-TNF and anti-IL-6R therapies.
Anti-IL-6R therapy non-responders exhibited significantly lower
baseline expression of HLA-DRB1, whereas anti-IL-6R re-
sponders displayed expression levels comparable to healthy
controls (Figure 4A). In line with this, stratification of CD14*
monocytes based on the presence or absence of HLA-DRB1
expression showed that anti-IL-6R therapy non-responders
have a higher proportion of circulating HLA-DRB1-negative
CD14* monocytes compared to both responders and controls
(ANOVA p value = 9.67e—4) (Figure 4B). This increased fre-
quency of HLA-DRB1-deficient cells in anti-IL-6R non-
responders persisted after 3 months of therapy (ANOVA
p = 1.91e—2). Pairwise analyses across the different myeloid
cell subsets showed a significant positive correlation of HLA-
DRB1 deficiency, suggesting the implication of a common tran-
scriptional program (Figure 4C). Cell-specific coexpression anal-
ysis corroborated that HLA-DRB1 is part of a transcriptional
module that includes several other members of the HLA class
Il antigen presentation system, and it is conserved across
myeloid cell types (Figure 4C; Figure S10). These findings sug-
gest that the downregulation of HLA-DRB1 and its associated
transcriptional program in CD14* monocytes is a characteristic
feature of non-response to anti-IL-6R therapy.

In RA, circulating myeloid cells enter the synovium and
differentiate into pathogenic subtypes that contribute to dis-
ease progression.'® To investigate the potential link between
circulating HLA-DRB1 levels in CD14* monocytes and the sy-
novial composition in RA, we analyzed single-cell RNA-seq
data of paired PBMCs and synovial biopsies obtained simulta-
neously from the same RA patients.’® Synovial cells were an-
notated based on the Accelerating Medicines Partnership
RA synovial atlas,”® and circulating monocytes were anno-
tated using our PBMC scRNA-Seq dataset as reference
(Figure S11). Circulating CD14" monocytes were subsequently
categorized into HLA-DRB' and HLA-DRB1-negative sub-
types and tested for correlation with the cellular abundance
of different cell types in the matched RA synovium. We
observed divergent correlation patterns between the two
circulating CD14* subtypes and synovial cell populations
(Figure 4D). While circulating CD14" HLA-DRB1-negative
monocytes correlated with the abundance of cells from the
myeloid, stromal, endothelial, and NK compartments, the fre-
quency of blood HLA-DRB1" monocytes correlated across
different T cell subtypes. More specifically, higher circulating
CD14" HLA-DRB1-negative monocytes were associated with
higher abundance of different synovial fibroblast subtypes
from the lining and sublining (including previously identified
NOTCH3+ effector fibroblasts),?’ venous and arterial capillary
cells, as well as four NK cell subtypes. In the myeloid com-
partment, both positive and negative correlations were
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observed. The former involved anti-inflammatory MERT+
SELENOP+LYVE1+ macrophages while the latter included
proinflammatory SPP1+ and IL1B+FCN1+ macrophages.
SPP1+ and IL1B+FCN1+ macrophages are MERTK- cells
and recent evidence has shown that they are high producers
of IL-6 under inflammatory conditions in vitro.'® Our evidence
indicates that RA patients with a higher abundance of circu-
lating HLA-DRB1-negative CD14* monocytes have less IL-6-
producing macrophages populating their synovium. Con-
sequently, synovial inflammation in these patients is less
dependent on this cytokine; this explains why RA patients
with higher levels of HLA-DRB1-negative monocytes in blood
respond poorly to the blocking of IL-6 signaling pathway.

To further understand the relationship between HLA-DRBH1
expression in circulating CD14* monocytes and macrophage
differentiation, we performed an in vitro differentiation analysis.
CD14*CD16™ monocytes were isolated and sorted into HLA-
DRB1-negative and HLA-DRB1M subsets (Figure 4E). After
6 days of in vitro differentiation with M-CSF, the transcriptome
of the two resulting macrophage populations were analyzed
using scRNA-Seq. Gene expression analysis showed a marked
transcriptional difference between the two macrophage popu-
lations (n = 1,648 genes, Pagjustea < 0.01 and absolute fold
change > 0.2) (Table S11). HLA-DRB" derived macrophages
showed a higher percentage of upregulated genes (n = 1,073,
65.1%) compared to HLA-DRB1-negative derived macrophages
(n=575,34.9%). Gene set analyses in HLA-DRB™ macrophages
revealed an increased activation of biological processes asso-
ciated with viral life cycle and antigen presentation via MHC
class Il (Table S12). Conversely, the genes upregulated in HLA-
DRB1-negative derived macrophages were predominantly
enriched in non-immune processes like organic compound
transport into the cell. This result supports the existence of a
marked regulatory program associated with HLA-DRB1 expres-
sion in CD14* circulating monocytes. We next evaluated if this
regulatory program predisposes to the differentiation toward a
specific synovial macrophage population. Using the marker
genes for each synovial macrophage subtype®® (AUC > 0.75,
FDR < 0.01), we found a significant positive enrichment for
SPP1+ (Dagjustea = 0.0018; Figure 4F) and STAT1+CXCL10+
(Pagjustea = 0.024) macrophage markers with the HLA-DRB1H"
signature. This result suggests an increased predisposition of
HLA-DRB" to differentiate into MERTK- pro-inflammatory syno-
vial macrophages that produce high levels of IL-6. This is also in
line with our paired blood-synovium analysis where patients with
more HLA-DRB1-negative monocytes were found to have less
SPP1+ macrophages in their synovial membrane. These results
further support the presence of a gene regulatory program asso-
ciated with HLA-DRB1 expression that poises circulating mono-
cytes toward specific pathogenic macrophages in the synovium
and that influences response to therapy.

Anti-TNF elicits a profound activation program in
monocytes in vitro

To investigate the mechanisms underlying the longitudinal effect
of anti-TNF and its direct impact on the circulating immune pop-
ulations, we performed an in vitro analysis of PBMCs treated with
anti-TNF. PBMCs from six RA patients (Table S13) were treated
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Figure 4. Distribution of HLA-DRB1 expressing myeloid cells in blood and synovial tissue

(A) Left: proportion of HLA-DRB1 expressing (blue) and non-expressing (red) cells across different myeloid cells in RA and healthy donors. Right: density plots of
HLA-DsRB1 expression in myeloid cells. Responders (green), non-responders (orange), and healthy donors (gray).

(B) Distribution of HLA-DRB1 negative monocytes (CD14*, CD14* CCL2", CD14* DAB2", and CD14* CD14°) per cohort and time point. The p values
correspond to the ANOVA tests at each time point, with anti-IL-6R non-responders as the reference group.

(C) Heatmap of the pairwise correlations of HLA-DRB1-negative cells across all myeloid types. Only significant results (p value < 0.05) are shown with color
gradient based on Pearson’s r.

(D) Pairwise correlations between the frequency of circulating CD14* monocytes stratified by HLA-DRB1 expression and the frequency of cell types in the
synovium in RA patients. Only significant correlations are shown (blue: positive correlation, red: negative correlation; score: —-log10(p value) multiplied by the
correlation sign).

(E) UMAP of in vitro differentiated CD14* macrophages originating from HLA-DRB1-stratified monocytes.

(F) Volcano plot of differentially expressed genes between HLA-DRB1"" and HLA-DRB1-negative derived macrophages. Marker genes of SPP1+ synovial
macrophages (AUC > 0.75) are highlighted in red. For (A)-(C), data derived from the longitudinal scRNA-seq cohort (48 RA patients, 8 healthy donors); synovial
frequencies in (D) derived from the external paired PBMC-synovium dataset (17 RA patients). For (E) and (F), in vitro differentiated macrophages were generated
from HLA-DRB1-sorted monocytes of one RA donor. See also Figures S10 and S11, and Tables S11 and S12.

with anti-TNF for 24 h. Cells were pre-incubated with TNF or left  between TNF-pre-stimulated and unstimulated cells (73.7%
untreated, and both pre-stimulated and unstimulated cells were  commonly upregulated and 73.2% commonly downregulated),
incubated with anti-TNF or an isotype control (ISO), resulting in  suggesting a dominant transcriptional program linked to anti-
four experimental conditions that were analyzed using scRNA-  TNF response (Figure 5C). In the PBMC samples treated with
seq. After quality control, the single-cell transcriptomes of anti-TNF, a clearly differentiated group of monocytes emerged
34,984 in vitro treated mononuclear cells were available for anal- (M1 cluster). This cluster was much less abundant in non-
ysis (Figure 5A). treated PBMCs (M1 frequency: anti-TNF: 50.2%; TNF + anti-

We found a high number of differentially expressed genes TNF: 36.8%, ISO: 7.9%; ISO+TNF: 4.9%; Figures 5D and 5E).
after treatment with anti-TNF in myeloid cells (Figure 5B). To characterize this drug-induced cell cluster, we compared
A substantial number of these differential genes were shared it against the undifferentiated (MO) monocyte cluster. A total

8 Cell Reports Medicine 7, 103026, October 20, 2026



Please cite this article in press as: Martinez-Mateu et al., Uncovering combination therapies for immune-mediated inflammatory diseases through sys-
tems biology analysis on longitudinal patient data, Cell Reports Medicine (2026), https://doi.org/10.1016/j.xcrm.2026.103026

Cell Reports Medicine ¢ CelPress

OPEN ACCESS

A B G F—— HLkRS1 cxpession o
anme anmie
i ANTNE TN

T

s - 150.T4F 150 150.TNF 150

B doublets 150, ™F 150.ThF
® coaT 50 150

CD4TNalve H
o Coutnr - animiE TN aniTNE TN

CDaneg CDEneg T

08T aniTiE - J—
o

o

D8
© CD8TNalve
o gar

-5 d -
ST Expression Level
© Myobids
NK , n
0 & & &
& H REXS activity RFXANK activity
. R=0.53 R=0.59
[ P =Eae=! geEe P =3.9e-156 P=5.4e-198
HLA-DRB1 expression H [ ]
D I% i
b o
150 1SO_TNF antiTNF antiTNF_TNF -
B & 3
LR - M2 83 M2 - geid LK
M 5 M1 £ : o
Py B bty RFXAP activity NFKB activity
; R=0.57 R=-0.39
Mq Mo Mo P=12e-180 P=3.8e-76
1. A LH
E : §
b | — | * LK
]| 5
£ ©
H 031
£
Fou
o
°
(€]
é
. . $ !
o]
r o
o
\ s
[ s
= S s

Epe—
paway

tog10(pvalue)
.

s °
. ®

f’ :

*@Deo0em00

Yés

OOQ)OOQO

Normalized Envichment Score

Figure 5. In vitro effects of anti-TNF on PBMCs from RA donors
A) UMAP of scRNA-Seq data from 34,984 PBMCs cultured in vitro and treated with anti-TNF and/or TNF pre-stimulation.

(
(B) Number of differentially expressed genes per immune compartment and condition.

(C) Upset plot representing intersections of significant differentially up- and downregulated genes across all tested conditions in myeloid cells.
(

(

D) UMAP of myeloid cells colored by unsupervised Louvain clusters annotated as MO, M1, and M2.doublets.

E) Boxplots of MO and M1 monocyte frequencies per condition. ISO, untreated cells (isotype control); ISO_TNF, cells preincubated with TNF and untreated; anti-
TNF, cells treated with anti-TNF for 24 h; anti-TNF_TNF, cells pre-incubated with TNF and treated with anti-TNF for 24 h.

(F) Gene set enrichment analysis (GSEA) of differentially expressed genes between M0 and M1 clusters. HLA-DRB1 is contributing to the enrichment of pathways

colored in red.
(G) HLA-DRB1 expression in MO and M1 clusters (left) and B cells (right), across conditions.
(H) UMAPs of myeloid cells indicating levels of expression of HLA-DRB1, and the estimated activities of transcription factors RFX5, RFXANK, RFX, and NFKB

activities. Pearson correlation values (r) and p values between each TF and HLA-DRB1 are included.
(I) Boxplots of correlation estimates between HLA-DRB1 expression and TF activity across all tested TFs. YES: TFs previously associated with HLA-DRB1

expression regulation according to CollecTRI database. NO: TFs with no previous evidence of HLA-DRB1 regulation. Only correlations with a p value < 0.05
are annotated. Biological replicates are individual donors: six RA donors, each profiled under four conditions. See also Tables S13, S14, 515,516, S17, and S18.

of 2,384 genes were found to be differentially expressed be- therapy was HLA-DRB1 (anti-TNF vs. ISO: p valueagjusted =
tween the two clusters (p valueagjusteds < 0.05; Table S14). 2.7e—42; anti-TNF+TNF vs. ISO: p valueagjustes = 1.63e—47)
Among the differentially expressed genes, we found 15 of the (Table S16). Together, these results support that the increase
32 genes of the previously identified HLA-DRB1 transcriptional in circulating HLA-DRB1 positive cells observed in patients
module. In line with this, functional analysis of the upregulated treated with anti-TNF could be due to a direct effect of the
genes from the anti-TNF induced M1 cluster showed a signifi-  drug in circulating or developing bone marrow monocytes.

cant enrichment in pathways associated with antigen process- This marked differentiation effect induced by the anti-TNF was
ing and presentation via MHC class Il (Figure 5F; Table S15). not seen in B, T, or NK cells. B cells also constitutively express
Among the genes most significantly upregulated by anti-TNF  HLA-DR genes to present antigens to CD4* T cells. However,
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we found no significant change in HLA-DRB1 expression in B
cells following in vitro treatment with anti-TNF (Figure 5G). This
is in line with our findings in patients, where upregulation of
HLA-DRB1 is specifically detected in monocytes and not in B
cells. These results suggest the presence of a monocyte-specific
mechanism associated with stimulation by anti-TNF therapy.
TNF is initially expressed as a membrane protein (mTNF) and
inflammatory activation leads to its shedding to soluble TNF
(STNF) by ADAM17 metalloproteinase. Previous studies have
suggested the presence of a reverse signaling mechanism by
mTNF.?? We hypothesized that the major transcriptional
changes observed in monocytes is due to the signaling of
mTNF upon binding to the anti-TNF molecule. To uncover the
regulatory network driving this reverse signaling, we inferred
the activity of 772 transcription factors (TFs) at the single-cell
level.”® In the M1 monocyte population, we found a highly signif-
icant enrichment of the activity of three TFs belonging to the reg-
ulatory factor X (RFX) complex: RFX5, RFXAP, and RFXANK
(Table S17). As expected, these TFs were highly correlated
with the expression of HLA-DRB1 (Figures 5H and 5l,
p < 1e—150, r > 0.5). Analysis of the longitudinal data from pa-
tients treated with anti-TNF further supported these findings,
showing that anti-TNF therapy also significantly upregulates
the activity of RFX5, RFXAP, and RFXANK in CD14* monocytes
in vivo (PRFXS = 0.002; PRExAP = 0.002; PREXANK = 0002)
(Table S18). In contrast, anti-IL6R therapy only induced a moder-
ate upregulation of the RFX transcriptional complex, and treat-
ment with JAK inhibitors did not result in significant changes.
Together these results suggest that anti-TNF therapy has a
strong direct regulatory effect in CD14* monocytes, inducing
an HLA-DRB1 module upregulation via mTNF reverse signaling.

Combined anti-TNF and anti-IL-6R therapy enhances
efficacy in a murine model of RA

To preclinically validate the anti-TNF and anti-IL-6R combinato-
rial therapy for RA, we implemented a collagen-induced arthritis
mouse model on the arthritic-prone DBA1/Jr mouse strain
(Figure 6A). Immunized mice presenting clinical signs of arthritis
and paw swelling were randomized into isotype-control, anti-
TNF (etanercept), anti-mIL-6R and anti-TNF (etanercept) +
anti-mIL-6R groups, and received six doses of each therapy
over the course of 2 weeks.

As expected, isotype control antibodies were unable to control
disease progression in arthritic mice. Both paw swelling and clin-
ical scores increased over the course of treatment, reaching the
highest scores at the end of the follow-up (Figure 6B). Surpris-
ingly, anti-mIL-6R therapy afforded limited protection against
arthritis. Upon treatment onset, paw thickness in anti-mIL-6R-
treated mice progressed to a similar extent as in isotype con-
trol-treated mice, only showing a small reduction in paw swelling
at later stages of treatment (Figure 6B). Furthermore, anti-miL-
6R treatment did not improve the progression of clinical signs
of disease as compared to isotype control-treated animals
(Figure 6B). In contrast, treatment with etanercept stopped the
progression of arthritis on DBA1/Jr mice shortly after the onset
of therapeutic intervention. While etanercept was unable to
reverse the arthritic symptomatology on DBA1/Jr mice, paw
swelling and clinical score readouts did not increase throughout
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the etanercept monotherapy, resulting in a significantly
improved clinical score compared to the isotype control-treated
group (Figure 6B). In contrast, combinatorial therapy with etaner-
cept and anti-mlIL-6R allowed a rapid decrease of paw thickness
and clinical scores of arthritic DBA1/Jr mice (Figure 6B). Etaner-
cept and anti-mIL-6R combination significantly ameliorated both
clinical readouts compared to isotype control and anti-mIL6R
therapeutic groups. The rapid beneficial effect of the combi-
natorial therapy on the course of arthritis even allowed an
improvement of the paw thickness increase compared to etaner-
cept monotherapy at early time points after treatment onset
(Figure 6B). Thus, whereas etanercept monotherapy only was
able to stop disease progression and anti-mIL-6R monotherapy
elicited a limited effect on paw swelling of arthritic DBA1/Jr mice,
the combination of both monotherapies enabled a reduction of
paw swelling below the therapeutic threshold, with a similar
reduction at the clinical score level.

Collectively, these preclinical results show that the combina-
tion of anti-TNF and anti-IL-6R therapies can suppress and
reverse experimental arthritis. Importantly, these in vivo results
validate our transcriptomic and in vitro findings, reflecting a pos-
itive synergism between anti-TNF and anti-IL-6R therapies in RA.

DISCUSSION

Combination therapies are emerging as a promising strategy to
increase the level of therapeutic response in IMIDs and achieve
sustained remission in a large percentage of patients. However,
the number of potential combinations is high and increasing with
every new drug approval. Consequently, there is a major need to
identify which are more likely to be synergistic and prioritize
them for clinical testing. Here, we developed a systems biology
approach, the MNRS, for this objective. The MNRS leverages
longitudinal transcriptional data from patients treated with
monotherapy to identify which drug optimally antagonizes the
signature of non-response to another drug.

The MNRS approach extends the SRP'® to the context of
systemic inflammatory diseases and to the problem of drug
combinations. In oncology, the availability of a precise patholog-
ical tissue —the tumor—that can also be easily expanded in vitro,
allows the application of the SRP to high-throughput in vitro
screens to many candidate compounds. This large-scale testing
potential has been recently applied to identify combination ther-
apies in cancer.? In chronic inflammatory diseases like IMIDs,
however, large-scale drug screenings in the target tissue are
not possible since the inflamed organs cannot be easily repro-
duced in vitro. The approach we describe here, the MNRS, lever-
ages the longitudinal (in vivo) responses measured in the blood of
IMID patients to capture the systemic effect to targeted drugs.
Using this approach, we previously demonstrated that it allows
an unbiased evaluation of drugs for the treatment of inflamma-
tory diseases with a systemic component like severe COVID-
19."* Here, we extend this approach to the problem of drug
combinations for IMIDs. Among the 55 candidate drug combina-
tions tested using the MNRS approach, we have found several
pairs of targeted drugs that show significant complementary
signatures and could be eligible for clinical testing. Among
these candidate combinations, we have found support for the
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Figure 6. Effects of anti-TNF and anti-IL-6R in a collagen-induced arthritis mouse model
(A) DBA1/Jr mice immunized with 100 pg of bovine collagen Il in CFA and boosted 17 days after the initial immunization have been treated with etanercept, anti-
mIL-6R, etanercept + anti-mIL-6R or isotype control antibodies upon development of arthritis signs. Paw swelling and clinical score of animals have been

monitored until sacrifice 48 h after the last therapeutic administration.

(B) Evaluation of therapeutic effects etanercept and anti-mIL-6R monotherapies, etanercept + anti-mIL-6R combination or isotype control antibodies on paw
thickness increase (left) or clinical scores (right) of arthritic DBA1/Jr mice. Statistical analyses: two-way ANOVA followed by Tukey’s multiple comparisons test
performed. In *, comparisons against isotype control. *p value < 0.05; **p value < 0.01; ***p value < 0.001. In y, comparisons against anti-mIL-6R. ¥p value < 0.05;
¥¥p value < 0.01. In o, comparisons with etanercept. “p value < 0.05. Data are shown as mean + SEM. n = 9 (isotype control) and n = 5 per treatment group (anti-

mIL-6R, etanercept, and etanercept + anti-mIL-6R).

combination between anti-IL-12/23 and anti-TNF in UC. Very
recently, the VEGA study, a randomized double-blind clinical trial
in ulcerative colitis, has shown preliminary evidence that the
combination of anti-TNF and anti-IL-23 therapies might be
more effective than therapy with either drug alone.?® Our results
are in line with this finding and also support the use of a broader
spectrum drug to complement anti-TNF therapy in UC. Addition-
ally, another case series has provided evidence in favor of the
combination of anti-IL-12/23 and JAKi combination to treat
CD.?® Results obtained by applying the MNRS framework in lon-
gitudinal patient data also support the efficacy of this combina-
tion and extend its beneficial effect to UC. Together with the
increasing availability of longitudinal transcriptomic data on
response to new drugs, our approach could be extended to
test additional therapeutic combinations in IMIDs.

Among the best scoring combinations in our approach, anti-
TNF and anti-IL-6R therapy in RA showed a strong and consis-
tent signal. We subsequently followed up this drug combination

to investigate its potential mechanisms of action and to provide
proof-of-concept that MNRS prioritizes drug combinations that
are beneficial for IMIDs. Our in vivo and in vitro results show
that anti-TNF therapy has a strong direct effect on CD14* mono-
cytes and that these changes complement the non-response
signature of anti-IL-6R therapy. These changes are character-
ized by the increase of HLA-DRB1 expression. Paired blood
and synovial cell analyses showed a negative correlation
between circulating HLA-DRB1 negative monocytes and the
abundance of SPP1+ and IL1B+FC1N+ proinflammatory macro-
phages in the synovium. Both cell types are MERTK- proinflam-
matory macrophages, which have been previously associated
with a high production of IL-6.'® Consequently, a lower presence
of these macrophage subtypes in the synovium of anti-IL-6R
non-responders could be shaping a joint inflammation that is
less dependent on IL-6 signaling and, therefore, would explain
the ineffectiveness of anti-IL-6R therapy observed in these pa-
tients. Our in vitro differentiation analysis further supported this
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model, showing that HLA-DRB1" monocytes are poised for dif-
ferentiation into MERTK- proinflammatory macrophages SPP1+
and STAT1+CXCL10+. These results demonstrate that expres-
sion of HLA-DRB1 in circulating monocytes conditions their dif-
ferentiation into key macrophage subsets in the synovium of RA
patients and ultimately conditions the patient’s likelihood of
response to therapy.

Our findings using the MNRS also caution against the use of
certain drug combinations to treat IMIDs. Such is the case of
anti-IL-6R and JAKi for the treatment of RA. When applying the
MNRS approach at the single-cell level, the longitudinal effect
of JAKi was found to exhibit a strong positive correlation with
the signature of non-response to anti-IL-6R therapy in CD14*
monocytes. This overlap suggests a potential risk of promoting
regulatory changes in the myeloid compartment that could exac-
erbate the disease mechanisms associated with non-response
to IL-6R in RA. Similarly, the MNRS analysis in blood, showed
a high positive correlation between the longitudinal effect of
anti-IL-6R and the response to anti-BLyS in SLE. In fact, none
of the five tested drugs for combination with belimumab for
SLE showed a significant antagonism. Our approach therefore
does not support combination therapy for SLE, at least for the
combinations tested in this study. The recent introduction of
new therapies for SLE?” and, importantly, the generation of lon-
gitudinal molecular data will allow the evaluation using the MNRS
approach of new combinations that could be highly beneficial
for SLE.

Our study supports the existence of a profound reverse
signaling system through the membrane TNF (mTNF) in mono-
cytes. Previous studies have shown that mTNF, when bound to
its cognate receptors TNFRSF1A and TNFRSF1B expressed
on other cell types, can elicit diverse cellular effects in trans.?”
Our results extend this understanding, showing that mTNF also
exerts a powerful reverse signaling mechanism when bound to
its ligand. We have found that this reverse signaling elicited by
the anti-TNF drug activates a large gene expression program
that involves upregulation of HLA-DRB1 and its associated mod-
ule in monocytes. In line with this, recent evidence in transgenic
mouse models®® supports reverse signaling through mTNF as a
powerful in vivo anti-inflammatory mechanism that is mediated
by the polarization of macrophages. This mechanism not only
could play a pivotal role in the efficacy of the combination of
anti-TNF and anti-IL-6R in RA but also could help us understand
the variability of response to the drug in monotherapy. Predicting
the response to anti-TNF therapy has been an elusive objective
in translational research in IMIDs. Our discovery of a strong
drug-induced effect in monocytes could be the basis for future
precision medicine studies aimed at finding better ways to strat-
ify patients to anti-TNF therapy.

Despite significant advances in targeted therapies, achieving
sustained remission remains challenging for many IMID patients,
with response rates varying widely across diseases and thera-
pies. In RA, for example, 40% of patients fail to respond to mono-
therapies and only 10% reach remission,?® highlighting the need
for novel therapeutic approaches. Driven by the success in can-
cer, combination therapies are increasingly being considered as
a powerful therapeutic strategy to increase remission rates in
IMIDs. Our study addresses this unmet need by providing an
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approach, the MNRS, that leverages longitudinal transcriptomic
patient data to identify the optimal combinations. The increasing
availability of longitudinal datasets of response to targeted ther-
apies, including those coming from clinical trials, could help
expand this approach to other IMIDs and indications, and
change the drug combination paradigm from a trial-and-error
process to a data-driven approach.

Limitations of the study

This study has several limitations that point to opportunities for
future work. The MNRS relies on peripheral blood transcriptomic
responses, which may not fully capture tissue-resident immune
programs driving therapeutic response. Integrating matched tis-
sue-blood datasets and perturbation assays will be essential to
refine mechanistic inference. The combinations evaluated are
constrained by the therapies for which longitudinal data are
currently available, and the MNRS cannot discriminate with cer-
tainty whether predicted synergies require simultaneous admin-
istration or could be achieved through sequential treatment.
While we provide mechanistic validation for one high-priority
combination, further experimental and clinical assessment of
additional MNRS-predicted synergies will be needed to gener-
alize these findings across IMIDs. Moreover, incorporating phar-
macologic, safety, and real-world evidence will be important to
translate MNRS predictions into clinically actionable strategies.
As larger longitudinal and single-cell datasets become available,
MNRS has the potential to evolve into a scalable, data-driven
framework for guiding precision combinatorial therapy develop-
ment in immune-mediated diseases.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Patients and clinical sample collection
The patients analyzed in this study were recruited by the Immune-Mediated Inflammatory Diseases Consortium (IMIDC). Longitudinal
cohorts of IMID patients under different targeted therapies were collected at the rheumatology, gastroenterology and dermatology
departments from 52 different university hospitals in Spain. For the present study, 8 responders and 8 non-responders were selected
for each of the 11 IMID and targeted therapy pairs considered (total n = 176 patients). Patient selection and therapeutic response
criteria were defined by the DoCTIS clinical experts of each disease area (Supplemental Document S1). Applying these criteria,
the final set of 16 patients were systematically selected to ensure optimal matching between responder and non-responder groups
across epidemiological and clinical covariates (see patient selection and covariate balancing). Peripheral blood samples were ob-
tained from all patients at enroliment, when therapy with a targeted therapy was initiated (week 0), and at the follow-up time point
when the therapeutic response was assessed (weeks 12-16, Supplemental Methods). In addition, 8 healthy controls contributed clin-
ical and blood samples at a single time point. Blood for RNA-Seq analysis was collected and preserved at —80°C using RNA-stabi-
lizing PaxGene tubes (PreAnalytiX, Switzerland). Written informed consent was obtained from all participants.

The study was approved by the Hospital Universitari Vall d’Hebron Clinical Research Ethics Committee with reference number
PR(AG)144/2019. This study was conducted according to the principles of the Declaration of Helsinki. Protocols were reviewed
and approved by the local institutional review board of each participating center.

Collagen-induced arthritis mouse model

8-week-old DBA1/Jr mice purchased from Janvier Labs were housed in SPF conditions. Therapeutic groups consisted of anti-mIL6R
clone 15A7 (BioXCell, #BE0047) administered at 0.2 mg/dose (i.p.), Etanercept administered at 0.1 mg/dose (i.p.), Anti-mIL6R clone
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15A7 0.2 mg/dose (i.p). + Etanercept 0.1 mg/dose (i.p.) and rat IgG2b 0.2 mg/dose (i.p.) + mouse IgG1 0.1 mg/dose (i.p) as Isotype
Control group. All treatments were administered 6 times over the course of 2 weeks. All experimental procedures were approved by
the Ethical Committee of the University of Barcelona with protocol # CEEA 32/20.

METHOD DETAILS

Bulk RNA-seq

Total RNA was extracted using the PaxGene blood isolation kit (Qiagen). RNA was quantified using the RiboGreen assay. The median
RIN and DV200 scores were 7 and 85%, respectively, supporting a high quality of the samples and the downstream synthesis of the
RNA-Seq libraries. Ribosomal and globin RNA content was reduced using the Roche KAPA RNA HyperPrep Kit with Riboerase
(HMR). To improve gene detection and quantification and minimize PCR bias, Unique Molecular Identifiers (UMIs) were added during
library preparation. PCR duplicates derived from the same mRNA molecule were labeled and eliminated. Libraries were sequenced
using the Novaseq6000 platform (lllumina), and a minimum of 50 million 100 bp paired-end reads per sample were obtained. To mini-
mize batch effect on tested conditions (time point, IMID, therapy, and response), samples were randomized in different plates and
batches (Figure S12A).

Global quality control (QC) was performed with FASTQC.*° Reads were filtered by quality and trimmed using fastp.®' High quality
sequences were then aligned against the human genome (version GRCh38) with STAR. PCR duplicates were collapsed and removed
with the adjacency method from umitools.*” Sequences that mapped against the human genome were assigned to genes using fea-
tureCounts,® setting exons as features. Genes were considered expressed if they had at least one count in more than 80% of all
samples. This yielded a total of 25,823 genes for downstream analyses. The count matrix was normalized for downstream analysis
using VST from the DESeq2 package.** Sample outliers were not observed based on principal component analysis of the VST-trans-
formed data. A moderate association with plate/sequencing batch was observed only for PC4 and PC7 (Figure S12B). This potential
confounder was accounted for by including the plate indicator variable in the linear models used for differential expression analyses.

Whole blood bulk transcriptomic data

Datasets GSE78068'° and GSE93272"" were downloaded from the NCBI Gene Expression Omnibus (GEO). The data was already
normalized, and the gene ids were re-mapped to Ensembl using the biomaRt R package.*® The binary non-response clinical pheno-
type included in GSE78068 was used to compute anti-TNF and anti-IL6R non-response signatures in RA patients before treatment
with Infliximab and Tocilizumab. GSE93272 was used to compute anti-TNF and anti-IL6R longitudinal drug effects by comparing the
follow-up and baseline samples from the same patients. Follow-up samples were included only if collected within a 3-week window
around week 12, to ensure alignment with the RA follow-up time point in the DoCTIS cohorts.

Single-cell RNA-seq

Human blood samples were collected in EDTA tubes (BD Biosciences). PBMCs were isolated using Ficoll density gradient centrifu-
gation. For each condition, 12 mL of blood was diluted with an equal volume of pre-warmed RPMI 1640 culture medium (Lonza). The
diluted blood was then carefully layered onto a Leucosep tube (Greiner Bio-One) prefilled with 15 mL of Ficoll-Plus (GE Healthcare
Biosciences AB) and centrifuged for 15 min at 800xg and RT (without acceleration and brake). After centrifugation, PBMCs were
collected with a sterile Pasteur pipette into a 50-mL tube, diluted up to 10 mL with pre-warmed RPMI medium and centrifuged for
10 min, at 400xg and RT. Following a second washing step with 5 mL of RPMI medium and a 5-min centrifugation, PBMCs were
resuspended in 8 aliquots of freezing media. Freezing media consisted of RPMI 1640 with 20% heat-inactivated fetal bovine serum
(Sigma-Aldrich), 10% DMSO (Sigma-Aldrich), and penicillin-streptomycin 1:1000 (Lonza). One-milliliter aliquots, with approximately
1 x 10e6 cells/mL, were gradually frozen using a commercial freezing box (Mr. Frosty, Nalgene) at — 80°C for 24 h and then stored in
a vapor-phase liquid nitrogen tank at — 150°C.

Cryopreserved PBMCs were thawed in a water bath at 37°C and transferred to a 15 mL Falcon tube containing 10 mL of pre-
warmed RPMI media supplemented with 10% FBS (Thermo Fisher Scientific). Samples were centrifuged at 350 x g for 8 min at
RT, supernatant was removed, and pellets resuspended with 1 mL of cold 1x PBS (Thermo Fisher Scientific) supplemented with
0.05% BSA (PN 130-091-376, Miltenyi Biotec). Samples were incubated for 10 min at RT with 0.1 mg/mL of DNAse | (PN
LS002007, Worthington-Biochem) to eliminate ambient DNA and favor the resuspension of the pellet. Cells were filtered with a
40 pm strainer (PN 43-10040-70, Cell Strainer) to remove eventual clumps and washed by adding 10 mL of cold PBS+0.05%
BSA. Samples were centrifuged at 350 x g for 8 min at 4°C and resuspended in an adequate volume of PBS+0.05% BSA in order
to reach the desired concentration. Cells concentration and viability were verified with a TC20 Automated Cell Counter (Bio Rad) upon
staining of the cells with Trypan Blue.

Sample multiplexing was performed using the genotype approach described previously.*® Genome-wide genotype data was
generated for each individual using the Omni 2.5-8 BeadChip and lllumina GSA MG v.3-24 arrays (lllumina, USA). Quality control
analysis was performed using PLINK software. In this analysis, we identified autosomal SNPs and, using those SNPs from chromo-
some X, we confirmed the consistency between SNP-estimated and the clinically reported sex. Then, we quantified the percentage
of SNPs with a minor allele frequency (MAF) higher than 5%. The percentage of missingness both at the SNP-wise and sample-wise
levels was computed. We assessed the heterozygosity rate (F) of each sample to evaluate if any of the genotyped samples could
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be contaminated. Patient genotypes were simplified by removing Single Nucleotide Variants (SNVs) that were unannotated (chr 0),
located in the sexual Y (chr 24), pseudo-autosomal XY (chr 25), or mitochondrial chromosomes (chr 26). As genotypes were obtained
using the human hg19 reference genome, we converted their coordinates to the same reference genome used to mapped the
sequencing reads (GRCh38), via the UCSC LiftOver tool.

PBMCs samples were evenly mixed in pools of 8 donors. To avoid technical artifacts that could mask biological differences, sam-
ples with different response to treatment were pooled in the same library. Multiplexed samples were loaded into the 10x Genomics
Chromium Controller, loaded into two channels with a target recovery of 35,000 cells per channel (to ensure at least 3,000 cells per
sample condition). Libraries were prepared using a standard throughput Chromium Next GEM Single Cell 3' Reagent Kit v3.1 and
following manufacturer’s instructions of protocol CG000390. More specifically, cells were partitioned into Gel BeadInEmulsions
(GEMs) and underwent a GEM-RT incubation resulting in cDNAs that are further purified with SPRI beads. cDNA initial product
was then pre-amplified during 13 cycles using the Dual Index Plate TT Set A. Between 20 and 200 ng of cDNA were used for preparing
libraries and final library size distribution and concentration were determined using a Bioanalyzer High Sensitivity chip (Agilent Tech-
nologies). Library sequencing was carried out on a NovaSeq6000 system (lllumina) using the following sequencing conditions: 28 bp
(Read 1) + 10 bp (i7 index) + 10 bp (i5 index) + 90 bp (Read 2), to obtain approximately 20,000 paired-end reads per cell.

Raw reads were fed into 10x Genomics Inc. software CellRanger (v.7.0.1) to obtain gene count matrices. Sequences were mapped
against the optimized human genome reference (version 1.0 from GRCh38 reference) following Pool et al.®”

Multiplexed libraries were demultiplexed with cellsnp-lite (v 1.2.2)°® in Mode 1a, which allows genotyping of single-cell GEX li-
braries by piling-up the expressed alleles based on a list of given SNPs. To do so, we used a list of 7.4 million common SNPs in
the human population (MAF >5%) published by the 1000 Genome Project consortium. Donor deconvolution was performed using
vireo (v 0.5.6),° which assigns the deconvoluted samples to its donor identity using known genotypes, while detecting doublets
and unassigned cells. Finally, we discarded detected doublets and unassigned cells before moving on to the downstream processing
steps.

Single-cell RNA-seq analysis of monocyte-derived macrophages in vitro

PBMCs were obtained by Ficoll density gradient centrifugation (Lymphoprep™, Stem Cell Technologies; Ficoll Paque Plus, Cytiva)
from fresh whole blood. Before cell sorting, CD14*CD16- monocyte population was enriched by immunomagnetic negative selection
using the EasySep Human Monocyte Isolation Kit (StemCell Technologies). Isolated monocytes were stained with conjugated CD14-
APC (clone 61D3 eBioscience), HLA-DRB1-PE-Vio (Miltenyi). Cells were separated in CD14+/CD16- and HLA-DRB1-negative or
HLA-DRB1"™ (Figure S13) using a BD FACSAria Fusion Cell Sorter (BD Bioscience).

HLA-DRB1-negative and HLA-DRB1"™ monocyte subpopulations were resuspended in Monocyte Attachment Medium (MAM)
(Sigma-Aldrich) supplemented with M-CSF (Peprotech) at 100 ng/mL, seeded in a 24 well plate and incubated for 1.5h in 5%
CO2 incubator at 37°C to allow monocytes to adhere to the plate. Upon monocyte adhesion, media was changed to RPMI supple-
mented with 10%FBS and M-CSF at 100 ng/mL and cultured for 7 days. For single-cell analysis, in vitro differentiated macrophages
were detached on day 7 with TrypLE Select (Gibco) and washed with PBS. Cell number and viability were assessed using a LUNA-FL
Dual Fluorescence Cell Counter (Logos Biosystems).

Cells were encapsulated using Chromium GEM-X Single-cell 3' Reagent Kits v4 targeting a recovery of 5,000 cells/sample. Li-
braries were prepared following manufacturer’s instructions of protocol CG000732 (10x Genomics). Between 20 and 200 ng of
cDNA were used for library preparation, and the final library size distribution and concentration were determined using a Bioanalyzer
High Sensitivity chip (Agilent Technologies). Libraries were sequenced aiming at a minimum coverage of 40,000 raw reads per cell on
lllumina NovaSeq X Plus 25B sequencer. Raw reads were fed into 10x Genomics Inc. software CellRanger (v.7.0.1) to obtain gene
count matrices. Sequences were mapped against the optimized human genome reference (version 1.0 from GRCh38 reference)
following Pool et al.*’

In vitro characterization of anti-TNF effect in PBMCs

Single-cell transcriptomes from PBMCs from six RA samples were treated in vitro under four different conditions and profiled with the
Parse Evercode WT Mega kit (Parse Biosciences, Seattle, WA, USA). PBMCs were previously isolated from six RA whole blood by
Ficoll density gradient centrifugation using the standard protocol described above. Isolated PBMCs were then stored in freezing me-
dia (FBS with 10% DMSO) in liquid nitrogen. Thawed PBMCs were pre-incubated with or without 10 ng/mL TNF for 2h at 37°C. Next,
both conditions were treated with either 5 pg/mL Etanercept or isotype control (ISO) for 24h at 37°C. Cells were then fixed and per-
meabilized as indicated by the manufacturer (Parse Bioscience Fixation protocol V2.0.2). Fixed cells were subsequently barcoded,
and libraries were prepared following manufacturer’s instructions. Each library was sequenced using lllumina’s NovaSeq 6000 plat-
form, targeting a minimum of 20,000 150-bp paired-end reads per cell.

CIA mouse model

To induce arthritis, bovine collagen Il (bCll) (Chondrex) dissolved in acetic acid 0.05M was emulsified 1:1 (v/v) in CFA containing
4 mg/mL heat-inactivated Mycobacterium tuberculosis (H37Ra). DBA1/Jr mice were immunized at the base of the tail with 100 pg
of bCll in CFA (Sigma) and boosted on day 17 with 100 ug of bCll in IFA (Sigma) in the flanks. Size of the four paws of each animal
was measured with a caliper before immunization day (day 0) and every two days upon disease onset. Disease progression was
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measured as percentage increase in joint swelling relative to day 0 and by clinical score according to.*® When percentage increase
in joint swelling reached 130% of the day O value, mice were randomly assigned into therapeutic groups. Both male and female
DBA1/Jr mice were used in all the therapeutic groups.

Antibody production

Rat IgG2b and mouse IgG1 antibody production for the CIA mouse model Isotype control group were purified from supernatants of
CHO-S cells (Invitrogen, San Diego CA) transduced with lentivirus encoding for light and heavy chains of each immunoglobulin. After
FACS selection of highly transduced cells, sorted cells were harvested and the antibodies were purified via protein G chromatog-
raphy, and quantified by BCA assay. All cell lines were routinely tested for Mycoplasma contamination. CHO-S cells were obtained
from Thermo Fisher. The transduced CHO-S lines were authenticated in-house by PCR.

QUANTIFICATION AND STATISTICAL ANALYSIS

Patient selection and covariate balancing

For each drug-disease cohort, we selected 16 patients, prioritizing the selection of 8 top responders and 8 top non-responders. Top
responders/non-responders were defined based on the change in the established disease activity score. To obtain a matched com-
parison set of patients from the complementary group, we chose the set of patients that minimized the marginal differences in the
following covariates: sex (as recorded in the clinical record), age, body mass index, years of evolution, smoking status, concomitant
use of other DMARDSs and baseline disease activity score. Differences were measured based on the P-value of the t test for quan-
titative covariates and based on the difference in prevalence for binary covariates and considered as optimal set the one that mini-
mized the sum of these statistics.

Only for PS-AntilL17 and IBD-AntilL12IL23 there were not enough responders/non-responders in one of the two groups. For PS-
AntilL17, we selected all the available patients meeting the non-response criteria (n = 5) and matched them against an optimal set of
n =11 responders to make up for a total of 16 patients. Similarly, for the IBD-anti-IL12p40 cohort, we selected all available responders
(n = 7) and matched them against an optimal set of n = 9 non-responders.

Gene expression signatures

To determine the non-response signature, we performed differential expression analysis between responders and non-responders in
each cohort at baseline. Non-response signatures were defined at baseline because this contrast isolates pre-treatment biological
differences between responders and non-responders. In contrast, post-treatment NR-R differences reflect a mixture of baseline
biology, drug-induced transcriptional changes, and divergence in disease activity during therapy, and therefore do not represent
intrinsic mechanisms of resistance. We performed differential expression analysis using the limma-voom framework.*' The compar-
isons were adjusted for batch (plate indicator) when applicable. To characterize the longitudinal effects of drugs we compared the
gene expression levels between baseline and post-treatment time points in each cohort. Random effects models were considered to
account for individual patient effects in the data. We used the limma-voom framework implementation of the random effects model
provided by the variancePartition R package.*” To enhance the generalizability of the generated signatures, treatment effects were
obtained using all patients where each drug was tested. If multiple diseases were included, a disease indicator was added as an
adjustment variable. Comparisons were adjusted for batch (plate indicator) when applicable as fixed effects, and the subject indica-
tor was modeled as a random effect.

The molecular signatures used to evaluate drug complementarity were defined as the signed logarithm (log10) of the P-values from
the corresponding differential gene expression analysis, with the sign reflecting the direction of the log fold change. A positive sign
was assigned to indicate an increased expression over time for drug effects and an increased expression in non-responders versus
responders for clinical response.

Analysis of drug combinations using MNRS
Our working hypothesis to address the optimal drug combination problem is that an effective pairing of drugs A and B occurs when
the effects of drug B shift a patient’s transcriptomic profile toward that of responders to drug A, and vice versa.

To nominate pairs of targeted drugs with the higher potential for combination therapy, we leveraged both the drug effect and the
clinical response molecular signatures observed in the different drug-disease cohorts of the DoCTIS project. We adopted the
following framework based on the MNRS working hypothesis: 1) All longitudinal drug effects signatures were considered (in
the case where the drug was used in more than one IMID cohorts, we grouped them to improve the estimation of the drug-effect
signature). 2) Consider all signatures of non-response to the rest of drugs. 3) For each pair of drug effects and non-response signa-
tures, select only genes that are significant for both based on a pre-defined association threshold (e.g., p < 0.05). 4) Compute Pear-
son’s correlation between the drug effects signature and the non-response signature and store the results in a matrix M;; where i is the
index for the non-response signature andj the index for the drug effect signature. Using the described workflow, we obtained a signa-
ture correlation matrix, which we used to identify the most promising drug-disease partner for each drug by selecting the most nega-
tive correlations in each column. To further characterize the complementarity detected by the correlations, we computed the per-
centages of non-response genes that were reversed and antagonized by the drugs to be combined.
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Biological characterization of the drug non-response and drug-effect signatures

To identify the biological processes antagonized by the proposed combinations of drugs, we performed functional enrichment an-
alyses using as reference the collection of biological processes (BP) collected by Gene Ontology (GO) project (version October 2023).
To convert gene-level signatures to gene set-level signatures we applied the rank-based enrichment test using Gene Set Functional
Enrichment Analysis (GSEA) tool implemented in the fgsea library.*® For each set of differentially expressed genes, we multiplied the
sign of the coefficient by the minus logarithm of the P-value to obtain the statistic used to rank the genes and perform the enrichment.
To assess the enrichment of selected sets of genes (e.g., genes that were associated with non-response and modulated in the same
direction by the other therapy), we applied a hypergeometric test.**

Single-cell RNA-seq of the DoCTIS cohort

Mapped reads against the optimized version of the human genome were analyzed with Seurat (v.5.0.0).*° Cells with less than
750 UMls or less than 300 genes were discarded. Cells with a mitochondrial content higher than 20% were also filtered out, as
well as genes expressed in less than 15 cells. A total of 590,872 cells and 36,387 genes were considered for downstream analyses.
Gene normalization, selection, and scaling were performed following Zhang et al.?° Features were log-normalized before selecting
the 1,000 most highly variable genes (HVGs) per sample. Cell cycle genes listed in Seurat::cc.genes were excluded. All HVGs were
pooled together to perform a sketch-based analysis using seurat in combination with BPCells. Major cell lineages (myeloid, NK-T,
and B cells) were annotated after mapping to the PBMC reference dataset included in the distribution package.*® Gene normaliza-
tion, selection, scaling, and cells clustering were then performed per each lineage separately. After integrating the data by sample
using Harmony,*” UMAPs were performed. For each cluster, we obtained the most significantly upregulated genes in comparison
to the rest of cells in the lineage using the Seurat::FindAllMarkers function. Myeloid, B and plasma cells were manually annotated
by inspecting the resulting markers as well as the predicted annotation using Azimuth“® at different resolutions. For T and NK subtype
annotation we used the same approach but also included an estimation of the T/NK subtypes as defined in Monaco et al.*® using
GSEA. For this latter approach, candidate annotations were assigned based on the significance of the enrichment results.

To evaluate changes in cell composition after therapy we modeled the abundance of each cell type using a linear mixed model,
including donor as a random effect. Drug-specific differentially expressed genes between non-responders (NR) and responders
(R), at baseline and follow-up, and between two timepoints (NR + R), were tested per each cell type using MAST.*® The fixed-effects
model implemented in MAST included adjustment by sex, age, cellular rate detection, and percentage of mitochondrial gene expres-
sion. To adjust for the donor, a random effect was also added to the model. Cellular rate detection was estimated by counting the total
number of different genes expressed by a cell (minimum one UMI) and scaling this value from 0 to 1 across all cells. Significant
changes in cell composition were tested by using a linear mixed model implemented in the ImerTest package, including random ef-
fect by donor.

To infer the cell-type specific co-expression module associated with HLA-DRB1 expression, we applied the WGCNA.*° For this,
we first computed CSCORE estimates of gene-coexpression. CSCORE®" provides an alternative measure of gene co-expression for
single-cell RNA-sequencing data, replacing the Pearson correlations used in the traditional WGCNA workflow. Only CSCORE esti-
mates with a significant P-value (FDR <0.05) were considered for WGCNA analysis.

Genotyping for scRNA-Seq demultiplexing

Genome-wide genotyping data from 48 RA patients and 8 healthy controls was generated using the lllumina Omni2.5-8 BeadChip
array (lllumina, USA) at HudsonAlpha Institute for Biotechnology (Alabama, US). A total of 2,619,926 genetic variants (mostly SNPs,
but also structural variants) were genotyped. Quality control analysis was performed using PLINK.>? All individuals had >90% of gen-
otyped SNPs. All SNPs (n = 82,274 SNPs) with a missingness rate greater than 5% were excluded for downstream analyses.

Single-cell RNA-seq of in vitro response to anti-TNF therapy

Reads were mapped and demultiplexed following the bioinformatic pipeline developed by Parse (version 1.1.0). Downstream ana-
lyses were performed with Seurat. Cells with less than 750 counts or less than 300 genes were discarded. Cells with a mitochondrial
content higher than 20% were excluded. Only genes expressed in more than 15 cells were considered for downstream analyses. A
total of 34,984 cells and 32,091 genes were analyzed. Gene normalization, selection, and scaling were performed as previously
described. Cells were clustered and manually annotated according to the top markers of each Louvain cluster. The list of the top
markers per cluster was extracted using the Seurat::FindMarkers function.

Single-cell RNA-Seq analysis of PBMCs and synovial biopsies from RA patients

Single-cell RNA-Seq data from paired PBMCs and synovial membrane biopsies of 17 RA patients were downloaded from the
Genome Sequence Archive (HRA000155).'® Raw reads were fed into 10x Genomics Inc. software CellRanger (v.7.0.1) to obtain
gene count matrices. Sequences were mapped against the optimized human genome reference (version 1.0 from GRCh38 reference)
following Pool et al.>” Cells with less than 500 UMIs or less than 250 genes were discarded. Cells with more than 20% mitochondrial
expressed genes were not considered, and only genes expressed in more than 15 cells were included. A total of 290,346 PBMCs and
165,605 cells from the synovial membrane were analyzed. Symphony®® was used to annotate PBMCs against our reference from the
DoCTIS cohort. Synovial membrane cells were mapped against the RA synovial membrane atlas generated by the AMP.*°
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Single-cell RNA-Seq analysis of in vitro differentiated HLA-DRB1-negative/High monocytes

Mapped reads against the optimized version of the human genome were analyzed with Seurat (v.5.0.0).*° Cells with less than
350 UMs or less than 250 genes were discarded. Cells with a mitochondrial content higher than 20% were also filtered out, as
well as genes expressed in less than 15 cells. A total of 5,190 cells and 15,381 genes were considered for downstream analyses.
Features were log-normalized before selecting the 1,000 most highly variable genes (HVGs) per sample. Cell cycle genes listed in
Seurat::cc.genes were excluded. All HVGs were pooled together, obtaining a list of 1,243 genes. Gene normalization, selection,
and scaling were performed following Zhang et al.”° Differentially expressed genes between HLA-DRB1+ and HLA-DRB1- derived
macrophages were tested using MAST adjusting by cellular rate detection and percentage of mitochondrial gene expression.

TF activity

decoupleR®* was used to infer the activity of the 1,186 human TFs included in the CollecTRI database.?* The univariate linear model
(ulm) method was run to infer TF enrichment scores per cell. Scores were scaled from 0 to 1 across all cells. To test for a significant
association between TF activity and cell cluster, a linear mixed model was used with donor as random effect. TF activity scores were
correlated with HLA-DRB1 expression using Pearson’s correlation test.
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