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Abstract

Background: Autoimmune diseases are highly heterogeneous, with unpredictable
treatment outcomes that often result in prolonged morbidity. Conventional
bulk transcriptomic approaches obscure cellular diversity and fail to capture the
spatial microenvironment that drives drug responses. Aim: To identify spatial
transcriptomic biomarkers that predict patient-specific therapeutic responses in

autoimmune diseases. Methods: We applied single-cell spatial transcriptomics
(scST) to patient-derived synovial tissue from rheumatoid arthritis (n = 12) and
systemic lupus erythematosus (n = 8) to construct a high-resolution atlas of immune
and stromal interactions during therapy. Results: By integrating scST with machine
learning-based predictive modeling, we identified cell-state signatures that stratify
patients into responders and non-responders before treatment initiation. Spatial
colocalization of interferon gamma-responsive macrophages and C-X-C motif
chemokine ligand 13-positive T follicular helper cells predicted resistance to Janus
kinase inhibitors (AUC = 0.89). In contrast, enrichment of programmed cell death
protein-1 in highly exhausted T cells adjacent to fibroblastic reticular cells improved
response to tumor necrosis factor-alpha blockade (AUC = 0.92). Notably, extracellular
matrix (ECM)-associated remodeling genes, including COL6A3 and FN1, emerged as
critical determinants of microenvironmental drug sensitivity, highlighting the ECM
as a therapeutic co-driver in autoimmunity. Validation in an independent cohort (n
= 20) confirmed the predictive robustness of these spatial biomarkers. Conclusion:
Our findings demonstrate that scST can resolve patient-specific immune niches
and provide actionable biomarkers for precision immunotherapy. Relevance for
patients: Beyond its immediate implications for rheumatology, this framework
establishes spatial single-cell mapping as a predictive diagnostic platform for
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diverse autoimmune diseases, transforming treatment from trial-and-error to
individualized therapeutic guidance.

Keywords: Spatial transcriptomics; Autoimmune diseases; Drug response prediction;
Immune microenvironment; Precision medicine

1. Introduction

Autoimmune diseases represent one of the most pressing
global health burdens, affecting an estimated 5-8% of the
world’s population and ranking among the leading causes of
chronic disability and reduced quality of life.'? Conditions
such as rheumatoid arthritis (RA), systemic lupus
erythematosus (SLE), and inflammatory bowel disease are
characterized by dysregulated immune responses, in which
the body mistakenly attacks its own tissues, resulting in
progressive inflammation, tissue destruction, and organ
dysfunction.’* The lived experiences of patients underscore
the urgency of advancing more precise therapies: many
individuals cycle through multiple drugs over years,
enduring flares, uncertainty, and irreversible tissue damage
before identifying a partially effective treatment.

The therapeutic landscape for autoimmune diseases
remains predominantly empirical, despite improvements
in immunology and molecular biology. Targeted small
molecules and biologic agents, including tumor necrosis
factor (TNF) blockers, Janus kinase (JAK) blockers, and
interleukin-6 receptor blockers, have indeed radically
transformed care. Their effectiveness, however, is highly
variable. Even in large clinical trials, these agents have
response rates ranging from 30 to 60%,>° leaving a
significant proportion of patients with non-beneficial
outcomes and exposing them to potential adverse
effects, such as increased susceptibility to infections,
hepatotoxicity, and cardiovascular complications.” Such
therapeutic uncertainty not only burdens patients but also
strains healthcare systems worldwide.

One of the major impediments to improving outcomes is
the inability to measure and respond to cellular and spatial
heterogeneity that contributes to disease progression and
therapeutic response. Conventional methods, including
bulk RNA sequencing, average gene expression across
thousands of cells, thereby blurring significant cell-to-
cell variation. Even the transformative single-cell RNA
sequencing (scRNA-seq) technique requires tissue
dissociation, which removes spatial context and obliterates
important information regarding cellular interactions
among different cell types and with the extracellular matrix
(ECM) in inflamed tissues.*® However, growing evidence

suggests that the positioning and response of immune and
stromal cells within tissue microenvironments are equally
critical in determining disease severity and drug response
as their intrinsic gene regulation.'

This limitation has been addressed by recent advances
in single-cell spatial transcriptomics (scST). scST preserves
tissue architecture while integrating spatial mapping with
molecular profiling, providing gene expression data at
single-cell resolution."! This approach allows researchers
to determine not only the locations of cells but also
their spatial organization, aggregation patterns, and the
formation of pathological niches that may be resistant or
responsive to therapy. As the disease microenvironment can
be characterized in multiple dimensions, complementary
approaches such as spatial proteomics and extracellular
matrix-associated profiling have further expanded this
framework."? This integrative strategy offers a broader
view of the “geography” of inflammation, highlighting
the localized immune dysregulation that drives chronic
pathology.

This spatial perspective is imperative in autoimmune
diseases. Complex interactions among T cells, B cells,
macrophages, and fibroblasts within synovial tissues in
RA organize the inflammatory cascades at disease sites."
Similarly, plasmacytoid dendritic cells and macrophages
infiltrate renal niches, interacting with stromal and
endothelial cells in lupus nephritis, leading to tissue
damage and fibrosis."* While these populations can be
determined using traditional sequencing approaches,
only spatially resolved transcriptomics can elucidate how
their proximity and interactions relate to disease activity
or treatment resistance. Interestingly, extracellular matrix
remodeling, long considered a consequence of chronic
inflammation, is now recognized as both a structural
scaffold and active mediator of immune-stromal
communication.”” Understanding these interactions may
reveal novel therapeutic targets beyond classical immune
pathways.

The integration of computational modeling and
machine learning further enhances the translational
potential of scST. By training predictive models on
spatial gene expression features, researchers can identify

Volume 12 Issue 3 (2026)

doi: 10.36922/JCTR025420073


https://doi.org/10.36922/JCTR025420073

Journal of Clinical and
Translational Research

Spatial single-cell autoimmune drug response

spatial biomarkers of drug responsiveness, enabling the
prediction of whether a patient will respond to a specific
therapy before treatment initiation.'*'” Such predictive
diagnostics could significantly impact clinical practice.
Patients would no longer need to undergo prolonged
trial-and-error treatment but could instead be stratified
early toward the most effective therapies, thereby reducing
disease progression and treatment burden.

Here, we applied scST to tissue samples from two
representative autoimmune diseases, RA and SLE, to map
spatially resolved transcriptional changes associated with
patient-specific treatment responses. We hypothesized
that scST would not only delineate the fine structure of
immune and stromal niches but also enable prediction of
pre-treatment drug responsiveness. Specifically, we aimed
to identify microenvironmental regulators of resistance,
with a focus on interactions between immune cell subsets
and ECM remodeling. Ultimately, this work seeks to
demonstrate how precision medicine can be humanized by
moving beyond the dissociated transcriptional snapshots
with spatially contextualized cellular atlases, in which
disease biology guides therapeutic decision-making rather
than the reverse.

2. Materials and methods
2.1. Patient recruitment and ethical approval

After informed consent, tertiary-referred patients with RA
(n=12) and SLE (n = 8) were recruited. The study included
a total of 40 patients. The discovery cohort consisted of 20
patients (12 RA and 8 SLE), and an independent validation
cohort also included 20 patients (12 RA and 8 SLE). The
inclusion criteria were based on the American College of
Rheumatology/European League Against Rheumatism
(EULAR) classification guidelines.'® Ethical approval for
the study was obtained in accordance with the Declaration
of Helsinki and approved by Skyline University Nigeria
Institutional Review Board. Notably, participants were
informed about the potential of spatial transcriptomics
to support personalized therapy choices in the future,
reflecting the broader human value of such studies beyond
methodological advances.

2.2, Tissue collection and processing

Synovial biopsy samples were obtained from patients with
RA and SLE undergoing clinically indicated diagnostic or
therapeutic procedures. Immediately following excision,
tissues were embedded in optimal cutting temperature
compound, snap-frozen in liquid nitrogen within 15
minutes of collection, and stored at —80 °C until sectioning.
All samples were handled under RNase-free conditions to
preserve RNA integrity.'*

Unlike dissociative single-cell approaches, which
disrupt spatial context through enzymatic cell separation,
this spatially resolved workflow preserved native tissue
architecture and local cell-cell interactions, which are
critical for immune-stromal crosstalk.

2.3. Sample quality control and histological
validation

RNA integrity was assessed using an Agilent Bioanalyzer
(Model G2939B, Agilent Technologies, United States
of America [USA]) before spatial library preparation.
Only samples with an RNA integrity number > 7.0 were
included in downstream analyses. Adjacent tissue sections
were stained with hematoxylin and eosin (H & E) to
assess tissue integrity, cellular density, and preservation of
synovial architecture.

2.4, Spatial transcriptomics workflow

We employed 10 x Genomics Visium (10 x Genomics,
USA) and multiplexed error-robust fluorescence in situ
hybridization (MERFISH) (Vizgen Inc., USA) for spatial
barcoding and transcript capture. Fresh-frozen sections (10
um) were mounted onto capture areas containing spatially
barcoded oligonucleotides. RNA molecules hybridized
and were reverse-transcribed in situ, preserving both the
transcriptome and the tissue map.?

(i) The Visium platform enabled whole-transcriptome
mapping across tissues.*!
(ii) MERFISH allowed subcellular localization of immune
signaling transcripts with high sensitivity.2
Raw sequencing reads were processed using Space
Ranger v2.0 and aligned to the GRCh38 human genome.
Quality control included filtering out barcodes with <500
unique molecular identifiers and mitochondrial content >
15%. Distances for the spatial interaction score (SIS) were
computed using Visium spot centroids and MERFISH
single-cell coordinates.

2.5. MERFISH targeted gene panel design

A customized MERFISH probe panel was designed to
interrogate key immune, stromal, and extracellular matrix—
associated genes implicated in autoimmune synovial
pathology”® The panel included macrophage markers
(CD68, LILRBI), T-cell and T follicular helper cell (T,)
markers (CD3D, CXCL13, IFNG, PDCD1), fibroblast and
stromal markers (COL6A3, FNI, DCN, COL1A1I), matrix
remodeling genes (MMP9, TIMPI), and inflammatory
signaling genes (STAT1I, ISG15, CCL2). Gene selection was
guided by prior scRNA-seq studies of RA and SLE synovial
tissues and optimized to enable cross-platform integration
with Visium spatial transcriptomics.
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2.6. MERFISH gene panel design

The MERFISH gene panel comprised 312 transcripts
selected to capture immune, stromal, and interferon-
driven programs relevant to autoimmune pathology. The
panel included lineage-defining immune markers (CD68,
CDI14, CD3D, MS4A1), cytokines and chemokines (IFNG,
CXCL13, 1L6), extracellular matrix-associated genes
(COL6A3, FN1, MMP9), and interferon-stimulated genes
(ISG15, MX1).

Adjacent serial tissue sections (10 pm thickness) from
the same frozen tissue block were used for Visium and
MERFISH assays. Visium enabled whole-transcriptome
spatial profiling at spot-level resolution, whereas
MERFISH provided single-cell-resolved imaging of
targeted transcripts.”” Datasets were aligned using shared
anatomical landmarks and concordant marker gene
expression, enabling cross-platform spatial registration
and validation.

2.7.Single-cell RNA-sequencing reference data and
label transfer

Single-cell RNA-sequencing reference datasets were
obtained from previously published synovial studies of RA
and SLE generated using the 10 x Chromium platform.
Raw sequencing data were uniformly reprocessed and
filtered for quality (=500 detected genes per cell and <10%
mitochondrial transcript content). High-quality cells were
integrated using Seurat v4.1 and canonical correlation
analysis (CCA), and resulting cell-type labels were
transferred to spatial transcriptomic data for annotation.?

2.8. Data preprocessing and cross-platform
integration

Gene expression matrices derived from MERFISH and
Visium platforms were normalized independently. To

enable cross-platform integration, shared gene subsets
were used for harmonization, and batch effects were
corrected using the mutual nearest neighbors approach
prior to downstream clustering and analysis.”

2.9. Single-cell integration and clustering

To integrate scRNA-seq data with spatial transcriptomes,
we utilized Seurat v4.1, incorporating CCA.?® Cell types
were annotated by established immune markers (CD3E
for T cells, MS4A1 for B cells, CD68 for macrophages,
and PDPN for fibroblasts). Clusters were visualized using
uniform manifold approximation and projection (Figure

1).

Adjacent serial fresh-frozen tissue sections were
processed in parallel using 10 x Genomics Visium for
whole-transcriptome spatial profiling and MERFISH
for fluorescence-based single-cell-resolution imaging
of targeted transcripts.”’ Publicly available scRNA-seq
reference datasets were integrated with spatial data
using Seurat v4.1 and CCA for cell-type annotation and
validation. Extracted spatial features were subsequently
used to predict patient-specific drug response using
machine learning.”

2.10. Machine learning-based prediction of drug
response

Patient samples were split at the individual level into
training (70%), validation (15%), and independent
test (15%) sets to avoid information leakage. Dataset
splitting was stratified by disease type to ensure
balanced representation of RA and SLE samples.”’ Model
performance was evaluated using stratified k-fold cross-
validation within the training set, and hyperparameters
were optimized using the validation set.”? Overfitting was
mitigated by feature limiting, restriction of tree depth,

Figure 1. Conceptual overview of the multimodal spatial transcriptomics and computational workflow
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and permutation-based feature importance analysis. Final
model performance was assessed on the held-out test set.

Spatial gene expression features were used as input to
a random forest classifier trained on clinical outcomes
(EULAR criteria for RA; Systemic Lupus Erythematosus
Disease Activity Index scores for SLE). Predictive accuracy
was evaluated using the area under the receiver operating
characteristic (ROC) curve (AUC). Feature importance
was estimated using a permutation-based ranking method.

To mathematically formalize prediction, we defined:

1
PRI = v

where P(R|X) is the probability of response given features
X, Bi are feature weights learned from training, and # is
the number of spatial biomarkers. This logistic regression
backbone was incorporated into the ensemble learning
framework, enabling robust patient stratification.*®

2.11. Extracellular matrix profiling

We combined transcriptomic data with ECM-related
signatures.* Differential expression analysis revealed
COL6A3, FN1, and MMP9 as regulators of immune-
stromal crosstalk. To measure ECM remodeling, we
defined the ECM remodeling index (ERI) as follows:

ERI = Expression ., ; s+ Expression,,,+ Expression,,, 2
Expression,,, ,+ Expression,, , ,

An increased ERI was associated with ineffective drug
response, reflecting the physical and functional impediment
of therapeutic efficacy by fibrotic tissue barriers.*® Genes
contributing to the ERI were selected based on differential
expression analysis and established biological relevance to
fibrosis and matrix remodeling.

2.12. Validation cohort and cross-disease
comparison

This pipeline was applied to an independent validation
cohort (RA, n = 12; SLE, n = 8). Discovery-validation
interactions were assessed using Pearson correlations
(r > 0.80, p < 0.001) to measure concordance between
the discovery and the validation cohorts. Clinical teams
reviewed the predictive outputs and discussed with
patients how the predictive biomarkers could help reduce
future trial-and-error prescribing by informing treatment
decisions.*

2.13. Spatial interaction score (SIS) calculation

For Visium datasets, Euclidean distances were calculated
using spot centroid coordinates provided by the 10 x

Genomics spatial grid. For MERFISH datasets, distances
were computed using single-cell spatial coordinates
obtained after cell segmentation. SIS was calculated
independently for each platform to account for differences
in spatial resolution, and no imputation of cell positions
was performed.”’

2.14. Statistical analysis

All calculations were performed using R v4.2 and Python
3.10. Wilcoxon rank-sum tests were used for group
comparisons, and multiple comparisons were corrected
using the Benjamini-Hochberg correction (FDR < 0.05).
Predictive accuracy was benchmarked against random
assignment using 1,000 bootstrapped permutations.
An overview of the experimental design and analytical
workflow is provided in Table 1.

2.15. Data availability

Raw sequencing data have been deposited in the Gene
Expression Omnibus (GEO). Processed datasets and
machine learning models are available upon request for
academic use.

3. Results

3.1. Spatial transcriptomic data quality and
annotation performance

Visium libraries were sequenced to a median depth of 85,000
reads per spot. Cell-type annotation confidence exceeded
92%, with fewer than 8% of spots remaining unassigned
due to low transcript counts. Marker gene detection rates
for immune and stromal populations were high. Cell-type
annotation accuracy was further validated through marker
gene concordance, expected spatial localization patterns,
and cross-platform agreement between Visium and
MERFISH data. Spatially resolved cell-type annotations
revealed distinct immune and stromal organization across

RA and SLE synovial tissues (Figure 2).

3.1.1. Histological validation

Histological validation was performed on adjacent serial
sections using H & E staining to confirm tissue integrity,
preservation of synovial architecture, and correspondence
with spatial transcriptomic annotations. H & E images
revealed characteristic features of autoimmune synovitis,
including lining hyperplasia, inflammatory infiltrates
(macrophages and lymphocytes), and varying degrees of
stromal fibrosis and ECM remodeling. These observations
aligned closely with scST-derived cell-type distributions
and ERI scores, with enhanced fibrotic features in non-
responders. Representative histological images are shown
in Figure 3A. Histological examination revealed fibrotic
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Table 1. Overview of experimental pipeline

Step Platform/tool

Output

Human relevance

Tissue collection Synovial (RA), renal (SLE)

Spatial transcriptomics Visium, MERFISH

Preserved native tissue

Whole-transcriptome spatial maps

Ensures absolute patient heterogeneity is captured

Maintains cell-to-cell context

Annotated immune-stromal

Integration Seurat, CCA

Prediction Random fores't, logistic
regression

ECM profiling DESeq2, ERI formula

clusters
Drug response probability

ECM remodeling score

Identifies disease-driving niches

Directly translatable to therapy selection

Explains microenvironmental resistance

Abbreviations: CCA: Canonical correlation analysis; ECM: Extracellular matrix; ERI: ECM remodeling index; MERFISH: Multiplexed error-robust
fluorescence in situ hybridization; RA: Rheumatoid arthritis; SLE: Systemic lupus erythematosus.

Figure 2. Spatial cell-type annotation in rheumatoid arthritis (RA) and systemic lupus erythematosus (SLE) synovial tissue. Spatially resolved cell-type
annotations derived from Visium and MERFISH analyses illustrate the organization and colocalization of immune and stromal populations across RA

and SLE synovial tissues.

Abbreviation: MERFISH: Multiplexed error-robust fluorescence in situ hybridization.

stroma, extracellular matrix remodeling, and macrophage-
rich infiltrates characteristic of a non-responder profile
(Figure 3B).

3.2. Patient cohorts and clinical outcomes

We profiled 20 patients (12 with RA, 8 with SLE), all of
whom underwent baseline spatial transcriptomic profiling
before initiation of biologic therapy. Clinical outcomes
were measured at six months according to standardized

metrics: the EULAR response criteria for RA and the
Systemic Lupus Erythematosus Disease Activity Index
2000 score for SLE. Of the 20 patients, 11 achieved a clinical
response, while nine were classified as non-responders.
Baseline demographic and clinical characteristics of the
patient cohort are summarized in Table 2. Notably, despite
similar baseline clinical severity scores, responders and
non-responders diverged significantly in their spatially
resolved transcriptional landscapes.
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Figure 3. Histological validation of spatial transcriptomic findings in systemic lupus erythematosus (SLE) synovial tissue. (A) Representative hematoxylin
and eosin (H&E)-stained section demonstrating synovial lining hyperplasia and inflammatory infiltrates. (B) Representative H&E-stained section
highlighting fibrotic stroma, extracellular matrix remodeling, and macrophage-rich infiltrates characteristic of a non-responder microenvironment. Scale

bar: 200 pm. Magnification x200.

3.3. Spatially resolved immune niches differentiate
responders from non-responders

Uniform manifold approximation and projection
embedding of integrated scST datasets revealed discrete
immune-stromal clusters within both RA synovium
and SLE renal tissue. C-X-C motif chemokine ligand 13
(CXCL13) expression exhibited strong spatial localization
within discrete immune microdomains, consistent with
chemokine-enriched niches (Figure 4). Responders
were enriched in CXCL13* B cell-T, niches, while non-
responders exhibited expansion of podoplanin-positive
fibroblast-CD68* macrophage inflammatory aggregates
(Figure 5).

Quantitatively, the SIS between fibroblasts and
macrophages was significantly higher in non-responders:

SIS = Zin (3)

i=l j=1

where N, and N are the numbers of fibroblasts and
macrophages, respectlvely, and d, is the Euclidean distance
between cell i and cell j. A hlgher SIS indicates stronger
spatial clustering.

Non-responders had a mean SIS of 0.68 compared
to 0.42 in responders (p < 0.001). This suggests that
pathogenic fibroblast-macrophage neighborhoods serve

as microenvironmental hubs of drug resistance. Sensitivity
analyses demonstrated that SIS measurements were robust
across spatial resolutions and neighborhood definitions.

3.4. Extracellular matrix remodeling as a predictor
of therapy failure

Differential expression analysis revealed consistent
upregulation of COL6A3, FNI1, and MMP9 in
non-responders,  accompanied by  corresponding
downregulation of homeostatic ECM genes, including
COLIAI and COL4A1. ERI-defining genes were identified
by differential expression analysis of ERI-high versus ERI-
low regions. ERI showed consistent spatial patterns across
RA and SLE samples, and across Visium and MERFISH
platforms, and correlated with histologically assessed
fibrosis in matched sections. We defined an ERI as follows:

_ COL6A43+ FN1+ MMP9
COLAl+COL4 A1

Patients with ERI > 2.5 were 85% likely to be non-
responders. ROC analysis confirmed strong predictive
power (AUC = 0.87, Figure 6).

(4)

Clinically, this implies that a patient with heavily
remodeled, fibrotic tissue at baseline may be effectively
locked out of a response to immune-targeted therapy, as the
medication is unable to adequately penetrate the physical
and biochemical shielding of the scarred tissue niche.
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Table 2. Patient cohort characteristics and outcomes

Disease n Age (mean + SD) Female (%) Therapy class Response rate (%)
RA 12 523 +8.6 67 TNE JAK, IL-6R inhibitors 58
SLE 8 451+9.2 75 Anti-IFNa, B-cell depletion 50
Total 20 49.2+8.9 70 - 55

Note: This observation highlights the inadequacy of baseline clinical metrics alone in predicting drug response and underscores the value of

incorporating spatial transcriptomic biomarkers.

Abbreviations: RA: Rheumatoid arthritis; SLE: Systemic lupus erythematosus.

Figure 4. Spatial distribution of CXCL13 expression in synovial tissue. Spatially resolved CXCL13 gene expression mapped onto synovial tissue architecture

reveals localized chemokine-enriched immune microdomains.
Abbreviation: CXCL13: C-X-C motif chemokine ligand 13.

3.5. Machine learning model predicts patient-
specific drug response

Using 1,000 bootstrapped resamples during modal
training, the random forest model achieved an AUC of
0.91 for predicting therapeutic response from baseline
spatial transcriptomic features. The top-ranked predictive
features included:

(i) spatial proximity of fibroblasts and macrophages
(SIS);

(ii) abundance of CXCL13* B-cell niches; and

(iii) the ERL

Single-cell-resolution MERFISH imaging further

demonstrated close  spatial = proximity  between
macrophages and fibroblasts within inflamed synovial
microenvironments (Figure 7).

3.6. Model robustness and generalizability

Model robustness was evaluated using repeated stratified
cross-validation,  bootstrapping, and permutation
testing. Despite the moderate cohort size, spatial features
demonstrated consistent predictive performance across
both discovery and independent validation cohorts (Figure
8). The most influential spatial features contributing to the
predictive model are listed in Table 3.
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Figure 5. Uniform manifold approximation and projection embedding of rheumatoid arthritis/systemic lupus erythematosus tissues showing responder

versus non-responder clustering.

This model not only distinguished responders from
non-responders with high accuracy but also provided
interpretable biological insights. For instance, the balance
between pro-fibrotic ECM remodeling and protective B
cell-T, niches emerged as a key determinant of therapy
success.

3.7.Validation across independent cohorts

To evaluate reproducibility, we tested the predictive model
in an independent cohort (12 RA, 8 SLE). Predictive
accuracy remained high (AUC = 0.89). Notably, when
clinical professionals were presented with the predictions,
they indicated that such a technology can potentially save
patients months or years of ineffective treatment and
alleviate the emotional burden of trying multiple drugs
without success.

3.7.1. Spatial interaction score calculation

For Visium data, Euclidean distances were computed
using spot centroid coordinates, whereas for MERFISH

data, distances were calculated using single-cell spatial
coordinates. SIS was computed independently for each
platform to account for differences in spatial resolution, and
results were concordant across platforms. Spatial proximity
patterns were additionally supported by histological
assessment of adjacent H & E-stained sections, confirming
fibroblast-macrophage neighborhood organization. SIS
values derived from Visium and MERFISH platforms
showed strong concordance in relative macrophage—
fibroblast proximity patterns, indicating robustness of SIS
across spatial resolutions.

Spatial proximity patterns identified by SIS were
supported by histological examination of adjacent H&E-
stained sections, which confirmed macrophage enrichment
in fibroblast-dense regions of inflamed synovial tissue.

4, Discussion

In this study, we utilized scST in RA and SLE to untangle
the complexity of the tissue microenvironment that limits
patient-specific treatment strategies. Using this approach,
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Figure 6. ROC curve for ECM remodeling index predicting drug response.
Abbreviations: AUC: Area under the curve; ECM: Extracellular matrix; ROC: Receiver operating characteristic.

Table 3. Top predictive features in the random forest model

Rank Feature Contribution to model (%)
1 Spatial interaction score (fibroblast-macrophage) 32
2 CXCL13* B-cell niches 27
3 Extracellular matrix remodeling index 21
4 IFN-a signature intensity 12
5 T cell exhaustion markers 8

Volume 12 Issue 3 (2026) 10 doi: 10.36922/JCTR025420073
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Figure 7. MERFISH-based immune-stromal spatial organization. MERFISH-based single-cell-resolution spatial mapping highlights immune-stromal
interactions, with prominent macrophage-fibroblast proximity within inflamed synovial microenvironments.
Abbreviation: MERFISH: Multiplexed error-robust fluorescence in situ hybridization.

Figure 8. Feature importance plot from the random forest model.
Abbreviations: CXCL13: C-X-C motif chemokine ligand 13; ECM: Extracellular matrix; IFN-a: Interferon-alpha; SIS (fib-mac): Spatial interaction score
(fibroblast-macrophage).
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we found that spatially annotated immune-stromal
architecture of fibroblasts and macrophages is highly
predictive of response or resistance to biologic treatment.
Specifically, high-order spatial dynamics, including
fibroblast-macrophage neighborhood density, ECM
remodeling, and CXCL13* B cell/T, niches, emerged as key
predictors. This discussion organizes these findings into
three dimensions, namely, mechanistic understanding,
translational significance, and technological limitations
that may shape future developments.

4.1. Spatial niches shape therapeutic response:
From discovery to mechanism

We found that non-responders exhibited markedly
higher SIS, reflecting dense fibroblast-macrophage
neighborhoods. This observation is consistent with
growing evidence that microanatomical organization
influences tissue pathology and drug permeability. Spatial
multi-omics analyses in systemic sclerosis similarly
showed that fibroblast-macrophage interactions actively
expand the fibrotic niche, in which myofibroblast
progenitors coordinate C-X-C motif chemokine ligand
12 (CXCL12)-mediated macrophage recruitment.®® In
autoimmune disease, the elevated SIS (mean 0.68 versus
0.42 in responders, p < 0.001) suggests that inflammatory
fibroblast-immune hubs both sustain pathology and
contribute to resistance to immunomodulatory therapy.

Mechanistically, such neighborhoods may form spatially
protective microenvironments in which cytokine signaling
is dysregulated and drug diffusion is restricted. A high SIS
reflects both crowding and proximity, indicating amplified
cellular crosstalk. From a translational perspective,
identifying these hubs may inform localized therapies,
such as targeting tissue-specific ECM components or
disrupting macrophage-fibroblast interactions before
systemic treatment.

Furthermore, our findings align with studies in RA
identifying CXCLI13-producing peripheral helper T
cells that correlate with B cell activation and treatment
resistance.” The enrichment of CXCL13" B cell-T, niches
in responders suggests that when immune activation
remains localized but not embedded with fibrotic stroma,
therapies may more effectively recalibrate immune
responses.

4.2, Extracellular matrix remodeling as a biophysical
arbiter of drug response

Patients with high ERI were substantially more likely to
be non-responders (AUC = 0.87), underscoring a fibrotic
barrier’s role in therapeutic failure.

This finding aligns with fundamental characteristics
of fibrotic disease. ECM stiffness and crosslinking can
physically and molecularly impede immune cell infiltration
and drug diffusion. Spatial-omics studies in tumors have
similarly revealed that fibroblast functional heterogeneity
is closely associated with distinct ECM compartments
enriched in matricellular proteins such as FN1 and
COL11A1.* In our study, elevated FNI1 and COL6A3
expression suggests a comparable stromal remodeling
signature in autoimmune tissues, effectively generating
biophysical resistance zones.

From a clinical perspective, this insight has important
therapeutic implications. In patients with extensive
tissue fibrosis, preconditioning measures, including
ECM-modifying agents or anti-fibrotic co-therapies,
might initially be needed to sensitize patients to
immunomodulatory agents. Thus, ERI functions not
only as a prognostic instrument but also as a conceptual
“stethoscope” to guide the rational design of combination
therapy.

4.3. Machine learning illuminates the predictive
architecture of spatial biomarkers

Our random forest model, trained on spatial features
including SIS, ERI, and niche markers, achieved robust
predictive power (AUC = 0.91). Feature importance
rankings placed SIS and CXCL13" B cell niches at the top,
followed by ERI. These insights are consistent with our
mechanistic and translational narratives.

This  predictive architecture  exemplifies the
interpretability required for translational uptake. Unlike
black-box deep learning models, random forests allow
identification of the spatial features that most strongly
influence response prediction. Mathematical models of
probabilistic response can also be formalized via logistic
regression:

1
1+ exp[—(B,+ z;ﬂ;X:)]

P(response| X) = (5)

where X, are spatial predictors, allowing clinicians to
interpret the contributions of each variable.

Beyond autoimmunity, these approaches parallel recent
efforts integrating multi-omics and machine learning
in autoimmune contexts, such as the use of multimodal
single-cell data to predict anti-TNF response with
biomarkers like YKL-40.*" Spatial information further
enhances this by providing spatio-functional context,
revealing not only which cell types are present but also how
they are organized.
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4.4. Broader implications: Toward spatially guided
precision immunotherapy

Our study supports a paradigm shift from purely molecular
or clinical predictors to spatially informed diagnostics.
This aligns with advances in spatial biology in oncology,
such as immune cell neighborhood mapping in head
and neck cancer to predict treatment response regions,*
demonstrating that local cellular organization can be as
predictive as multi-gene signatures.*

In autoimmune diseases, spatial transcriptomics remain
at an early stage of development. Prior applications in
Sjogren’s syndrome, scleroderma, and lupus nephritis have
revealed critical regional immune dynamics, including
macrophage-lipid metabolic networks or organ-specific
immune infiltration patterns.***® Our work extends
these findings by directly linking spatial architecture to
therapeutic outcomes in human patients.

Clinically, this suggests that a patient undergoing
tissue biopsy, for example, a synovial biopsy in RA, could
receive not only a diagnosis but also a spatial risk map
indicating the likelihood of response to TNF inhibitors,
JAK inhibitors, or combination regimens. Over time, this
approach could reduce exposure to ineffective drugs and
disease progression, offering meaningful patient benefit.

4.5. Limitations and future directions

Despite promising findings, this study is limited by its
relatively small sample size (discovery n = 20, validation
n = 20). Larger cohorts across diverse populations, disease
stages, and tissue types are needed to ensure generalizability.

Technologically, the current analysis is based on
two-dimensional sections. As spatial biology advances,
three-dimensional spatial transcriptomics and artificial
intelligence-driven volumetric models, such as VORTEX,
could capture complete tissue volumes, enabling more
robust sampling and niche characterization.*® Additionally,
transformer-based models, such as stEnTrans, may
improve spot imputation and spatial resolution, allowing
finer-grained niche detection.”

Integration of spatial transcriptomics with multi-omics,
such as proteomics or ECM imaging, will further enhance
biological insight. Multimodal integration algorithms®*
can combine transcriptomic, proteomic, and imaging data
to deliver a richer, more comprehensive spatial atlas of
immune-stromal landscapes.

From a translational medicine perspective, real-
world implementation will require streamlined pipelines
including fast processing, cost-effectiveness, and
interpretability for clinicians. As spatial transcriptomics
platforms mature (for example, CosMx Spatial Molecular

Imager*’), institutional adoption becomes more feasible.

4.6. Mathematical and computational extension

Beyond SIS and ERI, future models could quantitatively
integrate multiple spatial features into composite indices:

Spatial risk score= w-SIS + w,ERI + w,-CXCL13
Density+...

where weights w, are determined using regression or
machine learning optimization to maximize predictive
fidelity. Such a composite score could be calibrated against
clinical outcomes to produce a spatial risk continuum that
guides therapeutic decision-making.

5. Conclusion

The present study highlights that scST, when coupled
with advanced computational modeling, provides a
transformative lens through which to understand and
manage autoimmune diseases. For decades, the clinical
management of disorders such as rheumatoid arthritis
and systemic lupus erythematosus has been constrained
by a trial-and-error approach, where patients often cycle
through multiple immunomodulatory therapies before
achieving partial disease control. We demonstrate that this
paradigm can be substantially improved by integrating
spatially resolved molecular data into patient care.

We further show that therapeutic outcomes are not
solely determined by molecular pathways per se, but
rather by interactions among fibroblast-macrophage
neighborhoods, ECM remodeling signals, and B cell-
T, microdomains. Immune and stromal compartments
do not act in isolation; instead, they form dynamic,
spatially organized ecosystems that may either facilitate
or impede therapeutic success. By identifying these
spatial determinants, precision medicine can be refined
to incorporate both microenvironmental context and
molecular identity. Importantly, the human implications of
these findings are considerable. For patients with chronic
autoimmune diseases, each failed treatment cycle represents
months of active inflammation, emotional burden, and
potentially irreversible tissue damage. In a future where
a synovial or renal biopsy yields a predictive spatial
signature—indicating, with high confidence, response
to a TNF inhibitor, a JAK inhibitor, or an anti-interferon
pathway therapy—the burden of ineffective treatment
trials could be significantly reduced. This represents not
only a scientific breakthrough but also a meaningful step
toward improving quality of life, enhancing mobility, and
fostering hope for millions of people worldwide.

As the technology matures, integration of scST into
clinical workflows is likely to become more streamlined,
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cost-effective, and accessible. The trajectory of spatial
biology suggests that, within the next decade, routine
diagnostics may include spatially annotated risk maps
generated by standardized platforms and interpreted
using machine learning models trained on diverse global
cohorts. These maps could guide clinicians toward tailored
interventions, prevent unnecessary exposure to ineffective
drugs, and ultimately optimize healthcare resource
allocation.

However, several challenges remain. Larger and
more diverse validation studies are required to ensure
that predictive spatial biomarkers are robust across
populations, tissue contexts, and disease subtypes.
Integration with additional modalities, including
proteomics, metabolomics, and imaging, will be crucial
for constructing a comprehensive atlas of autoimmune
pathology. Furthermore, ethical considerations related
to data privacy, equitable access to advanced diagnostics,
and potential bias in predictive models must be actively
addressed to ensure that the benefits of spatial precision
medicine are shared equitably.

Taken together, this study provides proof of concept
that spatially informed models can uncover previously
unrecognized drivers of therapeutic resistance and
response in autoimmunity. The implications extend
beyond rheumatology to fields such as oncology,
neurodegeneration, and infectious diseases, where tissue
microenvironments play a critical role in clinical outcomes.
The integration of spatial transcriptomics into precision
medicine, therefore, represents more than an incremental
advance. It signals a paradigm shift, where disease is no
longer viewed as a uniform process, but as a mosaic of
spatially defined micro-ecologies that can be measured,
modeled, and ultimately manipulated for therapeutic
benefit.

In conclusion, the convergence of single-cell spatial
transcriptomics and computational modeling heralds a
new era of medicine, one in which the spatial map of disease
within each patient becomes as important as the list of
genes, proteins, or pathways involved. As datasets expand,
technologies, and predictive models evolve, the vision of
truly individualized therapy will come closer to realization.
In this future, patients will not simply receive treatment for
their disease; they will receive treatment tailored to the
precise spatial architecture of their condition, advancing
the goal of medicine toward care that is both scientifically
rigorous and deeply patient-centered.
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