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Abstract

Systemic sclerosis (scleroderma) is a complex autoimmune disease characterized by immune
dysregulation, vasculopathy, and progressive fibrosis. Although T cells are known contributors to
disease pathogenesis, their functional organization in peripheral blood remains incompletely defined.

Here, we performed integrative single-cell transcriptomic analysis of peripheral blood mononuclear cells
from a large scleroderma cohort using a batch-corrected latent variable model. After stringent quality
control and integration, we extracted a high-confidence T-cell compartment and characterized
functional states using program-level scoring to recover graded polarization states rather than enforcing
discrete helper T-cell clusters.

This approach identified dominant naive/central memory and cytotoxic T-cell populations, along with
smaller but transcriptionally coherent Th1, Th2, Th17, T follicular helper, and regulatory T-cell states.
Each functional state exhibited a highly specific cytokine and transcription factor signature, including
IFNG and TBX21 for Th1 cells, RORC and IL17A for Th17 cells, GATA3 and IL4/IL13 for Th2 cells,
BCL6 for T follicular helper cells, and FOXP3 and IL2RA for regulatory T cells. Cytotoxic T cells were
characterized by high expression of NKG7, GNLY, and PRF1, while naive and unpolarized cells
showed minimal effector cytokine expression.

Together, these findings demonstrate that functional polarization of T cells can be robustly recovered
from resting peripheral blood using integrated single-cell transcriptomics and program-based inference.
This framework provides a principled approach for interpreting systemic immune activation states in the
context of downstream fibrotic pathways in systemic sclerosis.
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Introduction

Systemic sclerosis (SSc) is a heterogeneous autoimmune disease characterized by immune
dysregulation, microvascular injury, and progressive fibrosis of the skin and internal organs (1-3,35).
Although fibrosis represents the defining clinical manifestation, substantial evidence indicates that
immune abnormalities precede overt fibrotic remodeling, implicating early immune-mediated processes
in disease initiation and progression (4,5). Both innate and adaptive immune cells contribute to this
process through cytokine production, cellular interactions, and modulation of stromal cell behavior,
positioning the immune system as a central driver of disease pathogenesis rather than a secondary
consequence of tissue injury (6,7,37).

Among adaptive immune populations, T cells have long been implicated in SSc through altered
activation states, skewed cytokine profiles, and dysregulated interactions with fibroblasts, endothelial
cells, and B cells (8-10,37). Prior studies have reported imbalances in T helper subsets, including Th1,
Th2, Th17, regulatory T cells (Tregs), and T follicular helper (Tfh) cells, as well as expansion of
cytotoxic T-cell populations (11-14). These subsets have been associated with key pathogenic
pathways, such as interferon signaling, IL-17–mediated inflammation, aberrant B-cell activation, and
profibrotic cytokine production (15-18). However, the extent to which these functional states are
detectable and coherently organized in peripheral blood remains unclear, particularly given the dynamic
and plastic nature of T-cell differentiation (19).



Efforts to classify T-cell subsets in SSc peripheral blood using bulk transcriptomics or flow cytometry
have provided important insights but are inherently limited by population averaging and restricted
marker panels (20-21). Single-cell RNA sequencing (scRNA-seq) offers the potential to resolve immune
heterogeneity at higher resolution, yet studies of circulating immune cells in autoimmune disease face
substantial technical and biological challenges (22-24). These include strong batch effects across
donors and experiments, inter-individual variability in immune composition, and the low abundance of
polarized helper T-cell populations in resting peripheral blood mononuclear cells (PBMCs). As a result,
discrete clustering of helper T-cell subsets in PBMC scRNA-seq data is often unstable or yields
inconsistent subtype definitions (25).

Recent scRNA-seq studies in systemic sclerosis have provided valuable insights into immune
dysregulation, particularly in affected tissues such as skin and lung, where effector T-cell populations
are more abundant and transcriptionally polarized (27-29). In contrast, analyses of peripheral blood
have frequently reported diffuse or overlapping T-cell states, reflecting both biological plasticity and
technical limitations. Together, these observations raise a central conceptual question: whether
disease-relevant T-cell biology in peripheral blood is best represented by discrete cell types or by
graded functional activation states distributed along transcriptional continua.

Advances in probabilistic latent variable models for scRNA-seq integration provide an opportunity to
address this challenge (22). Methods such as single-cell variational inference (scVI) enable robust
integration of large, multi-sample datasets by modeling technical variation explicitly while preserving
biological signal. When combined with program-based inference approaches that score cells for
predefined functional gene sets, these methods allow immune states to be characterized without
enforcing rigid clustering boundaries (23–25). This framework is particularly well suited to peripheral
blood analyses, where T cells often exhibit partial or transient activation rather than stable lineage
commitment (26).

In this study, we applied scVI-based integration to a large cohort of scleroderma PBMC samples to
characterize T-cell functional organization at single-cell resolution. After stringent quality control and
batch correction, we extracted a high-confidence T-cell compartment and inferred functional states
using program-level scoring rather than discrete helper T-cell clustering. This approach enabled
recovery of coherent Th1, Th2, Th17, Tfh, Treg, cytotoxic, and naive T-cell programs despite their low
abundance in circulating blood. By focusing on functional polarization axes rather than categorical cell
types, we aimed to bridge systemic immune activation patterns to downstream fibrotic mechanisms
implicated in systemic sclerosis.

Together, this work provides a principled framework for interpreting T-cell functional heterogeneity in
peripheral blood and establishes a foundation for future studies integrating clinical phenotypes,
longitudinal sampling, and tissue-level immune profiling in systemic sclerosis.

Materials and Methods

Dataset and preprocessing

Peripheral blood mononuclear cell (PBMC) transcriptomic data were obtained from the public dataset
GSE195452. Processed gene-by-cell count matrices were used directly without re-alignment of raw
sequencing reads. All samples shared a consistent gene ordering, enabling direct merging across
donors. Cells with fewer than 75 detected genes or 75 total counts were removed. Samples with fewer
than 25 retained cells after quality control were excluded from downstream analysis.

Dataset Selection and Justification

We selected GSE195452 as the primary dataset for this analysis based on several key criteria. First,
this dataset provides per-cell gene expression matrices suitable for batch-corrected integration using
probabilistic latent variable models, rather than only processed embeddings or cluster-level summaries.
Second, the dataset contains all major peripheral blood mononuclear cell (PBMC) populations including



B cells, T cells, NK cells, and myeloid cells, enabling comprehensive immune profiling. Third, with over
500 samples after quality control, GSE195452 represents one of the largest publicly available SSc
PBMC single-cell RNA sequencing datasets, providing sufficient statistical power to detect rare T cell
functional states. Fourth, the consistent gene ordering and matrix format across samples enabled
robust technical integration while preserving biological variation. While other recent SSc single-cell
studies have been published (30-32), many do not deposit the per-cell expression data required for
independent reanalysis and reproducible integration with batch correction methods.

The dataset was generated using standard single-cell RNA sequencing protocols on peripheral blood
mononuclear cells isolated from whole blood. Source material consists of PBMCs rather than tissue
biopsies, making this dataset appropriate for characterizing circulating immune states rather than
tissue-resident populations. This analytical scope aligns with our goal of understanding systemic
immune activation patterns that may influence downstream tissue pathology.

Analytical Scope and Approach to Metadata Limitations

This analysis focuses on functional state characterization and program-based inference of T cell
polarization rather than direct disease-specific differential expression analysis. While the dataset
includes samples from both SSc patients and healthy controls at the study design level, incomplete
standardization of clinical metadata annotations at the per-cell level in the deposited data precluded
robust statistical comparisons between disease and control groups. Specifically, essential metadata
fields such as standardized disease status labels, patient demographics, clinical phenotypes, and
disease severity measures were not uniformly available across all samples in the public repository.

Given these constraints, we adopted an analytical strategy focused on: (1) characterizing the diversity
of T cell functional states present in PBMCs using unsupervised methods, (2) inferring functional
programs through gene signature scoring rather than enforcing discrete cluster assignments, and (3)
quantifying the per-sample composition of functional states to enable future meta-analyses when
integrated with external clinical phenotype data. We present per-sample functional state counts and
fractions (Supplementary Tables S3A-B) that can be correlated with clinical variables in subsequent
studies with access to complete patient metadata.

This approach is methodologically conservative and ensures that our conclusions are fully supported by
the available data without requiring unverifiable assumptions about disease group assignments. The
functional state framework we establish is generalizable across disease contexts and provides a
foundation for future integrative analyses combining immune cell composition with clinical outcomes.

Data integration using scVI

Batch correction and integration were performed using the scVI probabilistic latent variable framework.
The model was trained on 3,000 highly variable genes with sample identity as the batch covariate. A
30-dimensional latent space was learned using a negative binomial likelihood, and convergence was
assessed by monitoring the evidence lower bound. The resulting latent representation was used for
neighborhood graph construction and uniform manifold approximation and projection (UMAP)
visualization.

T-cell identification and subsetting

T cells were identified using a conservative marker-based scoring approach incorporating CD3D,
CD3E, CD247, and TRAC expression. Cells exceeding a high quantile threshold for the T-cell score
were retained. Additional scores for B-cell and myeloid markers were used to exclude contaminating
populations.

Functional state inference



Rather than assigning discrete helper T-cell clusters, functional states were inferred using
program-level scoring. Canonical gene sets representing Th1, Th2, Th17, T follicular helper, regulatory
T-cell, cytotoxic, and naive programs were evaluated at the single-cell level. Each cell was assigned a
dominant functional state if its highest program score exceeded a conservative threshold; cells failing
this criterion were labeled as unpolarized.

Statistical analysis

Statistical analyses were performed in Python 3.10.12 using scanpy 1.9.3, scvi-tools 1.0.0, and
standard scientific computing libraries (numpy, pandas, scipy, matplotlib). Differential gene expression
was assessed using Wilcoxon rank-sum tests with Benjamini-Hochberg false discovery rate (FDR)
correction; adjusted p < 0.05 was considered significant. UMAP visualizations used default scanpy
parameters (n_neighbors=15, min_dist=0.1). All analyses used fixed random seeds (42) for
reproducibility.

Results

Integrated PBMC analysis reveals structured T-cell organization

Integration of 67,592 PBMCs across 578 samples using scVI produced a well-mixed latent space with
preservation of major immune lineages (Fig. 1A,B). Marker-based scoring enabled extraction of a
high-confidence T-cell compartment comprising 14,617 cells for downstream analysis (Fig. 1C).

Functional T-cell states are recovered using program-based scoring

Graph-based clustering identified a dominant naive/central memory compartment and a distinct
cytotoxic population, while helper subsets did not form large discrete clusters (Fig. 2A). Program-based
functional inference instead revealed graded polarization states across the latent space, including Th1,
Th2, Th17, T follicular helper, and regulatory T cells (Fig. 2B,C).

Program-level inference revealed that approximately half of circulating T cells exhibited a naive or
central memory phenotype, while a substantial fraction displayed cytotoxic characteristics. Smaller but
transcriptionally coherent Th1, Th2, Th17, T follicular helper, and regulatory T-cell states were also
detected. Each functional state demonstrated a highly specific cytokine and transcription factor
signature. Th1 cells showed strong IFNG and TBX21 expression, Th17 cells expressed RORC and
IL17A, Th2 cells were marked by GATA3 and IL4/IL13, T follicular helper cells by BCL6 and PDCD1,
and regulatory T cells by FOXP3 and IL2RA.

Cytokine polarization axes distinguish helper T-cell states

Each functional state exhibited a highly specific cytokine and transcription factor signature, with Th1
cells expressing IFNG and TBX21, Th17 cells expressing RORC and IL17A, Th2 cells expressing
GATA3 and IL4/IL13, T follicular helper cells expressing BCL6, and regulatory T cells expressing
FOXP3 and IL2RA (Fig. 3A,C). IFNG and IL17A expression defined near-orthogonal Th1 and Th17
polarization axes (Fig. 3B). Comparison of cytokine expression across functional states revealed
minimal overlap between these axes, with IFN-γ expression confined to Th1 and cytotoxic populations
and IL-17A expression restricted to a small Th17 subset. These patterns support a model in which
helper T-cell activation in peripheral blood exists along graded transcriptional continua rather than as
discrete clusters.

Sample-level composition of T-cell functional states was quantified across all samples. Supplementary
Table S3A reports absolute counts of T cells assigned to each functional state per sample, while
Supplementary Table S3B reports corresponding fractions. Across the cohort, naive/central memory T
cells constituted the largest fraction, followed by a substantial cytotoxic compartment. Polarized helper
T-cell states, including Th1, Th2, Th17, Tfh, and Treg populations, were consistently detected at lower
frequencies across samples. These quantitative summaries establish a cohort-level baseline for future



stratification by clinical phenotype and disease severity when higher-resolution metadata become
available.

Discussion

Using scVI-based integration, we analyzed T cells in a unified latent space while correcting for
sample-level batch effects across a large cohort of systemic sclerosis PBMCs. Rather than segregating
into large discrete helper clusters, T cells occupied graded transcriptional continua in the latent space,
consistent with dynamic polarization states that exist on a continuum rather than as sharp categorical
boundaries. Despite their limited abundance in resting peripheral blood, helper T-cell states exhibited
near-orthogonal cytokine signatures, supporting the validity of program-based functional inference as
an alternative to forced clustering approaches.

The identification of distinct Th2 and Th17 functional states with elevated expression of pro-fibrotic
cytokines (IL4, IL13, IL17A) provides a mechanistic link between adaptive immune activation and
stromal responses in systemic sclerosis. These T cell-derived cytokines are established activators of
fibroblast differentiation and collagen production, with IL-13 and IL-4 directly stimulating myofibroblast
differentiation through STAT6 signaling (33), and IL-17A promoting fibroblast activation through NF-κB
and MAPK pathways (34,4-6,37). The concurrent presence of activated B cells with enhanced antigen
presentation capacity in SSc patients (7) may drive the polarization of these pathogenic T cell states
through hyperactive CD80/CD86-CD28 costimulation and elevated MHC class II-mediated antigen
presentation (36). This positions T cell functional states as a critical bridge between upstream immune
dysregulation and downstream fibrotic remodeling.

The cytotoxic T cell population, characterized by high expression of NKG7, GNLY, PRF1, and GZMB,
represents another functionally distinct state with potential relevance to SSc pathogenesis. While
classically associated with viral immunity and tumor surveillance, cytotoxic T cells have been implicated
in autoimmune tissue damage through direct killing of target cells and production of inflammatory
cytokines including IFN-γ and TNF-α. The balance between regulatory T cells (marked by FOXP3 and
IL2RA expression) and effector populations may influence disease progression, with regulatory
dysfunction potentially permitting unopposed pro-inflammatory and pro-fibrotic T cell responses.

Systemic sclerosis (SSc) is a complex autoimmune disease driven by immune dysregulation, vascular
injury, and progressive fibrosis. Although T cells are strongly implicated in disease initiation and
progression, defining their functional organization in peripheral blood has been challenging due to
technical batch effects, inter-individual variability, and the low abundance of polarized helper subsets in
resting PBMCs. In this study, we applied integrative single-cell transcriptomic analysis combined with
program-based functional inference to characterize T-cell activation states in scleroderma peripheral
blood, providing a robust framework for interpreting immune polarization outside of tissue
compartments.

A central finding of this work is that helper T-cell subsets do not segregate into large, discrete clusters
in peripheral blood, but instead occupy graded transcriptional continua. This observation is consistent
with accumulating evidence that canonical Th1, Th2, Th17, T follicular helper, and regulatory T-cell
identities represent dynamic and context-dependent states rather than fixed lineages, particularly in the
absence of strong antigenic stimulation.

Despite their limited abundance, each helper T-cell state displayed highly specific and near-orthogonal
transcriptional signatures. Th1 cells showed robust expression of IFNG and TBX21, Th17 cells
selectively expressed RORC and IL17A, Th2 cells were marked by GATA3 and IL4/IL13, Tfh-like cells
expressed BCL6 together with co-stimulatory markers such as PDCD1 and ICOS, and Treg cells
expressed FOXP3, IL2RA, and CTLA4. Cytotoxic T cells formed a clearly separable population
characterized by high expression of NKG7, GNLY, GZMB, and PRF1, while naive and unpolarized cells
displayed minimal effector cytokine expression, serving as an internal negative control. The coherence
and specificity of these patterns support the validity of functional-state inference in circulating immune



cells, even in the absence of overt immune activation.

These findings have direct implications for understanding immune contributions to fibrotic disease.
Th1-associated interferon signaling, Th17-associated IL-17 signaling, and Tfh-mediated B-cell help
have each been implicated in fibrogenic pathways through direct or indirect effects on fibroblasts,
endothelial cells, and innate immune populations. The presence of distinct polarization axes in
peripheral blood suggests that systemic immune priming may precede or reinforce tissue-specific
fibrotic responses. From this perspective, circulating T-cell functional states may reflect an upstream
immune milieu that conditions downstream stromal pathology.

Importantly, the analytical framework used here avoids a common pitfall in single-cell studies of
autoimmune disease: the assumption that disease-relevant immune biology must manifest as discrete
cell clusters. Instead, our results support a model in which pathogenic potential arises from shifts in the
balance and intensity of functional programs across a continuum of T-cell states. This view aligns with
contemporary immunological frameworks emphasizing plasticity, graded activation, and continuous
state transitions rather than rigid lineage boundaries. Such an approach is particularly appropriate for
peripheral blood analyses, where effector programs are often partially engaged and cell states are
inherently heterogeneous.

The use of scVI-based integration was essential for enabling this analysis at scale. By correcting
sample-level batch effects while preserving biological variation, scVI allowed the integration of tens of
thousands of cells across hundreds of samples into a unified latent space. This integration was critical
for detecting subtle but reproducible polarization signatures that would likely be obscured by technical
noise in uncorrected analyses. Coupling this latent representation with conservative quality control and
program-based scoring yielded a stable and interpretable view of T-cell functional organization.

Several limitations should be acknowledged. This analysis is restricted to peripheral blood and does not
directly capture tissue-resident immune populations, which are likely to exhibit stronger polarization and
effector activity in affected organs. In addition, clinical metadata were not incorporated at this stage,
precluding direct associations between functional states and disease severity or subtype. Finally, the
cross-sectional design limits inference regarding temporal dynamics of immune activation.
Nonetheless, the large sample size, rigorous batch correction, and conservative analytical strategy
provide a robust foundation for future studies.

In summary, this work demonstrates that functional polarization of T cells in scleroderma peripheral
blood can be robustly recovered using integrated single-cell transcriptomics and program-based
inference. By revealing coherent Th1, Th17, Th2, Tfh, Treg, and cytotoxic axes without overreliance on
discrete clustering, this approach provides a generalizable framework for linking systemic immune
states to downstream pathogenic processes. Future studies integrating clinical phenotypes, longitudinal
sampling, and tissue-level analyses will be required to determine how these circulating immune
programs contribute to fibrosis initiation and progression in systemic sclerosis.

Integration with Immune-Fibrosis Pathway

The functional states characterized in this study provide a framework for understanding how systemic
immune activation translates to tissue-level pathology in SSc. Recent work has identified immune
scarring in B cells following Epstein-Barr virus exposure, characterized by persistent elevation of
interferon-stimulated genes and enhanced antigen presentation through upregulated HLA-DR and
HLA-DP expression (7,36). These hyperactive B cells would be expected to drive T cell activation
through both cognate antigen presentation and costimulatory signaling (36). Our identification of
functional T cell states producing pro-fibrotic cytokines (Th2: IL4/IL13; Th17: IL17A) connects this
upstream immune dysregulation to the activation of stromal cells. Single-cell profiling of SSc skin
fibroblasts has revealed myofibroblast populations with elevated expression of extracellular matrix
genes including COL1A1, COL3A1, and ACTA2, which are known transcriptional targets of TGF-β and
IL-13 signaling pathways (8,9,37). Thus, the immune → stromal axis in SSc likely involves: (1) initial



immune trigger (viral infection, autoantigen exposure), (2) B cell hyperactivation and persistent immune
scarring, (3) T cell polarization toward pro-fibrotic states through enhanced antigen presentation, and
(4) cytokine-mediated activation of tissue fibroblasts resulting in progressive fibrosis(36,37).

Future studies integrating B-T cell interaction analysis through ligand-receptor inference methods
(CellPhoneDB, NicheNet) with patient clinical phenotypes will be valuable for establishing quantitative
associations between immune state composition and disease severity. The per-sample functional state
composition data we provide (Supplementary Tables S3A-B) can serve as input for such integrative
analyses when combined with complete clinical metadata including modified Rodnan skin scores,
interstitial lung disease status, and autoantibody profiles. Additionally, spatial transcriptomics
approaches applied to SSc tissue biopsies could reveal how circulating T cell states identified here
relate to tissue-infiltrating populations and their spatial organization relative to activated fibroblasts and
sites of active fibrosis.

Limitations

Several limitations should be considered when interpreting the present findings. First, this analysis is
restricted to peripheral blood and does not directly capture tissue-resident immune populations. T cells
within affected organs such as skin and lung are likely to exhibit stronger polarization, higher effector
cytokine expression, and more stable lineage commitment than their circulating counterparts. As a
result, the functional states identified here should be interpreted as reflecting systemic immune priming
rather than local tissue effector responses.

Second, clinical metadata were not incorporated at this stage of analysis. Consequently, direct
associations between T-cell functional states and disease severity, clinical subtype, organ involvement,
or treatment status could not be evaluated. While the absence of phenotype stratification limits
immediate clinical interpretation, it also ensures that the functional-state framework presented here is
not confounded by selective subgrouping and can be readily reused when metadata become available.

Third, the cross-sectional nature of the dataset precludes inference about temporal dynamics of
immune activation or causal relationships between immune polarization and fibrotic progression. T-cell
functional states are inherently dynamic, and longitudinal sampling will be required to determine
whether the observed polarization axes represent stable immune imprints or transient activation states.

Finally, although program-based functional inference avoids over-clustering of rare populations, it does
not imply mutually exclusive or fixed lineage assignments at the single-cell level. Cells classified as
Th1, Th17, Tfh, or regulatory represent dominant transcriptional programs rather than terminally
differentiated states. This limitation is intrinsic to peripheral blood analyses and reflects biological
plasticity rather than methodological deficiency.

Despite these limitations, the large sample size, rigorous batch correction using scVI, conservative
quality control, and coherence of recovered cytokine and transcription factor signatures support the
robustness of the presented framework. Together, these considerations position the current study as a
foundation for future investigations integrating clinical phenotypes, longitudinal designs, and
tissue-level immune profiling.

Figure Legends

Figure 1 | scVI-based integration of PBMCs and extraction of the T-cell compartment

Single-cell transcriptomic integration of peripheral blood mononuclear cells (PBMCs) from systemic
sclerosis samples using scVI. (A) Uniform manifold approximation and projection (UMAP) of 67,592
PBMCs embedded in the scVI latent space, demonstrating preservation of major immune lineages. (B)
The same UMAP colored by sample identity, showing effective batch mixing across 578 samples
following scVI integration. (C) Identification of the T-cell compartment based on marker expression
(CD3D, CD3E, TRAC), enabling extraction of a high-confidence T-cell subset (n = 14,617 cells) for



downstream analysis. Together, these panels demonstrate robust batch correction and reliable
isolation of T cells from a large, multi-sample PBMC dataset.

Figure 2 | T cells organize along graded functional continua rather than discrete helper clusters

Functional organization of T cells in the scVI latent space. (A) UMAP of T cells colored by Leiden
clustering (resolution = 0.5), revealing a dominant naive/central memory compartment and a distinct
cytotoxic population, while helper subsets do not form large discrete clusters. (B) UMAP colored by
inferred functional state based on program-level scoring, highlighting graded polarization states
including naive, cytotoxic, Th1, Th2, Th17, T follicular helper (Tfh), regulatory T (Treg), and unpolarized
cells. (C) UMAPs colored by representative program scores (naive and cytotoxic), illustrating
continuous gradients of activation rather than sharply bounded clusters. These results support a
continuum model of helper T-cell polarization in resting peripheral blood.

Figure 3 | Cytokine and transcription factor signatures validate T-cell functional states

Cytokine and transcription factor specificity across inferred T-cell functional states. (A) Heatmap
showing mean expression of key cytokines and lineage-associated transcription factors for each
functional state, demonstrating near-orthogonal signatures for Th1 (IFNG, TBX21), Th17 (RORC,
IL17A), Th2 (GATA3, IL4/IL13), Tfh (BCL6), Treg (FOXP3, IL2RA), and cytotoxic T cells (NKG7, GNLY,
PRF1). (B) Comparison of IFNG and IL17A expression across functional states, illustrating distinct Th1
and Th17 polarization axes. (C) Representative UMAP gene expression overlays confirming spatial
localization of canonical markers within the latent space. These patterns confirm the biological
coherence of program-based functional-state inference.

Supplementary Figure Legends

Supplementary Figure S1 | Additional validation of T-cell marker expression

UMAPs of integrated PBMCs showing expression of additional T-cell marker genes. (A) CD3E
expression. (B) TRAC expression. These markers corroborate the identification of the T-cell
compartment used for downstream analyses.

Supplementary Figure S2 | Functional program score UMAPs for helper and regulatory T-cell states

UMAPs of T cells colored by program-level functional scores for additional helper and regulatory T-cell
states. (A) Th1 program score. (B) Th2 program score. (C) Th17 program score. (D) T follicular helper
(Tfh) program score. (E) Regulatory T-cell (Treg) program score. These panels illustrate graded
polarization patterns across the latent space rather than discrete clustering.

Supplementary Figure S3 | T-cell functional program scores across the latent space

UMAPs of T cells colored by program-level functional scores for each inferred functional state. (A)
Naive/central memory, (B) Cytotoxic, (C) Th1, (D) Th2, (E) Th17, (F) Tfh, (G) Treg. These panels
illustrate graded polarization patterns rather than discrete clustering.

Supplementary Figure S4 | Expression of lineage-specific marker genes

Gene-level UMAP overlays showing: (A) IFNG, (B) GZMB, (C) GNLY, (D) FOXP3, (E) CXCR5. These
expression patterns validate functional state assignments.

Supplementary Table Legends

Supplementary Table S1 | Mapping of analytical steps to pipeline scripts

Supplementary Table S1 lists the scripts used at each stage of the computational pipeline, including
data ingestion, quality control, latent variable modeling, T-cell extraction, clustering, functional scoring,
and result export. This table provides a transparent mapping between the Methods description and the



executable code used to generate all results.

Supplementary Table S2A | Mean functional program scores by Leiden cluster (resolution 0.5)

Supplementary Table S2A reports the mean functional program scores for each Leiden cluster
identified at resolution 0.5 within the T-cell compartment. Scores correspond to predefined gene
programs representing naive/central memory, cytotoxic, Th1, Th2, Th17, Tfh, and Treg functional
states, along with the number of cells assigned to each cluster.

Supplementary Table S2B | Mean functional program scores by Leiden cluster (resolution 0.8)

Supplementary Table S2B reports the mean functional program scores for each Leiden cluster
identified at resolution 0.8 within the T-cell compartment. This higher-resolution clustering illustrates the
stability and refinement of functional state assignments across clustering granularities.

Supplementary Table S3A | Absolute counts of T-cell functional states per sample

Supplementary Table S3A reports the absolute number of T cells assigned to each functional state for
every sample analyzed. Functional states include naive/central memory, cytotoxic, Th1, Th2, Th17, Tfh,
Treg, and unpolarized populations.

Supplementary Table S3B | Fractional composition of T-cell functional states per sample

Supplementary Table S3B reports the fraction of T cells assigned to each functional state for every
sample, normalized by the total number of T cells per sample. These values provide a quantitative
summary of cohort-level functional state composition and serve as a reference for future stratification
analyses.

Computational Analysis and Reproducibility

All computational analyses were implemented using a fully reproducible, script-based pipeline
orchestrated via a Makefile, with analytical parameters centralized in a YAML configuration file. Briefly,
quality-controlled peripheral blood mononuclear cell (PBMC) single-cell RNA sequencing data were
subjected to highly variable gene selection prior to latent variable modeling using scVI, enabling
batch-aware integration across samples. Latent embeddings and UMAP projections were computed
and propagated to the full gene expression space to support downstream analyses. T cells were
identified using conservative, marker-based gating and subsequently clustered in the scVI latent space
using graph-based methods. Functional gene programs representing naïve, helper, regulatory, and
cytotoxic T-cell states were scored in a predefined, hypothesis-driven manner, and cluster-level
functional state labels were assigned deterministically based on program enrichment. Sample-level
functional state compositions were then quantified and exported for statistical analysis. All analytical
steps, corresponding scripts, inputs, outputs, and reproducibility considerations are detailed in
Supplementary Table S1, which provides a complete mapping between the Methods and the
computational implementation. To ensure methodological reproducibility, analyses were executed on
CPU hardware with fixed random seeds and restricted multithreading, and full run provenance,
including software versions and configuration checksums, was captured automatically for each
execution.

Data and Code Availability

The single-cell RNA sequencing data analyzed in this study are publicly available from the Gene
Expression Omnibus (GEO) under accession number GSE195452. All code used for data processing,
analysis, and figure generation is available in a publicly accessible repository and is implemented as a
fully reproducible, script-based pipeline orchestrated via a Makefile, with parameters centralized in a
YAML configuration file. To ensure methodological reproducibility, analyses were executed using fixed
random seeds, CPU-only execution, and restricted multithreading. Full run provenance, including
software versions and configuration checksums, is automatically recorded for each execution.
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