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SUMMARY

T cells differentiate into functionally distinct subsets in response to pathogens, yet essential immune func

tions such as self-renewal, expansion, cytokine production, and cytotoxicity are common to multiple subsets 

and therefore must be programmed via shared regulatory mechanisms. To uncover these ‘‘archetypal’’ epi

genomic programs, we integrated a single-cell multiomic (scATAC+RNA-seq) dataset of CD4 and CD8 T cells 

responding to acute and chronic viral infection with a comprehensive bulk ATAC-seq compendium. Our anal

ysis reveals a modular architecture governing T cell identity, implicating distinct transcription factors in reus

ing regulatory programs across subsets and lineages. Notably, translationally important progenitor CD8 

T cells, critical for sustained immunity and present in both acute and chronic infection, exhibit a composite 

regulatory state, combining a CD8 exhaustion program with a follicular helper CD4 T cell program. In sum, this 

resource and generalizable computational framework will aid the mechanistic dissection of adaptive immu

nity and immunotherapy design.

INTRODUCTION

T cells coordinate systemic immunity and protect against infec

tions and tumors. Over their lifespan and in response to antigen 

stimulation, T cells differentiate into distinct lineages and func

tional states, each characterized by unique epigenomic and tran

scriptional profiles.1–5 However, many core immune functions, 

such as self-renewal, expansion, cytotoxicity, production of 

and response to particular cytokines, and tissue migration, are 

not unique to a specific T cell subset, but instead recur across 

subsets.5 Therefore, these recurring functions must be driven 

by common underlying regulatory programs. Indeed, flow cy

tometry analysis has revealed that activity of many key functional 

molecules, surface markers, and transcription factors (TFs) 

spans multiple T cell populations, including across CD4 and 

CD8 lineages. For example, interferon-γ (IFN-γ) production is a 

hallmark of both effector CD8 T cell and CD4 Th1 cell responses; 

adhesion molecule L-selectin (CD62L) marks both naive and 

central memory T cells; both follicular helper CD4 T cells (Tfh) 

and exhausted CD8 T cells express the inhibitory receptor pro

grammed death 1 (PD-1) and the transcription factor TOX; and 

the chemokine receptor CXCR5 is shared between Tfh and pro

genitor exhausted CD8 T cells.1,3–11 A central challenge in T cell 

biology is to dissect the shared and context-specific ‘‘arche

typal’’ regulatory programs that govern both overlapping and 

specialized T cell functions. Achieving this requires comprehen

sive and high-resolution approaches capable of linking gene 

regulatory potential with transcriptional output. While flow cy

tometry with a limited set of markers is effective for identifying 

well-known populations, it limits unbiased comparisons of simi

larities and differences in discrete and continuous T cell pheno

types across models. Single-cell multiomic technologies that 

simultaneously profile chromatin accessibility and gene expres

sion at the genome-wide level now provide an opportunity to 

resolve the archetypal regulatory programs systematically 

across heterogeneous T cell populations, following the success

ful use of these technologies in other biological contexts.12–19

The lymphocytic choriomeningitis virus (LCMV) infection 

model offers a powerful, gold standard experimental system to 

investigate regulatory programs across divergent immune re

sponses. Profiling T cells at day 7 post-infection with the two 

most widely used LCMV strains, either the Armstrong strain 

(acute infection) or Clone 13 (chronic infection), captures a crit

ical point of divergence between viral clearance and persistent 
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infection leading to exhaustion.8,9,20,21 Although these two infec

tions are often described as eliciting largely non-overlapping 

T cell subsets due to differences in antigen persistence and im

mune outcomes, we sought to challenge this view by compre

hensively exploring shared versus context-specific features of 

the T cell response. Including both CD4 and CD8 T cells in this 

analysis helps fill a significant gap in prior genomic studies of 

the LCMV model, which have provided foundational insights 

into CD8 T cells while leaving CD4 subsets and especially their 

relationship with CD8 responses relatively understudied.7,22–25

In this study, we performed a joint single-cell chromatin acces

sibility and transcriptomic profiling (scATAC + RNA-seq) of 

T cells responding to viral infection. Chromatin accessibility re

flects cellular regulatory potential and can be used to infer TF ac

tivity.17,26–31 However, unlike transcriptomics, which benefits 

from reliable public reference gene annotations, chromatin 

accessibility is more plastic and cell type-specific, and analysis 

requires a consensus reference set of accessible regions, which 

is lacking for the T cell lineage. To address this, we compiled a 

compendium of 285 bulk ATAC-seq profiles for sorted T cell sub

populations collected from 17 different publications and built a 

comprehensive reference atlas of chromatin accessibility re

gions across specific functional subsets of CD4 and CD8 

T cells. We developed a computational framework that leverages 

this atlas and enables high-resolution, biologically interpretable 

analysis of T cell scATAC-seq and multiomic scATAC+RNA- 

seq data. In our multiomic data, we identified all major CD4 

and CD8 T cell functional states, including naive, memory, 

effector, regulatory, Tfh, exhausted, and progenitor populations, 

each present in both LCMV Armstrong and Clone 13 responses, 

albeit at different frequencies. To systematically decompose the 

epigenomic landscape of T cells, we applied archetypal analysis 

to chromatin accessibility profiles, following its productive use in 

prior gene expression studies.32–34 This approach identified a 

small number of ‘‘extreme’’ states, or archetypes, that capture 

the major axes of variation in the data. These archetypes recapit

ulated key regulatory programs, both unique to individual T cell 

populations and shared between populations, such as cytotox

icity, exhaustion, quiescence, and Tfh-like regulation. TF motif 

analysis implicated potential drivers of these programs; it was 

further validated using allele-specific analysis, leveraging natural 

genetic polymorphisms in our data, which was generated in an 

F1 hybrid of two mouse strains. Remarkably, unlike multiple 

other functional T cell states, Tcf1+ progenitor CD8 T cells, a 

population of major translational importance,8–10,26,35–40 did 

not align with a single archetype, but instead exhibited a com

posite epigenomic identity combining CD8 exhaustion- and 

CD4 Tfh-associated archetypes.

Together, our work introduces a powerful framework for high- 

resolution, interpretable single-cell multiomic analysis and re

veals shared regulatory logic across T cell populations respond

ing to viral infection, linking cytotoxic CD8 and helper CD4 T cell 

programs. By integrating computational analysis with compre

hensive experimental profiling of both CD4 and CD8 T cells, 

we provide a valuable resource and conceptual advance for un

derstanding the transcriptional control of adaptive immune re

sponses. This computational and experimental framework will 

also be broadly applicable across experimental systems.

RESULTS

ATAC-seq compendium enables robust analysis of 

scATAC+RNA-seq data for T cells in LCMV infection

We used single-cell genomics to systematically characterize both 

discrete and continuous phenotypes and epigenomic states of 

CD4 and CD8 T cells during the early stages of the viral response. 

We generated single-cell multiomic datasets capturing both chro

matin accessibility (scATAC-seq) and gene expression (scRNA- 

seq) in splenic T cells at day 7 post-infection with either LCMV Arm

strong (Arm) or LCMV Clone 13 (Cl13). To enhance the resolution 

and reproducibility of chromatin accessibility measurements, we 

also generated standalone scATAC-seq data for the same cell 

populations (Figures 1A and S1, STAR Methods), yielding a total 

of 31,662 cells. These experiments were performed in F1 hybrid 

mice generated by crossing the laboratory C57BL/6 (B6) and 

wild-derived CAST/EiJ (Cast) strains, allowing both allele-agnostic 

analysis, which forms the primary focus of this study, and allele- 

specific analysis of gene expression regulation (described later in 

discussion).

We developed a computational framework to analyze this 

multiomic dataset, integrating best practices from previous 

methods and building a chromatin accessibility reference for 

T cells (STAR Methods). We systematically defined a comprehen

sive set of accessible regions using publicly available bulk ATAC- 

seq data. Building on our prior resource for CD8 T cells,26 we 

assembled and uniformly reprocessed a compendium of 285 

ATAC-seq profiles covering various functional states of sorted 

subpopulations of CD8 and CD4 T cells across 17 studies span

ning diverse disease contexts, including LCMV infection and tumor 

models at multiple timepoints (Figure 1B; Table S1, STAR 

Methods). This broad coverage ensured a comprehensive frame

work for mapping accessible regulatory regions across the entire 

T cell lineage, further enhanced with peaks identified from our scA

TAC-seq data. The resulting set of 223,492 peaks served as the 

basis for subsequent analyses (Table S2).

Previous studies have shown that chromatin accessibility 

can better distinguish cellular phenotypes than transcriptom

ics.19,29,44–47 Therefore, we used our scATAC-seq data as the pri

mary modality for comprehensive functional annotation. Following 

normalization, dimensionality reduction, and integration of the 

standalone scATAC-seq and the scATAC-seq component of the 

multiome, we performed clustering to define reproducible subpop

ulations of CD4 and CD8 T cells (Figures 1C–1E and S2). We anno

tated these clusters using established marker genes, based on 

both their gene expression and the activity of associated chro

matin accessibility peaks (Figures 1E, S2D, and S3; Tables S3– 

S5, STAR Methods). We identified all major CD4 and CD8 T cell 

functional states, including naive, memory, effector, regulatory, 

Tfh, exhausted, and progenitor populations. Specifically, to distin

guish CD4 and CD8 T cell lineages, we used both gene expression 

and chromatin accessibility of the lineage-defining genes Cd4, 

Cd8a, and Cd8b1. We identified quiescent naive and memory 

CD4 and CD8 T cells, i.e., not actively responding to LCMV, based 

on the activity of Sell, Lef1, Tcf7 (encoding protein Tcf1), Slamf6, 

and Ifngr2. Among CD4 T cells, we defined regulatory T cells 

(Treg) using Foxp3, follicular helper T cells (Tfh) using Bcl6, 

Cxcr5, Pdcd1, Tox, and Tcf7, and activated Th1 cells using Ifng. 
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Figure 1. Early T cell responses to acute and chronic infection share the same functional cell states 

(A) Experimental setup: splenic T cells from F1 hybrid C57BL/6J × CAST/EiJ mice infected by either Armstrong (Arm, acute infection) or Clone 13 (Cl13, chronic 

infection) of Lymphocytic choriomeningitis virus (LCMV) were profiled either with scATAC-seq or multiomic scATAC+scRNA-seq 7 days (d7) post-infection. 

(B) Summary and schematic of the T cell scATAC-seq analysis. For the T cell ATAC-seq peak atlas, peaks were called using publicly available bulk ATAC-seq 

datasets for T cells from both CD4 and CD8 lineages, and combined with peaks from the scATAC-seq dataset generated in this study. Key aspects of our 

scATAC-seq data analysis pipeline are highlighted. 

(C) Uniform manifold approximation and projection (UMAP) of scATAC-seq data with T cell functional annotations. 

(D) Reproducibility of cell populations. Bar plot shows the distribution of functional cell states across the four samples (LCMV Arm and Cl13 for both standalone 

scATAC-seq and scATAC-seq from the multiome profiling). Asterisks, significant enrichments (hypergeometric test, odds ratio >2, p < 1.3e− 70). 

(legend continued on next page) 
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Among CD8 T cells, we distinguished between progenitor cells 

associated with Cxcr5, Slamf6, Id3, Tcf7, Pdcd1, and Tox, and 

a continuum of actively responding cells. We classified them into 

hyperactivated cells in the early state of exhaustion (hereafter 

referred to as exhausted), more frequent in the LCMV Cl13 

response and associated with higher activity of inhibitory and 

exhaustion marker genes Pdcd1, Tox, Havcr2 (encoding Tim3), 

Lag3, and Tigit and elevated cytotoxicity as indicated by overex

pression of Gzmb, Nkg7, and Prf1, and the remaining effector cells, 

more frequent in the LCMV Arm response. To further support our 

annotations, we derived functional epigenomic signatures from 

the bulk ATAC-seq compendium (Figures 1F; Table S3, STAR 

Methods). To eliminate potential cross-study technical noise or 

batch effects, these signatures were generated by identifying 

differentially accessible peaks distinguishing known T cell subsets 

within each independent study. We then scored these peak signa

tures in our scATAC-seq data, assigning higher scores to cells with 

greater accessibility at subset-specific peaks. This analysis further 

supported our annotations by capturing key contrasts, e.g., be

tween quiescent (naive/memory) and antigen-activated cells, 

naive and memory cells, and between effector and exhausted 

CD8 T cells (Figures 1G and S2F–S2H). Furthermore, all T cell sub

populations were observed in both LCMV Arm and Cl13 in both 

standalone scATAC-seq and the multiome scATAC-seq, demon

strating reproducibility across technologies (Figures 1D and 1E). 

Thus, all major functional subsets of CD4 and CD8 T cells are 

reproducibly present in both LCMV Arm and Cl13 responses, albeit 

in different frequencies.

Notably, the presence of exhausted-like CD8 T cells (a transi

tional, highly active state of early exhaustion) in the acute Arm

strong response challenges the traditional view that exhaustion 

is restricted to chronic infection or cancer. However, this observa

tion aligns with recent studies reporting transcriptional and epige

netic features of exhaustion emerging early and transiently in acute 

responses before viral clearance.48,49 Our findings reinforce this 

emerging perspective by demonstrating that exhaustion-associ

ated states are not exclusive to persistent antigen exposure but 

may be part of a broader T cell activation and differentiation 

landscape.

We observed that standard scATAC-seq analysis pipelines can 

sometimes group together cell populations that possess distinct 

identities, including mixing cells from the fundamentally divergent 

CD4 and CD8 lineages (Figures S4 and S5, STAR Methods). 

Furthermore, clustering based on the scRNA-seq modality 

frequently grouped cell populations that share dominant, tran

sient functional states but come from distinct lineages or differen

tiation histories (Figures 1H and S6). While different T cell pheno

types can upregulate overlapping functional modules, such as 

core activation, cytokine production, or proliferation programs, 

this transcriptomic convergence can obscure underlying cellular 

identity. For example, cells sharing dominant biological programs 

such as quiescence (naive and memory cells from both CD4 and 

CD8 lineages) or rapid proliferation (cycling CD4 and CD8 T cells 

from across antigen-activated functional states) have highly 

overlapping gene expression profiles, which can result in the 

collapse of distinct lineages into the same scRNA-seq cluster. 

This challenge highlights a crucial distinction between stable 

cell identity and shared functional modules, aligning with the 

recently proposed modular framework for T cell nomenclature.5

These observations are consistent with prior work suggesting 

that chromatin accessibility provides a more stable and robust 

signal of cell identity than transcriptomics,19,29,44–47 and highlight 

the power of our computational framework integrating single-cell 

data with a comprehensive reference atlas.

In summary, our computational framework leveraging a 

comprehensive T cell ATAC-seq compendium to analyze our 

high-resolution multiomic dataset allowed us to accurately 

map functional and differentiation phenotypes in early LCMV 

infection. We found that all major CD4 and CD8 T cell popula

tions are shared between the acute and chronic responses. 

This demonstrates that the immunological divergence between 

these two infection regimes is fundamentally quantitative rather 

than qualitative, driven by distinct shifts in cell-state frequencies 

rather than the emergence of response-specific cell identities.

Shared progenitor CD8 T cell state in early LCMV 

Armstrong and clone 13 responses

A particularly important and intensively studied population is 

the progenitor CD8 T cells, essential for sustaining responses 

in chronic infection and cancer across both mouse models 

and human patients, and for enabling effective T cell reactiva

tion in cancer immunotherapies.8–10,26,35–40 This population is 

(E) Marker gene activity across cell populations. Dot plots show normalized chromatin accessibility levels at selected peaks for marker genes (left) and normalized 

expression of selected marker genes (right) in different T cell functional states, for Arm (top) and Cl13 (bottom) cells. Dot size, fraction of cells with normalized 

accessibility or expression greater than 0; dot color, mean normalized accessibility or expression in that cell state. Bar plots on the right side show the number of 

cells per cell state. 

(F) Definition of epigenomic signatures. Example of how epigenomic signatures are generated using DESeq2 for bulk ATAC-seq data for two conditions from the 

same dataset. Peak signatures are formed from differentially accessible peaks in either direction (LFC >1 or LFC <-1, FDR ≤0.05). The scATAC-seq data are then 

scored for enrichment of these peak signatures. 

(G) Scoring of exhaustion vs. effector epigenomic signatures in single cells. Left, violin plots showing distributions of the epigenomic signature scores in effector 

and exhausted CD8 T cells, separately in Arm and Cl13 samples. The signatures are for CD8 T cells at d8 in LCMV infection from multiple studies.41–43 In each 

dataset, peaks significantly more accessible in exhausted than in effector cells (exhaustion vs. effector signature) and in effector than in exhausted cells (effector 

vs. exhaustion signature) were defined, and then scored based on accessibility of these peaks in our single-cell data. Top margin: the bar plot of the number of 

cells in each group. All scores were significantly different between effector and exhausted groups (FDR <1e− 46, two-sided Mann-Whitney U test). Right, UMAP 

plots show the scores of the exhaustion vs. effector signature derived from Sen et al.43 in cells annotated as either effector or exhausted CD8 T cells, separately for 

the Arm and Cl13 responses. 

(H) scRNA-seq analysis. Left, UMAP of the scRNA-seq modality of the dataset showing T cell functional states annotated using the scATAC-seq analysis. Middle 

and right: same UMAP showing cell cycle gene signature scores (S phase, middle; G2M phase, right). 

(I) Comparison of LCMV Arm and Cl13. UMAP with the scATAC-seq-based functional T cell state annotations separately for cells from Arm and Cl13 infection.
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Figure 2. Shared progenitor CD8 T cell state in early response to acute and chronic viral infection 

(A) Scoring of progenitor vs. exhaustion epigenomic signatures. Left, violin plots of the epigenomic signature scores compare progenitor vs. exhaustion T cell 

states (similar to Figure 1G). The signatures were defined using data from progenitor and terminally exhausted CD8 T cells at d21 in response to melanoma56 or at 

(legend continued on next page) 
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characterized by the marker Cxcr5 and integrates stem- or 

memory-like markers such as Tcf1, Slamf6, Id3, and IL-7R 

with exhaustion markers, including elevated levels of Tox 

and PD-1, within the CD8 T cell lineage. We previously re

ported that this progenitor CD8 T cell population is shared be

tween acute and chronic responses, using scATAC-seq and 

scRNA-seq profiling in LCMV Arm and Cl13, a finding we 

further validated by reanalyzing multiple public scRNA-seq 

datasets.26 Recent functional studies, including adoptive 

transfer experiments, have further confirmed that this progen

itor population is shared between acute and chronic infec

tion.49–51 However, earlier studies, including those using 

high-throughput genomics, described these progenitor ex

hausted Cxcr5+ Tcf1+ CD8 T cells exclusively in chronic infec

tion and cancer, distinguishing them from the related memory 

precursor effector cells (typically defined as IL-7R+ Klrg1− ef

fectors, also shown to have elevated levels of Tcf1 and Id3) 

described in acute infection.20,28,29,52–55 To reconcile these 

historical distinctions, we explored these CD8 T cell pheno

types using multiomic single-cell data and our refined compu

tational pipeline.

Our analysis supports the presence of this shared progenitor 

CD8 T cell population across both LCMV Arm and Cl13 re

sponses (Figures 2A and 2B). This population was reproducible 

between standalone and multiome scATAC-seq (Figure 1D) 

and showed enrichment of transcriptional activity for genes 

associated with both progenitor exhausted and memory precur

sor phenotypes, such as Cxcr5, Slamf6, Tox, Tcf7, Id3, and Il7r, 

even when analyzed separately by infection type (Figures 1E and 

2B). Moreover, cells in this population were consistently en

riched for the progenitor ATAC-seq peak signatures derived 

from independent studies, again reproducibly across both 

LCMV Arm and Cl13 (Figure 2A). Taken together, these observa

tions reinforce the existence of an epigenomically and transcrip

tionally similar progenitor CD8 T cell state in both acute and 

chronic viral infection.

Nevertheless, two prior prominent scATAC-seq analyses of 

CD8 T cells in LCMV Arm and Cl13, by Daniel et al.28 and Giles 

et al.,29 reported largely non-overlapping T cell subsets between 

the two infections, including a distinct progenitor exhausted sub

population in LCMV Cl13 and a separate memory precursor pop

ulation in LCMV Arm. We hypothesized that these apparently 

distinct populations might represent a single underlying state 

whose annotation depends on analytical parameters and the 

reference set of regulatory elements used. We reasoned that re

analyzing these important datasets using our comprehensive 

T cell compendium could provide a unified perspective and 

help reconcile the different interpretations.

To test this, we reanalyzed the scATAC-seq dataset from 

Daniel et al.28 across multiple timepoints and conditions, 

including acute (Armstrong) and chronic (Clone 13) responses 

at day 8, alongside a late chronic timepoint at day 21 

(Figures 2C–2F and S7A–S7E). By using our T cell ATAC-seq 

peak atlas and applying our computational pipeline to the full da

taset, we identified cluster 6 as the progenitor CD8 T cell popu

lation. This cluster robustly aligned with the progenitor ex

hausted state, capturing 72% of the cells originally annotated 

as such,28 and was overrepresented within the sorted Cx3cr1−

Slamf6+ cell fraction, which was experimentally enriched for pro

genitors in the original study (Figures 2E, S7B, and S7C). While 

this cluster was well-represented at the late day 21 chronic 

infection timepoint, it also encompassed cells from both acute 

and chronic conditions at day 8 (Figures 2E,2F, and S7C). 

Even when evaluated separately by condition, these day 8 cells 

demonstrated distinct progenitor marker gene activity and an 

enrichment for the progenitor-specific epigenomic signatures 

(Figures 2D and 2F), supporting our finding of a progenitor state 

that spans both acute and chronic contexts early in infection. 

Similarly, reanalysis of the day 8 scATAC-seq dataset from Giles 

et al.29 using our computational pipeline identified cluster 3 as 

CD8 progenitors, again supported by marker gene activity and 

epigenomic signatures across both infections (Figure S8). This 

cluster contained 99.8% of cells originally annotated as pre-ex

hausted (from Cl13) and 92% of those labeled as memory pre

cursors (from Arm) by the authors,29 suggesting that the two 

groups represent a similar underlying progenitor state.

Furthermore, our comprehensive reanalysis of the Daniel et al.28

dataset resolved a distinct exhausted population (clusters 3, 9, and 

14) that aligned with exhaustion signatures and was enriched in the 

late day 21 chronic samples (Figures S7C–S7G). Notably, these 

clusters captured cells from both the acute Armstrong and chronic 

Clone 13 day 8 samples (Figures S7F and S7G). When analyzed 

independently, these day 8 fractions had enrichment of the 

exhaustion signature scores, including the early exhaustion 

d30 in response to LCMV Cl13 infection.37 All scores were significantly different between progenitor vs. effector or exhausted CD8 T cell groups (FDR <5e− 52, 

two-sided Mann-Whitney U test). Right, UMAP plots showing the epigenomic signature scores of progenitor vs. terminal exhaustion from Miller et al.37 in cells 

annotated as either progenitor, effector, or exhausted CD8 T cells in our data. 

(B) Progenitor marker gene expression. UMAP plots show normalized scRNA-seq gene expression for the two progenitor marker genes, Id3 and Slamf6, 

separately for Armstrong and Clone 13 cells. Progenitor CD8 T cells highlighted. 

(C–F) Reanalysis of the scATAC-seq data for CD8 T cells at days 8 and 21 in response to LCMV infection from Daniel et al.28 The dataset was preprocessed and 

quantified using our T cell ATAC-seq peak atlas and then analyzed using our computational pipeline. (C) UMAP plots with the cell state annotations from the 

publication28 (left) and our annotations (right). (D) Scores of the progenitor vs. exhaustion epigenomic signature (as in A). Top, UMAP plots showing the score for all 

cells except naive (shown in gray). Bottom, violin plots comparing the score between progenitor cells and all other non-naive cells, separately for the three 

conditions and timepoints. (E) UMAP plots showing the progenitor cells. Top, cells annotated as progenitors in the publication.28 The corresponding bar plot 

shows the distribution of these cells’ annotations in our reanalysis. Bottom, cells annotated as progenitors in our reanalysis. The left barplot shows the distribution 

of samples of origin for these cells, showing the fraction of progenitor cells within each sample. The right bar plot shows the distribution of these cells’ annotations 

in the original analysis. (F) Marker gene activity across cell populations. Dot plots show chromatin accessibility for selected peaks near marker genes in cell 

populations from our reanalysis of the data, separately for the Arm day 8 (left), Cl13 day 8 (center), and Cl13 day 21 (right) samples, with the progenitor cells 

highlighted. The dot size indicates the fraction of cells with normalized accessibility greater than 0; dot color indicates the mean normalized accessibility in that 

cluster. Barplots on the right side show the number of cells per cluster.
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Figure 3. Archetypal analysis of scATAC-seq data reveals the mixed regulatory program of progenitor CD8 T cells and their similarity with 

follicular helper CD4 T cells 

(A) Relative epigenomic and transcriptomic similarity of cell populations. Hierarchical clustering of pseudobulk scATAC-seq (left) and scRNA-seq (right) profiles 

for T cells in different functional states. Significantly differentially accessible peaks (LFC >1.5, FDR ≤0.05 for any cell state vs. other cells, left) and differentially 

expressed genes (LFC >1.5, FDR ≤0.05 for any cell state vs. other cells, right) were used for this analysis. 

(B) CD8 progenitor and Tfh marker gene expression. Dot plot shows the expression of selected Tfh and CD8 progenitor marker genes for antigen-activated T cell 

subsets. Dot size, fraction of cells with normalized expression greater than 0; dot color, mean normalized expression in that cell state. 

(legend continued on next page) 
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epigenomic signature (differentially accessible peaks) directly 

derived from our own day 7 dataset (Figure S7G). Because we 

also identified other clusters that likely contained a mixture of 

effector and exhausted cells, our explicit classification of these ex

hausted cells remains conservative. This analysis reinforces our 

finding that an early exhausted phenotype is reproducibly present 

in both acute and chronic responses.

Together, these results demonstrate that our computational 

framework, leveraging a comprehensive bulk ATAC-seq refer

ence and functional epigenomic signatures, enables robust 

and consistent annotation of diverse T cell functional states 

across independent studies. Applied to both the multiomic 

data generated in this study and previously published datasets, 

this analysis supports the existence of a shared CD8 progenitor 

population in both acute and chronic viral responses.

Progenitor CD8 T cells and follicular helper CD4 T cells 

have similar chromatin accessibility and gene 

expression profiles

Next, we used our single-cell multiomic dataset for systematic 

analysis of similarities and differences of regulatory programs 

across CD4 and CD8 T cell lineages in response to LCMV infec

tion (Figures 3A, S9A, and S9B). Notably, antigen activation sta

tus appeared to be a stronger determinant of epigenomic and 

phenotypic similarity than lineage identity. This observation 

aligns with an emerging framework that views T cell identity as 

a modular combination of stable lineage programs and shared 

functional states.5,57 For example, naive and memory CD4 and 

CD8 T cells clustered together, while effector and exhausted 

CD8 T cells clustered more closely with CD4 Th1 cells than 

with other CD8 T cell subsets. These results suggest that 

although the CD4 and CD8 lineages diverged early in thymic 

development,58,59 their mature regulatory landscapes are more 

strongly shaped by functional status and signals from their 

microenvironment than by their lineage history.

Interestingly, progenitor CD8 T cells were most similar to CD4 

Tfh cells in both their genome-wide chromatin accessibility and 

transcriptomic profiles (Figures 3A, S9A, and S9B). These two 

subpopulations also exhibited shared activity (in both expression 

and chromatin accessibility) of key marker genes of CD8 progen

itors and Tfh cells, including Cxcr5, Bcl6, Tox, Pdcd1, Pou2f2, 

Tcf7, and Icos, which distinguished them from other CD4 and 

CD8 T cell states (Figures 3B and 3C).

On one hand, this similarity is consistent with the original 

characterization of progenitor exhausted CD8 T cells as a 

Cxcr5+ subpopulation within the CD8 lineage, while Cxcr5 is 

a canonical marker of CD4 Tfh cells, and with reports of other 

important molecules (e.g., Bcl6, Tcf1) shared between CD8 

progenitors and Tfh cells.9,11,60 In contrast, these two sub

populations have distinct functional roles shaped by their 

different lineages and immune contexts. Thus, this striking 

convergence between progenitor CD8 T cell and CD4 Tfh 

cell states motivated us to further investigate their shared reg

ulatory programs at finer resolution.

Archetypal analysis of scATAC-seq data reveals a mixed 

regulatory program of progenitor CD8 T cells

We sought to understand how transcriptionally and epigenomi

cally similar phenotypes can arise in distinct T cell subsets, 

including across lineages. In particular, we wanted to further inves

tigate the striking similarity between CD4 Tfh and progenitor CD8 

T cell states. We hypothesized that these cell states converge on 

similar phenotypes through shared regulatory programs, driven by 

common TFs, cytokines, and signaling molecules. To characterize 

these shared molecular programs, we needed a framework 

beyond discrete, non-overlapping cell type annotations.

To do so, we used archetypal analysis of the scATAC-seq data 

(Figure 3D). Archetypal analysis models chromatin accessibility 

profiles via a linear low-rank decomposition using a small num

ber of archetypes, each representing an idealized regulatory pro

gram learned in an unsupervised manner from the data61–63

(STAR Methods). The chromatin accessibility profile of each 

T cell can then be represented as a weighted combination of 

these archetypes. These archetypal weights provide a quantita

tive and interpretable framework for understanding how cell 

states relate to one another and how shared regulatory programs 

are deployed across cells. Each archetype is represented by a 

vector over accessibility peaks and can be interpreted post 

hoc based on the properties of the cells and peaks it comprises. 

We refer to the level of accessibility of a peak within an archetype 

(C) CD8 progenitor and Tfh marker gene chromatin accessibility. Pseudobulk scATAC-seq tracks for antigen-activated T cell subsets at selected peaks (shown as 

horizontal blue bars at the bottom) of the genes Tox, Cxcr5, and Bcl6. 

(D) Schematic of the archetypal analysis of scATAC-seq data. Top left: archetypal analysis relies on a linear low-rank matrix decomposition of the data (STAR 

Methods). Bottom left: archetypal analysis enables soft cell clustering via the archetypal weight matrix. Each cell can be assigned to multiple archetypes with 

some probability (referred to as an archetypal weight). Each archetype can be considered as a pseudo-cell averaging over cells with a similar peak accessibility 

distribution. Right: archetypal analysis assigns a score to each peak, reflecting its contribution to each chromatin accessibility archetype. For downstream 

analysis, each peak is uniquely assigned to the archetype with the highest score; peaks without a predominant archetype are not assigned to any (shown in gray). 

A gene may have multiple peaks coming from different archetypes, which may be associated with distinct programs of differential regulation across functional cell 

states and conditions. 

(E–I) Results of archetypal analysis of our T cell scATAC-seq data using eight archetypes. (E) Archetypal weights across cell populations. Dot plot shows 

archetypal weights (probability of an archetype in a cell) for different cell states. Dot size, fraction of cells with archetypal weight greater than 0; dot color, mean 

archetypal weight in that cell state. (F) UMAP plots show archetypal weights for four example archetypes. Cell type annotations are shown for reference. (G) Top 

protein-coding genes expressed in each scATAC-seq archetype (STAR Methods). (H) Bar plot of the distributions of peak assignments to archetypes for selected 

genes. (I) Archetypal regulation of cell state-specific genes. Analysis of cell state-specific chromatin accessibility in peaks associated with genes with cell state- 

specific expression, for four selected cell states: CD4 Tfh, exhausted CD8 T cells, CD8 effectors, and CD8 progenitor cells. Genes with significant differential 

overexpression (LFC >0, FDR ≤0.05) in a cell state were selected. For these genes, cumulative distribution function (CDF) plots show the average accessibility of 

nearby peaks that are associated with a particular archetype. The gray lines indicate the distribution of the average accessibility for all peaks near a gene, used as 

a baseline. Only the archetypes that have significantly increased accessibility compared to the baseline are shown for each cell state (KS test, FDR ≤0.05 and 

difference in medians ≥0.03).
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Figure 4. Distinct transcription factor motifs are associated with archetypal regulatory programs 

(A) TF motifs across cell populations. UMAP showing single-cell motif scores for selected transcription factor (TF) motifs (STAR Methods). Cell type annotations 

are shown for reference. 

(legend continued on next page) 
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as an archetypal score, reflecting the peak’s relative contribution 

to that archetypal regulatory program.

We applied archetypal analysis with k = 8 archetypes to our 

scATAC-seq data for T cells from the day 7 response to LCMV 

(Figures 3E–3I, S9, and S10). Archetypes were annotated based 

on cell state annotations among cells with high archetypal 

weights, as well as functional annotations of genes whose 

expression was most strongly associated with the archetypes. 

Some archetypes corresponded predominantly to individual 

cell states, such as CD4 Treg or naive CD8 T cells, while others 

captured shared regulatory programs across functionally related 

subsets (Figures 3E and 3F). For example, we identified a T cell 

activation archetype shared between CD4 Th1, CD8 effector and 

exhausted T cells, associated with high expression of prolifera

tion genes Top2a, Mki67, and Birc5 and cytotoxic genes Nkg7 

and Gzmb (Figures 3E–3G and S10). We also distinguished be

tween a CD8 effector archetype, predominant in effector CD8 

T cells, and a separate CD8 hyperactivation or early exhaustion 

archetype (referred to as CD8 exhaustion), observed in ex

hausted CD8 T cells, but also in a subset of Th1 cells and in pro

genitor CD8 T cells. Notably, progenitor CD8 T cells lacked a 

dominant archetype and instead exhibited a mixed signature, 

primarily composed from the CD8 exhaustion and CD4 Tfh ar

chetypes (Figures 3E,3F, S9C, and S9D). This was consistent 

with their transcriptional and epigenomic similarity to Tfh cells 

and their original definition as progenitor exhausted CD8 

T cells. This pattern was robustly recapitulated when applying 

our archetypes to our reanalysis of the previously published da

tasets28,29 (Figures S9G and S9H, STAR Methods). Thus, arche

typal analysis effectively captured the continuum of T cell pheno

types and revealed the hybrid regulatory program of progenitor 

CD8 T cells.

To better understand the regulatory content of each arche

type, we examined archetypal scores at individual peaks 

(Figures 3D and 3H). For interpretability, each peak was uniquely 

assigned to the archetype with the highest score for that peak 

(STAR Methods). We then studied the relationship between scA

TAC-seq peak activity and scRNA-seq gene expression across 

cells. We found that for genes overexpressed in specific T cell 

subsets, nearby peaks assigned to the corresponding arche

types had significantly elevated accessibility (Figures 3I and 

S9F). For example, peaks of the CD4 Tfh archetype were most 

accessible near genes highly expressed in CD4 Tfh cells, while 

peaks of CD8 effector and activation archetypes were enriched 

near genes upregulated in CD8 effector cells. Notably, genes 

overexpressed in progenitor CD8 T cells had equally strong as

sociation with both Tfh and exhausted CD8 T cell archetypes 

(Figure 3I). Thus, the scATAC-seq peak archetypes captured 

biologically meaningful regulatory programs across T cell states 

and revealed mixed regulation of gene activity in progenitor CD8 

T cells.

We next asked whether peak archetypes also reflect gene 

expression regulation within individual T cell populations. For 

many key T cell marker genes, we found that different chromatin 

accessibility peaks within the same gene locus were assigned to 

distinct archetypes (Figure 3H), suggesting that these genes may 

be regulated by different sets of regulatory elements depending 

on cellular context. To explore this, we examined the correlation 

between individual peak accessibility and gene expression 

within specific T cell subsets. For example, Tox is a gene ex

pressed in CD4 Tfh and exhausted CD8 T cells, and is also highly 

expressed in progenitor CD8 T cells64–68 (Figure 3B). Among its 

108 associated peaks, 49 were assigned to the CD4 Tfh arche

type and 19 to the CD8 exhaustion archetype (Figures 3H and 

S11). Within CD4 Tfh cells, Tox peaks assigned to the Tfh arche

type were most frequently significantly correlated with Tox 

expression, whereas in exhausted CD8 T cells, peaks from the 

CD8 T cell exhaustion archetype showed the strongest correla

tion (Figure S11). Thus, distinct regulatory elements, grouped 

by scATAC-seq archetypes, can be differentially associated 

with regulation of the same gene in a cell type-specific manner. 

This supports the view that the regulatory program of progenitor 

CD8 T cells integrates features of both CD4 Tfh and exhausted 

CD8 T cells, as reflected for example in the chromatin accessi

bility landscape of the Tox locus.

In conclusion, archetypal analysis of scATAC-seq data uncov

ered regulatory programs shared across T cell populations. 

These programs are closely linked to gene expression patterns, 

with the same gene regulated by distinct sets of peaks, assigned 

to different archetypes, in different T cell states. Archetypal anal

ysis reveals that progenitor CD8 T cells exhibit a mixed regulato

ry program combining features of exhausted CD8 T cells and 

CD4 Tfh cells.

TF motif analysis implicates regulatory drivers of 

archetypal programs and progenitor CD8 T cell identity

To better understand the transcriptional regulators shaping 

the landscape of continuous and discrete CD4 and CD8 T cell 

phenotypes during viral response, we next asked which tran

scription factors (TFs) are associated with the distinct chromatin 

(B) CD8 progenitor motifs. Top 15 motifs significantly enriched in progenitor CD8 T cells compared to all other cells (FDR ≤0.05). 

(C) CD4 Tfh motifs. Spearman correlations between CD4 Tfh archetypal weights and motif scores across cells. Bar plot shows the top 15 motifs with the strongest 

positive correlations. 

(D) CD8 exhaustion motifs. Same as C, but for the CD8 T cell exhaustion archetype. 

(E) Clustermap of correlations between archetypal weights and motif scores (top 10 most correlated motifs per archetype). 

(F) Allele-specific scATAC-seq analysis. Schematic of the allele-specific analysis used to associate TF motifs with chromatin accessibility in ATAC-seq peaks. 

Using sequence differences between B6 and Cast genomes, we assigned scATAC-seq reads to parental alleles and quantified allele-specific pseudobulk 

chromatin accessibility per cell type. In parallel, we assessed allele-specific differences in motif matches due to genetic variants between the two genomes. 

(G) Allele-specific analysis of Ets motif in CD8 progenitors. Scatterplot showing allelic imbalance of chromatin accessibility (x-axis) vs. allelic imbalance of Ets 

motif matches (y axis) across peaks in progenitor CD8 T cells. A significant positive Spearman correlation indicates that sequence variants with increased 

predicted Ets motif strength are associated with increased chromatin accessibility on the same allele, consistent with functional TF binding. 

(H) Allele-specific analysis of TF motifs across cell populations. Spearman correlations between allelic imbalance of motif matches and chromatin accessibility 

across functional T cell states for selected motifs. Correlations that are not statistically significant (FDR >0.05) are shown in gray.
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Figure 5. Tfh archetypal weight reflects a similar gradient of differentiation in CD4 Tfh cells and progenitor CD8 T cells 

(A) Tfh archetypal gradient within Tfh cells. UMAP showing CD4 Tfh archetypal weights in the CD4 Tfh cell population (61 outlier cells not shown). We propose that 

this Tfh archetypal gradient reflects Tfh differentiation and/or the strength of the Tfh phenotype. 

(B) Gene expression along the Tfh archetypal gradient. Scatterplots of normalized expression of selected genes in CD4 Tfh cells along the Tfh archetypal gradient. 

The gene expression values were averaged over neighbors in the scRNA-seq k-nearest-neighbor (kNN) graph (k = 20). A smoothed fit using ordinary least squares 

is shown in gray. Spearman’s ρ is shown on top. 

(C) Correlation of Tfh archetypal gradient with gene expression. Heatmap showing Spearman correlations between CD4 Tfh archetypal weights and normalized 

gene expression within progenitor CD8 T cells and CD4 Tfh cells for selected genes from different functional categories. The gene expression values were 

averaged over neighbors in the scRNA-seq kNN graph (k = 20). Non-significant correlations (FDR >0.05) are shown in gray. 

(legend continued on next page) 
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accessibility archetypes described above, particularly those un

derlying the regulatory program of progenitor CD8 T cells.

To this end, we first identified putative TF targets by scanning 

genomic sequences within chromatin accessibility peaks for TF 

motif matches. We then used these motif-based TF target signa

tures to score individual cells in the scATAC-seq data and 

compared motif scores across T cell functional states and arche

types (STAR Methods). To link TF activity with regulatory pro

grams, we computed correlations between motif scores and 

archetypal weights across cells, allowing us to evaluate the rela

tive, non-exclusive association of each TF across the entire reg

ulatory landscape. Using this approach, we found that TF motifs 

enriched in progenitor CD8 T cells reflected a combination of 

those displaying the highest relative correlation with the CD4 

Tfh and CD8 T cell exhaustion archetypes (Figures 4A–4E, 

S12A, and S12B). For example, progenitor cells were enriched 

with Nfat, Lef1/Tcf1, Pou2f1/2 (Oct1/2) motifs, which had the 

strongest relative association with the CD4 Tfh archetype, and 

with Runx and Tbet (Eomes/Tbx21) motifs, which preferentially 

associated with the CD8 exhaustion archetype. In addition, pro

genitor cells were also enriched for the AP-1 family motif; while 

AP-1 is a foundational hallmark of general T cell activation, our 

framework captured its relative coordinated association with 

both the Tfh and CD8 exhaustion archetypes. These results 

further support the idea that progenitor CD8 T cells integrate reg

ulatory programs from both Tfh cells and exhausted CD8 T cells.

To further validate the associations between TF motifs and 

T cell functional phenotypes, we turned to allele-specific anal

ysis. Because our single-cell data were generated from F1 hybrid 

mice (B6 × Cast), we were able to assign scATAC-seq reads to 

parental alleles and quantify allele-specific chromatin accessi

bility at regulatory regions within each T cell state. In parallel, 

we used known sequence variants between the two genomes 

to compute allele-specific motif-based predictions of TF binding 

(Figures 4F and 4G). We reasoned that if a TF functionally shapes 

the local chromatin landscape in a given cell population, a ge

netic variant altering its binding motif strength should cause a 

corresponding allelic imbalance in accessibility.31,69 This allele- 

specific mapping provides a direct measurement of a motif’s 

functional requirement for driving local epigenetic remodeling, 

capturing its actual impact on chromatin structure rather than 

the mere biochemical presence or nuclear translocation of the 

factor itself. Indeed, we observed a strong correlation for the 

Ets family motif across all T cell states (Figures 4G, 4H, and 

S12C), consistent with the widespread role of Ets family TFs in 

T cell regulation, modulated by co-factors in a cell type-specific 

manner.31 Whereas the above allele-agnostic motif enrichment 

analysis was performed across cell states (Figures 4A–4E and 

S12B), this allele-specific analysis, performed within each cell 

state, provided orthogonal support for motif activity patterns. 

Specifically, in progenitor CD8 T cells, we observed significant 

allele-specific correlations with accessibility for motifs such as 

Lef1/Tcf7, Nfat, and AP-1, indicating their functional engage

ment in this population (Figures 4H and S12C). Comparing these 

patterns across T cell subsets revealed distinct regulatory dy

namics. As expected for a core activation driver whose motif 

actively dictates accessibility changes upon antigen exposure, 

the AP-1 motif had a significant signal across all antigen-acti

vated populations (including effector, exhausted, Treg, Th1, 

and Tfh cells) but not in naive or memory cells. Conversely, the 

Lef1/Tcf7 motif tracked with quiescence or restrained differenti

ation, demonstrating a significant functional impact on accessi

bility in naive, memory, Tfh, and progenitor cells but not in 

effector or exhausted CD8 T cells or Th1 cells. Remarkably, 

the Nfat motif demonstrated a selective profile, displaying a sig

nificant correlation with local accessibility in the CD8 progenitor, 

Th1, and Tfh populations. These patterns reinforce the notion 

that progenitor CD8 T cells integrate regulatory programs from 

Tfh and CD8 activation and exhaustion. These findings moti

vated us to further investigate the extent of underexplored epige

nomic similarity between Tfh cells and progenitor CD8 T cells.

Tfh archetype captures a similar gradient of 

differentiation within Tfh cells and progenitor CD8 

T cells

We have shown that progenitor CD8 T cells share epigenomic 

and transcriptomic features with CD4 Tfh cells. To further inves

tigate this connection, we examined the epigenomic CD4 Tfh 

archetype and its relationship to the progenitor CD8 T cell 

population.

We first examined the behavior of the CD4 Tfh archetype 

within the CD4 Tfh cell population itself. Within this subset, we 

observed a continuous gradient of the Tfh archetypal weight 

(Figure 5A). This gradient was positively correlated with expres

sion of Tfh activation-associated genes such as Tox, Pdcd1, 

Bcl6 and Icos and negatively correlated with quiescence-associ

ated genes such as Sell and Il7r (Figures 5B and 5C). This sug

gested that the Tfh archetype provides a quantitative measure 

of Tfh cell differentiation, or the strength of the Tfh phenotype, 

within the CD4 Tfh population. Furthermore, we observed signif

icant positive and negative correlations between Tfh archetypal 

weight and the expression of numerous functionally important 

T cell genes (Figures 5C and S13A). These included T cell 

receptor signaling genes Zap70 and Ptpn11, co-stimulatory re

ceptors Icos, Tnfrsf4 and Tnfsf8, inhibitory molecules Pdcd1, 

Tnfaip8 and Nt5e, and transcription factors Bcl6, Tox, Hif1a, 

Ikzf2, Pou2f2, Id3, Nfatc1, Nfat5 and Batf. Consistently, the Tfh 

archetype was also correlated with the key TF motifs including 

(D) Correlation of Tfh archetypal gradient with TF motifs. Heatmap showing Spearman correlations between CD4 Tfh archetypal weights and TF motif scores 

within progenitor CD8 T cells and CD4 Tfh cells for selected motifs. 

(E) Tfh archetypal gradient within CD8 progenitors. UMAP showing the Tfh archetypal weights in the progenitor CD8 T cell population (9 outlier cells not shown). 

(F) Gene expression along Tfh archetypal gradient within CD8 progenitors. Scatterplots of normalized expression of selected genes in progenitor CD8 T cells 

along the Tfh archetypal gradient. The gene expression values were averaged over neighbors in the scRNA-seq kNN graph (k = 20). A smoothed fit using ordinary 

least squares is shown in gray. Spearman’s ρ is shown on top. 

(G) Comparison of Tfh and CD8 exhaustion archetypes. Heatmap comparing the Spearman correlations between Tfh and CD8 exhaustion archetypal weights 

calculated within three cell populations.
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Figure 6. Clone 13 infection accelerates progression along the Tfh differentiation gradient in CD4 Tfh and progenitor CD8 T cells 

(A) Comparison of scATAC-seq archetypes between LCMV Arm and Cl13. Violin plots show the distributions of archetypal weights for selected T cell subsets, 

separately in Arm and Cl13 infections. Significant differences between infections within a population are marked with asterisks (FDR ≤0.05, KS test; absolute 

median difference ≥0.05). 

(B) Tfh archetypal gradient in Arm and Cl13. CDF curves showing the distribution of the Tfh archetypal weights for Arm and Cl13 cells in the progenitor CD8 T cell 

population (top) and the CD4 Tfh cell population (bottom), separately for standalone and multiome scATAC-seq data. Two-sided KS test p-value listed (after 

Benjamini-Hochberg correction) for all pairwise comparisons across all batches between Armstrong and Clone 13 cells. 

(legend continued on next page) 
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Nfat, Lef1/Tcf1 and AP-1 family motifs (Figures 5D and S13F). 

These associations further define the functional spectrum and 

regulatory drivers of the Tfh archetype and support its interpre

tation as a measure of progressive TCR-stimulated Tfh cell acti

vation, differentiation, and migration, enabling B cell help, while 

inhibiting proliferative expansion typical of effector cells.11 These 

results illustrate that scATAC-seq archetypal analysis can effec

tively capture a continuum of differentiation within the CD4 Tfh 

cell population.

Given the prominent contribution of the CD4 Tfh archetype 

to the epigenomic phenotype of progenitor CD8 T cells 

(Figures 3E,3F, 4B, and 4C), next we wanted to quantitatively 

explore the Tfh archetype within the progenitor population. Strik

ingly, we found that the progenitor CD8 T cells exhibited a 

continuous gradient of Tfh archetypal weights, similar to that 

observed within CD4 Tfh cells (Figures 5C–5F, S13A, S13C, 

and S13F). In particular, many genes showed comparable corre

lations with the Tfh archetype in both the CD4 Tfh population and 

the CD8 progenitor population, reinforcing the epigenomic sim

ilarity between the two populations.

We also examined the contribution of the CD8 exhaustion 

archetype to the progenitor population. The exhaustion arche

type was uncorrelated with the Tfh archetype both across the 

full dataset and within individual cell states, including Tfh 

cells, exhausted CD8 T cells and progenitor CD8 T cells 

(Figures 5G and S13E). Some key T cell genes, most notably 

the Tfh-related but also exhaustion-associated genes Tox 

and Pdcd1, showed similarly high expression correlations 

with both archetypes, particularly within progenitor cells 

(Figures 5C and S13E). This was consistent with the functional 

role of progenitors as activated cells that must balance 

responsiveness with restraint of proliferation. Nevertheless, 

most genes most correlated with the Tfh and CD8 exhaustion 

archetypes were distinct (Figures S13E and S13G), indicating 

that the two archetypes capture largely non-overlapping reg

ulatory programs.

Together, these findings suggest that the progenitor CD8 

T cell state reflects an integration of regulatory inputs from 

both Tfh- and exhaustion-like programs. Using scATAC-seq 

archetypal analysis, we reveal a Tfh-like gradient of differenti

ation within progenitor CD8 T cells, supporting the view 

that these cells, similar to CD4 Tfh cells, adopt an activated 

identity while avoiding full effector-like differentiation and 

proliferation.

Clone 13 infection accelerates progression along the 

Tfh differentiation gradient in CD4 Tfh and progenitor 

CD8 T cells

While we have consistently observed similar T cell states and 

phenotypes in both LCMV Arm and Cl13 infections, the immune 

responses to these clones ultimately diverge over time. To inves

tigate the basis of these differences, we examined how epige

nomic and regulatory programs vary between the two infections. 

We focused particularly on the shared population of progenitor 

CD8 T cells, as they can give rise to both effector-like and termi

nally exhausted CD8 T cells and are therefore central to under

standing how T cell response evolves in each context.

We found that within the progenitor CD8 T cell population, the 

Tfh and CD8 exhaustion archetypes were significantly higher in 

the Cl13 response compared to Arm, whereas the CD8 naive 

archetype was significantly higher in Arm (Figures 6A, 6B, and 

S9C). Similar trends—stronger activation in Clone 13 and a 

more naive-like state in Armstrong—were also observed in other 

antigen-experienced T cell populations (Figures 6A, 6B, and 

S9C). This was consistent with prior reports that the overall 

T cell response to Cl13 is more strongly activated than to Arm 

and ultimately progresses toward exhaustion as a protective 

mechanism to limit immunopathology.8,9

We then examined more closely the Tfh-like differentiation tra

jectory within progenitor CD8 T cells that we identified (Figure 5). 

A similar Tfh differentiation gradient was observed in both Arm 

and Cl13 responses, within both CD4 Tfh and progenitor CD8 

T cells, as evidenced by comparable gene expression correla

tions (Figures 6C and S13A). However, consistent with the over

all stronger T cell activation observed in Cl13, cells from the Cl13 

response progressed more rapidly along this gradient than those 

from Arm (Figures 6B, 6D, 6E). This finding was robust across the 

two scATAC-seq profiling technologies (standalone and multi

ome). TF motif analysis implicated potential regulators of these 

differential responses between Arm and Cl13. In particular, acti

vation-associated motifs AP-1, Tbet and Nfat showed stronger 

signal in Cl13, while motifs associated with naive and memory- 

like states, such as Lef1/Tcf7 and Ets motifs, were more enriched 

in Arm (Figures 6F and S14E). These observations were 

confirmed in reanalysis of published scATAC-seq datasets 

(Figures S14A–S14D). Thus, we conclude that although progen

itor CD8 T cells exhibit a similar Tfh-like differentiation gradient in 

both Arm and Cl13 responses, they advance along this gradient 

more rapidly in Cl13 infection. This suggests a potential for 

(C) Correlation of Tfh archetype with gene expression in Arm and Cl13. Heatmap showing the correlations between the Tfh archetypal weights and normalized 

gene expression in progenitor CD8 T cells and CD4 Tfh cells, separately for Arm and Cl13 infections. Genes with the strongest positive or negative correlations 

between exhausted CD8 T cells and the CD8 exhaustion archetype, CD4 Tfh cells and Tfh archetype, and CD8 progenitors and either archetype were selected 

(total 1,131 genes, same as in Figure S13G). 

(D) Schematic of the comparison of cells along the Tfh archetypal gradient between Arm and Cl13 infections. For each cell, the fraction of neighbors (i.e., most 

similar cells by scATAC-seq profile) from each infection is computed based on the scATAC-seq kNN graph constructed for all samples. We propose that cells 

from Clone 13 infection progress more rapidly along the Tfh differentiation trajectory as captured by the Tfh archetypal weights. 

(E) Tfh archetypal gradient vs. Arm-to-Cl13 cell proportion. Scatterplot of the Tfh archetypal weights (x axis) and the Arm vs. Cl13 proportions (y axis) in CD4 Tfh 

cells (left) and progenitor CD8 T cells (right). The Arm vs. Cl13 proportion is calculated as the fraction of cell neighbors in the scATAC-seq kNN graph (k = 100) that 

belong to the Armstrong samples, and then smoothed over 30 nearest scATAC-seq neighbors. 

(F) Comparison of TF motifs between Arm and Cl13. Distribution of selected TF motif scores for different T cell populations, colored by infection (Arm vs. Cl13). 

Asterisks in the plot represent statistical significance (two-sided KS test, after BH correction) of the difference between the two infection types within a population 

(*: FDR <0.2, **: FDR <0.05, ***: FDR <0.01, ****: FDR <0.001). Boxplots: center line, median; box limits, upper and lower quartiles; whiskers, 1.5× interquartile 

range; outliers not shown.

14 Cell Reports 45, 118156, November 24, 2026 

Resource
ll

OPEN ACCESS



further divergence of the T cell response upon persistent antigen 

stimulation.

DISCUSSION

In this study, we integrated single-cell chromatin accessibility 

and transcriptomic profiling with a comprehensive reference of 

T cell regulatory regions to analyze CD4 and CD8 T cell re

sponses to acute and chronic viral infection. Our approach 

enabled high-resolution, interpretable identification of all major 

T cell states, including naive, memory, effector, Tfh, regulatory, 

exhausted, and progenitor populations. We observed that 

each population was present in both infection types, but at 

different frequencies. This indicates that the immunological 

divergence between acute and chronic viral responses is funda

mentally quantitative rather than qualitative, driven by shifts in 

the relative abundance of similar cell states rather than the emer

gence of response-specific cell identities.

We focused in particular on the clinically relevant progenitor 

CD8 T cell population. While the relationship between progenitor 

populations in acute and chronic infection has been a key area of 

investigation,20,26,28,29,49–51,55 our analysis demonstrated that 

these cells form a highly similar population at the transcriptomic 

and epigenomic levels between the two infection settings. Sur

prisingly, we found that these CD8 progenitors exhibit striking 

epigenomic similarity with CD4 Tfh cells, a population with a 

key role in B cell help via direct physical interactions in the 

B cell follicles, and defined by sustained TCR signaling and 

restrained effector differentiation. Despite arising from the 

distinct lineages of CD4 and CD8 T cells, both populations 

share chromatin accessibility and transcriptomic profiles and 

co-activate transcription factors such as Tcf1, Bcl6, Nfat family 

factors and Tox.

To dissect this convergence, we applied archetypal analysis to 

the chromatin accessibility data, revealing that progenitor CD8 

T cells do not represent a unique regulatory program, but rather 

a composite of CD8 exhaustion and Tfh archetypes. This sup

ports a modular view of progenitor identity, arising from reuse 

of regulatory programs deployed in other T cell states. This ‘‘mo

lecular hedging’’ likely confers a survival advantage, allowing 

progenitors to persist as a self-renewing reservoir by borrowing 

the follicular program’s longevity to resist rapid terminal exhaus

tion. This modular state maintains a functional population that 

can provide effector bursts without the metabolic collapse asso

ciated with terminal states.

Concordantly, we observed that progenitor CD8 T cells 

combine the enrichment of TF motifs preferentially associated 

with Tfh state, including Lef1, Tcf1, Pou2f2, and the Nfat family, 

with motifs preferentially linked to CD8 exhaustion such as Runx 

and Tbet. While AP-1 and Nfat are canonical hallmarks of general 

T cell activation downstream of TCR signaling, our single-cell 

and allele-specific analyses capture the relative, nuanced differ

ences in how the corresponding motifs functionally shape local 

chromatin accessibility across distinct contexts. Our analysis 

suggests that Nfat family factors, triggering Tox and PD-1 activa

tion, may be involved in functional adaptations characteristic of 

both Tfh cells and CD8 progenitors, such as restrained effector 

differentiation immediately upon and later during persistent 

TCR stimulation. Activity of other factors, including AP-1 family 

factors, e.g., Batf, may be associated with a functional activation 

program shared by all antigen-experienced CD4 and CD8 T cells 

that is progressively lost during differentiation toward exhaus

tion, whereas Tbet and Runx factors may be associated with 

the preparation for and execution of cytotoxic effector functions. 

This view is consistent with and helps further refine known func

tionality of these factors in T cells,20,70–77 though more specific 

studies of these and other factors are needed to further dissect 

combinatorial mechanistic regulatory programs across T cell 

populations.

These findings suggest possible functional and spatial links be

tween progenitor CD8 T cells and Tfh cells. Future studies should 

explore whether they co-localize and interact, and thus converge 

to activation of similar regulatory programs despite originating 

from different T cell lineages. Consistently, a similar subset of 

CD8 T cells expressing CXCR5, exhausted genes, and memory- 

like genes has been discovered to localize in the B cell follicles, 

i.e., along with Tfh cells, but was originally defined as a less-ex

hausted, follicular CD8 T cell population.78–82 Our results suggest 

that progenitor and follicular CD8 T cells may be the same or similar 

populations. Indeed, CD4 T cells and B cells influence the progen

itor CD8 T cells during infection, though it remains unclear whether 

CD4 T cell help directly affects the formation or maintenance of the 

CD8 progenitors.25,83–86 However, progenitor CD8 T cells were re

ported to localize in T cell zones, away from B cell follicles, at later 

stages of chronic infection, suggesting potential heterogeneity 

within the progenitor population or a dependence of spatial local

ization on the stage of infection progression.60,75,87,88 Further 

research using multi-omics, spatial transcriptomics and prote

omics, and direct cell-cell interaction measurements such as 

uLIPSTIC,89 across time courses and various systems of T cell 

stimulation and response, could help better characterize the 

T cell phenotypic landscape and explore the localization and inter

actions of Tfh cells and progenitor and follicular CD8 cells. Pertur

bation experiments, including targeted depletion of one population 

or blockade of shared signaling pathways or transcriptional regu

lators, could further clarify their relationship.

In sum, our work highlights the power of multiomic and compu

tational approaches to dissect complex T cell regulation and offers 

a generalizable framework for studying shared and distinct pro

grams across immune contexts. Applying this strategy to other 

T cell settings, such as tumor-infiltrating lymphocytes, vaccine re

sponses, or autoimmune diseases, could uncover novel epige

nomic states and reveal common principles of immune cell plas

ticity. These approaches will also be broadly applicable across a 

range of biological contexts beyond immunology.

Limitations of the study

While our single-cell multiomic approach provides a high-resolu

tion view of T cell regulatory architecture, a limitation of this study 

is its reliance on a single snapshot at day 7 post-infection. 

Consequently, our data cannot fully capture temporal dynamics 

across the complete course of infection, missing both earlier 

windows critical for dissecting initial T cell priming and the estab

lishment of the progenitor population, and later timepoints to 

evaluate long-term chronic antigen persistence. Additionally, 

our analysis identified a small, reproducible population of cells 
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(2.5% of total cells) exhibiting mixed lineage markers that pre

cluded definitive assignment to major CD4 or CD8 subsets, 

which may represent rare transitional or innate-like populations 

that warrant further targeted study. Finally, our findings linking 

the primary regulatory programs with functional T cell states 

remain associative. Future spatial profiling, targeted perturba

tion studies across an expanded time course, and focused char

acterization of these non-canonical phenotypes will be required 

to definitively map their physical context and validate the causal 

roles of the implicated transcription factors.
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71. Martinez, G.J., Pereira, R.M., Äijö, T., Kim, E.Y., Marangoni, F., Pipkin, 

M.E., Togher, S., Heissmeyer, V., Zhang, Y.C., Crotty, S., et al. (2015). 

The transcription factor NFAT promotes exhaustion of activated CD8+ 

T cells. Immunity 42, 265–278. https://doi.org/10.1016/j.immuni.2015. 

01.006.

72. Zhang, X., Zhang, C., Qiao, M., Cheng, C., Tang, N., Lu, S., Sun, W., Xu, 

B., Cao, Y., Wei, X., et al. (2022). Depletion of BATF in CAR-T cells en

hances antitumor activity by inducing resistance against exhaustion 

and formation of central memory cells. Cancer Cell 40, 1407–1422.e7. 

https://doi.org/10.1016/j.ccell.2022.09.013.

73. Tsao, H.W., Kaminski, J., Kurachi, M., Barnitz, R.A., DiIorio, M.A., La

Fleur, M.W., Ise, W., Kurosaki, T., Wherry, E.J., Haining, W.N., et al. 

(2022). Batf-mediated epigenetic control of effector CD8+ T cell differen

tiation. Sci. Immunol. 7, eabi4919. https://doi.org/10.1126/sciimmunol. 

abi4919.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

anti-TCRβ eFluor 610 (Clone H57-597) Thermo Fisher Catalog # 61–5961-82

anti-NK1.1 eFluor450 (PK136) Thermo Fisher Catalog # 48–5941-82

anti-CD4 PerCP-Cy5.5 (RM4-5) Thermo Fisher Catalog # 46–0042-82

anti-CD8a AF700 Thermo Fisher Catalog # 56–0081-82

Bacterial and virus strains

LCMV Armstrong In house N/A

LCMV Clone 13 In house N/A

Chemicals, peptides, and recombinant proteins

Ghost Dye Live/Dead stain Tonbo Biosciences 13–0870-T100

Critical commercial assays

Chromium Single Cell ATAC Reagent Kits 10x Genomics CG000168 Rev A

Chromium Next GEM Single Cell Multiome 

ATAC + Gene Expression

10x Genomics CG000338 Rev A

Dynabeads FlowComp mouse CD8 kit Thermo Scientific Catalog number 11462D

Dynabeads FlowComp mouse CD4 kit Thermo Scientific Catalog number 11461D

Deposited data

Raw and analyzed data This paper GEO: GSE300984

Mouse reference genome, mm10 Genome Reference Consortium https://www.ncbi.nlm.nih.gov/datasets/ 

genome/GCF_000001635.20/

Raw and analyzed data Giles et al.29 GSE199565

Raw and analyzed data Daniel et al.28 GSE188670

Experimental models: Organisms/strains

Foxp3GFP− DTR mice The Jackson Laboratory Strain #:016958

CAST/EiJ The Jackson Laboratory Strain #:000928

Software and algorithms

cellranger-atac 10x Genomics v1.2.0

cellranger-arc 10x Genomics v1.0.1

MACS2 Zhang et al.91 2.2.7.1

Bowtie2 Langmead and Salzberg et al.92 2.4.1

IDR Li et al.93 v2.0.3

Bedtools Quinlan and Hall et al.94 2.29.1

Samtools Danecek et al.95 1.10

ArchR Granja et al.96 1.0.2

DESeq2 Love et al.97 1.32.0

scanpy Wolf et al.98 v1.9.1

bedGraphToBigWig Kent et al.99 2.10

biosignals Lianoglou et al.100 0.1.0

motifmatchr Schep et al.101 1.14.0

py_pcha Mørup and Hansen et al.61 v0.1.3

scipy Virtanen et al.102 v1.8.0

plotnine Kibirige et al.103 0.10.1

Other

Resource website This paper https://github.com/pritykinlab/multimodal_ 

tcells
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Experimental procedures for mouse work, cell isolation and single-cell genomics were as previously described.31 Briefly, animals 

were housed at the Memorial Sloan Kettering Cancer Center (MSKCC) animal facility under specific pathogen-free conditions on 

a 12-h light:dark cycle under ambient conditions with free access to food and water. Mice used in the present study had no previous 

history of experimentation or exposure to drugs. Male Cast/Eij mice were purchased from Jackson Laboratory and bred to female 

Foxp3GFP− DTR/GFP− DTR mice on a C57BL/6 (B6) genetic background to generate F1 offspring. Adult mice (aged >6 weeks) were used 

for experiments. All animal experiments in this study were approved by the Sloan Kettering Institute (SKI) Institutional Animal Care 

and Use Committee under protocol 08–10-023.

METHOD DETAILS

Library preparation and sequencing

Foxp3GFP− DTR B6/Cast F1 males were infected with LCMV Armstrong (2 × 105 pfu I.P.) or LCMV Clone 13 (2 × 106 pfu I.V./retroor

bital). Spleens were harvested at day 7 post-infection, a timepoint selected to capture the endogenous T cell response at its peak 

activation and to analyze the early molecular divergence between the acute and chronic regimes before terminal differentiation oc

curs. The difference in pooling (n = 3 for Armstrong, n = 4 for Clone 13) was a practical decision based on the number of available 

mice. T cells were enriched using anti-CD4 and anti-CD8 dynabead flowcomp kits (mixing CD4 and CD8 antibody). Following enrich

ment, cells were stained with the following panel of antibodies and BV510 ghost dye: NK1.1: BV421; CD62L: BV605; CD4: PerCP- 

Cy5.5; CD44: APC; TCRβ: PE-Tx-red. A 50–50% mix of CD4+ and CD8+ T cells (2 million cells total) was sorted into complete RPMI 

with 10% FCS, washed once, resuspended at 1M cells/mL and used as input material for single cell analysis.

For the standalone scATAC-seq samples, libraries were prepared according to the 10x scATAC-seq protocol from 10x Genomics 

Chromium (Single Cell ATAC Reagent Kits User Guide (catalog no. CG000168, Rev A)). Briefly, cells were centrifuged (300g, 5min, 

4◦C) and permeabilized with 100μL of chilled lysis buffer (10mM Tris-HCl, pH 7.4, 10mM NaCl, 3mM MgCl2, 0.1% Tween 20, 0.1% 

IGEPAL CA-630, 0.01% digitonin and 1% bovine serum albumin). The sample was incubated on ice for 3–5min and resuspended with 

1mL of chilled wash buffer (10mM Tris-HCl, pH 7.4, 10mM NaCl, 3mM MgCl2, 0.1% Tween 20 and 1% bovine serum albumin). After 

centrifugation (500g, 5min, 4◦C), the pellet was resuspended in 100 μL of chilled Nuclei Buffer (catalog no. 2000153, 10x Genomics). 

Nuclei were counted using a hemocytometer, and finally the nucleus concentration was adjusted to 3,000 nuclei per μL. We used 

15,360 nuclei as input for tagmentation. Nuclei were diluted to 5 μL with 1×Nuclei Buffer (10x Genomics) and mixed with ATAC buffer 

(10x Genomics) and ATAC enzyme (10x Genomics) for tagmentation (60 min, 37◦C). ScATAC-seq libraries were generated using the 

Chromium Chip E Single Cell ATAC kit (10x Genomics, catalog no. 1000086) and indices (Chromium i7 Multiplex Kit N, Set A, 10x 

Genomics, catalog no. 1000084) following the manufacturer’s instructions. Final libraries were quantified using a Qubit fluorimeter 

(Life Technologies) and the nucleosomal pattern was verified using a BioAnalyzer (Agilent). Libraries were sequenced on a 

NovaSeq6000 (Illumina) with the following read lengths: 50 + 8+16 + 50 (Read 1+Index 1+Index 2+Read 2).

For the multiomic scATAC-seq + scRNA-seq samples, libraries were prepared according to the Chromium Next GEM Single Cell 

Multiome ATAC + Gene Expression User Guide (CG000338 Rev A). Briefly, cells were centrifuged (300g, 5 min, 4◦C) and permeabi

lized with 100 μL chilled lysis buffer (10mM Tris-HCl pH 7.4, 10mM NaCl, 3mM MgCl2, 0.1% Tween 20, 0.1% IGEPAL-CA630, 0.01% 

digitonin, 1% BSA). The samples were incubated on ice for 3–5 min and resuspended with 1 mL chilled wash buffer (10mM Tris-HCl 

pH 7.4, 10mM NaCl, 3mM MgCl2, 0.1% Tween 20 and 1% BSA and RNase Inhibitor 1 U/μL; Lucigen NxGen, F83923-1). After centri

fugation (500g, 5 min, 4◦C), the pellets were resuspended in 100 μL chilled Nuclei buffer (2000153, 10x Genomics). Nuclei were 

counted using a haemocytometer, and finally the nucleus concentration was adjusted to 3,000 nuclei per μL. 15,400 permeabilized 

nuclei were diluted to 5 μL in isotonic Tagmentation Buffer (20 mM Tris-HCl pH 7.4, 150 mM NaCl, 3 mM MgCl2, RNase Inhibitor 1 U/ 

μL; Lucigen NxGen, F83923-1). Nuclei were mixed with 10 μL of a transposition master mix consisting of 7 μL ATAC Buffer B (10x 

Genomics, 2000193) and 3 μL ATAC Enzyme B (Tn5 transposase; 10x Genomics, 2000265) per reaction. Transposition was per

formed at 37◦C for 60 min, followed by a brief hold at 4◦C. Multiomic libraries were generated using the Chromium NextGEM 

Chip J (10x Genomics, 2000264).

Read alignment

For read alignment and initial generation of count matrices, cellranger-atac and cellranger-arc count were run twice for each sample, 

once with the standard 10x mm10 reference genome and a second time with a custom Cast pseudogenome reference to enable 

allele-specific analysis, as previously described.31 This Cast pseudogenome was prepared by introducing variants into the B6 refer

ence genome. For the scRNA-seq modality, a final allele-specific BAM file for each sample was generated by combining the B6 and 

Cast GEX BAM file output by the two runs of CellRanger. In this combined BAM file, each read was labeled either with the genome 

that had the higher mapping alignment score or as ambiguous if the mapping scores were similar. Similarly for the scATAC-seq data, 

an allele-specific BAM file was generated for each sample by combining the B6 and Cast ATAC BAM file output by the two runs of 

CellRanger, labeling reads as B6, Cast, or ambiguous based on alignment scores. A final BED file of single nucleotide insertion sites 

(shifted by +4/-5) was generated from each BAM file.
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ATAC-seq peak atlas for T cells

Bulk ATAC-seq peaks

We built our T cell peak atlas by extending a previously published compendium of CD8 T cell peaks.26 We extended the compendium 

with a collection of CD4 and CD8 T cell peaks using seven previously published studies (Table S1). For these studies, FASTQ 

files were downloaded from SRA. Bowtie292 was used to align the FASTQ files for each sample to mm10 genome using the 

flags --no-unal, --no-mixed, and --no-discordant. Samtools95 was used to turn the SAM files produced by Bowtie2 into sorted 

BAM files. The sample BAM files were then turned into BED files using BEDtools94 bamtobed function, and then shifted by +4/-5. For 

samples with technical replicates, the shifted BED files were concatenated together and sorted. MACS291 was then run on the shifted 

BED files for each sample, using the flags --nomodel, --shift 0, --extsize 76, -p 0.1, -B, --SPMR, and --keep-dup ‘auto’. In 

addition, MACS2 was run on all of the shifted BED files for all samples in a study, using the same flags. To identify peaks that were 

reproducible across biological replicates, IDR v2.0.393 was then run using all biological replicates of a sample from a study (denoted 

with the --samples flag) versus the background peak list run on all samples in the study (denoted with the --peak-list flag). The final 

IDR peaks for each study were then sorted and merged together using bedtools.

Single-cell ATAC-seq peaks

An initial analysis of the scATAC-seq component of our multiomic dataset was performed using ArchR96 on the standard mm10 

CellRanger output in order to filter out low-quality cells and generate a single-cell peak set. An ArchR project was generated using 

ArrowFiles with all default parameters. A tile matrix was generated using tileSize of 500 and binarize set to False. Cells were 

filtered out based on low number of nFrags, with different thresholds used for each of the four samples (1200 for multiome 

Armstrong, 1500 for multiome Clone 13, 5000 for scATAC Armstrong, and 6000 for scATAC Clone 13). Doublets were called 

using the addDoubletScores function with k = 15. Cells with a DoubletEnrichment score greater than or equal to 3 were filtered 

out, removing 3,819 cells. Iterative LSI was performed with the addIterativeLSI function, called with iterations = 8, 

clusterParams = list(resolution = c(1.5), sampleCells = 10000, n.start = 10, maxClusters = 25), 

totalFeatures = 1e08, varFeatures = 5e06, force = TRUE, and firstSelection = ‘‘Var’’.

Batch correction was performed using the addHarmony function104 in ArchR on the IterativeLSI dimension-reduced matrix, for the 

four samples (scATAC Armstrong, scATAC Clone 13, multiome Armstrong, multiome Clone 13). A UMAP was generated on 

the batch-corrected Harmony reduced dimensions, using the addUMAP function. A gene score matrix was generated with the 

addGeneScoreMatrix function and all default parameters, and clusters were generated using the addClusters function with 

resolution = 1.2 and reducedDims = ‘‘Harmony’’. Clusters were assigned to different T cell states based on marker gene 

scores from the GeneScoreMatrix, and one cluster was found to be B cells.

Peaks on the single-cell data were then called using MACS2 for all T cells using a BED file of single base pair insertion sites with the 

flags --nomodel, --shift − 75, --extsize 150, -q 0.001, -B, --SPMR, and --keep-dup ‘all’.

Merging bulk and single-cell ATAC-seq peaks

The high quality bulk ATAC-seq peaks for CD4 T cells from IDR analysis were read in to R as GRanges105 objects and combined using 

the GenomicRangesreduce function, to generate a simplified set. These were then filtered to peaks with a size greater than 76. This 

peak set, a set of previously published peaks from CD8 T cell data,26 and the scATAC-seq peaks were combined using the 

GenomicRangesreduce function, and again filtered to peaks with a size greater than 76. This generated a set of 223,820 peaks, 

which was then filtered to only those on the standard chromosomes, resulting in a final set of 223,492 peaks (Table S2). Nearest 

genes to peaks were determined with a custom script using the bedtools94 nearest function.

Peak signatures

We learned bulk ATAC-seq peak signatures by using DESeq297 to compare chromatin accessibility between all samples from pairs of 

conditions within a study. For each study, peaks were filtered to those where at least 20% of the samples had counts greater than or 

equal to 10 reads. Then, differentially accessible peaks were calculated using DESeq2 between the two conditions. Significantly 

differentially accessible peaks between the two conditions of interest in either direction (log2 fold change >1, adjusted 

p-value ≤0.05) were stored as epigenomic peak signatures (Table S3). In the scATAC-seq data, these peak signatures were scored 

using score_genes function in scanpy.98

scATAC-seq data analysis

Peak counts were generated separately for each of the four samples (standalone scATAC-seq Armstrong, multiome scATAC-seq 

Armstrong, standalone scATAC-seq Clone 13, and multiome scATAC-seq Clone 13) in an allele-specific way to count reads aligned 

to the B6 genome separately from reads aligned to the Cast genome, using a custom script from the single basepair BED file of Tn5 

insertions. The allele-specific counts were then summed together for each sample to generate total counts (across both alleles). The 

scanpy98 package was used for all downstream analyses, plots were generated using plotnine,103 and statistical tests were per

formed using scipy.102 Cells were filtered out if they had low total counts across all genes, or low number of peaks with non-zero 

count per cell. Peaks were filtered so that they were present in at least 0.5% of cells in any one of the four samples, resulting in a 

dataset of 200,771 peaks and 32,100 cells. Fragment counts were generated by taking the ceiling of peak counts/2, to remove 

the bias of even-numbered counts.106 Pearson residual normalized values107 were then generated separately for each of the four 

samples, using theta parameter for overdispersion set to 0.3 for the two scATAC-seq standalone samples and 1 for the two 

scATAC-seq multiome samples (theta was chosen such that the distributions for normalized peak means was centered on 0 and 
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normalized peak variances were centered around 1). Two additional peaks were filtered out due to non-finite values after Pearson 

residual normalization, resulting in a dataset of 200,769 peaks. Then PCA was run with 100 PCs using the Pearson residual values, 

and due to a batch effect between multiome vs. standalone scATAC-seq, Harmony104 within scanpy was run to integrate the multi

ome and standalone components of the data. A kNN graph of single-cell chromatin accessibility similarities was built on the Har

mony-integrated PCA matrix using 30 PCs, 30 nearest neighbors and the cosine similarity metric. Preliminary Leiden clustering 

was performed with a resolution of 0.7, and UMAP was generated with the default parameters. One cluster at this preliminary analysis 

stage (cluster 11, 212 cells, 0.7% of all cells) was removed due to high chromatin accessibility and transcript expression at genes 

encoding well-defined B cell markers such as Cd79a, Cd79b, Cd19, Ms4a1, suggesting this cluster was likely B cell contamination; 

this filtering resulted in a dataset of 31,888 cells. After that, a cell similarity graph was rebuilt using 30 nearest neighbors, 30 PCs, 

cosine metric on the Harmony-integrated PCA matrix, Leiden clustering was rerun with resolution of 1, and UMAP was recalculated 

with default parameters. An additional cluster (cluster 15, 0.7% of all cells) was filtered out due to high doublet scores from running 

the scrublet108 function in scanpy. This resulted in a final dataset of 31,662 cells and 200,769 peaks.

Cells were assigned to annotations based on accessibility at marker genes and using the epigenomic signature scores from our 

bulk ATAC-seq compendium.

ATAC-seq peak summits and TF motif analysis

For each of the four scATAC-seq samples, the 1 bp-resolution Tn5 insertion BED file was intersected with the peak regions using 

bedtools intersect. These were then sorted, and a bedGraph file was generated from the BED using a custom script. The bed

Graph file was then turned into a bigWig using the bedGraphToBigWig99 method. The bigWig files were read into R as RleLists, 

the signal was accumulated over the four samples, and then subset to the peak regions. Using the biosignals100 package, 

150 bp windows of maximum signal within the peaks were uncovered. These summit regions were then used to predict TF binding 

to both the B6 and Cast genomes using the package motifmatchr101 and a p-value threshold of 1e − 3. For allele-specific analysis, 

imbalanced TF motif match was determined as the difference in predicted binding between B6 and Cast, with an absolute (non-zero) 

difference less than 4 (i.e., the sites with the absolute difference >4 were excluded from the analysis as outliers). For allele-agnostic TF 

motif analysis, the maximum predicted binding value to either the B6 or Cast genome was used for a TF motif in a summit. To explore 

these TF motifs in our scATAC-seq data, we first looked for enrichment of TF motifs in differentially accessible peaks for each cell type 

(pval ≤0.05, LFC >0). We used the hypergeometric test to determine enrichment of summits within differentially accessible peaks 

with predicted TF motif matches. In addition, cells were scored for TF motifs by using scanpy score_genes() function with the 

set of peaks that contain at least one summit with a TF motif match.

Allele-specific analysis

Allele-specific counts were generated separately for the four samples over 475,357 summit windows within peaks. Counts were 

either assigned to the B6 genome, the Cast genome, or were considered ambiguous and ignored in downstream analyses. The 

scanpy package was used for all downstream analyses, and an AnnData object was generated by concatenating all four samples 

and then filtered to cells in our final dataset. Counts were then normalized by first generating a scaling factor for each cell, summing 

read counts for B6 and Cast counts. The scaling factor for each cell was then divided by the mean scaling factor over all cells. Finally 

the B6 and Cast count matrices were separately divided by the cell-based scaling factor. Allele-specific imbalance values (log2 fold 

changes) were then generated using these normalized counts to compare accessibility for B6 reads vs. Cast reads within each cell 

state. P-values were generated using a paired Wilcoxon test, and then corrected using Benjamini-Hochberg multiple hypothesis 

correction, and considered significantly imbalanced if FDR ≤0.05. We used Spearman correlation to compare allelic imbalance be

tween predicted TF motif matches and chromatin accessibility. Correlations in each cell state were calculated only for motifs with at 

least 1000 imbalanced summits.

scRNA-seq data analysis

The cell by gene count matrices were generated using a custom script, using only exonic reads. All analyses were performed using 

scanpy. QC steps were performed separately for the Armstrong samples and Clone 13 samples. Cells were first filtered out if having 

high mitochondrial UMI counts (using standard CellRanger filtered matrix output). Then cells were also filtered out if containing a low 

number of genes with non-zero count (fewer than 200), and genes were filtered out if present in fewer than 3 cells in either sample, 

resulting in 15,397 genes for further analysis. Cells were filtered out if having large total counts (25,000 for the clone 13 sample and 

35,000 for the Armstrong sample). Pearson residual normalization was performed on each sample separately with theta = 10 for 

both. The two samples were then concatenated together, resulting in a final dataset of 19,186 cells. Standard single-cell RNA- 

seq analysis steps were run: PCA, kNN neighborhood graph construction with 100 neighbors and 40 PCs and cosine similarity metric, 

Leiden clustering with resolution of 1.5, and UMAP generated. One cluster was filtered out as likely B cell contamination (high Cd79a 

expression), resulting in 19,107 cells. Cells were then filtered out if not present in the scATAC-seq data component, and cell type 

annotations from the scATAC-seq analysis were used to annotate cells. This resulted in a final dataset of 18,972 cells. Cell cycle 

gene signature scores were generated using scanpy score_genes_cell_cycle function and the G2M and S genes from 

cc.genes lists in the package Seurat.109
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Archetypal analysis

Archetypal analysis of the scATAC-seq data was performed using the py_pcha package61 using the transposed Pearson residual 

normalized count matrix. We used k = 8,12,15, ultimately selecting k = 8 for further analysis. To establish the biological and functional 

definitions of each archetype, we used a post hoc multi-modal approach combining cell-state enrichment with marker gene asso

ciation. Crucially, the archetypal decomposition itself is a completely unsupervised process that does not rely on prior biological la

bels. Functional annotations were assigned to the resulting archetypes post-decomposition solely to facilitate biological interpreta

tion. Each archetype was labeled based on the predominant cell state of the individual cells exhibiting the highest archetypal weights, 

representing the cells for which that specific archetype was the most defining regulatory feature. While some archetypes were highly 

subset-specific (e.g., Archetype 0 tracking with naive CD8 T cells), others captured shared programs across lineages (e.g., Archetype 

4 tracking with activation features across multiple T cell subsets), which were further validated by checking the expression of canon

ical marker genes strongly associated with those weights.

To characterize archetype-specific peaks, the matrix of archetype scores (H ∈ ℝk×p, where p is the number of peaks) was used to 

uniquely assign peaks to the archetype with the highest value (if greater than the threshold value of 0.1). To transfer and apply arche

types to other datasets (such as the Daniel et al.28 and Giles et al.29 datasets), the Scanpy score_genes() function was used to 

score the peaks assigned to each archetype (Table S6). These scores were then linearly scaled to the 0–1 range and normalized 

to sum to 1 for each cell.

To generate gene expression vectors for each archetype, we calculated weighted averages of cell expression vectors. In arche

typal analysis, we decompose our original cell by peak (n×p) data matrix into two matrices.63 More explicitly, X ∼WH, where X is our 

original cell by peak (ℝn×p) normalized count matrix, W ∈ ℝn×k is the archetypal weights (providing the probability each cell is as

signed to each archetype), and H ∈ ℝk×p is the archetypal score matrix, representing accessibility profiles for each archetype. 

The archetype scores matrix H is generated directly from the original data matrix: H = BX, because each archetype profile is a linear 

composition of the cells in the dataset. We used the weights from the B ∈ ℝk×n matrix (representing how strong an effect each cell has 

on an archetype) to calculate the weighted average of expression profiles for each archetype, only for cells in the multiome.

Analysis of other datasets

Daniel et al.28 Fragment files were downloaded from SRA for day 8 and day 21 samples. BED files with single base pair Tn5 insertion 

sites were generated from the fragment files using a custom script, and then intersected with our peak atlas BED file using bedtools 

intersect. Counts were generated over all peaks in our peak atlas using a custom script from the Tn5 insertion BED file. The QC 

analysis was done for each sample separately, with cells being filtered based on the total read counts, and then peaks filtered based 

on presence in sufficient number of cells across all samples. One sample, the day 21 CX3CR1− sample, had substantially lower 

counts compared to all other samples and therefore was excluded from subsequent analysis. Fragment counts were generated 

from raw counts using the ceiling of peak counts/2 to remove the bias toward even counts, and then normalized with Pearson resid

uals, as described above. The samples were then concatenated, resulting in a dataset of 59,146 cells and 111,405 peaks. PCA was 

run, kNN neighborhood graph was generated using 40 neighbors and 50 PCs with cosine similarity metric, and UMAP and Leiden 

clustering with resolution of 0.3 were run. Scoring of progenitor vs. exhaustion peak signatures was calculated using scanpy default 

score_genes() function.

Giles et al.29 Fragment files were downloaded from SRA for three samples: Armstrong infection 8 days post infection, Clone 13 

infection 8 days post infection, and naive cells. BED files with single base pair Tn5 insertion sites were generated from the fragment 

files using a custom script, and then intersected with our peak atlas BED file using bedtools intersect. Counts were generated over all 

peaks in our peak atlas using a custom script. Basic QC steps (filtering cells due to low total counts and peaks due to low counts 

across cells) were run in scanpy, separately for each of the three samples. Peak counts were first fragment-adjusted (ceiling of 

peak counts/2) to remove the bias toward even counts and then normalized with Pearson residuals, as described above. Samples 

were then concatenated, resulting in a matrix of 36,959 cells and 144,833 peaks. PCA was run, kNN graph was generated with 30 

neighbors, 40 PCs, and cosine similarity metric, UMAP was run with default parameters, and Leiden clustering was run with a res

olution value of 0.4. Scoring of progenitor vs. exhaustion peak signatures was calculated using scanpy default score_genes 

function.

QUANTIFICATION AND STATISTICAL ANALYSIS

All details of data quantification, statistical and computational analyses used in this study can be found in the main and supplemen

tary figures, the corresponding figure legends, results and method details section of STAR Methods.

Cell Reports 45, 118156, November 24, 2026 25 

Resource
ll

OPEN ACCESS



Cell Reports, Volume 45 

Supplemental information 

Single-cell multi-omics 

reveals archetypal regulatory programs 

shared across T cell subsets 

Sarah K. Walker, Joris van der Veeken, Alexander Y. Rudensky, and Yuri Pritykin 



 

1 

Document S1: Supplementary Figures S1–S14. 
 

 
 
Figure S1. Sorting of T cells and initial quality control of the scATAC-seq data (related to Figure 1). 
(A) Flow cytometry sorting strategy: splenic CD4 and CD8 T cells from mice infected with LCMV were 
isolated for multiomic profiling (see STAR Methods). 
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(B) Quality control (QC) plot showing the distribution of fragment sizes for each of the four samples. 
Expected modes corresponding to fragments spanning one, two or three nucleosomes, as well as 
characteristic 10 bp periodicity, confirm high data quality. 
(C) QC plots showing the number of peaks with non-zero scATAC-seq signal (1 bp Tn5 insertion count) 
per cell from before (top) and after (bottom) filtering out low quality cells and peaks, across all four 
samples. 
(D) Left, UMAP plot from preliminary analysis highlighting preliminary cluster 11 (212 cells, 0.7% of total), 
which consisted of B cell contamination. Right, dotplot showing expression of B cell and T cell marker 
genes in preliminary cluster 11 vs. all other cells. Dot size, fraction of cells with normalized expression 
greater than 0; dot color, mean normalized expression. This B cell contamination cluster was removed 
from the data prior to reclustering for subsequent analysis. 
(E) Left, UMAP plots showing doublet scores calculated with Scrublet and Leiden cluster 15. Right, barplot 
showing the fraction of predicted doublets (as identified by Scrublet) within each Leiden cluster. Cluster 15 
contained the highest fraction of predicted doublets and was therefore removed from subsequent analysis. 
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Figure S2. Analysis and functional annotation of the scATAC-seq data (related to Figure 1). 
(A) UMAP plot of the scATAC-seq component of the data, colored by (left) sample (infection type) and 
(right) experimental batch (scATAC-seq from multiome and standalone scATAC-seq experiment). 
Accompanying bar plots show composition of Leiden clusters by (left) infection type and (right) batch 
(scATAC-seq from multiome vs. standalone scATAC-seq). This analysis illustrates presence of cells from 
each cluster in both infection type conditions and approximately equal presence in both batches, 
suggesting reproducibility and little batch effect for cluster definitions. 
(B) UMAP colored by Leiden clusters. 
(C) Dotplot showing normalized scATAC-seq accessibility of a selected peak for each marker gene across 
scATAC-seq Leiden clusters, illustrating functional cell state annotations of the clusters. Cluster 
assignments to functional cell states are shown on the left. A dendrogram on the right shows how Leiden 
clusters relate to each other. Dot size, fraction of cells with normalized accessibility greater than 0; dot 
color, mean normalized accessibility in a cluster. 
(D) Dendrogram of hierarchical clustering over 4,811 differentially accessible peaks (peaks enriched in at 
least one cluster, with log2 fold change >1.5 and p ≤ 0.05), for T cell functional states, separated by 
infection type. This analysis illustrates similarity of cells with the same functional annotation from the two 
distinct infection responses, and relative similarity of different functional states. 
(E) UMAP of the four clusters annotated as naive and memory populations, colored by scores from 
memory vs. naive (top) and naive vs. memory (bottom) epigenomic signatures derived from different bulk 
ATAC-seq dataset (see STAR Methods). Shown also is a UMAP with final functional cell state 
annotations. This analysis illustrates naive and memory functional cell state annotations. 
(F) Boxplots showing distributions of scores from CD4 T cell epigenomic signatures derived from bulk 
ATAC-seq data, grouped by category, for CD4 T cell states. 
(G) Boxplots showing distributions of scores from CD8 T cell epigenomic signatures derived from bulk 
ATAC-seq data, grouped by category, for CD8 T cell states.  
(H) Cumulative distribution function (CDF) plots showing the distribution of scores from three exhausted 
vs. effector epigenomic signatures derived from bulk ATAC-seq data, separately for each of the four 
clusters annotated as either effector or exhausted CD8 T cells. Distribution of scores for cluster 0 is 
significantly higher than that for all other clusters (FDR < 2.4e−112), justifying annotation of cluster 0 as 
exhausted CD8 T cells. 
Boxplots: center line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range; 
outliers not shown. 
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Figure S3. Expression of selected genes across functional cell states (related to Figure 1). 
Dotplot showing normalized scRNA-seq expression of genes with important functions in T cells, across 
functional cell states derived from scATAC-seq analysis, separated by infection type (left, Arm; right, 
Cl13). Dot size, fraction of cells with normalized expression greater than 0; dot color, mean normalized 
expression. 
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Figure S4. Comparison of our scATAC-seq analysis with ArchR tile-based analysis (related to 
Figure 1). 
(A) UMAP generated using the default ArchR pipeline with a TileMatrix for downstream analyses. UMAP 
plots are colored by (left to right): our final cell state annotations, ArchR tile-based clusters, sample 
(infection type), and experimental batch (multiome scATAC-seq vs. standalone scATAC-seq). Cluster C1 
consisted primarily of B cell contamination and was removed. 
(B) ArchR UMAP colored by our cell state annotations and by annotations derived from ArchR tile-based 
clustering. ArchR clusters were annotated based on predominant overlapping annotations from our 
analysis (which were based on marker gene activity and literature-derived epigenomic signatures); 
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following a standard approach in single-cell genomics analysis, all cells in each ArchR cluster received the 
same annotation. 
(C) ArchR UMAP plots showing cells with conflicting annotations between our analysis and the ArchR tile-
based analysis. The discrepancy was observed across nearly all clusters. In particular, following the logic 
above, both ArchR clusters C4 and C6, overlapping with exhausted cells defined in our analysis, 
predominantly contained effector cells defined in our analysis and therefore were annotated as effector 
CD8 T cells. 
(D, E) Comparisons of cells that are annotated as CD4 vs. CD8 T cells in our vs. ArchR analysis. In our 
analysis, 15.5K cells were annotated as CD8 T cells vs. 15.6K CD8 T cells in ArchR analysis; 14.8K cells 
were annotated as CD4 T cells in our analysis vs. 14.3K CD4 T cells in ArchR analysis. We considered 
two groups of discrepant cells (1,515 cells total): 891 cells annotated as CD8 T cells in our analysis but 
CD4 T cells by ArchR (shown in orange), and 624 cells annotated as CD4 T cells in our analysis but CD8 
T cells by ArchR (shown in blue). 
(D) UMAP plot showing the discrepant annotations. 
(E) CDF plots showing distributions of chromatin accessibility for the two groups of cells with discrepant 
annotations, for peaks of the lineage-defining genes Cd4, Cd8a, and Cd8b1. Venn diagrams illustrate the 
definitions of the two groups of cells with discrepant annotations. Accessibility values were averaged 
across peaks near each gene for each cell. All pairwise differences between blue and orange distributions 
are significant (FDR < 5.4e−19, two-sided KS test): “orange” cells are more likely to be CD8 T cells and 
“blue” cells are more likely to be CD4 T cells, suggesting that our annotations are more accurate than 
those from ArchR analysis. 
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Figure S5. Comparison of our scATAC-seq analysis with ArchR peak-based analysis (related to 
Figure 1). 
Same comparative analysis as in Fig. S4 but for the peak-based instead of tile-based ArchR analysis. 
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(A) UMAP generated using the default ArchR pipeline using an ArchR-generated PeakMatrix with MACS2 
peak calling. UMAP plots are colored by (left to right): our final cell state annotations, ArchR peak-based 
clusters, sample (infection type), and experimental batch (multiome scATAC-seq vs. standalone scATAC-
seq). Cluster C1 consisted primarily of B cell contamination and was removed. 
(B) UMAP from ArchR peak-based analysis colored by our cell state annotations and by annotations 
derived from ArchR peak-based clustering. ArchR clusters were annotated based on predominant 
overlapping annotations from our analysis (which were based on marker gene activity and literature-
derived epigenomic signatures); following a standard approach in single-cell genomics analysis, all cells in 
each ArchR cluster received the same annotation. 
(C) UMAP from ArchR peak-based analysis showing cells with conflicting annotations between our 
analysis and the ArchR peak-based analysis. The discrepancy was observed across nearly all clusters. In 
particular, following the logic above, both ArchR peak-based clusters C7 and C8, overlapping with 
exhausted cells defined in our analysis, predominantly contained effector cells defined in our analysis and 
therefore were annotated as effector CD8 T cells; no ArchR clusters were annotated as exhausted. 
(D, E) Comparisons of cells that are annotated as CD4 vs. CD8 T cells in our vs. ArchR peak-based 
analysis (1,353 cells). Analogous to Fig. S4D,E. Pairwise differences between the blue and orange 
distributions are significant for Cd8a and Cd8b1 (FDR < 1.7e−10, two-sided KS test): “orange” cells are 
more likely to be CD8 than CD4 T cells, suggesting that our annotations are more accurate than those 
from ArchR peak-based analysis. 
(F, G) Comparisons of cells that are annotated as progenitor CD8 T cells in our analysis or ArchR peak-
based analysis. In our analysis, 729 cells were annotated as CD8 progenitors vs. 1,135 CD8 progenitors 
in ArchR peak-based analysis. We considered two groups of cells with discrepant annotations (608 cells 
total): 97 cells annotated as CD8 progenitors in our but not ArchR peak-based analysis (shown in orange), 
and 503 cells annotated as CD8 progenitors in ArchR peak-based but not in our analysis (shown in blue). 
Other 29.3K cells were not annotated as CD8 progenitors in both analyses (shown in gray). 
(F) UMAP plots showing the discrepant annotations. 
(G) CDF plots showing distributions of progenitor vs. exhausted epigenomic signature scores (derived 
from our bulk ATAC-seq compendium) for cells with discrepant annotations. Venn diagrams illustrate the 
definitions of the two groups of cells with discrepant annotations. The orange values are significantly 
larger than blue values in both comparisons (FDR < 2.4e−12, two-sided KS test), suggesting that our 
annotations are more accurate. 
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Figure S6. Analysis of the scRNA-seq data (related to Figure 1). 
(A) Violin plots showing the distribution of the percentage of reads aligned to mitochondria per cell for the 
Armstrong (left) and Clone 13 (right) sample. Cells exceeding the 19% mitochondrial read threshold (red 
line) were removed for downstream analysis. 
(B) QC plots showing the distribution of the number of genes with non-zero expression per cell before 
(top) and after (bottom) filtering out low quality cells, separately for the Armstrong (left) and the Clone 13 
(right) sample. 
(C) Top row: scATAC-seq UMAP plots colored by scRNA-seq Leiden clusters (left) and cell cycle gene 
signature scores (S phase, center, and G2M phase, right) in the scRNA-seq data. Bottom row: scRNA-seq 
UMAP plots colored by scRNA-seq Leiden clusters (left), scATAC-seq Leiden clusters (center) and our 
final functional T cell state annotations based on the scATAC-seq analysis (right). 
(D) Clustered heatmap showing the correspondence between scRNA-seq-based Leiden clusters and our 
final cell state annotations (based on the scATAC-seq analysis). Each square represents the fraction of 
cells from a given scRNA-seq cluster assigned to each functional cell state annotation; rows sum to 1. 
(E) Dotplot showing expression of selected marker genes across scRNA-seq-based Leiden clusters, 
further stratified by their assigned scATAC-seq-derived functional annotations. Bar plot on the right margin 
shows the number of cells in each group; only groups of > 200 cells are shown. Dot size, fraction of cells 
with normalized expression greater than 0; dot color, mean normalized expression. We conclude that 
scRNA-seq clustering cannot resolve between distinct functional annotations, including between cells from 
CD4 and CD8 lineages (confirmed by expression of lineage-defining markers Cd4, Cd8a, Cd8b1). Indeed, 
if annotations were defined based on scRNA-seq clusters (and following a standard approach in single-
cell genomics analysis, all cells in each scRNA-seq cluster would receive the same annotation), this would 
result in combining functionally distinct cells into the same annotation. For example, scRNA-seq cluster 1 
contains both CD4 Th1 cells and CD8 effector and exhausted cells; scRNA-seq cluster 2 contains both 
CD4 Th1 and Tfh cells and CD8 effector and exhausted cells; scRNA-seq cluster 10 contains both naive 
CD4 T cells and memory CD8 T cells, etc., which would receive the same annotation within the cluster, 
resulting in misannotation. 
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Figure S7. Additional analysis of the CD8 T cell scATAC-seq data from Daniel et al. (related to 
Figure 2). 
(A) UMAP of the Daniel et al. dataset (same as in Fig. 2C), colored by Leiden clusters defined in our 
reanalysis (left), timepoint post infection (center), and data sample (right). 
(B) Barplot showing the distribution of annotations from the original publication across our newly defined 
clusters. Clusters are grouped according to our new annotations: cluster 0, CD8 effectors; clusters 1, 2, 4 
and 8, CD8 eff/exh mixed1 (mixed effector and exhausted CD8 T cells, subset 1); clusters 3, 9 and 14, 
CD8 exhausted; clusters 5 and 7, CD8 eff/exh mixed2 (mixed effector and exhausted CD8 T cells, subset 
2); cluster 6, CD8 progenitors; clusters 10, 11 and 12, CD8 naive; cluster 13, CD8 effector/memory. The 
justification of these annotations is presented in panels C–G. 
(C) Bar plot showing the distribution of our Leiden clusters across each data sample. 
(D) CDF curves showing the distribution of epigenomic signature scores across Leiden clusters. Each 
epigenomic signature is defined as the set of peaks with significantly higher accessibility in one condition 
vs. another, as derived from reanalysis of published ATAC-seq data (as in Fig. 1F,G, Fig. 2A,D, Fig. 
S2E–H). Signatures are grouped by cell state, e.g. all signatures for effector vs. another cell state, for 
exhausted vs. another cell state, etc. (see panel E for the full list). For each cluster, scores of the relevant 
signatures are shown in the corresponding color, other ones in gray. This analysis justifies functional 
annotation of each cluster: for example, cluster 0 has enrichment of the effector signatures (i.e. signatures 
of effector cells vs. another cell state), clusters 3, 9 and 14 have enrichment of the exhaustion signatures 
(i.e. signatures of exhausted cells vs. another cell state), etc. 
(E) Boxplots showing distributions of epigenomic signature scores, grouped by category (as in panel D), 
for cells from different functional annotations defined in our reanalysis (see panels A–D). Boxplots: center 
line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range; outliers not shown. 
Despite multiple populations with mixed annotations, this analysis further justifies our key functional 
annotations: effector cells have higher effector signature scores, exhausted cells have higher exhaustion 
signature scores, and progenitor cells have higher progenitor signature scores. 
(F–G) Further justification of the exhaustion annotation across both infection types and timepoints. 
(F) UMAP plot highlighting the cells identified as exhausted in our reanalysis (clusters 3, 9 and 14). The 
corresponding barplot shows the distribution of these cells’ annotations in the original analysis. 
(G) Left, boxplots showing distributions of epigenomic signature scores for cells identified as exhausted in 
our reanalysis vs. all other antigen-activated cells (i.e. all other cells except those labeled as naive in the 
original annotations), separately for cells from Arm day 8, Cl13 day 8 and Cl13 day 21 samples. Shown 
are the exhaustion vs. effector signatures and effector vs. exhaustion signatures (as in panels D,E). In 
addition, we derived the epigenomic signature (differentially accessible peaks, DAP, defined as LFC > 1, 
padj ≤ 0.05) of early exhaustion from our multiomic data (exhausted vs. other, LCMV day 7, as in Fig. 1C). 
Boxplots: center line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range; 
outliers not shown. 
Right, UMAP showing the score of the epigenomic signature of early exhaustion derived from our data, for 
all antigen-activated cells (i.e. excluding naive). 
Cells that we annotated as exhausted indeed have higher exhaustion vs. effector signature scores and 
lower effector vs. exhaustion signature scores across all conditions, including at day 8 in response to 
LCMV Armstrong. 
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Figure S8. Reanalysis of the CD8 T cell scATAC-seq data (LCMV, day 8 post infection) from Giles 
et al. (related to Figure 2). 
(A) UMAP plots with the cell state annotations from the original publication (Giles et al. Nature Immunol 
2022, PMID: 36271148) (left) and our newly defined clusters (right). Cluster 3 in this reanalysis are 
progenitor CD8 T cells, which included both memory precursor (MP) and pre-exhausted cells (Exh-Pre) 
defined in the original publication. The justification of this annotation is presented in panels B–D. 
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(B) UMAP showing the progenitor cells. Left, cells annotated as Exh-Pre or MP cells in the original 
publication. The barplot shows the distribution of these annotations within our clusters in our reanalysis for 
these cells. Right, cells annotated as progenitors (cluster 3) in our reanalysis. The barplot shows the 
distribution of samples of origin for these cells. 
(C) Top, UMAP plots showing the score for the progenitor vs. exhaustion epigenomic signature derived 
from our bulk ATAC-seq compendium (as in Fig. 2A,D), separately for the Arm (left) and Cl13 (right) 
samples, for all activated cells (i.e. excluding naive, shown in gray). Bottom, violin plot showing the 
progenitor vs. exhaustion signature score in activated (non-naive) cells and all cluster 3 progenitor cells, 
separately for Arm and Cl13 infection. This analysis confirms annotation of cells from cluster 3 as 
progenitors, in both Arm and Cl13 infection. 
(D) Dotplots showing chromatin accessibility for selected peaks near marker genes in clusters from our 
reanalysis of the data, separately for the Arm (left) and Cl13 (right) samples (excluding clusters 1 and 4 
that contain only naive cells, and naive cells from other clusters), with the progenitor cluster 3 highlighted. 
The dot size, fraction of cells with normalized accessibility greater than 0; dot color, mean normalized 
accessibility in that cluster. Barplots on the right side show the number of cells per cluster. Cluster 3 has 
enriched activity of progenitor markers Cxcr5, Tcf7, Slamf6, confirming its annotation as progenitors. 
(E) UMAP from the original paper, colored by our Leiden clusters (left), the original annotations (center), 
and the progenitor vs. exhaustion epigenomic signature score (right). Both cell subsets annotated as MP 
and Exh-Pre in the original analysis have the highest progenitor score. 
(F) CDF plots (left) of the progenitor vs. exhaustion epigenomic signature scores for cells defined as 
progenitors in our annotations (cluster 3) or either Exh-Pre or MP in the original analysis (all other cells are 
shown in the black dotted line as a reference). In the original analysis, 1,825 cells were annotated as Exh-
Pre, and 370 cells annotated as MP. In our analysis, 2,435 cells were annotated as progenitors, including 
1,821 cells that were annotated as Exh-Pre (shown in dark blue) and 343 cells annotated as MP (shown in 
red) in original analysis, and 271 additional cells (shown in light blue); 4 cells were annotated as Exh-Pre 
(shown in pink) and 27 cells annotated as MP (shown in brown) in the original analysis but not annotated 
as progenitors in our reanalysis. Venn diagrams (right) illustrate the definitions of these groups of cells. 
The values shown in pink and brown are significantly lower than light blue (FDR < 4.5e−4, two-sided KS 
test), suggesting that the 271 “light-blue” cells are correctly annotated as progenitors. This analysis also 
confirms that cells originally annotated as MP are indeed progenitors. 
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Figure S9. Archetypal analysis of the scATAC-seq data (related to Figure 3). 
(A) Hierarchical clustering of scATAC-seq data using different sets of peaks (either all peaks, or 
differentially accessible peaks defined at different levels of stringency) confirms similarity of chromatin 
accessibility between CD4 Tfh cells and progenitor CD8 T cells (STAR Methods). 
(B) Hierarchical clustering of scRNA-seq data using different sets of genes (either all genes, or 
differentially expressed genes defined at different levels of stringency) confirms similarity of gene 
expression between CD4 Tfh cells and progenitor CD8 T cells. 
(C) Dotplots of archetypal weights for Armstrong and Clone 13 cells. Dot size represents the fraction of 
cells within a given cell state with strictly positive weight. The color of the dot indicates the average level of 
archetypal weight in that cell state. 
(D) UMAP plots showing cell-wise archetypal weights for each of the eight inferred archetypes. 
(E) Heatmap of pairwise Spearman correlations between archetypes (values of 1.0 on the diagonal not 
shown), demonstrating that each archetype captures a distinct chromatin accessibility program. 
(F) CDF plots showing average accessibility of peaks near genes overexpressed in each cell type (LFC > 
0, FDR ≤ 0.05) and associated with specific archetypes. Gray lines indicate baseline distributions of 
average accessibility for all peaks near a gene. Only the archetypes with significantly higher accessibility 
compared to baseline are shown for each cell state (KS test, FDR ≤ 0.05, and median accessibility 
difference ≥ 0.03). This analysis illustrates that scATAC-seq archetypes capture regulation of gene 
expression for the genes overexpressed in functional cell states. 
(G) CDF plots comparing the distribution of our archetypal weights transferred to the Daniel et al. dataset 
(see reanalysis of this dataset in Fig. 2, Fig. S7), focusing on the CD8 progenitor population from Arm day 
8 or Cl13 day 8 samples. CD4 Tfh archetype has the strongest weights in CD8 progenitors. 
(H) CDF plots comparing the distribution of our archetypal weights transferred to the Giles et al. dataset 
(see reanalysis of this dataset in Fig. S8), focusing on the CD8 progenitor population. CD4 Tfh archetype 
has the strongest weights in CD8 progenitors. 
(I) Scatterplots showing the relationship between archetypal weight and similarity of chromatin 
accessibility to each archetype. Each point represents one cell. The x-axis values represent the archetypal 
weight in that cell. The y-axis values show the Spearman correlation between accessibility profile and the 
archetypal peak scores over all peaks in that cell. Each cell is colored by its functional annotation, grouped 
by each of the eight archetypes. Cells with higher archetypal weight tend to have higher correlation of 
chromatin accessibility with the peak scores of that archetype. 
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Figure S10. Gene expression patterns associated with scATAC-seq archetypes and additional 
archetypal analysis (related to Figure 3). 
(A) Schematic illustrating how the accessibility profile of each scATAC-seq archetype (an archetypal score 
for each peak) is defined as a linear combination of cell accessibility profiles (see STAR Methods). 
(B) Schematic showing how gene expression profiles for each scATAC-seq archetype are derived using 
the cell weights from panel A. 
(C) Scatterplots showing the relationship between scATAC-seq archetypal weight and the similarity of 
gene expression to each archetype. (Similar to Fig. S9I, but for gene expression instead of chromatin 
accessibility.) Each point represents one cell. The x-axis values represent the scATAC-seq archetypal 
weight in that cell. The y-axis values show the Spearman correlation between the gene expression profile 
in that cell and the archetypal gene expression profile over all genes. Archetypal gene expression profiles 
(for scATAC-seq archetypes) were calculated using weighted average of cell expression profiles (see 
panel B, STAR Methods). Each cell is colored by its functional annotation, grouped by each of the eight 
archetypes. Cells with higher scATAC-seq archetypal weight tend to have higher correlation of gene 
expression with the archetypal gene expression profile. 
(D) Boxplots showing gene archetypal scores for genes associated with cell cycle phases. Left: 52 genes 
related to the G2/M phase; right: 42 genes related to the S phase. 
(E) Boxplots showing chromatin accessibility archetypal scores for peaks near cell cycle-related genes. 
Left: 482 peaks near G2/M-phase-associated genes; right: 359 peaks near S-phase-associated genes. 
(F–H) Results of scATAC-seq archetypal analysis for k = 12. 
(F) Heatmap showing Spearman correlations between each of our main archetypes (defined for k = 8) and 
the archetypes defined for k = 12. 
(G) Heatmap showing Spearman correlations between each pair of archetypes defined for k = 12 (values 
of 1.0 on the diagonal not shown). 
(H) Dotplot showing archetypal weights for different cell types for archetypal analysis with k = 12 (similar 
to Fig. 3E). 
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Figure S11. Archetypal analysis reveals cell state-specific regulation of Tox gene expression 
(related to Figure 3). 
(A) Top: Boxplot and scatterplot showing correlations between accessibility of individual peaks near Tox 
and Tox gene expression across different cell states. Peaks are grouped by their assigned scATAC-seq 
archetype. Significant correlations are colored by archetype; non-significant are shown in gray. Bottom: 
Barplot showing the fraction of peaks within each archetype that significantly correlate with Tox expression 
in each cell population. 
(B) Pseudobulk scATAC-seq tracks around the Tox gene locus for different T cell subsets. Peaks are 
marked by rectangles at the bottom, colored by their archetype assignment. One representative peak with 
significant correlation is highlighted for each archetype. 
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Figure S12. Transcription factors associated with distinct cell states and archetypes (related to 
Figure 4). 
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(A) Clustered heatmap showing Spearman correlations between archetypal weights and motif scores. 
(B) Motifs most significantly enriched in each functional cell state compared with all other cells. The 
barplot shows the difference in medians (median motif score in cells of the selected cell state minus the 
median score for all other cells) for the top 10 motifs per cell state. All enrichments are significant (FDR ≤ 
0.05, LFC > 0, one-sided KS test, with Benjamini-Hochberg correction). 
(C) Clustered heatmap showing Spearman correlations between allelic imbalance of motif matches and 
chromatin accessibility across functional T cell states. Non-significant correlations (FDR > 0.05) are shown 
in gray. 
(D) CDF plots showing the distributions of motif scores for selected motifs in three cell populations: CD4 
Tfh cells, exhausted CD8 T cells, and progenitor CD8 T cells. This analysis illustrates that motifs most 
active in progenitors are a combination of motifs most active in CD8 exhaustion and CD4 Tfh cells. 
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Figure S13. Tfh archetypal gradient in Tfh cells and progenitor CD8 T cells (related to Figure 5). 
(A) Heatmap showing Spearman correlations between Tfh archetypal weights and gene expression in Tfh 
cells and progenitor CD8 T cells. Genes selected for this plot are the top 100 most positively and top 100 
most negatively correlated with the Tfh archetype across all Tfh cells. Correlations are computed 
separately for each cell state, as well as within Armstrong-only and Clone 13-only subsets. The strong 
similarity of these transcriptional associations across both cell populations and both infection models 
confirms a shared Tfh-like differentiation gradient in both Tfh and CD8 progenitor cells. 
(B) Scatterplot comparing gene expression correlations with the Tfh archetype in CD8 progenitor cells vs. 
Tfh cells. This analysis further illustrates that genes with most strongly positively or negatively correlated 
expression are similar between Tfh cells and CD8 progenitors, suggesting a similar Tfh-like differentiation 
gradient across both cell populations. 
(C) UMAP plots highlighting CD8 exhaustion archetypal weights in Tfh cells (left) and progenitor CD8 T 
cells (right). 
(D) Barplots showing the top 15 most correlated and anti-correlated gene expression with the CD8 
exhaustion archetype in Tfh cells (top) and progenitor CD8 T cells (bottom). 
(E) Heatmap showing Spearman correlations between archetypal weights and normalized gene 
expression within progenitor CD8 T cells and Tfh cells for selected genes from different functional 
categories (similar to Fig. 5C). Left two columns: correlations with the Tfh archetypal weights for 
progenitor CD8 T cells and Tfh cells. Right two columns: correlations with CD8 exhaustion archetypal 
weights for progenitor and exhausted CD8 T cells. The gene expression values were averaged over 
neighbors in the scRNA-seq kNN graph (k = 20). Non-significant correlations (FDR > 0.05) are shown in 
gray. 
(F) Clustered heatmap of correlations between archetypal weights and transcription factor motif scores for 
all motifs, highlighting the Tfh and CD8 exhaustion archetypes across three selected cell populations. 
(G) Heatmap showing Spearman correlations between Tfh or CD8 exhaustion archetypal weights and 
normalized gene expression within Tfh, progenitor and exhausted CD8 T cells. Genes with the strongest 
positive or negative correlations between exhausted CD8 T cells and CD8 exhaustion archetype, Tfh cells 
and Tfh archetype, and CD8 progenitors and either archetype were selected (total 1,131 genes). The 
gene expression values were averaged over neighbors in the scRNA-seq kNN graph (k = 20). 
(H) Barplots comparing Spearman correlations between expression of functionally important T cell genes 
and the Tfh archetype across different resolutions of archetypal analysis (k = 8 vs. k = 12 archetypes), 
evaluated within Tfh and CD8 progenitor cells. The analysis compares the primary Tfh archetype (from the 
analysis for k = 8) against archetypes 2 and 3 from the archetypal analysis for k = 12 which showed the 
strongest association with Tfh cells (see Fig. S10F–H). Genes are ordered by their correlation with the 
primary Tfh archetype (defined for k = 8) within Tfh cells. This analysis confirms that for k = 12, archetype 
2 captures the same Tfh differentiation gradient as the Tfh archetype in the primary analysis for k = 8. 
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Figure S14. Validation of differential regulatory dynamics between Armstrong and Clone 13 
responses (related to Figure 6). 
(A) CDF plots of our archetypal weights transferred to the Daniel et al. dataset (see our reanalysis of this 
dataset presented in Fig. 2, Fig. S7), comparing Armstrong and Clone 13 cells within the CD8 progenitor 
population. All distributions are significantly different (two-sided KS test, FDR < 2.4e−13). 
(B) CDF plots of our archetypal weights transferred to the Giles et al. dataset (see our reanalysis of this 
dataset presented in Fig. S8), comparing Armstrong and Clone 13 cells wtihin the CD8 progenitor 
population (Leiden cluster 3). All distributions are significantly different (two-sided KS test, FDR < 
7.6e−19). 
Together, the analysis in panels A–B confirms transferability of our archetypes to other datasets and 
independently validates that cells in Clone 13 undergo accelerated activation compared with Armstrong, 
because they tend to have larger Tfh and CD8 exhaustion archetypal weights. 
(C–D) Boxplots comparing the selected TF motif scores between Armstrong and Clone 13 cells in the CD8 
progenitor population in (C) the Daniel et al. and (D) the Giles et al. datasets. Significant difference 
marked with asterisk (two-sided KS test, FDR < 0.05). These results independently validate the differential 
TF motif activity between Arm and Cl13 observed in our main analysis (see Fig. 6F). 
(E) Heatmap comparing the motif scores of selected motifs between Armstrong and Clone 13 cells for all 
subpopulations in our dataset. Color represents the difference in medians between the Armstrong score 
and the Clone 13 score. Non-significant differences are shown in gray (FDR > 0.05, two-sided KS test). 
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