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Upon antigenic stimulation, näıve CD4+ T cells can give rise to phenotypically distinct effector T helper cells and long-lived
memory T cells. We computationally reconstructed the in vivo trajectory of CD4+ T cell differentiation during a type I
inflammatory immune response and identified two distinct differentiation paths for effector and precursor central memory
T cells arising directly from näıve CD4+ T cells. Unexpectedly, our studies revealed heterogeneity among näıve CD4+ T cells,
which are typically considered homogeneous save for their diverse T cell receptor usage. Specifically, a previously
unappreciated population of näıve CD4+ T cells sensing environmental type I IFN exhibited distinct activation thresholds,
suggesting that näıve CD4+ T cell differentiation potential may be influenced by environmental cues. This population was
expanded in human viral infection and type I IFN response-lined autoimmunity. Understanding the relevance of näıve T cell
heterogeneity to beneficial and maladaptive T cell responses may have therapeutic implications for adoptive T cell therapies
in cancer immunotherapy and vaccination.

Introduction
CD4+ T cells, principal regulators of both the magnitude and type
of immune response, emerge from the thymus as quiescent näıve
cells. Upon infectious challenge, näıve CD4+ T cells give rise to an
array of relatively short-lived effector and long-lived memory
cells. Two models have been proposed for the emergence of cen-
tral memory T (TCM) cells: a linear model in which näıve T cells,
upon activation, first differentiate into effector cells, a subset of
which transitions tomemory cells; or a branchingmodel, whereby
activated näıve T cells generate both effector and memory T cell
progeny during their initial cell divisions. While recent studies
characterizing CD4+ T cell heterogeneity during acute viral in-
fection identified the presence of precursor TCM (pTCM) at a single
time point of the analysis, such a snapshot approach precluded
assessment of their developmental dynamics. Thus, the current
view of pTCM fate decisions remains ambiguous.

Although the cues that regulate CD4+ T cell effector lineage
commitment have been extensively studied over the last two
decades, the signals that influence the differentiation of memory

CD4+ T cells either from naı̈ve or effector cells are poorly un-
derstood. Numerous studies have suggested that T cell receptor
(TCR) affinity serves as the key determinant of T cell fate with
increased TCR signal strength associated with TH1 versus T
follicular helper (TFH) or pTCM differentiation (Tubo et al., 2013).
This notion was recently called into question by a study utilizing
single-cell TCR sequencing (scTCR-seq) to track the fate of in-
dividual virus-specific T cells in which the majority of näıve
T cell clonotypes were identified within both TH1 and TFH ef-
fector cell populations at the peak of the responses, yet at the
same time a sizeable proportion of virus-specific clones dis-
played TH1 or TFH restriction (Khatun et al., 2021).

To explore the temporal and developmental relationships
between naı̈ve, effector, and memory T cells, and the role of
environmental cues versus TCR specificity in driving these
distinct cell fates, we deployed paired single-cell RNA and TCR
sequencing (scRNA/scTCR-seq) combined with trajectory anal-
yses to reconstruct naı̈ve CD4+ T cell differentiation during acute
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bacterial infection (Nowotschin et al., 2019). Our analysis de-
fined the differentiation trajectories and associated signaling
pathways from naı̈ve to effector T cell lineages and precursor
central memory cells, revealing an early branch of pTCM cells
arising directly from naı̈ve T cells. These lineage fate decisions
were not determined by the TCR specificities of näıve CD4
T cells. Interrogation of the signaling pathways associated with
pTCM versus effector T cell differentiation revealed that sus-
tained type I IFN signaling following priming of naı̈ve CD4+

T cells was associated with the generation of precursor memory
CD4+ T cells, suggesting that divergent effector and memory
T cell fates may originate from distinct cellular niches. Sur-
prisingly, our analyses also uncovered pre-existing heteroge-
neity within the naı̈ve CD4+ T cell compartment inmice: notably
a population of näıve cells experiencing type I IFN signaling as
well as previously described CD5hi näıve T cells (Weber et al.,
2012; Persaud et al., 2014; Mandl et al., 2013; Bartleson et al.,
2020), each poised for distinct fates upon activation. Examina-
tion of human T cells either during acute viral infection or
systemic lupus erythematosus (SLE), a type I IFN–associated
autoimmune disease, suggested dynamic responsiveness of
naı̈ve T cells to type I IFN and likely other environmental cues.
We posit that the naı̈ve T cell pool represents a mix of cells with
differing “life histories,” reflecting their exposure to infectious
and other environmental perturbations potentially experienced
as bystanders during their residence in, or passage through,
anatomically distinct LNs with unique cellular and lymph
composition providing a rich source of factors with immune-
modulatory potential (Esterházy et al., 2019).

Results
Heterogeneity of effector CD4+ T cell states and relationship
to precursor central memory T cells
During infection with a type 1 immune response-inducing
pathogen, activation of näıve pathogen-specific CD4+ T cells
results in their differentiation into two major effector cell states:
TH1 cells and TFH cells. In addition, a subset of TCM cells also
emerges (Pepper et al., 2011). Previous studies have proposed
that the choice between particular flavors of effector and
memory T cell responses is determined by the strength of the
TCR signal (Tubo et al., 2013). To determine the full extent of
effector T cell heterogeneity during acute bacterial infection and
resolve contributions of TCR usage-based cell intrinsic versus
extrinsic cues in directing naı̈ve T cell fates, we infected B6 mice
with Listeria monocytogenes (L.m.) expressing lymphocytic cho-
riomeningitis virus (LCMV) envelope glycoprotein-derived an-
tigenic peptide gp66-80 (L.m.-gp66) and performed scRNA-seq
and TCR-seq on FACS purified I-Ab:gp66 tetramer-bound effec-
tor CD4+ T cells on day 7 after infection (Fig. 1 a).

Analysis of scRNA-seq profiles and TCR usage of effector
T cells (2,964 and 2,465 cells, respectively) identified nine
clusters (Fig. 1 b). Based on the differential expression of ca-
nonical T cell lineage genes, three distinct T cell types we
identified included TH1, TFH, and a third cell type, expressing
TCM markers CCR7 and CD62L (Fig. 1, c and d; and Fig. S1 a).
pTCM cells were further distinguished by increased expression

of Klf2 and S1pr1 genes (Fig. S1 b), a profile consistent with re-
circulating TCM (Skon et al., 2013). Visualization of T cell phe-
notypes using diffusion maps demonstrated a phenotypic
continuum between pTCM cells and either TH1 or TFH cells
(Fig. 1 e).

Differential gene expression analysis for TFH, TH1, and pTCM
cells identified TH1 lineage-specific genes, including exclusive
expression of Tbx21, Ly6c2, Nkg7, and Id2, as well as the chemo-
kine receptor gene Cxcr6 while TFH cells expressed Id3, Bcl6, and
Cxcr5 (Fig. 1, c and d; and Fig. S1, a and b). These phenotypes are
consistent with those identified in a study that also analyzed the
spectrum of I-Ab:gp66-specific polyclonal effector CD4+ T cells in
acute viral infection with LCMV Armstrong and Clone 13
(Andreatta et al., 2022). CXCR5+Bcl6+ TFH cells encompassed two
transcriptionally distinct clusters: 1 and 6. TFH cluster 1 was
distinguished by increased expression of canonical TFH genes
(Tcf7, Tox2, Id3, Izumo1r) and genes encoding immune inhibitory
receptors, Tigit and Cd200, whereas TFH cluster 6 exhibited in-
creased expression of TCR-dependent genes Tnfrsf4 (OX40),
Batf, Irf8, as well asMarcksl, a critical regulator of cell migration
(Fig. S1 c). At this time point, we did not observe evidence of
Pdcd1 expression, although cells in cluster 6 expressed Icos (Fig.
S1 d). In addition, cluster 6 cells were enriched for the expres-
sion of genes related to amino acid metabolism, and glycolytic
and oxidative phosphorylation pathways (Fig. S1 e), suggesting
that these metabolically active cells represent pre-germinal
center TFH cells (Merkenschlager et al., 2021). Interestingly,
pTCM cells also expressed signature TFH genes including Tcf7 and
Id3 (Fig. 1 c and Fig. S1 b). Surprisingly, Id3 expression was also
recently found to be a relevant marker of memory potential
amongst TH1 cells (Shaw et al., 2022). Our differential gene ex-
pression analysis revealed remarkable transcriptional overlap
between pTCM and TFH cells, with very few gene expression
features distinguishing these two subsets (Fig. S1 f). Further-
more, analysis of diffusion distances, a measure of phenotypic
similarity, demonstrated increased proximity between TFH and
pTCM cells compared with TFH and TH1 cells or TH1 and pTCM
cells (Fig. S1 g), suggesting a closer developmental relationship
between pTCM and TFH versus pTCM and TH1 cells.

Multipotentiality of TCR clonotypes
To determine the role of TCR specificity in T cell fate and the
developmental relationship between pTCM and effector pop-
ulations, we tracked the fate of individual näıve T cells by an-
alyzing their TCR utilization. Amongst CD4+ T cells recognizing a
specific peptide-MHC (gp-66:I-Ab), we identified 384 unique
clones, 188 of which were represented by two or more cells
(Fig. 2 a and Fig. S2 a). Cells with the same TCR were present in
multiple clusters spanning TH1, TFH, and pTCM phenotypes
(Fig. 2 b). Clustering clonotypes ≥5 cells on the basis of pheno-
typic distribution to look for lineage overlap revealed three
distinct archetypes (Fig. 2, c and d; and Fig. S2 b). The majority
of clonotypes exhibited no lineage bias, indicating that a single
naı̈ve CD4+ T cell can differentiate into multiple effector states.
However, a proportion of clonotypes were predominantly as-
sociated with a TH1 or TFH phenotype. Given that CD4+ T cell fate
determination is temporally associated with cell division, it is
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perhaps not surprising that lineage-committed cells will produce
progeny of the same type.

The lineage relationship between effector and memory CD4+

T cells has been a matter of debate. A branching model whereby
memory and effector T cells arise from a single näıve T cell
during the first cell division, and a linear model, whereby ef-
fector cells give rise to memory or vice versa, have both been
proposed. To resolve this relationship, we analyzed clonal
overlap across combinations of effector and memory subsets
(Fig. 2 e). Although a small proportion of clones represented
CD4+ T cells that had exclusively adopted a TH1 fate, no clones
were exclusive to TFH or pTCM lineages (Fig. S2 c). Amongst
clonotypes that were only present in pairwise combinations of
cells, we observed a significant enrichment of clones composed
of both TFH and pTCM cells (Fig. 2 e). Furthermore, amongst
clonotypes only present in two cell types, the combination of TFH

and pTCM cells was significantly enriched, further indicating a
close developmental relationship between these two states
(Fig. 2 e).

We reasoned that if TCR specificity influences T cell fate,
cells with identical TCR clonotypes across multiple experi-
ments would also share transcriptional phenotypes. We
therefore performed combined scRNA/TCR-seq analyses on an
independent replicate of 2,717 cells with paired TCR sequences
for 2,663 cells. We identified nine clusters (Fig. S2, d and e)

with essentially identical gene expression signatures to the
clusters in the first experiment (Fig. 2 f) and equivalent pro-
portions of TH1, TFH, and pTCM cells (Fig. S2 f). The replicate
sample contained 833 unique clones (152 represented by two or
more cells), which were distributed across distinct phenotypes
(Fig. S2, g and h), and 28 clonotypes shared TCRα, TCRβ, or
paired TCRα/TCRβ nucleotide sequences across the two sam-
ples. Notably, amongst shared clones with ≥5 cells, we ob-
served divergent lineage bias between the two independent
experiments with clones associating with distinct cellular
phenotypes (Fig. 2 g). We extended this analysis using the
GLIPH (grouping of lymphocyte interactions by paratope
hotspots) tool to identify cells with putative shared antigen
specificity based on shared motifs within CDR3 (Glanville
et al., 2017). This identified cells with an additional specific-
ity group, shared across the two experiments, which also
exhibited distinct phenotypic patterns between replicates
(Fig. 2 h). Thus, these results show that CD4+ T cell clones with
the same specificity independently arising in individual ani-
mals may adopt different fates, which is consistent with
several recent studies demonstrating that even though some
TCR clonotypes may display a lineage preference, the majority
do not (Khatun et al., 2021; Andreatta et al., 2022).

Although the variables related to TCR signaling strength,
including ligand density, co-stimulatorymolecules, and cytokine

Figure 1. Effectormemory CD4+ T cell heterogeneity during acute bacterial infection. (a) Strategy to isolate wild-type gp66:I-Ab+ CD4+ T cells for scRNA-
seq, 7 days after infection with L.m.-gp66. (b) UMAP of 2964 gp66:I-Ab-specific CD4+ T cells colored by Phenograph clusters and annotated by inferred CD4+

T cell effector/memory lineage. (c) UMAP overlaid with imputed expression of canonical TFH, TH1, or TCM genes. (d) Imputed, log-normalized expression of top
20 DEGs (log2FC > 0.5, FDR < 0.01) for each phenograph cluster shown in Fig. 1 b. Colored bar at the top of the heatmap indicates cluster assignments.
(e) Diffusion map of gp66:I-Ab-specific CD4+ T cells using the first two DCs reflecting distinct CD4+ T cell fates. Cells are colored by cluster as in Fig. 1 b.
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Figure 2. CD4+ T cell fate is independent of TCR specificity. (a) Frequency and sizes of clonotypes amongst gp66:I-Ab-specific CD4+ T cells. (b) Proportion
of cells with a TH1, TFH, or pTCM phenotype for each expanded clonotype (≥5 cells). Each row represents an individual clonotype. Clonotypes are ordered by
hierarchical clustering with complete linkage and correlation distance. (c) Diffusion map of gp66:I-Ab+ CD4+ T cells overlaid with the five largest clonotypes for
each clonotype-phenotype pattern. (d) Proportion of clonotypes (≥5 cells) exhibiting bias toward a particular TH cell lineage. Clonotypes exhibiting no lineage
bias are labeled as “mixed.” (e) Observed number of clonotypes with cells distributed across the TFH, TH1, and TCM phenotypes indicated along the x axis.
(f) Shared gene signatures representing TH lineages across two independent experiments identifying matched clusters. Pearson correlation between tran-
scriptomes of replicate gp66:I-Ab-specific CD4+ T cell clusters demonstrating high concordance between independent samples. (g) Shared clonotypes with
distinct phenotypes in biological replicate samples. Each depicted clonotype has ≥5 cells and an overlap in TCRα, TCRβ, or paired TCRα/TCRβ sequences across
replicate samples. Matching clonotypes between replicate samples indicated by black shading. Shared paired TCRα and TCRβ CDR3 sequences, but distinct
phenotypes across replicate samples (clonotype 44 [replicate 2], and clonotypes 4, 74, and 16 [replicate 1]) are indicated by an asterisk. (h) CDR3 sequences and
TH lineage bias for clonotypes with a shared TCR specificity group across the two biological replicate samples.
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signaling, may impact predisposition to memory versus effector
T cell differentiation, our experiments demonstrate that TCR
specificity is not a primary determinant of fate. While some TCR
clonotypes did exhibit lineage preference, many were multipo-
tential across two independent experiments, indicating micro-
environmental signals received before or during T cell activation
play a predominant role in effector T cell lineage choice.

A pTCM differentiation pathway arising from näıve CD4+ T cells
To investigate the environmental signals directing CD4+ T cell
heterogeneity, we adoptively transferred naı̈ve CD90.1+ C7
T cells into B6 hosts and either parked them in the new host
without challenge for 7 days or subjected them to antigenic
challenge the next day upon infection with an attenuated strain
of L. monocytogenes engineered to secrete the mycobacterial
protein ESAT-6 (L.m.-ESAT) containing the cognate antigen for
the C7 TCR (Fig. 3 a) (Gallegos et al., 2008). We used the Har-
mony tool (Nowotschin et al., 2019) to stitch together scRNA-seq
time points fromnäıve C7 T cells and C7 T cells at 16 and 40 h post-
infection (hpi) and reconstructed continuous “näıve-to-effector”
differentiation trajectories (Fig. 3 b and Fig. S3 a). Proliferation, as
determined by enrichment of cell-cycle genes, was first evident at
16 hpi, with ∼65% of cells proliferating at 40 hpi (Fig. 3 c).

To characterize gene expression and fate dynamics along the
trajectories, we combined Harmony and Palantir (Setty et al.,
2019; Nowotschin et al., 2019) analyses specifying a quiescent
näıve cell as the “start cell state.” This approach revealed two
terminal cell states (Fig. 3 d), distinguished by TH1 or TFH sig-
nature genes (Fig. 3, e and f), demonstrating lineage divergence
within 40 h of infection. Intriguingly, we identified two differ-
entiation pathways that bifurcate from an “isthmus” connecting
cells recently downregulating näıve T cell markers (Il7r) to early
effector/memory precursors. Remarkably, these two branches
were composed of cells present at different time points after
infection. Branch 1 consisted of cells present at 16 hpi, which
expressed genes related to TH1 cells and progressed toward the
TH1 terminal state by 40 hpi (Fig. 3, b and e); branch 2 was
composed only of cells present at 40 hpi, which expressed genes
associated with TFH cells and sustained expression of naı̈ve T cell
genes associated with pTCM cells (Fig. 3, b and f). Although
initially divergent, the two branches converged upon effector
states with more phenotypic similarity to each other than their
respective developmental branches. Thus, while environmental
signals may initially diversify effector populations, there re-
mains the possibility of later plasticity.

To gain insights into the signaling pathways associated with
these divergent cell fates, we analyzed the gene expression
trends along the two differentiation pathways by specifying
each branch endpoint and considering each trajectory separately
(Fig. 3 g), generating a tool for dissecting the temporally ordered
signaling pathways involved in the development of distinct
T cell lineages. In addition to providing a description of relevant
gene expression trends along the two branches below, we also
created a publicly available resource allowing interrogation of
temporal patterns of gene expression upon T cell activation to
facilitate future studies of T cell lineage commitment available at
https://cd4t-differentiation-dashboard.com.

The first branch consisted of 16 hpi cells that progressively
upregulate TCR-dependent early activation genes, including
Cd69, Il2ra, and NF-κB pathway-related genes (“TCR-hi”), and
downregulate expression of näıve CD4+ T cell markers such as
Sell and Ccr7 (Fig. 3 g and Fig. S3 b). To determine the temporal
dynamics of cytokine signaling pathways associated with T cell
fate commitment, we first examined the expression of genes
related to the IL-2 signaling pathway, due to its well-established
role in regulating the choice between TH1 and TFH fates by in-
hibiting Bcl6, the key transcription factor for TFH development
(Ballesteros-Tato et al., 2012). Analysis of IL-2 signaling pathway
genes in the first branch demonstrated up-regulation of IL-2
expression downstream of TCR signaling which was sustained
until entry into the cell cycle (Fig. 3 h). In contrast to a previous
study describing mutually exclusive IL-2 and IL2Ra chain
expression by activated CD4+ T cells in IL-2 reporter mice
(DiToro et al., 2018), we observed concordant upregulation of
Il2ra in IL-2–expressing cells (Fig. S3 c). Early TH1 branching
cells retained Il2ra expression and demonstrated increased
Il2rb (CD122) (Fig. 3 h). Furthermore, Il2ra was not expressed
by early TFH cells, implicating the dynamic regulation of the
IL-2 receptor subunits as the primary tuner of IL-2 respon-
siveness and consequently of TH1 versus TFH fate, which is in
agreement with a previously described role for IL-6 medi-
ated inhibition of IL2Rb expression in germinal center TFH

cells (Papillion et al., 2019). While Id3 expression was found
to delineate TH1 cells with memory potential as early as day 7
after infection with LCMV-Armstrong (Shaw et al., 2022), its
expression was not identified at the early time points after
infection with L. monocytogenes, suggesting that acquisition of
memory potential in TH1 phenotype cells may be a relatively
rare event not captured in this dataset or may occur at later
time points not analyzed here (https://cd4t-differentiation-
dashboard.com).

The second branch was exclusively comprised of 40 hpi cells
with significantly reduced TCR-dependent gene expression
(“TCR-lo”), sustained Ccr7, and increasing memory cell gene
expression, including Tcf7 and Cd27 (Hendriks et al., 2000; Zhou
et al., 2010), suggesting that these represent the first pTCM cells
and arise directly from näıve T cells (Fig. 3 g and Fig. S3 b). Gene
set enrichment analysis between the “TCR-lo” and “TCR-hi”
differentiation trajectories confirmed differential expression of
IL-2 signaling–related genes and revealed differential expression
of type I IFN–related genes (Fig. S3 d), suggesting that effector
and memory T cell fates result from näıve T cells that encounter
antigen in distinct environmental niches. Analysis of cytokine
related genes revealed distinct temporal patterns of IFN signal-
ing between the two trajectories. Within cells along the “TCR-hi”
trajectory, IFN stimulated genes (ISGs) were transiently upre-
gulated prior to TCR activation genes, followed by upregulation
of Socs1 and termination of IFN signaling (Fig. 3 g and Fig. S3 b).
In contrast, “TCR-lo” cells comprised of 40 hpi cells exhibited
sustained ISG expression, and marked enrichment of Ifnar1 and
Ifnar2 transcripts indicated that type I IFN response is tempo-
rally regulated, in part through IFN-α receptor expression (Fig. 3
i, Fig. S3 d, and Table S1). Analysis of cell surface IFNAR1 protein
confirmed its increased expression in CD62L+ TCM cells relative
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Figure 3. Emergence of pTCM from näıve CD4+ T cells. (a) Experimental strategy to study in vivo näıve C7 TCR transgenic CD4+ T cell differentiation during
acute L.m.-ESAT infection. (b–i) Force-directed layout, following Harmony normalization, of näıve and effector C7 CD4+ T cells, sampled 16 and 40 h after
infection with L.m.-ESAT, and overlaid by different coloring schemes: (b) time of sampling. (c) Expression of a cell cycle (G1/S and G2/M) gene signature (d)
Palantir differentiation potential (left panel) and pseudotime (right panel) using a quiescent (Ccr7hiIl7rhi) näıve start cell, demonstrating two regions of reduced
differentiation potential that indicate lineage specification and commitment. (e) Expression of genes associated with TH1 CD4+ T cell lineage and average
expression of TH1 signature genes with delineation of a proposed Branch 1. (f) Expression of genes associated with TFH or pTCM CD4+ T cell lineages and
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to their naı̈ve and effector counterparts (Fig. S3 e). The emer-
gence of the pTCM differentiation pathway later in infection (40
hpi) in comparison with the earlier TH1 branch delineation (16
hpi) may reflect increased production of type I IFN by innate
cells at this time point.

To experimentally validate the temporal correlation between
cells that have received IFN signaling and cells that end up in the
TCM lineage, we generated dual reporter and fate-mapper mice
by breeding the Mx1GFP mice reporting on Mx1 transcription
from the endogenous locus (Uccellini and Garćıa-Sastre, 2018)
with the transgenicMx1Cremice (Kühn et al., 1995) andwithmice
harboring a Rosa26lox-STOP-lox-tdTomato recombination reporter al-
lele, in which tdTomato (tdT) expression irreversibly tags cells
that have received a type I IFN signal.Mx1GFP × tgMx1CreRosa26lsl-
tdTmice were infectedwith L.m.-gp66 and assessed for history of
IFN signaling (i.e., Mx1 expression) in antigen-specific CD4+

T cells identified using LLO:I-Ab or gp66:I-Ab tetramers on day 7
after infection (Fig. 3 j). It is noteworthy that the Mx1 transcript
was not one of the top differentially expressed genes (DEGs)
within the signature ISG gene set. Therefore, Mx1GFP expression
likely faithfully reports on cells experiencing the strongest type I
IFN signal as noted in the original study (Uccellini and Garćıa-
Sastre, 2018) rather than reflecting low tonic signaling or po-
tential spurious expression of some ISGs in T cells. This analysis
revealed an increased frequency of Mx1 fate-mapped cells
amongst CD62L+ pTCM cells relative to their TFH or TH1 coun-
terparts (Fig. 3, k and l), confirming the predicted trajectory
identified earlier in which cells receiving type I IFN signals
adopt a pTCM fate.

Naı̈ve T cells are transcriptionally heterogeneous
Our trajectory analysis identified two distinct branches of
cells that emerge from naı̈ve T cells. Given previous re-
ports of na ı̈ve CD4+ T cell heterogeneity, we wondered
whether some naı̈ve T cells may already be poised for a
particular cell fate upon activation (ElTanbouly et al.,
2020). To address this, we profiled naı̈ve (TCRγδ−PBS57/
CD1d tetramer−NK1.1−TCRβ+CD4+CD25−CD44loCD62Lhi)
mouse CD4+ T cells using scRNA-seq. To exclude inadvertent
capture of recently activated T cells retaining a naı̈ve pheno-
type, we also analyzed congenically marked naı̈ve CD4+ T cells
expressing two different transgenic (tg) TCRs in the absence
of their cognate antigens. To exclude potential variation in
the host environment, we adoptively transferred CD90.1+ C7
(Gallegos et al., 2008) and CD45.1+ Smarta (Oxenius et al., 1998)
tgTCR CD4+ T cells into CD90.2+CD45.2+ C57Bl/6 (B6) recipi-
ents, and 7 days later isolated both transferred tgTCR and host

naı̈ve CD4+ T cells for scRNA-seq analysis (Fig. 4 a and Fig. S4
a). Phenograph clustering of 28,146 cells identified 11 clusters
shared across the three strains (Fig. 4, b and c; and Fig. S4 b)
(Levine et al., 2015). Differential gene expression analysis
demonstrated cluster-specific signatures indicative of pheno-
typic and functional heterogeneity (Fig. 4 d; Fig. S4, c and d; and
Table S2). Cluster 4 was distinguished by increased expression
of genes known to regulate T cell quiescence, including tran-
scription factors Foxp1 (Feng et al., 2011) and Klf2 (Kuo et al.,
1997), the regulator of mRNA abundance Btg1 (Hwang et al.,
2020), and the chromatin condensin subunit Smc4 (Rawlings
et al., 2011) (Fig. 4 d and Fig. S4, c–e). Cells in clusters 3 and 10
exhibited heightened self-reactivity as evidenced by increased
expression of CD5 and CD6, reflecting stronger tonic TCR sig-
naling induced by self-peptide-MHCII complexes (Fig. S4 c)
(Azzam et al., 1998). Cluster 2 cells expressed genes related to
the cytoskeleton including Vim, Ezr (Villin2), Actin1, and Emp3
suggesting their enhanced migratory properties (Fig. S4 c).
Both cluster 2 and cluster 4 expressed Vsir, encoding the in-
hibitory cell-surface molecule VISTA, recently shown to regu-
late naı̈ve T cell quiescence (Fig. S4 e) (ElTanbouly et al., 2020).
Whilst the transcriptional features of cells in these clusters may
be determined by intrinsic factors, a subset of naı̈ve T cells
(cluster 8) was distinguished by high levels of expression of
ISGs, indicating that these cells were sensing either type I or II
IFNs (Fig. 4 d; and Fig. S4, c and d). By quantitative PCR (qPCR),
ISG expression was almost undetectable in bulk naı̈ve CD4+

T cells isolated from either Irf9−/− or Ifnar1−/−mice (Prigge et al.,
2015; Matsuyama et al., 1993) (Fig. 4 e), confirming that exog-
enous type I IFN, likely IFN-α or IFN-β, was responsible for
inducing ISG expression in naı̈ve T cells.

Diffusion map analysis of naı̈ve T cells highlighted a contin-
uous phenotypic spectrum between naı̈ve CD4+ T cells with two
branches emerging from the quiescent cell state. One branch
expressed high levels of CD5, indicative of high tonic TCR sig-
naling, and the second branch contained IFN-sensing cells
(Fig. 4 f). Analysis of Cd5 or ISG expression of C7 T cells un-
dergoing differentiation during L. monocytogenes infection (Fig. 3
a) confirmed that these two cell states appeared at the junctions
of the previously identified effector differentiation trajectories
(Fig. 4 g). CD5+ naı̈ve cells connected to the TH1 fate trajectory
(Fig. 3 g), a finding consistent with a recent study identifying a
role for tonic TCR signaling in negatively regulating early TFH
cell lineage commitment (Bartleson et al., 2020). Thus, näıve
T cells with their stereotypical transcriptional phenotypes may
have a predetermined “activation energy” that may poise cells to
adopt different fates. To determine whether IFN signaling–

average expression of TFH or pTCM signature genes with delineation of a proposed Branch 2 (g) Pseudotemporal ordering of alternative differentiation tra-
jectories for näıve CD4+ T cells, showing selected start and end points on the force directed layouts (top panels). Heatmaps depict inferred temporal gene
expression trends along the two differentiation pathways; left represents cells with high TCR signaling-dependent gene expression (“TCR-hi”), right represents
“TCR-lo” pTCM differentiation. (h) Force-directed layouts colored by expression of genes associated with IL-2 -STAT5 signaling. (i) Type I IFN and IFN-γ re-
ceptor gene expression, overlaid on CD4+ T cell force-directed layout. (j) C7 × Mx1GFP × tgMx1CreRosa26lsl-tdT mice were infected with L.m.-gp66 and analyzed
7 days post infection (dpi). (k) Representative flow cytometric analysis of Listeriolysin O (LLO) peptide-specific CD4+ T cells demonstrating increased pro-
portion ofMx1 fate-mapped cells amongst CD62L+ pTCM cells. (l) Proportion of LLO:I-Ab- (left) and gp66:I-Ab-specific effector memory CD4+ T cell subsets that
are Mx1 fate-mapped. Each symbol represents an individual mouse (l). Data from one of two experiments (l) Error bars: means ± SEM of replicates. Statistical
significance determined by one-way ANOVA (l); *P < 0.05; **P < 0.01; ***P < 0.001.
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Precursor central memory versus effector cell fate and näıve CD4+ T cell heterogeneity https://doi.org/10.1084/jem.20231193

https://doi.org/10.1084/jem.20231193


Figure 4. Näıve CD4+ T cell heterogeneity. (a) Experimental strategy for profiling splenic näıve CD4+ T cells. TCRγδ−PBS57/CD1d
tetramer−NK1.1−TCRβ+CD4+CD25−CD44loCD62Lhi cells, were sorted from the spleen of C7 or Smarta tgTCR mice and adoptively transferred into CD45.2 B6
recipients. After 7 days, näıve host B6 and tgTCR CD4+ T cells were isolated and profiled by scRNA-seq. (b) UMAP visualization of 28,146 näıve CD4+ T cells,
colored by Phenograph cluster. (c) Fraction of cells within each näıve CD4+ T cell cluster detected across strains and biological replicate samples colored by
Phenograph cluster as shown in Fig. 1 b. C57Bl/6, 3,026 cells; C7_1, 2,675 cells; C7_2, 6,159 cells; Smarta_1, 7,834 cells; Smarta_2, 8,452 cells. (d) UMAP colored
by MAGIC imputed expression of cluster-defining genes. (e) Quantitative real-time PCR analysis of ISGs in bulk splenic näıve CD4+ T cells from B6, Smarta,
Irf9−/−, or Ifnar1−/−mice. (f) Näıve T cells, as shown in Fig. 4 b, visualized using diffusion map embedding of the first three DCs, with distinctive ISG+, quiescent,
and CD5+ “self-reactive” cells labeled. Cells colored by Phenograph cluster as in Fig. 4 b. (g) Cells in the ISG+ näıve CD4+ T cell cluster (cluster 8, Fig. 4 b) and
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experienced naı̈ve T cells had altered differentiation potential in
comparison to their unexperienced counterparts, we examined
the corresponding cell subsets from C7 mice × Mx1GFP harboring
a reporter for the type I IFN inducible gene, Mx1 (Fig. S4 f)
(Uccellini and Garćıa-Sastre, 2018). We sorted Mx1(GFP)+ or
Mx1(GFP)− naı̈ve C7 T cells and stimulated them in vitro with
irradiated T cell–depleted splenocytes and varying doses of
cognate antigen. At 36 h after activation, a reduced proportion of
type I IFN–experienced cells had upregulated CD69 (Fig. 4 h),
suggesting that prior type I IFN exposure is associated with di-
minished downstream TCR signaling.

A surprising feature of näıve T cells was the consistent but
small percentage of Mx1(GFP)+ cells at steady state, suggesting
that only a subset of naı̈ve T cells is exposed to or responsive to
type I IFN. This could reflect a spatially restricted niche for type
IFN signaling or, alternatively, different thresholds of sensitivity
to type I IFN signaling. In support of the latter, analysis of cell
surface IFNAR1 expression in CD4+ T cells from Mx1GFP mice
demonstrated a spectrum with the highest levels observed
amongst cells sensing type I IFN (Mx1[GFP]+) (Fig. 4 i), sug-
gesting that varying expression of IFNAR1 may be a determinant
of type I IFN sensitivity.

To explore the environmental versus developmental causes
of näıve CD4+ T cell heterogeneity due to type I IFN exposure, we
characterized naı̈ve T cell responsiveness to type I IFN signaling
across different tissues. In Mx1GFP mice, naı̈ve GFP+ CD4+ T cells
were observed with varying frequencies across anatomically
distinct LNs (Fig. 4 j). In the thymus, Mx1GFP was upregulated
during immature to mature CD4 SP thymocyte transition
(Fig. S4, g and h). Given the presence of ISG(GFP)+ CD4+ thy-
mocytes, one possibility was that the presence of ISG+ naive
CD4+ T cells in the periphery represented recent thymic emi-
grants (RTEs). However, using a RAG2-GFP reporter to identify
RTEs, we found that the proportion of RTEs amongst naı̈ve
CD4+ T cells was similar across peripheral lymphoid tissues
(Fig. S4 i) and ISG expression was equivalent between
RAG2(GFP)+ and RAG2(GFP)− naı̈ve T cells (Fig. S4 j). These
findings suggested that IFN response gene activation in the
thymus was transient and that IFN signaling in peripheral
naı̈ve CD4+ T cells is distinct from IFN signaling in the thymus.

To assess the responsiveness of naı̈ve CD4+ T cells to type I
IFN, we stimulated sorted, naı̈ve Smarta T cells with recombi-
nant IFN-α in vitro. pSTAT1 expression observed 4 h after
treatment (Fig. 4 k) confirmed that naı̈ve T cells can respond to

type I IFN in a manner uncoupled from TCR activation. Whilst
constitutive IFN-β expression has been detected in lymphoid
tissues (Lienenklaus et al., 2009), type I IFNs are typically as-
sociated with inflammation and play a critical role in antiviral
responses. To determine if the IFN response of naı̈ve CD4+ T cells
could be dynamically regulated in vivo, we employed Mx1GFP ×
tgMx1CreRosa26lsl-tdT mice bred to the C7 tgTCR mice. We trans-
ferred naive GFP−tdT− C7 CD4+ T cells into congenic mice that
were subsequently treated with poly(I:C). Analysis of tdT ex-
pression 4 days after treatment demonstrated that up to 50% of
naı̈ve CD4+ T cells had upregulated ISGs by reporter expression
of tdT and GFP (Fig. 4 l). Furthermore, a significant proportion of
tdT+ cells lacked Mx1(GFP) expression, which is consistent with
the transient nature of IFN signaling and suggests the näıve
CD4+ T cell heterogeneity observed is not a fixed state of näıve
T cells but may rather reflect environmental signals experienced
by the näıve T cells transiently as they circulate within or
throughout lymphoid tissues. In control mice, ∼5% of trans-
ferred cells expressed GFP or tdT, further confirming the ho-
meostatic type I IFN response of peripheral naı̈ve CD4+ T cells.

To establish the functional significance of type I IFN sensing
in näıve T cells in vivo, we adoptively transferred Mx1(GFP)+ or
Mx1(GFP)− naı̈ve C7 T cells and infected mice with L.m.-ESAT
(Fig. 4 m). Analysis of transferred cells 5 days after infection
demonstrated an increased frequency of pTCM cells expressing
CD62L and intermediate for CXCR5 expression amongst trans-
ferred Mx1(GFP)+ cells (Fig. 4 n; and Fig. S4, k and l). Mx1(GFP)+

cells had a similar propensity as Mx1(GFP)− counterparts to
differentiate into TFH or TH1 cells (Fig. 4 n) and Mx1(GFP)− cells
also contributed to pTCM, suggesting while Mx1(GFP)+ may ex-
hibit a lineage bias toward pTCM they do not represent the ex-
clusive precursor pool. Together, these findings suggest that
IFN-signaling in näıve CD4+ T cells poises them for CD62L+

pTCM differentiation and supports our finding that IFN-signaling
is associated with the TCM fate. While additional genetic tools
enabling precise temporal interference with IFN signaling in the
course of CD4+ T cell activation are needed for further under-
standing of pTCM differentiation, our results suggest that
heterogeneity in naı̈ve T cells, induced by signals in the envi-
ronment, may shape their fate prior to antigen stimulation.
Collectively these data demonstrate that naı̈ve T cells are re-
sponsive to environmental cues in the periphery, which impart
transcriptional heterogeneity and alter their differentiation
potential in response to infection.

CD5+ näıve cells (cluster 10, Fig. 4 b), highlighted in distinct differentiation trajectories of early CD4+ T cell differentiation from Fig. 3 g. (h) Proportion of CD69+

cells among näıve C7 CD4+ T cells cultured for 36 h with irradiated T cell–depleted splenocytes (as antigen-presenting cells) and limiting concentrations of
ESAT peptide. (i) IFNAR1 mean fluorescence intensity (MFI) on Mx1(GFP)+ versus Mx1(GFP)− populations in uninfected mice. (j) Mx1(GFP)+ näıve CD4+ T cells
are present in all lymphoid tissues, with varying frequencies across anatomically distinct LNs; PLN and MLN. (k) Representative MFI (histogram) (left) and
summary bar graph (right) showing expression of pSTAT1 in sort-purified näıve Smarta CD4+ T cells treated in vitro with IFN-α or IFN-β for 4 h. (l) Näıve
tdTomato−GFP− CD4+ T cells from C7 × Mx1GFP × tgMx1CreRosa26lsl-tdT mice were adoptively transferred into congenic B6 mice, administered the following day
with poly(I:C) i.p. Representative flow cytometry plot showing expression of tdTomato and GFP in transferred splenic C7 näıve CD4+ T cells, 4 days after
treatment (left) and quantification (right). (m)Mx1(GFP)+ or Mx1(GFP)− näıve C7 CD4+ T cells were adoptively transferred into congenic B6 mice, subsequently
infected intravenously with L.m.-ESAT and analyzed at 5 dpi. (n) Proportion of splenic pTCM (CD62L+), TH1 (T-bet+CXCR5−), and TFH (T-bet−CXCR5+) T cells
amongst transferred C7 T cells at 5 dpi. Results are from one experiment representative of 4 (j), 3 (m and n), 2 (e, i, k, and l) independent experiments with n = 3
(e, j, and l), n = 4 (i), n = 9 (n) mice per group and three replicate wells in h and k. Statistical significance by two-way ANOVA (h, i, and l); one-way ANOVA (j and
k); unpaired t test (n); *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001. Error bars: means ± SEM.
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Type I IFN signaling in näıve CD4+ T cells in human disease
Our finding that in vivo toll-like receptor (TLR) stimulation
increases the number of ISG+ näıve T cells suggests that the pool
of IFN-experienced naı̈ve CD4+ T cells could be expanded by
acute viral infection. To address the role of IFN-sensing in hu-
man T cells, we analyzed a large, well-annotated COVID-19 da-
taset generated by the Cambridge Institute of Therapeutic
Immunology and Infectious Disease-National Institute for
Health and Care Research (CITIID-NIHR) COVID-19 BioResource
Collaboration (Stephenson et al., 2021) and found that donors
who were infected with COVID-19 had higher expression of
ISGs—as determined by applying a gene signature derived from
the top 50 DEGs of the IFN-responsive cluster in Fig. 4 b—in
circulating näıve CD4+ T cells, which are continuous with the
pool of näıve CD4+ T cells transiting through secondary lymphoid
organs (Mandl et al., 2012), and in central memory (CM) CD4+

T cells but not in effector memory (EM) CD4+ T cells or in TH1
cells (Fig. 5 a). To confirm these results, we turned to another
publicly available scRNA-seq dataset of peripheral blood T cells
from patients with acute COVID-19 infection (Wilk et al., 2020).
Analysis of näıve T cells from this dataset revealed higher ISG
expression in cells from infected patients compared with those
from healthy controls (Fig. 5, b–e). In contrast, we did not ob-
serve differences in ISG expression between effector memory

T cells from healthy versus infected patients suggesting that
näıve CD4+ T cells are uniquely sensitive to fluctuations of this
environmental cue. Together, these results demonstrate that in
mice and humans, näıve CD4+ T cells can respond to type I IFN,
and that the degree of response reflects their exposure in distinct
niches, such as the intestinal draining LNs in mice, either in
physiological settings (Fig. 4 j) or upon inflammatory perturba-
tions that provoke type I IFN production (Fig. 4 l; and Fig. 5, a
and d).

To study this possibility in a human disease setting other
than infection, we considered that increased type I IFN pro-
duction is a pathological feature of some autoimmune diseases,
including SLE. A recent analysis of single-cell peripheral blood
immune transcriptomes from a cohort of pediatric SLE patients
(cSLE) revealed enhanced ISG expression in several cell types,
including CD4+ T cells, compared with healthy controls (Nehar-
Belaid et al., 2020). We reanalyzed this dataset to examine the
effect of type I IFN signaling on naı̈ve CD4+ T cell differentiation
during autoimmune inflammation. Clustering of 55,072 CD4+

T cells from 33 cSLE patients and 11 pediatric healthy donors
revealed the full spectrum from näıve to effector/memory CD4
T cell states represented in both SLE patients and in healthy
controls (Fig. 6, a and b), including one ISGhi näıve T cell cluster
(cluster 6) that was almost exclusively comprised of cells from

Figure 5. Type I IFN signaling in näıve CD4+ T cells in COVID-19. (a) ISG expression in patients with acute severe COVID-19 (Stephenson et al., 2021). ISG
signature scores were averaged within each subset for each sample, with only samples having >10 cells for a particular CD4+ subset (central memory [CM],
effector memory [EM], näıve, TH1) being used. Differential ISG signature score values between COVID-19 and healthy samples were assessed by a two-sided
Wilcoxon rank-sum test. (COVID-19, n = 101; healthy control, n = 21). (b–e) ISG expression (as in Fig. 4 b) in patients with acute severe COVID-19 (Wilk et al.,
2020). (b and c) Scatter plot of peripheral blood CD4+ T cell transcriptomes from healthy donors (H1–H6) or patients with acute severe COVID-19 (C1–C7).
Each dot represents a cell, plotted by mean expression of the top 50 signature näıve T cell (x-axis) and TH1 effector genes, 6 days after viral infection (y-axis)
and overlaid with disease status (b) or ISG signature expression (c). Cells above the dashed line representing the 10th percentile are considered effector T cells;
cells below are considered näıve. (d) Näıve CD4+ T cell signature ISG genes (as in Fig. 4 b) are expressed higher amongst näıve CD4+ T cells, defined in Fig. 5 c,
in patients with COVID-19 compared with healthy controls. (e) ISG signature gene expression in näıve CD4+ T cells for each individual patient and healthy
control. Statistical significance by nonparametric Mann–Whitney U test between total COVID and total healthy populations (d), and between the individual
COVID patient and total healthy populations (e); ****P < 0.0001.
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cSLE patients (Fig. 6 c). Similar tomouse ISG+ näıve CD4+ T cells,
cluster 6 cells were distinguished from ISG− naı̈ve T cells
by LY6E expression and had increased expression of IFNAR1
(Fig. 6 b). As previously reported, patients with severe disease
(SLEDAI > 4) displayed heightened proportions of ISG+ naı̈ve
CD4+ T cells (Fig. 6 d). Notably, unlike naı̈ve cells, central
memory cells were not overrepresented in the peripheral blood
of SLE patients and healthy controls. This may be because TCM

cells are typically enriched in lymphoid tissues unlike their ef-
fector counterparts and their proportions in the peripheral cir-
culation may not accurately reflect their numbers in the
lymphoid tissues. We employed diffusion maps to visualize the
relationship between ISG+ näıve T cells and their effector/
memory counterparts for individual healthy donors or patients
stratified by disease severity (Fig. 6, e and f). The first diffusion
component (DC) separated näıve and effector memory T cells
whilst the second component separated naı̈ve and TCM cells
(Fig. 6 e), with increasing expression of TCF7 andNR4A3 (Fig. 6, g
and h). This pattern was highly reproducible across individual
donors irrespective of disease status (Fig. 6 h). To further assess
the differentiation potential of ISG+ naı̈ve CD4+ T cells, we de-
ployed Palantir on cells for an individual patient with severe
disease (cSLE_27). This analysis identified terminal TH1 and TFH

states based on canonical gene expression (Fig. 6, i and j).
Notably, ISG+ cells (cluster 6) follow the trajectory fromnaı̈ve

to TCM cells expressing TCF7 (Fig. 6, k and l) recapitulating our
observations in the mouse L. monocytogenes infection model. To
determine the fate of ISG+ cells, we first binned cells according
to their level of ISG expression (Fig. 6 m) and then tracked their
effector/memory fate along pseudotime (Fig. 6 n). Strikingly,
ISGlo cells were present almost exclusively within the TH1 ef-
fector memory branch, whilst cells with the highest levels of ISG
expression exhibited features associated with TCM and TFH

clusters at the bifurcation of the two branches and in the lower
branch, respectively (Fig. 6 n). Analysis of differentiation tra-
jectories for an additional patient with severe disease
(cSLE_19) confirmed this finding (Fig. 6 o). Collectively, these
studies suggest that naı̈ve CD4+ T cell heterogeneity in mice and
humans is dynamic in response to environmental type I IFN
levels in viral infections and type I IFN–associated autoimmune
diseases and suggest a role for type I IFN in regulating naı̈ve
T cells.

Discussion
The ontogeny of pTCM has remained elusive, with different
models proposed to explain the emergence of pTCM from either
näıve or effector T cells. Our finding of pTCM cells at the peak of
the effector T cell response is in agreement with two recent
studies reporting single-cell analyses of effector CD4+ T cell re-
sponses against LCMV (Andreatta et al., 2022; Shaw et al., 2022).
The overlapping transcriptional phenotype between pTCM and
TFH cells may account for difficulties resolving these distinct cell
fates. By analyzing CD4+ T cells in their näıve state and at early
time points after activation, we were able to identify the early
emergence of pTCM from naı̈ve T cells. Our finding of early
pTCM differentiation is reminiscent of recent observations of

precursors of central memory CD8+ T cells days before peak
effector expansion (Kretschmer et al., 2020; Lin et al., 2016).

The observed enhancement of TCR signaling-dependent
genes in early TH1 versus pTCM cells is in overall agreement
with previous studies reporting a role for increased TCR signal
strength in driving TH1 commitment over TFH/pTCM (Snook
et al., 2018). However, our fate-mapping analysis of “naturally
TCR barcoded” naı̈ve CD4+ T cells argues strongly against an
intrinsic role for the TCR itself as a dominant determinant of
divergent T cell fates. Furthermore, distinguishing features of
pTCM and TH1 cells revealed by our analysis of early differenti-
ation of naı̈ve T cells expressing a transgene encoded TCR reflect
potential modulation of TCR signaling by cell-extrinsic factors
rather than intrinsic differences in TCR signaling strength
conferred by TCR affinity for cognate antigen. The increased
expression of type I IFN receptor and ISGs in cells with low
levels of TCR signaling, coupled with the reduced expression of
TCR-dependent molecules in IFN-sensing naı̈ve T cells, suggest a
potential role for type I IFN in the regulation of T cell fate
through modulation of TCR signaling. The modulation of PI3K/
Akt/Erk activity by IFN-αwas notably reported to lead to altered
expression of TCF1, a critical transcription factor for memory
T cell differentiation (Li et al., 2020a; Gullicksrud et al., 2017),
with diminished generation of stem cell-like memory cells in
settings of genetic IFNAR1 deficiency or therapeutic IFNAR1
blockade (Li et al., 2020a).

By delineating the temporal order of gene expression, we
uncovered two distinct pathways of naı̈ve CD4+ T cell differen-
tiation toward effector and memory cells in vivo. Our data
suggest that the timing of activation plays a key role in deter-
mining the fate of naı̈ve T cells. Naı̈ve CD4+ T cells that undergo
activation soon after infection, likely sense distinct cytokine
environments given the temporally restricted IL-2 production
by activated T cells, as well as the production of cytokines by
antigen-presenting cells in response to stimulation via TLR and
other innate immune receptors. Reduced TCR signaling in cells
activated later in the infection course may reflect altered TCR
signal strength due to likely shifts in the composition of antigen-
presenting cell pool with varying cell surface expression of
costimulatory and coinhibitory molecules and densities of cog-
nate peptide-MHC complexes. Indeed, PD-1 signaling was re-
cently shown to regulate early CD8+ memory differentiation
(Johnnidis et al., 2021), suggesting that an encounter with PD-L1
expressing antigen-presenting cells may be a key determinant of
memory formation.

In addition, our studies revealed heterogeneity amongst pe-
ripheral näıve CD4+ T cells and specifically identified näıve
T cells poised to adopt specific cell fates upon activation. These
results are consistent with recent studies describing heteroge-
neity amongst naı̈ve CD4+ T cells in mice and humans
(ElTanbouly et al., 2020; Gustafson et al., 2022, Preprint). An
unexpected finding in our studies was that homeostatic cyto-
kine sensing imparts naı̈ve CD4+ T cell heterogeneity and im-
pacts their fate decisions. While our study focused on type I IFN
signaling, it is noteworthy that the environmental prevalence
of type II cytokines was also recently found to influence naı̈ve
T cell responses (Even et al., 2024). This was associated with a
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Figure 6. Type I IFN signaling in näıve CD4+ T cells in SLE. (a) UMAP visualization of 55,072 peripheral blood CD4+ T cells from 11 healthy children and 33
pediatric SLE patients. (b) Scaled expression of T cell lineage genes within clusters shown in a. (c) Proportion of healthy donor or cSLE derived cells in each
cluster. (d) Proportion of cluster 6 ISG+ cells amongst näıve CD4+ T cells across healthy donors and cSLE patients, grouped according to low (SLEDAI ≤ 4) or
high (SLEDAI > 4) disease activity. Two patients with an incomplete SLEDAI assessment were excluded from this analysis. (e) Diffusion map visualization of
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diminished proportion of naı̈ve ISG+ T cells with a concurrent
reduction in overall proliferative potential, highlighting how
environmental signal integration may be reflected in the naı̈ve
T cell pool. Although the functional significance of IFN-sensing
of naı̈ve CD4+ T cells remains to be established in CD8+ T cells,
type I IFN sensitivity was shown to be coincident with the CD5
hi cells within the naı̈ve CD8+ cell population and was attrib-
uted to self-reactivity, which resulted in expression of Ly6C (Ju
et al., 2021). Interestingly, Ly6C+ CD8+ T cells preferentially
differentiated into short-lived effector cells (Ju et al., 2021),
whereas in our studies type I IFN exposure of naı̈ve CD4+ T cells
predisposed them toward a precursor central memory pheno-
type. While together these findings suggest that naı̈ve T cell
heterogeneity can be imparted by environmental cues, their
effects on differentiation biases in CD8+ and CD4+ T cells appear
discordant. Finally, a recent study identified a role for ho-
meostatic IFN signaling in regulating baseline activation of a
broad array of immune cells that determined vaccination re-
sponses in healthy individuals (Kotliarov et al., 2020), sug-
gesting that IFN-signaling may alter the thresholds for
immune cell activation or differentiation, consistent with
previous reports identifying a role for IFN in licensing he-
matopoietic stem cell differentiation (Baldridge et al., 2010; Li
et al., 2020b; Kim et al., 2016).

Thus, our studies suggest that the fate of a naı̈ve T cell is
impacted by environmental cues received before and dur-
ing priming, independent of but combined with signals
from the TCR. Understanding these signals may allow
for modulation of the differentiation potential of naı̈ve
T cells through preconditioning regimes. These findings
have implications for the design of adoptive T cell therapy
in cancer and vaccination strategies, providing a potential
therapeutic avenue for enhancing the memory potential of
CD4+ T cells.

Materials and methods
Mice
C7, Smarta, Irf9−/−, Ifnar1−/−, tgMx1Cre, andMx1GFPmice have been
previously described (Gallegos et al., 2008; Oxenius et al., 1998;
Matsuyama et al., 1993; Prigge et al., 2015; Uccellini and Garćıa-
Sastre, 2018; Kühn et al., 1995). R26lsl-tdT (Strain #:007914) and
C57Bl/6 (CD45.2+) (Strain #:000664) mice were purchased from
Jackson Laboratories. Mice were generated and treated under

protocol 08-10-023 approved by the Sloan Kettering Institute
(SKI) Institutional Animal Care and Use Committee. Specific
pathogen–free mice were maintained in the SKI animal facility
in accordance with institutional guidelines and ethical regu-
lations. Germ-free C57Bl/6 mice were maintained in flexible
isolators (Class Biologically Clean) at Weill Cornell Medicine.
Animals were fed with autoclaved 5KA1 chow. Germ-free status
was routinely checked by aerobic and anaerobic cultures of fecal
samples for bacteria and fungi and by PCR of fecal DNA samples
for bacterial 16S and fungal/yeast 18S genes. Both male and fe-
male mice were included in the study and we did not observe
sex-dependent effects. All mice analyzed were age-matched
(6–10 wk old). All animals used in this study had no previous
history of experimentation and were näıve at the time of
analysis.

Cell isolation and flow cytometry
Lymphoid tissues were harvested, mashed through 100-μm
strainers, washed with complete RPMI (cRPMI), and centri-
fuged. Spleen samples were treated with 1× ACK (155 mM am-
monium chloride, 10 mM potassium bicarbonate, 100 nM EDTA
pH 7.2) to lyse red blood cells and then washed with cRPMI and
centrifuged. For cell sorting, in the analysis of adoptively
transferred C7 CD4+ T cells in poly (I:C)-treated mice or L.m.-
ESAT infected mice at early time points, cells were enriched
using the Miltenyi CD4 Negative Selection Isolation Kit (Milte-
nyi) prior to cell sorting or analysis. For flow cytometric
analysis, dead cells were excluded either by staining with LIVE/
DEAD Fixable Violet, Ghost Dye Red 780, or Zombie NIR in PBS
for 10 min at 4°C, prior to cell-surface staining. Cells were then
incubated with anti-CD16/32 in staining buffer (2% FBS, 0.1% Na
azide, in PBS) for 10 min at 4°C to block binding to Fc receptors.
Surface staining for CXCR5 was performed at RT and staining
with gp66:I-Ab tetramer was performed at 37°C for 45 min in
cRPMI. All other extracellular antigens were stained for
20–30 min at 4°C in staining buffer. Intracellular phosphor-
ylated STAT1 protein staining was performed with Phosflow
Lyse/Fix Buffer, and Phosflow Perm Buffer III (BD Bio-
sciences) according to the manufacturer’s protocol. Cells were
washed with staining buffer before acquisition on a BD LSR II
flow cytometer (Becton Dickinson) or Cytek Aurora. 123count
eBeads were added to quantify absolute cell numbers. The
antibodies used for flow cytometry and FACS are listed in
Table S3.

CD4+ T cells from an individual cSLE patient (cSLE_27) with high disease activity, colored by their cluster identity. (f) Individual diffusion maps from three
representative healthy controls, three representative patients with low disease activity (SLEDAI ≤ 4) or three representative patients with high disease activity
(SLEDAI > 4). (g) Diffusion map visualization of CD4+ T cells from an individual cSLE patient (cSLE_27) with high disease activity, colored by their expression of
T cell lineage genes. (h) Individual diffusion maps (as in f) colored by imputed expression of indicated genes. (i) Palantir pseudotime and branch probabilities
illustrating two differentiation trajectories from näıve to TH1 or TFH cells. (j) Heatmap showing scaled expression of T cell lineage genes across the näıve and
terminal effector memory cell states identified in e. (k and l) Reconstruction of effector T cell differentiation for patient cSLE27. TH1 branch probability across
pseudotime, with cells (dots) colored by cluster identity (k), expression of T cell lineage genes (l). (m) Distribution of expression of mean ISG signature score for
each cluster (as in Fig. 4 b) from patient cSLE_27. Cells below the 60th percentile were classified as “ISG-low,” and cells in the top 5% were labeled as “ISG-
high.” (n) TH1 branch probability across pseudotime, with cells (dots) colored by level of ISG expression, for an individual patient, cSLE_27. ISG-low cells adopt a
TH1 effector memory phenotype, whereas high levels of ISG expression are associated with a TCM or TFH memory phenotype. (o) TH1 branch probability across
pseudotime, with cells (dots) colored by level of ISG expression, for an individual patient, cSLE_19. Statistical significance determined by Mann–Whitney test
(d); *P < 0.05; **P < 0.01.
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Real time qPCR
Naı̈ve T cells were sorted directly into buffer RLT (Qiagen). Total
RNA was extracted from cells using RNeasy Plus Micro kit (Qia-
gen) and reverse transcription was carried out with Superscript
VILO IVmastermix according tomanufacturer instructions. qPCR
reactions were set up in 384-well format in 10 µl using Power
SYBR Green PCR Master Mix following manufacturer in-
structions. PCRwas carried out on an Applied Biosystems 7900HT
instrument using default settings. Expression of target genes was
normalized to β-actin. Primer sequences are detailed in Table S4.

L. monocytogenes infection and poly (I:C) treatment
L.m.-ESAT and L.m.-gp66 strains were provided by Marc Jen-
kins. For scRNA-seq of C7 effector T cell differentiation, 3 × 106

sorted naı̈ve CD4+CD25−CD44loCD62LhiVα11+Vβ10+ C7 T cells
were adoptively transferred into congenic CD45.2+ C57Bl/6
mice. Mice were injected intravenously with 1 × 107 colony-
forming units (CFU) of L.m.-ESAT. In experiments comparing
Mx1(GFP)+ versus Mx1(GFP)− C7 naı̈ve CD4+ T cells, CD4+

Vα11+Vβ10+CD25−CD44loCD62Lhi Mx1(GFP)+ or Mx1(GFP)− T cells
were sorted from enriched CD4+ T cells, pooled from mesenteric
LN (MLN), peripheral LN (PLN), and spleen of two to four mice.
2–4 × 104 cells were transferred into CD45.2+ B6 recipient mice.
The following day, mice were injected intravenously with 1 × 107

CFU of L.m.-ESAT. For analysis of wild-type gp66+:I-Ab-specific
T cells, C57Bl/6 or tgMx1creR26lsl-tdTmice were infected with 1 × 107

CFU of L.m.-ESAT. Spleens were harvested 7 days after infection.
For in vivo poly(I:C) treatment 106 splenic tdTomato−GFP− näıve
CD4+ T cells sorted from C7 × Mx1GFP tgMx1CreROSAlsl-tdTomato mice
were transferred into congenic C57Bl/6 recipient mice. 12 h later,
mice were injected intraperitoneally with 200 μg of poly(I:C)
(Invitrogen).

In vitro cell culture
Naı̈ve CD4+ Vα11+Vβ10++CD25−CD44loCD62Lhi C7 Mx1(GFP)+ or
Mx1(GFP)− T cells were sort purified after enrichment with a
CD4+ T cell negative selection kit (Miltenyi Biotec). T cell–
depleted splenocytes were prepared using biotinylated anti-
bodies against CD4, followed by antibiotin microbeads (Miltenyi
Biotec), and irradiation at 450 rad. Näıve CD4+ T cells were
cultured for 36 h with irradiated splenocytes at a ratio of 1:1 and
varying concentrations of ESAT6 peptide (InvivoGen). For as-
sessment of cytokine production, cells were restimulated for 3 h
at 37°C/5% CO2 in restimulation media (cRPMI 1640 with 5%
FBS, 50 ng ml−1 PMA [Sigma-Aldrich], 500 ng ml−1 ionomycin
[Sigma-Aldrich], 1 μg ml−1 brefeldin A [Sigma-Aldrich], and
2 μM monensin [Sigma-Aldrich]). For in vitro IFN treatment,
250,000 sorted näıve vα2+Vβ5+ Smarta CD4+ T cells were cul-
tured at 37°C/5% CO2 for 4 h with 1,000 IU/ml of IFN-α4 (PBL
Assay Science) or 25 ng/ml IFN-γ (Peprotech).

scRNA-seq
7 days prior to analysis, naı̈ve CD4+ T cells from tgTCR CD45.1+

Smarta or CD90.1+ C7 mice were adoptively transferred into
C57Bl/6 recipients. Splenic CD4+ T cells were enriched with the
CD4+ T cell negative isolation kit (Miltenyi). Two biological
replicates, each representing a pool of two to three spleens, were

processed for each tgTCR strain. Cells were incubated with anti-
CD16/32 in sorting buffer (2% FBS in PBS) for 10 min at 4°C to
block binding to Fc receptors. Extracellular antigens were
stained for 30 min at 4°C in a sorting buffer. Cells were washed
and resuspended in a sorting buffer with SYTOX blue (In-
vitrogen) for the exclusion of dead cells. Live, Lin(TCRγδ−PBS57/
CD1d tetramer−NK1.1−)−TCRβ+CD4+CD25−CD44loCD62LhiVα11+Vβ10+

(C7) or Vα2+Vβ8.3+ (Smarta) T cells were then sort-purified using
anAria II cell sorter (BD Bioscience). Sorted cells were pelleted and
resuspended in PBS.∼5 × 106 cells were transferred into a CD45.2+

B6 mouse. 7 days later, splenic CD4+ naı̈ve T cells were enriched
using the CD4 T cell negative isolation kit and stained with cell
surface markers, as outlined above. Live CD90.1+CD4+TCRβ+ C7 or
CD45.1+CD4+TCRβ+ T cells and host CD45.2+TCRγδ−PBS57/CD1d
tetramer−NK1.1−TCRβ+CD4+CD25−CD44loCD62Lhi naı̈ve cells were
sorted into cRPMI, pelleted and resuspended in RPMI-2% FBS.
Two biological replicates, each representing a pool of two to three
spleens, were processed for each tgTCR strain.

For scRNA-seq analysis of in vivo C7 differentiation, 3 × 106

naı̈ve CD4+CD25−CD44loCD62LhiVα11+Vβ10+ C7 T cells, sorted
from a pool of two spleens, were adoptively transferred into
congenic CD45.2+ C57Bl/6 mice. Mice were injected intrave-
nously with 1 × 107 CFU of L.m.-ESAT 18 h later. Spleens were
harvested 16 h (two replicates) and 40 h after infection. CD4+

naı̈ve T cells were enriched with the CD4 T cell negative isola-
tion kit and stained with cell surface markers, as outlined above.
Congenically marked CD90.1+ C7 cells were sorted into cRPMI
before being pelleted and resuspended in RPMI-2% FBS. Each
sample represents cells sorted from one recipient.

scRNA-seq of FACS-sorted cell suspensions was performed
on the Chromium instrument (10X Genomics) following the user
guide manual (CG00052 Rev E) and using Single Cell 39 Reagent
Kit (v2). Each sample, containing ∼8,000 cells at a final dilution
of 66–70 cells/µl, was encapsulated and barcoded following the
manual. Viability was 82–85% for samples containing näıve
cells, and 80–99% for samples containing effector cells, as con-
firmed with 0.2% (wt/vol) Trypan Blue staining. The encapsu-
lated cells were lysed, and following reverse transcription, the
barcoded cDNA was purified with DynaBeads and amplified by
14 cycles of PCR: 98°C for 180 s, 12× (98°C for 15 s, 67 °C for 20 s,
72°C for 60 s), and 72°C for 60 s. 50 ng of PCR-amplified bar-
coded cDNA was fragmented with the reagents provided in the
kit, purified with SPRI beads, and the resulting DNA library was
ligated to the sequencing adapter followed by indexing PCR:
98°C for 45 s; 12 cycles of (98°C for 20 s, 54°C for 30 s, and 72°C
for 20 s), and 72°C for 60 s. The final DNA library was double-
size purified (0.6–0.8×) with SPRI beads and sequenced on Il-
lumina Nova-Seq platform (R1–26 cycles, i7–8 cycles, R2–70
cycles or higher). Sequencing depth for näıve cell samples was
between 65 and 85 million reads per sample (9,660 reads per
cell), and for effector cells, 175–240 million reads per sample
(57,150 reads per cell).

scTCR-seq
Approximately 12,000 gp66:I-Ab tetramer-positive T cells were
sorted from an L.m.-gp66 infected mouse, 7 days after intrave-
nous infection. The TCR libraries were prepared following the
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Chromium Single Cell Immune Profiling Solution protocol.
Sorted gp66:I-Ab tetramer-positive cells (>80% viability) were
encapsulated at a final concentration of ∼120 cells/µl. After the
reverse transcription step the barcoded-cDNA was released
from droplets and purified with DynaBeads, followed by 14 PCR
cycles (98°C for 45 s; [98°C for 20 s, 67°C for 30 s, 72°C for 1 min]
× 14; 72°C for 1 min). The resulting cDNA library was used to
construct single cell 59 gene expression and TCR VDJ enriched
libraries. The library was fragmented, double-size selected with
SPRI beads (avg. size 450 bp), reamplified, and sequenced on
Illumina NextSeq platform (R1–26 cycles, R2–98 cycles, i7–8
cycles) at a depth of ∼50,000 reads/cell.

To construct TCR libraries, 10 ng of barcoded material was
amplified by a two-step nested PCR (10 cycles of PCR (98°C for
45 s; [98°C for 20 s, 67°C for 30 s, 72°C for 1 min] × 10; 72°C for
1 min) followed by an additional 10 cycles of PCR (98°C for 45 s;
[98°C for 20 s, 67°C for 30 s, 72°C for 1 min] × 10; 72°C for 1 min)
using DNA primers provided in the kit. VDJ region–enriched
libraries with average size of 600 bp were sequenced on an Il-
lumina HiSeq 2500 instrument (R1–150 cycles, R2–150 cycles,
i7–8 cycles) to obtain ∼5,000 reads per cell. Replicate gp66:I-Ab
tetramer+ samples represent independent samples, processed at
separate time-points.

scRNA-seq computational analysis
Preprocessing and quality control
To construct a count matrix, FASTQ files were processed using
the Sequence Quality Control (SEQC) package (Azizi et al., 2018)
with mm10mouse genome reference and default parameters for
the 10X platform. SEQC performs demultiplexing, read align-
ment, multimapping read resolution, as well as cell barcode and
UMI correction to generate a (cell × gene) count matrix. The
pipeline also performs initial cell filtering: true cells are distin-
guished from empty droplets based on the cumulative distri-
bution of total molecule counts, and cells with a high fraction
of mitochondrial molecules (>20%) or low library complexity
(i.e., cells that express very few unique genes) are removed.

The combined count matrices from SEQC contained 11,403
cells by 12,044 genes from early effector time points in Fig. 3 and
28,146 cells by 11,190 genes across five näıve samples in Fig. 4.
On average, SEQC filters removed∼5% of cells for mitochondrial
content and ∼2% of cells for library complexity in each sample.
These default filters were designed to be permissive, and cells
that express <500molecules were further filtered to remove any
remaining low-quality cell libraries.

Data from day 7 gp66:I-Ab+ scTCR-seq were individually
processed with the CellRanger (v3.1.0) 59 RNA-seq and V(D)J
pipeline, aligned to mm10-3.0.0 for genomic libraries and
vdj_GRCm38_alts_ensembl-3.1.0 for TCR libraries. The two
day 7 scTCR-seq replicates together contained 5,681 cells by
11,299 genes.

For each dataset, the filtered count matrix combining all in-
cluded samples was normalized for library size, multiplied by
the median of the total molecule count across all cells for nu-
merical stability, and log2-transformed with a pseudocount of
0.1 for downstream analysis. We retained genes with expression
in >10 cells. Putative doublets were identified with Scrublet

(Wolock et al., 2019), and any cluster with substantial doublet
annotation was removed prior to downstream analysis (5.9% of
naı̈ve cells, 1% of early timepoint cells, 4.4% of D7 cells).

Basic metrics for each of the datasets are available in
Table S5.

Clustering
We clustered each dataset by applying Phenograph to the prin-
cipal component analysis (PCA)-reduced expression matrix and
setting k to 30. This parameter choice ensures the capture of
small discrete populations but tends to over-cluster regions of
more continuous transcriptional variation, as observed between
archetypal naı̈ve phenotypes and between primary T effector
states. However, the adjacency and continuity of these pheno-
typic regions can be corroborated by their relation in diffusion
space (Figs. 1 e, 2 c, and 4 f).

Differential gene expression tests
Differential expression analysis was performed by applying
MAST (v1.10.0) to library-size-normalized, log-transformed
unimputed data using the number of genes expressed in each
cell as a covariate (Finak et al., 2015). Cluster-specific gene
expression was determined by comparing within-cluster ex-
pression to expression in all remaining clusters under consid-
eration. Genes with false discovery rate (FDR) <1e-10 and fold
change >1.4 were considered to exhibit differential expression.

Gene signatures
For a given set of genes, we calculated a gene signature score for
each cell as the average imputed and z-scored expression level
across genes in the input set.

We utilized published microarray data (GSE43863) for sorted
naı̈ve, memory, and effector CD4+ T cell populations generated
during acute LCMV infection (D6) and memory recall (Hale
et al., 2013). For each profile in this dataset, we derived a gene
set and associated signature as the top 50 DEGs by fold change in
a one-vs-rest comparison. For cell cycle signatures, we used
published G1/S and G2/M cell cycle signatures (Tirosh et al.,
2016). The IL2-STAT5 signaling signature was obtained from
the MSigDB hallmark collection (Subramanian et al., 2005).

Antigen-specific gp66:I-Ab+ T effector processing and analysis
We sampled two replicate 59 scRNA-seq and scTCR-seq gp66:
IAb+ Teff cell samples from a B6 mouse 7 days after infection
(Figs. 1, 2, S1, and S2), and clustered and characterized each
replicate separately for comparison. In each replicate, similar
clustering, evaluated using the adjusted Rand index, was ach-
ieved for 20–100 input principal components (PCs), and input k
ranging from 30 to 100 (Fig. S5, a–d). In one replicate, we re-
moved a contaminating näıve cell cluster, likely resulting from
non-specific tetramer binding, which was almost entirely com-
posed of single-cell clones and exhibited high Ccr7 and Sell ex-
pression. To assess the correspondence between gp66tet+ T cell
replicates, we computed cluster centroids in each replicate da-
taset using the union of DEGs identified within each replicate
separately. We then standardized (z-score) expression values for
each gene across the cluster average profile within each dataset
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before calculating the Pearson correlation coefficient for each
pairwise replicate-replicate cluster comparison (Fig. 2 f). To
identify an inclusive set of DEGs distinguishing TFH1 and TFH2
subtypes, we took the union of DEGs found in TFH1-vs-rest and
TFH2-vs-rest comparisons within each replicate (Fig. S1 c). To
identify pTCM-specific genes, we merged clusters constituting
the major pTCM, TFH, and TH1 differentiation states and com-
puted DEGs in pTCM-vs-TFH as well as pTCM-vs-TH1 comparisons
(Fig. S1 f).

Antigen-specific gp66:I-Ab+ T effector clonotype analysis
We used consensus CDR3 contigs defined by CellRanger to as-
sociate transcriptional profiles with distinct TCR clones and
observed 76 and 47 clones with >5 cells in the scTCR-seq repli-
cates. Each clonotype consists of multiple cells distributed across
T cell phenotypic states, and we used an unsupervised strategy
to define groups of clonotypes with similar phenotypic dis-
tributions. We based our approach on the MAGIC adaptive af-
finity matrix, employing the diffusion operator that determines
cell phenotypic similarity, weighted by the major components of
variation in the data. Each row of the adaptive affinity matrix is
a unit-normalized vector that defines the local diffusion neigh-
borhood of the corresponding cell. For each clonotype c, we
defined a total neighborhood weight vector (wc) that aggregates
the local neighborhoods of cells in the given clonotype, such that
wc � 1

nc

P

i2 c
Ai, where Ai is the ith row of the adaptive affinity

matrix and nc is the number of cells in clonotype c. The neigh-
borhood weight vector captures regions of phenotypic similarity
to a given clonotype on the data manifold. By associating clo-
notypes with broader phenotypic regions than their individual
constituent cells, these neighborhood weight vectors can be used
to evaluate the phenotypic similarity of distinct clonotypes. We
clustered wc vectors using Phenograph with a cosine distance
metric and k = 10 to define clonotype groups occupying similar
phenotypic spaces. These clonotype groups were associated with
TH1-biased, TFH-biased, ormixed populations by inspecting their
representation across gp66:I-Ab+ T cell clusters. A ternary plot of
the proportion of TH1, TFH, and pTCM cells in each clonotype (Fig.
S2 b) revealed that TH1-biased clonotypes contain >40% TH1 and
<20% TFH cells, while TFH-biased clonotypes contain >40% TFH

and <20% TH1 cells, corroborating our clonotype group annota-
tions and emphasizing the dichotomy between TFH and TH1
states found in clonotypes with phenotypic bias.

We also characterized patterns of phenotypic bias across
clonotypes by counting the number of clonotypes with >5 cells
observed in distinct combinations of pTCM, TFH, and TH1 phe-
notypes (Fig. 2 e). For this counting, we considered a clonotype
to be represented in a given phenotype if one or more constit-
uent cells were part of the given phenotypic cluster. To deter-
mine whether observed frequencies of phenotypic combinations
(Fig. 2 e) diverged from expectation, we compared them to
frequencies generated by randomly permuting clonotype labels.
For each permutation, we shuffled labels across cell states
without replacement, preserving the observed clonotype size
distribution, and then counted clonotypes in each distinct phe-
notypic combination. We performed 500 permutations to obtain
the background expectation in each phenotypic category and

visualized deviations from this distribution by plotting observed–
expected counts for each category as well as the randomized
background dispersion (Fig. S2 c).

We further used GLIPH2 (Huang et al., 2020) to establish
potential shared TCR specificity groups between gp66tet+ T cell
replicate datasets. GLIPH2 aims to cluster TCR sequences that
would bind the same MHC-restricted peptide antigen on the
basis of both global TCR sequence similarity and the enrichment
of short TCR sequence motifs relative to an unselected TCR
reference set. We ran GLIPH2 using TCRβ chain consensus CDR3
contigs concatenated from both replicate datasets with all amino
acids interchangeable and otherwise default parameters with
the provided naı̈ve mouse CD4 TCR set as reference. Of all sig-
nificant TCRβ convergence groups, only two included >5 cell
clones with identifiable phenotypic bias in both replicates.

C7 effector processing and analysis
To investigate the dynamics of early T effector induction, we
sampled adoptively transferred splenic C7 TCR transgenic CD4
T cells 16 and 40 h after L.m.-ESAT infection (Fig. 3). To rep-
resent transcriptional heterogeneity prior to infection, we in-
cluded a naı̈ve C7 sample (with the largest number of cells) in
our analysis. The samples displayed substantial shifts between
time points, reflecting a rapidly changing environment and
global phenotypic changes during early infection. We, therefore,
utilized our data integration technique, Harmony (Nowotschin
et al., 2019) (https://github.com/dpeerlab/Harmony), which is
designed to connect time-adjacent scRNA-seq samples without
strong integration assumptions. The algorithm identifies mutual
nearest neighbors between adjacent time points, calculates a
distance adjustment for these mNN edge weights, and in-
corporates them into an augmented affinity matrix suitable for
downstream analysis. In the 40-h sample, we observed distinct
clusters containing differentiated T cell phenotypes with high
G1/S or G2/M scores (Fig. 3 c). Due to their highly proliferative
signatures, these shared few nearest neighbors with other non-
proliferative phenotypic states in either time point. To link
initial non-proliferative steps of T cell activation with subse-
quent T cell maturation in proliferative states, we treated 40-h
T cell clusters with high G1/S or G2/M scores as distinct and final
time points. Ultimately, we obtained the complete augmented
affinity matrix using Harmony by treating naı̈ve, 16 h, non-
proliferating 40 h, and proliferating 40 h T cells as time-
adjacent input samples.

The augmented affinity matrix was subsequently used as
input for visualization, clustering, diffusion maps, Palantir
and MAGIC imputation. The combined early infection time
course was visualized by ForceAtlas2 (https://github.com/
bhargavchippada/forceatlas2) directly using the augmented
affinity matrix as input (Jacomy et al., 2014). Imputed expression
values calculated using the augmented affinity matrix are highly
correlated (>0.95 Pearson coefficient) for input ka ranging from
3 to 20 and input t ranging from 2 to 11 (Fig. S5, e–g).

Palantir for early C7 effector differentiation during L.m.-ESAT
We used Palantir (Setty et al., 2019) to characterize pseudotime
trajectories and gene trends toward different T cell activation
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fates in the early infection time-course dataset (Fig. 3 g). Palantir
models cell fate as a continuous probabilistic process and cal-
culates each cell’s position in pseudotime along with the prob-
ability that each cell reaches each terminal state, termed the
branch probability. We ran Palantir using 10 DCs based on the
eigengap, where the DCs were derived from the augmented
affinity matrix produced with Harmony as described above.
Diffusion distances were highly correlated (>0.95 Pearson
coefficient) when calculated with a range of input DCs from 10
to 15 (Fig. S5 h). We set the starting cell in the naı̈ve quiescent
cluster and two terminal points in TFH- and TH1-biased states
in the 40-h sample to capture the complete T cell activation
and differentiation process (Fig. 3 d).

We observed two activation paths that both proceed toward
TH differentiation. To better resolve these divergent paths, we
applied Palantir to a dataset in which we removed the common
TH differentiation stage by only retaining cells with pseudotime
<0.7. This analysis identified two terminal states when a starting
cell was specified in the naı̈ve quiescent cluster; one pathway
represented TCR-dependent activation and the other repre-
sented TCR-independent activation (Fig. 3 g and Fig. S3 b). We
calculated gene expression trend along each pseudotime branch
on MAGIC-imputed data using the generalized additive model
available in Palantir, which is weighted by branch probabilities
(Fig. 3 g and Fig. S3 b). We selected cells after branch divergence
(pseudotime > 0.15) and performed differential expression
between TCR-dependent (branch probability > 0.7) and TCR-
independent cells to identify genes distinguishing the pathways.

Naive cell processing and analysis
To investigate naı̈ve CD4+ T cell heterogeneity at steady state, we
characterized sorted näıve splenic CD4 T cell populations from
transgenic TCR (tgTCR) Smarta, C7, and clonally diverse B6mice
(Fig. 4). Initial clustering with Phenograph (20 PCs, k = 30) re-
vealed a small contaminating B cell population that we removed
before subsequent analysis. Batch effects caused näıve cell
populations from each sample to form discrete populations
when visualized together; however, when processed individu-
ally, we observed common determinants of heterogeneity in all
näıve samples. For each individual naı̈ve sample, we tabulated
DEGs by clustering with Phenograph (20 PCs, k = 30), followed
by one-vs-rest cluster comparisons with MAST (log2FC > 0.5,
FDR < 1e-10). These gene sets were similar (>0.6 overlap coef-
ficient) between näıve samples (Fig. S5 i).

To characterize shared axes of transcriptional variation in
näıve populations, we selected the top 1,000 highly variable
genes (HVGs) based on normalized dispersion within individual
samples. We assessed the degree to which clustering is sensitive
to the number of HVGs in individual samples and compared
clustering based on HVGs with clustering based on all observed
genes using the adjusted Rand index, finding good similarity
between the solutions (Fig. S5 j). We then performed batch
correction using mnnCorrect (k = 30 neighbors), with a Smarta
replicate with the largest cell recovery and library size as the
reference. For downstream analysis, we performed PCA on
batch-corrected log-transformed HVG data. We selected 20 PCs
(explaining∼15% of the total variance) based on the rate of decay

in explained variance per additional PC and retained the reduced
matrix for downstream analysis including clustering, diffusion
maps, and imputation. The combined batch-corrected näıve
samples were visualized using UMAP (k = 30) (Fig. 4, b and d).

Visualization of the combined clustering on individually
embedded samples illustrates that we retained naı̈ve cell het-
erogeneity after batch correction (Fig. S4 b). To assess this
quantitatively, we compared dimensionality reduction by PCA
in individual samples with PCA in combined batch-corrected
samples. We first projected individual sample data onto
20 sample-specific PCs and then reprojected it onto the 20 PCs
from the total batch-corrected log data. When projected on the
top PCs defined by the combined batch-corrected dataset, 60%,
54%, 65%, 69%, and 69% of the total explained variance from
PCA in each naı̈ve sample is retained. Furthermore, diffusion
distances calculated within individual samples are well corre-
lated (0.65, 0.64, 0.78, 0.86, and 0.93 Pearson coefficient) with
diffusion distances calculated after batch correction. Finally, we
assessed the similarity of cluster phenotypes across individual
samples. Using the combined cluster labels produced using
batch-corrected data, we computed cluster centroids in each
individual sample separately on non-batch-corrected data. We
then standardized (z-score) expression values for each gene
across the cluster average profile within each individual sample
before calculating the Pearson correlation coefficient for each
pairwise sample and cluster comparison. Cluster phenotypes
across all näıve samples are strongly self-similar, illustrating the
phenotypic similarities shared in all näıve samples (Fig. S5 k).

Clustering on the combined näıve cells produced similar re-
sults for input PCs ranging from 20 to 50 and input k ranging
from 30 to 200, evaluated using the adjusted Rand index (Fig.
S5, l and m). Imputed expression for combined näıve cells is
highly correlated (>0.95 Pearson coefficient) for input ka
ranging from 5 to 20 and input t ranging from 3 to 11 (Fig. S5, n
and o).

Diffusion maps and MAGIC imputation
To account for missing values in scRNA-seq, we employed
MAGIC, a denoising method that imputes missing expression
values based on data diffusion between cells with similar co-
variate gene relationships (van Dijk et al., 2018). We constructed
the adaptive affinity matrix using k = 30, ka = 10, and t = 4 as
input parameters, where t specifies the number of times the
affinity matrix is powered for diffusion. As previously demon-
strated (van Dijk et al., 2018), MAGIC imputed values are not
very sensitive to input parameter choice, which we confirmed
by varying these inputs (Fig. S5, e, f, and n–p). Following
MAGIC, gene expression values were no longer sparse and fol-
lowed better-structured distributions that align with the data
manifold. MAGIC imputed data was used for visualization and
gene signature calculation, but importantly, not for differential
expression testing.

Human peripheral blood transcriptomes from COVID-19 patients
Processed count matrices related to the COVID-19 dataset gen-
erated by the CITIID-NIHR COVID-19 BioResource Collaboration
(2021) study were downloaded from https://covid19cellatlas.org

Deep et al. Journal of Experimental Medicine 17 of 21
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(Stephenson et al., 2021). An ISG expression signature was de-
rived by taking DEGs from our MAST results for cluster 8 (IFN+

cluster) in the naı̈ve samples. This list was filtered for one-to-
one orthologs with humans, and the remaining 32 genes were
used to compute average Z scores across all cells. To compare
across samples, signature scores were averaged within each
subset for each sample, with only samples having >10 cells for a
particular CD4+ subset (CM, EM, Naı̈ve, Th1) being used. Dif-
ferential ISG signature score values between COVID-19 and
healthy samples were assessed by a two-sided Wilcoxon rank-
sum test (Fig. 5 a). We downloaded a preprocessed dataset
containing PBMCs from five COVID-19 patients and six healthy
controls (Wilk et al., 2020) from the CZ Biohub (Fig. 5 b). We
isolated CD4+ T cell populations as annotated in the original
publication and calculated gene signature scores for the “naı̈ve
Smarta” and “Day6 Ly6chi Cxcr5−” profiles as described above to
partition naı̈ve from potential effector cell states (Hale et al.,
2013). We defined the set of potential naı̈ve CD4+ T cells by
exclusion of those with high effector (“Day6 Ly6chi Cxcr5−”)
signature scores, using a conservative threshold that deviates
substantially from majority background levels (∼10% of total
CD4+ T cells). This threshold also retained cells with the highest
näıve signature scores (Fig. 5, b and c). We additionally scored a
signature derived from the top 50 DEGs of the IFN-responsive
cluster in our näıve T cell characterization to demonstrate the
presence of analogous IFN-responsive states in COVID patients.
We tested for differences in IFN-responsive signature scores
between COVID and healthy groups using the nonparametric
Mann–Whitney U test between total COVID and total healthy
populations, and between the individual COVID patient and total
healthy populations (Fig. 5, d and e).

Human peripheral blood transcriptomes from SLE patients
A dataset containing all T cell populations from 33 SLE patients
and 11 healthy control peripheral blood samples was generously
provided by the authors of Nehar-Belaid et al. (2020), comprised
of raw count data prefiltered for doublets and low library size
transcriptomes (Fig. 6). After filtering genes for expression in at
least 1,000 cells, this data contained 153,754 cells by 9,933 genes
in total.

Given that we are interested in CD4+ T cell heterogeneity and
differentiation, it was important to remove CD8+ T cell profiles
before further analysis. Within each sample, we performed
library-size normalization, scaled expression counts to 10,000
per cell, log2-transformed expression values with a pseudocount
of 1, and z-scored expression for each gene. We developed a
simple classification criterion from a small gene set (Cd8b, Cd8a,
Ccl5, Nkg7, Gzmm, Cd4, Cd40lg, Tnfrsf4, Itgb1). These genes were
selected for both their high expression and high correlation to
CD4, CD8a, or CD8b. Within each sample, we took the first PC
score using this gene set as input to define a composite score
representing their expression. From all cells in a given sample,
we selected cells with mutually exclusive expression of Cd4 or
Cd8a/b to serve as proxy labels for classification. We chose the
classification threshold for the PC score that maximized Mat-
thew’s correlation coefficient (>0.8 for 42/44 samples) and ex-
tended the classification criterion to the remaining cells in each

sample. While this strategy cannot be guaranteed to remove all
contaminating CD8 T cells, it did remove clusters composed
exclusively of cells with Cd8a/b and little Cd4 expression
(probable CD8-specific cell states). If any CD8+ cells remained
that could not be easily distinguished from CD4+ profiles, we
reasoned that their presence would not substantially alter our
inferences of CD4+ T cell behavior.

After filtering CD8 cells (average 64 ± 11% of total T cells per
sample), raw count data from 55,748 CD4+ T cell profiles were
compiled and expression values were collectively library-size
normalized, scaled to 10,000 counts per cell, log2-transformed
with a pseudocount of 1, and z-scored in each gene. Two small
clusters of contaminating myeloid cells and neutrophils were
removed prior to further analysis. With the retained CD4+ T cells
(average 1,251 ± 683 cells per patient), we performed batch
correction and integration using Scanorama with 50 PCs. Phe-
nograph clustering and UMAP embedding were calculated using
the resulting batch-corrected dimensionality reduced space and
30 nearest neighbors. A single cluster was defined by high ex-
pression of IFN-responsive elements (Fig. 6 a, ISG+ cluster). We
tested for differences in the proportion of CD4+ T cells consti-
tuted by the ISG+ cluster across disease activity categories de-
fined in Nehar-Belaid et al. (2020) using the nonparametric
Mann–Whitney U test (Fig. 6 d).

We employed diffusion maps to examine the role of IFN re-
sponse in ISG+ naı̈ve T cells and their effector/memory coun-
terparts for individual healthy donors or patients stratified by
disease severity (Fig. 6, e and f). For this analysis, we chose
samples with high cell number and phenotypic coverage as well
as IFN-responsive gene expression and computed DCs inde-
pendently for each sample. The DCs illustrate shared phenotypic
variation and consistency across the analysis (Fig. 6 f). The first
DC separates naı̈ve and effector memory T cells whilst the sec-
ond component separates näıve and TCM cells (Fig. 6 e), with
increasing expression of TCF7 and NR4A3 (Fig. 6, g and h). This
pattern was highly reproducible across individual donors irre-
spective of disease status (Fig. 6 h). Notably, ISG+ cells follow the
trajectory from näıve to TCM cells (Fig. 6, e, f, n, and o), sup-
porting our earlier finding that IFN-experienced näıve T cells
are poised for TCM fate. To further assess the differentiation
potential of ISG+ näıve CD4+ T cells, we deployed Palantir on
cells for an individual patient with severe disease (cSLE_27). We
defined the potential phenotypic trajectory from naı̈ve to TH1
and TFH-biased effector endpoints using Palantir, selecting the
number of input DCs based on eigenvalue decay. For each DC, we
included the cells with the minimum or maximum DC value as
candidate start or endpoints for Palantir input and used the
expression of canonical naı̈ve, TH1, and TFH genes to identify
starting naı̈ve and terminal TH1 and TFH states (Fig. 6, i and j). To
determine the fate of IFN-conditioned cells, we binned cells by
ISG expression (Fig. 6 m) and then tracked their fate along
pseudotime (Fig. 6, k–n). Strikingly, ISGlo cells were present
almost exclusively within the TH1 effector memory branch,
whilst cells with the highest ISG expression exhibited increased
TCM and TFH memory potential (Fig. 6, k–n). Analysis of differ-
entiation trajectories for an additional patient with severe dis-
ease (cSLE_19) confirmed this finding (Fig. 6 o).
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Online supplemental material
Fig. S1 shows additional gene expression, analyses, and non-
imputed UMAPs pertaining to Fig. 1. Fig. S2 shows additional
analyses related to scTCR-seq of gp66:I-Ab+ CD4+ T cells. Fig. S3
depicts individual UMAPs of different time points emphasized in
Fig. 3 and additionally shows pseudotime gene expression trends
and MsigDB Hallmark pathways enriched in the two differen-
tiation trajectories. Fig. S4 shows the sorting strategy, post-sort
purity, and replicate UMAPs of näıve CD4+ T cell data as well as
analysis of IFN-inducible genes in RTEs. Fig. S5 depicts tested
parameters and quality control for computational analyses
performed on datasets shown in Figs. 1, 3, and 4. Table S1 lists
the top marker genes for TCR-independent versus TCR-
dependent differentiation trajectories as shown in Fig. 3. Table
S2 lists the top marker genes for each näıve cell cluster shown in
Fig. 4 b. Table S3 contains information for antibodies used in this
study. Table S4 lists primer sequences for qPCR data shown in
Fig. 4 and Fig. S4. Table S5 contains basic summary metrics for
scRNA-seq datasets generated in this study.

Data availability
The mouse sequencing data related to Figs. 1, 2, 3, and 4 are
available through the Gene Expression Omnibus under acces-
sion GSE171527. The data related to Fig. 3 is available as a data
browser at https://cd4t-differentiation-dashboard.com. All
computational analyses on human data were performed on
published datasets. The sequencing date for pediatric SLE
patients has been published previously and deposited in the
dbGAP database under accession number phs002048.v1.p1.
COVID-19 datasets are available at https://covid19cellatlas.
org and https://www.covid19cellatlas.org.
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Supplemental material

Figure S1. Analysis of CD4+ T cell responses to systemic L.m. infection. Related to Fig. 1. (a) UMAP overlaid with log normalized counts of canonical TFH,
TH1, or TCM genes for comparison with imputed expression Fig. 1 c. (b) UMAP overlaid with imputed (left) and log normalized (right) expression of TFH, TH1, or
TCM genes. (c) Heatmap showing imputed, log-normalized expression of all DEGs (log2FC > 0.5, FDR < 0.01) identified for each TFH cluster (cluster 6 or cluster
1). The 177 differentially expressed TFH genes shown include the union of DEGs identified in each replicate in one vs. rest comparisons for each TFH cluster. The
colored bar at the top of the heatmap shows the assignment of cells to these clusters. (d) UMAP of single-cell transcriptomes from gp66:I-Ab+ CD4+ T cells
colored by imputed (left) and log-normalized (right) expression of canonical germinal center TFH genes. (e) UMAP overlaid with the mean expression of genes
from the indicated KEGG pathway geneset. (f) Heatmap showing pTCM-specific gene expression. Heatmap shows imputed, log-normalized expression of all
DEGs (log2FC > 0.5, FDR < 0.01) in pTCM versus TFH or pTCM versus TH1 comparisons. pTCM, TFH, and TH1 clusters were merged prior to differential gene
expression calculation. (g) Diffusion distances between pair-wise comparisons of TFH, TH1, and TCM cells.
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Figure S2. Paired TCR and transcriptomic analysis of antigen-specific CD4+ T cell responses to L.m. Related to Fig. 2. (a) Diffusion map of gp66:I-Ab+

CD4+ T cells colored by clone size, showing a similar degree of clonal expansion across TH cell subsets. (b) Clonotypes ≥5 cells were clustered on the basis of
their phenotypic distribution using Phenograph. Three distinct phenotypic patterns were identified: TH1 bias, TFH bias, or mixed lineage phenotypes. Ternary
plot showing the proportion of TH1, TFH, or pTCM cells for each clonotype. Each dot represents an individual clonotype, colored by its phenotype. (c) Bar graph
showing the overrepresentation or underrepresentation (observed–expected counts) of clonotype frequency for each combination of TFH, TH1, and TCM
phenotypes with respect to randomized permutations. Box plots indicate the expected clonotype frequencies for each phenotype combination if clones were
randomly distributed. The solid pink bars represent the deviation of the observed clonotype frequency for each phenotype combination from the randomized
expectation. (d) Diffusion map visualization of single cell transcriptomes from replicate gp66:I-Ab+ CD4+ T cells, colored by their Phenograph cluster identity,
illustrating three distinct cell fates: TH1, TFH, and pTCM. (e) Heatmap showing MAGIC imputed, log-normalized expression of top 20 DEGs (log2FC > 0.5, FDR <
0.01), for each Phenograph cluster shown in d. The colored bar at the top of the heatmap shows the assignment of cells to these clusters. (f) Fraction of cells
within each effector CD4+ T cell lineage for replicate samples. Equivalent proportions of TH1, TFH, and pTCM cells were observed in two independent ex-
periments. (g) Graph showing frequency and size distribution of clonotypes amongst replicate gp66:I-Ab+ CD4+ T cells. (h) Heatmap demonstrating the
proportion of cells within a given clonotype with a TH1, TFH, or pTCM phenotype, for clonotypes ≥5 cells for the replicate gp66:I-Ab+ CD4+ T cell sample. Each
row represents an individual clonotype. The color bar on the left indicates clone size. Clonotypes are ordered by hierarchical clustering with complete linkage
and correlation distance.

Deep et al. Journal of Experimental Medicine S2
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Figure S3. Pseudotemporal analysis of CD4+ T cell fates during L.m. infection. Related to Fig. 3. (a) Force-directed layout depicting the developmental
relationship between C7 CD4+ näıve and effector T cells during infection with L.m.-ESAT. Cells are colored by sampling time point after infection. (b) Gene
expression trends along the two branches of T effector/memory differentiation. Cells exhibiting low levels of TCR-dependent genes (“TCR-lo”) exhibit sustained
expression of ISGs. (c) Unimputed log normalized expression of Il2 and Il2ra for individual C7 effectors profiled at 16 and 40 h post activation, demonstrating
coexpression of these two genes. Each dot represents an individual cell colored by the time-point of sampling. Percentages of cells expressing Il2, Il2ra, or both
are listed on the right. (d) Enrichment of MsigDB Hallmark pathways in “TCR-lo” (pTCM) versus “TCR-hi” (effector) differentiation branches. (e) Histogram of
IFNAR1 staining of näıve CD4+ T cells, TCM and TEM (left) and quantification (right). Representative of two independent experiments. Statistical significance
determined by one-way ANOVA; ****P < 0.0001.
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Figure S4. Characterization of näıve CD4+ T cell heterogeneity. Related to Fig. 4. (a) Representative flow cytometry showing sorting strategy for isolation
of näıve CD4+ Smarta or C7 cells on day 0, prior to transfer into CD45.2 recipient mice (upper and middle panel). On day 7 after transfer, tgTCR T cells and host
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B6 näıve CD4+CD25−CD44loCD62Lhi T cells were sorted for scRNA-seq analysis (right panel). At day 7, tgTCR T cells retained their näıve cell surface phenotype.
(b) Top: UMAP visualization of individual naive CD4+ T cell replicate samples, each colored by their collective Phenograph clustering from Fig. 4 b performed
after batch-correction. Bottom: UMAP colored by donor cell origin sorted according to a: B6 (blue) from one donor mouse, C7 (orange) and SMARTA (green)
each from two donor mice. (c) Heatmap showing imputed expression of top 50 DEGs across splenic näıve T cell clusters (log2FC > 0.5, FDR < 0.01). The colored
bar at the top of the heatmap shows the assignment of cells to clusters labeled in Fig. 4 b. Genes of interest are shown on the right. (d) Log-normalized
expression values for comparison with imputed expression Fig. 4 d. (e) UMAP of näıve CD4+ T cells colored by imputed (left) or log normalized (right)
expression of genes implicated in maintenance of näıve T cell quiescence. (f) Representative flow cytometry of näıve CD4+ T cells from the spleen (Sp) of
Mx1GFPmice. (g) Representative flow cytometry demonstrating gating strategy for analysis of CD4+ thymocyte populations fromMx1(GFP)+ mice. (h) Summary
graph showing frequency of Mx1+ cells for each thymocyte population gated in g. Increased frequency of Mx1+ cells is observed as cells undergo progressive
maturation from CD4+CD8+ DP thymocytes to mature single positive (SP) CD4+ T cells. Representative of two independent experiments, n = 4. Statistical
significance was determined by one-way ANOVA; ****P < 0.0001. (i) Frequency of RAG2(GFP)+ cells within PLN, MLN, or spleen. (j) Expression of indicated
ISGs in RAG2(GFP)+ or RAG2(GFP)− näıve T cells, determined by qPCR. Representative of two independent experiments of n = 3. (k) Representative flow
cytometric analysis of immune cell composition within the spleen of recipient mice, 5 days after infection, demonstrating frequency of pTCM (CD62L+), TH1
(T-bet+CXCR5−), and TFH (T-bet−CXCR5+) cells amongst transferred C7 T cells. (l) CXCR5 geometric MFI (gMFI) in T cell subsets from k. Representative of two
independent experiments. Statistical significance determined by two-way ANOVA; ****P < 0.0001.
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Figure S5. Validation of parameters for scRNA-seq analysis of CD4+ T cells. Related to Figs. 1, 2, 3, and 4. (a–d) Related to Figs. 1 and 2. Degree of overlap
measured by adjusted Rand index between Phenograph clustering in gp66:I-Ab+ CD4+ T cell replicates with varying input number of PCs (a and b) and k (c and
d). (e–h) Related to Fig. 3. Validation of imputation and diffusion mapping for C7 differentiation during acute L.m.-ESAT infection. Average Pearson correlation
per gene of MAGIC imputed expression values with varying input ka (e) and t parameters (f). (g) Average Pearson correlation distance per gene between
successive applications of the MAGIC diffusion operator indicated by t. (h) Pearson correlation in cell–cell diffusion distances calculated for C7 differentiation
dataset with varying numbers of diffusion components (DCs). (i–k) Related to Fig. 4. Validation of näıve CD4+ T cell batch-correction, clustering, and im-
putation. (i) Heatmap showing the overlap coefficient of DEGs recovered in each individual replicate sample after Phenograph clustering (20PCs, k = 30)
followed by one-vs-rest cluster comparisons performed with MAST (log2FC > 0.5, FDR < 1e-10). (j) Heatmap showing the degree of overlap measured by the
adjusted Rand index between clustering in individual samples using varying numbers of HVGs as compared with clustering in individual samples using all
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expressed genes. (k) Pearson correlation between average cluster expression profiles calculated separately in each individual sample. Colored bars at the top
and sideshow the collective Phenograph clustering assignment of each profile. (l–p) Related to Fig. 4. Validation of clustering and imputation for näıve CD4+
T cell dataset. (l and m) Degree of overlap measured by adjusted Rand index between Phenograph clustering on the combined batch-corrected näıve T cell
dataset with varying input number of PCs (l) and k (m). (n and o) Average Pearson correlation per gene of MAGIC imputed expression values with varying input
ka (n) and t (o) parameters. (p) Average Pearson correlation distance per gene between successive applications of the MAGIC diffusion operator indicated by t.
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Provided online are Table S1, Table S2, Table S3, Table S4, and Table S5. Table S1 contains the top marker genes for
TCR-independent versus TCR-dependent differentiation trajectories. Table S2 contains the top marker genes for each näıve cell
cluster shown in Fig. 4 b. Table S3 contains the list of antibodies used in this study. Table S4 shows primer sequences for qPCR.
Table S5 contains basic summary metrics for scRNA-seq datasets generated in this study.
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