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Abstract14

The thymus enacts central tolerance through thymic epithelial cells (TECs), which present self-antigens to develop-15

ing T cells to remove self-reactive cells, preventing autoimmunity. Human TECs include populations that express16

lineage-committed programs corresponding to distinct peripheral tissues, yet how they acquire these programs and17

whether these TEC subpopulations are genetically related and conserved in mice remain unknown. Using matched18

single-cell gene-expression and chromatin-accessibility profiling of 126,687 human TECs, we identified 17 TEC19

subsets defined by their distinct expression profiles of 1,843 cell type restricted-antigens (CRAs) from 48 peripheral20

cell types. With a new phylogenetic reconstruction method, we show that lineage-committed TECs share a common21

ancestor, retain a thymus-specific mixed identity through co-expression of multiple CRA signatures, and are22

specified by coordinated activator and repressor regulons. We also identified a basement-membrane-collagen-rich23

state (BMC-TECs) with progenitor-like properties. Finally, mouse TECs shared the regulatory strategy but conserved24

few master transcription-factor drivers. This study mechanistically characterizes human TEC subpopulations and25

reveals the gene regulatory logic that leads to their distinct diversification and mixed identities in humans and26

mice.27

28

Introduction29

As T cells develop in the thymus, strongly self-reactive cells are removed before they enter the circulation in a30

process called central tolerance, which is fundamental to immune homeostasis and protection from autoimmunity31

[1]. Thymic epithelial cells (TECs) provide diverse and specialized environments and broad representation of32

self-antigens that make this selection possible. However, the developmental origins and gene-regulatory mecha-33

nisms that generate human TEC diversity, including how TECs acquire full self-representation and whether these34

mechanisms are conserved across species, remain poorly understood.35

Classical TEC subsets comprise cortical TECs (cTECs), which select developing T cells with functional T cell receptors36

and medullary TECs (mTECs), which present self-antigens and, together with co-stimulatory molecules, eliminate37

strongly self-reactive T cell clones. Within the medulla, expression of AIRE, a transcriptional regulator that induces38
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expression of tissue-restricted antigens (TRA), and major histocompatibility complex (MHC) II distinguishes39

immature (mTECI; AIRE−, MHCIIlo) from mature (mTECI; AIRE−, MHCIIhi) subsets. Over the past two decades,40

central tolerance was attributed primarily to AIRE-expressing mTECIIs, whose stochastic expression of TRAs41

exposes developing thymocytes to peripheral self [1–4].42

More recently, lineage-committed TEC subsets (CD24hi; AIRE-, MHCIIlo), broadly classified as thymic mimetic cells,43

have been identified in mice and humans. Analyses of selected marker genes established their resemblance to44

peripheral cell types and provided a foundation for defining these specialized TEC states [5–9]. Examples include45

microfold- and corneo-like TECs, which express genes associated with intestinal M-cells and keratinization and46

cornified-envelope programs, respectively. In mice, lineage-committed TECs contribute to both tolerance and47

thymic functions beyond classical self-antigen presentation; for instance, tuft TECs contribute to invariant natural48

killer T cell development, whereasmicrofold TECs promote thymic B cell class switching [9–11]. Single-cell profiling49

and lineage tracing of mouse TECs have identified lineage-defining transcription factors (TFs) that establish these50

specialized gene expression programs [9–12]) and revealed distinct prenatal and postnatal lineage branches ([13].51

Knockout of these TFs causes loss of the corresponding lineage-committed TEC [9–12] and can lead to autoimmune52

phenotypes in mice [10, 11]. However, whether these regulatory mechanisms and their consequences are conserved53

in humans remains unclear, particularly given species differences in subset abundance and lineage composition54

[8]. Addressing these questions requires a systematic, cell-type-resolved framework for defining and comparing55

peripheral programs in TECs.56

Studies of human TECs have described five broad lineage-committed programs resembling muscle, neural, neu-57

roendocrine, ionocyte and tuft cells [6–8]. However, their developmental origins and gene regulatory programs58

remain unresolved. It is unknown whether they follow shared or separate differentiation trajectories, and how59

chromatin and regulon architecture establishes peripheral cell signatures while preserving epithelial identity.60

Resolving human TEC gene regulation, lineage relationships, and cross-species conservation is therefore required61

to define how one epithelial compartment generates diverse cell states and how this diversity may contribute to62

human immune tolerance.63

To address these questions, we systematically curated peripheral single-cell atlases to define cell type-restricted64

antigens (CRAs), establishing a cell-type-resolved framework for characterizing TEC identity. We then undertook65

single cell gene expression and chromatin accessibility profiling of human TECs from five pediatric donors and66

integrated these data with published thymic single-cell transcriptomics studies. Combining these resources re-67

solved lineage-committed subsets, revealed thymus-specific co-expression of multiple peripheral cell signatures,68

and linked TEC subsets to regulon programs corresponding to their peripheral cell signatures. We also developed69

somatic mutation lineage tracing using these datasets, placing lineage-committed subsets on a shared differenti-70

ation trajectory and together with the CRA-guided annotation identified a progenitor-enriched BMC-TEC state.71

Lastly, cross-species analyses with mouse TECs identified a shared regulatory strategy but limited conservation72

of individual components. Together, these results show that human lineage-committed TECs arise from shared73

ancestry and retain a thymus-specific mixed peripheral identity under coordinated activator and repressor control,74

defining conserved gene-regulatory principles through which thymic epithelium diversifies to support immune75

tolerance.76

Results77

Cell-type-restricted antigen expression reveals 17 TEC subsets78

Weaimed to chart the full spectrumof TEC types in the human thymus and to understand the regulatorymechanisms79

that generate them. Doing so required two components: a census of cell types across human tissues and deep,80

single-cell measurements of both transcriptomes and chromatin accessibility in TECs.81

To obtain the census of human cell types, we leveraged the CELLxGENE database [14] with over 62 million cells82

that represent 800 cell types and 370 tissues. We curated author-annotated labels into 48 broad, recurrent cell83

types across 45 human tissues by harmonizing labels, removing imprecise annotations, and requiring sufficient84

cells per tissue-cell-type category for reproducible pseudobulk estimates (Figure 1A, Supplementary Fig 1A, B;85

Supplementary Tables 1 and 2). Extending the concept of TRAs to individual cell types, we used the downsampled86
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set of 1,558,164 cells to define CRAs and grouped them into cell-type-specific CRA modules with which to score87

TEC gene expression signatures (Supplementary Fig 1C, D). In total, we identified 1,843 CRAs (Supplementary88

Table 3), each specific to one of the 48 cell types (Figure 1B, marginal bar plot).89

To resolve TEC-specific gene regulation at single-cell resolution, we profiled open chromatin (single-cell Assay for90

Transposase-Accessible Chromatin sequencing; scATAC-seq) and matched gene expression (single-nuclear RNA-91

sequencing; snRNA-seq) in flow-sorted EpCAM-positive TECs from five pediatric human donors (Supplementary92

Table 4) using the 10x multiome and Parse WT protocols; the matched scATAC-seq measurements are used for93

the lineage and regulatory analyses below (Supplementary Figs 2 to 5 and Supplementary Table 4). To increase94

power for rare TEC states, we reprocessed published human TEC scRNA-seq datasets [5–8, 15] (Supplementary95

Tables 5 to 7), using a unified pipeline, yielding batch-corrected and integrated gene counts across studies, donors96

and technologies (Supplementary Fig 6). Overall, this joint dataset comprised 126,687 TECs, with 63,067 (49.8%)97

contributed from this study (16,641 cells with paired snRNA-seq and scATAC-seq measurements and 46,426 Parse98

scRNA-seq cells).99

Next, we computed CRA module scores across all TECs and integrated these with broad classical labels for TEC100

type (cTEC, immature and mature mTEC; Supplementary Table 8) in an iterative clustering workflow (Methods:101

Single-cell RNA-seq analysis of TECs). We retained 20 clusters (Leiden) at the coarsest resolution that distinguished102

17 reproducible TEC states (Figure 1B, C; Supplementary Fig 6E-G).103

CRA module scores identified two new TEC types: ciliated lineage-committed TECs and vimentin+ (VIM+) TECs104

with strong fibroblast and endothelial cell-specific CRA signatures, including high VIM, IGFBP7, SPARC and105

SPARCL1 expression (Figure 1B, C; Supplementary Fig 6G). SPARC, SPARCL1, and IGFBP7 regulate endothelial cell106

proliferation, angiogenesis, and vascular stability [16, 17], whereas VIM is an essential mesenchymal intermediate107

filament protein [18]. We also successfully recovered TECs expressing muscle, neural, neuroendocrine, ionocyte108

and tuft cell-specific CRAs, consistent with previous studies using individual marker genes (Figure 1B, C; [5, 6, 8]).109

Two additional clusters expressed multiple CRA modules and could not be further resolved when clustering the110

full set of TECs (Figure 1B, C; Supplementary Fig 6E-G). One population co-expressed CRAs and marker genes111

characteristic of muscle, neuroendocrine, neural, and mTECI cell types, whereas the other combined epithelial112

programs spanning keratinocyte, basal, and goblet cell CRA signatures. We provisionally refer to these clusters113

as transitioning and heteroTECs, respectively, based on their mixed transcriptional profiles; because such co-114

expression may itself be thymus-specific, we retained these mixed states for follow-up rather than forcing them115

into single lineages.116

Among classical TEC subsets, we found a transcriptionally distinct cTEC cluster with high expression of CFC1,117

TP53AIP1 and UBD (CFC1+ TECs) and identified a transcriptionally distinct CCL21+ mTEC cluster, consistent with118

others [6] (Figure 1C). Separately, we identified a TEC cluster with a small but robust enrichment in the CRA stem119

cell module (Figure 1B), low expression of canonical cTEC, mTEC and lineage-committed TEC markers (KRT15,120

CLU, AIRE, HLA-DR, CD24), and high basement membrane-associated collagen expression including COL4A5,121

COL4A6 and COL8A1 (Supplementary Fig 6G). We refer to these cells as basement membrane collagen (BMC)-TECs122

(Figure 1C).123

In summary, systematic curation of CELLxGENE enabled a CRA-guided survey of 48 peripheral cell-specific programs124

across human TECs, revealing 17 subsets that reflect the total diversity of TECs in humans. We recovered established125

classical and lineage-committed populations, identified three new TEC states—ciliated, VIM+ and BMC-TECs—and126

resolved transitioning TECs and heteroTECs as distinct mixed-lineage states.127

Human lineage-committed TECs share a common ancestor128

We next asked whether lineage-committed and classical TECs arise through separate developmental routes or share129

ancestry, which would distinguish independent acquisition of peripheral cell signatures from diversification of a130

common thymic epithelial lineage. In mouse models, genetic reporters have established TEC progenitor–progeny131

relationships across independent studies (Supplementary Fig 7A; [11, 13, 19]), demonstrating that tuft and muscle132

lineage-specific TECs can diverge before the late AIRE-expressing mTECII stage, whereas mouse microfold and133

corneo lineage-specific TECs arise from progenitors that have expressed Aire. Because analogous genetic reporters134
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Figure 1. Cell-type-restricted antigen guided clustering of TECs. (A) Cell numbers of curated CELLxGENE cell types
and tissues used for computing cell-type-restricted antigens (CRAs). (B) CRA module scores (dot color) and gene count
(marginal bar chart, right) for integrated human TEC clusters (x-axis) and their associated cell counts (marginal bar
chart, top); small proportions indicated by number. (C) single-cell ANnotation using Variational Inference (scANVI)
embedding of integrated and CRA-annotated TEC types and cell type proportions and cell contributions per study (data
contributed from this study in bold).
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cannot be used in primary human tissue, we developed a new phylogenetic reconstruction method that uses135

naturally occurring somatic variants in scATAC-seq reads as endogenous lineage markers and assigns cell identities136

from paired snRNA-seq profiles (Figure 2A). Themethod pseudo-bulks scATAC-seq reads bymatched transcriptomic137

cell type, calls variants followed by stringent filtering to distinguish somatic from germline variants, and uses138

Bayesian and maximum-likelihood inference to estimate relationships among TEC subsets.139

The previous mouse TEC snRNA-seq and scATAC-seq multiome dataset provided an ideal benchmark for our new140

method [19]. Its high per-base sequencing coverage (mean 2.44x/bp; Supplementary Fig 7B) yielded sufficient,141

high-confidence somatic variant calls per transcriptome-defined cell type to reconstruct a topology that could142

be compared with reporter-derived lineage tracing (Supplementary Fig 7A; [11, 13, 19]). Our phylogenetic recon-143

struction of mouse TECs placed tuft, ciliated and enterocyte TECs before the late AIRE-expressing mTECII stage,144

whereas other lineage-committed TECs clustered closer to this stage (Supplementary Fig 7C). Recovery of this145

established pre-mTECII placement of tuft TECs [10, 12] and the reported prenatal versus postnatal lineage splits146

[13] gave us confidence to apply our approach to human TECs.147

Two of our three human donor datasets with paired snRNA-seq and scATAC-seq profiles passed the quality criterion148

observed for the mouse TEC dataset, with mean per-bp read coverage of 8.8 and 4.4 (Supplementary Fig 8A,149

B). We pooled the scATAC-seq reads aggregated by cell type and sample to call high-confidence somatic variants150

(Supplementary Fig 8C-K) and reconstruct cell-type phylogenies using Bayesian andmaximum-likelihood inference.151

These analyses first yielded unbiased, unrooted topologies (Supplementary Fig 9A, B). We rooted the trees on cTECs,152

which form a distinct epithelial lineage from mTECs. The resulting phylogeny placed mTECI and mTECII along the153

classical medullary branch in an order that is consistent with the experimentally supported immature-to-mature154

transition, while the lineage-committed clade shared deeper ancestry with mTECII (Figure 2B, Supplementary155

Fig 9C). Transitioning and neuroendocrine lineage-committed TECs were closely related, as were neural, tuft, and156

ionocyte lineage-committed TECs. BMC-TECs formed a distinct branch in the phylogeny, raising the possibility157

that they represent a progenitor state, which we investigate further below. Maximum-likelihood reconstructions158

supported the same topology (Supplementary Fig 9D, E). The number of cells and callable mutation sites varied159

across cell types (Figure 2B), which reduced support at some internal nodes, but major lineage-level relationships160

were consistent across methods and samples.161

Thus, in primary human thymus tissue, somatic variant-guided phylogenetic analysis of paired scATAC-seq and162

snRNA-seq data revealed that lineage-committed TECs form a shared clade with a common ancestor and share163

deeper ancestry with classical mTECII, supporting diversification from a shared thymic epithelial lineage.164

Human lineage-committed TECs acquire CRA expression on a common background165

The shared ancestry of lineage-committed TECs raised the possibility that they retain a common gene expression166

background while acquiring distinct peripheral cell signatures. We therefore compared CRA expression across167

lineage-committed TECs, classical TEC subsets (cTEC, mTECI, and mTECII), and peripheral cell types.168

Across the expression thresholds examined, mTECIIs expressed the greatest number of protein-coding (PC) and CRA169

genes of any TEC type, consistent with AIRE-driven promiscuous gene expression (Figure 3A). Lineage-committed170

TECs expressed fewer of these genes than mTECIIs but more than mTECIs and cTECs. By contrast, the expression171

of housekeeping genes was consistent across TEC types (Supplementary Fig 10A). These patterns replicated in172

each individual dataset (Supplementary Fig 10B-D). Relative to mTECII promiscuity, lineage-committed TECs173

adopted differentiated states dominated by CRAs corresponding to specific peripheral cell types. The PC and174

CRA genes expressed in lineage-committed TECs but not in mTECIs and cTECs were therefore consistent with a175

lineage-committed program superimposed on classical TEC states.176

We next characterized this program quantitatively. Using a representative expression cutoff of 0.03 (gray line177

in Figure 3A), we counted expressed genes in pseudo-bulk transcriptomes for each TEC type. Because binarized178

calls can be sensitive to cluster purity, we performed a computational mixing experiment (Methods: Robustness of179

expressed gene counts to cluster annotations Supplementary Fig 11) which confirmed that expressed-gene counts180

were robust to analytical and parameter choices and not inflated by mis-assignment. We then measured sharing of181

PC and CRA sets between TEC types using Jaccard indices (Figure 3B). As a control, housekeeping-gene sharing was182

uniform (empirical p value = 0.224; Supplementary Fig 12); by contrast, PC and CRA overlap was highest within183
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Figure 2. Human lineage-committed TECs share a common progenitor. (A) Methodology for inferring cell lineages
from paired snRNA-seq and scATAC-seq data. (B) Rooted phylogeny of human TEC subsets (from 3,477 TECs), with the
number of cells and callable mutation sites per cell type. Shared clades of lineage-committed TECs (teal) and mTECII
common ancestor (grey) are highlighted. Numbers on branch points indicate posterior probabilities.

lineage-committed TECs and exceeded pairwise comparisons involving only classical subsets (empirical p values =184

0.162 and 0.048 for PC and CRA, respectively). This pattern supports a shared lineage-committed program rather185

than independent one-to-one peripheral mimicry in each TEC subtype.186

To quantify the transcriptomic similarity of lineage-committed TECs to their corresponding peripheral cell types,187

we applied a neighbor-voting meta-analysis approach [20, 21] using the peripheral cell-type CRA modules (defined188

in Figure 1B). While each lineage-committed TEC was most similar to its respective peripheral cell type (Figure 3C189

Supplementary Fig 13), we also detected cross-lineage similarity; for example, muscle TECs also shared similarity to190

peripheral neural, neuroendocrine, and ionocyte cells, while ionocyte TECs shared similarity to peripheral neural,191

ciliated, and muscle cells. These patterns suggest that lineage-committed TECs share CRA modules associated192

with multiple peripheral cell types.193

We therefore asked whether co-expression of multiple CRA modules was specific to the thymus. Quantifying CRA194

fractions in lineage-committed TECs versus peripheral cells from the curated CELLxGENE dataset (Figure 3D,195

Supplementary Figs 14 and 15), we found that each lineage-committed TEC expressed a smaller fraction of the CRAs196

corresponding to their peripheral cell type (in-group CRAs) but, surprisingly, also CRAs corresponding to other197

peripheral cell types (out-group CRAs), resulting in a broadened CRA profile that departs from a strict peripheral198

cell-specific match. For instance, muscle TECs expressed only 88.2% of myocyte CRAs, while peripheral muscle199

cells, on average, expressed 95.9% ± 4.93% of myocyte CRAs. Conversely, muscle TECs expressed large fractions of200

ionocyte (81.6%), neuroendocrine (76.1%), neural (84.4%), and tuft (69.8%) CRAs, whereas peripheral muscle cells201

averaged lower fractions for the same sets (𝜇 =56.9% ± 𝜎=10.3%, 60.5% ±8.84%, 68.5% ±22.1%, and 57.6% ±9.25%,202

respectively).203

Together, these results define a thymus-specific expression pattern in which lineage-committed TECs retain CRAs204

associated with multiple peripheral cell types. Considered alongside their shared phylogenetic ancestry, this cross-205

lineage CRA expression is consistent with retention of a common transcriptional background during diversification,206

rather than independently arising lineage-committed gene regulatory programs.207

TECs express peripheral cell regulons to establish lineage commitment208

We next explored the gene regulatory framework that led to shared gene and CRA expression amongst lineage-209

committed TECs using our paired scATAC-seq and snRNA-seq data. This enabled us to relate chromatin accessibility210

to the gene expression programs that specify lineage-committed TECs and to test whether commitment reflects211

coordinated regulatory circuitry rather than the expression of select peripheral cell type-specific marker genes.212
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Figure 3. CRAs are shared between lineage-committed TECs. (A) Number of expressed protein coding (PC) and CRA genes
across expression thresholds. Gray line indicates a threshold of 0.03, a representative value used for all downstream
analyses. (B) Jaccard indices (JI) quantifying the number of shared PC and CRA genes between TEC types. (C) Area under
the receiver operating characteristic curve from MetaNeighbor neighbor-voting analyses comparing lineage-committed
TECs with their peripheral cell-type counterparts. (D) Fraction of CRA genes expressed in lineage-committed TECs from
the integrated human TEC dataset (bold, colored dots) and peripheral cell types from the CELLxGENE dataset (box and
gray scatter plots). The values conveyed by the dots and boxplots indicate the fraction of CRA genes corresponding to
each of the peripheral cell type rows specified on the y-axis that are expressed by each cell-type-tissue combination.
Peripheral tissue counts for each cell type: muscle: 𝑛 = 27, neuro: 𝑛 = 12, neuroendo. (neuroendocrine): 𝑛 = 2, ionocyte:
𝑛 = 4, tuft: 𝑛 = 3.
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We first summarized chromatin “openness” by quantifying the fraction of fragments aligned to major genomic213

compartments (Figure 4A, Supplementary Fig 16). HeteroTECs and mTECIIs showed the largest fraction of214

open fragments in intergenic regions and relatively fewer open fragments in untranslated regions (UTRs) and215

transcription start sites (TSSs), matching the elevated epigenetic noise reported for mature TECs [19]. By contrast,216

lineage-committed TECs more closely resembled immature mTECI cells, with a larger share of open fragments in217

gene-proximal regions (TSS, UTR, coding sequence).218

Next, we focused on lineage-committed TECs to identify the regulatory programs underlying their commitment.219

Using chromVAR [22], we found that TF-motif accessibility reflected the corresponding peripheral cell programs220

(Figure 4B). For example, skeletal muscle TFs (MSC, MYF6, MYF5, MYOD1) [23–26] were accessible in muscle221

TECs, as was the tuft master regulator POU2F3 [27] and the ionocyte TF FOXI1 [28, 29] in tuft and ionocyte TECs,222

respectively.223

To further link TF motif accessibility with gene expression, we jointly analyzed snRNA-seq and scATAC-seq data224

(Supplementary Fig 17A) for regulons that are associated with a particular TEC type [30]. We identified 95 regulons225

across 17 TEC types ((Supplementary Fig 17B,C), including 50 lineage-committed TEC regulons. Of these, 40 were226

identified as activators (Figure 4C), whereby the expression of the regulon-driving TF opens the target chromatin227

regions and leads to increased expression of the target genes. The remaining 10 lineage-committed TEC regulons228

were repressors, where expression of the driving TF leads to closing of target regions and consequently reduced229

expression of the target genes (Figure 4D). This integrative analysis highlighted TFs with measurable downstream230

consequences beyond motif presence (Figure 4B, Supplementary Fig 17D). For example, neuro TECs expressed231

ATOH1 and USH2A (Supplementary Fig 17G), genes with established roles in brain and inner ear development [31,232

32]; motifs for POU4F3, which mediates cochlear cilium development [33], were preferentially accessible; and the233

POU4F3 regulon included both ATOH1 and USH2A among its targets. Tissue-specific regulon-driving TF expression234

was highest in the corresponding TEC populations (Figure 4E), with POU2F3 and EHF showing near-exclusive235

expression in tuft TECs and heteroTECs, respectively.236

To interpret regulons functionally, we performed over-representation analysis on target genes associated with237

each regulon and corresponding lineage-committed TEC type (Figure 4F). Activator regulons were enriched for238

pathways matching the peripheral cell counterpart of each lineage-committed TEC: skeletal muscle contraction and239

differentiation inmuscle TECs, axon guidance and cochlear and inner ear programs in neuro TECs; ion transport and240

pH regulation in ionocyte TECs [34], together with lung vasculature development and nucleoside transport, a key241

component of airway pH homeostasis [35]. Repressor regulons, in turn, tended to target programs characteristic of242

other peripheral lineages. For instance, pathways corresponding to the zonula adherens, an adhesion complex found243

in epithelial cells [36], were activated in heteroTECs but repressed in neuro TECs. Repressors in neuroendocrine244

and muscle TECs were associated with mammary gland epithelial cell development, megakaryocyte differentiation,245

and actin depolymerization, while muscle TEC repressors were implicated in chondrocyte development.246

Taken together, lineage-committed TEC development appears to couple activation of peripheral cell-like gene247

expression signatures and chromatin accessibility with repression of competing lineage programs. This provides248

a mechanistic explanation for why TEC states can resemble specific peripheral lineages while maintaining a249

thymus-specific mixed identity.250

BMC-TECs exhibit progenitor-like properties251

CRA module scoring of human TECs identified BMC-TECs, which expressed a stem-cell CRA module and occupied252

a distinct branch in the phylogeny, together suggesting a potential progenitor state (Figure 1B,C and Figure 2B).253

These cells are enriched for the expression of basement membrane collagens COL4A5, COL4A6, and COL8A1, with254

limited to no expression of classical cTEC (LY75, PSMB11, PRSS16) and mTEC markers (KRT15, CLU, AIRE, HLA-DR;255

Figure 5A). They express the highest level of ITGA6 (coding for CD49f) amongst the TEC subsets, which is associated256

with stemness in other epithelial tissues such as skin [37], cornea [38] and gall bladder [39]. CD49f can pair with257

CD104 (gene: ITGB4) to form the 𝛼6𝛽4 integrin, which anchors basal epithelial cells, including stem/progenitor258

compartments, to laminin-rich basement membranes. Both ITGA6 and ITGB4 were highly expressed in BMC-TECs259

(Figure 5A). Importantly, previous in vitro attempts to differentiate human induced pluripotent stem cells into TECs260

identified ITGB4 as a marker expressed early in the differentiation process, implicating it as a TEC stem/progenitor261
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Figure 4. Lineage-committed TECs express peripheral cell gene signatures as part of a mixed identity. (A) Fragment
alignment percentages from the human TEC scATAC-seq data by cell type and genomic region. (B) Motif enrichment via
chromVAR [22] calculated as the mean deviation score of each motif for each lineage-committed TEC type; 4 motifs
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Figure 4. (continued) with the highest mean deviation score for each cell type are shown. Gene-based (color scale) and chromatin-
based (size scale) Scenic+ AUC scores for the lineage-committed TEC-associated activator (C) and repressor (D) regulons. Regulons
are named by their driving TFs. (E) Regulon-driving TF expression across TEC types. (F)Most enriched pathways in both the
activator and repressor regulons associated with each of the lineage-committed TEC subtypes. R: Regulation; SC: Signaling
Cascade; SP: Signaling Pathway.

marker [40]. We therefore hypothesized that these BMC-TECs were in a basement-membrane-proximal progenitor262

state rather than mature cTEC or mTEC identity. Moreover, BMC-TECs expressed the lowest level of CD200 relative263

to mature TEC subsets, indicating a CD200- population is likely to carry progenitor-like potential (Figure 5A).264

We translated this genomic annotation into a sorting scheme and cultured live human TECs (Figure 5B, Supple-265

mentary Fig 18A) isolated by surface expression of CD104 and HLA-DR, where BMC-TECs are CD104+HLADR-/lo,266

then assessed self-renewal and differentiation into mature TECs ex vivo. For colony-forming unit assays, we gated267

cells into CD104+HLADR-/lo TECs and all remaining TECs and cultured them on irradiated 3T3-J2 feeder cells.268

CD104+HLADR-/lo TECs formed more colonies than other TECs (Figure 5C). We then assessed differentiation using269

sorted CD104+HLADR-/lo CD200- TECs. Addition of the CD200- criterion removed cells potentially differentiating270

into more mature subsets, which could confound differentiation results. We expanded these cells on feeders for271

three weeks and then switched to differentiation media containing retinoic acid and human recombinant RANK-272

Ligand. TEC maturation was assessed weekly by flow cytometry for CD104 (higher in BMC-TECs), EpCAM (higher273

in mature TECs), CD24 (restricted to lineage-committed TECs), and HLA-DR (highest at the intermediate mTECII274

stage prior to lineage commitment, Supplementary Fig 18B) [7, 8, 40]. Over the three-week time course, we observed275

a continued decrease in CD104 expression with a concomitant increase in EpCAM and CD24 levels, indicating a276

shift from immature progenitor cells to mature differentiated cells (Figure 5D, Supplementary Fig 18C). We also277

observed a transient increase in HLA-DR expression in the CD24-negative cells at the 7-day time point, which278

disappeared at later time points. Overall, this sequential change in cell marker expression over the differentiation279

time course is consistent with the known mTEC differentiation trajectory: continuous increase in EpCAM and280

CD24 expression with transient expression of MHC class II molecules in the intermediate stage.281

To investigate the tissue distribution of BMC-TECs, we performed immunofluorescence staining of human thymic282

cryosections using a three-marker combination: DeltaN p63 (pan-TEC marker; Supplementary Fig 19A,B), ITGB4283

and COL4A5 (both highly expressed in BMC-TECs). We observed triple positive cells in perivascular spaces and284

cortical-medullary junctions, suggesting that BMC-TECs localize within these regions (Figure 5E; single-color285

controls in Supplementary Fig 19C,D).286

In summary, genome-scale CRA module annotation, lineage tracing and integrated single-cell transcriptomic287

profiling nominated BMC-TECs and the surface markers needed to isolate them. Self-renewal and differentiation288

assays confirmed progenitor enrichment in this population, with basement-membrane-associated identity, in-289

creased colony formation, and ex vivo differentiation toward mature classical and subsequent lineage-committed290

TEC states.291

Conserved and species-specific regulation of human and mouse TECs292

Mouse genetic knockout models have defined TFs that are essential for lineage-committed TEC subtypes not293

represented in human, including entero/hepatocyte [41] and microfold [9, 11] TECs. Recent scRNA-seq profiling of294

human and mouse TECs suggested conservation of lineage-committed subsets across species based on marker295

gene expression [8]. In addition, the abundance of subtypes that are conserved between species varied widely; tuft296

and muscle TECs exhibited opposite relative abundances in mice and humans [8]. Mouse lineage-committed TECs297

such as tuft and microfold TECs also carry out functions beyond classical tolerance induction [9, 11, 41]. Together,298

these observations motivated a systematic comparison of regulatory components in lineage-committed TECs from299

the two species based on our comprehensive census and molecular profiling of human TEC populations.300

To test conservation of lineage-defining TFs and regulons, we annotated five published mouse TEC scRNA-seq301

datasets comprising more than 24,000 cells [5, 9, 11, 42, 43] with the same workflow used for our human TEC302

dataset (Supplementary Fig 20A; Supplementary Table 9). Of these, 4,725 cells from one study [11] had paired303

scRNA-seq and scATAC-seq profiles for regulon analysis.304
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Figure 5. Assessment of progenitor-like traits in BMC-TECs. (A) Expression of select differentially expressed genes
across classical TEC subsets. Top: marker genes for cTEC, mTECI and mTECII. Bottom: genes of interest relevant to the
BMC-TEC subset. (B) Live BMC-TECs were sorted based on surface expression of CD104, HLA-DR and CD200, where
BMC-TECs are HLA-DR(-/lo)CD104+CD200-. (C) Colony-forming potential of human TEC subsets: HLA-DR(-/lo)CD104+
and all other TECs.
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Figure 5. (continued) (D) Differentiation potential of sorted HLA-DR(-/lo)CD104+CD200- TECs (BMC-TECs) after three weeks of
ex vivo expansion in culture on an irradiated 3T3-J2 feeder layer. Expression of EpCAM, CD104 (immature marker), and CD24
(mature marker) were used to assess the differentiation state of BMC-TECs at 7-, 14-, and 21-day time points under control or
experimental (supplemented with retinoic acid and human RANKL) conditions. Representative flow plot (left) and quantification
across three biological replicates (right); diamond indicates mean. (E) Immunofluorescence of human thymic cryosection (10
µm thick) used for spatially locating BMC-TECs at 10x magnification (scale bar: 500 µm) stained for DeltaNp63-AF647 (yellow),
CD104-AF488 (green), COL4A5-AF568 (magenta); nuclei are stained with DAPI (blue). Sections imaged at 20x magnification
show colocalization of DeltaNp63, COL4A5, and CD104 in perivascular spaces (1, top) and the cortical-medullary junction (2,
bottom). Scale bars, 50 µm.

The relative abundance of lineage-committed TECs varied substantially between human andmouse (Supplementary305

Fig 20B). We confirmed the prior observation of reversed tuft and muscle TEC abundances [8], indicating that this306

pattern is robust across tissue-processing protocols (Supplementary Table 5). Ionocyte TECs accounted for over 8%307

of human lineage-committed TECs but only 0.4% in mouse, whereas ciliated TECs were more than tenfold more308

frequent in mouse than in human. Our annotation of the mouse profiles did not resolve a counterpart to human309

BMC-TECs.310

To quantify transcriptional conservation, we again used neighbor voting [20]. We found strong cross-species311

correspondence for classical TECs and for several lineage-committed TEC classes, notably ciliated, neuro, neuroen-312

docrine, and muscle types (Figure 6A). Human VIM+ TECs, which highly expressed fibroblast and endothelial CRAs,313

corresponded transcriptionally to age-associated TECs previously identified in mouse [43]. Interestingly, we do not314

see this age association in humans, with VIM+ TECs found across all life stages (Supplementary Fig 20). Human315

heteroTECs had no direct counterpart in mice but scored highly against mouse skin, lung/goblet, entero/hepatocyte,316

and goblet lineage-committed TECs. We therefore re-embedded and subclustered heteroTECs (Supplementary317

Fig 20C) and repeated neighbor voting against the mouse skin, lung/goblet, entero/hepatocyte and goblet TECs318

(Figure 6B). One subcluster trackedmouse skin TECs, but the remainder still mapped tomixtures of mouse subtypes,319

indicating that human heteroTECs represent a mosaic state.320

We performed the same re-embedding, re-clustering and neighbor-voting procedure on human transitioning321

TECs (Supplementary Fig 20D), defined by the joint expression of the genes CLDN3, RGS17, and TESC (Fig-322

ure 6C). Five out of the resulting seven clusters could be further resolved into individual subtypes corresponding323

to neuro/neuroendocrine-like, muscle-like, tuft-like, VIM+-TEC-like, and mTECI-like programs when compared324

with other human TEC types (Figure 6D). The close phylogenetic relationship between transitioning and neuroen-325

docrine lineage-committed TECs in our somatic-variant lineage tracing (Figure 2B) is this relationship between326

transitioning TECs and specialized lineage-committed TECs. We did not recover a clear mouse analog in our327

analyses.328

The neighbor-voting results showed that mouse transcriptional programs could be predictive of their human329

counterparts (and vice versa) despite abundance differences. To connect these similarities to mechanisms, we330

directly compared the regulons driving lineage-committed TEC programs in human and mouse. Analogous to331

the human-specific analyses (Figure 4C,D), we inferred regulons from 4,725 mouse cells with paired scRNA-seq332

and scATAC-seq profiles [11], yielding 95 activator regulons that were differentially active in mouse, 23 of which333

were driven by TFs with human orthologs that also drove human activator regulons in lineage-committed TECs334

(Figure 6D, left panel). Restricting to orthologous genes, we identified a total of 6,235 mouse and 4,594 human335

regulon targets, 2,302 of which were shared between the species (Figure 6D, right panel).336

Formost shared drivers, the cell types with peak regulon activity differed between species (Figure 6E, Supplementary337

Fig 20E, F). Exceptions included tuft (POU2F3/Pou2f3) and muscle (MYOG/Myog [44]) TECs, and RFX3/Rfx3, which338

linked human neuro TECs to mouse neuroendocrine TECs in a pattern consistent with known cilium-associated339

roles in brain development [45, 46].340

Pathway over-representation analysis of conserved activator regulons reinforced peripheral cell-matched regulon341

signatures in each species (Figure 6F). Human muscle regulons emphasized myogenesis, whereas mouse muscle342

regulons highlighted skeletal muscle satellite-cell proliferation programs; mouse neuroendocrine regulons over-343

represented enteroendocrine and pancreatic pathways, whereas human neuro regulons emphasized cilium and344
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synaptic vesicle genes.345

Finally, we compared prerequisites for classical MHC-dependent antigen presentation. Muscle- and ciliated346

TEC-restricted antigen-presentation sufficed for tolerance induction in mice [9, 10], suggesting that mouse lineage-347

committed TECs play a role in central tolerance induction. Indeed, mouse lineage-committed TECs expressed the348

antigen-processing components and co-stimulatory molecules necessary for MHC-mediated antigen presentation349

and thymic selection (H2-DMa, Cd40, Cd80, and Cd86 [47–50]), albeit at lower levels than mTECIIs (Supplementary350

Fig 20G, H). By contrast, across the human lineage-committed TEC subtypes, only HLA-DMA and CD40 were351

expressed among the mediators assessed for antigen presentation and selection (HLA-DMA, CD40, CD80, and CD86352

[48–51]) (Supplementary Fig 20G, H). Expression levels reached only 1–25% of AIRE+ mTECII levels, with ciliated353

TECs (78%) and heteroTECs (83%) as exceptions. Thus, most human lineage-committed TECs lack expression354

of the complete co-stimulatory program observed in mouse, suggesting that their capacity for direct classical355

MHC-dependent tolerance induction may be limited or subtype-specific.356

Overall, human and mouse TECs share transcriptomic organization and a common strategy of activating peripheral357

cell-type pathways. However, human mosaic states (heteroTECs, transitioning) and sparse conservation of master358

regulons and co-stimulatory expression point to species-specific adaptations of lineage-committed TEC identity.359

Discussion360

Despite extensive single-cell profiling of the human thymic epithelium, the genomic regulatory logic by which361

lineage-committed TECs acquire mixed identities through the expression of peripheral cell signatures has remained362

unknown. Additionally, it has been unclear whether those programs are related by common ancestry and conserved363

regulatory components or if lineage-committed TECs arise via distinct trajectories. Our comprehensive molecular364

and functional analyses of human TECs yield five central insights.365

First, lineage-committedTECs in humans share a commonancestor despite their divergent peripheral cell signatures.366

Second, these cells retain broad cross-lineage CRA expression that is largely absent from matched peripheral367

cell types, indicating a thymus-specific mixed identity layered on TEC differentiation. Third, paired chromatin368

and regulon analyses link lineage commitment to coordinated activation of peripheral cell-associated pathways369

together with repression of competing programs. Fourth, CRA module scores and integrated annotation identified370

BMC-TECs as a progenitor state, exhibiting increased self-renewal and the ability to differentiate in vitro. Fifth,371

cross-species analyses reveal shared regulatory logic but substantial divergence in key drivers, subtype abundances,372

and co-stimulatory programs, emphasizing limits of direct mouse-to-human extrapolation. Additionally, we have373

developed a new somatic-variant based method to map phylogenies in human cells using paired snRNA-seq and374

ATAC-seq datasets.375

Lineage-committed TECs are not simple copies of their peripheral counterparts. For example, mouse thymic376

tuft cells express taste receptor pathways unlike intestinal tuft cells [10], and mouse microfold TECs are more377

similar to other TECs than to their peripheral counterparts [9]. We extend this observation to a general property378

of human lineage-committed TECs. Despite lineage commitment, they co-express CRA modules from multiple379

peripheral programs at higher levels than corresponding peripheral cells, while expressing lower fractions of380

corresponding CRAs. Shared ancestry suggests that peripheral programs may be progressively resolved from a381

common, transcriptionally broad state rather than initiated independently in unrelated cells. Muscle lineage-382

committed TECs have been reported to mature in stages aided by distinct transcription factors [8]; it remains to383

be shown whether cell-type-specific CRA expression increases while non-specific CRA expression decreases as384

lineage-committed TECs mature.385

Our phylogenetic reconstruction supports this shared developmental origin, although it assumes that cells assigned386

to the same transcriptomic type share a lineage and remains sensitive to uneven coverage and missing data.387

Pseudo-bulking improves mutation detection but removes cell-level variation, while binary mutation calls discard388

information contained in allele frequencies. Future studies could improve lineage resolution by enriching individual389

lineage-committed populations through prospective sorting [8], using spatial ATAC-seq to distinguish progenitors390

across medullary niches, and developing single-cell phylogenetic models that incorporate allele frequencies.391

Our systematic curation of CELLxGENE enabled us to move from the coarse-grained, tissue-level TRA framework to392
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Figure 6. Conserved and species-specific regulation of human and mouse TECs. Panels A-C compare the integrated
human TEC snRNA-seq dataset with five published mouse TEC scRNA-seq datasets; panels D-F compare regulons
inferred from paired human TEC snRNA-seq and scATAC-seq data with regulons inferred from 4,725 mouse cells with
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Figure 6. (continued) paired scRNA-seq and scATAC-seq profiles. (A)Metaneighbor transcriptomic comparison of human and
mouse cell types. (B)Metaneighbor transcriptomic comparison of mouse skin, goblet, entero/hepatocyte, and lung/goblet TECs
and human heteroTEC subclusters. (C) Gene expression of human transitioning marker genes in different human TEC types (left)
and their metaneighbor transcriptomic comparison to human transitioning subclusters (right). (D) Conserved and non-conserved
(dot matrix) TF-driving regulons (left) and regulon target genes (right) in human and mouse. (E) Conserved regulons (ribbons
and labels) and their assigned cell types in human and mouse. (F)Most enriched pathways in the activator regulons associated
with human and mouse lineage-committed TEC subtypes.

a cell-type-resolved CRA framework for characterizing TEC identities and states. TRAs capture ectopic expression of393

genes normally restricted to particular tissues, whereas CRAs resolve programs associated with specific peripheral394

cell types. This CRA framework revealed the mixed peripheral identities of lineage-committed TECs: lineage-395

committed TECs expressed fewer cell-type-restricted genes thanmTECII while adopting cell-type-specific identities396

and retaining substantial shared CRA expression, a pattern consistent with a transition from broad antigen397

expression toward specialized identities. However, the CRAs were derived from a manually curated, representative398

downsample of CELLxGENE. The 48 categories capture broad, functionally coherent cell types but may obscure399

variation associated with tissue context, cell state and continuously varying subtypes [52–54]. Aligning CELLxGENE400

annotations with standardized cell ontologies and evaluating alternative levels of cell-type granularity should401

further refine the CRA framework402

Whether lineage-committed TECs pass through an AIRE-expressing state and contribute directly to classical MHC-403

mediated tolerance remains unresolved, particularly given their limited expression of co-stimulatory molecules.404

Mouse lineage-committed TECs also perform functions beyond self-antigen presentation. Tuft TECs support405

invariant natural killer T cell development [10, 12], endocrine TECs regulate thymic involution, and microfold406

TECs support the generation of thymic IgA-positive plasma cells [11]. Peripheral resemblance therefore does not407

necessarily predict thymic function. For this reason, we use the term lineage-committed TECs rather than “mimetic408

cells,” which may imply that these cells simply reproduce the functions of their peripheral counterparts.409

BMC-TECs provide a candidate cellular origin for human TEC diversification and a tractable population with which410

to test this model. Their overlap with previously described CD49f-high CD200-negative TECs [55] connects genomic411

annotation to an isolatable population while their colony formation and ex vivo differentiation support a progenitor412

role. The CD104-positive, HLA-DR-negative or low cells used in our assays were expanded on irradiated feeders413

in two-dimensional culture, which cannot fully reproduce the native extracellular environment. Consequently,414

the differentiated cells are not expected to recapitulate completely the lineage-committed states observed in vivo.415

Likewise, microscopy identified BMC-TECs using DeltaNp63, ITGB4 and COL4A5, but ITGB4 and COL4A5 are416

expressed at lower levels in several other TEC populations. Their colocalization therefore enriches for, rather417

than uniquely identifies, BMC-TECs. Determining whether these cells generate the full range of TEC states in vivo418

and how their basement-membrane niche influences fate will require more specific markers and lineage-resolved419

studies in human tissue.420

Cross-species comparison distinguished conserved regulatory principles from species-specific states. Divergence421

in most candidate drivers, cell-state abundance and co-stimulatory expression suggests that similar peripheral422

programs may support different thymic functions in mice and humans. Mouse models therefore remain informative423

for conserved mechanisms, but human tissue will be required to determine the functions of human-specific and424

mixed TEC states. Regulon-inference methods also recover activators more effectively than repressors [30], and we425

identified no repressor regulons in mouse lineage-committed TECs. This absence should not be interpreted as426

evidence that repression does not occur in these cells. Larger paired transcriptomic and chromatin-accessibility427

datasets will be needed to compare repressor programs across species with greater power.428

Together, these findings establish lineage-committed TECs as thymic epithelial states whose mixed peripheral429

programs arise through shared ancestry and coordinated gene regulation rather than as simple copies of peripheral430

cells. This framework shifts the central question from which peripheral identity each TEC resembles to how431

developmental history and regulatory circuitry shape its thymic function. Because TEC composition changes432

with age in humans and mice [6, 42, 43], larger post-pediatric cohorts should determine how ageing affects CRA433
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expression and regulation. Ultimately, defining which human TEC states present antigen and which support other434

thymic functions will be necessary to understand how epithelial diversity sustains immune tolerance and whether435

its disruption contributes to autoimmunity.436

Methods437

Cell type specific gene expression438

CELLxGENE data processing The CELLxGENE database includes single-cell RNA-seq data from over 479 different439

single-cell RNA sequencing datasets with 61,888 genes and 62,634,126 cells (census version 2025-01-30), with440

harmonized and standardized metadata for each dataset. We initially downloaded the metadata for all cells in441

CELLxGENE census and applied a cell and tissue type harmonization, quality control and downsampling for442

downstream analyses.443

Harmonization of Cell and Tissue Types. CELLxGENE metadata contains annotations for the study tissue444

(column: tissue, tissue_general) and author-annotated cell types (column:cell_type). We curated these tissue and445

cell types to enable harmonized analyses focusing on shared cell types across tissues. Supplementary Table 2 and446

Supplementary Table 1 show the raw and curated cell and tissue types. Imprecise tissue types (e.g. ‘Neck‘) and cell447

types (e.g. ‘cell‘, ‘blood cell‘) were removed for downstream analyses and aremarked as ‘QC_fail’. For all downstream448

analyses, we consider the pair of a specific cell type in a specific tissue a category, i.e., basal_epithelium-breast,449

myoepithelium-breast, and myoepithelium-salivary_gland are three distinct categories.450

Data download and curation We filtered cells based on the following criteria in the metadata sheet: i) No451

duplicate cells were allowed, ii) assays were 10x 3’ transcription profiling, 10x 3’ v1, 10x 3’ v2, 10x 3’ v3, 10x 5’452

transcription profiling, 10x 5’ v1, and 10x 5’ v2, iii) non-diseased donors, iv) only primary cells, v) no donors453

with unknown development stage and vi) expression of at least 200 genes. In addition, we removed cells with454

‘QC_fail‘ in the harmonization steps (Supplementary Fig 1A). Down-sampling analyses on a subset of categories455

types showed a minimum of 50 cells per category were required for reproducible results on pseudobulk level (with456

a mean 𝑟2 = 0.9685, Supplementary Fig 1B), thus any category with fewer than 50 cells was removed. With 5000457

cells per category, we obtained a mean 𝑟2 = 0.9995, choosing this as the upper bound needed for consistency, while458

making computation feasible. To account for additional downstream filtering based on QC criteria not present in459

the metadata, i.e., percentage of mitochondrial gene expression, we sampled a random subset of 8000 cells (or less460

if the category included fewer cells) indexed by their soma_joinid from each category and used the API to download461

the corresponding gene expression data. After additional filtering on mitochondrial percentage less than 15%, all462

categories were downsampled to an upper bound of 5000 cells. The final dataset contained 1,558,164 cells with463

61,888 genes for 580 categories with 45 tissues and 48 distinct cell types.464

Cell-type-restricted antigens. For each of the 48 distinct cell types in the curated and QC dataset we computed465

genes that are specific to this cell type, using the 𝜏 metric [56] previously applied [3] and benchmarked [57] for466

obtaining tissue-specific antigens (TRAs). We thus named the set of genes specific to each cell type cell-type-467

restricted antigens (CRAs). As input to calculating 𝜏, we calculated the pseudo-bulk expression for each cell type468

across tissues by summing counts for each gene across all cells and dividing the final gene expression by the total469

number of counts per cell type. We then multiplied this normalized count by 10,000 to obtain gene expression as470

counts per 10,000 (CP10K). Genes which had a maximal expression of < 1𝐶𝑃 10𝐾 were removed prior to calculating471

𝜏. 𝜏 was calculated as472

𝜏 =
∑𝑛

𝑖=1(1 − 𝑥̂𝑖)
𝑛 − 1

where473

𝑥𝑖 =
𝑥𝑖

max1≤𝑖≤𝑛 𝑥𝑖

and 𝑥𝑖 is the gene expression in cell type 𝑖. Based on the saddle point at 𝜏 = 0.73 (Supplementary Fig 1C), we474

considered genes with 𝜏 ≥ 0.73 as CRAs. We then assigned the cell type specificity using the binarization approach475

described in [56]: for each gene with 𝜏 ≥ 0.73, we sort the gene expression values across cell types and compute the476
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distance between neighboring gene expression values in this sorted vector. We find the maximal distance in this477

vector and choose the expression value at the right hand side of the maximal distance as the threshold above which478

cell types are considered to specifically express the gene (Supplementary Fig 1D).479

Tissue processing480

Tissue samples: Discarded thymus tissues obtained from human donors undergoing medically necessary surgery481

were collected under the Mount Sinai Biorepository with a Waiver of Consent. Additional tissue was collected482

under the Northwell Health Biospecimen Repository (IRB 20-0150) and New York University Langone Health483

(i25-00159_MOD07) with patient consent. The use of these human tissues was reviewed by the Cold Spring Harbor484

Institutional Review Board.485

Tissue digestion: Human thymus samples were delivered to the lab for processing within 3 hours post-surgery.486

Up to 2g of the tissue was taken for isolation of TECs (Supplementary Fig 2A). Tissue was placed into a dish487

containing tissue buffer (RPMI1640, 5% FBS, 1x Pen/Strep, 10mM HEPES) and cut into progressively smaller pieces.488

Thymocytes were released from tissue by stirring tissue pieces for 10 in 10ml of cold tissue buffer per 1g of tissue on489

magnetic stirrer. The remaining tissue was placed in RPMI1640 media containing a mixture of digestive enzymes490

(Collagenase IV 0.6 mg/ml, Dispase I 1.6 units/ml, and Dnase I 80 units/ml) and digested for 25 at 37◦C to release491

TECs. This digestion step was performed for up to three rounds. A final round of digestion using TrypLE for 5 at492

37◦C was done to break up microscopic clumps of cells into single cells. The released cells were washed with tissue493

buffer after each round to deactivate the enzymes.494

Epithelial cell enrichment by panning: Polystyrene petri dishes were coated with goat anti-mouse IgG antibodies495

in Tris pH 9.5 at a concentration of 100µg of antibody per 4ml of Tris pH 9.5 per petri dish for at least an hour496

at room temperature. After coating, dishes were washed three times with 1xPBS and kept in 1xPBS until ready497

to use. Post-digest cells were stained with a cocktail of unconjugated antibodies against immune cells and red498

blood cells (mouse anti-human CD3, clone UCHT1; mouse anti-human CD4, clone RPA-T4; mouse anti-human499

CD8a, clone RPA-T8; mouse anti-human CD45, clone HI30; mouse anti-human CD235a, clone HI264; all purchased500

from BioLegend) for 30 on ice, washed and resuspended in cell enrichment buffer (1xPBS, 4% FBS, DNase I). Cell501

suspension was dispensed (‘panned‘) onto the anti-mouse IgG coated petri dishes at a concentration of 150 million502

cells per petri dish. Supernatant containing TECs was collected after 20 of incubation at room temperature. The503

panning process was repeated for a total of three rounds. An optional fourth round of panning was performed if504

the first three rounds were deemed insufficient.505

Live sorting TECs After enrichment by panning, the remaining cells were stained with EpCAM-BV421 antibody506

(clones 9C4 andCO17-1A, BioLegend), HLA-DR-BV711 antibody (clone L243, BioLegend), CD104-PE antibody (clone507

58XB4, BioLegend), CD200-AF647 (clone OX-104, BioLegend), and a viability dye (Fixable Near-IR, Invitrogen)508

at a concentration of 1 million cells per 100µl for 30 minutes on ice. After staining, cells were washed twice with509

enrichment buffer at 350g for 5 minutes at 4◦C and resuspended in enrichment buffer. Cells were sorted using the510

Sony SH800 Cell Sorter with an 100um nozzle in Targeted Mode into TEC media supplemented with an additional511

10% of heat-inactivated FBS (Supplementary Fig 2A). The gating strategy was as follows: first gate on all cells512

except debris, then gate on EpCAM+ non-autofluorescent cells, remove dead cells, gate on singlets, and draw gates513

for CD104+ HLADR-/lo TECs and all other TECs; within CD104+ HLADR-/lo TECs, gates were drawn for CD200-514

and CD200+ subsets. On the SH800 sorter, the unused FITC detector was activated for detecting autofluorescence515

signals given off by the cells. For colony-forming unit assays, CD104+ HLADR-/lo TECs and all other TECs were516

collected as two populations. For differentiation assays, CD104+ HLADR-/lo CD200- TECs were sorted based on517

enrichment of BMC-TECs within this fraction in the integrated scRNA-seq dataset.518

Colony-forming unit assay. For the colony-forming unit assay, 1 cryovial of irradiated 3T3-J2 fibroblast feeder519

cells (STEMCELL Technologies) was thawed and split equally into 2 wells of a 6-well tissue culture plate. The520

feeder cells were cultured in DMEM/F-12 medium supplemented with 10% heat-inactivated FBS, 1x Glutamax, 1x521

Pen/Strep for at least 8 hours prior to sorting of the TEC subsets described above so the layer can attach to the well.522

1,000 cells from each of the two sorted populations (CD104+ HLADR-/lo TECs and all other TECs) were seeded onto523

the feeder layer in their respective wells and cultured in TEC media for up to 14 days at 37◦C. Half of the tissue524

culture media was changed 3-days after the initial seeding of the TEC cells, then every other day. At the end of525
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the culture duration, cells were washed once with 1xPBS then fixed with 4% paraformaldehyde solution for 25526

minutes at room temperature. After fixation, the paraformaldehyde solution was removed and cells washed once527

with 1xPBS to remove residual paraformaldehyde. Cells were then stained with a 0.05% w/v solution of Crystal528

Violet at room temperature for 15 minutes, washed with 1xPBS, and cell colonies imaged.529

Differentiation assay. Based on integrated scRNA-seq annotation, which indicated that BMC-TECs were enriched530

within the CD200- fraction of CD104+ HLADR-/lo cells, differentiation assays used sorted CD104+ HLADR-/lo531

CD200- TECs. 3T3-J2 irradiated feeder cells (STEMCELL Technologies Cat. 100-0353) were thawed in a waterbath532

at 37◦C. Cells were suspended in 8mL DF10 media, which contains DMEM/F-12 (Gibco Cat. 21041025), 10% Fetal533

Bovine Serum (Corning Cat. 35-010-CV), 1x Pen/Strep, 1x GlutaMAX (Gibco Cat. 35-050-061), per 2-3 x 10 3T3-J2534

cells. Cells were washed once by spinning down at 4◦C, 300g, for 10 minutes. Cells were resuspended in DF10 for535

1-1.5 10 cells/4mL. 4mL of the cell suspension was plated per flask, and cells adhered for a minimum of 8 hours in an536

incubator at 5% CO2 and 37◦C before plating of TECs. Sorted CD104+ HLADR-/lo CD200- cells were resuspended at537

2,500 cells/ 4mL of expansion media containing DMEM/F-12 (Gibco Cat. 21041025), DMEM (Gibco Cat. 31053028),538

10% Heat-inactivated Fetal Bovine Serum (Corning Cat. 35-010-CV), 1x Pen/Strep, 1x GlutaMAX (Gibco Cat.539

35-050-061), 1x HEPES (Gibco Cat. 15-630-080), 5 µg/ml Insulin (Gibco Cat. 1258501), 0.4 µg/mL Hydrocortisone540

(STEMCELL Technologies Cat. 7925), 0.1nM Cholera Toxin (Sigma-Aldrich Cat. C8052), 10ng/ml Human EGF,541

Animal-Free Recombinant Protein (PeproTech Cat. AF-100-15-100UG). DF10 media was removed from flasks and542

replaced with 4mL of cell suspension in expansion media. Cells were grown in expansion media for 19 days, before543

being transferred to differentiation media, containing; DMEM/F-12 (Gibco Cat. 21041025), 1x GlutaMAX (Gibco544

Cat. 35-050-061), 1x HEPES (Gibco Cat. 15-630-080), 1x Primocin (InvivoGen Cat. ant-pm-2), 1x B27 supplement545

with vitamin A (Gibco Cat. 17504044), 0.2 µg/mL Human TRANCE (RANKL) Animal-Free Recombinant Protein546

(PeproTech Cat. AF31001100UG), and 0.001mM Retinoic Acid (Sigma Aldrich Cat. R2625-500MG). Half the volume547

(2mL) of expansion media was changed every other day. Control groups were not transferred to differentiation548

media, but stayed in expansion media for the entirety of the experiment. Cells were collected 7, 14, and 21 days549

after adding differentiation media.550

Cell collection. At the appropriate time point, flasks were removed from the incubator one at a time for cell551

collection. Media was removed, and cells were washed with 10mL of PBS pH 7.4 (Gibco Cat. 10-010-049) before552

trypsination with 400µL of TrypLE Express (Gibco Cat. 12-604-013) and returned to the incubator. Every 30553

seconds the flask was removed, agitated, and placed back in the incubator, for a total of 5 minutes. Cells were554

then resuspended in 4mL of FACS buffer consisting of PBS pH 7.4 (Gibco Cat. 10-010-049), 2% Heat-inactivated555

Fetal Bovine Serum (Corning Cat. 35-010-CV), 2mM EDTA, 0.05%w/v sodium azide and immediately spun down556

for 5 minutes at 350g, followed by resuspension in 5mL of FACS buffer. This was repeated 4x per flask. After all557

cells were collected, cells of the same flask were spun down at 350g and 4◦C for 5 minutes, and pooled together. 1558

million cells were stained for flow cytometry.559

Flow cytometry. Samples were washed once by spinning down at 350g for 5 minutes at 4◦C, and resuspended560

in 3mL of HBSS, no Ca, no Mg, no phenol red (Gibco Cat. 14175103). Samples were then spun down at 350g for561

5 minutes, and resuspended in 250µL of Fc block (eBioscience™CD16/CD32 Monoclonal Antibody Clone 93) at562

1:10 concentration with HBSS (Gibco Cat. 14175103), and left to incubate at 4◦C for 10 minutes. After blocking,563

250µL of the staining master mix was added to the samples, and incubated for 30 minutes at 4◦C. Samples were564

prepared for flow cytometry and stained using: LIVE/DEAD™ Fixable Blue Dead Cell Stain Kit at 1/1500 dilution565

(Invitrogen Cat. L23105), Brilliant Violet 421™ anti-human CD326 (EpCAM) Antibody Clone COI7-IA at 1/200566

dilution, Brilliant Violet 421 anti-human CD326 (EpCAM) Antibody Clone 9C4 at 1/200 dilution, Brilliant Violet567

711™ anti-human HLA-DR Antibody clone L243 at 1/800 dilution, Alexa Fluor 647 anti-human CD205 (DEC-205)568

Antibody Clone HD30 at a dilution of 1/200, Alexa Fluor 647 CD205 clone HD83 at a 1/200 dilution, Alexa Fluor 488569

anti-human CD24 Antibody Clone ML5 at a 1/200 dilution, and PE anti-human CD104 Antibody Clone 58XB4 at a570

1/300 dilution (all antibodies purchased from Biolegend, unless otherwise specified; CD205 HD83 was conjugated571

using the Invitrogen Antibody Labelling Kit Cat. A20186). After staining, the volume was brought up to 3mL with572

FACS buffer and spun down at 350g for 5min at 4◦C. The samples were washed once with 3mL HBSS and spun down573

at 350g for 5 minutes at 4◦C. The samples were fixed using 2% PFA (Electron Microscopy Sciences Cat. 15710) for574

30 minutes at 4◦C. After fixing, samples were washed 3x with HBSS (Gibco Cat. 14175103), and spun down at 550g575
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for 5 minutes at 4◦C. Samples were stored in FACS buffer at 4◦C until ready for flow cytometry. Samples were run576

using the BD LSRFortessa Cell Analyzer within a week of preparation. Samples were filtered through a 100um filter577

right before analyzing on the flow cytometer. Data was analysed using FlowJo v10.10.1 software. The initial gating578

strategy starts with FSC-AxSSC-A to gate on the target cell population, followed by, FSC-AxFSC-H, deduced to579

identify and exclude doublet-cells from the analysis. To refine the final population of cells used for this analysis580

we incorporated an additional singlet gate, SSC-AxSSC-H. Next, we gated on the live population of cells using581

the ViabilityxEpCAM plot. Lastly, we included a BV605(open channel)xEpCAM gate to exclude autofluorescent582

cells. The population derived from these ‘quality control’ plots, is the population used for both qualitative and583

quantitative analysis.584

Tissue localization of BMC-TECs by Immunofluorescence. 10 µm-thick fresh frozen thymic tissue sections585

(stored at -80◦C) were fixed with 4% Paraformaldehyde (Electron Microscopy Sciences cat. 15710-S) for 5 minutes586

at room temperature, followed by 3 washes with 1xPBS at room temperature for 5 minutes each. Slides were then587

fixed for 10 minutes at -20◦C using pre-chilled acetone. Slides were removed and dried in open air for 5-10 minutes.588

After fixation, slices were washed again using 1xPBS with 0.02% Tween-20 (PBST) 3 times for 5 minutes each at589

room temperature. The tissue was then blocked for 30 minutes in a humidity chamber at room temperature with590

2.5% donkey serum (Jackson ImmunoResearch cat. 017-000-121) in PBST. Primary antibody staining was performed591

overnight at 4◦C in a humidified chamber with rabbit anti-human DeltaN p63 (1:200, Cell Signaling Technologies592

cat. 67825T), followed by washing with PBST, and subsequent secondary antibody staining was performed using593

the Alexa Fluor 647 AffiniPure Donkey Anti-Rabbit antibody (JacksonImmunoResearch cat. 711-605-152) for 1594

hour at room temperature in a dark humidified chamber. Slides were washed using PBST 3 times for 5 minutes each595

at room temperature. The COL4A5 antibody (1:200, Thermofisher cat. PA5-49913) was conjugated using the Zenon596

AF568 Conjugation kit (Thermofisher cat. Z25306) according to the manufacturer’s protocol. Once conjugated,597

mouse anti-human CD104 Alexa Fluor 488 (1:200, R&D Systems cat. FAB4060G) and rabbit anti-human COL4A5598

antibodies were used to stain the tissue in blocking buffer containing 2.5%mouse serum (Jackson ImmunoResearch599

cat. 015-000-120) and rabbit serum (Jackson ImmunoResearch cat. 011-000-120) in PBST for 1 hour at room600

temperature in the humidified chamber. A final washing step using PBST was performed 3 times for 5 minutes601

each at room temperature. DAPI was prepared at a 1:2500 dilution in 1xPBS, mixed overnight, and then filtered602

through a 0.22 µm filter. DAPI staining was done in a dark, humidified chamber for 15 minutes at room temperature.603

After staining, residual DAPI was washed away with two 5-minute washes of 1xPBS at room temperature. Slides604

were mounted with Prolong Gold Antifade (Thermofisher cat. P10144) and cured for 24 hours before imaging. The605

images were acquired on the Zeiss Airyscan LSM 910 microscope and analyzed using Fiji version 2.16.0/1.54p.606

Sequencing607

10x multiome (scRNA-seq and scATAC-seq) preparation: Enriched TECs were stained with antibodies against608

human EpCAM (clone 9C4 and CO17-1A, from BioLegend) and CD45 (HI30, from BioLegend) and a SYTOX viability609

dye (from Invitrogen). Cells were then resuspended in 500µl of nuclease-free 1xPBS containing 2% heat-inactivated610

FBS. Live EpCAM+CD45- cells (Supplementary Fig 2B, C) were sorted into nuclease-free 1xPBS containing 10%611

heated-inactivated FBS in a BSA fraction V coated 15ml falcon tube on a Sony SH800 sorter using a 100µm nozzle612

in Targeted mode. Sorted cells were kept cold on ice and submitted to the single-cell sequencing core facility613

immediately for the 10x multiome library preparation and sequencing. Of note, the compensation values were614

not applied to the data during the sorting of TECs from sample HT8, making the EpCAM+ cells appear positive615

for the negative markers in the FACS flow panel (Supplementary Fig 2B). A mixture of non-TEC cells was sorted616

out along with the TECs as a result, but we were able to distinguish and filter out these contaminating cells based617

on their gene signature in the scRNA-seq data. The compensation values were applied to all subsequent samples618

(Supplementary Fig 2C).619

Parse WTv2 scRNA-seq preparation: A modified version of the standard Parse protocol (Parse fixation protocol,620

October 2022 version) was used for preparing cells for sequencing using the Parse Biosciences technology. Enriched621

TECs were stained with antibodies against human EpCAM (clone 9C4 and CO17-1A, from BioLegend), CD45 (clone622

HI30, from BioLegend), and a fixable Near-IR viability dye from Invitrogen (EpCAM+CD45-; Supplementary Fig 2D)623

for 30 on ice. After staining, the cells were washed once with nuclease-free 1xPBS at 300g for 5 at 4◦C to remove as624

much EDTA, DNase, and RNase as possible and resuspended in 800µl of cell prefixation buffer containing 0.5%625
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w/v BSA fraction V. The resuspended cells were filtered through a 70µm nylon filter into a BSA fraction V coated626

15ml falcon tube. 250µl of cell fixation solution was immediately added to the cell suspension and mixed gently by627

pipetting up and down exactly three times with a p1000 pipet set to 250µl and placed on ice to fix for 10 . After628

fixation, cells were washed twice with nuclease-free 1xPBS at 400g for 5 at 4◦C to remove as much fixative as629

possible and then resuspended in nuclease-free 1xPBS at 1 million cells per ml for sorting. After sorting, cells630

were spun down and supernatant removed until about 1ml remained. To that 1ml of residual supernatant, 80µl of631

cell perm solution was added, mixed, and cells incubated for 3 on ice. 4ml of cell neutralization buffer was added632

to the cells and gently mixed with a p1000 pipet. Cells were spun down, resuspended in 150µl of cold cell buffer,633

and filtered through a 70µm nylon strainer into a 2ml nuclease-free tube. 2.5µl of DMSO was added to the cell634

suspension and mixed by gently flicking the tube three times. The DMSO addition was repeated two more times635

for a total of 7.5µl of DMSO and the final cell suspension was frozen down in a -80◦C freezer using a Mr. Frosty636

slow freezing unit. The standard Parse WTv2 protocol was followed for library construction, and submitted for637

sequencing.638

Single-cell RNA-seq analysis of TECs639

Publicly available thymic single-cell datasets provided a useful resource toward this study’s goal of characterizing640

lineage-committed TECs in humans and mice. However, these and our datasets have been processed using 5641

different single-cell protocols: 10x 3’ V2 and V3, 10x 5’ V2, 10x multiome V1, Parse Bioscience WTv2, and SMART-642

seq2. Moreover, the count matrices generated in the original studies use several different versions of (often643

proprietary) tools. These different tool versions utilize different algorithms for analysis, which introduces an644

unnecessary source of variation for our pooled analysis of all datasets [58]. Therefore, we re-processed all datasets645

from the original FASTQ files through a common pipeline to make them as uniform as possible.646

Data download: The FASTQ files for all datasets were downloaded from public repositories indicated in Supple-647

mentary Table 5. Metadata for each dataset (study, sample, individual, species, subspecies, sex, age, sort type, rna648

seq protocol) in Supplementary Table 6.649

Reference genome and annotation: Human samples were aligned to GRCh38 (primary assembly) using Gencode650

annotation version V44. Mouse samples were aligned to GRCm39 (primary assembly) using Gencode annotation651

version vM33.652

Read alignment, cell filtering, and count matrix generation: We processed all datasets using STARsolo (2.7.11a)653

[59]. STARsolo is designed for all steps of scRNA-seq data processing that include read alignment to the reference654

genome, assigning aligned reads to individual genes to generate the count matrix, and cell filtering to retain single655

cells (which depending on the sequencing protocol could be removing empty droplets and doublets, or removing656

cells with too few gene counts). The parameters used for STARsolo (both reference genome indexing and read657

alignment) for each dataset are listed in Supplementary Table 7. Different library preparation methods necessitate658

the use of STARsolo in slightly different manner. We used STARsolo as follows:659

• 10x 3’ and multiome datasets: Reads were aligned using the standard parameters for 10x 3’ datasets (listed660

in supplementary table 2). We used the EmptyDrops_CR option to call singlet cells and the GeneFull_Ex50pAS661

gene model using the expectation maximization (EM) option to resolve multi-mapping reads. STARsolo662

generates only the “raw” version of the EM count matrix that contains the gene counts for all possible663

10x barcodes. The “filtered” count matrix containing only singlet cells was generated by using the filtered664

barcodes to subset the raw EM count matrix, thereby retaining just the required cells.665

• 10x 5’ datasets: The 10x 5’ datasets were aligned identical to the 10x 3’ dataset with the only difference666

being these the reads are mapped to the reverse strand of the genome.667

• Parse datasets: Parse WTv2 is a whole-transcriptome protocol that uses a poly-T primer to capture the668

3’ end of a transcript and a random hexamer primer to capture the internal regions of a transcript. We669

used reads originating from just the poly-T primers to keep the analysis as consistent as possibles with670

the 10x data. This processing procedure is described as a part of the documentation for its_a_scam (https:671

//its-a-scam.readthedocs.io/). We selected all cells that had a read count of at least 500 for downstream672

analysis.673

• SMART-seq2 datasets: The reads were aligned using the standard parameters for the SMART-seq2 dataset.674
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We used the default cell filtering option in STARsolo for the SMART-seq2 dataset and the GeneFull_Ex50pAS675

gene model was used without the EM option (since the SMART-seq2 protocol does not use UMIs).676

Quality control of scRNA-seq data and selection of TECs677

Quality control for scRNA-seq data: Single-cell RNA-seq and single-nuclear RNA-seq data were processed via678

scanpy [60] (version 1.9.3). Cells with a mitochondrial gene percentage greater than 15% and with fewer than 200679

expressed genes were removed from downstream analysis.680

Normalization: We filtered zero-count genes by dataset followed by filtering all datasets to the remaining681

genes common between the datasets and removed mitochondrial and ribosomal genes. We then normalized682

the datasets individually via sc.pp.normalizetotal with a targetsum = 1e4. We performed log normalization683

with sc.pp.log1p, combined the normalized datasets and selected the the top 3,000 highly-variable genes via684

sc.pp.highlyvariablegenes.685

Initial dataset integration: We integrated the datasets using the normalized counts via scVI [61, 62] (version 1.0.3)686

with three categorical batch covariates: sequencing protocol, donor, and study. The scVI integration generated an687

integrated embedding of all the datasets that was used for downstream analysis (Supplementary Fig 6B). The Yayon688

dataset (Supplementary Fig 6A) integrated poorly with the other datasets and was thus excluded from further689

analysis. We evaluated the success of our integration procedure using the local inverse of Simpson’s Index (LISI)690

metric [63]. The LISI metric estimates the number of cells that can be sampled at random in a local neighborhood691

before selecting two cells from the same batch. Thus, this “integration LISI” (iLISI) score estimates the number of692

batches in the given local neighborhood. A successful batch integration aims to harmoniously merge the datasets693

and will therefore result in an increase in the iLISI score post-integration. We also calculated a LISI score applied694

to cell types instead of batches, called the “cell type LISI” (cLISI). A successful integration will yield a merged695

dataset where cells of the same type cluster together within local neighborhoods, so the cLISI score will approach696

one post-integration. We conducted this analysis prior to cell type annotation. We therefore identified mock697

marker-based cell type populations to be used in the cLISI calculations using previously-identified marker genes698

(Supplementary Table 8. Muscle cells were defined as cells having normalized expression ofMYH3 > 2.5, neuro cells699

with USH2A > 2.5, tuft cells with POU2F3 > 2.5, cTEC’s with TBATA > 2.5, heteroTECs with SPINK5 > 3, and mTECIIs700

with AIRE > 2.5 (Supplementary Fig 6D). All LISI scores were computed using the lisi package [63] (version 1.0)701

(https://github.com/immunogenomics/LISI).702

TEC identification: We first used the integrated scVI embedding to identify TECs as all datasets contained non-703

TECs. The exception to this protocol was the Park dataset [5], as due to its size and large number of non-TECs, we704

only used the cells previously-identified as TECs for this analysis. We defined cell clusters using sc.pp.neighbors705

and sc.tl.leiden on the integrated embeddings generated via scVI and identified two distinct subsets of non-706

epithelial cell populations, endothelial cells (expression of VWF (Von-Willibrand Factor)) and T cells (expression of707

CD8, CD4, and CD3). We removed both non-TEC cell populations from downstream analysis. We identified thymic708

epithelial cells based on the positive expression of EPCAM, KRT5, KRT8, and KRT15.709

TEC re-normalization, re-integration, and annotation: We extracted all cells identified as TECs into a final710

dataset, which we then re-normalized and re-integrated with scVI according to the procedure outlined above. We711

annotated the integrated TECs using an iterative clustering procedure. We defined clusters using sc.pp.neighbors712

and sc.tl.leiden on the integrated embeddings generated via scVI, and then annotated the clusters based on713

their expression of both known TEC marker genes and the CRA signatures we identified above.714

We first computed CRA modules scores from the normalized counts via scanpy.tl.score_genes. For each cell,715

we kept scores greater than zero and normalized score values by the maximal observed score; the resulting score716

densities are depicted in Supplementary Fig 1E. For each cell, we classified each module as expressed if the observe717

score was greater than 50% of the maximal score for this module. We obtained the mean score for each module and718

cluster and calculated MetaNeighbor as the fraction of cells in the cluster considered to express the module over719

the total number of cells in the cluster. For each cluster we chose the top scoring 30% of modules (7 modules) and720

for each module the top 20% scoring clusters (6 clusters) for annotation. For visualization, we used hierarchical,721

complete linkage clustering on Euclidean distances for both rows (CRA modules) and columns (cell types).722

After the initial round of TEC annotation was complete, we integrated the data in a semi-supervised manner via723
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the scANVI model [64], which updated the scVI embeddings based on the input cell types. We then completed724

further iterations of clustering and annotation using the scANVI embeddings.725

Some clusters exhibited elevated expression of either a single set of TEC marker genes or of a single CRA module;726

we annotated such clusters as consisting solely of this corresponding cell type. Other clusters expressed elevated727

levels of multiple sets of marker genes or CRA modules; we further sub-clustered these cells through several728

iterations until we resolved them into smaller clusters that exhibited elevated expression of only a single set of729

TEC marker genes or a single CRA module.730

Jupyter notebooks containing the code for this annotation process are available at https://github.com/meyer-lab-cshl/731

intecgrated_2026.732

Gene lists733

We defined human protein-coding (PC) genes as the 20,070 genes that are classified as protein_coding in the734

gene_type tag of the Genocde GTF file (V44). We used the list of human house-keeping (HK) genes as defined by735

Eisenberg & Levanon; we mapped the gene identifiers from refseq to ensemble gene identifiers [4], yielding 4,211736

unique genes [65].737

Robustness of expressed gene counts to cluster annotations738

We determined the number of expressed genes for each cell type by pseudo-bulking the cells within each cluster739

(analogous to a differential gene expression analysis using single-cell data). However, since cell types are defined740

by first clustering the cells, and gene counts are determined from clustered cells, misclassifications of a “true” cell741

identity (i.e assigning a cell to the wrong cluster) will lead to an over-estimate of the number of genes expressed.742

For example, if a true neuro TEC was misclassified as a muscle TEC, it would lead to an over-estimate of number of743

genes expressed in muscle TECs. We determined the impact of any mis-clustering of cell types on gene count by744

computationally “contaminating” each cell type. For every pair of cell types, we randomly sampled and mis-labeled745

a fraction of cells (5% and 10%) and counted the number of expressed protein-coding (PC) and CRA genes at an746

expression cut-off of 0.03. We repeated this process 100 times to get a distribution of the number of genes expressed747

when cell types are incorrectly clustered (Supplementary Fig 11).748

P-value computation for sharing of gene sets749

Expressed-gene sets were compared between all pairs of cell types using the Jaccard index. To test whether lineage-750

committed TECs share expressed genes more extensively among themselves than classical TECs, we computed751

the mean within-group Jaccard index for lineage-committed and classical TECs; the difference of these means752

served as our observed test statistic for comparison against an empirical null distribution. The null distribution753

was generated by relabeling cell types (all possible relabeling was enumerated exhaustively, amounting to 210754

random groups) and computing the same test statistic. The empirical p value is the number of times the difference755

in means in groups of shuffled cell type labels is at least large as the observed value, divided by the 210, the total756

number of relabeled groups.757

Neighbor-voting analyses with MetaNeighbor758

We ran MetaNeighbor [20] using the MetaNeighborUS function in the python pymetaneighbor implementation759

(version 0.1.0) (https://github.com/gillislab/pyMN). We used a down-sampling approach to account for differences760

in cluster size. Prior to each run of the MetaNeighborUS function, we downsampled each cluster to have the same761

number of cells as the smallest input cluster. We repeated this procedure 10,000 times and the final AUC scores762

were calculated as the means of the scores of each of the 10,000 runs.763

Single-cell ATAC-seq analysis of TECs764

Reference genome: We used the same reference genomes for the GEX analyses and scATAC-seq analyses: GRCh38765

for human samples and GRCm39 for mouse samples.766

Read alignment and PCR duplicate removal: Cell barcodes were added to the FASTQ names field of the paired-767

end reads. Reads were mapped to the reference genome using BWA MEM (0.7.17) [66]. PCR duplicated were marked768

using samtools (1.17) [67].769
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Fragment file generation: SAMfiles were converted to fragment files retaining just the fragments with aminimum770

mapping quality of at least 30 and that are not PCR duplicates. As part of the fragments file generation, scATAC-seq771

barcodes were converted to the respective GEX barcode for the multiome datasets.772

Cell-peak matrix generation: The cell-peak matrix was generated using MACS3 (3.0.1) [68] called via Signac773

(1.10.0) [69] using the default parameters.774

Quality control: Quality control was performed in Signac (version 1.16.0) [69] using adaptive filters, with the775

goal of removing low-quality outlier cells (Supplementary Figs 3 to 5. For sample HT08, cells were removed if776

they had nCount_peaks below 3,000 and greater than 43,000, TSSE scores below 3, nucleosme signals above 3,777

a blacklist ratio above 0.01, and pct_reads_in_peaks below 35. For sample HT11, cells were removed if they had778

nCount_peaks below 700 and greater than 16,000, TSSE scores below 2.8, nucleosme signals above 3, a blacklist779

ratio above 0.01, and pct_reads_in_peaks below 30. Sample HT13 had overall poor QCmetrics and was thus excluded780

from any downstream scATAC analysis (Supplementary Fig 5).781

Motif Enrichment: We performed motif enrichment on the multiome dataset (TECs passing both scATAC-seq782

and snRNA-seq quality control) with chromVAR (version 1.24.0) [22] on the Homo sapiensmotifs in the JASPAR2024783

package (version 0.99.6) [70]. Motifs with the highest mean deviation score for each cell type were selected.784

Joint scATAC and snRNA UMAP We generated the joint UMAP for the multiome dataset using Seurat (version785

5.3.1) [71] and Signac (version 1.16.0) [69]. We first generated an integrated latent semantic indexing (LSI)786

dimensionality reduction for the scATAC data using the FindIntegrationAnchors and IntegrateEmbeddings787

functions. We also generated an integrated count matrix for the snRNA data using the FindIntegrationAnchors788

and IntegrateData functions, and then calculated a PCA dimensionality reduction using the integrated counts. We789

used the FindMultiModalNeighbors function to construct a weighted nearest neighbor graph with the integrated790

LSI and PCA as inputs, and then used the RunUMAP function to generate the joint UMAP using this graph.791

Cell type lineage tracing using matched scRNA-seq and scATAC-seq data792

Re-sequencing ATAC-seq libraries: Based on the QC and the sequencing depth, we re-sequenced the libraries793

using 100bp paired-end reads for HT08 and HT11 to gain sufficient coverage for lineage analysis, yielding 5,644794

(HT08) and 2,677 (HT11).795

Genome coverage analysis: The number and quality of mutations calls and the lineage trees built from these796

depend on the read coverage. To obtain coverage, we determined the mean read length as the weighted average of797

the read lengths weighted by the number of reads. For each cell type, we calculated the total number of fragments798

by summing the fragment count of the respective cells. We then multiplied the fragment count with the mean read799

length and divided by 3 billion to obtain the cell type coverage. The total sample coverage is the sum of all cell type800

coverages.801

Pseudobulking of scATAC-seq reads: For lineage tracing, we only used cells that passed both snRNA-seq and802

scATAC-seq QC. Cell type assignments were based on the snRNA-seq data (as described above). Based on this803

assignment, we processed pooled scATAC-seq reads by reassigning single-cell read group identifiers (cell barcodes)804

in the BAM file using a barcode-to-cell type mapping with pysam (v) to create a single BAM file with reads grouped805

by cell type. The grouped BAM file was sorted and indexed using samtools (v).806

Somatic variant calling with BCFtools: We used bcftools mpileup (v) to compute genotype likelihoods and807

allele-specific read depths across the cell-type–grouped BAM file, retaining only reads with base and mapping808

quality scores ≥ 20 (error probability ≤ 0.01). The resulting pileup BCF was filtered to keep only autosomal SNPs809

showing evidence for both alleles, removing homozygous reference and homozygous alternative sites. To exclude810

inherited variants, we used bcftools isec to subtract sites present in gnomAD (v4.1) with allele frequency > 0.001811

(0.1%) across 76,215 whole genomes. MACS was applied to test whether each remaining site shows variation beyond812

that expected by sequencing error, retaining sites with QUAL CLU. This step removes sites with mostly homozygous813

reference alleles and few spurious variant reads but often retains sites that are mostly homozygous alternative with814

limited reference support. Because such sites are not informative for somatic mutation analysis, we implemented an815

additional pre-filter that reuses the genotype likelihoods to remove sites with 𝑃 (𝐷𝑎𝑡𝑎 ∣ all samples 0∕0) + 𝑃 (𝐷𝑎𝑡𝑎 ∣816

all samples 1∕1) ≥ 0.001, leaving only loci with strong polymorphic signal for downstream testing.817
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Distinguishing somatic heterozygous sites from germline heterozygous sites: To distinguish somatic from818

germline heterozygous variants, we designed a likelihood ratio test (LRT) that compares a null model with a single819

shared allele frequency across all cell types to an alternative model allowing cell-type-specific allele frequencies.820

From the sites called in the previous step, a locus is considered for the LRT only if at least two cell types show821

germline homozygous signal (to reduce the influence of allelic dropouts) and at least one cell type shows evidence822

of the alternate allele, ensuring phylogenetically informative variation.823

At one candidate site, each cell type 𝑖 provides an observed number of alternate reads 𝑘𝑖 out of total reads 𝑛𝑖. Cell824

types with no coverage (𝑛𝑖 = 0) are excluded. The likelihood for a cell type under allele frequency 𝑝 is modeled825

using the binomial distribution:826

𝐿(𝑘, 𝑛 ∣ 𝑝) =
( 𝑛
𝑘

)

𝑝𝑘(1 − 𝑝)𝑛−𝑘,

and the corresponding log-likelihood is827

ln𝐿(𝑘, 𝑛 ∣ 𝑝) = 𝑙𝑛
( 𝑛
𝑘

)

+ 𝑘 ln 𝑝 + (𝑛 − 𝑘)𝑙𝑛(1 − 𝑝).

Under the null hypothesis𝐻0, all𝑁 cell types are assumed to share a single global germline heterozygous allele828

frequency,829

𝐻0 ∶ 𝑝𝑖 = 0.5 ∀𝑖 ∈ {1,… , 𝑁},

hence the null log-likelihood is given by830

ln𝐿0 =
𝑁
∑

𝑖=1

[

ln
(

𝑛𝑖
𝑘𝑖

)

+ 𝑛𝑖 ln 0.5
]

.

Under the alternative hypothesis𝐻1, each cell type is allowed to have its own maximum likelihood estimate (MLE)831

of the allele frequency,832

𝐻1 ∶ 𝑝̂𝑖 =
𝑘𝑖

𝑛𝑖
, i = 1,… , 𝑁.

The corresponding log-likelihood under𝐻1 is833

ln𝐿1 =
𝑁
∑

𝑖=1

[

ln
(

𝑛𝑖
𝑘𝑖

)

+ 𝑘𝑖 ln 𝑘𝑖 + (𝑛𝑖 − 𝑘𝑖)𝑙𝑛(𝑛𝑖 − 𝑘𝑖) − 𝑛𝑖 ln 𝑛𝑖

]

.

The likelihood ratio test statistic is then834

Λ = 2(𝑙𝑛𝐿1 − 𝑙𝑛𝐿0) = 2
𝑁
∑

𝑖=1

[

𝑘𝑖 ln 𝑘𝑖 + (𝑛𝑖 − 𝑘𝑖)𝑙𝑛(𝑛𝑖 − 𝑘𝑖) − 𝑛𝑖 ln 𝑛𝑖 − 𝑛𝑖 ln 0.5
]

where the independence across cell types and computation in log space re-frames the LRT as a sumof the incremental835

improvements that allowing a free parameter provides over a fixed null heterozygous sampling per cell type.836

Under asymptotic conditions, the likelihood ratio statistic Λ follows a 𝜒2 distribution with degrees of freedom837

equal to the number of free parameters (i.e., the number of cell types) between the null and alternative models.838

However, because our data are limited and the asymptotic assumption may not hold, we instead estimate the null839

distribution of Λ empirically by Monte Carlo simulation.840

Under the null hypothesis𝐻0, new pseudo-datasets are generated by sampling alternate read counts 𝑘(𝑠) indepen-841

dently for each sample from a binomial distribution with parameters 𝑛𝑖 (the observed read depth) and 𝑝0 = 0.5 (the842

shared null frequency):843
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𝑘(𝑠)
𝑖 ∼ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑛𝑖, 𝑝0), s = 1,… , 𝑁sim.

The log-likelihood ratio statistic is then computed for each replicate and the empirical 𝑝-value is computed as the844

proportion of simulated replicates whose likelihood ratio exceeds the observed statistic:845

𝑝emp =
1

𝑁sim

𝑁sim
∑

𝑠=1
𝟏
[

Λ(𝑠) ≥ Λobs
]

.

We used𝑁sim = 10, 000 simulations per site and the binomial draws preserve the original per-sample read depths846

to accurately reflect sampling variability. Sites with 𝑝emp < 0.01 are considered to show significant deviation from847

the null expectation, indicating evidence of somatic heterozygosity.848

Simulation to obtain empirical estimates of specificity and sensitivity of the LRT: To validate the final849

somatic mutation calls for each sample, we obtained the empirically observed read count totals per cell type per850

sample for each site in the final mutation calls. We then simulated 10 positive test cases, representing a true851

somatic heterozygous site, where mutations classified as germline (only evidence of themajor allele in the empirical852

data) are simulated with all read counts as the major/ref allele (n ref reads; 0 alt reads) and somatic mutations853

are simulated as a heterozygote (alt reads drawn from binomial 0.5 distribution up to the total number of reads854

empirically observed per cell type). For the same site and to maintain positive/negative class balance, we simulated855

10 negative test cases (meant to represent only a germline heterozygous site) where all germline and somatic856

mutations are simulated with alternative reads from the binomial(0.5). We applied the LRT described above to857

these 20 simulations per site and classified results as true positive, true negative, false positive, and false negative858

to obtain a sensitivity and specificity metric per mutation site.859

Calling presence/absence of mutations for each cell type: After identifying candidate somatic heterozygous860

sites using the likelihood ratio test, we generate a discrete mutation matrix that distinguishes confidently mutated861

(evidence for the somatic heterozygous mutation) from non-mutated cell type populations (evidence only for the862

homozygous germline allele), while conservatively treating ambiguous low-depth cases as missing data.863

For each candidate site, the reference (𝑟𝑖) and alternate (𝑎𝑖) read counts are extracted per cell type. The consensus864

call for cell type 𝑖 is determined using a simple read-depth heuristic:865

call𝑖 =

⎧

⎪

⎨

⎪

⎩

Somatic mutation base, 𝑎𝑖 > 0,
Germline base, 𝑎𝑖 = 0 and 𝑟𝑖 ≥ 𝑑min,

?, otherwise,

where 𝑑min is a minimum read depth threshold (set to 𝑑min = 2). Any cell type lacking alternate allele support and866

with fewer than two reference reads is marked as missing, since a single reference read is equally consistent with a867

reference or heterozygous genotype.868

For both the LRT pre-filtering and final mutation calling, when homozygous samples exist for both alleles, the869

majority allele is treated as the germline state, and the minor allele is interpreted as evidence of a somatic870

heterozygous mutation, assuming homozygosity for the minor allele arises from low coverage or allelic dropout.871

Phylogenetic inference: We inferred phylogenetic trees of cell type lineages using both Bayesian (MrBayes v3.2.7a)872

andmaximum likelihood (RAxML-NG v1.2.2)methods. For each sample, we concatenated our high confidence somatic873

SNP sites into a sequence alignment of consensus genotypes for each cell type (either in FASTA or NEXUS file874

format). We then specified the HKY nucleotide substitution model for both methods and used the default settings875

for Bayesian priors and parameter initializations. For Bayesian inference, we ensured convergence to the posterior876

distribution by standard criteria (effective sample size and average standard deviation of split frequencies) and877

drew 10,000 samples to summarize phylogenetic trees and parameters. For maximum likelihood inference, we first878

inferred a single best tree and then ran 1000 bootstrap tree estimates to overlay confidence values. Results for879

sample HT11 are shown in Figure 2, for sample HT08 in Supplementary Fig 9880
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Lineage analysis of Gamble et. al. dataset: The fastq files were processed as described in Single-cell ATAC-seq881

analysis of TECs. The cell annotationswere obtained from thefile Source Data Extended Data Fig.1 (Mimetic.Cluster882

column) in [19].883

SCENIC+ analysis of TECs884

We used the SCENIC+ pipeline [30] (version 1.0a1) to identify regulons associated with each TEC subtype in the885

human multiome dataset (this study) and the mouse multiome dataset from Givony et al. [11]. The following886

paragraphs describe the pre-processing steps and parameters for setting up the pipeline.887

pycisTopic analysis: We used pycisTopic [30] (version 2.0a0) to generate pseudobulk fragments files for each cell888

type and called peaks using MACS [68] (version 2.2.9.1). We inferred consensus peaks twice, first for each pseudobulk889

fragments file and then for all of the peaks together, generating a consensus bed file to be used both for subsequent890

topic modeling and later in the SCENIC+ pipeline. Using the consensus bed file, we ran Latent Dirichlet Allocation891

topic models for the multiome data with n_topics = [2, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50]. We selected the number892

of topics to use in the downstream analysis with the evaluate_models function.893

Generation of custom databases for pycisTarget: We followed the tutorial at https://scenicplus.readthedocs.io/en/894

latest/human_cerebellum_ctx_db.html to generate custom databases of ranked and scored motifs for the consensus895

peaks generated by pycisTopic.896

SCENIC+Motif Analysis and Regulon Identification: We implemented the SCENIC+ Snakemake pipeline outlined897

in the documentation located at https://scenicplus.readthedocs.io/en/latest/index.html. All parameters were kept at898

default but for min_target_genes, which was set to 5. Motif enrichment was run via pycisTarget [30] (version899

1.0a2) using the custom motif ranking and scoring databases described above. SCENIC+ was then used to link TF’s,900

target genes, and genomic regions, yielding TF-gene, TF-region, and region-gene modules. The grn_inference901

function was used to aggregate the modules into regulons. The AUCell function was used to generate gene-based902

and region-based regulon AUC scores for each cell. We then assigned a cell type to each regulon, selecting the cell903

type with the highest gene-based AUC score.904

Regulons were identified as activators or repressors based on their TF-to-gene and region-to-gene relationships,905

as indicated by the suffix in the regulon name provided by SCENIC+. A positive TF-to-gene relationship indicates906

that when the regulon-driving TF is expressed, the target genes are also expressed, while a negative TF-to-gene907

relationship indicates that when the regulon-driving TF is expressed, the target genes are not expressed. A positive908

region-to-gene relationship indicates that the chromatin regions linked to the target genes are openwhen the target909

genes are expressed. Regulons with a positive TF-to-gene relationship and a positive region-to-gene relationship910

(denoted by the (+/+) suffix) were determined to be activators. Regulons with a negative TF-to-gene relationship911

and a positive region-to-gene relationship (denoted by the (-/+) suffix) were determined to be repressors.912

Over-Representation Analysis We performed over-representation analysis on the target genes of each of the913

regulons identified by the SCENIC+ analysis using GSEAPY (version 1.1.9) [72]. We accessed the Enrichr API [73]914

from within the GSEAPY package and performed over-representation analysis with the enrichr function, comparing915

the representation of input gene sets in the regulon target genes to their representation in a set of background916

genes. We used a subset of gene sets from the GO [74, 75], KEGG [76] and MsigDB [77–80] databases as well as917

gene sets from the Tabula Sapiens [81, 82] and Tabula Muris [83] databases (Supplementary Table 10). The full set918

of genes in the multiome snRNA-seq objects were set as background genes. After removing pathways that were919

duplicated across gene sets (keeping the first instance of a given pathway and removing only the duplicates), we920

identified significantly over-represented pathways using a threshold of 0.05 for the adjusted p-values output by921

GSEAPY, and identified the top over-represented pathways for each regulon based on the Combined.Score output.922

We selected the pathways shown in Figure 4F and Figure 6F with the goal of maximizing the number of displayed923

cell-type regulons. For cell types with more than 2 assigned regulons, we selected the pathway for each regulon924

with the largest Combined.Score value to generate a set of top regulon-pathway pairs. We chose to display at most925

5 regulon-pathway pairs for each lineage-committed TEC subtype, so if the lineage-committed TEC subtype had926

more than 5 assigned regulons, the 5 regulon-pathway pairs with the greatest Combined.Scores were chosen to927

display. If a cell type had 2 assigned regulons, the top 2 pathways for each regulon were selected to display based on928

their Combined.Scores, for a total of 4 displayed regulon-pathway pairs. If a cell type only had 1 assigned regulon,929
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then the top 3 pathways for each regulon were selected to be displayed, for a total of 3 displayed regulon-pathway930

pairs.931
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