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Summary

The three-dimensional organization of chromatin into topologically associating domains (TADs)
may impact gene regulation by bringing distant genes into contact. However, many questions
about TADs’ function and their influence on transcription remain unresolved due to technical
limitations in defining TAD boundaries and measuring the direct effect that TADs have on
gene expression. Here, we develop consensus TAD maps for human and mouse with a novel
“bag-of-genes” approach for defining the gene composition within TADs. This approach
enables new functional interpretations of TADs by providing a way to capture species-level
differences in chromatin organization. We also leverage a generative Al foundation model
computed from 33 million transcriptomes to define contextual similarity, an embedding-based
metric that is more powerful than co-expression at representing functional gene relationships.
Our analytical framework directly leads to testable hypotheses about chromatin organization
across cellular states. We find that TADs play an active role in facilitating gene co-regulation,
possibly through a mechanism involving transcriptional condensates. We also discover that the
TAD-linked enhancement of transcriptional context is strongest in early developmental stages
and systematically declines with aging. Investigation of cancer cells show distinct patterns of
TAD usage that shift with chemotherapy treatment, suggesting specific roles for TAD-mediated

regulation in cellular development and plasticity. Finally, we develop “TAD signatures” to
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improve statistical analysis of single-cell transcriptomic data sets in predicting cancer cell-line
drug response. These findings reshape our understanding of cellular plasticity in development
and disease, indicating that chromatin organization acts through probabilistic mechanisms rather
than deterministic rules.

Software availability: https://singhlab.net/tadmap
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Introduction

Cells must precisely orchestrate the activity of hundreds of genes to perform even basic functions.
This orchestration is an information-theoretic problem—how to specify exact gene combinations—
that must be solved through physical mechanisms in the crowded confines of the nucleus. Evolution
has shaped distinct solutions to this problem. Bacteria elegantly address this challenge by operons,
organizing co-regulated genes linearly along their genome [|1]. However, mammalian and other
animal cells face a more complex task. While the gene ordering is fixed, diverse cell types need to
carry out their functions, each with distinct combinations of genes. These organisms have evolved an
additional solution to this challenge, developing a dynamic three-dimensional genome organization
that uses chromatin structure to bring distant genes into contact [2} 3]].

Modern genomic technologies, such as Hi-C, GAM, SPRITE, and ChIA-PET etc. [48]], have
unveiled the cell’s three-dimensional chromatin architecture, operating at multiple scales. Topo-
logically associating domains (TADs) are key sub-components in this hierarchical organization [?2,
9-11]—regions where DNA frequently contact within the TAD but are restricted externally. These
domains create distinct neighborhoods within the genome [[12-14] in which the transcriptional
machinery operates. A central question emerges: has evolution shaped a synergy between gene
location and the chromatin’s TAD structure to support the recurring expression patterns needed by
diverse cell types?

TADs present a paradox. Although their importance is clear, their function and mechanism
remain disputed. Do TADs actively facilitate co-regulation of their resident genes, or do they mainly
function as passive insulators, protecting genes from outside regulatory interactions? What is their
relationship with linear genomic distance—do they override or complement evolutionary pressures

that might have grouped functionally-related genes together? The field lacks consensus, even on
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these basic questions about TADs role in gene regulation [15]]. This uncertainty stems from several
technical challenges. TAD boundaries vary somewhat between cell types and individual cells.
Studies of CTCEF, a protein central to TAD formation, have yielded inconsistent results [[16-21],
and its lethality when deleted has hindered comprehensive in vivo investigation. The complexity of
measuring gene co-transcription adds another layer of difficulty. Bulk RNA-seq datasets have limited
sample sizes, while single-cell RNA-seq introduces technical noise and data sparsity. Some gene-
dense TADs, such as those containing olfactory receptor genes, show minimal co-expression [22,
23], further complicating our understanding. To address these challenges, we pursue the hypothesis
that there are systematic patterns in how TADs work with genomic proximity to organize gene
regulation across cell types.

Beyond cell type-specific analyses, we further propose that understanding the systematic role of
TADs requires the identification of species-level principles of how chromatin structure and genomic
proximity cooperate in gene regulation. One challenge is that, as a measure of transcriptional
similarity, co-expression is too narrow to capture these principles. In addition, TADs have been
characterized currently for only a subset of cell types. To overcome these limitations, here we
develop new foundation model representations of TADs and transcriptional similarity through
massive-scale data integration that spans 33 million single cells, cell type-specific Hi-C maps, 49
GTEXx tissues, genome-wide perturbation screens, and intergenic transcripts. Our representation
learning (24| approach introduces two key advances, the TAD Map and contextual transcriptional
similarity.

The TAD Map gives a species-level view of chromatin structure which holds broadly across
cell types. Extensive evidence has shown that TADs maintain their organization across diverse
cellular contexts [25-29]. Leveraging this conservation, we identify biologically meaningful gene

groupings at the species level. We represent each TAD simply as its contained genes—what we call


https://doi.org/10.1101/2025.03.31.646349
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.03.31.646349; this version posted April 2, 2025. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

a “bag of genes” model (Fig. 1A), inspired by set-based sentence representations in natural language
modeling and “bag of fragments” approach for protein structure modeling [30]]. This abstraction,
the TAD Map, enables systematic analysis of genome organization without requiring Hi-C data for
each cell type. More fundamentally, it provides a new framework for understanding how chromatin
structure shapes transcriptional regulation.

Traditional co-expression measures fail to capture the full complexity of gene relationships.
Although expression correlation can detect simultaneous activation, it misses crucial patterns such
as coordinated repression, especially given sparse single-cell data due to low sequencing depth and
dropouts. We need a broader view of how genes relate to each other across cellular states. Consider
genes as Lego blocks, each fitting into specific transcriptional roles defined by other genes. Most
genes have unique shapes, but certain families, such as olfactory receptors and protocadherins, act
like blocks of identical shape but different colors. They are relevant to an individual cell’s identity,
but their roles vis-a-vis other genes are interchangeable. Such gene families, which comprise some
of the most populous TADs, confound simple co-expression analysis because family members are
rarely co-expressed. To capture these nuanced relationships, we introduce contextual transcriptional
similarity (CTS, or just contextual similarity). CTS leverages scGPT [31], a single-cell foundation
model trained on over 33 million cells, to reveal gene relationships that evade traditional correlation
analysis.

We show that integrating the TAD Map and contextual similarity reveals unexpected principles of
gene regulation. We find that TADs function as loci of increased transcriptional context, significantly
exceeding what genomic proximity alone would predict, with TADs boosting contextual similarity
by 20.5% compared to non-TAD regions. Strikingly, this enhancement persists across genomic
distances. Although contextual similarity declines with distance both within and outside TADs,

the enhancement remains multiplicative at all scales. This distance-dependent pattern suggests an
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underlying physical process—possibly diffusion-based—that operates more efficiently within TAD
regions. Building on this insight, we explore a hypothesis linking TADs to phase-separated nuclear
compartments, particularly transcriptional condensates [32-36].

We posit that TADs work synergistically with these phase-separated compartments to create
specialized regulatory environments [37-39]. Within a TAD, the observed effects may arise from
either larger-scale condensates spanning significant portions of the TAD, or from the collective
action of multiple smaller transcriptional condensates operating at different loci [40, 41]]. In this
model, TADs serve as organizational scaffolds that integrate the effects of many distinct condensates,
leading to emergent regulatory properties. This model provides a unified explanation for our
key findings: elevated contextual similarity in TADs, its multiplicative enhancement pattern, and
characteristic distance dependence. We find this hypothesis is supported by multiple independent
lines of evidence, including perturbational studies of condensate genes, analysis of how gene
orientation constrains transcription, and mapping of transcriptional error rates through intergenic
transcripts. These findings generate testable predictions about TAD-condensate interactions while
opening new directions for understanding nuclear organization.

The TAD Map fundamentally reshapes our understanding of gene regulation across cell types
and conditions. By integrating species-wide chromatin data with foundation model representations
of transcription, we uncover previously unrecognized principles governing genome organization and
transcription. The framework reveals systematic changes in chromatin organization during aging
and generates specific, testable predictions about age-related chromatin plasticity. We draw from
these insights to develop TAD signatures, which bring new capabilities to single-cell RNA-seq
analysis. Our integrated approach exposes previously invisible patterns in gene expression dynamics,
from bulk tissue studies to single-cell resolution. When applied to cancer progression data, our

framework reveals distinct patterns of chromatin organization in treated versus untreated cells,
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suggesting new mechanistic hypotheses about treatment resistance. Our findings demonstrate how
bridging epigenetics and representation learning can illuminate fundamental synergies between

genome architecture and regulation.

Results

Consensus TAD Maps for human and mouse. The genome’s three-dimensional organization
presents a substantial consistency across cell types [25-29, 42, 43]]. To quantify this consistency,
we analyzed TAD definitions from seven human and four mouse cell types using the TADKB
database [44] and the Directionality Index technique [25]. The TADKB database provided
harmonized TAD calls across diverse data sources (Methods). This analysis revealed high
conservation. In humans, 92.6% of TAD boundaries matched those in at least one other cell type
(within 50 kb), though only 31.7% matched across all cell types. Mouse showed lower conservation,
with corresponding scores of 69.9% and 13.4%. Fig. 2A illustrates these patterns in example
genomic segments from both species.

While TAD boundaries show variation, we reasoned that their fundamental organization might
be more stable when viewed through the genes they contain. This insight led us to develop a
“bag-of-genes” representation, where each TAD is defined simply by its protein-coding genes,
whether fully or partially contained. This abstraction, which we call the “TAD Map”, renders minor
boundary variations irrelevant if they don’t change the contained genes. Like the bag-of-words model
in natural language processing, this approach sacrifices some precision—such as exact enhancer
locations—but retains the key features needed for statistical analysis of gene regulation and TAD
structure.

The bag-of-genes approach reveals striking consistency across cell types. We assessed this by
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examining adjacent gene pairs that share a TAD in at least one cell type (Fig. 2B). In humans, 72.8%
of these pairs remain grouped together across all cell types, rising to 92.3% when considering
majority agreement. Mouse shows similar patterns (78.9% and 91.6% respectively). This consistency
significantly exceeds expectations under a null model of independent boundary dispersion (one-sided
binomial test, p = 7.3 X 10~ for human, 1.7 x 10~ for mouse; Fig. 2C, Methods).

To convert this insight into a practical tool, we developed consensus TAD “scaffolds” for
mouse and human genomes. Using maximum likelihood estimation, we identified optimal TAD
boundaries by partitioning chromosomes into 50 kb segments and applying dynamic programming
to find non-overlapping intervals best supported by TADKB data (Methods). The human scaffold
comprises 3,036 TADs (mean length 879 kb, median 4 protein-coding genes per TAD), while the
mouse scaffold contains 3,181 TADs (mean length 845 kb, median 4 protein-coding genes per TAD)
(Fig. 2D). From these scaffolds, we derive the complete TAD Map by associating each TAD with all
its genes, including those spanning multiple TADs (Discussion).

TAD Map agrees with CTCF ChIP-seq data. We reasoned that TAD boundaries, if correctly
identified, should align with known mechanisms of chromatin organization. A key protein in this
organization is CTCEF, crucial for maintaining chromatin’s hierarchical structure. Previous studies
have shown CTCF enrichment at TAD boundaries [45, 46], with substantial binding activity also
inside TADs [3}47]. Our analysis confirms and extends these findings. We sourced CTCF ChIP-seq
data from the ENCODE database [48], comprising 281 human and 28 mouse studies (665 and 109
replicates, respectively). These studies include many cell types where TAD-CTCF concordance
could not be previously studied due to the lack of Hi-C data. We find that in both human and mouse,
CTCEF binding occurs most frequently at TAD boundaries and remains significantly higher inside
TADs than in the general genomic background (Methods, Fig. 2E). This pattern persists across

diverse cell types and disease states (Fig. 2F), supporting the broad applicability of the TAD Map.


https://doi.org/10.1101/2025.03.31.646349
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.03.31.646349; this version posted April 2, 2025. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Expression quantitative trait loci (eQTL) are enriched within TADs. If TADs organize gene
regulation, we would expect genetic variants within TADs to have stronger effects on their resident
genes’ expression. We can test this using expression quantitative trait loci (eQTLs)—genetic variants
that influence nearby gene expression. To evaluate this hypothesis in the human TAD Map, we
analyzed the entire GTEx v8 compendium [49]], covering 49 tissues. For each gene, we estimated
the probability p(d) that a variant at distance d from its transcription start site (TSS) functions as
an eQTL (Methods). As expected from previous studies [50, 51], this probability declines with
distance. However, we find this decline is significantly slower inside TADs (Fig. 2G). Beyond the
immediate vicinity of genes (d > 30 kb), variants within TADs show higher probability of being
eQTLs (Fig. 2H), with median fold changes of 1.27 and 1.37 for upstream and downstream regions,
respectively (p-values < 5 x 1074, Wilcoxon rank sum test). These results, consistent across nearly
all tissues (e.g., blood, brain, liver, skin, etc.), further validate our TAD Map and underscore TADs’

role in organizing gene regulation.

Single-cell foundation models characterize the transcriptional context of genes. To understand
how TADs influence gene regulation, we move beyond simple measures of gene co-expression.
Genes do not function in isolation but rather within complex, co-regulated, and co-expressed
networks involving interactions with nearby genes and distant ones, sometimes even across different
chromosomes [52-54]]. Traditional analyses of these relationships, particularly in TADs, have
focused on co-expression or regulatory networks. However, these approaches struggle to capture an
important aspect of TAD biology: how genes might serve as functional alternatives to each other
while maintaining cellular states.

In olfactory neurons, only one of several hundred olfactory receptors is typically expressed,

wherein the expressed receptor determines specific neuronal connections [22]]. Similar cell-identity
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specificity is seen for protocadherin genes, with their proteins forming networks with neighboring
proteins that enable cell self-recognition [55]. Despite their different expression patterns, genes
in these families often reside in the same TADs and their members appear to serve similar roles
relative to other genes. Traditional co-expression analysis misses these functional relationships.

Recent advances in single-cell representational learning offer a promising approach to this
challenge. Single-cell foundation models, including Geneformer [56]], scGPT [31]], and scFounda-
tion [57], integrate data from tens of millions of transcriptomes across various organs and cell types
to create comprehensive gene representations. Trained in a self-supervised manner, they capture
relationships between genes that go beyond traditional pathway annotations. Here, we use scGPT,
which generates 512-length vector embeddings for each gene, trained on 33 million human single
cells. In their original work, Cui et al. [31]] interpreted these embeddings primarily as defining gene
regulatory networks, where genes interact through transcription factors and signaling pathways.
Others have suggested the embeddings simply reflect co-expression patterns [58]. We find both
interpretations incomplete for understanding TAD function.

We propose these embeddings capture a different property: whether genes can serve similar
roles in cellular processes relative to other genes. We term this property “Contextual Transcription
Similarity” (CTS) and quantify it between two genes by calculating the Pearson correlation of
their embedding vectors. Although both CTS and co-expression derive from gene expression
data, they capture different aspects of gene function. Traditional co-expression measures require
observing genes expressed together in the same cells. Beyond examples like olfactory receptors
and protocadherins, where co-expression is intrinsically low, technical limitations of single-cell
RNA-sequencing also pose a challenge. For example, sampling sparsity, dropout effects, and limited
cell numbers can make it difficult to estimate co-expression reliably. In contrast, CTS leverages

the foundation model’s integration of massive datasets to characterize a gene’s role through its
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relationships with all other genes, not just those co-expressed with it.

To validate this interpretation, we performed multiple complementary analyses. We first
examined four organ-specific, atlas-scale sScRNA-seq datasets from CELLXGENE [59]]: the Human
Breast Cell Atlas, Human Brain Cell Atlas, Human Cell Atlas of Fetal Gene Expression, and Human
Heart Atlas [60-63]. Analyzing all protein-coding gene pairs less than 2 megabases apart on the
same chromosome (418,425 pairs), we found that CTS shows significantly higher dispersion in its
scores than co-expression (variances of 0.010 vs. 0.002 after Fisher’s transformation, p < 10713,
one-sided F test Fig. 3A, 3B). This higher information content suggests CTS can overcome the
technical limitations in estimating co-expression from sparse single-cell data.

We hypothesized that CTS should capture gene function more comprehensively than simple
co-expression, by virtue of capturing the gene’s transcriptional context. At the same time, the
two measures should broadly agree. The input data to train scGPT is single-cell RNA-seq and,
if two genes have similar gene expression profiles, their embeddings should therefore be similar.
We visualized co-expression and CTS for gene pairs on a scatterplot (Fig. 3D). As expected, CTS
and co-expression show broad agreement across gene pairs (Pearson correlation 0.185, Spearman
correlation 0.17, both p < 10719). To validate that CTS better captures functional relationships,
we compared it with two independent approaches to representing gene function. Gene2vec [64]]
generates embeddings from 984 gene expression datasets on GEO, supplemented with pathway
annotations (MSigDB [65]]). In contrast, HiG2vec embeddings derive purely from Gene Ontology
hierarchies embedded in hyperbolic space [66]], capturing functional relationships independent of
expression patterns. CTS shows stronger correlation than co-expression with both methods, but
notably its advantage is greater with HiG2vec (correlation with CTS = 0.26 vs. co-expression =
0.06) than Gene2vec (CTS = 0.262 vs. co-expression = 0.220) (Fig. 3C). Its stronger agreement

with the purely functional representation, HiG2vec, suggests CTS captures fundamental aspects of
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gene function beyond simple expression correlation.

The power of CTS in identifying functional relationships is particularly clear in certain gene
families. In olfactory receptors and protocadherins, we find substantially higher CTS than co-
expression (olfactory receptors: 0.099 vs -0.002; protocadherins: 0.196 vs 0.001 after median
centering, Fig. 3E-G, Methods). Beyond the difference in their magnitudes in these families, CTS
and raw co-expression are also less in agreement about relative ordering of gene—gene similarity,
with low Spearman rank correlation between the two measures on within-family gene pairs: -0.176
for olfactory receptors and 0.022 for protocadherins. We expect such family-specific comparisons of
CTS and co-expression may reveal deeper insights into the “substitutability” of family members with
each other. For instance, histone genes, which are coordinately regulated during DNA replication [67],
also show substantially higher CTS values (0.251 vs 0.021) even as the within-family correlation
between CTS and co-expression, at 0.114, is higher than in protocadherins and olfactory receptors.
In all these families, the CTS—co-expression differences are highly significant (p < 1071°) (Fig. 3H).
In contrast, keratin genes show strong concordance between CTS and co-expression (Fig. S1).

These findings raise intriguing questions about TAD function. The gene families we analyzed
above localize to a limited set of TADs (Methods), and high CTS scores we observe among them
suggest these TADs might create environments where genes maintain similar roles relative to other
genes even when not co-expressed. To investigate this possibility systematically, we next examined
whether genes sharing a TAD show higher contextual similarity than those that do not, and how this
pattern relates to genomic proximity. This analysis sheds light into how TADs contribute to the

organization of gene regulation.

TADs serve as loci of enriched transcriptional context. To understand how TADs influence gene

regulation—through simple physical proximity or through broader mechanisms—we systematically
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analyzed transcriptional relationships between gene pairs. We identified all protein-coding gene
pairs within 2 megabases on the same chromosome and classified them as either sharing a TAD
(TAD pairs) or not (non-TAD pairs). Comparing both CTS and co-expression between these groups
(Fig. 4A), we found that both measures were significantly higher for TAD pairs than non-TAD pairs
(p < 1071 for each, one-sided t-test). However, the effect was markedly stronger for CTS (Cohen’s d
= 0.28 vs 0.12). This suggests that CTS better captures TAD-mediated relationships than traditional
co-expression metrics.

Since genes within TADs tend to be closer together, and adjacent genes often share functional
relationships [68, 69]], we next addressed the potential confounding effect of genomic proximity.
We stratified our analysis by distance, grouping gene pairs into intervals: less than 20 kb, 20-50
kb, 50-200 kb, 200-500 kb, and 500—1000 kb. TAD pairs showed consistently higher CTS across
all intervals (p values of 6.04 x 1078, 4.60 x 1071°, < 1071, < 1071, and < 10715 respectively)
(Fig. 4B), with the relative magnitude of this difference preserved even as CTS decreased with
distance. This finding contrasts with Long et al. [70], who reported no TAD-specific effects beyond
proximity using co-expression analysis. Indeed, when we repeated our distance-stratified analysis
using co-expression (Fig. S2), the TAD-specific signal was substantially weaker, suggesting their
conclusion reflected the limitations of co-expression measures.

The remarkably consistent difference between TAD and non-TAD pairs across distances pointed
to an underlying mechanistic principle (Fig. 4D,E). We posit three possible mechanisms: (1) TADs
might create isolated compartments that override genomic proximity effects, but this would predict
distance-independent CTS within TADs; (2) TADs could act through chromatin compaction alone,
uniformly reducing effective distances between genes; or (3) TADs might multiplicatively enhance
gene-gene regulatory relationships while preserving distance dependencies. While we cannot rule out

the 2nd mechanism entirely, the observed pattern strongly supports the third mechanism—non-TAD
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pairs consistently showed 83% of the CTS observed in TAD pairs across all distance intervals,
revealing that TAD membership enhances CTS by a multiplicative factor of 20.5% (Fig. 4C). We
determined this scaling factor by minimizing the area between CTS curves for TAD and appropriately
scaled non-TAD pairs (Methods).

The consistent multiplicative scaling suggests an underlying physical process that enhances
transcriptional context within TADs. We identify transcriptional condensates (TCs), formed by
liquid-liquid phase separation (LLPS), as a compelling candidate mechanism. These dynamic,
membrane-less compartments concentrate transcriptional machinery and regulatory factors [39, 71]],
creating environments where genes can more effectively share transcriptional context. LLPS is
particularly well-suited to explain our observations because phase-separated compartments naturally
create multiplicative effects on local concentrations [72, [73|]|—precisely the pattern we observed
in our distance analysis. We note that individual TCs might be too small to span entire TADs and
posit that either larger-scale “TAD condensates” or the collective action of multiple smaller TCs
contribute to the observed effects. The spatial proximity of chromatin within TADs may promote
local enrichment of TCs. We hypothesize that TADs work synergistically with TCs, systematically
enhancing their formation or stability (Fig. 4E). To test this hypothesis and better understand

TAD-condensate interactions, we performed three complementary analyses.

Systematic regulation in TAD regions differs mechanistically from that of non-TAD regions.
Phase-separated condensates create distinct biochemical environments in the nucleus. We hy-
pothesized that the presence and activity of these condensates might be systematically higher in
TADs, creating privileged spaces for transcriptional regulation. To systematically evaluate this
hypothesis, we analyzed Replogle et al.’s genome-wide Perturb-seq dataset [74] where 9,866

genes were knocked-down using CRISPRi and single-cell RNA-seq measurements were made.
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For each perturbation target g, we tested if the magnitude of transcriptional response in TAD and
non-TAD regions shows any systematic differences. We applied DESeq?2 [75, [76] to the set of
single-cell transcriptomes where g was knocked down, comparing them to the baseline non-targeted
transcriptomes. To mitigate batch effects, we adjusted for the GEM (gel bead-in-emulsion) group
covariate. After estimating S (= log2 fold-change, 1og2FC) for each protein-coding gene in the
transcriptome, we computed the variance of these log2FCs within TAD and non-TAD regions
separately. These variances serve as transcriptional disruption metrics, quantifying how strongly
perturbation of g affects genes in each region (Fig. 4F, Methods).

As positive controls, we first examined the perturbations causing the most widespread transcrip-
tional disruption, regardless of gene residence. As expected, these perturbations, summarized in
(Fig. S3A), are enriched for transcriptional processes such as RNA Polymerase II elongation and
initiation (GO:0034243, Adjusted p = 2.39 x 1075; GO:0060261, Adjusted p = 6.09 x 107%) [77].
Of particular note were perturbations of Core Mediator Complex genes (GO:0070847), including
MED12, MED30, MED21, and MED9, which are central to transcriptional regulation [78, [79].
These genes appeared in the 99th percentile of all perturbations when ranked by their effect on
overall log2FC variation, confirming their substantial impact on transcription in perturbed cells.

Having validated our framework on general transcriptional regulators, we next examined its
sensitivity to perturbations of known TAD-organizing factors. We looked for excess impact in
TAD versus non-TAD regions by comparing their disruption metrics. For the cohesin complex,
which mediates loop extrusion [80-82], perturbations of subunits SMC1 and RAD21 showed strong
differences between TAD and non-TAD disruptions of 0.0327 (99th percentile) and 0.0132 (97th
percentile), respectively (Methods). SMC3 perturbation, with a difference of -0.0085, exhibited
stronger disruption in non-TAD regions than TAD regions, although its disruption metrics were

in the 99th percentile for both regions, indicating strong genome-wide effects. Perturbation of
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CTCEF, which establishes TAD boundaries and acts as an insulator [45] |83]], yielded an excess TAD
impact in the 75th percentile. These results demonstrate our framework’s ability to detect both
TAD-specific and global effects of chromatin organizers. We next sought to systematically identify
additional factors that may regulate transcription differently in TAD regions.

Among other perturbations preferentially affecting TAD regions, we found enrichment for
factors (Fig. 4G) involved in histone acetylation (GO:0016573, Adjusted p = 4.074 x 10~%), such
as TAF12, ACTL6A, EP400, and DMAPI1 (full list in (Fig. S3B). Samata et al. discovered that
the loss of acetylation on histone H4 leads to an increase in long-range contacts beyond individual
TADs [[84]]. Additionally, Palacio et al. demonstrated that TAFs (TATA-binding protein Associated
Factors), which contribute to the transcription pre-initiation complex, play a major role in the
transcriptional phase condensate model that facilitates localized gene transcription [[85]]. A second
major category emerged from our analysis. The Integrator complex genes (INTS2, INTSS, INTS7,
and INTSS) [[86] showed strong enrichment in TAD-specific perturbations, with roles in snRNA
Processing (GO:0016180, Adjusted p = 1.713 x 10™°) and ncRNA Processing (GO:0034470,
Adjusted p = 1.614 x 1073).

Complementing these TAD-specific effects, we identified a distinct set of perturbations leading
to disproportionate disruption in non-TAD regions (Fig. S3C). These were enriched for ribosomal
processes, including Ribosome Biogenesis (GO:0042254, Adjusted p = 1.254 x 10~1%) and rRNA
Processing (GO:0006364, Adjusted p = 3.536 x 10~%), with multiple targets in the Ribosomal Protein
Small (RPS) and Large (RPL) subunits (Fig. S3D). We note that the set of non-TAD genes is both
smaller than TAD genes and heavily enriched for ribosomal genes; perturbation of ribosomal factors
likely affects other ribosomal genes disproportionately, and affecting our enrichment estimates.
Resolving this may require additional perturbation studies that cover the remaining human genes.

Given our current findings, however, an intriguing possibility is the interplay between nucleoli
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and TADs. Nucleoli, which are transcriptionally active membrane-less condensates serving as
sites for rRNA processes [87], are typically surrounded by heterochromatin and regions of low
gene density [[88]. A direction of future research could be to investigate the extent of overlap
between TADs and nucleoli-associated chromatin. For instance, nucleoli and TADs might play
complementary roles in genome organization— with nucleoli preferentially organizing non-TAD
genes, particularly those involved in ribosomal biogenesis, while TADs structure other transcriptional
programs.

Gene orientation analysis supports our hypothesis: The role of gene order and adjacency in shaping
regulatory evolution has been well-documented [89, 90]. If TADs indeed enhance transcriptional
regulation through condensate-like mechanisms, we reasoned this should be reflected in how the
spatial orientation of adjacent genes relates to their co-transcription. We examined two predictions.
First, we hypothesized that if LLPS promotes co-regulation, the transcriptional machinery should
more readily be able to access adjacent genes with aligned orientations. Within TADs, same-
orientation pairs exhibited significantly higher contextual similarity than oppositely oriented ones
(0.137 vs. 0.121, p = 4.5 X 10~1%). Outside TADs, orientation had no significant effect (0.109
vs. 0.106, p = 0.508) (Fig. 4H, Methods). RNA-seq analysis yielded similar results, with higher
similarity for same-orientation pairs within TADs (Pearson correlation of 0.19 vs. 0.15, p < 10713,
one-sided t-test) but no significant difference outside.

In our second analysis, we examined the frequency of transcriptional read-through between
adjacent genes. We analyzed intergenic transcripts curated by Agostini et al. [91] from 38 publicly
available datasets, covering over 2.5 billion uniquely mapped reads, and used their annotations
to obtain 11,417 intergenic transcripts predicted to have been erroneously transcribed (Methods).
Within TADs, pairs of similarly-oriented genes showed significantly more intergenic transcripts

than pairs with opposing orientations (frequency per pair of 11.9% vs 7.6%, p < 1071, one-sided
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binomial test) (Fig. 4I). In contrast, gene orientation did not significantly affect intergenic transcript
frequency between non-TAD gene pairs, though these pairs showed higher overall frequencies,
suggesting elevated transcriptional noise in non-TAD regions. Taken together, these analyses
provide computational evidence for condensate-like regulation within TADs and highlight specific

predictions that can be tested experimentally.

The TAD Map and CTS framework enables new aging and cancer-related investigations.
The TAD Map framework enables systematic investigation of chromatin’s role in cellular state
transitions without requiring additional Hi-C experiments for each cell type. By integrating
CTS and co-expression data with our species-wide TAD Map, we can generate and statistically
evaluate hypotheses about chromatin organization’s role in development, aging, and disease [92, 93].
Prioritized hypotheses can then be experimentally tested.
Cell differentiation: A central question in developmental biology is how cells are able to precisely
modulate their gene expression programs, balancing transcriptional stability with plasticity. Recent
work by Pollex et al. [94] revealed that this balance involves systematic shifts in enhancer—promoter
(E-P) interactions: early embryonic stages use permissive, proximal E-P contacts that enable rapid
developmental changes, while later stages establish more constrained, often distal topologies that
reinforce tissue-specific expression patterns. Since TADs create the genomic neighborhoods where
such E-P interactions occur [12], we hypothesized that these developmental shifts in E-P topology
would manifest as systematic changes in TAD-level transcriptional organization.

We started by analyzing diverse differentiation trajectories, revealing a clear relationship between
developmental stage and TAD-mediated gene organization. Using developmental scRNA-seq
transcriptomes curated by Gulati et al. [95]], we found that cells in earlier differentiation stages

showed significantly stronger expression clustering within TADs (21 of 24 trajectories, Fig. SA,
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p =0.00019, one-sided t-test). To accommodate the small sizes of some datasets, we designed a
bootstrap-based “TAD usage” score to quantify this effect (Fig. S4A-B, Methods). The clustering
pattern held across different methods of demarcating early versus late differentiation and multiple
tissue types (Fig. S4C), suggesting that TAD-mediated organization plays a particularly important
role in maintaining developmental plasticity.

Aging: This developmentally-linked pattern prompted us to examine whether TAD-level organization
changes systematically over longer timescales. The immune system presents an ideal model system
for this investigation, as age-related decline affects cell distribution and function across multiple
lineages, particularly among myeloid cells, innate lymphocytes, and T cells [96]]. While aging-related
epigenetic changes, including histone modifications, DNA methylation, and chromatin remodeling,
have been extensively documented [97, 98], we wondered if these changes reflect solely on the shifts
in cell type proportions during aging, or do they also indicate intrinsic within-cell-type changes in
chromatin regulation.

To generate testable predictions about age-related changes in chromatin organization, we analyzed
scRNA-seq datasets from human immune cells spanning prenatal to late adult stages [99, [100].
We divided the data into four age groups: DS1 (2846 days post-fertilization), DS2 (16—17 weeks
post-fertilization), DSmature (ages 22-61 years), and DSold (ages > 61 years) (Fig. 5B). After
downsampling each dataset to 50,000 cells using Geosketch [101], we examined whether CTS
between gene pairs shifts systematically with age.

As cells age, we observed a decline in the proximal transcriptional programs and machinery
coordinating gene pairs, as measured by a CTS area-under-curve metric. Pre-trained foundation
models can be fine-tuned on new datasets, allowing them to capture the “tilt” of these data. For
each curated dataset (DS1, DS2, DSmature, DSold), we fine-tuned the whole-human scGPT model

using the masked language objective with default hyperparameters. We extracted the updated gene
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embeddings, calculated CTS for gene pairs on the same chromosome, and stratified them according
to the previously-defined distance intervals. For TAD or non-TAD gene pairs, the average CTS was
calculated at each interval (Fig. SC-D). Each fine-tuned dataset produced its own CTS curve, and we
quantified overall CTS by calculating the area under the curve (AUC) for each dataset (Methods).

Quantifying these changes revealed a systematic decline in transcriptional co-regulation with age.
CTS analysis showed highest values in DS1, followed by DS2, DSmature, and DSold—a pattern
consistent for both TAD and non-TAD gene pairs (Fig. SE). The decline was substantial. In TAD
pairs, DS1’s CTS (measured by AUC) exceeded DSold by 11.75%, DSmature by 7.66%, and DS2
by 0.90%. Non-TAD pairs showed similar declines (DS1 exceeding DSold by 12.71%, DSmature
by 8.80%, and DS2 by 0.51%). Notably, TAD gene pairs maintained higher CTS than non-TAD
pairs across all ages, suggesting that the TAD-mediated organization of transcription persists even
as it weakens with age. These patterns suggest that aging may systematically modulate the spatial
constraints on transcriptional machinery. We wondered if these overall population-level changes
were only driven by shifts in cell type proportions (e.g., reduced progenitor prevalence) or if they
also reflected changes within individual cell types.

To distinguish between population-level and cell-intrinsic changes, we leveraged scGPT’s ability
to analyze specific cell types. By fine-tuning the model separately on subsets of RNA-seq data, we
examined CTS changes in T cells (general and naive thymus-derived CD4-positive, alpha-beta T cell),
macrophages, monocytes, and erythrocytes across early and mature stages (Methods). We found
that CTS decreased with age within each cell type (Fig. SF), with general T cells and macrophages
showing the most pronounced decline (Fig. 5G). This suggests that overall population-level decline
in CTS is due to a combination of factors: shifts in cell type proportions (fewer progenitor cells
in mature populations), and intrinsic within-cell-type changes. While the former adds to with

existing observations of plasticity changes during cell differentiation, the latter newly suggests that
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such changes occur even within terminally-differentiated cell types. Thus, our cell-type specific
analysis generates testable predictions about aging’s impact on chromatin organization within
well-differentiated cell types. Moreover, our observation that general T cells and macrophages
display the greatest aging-related changes suggests that the degree of such plasticity changes may
vary across cell types and nominates specific cell populations to prioritize for targeted chromatin
studies.

Cancer: Our earlier findings that TAD usage marks developmental plasticity suggest examining cell
states where plasticity is dysregulated. Cancer presents such a case, where cells often dedifferentiate
or fail to differentiate properly, reverting to stem-like states that enable unrestricted proliferation
and evasion of terminal differentiation signals. If TAD-mediated transcriptional clustering indeed
reflects developmental plasticity, cancer cells should display heightened TAD usage characteristic
of progenitor states. Supporting this prediction, analysis of bulk RNA-seq data from The Cancer
Genome Atlas (TCGA) across blood, brain, lung, and renal cancers revealed that tumor cells exhibit
greater clustering of transcriptionally active genes within TADs compared to normal tissues [[102]
(Fig. SH). This difference in TAD usage patterns was robust to adjustments for the higher number of
expressed genes in tumor cells (Methods).

We wondered how cancer treatment might modulate cell plasticity as cancer progresses. To
examine this, we leveraged CTS analysis of a recent colorectal cancer dataset tracking plasticity
during metastasis [[103]]. After fine-tuning scGPT on this data, we found that in untreated samples,
cancer cells (both primary tumor and metatstatic) show higher CTS than normal cells. These findings
are consistent with the TCGA analysis. However, following 5-fluorouracil-based chemotherapy, a
notable divergence emerged (Fig. SI). Treated tumor cells (both primary and metastatic) displayed
elevated CTS exceeding untreated tumor cells, while treated normal cells showed markedly reduced

CTS. This divergent response suggests fundamental differences in how normal and cancer cells
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adapt their transcriptional programs to treatment stress.

These CTS patterns align with well-established biological responses to chemotherapy, which
indiscriminately targets rapidly dividing cells. In normal tissues, the slightly lower CTS after
treatment is consistent with a reduction in the proportion of progenitor cells. On the other hand,
in tumors, chemotherapy can select for cancer stem cells (CSCs) that possess inherent resistance
mechanisms, including enhanced DNA repair capabilities, drug eflux pumps, and anti-apoptotic
pathways [104} [105]. The elevated CTS in treated cancer populations likely reflects this enrichment
of stem-like cells, which maintain plastic transcriptional programs even under treatment pressure.
While these correlations between CTS patterns and cellular plasticity are supported by known
biology, establishing causal relationships between TAD-mediated transcriptional organization and
treatment response will require further investigation. Our findings may also address a major gap in

clinical diagnostics, by leading to a new quantitative estimator of post-treatment CSC enrichment.

TAD signatures highlight heterogeneity of scRNA-seq data. While the unprecedented detail
and volume of scRNA-seq data has had a transformative impact on biological research, challenges
of data sparsity, uneven gene coverage (‘‘dropouts”), and platform effects in such data remain a
challenge [106]. To complement existing dimensionality reduction techniques, we introduce TAD
signatures: a precise method leveraging the TAD Map’s gene groupings to mitigate technical noise
while preserving the biological signal in scRNA-seq data. Specifically, we define a cell’s TAD
signature as the set of its TAD activation probabilities. A feature vector of length n (= number of
TADs in the scaffold that contain at least one gene), with the i-th feature quantifying the expression
activity of TAD i on a scale from O (inactive) to 1 (fully active) (Methods). Unlike traditional
approaches, TAD signatures provide an epigenetically-informed dimensionality reduction that can

be inferred for any human or mouse scRNA-seq dataset without requiring Hi-C data. By integrating
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prior knowledge of chromatin’s overall structure (Fig. 1B), this approach offers a supplementary
lens for accentuating biological signal in complex transcriptomic data.

Understanding cellular heterogeneity within cancer tissues remains a critical challenge in
designing effective treatments 107, 108]]. With existing methods limited in their accuracy of linking
transcriptional variability with phenotypic outcomes [[109], we hypothesized that TAD signatures
could provide a more nuanced view of cellular diversity. Across 193 cancer cell lines, we discovered
that a line’s drug response profile (4,686 drugs from the PRISM drug screen [[110]) correlates with
TAD signature-based measures of cellular heterogeneity [111]].

TAD signatures effectively expose the transcriptional variability that drives drug response. While
the first moment (mean) of gene expression captures the overall cell-type profile, it fails to reflect the
within-cell-type heterogeneity that exists within seemingly uniform populations. Higher moments are
needed for that. With transcript counts typically following a Poisson or negative binomial distribution,
the first and second moments contain similar information. Thus, skew, represented by the third
moment, becomes crucial. By applying principal component regression to TAD signature-derived
population statistics, we sought to capture the nuanced variability within cell types. Analyzing
the top 50 principal components—which capture 43.7% of drug response variability—we found
that higher-order moments of TAD signatures were substantially more predictive than conventional
approaches. Notably, TAD signature-based skew measurements demonstrated significantly higher
R-squared values (p = 0.0014, one-sided Wilcoxon rank-sum test), suggesting these signatures can
highlight phenotypically meaningful cellular heterogeneity that gene-level analyses cannot reach
(Fig. SSA, Methods) and thus be be a powerful supplement to the latter.

Cell type inference remains a critical yet challenging task in single-cell genomics, often requiring
extensive manual curation that limits scalability [106, 112]]. To complement existing automated

clustering methods, we introduced TAD signatures as a supplementary approach to potentially
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improve inference accuracy. Applying the Leiden clustering algorithm to three large scRNA-seq
datasets from the CELLxGENE portal [59]—covering breast [|113]], lung [114]], and T cells [[115]—
we systematically compared clustering methods (Methods). Notably, TAD signatures not only
matched but outperformed traditional approaches, with combined RNA-seq and TAD signature
representations robustly improving clustering accuracy across all tested datasets (Fig. S5B).
Drilling deeper, we discovered TAD signatures’ particular strength in distinguishing cell subtypes
with subtle transcriptional differences. In breast tissue data, our approach showed a notable ability
to differentiate between progenitor and mature luminal cells—a distinction that had previously
challenged automated techniques [113]]. This capability stems from TAD signatures’ sensitivity to
transcriptional variations across cell differentiation stages, suggesting a powerful new approach to

capturing cellular heterogeneity that goes beyond traditional marker-based methods (Fig. S5C).

Discussion

Through two fundamental advances, this work reframes our understanding of how chromatin structure
controls gene expression. First, we move beyond viewing TADs as either essential or irrelevant,
instead characterizing them as creating statistical biases in transcriptional relationships. Second,
we introduce contextual transcriptional similarity (CTS), leveraging single-cell foundation models
to capture gene relationships that traditional co-expression analyses miss. The TAD Map—our
low-resolution but robust representation of chromatin structure—enables systematic analysis across
diverse cell types without requiring additional Hi-C experiments. This approach reveals that
TADs enhance contextual similarity between genes by approximately 20%, with the enhancement
persisting multiplicatively across genomic distances. The consistency of this pattern suggests an

underlying physical mechanism, and we hypothesize TADs and transcriptional condensates synergize
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to regulate transcription. By bridging foundation models and chromatin biology, our framework
reveals fundamental principles governing transcriptional regulation across the genome.

Contextual transcriptional similarity (CTS) transforms our ability to detect gene relationships
that evade traditional analyses. For instance, while genes in certain families (e.g., protocadherins and
olfactory receptors) show minimal co-expression, they exhibit high contextual similarity, reflecting
their shared roles in cellular identity. The ability of CTS to detect additional modes of transcriptional
co-regulation helps resolve apparent contradictions in the literature. While Long et al. [70] were
limited to simple co-expression analysis in two cell types and could not disentangle TAD-specific
effects from genomic proximity effects, CTS reveals systematic TAD-mediated enhancement patterns
that hold across distance scales and cell types.

Single-cell foundation models (scFMs) offer a conceptual breakthrough for detecting gene
relationships, as demonstrated by scGPT’s role in CTS. While scFMs have faced some skepticism
over their advantages on traditional single-cell tasks [58, |116]], our results suggest they excel at
capturing broad-but-subtle biological patterns—particularly when combined with prior knowledge
of genomic organization. As with protein language models, the biggest advantage of scFMs over
traditional approaches may be in offering general-purpose representations that power downstream
analyses. This advantage is particularly evident in “few-shot” settings like our analysis of age-specific
patterns in cell types. While each sub-dataset was too small for robust correlation estimation,
scGPT could still be fine-tuned on them individually, revealing clear distinctions in the learned
representations. However, leveraging scFM representations requires care and further research, as
they may not directly map to traditional biological concepts. Specifically, in the original study, Cui
et al. interpreted gene representation similarity as implying a traditional gene regulatory network,
but we find that CTS instead provides a broader statistical view of a gene’s role relative to all other

genes.
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Our findings suggest that TADs create privileged zones of gene regulation, reshaping our
understanding of genome organization. Rather than serving as strict compartments, TADs may work
by enhancing co-transcriptional potential. This view may address apparent contradictions in the field
where some studies report strong TAD effects on gene regulation and others find them dispensable.
Our analysis suggests TADs systematically bias—but do not absolutely constrain—co-transcriptional
relationships. Notably, this enhancement persists even as the baseline level of contextual similarity
declines with distance, suggesting TADs don’t simply redefine effective distances between genes
but instead create environments that multiplicatively enhance existing regulatory relationships.
This statistical framework resolves long-standing paradoxes about TAD function, explaining both
cross-boundary interactions and the subtle effects of boundary disruption.

A physical model emerges from our analysis: TADs and transcriptional condensates work
together to amplify gene regulation. Both contextual similarity and eQTL effects show a baseline
decline with genomic distance. The consistent enhancement of CTS in TADs suggests an underlying
physical process operating with higher efficiency within TAD regions, though future work will be
needed to determine if eQTL effects follow similar scaling. While multiple mechanisms might
explain this pattern, transcriptional condensates represent one compelling possibility. Supporting
this hypothesis, our analysis reveals that both CTS and erroneous transcriptional read-through are
specifically enhanced for same-orientation gene pairs within TADs, consistent with shared access
to phase-separated transcriptional machinery. The observations can be explained by a unified
model that suggests that rather than functioning as independent organizational features, TADs and
condensates work together to create specialized transcriptional environments. This unified model
bridges previously disparate observations about nuclear organization while generating specific,
testable predictions about how TADs and condensates jointly control transcription.

The TAD Map framework uncovers fundamental principles of cellular plasticity across de-
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velopment and aging. We find cells in early differentiation stages show stronger TAD-mediated
organization, consistent with recent observations about enhancer-promoter interactions in develop-
ment. Our aging analysis extends this pattern. TAD-mediated organization systematically declines
with age, and notably, this decline persists within specific cell types like macrophages. This suggests
age-related chromatin reorganization involves not just shifts in cell populations but also intrinsic
changes within individual cell types.

Cancer cells provide further validation of these patterns while revealing new complexities.
While tumor samples show elevated TAD usage compared to normal tissue—consistent with our
aging-related observations about chromatin plasticity—their response to treatment is distinct. Our
analysis of colorectal cancer progression shows that chemotherapy induces divergent responses:
treated tumor cells display increased TAD-level coordination while treated normal cells show
reduced levels. This bifurcation suggests fundamental differences in how normal and cancer cells
adapt their transcriptional programs under stress, potentially reflecting selection for cancer stem
cells during treatment and suggesting diagnostic directions. While these correlations between TAD
usage and cellular plasticity are supported by known biology, establishing causal relationships will
require directed experimental investigation. Our work follows in the line of previous integrative
analyses linking chromatin organization with transcriptional signatures in cancer [[117, 118].

Our approach has some limitations. While the TAD Map enables species-wide analysis without
requiring cell type-specific Hi-C data, this convenience comes at the cost of resolution—we
cannot capture fine-grained structural variations between cell types or detect subtle boundary
shifts. Fortunately, several excellent methods have been developed that apply machine learning
and statistical methods to infer cell-specific or sequence-specific 3D genome structure, at both
bulk and single cell levels [98, [119-125]. The growing availability of advanced sequencing

technologies, including multimodal methods, further enhances our ability to infer how TADs
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influence gene regulation [126-131]. Future work could integrate the TAD Map with diverse
datasets and computational approaches to investigate the mechanisms underlying cell type-specific
deviations from the TAD Map. Other epigenetic modalities, such as histone modifications, have
also been reported to dynamically interact with chromatin topology [132,|133]]. Furthermore, the
current framework focuses primarily on protein-coding genes, leaving open questions about the
regulation of non protein-coding genes. In constructing our TAD scaffold, we associate genes
that cross TAD boundaries with both TADs. We believe this is a conservative approach that
balances statistical robustness with biological accuracy, though the specific regulatory dynamics of
boundary-spanning genes merit further study. Future work could also investigate TAD sub-structure
and heterogeneity—sub-TADs, large versus small domains, gene-dense versus gene-sparse regions,
and structural variations may influence regulatory patterns differently. The heterogeneity of TADs
likely also affects the number and size of condensates that form and function within and around
them. Additionally, while our findings suggest general principles about TAD-mediated regulation,
exceptions likely exist for specific genomic contexts or cell states. Targeted functional studies will
be crucial for understanding these nuances.

Our work represents a paradigm shift in studying the link between chromatin structure and
transcriptional regulation, moving beyond binary inferences drawn from isolated cell types to a
probabilistic framework inferred from millions of cells. This shift enables systematic investigation
of cellular transitions without requiring DNA structural data for each state. By bridging genome
organization and functional genomics, our approach opens new avenues for studying development,
aging, and disease. The TAD Map framework, combined with foundation model representations,
demonstrates how integrating prior knowledge of genome organization with modern representation
learning can uncover fundamental principles of cellular regulation. Lastly, our work advocates for

reimagining transcriptional regulation as a convolution of probabilistic mechanisms—chromatin
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3D structure, chromatin accessibility, transcriptional condensates etc.—that form the background

against which discrete actors like transcription factors perform.

Methods

Cell type-specific TAD definitions. We sourced cell type-specific TAD architectures from Liu et
al.’s TADKB database [44], selecting TAD definitions inferred with the Directionality Index (DI)
technique at 50 kb resolution. We chose TADKB because it ensured a consistent “Hi-C to TAD”
mapping across experimental data from multiple studies. We retrieved data for all the human and
mouse cell lines available in the database: seven for human (GM12878, HMEC, NHEK, IMR90,
KBM7, K562, and HUVEC) and four for mouse (CH12-LX, ES, NPC, and CN). These TAD
definitions were computed by Liu et al. using source Hi-C data from Rao et al. [2] (Gene Expression

Omnibus, GEO, accession GSE63525) and Boneyv et al. [134]] (GEO accession GSE96107).

Reference genome versions. All genomic coordinates and gene names correspond to Ensembl
v102, with the human and mouse reference genomes being hg38 and mm10, respectively. With the
liftOver program [135]], TAD definitions for human cell types were mapped to the hg38 reference
genome from hgl9, the reference genome used in TADKB. TAD definitions for mouse cell types

already corresponded to the mm10 reference genome.

Maximum likelihood estimation of the consensus TAD scaffold. We infer TADs independently
for each chromosome: our algorithm takes as input a list of cell type-specific TAD architectures for
the chromosome and outputs the consensus TAD definition. Both the input and output definitions
specify TADs as a set of non-overlapping genomic intervals along the chromosomes. Our algorithm

currently operates at a 50 kb resolution with both the input and output defined at that granularity.
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We divide the entire chromosome into segments of size R (currently, R = 50 kb) and for every
possible pairwise combination of segments, compute the likelihood that the two segments share
a TAD. More formally, given segments at loci i and j, we define X;; as the number of input cell
type-specific TAD architectures in which i and j share a TAD. Our goal is to infer C;;, where
Cij € {0, 1} indicates if i and j share a consensus TAD. Additionally, C;; need to obey integrity
constraints that correspond to a valid TAD architecture; we describe these later. To accommodate
the differing amounts of input data available for human and mouse in a unified framework, we
discretized X;; into three levels: X;; > T, T > X;; > 0, and X;; = 0. With data for 7 human cell
types and 4 mouse cell types, we chose T as 4 (for human) and 2 (for mouse), so that the three levels
of X;; express the intuition that it receives support from the majority, at least one, or none of the

input cell types, respectively. We then parameterize our likelihood model P(X;;|C;;) as follows:

P(X;ICij) || Cij=0| Cyj=1
Xij=>T 0 1-¢—-¢€

T>X;>0 0 ¢
X;j =0 1-9 ¢

where 0 < 6, @, €, (1 — ¢ — €) < 1. Our parameterization implies that a segment pairs i, j which
share a TAD in a majority of the input cell types (X;; > T') must be present in a consensus TAD. On
the other hand, we provide for the possibility (e > 0) that a segment pair i, j with no support from
any of the input architectures might still share a consensus TAD— this allows us to stitch together
overlapping TAD ranges across cell type-specific inputs if strong overall support exists for a broad
TAD at that locus.

Under our model, the likelihood of the observations X = {X;;} given the consensus TAD scaffold

C= {C,'j} is
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P(X|C) « l_[ P(X;;1Cij)

i,J
- l—[ 0(1_Cij)(1 —¢—e)Cu 1—[ 0(1_Cij)¢cij n (1- 9)(1—Cij)€Cij
XijZT T>X[j>0 X[j=0
The first sub-product imposes the binding constraint that C;; = 1 for all segment pairs
{i,j | Xij = T}. Given that, we can focus on the remaining two sub-products to maximize the

log-likelihood:

1(6,¢,¢€) = Z (log 8 + C;; log (4/6)) + Z (log(1 - 6) + C;; log (e/(1 - 6)))
T>X;;>0 X;j=0

= h(Q,X)+ Z W1C,'j+ Z WQCl‘j

T>Xij >0 X,’j =0

where h(6, X) is not a function of C;;, and the terms w1 and wy represent more convenient

combinations of the parameters 6, ¢, and e. Maximizing the log-likelihood thus requires solving

arg max T>;j>0 w1Cjj + XUZZO woCj;

We note that integrity constraints on C;; link the terms: C needs to be transitive, i.e., if segments
pairs (i, j) and (J, k) share a TAD then so must (i, k). Also, a TAD must be contiguous: if C;; =1
then C;, = C,; = 1 for all segments v between i and j. Intuitively, this formulation describes
a trade-off between biasing towards long TADs, which cover more true positive C;;s (guided by
T > X;; > 0 cases) but also have more false positives (driven by X;; = 0 cases), and short TADs

where the false positives will be fewer but the risk of false negatives increases.
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To maximize / and compute C, we formulated a dynamic programming algorithm that splits
the chromosome into recursively smaller ranges and finds the globally optimal combination of C;;
assignments. We chose wi = 0.5, wg = —1 for human and wy = 0.05, wo = —3 for mouse; these
choices produced consensus TAD scaffolds where the number of TADs and the distribution of their

lengths was in line with the corresponding statistics for cell type-specific TAD architectures.

TAD boundaries As an alternative quantification, we compare these estimates to a null hypothesis
where TAD boundaries are independently dispersed between gene boundaries in each cell type while
preserving the number of TADs. As (Fig. 2C) shows, for a gene pair that co-occupies a TAD in
one of the architectures, the expected number of other cell-type architectures that agree with this
grouping under the null hypothesis is just 0.85 (human) and 0.29 (mouse), implying that the extent
of agreement actually observed is highly significant (one-sided binomial test, p = 7.3 x 1077° for

human, 1.7 x 10~* for mouse).

Agreement with CTCF ChIP-seq. We sourced CTCF ChIP-seq data from the ENCODE
database [48]], consisting of 281 human and 28 mouse studies (comprising 665 and 109 replicates,
respectively). These studies covered many cell types where concordance of TADs and CTCF
binding sites was previously uncharacterized because Hi-C data for the cell type was unavailable.
We filtered to only keep peaks with Irreproducible Discovery Rate (IDR) less than 0.05 and mapped
these peaks to our estimated TAD scaffold. We then grouped the peaks by their location relative to
TADs, partitioning the entire genome into the following disjoint categories: TAD Boundary (50
kb segments on each side of the TAD), Inside Boundary (two 50 kb segments inside the TAD,
just interior to the TAD boundaries), Outside Boundary (two 50 kb regions outside the TAD, just
exterior to the TAD boundaries), TAD Interior (the part of the TAD that’s not in the Inside Boundary

segments), and TAD Exterior (all other parts of the genome). With the CTCF peak widths being
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much smaller (median width = 273 bp) than the granularity of our TAD scaffold (50 kb resolution),
we assumed that a peak would not span two segments and assigned each peak to its genomic segment
based only on the peak’s midpoint locus. Finally, we counted the number of peaks in each segment
category, normalizing that count by the aggregate length of genomic segments in that category.
Using the ChIP-seq data, we also assess the precision of our inferred TAD boundaries. We
evaluate binding prevalence in 50 kb regions on either side of our predicted TAD boundary (we
recall that our TAD scaffold is inferred at a 50 kb resolution). Supporting our inference, we find
that the regions adjoining the boundary have substantially lower CTCF binding rates than at the
TAD boundary itself. However, the CTCF binding rate in these adjoining regions is still higher
than the rate observed in the TAD exterior or interior. This could be explained by minor boundary
variations across cell types (as is indeed known to happen) or if the “effective” TAD boundary is
wider than our 50 kb definition. We note that the bag-of-genes model for TADs is designed to
handle such ambiguity: as long as the gene memberships in a TAD are unchanged, minor variations

in its boundaries are immaterial.

Expression quantitative trait loci. From the GTEx Analysis Release V8 [49], we sourced data
for all 49 tissues with available single-tissue eQTL data. We filtered the data, limiting ourselves
to eQTLs with p-value less than 107°. For each gene and eQTL pair, we computed the genomic
distance between the transcription start site (TSS) of the gene and the eQTL locus; based on it, we
assigned the ( TSS, eQTL ) pair to one of the genomic-distance bins partitioned by the following
cut-points (all units in kb): [0, 5, 10, 20, 30, 50, 75, 100, 150, 250, 350, 450, 550, 650, 750,
1000]. We limited the upper bound of our evaluation range to 1 Mb, since the GTEx corpus limits
single-tissue eQTL reports to this range. We counted the number of observed pairs in each bin,

separately tracking pairs where the TSS and eQTL loci shared a TAD and pairs where they did not;
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we additionally separated pairs where the eQTL locus was upstream of TSS from those where it was
downstream. The probability p(d) of an eQTL occurring at a distance d from the TSS was then
estimated by dividing the number of observed (TSS, eQTL) pairs in each bin by the midpoint of the

bin’s genomic range.

Comparison of contextual transcriptional similarity (CTS) with co-expression. We com-
puted CTS by leveraging the whole-human scGPT model, accessed from its GitHub reposi-
tory (https://github.com/bowang-lab/scGPT). Gene embeddings were extracted from the “en-
coder.embedding.weight” matrix, using gene row mappings provided in the accompanying vocab
JSON file. Chromosome and gene location data were obtained from the hg38 reference genome.
For all gene pairs located on the same chromosome and within 2 megabases of genomic distance,
we calculated Pearson correlations between their embedding vectors, defining these correlations as
the CTS for each pair.

To calculate co-expression, we analyzed cell atlas datasets downloaded from CELLxGENE
(https://cellxgene.cziscience.com/datasets), focusing on the Human Breast Cell Atlas, Human Brain
Cell Atlas, Human Cell Atlas of Fetal Gene Expression, and Human Heart Atlas. Raw transcript
counts for each cell were normalized to a total of 10,000 and subsequently log-transformed using
loglp. For genes present across all datasets, we computed Pearson correlations of expression values
for gene pairs on the same chromosome within 2 megabases. Finally, we compared CTS and

co-expression, analyzing how these measures differ in capturing gene relationships.

Gene family analysis. To investigate gene family-specific patterns, we filtered gene pairs such
that both genes belonged to one of the families of interest: olfactory receptors, protocadherins,
histones, or keratins. After calculating CTS and co-expression, we highlighted gene pairs from

specific families and compared their values to the broader distribution (Fig. 3E-H).
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We also found genes in certain gene families primarily reside in the same few TADs. Olfactory
receptors are plentiful in TADs on chr11-4150000-5450000, chr11-55000000-56850000, and chr11-
123750000-124600000. Protocadherins primarily reside in TADs on chr5-140750000-141600000.
Histones primarily reside in TADs on chr6-26000000-26600000 and chr6-27150000-27950000.
Lastly, keratins primarily reside in TADs on chr17-40600000-41650000, chr21-30300000-31100000
and chr12-52150000-53050000.

Comparison of CTS to other gene function embedding similarity scores. We compared CTS
to other gene function embedding similarity scores to determine whether scGPT gene embeddings
capture functional information beyond gene expression. We included Gene2vec, which generates
200-dimensional vectors using co-expression patterns and functional gene sets, and HiG2Vec, which
creates 1000-dimensional Poincaré embeddings to represent the hierarchical structure of Gene On-
tology and gene semantics. We obtained Gene2vec embeddings from https://github.com/jingcheng-
du/Gene2vec and HiG2Vec embeddings from https://github.com/JaesikKim/HiG2Vec. For both
methods, we computed gene pair similarities using Pearson correlation and related these similarities

to CTS, focusing on gene pairs common to both subsets.

CTS and co-expression for TAD vs non-TAD gene pairs and across genomic distance intervals.
We categorized gene pairs as TAD pairs if they resided in the same TAD based on the TAD Map;
otherwise, we classified them as non-TAD pairs. To determine genomic distance, we averaged the
distances between the start and end positions of the two genes. We stratified all gene pairs into
genomic distance intervals of 0-20 kb, 20-50 kb, 50-200 kb, 200-500 kb, and 500-1000 kb, with
intervals defined as up to but not including the upper bound. We grouped gene pairs by TAD status

and interval category and calculated their average CTS and co-expression.
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Determining the scaling factor that aligns TAD gene pairs with non-TAD gene pairs. We
examined how uniformly scaling CTS for TAD gene pairs best aligns with CTS for non-TAD gene
pairs. Across all genomic distance intervals, CTS for TAD gene pairs consistently exceeded that for
non-TAD gene pairs. We connected average CTS values per interval to form curves and calculated
the area under the curve (AUC) using trapezoidal integration. To evaluate the impact of TADs, we
scaled the average CTS for TAD gene pairs iteratively by factors ranging from O to 1 while keeping
CTS for non-TAD gene pairs fixed. For each scaled TAD CTS, we computed the difference between
its AUC and the fixed non-TAD AUC. The scaling factor that minimized the difference in AUCs

quantified the effect of TADs on gene pair CTS.

Perturb-seq to identify targets impacting gene expression within and outside TADs. We
analyzed the genome-wide Perturb-seq dataset (https://gwps.wi.mit.edu/) from Replogle et al. [74]],
generated using the K562 chronic myeloid leukemia cell line. We used this dataset to identify genetic
perturbations that most disrupt overall transcription, as well as transcription specifically in genes
located within TADs and those outside TADs. The dataset has 9866 unique CRISPRi gene-targeted
perturbations and 1,914,250 total gene-targeted perturbed cells, with 75,328 non-targeting cells.
For each perturbation, we used DESeq?2 [75} |76]] to calculate fold changes in all captured gene
expression relative to a randomly downsampled group of non-targeting cells. We used TAD Map
and Ensembl v102 gene annotations to categorize all protein-coding genes as either TAD genes
(those residing in a TAD) or non-TAD genes (those outside TADs). Transcriptional disruption
was quantified as the variance of DESeq2 log2 fold-change (5) values for protein-coding genes,
calculated separately for TAD and non-TAD genes. We repeated this analysis five times with
different randomly downsampled non-targeting groups and averaged the variance metrics to evaluate

the perturbation-specific transcriptional impacts on all genes, TAD genes and non-TAD genes.
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CTS and co-expression in adjacent genes. We use gene information from Ensembl v102 to
denote if gene pairs are adjacent or neighoring gene pairs, as well as if they reside on the same
strand or if they reside on opposite strands. For analysis with CTS, we used the same gene pairs
from previous analysis. For our analysis with adjacent gene pairs For co-expression, we tested on
794 (human) and 69 (mouse) bulk RNA-seq datasets sourced from the ENCODE database (again

encompassing a variety of cell types).

Intergenic transcripts. We sourced data from Agostini et al.’s study of intergenic transcripts.
They collected and analyzed data from 38 publicly available datasets, covering over 2.5 billion
uniquely mapped reads. We limited ourselves to 11,417 intergenic transcripts that are currently
unannotated (the others corresponded most frequently to non-coding RNA fragments). As in the
original study, each transcript was mapped to its adjoining genes as per the Gencode 27 reference.
We further annotated each intergenic transcript by whether its adjoining genes were a) shared a

TAD, and b) if they were oriented similarly.

Bootstrap test for clustering of expressed genes into TADs. The bootstrap test operates on
data from a single cell (in scRNA-seq data) or a single tissue (in bulk RNA-seq data). Given
scRNA-seq readout from any cell, we compute k, the number of genes with non-zero transcript
counts in the cell. Treating gene activity as a binary event, we then generate 500 bootstrap samples
of single-cell gene expression in each of which we randomly choose k protein-coding genes to
be active. For both the actual observation and the bootstrap samples, we map these genes to the
TAD Map, computing the number of TADs n(p, k) which have p or more active genes; here, p = 1
corresponds to identifying the set of TADs with non-zero usage. We estimate the mean and standard
deviation of the distribution n(p, k) from the bootstrap samples and, using that, compute the z-score

for the actual observation. In bulk RNA-seq data, which includes gene expressed aggregate from a
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collection of cells, almost all genes have some non-zero expression. There, we pre-set a threshold &
(say, 5000) and limit ourselves to the top-k genes by transcript count; the bootstrap test and z-score
are computed for this k.

In the test above, if a gene spans two TADs we count it in both TADs. This avoids us having to
assign the gene to one TAD or the other arbitrarily. We also believe this to be the conservative choice
for our clustering test: it will lead to more TADs per gene— i.e., lower clustering of expressed genes

into TADs— than if we were to assign the gene to just one TAD or the other.

scRNA-seq cell differentiation datasets. We sourced scRNA-seq data from the Cytolrace
database made available by Gulati et al. [95]]. The study collected and curated scRNA-seq cell
differentiation studies across multiple species, covering a variety of protocols and tissues. We chose
this corpus as our sScRNA-seq testbed, since it covers a diversity of protocols and tissues and allowed
us to extend our analysis of also study TAD usage during cell differentiation. Of the 43 datasets
available on cytotrace.stanford.edu (while their webpage lists 47 entries, 4 rows are blank),
we filtered out studies with fewer than 200 cells and those that did not originate from human or
mouse tissue, leaving us with 33 studies. We had difficulty converting 3 of these from the original
RDS format to a Scanpy-compatible format and limited ourselves to the remaining 30 (which covered

70,243 cells); these formed our scRNA-seq corpus.

Designation of early vs. late-stage cells during differentiation. When analyzing TAD usage
during cell differentiation, we further limited ourselves to the 24 scRNA-seq datasets where the
putative differentiation trajectory did not have any branches, allowing us to reliably order cells along
a differentiation time course. We used Gulati et al.’s annotations of differentiation stage in each
study and considered two measures of early versus late differentiation: 1) consider only the cells at

the first differentiation stage (order = 0 in CytoTlrace) as “early”, with all other cells comprising the
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“late” stage, or 2) partition the cells in each dataset by order so that cells are divided roughly equally

between the first (“early””) and second (“late”) halves.

CTS for immune cell aging datasets. We analyzed immune cell scRNA-seq data from Suo et
al. [99] and the single-cell transcriptomic atlas [[100]], both sourced from CELLxGENE. From Suo
et al.’s dataset, we selected cells whose development stage is in Carnegie stages 13, 19, and 20,
designating this subset as DS1. Cells from the 16th and 17th weeks post-fertilization development
stage were filtered and grouped as DS2. For the mature immune cell atlas, we included cells from
donors aged 22 to 61 years, labeled as DS Mature, and those from donors older than 62 years,
labeled as DS Old. To ensure consistency across datasets, we downsampled each to 50,000 cells
using Geosketch [101].

For each dataset (DS1, DS2, DS Mature, DS Old), we fine-tuned pre-trained whole-human
scGPT model on a masked gene expression prediction task for 10 epochs. During fine-tuning, all
scGPT parameters were frozen except for the gene embeddings (“‘encoder.embedding.weight”).
We adopted default hyperparameters provided in the scGPT tutorials (https://github.com/bowang-
lab/scGPT/tree/main/tutorials). Following fine-tuning, we extracted updated gene embeddings and
calculated contextual transcriptional similarity (CTS) for the same gene pairs analyzed earlier. To
compare overall CTS across datasets, we evaluated CTS trends across genomic distance intervals
(Fig. SC-D) and computed the area under the curve (AUC) for TAD and non-TAD gene pairs

(Fig. SE) using trapezoidal integration.

CTS for cell-type specific immune cell datasets We combined DS1 and DS2 datasets to define
the “Early” developmental stage cells and combined DS Mature and DS Old datasets to define
the "Mature” stage cells. Within these aggregated stages, we identified five cell types containing

more than 2,500 cells: general T cells, naive thymus-derived CD4-positive, alpha-beta T cells,
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macrophages, monocytes, and erythrocytes. For each cell type in both Early and Mature stages,
we fine-tuned the scGPT model for 10 epochs with masked gene expression prediction. Following
fine-tuning, we calculated contextual transcriptional similarity (CTS) for gene pairs from fine-tuned
gene embeddings and quantified overall CTS by computing the area under the curve (AUC) for TAD
and non-TAD gene pairs (Fig. SF).

To assess developmental changes in transcriptional organization, we calculated the difference in
overall AUC (averaged across TAD and non-TAD gene pairs) between Early and Mature stages for
each cell type. This analysis allowed us to identify which cell types exhibited the greatest change
in AUC as they transitioned from Early to Mature stages, providing insights into the dynamics of

transcriptional regulation during cellular maturation (Fig. 5G).

Transcriptional clustering regarding TAD usage in Cancer. For TAD usage in cancer, we
compare bulk RNA-seq measurements of normal and primary-tumor tissue in blood, brain, lung, and
renal cancers from The Cancer Genome Atlas (TCGA) database [102]]. As a caveat, we note that our
analysis can only infer correlation, not causation: while mutations leading to the mis-specification of
TAD boundaries have been associated with certain cancers [136-138], there are diverse epigenetic
mechanisms underpinning tumorigenesis [[139-141]], and the increased expression clustering we
observe in the TADs of tumor cells could either be a cause or an effect of these mechanisms. Another
caveat regarding our analysis is that the gene groupings were inferred from the consensus TAD
scaffold, but in some cancer cells the TAD architecture may have changed. However, the statistical
result that these gene groups are over-represented in tumor cells’ transcriptional profiles nonetheless

remains valid.

CTS in cancer datasets To assess how cancerous states and treatment conditions affect contextual

transcriptional similarity (CTS), we analyzed scRNA-seq data from a recent colorectal cancer
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dataset by Moorman et al. [103]], which tracks cellular plasticity during metastasis (data available
at https://github.com/dpeerlab/progressive-plasticity-crc-metastasis). The dataset includes non-
cancerous cells, primary cancer cells, and metastatic cancer cells, with each cell type categorized
further by treatment status—either treated with 5-fluorouracil-based chemotherapy or untreated.
This totals six distinct datasets.

For each dataset, we fine-tuned the pre-trained scGPT model for 10 epochs, using the same
settings as described for cell type-specific immune datasets. Following fine-tuning, we calculated
CTS for gene pairs and quantified overall CTS by computing the area under the curve (AUC) for both
TAD and non-TAD gene pairs. This analysis enabled a systematic comparison of transcriptional
dynamics across cancerous and non-cancerous states, as well as between treated and untreated

conditions.

TAD signatures: probabilistic model. We define a 2-component mixture model to infer TAD
activation probabilities of a single-cell dataset. Let X € R"™” be the gene expression values for a
single-cell dataset with n cells and p genes, with a particular cell ¢’s expression being x(©) € RP. We
assume that transcriptionally active TADs (“ON”) correspond to a higher rate of per-gene expression
while inactive TADs ("OFF”) correspond to lower rates of gene expression. As mentioned earlier,
our model allows inactive TADs to also generate non-zero gene expression, albeit at a lower rate
than the “active” TADs. Doing so increases our robustness to noise and allows for one-off gene

expression in a TAD. In the mixture model, the probability of x(¢)’s expression in ¢ is

P52 = [ [T(P(s = DPGLIS = 1,0 + P(S, = 0)P(1S, = 0;:.0))
teT get

where A = {Aon, Adorr}; T is the set of all TADs with one or more genes; each TAD 7 € 7 is a set

of genes, with g being one such gene; S; is the Bernoulli random variable indicating the activation
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state of 7, with S; = 1 or O corresponding to ¢ being “ON” or “OFF”, respectively; and xi,c) is the
expression of gene g in the cell c. Here, 7, ¢ and the gene memberships in TADs are sourced
from the species-specific TAD Map. We model that gene expression values are Poisson-distributed

counts, though this assumption can be relaxed:

(c)

/le»’ -doNn
P(x1S = 1;2) =
g x(0)|
P
© )gi’:Fe—/IOFF
C — . f—
P(.Xg |Sl‘ - 07/1) - x(C)!

To infer the TAD signature for a particular dataset, we fit this model with the expectation

maximization (EM) algorithm, seeking to maximize the log-likelihood over all cells:

(X0 =3 5" 3 log (P(s, = P18, = 1;.0) + P(S, = 0)P(x7[S, = 0; /l))

c teT get

Since the maximum likelihood estimator of the Poisson rate parameter is just the sample mean,
the implementation of the EM algorithm is simplified: each maximization round assigns dpy and
AdorrF as averages of observed gene expression values across all genes, weighted by the containing
TAD’s activation probability P(t = 1). Also, we note that quasi-Poisson generalizations result in
the same maximum likelihood estimator for the expected value of the rate parameter, suggesting that

even in cases where the Poisson assumptions do not hold, the corresponding estimate is reasonable.

Log-odds transformation of TAD signatures. We recommend a log-odds transformation when
using TAD signatures to generate data representations for clustering, visualization, or predictive

analysis. Many such analyses implicitly or explicitly rely on Euclidean distances between observations.
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The log-odds transformation converts probabilities (which are in [0, 1] range) to the full range of

values in R, making it more amenable to such distance measures.

TAD signatures for cancer cell line heterogeneity. We acquired scRNA-seq data for cancer cell
lines from Kinker et al.’s pan-cancer study [[111], limiting ourselves to cell lines for which drug
response data from the PRISM study was also available [110]; this resulted in data on 51,321 cells
spanning 193 cancer cell lines. For each cell line, we computed six population statistics: mean,
standard deviation and skew, based on either TAD signatures or log-and-count-normalized transcript
counts. We reduced each cell line’s drug repsonse profile to the top 50 PCs and considering each
PC as an independent regression target, we performed a principal component regression using
per-cell-line statistics. Thus a total of 300 (50 X 6) regressions were performed, each with 193
observations. In each regression, the x values were reduced to the top 10 principal components,
ensuring that all regressions had identical complexity. An R? was computed for each regression,
indicating the predictive power of the scRNA-seq summary statistic against the drug response

measure.

TAD signatures for cell type inference. We acquired single-cell data from the https://
cellxgene.cziscience.com/ portal, obtaining AnnData-formatted [[142]] datasets from single-
cell RNA-seq studies of the human lung (10x sub-study; European Genome-Phenome Archive
accession EGAS00001004344; 65,662 cells; [[114]]), T-cells (GEO accession GSE126030; 51,876
cells; [[115]), and breast epithelial cells (GEO accession GSE164898; 31,696 cells; [[113]). Cells with
fewer than 20 active genes and genes active in less than 10 cells were removed. For the breast tissue
data, the dataset annotations seemed to suggest samples were grouped in two broad batches and, to
reduce batch effects, we limited ourselves to the larger batch (17,153 cells). The data was then count

normalized (to 10%) and log transformed using Scanpy. Gene identifiers were converted to Ensemble
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v102, genes were mapped to the human TAD Map inferred in this work, and TAD signatures
were estimated. For each dataset, we then generated the following representations: i) principal
component analysis (PCA) with 50 components, ii) log-odds (= log %) transformation of the TAD
signatures computed on the dataset, followed by a 50-component PCA, and iii) a concatenation of
the previous two representations. Leiden clustering [[112] using Scanpy was performed on each of
these representations. The datasets from cellxgene portal contained expert-annotated cell-type labels

for each cell and we computed the adjusted Rand index (ARI) of the overlap between computed

Leiden clusterings and the expert labels.

Quantification and Statistical Analysis

Statistical tests were conducted using version 1.3.1 of the SciPy Python package and R version 4.1.1.

Software availability, utility, and efficiency

Pre-computed TAD Maps and consensus TAD boundary estimates for human and mouse genomes
are available at http://singhlab.net/tadmap. TAD signatures can be computed using the
Python package tadmap, available via pip, conda or GitHub. The package also provides
direct programmatic access to the TAD Map. Documentation for the package is available at
https://tadmap.readthedocs.io/. TAD signature computations do not require a GPU and
can be performed on a personal computer: processing of a sSCRNA-seq dataset comprising 51,321
cells required 7 minutes of run-time and 8 GB of memory when using a single Intel Xeon 3.47 GHz

processor.
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Figure 1: Overview. Topologically associating domains (TADs) are a key folding unit of the chromatin. While

TADs are currently inferred separately for each cell type, TAD architectures have been observed to have good

agreement across cell types. We find this agreement to be even stronger when TADs are represented simply as sets

of genes, suggesting a bag-of-genes representation would have species-wide applicability. Applying maximum

likelihood estimation, we compute a consensus TAD scaffold from Hi-C data and the corresponding bag-of-genes

representation (the TAD Map, Fig. 2).
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The TAD Map enables us to “impute” the high-level chromatin structure in each cell/tissue. We demonstrate that the
genome partitioning implied by the TAD scaffold agrees with functional genomic data across a variety of cell/tissue
types. (ii) We leverage gene representations from single-cell foundation models, pretrained with more than 33
million cells, to derive contextual transcriptional similarities (CTS) between gene pairs. These measures capture
co-regulation beyond simple expression-correlation patterns between two genes (Fig. 3). (iii) We find CTS in TAD
gene pairs significantly exceeds that in non-TAD gene pairs and hypothesize that a synergy between TADs and
transcriptional condensates may explain it (Fig. 4). The TAD Map framework enables novel, testable hypothesis:
We examine how TAD usage and CTS change as cells develop and age, or become cancerous (Fig. 4). (iv) We
introduce TAD signatures, a probabilistic model of TAD activation inferred from single-cell RNA-seq (scRNA-seq)

readouts, showing how they facilitate greater accuracy and robustness in downstream scRNA-seq analyses (Fig. 5).
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Figure 2: Agreement between cell-type specific TAD architectures and the constructed consensus TAD
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A) On representative segments of the human and mouse genomes, overlap of cell-type specific TAD architectures (7
cell types for human, 4 four mouse) are shown. Genomic positional range (in Mb) is shown on the horizontal axis
and the number of cell types in which a pair of genomic loci co-occupy a TAD is indicated by the shaded triangles.
In each species, the majority of the cell-type specific TAD architectures are in agreement on most genomic loci
pairs; in many cases, all TAD architectures are in agreement. B) Schematic for the statistical test to evaluate if two
bag-of-genes TAD representations are identical: given an adjacently-located gene pair that shares a TAD in at least
one cell type’s TAD architecture, we mark other cell type(s) to be in agreement if the gene pair is not separated
by a TAD boundary. C) For each adjacent gene pair that shares a TAD in at least one cell type, the number of
other cell types where the genes share a TAD. Under this test, 72.7% of adjacent gene pairs in human (78.9% in
mouse) show complete agreement across all cell-type specific TAD architectures. The expected count under a
simple null hypothesis (Methods) is below 1 in both species. D) Our consensus TAD scaffolds for each of human
and mouse, computed by maximum likelihood estimation, yield 3036 (3181) TADs with an average length of 879
kb (845 kb) in the human (mouse) genome, with the median TAD in both species containing 4 genes. In this
figure, the box represents the 25-75" percentile range, and the whiskers represent 1-99' percentile range. E, F)
Analysis of 665 human and 109 mouse CTCF ChIP-seq assays (ENCODE) revealed significant enrichment of CTCF
binding at TAD boundaries and within TADs. Binding strength declined on either side of the predicted boundaries,
supporting the accuracy of the scaffold. F) In individual tissues, CTCF enrichment at TAD boundaries was highly
significant (Bonferroni-corrected p < 107°Y, one-sided binomial test). The box in the figure represents the 25-75""
percentile, while the whiskers show the 1-997" percentile range. G, H, I) To assess the functional relevance of the
TAD scaffold, we compared eQTL prevalence inside and outside TADs using single-tissue data from GTEXx v8.
Loci within the same TAD as a gene’s transcription start site (TSS) were associated with significantly higher eQTL
frequencies (p = 0.0001 for both upstream and downstream loci, one-sided Wilcoxon rank sum test). This trend

held true for most tissues, demonstrating the scaffold’s informativeness across diverse tissue types.
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Figure 3: Contextual similarity offers a more holistic perspective in evaluating gene pair transcriptional
patterns. A, B) Using Pearson correlations of pre-trained scGPT gene embeddings, we calculated contextual
transcriptional similarities (CTS) for all gene pairs on the same chromosome within 2 megabases. Gene pair
co-expression was similarly computed using tissue-specific single-cell data. CTS proved to be a more diverse
and statistically powerful metric for evaluating gene interactions than co-expression. C) We compared CTS and
co-expression against similarities derived from two popular gene embedding methods: Gene2Vec and HiG2Vec.
Gene2Vec incorporates both gene expression and functional annotations, while HiG2Vec is based solely on
functional annotations. CTS correlates more strongly than co-expression with both measures, particularly with
the gene ontology-based HiG2Vec. This suggests CTS can effectively distill raw expression data to capture gene

function in its embeddings.
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D) CTS and co-expression show positive correlation across all gene pairs, confirming that both metrics capture
shared aspects of gene expression patterns. E, F, G) Analysis of three gene families—olfactory receptors
(ORs), protocadherins (PCDHs), and histones—reveals CTS’s ability to capture functional relationships beyond
co-expression. ORs and PCDHs show minimal co-expression by design (ORs are expressed one gene at a time,
PCDHs stochastically), yet CTS identifies their shared functional roles. In contrast, histones, which are coordinately
expressed, show high values in both metrics. H) Quantification across gene families shows CTS captures a broader
range of relationships than co-expression, with the strongest signal in histones, followed by PCDHs and ORs,

matching their known biological relationships. Additional analysis of keratin genes further supports this pattern

(Fig. S2).
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A) Using the TAD Map, we classified gene pairs on the same chromosome within 2 megabases as TAD or non-TAD
pairs based on whether they share a TAD. TAD gene pairs show significantly higher CTS and co-expression than
non-TAD pairs, with CTS showing a more pronounced difference. B, C) To control for genomic distance effects,
we binned gene pairs by distance and compared their average CTS. While TAD gene pairs consistently show higher
CTS than non-TAD pairs across all distances (B), both groups show similar distance-dependent decline. Scaling
TAD pair CTS by 0.83x matches non-TAD levels (C), revealing that TADs enhance CTS by 20.5% multiplicatively
across all genomic distances. D, E) We considered three hypotheses for how TADs enhance gene co-regulation:
(1) TADs might create distance-independent contacts between all genes, which would result in constant CTS
across distances; (2) TADs might reduce effective distances between genes, which would lead to convergence of
TAD and non-TAD CTS at long distances; or (3) TADs might work through a mechanism that multiplicatively
enhances co-regulation across all distances. Our observations support the third hypothesis, suggesting a TAD-wide
regulatory mechanism. Phase-separated transcriptional condensates, which can create specialized compartments
spanning large genomic regions, represent a compelling candidate for such a mechanism, leading us to hypothesize
that TADs work synergistically with condensates to create specialized regulatory environments. F, G) To identify
factors regulating TAD-specific transcription, we analyzed a genome-wide Perturb-seq dataset [[74]. For each
CRISPRI perturbation, we used DESeq2 to estimate log2-fold-changes () between perturbed and control cells. We
then identified perturbations that induced significantly different transcriptional variance in TAD versus non-TAD
genes (F). Among the strongest hits were condensate-relevant genes including TAF12, INTS2, and INTS7. Gene
Ontology analysis of TAD-specific regulators revealed enrichment for RNA-processing and transcriptional control
pathways, consistent with condensate-mediated regulation (G, also see Fig. S3). H) A condensate-based mechanism
of transcriptional regulation would predict easier co-transcription of same-orientation versus opposite-orientation
adjacent genes. Indeed, within TADs, both CTS and co-expression are significantly higher for same-orientation
gene pairs (p < 10711), while no such difference exists outside TADs. I) Similarly, intergenic transcripts, indicators
of errorneous transcriptional read-through, are significantly more frequent between same-orientation genes within

TADs (p < 10‘11), but show no orientation bias outside TADs.
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Figure 5: TAD-mediated transcriptional organization changes systematically during development, aging,

and cancer. A) Analysis of 24 non-branching cell differentiation trajectories reveals that early-stage

cells consistently show higher TAD usage (more TADs with non-zero expression activity), indicating stronger

transcriptional clustering (also see Fig. S4). B) To study aging effects, we analyzed immune cells from two large

datasets 100], spanning prenatal (DS1, DS2), mature adult (DS Mature), and older adult (DS Old) stages. C,

D, E) Fine-tuning scGPT on each age group and recalculating CTS revealed systematic changes with age. Both

TAD (C) and non-TAD (D) gene pairs show decreasing CTS with age across all genomic distances. Area under the

curve (AUC) analysis confirms this decline while showing that TAD pairs maintain higher CTS than non-TAD pairs

across all age groups (E).
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F, G) Cell-type specific analysis reveals that aging-related chromatin changes occur not just through shifts in cell
populations but also within specific cell types (particularly T cells and macrophages). Combining early (DS1, DS2)
and mature (DS Mature, DS Old) datasets, we found that while early cells generally show higher CTS (F), the
magnitude of age-related decline varies substantially across cell types (G), with T cells and macrophages showing
the strongest changes. H) Analysis of The Cancer Genome Atlas (TCGA) data shows that, like early developmental
stages, tumor cells exhibit increased TAD-based expression clustering across multiple cancer types. I) In colorectal
cancer, S-fluorouracil chemotherapy induces opposing changes in chromatin organization between normal and
cancer cells: treated tumor cells show increased CTS while treated normal cells show decreased CTS, suggesting

distinct adaptive responses to treatment stress.
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Figure S1: Contextual similarities (CTS) vs co-expression for keratin genes pairs: This figure complements
Fig. 3E-G, where it visualizes CTS and co-expression for all gene pairs in the keratin family.
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Figure S2: Gene pair co-expression exhibits inconsistent patterns with respect to distance: This figure contrasts
the analysis with CTS in Fig. 4B, highlighting that average co-expression shows irregular and inconsistent trends
between TAD and non-TAD gene pairs across distance intervals.
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Figure S3: List of specific genes whose perturbation induces transcriptional disruption across TAD and
non-TAD regions: A) This gene group highlights the genes whose perturbation causes the most widespread
transcriptional disruption overall, without distinguishing between TAD and non-TAD regions. B) This gene group
highlights genes whose knockdown disproportionally disrupts transcription within TADs. Corresponding Enrichr
analysis of this gene set is shown in Fig. 4G. C) This gene group highlights genes whose knockdown leads to
the greatest influence on transcriptional disruption specifically within TADs. D) This panel displays the Enrichr
analysis of genes whose knockdown disproportionately disrupts transcription in non-TAD regions.
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Figure S4: Bootstrap test to assess gene clustering in TADs: A) We define a TAD’s usage as the number of
transcriptionally active genes within it. Our bootstrap test assumes gene activity is independent of TADs under the
null hypothesis. For any transcriptional profile, we randomize gene activity while preserving the total number of
active genes, expressing TAD usage as a z-score relative to the expected distribution. This approach is robust to
noise, sparsity, and platform effects, particularly in scRNA-seq data. Bootstrap z-scores can be aggregated across
datasets or used to distinguish highly versus moderately active TADs. B) The bootstrap test is demonstrated here
with a more complex artificial example. C) Gene clustering into TADs decreases during cell differentiation, as
shown in Figure SA. Early differentiation stages display stronger clustering of genes into TADs. In Figure 5A, cells
were divided into “first stage vs. the rest” based on the CytoTrace Order variable [65]. Here, cells are partitioned
into two groups with equal sizes. Regardless of partitioning, the clustering trend remains consistent.


https://doi.org/10.1101/2025.03.31.646349
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.03.31.646349; this version posted April 2, 2025. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

A Measuring single-cell variance and skew with TAD signatures B Augmenting cell type inference
better predicts cancer cell-line drug response with TAD signatures
8] s Raw RNA-seq

Raw RNA-seq +
- TAD signatures

mm TAD signatures

0.54

iEach entry of the heatmaps shows | Gene Expr.
R2 of regression y ~ x ; Mean
y cancer cell-line’s drug response Gene Expr.
: profile across 4,686 drugs, : Std. Dev
reduced to top 50 PCs |
' x = summary statistics (mean, + Gene Expr. 0.4
| std. dev, or skew) from 1 Skew’
‘ =0.0

scRNA-seq data for the cell- Ilne ' '

0.34

2
Agreement with manual annotations
(measured as Adjusted Rand Index)

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, TAD Sign l- —

{R?when i Mean S

'y = PC #3 of drug response profile | % < 0.24
' = skew(normalized gene expr.) | TAD Sign._ Ca

:::::::::::::::::::::::::: Std. Dev’ a8

IR? (excess over top block), when | . - 014
y PC #3 of drug response profile | TAD Sign, o

'x = skew(TAD signature) : Skew I_

b e ' g " ' -0.10 0.04

10 20 30 40 Breast T cells Lung

Top-50 Principal Components of Drug Response Profile scRNA-seq Study
TAD signatures improve identification of

mature-vs-progenitor luminal cells in breast tissue
Manual Raw RNA-seq
Annotation clusters

Comparative accuracy of
TAD signature vs. Raw RNA-seq
cluster labels on luminal cells

UMAP2

Agreement with manual annot%tion

® Becells @ luminal progenitor

® Dbasal/stem ® lymphatic endothelial cell

® endocrinecell ® mature luminal TAD signature
clusters

luminal progenitor vs. 65 014 0079
mature luminal

luminal progenitor vs.
basal/stem
mature luminal vs.
basal/stem

]
Raw TAD

RNA-seq signature

i
Adjusted Rand Score

Figure S5: TAD signatures augment standard scRNA-seq analysis:A) TAD signatures reveal biologically
meaningful single-cell heterogeneity. For 193 cancer cell lines, we analyzed drug response profiles from the PRISM
study [[110]], reduced to 50 principal components. We computed the first three moments (mean, standard deviation,
skew) of scRNA-seq data, either as log-normalized gene expression (top block) or log-odds of TAD signatures
(bottom block). The second and third moments capture within-line heterogeneity. We used principal component
regression (k = 10) to predict drug responses from per-gene or per-TAD statistics and measured predictive power as
R?. For the second and third moments, TAD signatures were significantly more predictive than gene expression
(e.g., skew: p = 0.0014, one-sided Wilcoxon rank-sum test).B) TAD signatures improve automated cell-type
inference. Compared to Leiden clusters from scRNA-seq alone, clusters using only TAD signatures or combining
TAD and scRNA-seq better matched manual cell-type annotations in three SCRNA-seq datasets. For breast and T
cell data, TAD signatures alone outperformed combined clustering, likely due to RNA-seq noise. C) In breast
tissue data, TAD signatures more accurately distinguished progenitor from mature luminal cells, highlighting their
value in studying cell differentiation. Middle-column plots show Leiden clusters; RNA-seq clustering produced
more clusters, aligning less with biological distinctions.
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