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bioSBM: A Random Graph Model to Integrate Epigenomic Data in Chromatin Structure Prediction
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The spatial organization of chromatin within the nucleus plays a crucial role in gene expression and genome
function. However, the quantitative relationship between this organization and nuclear biochemical processes
remains under debate. In this study, we present a graph-based generative model, bioSBM, designed to capture
long-range chromatin interaction patterns from Hi-C data and, importantly, simultaneously link these patterns to
biochemical features. Applying bioSBM to Hi-C maps of the GM12878 lymphoblastoid cell line, we identified
a latent structure of chromatin interactions, revealing seven distinct communities that strongly align with known
biological annotations. Additionally, we infer a linear transformation that maps biochemical observables, such
as histone marks, to the parameters of the generative graph model, enabling accurate genome-wide predictions
of chromatin contact maps on out-of-sample data, both within the same cell line and on the completely unseen
HCT116 cell line under RAD21 depletion. These findings highlight bioSBM’s potential as a powerful tool for
elucidating the relationship between biochemistry and chromatin architecture and predicting long-range genome
organization from independent biochemical data.

DOI: 10.1103/gy1p-4256

I. INTRODUCTION

A characteristic feature of a eukaryotic cell, as opposed
to archaea and eubacteria, is the sequestration of the cellu-
lar genome in a tight cellular space called the nucleus. In
humans, the approximately two-meter-long chromatin fila-
ment is tightly packed in a nucleus of 5–10 µm in diameter.
This packing is highly organized, as demonstrated by im-
munofluorescence microscopy experiments that show the
heterogeneous subnuclear localization patterns of various pro-
teins and histone marks thus hinting at the existence of
functionally distinct compartments within the nucleus [1–4].

The advent of Chromatin Conformation Capture (3C) [5],
particularly its now popular derivative Hi-C [6], allowed the
mapping of chromatin contacts at a genome-wide level. Due
to the fixation of nuclei with formaldehyde, which preserves
information about the spatial proximity of linearly distal DNA
loci, Hi-C experiments generate contact frequency maps that
display nontrivial interaction motifs. One notable feature
of the organization of chromatin unveiled by Hi-C is the
segregation of the genome into two classes of domains dubbed
A and B compartments, which are characterized by distinct
interaction patterns. On top of these connectivity differences,
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A and B compartments have been shown to correlate with
epigenetic marks associated with active (A) and silenced (B)
transcriptional states [6]. Despite these correlations, more
detailed microscopy studies and information from epigenetics
(e.g., histone modifications and preferential binding of
transcription factors [7–12]) suggest that the transcriptional
state of the genome is more nuanced and the binary
classification into A/B compartments may be excessively
oversimplified. In particular, while A/B compartments and
the subcompartments defined by Rao et al. [9] (further
studied in numerous other works [13–15]) seem to point
out the existence of a direct statistical correlation between
epigenetic marks and 3D chromatin interaction patterns, there
is comparably much less quantitative understanding of the
“microscopic” processes at the origin of these correlations.
In general, several attempts to explain the emergence and
spatial organization of 3D compartments have invoked
polymer-based models [16–19], which aim at rationalizing
the observed structure as the consequence of direct,
sequence-specific interactions between distal chromatin
loci. While such models connecting the biochemistry of
epigenetics to genome folding provide valuable insights, their
reliance on polymer simulations results in high computational
cost, which becomes especially problematic when one tries
to scale simulations up to the size of a typical chromosome
[19]. In contrast, more recent deep learning models scale
efficiently and have achieved impressive success in predicting
Hi-C contact maps. Early models make predictions using
DNA sequence alone, but these predictions do not account
for cell-type-specific variability [20–22]. More recently, deep
learning approaches have started to incorporate 1D epigenetic
signals [23], improving predictive accuracy across different
cellular conditions. However, these models remain largely

2835-8279/2025/3(4)/043006(12) 043006-1 Published by the American Physical Society

https://orcid.org/0000-0001-6464-206X
https://orcid.org/0000-0002-9627-2486
https://ror.org/03gnh5541
https://ror.org/004fze387
https://crossmark.crossref.org/dialog/?doi=10.1103/gy1p-4256&domain=pdf&date_stamp=2025-10-21
https://doi.org/10.1103/gy1p-4256
https://creativecommons.org/licenses/by/4.0/


ZHANG, ROSA, AND SANGUINETTI PRX LIFE 3, 043006 (2025)

uninterpretable, making it difficult to connect their predictive
power with underlying biological mechanisms.

In recent years, ideas from the field of network or graph
theory [24] have emerged as a promising paradigm to study
chromatin organisation at the mesoscopic level [25]. These
methods avoid the computational overheads of microscopic
polymer-based models by abstracting chromatin structure as
a network of interactions, where DNA loci are treated as
nodes and their contacts as edges. Such graph-based ap-
proaches not only were successfully used to reveal structural
patterns [26–28] but also provided interpretable insights into
the relationship between chromatin architecture and biologi-
cal function [29–31].

In this paper, we propose bioSBM, an interpretable net-
work model that directly links chromatin structure with
biochemical features. bioSBM is based on the stochastic block
model (SBM) [32,33], a class of generative network models
that partition the network into communities based on inter-
action patterns, making them highly suitable for uncovering
latent structures in chromatin interaction maps. The first SBM
attempt to model long-range chromatin contacts was proposed
in 2015 by Cabreros et al. [26]. bioSBM builds on this
previous study by modulating this community structure by
considering biochemical covariates such as histone modifica-
tions and transcription factor binding, therefore constructing
a quantitative framework to understand the relationship be-
tween 3D chromatin organization and biochemical processes,
a problem already studied in previous works such as [34].
Unlike traditional SBM’s, which assign each node to a single
community, bioSBM allows for mixed memberships, enabling
genomic regions to participate in multiple communities si-
multaneously, thus capturing the context-dependent nature of
chromatin interactions.

We apply our model to Hi-C data from the GM12878
lymphoblastoid cell line, where we identify interpretable
community structures that include, but go beyond, the conven-
tional A/B compartmentalization and subcompartments [9]. In
addition to community detection, we can infer the map from
biochemical features to the community composition of entire
chromosomes, and we learn the interaction patterns that link
the various communities. Finally, the results of our inference
allow us to show that bioSBM can serve as a generative model
capable of predicting Hi-C maps for unseen chromosomes and
cellular conditions, further demonstrating its robustness and
utility.

The paper is organized as the following: In Sec. II
we provide a detailed overview of the vanilla stochastic
block model and discuss how it can be adapted to better
describe different types of analyzed data. In particular, we
provide details of the data we utilize (distance-corrected, or
observed-over-expected, Hi-C maps) in Sec. II A, and our
customized version of the SBM in Sec. II B. Then in Sec. II C
we introduce the main features of the inference algorithm
specifically developed to compute posterior probabilities
for our model, while leaving the mathematical details of its

derivation to the Supplemental Material [35]. We present
our main results in Sec. III, demonstrating the biological
relevance and predictive power of our bioSBM model.
Finally, in Sec. IV we discuss our results in the context of
chromosome organization and conclude by highlighting, in
particular, possible future applications.

II. MODEL AND METHODS

A. SBM and its generalization

SBMs are a particular class of random graphs. A graph
G = (V, E ) consists of a set of vertices V , representing entities
1, . . . , N and a set of edges (i, j) ∈ E ⊂ V × V , denoting pair-
wise interactions between these entities. Edges can be binary,
indicating the presence or the absence of a link, or they can
be weighted, reflecting the strength of interactions. Random
graphs [36,37] denote graphs whose edges (or edge values)
are generated according to a probability distribution, making
the graph structure itself random.

SBMs have their roots in the world of social sciences
[38,39], where they were used to model populations divided
into subpopulations or communities. The central idea is that
interactions between individuals are influenced by their com-
munity, creating a nontrivial structure in the interaction graph.
This simple yet powerful idea made block models into popular
models to study general types of relational data.

Numerous algorithms have been developed to detect com-
munity structures in complex networks and to make sense of
them [22,23,26,40]. The box provides a schematic overview
of the main ideas behind SBM’s and of some of their most
common extensions.

In our case, the relational data are derived from Hi-C con-
tact frequency maps. Early Hi-C experiments demonstrated
that contact frequency between genomic loci is strongly in-
fluenced by linear proximity or genomic distance, with the
contact probability exhibiting a power-law decay as a function
of this distance [6]. This scaling behavior can be explained
based on fundamental polymer physics mechanisms that
shape the three-dimensional folding of chromosomes [41–46].
Instead of using raw Hi-C data, it is often more insightful to
study the so-called observed-over-expected (OE) Hi-C maps.
These OE maps are derived as the logarithmic ratio between
the actual contact frequencies recorded in Hi-C matrices
and the expected contact frequencies based on genomic dis-
tances. These maps effectively highlight interaction patterns
of chromatin by accounting for and removing the global
polymeric effects that contribute to the power-law scaling.
Significant interactions can be observed across large genomic
scales, sometimes spanning entire chromosomes. To uncover
a latent structure in these interaction patterns, we employ a
weighted SBM, and to capture the complexity of community
structures we use a so-called mixed membership version of the
SBM (MMSBM; see Sec. II B) that allows the same genomic
regions to belong to multiple communities.
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Box 1: Flavors of stochastic block models (SBMs)
SBMs are a particular type of generative models used in network theory to describe the structure of networks by dividing

nodes into communities or blocks. Each block represents a group of nodes that have a similar pattern of connections. The
SBM assumes that the probability of a connection between any two nodes depends only on the blocks to which the nodes
belong. This model helps us to understand the network’s underlying structure and is commonly used for community detection
[38–40]. The generative process defined by an SBM is as follows:

(1) Determine the communities and their total number, K .
(2) Assign each node to one of the K communities.
(3) For each pair of nodes, generate an edge with a probability that depends on the communities of the nodes. Specifically,

generate a Bernoulli random variable with the parameter of the distribution depending on the colors of the two nodes.
The left panel of the figure shows a stochastic block model with K = 3 communities. In this example, the graph is an

assortative SBM, meaning that intracommunity edge probabilities are higher than intercommunity ones.

In its basic version, the SBM is binary, i.e., the edges between nodes are either present or absent. However, many real-world
networks involve weighted edges, where the connections between nodes have different strengths or capacities. To adapt
the binary SBM for valued (weighted) graphs, we can modify the probability distribution of the edges given the colors or
communities to which the two involved nodes belong. Instead of a Bernoulli random variable, we might use Poisson random
variables for integer-value edges, or Gaussian random variables for real-value edges by specifying the means and variances
of the distributions for each pair of distinct communities [47]. The central panel shows an instance of weighted SBM with
Gaussian edges.

Another aspect we can tweak is the fact that in the traditional SBM, each node belongs to a single community or block.
In many networks, nodes may exhibit characteristics of multiple communities. The mixed membership SBM (MMSBM) [48]
addresses this by allowing nodes to belong to multiple communities by specifying a probability distribution over communities
or membership proportions. In this paper, we will work with an SBM that has real-value edges and nodes with mixed
membership proportions. The right panel shows an example of weighted MMSBM.

B. bioSBM: A covariate-dependent MMSBM for long-range
chromatin contacts

A key difference between standard relational data and the
biological setting we consider is the availability of a wealth of
additional data in biology. While Hi-C measures contact pat-
terns between chromosomal regions, a variety of biochemical
assays, such as ChIP-seq [49], provide 1D genomic maps of
specific epigenomic marks at such regions. In our model, we
integrate the information from ChIP-seq data as a vector of
biochemical covariates associated with each node, and which
modulates the probability of each node belonging to the dif-
ferent communities.

Formally, bioSBM is a hierarchical Bayesian model
[50,51] over weighted graphs. Graph nodes i ∈ {1, . . . , N}
represent a set of contiguous genomic regions of fixed length.
The observed weighted network has adjacency matrix Y , with
Yi j representing the logarithmic OE Hi-C contact frequency
(Sec. II A) between region i and j. The observed weighted
network is assumed to be generated according to the latent
distributions of group memberships for each node/genomic
region, as well as the matrices that specify group-group
interaction strengths. Each node i has an associated member-
ship proportions’ vector θi, where θig denotes the probability
of node i belonging to group g, allowing nodes to belong
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(a) (b)

(c)

FIG. 1. (a) Forward model of the bioSBM model. Biochemical covariates associated with each node or genomic region are mapped into
membership proportions. The membership proportions, together with the interaction strengths between pairs of communities (encoded in the
block matrix B), determine the connectivity patterns of the graph. (b) Schematic representation of the inverse inference problem. Given a set of
contact maps and covariates matrices, our inference procedure generates estimates of the latent membership proportion for the studied genomic
loci, and infers the interaction parameters that characterize the model. (c) The model parameters inferred on training data are then used to make
de novo predictions of contact maps, from biochemical features, for unseen data.

to multiple communities and display interactions that are
context-dependent.

The group-group interaction strengths are defined by ma-
trices B and σ 2, where Bkg and σ 2

kg represent, respectively,
the mean and variance of the strength of interaction between
community k and community g. For each pair of nodes (i, j),
discrete variables zi j and z ji denote the group membership of
i when interacting with j, and vice versa.

Then the edge weight is sampled from a Gaussian distribu-
tion parameterized by B and σ 2 matrices. Putting everything
together, the generative process for bioSBM proceeds as fol-
lows:

(1) Each node has an associated vector of P features xi,
with X ∈ RP×N denoting the covariate matrix. The covariates
correspond to biochemical data that can be associated with
the different genomic regions, such as data from ChIP-seq
assays.

(2) For every node i, we sample the distribution θi from
the logistic normal distribution [52,53] with mean μi = �(xi )
and global covariance �, i.e.,

ηi ∼ N (�(xi ), �), (1)

θik = exp(ηik )
∑K

k′=1 exp(ηik′ )
. (2)

� : RP → RK is the parametric function that maps biochem-
ical features to probabilities over group memberships. In our
specific implementation, � is simply a linear transformation
encoded in a K × P matrix. Notice that � and � are global
parameters shared among all nodes.

(3) For every pair of nodes (i, j) with i = 1, . . . , N and
j = 1, . . . , i − 1, we define

zi j ∼ Mult(θi ), z ji ∼ Mult(θ j ), (3)

with zi j being the membership of node i interacting with node
j and vice versa, sampled from the multinomial distribution
with probabilities θi and θ j respectively.

(4) Once the memberships of i and j are sampled, the
weight Yi j of the corresponding edge is sampled from a Gaus-
sian whose parameters are encoded in the global B and σ 2

matrices:

P(Yi j |zi j = k, z ji = g, B, σ 2) = N
(
Yi j |Bkg, σ

2
kg

)
, (4)

where the notation (used throughout the whole text) “P(·|·)”
stands for the conditional probability of the variable(s) on
the left given the variable(s) on the right. Schematically, the
bioSBM model is illustrated as a graphical model in Fig. 1.

C. Posterior inference

To uncover the latent structure of chromatin interactions,
we developed a posterior inference algorithm tailored to
bioSBM. This algorithm estimates the latent parameters that
best explain the observed Hi-C interaction data, integrating
both chromatin interaction frequencies and biochemical co-
variates.

Our approach is based on variational inference, a method
well suited for complex probabilistic models like the bioSBM,
where exact inference is intractable. We optimize a variational
lower bound on the model evidence, commonly referred to
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as the Evidence Lower Bound (ELBO), which enables us to
approximate the posterior distribution of the latent variables.

The variational inference procedure optimizes the ELBO,
defined as

L(q, �) = Eq[log P(Y, η1:N , Z|�, X ) − log q(η1:N , Z )], (5)

where Y and X are for the OE Hi-C interaction data and
the biochemical covariates, respectively, η1:N are the latent
membership vectors (θ1:N are the normalized versions), Z
represents the community assignments for edges, � includes
the global model parameters, and the symbol Eq(·) de-
notes the expectation value of the bracketed quantity with
respect to the variational distribution q. The variational distri-
bution q(η1:N , Z ) approximates the true posterior distribution
P(η1:N , Z|Y, X, �).

Then the algorithm proceeds in two main steps:
(1) Variational E-step. We update the variational distribu-

tions of the latent variables, ηi and zi j , by maximizing the
ELBO with respect to the variational parameters. The factor-
ized variational distributions take the following form:

q(ηi ) ∝ exp{log P(ηi|μi, �) + Eq(Z )[log P(Z|ηi )]}, (6)

q(zi j ) ∝ exp
{
Eq(z ji )[log P(Yi j |zi j, z ji, B)]

+ Eq(ηi )[log P(zi j |ηi )]
}
. (7)

Here ηi are the continuous latent membership vectors, and zi j

are the discrete community assignments for edges.
(2) Variational M-step. This step involves optimizing the

model parameters � ≡ (�,�, B, σ 2) with the current esti-
mates of the variational distributions. The matrix � maps the
biochemical covariates to the latent space, while � is the
covariance matrix capturing the variability in the latent mem-
berships. The matrices B and σ 2 describe the mean interaction
strengths and variances between communities.

The iterative process of alternating between the E-step and
the M-step continues until convergence, at which point the
model parameters and variational distributions jointly provide
an interpretation of the chromatin interaction patterns. For
the detailed mathematical derivations and specific parameter
update rules, refer to Sec. S1 [35].

III. RESULTS

To train the model, we have performed posterior infer-
ence using pairs of biochemical covariates and Hi-C matrices
(X μ,Y μ)M

μ=1 for M chromosomes (M = 11 was chosen as
the number of chromosomes in each training set in the ex-
periments). More specifically, we employ the two sets of
odd-numbered human chromosomes from 1 to 21 and the
even-numbered human chromosomes from 2 to 22, and we use
the model trained on one set to make predictions on the other
and vice versa computing approximate posterior distributions
over per-node latent membership vectors θi and the model
parameters. We have applied the inference algorithm to data
from the GM12878 lymphoblastoid cell line at a resolution
of 100 kilo-basepairs; then, through Bayesian model selec-
tion, using evidence lower bound (ELBO) as a criterion, we
determined that the optimal number of communities for our
model is K = 7 (see Fig. S1 [35]). These results align with

recent efforts to describe chromatin organization extending
beyond the conventional A/B compartmentalization [6] and
encompassing more nuanced frameworks, including subcom-
partments [9] and Interaction Profile Groups (IPGs) from
Spracklin et al. [15]. Notably, a recent orthogonal approach
based on polymer modeling by Esposito et al. [54] showed
that their model could recapitulate Hi-C contact patterns with
a set of “binding domains,” which could be clustered into
nine statistically significant, epigenetically distinct groups.
The similarity in the number of inferred domain types, despite
the methodological differences, highlights the consistency and
biological relevance of both approaches.

The maximum-a-posteriori (MAP) estimates of the vec-
tors θi provide the most plausible community membership
proportions for each node, based on the observation of ex-
perimental Hi-C maps and associated biochemical covariates.
Along with the θi values, the inference process also estimates
the global parameters that characterize the generative model.
A key parameter is the matrix � (Sec. II C), which represents
the linear transformation mapping biochemical features to the
probabilities of belonging to each community, offering in-
sights into how biochemical factors shape chromatin structure.
Additionally, the matrix B encodes the interaction strengths
between all pairs of communities.

A. bioSBM explains the hierarchical organization
of the chromatin in terms of epigenomic marks

The first output of the inference procedure is a set of
K-dimensional (K = 7 for GM12878) mixed-membership
probability vectors θi for all the genomic bins in the train-
ing data. These vectors represent the probabilistic community
membership of each genomic region.

To facilitate biological interpretation, we perform a sepa-
rate clustering step on these vectors using k-means clustering
[55] to obtain discrete labels. Clustering into two groups
allowed us to compare these clusters to known A/B compart-
ments, while setting the number of clusters to six enabled
comparisons with both the subcompartments defined by Rao
et al. [9] and the Interaction Profile Groups (IPGs) com-
puted with the algorithm by Spracklin et al. [15] (see Sec.
S2.E [35]).

The results of the clustering showed a significant overlap
with the established biological annotations. Figure 2 illus-
trates this comparison for chromosomes 16 and 19. The binary
subdivision in A/B compartments as well as the more granular
classification in subcompartments or IPGs can be captured
from the full mixed membership vectors inferred by our model
(see Fig. S9 [35] a comparison of centrome distances of the
various clusters). Further validation of the inferred communi-
ties was performed by assessing the enrichment (see Sec. S2.C
[35] for details) of each k-mean-derived cluster in the bio-
chemical features xi. These enrichments were compared (see
Fig. 3) to those observed in A/B compartments, subcom-
partments, and annotations from [15], where we can see a
near-perfect agreement of the discretized bioSBM results with
the enrichment of the binary A/B classification and a very
good agreement with the enrichment of the subcompartments
defined by [9] and the IPGs.
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FIG. 2. The latent representation found through inference of the bioSBM model is biologically meaningful. The top rows in (a) and
(b) represent the clusters obtained by applying k-means on the MAP membership vectors inferred through our algorithm. The bottom rows
are biological annotations. (c) Adjusted Mutual Information score between the clustering obtained by bioSBM’s membership vectors and
annotations previously reported in the literature for the example chromosomes 16 and 19 and for all other chromosomes from 1 to 22.

We extended this analysis to other chromosomes (see
Sec. S2.A, in particular Table S1 [35], for details on datasets
used and Figs. S3 and S4 [35] for enrichment results for
all chromosomes) and computed the similarity between the
subdivision found by clustering the membership vectors and
those based on the biological annotations using the Adjusted
Mutual Information (AMI) score (see Sec. S2.D [35]). We
obtained a median AMI score (which ranges from 0 to 1) of
AMIA/B 	 0.76 for the binary clustering, AMIIPG 	 0.52 for
the comparison with Spracklin et al. [15] and AMIsubcomp 	
0.35 for the comparison with Rao et al. [9]. These results sug-
gest that the community structure inferred by bioSBM more
closely resembles IPGs [15] than subcompartments, though
it does not correspond one-to-one with either. Additionally,
we performed a comparison with the 15-state annotations by
ChromHMM [11] [Fig. 2(c)]. While there is a degree of over-
lap between the community structure detected by our model

and the ChromHMM segmentation (median AMIchromHMM 	
0.18), the level of accordance is notably lower than the
comparison we made between bioSBM and other labelings
based on Hi-C data. This difference is not entirely surprising,
as bioSBM does incorporate biochemical covariates, but
one of its core components is community detection based
on chromatin contacts. In contrast, ChromHMM performs a
genome segmentation based solely on epigenomic data.

Importantly, the model goes beyond merely segmenting
chromatin regions based on their epigenetic features; it also
illustrates how these different communities interact, as rep-
resented by the matrix B where each entry Bkg encodes the
interaction strength between community k and g. Figure 4(a)
shows that each of the seven inferred communities is as-
sociated both with distinct epigenomic patterns and with
interaction patterns between communities. Interestingly, de-
spite the apparent redundancy for some of the communities

(a) (b)

FIG. 3. Log-fold enrichment in biochemical features (such as the presence of histone marks) for chromosome 19. The patterns of
enrichment for our clusters are in good agreement with the enrichment found for A/B compartments, subcompartments, and IPGs from
[15]. The naming for the cluster labels for the clustering obtained applying k-means to bioSBM membership vectors, and for IPGs, have been
mapped to match the nomenclature of subcompartments by [9].
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(a) (b)

(c)

FIG. 4. (a) Enrichment of mixed membership communities in the biochemical features used in the model. Each community correlates
with distinct epigenetic features. (b) Interaction intensities between all pairs of communities. (c) Example of membership proportions of
communities 4 and 5, for whole chromosome 19.

at the level of epigenomic profiles, there are clear distinctions
between the interaction patterns of different communities. For
instance [see Fig. 4(c)], communities 0 and 1 have similar
epigenetic profiles but regions predominantly associated with
community 0 interact mainly with community 0 and commu-
nity 1, while nodes predominantly associated with community
1 interact also with community 5. Another notable observa-
tion is that community 2 interacts positively only with the
epigenetically similar communities 3 and 4, but community
3 interacts positively also with the very different community
5. The inset of Fig. 4(c) shows that regions with nonzero
probabilities of belonging to communities 2 and 3 overlap
with clusters corresponding to the B2 and B4 compartments.
Here, however, nodes do not need to be categorized into one
community or another, as they can share properties of multiple
communities in different proportions (see also Fig. S2 [35] for
some results characterizing the importance and degree of the
nodes’ mixed membershipness).

Altogether, these observations show that the bioSBM rep-
resentation of chromatin interaction patterns provides a more
nuanced description than the one provided by simple segmen-
tation of the genome in different clusters.

B. bioSBM’s predictive power

The previous section focused on an analysis of the in-
terpretability of bioSBM, showing that the inferred model

parameters recapitulate and extend previous observations on
the epigenetic state of the chromatin and its compartments. In
this section, we leverage the generative structure of bioSBM to
test whether the simple representation of the genome contacts
in terms of interactions between a limited number of commu-
nities and the fact that these communities can be determined
starting from independent measurements of biochemical co-
variates is enough to reproduce long-range genome-wide
chromatin contact patterns.

Specifically, given matrices B and �, inferred from some
training chromosomes in some conditions, and biochemical
measurements for test chromosomes (either different chro-
mosomes from the same cell line, or chromosomes from a
different cell line), we can compute their community struc-
ture as θi = �xi. With the predicted community structure, we
use the matrix B to sample contact maps and compute their
expectations, which can then be compared to experimentally
obtained Hi-C maps. Refer to Sec. S2.B [35] for technical
details and Figs. 1(b) and 1(c) for a schematic representation
of the pipeline.

1. bioSBM assessment strategy

Testing machine learning models in biology is nontrivial,
because the meaning of generalization is often unclear (see,
e.g., Schreider et al. [56] for an in-depth discussion): one may
seek to predict for unseen regions in the same chromosome
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(a) (b)

(c)

FIG. 5. (a) Box plots of correlations between experimental maps and model generated maps, where the individual data points are single
chromosomes. Ivory squares are the correlation values for an example chromosome 11. To test whether the training performance was
significantly higher or not than the test on different chromosomes on the same cell line we performed a one-tailed Mann-Whitney U test
that yielded a negative answer (p value = 0.82). To test whether the improvement of predictions granted by removal of the RAD21 feature, for
predictions on the AID-treated HCT116 cell line, was significant, we used the same test, which yielded a p value = 1.20 × 10−4 (significant
difference). Also the predictive accuracy on HCT116 without AID treatment is significantly higher (p value = 2.33 × 10−5). See also Fig. S6
[35] for a comparison with the results obtained with a neural network parametrization of �. (b), (c) Schematization of the test performed on
the AID-treated HCT116 cell line.

(hence, with similar local environment), or for different chro-
mosomes in the same biological condition (cell line, tissue,
etc.), or seek to extrapolate to completely new unseen condi-
tions. In our experiments, we stress test bioSBM under the two
most stringent conditions: first, we learn model parameters
using ChIP-seq and Hi-C data from a subset of chromosomes
in the lymphoblastoid cell line GM12878. Then we test model
performance in predicting Hi-C data on the remaining chro-
mosomes, using as input the relative ChIP-seq data [Figs. 1(b)
and 1(c)]. We then seek to assess the performance of bioSBM
on the task of predicting Hi-C data in two completely unseen
cell lines: the K562 leukemia cell line, using ENCODE ChIP-
seq data, and the colorectal carcinoma line HCT116, with and
without a major external perturbation (the rapid degradation
of the RAD21 loop extrusion factor [57]). On the HCT116
RAD21-cell line, we initially perform the prediction task us-
ing the parameters learned from the GM12878 dataset and
ENCODE ChIP-seq data from HCT116, including tracks for
RAD21. We then seek to simulate the ability of bioSBM to
predict perturbation by repeating our prediction experiment
(still with the same parameters), but simply setting to zero
the ChIP-seq tracks for RAD21 [Figs. 5(b) and 5(c)]. This
enables us to assess bioSBM predictions both under covariate
shift (moving from GM12878 to HCT116 RAD21 cells), and
its ability to model perturbations by changing the inputs in a
deterministic way (setting to zero the RAD21 tracks).

2. bioSBM predicts the structure of the chromatin
in unseen cell lines

The results of the tests described above are reported in
Fig. 5(a). The first two columns show Pearson correlation

between experimental log O/E Hi-C maps, and model-
generated maps, for the training chromosomes, and for test
chromosomes on the same cell line. Interestingly, the dif-
ference in accuracy between the training and test sets was
marginal, with a one-tailed Mann-Whitney U test yielding
a p value of 0.82 (meaning the difference in accuracy is
not statistically significant); see Fig. S5 [35] for a compar-
ison between predicted and real maps for all chromosomes.
Therefore, bioSBM effectively generalizes across different
chromosomes within the same cell line, suggesting that
the inferred associations Bkg between communities and the
biochemistry-to-structure map � reflect genuine chromatin
interactions. Despite some differences in methodology and
evaluation metrics, the correlation values we observe align
well with the “distance-corrected” Pearson correlation values
reported by Esposito et al. [54]. Their polymer-based ap-
proach, grounded in physical modeling of chromatin structure,
offers valuable and direct mechanistic insight. While their
model performs well on training data, it exhibits a noticeable
decrease in predictive accuracy on unseen chromosomes. In
contrast, bioSBM maintains robust predictive performance
across chromosomes, highlighting its strong generalization
capability. These complementary strengths illustrate the po-
tential for integrating diverse modeling strategies to better
understand chromatin organization. Additionally, we apply
the model trained on half the chromosomes of GM12878, to
make predictions on contacts on the other half of the chro-
mosomes of the cancer cell lines HCT116 and K562 [last
and third to last columns in Fig. 5(a)], from covariate tracks
downloaded from the ENCODE [58] database. The results
show that the model trained on GM12878 chromosomes is
able to explain a large fraction of the variance in the data from
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HCT116 and K562. Finally, we tested the model on a dataset
for the HCT116 cell line, where auxin-inducible degron (AID)
technology was used to degrade RAD21 [57].

The tests on HCT116 are especially informative, as Rao
et al. [57] showed that RAD21 depletion in HCT116 cells pre-
serves the global compartmentalization pattern—quantified in
terms of the first eigenvector of the Hi-C correlation maps—
but introduces quantitative changes, such as a marked increase
in compartment strength. To quantify this effect, we computed
chromosome-wise correlations between treated and untreated
Hi-C maps for the HCT116 cell line (data from Rao et al.
2017) [57], yielding an average Pearson correlation of ∼0.78.
This confirms that while the plaid pattern remains globally
consistent, substantial quantitative differences exist that a pre-
dictive model like bioSBM should aim to capture.

We make predictions of contact frequencies with the model
trained on GM12878 and independent covariates from the
ENCODE Project [58] obtained from experiments on the
HCT116 cell line (without AID-induced RAD21 degrada-
tion). We tested two scenarios: one where all covariates were
used (denoted RAD21 yes, and one where the RAD21 track
was zeroed out to simulate degradation (RAD21 no). We
then compare these predicted maps to experimental maps of
HCT116 cells without AID treatment (and therefore still have
RAD21) or cells after 6 h of treatment, leading to RAD21 de-
pletion. We denote the first experimental dataset as RAD21+,
and the second one as RAD21− (see Table S1 [35] for data
accession codes).

In the RAD21 yes vs RAD21+ setup, we observe a de-
crease in predictive accuracy, compared to predictions made
on the same cell line as the training data, likely due to
the mismatch between the learned map �, which includes
RAD21, and a biological sample where the latter has been
degraded. Additionally, RAD21 deletion could have induced
slight changes also in the other covariates, further affecting
predictive performance. Notably, when the RAD21 covariate
was excluded from the input (RAD21 no), performance on
the RAD21− experimental data improved significantly (p
value = 1.20 × 10−4) (see Fig. S8 [35] for the analysis strat-
ified by genomic distance). Conversely, the in silico RAD21
exclusion reduced the predictive accuracy for the RAD21+
data (see Fig. 5).

These results underscore the flexibility and robustness of
bioSBM in capturing chromatin interactions under different
cellular conditions (see also Fig. S7 [35] for an example of
predictions with a model retrained on a subset of covariates).

IV. DISCUSSION AND CONCLUSIONS

The bioSBM model introduced in this study offers a novel
approach for modeling long-range chromatin interactions by
integrating Hi-C data with biochemical covariates such as
histone modifications and binding of transcription factors.
By employing a mixed membership stochastic block model,
we capture a more refined and nuanced view of chromatin
structure, extending beyond the traditional binary A/B and
subcompartments framework. Our results show that the seven
communities identified by bioSBM correlate with known
epigenetic features, reinforcing the idea that chromatin in-
teractions are closely tied to the biochemical landscape of

the genome. The partial agreement with subcompartments
suggests that our model may capture additional layers of
chromatin interaction complexity that may be missed by con-
ventional classification methods.

Although more abstract than polymer models, which ex-
plicitly take into account (to varying degrees of detail)
the physical nature of the linear chromosomes, the latent
representation learned by bioSBM remains biologically in-
terpretable. The inferred associations between biochemistry
and structure encoded in the linear map � and the com-
munities interactions contained in B provide a starting point
for systematically exploring more mechanistic descriptions
of how chromatin folding is affected by nuclear biochemi-
cal processes. Importantly, bioSBM does not incorporate the
underlying polymeric nature of chromatin, which is known
to influence 3D genome architecture. Factors such as the
dynamics of loop extrusion, maintained by SMC complexes,
and the local mechanical state of the chromatin fiber can lead
to distinct contact patterns that are not always explained by
epigenomic marks alone. This has been demonstrated both
experimentally (e.g., [59]) and via polymer simulations (e.g.,
[60]). These properties—absent from our current modeling
framework—may account for some of the structural distinc-
tions inferred by bioSBM, even among communities with
seemingly similar epigenomic profiles.

The predictive power of the model is another important
contribution. By leveraging biochemical covariates, bioSBM
can accurately predict chromatin contacts across different
chromosomes and cell lines, comparing favorably with state-
of-the-art polymer approaches [54]. Notably, the model’s
robustness is highlighted by its performance on the HCT116
RAD21-cell line, where the removal of the RAD21 input co-
variate improved predictive accuracy, indicating that bioSBM
can adapt to different chromatin environments and capture
interactions under varying conditions, such as RAD21 de-
pletion. Interestingly, bioSBM also compares favorably with
recent deep-learning models, though their objectives and de-
signs differ. While some deep learning approaches rely solely
on DNA sequence input [20,21], limiting their ability to model
cell-type specific variations, bioSBM explicitly integrates epi-
genetic features for this purpose. A recent model, Epiphany
[23], also incorporated epigenomic data and reports predictive
performance on held-out chromosomes in GM12878 that is in
a similar range to what we observe for bioSBM. However,
we note that a direct comparison is not straighforward, as
Epiphany operates at a higher resolution and focuses on fine-
scale perturbations. Additionally, its evaluation in other cell
types is based on structural features such as insulation scores
rather than whole-map correlation.

While our model cannot operate at this fine-grained scale,
it remains effective in predicting the effects of larger-scale
manipulations such as the AID-induced RAD21 reported
above. Despite these differences, both approaches highlight
the value of integrating epigenomic information into 3D
genome prediction models. Crucially, bioSBM stands out
for its interpretability: every parameter has a clear proba-
bilistic semantic, allowing their analysis to uncover a clear
biological meaning. This makes bioSBM a valuable, flexible
tool for studying chromatin organization in diverse cellular
contexts.
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While this study focuses on Hi-C data, the so-called enrich-
ment methods [61], such as Promoter Capture Hi-C (PCHi-C)
[62] or ChIA-PET [63,64], may offer more functionally rele-
vant perspectives on chromatin structure. PCHi-C, for exam-
ple, highlights promoter region interactions, while ChIA-PET
focuses on interactions involving specific proteins. These
methods present challenges for polymer models because they
capture interactions between noncontiguous regions. How-
ever, bioSBM, being graph-based, could accommodate these
noncontiguous interactions with some adaptation. Though
some graph-based studies exist that link nuclear biochemistry
to chromatin structure as assayed by these enrichment-based
data [29,30], a fully generative predictive model mapping bio-
chemistry to the chromatin interaction patterns, such as that
provided by bioSBM for Hi-C, has yet to be developed. With
appropriate adjustments, bioSBM could readily be extended
to accommodate these data types.

In conclusion, the bioSBM model successfully balances
interpretability and scalability, offering a valuable tool for
understanding the relationship between chromatin structure
and its biochemical underpinnings. By incorporating bio-
chemical features and allowing for mixed memberships,

bioSBM provides a more flexible and biologically meaningful
representation of chromatin interactions. The model’s predic-
tive power and adaptability across different cellular contexts
underscore its potential for further applications, such as ex-
ploring chromatin dynamics in different developmental stages
or disease states.
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[36] A. Frieze and M. Karoński, Introduction to Random Graphs
(Cambridge University Press, Cambridge, 2015).

[37] B. Bollobás, Random Graphs, 2nd ed., Cambridge Stud-
ies in Advanced Mathematics (Cambridge University Press,
Cambridge, 2001).

[38] C. Lee and D. J. Wilkinson, A review of stochastic block models
and extensions for graph clustering, Appl. Netw. Sci. 4, 122
(2019).

[39] J.-J. Daudin, F. Picard, and S. Robin, A mixture model for
random graphs, Stat. Comput. 18, 173 (2008).

[40] E. Abbe, Community detection and stochastic block models:
Recent developments, J. Mach. Learn. Res. 18, 1 (2018).

[41] A. Grosberg, Y. Rabin, S. Havlin, and A. Neer, Crumpled
globule model of the three-dimensional structure of DNA,
Europhys. Lett. 23, 373 (1993).

[42] C. Münkel and J. Langowski, Chromosome structure predicted
by a polymer model, Phys. Rev. E 57, 5888 (1998).

[43] A. Rosa and R. Everaers, Structure and dynamics of in-
terphase chromosomes, PLoS Comput. Biol. 4, e1000153
(2008).

[44] A. Rosa, N. B. Becker, and R. Everaers, Looping probabili-
ties in model interphase chromosomes, Biophys. J. 98, 2410
(2010).

[45] A. Y. Grosberg, How two meters of DNA fit into a cell nucleus:
Polymer models with topological constraints and experimental
data, Polym. Sci. Ser. C 54, 1 (2012).

[46] J. D. Halverson, J. Smrek, K. Kremer, and A. Y. Grosberg,
From a melt of rings to chromosome territories: The role of
topological constraints in genome folding, Rep. Prog. Phys. 77,
022601 (2014).

[47] M. Mariadassou, S. Robin, and C. Vacher, Uncovering latent
structure in valued graphs: A variational approach, Ann. Appl.
Stat. 4, 715 (2010).

[48] E. M. Airoldi, D. M. Blei, S. E. Fienberg, and E. P. Xing, Mixed
membership stochastic blockmodels, J. Mach. Learn. Res. 9,
1981 (2008).

[49] D. S. Johnson, A. Mortazavi, R. M. Myers, and B. Wold,
Genome-wide mapping of in vivo protein-DNA interactions,
Science 316, 1497 (2007).

[50] G. M. Allenby, P. E. Rossi, and R. E. McCulloch, Hierarchical
Bayes Models: A Practitioner’s Guide, SSRN working paper,
Ohio State University, University of Chicago, 2025, https://ssrn.
com/abstract=655541.

[51] A. Gelman, J. B. Carlin, H. S. Stern, D. B. Dunson, A. Vehtari,
and D. B. Rubin, Bayesian Data Analysis, 3rd ed., Texts in
Statistical Science Series (CRC Press, Boca Raton, FL, 2014).

[52] J. Aitchison, The statistical analysis of compositional data, J. R.
Stat. Soc.: Ser. B 44, 139 (1982).

[53] D. M. Blei and J. D. Lafferty, A correlated topic model of
science, Ann. Appl. Stat. 1, 17 (2007).

[54] A. Esposito, S. Bianco, A. M. Chiariello, A. Abraham, L.
Fiorillo, M. Conte, R. Campanile, and M. Nicodemi, Polymer
physics reveals a combinatorial code linking 3D chromatin
architecture to 1D chromatin states, Cell Rep. 38, 110601
(2022).

[55] S. Lloyd, Least squares quantization in PCM, IEEE Trans. Inf.
Theory 28, 129 (1982).

[56] J. Schreiber, R. Singh, J. Bilmes, and W. S. Noble, A pitfall for
machine learning methods aiming to predict across cell types,
Genome Biol. 21, 282 (2020).

[57] S. S. P. Rao, S.-C. Huang, B. Glenn St Hilaire, J. M. Engreitz,
E. M. Perez, K.-R. Kieffer-Kwon, A. L. Sanborn, S. E.
Johnstone, G. D. Bascom, I. D. Bochkov et al., Cohesin loss
eliminates all loop domains, Cell 171, 305 (2017).

[58] ENCODE (2024), https://www.encodeproject.org/.

043006-11

https://doi.org/10.1016/j.bpj.2023.12.006
https://doi.org/10.1038/s41592-020-0958-x
https://doi.org/10.1038/s41592-020-0960-3
https://doi.org/10.1038/s41588-022-01065-4
https://doi.org/10.1186/s13059-023-02934-9
https://doi.org/10.1038/s41467-020-14974-x
https://arxiv.org/abs/1509.05121
https://doi.org/10.1038/nmeth.4560
https://arxiv.org/abs/2405.05425
https://doi.org/10.1186/s13059-016-1003-3
https://doi.org/10.3389/fbinf.2021.742216
https://doi.org/10.1016/j.gde.2023.102051
https://doi.org/10.1080/01621459.1987.10478385
https://doi.org/10.1007/s003579900004
https://doi.org/10.1093/nar/gks501
http://link.aps.org/supplemental/10.1103/gy1p-4256
https://doi.org/10.1007/s41109-019-0232-2
https://doi.org/10.1007/s11222-007-9046-7
https://jmlr.org/papers/v18/16-480.html
https://doi.org/10.1209/0295-5075/23/5/012
https://doi.org/10.1103/PhysRevE.57.5888
https://doi.org/10.1371/journal.pcbi.1000153
https://doi.org/10.1016/j.bpj.2010.01.054
https://doi.org/10.1134/S1811238212070028
https://doi.org/10.1088/0034-4885/77/2/022601
https://doi.org/10.1214/10-AOAS361
https://pmc.ncbi.nlm.nih.gov/articles/PMC3119541/
https://doi.org/10.1126/science.1141319
https://ssrn.com/abstract=655541
https://doi.org/10.1111/j.2517-6161.1982.tb01195.x
https://doi.org/10.1214/07-AOAS114
https://doi.org/10.1016/j.celrep.2022.110601
https://doi.org/10.1109/TIT.1982.1056489
https://doi.org/10.1186/s13059-020-02177-y
https://doi.org/10.1016/j.cell.2017.09.026
https://www.encodeproject.org/


ZHANG, ROSA, AND SANGUINETTI PRX LIFE 3, 043006 (2025)

[59] I. F. Davidson and J.-M. Peters, Genome folding through loop
extrusion by SMC complexes, Nat. Rev. Mol. Cell Biol. 22, 445
(2021).

[60] S. Leidescher, J. Ribisel, S. Ullrich, Y. Feodorova, E.
Hildebrand, A. Galitsyna, S. Bultmann, S. Link, K. Thanisch, C.
Mulholland et al., Spatial organization of transcribed eukaryotic
genes, Nat. Cell Biol. 24, 327 (2022).
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