Reviewers' comments:
Reviewer #1 (Remarks to the Author):

This nicely-written manuscript describes an approach for identifying significant interactions from
Hi-C data and using these interactions to produce ensembles of 3D models of chromatin
conformation. The idea of creating ensembles of different possible 3D conformations from Hi-C
data acknowledges the fact that bulk Hi-C data reflects interactions across a population of cells
and is an improvement on approaches that create single best-fit models of the Hi-C data.

While the method is novel and interesting, and should be useful for the field, the authors overstate
the novelty of the biological results. I believe the manuscript would be improved by a stronger
focus on comparing the method to other approaches, including quantitative comparisons and
additional details about software availability and performance. This would make this method more
accessible and more likely to be adopted by other members of the Hi-C community.

Major points

e The approach for identifying significant interactions from Hi-C data (here termed ‘specific’
interactions) is novel and sounds potentially useful, however there is no analysis of how this
approach compares to other ways of identifying significant interactions. The authors should include
a comparison with other methods such as GOTHIC (PMID: 28379994) or Fit-Hi-C (PMID:
24501021), and perhaps also to loop-calling approaches such as HICCUPS (PMID: 25497547),
given that the specific interactions identified include loop-like interactions. These should be
compared both in terms of the overlap of significant interactions between different methods, and
how effective these sets of interactions are for 3D modelling.

e There are multiple places where the authors overstate the novelty of their biological findings. For
example, in line 283 they claim that they detect changes which would not be detectable using
direct examination of Hi-C contacts, but increased chromatin compaction during Drosophila
embryo development is found in previous studies (Hug et al. 2017 PMID: 28388407, Ogiyama et
al. 2018, PMID: 30008320). Similarly, interaction dynamics at the Scyl/chrb locus can be detected
using 4C/Hi-C data without 3D modelling (Ghavi-Helm et al. 2014 PMID: 25043061, Hug et al.
2017 PMID: 28388407, Ogiyama et al. 2018 PMID: 30008320). The establishment of boundaries
at the MBT has been previously shown (Hug et al. 2017 PMID: 28388407) and the enrichment of
insulator proteins at boundaries is also not novel (e.g. Hou et al. 2012 PMID: 23041285).

¢ When discussing the heterogeneity of the 3D conformations, the authors should be clear that this
reflects theoretical heterogeneity across a population of cells, and does not necessarily reflect
actual single cell conformations. Single conformations from the ensemble should not be referred to
as “single cells”.

e The authors only use data from S2 cells when analysing the chromatin states of regions involved
in specific interactions. Given that chromatin marks are dynamic during development, their
statements about the frequency of different types of interactions are not well supported. The
authors should confirm whether these results are robust when using chromatin state data from
another source, such as early embryos.

Minor points

¢ Given the nature of the chromatin fibre, one would expect to find clusters of bins involved in
significant interactions with a region of interest: even if the interaction is driven by a single bin,
neighbouring bins would also have elevated interaction frequency with the region of interest. This
appears to be true for the Scyl/chrb interaction but not for Bsg25A/slam. Can the authors
comment on why this might be the case?

e Can the authors comment on how Scyl-chrb interactions relate to the expression of these genes
and the activity of the interacting enhancer? Are more frequent interactions associated with
Polycomb repression, or with active expression?



e Line 198-200: this sentence is misleading. The fraction of significant interactions from bulk Hi-C
data in a particular region does not imply anything about the fraction of interactions occurring in a
single cell.

* The labelling of the samples used as “cycles” and “stages” in Fig 4 is inaccurate (cycles 9-13 also
correspond to specific embryonic stages: stages 3-4) and confusing. If shorthand terms are
necessary perhaps “pre-/post-MBT” would be useful terms to use.

e Line 263: No data is shown to support heterogeneous structures at the active region of interest.
This should be included, at least as a supplementary figure.

¢ It would be nice to see single-cell analyses such as DNA FISH to support the statements about
heterogeneity of single-cell chromatin conformation, particularly the idea that TAD structures are
present in single cells pre-MBT. However, I realise that this may be outside the scope of this work.

Reviewer #2 (Remarks to the Author):

Review for <i>Nature Communications</i>
“High-resolution single-cell models of ensemble chromatin structures during Drosophila
Embryogenesis from Population Hi-C” by Qiu Sun et al.

In this manuscript, the authors claim to present a new computational method that allows the
reconstruction of chromatin conformations using Hi-C contacts determined in Drosophila. They
claim that the method can identify specific functional interactions from population Hi-C maps that
usually suffer from the presence of high amounts of random, non-functional chromatin contacts.
Further, they argue that these specific contacts, which account for only a small fraction of all
contacts, are sufficient to drive chromatin folding and reproduce topologically associated domains,
long-range interactions, compaction of repressed regions, dynamic changes during embryogenesis,
and more.

This paper is problematic for several reasons. The novelty appears to surround a new method, but
the method is not discussed in the Abstract, Introduction, Main body, and Discussion parts of the
paper. Specifically, the authors claim to <i>"“describe a computational method for reconstruction of
large 3D ensemble of single-cell chromatin conformations”</i>, but the paper actually does not
present the method development, its validation, or its comparison with other approaches. Instead,
the paper seems to mention various applications to three Drosophila cell types at different
developmental stages.

Without a clear focus, and misleading premise, it is far from clear what the message of this paper
is. If the authors want to communicate new biological insights, the focus should be on the
biological interpretations. On the other hand, if they are introducing a novel method, then the
method should be properly described, compared to others, validated, and so on. It appears that
the method itself was submitted as a separate paper, confusing matters.

This focus problem is also exacerbated by the excessive length of the manuscript. The authors
significantly exceed the allowed length for both the Abstract and main text. If the focus was clear,
shortening would not be a problem, but the misleading premise and unsubstantiated claims render
this manuscript premature.

In sum, a complete overhaul of the manuscript and its message would be required before this

paper might be considered further, but it remains unclear to this reviewer whether a rehauled
manuscript would be suitable to Nature Communications.

Reviewer #3 (Remarks to the Author):



The authors present a method for identifying specific Hi-C contacts that are sufficient for
determining the overall 3D architecture of the chromatin fiber. They subsequently construct an
ensemble of chromatin configurations consistent with the contact frequencies of the specific loci.
The authors use this ensemble to extract biological insights concerning a variety of features whose
heterogeneity are obscured in bulk Hi-C. Two of these - observations of three-body interactions,
and observations of single-cell TAD-like structures absent in bulk Hi-C - are discussed in the
comments below.

Summary: Reconstruction of configuration ensembles from bulk Hi-C is an elegant and appealing
idea, and the authors convincingly show that their method qualitatively captures known features of
nuclear architecture. However, I have reservations about the proposed method’s use in generating
quantitative conclusions, given what I perceive as a lack of bench-marking. The quantitative
validity of the reconstructions is particularly important when evaluating the novel findings of three-
body interactions and the appearance of TAD-like structures in individual members of the
reconstructed ensemble. Additionally, very little comparison or benchmarking is given in the main
text to previously reported methods in the literature which have the same goal of ensemble
reconstruction. This is especially important given the authors’ claims in line 55 that the community
currently lacks an acceptable algorithm for ensemble reconstruction.

For these reasons, think this manuscript is acceptable for publication in Nature Communications,
but only with substantial revision. The findings and methods are of interest to the community, but
additional works needs to be done to clarify the novelty of the algorithm and the quantitative
validity of the findings.

Specific Comments:

1. I do not believe that the null model considered here is particularly meaningful in a physical
sense; why should specific interactions be those that exceed the threshold of a self-avoiding
random walk (SARW) contact frequency? For example, there has been speculation that chromatin
adopts a fractal globule state, which generates a different scaling of contact probability with
respect to genomic distance and hence would identify different contacts as being specific
interactions. The authors should provide a justification for why a SARW is a physically well-
motivated choice on which to construct a null model; the current exposition is too terse in this
regard.

2. A more data-driven approach to identification of specific interactions would be to take the
average along each off-diagonal and then consider specific contacts to be those that have
abnormally high (or low) frequencies relative to their same-distance peers. Can the authors
comment on why they do not use this (in my view, more standard) approach? Including depletion
of contact frequency in addition to enrichment of contact frequency might also provide useful
information for the Bayesian reconstruction.

3. I would like for the authors to provide additional evidence that the ensemble constructed by the
sequential Bayesian framework is in fact guaranteed to quantitatively reproduce the configurations
sampled by Hi-C. Reconstruction of configurations is generally an ill-posed inverse problem with
multiple solutions; for example, if the Hi-C matrix is extremely sparse, then there will be many
possible configurations which satisfy the frequency constraints given by the Hi-C map. I would
suggest that the authors include in-silico evidence for their claims, where it is possible to compare
to ground truth; construct an ensemble, simulate Hi-C on this ensemble of configurations, and
show that the proposed method is capable to reconstructing the original ensemble and not just its
corresponding Hi-C map.

4. Additionally, how does the distance-adjusted Pearson correlation change as the p-value
threshold for specific contacts is decreased? Pearson correlations are reported in section “3D Loop



structures recovered...” but I cannot seem to find the corresponding distance-adjusted
correlations. It is also a little surprising that the all-contact maps perform worse compared to the
specific-contact maps. Is this simply an issue of insufficient sampling? Can the authors provide
some intuition for this?

5. It would be good to define “distance-adjusted Pearson correlation” in the Methods as opposed to
just citing [37]; it's difficult even in the cited paper to find the definition of this quantity.

6. The authors should also contrast their approach, in more detail, with existing approaches which
seek to reconstruct ensembles of configurations from bulk Hi-C - for example, the approach given
in main text reference [27], the approach in Supplemental Methods reference [14], the MOGEN
algorithm [Trieu and Cheng, Bioinformatics 2016, https://doi.org/10.1093/bioinformatics/btv754],
or the more physically motivated approach in [Zhang and Wolynes, PNAS 2015,
https://doi.org/10.1073/pnas.1506257112].

7. When the sequential Bayesian inference procedure is introduced in “Specific interactions are
sufficient...”, the use of “constraints” to refer to the role that specific interactions play in the
reconstruction was confusing to me. In my interpretation, the role they play is to require certain
contact frequencies averaged over the ensemble, but the use of the word constraints suggests that
each member of the reconstruction is being constrained to have those loci in contact. My
preference is that constraints be replaced by phrasing involving the word “frequency”.

In general, a high-level explanation of the method would be appreciated here, as it doesn’t appear
that any is currently given; readers must refer to the Supplementary Methods in order to
understand basics of the method. Given that several methods exist in the literature which purport
to reconstruct ensembles of chromatin structures based on Hi-C, it would also help the reader in
terms of understanding the precise way in which the proposed method is novel.

8. The authors follow changes in contacts between genomic regions identified as belonging to A
(active), I (inactive), and P (polycomb). The assignment of these regions to a particular domain
type is based on ChIP-seq data. Perhaps this is known, but evidence that these assignments do
not change over the course of development is necessary, in my view. Otherwise, these changes in
contact frequencies could be attributed to changes in domain assignment.

9. In the section demonstrating three body interactions, it would again be good to know that the
sequential Bayesian framework is capable of observing changes in three-body interaction
frequencies in silico, by construction of an ensemble with a particular frequency of three body
interactions which is then inferred by the proposed method. The FISH comparison in Fig. S4g is a
nice step, but I think it’s important that the extent of quantitative success of the method is
explored in a more controlled environment.

10. Given that both the original and simulated Hi-C maps in Fig 5a seem essentially featureless,
the authors’ claim to have identified TAD-like structures is surprising and interesting. This leads to
two separate questions:

1. Is there perhaps a signal of TAD structures in the bulk Hi-C map? The authors can quantitatively
assess this using an insulation or boundary strength score; it seems like the current evaluation is
mostly qualitative.

2. To what extent is the ensemble constructed simply a reflection of random fluctuations? Said
another way, if the authors were to construct an ensemble of SARWs, would they also observe a
similar subpopulation of configurations with TAD-like structures? Said yet another way, can the
authors provide a convincing null model here?



Revision Report

We thank all referees for their critique. The referees’ thoughtful comments and suggestions
are very valuable, which helped us to strengthen our paper significantly.

We have followed referees’ advice closely and have revised our manuscript extensively:
Much of the main text has been entirely rewritten. Our detailed responses to the referees’
comments are itemized below.

Reviewer 1
Major points

1. “(General comment) I believe the manuscript would be improved by a stronger focus
on comparing the method to other approaches, including quantitative comparisons ....”

“ The approach for identifying significant interactions from Hi-C data (here termed
‘specific’ interactions) is novel and sounds potentially useful, however there is no anal-
ysis of how this approach compares to other ways of identifying significant interactions.
The authors should include a comparison with other methods such as GOTHiC (PMID:
28379994 ) or Fit-Hi-C (PMID: 24501021), and perhaps also to loop-calling approaches
such as HICCUPS (PMID: 25497547), given that the specific interactions identified in-
clude loop-like interactions. These should be compared both in terms of the overlap of
significant interactions between different methods, and how effective these sets of in-
teractions are for 3D modelling.”

Thank you for these suggestions. Following your advice, we have compared our method
with Fit-Hi-C, and GOTHiC. We have also examined the HICCUPS method as sug-
gested, which is designed for loop-calling and therefore different from the other meth-
ods. We have added the following paragraphs to the Discussion section:

We have further compared the specific interactions identified by our method
with those by Fit-Hi-C [1] and GOTHIC [2] (Supplementary Figure S4a and Sup-
plementary Methods). Overall, all three methods identify a small fraction of
specific interactions (4.1-7.5% genome-wide for S2R+ cells), with varying de-
gree of overlaps (85.2% of Fit-Hi-C and 36.0% GOTHIC are present in ours).
Compared to Fit-Hi-C and GOTHIC, our method identifies more long-range in-
teractions (26.2% vs. 17.3% and 1.35% are of >500 kb, Supplementary Figure
S4b-c). The small fractions of interactions identified by all these methods are
found to be sufficient to drive chromatin folding for a 1 Mb region tested using
our folding algorithm, although ours gives the highest correlation to Hi-C mea-
surements (Supplementary Figure S4d). We also examined the effectiveness of
HiCCUPS [3], which identifies looping interactions. Interestingly, we found that
the much smaller fraction (0.1%) of looping interactions identified by HICCUPS
was insufficient to drive chromatin folding (Supplementary Figure S4).



and provided the following discussion:

Our method is based on an explicitly constructed random 3D polymer ensemble
as the null model. This is a uniquely appropriate approach for chromatin studies,
as polymer effects of random collision of chromatin fiber are explicitly modeled.
This null model allowed effective discrimination of specific interactions from
background noise of random chromatin collision. Several other methods such as
Fit-Hi-C and GOTHIC [2] can also be used to identify specific interactions.
However, these methods rely on null models constructed from the Hi-C data itself
for removal of background noises [1}35,36], which may lead to inherent bias in
the resulting null hypothesis test. Furthermore, our physically constructed null
model can be used to identify higher-order specific many-body interactions ,
which is not possible with null models derived solely from 2D Hi-C contact maps.
As shown in a separate study describing the CHROMATIX algorithm, this null
model can be used for analysis of many-body chromatin interactions, such as
those encountered in enhancer-rich regions [20].

We have also added more details to a new section Comparison of specific interac-
tions among different methods of the Supplementary Methods:

We compared specific interactions identified using our method with those from
Fit-Hi-C (v 2.0.7), GOTHIC (v 1.22.0), and HICCUPS (v 1.14.08).
For Fit-Hi-C, we use parameters “-r 2000 -p 2". A bias file generated by
ICE is also used for the “~t" option. Fit-Hi-C-specific interactions are selected
based on the criteria of g-value < 0.01. For GOTHIC, we rearrange our valid
Hi-C ligation products to HiCUP output format as required by GOTHiChicup,
after removal of PCR duplicates, self-ligation and dangling reads. We perform
GOTHIC calculations via GOTHiChicup using default parameters. Hi-C con-
tacts with ¢g-value < 0.01 are identified as GOTHiC-specific interactions. For
HICCUPS, we take the implementation from the juicer-tools (https://github.
com/aidenlab/juicer) with options
“-—cpu -m 1024 -k KR -r 2000 -p 4 -i 10 -d 10000 -f 0.01
--ignore sparsity”.
Enriched pixels with FDR < 0.01 are then selected. We constructed a separate
3D chromatin ensemble for each method using the respective specific interaction
frequencies; all 3D ensembles were generated via sequential Bayesian inference
framework. Each ensemble consisted of 50,000 single-chain chromatin poly-
mers.

The specific interactions for a 1 Mb region (chr2L: 11-12 Mb) are shown in
Figure S4a. Overall, there are 6.3% (ours), 4.1% (Fit-Hi-C), 7.5% (GOTHiC)
and 0.1% (HICCUPS) of genome-wide S2R+ Hi-C contacts within 4 Mb genomic
distance that are identified to be specific, respectively (Supplementary Figure
S4b). Despite a lower fraction retained than GOTHIC (6.3% vs. 7.5%), our
method identifies more long-range specific interactions (26.2% vs. 1.35% with
separating distance > 500 kb, respectively). The number of specific interactions


https://github.com/aidenlab/juicer
https://github.com/aidenlab/juicer

in 10° (M) for the whole genome is shown in the Venn diagram of Supplementary
Figure S4c, along with the numbers of the intersections. Specifically, 85.2% and
36.0% of Fit-Hi-C and GOTHIC specific interactions are also identified by our
method.

We further used our folding algorithm and constructed 3D ensembles of chro-
matin structures using contact frequencies of specific interactions obtained with
these methods for the 1 Mb region of chr2L:11-12 Mb. We evaluate similarities
between simulated and Hi-C contact frequencies based on Pearson correlation
coefficient r and distance-adjusted correlation coefficient »'. While our fold-
ing algorithm can generate 3D chromatin ensembles using specific interactions
identified by our null model,our folding algorithm can also utilize Fit-Hi-C and
GOTHIC specific interactions which are also sufficient for generating 3D ensem-
bles.However, results using our null model have the highest r and r’-values, and
are most similar to the original Hi-C measurements (Supplementary Figure S4d).

We have also added Supplementary Figure S4a—4d to illustrate these new results:
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Supplementary Figure S4. Comparison of specific interactions obtained using different meth-
ods. (@) Distributions of all and specific interactions by our method, Fit-Hi-C, GOTHiIC and
HICCUPs in a 1 Mb region (chr2L: 11-12 Mb). Lower left triangle shows all Hi-C contact
frequencies, upper right triangle specific interactions (white and dark blue colors represent back-
ground and specific interactions). (b) Fractions of genome-wide specific interactions of <4 Mb
distance using different methods. (c) Overlap of specific interactions among our method, Fit-Hi-
C and GOTHIC. (d) Pearson correlation coefficient  and distance-adjusted correlation coefficient
r" between Hi-C and simulated contact frequencies obtained from polymer ensembles constructed
using specific interactions of our method, Fit-Hi-C, GOTHiC and HICCUPS.



2. “and additional details about software availability and performance.”

Source code for null model chromatin folding by fractal Monte Carlo is available via
git repository at https://bitbucket.org/aperezrathke/chr-folder. Source code
for Sequential Bayesian inference framework is available via https://github.com/
qiusun0215/sBIF. This information appears in the Code availability section of the
manuscript.

We have added a new figure (Supplementary Figure S8d) to provide information on
computing cost in constructing ensembles of 3D polymer chains of varying lengths (100
— 1,000 beads) using frequencies of specific Hi-C contacts for the 10 regions listed in
Table S1. Each ensemble consists of 50,000 polymer chains.
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Supplementary Figure S8. (d) averaged CPU time (minutes) for constructing 3D polymer
chains (50,000 chains, 20 Intel(R) Xeon(R) E5-2650 CPU cores) using frequencies of specific
interactions for the ten regions.


https://bitbucket.org/aperezrathke/chr-folder
https://github.com/qiusun0215/sBIF
https://github.com/qiusun0215/sBIF

3. “(General comment) the authors overstate the novelty of the biological results.”

“ For example, in line 283 they claim that they detect changes which would not be de-
tectable using direct examination of Hi-C' contacts, but increased chromatin compaction
during Drosophila embryo development is found in previous studies (Hug et al. 2017
PMID: 28388407, Ogiyama et al. 2018, PMID: 30008320).”

Thank you for pointing out the inaccuracy in our statements. We have modified our
description, with these two very helpful references added:

Consistent with previous qualitative observations of significant changes in com-
pactness during embryogenesis ,, we observed that later embryos have higher
proportions of compact clusters (C4 and C5) in the polycomb-repressed region
(Figure 4c). Yet our models further enable a quantification of this difference in
compaction: there is an 8% reduction in the radius of gyration (R,) [7] in this
region from the pre- to post-MBT but a more significant 18% reduction in the
S2R+ cells. Similarly, the end-to-end distances change by only 6% from pre-
to post-MBT whereas there is an 18% change in the S2R+ cells (Supplemen-
tary Figure S9c). Similar changes in these measurements are also observed in
the active region (Supplementary Figure S9d and S9i). Such quantitative mea-
sures of change in compactness can only be derived from physical models of 3D
chromatin conformations.

“Similarly, interaction dynamics at the Scyl/chrb locus can be detected using 4C/Hi-C
data without 3D modelling (Ghavi-Helm et al. 2014 PMID: 25043061, Hug et al. 2017
PMID: 28388407, Ogiyama et al. 2018 PMID: 30008320).

Thank you again for pointing out the confusing nature of our statement. We have now
modified our sentences for clarification:

Previous studies suggested that the promoters of these genes and a putative
enhancer physically interact and this interaction changes during embryogenesis

(Figure 4e) [4]]5][34].

To further test this idea, we constructed 3D ensembles of single-chain confor-
mations of this region for the three cell types. As shown in Figure 4g, we found
there exists a significant three-way interaction between these regions in our mod-
els. We note that the distribution of spatial distances between chrb and Scyl/
and two other control regions derived from our model is highly consistent with
DNA FISH measurements (Fig 4d) [8]. ... Thus, our results implicate this
putative enhancer [8] in forming a spatial unit of three-body interactions with
the promoters of Scyl and chrb.

We also modified other relevant sentence to:

We expected that these changes in the overall compaction at the domain-level
might also translate into functionally relevant changes in specific three-body
interactions.



“The establishment of boundaries at the MBT has been previously shown (Hug et al.
2017 PMID: 28388407) and the enrichment of insulator proteins at boundaries is also
not novel (e.g. Hou et al. 2012 PMID: 23041285).”

Indeed our writing may have been misleading. We have added references pointing to
these experimental findings, and have modified our paragraph so it reads:

Previous Hi-C studies showed that, during Drosophila embryogenesis, TAD bound-
aries are only established during the MBT but are otherwise not visible on the
heat map at early stages [4,5,9]. Indeed, as shown in Figure 2a and 4a, TADs
can be clearly seen in Hi-C heat maps of post-MBT embryos (stages 5-8) and
S2R+ cells, but not in early embryos.

The discussion of our results on insulator proteins and TAD boundaries has also been
revised, and a citation to the important study from the Corces lab is added:

Previous studies showed that insulator proteins such as BEAF-32/CTCF /Su(Hw)/CP190
are strongly enriched at TAD boundaries of Drosophila [10]. We then examined
whether the boundary positions appearing in our 3D models of late embryos also
correlate with the preferred binding sites of these insulator proteins.

and

These results therefore show that TAD boundaries appearing in our 3D structural
models of single chromatin chains, once aggregated, are consistent with findings
from population-based Hi-C studies [10]. Furthermore, the heterogeneity in Hi-C
data is manifested by the presence of TADs with strongly heterogeneous bound-
aries at an early stage, which is quantified in our modeled individual chromatin
structures.

“When discussing the heterogeneity of the 3D conformations, the authors should be
clear that this reflects theoretical heterogeneity across a population of cells, and does
not necessarily reflect actual single cell conformations. Single conformations from the
ensemble should not be referred to as “single cells” ”

Thank you for this clarifying suggestion. Following your advice, we now use the
terms “modeled single-cell conformations” and “modeled single-chain” in the revised
manuscript.

“The authors only use data from S2 cells when analysing the chromatin states of re-
gions involved in specific interactions. Given that chromatin marks are dynamic during
development, their statements about the frequency of different types of interactions are
not well supported. The authors should confirm whether these results are robust when
using chromatin state data from another source, such as early embryos.”

Thanks for pointing out this important issue. To verify whether chromatin states iden-
tified using epigenetic modifications of S2 cells are stable across different developmental
stages, we have followed your advice and carried out additional computations.



We have now added the following and a new figure (Supplementary Figure S5) to
Supplementary Methods:

To assess possible changes in the distribution of different interaction types, we
use the 15 markers of S2 to categorize all specific interactions from each cell
type, as the chromatin classification based on S2 cells is robust across embryos at
cycle 12 and cycle 14c. This is supported by an analysis following the approach
of [4] to examine the three representative histone modifications (H3K37me3,
H3K36me3 and H3K4me3). Supplementary Figure S5 shows that after signals of
histone modifications in 2 kb bins are aggregated over the same three chromatin
states (Active, Inactive and Polycomb-repressed) defined by S2 markers, their
distributions are unchanged in embryos at cycle 12 (during cycles 9-13) and
cycle 14c (during stages 5-8).
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Supplementary Figure S5. Distributions of H3K27me3, H3K36me3 and H3K4me3 ChlP-seq
and ChlP-chip quantile-normalized signals in 2 kb bins from embryos at cycle 12, cycle 14c, and
S2-DRSC are largely unchanged. The three chromatin states (Active, Inactive and Polycomb-
repressed) are assigned based on S2 markers. ChlP-seq and ChIP-chip data are taken from
the GEO database (Data sources listed in Supplementary Table S3). Processed wiggle files
downloaded from the database are quantile-normalized before comparison.



7.

Minor points

“Given the nature of the chromatin fibre, one would expect to find clusters of bins
inwvolved in significant interactions with a region of interest: even if the interaction is
driven by a single bin, neighbouring bins would also have elevated interaction frequency
with the region of interest. This appears to be true for the Scyl/chrb interaction but
not for Bsg25A /slam. Can the authors comment on why this might be the case?”

Thank you for raising this interesting question. We have added the following text to
discuss this phenomenon (legend of Supplementary Figure S3b):

Note that bins immediately neighboring the bin containing chrb also exhibit
elevated interaction propensity, in contrast to that of Bsg25A/slam shown in
Figure 2b. This is likely related to the much longer genomic distance of > 1.6
Mb between Bsg25A and slam, compared to ~ 250 kb between Scyl and chrb
shown here. As both Figure 2b and Supplementary Figure S3b depict propensities
rather than absolute frequencies, it is not apparent that the elevated propensity of
Bsg25A-slam is based on read-outs of much smaller absolute frequencies prior to
normalization (8) compared to that of Scyl-chrb (37). Due to this longer genomic
distance, there is overall lowered absolute frequencies of ligation between bins
neighboring slam and the bin of Bsg25A and its neighbors in Hi-C experiment.
Since we use a rather aggressively stringent criterion in our null model (FDR <
0.01), such interactions of lower frequency with bins neighboring slam are not
selected, in contrast to the strong elevated signal of interaction we do detect at
the bin containing slam and its neighbors.Because of its 3D geometric basis, our
method is likely more accurate in accounting for the bias due to genomic distance
(1.6 Mb vs 250 kb), and therefore potentially more powerful in detecting specific
long range interactions. This is evidenced from results of comparing specific
interactions by our method and those by the Fit-Hi-C [1] and GOTHIC [2],
where our method detects more long-range (> 500 kb) interactions (26.2% vs.
17.3% and 1.35% for Fit-Hi-C and GOTHIC, respectively).

“Can the authors comment on how Scyl-chrb interactions relate to the expression of
these genes and the activity of the interacting enhancer? Are more frequent interactions
associated with Polycomb repression, or with active expression?”

Thank you for raising a very interesting question. We have compared our results with
the expression data in the Flybase. While the full control mechanism of expression of
specific genes may be quite complex, we found that Scyl has higher expression level at
both stages 5-8 and S2R+. Overall this is consistent with the higher contact frequency
of Scyl/enhancer interaction in later embryos we found (Supplementary Figure S9g).
In addition, chrb has a low expression level at stages 5-8 but its expression is elevated
in S2R+. This is also consistent with the enhanced chrb/enhancer contact frequency
in S2R+ (Supplementary Figure S9h).

We have added a new Supplementary Figure summarizing what we have learned:
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Supplementary Figure S6 Expression level of gene Scyl (top) and chrb (bottom) during
Drosophila embryogenesis (data from Flybase (https://flybase.org/))). Both genes are ex-
pressed at all developmental stages, at least moderately. Therefore, the frequent interactions
observed in our model are unlikely due to Polycomb repression. Scyl has higher expression level
at both post-MBT (stages 5-8, blue box) and S2R+ (green box). This is overall consistent
with the higher contact frequency of Scyl/enhancer interaction in later embryos (Supplementary
Figure S9g). chrb has a low expression level at post-MBT but its expression is elevated in S2R+.
This is consistent with the enhanced chrb/enhancer contact frequency in S2R+ (Supplementary
Figure S9h). A full mechanistic understanding of Scyl/chrb interaction and how these two genes
negotiate with the enhancer may require considerations of other possible mediators (such as ar-
chitectural proteins) participating in the regulation process. These, however, are not explicitly
modeled in this study.
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8. “Line 198-200: this sentence is misleading. The fraction of significant interactions
from bulk Hi-C' data in a particular region does not imply anything about the fraction
of interactions occurring in a single cell.”

Thank you for pointing out this issue. Indeed, the bulk Hi-C does not give direct
information on individual instances of single-cells. We have now deleted this sentence.

9. “The labelling of the samples used as “cycles” and “stages” in Fig 4 is inaccurate
(cycles 9-13 also correspond to specific embryonic stages: stages 3-4) and confusing.
If shorthand terms are necessary perhaps “pre-/post-MBT” would be useful terms to

»

use.

We have now followed your advice and replace the labels of “cycles” and “stages”
with “pre-MBT” and “post-MBT”, respectively. We have also added a sentence to the
legend of Figure 4c:

pre-MBT: cycles 9-13; post-MBT: stages 5-8.

Figure 2, 4-6, Supplementary Figure S3, S6, S9-S11 have also been similarly updated.

10. “Line 263: No data is shown to support heterogeneous structures at the active region
of interest. This should be included, at least as a supplementary figure.”

S

(23.5%) C2 (15.5%) (16.1%) 4 (20.8%) C5 (24.1%)

chr3R: 12.8M-13.0M

pre-MBT  post-MBT  S2R+
0.6

-l

= C1 C3 mmm C5
mm C2 wm C4

Fraction
© o o o
n w B [¢,]

o
-

Supplementary Figure S9. (e) Hierarchical clustering of 3D chromatin configurations of all
three stages of cells in the active region of chr3R: 12.8-13.9 Mb. Proportions of the 5 clusters
are labeled below the aggregated heat maps. (f) Proportions of the 5 clusters in each cell type.

We have now added two new figures (Supplementary Fig S9e and S9f) to exhibit the
heterogeneity of chromatin structures in the active region of chr3R: 12.8-13.0 Mb.
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We have also changed a relevant sentence to:

The active region also exhibits significant heterogeneity among single-chain chro-
matin conformations (Supplementary Figure S9e and S9f).

11. “It would be nice to see single-cell analyses such as DNA FISH to support the statements
about heterogeneity of single-cell chromatin conformation, particularly the idea that
TAD structures are present in single cells pre-MBT. However, I realise that this may

be outside the scope of this work.”

Thank you for this suggestion. Indeed, independent examination of heterogeneity of
single-cell by DNA FISH data would be very helpful. As pointed out, this would be a
huge undertaking requiring completely different sets of tools and algorithms. We are
currently assessing the feasibility for such an in-depth analysis. Our hope is that such
an analysis could be carried out in a future study.
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Reviewer 2

1. (A)“ The novelty appears to surround a new method, but the method is not discussed
in the Abstract, Introduction, Main body, and Discussion parts of the paper.” “but the
paper actually does not present the method development,”

Thank you for pointing out that we lacked certain details in our method; an uninten-
tional oversight on our part that resulted from the word limit restrictions. We have
now revised our manuscript, with the text extensively redesigned, so our method is
better explained.

In the Abstract, we have added the following sentences:

With minimal assumptions of physical properties and without adjustable param-
eters, our method generates large ensembles of chromatin conformations via
chain-growth deep-sampling.

In the Results section, we have added a new subsection of Overview of our ap-
proach to 3D chromatin modeling:

Our method relies on the recently developed capability of deep sampling to
generate 3D chromatin ensembles [20,[22,[23]. We first identify a set of specific
chromatin interactions from deep-sequenced population Hi-C data. They are
unlikely due to ligation of randomly collided loci and are identified by comparing
measured Hi-C frequencies to those simulated from an ensemble of randomly
folded 3D chromatin configurations. The specific interactions identified are then
used as restraints to generate an ensemble of modeled single-cell chromatin
configurations for either a genomic region (200 kb to 4 Mb at 2 kb resolution) or
a whole chromosome (22 Mb, at 5 kb resolution). Structural analysis, including
Euclidean distance measurement and spatial clustering, is then carried out on
the ensemble of modeled single-cell chromatin configurations. This provides
an overall quantitative assessment of population 3D structural properties, such
as compactness, radius of gyration, domain boundaries, as well as chromatin
structural heterogeneity. Results from structural analysis are then integrated
with other information such as enhancer/promoter information and epigenetic
modifications for additional biological insight.

In the main body, we have added the following paragraphs:

Briefly, for our null model, we generate multiple chromatin chains through a
fractal Monte Carlo method based on chain-growth [20}[22}[23,[31}/44], in which
monomers are added one at a time. To overcome severe difficulties in sampling,
this process is optimized through a recursive resampling algorithm applied at
predetermined check-point lengths [20][22[23]. The target distribution of the
ensemble is overall geometrically realizable self-avoiding chromatin chains within
the specified volume confinement. This target distribution is rigorously enforced
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through proper importance weighting during chain-growth (see Supplementary
Methods for more details).

and

We estimate the random contact probabilities of pairs of loci by counting the
frequency of 3D conformations in which the spatial distance of the corresponding
pair of beads is within a distance threshold of 80 nm ,. We evaluate the
statistical significance of each Hi-C contact by bootstrapping the corresponding
random ensemble (Figure 1b, see Methods). Hi-C interactions with BH-FDR
adjusted p-values below a threshold of 0.01 are then identified as specific inter-
actions (Figure 1c and see Supplementary Methods).

and

We constructed 3D ensembles of single-chain chromatin conformations at high
resolution of 2 kb using the frequencies of the specific interactions. The con-
formations are generated through a novel approach of sequential Bayesian infer-
ence (Figure 1d-1f, see also Supplementary Methods and Figure S1).

For each region, we construct a proper ensemble of 50,000 single-chain confor-
mations. To constrain the ensemble according to the Hi-C interactions, we derive
contact probabilities from the Hi-C frequencies. To estimate this contact proba-
bility, we take the minimalistic assumption that DNA fragments in close proximity
are available for Hi-C ligations. The contact probabilities are then taken as the
proportions of 3D conformations in which the spatial distances of the specific
pairs of loci of interest are within the distance threshold of 80 nm. Thus, the
target distribution of the chromatin ensemble is that of self-avoiding chromatin
chains that satisfy the Hi-C derived contact probabilities at each chain-growing
step, where beads are placed sequentially for each chain. Our sequential Bayesian
inference framework ensures that the chromatin chains are consistent with the
observed Hi-C, and ensemble properties can be accurately estimated (Supple-
mentary Figure S7). We then aggregate single-chain conformations to obtain
the simulated Hi-C contact maps (Figure 3a, Supplementary Figure S8a).

In the Discussion section, we have added the following text:

The computational method described in this study can quantitatively connect
statistical patterns in Hi-C maps to physical 3D chromatin structures.

Furthermore, our method can bridge the gap between high-resolution population
Hi-C studies and fine-detailed single-cell 3D structures of chromatin [6,37H43],

We have also provided many more details of our method, including a figure detailing the

computational time. Due to the space limitation, they appear in the Supplementary
Methods section.
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(B) “its comparison with other approaches.”

To address this concern, we have revised our manuscript extensively and provide more
specifics to clarify this important issue. We have added to the Discussion section the
following to compare our approach with those of others:

and

Our method is based on an explicitly constructed random 3D polymer ensemble
as the null model. This is a uniquely appropriate approach for chromatin studies,
as polymer effects of random collision of chromatin fiber are explicitly modeled.
This null model allowed effective discrimination of specific interactions from
background noise of random chromatin collision. Several other methods such as
Fit-Hi-C [1] and GOTHiC [2] can also be used to identify specific interactions.
However, these methods rely on null models constructed from the Hi-C data itself
for removal of background noises [1}35,36], which may lead to inherent bias in
the resulting null hypothesis test. Furthermore, our physically constructed null
model can be used to identify higher-order specific many-body interactions ,
which is not possible with null models derived solely from 2D Hi-C contact maps.

Our approach for constructing 3D ensembles differs from several existing meth-
ods ,. With only basic physical considerations of fiber density and
ligation distance threshold, it is minimalistic and there are no adjustable param-
eters. No chromatin states are assigned to polymer beads, and there are no a
priori assumptions on locations of loop anchors. Furthermore, our method sam-
ples well. With deep sampling enabled through Bayesian sequential inference,
our method is unique in its ability to generate a large number (e.g. 5 x 10%) of
diverse chromatin conformations that are consistent with Hi-C measurements.

The following paragraphs has also been added to Discussion to describe the advan-
tages of our method in characterizing chromatin heterogeneity.

With the ability to convert 2D high-resolution population Hi-C heat maps into
~ 5.0 x 10* modeled single-cell chromatin conformations at high resolution, our
method can provide quantification of chromatin heterogeneity (Fig 4c). This
will allow possible differentiation of chromatin configurations that are functional
from those that are not.

We have also provided further detailed discussion. Following your advice of limiting
the length of the article, these are now described in the Supplementary Methods:

Our method. Our method differs from several other methods [16419}26] in
important regards:

Minimal assumptions. Our model is minimalistic. It does not require as-
signing each bead to a specific chromosome state. There is also no a priori
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assumption on where loop anchor sites are located (e.g. CTCF). Rather, it re-
quires only a small number of contact probabilities at different loci pairs. These
are the specific interactions derived from Hi-C data analysis using our null model.
With basic physical assumptions (chromatin fiber density, self-avoiding chains,
and Euclidean distance threshold in nm for ligation), there are no adjustable
model parameters. The target distribution from which our Hi-C ensembles are
constructed is that of self-avoiding chromatin chains satisfying Hi-C derived pair-
ing probabilities.

This minimalistic approach offers a useful advantage, namely, it avoids another
level of complexity in deconvolving degeneracy due to a large parameter space,
which is in addition to the complexity of deconvolving Hi-C heat maps into an
ensemble of 3D chromatin configurations. In models where chromatin beads are
assigned to different states and values of binding affinities are required, there
are likely many permutations of states and binding affinities that are all con-
sistent with the Hi-C data. Our model avoids this potential problem of limited
identifiability.

Deep sampling. Our method also differs from several existing methods in an
important aspect. We make use of a well-designed sampling distribution to im-
prove sampling efficiency, which is dynamically adjusted based on the chromatin
polymer ensemble at each growing step (Supplementary Figure S2a). The sam-
pled ensemble rigorously follows that of the predefined target distribution, i.e.,
self-avoiding chromatin chains satisfying Hi-C derived pairing probabilities. This
in contrast to several optimization-based method (such as the method of [17]),
where each chain is optimized separately through an objective function con-
structed on single chains (Supplementary Figure S2b).

Our sampling method is built upon significant advancements in sequential im-
portance sampling techniques ,. As a result, we achieve very deep (i.e.,
large-scale) sampling. For example, the ensembles we constructed contain 50,000
chromatin configurations, each of 1,000 beads of 2 kb (for loci) or 4,485 beads
of 5 kb (for chromosome X), and are independently grown by sequentially adding
one bead at a time. With advances in resampling and rejection control tech-
niques far beyond the well-known PERM approach , we are able to overcome
the well-recognized attrition problem of severe difficulty in growing long SAW
chains in confined volume [22,(30]. Our sampling method is also fast. This is
shown in Supplementary Figure S8d, where the averaged CPU costs (in minutes)
for construction of ensembles for ten regions by specific interactions at different
chain length (100-1,000 beads) are provided.

This level of deep sampling likely compares very favorably with previous stud-
ies. Under ergodic assumptions, both molecular dynamics (MD) simulations
and Markov chain Monte Carlo can generate proper samples after long runs
and establishment of convergency. However, achieving convergency is nontrivial,
and obtaining decorrelated samples at accessible time scales along simulation
trajectories is challenging in both cases. Our ensembles of 5 x 10* chromatin
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polymers from chain growth are results of better sampling. Compared to MD
simulation, our method does not suffer from the issue of in-sufficient simulation
time. Compared to MCMC simulations, our method does not suffer from pos-
sible slow convergence, which is currently an unsolved problem. In general, our
method can generate more quality samples in a shorter time frame, therefore
is better equipped at quantifying heterogeneity than those from 2 x 10* steps
of MD simulations reported in , the 5,000 conformations generated using
Metropolis Monte Carlo reported in , or typically a few hundred structures
obtained using methods based on optimization [18].

Realistic ligation model. Our probabilistic model of ligation is realistic with
less assumptions. We assume regions in close spatial proximity below a threshold
are available to form Hi-C ligations probabilistically. Hi-C probabilities therefore
represents the proportions of polymer chains that satisfy the ligation threshold
(Supplementary Figure S2c). In contrast to the approach of , where Hi-C
contact frequencies are translated to spatial distances via a reverse exponential
function under implicit assumptions regarding the rate of chromatin diffusion
and how it relates to the mean contact frequency, our model makes no such
assumptions (Supplementary Figure S2d).

High resolution. The resolution of our model is high: 2 kb for specific loci,
and 5 kb for whole chromosome, which is at the same resolution of many Hi-C
studies.

Overall, our method is well-suited to a number of tasks, such as quantitative
assessment of chromatin heterogeneity and determination of three-body interac-
tions. It enabled us to reveal the novel insights reported in this study.

These statements are made based on comparison with four influential methods, which
are representative of the two prominent classes of approaches, namely, physically-based
and data-driven methods for Hi-C 3D structures modeling [33].

Furthermore, we have added a new section of Comparison with Other Methods in
3D modeling in Supplementary Methods to elaborate on the differences between
ours and these methods. We first discuss these methods, then point out how our
method differs. The first section on physically-based methods reads:

Monte Carlo model of ref . In , an artificial square-well potential
was employed, with the depth, width and location of the potential optimized
through curve-fitting to the 5C-data modeled. This optimized potential was
then used to generate 5,000 conformations through Metropolis Monte Carlo.

Validation was in the form of agreement with the distributions, mean, and stan-
dard deviation of pair-distances of genomic regions measured by FISH. Similar
validation is provided in our study (Fig 4d), where we showed our model can
reproduce the distance distributions between Scyl-chrb and distributions of two
other pair-interactions. As this study is based on 5C data, no results on com-
paring simulation with Hi-C data were reported.
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MiChroM model. The MiChroM method [19,[26] investigates the energy
landscape of chromatin folding. Its aim is to study general folding properties
emerging from different factors in the chromatin energy model. A fully specified
energy model requires A) additional information along the chromosome. Specifi-
cally, A1) beads are assigned to a specific chromatin states; and A2) the locations
of loop anchors are specified (such as CTCF sites). Further, there are B) 27 pa-
rameters for the physical interactions: interaction energy of beads of different
chromatin states; interaction energy of loop anchors; and distance-dependent
compaction.

Both A1) and A2) are obtained based on annotation provided by Rao et al [3].
The 27 adjustable parameters are estimated from Hi-C data of chromosome
10. The model is then applied to other chromosomes, in which 2 x 10* steps
of MD simulations were carried out to generate chromatin ensembles. Overall,
Hi-C contact maps can be reproduced at r of 0.956. A number of important
findings were made with this model, including the likely origin of chromosome
territories, phase separation among chromatin types, active genes in the periphery
of chromosome territories, and knottedness of chromatin (see also a commentary

on this work [25]).

As it was designed to study whole genome folding, the resolution of MiChroM
is necessarily limited to 50 kb. Therefore, this model does not provide detailed
spatial structures below 50 kb. At a whole chromosome level, our method has
similar Pearson correlation coefficient (r = 0.94 for Drosophila chr X), but at a
higher resolution of 5 kb.

We have also added discussion on the MOGEN method, a well-known representative
of the data driven methods. This is a method based on optimization. The objective
function is empirically constructed to enforce contacts and reduce clashes, although
physical interpretations appear to be more difficult compared to MiChroM. The out-
come of such optimization are connected coordinates that form a chromatin chain, with
Hi-C information encoded in the objective function satisfied probabilistically through
optimization.

The authors reported that 500 whole-genome chromosome structures were obtained
using Hi-C data, likely at the same resolution of 1 Mb as reported for a synthetic data
set. Reported results were of a coarse-grained nature, e.g., mean distances of centers
of mass (CoM) of individual chromosomes to CoM of the whole genome. No detailed
results beyond these coarse-grained findings were provided, and no correlation between
simulated and measured Hi-C contact maps were given.

We have added the following discussion on MOGEN to the SI:

MOGEN. The MOGEN method is data-driven and is based on optimization. It
employs an empirical objective function designed to satisfy as many high proba-
bility restraints as possible, while reducing clashes. Restraints are converted from
Hi-C data based on frequency thresholds. Parameters are adjusted so chains can
be generated successfully after optimization by gradient ascent. MOGEN was
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used to generate a set of 500 genomewide chromosome structures using Hi-C
data. However, it is unclear how well this approach works at finer base-pair
resolutions (e.g. 5 kb).

Furthermore, we have also consulted the method of Wang et al [17]. This is another
data-driven method based on 3C data in which each chromatin chain assumes an
idealized energy (excluded volume, bending, and stretching). This energy model and
3C measurements are then combined under a Bayesian framework. The Expectation-
Maximization algorithm is employed to infer unknown parameters so the likelihood
function can be calculated, and the posterior probability distribution of the chromatin
conformations given the 3C data can be inferred.

The energy model appears to be less well motivated than MiChroM, as bending and
stretching terms do not appear to be well justified physically. Validation of this method
was based on FISH studies of the yeast genome, in which modeled distances are com-
pared with FISH measurements. Similar validation is provided in our study (Figure
4d), where we showed that our model can reproduce the distance distributions between
Scyl-chrb and distributions of two other pair-interactions.

As simulated contact maps were not reported in this paper, direct comparison between
this 3C-based method and our Hi-C models (at 2 kb or 5 kb resolution) is not possible.
In fact, more comprehensive studies and predictions on yeast genome structures were
carried out in our previous study [27], where we compared our simulated Hi-C maps
with measured Hi-C map. Both inter- and intra-chromosomal Hi-C contacts can be
predicted (r = 0.82 and r = 0.91, respectively). We believe our genome-wide Hi-C
based models are strong results.

We have added the following to the SI:

3C-based Model. The method of Wang et al [17] was developed for anal-
ysis of 3C data, in which chromosomes are modeled as connected fragments,
whose lengths are determined by restriction enzyme cuts. The idealized energy
(excluded volume, bending, and stretching) of each chromatin chain is com-
bined with 3C measurements under a Bayesian framework, where parameters of
a Gaussian-based likelihood function is inferred using the EM algorithm. This
method is used to generate an ensemble of yeast genome structures, with the
results validated by comparing distance distributions with FISH measurements.

While chromatin structures reported are at fragment resolution, there are other
studies of budding yeast, where simulated and measured Hi-C heat maps show
excellent correlations [17,27,28]. For example, our earlier ensemble models of
yeast genome based on a random model similar to that of this study exhibit an
excellent whole-genome correlation (r = 0.82) at 15 kb resolution [27].

To compare with other methods in identifying specific interactions, we have compared
our methods with the methods of Fit-Hi-C, GOTHIC, and HICCUPS. We have added
the following to Discussion:
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(B)

We have further compared the specific interactions identified by our method
with those by Fit-Hi-C [1] and GOTHIC [2] (Supplementary Figure S4a and Sup-
plementary Methods). Overall, all three methods identify a small fraction of
specific interactions (4.1-7.5% genome-wide for S2R+ cells), with varying de-
gree of overlaps (85.2% of Fit-Hi-C and 36.0% GOTHiC are present in ours).
Compared to Fit-Hi-C and GOTHIC, our method identifies more long-range in-
teractions (26.2% vs. 17.3% and 1.35% are of >500 kb, Supplementary Figure
S4b-c). The small fractions of interactions identified by all these methods are
found to be sufficient to drive chromatin folding for a 1 Mb region tested using
our folding algorithm, although ours gives the highest correlation to Hi-C mea-
surements (Supplementary Figure S4d). We also examined the effectiveness of
HiCCUPS [3], which identifies looping interactions. Interestingly, we found that
the much smaller fraction (0.1%) of looping interactions identified by HICCUPS
was insufficient to drive chromatin folding (Supplementary Figure S4).

“its validation”,

As validation of our method, we have presented the following results in the main text:

(a)

Successful reproduction of population Hi-C heat-maps for 10 regions and for the
whole X chromosome, with excellent correlations (r = 0.91-0.98 and r = 0.94,
see Figure 3 and the section Specific interactions are sufficient to drive
chromatin folding in Drosophila);

Establishment of the concordance of Euclidean distance measurement from our
model and from FISH experimental data (Figure 4d), where we showed that our
model can reproduce the distance distributions between Scyl-chrb and distribu-
tions of two other pair-interactions measured by FISH;

The clarity of biological patterns such as the stage-specific increase/decrease in
certain interaction types (Figure 2c and 2d) emerged from our model. This pro-
vides another indication of the validity of our method, as no such patterns can be
observed in the unprocessed Hi-C data.

To further demonstrate the extent of quantitative success of our method in a more
controlled environment, we have carried out additional simulations using a system
suggested by Reviewer 3. We have added our results to a new section In silico eval-
uation of the sequential Bayesian inference framework in Supplementary
Methods:

To quantitatively evaluate the capability in reconstructing chromatin configura-
tions based on Hi-C measurements of our method, we first construct an original
polymer ensemble as the “ground truth”. This original ensemble consists of
50,000 polymer chains, each of 200 beads. To simulate domain structures, we
added an intra-TAD contact frequency of 0.3 to each pair of nodes localized
between 21 and 60, between 61 and 120, and between 121 and 180. Here con-
tacts are defined as < 80 nm Euclidean distance. We added another inter-TAD
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contact frequency of 0.1 to each pair of nodes, with one node localized between
61 and 120 and the other between 121 and 180. We also added a loop contact
frequency of 0.8 to one loop interaction, with anchors pl localized in 59 — 63
and p2 in 119 — 123, and another loop interaction with anchors p1 localized in
59 — 63 and p3 in 179 — 183. These contact frequencies are artificially imposed
and are used to provide “driving forces” for TAD formation and loop formation.

We then aggregate the contact maps of each single chromatin polymer in our
original ensemble and obtain our simulated target “Hi-C" map, from which we
then reconstruct another polymer ensemble via our sequential Bayesian inference
framework. This reconstructed ensemble consists of 50,000 chromatin polymer
chains (Supplementary Figure S7a).

We find beads exhibiting similar distance distributions to other beads, when
corresponding beads in the two ensembles are compared. This is demonstrated in
Supplementary Figure S7b, which depicts the distance distributions of 5 selected
beads (0-, 40-, 80-, 120-, and 160-th) to all other beads in box plots for the
two ensembles. Furthermore, the median fractions of bead pairs between these
selected beads and all other beads that are within 80nm are also similar: 4.2%
vs. 4.3% for the 0-th node (original vs. reconstructed), 11.9% vs. 12.2% for
the 40-th node, 14.9% vs. 14.3% for the 80-th node , 15.5% vs. 15.8% for the
120-th node and 14.2% vs. 13.8% for the 160-th node. We further computed
the radius of gyration and end-to-end distance for each simulated polymer chain
in both ensembles, and find that there is no statistical difference between the
original and the reconstructed ensemble (Supplementary Figure S7c).

We then combine the original and the reconstructed ensembles by randomly
selecting 5,000 chains from each ensemble. We further group the mixtures
of polymer chains into clusters using hierarchical clustering. This results in 7
structural clusters (Supplementary Figure S7d) judged by the silhouette scores
(Supplementary Figure S7e). For these 7 clusters, the proportion of each clus-
ter is highly consistent between the original and the reconstructed ensemble
(Supplementary Figure S7f). Furthermore, the aggregated contact heat maps
of polymer chains from the original ensemble are also strongly similar to those
from the reconstructed ensemble for all 7 clusters (Supplementary Figure S7g).
In addition, the reconstructed contact map of the full ensemble is also strongly
similarity to the original map (r = 0.98, r'= 0.86).

Furthermore, we have examined the spatial distance distributions among three anchors
pl, p2, and p3 in a simulated region containing a unit of three-body interactions. The
distribution of distances pl-p2, pl-p3 and p2-p3 are overall very similar between the
original and the reconstructed ensembles (see Supplementary Figure S7h shown below).
Moreover, the fractions of the loop pairs and the three-body contacts pl-p2—p3 are
highly consistent between those from the original and those from the reconstructed

ensembles (Supplementary Figure S7i).
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Supplementary Figure S7. An illustration of in-silico simulation procedure for model veri-
fication. (@) First, we construct an original chromatin polymer ensemble and aggregate the
single-chain contact maps into a simulated Hi-C contact map; we then apply our sequential
Bayesian inference framework and reconstruct another polymer ensemble solely from the simu-
lated Hi-C contact map. (b) Distance distributions of 5 specific nodes (0-th, 40-th, 80-th, 120-th
and 160-th) with all other nodes (less than 80 nm threshold). (c) Distributions of radius of gy-
ration (R,) and End-to-End distance of the original and the reconstructed ensemble. Wilcoxon
rank sum test is used for p-value calculation. (d) Hierarchical clustering of chromatin polymer
chains after combining the original and reconstructed ensemble (randomly select 5,000 chains
from each ensemble for clustering). (e) Silhouette scores for different choices of cluster numbers.
(f) Distributions of cluster proportions of the original and the reconstructed ensemble. (g) Pear-
son correlation coefficient r and distance-adjusted correlation coefficient r' between aggregated
contact maps from the original and the reconstructed ensemble for each cluster.

23



=

Distance (nm)

We have added the following sentence to Supplementary Methods:

Our approach can uncover 3-body interaction unit, as shown in Supplementary
Figure S7h and S7i.
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Supplementary Figure S7. (h) Distance distributions of pl-p2, pl-p3, and p2-p3 looping
contact pairs labeled in (@) for the original and reconstructed ensembles. (i) Fractions of p1-p2,
pl-p3, p2-p3 looping pairs and p1l-p2-p3 three-body contact pairs in the original and reconstructed
ensembles.

2.

“it 1s far from clear what the message of this paper is. If the authors want to com-
municate new biological insights, the focus should be on the biological interpretations.
On the other hand, if they are introducing a novel method, then the method should be
properly described, compared to others, validated, and so on.”

Thank you for pointing out the confusion in our writing. Our goal is to introduce a
computational method and to illustrate important principles enabled by this method,
such as the role of driver interactions in chromatin folding, the nature of single-cell
TADs and its relationship with population TADs, and developmental-stage dependent
changes in chromatin structures. Providing analysis using real biological data is nec-
essary, so we can demonstrate these and other specific interesting biological findings.
Such demonstrations in turn can motivate others to apply this new method in their
studies. Results from these studies would provide useful insight, which may in turn
help to formulate new hypotheses and new design experiments.

We have rewritten/reconstructed our manuscript extensively, so this logic is better
represented. In the Introduction section, we now point out several important chal-
lenging issues in chromatin studies, and then point out how our work can help to resolve
these issues. In the Results section, we now provide: 1) a general description of the
new method enabling the biological findings, with focus on key aspects of the method
and discussion on their implications in understanding 3D chromatin structures. This
method description helps readers to make sense of the biological findings. 2) illustra-
tive examples on the type of biological questions that now can be answered using our
method. Overall, we believe we have improved the clarity significantly.

Following your advice of controlling article length, more technical aspects of our work
are now placed in the Supplementary Methods.
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“It appears that the method itself was submitted as a separate paper, confusing matters.”

This is our oversight. This additional manuscript (now published as [20]) was provided
to reviewers to offer information on how well our overall approach works in constructing
high quality models of 3D chromatin structures.

This seperate manuscript describes a different biological concept/problem, namely, the
characterization of the functional landscape of multivalent chromatin interactions in
transcriptionally active loci. The biological system is that of mammalian GM122878
cells instead of Drosophila [20]. Furthermore, the CHROMATIX method described in
that paper is designed differently and solves a different computational problem.

Specifically, the CHROMATIX method is about detection of many-body interactions
that are specific. This is done with a different constrained folding algorithm, in which
a distribution of directed acyclic graphs (DAG) encoding possible causal relationships
among contacts is used [20]. Although the null model is the same and certain aspects
of sampling are related, key aspects of the algorithms are different from the current
study.

We have added the following sentences to the manuscript for clarification:

As shown in a separate study describing the CHROMATIX algorithm, this null
model can be used for analysis of many-body chromatin interactions, such as
those encountered in enhancer-rich regions [20].

“This focus problem is also exacerbated by the excessive length of the manuscript. The
authors significantly exceed the allowed length for both the Abstract and main text. If
the focus was clear, shortening would not be a problem, but the misleading premise and
unsubstantiated claims render this manuscript premature.”

The reviewer’s point is well-taken. The abstract and the main text are now in com-
pliance, as per consultation with the editor Dr. Carolina Perdigoto at Nat Comm
on length limits. We will continue to work closely with Dr. Perdigoto to ensure our
manuscript is not over the length limit of the journal.

“In sum, a complete overhaul of the manuscript and its message would be required
before this paper might be considered further”

We have followed your advice and have extensively revised all important sections of the
manuscript, so the focus and logic of our study is now presented clearly. In addition,
extensive information is now provided for validation of our method, along with com-
parison with other methods. We believe this overhauled new version has sharpened
our message and the issues raised have been clarified for the general audience of Nat
Comm.
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Reviewer 3

1.

“I do not believe that the null model considered here is particularly meaningful in a
physical sense; why should specific interactions be those that exceed the threshold of a
self-avoiding random walk (SARW) contact frequency? For example, there has been
speculation that chromatin adopts a fractal globule state, which generates a different
scaling of contact probability with respect to genomic distance and hence would identify
different contacts as being specific interactions. The authors should provide a justifi-
cation for why a SARW is a physically well-motivated choice on which to construct a
null model; the current exposition is too terse in this regard.”

Thank you for this suggestion. We have added a paragraph to justify our approach in
the Supplementary Methods:

Our null model is based on the considerations that the excluded volume of self-
avoiding chromatin chains and the confinement of the cell nucleus impose strong
restrictions on the available space for chromatin. As experimental treatments
can cross-link genomic elements within certain spatial distances, regardless of
whether specific interactions exist, many Hi-C detected frequencies may be due
to such random non-specific bystander collision contacts [21]. Our null model
is designed to identify Hi-C contact pairs which cannot be accounted for by
such random collision due to the physical properties of excluded volume, chain
connectivity, and volume confinement. The specific contact pairs are selected
rather conservatively following a stringent p-value and FDR criterion.

The issue of scaling relationship is very important and was the subject of an earlier
study of ours published in 2014 [22], where we demonstrated that our random polymer
model of self-avoiding walks under volume confinement are sufficient to give rise to the
experimentally observed scaling-relationships (contour-length and looping probability
vs. genomic distances), which were the experimental obervations motivated the original
fractal globule model. In addition, our model can also account for the plateau effect
that is not well explained by the fractal globule model. Furthermore, there is no tunable
parameters in our model. The effectiveness of our random polymer model was further
demonstrated in a subsequent study [27], where we showed that with a few additional
biological landmarks as restraints following [28,29], we can reproduce the genome-wide
Hi-C heat map of budding yeast at 15 kb resolution, including both intra-chromosome
and inter-chromosome contacts by improving upon earlier studies of [28}29).

We have added the following sentences in Supplementary Methods for clarification:

Previous studies showed that this random polymer model of self-avoiding con-
nected polymers with excluded volume can reproduce experimentally observed
scaling relationships of contour-length vs genomic distance (as measured by
FISH) and looping probability vs genomic distance (as measured by Hi-C) [22].
With a few additional biological landmarks, it has also been successful in repro-
ducing genome-wide Hi-C contact maps of budding yeast [27].
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Our null model has another advantage, which is now included in Discussion:

Furthermore, our physically constructed null model can be used to identify higher-
order specific many-body interactions [20], which is not possible with null models
derived solely from 2D Hi-C contact maps. As shown in a separate study de-
scribing the CHROMATIX algorithm, this null model can be used for analysis of
many-body chromatin interactions, such as those encountered in enhancer-rich
regions [20].

It is also interesting to note that from a subsequent study published in 2015 [24], Dr.
Lieberman-Aiden, who was the lead author of the original Hi-C study where the fractal-
globule model was proposed, seems to have rescinded this idea: “our measurements of
v = 0.75 inside contact domains are inconsistent with the hypothesis that contact domains
tend to form fractal globules”, “Physical simulations suggest that v ~ 0.75 is consistent
with an unknotted, nonequilibrium state that is anisotropic rather than fractal.” ( [24], p.
E6465).

“A more data-driven approach to identification of specific interactions would be to take
the average along each off-diagonal and then consider specific contacts to be those that
have abnormally high (or low) frequencies relative to their same-distance peers. Can the
authors comment on why they do not use this (in my view, more standard) approach?”

Thank you for pointing out this interesting approach for identifying specific interac-
tions. Respectfully, we believe our method is more direct and more physically mo-
tivated. It is also more effective in several important aspects. We have added the
following paragraphs in the section Null model construction via Fractal Monte
Carlo in the Supplementary Methods to elaborate on this:

An intuitive data-driven approach for identifying specific Hi-C interactions is to
take the average along each off-diagonal and then consider specific contacts
to be those that have abnormally high (or low) frequencies relative to their
same-distance peers. This data-driven approach has some disadvantages. First,
it uses the measured Hi-C to estimate a background model serving as a null
distribution. This can bias the calculation of statistical significance of Hi-C
contacts, as the specific contacts to be detected themselves are integral to the
generation of the null distribution. Second, as there are less and less contact
pairs for longer-range off-diagonals, detecting specific long range contact pairs
becomes difficult without resorting to certain ad-hoc interpolation /extrapolation
across neighboring diagonals. Our method avoids this difficulty, as it has a
completely decoupled generative random model, which can generate a sufficiently
large number of samples, allowing reliably detection of long-range interactions.

“Including depletion of contact frequency in addition to enrichment of contact frequency
might also provide useful information for the Bayesian reconstruction.”
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Thanks for this advice. Indeed, incorporating depletion of contact frequency into a
Bayesian inference framework will be very helpful. At the current stage, our rather
conservative approach of considering only enriched Hi-C contacts appears to be ade-
quate, as our ensembles do exhibit strong similarity to the original Hi-C data. We will
further assess and consider implement this idea in the future.

“(General comment) However, I have reservations about the proposed method’s use in
generating quantitative conclusions, given what I perceive as a lack of bench-marking.”

“I would like for the authors to provide additional evidence that the ensemble con-
structed by the sequential Bayesian framework is in fact guaranteed to quantitatively
reproduce the configurations sampled by Hi-C. Reconstruction of configurations is gen-
erally an ill-posed inverse problem with multiple solutions; for example, if the Hi-C
matrix is extremely sparse, then there will be many possible configurations which sat-
1sfy the frequency constraints given by the Hi-C' map. I would suggest that the authors
include in-silico evidence for their claims, where it is possible to compare to ground
truth; construct an ensemble, simulate Hi-C on this ensemble of configurations, and
show that the proposed method is capable to reconstructing the original ensemble and
not just its corresponding Hi-C map.”

Thank you for this very helpful suggestion and indeed it is challenging to solve the
inverse problem of reconstructing chromatin ensembles. We have followed your advice
and carried out additional in silico studies to examine whether our predicted ensemble
are structurally consistent with the specifications of the original ensemble. We have
added our results to a new section In silico evaluation of the sequential Bayesian
inference framework in Supplementary Methods:

To quantitatively evaluate the capability in reconstructing chromatin configura-
tions based on Hi-C measurements of our method, we first construct an original
polymer ensemble as the “ground truth”. This original ensemble consists of
50,000 polymer chains, each of 200 beads. To simulate domain structures, we
added an intra-TAD contact frequency of 0.3 to each pair of nodes localized
between 21 and 60, between 61 and 120, and between 121 and 180. Here con-
tacts are defined as < 80 nm Euclidean distance. We added another inter-TAD
contact frequency of 0.1 to each pair of nodes, with one node localized between
61 and 120 and the other between 121 and 180. We also added a loop contact
frequency of 0.8 to one loop interaction, with anchors pl localized in 59 — 63
and p2 in 119 — 123, and another loop interaction with anchors pl localized in
59 — 63 and p3 in 179 — 183. These contact frequencies are artificially imposed
and are used to provide “driving forces” for TAD formation and loop formation.

We then aggregate the contact maps of each single chromatin polymer in our
original ensemble and obtain our simulated target “Hi-C" map, from which we
then reconstruct another polymer ensemble via our sequential Bayesian inference
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framework. This reconstructed ensemble consists of 50,000 chromatin polymer
chains (Supplementary Figure S7a).

We find beads exhibiting similar distance distributions to other beads, when
corresponding beads in the two ensembles are compared. This is demonstrated in
Supplementary Figure S7b, which depicts the distance distributions of 5 selected
beads (0-, 40-, 80-, 120-, and 160-th) to all other beads in box plots for the
two ensembles. Furthermore, the median fractions of bead pairs between these
selected beads and all other beads that are within 80nm are also similar: 4.2%
vs. 4.3% for the 0-th node (original vs. reconstructed), 11.9% vs. 12.2% for
the 40-th node, 14.9% vs. 14.3% for the 80-th node , 15.5% vs. 15.8% for the
120-th node and 14.2% vs. 13.8% for the 160-th node. We further computed
the radius of gyration and end-to-end distance for each simulated polymer chain
in both ensembles, and find that there is no statistical difference between the
original and the reconstructed ensemble (Supplementary Figure S7c).

We then combine the original and the reconstructed ensembles by randomly
selecting 5,000 chains from each ensemble. We further group the mixtures
of polymer chains into clusters using hierarchical clustering. This results in 7
structural clusters (Supplementary Figure S7d) judged by the silhouette scores
(Supplementary Figure S7e). For these 7 clusters, the proportion of each clus-
ter is highly consistent between the original and the reconstructed ensemble
(Supplementary Figure S7f). Furthermore, the aggregated contact heat maps
of polymer chains from the original ensemble are also strongly similar to those
from the reconstructed ensemble for all 7 clusters (Supplementary Figure S7g).
In addition, the reconstructed contact map of the full ensemble is also strongly
similarity to the original map (r = 0.98, r'= 0.86).
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Supplementary Figure S7. An illustration of in-silico simulation procedure for model veri-
fication. (@) First, we construct an original chromatin polymer ensemble and aggregate the
single-chain contact maps into a simulated Hi-C contact map; we then apply our sequential
Bayesian inference framework and reconstruct another polymer ensemble solely from the simu-
lated Hi-C contact map. (b) Distance distributions of 5 specific nodes (0-th, 40-th, 80-th, 120-th
and 160-th) with all other nodes (less than 80 nm threshold). (c) Distributions of radius of gy-
ration (R,) and End-to-End distance of the original and the reconstructed ensemble. Wilcoxon
rank sum test is used for p-value calculation. (d) Hierarchical clustering of chromatin polymer
chains after combining the original and reconstructed ensemble (randomly select 5,000 chains
from each ensemble for clustering). (e) Silhouette scores for different choices of cluster numbers.
(f) Distributions of cluster proportions of the original and the reconstructed ensemble. (g) Pear-
son correlation coefficient r and distance-adjusted correlation coefficient r' between aggregated
contact maps from the original and the reconstructed ensemble for each cluster.
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4. “(1) Additionally, how does the distance-adjusted Pearson correlation change as the
p-value threshold for specific contacts is decreased?”

We have investigated this issue following your advice. Overall, the changes are rather
small. We have added a new figure (Supplementary Figure S8e), where both the
distance-adjusted (r') and the original (r) Pearson correlation coefficients are shown
when different p-value thresholds are used for chr2LL 11.0-12.0 Mb.
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Supplementary Figure S8. (e) Pearson correlation coefficient (r) and distance-adjusted cor-
relation coefficient (') between Hi-C and simulated contact maps under different thresholds of
BH-FDR adjusted p-value for the 1 Mb region of chr2L: 11.0-12.0 Mb.

“(2) Pearson correlations are reported in section “3D Loop structures recovered...”
but I cannot seem to find the corresponding distance-adjusted correlations.”

We apologize for this oversight. We have updated our Results section so the correla-
tions are now provided:

Simulated heat maps of contact probability using all and specific interactions
exhibit strong similarities to the corresponding heat maps of measured Hi-C (
r =0.92—-0098, " = 0.56 —0.81 and r = 0.91 — 0.98, " = 0.58 — 0.81,
respectively, and see Supplementary Table S1). In contrast, simulated Hi-C heat
maps using nonspecific interactions fail to capture much of the structural features
observed in Hi-C maps (r = 0.48 — 0.58, ' = —0.02 — 0.27, Figure 3a and 3c).

We have also provided additional information on correlations in Supplementary Table

S1.
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“(3) It is also a little surprising that the all-contact maps perform worse compared to
the specific-contact maps. Is this simply an issue of insufficient sampling? Can the
authors provide some intuition for this?”

Thank you for raising this question. Details of " and r values for all 10 loci showed
that structural ensembles built by specific and all interactions are overall comparable,
although among the 10 ensembles, the poorest r for specific contacts (r = 0.92) are
better than that from all contacts (r = 0.91).

We have modified our sentence to avoid any confusion:

Ensembles generated using all Hi-C frequencies and using only specific interac-
tions have similar correlations (see Supplementary Table S1). However, the latter
can recover structural features such as loops with better clarity (Figure 3a).

. “It would be good to define “distance-adjusted Pearson correlation” in the Methods as
opposed to just citing [37]; it’s difficult even in the cited paper to find the definition of
this quantity.”

We have added the following sentences in a new section Calculation of distance-
adjusted Pearson correlation coefficient in Supplementary Methods:

To eliminate the effects of genomic distance, we measure the distance-adjusted
Pearson correlation 7’ following ref [14]. Specifically, for each diagonal of the
contact matrices, we calculate and subtract the averaged contact frequency at
that specific genomic distance for both Hi-C and simulated contact maps. We
then calculate the Pearson correlation coefficient after subtraction.

“(General comment) Additionally, very little comparison or benchmarking is given in
the main text to previously reported methods in the literature which have the same
goal of ensemble reconstruction.”, “The authors should also contrast their approach, in
more detail, with existing approaches which seek to reconstruct ensembles of configura-
tions from bulk Hi-C — for example, the approach given in main text reference [27], the
approach in Supplemental Methods reference [14], the MOGEN algorithm [Trieu and
Cheng, Bioinformatics 2016, hitps://doi.org/10.1093/bioinformatics/btv754], or the
more physically motivated approach in [Zhang and Wolynes, PNAS 2015, https://doi.org/
10.1078/pnas.1506257112].”

Thank you very much for pointing out this issue. Following your advice, we have now
compared our method with these suggested other methods. For ease of discussion, these
methods are grouped into: Methods of Type (I), which are physically-based methods of
Giorgetti et al. [16] (ref [27]), and the MiChroM method from Rice University (Zhang
and Wolyness, 2015; Di Pierro et al, 2016) [19}26], as well as Methods of Type (II)
which are two more data-driven methods of Wang et al. [17] (SM ref [14]) and MOGEN
(Trieu and Cheng) [1§]. Below we discuss these separately.

Methods (I). The two physically-based methods are excellent tools that have fur-
thered our understanding towards the principles governing chromatin structures. The
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importance of the MiChroM method was discussed in the commentary accompany-
ing one of their key publications [26], which one of the authors of this manuscript
wrote [25].

As our goals are different, our method is designed differently, and is better equipped
in investigating certain issues that these other methods are not meant to. The method
of |16] is an earlier study based on 5C experiments. As no results based on Hi-C data
were reported, it is not possible to make direct comparison with our Hi-C based method.
The MiChroM method was designed to study global scale genome folding, hence the
resolution was at 50 kb. While our results on whole chromosome are comparable to
that of MiChroM, as indicated by similar Pearson correlation r values (average of 0.956
for human chromosome at 50 kb for MiChroM vs. 0.94 for drosophila Chr X but at
more detailed 5 kb), albeit it is more involved to model at 5 kb vs. 50 kb. A direct
comparison with MiChroM at the same 5 kb or 2 kb resolution is not possible.

We have added a new section of Comparison with other methods in 3D modeling
in Supplementary Methods to explain the differences between ours and these two
methods. We first discuss each method, then point out how our method differs:

Monte Carlo model of ref [16]. In [16], an artificial square-well potential
was employed, with the depth, width and location of the potential optimized
through curve-fitting to the 5C-data modeled. This optimized potential was
then used to generate 5,000 conformations through Metropolis Monte Carlo.

Validation was in the form of agreement with the distributions, mean, and stan-
dard deviation of pair-distances of genomic regions measured by FISH. Similar
validation is provided in our study (Figure 4d), where we showed our model
can reproduce the distance distributions between Scyl-chrb and distributions of
two other pair-interactions. As this study is based on 5C data, no results on
comparing simulation with experimental Hi-C data were reported.

MiChroM model. The MiChroM method [19,26] investigates the energy
landscape of chromatin folding. Its aim is to study general folding properties
emerging from different factors in the chromatin energy model. A fully specified
energy model requires A) additional information along the chromosome. Specifi-
cally, A1) beads are assigned to a specific chromatin states; and A2) the locations
of loop anchors are specified (such as CTCF sites). Further, there are B) 27 pa-
rameters for the physical interactions: interaction energy of beads of different
chromatin states; interaction energy of loop anchors; and distance-dependent
compaction.

Both A1) and A2) are obtained based on annotation provided by Rao et al [3].
The 27 adjustable parameters are estimated from Hi-C data of chromosome
10. The model is then applied to other chromosomes, in which 2 x 10* steps
of MD simulations were carried out to generate chromatin ensembles. Overall,
Hi-C contact maps can be reproduced at r of 0.956. In addition, a number
of important findings were made with this model, including the likely origin of
chromosome territories, phase separation among chromatin types, active genes
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in the periphery of chromosome territories, and knottedness of chromatin (see
also a commentary on this work [25]).

As it was designed to study whole genome folding, the resolution of MiChroM
is necessarily limited to 50 kb. Therefore, this model does not provide detailed
spatial structures below 50 kb. At a whole chromosome level, our method has
similar Pearson correlation coefficient (r = 0.94 for Drosophila chr X), but at a
higher resolution of 5 kb.

Methods (II). We also examined the MOGEN method that was pointed out to us.
This is a method based on optimization. The objective function is empirically con-
structed to enforce contacts and reduce clashes, although physical interpretations ap-
pear to be more difficult compared to MiChroM. The outcome of such an optimization
procedure is connected coordinates that form a chromatin chain, with Hi-C information
encoded in the objective function probabilistically satisfied through optimization.

500 whole-genome chromosome structures were obtained using Hi-C data, likely at the
same resolution of 1 Mb as reported for a synthetic data set. Reported result were
of coarse-grained nature, e.g., mean distances of center of mass (CoM) of individual
chromosome to CoM of the whole genome. No detailed results beyond these coarse
grained findings were provided, and no correlation between simulated and measured
Hi-C contact maps were given. It is therefore impossible for us to directly compare our
method based on Hi-C with this method.

We have added the following discussion on MOGEN to the Supplementary Methods:

MOGEN. The MOGEN method is data-driven and is based on optimization. It
employs an empirical objective function designed to satisfy as many high proba-
bility restraints as possible, while reducing clashes. Restraints are converted from
Hi-C data based on frequency thresholds. Parameters are adjusted so chains can
be generated successfully after optimization by gradient ascent. MOGEN was
used to generate a set of 500 genomewide chromosome structures using Hi-C
data. However, it is unclear how well this approach works at finer base-pair
resolutions (e.g. 5 kb).

In addition, we have also consulted the method of Wang et al [17] that was pointed
out. This is a method based on 3C data in which each chromatin chain assumes an
idealized energy (excluded volume, bending, and stretching). This energy model and
3C measurements are then combined under a Bayesian framework. The Expectation-
Maximization algorithm is employed to infer unknown parameters so the likelihood
function can be calculated, and the posterior probability distribution of the chromatin
conformations given the 3C data can be inferred.

The energy model appears to be less well motivated than MiChroM, as no detailed
physical justifications on the bending and stretching terms were provided. Validation
of this method was based on FISH studies of the yeast genome, in which modeled
distances are compared with FISH measurements. Similar validation is provided in
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our study (Figure 4d), where we showed that our model can reproduce the distance
distributions between Scyl-chrb and distributions of two other pair-interactions.

As simulated contact maps were not reported in this paper, direct comparison between
this 3C-based method and our Hi-C models (at 2 kb or 5 kb resolution) is not possible.
In fact, more comprehensive studies and predictions on yeast genome structures were
carried out in our previous study , where we compared our simulated Hi-C maps
with measured Hi-C map. Both inter- and intra-chromosomal Hi-C contacts can be
predicted (r = 0.82 and r = 0.91, respectively). We believe our genome-wide Hi-C
based models are strong results.

We have added the following to the SI:

3C-based Model. The method of Wang et al was developed for anal-
ysis of 3C data, in which chromosomes are modeled as connected fragments,
whose lengths are determined by restriction enzyme cuts. The idealized energy
of each chromatin chain, consisting of terms for excluded volume, bending, and
stretching, is combined with 3C measurements under a Bayesian framework,
where parameters of a Gaussian-based likelihood function is inferred using the
EM algorithm. This method is used to generate an ensemble of yeast genome
structures, with the results validated by comparing distance distributions with
FISH measurements.

While chromatin structures reported are at fragment resolution, there are other
studies of budding yeast, where simulated and measured Hi-C heat maps show
excellent correlations For example, our earlier ensemble models of
yeast genome based on a random model similar to that of this study exhibit an
excellent whole-genome correlation (r = 0.82) at 15 kb resolution [27].

Our contributions. To clarify our contributions, we have added the following to the
main text:

Our approach for constructing 3D ensembles differs from several existing meth-
ods [16H19,[26]. With only basic physical considerations of fiber density and
ligation distance threshold, it is minimalistic and there are no adjustable param-
eters. No chromatin states are assigned to polymer beads, and there are no a
priori assumptions on locations of loop anchors. Furthermore, our method sam-
ples well. With deep sampling enabled through Bayesian sequential inference,
our method is unique in its ability to generate a large number (e.g. 5 x 10?) of
diverse chromatin conformations that are consistent with Hi-C measurements.

and

With the ability to convert 2D high-resolution population Hi-C heat maps into
~ 5.0 x 10* modeled single-cell chromatin conformations at high resolution, our
method can provide quantification of chromatin heterogeneity (Fig 4c). This
will allow possible differentiation of chromatin configurations that are functional
from those that are not.
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These points are further elaborated in the Supplementary Methods:

Our method. Our method differs from several other methods [16419}26] in
important regards:

Minimal assumptions. Our model is minimalistic. It does not require as-
signing each bead to a specific chromosome state. There is also no a priori
assumption on where loop anchor sites are located (e.g. CTCF). Rather, it re-
quires only a small number of contact probabilities at different loci pairs. These
are the specific interactions derived from Hi-C data analysis using our null model.
With basic physical assumptions (chromatin fiber density, self-avoiding chains,
and Euclidean distance threshold in nm for ligation), there are no adjustable
model parameters. The target distribution from which our Hi-C ensembles are
constructed is that of self-avoiding chromatin chains satisfying Hi-C derived pair-
ing probabilities.

This minimalistic approach offers a useful advantage, namely, it avoids another
level of complexity in deconvolving degeneracy due to a large parameter space,
which is in addition to the complexity of deconvolving Hi-C heat maps into an
ensemble of 3D chromatin configurations. In models where chromatin beads are
assigned to different states and values of binding affinities are required, there
are likely many permutations of states and binding affinities that are all con-
sistent with the Hi-C data. Our model avoids this potential problem of limited
identifiability.

Deep sampling. Our method also differs from several existing methods in an
important aspect. We make use of a well-designed sampling distribution to im-
prove sampling efficiency, which is dynamically adjusted based on the chromatin
polymer ensemble at each growing step (Supplementary Figure S2a). The sam-
pled ensemble rigorously follows that of the predefined target distribution, i.e.,
self-avoiding chromatin chains satisfying Hi-C derived pairing probabilities. This
in contrast to several optimization-based method (such as the method of [17]),
where each chain is optimized separately through an objective function con-
structed on single chains (Supplementary Figure S2b).

Our sampling method is built upon significant advancements in sequential im-
portance sampling techniques ,. As a result, we achieve very deep (i.e.,
large-scale) sampling. For example, the ensembles we constructed contain 50,000
chromatin configurations, each of 1,000 beads of 2 kb (for loci) or 4,485 beads
of 5 kb (for chromosome X), and are independently grown by sequentially adding
one bead at a time. With advances in resampling and rejection control tech-
niques far beyond the well-known PERM approach , we are able to overcome
the well-recognized attrition problem of severe difficulty in growing long SAW
chains in confined volume [22,[30]. Our sampling method is also fast. This is
shown in Supplementary Figure S8d, where the averaged CPU costs (in minutes)
for construction of ensembles for ten regions by specific interactions at different
chain length (100-1,000 beads) are provided.
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This level of deep sampling likely compares very favorably with previous stud-
ies. Under ergodic assumptions, both molecular dynamics (MD) simulations
and Markov chain Monte Carlo can generate proper samples after long runs
and establishment of convergency. However, achieving convergency is nontrivial,
and obtaining decorrelated samples at accessible time scales along simulation
trajectories is challenging in both cases. Our ensembles of 5 x 10* chromatin
polymers from chain growth are results of better sampling. Compared to MD
simulation, our method does not suffer from the issue of in-sufficient simulation
time. Compared to MCMC simulations, our method does not suffer from pos-
sible slow convergence, which is currently an unsolved problem. In general, our
method can generate more quality samples in a shorter time frame, therefore
is better equipped at quantifying heterogeneity than those from 2 x 10* steps
of MD simulations reported in [26], the 5,000 conformations generated using
Metropolis Monte Carlo reported in , or typically a few hundred structures
obtained using methods based on optimization .

Realistic ligation model. Our probabilistic model of ligation is realistic with
less assumptions. We assume regions in close spatial proximity below a threshold
are available to form Hi-C ligations probabilistically. Hi-C probabilities therefore
represents the proportions of polymer chains that satisfy the ligation threshold
(Supplementary Figure S2c). In contrast to the approach of , where Hi-C
contact frequencies are translated to spatial distances via a reverse exponential
function under implicit assumptions regarding the rate of chromatin diffusion
and how it relates to the mean contact frequency, our model makes no such
assumptions (Supplementary Figure S2d).

High resolution. The resolution of our model is high: 2 kb for specific loci,
and 5 kb for whole chromosome, which is at the same resolution of many Hi-C
studies.

Overall, our method is well-suited to a number of tasks, such as quantitative
assessment of chromatin heterogeneity and determination of three-body interac-
tions. It enabled us to reveal the novel insights reported in this study.

A new figure reporting computing time is also added to Supplementary Figure:
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Supplementary Figure S8. (d) averaged CPU time (minutes) for constructing 3D polymer
chains (50,000 chains, 20 Intel(R) Xeon(R) E5-2650 CPU cores) using frequencies of specific
interactions for the 10 regions
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7. “(1) When the sequential Bayesian inference procedure is introduced in “Specific in-
teractions are sufficient...”, the use of “constraints” to refer to the role that specific
interactions play in the reconstruction was confusing to me. In my interpretation, the
role they play is to require certain contact frequencies averaged over the ensemble, but
the use of the word constraints suggests that each member of the reconstruction is being
constrained to have those loci in contact. My preference is that constraints be replaced
by phrasing involving the word “frequency”.”

We apologized for the confusion. We have changed the words “constraints”to “frequen-
cies”.

“(2) In general, a high-level explanation of the method would be appreciated here, as
it doesn’t appear that any is currently given; readers must refer to the Supplementary
Methods in order to understand basics of the method. Given that several methods exist
in the literature which purport to reconstruct ensembles of chromatin structures based
on Hi-C, it would also help the reader in terms of understanding the precise way in
which the proposed method is novel.”

Thank you for this helpful suggestion. To explain our method, we have now added a
new section providing Overview of our approach to 3D chromatin modeling in
Results:

Our method relies on the recently developed capability of deep sampling to
generate 3D chromatin ensembles [20,22,23]. We first identify a set of specific
chromatin interactions from deep-sequenced population Hi-C data. They are
unlikely due to ligation of randomly collided loci and are identified by comparing
measured Hi-C frequencies to those simulated from an ensemble of randomly
folded 3D chromatin configurations. The specific interactions identified are then
used as restraints to generate an ensemble of modeled single-cell chromatin
configurations for either a genomic region (200 kb to 4 Mb at 2 kb resolution) or
a whole chromosome (22 Mb, at 5 kb resolution). Structural analysis, including
Euclidean distance measurement and spatial clustering, is then carried out on
the ensemble of modeled single-cell chromatin configurations. This provides
an overall quantitative assessment of population 3D structural properties, such
as compactness, radius of gyration, domain boundaries, as well as chromatin
structural heterogeneity. Results from structural analysis are then integrated
with other information such as enhancer/promoter information and epigenetic
modifications for additional biological insight.

We have also modified Fig 1 to provide more details of our method, and have added
the following to the section Specific interactions constitute a small fraction of
Hi-C contacts in the main text:

Briefly, for our null model, we generate multiple chromatin chains through a
fractal Monte Carlo method based on chain-growth [20}[22}|23]31], in which
monomers are added one at a time. To overcome severe difficulties in sampling,
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this process is optimized through a recursive resampling algorithm applied at
predetermined check-point lengths [20][22,[23]. The target distribution of the
ensemble is overall geometrically realizable self-avoiding chromatin chains within
the specified volume confinement. This target distribution is rigorously enforced
through proper importance weighting during chain-growth (see Supplementary
Methods for more details).

and to the section Specific interactions are sufficient to drive chromatin folding
in the main text:

For ensembles constrained by Hi-C interactions, we derive contact probabilities
from Hi-C frequencies. The target distribution of the chromatin ensemble is that
of self-avoiding chromatin chains that satisfy the Hi-C derived contact probabil-
ities at each chain-growing step, where beads are placed sequentially for each
chain. Our sequential Bayesian inference framework ensures that the chromatin
chains are consistent with the observed Hi-C, and ensemble properties can be
accurately estimated (Supplementary Figure S7).

We have also added a new figure as Supplementary Figure S2 to illustrate our method:
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Supplementary Figure S2. An illustration of our method based on chain growth and comparison
with other methods. (a) Chromatin polymer ensemble is constructed sequentially, with the
addition of one bead at a time. We make use of an optimized sampling distribution at each step
to improve sampling efficiency, which is dynamically adjusted after adding each bead. (b) A data-
driven method for construction of chromatin polymer ensemble as found in and [17]. All beads
are placed at once during the initialization step. Each simulation generates a chromatin chain
through a separate optimization procedure, where the object function is constructed individually
for each single chain. (c) In our model, Hi-C probability corresponds to the proportion of polymer
chains that satisfy the ligation threshold. (d) In several other methods, Hi-C probability is
transformed into a spatial distance via a reverse function .
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8.

“The authors follow changes in contacts between genomic regions identified as belonging
to A (active), I (inactive), and P (polycomb). The assignment of these regions to a
particular domain type is based on ChIP-seq data. Perhaps this is known, but evidence
that these assignments do not change over the course of development is necessary, in
my view. Otherwise, these changes in contact frequencies could be attributed to changes
in domain assignment.”

Thanks for pointing out this important issue. To confirm chromatin states identi-
fied from epigenetic modifications of S2 cells are stable across different developmental
stages, we have followed your advice and carried out additional studies.

We have added the new results on this to Supplementary Methods:

To assess possible changes in the distribution of different interaction types, we
use the 15 markers of S2 to categorize all specific interactions from each cell type,
as the chromatin classification based on S2 cells is robust across embryos at cycle
12 and cycle 14c. This is evidenced by an analysis of three representative histone
modifications (H3K37me3, H3K36me3 and H3K4me3) following the approach
of [4]. Supplementary Figure S3 shows that after signals of histone modifications
in 2 kb bins are aggregated over the same three chromatin states (Active, Inactive
and Polycomb-repressed) defined by S2 markers, their distributions are largely
unchanged across embryos at cycle 12 (during cycles 9-13) and cycle 14c (during
stages 5-8).

We have also added a corresponding Supplementary Figure S5:
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Supplementary Figure S5. Distributions of H3K27me3, H3K36me3 and H3K4me3 ChlP-seq
or ChlP-chip quantile-normalized signals in 2 kb bins from embryos at cycle 12, cycle 14c, and
S2-DRSC. The three chromatin states (Active, Inactive and Polycomb-repressed) are assigned
based on S2 markers. ChlIP-seq and ChIP-chip data are taken from the GEO database (Data
sources listed in Supplementary Table S3). Processed wiggle files downloaded from the database
are quantile-normalized before comparison.
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9. “In the section demonstrating three body interactions, it would again be good to know
that the sequential Bayesian framework is capable of observing changes in three-body
interaction frequencies in silico, by construction of an ensemble with a particular fre-
quency of three body interactions which is then inferred by the proposed method. The
FISH comparison in Fig. S4g is a nice step, but I think it’s important that the extent
of quantitative success of the method is explored in a more controlled environment.”

Thank you for your very helpful advice. We can now addressed this issue with results
obtained when answering Question 3 raised earlier. Specifically, we have examined
the spatial distance distributions among three anchors pl, p2, and p3 in a simulated
region containing a unit of three-body interactions. The distribution of distances pl—
p2, pl-p3 and p2—p3 are overall very similar between the original and the reconstructed
ensembles (see Supplementary Figure S7h shown below). Moreover, the fractions of
the loop pairs and the three-body contacts pl-p2—p3 are highly consistent between
those from the original and those from the reconstructed ensembles (Supplementary
Figure S7i).

We have added the following sentence to Supplementary Methods:

Our approach can uncover 3-body interaction unit, as shown in Supplementary
Figure S7h and S7i.
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Supplementary Figure S7. (h) Distance distributions of pl-p2, pl-p3, and p2-p3 looping
contact pairs labeled in (a) for the original and reconstructed ensembles. (i) Fractions of p1-p2,

pl-p3, p2-p3 looping pairs and pl-p2-p3 three-body contact pairs in the original and reconstructed
ensembles.
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10. “Gwven that both the original and simulated Hi-C' maps in Fig 5a seem essentially
featureless, the authors’ claim to have identified TAD-like structures is surprising and
interesting. This leads to two separate questions:

(1) Is there perhaps a signal of TAD structures in the bulk Hi-C map? The authors
can quantitatively assess this using an insulation or boundary strength score; it seems
like the current evaluation is mostly qualitative. ”

Thank you for this suggestion. We have now calculated the Directionality Index (DI)
for the region of chr2L: 11.0-12.0 Mb to examine how boundary strength varies among
the three cell types following ref |[15]. We have added the following text and an ac-
companying figure (Supplementary Figure S11b) to the new section Evaluation of
boundary strength by Directionality Index in Supplementary Methods:

We also evaluated the boundary strength directly using population Hi-C contact
matrices. We calculated the Directionality Index (DI) for each 2 kb bin following
ref [15]. DI is calculated as:

fdown - fup (fup - fe;rp)Q + (fdown - fea:p)2
‘fdown - fup‘ ferp fezp

where f,, is the contact frequency between the given 2 kb bin and the upstream
100 kb region; faown is the contact frequency between the same bin and the
downstream 100 kb region; f.., is the expected contact frequency, which is
set to w We find that embryos at post-MBT (stages 5-8) and S2R+
show strong Dl signals, indicating clear TAD structures with sharp boundaries. In
contrast, DI signals are weak or non-existent in early embryos at pre-MBT stages
(cycles 9-13) (Supplementary Figure S11b), indicating lack of TAD structures
as judged from population Hi-C contact matrix (Figure 5a).

DI = ( ) )

“(2) To what extent is the ensemble constructed simply a reflection of random fluctua-
tions? Said another way, if the authors were to construct an ensemble of SARWs, would
they also observe a similar subpopulation of configurations with TAD-like structures?
Said yet another way, can the authors provide a convincing null model here?”

Thank you for raising this very helpful question. We have further investigated the
domain structures in chromatin configurations in a random ensemble. Our results are
now reported in the section of Identification of single-cell domain boundaries
and TAD-like structures of the Supplementary Methods:

Similar to earlier findings [22], many chromatin configurations in a control ran-
dom ensemble of chr2L: 11.0-12.0 Mb also exhibit TAD-like structures: 23.1%
are found to maintain at least one TAD-like structure. However, this is sig-
nificantly less compared to 54.4% of chromatin configurations in embryos at
pre-MBT stages (cycles 9-13) (Figure 5a). Furthermore, the TAD boundaries
are distributed very evenly in the random ensemble, in contrast to cells at pre-
MBT and later stages (Supplementary Figure S11a). These results suggest that
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while TAD-like structures may form in random chromatin configurations, other
biological factors beyond fluctuation play significant roles during TAD formation
in early embryos.
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Supplementary Figure S11. Simulated single-cell domain boundaries among cells at three
developmental stages of embryogenesis (pre-MBT (cycles 9-13), post-MBT (stages 5-8) and
S2R+ derived from late embryos). (b) Directionality Index (DI) for cells at the three different
stages in the region of chr2L: 11.0 — 12.0 Mb shown in Figure 5a.
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Supplementary Figure S11. (a) Distributions of domain boundary probabilities along genomic
positions of the region shown in Figure 5A (chr2L: 11.0-12.0 Mb) in the three cell types and
the random polymer ensemble. All ensembles consists of 5,000 configurations. The diminished
random probabilities at the start and end of the region are boundary effects and can be corrected.
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REVIEWERS' COMMENTS:
Reviewer #1 (Remarks to the Author):

The revised manuscript by Sun et al. is much clearer, includes a much better explanation of the
method, sufficiently acknowledges previous work, and is overall significantly improved from the
initial submission. The authors have satisfactorily responded to all of my previous suggestions, and
overall appear to have put in a significant amount of effort to respond to the comments made by
all reviewers. I have only a couple of additional, non-essential, suggestions that I believe could
potentially improve the manuscript:

1. Hug et al. (PMID: 28388407) identified some boundaries in pre-MBT embryos that are
associated with genes that are expressed zygotically before MBT (including at the Bsg25A locus).
Are there pre-MBT boundary location preferences in modelled conformations of these loci?

2. There are a couple of studies on Drosophila embryos that have compared high resolution
imaging data with Hi-C from comparable embryo stages (e.g. Mateo et al. (PMID: 30886393) and
Cardozo Gizzi et al. (PMID: 30795893)). These could provide an excellent opportunity to examine
whether the populations of modelled single cell conformations from this method are consistent
with single-cell imaging data, without requiring new experiments. While the revised manuscript is
careful to avoid making the claim that the modelled single cell conformations reflect real
conformations found in embryos, this comparison would help to support the biological relevance of
the modelled conformations.

3. Minor point: I found it difficult to identify which studies the Hi-C data is taken from by reading
the main text. I would suggest adding references to these studies in the sentence describing the
data in lines 127-129.

Reviewer #2 (Remarks to the Author):

The authors have satisfactorily addressed my prior comments on the methodology used and it's
validation.

Reviewer #3 (Remarks to the Author):

Overall, I think the paper is greatly improved, and I thank the authors for their work in
accommodating the reviewer’s responses.

First among the outstanding issues is the organization of the results section, which I found difficult
to follow. I think the paper could be improved if the authors clarified the goal of the results
sections up until line 323. It currently feels like many different ideas are being discussed
simultaneously in this portion of the text. For example, Fig 1 is split across multiple sections within
the text, with Fig 2 intervening. Sections corroborating the proposed method by its ability to
recapitulate known biological trends, sections discussing the role specific interactions play in the
strength of the proposed method, and sections explaining the method itself would ideally be clearly
demarcated.

Minor comment 1: line 177 "obscure" should be "obscured" I believe.
Minor comment 2: Line 321 “Such quantitative measures of change in compactness can only be
derived from physical models of 3D chromatin conformations.” seems to be a bit of an

overstatement. Presumably this is meant mostly within the context of the 3C-based methods?

In addition to a need for structural clarification in the first two thirds of the paper, I have some
questions in regards to issues 9 and 10 from our previous correspondence:

9. Perhaps I'm misunderstanding, but the ground-truth model seems to only involve specifying



pairwise interactions. If this is the case, it is my understanding that it would not be surprising for
the method to be able to capture the resulting three-body interaction frequency. Would it be
possible, for instance, for the method to recover a scenario where the three points only interacted
as a triple?

I also can’t seem to find the exact numbers for the p1-p2, and p2-p3 frequencies discussed in the
supporting text. And what is the meaning of “fraction” in Fig S7i? Is it meant to be a percent?

10. I am not sure I understand the message of the section “A large portion of single cells likely
contain TAD-like structures in early embryos.” The modeled boundary probabilities in pre-MBT cells
appear to have correlated peaks with peaks in post-MBT and S2R+ cells, visibly over any sort of
fluctuations in the random ensemble (Fig S11a). Additionally, while the magnitude of the
directionality index is much smaller for pre-MBT cells, it appears to display a good correlation in
sign with the DI in post-MBT and S2R+ (Fig S11b). To me, this suggests that the modelling
procedure is able to pick up on an existing but weak TAD presence, as opposed to revealing the
presence of single-cell TADs in a population of cells where there are no domain boundaries on
aggregate. In this context, line 391 - “These results suggest that single-cell TAD-like structures
could exist during Drosophila embryogenesis, even at the early developmental stage, where no
clear TAD structures could be seen in population Hi-C studies [33].” - seems overstated.



Reviewer 1

“(General comment) The revised manuscript by Sun et al. is much clearer, includes a much
better explanation of the method, sufficiently acknowledges previous work, and is overall
significantly improved from the initial submission. The authors have satisfactorily responded
to all of my previous suggestions, and overall appear to have put in a significant amount of
effort to respond to the comments made by all reviewers. ....

Thank you for your kind words!

1.

2.

“Hug et al. (PMID: 28388407) identified some boundaries in pre-MBT embryos that
are associated with genes that are expressed zygotically before MBT (including at the
Bsg25A locus). Are there pre-MBT boundary location preferences in modelled confor-
mations of these loci? ”

We have carried out additional modeling studies following your suggestion. To compare
with Hug et al, we have estimated boundary probabilities along the locus of chr2L.:4.5-
6.5 Mb using our ensemble of single-cell chromatin conformations. Overall, our modeled
boundary probabilities are in excellent agreement with both the reported insulation
scores and the RNA Pol II chip signals of Hug et al (see Supplementary Figure 11d).

We have added the following text to our manuscript:

Moreover, our results are consistent with a recent study by Hug et al [2], where
reported boundaries in pre-MBT embryos are associated with genes expressed
zygotically before MBT. The boundary probabilities calculated from our pre-
dicted ensemble of single-cell conformations for the locus chr2l:4.5-6.4 Mb are
in excellent agreement with data reported in [2] (Supplementary Figure 11d).

and the following to the Supplementary Methods:

Comparison with Hug et al.

We compared our modeled ensemble of single-cell conformations for the region
of chr2L:4.5-6.4 Mb with the study of Hug et al [2]. Supplementary Figure 11d
shows the boundary probabilities estimated from our ensemble (see third track),
which are constructed from the Hi-C data of embryos at cycles 9-13 [4]. Overall,
our estimated boundary probabilities agree well with the insulation scores and
RNA Pol II ChIP-Seq signal derived from Hug et al [2].

“There are a couple of studies on Drosophila embryos that have compared high res-
olution imaging data with Hi-C' from comparable embryo stages (e.q. Mateo et al.
(PMID: 30886393) and Cardozo Gizzi et al. (PMID: 30795893)). These could pro-
vide an excellent opportunity to examine whether the populations of modelled single cell
conformations from this method are consistent with single-cell imaging data, without
requiring new experiments. While the revised manuscript is careful to avoid making the
claim that the modelled single cell conformations reflect real conformations found in
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Supplementary Figure 11 (d) Preference of simulated single-cell domain boundaries at pre-
MBT boundary positions in Hi-C data of Hug et al. The heat map, insulation and RNA pol
[l tracks are from Hug et al (with permission). The bottom track shows the probabilities of
simulated single-cell domain boundaries in the same region of chr2L: 4.5 — 6.5 Mb.



embryos, this comparison would help to support the biological relevance of the modelled
conformations.”

We have now carried out additional simulation studies to compare our model with that
obtained by the imaging technique of Mateo et al. The new results have been added to
our manuscript - thank you for this very helpful suggestion! The new sentence added
reads:

Our modeled single-cell conformations also agree well with single-cell chromatin
reconstructed from another imaging study [3] (see Figure 5g and Supplementary
Methods).

g 50 500

chr3R: 12.2-12.9 Mb

Mateo et al. Ours Mateo et al. Ours

Figure 5. (g) Correspondence between distance maps of two modeled single-cell conformations
(chr3R:12.20—12.90 Mb of Drosophila S2R+ at 2 kb resolution) with two conformations con-
structed from imaging studies in Mateo et al (r = 0.75 and 0.79, Fig 2d of reprinted with
permission).

and a new paragraph in the Supplementary Methods:

Comparison of modeled and measured single-cell conformations.
We generated 10,000 single-cell conformations of the locus chr3R:12.20—12.90
Mb using Hi-C data of S2R+ cells. The resulting distance maps are compared
pixel-wise with that depicted in Mateo et al , where 19,103 cells were mea-
sured, and two depicted. Despite the gap regions in reported results in Mateo
et al, which makes direct comparison difficult, two single-cell conformations we
modeled have overall excellent agreement with the two conformations depicted
in Mateo et al, with » = 0.75 and 0.79, respectively.

Regarding the Gizzi et al study, as the depicted distance maps in pixels are similar
to that of Mateo et al but less challenging (< 400 kb vs. 700 kb), we decided not to
pursue a detailed direct comparison due to the limited time for revision. Although we
are unable to access the original raw distance data in a form that can be used for a
more direct comparison, we believe our reported pixel-wise comparison with Mateo et
al is adequate in illustrating the overall agreement between single-cell modeling and
measurement.



3. “Minor point: I found it difficult to identify which studies the Hi-C' data is taken from
by reading the main text. I would suggest adding references to these studies in the
sentence describing the data in lines 127-129 7

We have now added these references.



Reviewer 3

1.

“First among the outstanding issues is the organization of the results section, which
I found difficult to follow. I think the paper could be improved if the authors clarified
the goal of the results sections up until line 323. It currently feels like many different
1deas are being discussed simultaneously in this portion of the text. For example, Fig
1 is split across multiple sections within the text, with Fig 2 intervening. Sections
corroborating the proposed method by its ability to recapitulate known biological trends,
sections discussing the role specific interactions play in the strength of the proposed
method, and sections explaining the method itself would ideally be clearly demarcated.”

We have now reorganized this part of the text, so the clarity of the Results sections
has been improved. The focus of Fig 1 is now the depiction of the null model and how
specific interactions are identified. This figure is no longer split across different sections.
Fig 3 now contains the illustration on how chromatin folding is modeled under predicted
specific interactions, as well as depictions of different outcomes of folding experiments
using predicted specific interactions and other types of interactions.

We have also renamed the relevant subsections up to line 323 in Results to provide
overall demarcation of the content. These are now all under 60 space-characters as
required. They now read: “Modeling uncovers a small set of specific inter-
actions”, “Specific interactions recapture known long-range interactions”,
“Specific interactions reveal biologically-relevant patterns”, “Specific inter-
actions can drive chromatin folding”, and “Single-cell conformations quan-
tify chromatin heterogeneity”.

“line 177 "obscure” should be "obscured” I believe”

This is now fixed. Thank you!

““Such quantitative measures of change in compactness can only be derived from phys-
ical models of 3D chromatin conformations.” seems to be a bit of an overstatement.
Presumably this is meant mostly within the context of the 3C-based methods?”

Indeed, this statement is misleading. We have modified our statement so it now reads:

Such quantitative measures of change in compactness can only be derived from
Hi-C and 3C-derived data via physical modeling of 3D chromatin conformations.

“Perhaps I'm misunderstanding, but the ground-truth model seems to only involve spec-
ifying pairwise interactions. If this is the case, it is my understanding that it would
not be surprising for the method to be able to capture the resulting three-body interac-
tion frequency. Would it be possible, for instance, for the method to recover a scenario
where the three points only interacted as a triple?”

We have carried out further simulations using a toy model, where interactions among
three bodies are given a priori. That is, the interactions among loci pl, p2, and



p3 are known to exist solely as a triplet interaction. This triplet interaction pl-p2-
p3 is equivalent to enforcing the pairwise interactions pl-p2, p2-p3, and pl-p3 to
simultaneously co-exist within corresponding single cells of the ensemble. Our method
can indeed produce ensembles of single-cell conformations following this prescribed
condition.

We have added the following paragraph to the Supporting Information:

Our model can also incorporate a priori information where three bodies pl,
p2, and p3 are known to interact solely as a triplet. Our method can readily
generate ensembles that conform to such specifications by knocking-in these
simultaneous interactions . This is shown in Supplementary Figure 7j with
a toy example of a 4-cell ensemble. Here the simultaneous all-to-all 3-body
interaction (pl-p2-p3) is given a priori and modeled through explicit knock-
in perturbations using our CHROMATIX method [1]. Supplementary Figure 7j
shows that the simultaneous 3-body interaction (colored as green, yellow, and
purple) is recovered in all four cells. Such a priori information may be found,
for example, from 3D-FISH studies and can be incorporated to complement Hi-
C data using our full suite of computational tools. For full details, please see
“Chromatin-to-chromatin proximity interaction modeling tutorial” available at
https://bitbucket.org/aperezrathke/chr-folder/|

and a new figure:

Supplementary Figure 7. (j) A toy ensemble of four chromatin polymer chains generated under
the a priori condition that the three loci pl, p2, and p3 interact solely as a triplet pl-p2-p3. The
resulting ensemble is generated using knock-in perturbations of the CHROMATIX method ,
with loci pl, p2, and p3 shown as green, yellow, and purple beads, respectively.


https://bitbucket.org/aperezrathke/chr-folder/

d.

“I also can’t seem to find the exact numbers for the pl-p2, and p2-p3 frequencies dis-
cussed in the supporting text. And what is the meaning of “fraction” in Fig S7i? Is it
meant to be a percent? ”

We have now added the ensemble size information (i.e., the number of chromatin
chains) to the caption of Fig S7 for the original and the reconstructed polymer ensem-
bles, and replaced the word “fraction” with “percentage”:

(a) First, we construct an original chromatin polymer ensemble consisting of
50,000 chains and aggregate the single-chain contact maps into a simulated Hi-
C contact map; we then apply our sequential Bayesian inference framework and
reconstruct another polymer ensemble consisting of 50,000 chains solely from
the simulated Hi-C contact map.

(i) Percentages of pl-p2, pl-p3, p2-p3 looping pairs and pl-p2-p3 three-body
contact pairs in the original and reconstructed ensembles.

The values of % of pl-p2 and p2-p3 have also been added to the bar-plot of Supple-
mentary Figure 7i.

The following sentence has also been added to the relevant section of the Supplemen-
tary Methods:

Further quantitative information can be found in the caption of Supplementary
Figure 7.

“I am not sure I understand the message of the section “A large portion of single cells
likely contain TAD-like structures in early embryos.” The modeled boundary probabil-
ities in pre-MBT cells appear to have correlated peaks with peaks in post-MBT and
S2R+ cells, visibly over any sort of fluctuations in the random ensemble (Fig S11a).
Additionally, while the magnitude of the directionality index is much smaller for pre-
MBT cells, it appears to display a good correlation in sign with the DI in post-MBT
and S2R+ (Fig S11b). To me, this suggests that the modelling procedure is able to
pick up on an existing but weak TAD presence, as opposed to revealing the presence
of single-cell TADs in a population of cells where there are no domain boundaries on
aggregate. In this context, line 391 — “These results suggest that single-cell TAD-like
structures could exist during Drosophila embryogenesis, even at the early developmental
stage, where no clear TAD structures could be seen in population Hi-C' studies [33].” —
seems overstated. ”

Thank you for pointing out this issue. Indeed, there are weak signals of TAD presence
in the Hi-C data. In fact, such signals are the basis upon which our method success-
fully built 3D models of single-cell chromatin conformations, a subset of which exhibit
TAD-like structures (e.g. Figure 5c). However, the signal for such a subpopultation
with TAD-like structure gets averaged out when the direction index is calculated us-
ing population Hi-C data. It is therefore difficult to draw definitive conclusions by
examining the population Hi-C data alone, where tiny traces of peaks are present in
the direction index plots (Supplementary Figure 11b, stack 1). The strength of the
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signal in pre-MBT is nowhere near the strong peaks we see in post-MBT and S2R+
cells. Overall, it would be challenging to definitively declare the presence of TADs
among a subpopulation of cells using a population-averaged direction index. This is in
contrast to post-MBT and S2R+ cells, where the direction index signal is strong and
unambiguous (Supplementary Figure 11b, stacks 2 and 3).

We have modified line 391 to avoid possible misleading interpretation:

These results suggest that single-cell TAD-like structures could exist during
Drosophila embryogenesis, even at the early developmental stage, where TAD
structures could not be clearly detected with confidence from population-averaged
Hi-C data (see Supplementary Figure S11b row 1, in contrast to rows 2 and 3 [4]).
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