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Abstract

We present HiC-DC+, a software tool for Hi-C/Hi-ChlIP interaction calling and differential analysis
using an efficient implementation of the HiC-DC statistical framework. HiC-DC+ integrates with
popular preprocessing and visualization tools, includes TAD and A/B compartment callers, and
outperformed existing tools in H3K27ac HiChIP benchmarking as validated by CRISPRI-
FlowFISH. Differential HIC-DC+ analysis recovered global principles of 3D organization during
cohesin perturbation and differentiation, including TAD aggregation, enhancer hubs, and
promoter-enhancer loop dynamics.

Main

While there are effective software tools for visualizing 3D genomic interaction data from Hi-C and
related assays, existing statistical analysis tools for these data are less mature, and integrative
genome-wide analyses remain challenging. The HiC-DC+ (Hi-C/HiChIP direct caller plus)
package enables principled statistical analysis of Hi-C and HiChIP data sets — including calling
significant interactions within a single experiment and performing differential analysis between
conditions given replicate experiments — to facilitate global integrative studies (Fig. 1a).

HiC-DC+ estimates significant interactions in a Hi-C or HiChIP experiment directly from the raw
contact matrix for each chromosome up to a specified genomic distance, binned by uniform
genomic intervals or restriction enzyme fragments, by training a background model to account for
random polymer ligation and systematic sources of read count variation. Similar to HiC-DC', HiC-
DC+ uses negative binomial regression to estimate the expected read count in an interaction bin
based on genomic distance, and the GC content, mappability, and effective bin size based on
restriction enzyme (RE) sites in the corresponding pair of genomic intervals (Methods); genomic
features derived from the set of RE recognition sites are provided as input to the model. As in
HiC-DC and Fit-Hi-C?, HiC-DC+ uses a two-step model fitting procedure to increase power
(Methods). Given the higher coverage of current Hi-C and HiChIP experiments, HiC-DC+ does
not incorporate zero truncation in the background model, resulting in a somewhat simpler
statistical model than used by HiC-DC.

HiC-DC+ also enables differential analysis of Hi-C or HiChIP interactions between a pair of
conditions, given replicate experiments. To do this, HiC-DC+ estimates genomic distance-
dependent scaling factors from the data and uses DESeq2 to assess the significance of
differential interactions (Methods). This approach is similar to the ACCOST method?® but exploits
existing capabilities of DESeq2 to perform the statistical test.
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The HiC-DC+ Bioconductor R package represents a major software update relative to HiC-DC,
with an efficient implementation of the core statistical model, data files and storage objects and
the ability to parallelize. These features are required to process very deep (= 2B reads) data sets
at high resolution. The package supports standard Hi-C contact matrix file formats (.hic, .matrix,
.allValidPairs) generated by HiC-Pro or Juicer as input (Fig. 1a). For convenience, the HiC-DC+
package also implements callers for topologically associating domains (TADs), through an
implementation of TopDom, and A/B compartments. The TAD caller can be run on contact
matrices that have been normalized by HiC-DC+, namely observed/expected (O/E) counts or
negative binomial Z-score values (Fig. 1a, Methods), or by other methods such as ICE* .

To visualize significant HIC-DC+ 3D interactions and differential loops, results from the package
(FDR-corrected P values, or O/E or Z-score normalized counts in .hic file format) can be readily
supplied to popular visualization tools such as Juicer® and HiCExplorer®. For example, Fig. 1b
shows the results of HiC-DC+ analysis of a SMC1a HiChlP data set in the GM12878
lymphoblastoid cell line” ® in a 1.2Mb region of chr 6 using Juicer, with KR normalized count data
below the diagonal and significant interactions at FDR < 0.05 above the diagonal. HiCExplorer is
useful for visualizing HiC-DC+ normalized contact matrices in triangular format and significant
interactions as arcs, alongside other genomic tracks. In Fig. 1¢, HiC-DC+ Z-score normalized Hi-
C data in untreated and PMA-treated THP-1 cells® are shown at a 1Mb region encompassing
MAFB, an important regulator of monocyte to macrophage differentiation, together with HiC-DC+
differentially gained enhancer-promoter interactions and signal tracks for ATAC-seq, H3K27ac,
and CTCF ChlP-seq.

HiChIP enriches for 3D interactions associated with a protein or histone modification of interest
by applying ChIP to the contact library after nuclear lysis®. The HiC-DC+ statistical model proved
to be well suited for HiChIP analysis without requiring any additional covariates, such as signal
from a parallel ChiP-seq experiment or HiChIP self-ligation read counts, which have been used
to mimic the ChIP-seq signal®. By contrast, some existing HiChIP analysis methods like
hichipper'® and FitHiChIP'" indeed attempt to call genomic peaks directly from HiChlIP or use a
parallel ChIP-seq experiment as a step in their modeling.

To benchmark HiC-DC+ on HiChIP, we ran the model on existing H3K27ac HiChlIP in K562 cells®
at 5kb resolution and assessed using recently generated CRISPRI-FlowFISH data for 22 genes'?
(Methods). CRISPRIi-FlowFISH quantifies enhancer function in terms of the estimated log fold
change of target gene expression due to enhancer inactivation by using a pooled CRISPRi screen
against candidate enhancers and sorting cells using RNA fluorescence in situ hybridization (FISH)
against the target gene. We reasoned that a successful H3K27ac HiChlIP analysis pipeline should
identify significant loops between the target gene promoter and FlowFISH-validated accessible
sites, and rank these loops above interactions between the target promoter and accessible sites
with insignificant FlowFISH effect.

Therefore, for each CRISPRIi-FlowFISH experiment and its corresponding target gene, we ranked
candidate interactions at 5kb between the target promoter and each tested regulatory element by
HiC-DC+ P value. Similarly, we ranked candidate interactions using three other published
methods: Fit-HiChIP'!, an adaptation of Fit-Hi-C for HiChIP; MAPS™, another approach based on
fitting a generalized linear model to estimate a background distribution; and hichipper®, a method
that models the background read density in terms of proximity to RE sites. When we evaluated
performance per gene by auPR (area under the precision-recall curve), HiC-DC+ outperformed
hichipper and MAPS (Fig. 2a, P < 0.01, signed rank test). Although per gene auPR was not
significantly different between HiC-DC+ and FitHiChIP (P = 0.15, signed rank test), HiC-DC+ had
a higher median per gene auPR (0.307 for HiC-DC+ vs 0.245 for FitHiChIP). Moreover, when we
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examined the predicted interactions at FDR < 0.01 across all genes for each method, we found
that HiC-DC+ was most successful in identifying promoter-enhancer loops of enhancers with large
effect size on target gene expression as assessed by CRISPRi-FlowFISH (Fig. 2b, P < 0.011
FitHiChIP, P < 0.005 for MAPS and P < 0.001 for hichipper, rank sum test). While Fit-HiChIP was
the runner-up in terms of mean auPR (0.180 for FitHiChIP vs. 0.205 for HiC-DC+), suggesting a
reasonable ranking of promoter-to-candidate-enhancer interactions, it called many more
interactions than HiC-DC+ at a fixed FDR < 0.01 threshold, indicating that its P values are
somewhat inflated. Indeed, at the PLP2 and FTL loci (Fig. 2¢,d), FitHiChIP identifies both positive
and negative enhancers but generates a large number of false positive interactions, whereas HiC-
DC+ identifies significant interactions that coincide with positive enhancers and H3K27ac peaks.

Despite evidence that promoter-enhancer interactions identified by CRISPRi-FIowFISH are
enriched for shorter range interactions that are detectable by H3K27ac signal and accessibility
alone (Supplementary Material; Supplementary Fig. 1), enhancer screening data provides a
useful benchmark data set for comparing HiChlIP interaction callers.

As a second test case, we benchmarked HiC-DC+ and existing HiChIP interaction callers on
published HiChIP data for SMC1a, a subunit of the cohesin complex, in GM12878%. These
methods called vastly different numbers of significant cohesin-mediated loops at 5 kb resolution
with genome-wide FDR < 0.01: 81,861 loops for HiC-DC+, 95,196 for Fit-HiChIP, 38,894 for
MAPS, and 52,590 for hichipper. When we restricted to loops whose anchors both contained
CTCF motifs, a majority of such loops (75%-84%) for all methods except hichipper (49%) were
associated with a pair of convergently oriented motifs (Supplementary Fig. 2). We also examined
the enrichment of significant interactions from each method at the boundaries of previously
reported subTADs in GM12878 based on Hi-C analysis’. We found that HiC-DC+ interactions
were most highly enriched at subTAD boundaries, with Fit-HiChIP as runner-up (Supplementary
Fig. 3).

To call differential Hi-C and HiChIP interactions between a pair of conditions, we estimate
distance dependent DESeq?2 size factors so that the median normalized count for pairs of bins at
each given distance in each matrix is the same (Methods). Dispersion and MA plots behave as
expected, suggesting that our normalization works appropriately (Supplementary Fig. 4).

To benchmark our differential HiC interactions against diffHiC', multiHiCcompare®, and
Selfish'®, we ran HiC-DC+ and other tools on Hi-C data in HAP1 and WAPL knockout HAP1 cells
at 25 kb resolution'. Haarhuis et al. showed that removing WAPL affects chromosome topology
on a global scale through the formation of longer loops and strongly increased interaction
frequencies between nearby TADs" . In particular, they highlighted three genomic regions to show
accumulation of contacts at TAD corners (Fig. 3a, top row) and loop extension linked to TAD
aggregation (Fig. 3a, middle and bottom rows) upon WAPL loss. HiC-DC+ can detect these
enriched loops more effectively than other methods at FDR < 0.05. Other methods also call at
least two times more significant interactions than HiC-DC+, suggesting P value inflation
(Supplementary Fig. 5). The loop lengths of differential interactions with HiC-DC+ span a wide
range, while other methods appear biased towards short- or long-range interactions
(Supplementary Fig. 6).

We also performed contact frequency analysis between each TAD and its five flanking TADs to
assess whether differential interaction analysis can reveal TAD aggregation upon WAPL
deficiency. We plotted the number of differential interactions identified by each method at FDR <
0.05 that are lost or gained in AWAPL vs wild type (Fig. 3b). Haarhuis et al. claimed that WAPL
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deficiency mediated gains in interactions at the corners of TADs and loss of intra-TAD
interactions. Of the methods tested, only HiC-DC+ recovered both findings: a majority of gained
interactions connected neighboring TADs together with a drastic loss of intra-TAD interactions.

To evaluate differential HiChIP interactions, we examined H3K27ac HiChIP data from Di
Giammartino et al.”® This study mapped high-resolution regulatory loops in mouse embryonic
fibroblasts (MEF) and murine embryonic stem cells (mMESC) and discovered enhancer hubs,
defined as sets of highly connected enhancers interacting with cell-type-specific genes. Further,
they disrupted KLF binding motifs within mESC enhancer hubs using CRISPR-Cas9 to test the
hypothesis that enhancer hubs coordinate the expression of pluripotency-associated genes.
Inactivation of enhancer hubs resulted in coordinated downregulation of all connected genes
without affecting the neighboring non-hub genes in mESC. We used HiC-DC+ differential HIChIP
analysis to identify mESC-specific enhancer hubs that are lost in MEF. HiC-DC+ detected mESC-
specific interactions of the Tbx3 enhancer hub with Aw545942, Gm16063, and Tbx3 genes, all
validated target genes; consistent with validation experiments, HiC-DC+ did not find a differential
interaction with Med13/, whose expression is not affected by inactivation of this hub (Fig. 3c).
HiC-DC+ also captured increased interaction of Zfp42 enhancer hub with Zfp42 and TrimI2 genes
in MESC (Supplementary Fig. 7). Notably, another differential HiChIP interaction tool, diffloop®,
could not detect any differential interactions comprising these two hubs.

Finally, to demonstrate the value of HiC-DC+’s rigorous differential analysis, we reanalyzed very
high resolution in situ Hi-C data from the THP-1 cell line model of monocyte to macrophage
differentiation, together with epigenomic and transcriptomic data sets to relate chromatin
dynamics to gene expression changes®.

The original study used Juicer (HICCUPS) to call interactions and adapted DESeq?2 for differential
interaction analysis but identified only 217 differential looping events genome-wide at a 10 kb
resolution (nominal P < 0.001). This modest number led the authors to propose a model where
macrophage-specific genes are upregulated through activation of preexisting DNA loops together
with a smaller number of gained loops. By contrast, HiC-DC+ identified 64,844 differential looping
events at 10 kb resolution (adjusted P < 0.01). Of the original differential loop calls, 169 were also
called by HiC-DC+ (FDR < 0.01) and 147 of these were found to be differential (adjusted P <
0.01). Indeed, we found that HiC-DC+ identified more differential looping events at every genomic
distance, and these differential loops exhibited stronger effect sizes than those in the original
study (Fig. 3d). These results suggest that Juicer is not only too conservative in calling loops but
also preferentially identifies loops that exhibit little dynamic behavior. Therefore, we revisited the
association of regulatory loop dynamics and gene expression changes.

We reran HiC-DC+ at 5 kb resolution in order to more precisely identify potentially regulatory
interactions and found 25,691 differential looping events (adjusted P < 0.05). We next considered
differentially expressed genes between THP-1 monocyte and macrophages (FDR < 0.05) and
found that 1673 (out of 6,782) had at least one promoter-anchored differential loop. Strikingly
upregulated genes were associated with gained/strengthened promoter-anchored loops, while
downregulated genes were associated with lost/weakened promoter-anchored loops. Moreover,
differential promoter-anchored loops at upregulated genes tended to be shorter range interactions
(median genomic distance 135kb), while those at downregulated genes were longer range
(median genomic distance 185kb, Supplementary Fig. 8a, b). GO enrichment for genes with
differential promoter-anchored loops identified functional annotations associated to monocyte to
macrophage differentiation (Supplementary Fig. 9). These results all suggest that gain or loss
of promoter-anchored loops lead respectively to up- or downregulation of gene expression in
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monocyte to macrophage differentiation, presumably through differential connections to
enhancers.

To investigate whether differential promoter-anchored loops indeed include promoter-enhancer
interactions, we next constructed an atlas of enhancers using ATAC-seq peaks that overlap with
H3K27ac ChlP-seq peaks as a proxy for active enhancer elements (Methods). We then restricted
analysis to looping events between enhancers in the atlas and promoters (Fig. 3e). Upregulated
genes were associated with gained/strengthened promoter-enhancer loops, while almost all
lost/weakened promoter-enhancer loops were associated with genes with no significant
expression change or those that were significantly downregulated. Further, H3K27ac ChIP-seq
and ATAC-seq changes at the interacting enhancer elements correlated with expression changes
of the target gene, while weaker changes in ATAC and H3K27ac signal were observed at the
promoter (Fig. 3e,f, Supplementary Fig. 10). Interestingly, CTCF changes at those promoter
anchors were strongly associated with the changes in gene expression, although the enhancer
sites displayed at best weakly concordant changes in ATAC-seq or CTCF ChIP-seq signal
(Supplementary Fig. 10). Phanstiel et al. identified multiple gained loops at the MAFB locus, and
HiC-DC+ analysis also found many enhancer-promoter interactions for MAFB (Fig. 1¢). We also
recovered additional genes with previously unidentified differential looping events such as at
GALNTH4, a gene involved in the mucin glycosylation pathway (Supplementary Fig. 11).

We have shown that HiC-DC+ facilitates genome-wide analyses of Hi-C and HiChIP data sets
and integration with 1D epigenomic and transcriptomic data, recovering previous biological
findings in a systematic and global fashion while enabling new insights on the role of 3D genomic
architecture in gene regulation. Therefore, HiC-DC+ addresses an important gap in currently
available tools for 3D interaction calls and differential analysis and can enable advances in
genome-wide understanding of chromatin architecture and dynamics.
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Methods

Pre-processing of Hi-C and HiChlIP data. We aligned HiChlIP reads to hg19 or mm10 genomes
and filtered out reads that are duplicate or invalid ligation products using the HiC-Pro pipeline
(v_2.11.1) with default settings. We processed Hi-C reads using Juicer pipeline (v_1.7.6) with
default settings.

TAD annotations. We used sub-TAD annotations from Arrowhead for GM12878 Hi-C data
(GSE63525). We found TADs at 50 kb resolution using TopDom (v_0.0.2) with “w” as 10 on ICE
normalized Hi-C counts.

Calling loops using FitHiChIP, MAPS, and hichipper. We used 5kb-binned hichipper
interactions in GM12878 SMC1a and K562 H3K27ac HiChIP reported by "' (GM12878 SMC1a
from Table_GC-ALL table, K562 H3K27ac from Table_KH-ALL table). MAPS and FitHiChIP (L)
interactions (FDR < 0.01) were also obtained from "' (GM12878 SMC1a from Table_GC-ALL
table) and interactions, called using pooled replicates, up to 1.5M were used for comparisons.

We ran MAPS for H3K27ac HiChIP in K562 data with HiChIP inferred ChIP peaks (Table
Table_KH-L-H from ", with the following parameters: “bin_size = 5000; fdr = 0; filter_file = None;
generate_hic=0; mapq = 30; length_cutoff = 1000; threads = 10; per_chr=True,
binning_range=1500000" using pooled allValidPairs file.

We ran FitHiChIP on pooled H3K27ac HiChIP in K562 data with HiChIP inferred ChIP peaks
(Table Table_KH-L-H from '), with the following parameters: IntType=3; BINSIZE=5000;
LowDistThr=5000; UppDistThr=1500000; UseP2PBackgrnd=0; BiasType=1; Mergelnt=1;
QVALUE=0.01" by providing pooled allValidPairs file.

Benchmarking with Flow-FISH results. We use the 5,091 candidate enhancer-promoter-target
gene data from Fulco et al.'? reported in Supplementary Table 6a for K562 cells and add 15
singleton experiments for candidate enhancer-promoter pairs along with their tested target
genes? for K562 cells reported in Table S3A. Because other methods (all except ABC and HiC-
DC+) do not check for interactions shorter than 5kb (17 candidates) and HiC-DC+ longer than 1.5
Mb (324 candidates) for K562 H3K27ac HiChIP, we removed these candidates from
consideration. Among those within the distance range, we also removed candidate elements on
gene promoters (1,147 candidates) following Fulco et al.’? This leaves a set of 3,618 candidate
enhancer-promoter-target gene experiments. We treated enhancer-promoter pairs reported at
FDR < 0.05 as significant enhancer-promoter candidates for the tested target gene.

Effect size comparison. We collected significant (FDR < 0.01) looping events identified in K562
H3K27ac HiChIP at 5kb bins overlapping with candidate enhancer-promoter pairs for each of the
benchmarked methods (PET count >=2 for hichipper) and compared the reported fraction change
in gene expression using one-sided Wilcoxon rank sum test with the alternative hypothesis being
HiC-DC+ having greater reduction in gene expression on the CRISPR-perturbed candidates.

Gene-wise performance comparison. We grouped 3,618 candidate enhancer-promoter pairs
by their 71 target genes, chose 22 target genes (2,609 candidates) that has at least one significant
pair and one insignificant pair, and computed the area under the precision-recall curve (auPR) for
each target gene and for each benchmarked method using significance scores collected from
overlapping 5kb bins for each candidate. We ordered the precision-recall curve in an increasing
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order of P values for HiC-DC+, FitHiChIP, and MAPS, and in decreasing order of PET counts for
hichipper. We compared the range of auPR values across methods using one-sided Wilcoxon
signed rank tests with the alternative hypothesis being HiC-DC+ having greater auPR. For the
comparison between ABD and ABC methods (Wilcoxon signed rank test, P = 0.39, N=23,
alternative: ABD is greater), we included candidate enhancer-promoter pairs closer than 5 kb as
well.

Finding CTCF motif orientation. We found the CTCF motif orientation of the significant
GM12878 SMC1a HiChIP loop anchors (FDR < 0.01, 20kb < loop distance < 1.5M) identified by
each method using Juicer tool command MotifFinder (v_1.7.6). We used IDR-thresholded
GM12878 CTCF peaks available from ENCODE (ENCFF710VEH).

SubTAD metaplot generation. For each method, we found the number of significant GM12878
SMC1a HiChIP interactions (FDR < 0.01, 20kb < loop distance < 1.5M) a 5kb bin makes with
other regions. Then, using deepTools (v_3.1.1) computeMatrix “scale-regions” and plotProfile, we
generated a metaplot of significant interactions over GM12878 subTADs (GSE63525).

Statistical modeling of interaction bin count data. HiC-DC+ follows the feature selections and
model specifications outlined in Carty et al.” with the choice of a negative binomial (NB) model for
the read counts rather than a zero-truncated negative binomial distribution. Specifically, we used
a GLM based on negative binomial regression to model the Hi-C read counts, and we used the
fitted model to estimate the statistical significance (P value) to the Hi-C interaction bin counts.
Following previous notation’, we let Y = (y;) represent the Hi-C contact map of intra-chromosomal
interactions, where i and j are a pair of genomic intervals (either through uniform binning of the
genome or fixed size bins of consecutive restriction enzyme fragments) and the tuple (i,j) defines
an interaction bin. Each bin has an associated vector of covariates, which we denote as X = (x“;
x%; x™), and y; is modelled as a random variable that follows a negative binomial distribution.
The regression model is defined as: P(Y=y;|X)=f (k; u;;; @), where the distribution f (k; u;;; @) is a
negative binomial distribution with dispersion parameter a. The negative binomial mean
parameter y;; is described with a log-linear model:

log(ﬂij) = ,BO + Zk ,BkBk,l(xldjiSt) + ,Bgcxldji“ + ,Bmapxg;lap,

where B, is the intercept term, and S, and S,,,, are coefficients for GC content and mappability
features, respectively. We modelled the relationship between genomic distance and contact
significance with a third order B-spline, which takes the distance covariate as input, and the B-
spline basis functions are as previously described. Specifically, we use six degrees of freedom
for fitting the spline and have three inner knots. These inner knots are at the 25%, 50% and 75%
quantiles of the linear genomic distance.

To increase the statistical power of the model, we removed bins with counts that exceed the
97.5% percentile of null distribution that we deem as positive outliers, corresponding to potentially
non-random contacts, and then refit the model to the remainder of the data. We use the function
glm.nb in the R library MASS to fit the negative binomial regression model.

HiC-DC+ assesses the significance of bin counts based on the corresponding estimated NB
distribution for that bin. The P value associated with each interaction bin becomes 1 minus the
cumulative distribution function fit for that bin given its feature values, i.e.,1 — Zi"z"o (k; pij; @).
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Significant bins can then be selected on the basis of adjusted P values following the Benjamini-
Hochberg procedure to control for FDR.

The R package HICDCPlus allows for model selection for other interaction bin count data by
providing an option to choose the zero-truncated negative binomial distribution, as well as optional
parameters to (i) add/remove/change local genomic features as desired and (ii) use the logarithm
of genomic distance as the distance covariate instead of using B-splines.

Differential interaction calling. We call differential interactions using DESeq2 and raw counts,
with two modifications. First, analyzed loci are the interaction bins in the union set of significant
interactions (FDR < 0.1) across all conditions to be pairwise tested. Second, size factors for these
loci are determined for each genomic distance separately. Following DESeq2 assumptions, we
enforce that the median normalized count for interaction bins at each genomic distance should
be similar across conditions. Specifically, for a given distance |i — j| = d, the size factor for

k
condition k is chosen to be 53 = median;_; -4 y{, so that normalized counts become =
d

Calling differential interactions using diffloop, multiHiCcompare, Selfish, diffHiC. For
H3K27ac HiChIP data in mESC and MEF'®, we called differential loops at 5kb using diffloop
1.16.0" using R version 3.6. Since the published interactions were called in approach similar to
Mango?', we applied implemented the Mango correction function to remove biases associated
with the method. The loops were then filtered at FDR < 0.05 and absolute fold change > 1.5. We
performed the differential contact calling on Hi-C data in HAP1 and WAPL knockout HAP1 cells
at 25 kb resolution using mutliHiCcompare'®, Selfish'®, and diffHiC'*. All differential interactions
were filtered at FDR < 0.05 and absolute fold change > 1.5. After loading raw matrices into
multiHiCcompare 1.6.0, we normalized samples with cyclic loess normalization and called the
differential interactions by exact test. The python3 version of Selfish 1.10.2 was used to detect
differential interactions by applying the method to HiC-DC+ (O/E) normalized matrices. For diffHiC
analysis, we loaded raw contact count data as InteractionSet objects, filtered by average counts,
used loess normalization, and applied the tool’s statistical model function to estimate P values.

ChIP-seq analysis. We aligned CTCF, and H3K27ac ChlP-seq reads to hg19 using BWA
(v_0.7.17-r1188). Then, we extracted uniquely aligned paired reads using SAMtools (v_1.9) and
removed PCR duplicates using Picard tools (v_2.18.16). Peak calling was performed for each
individual and pooled replicates of each cell type using MACS2 (v_2.1.2) with parameters ‘-g hs
-p 0.01°. To find reproducible peaks across replicates for each histone mark, we calculated the
irreproducible discovery rate (IDR) using IDR (v_2.0.3) with parameters ‘--samples
rep1.narrowPeak rep2.narrowPeak --peak-list pooled.narrowPeak -0 --plot’. We combined peaks
passing an IDR threshold of 0.05 in each condition for each mark. We used featureCounts
(v_1.6.4) to obtain ChIP-seq read counts in the peak atlas, and applied DESeq2 (v_1.24.0) to
these counts to find the differential occupancy of each mark between conditions. Bedtools
genomeCoverageBed (v_2.27.1) was used to generate bedgraph files scaled with DESeq2
sample size factors and bedgraph files were converted to bigwig using UCSC bedgraph2bigwig
(v_4).

ATAC-seq analysis. We trimmed the raw reads, and filtered for quality using cutadapt (v_2.3).
Trimmed reads were aligned to the hg19 genome using Bowtie2 (v_2.3.4.3) and uniquely mapped
reads were retained. After centering the reads on the transposase binding event by shifting all
positive-strand reads by 4bp downstream and all negative-strand reads 5bp upstream, peak
calling was performed on each replicate and all replicated pooled together using MACS2 (v_2.1.2)
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with parameters ‘-g hs --nomodel’. We calculated the IDR using IDR (v_2.0.3) to find reproducible
peaks across replicates. We combined peaks passing an IDR threshold of 0.05 to generate an
atlas of peaks. Differential accessibility analysis of the peaks and generation of normalized bigwig
tracks was performed as described in ChlP-seq analysis.

Annotation of peaks. We used the GENCODE transcript annotations of the hg19 (v19) genome
to define the genomic location of transcription units. ATAC-seq and ChlP-seq peaks were
annotated as promoter peaks if they were within 2kb of a transcription start site. Non-promoter
peaks were annotated according to the relevant transcript annotation in the following order of
priority: intronic, exonic, or intergenic. Intergenic peaks were assigned to the gene whose TSS or
3' end was closest to the peak. In this way, each peak was unambiguously assigned to one gene.

RNA-seq and analysis. We conducted differential gene expression analysis using the gene
counts tables provided in GEO:GSE96800 using DESeq2 (v_1.24.0).

Comparison of macrophage to monocyte differential loops. We reported shared looping
events by calling HiC-DC+ differential interactions at 10 kb at an FDR of 0.01 and overlapping
with interactions reported by Phanstiel et al.®, requiring anchors for our interactions to fall within
a 10kb flank of previously the reported anchors.

Candidate enhancers and promoter-anchored loops. To identify candidate regulatory
elements, we first assembled the atlas of reproducible H3K27ac ChlP-seq and ATAC-seq peaks
in each the two conditions filtered at an IDR threshold of 0.05. We defined candidate enhancers
by taking the intersection of genomic intervals containing both an H3K27ac ChIP and an ATAC
peak from this atlas. We identified promoter regions as within 2kb of transcription start sites (TSS)
of genes annotated by Gencode GRCh37.p13. We identified elements with differential
accessibility or activity of candidate enhancers as based on DESeq2 applied to ATAC or H3K27ac
read counts, respectively, with adjusted P < 0.05. We described candidate enhancers as static if
neither signal was significantly differential. We overlapped CTCF peaks called at IDR 0.05 with
candidate enhancer regions and similarly defined differential and static CTCF binding events.

We define promoter-anchored loops as loops and those where one of the anchors overlaps a
promoter region. Likewise, enhancer-promoter interactions are promoter=anchored loops with
one anchor overlapping a promoter region and the other anchor overlapping a candidate
enhancer from the atlas.

GREAT analysis of differential looping events. We used enhancer-promoter interactions as
defined above for GREAT analysis. We filtered results for significance (hypergeometric test,
adjusted P < 0.05) while restricting to GO terms associated with at most 300 genes.
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Figure legends

Figure 1. HiC-DC+ workflow and capabilities. a. Overview of HiC-DC+ pipeline. b. Visualization
of HiC-DC+ results in Juicer: FDR-corrected P values shown in the upper triangle heatmap, KR
normalized counts in the bottom triangle, for SMC1a HiChIP in GM12878 at 5kb resolution. c.
Visualization of HiC-DC+ differential interactions in HiCExplorer: HiC-DC+ Z-score normalized Hi-
C counts in THP-1 monocytes and macrophages at 5kb resolution are shown as heatmaps, along
with differential Hi-C interactions as arcs and ChlP-seq and ATAC-seq as signal tracks for a region
encompassing the gene MAFB.

Figure 2. HiC-DC+ accurately identifies enhancer-promoter interactions from H3K27ac
HiChlIP. a. Evaluation of method performance by per gene auPR values. For each target gene,
we ranked the candidate regulatory elements tested by CRISPRI-FlowFISH in K562 cells'? based
on the significance (P value) or corresponding 5kb HiChIP interactions with the target promoter
as estimated by each method. b. Comparison of performance for identifying promoter-enhancer
loops with large effect sizes on target gene expression as assessed by CRISPRI-FlowFISH. Each
dot in the scatterplots represents one tested promoter-enhancer pair: true positives resulting in
decreased target gene expression upon enhancer inactivation are shown in red, true positives
resulting in increased target gene expression shown in blue, false positives in grey. ¢. Promoter-
enhancer loops identified by HiC-DC+ and FitHiChIP (FDR < 0.01) are shown as arcs for PLP2
gene, along with all candidate enhancers tested by CRISPRI-FlowFISH'? and signal tracks for
K562 DNase-seq and H3K27ac ChlP-seq. d. Promoter-enhancer loops identified by HiC-DC+
and FitHiChIP (FDR < 107) are shown as arcs for FTL gene, along with all candidate enhancers
tested by CRISPRIi-FlowFISH and K562 DNase-seq and H3K27ac ChlP-seq signal tracks.

Figure 3. HiC-DC+ differential Hi-C and HiChIP analysis validates global chromatin folding
changes during cohesin perturbation and cellular differentiation. a. ICE-normalized Hi-C
counts for HAP1 WT (lower triangle) and HAP1 WAPL knockout (upper triangle) at 10kb resolution
were visualized for three genomic regions highlighted in Haarhuis et al., 2017"". For each of these
regions, differential Hi-C interactions between AWAPL knockout vs. WT cells identified by each
method at 25kb resolution are shown as blue squares. b. Differential interaction analysis between
each TAD and its five flanking TADs. The barplots show the number of differential interactions in
AWAPL vs wild type belonging to each category as identified by each method at FDR < 0.05. c.
HiC-DC+ mESC-specific H3K27ac HiChIP interactions recover the Tbx3 enhancer hub with
Awb45942, Gm16063, and Tbx3 genes at 5kb resolution, all validated targets from Di
Giammartino et al., 2019. d. Distribution of log fold changes of statistically significant looping
events identified by HiC-DC+ and modified Juicer (Phanstiel et al., 2017) as a function of genomic
distance (log scale). e. Log fold changes of Hi-C interactions and gene expression between THP-
1 macrophages vs. monocytes. Each dot in the Hi-C plot represents an interaction between the
promoter of a differentially expressed gene and a putative enhancer (Methods), while each dot
in the RNA-seq plot represents a differentially expressed gene. f. Log fold changes of H3K27ac
ChiP-seq and ATAC-seq signal between THP-1 macrophages vs. monocytes at enhancer
anchors of the differential promoter-enhancer loops identified by HiC-DC+ at 5kb resolution. Each
dot represents a putative enhancer.


https://doi.org/10.1101/2020.10.11.335273
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.11.335273; this version posted October 11, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

I T T
s Foks " = “*‘*‘H ‘
i i |

HiC Input matrices [ v e e o

HiC-Pro

.matrix or
.allValidPairs

I

.
Feature Feature &
Annotation Generation ]
; .

Modeling &
Prediction Genomic
Features

Predicted
Interactions C
] 39 390 %7 %7 %3 %4 355 Mop
Output Matrix Menocyte
Generation
) R Macrophage
AR HiC Output matrices Differential
c Interaction
ompartment Calling
Annotations N—
‘yte CRE-P
Q-value l Interactions
Macrophage CRE-P
O/E 3 ) Interactons
.hic Differential
Interactions
100 Monocyte Genes
5
100 - MAFB Zlacrophage
Dense Matrix % o
Generation bt )
H3K27ac
15 ——————————
Macrophage
" i . H3K27ac
TAD 1200 - . - T o T
. M ATAC
Annotations ) | onocys
\ocb il I I
Macrophage ATAC
ol cveims ceoun ol o on i gfbsoslls  w sllm e wmp o
Monocyte CTCF
b —— 1
Macrophage CTCF
0. | - D . IO W S — NENT Pemm— —
38 B9 30 31 392 393 34 355 Mop
chr20

Figure 1


https://doi.org/10.1101/2020.10.11.335273
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.11.335273; this version posted October 11, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY-NC-ND 4.0 International license.

a b Ground Truth
S
e 5.
8 9
§ ° 0% &
075 S o T e
i ° §e, OB o7 0g0 o8
5 s o T8 000
= %
Method o 5O °83 csﬂ go; S
°
o " = -50 2 o Y09
L o B Hic-DC+ 5 . el p
El B FitHichiP g o ol
= ° o
- bl a0 % Pog
- hichipper _100 ; ‘ !
0.25 B vAPS y 10 100
Distance (kb)
HiC-DC+
S
0.00 < 50~
. '5 o
HiC-DC+ FitHiChIP hichipper MAPS @ - =
o
Method g . 050 590
x
] 8% Ws 84 050 X 8
o ® o
S ® o oo o
0] - i 08%o0 &
< - °
c o ° e & S °
ksl o o
chrx 8 =
- i o % Pe
w0k BT0KS | BA0KS  4B0K> 400K AN0KD 40200k _100-
0-041) 1 10 100
S IV S (TN [ Ee K562 DNase Distance (kb)
R | T I T i K562 H3K27ac FitHiChIP
. < 50
HiC-DC+ FDR 0.01 <
S °
B
[N i I 4 °©
PLP2 Positive Enhancer o @S papan Sl
IR R R T R TR TR AT R A T A RN AT] =) R — g o 5 oo o
w 068 00037%0%000 o 8
o ® o
5 ® o, & ©°0
8 o %3 o e °
FitHiChIP(L) FDR 0.01 _50 ° o %% %
5 " o lone .
= 0°0o o =
H A HE - A — W HHIIIW!‘RE'Seq Genes g ° = )
was GLODS HDACE  TMM17B. PKOW MAGIX CACNATF FLICR GAGE10 GAGE12J & b0 % °o
=100, ) =
1 10 1
s e Distance (kb)
hichipper
S
< 50
8 °
d 2 o :
°
S o 92i0
chr19 & o 0l &
556 kb o
49,200 kb 49,300 kb 49,400 kb 49,500 kb 49,600 kb 49,700 kb e o
9 , ! . , : , ! 5 o 2
© 5 o ©
L 1 s e 1 JEPRY 1. . K562 DNase g p p
°
L L s s K562 H3K27ac 5 o 8
— 2 °
i
HiC-DC+ FDR 107 -100; o el L =
1 10 100
! FTL Positive Enhancer MAPS Distance (kb)
TR A R R TN T T RN T A R T VLI 0 ey Negative Enhancer .
S
S 5.
5 °
FitHIChIP(L) FDR 107 % o
& o ° Zo
SN WM B VI D R RINE] °
SCIPWAMSTRFUTI  BOATZ | PLEKHAG TULP2 | DHOHFTL  RUVBLZCGBINTRS SNRNPTo prFRg TRee  REToed Genes ﬁ . 8
< o
Q
0] o °
< -50
=
i
=100, i i
1 10 100

Distance (kb)

Figure 2

°® O

e
1,000

—
1,000

el
1,000

el
1,000

el
1,000

Legend
o Decrease (n=99)
o Increase (n=31)
Not Significant (n=3,488)

Legend
o True Positive (Decrease)
)

o True Positive (Increase)
(n=15)
False Positive (n=624)

Legend

o True Positive (Decrease)
(n=89)

o True Positive (Increase)
(n=21)
False Positive (n=1,522)

Legend

o True Positive (Decrease)
(n=26)

o True Positive (Increase)
(n=8)
False Positive (n=873)

Legend

o True Positive (Decrease)
(n=13)

o True Positive (Increase)

False Positive (n=267)


https://doi.org/10.1101/2020.10.11.335273
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.11.335273; this version posted October 11, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

a HiC-DCPlus diffHiC multiHiCcompare Selfish ¢ 1188 1190 1192 1194 196 Mbp
3
o ESC z-scores
> at 10kb.
)
<
-
N
<
o
s MEF z-scores
© at 10kb
?
3
@«
© ESC H3K27ac ChiP
<
(3]
MEF H3K27ac ChiP
=
© Genes
g
=
©
N
=
5 Increase in ESC
at 5kb (FDR 0.05
&log2FC=1.5)
4.0-
b HiC-DCPlus diffHiC 2o
2
g
I e d
2
- II
g o — . @
g o I S 4 Method
o S o
o 20 < )
S O o ® HiC-DC+
= ko]
S o o0 u—?—z * Phanstiel/Juicer
£ s 165 166
S o g -
@ 100000 =2 Genomic Distance (bp)
s WO w2 wa e WO w w2 ma s
z
f
e

RNA
E-H3K27ac
E-ATAC

4

-10 -5 0 5 10

log, Fold Change log, Fold Change log, Fold Change log, Fold Change

-5 -25 0 25 5

Figure 3


https://doi.org/10.1101/2020.10.11.335273
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.11.335273; this version posted October 11, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

References

1. Carty, M. et al. An integrated model for detecting significant chromatin interactions from
high-resolution Hi-C data. Nat Commun 8, 15454 (2017).

2. Ay, F., Bailey, T.L. & Noble, W.S. Statistical confidence estimation for Hi-C data reveals
regulatory chromatin contacts. Genome Res 24, 999-1011 (2014).

3. Cook, K.B., Hristov, B.H., Le Roch, K.G., Vert, J.P. & Noble, W.S. Measuring significant
changes in chromatin conformation with ACCOST. Nucleic Acids Res 48, 2303-2311
(2020).

4, Imakaev, M. et al. lterative correction of Hi-C data reveals hallmarks of chromosome
organization. Nat Methods 9, 999-1003 (2012).

5. Durand, N.C. et al. Juicer Provides a One-Click System for Analyzing Loop-Resolution Hi-
C Experiments. Cell Syst 3, 95-98 (2016).

6. Ramirez, F. et al. High-resolution TADs reveal DNA sequences underlying genome
organization in flies. Nat Commun 9, 189 (2018).

7. Rao, S.S. et al. A 3D map of the human genome at kilobase resolution reveals principles
of chromatin looping. Cell 159, 1665-1680 (2014).

8. Mumbach, M.R. et al. HiChlIP: efficient and sensitive analysis of protein-directed genome
architecture. Nat Methods 13, 919-922 (2016).

9. Phanstiel, D.H. et al. Static and Dynamic DNA Loops form AP-1-Bound Activation Hubs
during Macrophage Development. Mol Cell 67, 1037-1048 e1036 (2017).

10. Lareau, C.A. & Aryee, M.J. hichipper: a preprocessing pipeline for calling DNA loops from
HiChIP data. Nat Methods 15, 155-156 (2018).

11. Bhattacharyya, S., Chandra, V., Vijayanand, P. & Ay, F. Identification of significant
chromatin contacts from HiChlIP data by FitHiChIP. Nat Commun 10, 4221 (2019).

12. Fulco, C.P. et al. Activity-by-contact model of enhancer-promoter regulation from
thousands of CRISPR perturbations. Nat Genet 51, 1664-1669 (2019).

13. Juric, I. et al. MAPS: Model-based analysis of long-range chromatin interactions from
PLAC-seq and HiChIP experiments. PLoS Comput Biol 15, €1006982 (2019).

14. Lun, A.T. & Smyth, G.K. diffHic: a Bioconductor package to detect differential genomic
interactions in Hi-C data. BMC Bioinformatics 16, 258 (2015).

15. Stansfield, J.C., Cresswell, K.G. & Dozmorov, M.G. multiHiCcompare: joint normalization
and comparative analysis of complex Hi-C experiments. Bioinformatics 35, 2916-2923
(2019).

16. Ardakany, A.R., Ay, F. & Lonardi, S. Selfish: discovery of differential chromatin interactions
via a self-similarity measure. Bioinformatics 35, i145-i153 (2019).


https://doi.org/10.1101/2020.10.11.335273
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.11.335273; this version posted October 11, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

17. Haarhuis, J.H.l. et al. The Cohesin Release Factor WAPL Restricts Chromatin Loop
Extension. Cell 169, 693-707 e614 (2017).

18. Di Giammartino, D.C. et al. KLF4 is involved in the organization and regulation of
pluripotency-associated three-dimensional enhancer networks. Nat Cell Biol 21, 1179-
1190 (2019).

19. Lareau, C.A. & Aryee, M.J. diffloop: a computational framework for identifying and
analyzing differential DNA loops from sequencing data. Bioinformatics 34, 672-674 (2018).

20. Gasperini, M. et al. A Genome-wide Framework for Mapping Gene Regulation via Cellular
Genetic Screens. Cell 176, 377-390 €319 (2019).

21. Phanstiel, D.H., Boyle, A.P., Heidari, N. & Snyder, M.P. Mango: a bias-correcting ChIA-
PET analysis pipeline. Bioinformatics 31, 3092-3098 (2015).


https://doi.org/10.1101/2020.10.11.335273
http://creativecommons.org/licenses/by-nc-nd/4.0/

