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Abstract 

Recent experimental and computational efforts provided large datasets describing 3-dimensional 

organization of mouse and human genomes and showed the interconnection between expression 

profile, epigenetic state, and spatial interactions of loci. These interconnections were utilized to infer 

spatial organization of chromatin, including enhancer-promoter contacts, from 1-dimensional epigenetic 

marks. Here we showed that predictive power of some of these algorithms is overestimated due to 

peculiar properties of biological data. We proposed an alternative approach, which allowed obtaining 

high-quality predictions of chromatin interactions using information on gene expression and CTCF-

binding alone. Using multiple metrics, we confirmed that our algorithm could efficiently predict 3-

dimensional architecture of both normal and rearranged genomes. 
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Introduction 

Spatial interactions between promoters and their regulatory sequences are required to maintain a 

cell type-specific expression pattern (Rao et al. 2014). It's known enhancers do not necessarily regulate 

closest promoters, and enhancer-promoter (EP) interactions often span large genomic distances (Rao et 

al. 2014; Tang et al. 2015). Although enhancer targets can be directly identified when using high-

resolution 3C-methods (Rao et al. 2014), these data is costly and currently available only for a small 

subset of cell types. Besides, experimental identification of enhancer targets does not provide 

mechanism explaining target selection.  

Several computational tools were developed to address these challenges. Their task was to 

predict 3-dimensional EP interactions, based on data on 1-dimensional genetic and epigenetic marks 

(Buckle et al. 2018; Zeng et al. 2018; Whalen et al. 2016; Ibn-Salem and Andrade-Navarro 2018; 

Chiariello et al. 2016; Chen et al. 2016; Moore et al. 2015; Di Pierro et al. 2017; Kai et al. 2018; Zhang et 

al. 2018a; Zhu et al. 2016; Al Bkhetan and Plewczynski 2018; Fortin and Hansen 2015; Qi and Zhang 

2019). All these tools fall into two categories: physical models and statistical approaches. Former rely on 

knowledge of polymer physics to build a physical model of chromatin, and optimize the model 

parameters to fit experimental (usually Hi-C) data (Chiariello et al. 2016; Buckle et al. 2018; Di Pierro et 

al. 2017). The optimized model can be used to infer spatial conformation of chromatin, including those 

regions containing EP interactions. In contrast, statistical methods do not imply any a priori knowledge 

of  polymer physics, aiming to find consistent patterns in epigenetic data which would explain 3-

dimensional contacts of loci (Zeng et al. 2018; Di Pierro et al. 2017; Whalen et al. 2016; Ibn-Salem and 

Andrade-Navarro 2018; Chen et al. 2016; Moore et al. 2015; Kai et al. 2018; Zhang et al. 2018a). Thus, 

statistical approaches are able to predict spatial contacts of chromatin even without complete 

knowledge of physical mechanisms underlying 3-dimensional organization of genome. 

Here, we aimed to infer 3-dimensional interactions of chromatin, and particularly promoter-

enhancer interactions, in normal and rearranged genomes, using available epigenetic data. We 

benchmarked existing statistical approach and found that its predictive power is overestimated due to 

peculiar properties of biological data. Thus, we have taken a challenge to develop a new machine-

learning algorithm for quantitative prediction of genome architecture based on broadly available 

epigenetic datasets. 

Results 

TargetFinder fails to predict EP interactions. Our objective was to develop an algorithm for 

prediction of enhancer-promoter interactions in normal and rearranged genomes. For this aim, we 

decided to employ existing TargetFinder algorithm (Whalen et al. 2016), which is of particular interest, 

because of high accuracy, low false-discovery rate, and reproducibility, demonstrated by an analysis of 

several human cell types. Since several well-studied examples of chromosomal rearrangements causing 

changes of chromatin architecture are investigated using mouse models (Spielmann et al. 2018; Fishman 

et al. 2018), we aimed to extend TargetFinder algorithm for prediction of EP interactions in mouse cells.  

We annotated promoters and enhancers as interacting and non-interacting using high resolution 

Hi-C data on mouse ES cells (Bonev et al. 2017) and collected a set of 24 genetic and epigenetic 

predictors. To construct our datasets, we used an original definition of “interacting” promoters and 

enhancers, proposed in TargetFinder paper (Whalen et al. 2016), i.e. promoter and enhancer were 

considered as interacting only if they were located in the anchors of a Hi-C loop. The accuracy of 

TargetFinder (measured by either precision, recall or F1-score on validation dataset) was lower than 

previously reported on human data (Table 1). We found out that changing ratio of interacting to non-

interacting EP pairs from 1:20 to 1:1 increases F1-scores; however, obtained values were still below than 

reported previously (Whalen et al. 2016) (Table 1). We additionally run TargetFinder on mouse cortex 

and neural stem cells (NPC) data (Bonev et al. 2017) using 10 available epigenetic predictors. As on ES 

cells data, TargetFinder was not efficient on these datasets (Table 1). 
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To understand why TargetFinder fails to predict EP interactions, we re-processed original human 

data generating predictors, training and validation datasets for human GM12878 cells de novo. Running 

TargetFinder on these re-processed human datasets resulted in low F1-scores, with only small 

improvement comparing to mouse ES cells data (Table 1). 

Comparing our protocol of data processing with the pipeline that was used to generate original 

TargetFinder datasets, we noticed the difference in composition of training and validation samples. In 

the original approach, EP pairs were randomly split to obtain training (~90% of data) and validation 

(~10% of data) datasets. Our pipeline randomly selects two chromosomes and designs all EP pairs on 

these chromosomes as validation dataset (~10% of all data), and the rest of EP pairs as training dataset. 

This difference in design of training and validation datasets is essential, because when we performed by-

chromosome split of original TargetFinder data on human GM12878, F1-scores reduced a lot comparing 

to random-split, and become similar to those obtained for mouse data (Table 1). Moreover, when we 

used random-split strategy on mouse data, F1-scores increased substantially (Table 1). Thus, the 

TargetFinder performance strongly depends on design of training and validation datasets. 

To explain observed effect of data splitting strategy on TargetFinder efficiency, we explored the 

structure of EP datasets. We found that ~70% of GM12878 promoters interact with multiple enhancers, 

which are located close to each other. Such EP pairs share a large portion of genomic region between 

promoter and enhancer (referred hereinafter as “window”). In general, overlaps of EP windows are 

frequent (>99% of all pairs share a window with at least one another pair) and overlap size is often large. 

Thus, epigenetic predictors characterizing window of these pairs are not independent, and EP-pairs with 

shared window should not be placed in both training and validation dataset (Fig. 1, A and B). As this 

happens when employing random-split strategy, TargetFinder could match overlapping samples in 

training and validation sets based on window information and then copy the information about 

interactions from the pair in training set to the pair in validation set. One should note that patterns of 

spatial contacts of neighboring genomic regions are correlative. Thus, interactions of two EP pairs, one 

from the training set and another from the validation set, are often similar if both promoters and 

enhancers are located nearby (i.e. if window overlap is high). To confirm this, for each EP pair we 

explicitly used interaction of the EP pair with the highest window overlap as a predictor, and obtained 

high F1-score (~0.9) for GM12878 cells. Moreover, for NPC and mouse cortex datasets, which contain 

approximately three times less interacting EP pairs than mouse ES cells and human GM12878 cells 

(Table 1), and therefore the lowest rate of overlapping windows, we obtained the lowest F1-scores in 

the random-split design. 

To sum up, random-split strategy breaks assumption of independence of samples in training and 

validation datasets and thus results in overestimation of the predictive power of machine-learning 

algorithms. In contrast, when using by-chromosome splitting strategy, genomic regions never overlap 

between training and validation datasets, allowing unbiased estimation of algorithms efficiency. 

Considering that TargetFinder efficiency drops when using by-chromosome data splitting, we claim that 

this algorithm cannot reconstruct relations between 1D-genetic marks and 3D-genome organization. 

Moreover, while this manuscript was in preparation Xi and Beer (Xi and Beer 2018) independently 

concluded that local epigenomic state cannot discriminate interacting and non-interacting enhancer–

promoter pairs with high accuracy. 

We note that other published algorithms also use random-split design of training and validation 

datasets (see discussion). Thus, our results highlighted specific peculiarities of biological data, which 

should be considered in future to prevent overfitting issues and wrong efficiency estimation of machine-

learning approaches focused on predictions of chromatin interactions. 

Enhancer-promoter interactions are quantitative rather than qualitative.  

As we found that TargetFinder cannot efficiently predict EP interactions, we aimed to improve this 

algorithm. We considered following enhancements. 
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First, we decided that epigenetic marks not only between, but also outside of, promoter and 

enhancer should be considered. This makes sense in light of recently discovered mechanisms, 

underlying spatial organization of chromatin. For example, according to the loop extrusion model 

(Fudenberg et al. 2017), binding of CTCFs in the converged orientation outside of, but close to, EP pair 

will result in increased looping between promoter and enhancer. Based on the loop extrusion model, we 

also introduced orientation of CTCF sites as a predictor. 

Second, we reconsidered the definition of the enhancer-promoter interaction. TargetFinder and 

other approaches (Li et al. 2019), define EP pair as interacting only if enhancer and promoter occur 

within anchors of a Hi-C loop. To benchmark this approach, we collected all interacting EP pairs for 

human monocytes based on SlideBase and GeneHancer databases (see methods for details). In addition 

to promotor-capture 3C data, these databases utilize information of co-expression of promoters and 

regulatory elements, their distance and other information to define interacting EP pairs. We used 

human monocytes data because these cells are represented in SlideBase and GeneHancer database and 

characterized by high-resolution Hi-C (Phanstiel et al. 2017), which allowed comparison of Hi-C loops 

and interacting EP pairs. We confirmed that contact frequencies between interacting EP pairs, as well as 

between loop anchors, are higher than average (Fig. 2 A,B). However, vast majority of interacting EP 

pairs do not overlap with loops, although they are often located within reasonable distance from loop 

anchors (Fig. 2 C). Similar results were obtained for human macrophages (Supplementary Fig. 1). 

The set of EP pairs described in SlideBase and GeneHancer is probably not complete, and these 

databases (partially) rely on the 3C information to infer EP connections. The gold standard for 

identification of functional EP interactions is direct genetic screening. Such screenings are expensive and 

time-consuming, thus there is very limited number of experimentally validated enhancers, which 

prevents systematic genome-wide analysis of their relations to Hi-C loops. However, individual reports 

of genetically validated functional EP interactions support our general conclusion. For example, a recent 

study (Fulco et al. 2016) identified seven distal enhancers of MYC gene, which form two clusters located 

0.16 and 1.9 Mb away from the MYC promoter, respectively. According to (Fulco et al. 2016), all of these 

enhancers affect MYC expression in K562 cells proportionally to the number of contacts between 

enhancer and MYC promoter in this cell type. However, we found that only e6 and e7 enhancers overlap 

Hi-C loops (Fig. 2 D). Moreover, out of five loops containing MYC promoter only one contains validated 

MYC enhancers. Altogether, this means that binary classification of EP interactions guided by location of 

Hi-C loop anchors may have poor predictive power. These observations are consistent with the recent 

model of enhancer-promoter communication (Furlong and Levine 2018), which suggests that loops and 

domains serve to decrease effective distance separating enhancers and promoters, but are not 

necessarily formed by EP pairs themselves. 

Thus, we concluded that increased interaction frequency, rather than location within loop 

anchors, should be used to characterize EP interaction. As spatial interactions are quantitative, we 

aimed to design quantitative algorithm which predicts frequencies of spatial interactions between 

genomic loci in general, and EP interactions in particular. 

Quantitative prediction of EP interactions using machine learning tool 3DPredictor.  We used 

following biological information to predict EP and other genomic interactions: ChIP-seq profiles, 

describing chromatin binding of architectural proteins or histone modifications; RNA-seq profiles, 

describing gene expression levels; E1 values, classifying chromatin to active (A) and inactive (B) 

compartments; genomic distance, which is an essential factor of 3-dimensional contacts. We restricted 

our algorithm to the prediction of mid-range contacts (<= 1.5 Mb) since almost all EP interactions occur 

within this distance. To increase sample size and avoid overfitting, we included contacts of all loci, 

regardless of the presence of promoters and enhancers, into the training set. We always performed 

training and validation on different chromosomes, and never used chromosome number or genomic 

coordinates of loci as predictors, to prevent overfitting. 
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Using recently generated Hi-C and genomic data on mouse hepatocytes and human K562 and 

GM12878 cells, we compared several forms of predictors parametrization and performance of different 

machine learning algorithms (see Supplementary Note, Supplementary Fig. 9-12 and Supplementary 

Tables 2-3 for details). To estimate quality of predictions, we used Pearson’s correlation, stratum 

adjusted correlation coefficient (SCC) (Yang et al. 2017a), mean squared error (MSE), mean absolute 

error (MAE) and mean relative error (MRE). As a result, we developed 3DPredictor, a machine-learning 

tool for computational prediction of chromatin interactions. Analyses of importance of different 

epigenetic features showed that information about cohesin and CTCF-binding, gene expression, 

chromatin accessibility and distance between loci has the greatest contribution to the prediction 

accuracy (see Supplementary Fig. 2, Supplementary Table 1 and Supplementary Note). Moreover, 

according to the feature importance analysis epigenetic characteristics of the region between 

interacting loci are essential for accurate prediction (Supplementary Fig. 2), which supports previously 

obtained (Whalen et al. 2016) conclusion that there is significant information relevant to looping 

interactions outside the interacting loci themselves.  

Although various epigenetic information contributed to the prediction of chromatin contacts, it 

appeared that many predictors are interchangeable. We were able to generate accurate predictions of 

chromatin interactions in mouse hepatocytes (Pearson’s R=0.92-0.95, SCC=0.53-0.72, MSE=0.0017-

0.0082, MAE=0.0010-0.0015, MRE=0.52-1.74; Fig. 3 A-F), limiting input information to CTCF ChIP-seq 

data (including orientation of the occupied CTCF-sites), RNA-seq data and distance between loci, and 

using only one chromosome out of 20 for training. These results can be further improved using multiple 

chromosomes for training (Fig. 3 B-F). Orientation of CTCF-sites was among features with highest 

importance, and omitting this information impaired predictions of loops (Supplementary Fig. 2 and 3). 

Thus, we used information about CTCF binding, RNA-seq and genomic distance for all predictions in this 

paper. 

Chromatin contacts are known to be moderately similar between cell types (Battulin et al. 2015; 

Rao et al. 2014). To find whether our predictions are cell type-specific, we first compared chromatin 

architecture of different cell types using aforementioned measures. In most cases, results obtained by 

3DPredictor differ from real data less than cell types differ from each other (Fig. 3 B-F). For example, for 

13 chromosomes 3DPredictor results, judged by mean average error, resemble experimental 

hepatocyte’ Hi-C data more closely than experimental data derived from other studied cell types. For 

four more chromosomes (Chromosomes 1, 4, 6, 9 and 15) prediction errors were comparable with MAE 

obtained for different cell types, and on Chromosomes 19 and X predictions were worse than 

transferring contact counts from other cell types. Similar results were obtained for MSE and MRE. 

According to the SCC, 3DPredictor performs approximately at the level of intercellular differences, 

whereas according to the Pearson’s correlation predictions were almost always more similar to the 

hepatocyte’s  data than other cell types. 

We next compared Hi-C data of mouse hepatocytes and NPC and found that some genomic 

regions show apparently different 3D-organization in these cell types. In most cases, the differences 

were due to the presence of cell type-specific TADs, which borders coincide with cell type-specific CTCF 

sites, as was observed previously (Bonev et al. 2017; Rao et al. 2014). We utilized an insulation-based 

score to select genomic regions with cell type-specific chromatin architecture (see Methods for details), 

and run 3DPredictor for these regions using cell type-specific RNA-seq and CTCF ChIP-seq data. 

Predicted contact frequencies reflected cell type-specific genome organization (Fig. 4, A-C, 

Supplementary Fig. 4), and correlation of insulation scores of predicted and experimental data was 

much higher than between cell types (Fig. 4, D). We provided an example of accurate prediction of cell 

type-specific TAD boundary in NPC and hepatocytes in Fig. 4 B and C and Supplementary Fig. 4. 

Finally, we run 3DPredictor on human GM12878 data. According to all metrics except SCC, 

predictions fit experimentally-derived Hi-C interactions better than data from other cell types, even 

when using single chromosome for training (Supplementary Fig. 5). At the same time, however, 
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transferring interaction frequencies from other cell types results in better SCC values comparing to the 

predictions with only one exception on the Chromosome 9, and, in general, SCC values obtained on 

human data were slightly lower than obtained on mouse data. 

When focused on EP contacts, we found that for this specific set of interactions predictions 

accuracy was same as for other interactions. MRE of contact frequencies for interacting (according to 

SlideBase and GeneHancer databases) EP pairs was slightly lower than for all chromatin interactions 

predicted in monocytes, and MSE and MAE slightly higher (Fig. 5, A and Supplementary Fig. 6). In 

general, experimentally-derived contact frequencies of EP pairs in monocytes were highly correlated 

with predicted contact frequencies for corresponding loci in these cells (Fig. 5, B). We defined cell type-

specific EP interactions (see methods), to examine whether 3DPredictor captures differences in EP 

interactions between cell types. As for the cell type-specific TADs, the difference between predicted and 

experimentally-measured EP interactions was smaller than between interactions of these enhancers and 

promoters measured in different cell types (Fig. 5, C). These results have also been confirmed using 

mouse data (Supplementary Fig. 7), and both low-resolution (25 kb, Fig. 5 and Supplementary Fig. 7) and 

high-resolution (5 kb, Supplementary Fig. 6 and 7) models. 

We next used 3DPredictor trained on mouse hepatocytes data (single chromosome or half of the 

genome) to predict contact frequencies in mouse NPC (Fig. 6, A). Predictions of spatial interactions for 

the cell type that was not used for training appeared to be as good as when the same cell type was used 

for training and validation (Fig. 6, B-F). From the practical point of view, this indicates that our approach 

can be used to predict 3-dimensional genome organization, including EP contacts, in those cell types 

where 3C-data is not available. From the fundamental standpoint, these results show that principles of 

genome architecture are very similar in different cell types. 

Comparing 3DPredictor with other models. There are several computational tools which could 

quantitatively predict short- and mid-range chromatin interactions (see discussion for comprehensive 

comparison of these tools). For example, MEGABASE+MiChroM (Di Pierro et al. 2017) predicts 

chromatin interactions at 50 kb resolution using information about epigenetic marks and CTCF-loops. 

Whereas modeling of CTCF-mediated looping interactions requires Hi-C data to infer loop anchors, use 

of the reduced MiChroM Hamiltonian lacking the term in that energy function that models the CTCF-

mediated looping interactions can be used to predicted chromatin contacts without any experimental 

measurements of 3D genome organization (Di Pierro et al. 2017). We benchmarked 3DPredictor against 

this reduced MEGABASE+MiChroM model, and found that 3DPredictor significantly outperforms it, 

showing much higher SCC (Supplementary Table 5 and Supplementary Fig. 13 A-C). However, we wish to 

note that MEGABASE+MiChroM was originally developed to capture long-range interactions mediated 

by chromatin compartmentalization, and lack of information about CTCF-mediated loops could explain, 

at least partially, poor performance of short-range interactions prediction. 

Qi and Zhang have recently proposed another model based on polymer physics to predict Hi-C 

interactions using epigenetic data (Qi and Zhang 2019). In contrast to the full MEGABASE+MiChroM 

model, Qi and Zhang do not use experimental 3C-information to define CTCF-mediated loop anchors, 

requiring only ChIP-seq data and genomic sequence to describe CTCF binding landscape. When 

employing the approach proposed by Qi and Zhang to infer chromatin contacts in GM128787 cells, we 

obtain better results comparing to the reduced MEGABASE+MiChroM model (Supplementary Tables 

5, 7). However, performance of 3DPredictor on the same dataset was even higher, judged by SCC, 

Pearson’s correlation, MSE and MAE (Supplementary Fig. 15 A-C and Supplementary Table 7). It is worth 

pointing out that the polymer models were developed with 3D structures in mind, and are useful for 

studying compartmentalization and higher-order contacts as well.  

Statistical approach showing that CTCF-looping and gene expression could explain chromatin 

contacts in mammalian cells was recently proposed by (Rowley et al. 2017). This approach requires very 

limited amount of information as an input; however, similarly to the full MEGABASE+MiChroM model, it 
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cannot be used to predict chromatin interactions, because information about CTCF-looping should be 

extracted from experimental Hi-C data. For example, in the region of Сhromosome 4  of GM12878 cells, 

analyzed by (Rowley et al. 2017), their model uses only 63 manually-selected CTCF sites, which comprise 

~35.4% of all CTCF-bound sites in this region (Supplementary Fig. 16). Moreover, the (Rowley et al. 

2017) approach requires Hi-C information to define pairs of interacting CTCF-sites. This information can 

not be trivially obtained from ChIP-seq data, because in some cases loops are formed between distal 

CTCF-bound sites, skipping the nearest CTCF-bound site in convergent orientation (see Supplementary 

Fig. 16 for representative examples and (Kai et al. 2018) for systematic analysis). Nevertheless, we 

compared 3DPredictor with the (Rowley et al. 2017) model and found that latter gives significantly 

better results (Supplementary Table 6 and Supplementary Fig. 14 A-C). Consistent with the fact that 

(Rowley et al. 2017) derived information about CTCF-mediated looping from the experimental data, 

their model captures experimental loops especially well (Supplementary Fig. 14 C). Although 

3DPredictor does not require any experimental 3C-information, it also captures approximately half of 

the looping interactions (Supplementary Fig. 17), and predicted frequencies of contacts between loop 

anchors were higher than between other genomic regions (Supplementary Fig. 14 D). 

Predicting effects of chromosomal rearrangements on 3-dimensional genome organization. One 

of the applications of enhancer targets prediction is understanding of EP rewiring after chromosomal 

rearrangements. There are several well-studied examples of pathological changes in EP contacts caused 

by deletions, inversions (Lupiáñez et al. 2015) or duplications (Franke et al. 2016). Recently, PRISMR 

(Bianco et al. 2018) was developed to resolve chromatin structure of rearranged genome. Although 

impressively accurate, PRISMR requires Hi-C data to optimize chromatin model parameters, which limits 

its usage to cell types with available Hi-C data or genomic regions with 3-dimensional structure 

conserved across cell types. 3DPredictor lacks these limitations, as we have shown that it can predict 

chromatin packaging of cell type-specific regions and previously unstudied cell types. 

We employed recently generated 5C data describing mouse Epha4 rearrangements to find 

whether 3DPredictor can infer ectopic interactions in the mutated genome. We re-analyzed 5C data 

generated from wild-type cells, as well as cells carrying homozygous deletion of ~1.5 Mb encompassing 

Epha4 gene (Lupiáñez et al. 2015). This deletion (referred as DelB in (Bianco et al. 2018)) results in 

establishment of ectopic contacts between Pax3 gene and Epha4 enhancers cluster, which is associated 

with Pax3 misexpression leading to brachydactyly. 

We run 3DPredictor trained on mouse hepatocytes to infer 3-dimensional organization of the 

rearranged Epha4 locus in hindlimb cells. We did not use any a priori knowledge of the 3-dimensional 

structure of wild-type Epha4 locus in hindlimb cells, yet 3DPredictor results were very similar to 

experimental data (Fig. 7 A). We used method described in (Bianco et al. 2018) to find ectopic 

interactions in the rearranged locus. Out of 1561 interactions inferred from the experimental data, 589 

were captured by 3DPredictor, including majority of interactions between Pax3 gene and Epha4 

enhancers (Fig. 7 A, B). The overlap between real and predicted ectopic interactions was large and 

differed significantly from randomized control (Fig. 7 C, p-value < 5×10-6). This shows that our model 

successfully predicts ectopic interactions in the rearranged genome. 

 

Discussion 

Machine-learning approaches are actively employed to capture complex epigenetic signatures 

underlying chromatin contacts. As we have shown here, biological data may have specific structure, 

which should be accounted when designing computational experiments. For example, pairs of loci with 

overlapping windows partially share epigenetic environment and often display similar 3-dimensional 

architecture. This means that these regions can not represent independent samples in training and 

validation datasets, and correlations captured by machine-learning approaches do not reflect causation 
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underlying genome architecture if overlapping regions are present in both training and validation 

datasets.. 

We benchmarked TargetFinder because it's often cited as straightforward tool and employed for 

prediction EP interactions (Yang et al. 2017b; Zhu et al. 2018; Stricker et al. 2016; Atlasi and 

Stunnenberg 2017; Moorthy et al. 2017; Wu et al. 2018; Gudmundsson et al. 2017); however this is not 

the sole example of research that does not take account of this peculiarity of biological data. For 

instance, recently published EP2vec (Zeng et al. 2018) utilizes the same dataset as TargetFinder and 

constructs training and validation samples in the same way. Another tool aimed to predict CTCF loops 

CTCF-MP (Zhang et al. 2018a) does not take into consideration nested loops when employs window 

features. Although both EP2Vec and CTCF-MP can generate predictions without window information, 

performance of such a setup is lower: ~10% of accuracy drops when CTCF-MP is trained without DNase I 

and ChIP-seq window features and ~2-4% of F1-score drops when EP2Vec is trained without 

TargetFinder-derived window features. 

In the recent preprint describing a tool for HiC-data prediction HiC-Reg  (Zhang et al. 2018b) 

authors also show that sharing genomic regions between training and validation datasets improves 

prediction scores. However, the authors connect this observation to a chromosome-specific biological 

mechanism, which cannot be modeled when overlapping data is omitted from validation set. Whereas 

chromosome- and even region-specific mechanisms of DNA-packaging indeed exist (Jiang et al. 2017), 

and we also shown that prediction is better when multiple chromosomes are used to train the model, 

better results of intrachromosomal cross-validation are likely to originate from existence of overlapping 

regions. One should note, that although pairs with overlapping left or right anchors are not shared 

between training and validation datasets in HiC-Reg (so-called easy samples), authors do not exclude 

regions, which share a part of window between interacting anchors. 

We next raised the question of definition of promoter-enhancer interaction. Currently, most of 

the studies use all 3C-interactions, which differ statistically from distance-adjusted background as 

functional EP interactions (Mishra and Hawkins 2017; Whalen et al. 2016). According to our results, 

functional interactions of promoters and enhancers do not fully overlap with Hi-C loops, and, probably, 

do not overlap completely with any other set of enriched interactions. Whereas spatial proximity is 

required for EP communication, it is not clear which spatial distance is necessary and sufficient to 

achieve functional interaction. For example, the recent study of Shh-ZRS TAD showed that nearly entire 

~900 kb intra-TAD region can be activated by ZRS enhancer, although pronounced looping was observed 

only between Shh promoter and ZRS enhancer (Symmons et al. 2016). Removing Shh-ZRS TAD boundary 

reduces intra-TAD contact frequencies to the background level and disturbs Shh expression in the 

developing limbs; however, relocating enhancer closer to Shh promoter region restores expression 

pattern. These results indicate that background-level interactions within TAD might be sufficient to 

establish functional connections of promoter and enhancer. Moreover, recent paper reports that intra-

TAD promoter regions often show significant level of interaction with TAD boundaries, and disruption of 

these interactions does not lead to changes of expression levels (Sun et al. 2019). To sum up, our view is 

that statistical increase of spatial contact frequencies, i.e. formation of loops, is important indicator of 

promoter-enhancer connectivity, but cannot be solely used to distinguish functional interactions. In 

accord with this, recent large-scale CRISPR assay of promoter-enhancer connections (Fulco et al. 2019) 

suggested quantitative “contact-by-activity” model of EP interaction. In this model, enhancer impact is 

quantitative and proportional to both promoter-enhancer proximity and enhancer activity. Whereas 

latter can be estimated using DNase I or ATAC-seq data available for many cell types, here we described 

3DPredictor, which can be used to quantitatively predict spatial architecture of chromatin, including 

enhancer-promoter interactions, to supplement this ATAC-seq or DNA-seq data. 

There are many methods published previously for prediction of TAD boundaries, Hi-C interactions 

and enhancer-promoter interactions (Xu et al. 2018). CITD (Chen et al. 2016), MEGABASE (Di Pierro et al. 

2017), EpiTensor (Zhu et al. 2016) and model described in (Qi and Zhang 2019) can predict 3D-
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interactions, including EP interactions, at various resolutions based on epigenetic data. However, these 

tools require large amount of epigenetic information: 5-10 patterns of histone modifications for CITD; 

11 for MEGABASE; 12 for (Qi and Zhang 2019); 16 histone modifications and additional data for 

EpiTensor. CISD (Zhang et al. 2017) and PRISMR (Bianco et al. 2018) are able to infer chromatin contacts 

genome-wide as well, but require Hi-C data as an input. In contrast, 3DPredictor could make predictions 

when supplied with CTCF- and RNA-seq data only.  

Chromatin simulations proposed by Rowley et al. (Rowley et al. 2017) also utilize CTCF and 

transcription data only; however, they require manual selection of interacting CTCF-sites based on Hi-C 

data, thus making it impossible to predict 3D-interactions from epigenetic data alone.  

3DEpiLoop (Al Bkhetan and Plewczynski 2018), Lollipop (Kai et al. 2018), CTCF-MP (Zhang et al. 

2018a), BART model (Huang et al. 2015)  and other tools (Fortin and Hansen 2015), (Jenkinson et al. 

2017), (Al Bkhetan and Plewczynski 2017) could predict specific chromatin features, such as TAD 

boundaries, A/B-compartments, CTCF-interactions or loops. However, in contrast to 3DPredictor these 

approaches 1.) Do not infer EP interactions 2.) Perform qualitative, rather than quantitative prediction 

(i.e. classification) 3.) Most of them require significantly more input information than 3DPredictor. 

There are multiple computation tools design specifically to infer EP interactions, for example 

(Whalen et al. 2016; Zeng et al. 2018; Li et al. 2019; O’Connor et al. 2017; Cao et al. 2017; Hait et al. 

2018). However, all these tools are fundamentally different from 3DPredictor, as they consider EP 

interaction as qualitative, rather than quantitative. Moreover, most of them require large amount of 

epigenetic data to make prediction, and performance of some of them (Whalen et al. 2016; Zeng et al. 

2018) might be overestimated as discussed above. 

To sum up, 3DPredictor is the unique tool, which allows predicting large set of interactions, 

including EP interactions, quantitatively, using only small amount of input epigenetic data. 

It is essential that our model not only predicts chromatin interactions in normal genome, but 

could also capture ectopic interactions, which are formed as a result of chromosomal rearrangements. 

Currently, both experimental data describing 3D-genome alterations associated with known 

rearrangements and tools modeling spatial landscape of novel variants are limited. In the same time, 

others (Lupiáñez et al. 2015; Franke et al. 2016; Zepeda-Mendoza et al. 2017; Redin et al. 2017) and we 

(Gridina et al. 2018) have recently reported novel variations with unexpected pathological phenotype, 

which might be explained, at least partially, by changes of chromatin organization (Spielmann et al. 

2018; Fishman et al. 2018). Future development and validation of models predicting chromatin contacts 

in rearranged genome is essential for better understanding of biomedical consequences of these 

rearrangements. Moreover, integrating chromatin interactions, derived from 3DPredictor, with 

enhancer activity information using the “activity-by-contact” model may allow precise estimation of 

transcriptional changes caused by structural variations.  
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Materials and Methods 

Hi-C data processing.  

Hi-C data for mouse hepatocytes (GSE95116) and cardiomyocytes (SRX2658510) were 

downloaded from NCBI and processed using Juicer (Durand et al. 2016b). Resulting .hic-files are deposed 

at genedev hic-file server (http://genedev.bionet.nsc.ru/site/hic_out/) under accessions “Hepat” and 

“CardioMyo”. Hi-C data for mouse ES cells, NPC, cortex (Bonev et al. 2017), CH12.LX lymphocytes (Rao et 

al. 2014) and human GM12878, K562, IMR-90, NHEK (Rao et al. 2014), macrophages and monocytes 

(Phanstiel et al. 2017) are available at AidenLab hic-file server via Juicebox and Juicer Tools (Durand et 

al. 2016a, 2016b). All datasets were KR-normalized. For each Hi-C dataset, contacts were obtained at 25 

or 5 kb resolutions using Juicer Tools dump command. To be able to perform comparisons between cell 

types, we normalized datasets dividing each contact by normalization coefficient Coef, which reflects 

average bin coverage: 

���� �  ∑� �� ∑������ ��,�

�
, where ��,�- contacts between i-th and j-th bins, K - number of bins on 

Chromosome 1, N - number of bins in genome. To speed up Coef computation we only used bins of 

Chromosome 1, although this should not affect results as we use KR-normalized matrices where 

coverage of all bins are roughly equal. 

Loops were called by Juicer Tools HiCCUPS command with default parameters using heatmaps at 

25 or 5 kb resolution. K562 loops presented in Fig. 2 are from (Rao et al. 2014). 

First eigenvector (E1) values of Hi-C matrixes were obtained using Juicer Tools eigenvector 

module. 

5C data describing 3-dimensional organization of wild-time and mutated mouse Epha4 locus in 

distal limb buds were downloaded from GEO: GSE92291. Data was processed by HiCPro (Servant et al. 

2015) pipeline using mm10 genome. 

The relative error of Hi-C contact counts shown at Supplementary Fig. 3 was estimated based on 

binomial distribution: �� �  	�

�

 100%, where N is a number Hi-C reads between contacted loci. The 

average and standard deviation of relative errors were independently calculated for each genomic 

distance. 

To estimate correlation of contact counts on different resolutions for Supplementary Fig. 9, we 

used data for Chromosome 10 of GM12878 cell line. We randomly choose 1000 loci pairs and calculated 

Pearson’s correlation between KR-normalized contact frequencies on different resolutions. We 

aggregated calculations of 100 independent samplings by averaging to obtain final results. 

Definition of promoters and enhancers 

For human macrophages and monocytes enhancers were defined using SlideBase 

(http://slidebase.binf.ku.dk) database. This database is supported by the FANTOM5 consortium 

(http://fantom.gsc.riken.jp/data/, (Andersson et al. 2014)) and represents a map of human regulatory 

elements of each cellular state. It contains levels of enhancer expression based on CAGE sequencing of 

RNA isolated from every major human organ, over 200 cancer cell lines, 30 time courses of cellular 

differentiation, mouse developmental time courses and over 200 primary cell types. Thereby, an 

enhancer can be specific to a set of primary cells and organs (tissue samples) or can be broadly (or 

ubiquitously) expressed. We took into account enhancers displayed in more than 25% samples related 

to the target cell line.  

Using GeneHancer database (https://www.genecards.org), we defined gene promoters regulated 

by given enhancer. GeneHancer is a database of genome-wide enhancer-to-gene and promoter-to-gene 
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associations, embedded in GeneCards. GeneHancer EP associations were generated using following 

information: 

1. eQTLs (expression quantitative trait loci) from GTEx  

2. Capture Hi-C EP long range interactions 

3. Expression correlations between eRNAs and candidate target genes from FANTOM5 

4. Cross-tissue expression correlations between a transcription factor interacting with an enhancer 

and a candidate target gene 

5. GeneHancer-gene distance-based associations, scored utilizing inferred distance distributions. 

Associations include several approaches: (a) Nearest neighbors, where each GeneHancer is 

associated with its two proximal genes; (b) Overlaps with the gene territory (intragenic); (c) 

Proximity to the gene TSS (<2 kb). TSS proximity scores are boosted to elevate GeneHancer 

associations in the vicinity of the gene TSS. 

 

The “true” interacting EP pairs of human monocytes and macrophages were calculated by 

combining the list of cell type-specific enhancers from SlideBase and list of enhancer-gene associations 

from GeneHancer. 

When using TargetFinder pipeline on human data, we used the authors’ definition of active 

promoters and enhancers, and obtained coordinates from https://github.com/shwhalen/targetfinder. 

For mouse data we first obtained promoters using TSS (Transcription Start Sites) downloaded from 

UCSC, and active enhancers based on annotations from (Bogu et al. 2016). Next, we defined interacting 

pairs as promoters and enhancers located within the anchors of one loop. 

ChIP-seq data processing. All ChIP-seq data for human GM12878 and K562 cell lines were 

downloaded from https://github.com/shwhalen/targetfinder. ChIP-seq data for mouse hepatocytes 

(NCBI SRX2578761-SRX2578762), mouse NPC (NCBI SRX2636706-SRX2636707, ENCODE ChIP-seq data 

for forebrain embryo 13.5, GSE96107, GSE96107), mouse cortex (ENCODE ChIP-seq data for forebrain 

embryo 13.5, GSE96107, GSE96107) and human monocytes (ENCODE ENCSR000ATN) were downloaded 

from NCBI or ENCODE and processed using aquas pipeline 

(https://github.com/kundajelab/chipseq_pipeline). CTCF motif oritentation was defined using 

GemmeMotifs (van Heeringen and Veenstra 2011) software. 

RNA-seq data processing. RNA-seq data for human GM12878 (ENCODE ENCFF212CQQ) and 

human K562 (ENCODE ENCFF026BMH) cell lines were downloaded from ENCODE. RNA-seq data for 

mouse hepatocytes (NCBI GSE95111) and mouse NPC (NCBI GSM2533845) were downloaded from NCBI. 

Data for human monocytes (NCBI SRX2785183) were downloaded from NCBI and processed using 

standard protocols with HISAT2 and StringTie (Pertea et al. 2016). 

Prediction of 3-dimensional interaction frequencies.  

For training purposes, all data was split into non-overlapping genomic intervals. Usually, we use 

one or several chromosomes for training, and other chromosomes for validation. To perform prediction 

genome-wide, we first used odd chromosomes for training and made predictions for contacts on even 

chromosomes, and then used even chromosomes for training and predicted contacts on odd 

chromosomes. If other is not mentioned, we used only CTCF and RNA-seq data for predictions. For all 

results except those described in Supplementary Note we used Gradient Boosting with parameters 

n_estimators=100, max_depth=9, subsample=0.7. Predictors parametrization and other details are 

explained in details in the Supplementary Note. 

Estimating predictions efficiency 

We used several metrics to choose the best model. Pearson’s correlation is the most common 

metric; however, Pearson’s correlation is dominated by dependence of contact frequencies from 

genomic distance. Thus, we also used the SCC metric (Yang et al. 2017a) which measures correlation of 

contact frequencies on each diagonal of Hi-C matrix independently, thereby neglecting the factor of 
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genomic distance. To reduce the effect of random noise, we smoothed Hi-C matrices before calculating 

SCC, as was suggested by (Yang et al. 2017a). All comparisons were carried out with the same noise 

smoothing parameter h = 2 (see Supplementary Note and Supplementary Table 4 for justification of h 

value). In addition, to evaluate the model's quality, we used other metrics such as MSE, MAE and MRE. 

To benchmark model predictions against transfer of contact counts from another cell type, we 

performed pairwise comparisons of mouse Hi-C data (CH12.LX lymphocytes, cortical neurons, 

cardiomyocytes cells and hepatocytes) using same metrics as described above. Similarly, we compared 

human NHEK, K562, IMR-90, GM12878 to benchmark predictions of human data. 

Comparing 3DPredictor with other models. 

Chromatin interactions for GM12878 cells predicted by MEGABASE+MiChroM were downloaded 

from Juicebox server 

(https://s3.amazonaws.com/hicfiles/external/ctbp_8_4_17/all_intra_megabase_michrom.hic). As these 

interactions were at 50 kb resolution, we predicted the same regions at 5 kb resolution and averaged 

data to obtain contacts at 50 kb. 

Interaction frequencies for 53-75 Mb region on Chromоsome 4 of GM12878 cells, predicted by 

(Rowley et al. 2017), as well as CTCF loop anchors were provided by V.G. Corces, M.J Rowley and M.H. 

Nichols (personal communication). 

Interaction frequencies for 20-45 Mb region on Chromоsome 1 of GM12878 cells, predicted by (Qi 

and Zhang 2019), were provided by Y. Qi and B. Zhang (personal communication). 

Note that we used here SCC smoothing parameter equal to two for all comparisons, whereas (Qi 

and Zhang 2019) used SCC smoothing parameter values above five. Note that changing smoothing 

parameter does not affect results of 3DPredictor benchmark (see Supplementary Fig. E in Qi and Zhang 

and Supplementary Note, Supplementary Table 4 and Supplementary Table 7 in this paper for details of 

SCC smoothing parameter effect). 

Defining cell type-specific TADs and cell type-specific EP interactions. 

To define cell type-specific TAD boundaries, we utilized insulation-based score, which reflects 

depletion of contacts spanning putative TAD boundary, similarly to the approach used in (Fishman et al. 

2019; Vietri Rudan et al. 2015; Sexton et al. 2012), but with some modifications. The schematic 

representation of current approach is shown in Supplementary Fig. 8. In particular, for each bin � of the 

Hi-C matrix �, we define four vectors �� , �� , �� , �� each containing � elements: 

 �� �  ���	
,�	� �; �� �  ���	
��,��� �;  �� �  ���	�;��
���; �� �  �����;��
���; � � 1. . �, 

Where Ai,j is number of contacts between bins i and j, and N is empirical constant which was equal 

to 5 in this study. Thus, for two bins � and �, surrounding the bin �, vectors �� , �� , �� , �� describe local 

(+/- N bins) contacts. 

Then, the insulation score ��  of bin � was computed by dividing the frequency of contacts crossing 

bin � to the frequency of distance-matched contacts located downstream or upstream of 

� (Supplementary Fig. 8) and summing obtained ratios: 

�� � � ���
������…�

� � ���
������…�

 

If for a bin i we observed a high (above empirically defined upper threshold) insulation-based 

score in one cell type and low (under empirically defined lower threshold) score in another cell type, 

then we considered the bin i as a center of cell type-specific region. We defined upper and lower 

thresholds based on distribution of insulation scores (Supplementary Fig. 18) so that upper threshold 

corresponded to the strong insulation and lower threshold was close to the natural noise of insulation in 
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Hi-C data. In particular, we used the following parameters to compare NPC and hepatocytes: bin size 

equal to 25 kb; N equal to five, which means that we used the interval +/-100 kb around putative 

boundary to calculate insulation score; upper threshold equal to 3×N=15; lower threshold equal to 

2.4×N=12. With these parameters, we obtained 88 cell type-specific regions. 

To estimate prediction accuracy for cell type-specific EP interactions, we compared differences 

between predicted and control data with differences between cell types and replicates. We 

characterized contacts of EP pairs by observed-to-expected contacts ratio (OE). The EP interactions were 

referred to as cell type-specific, if it’s OE differ between replicates less than two times and differ 

between cell types more than two times:  

�log� ������
������

� � 1 �	
 �log� �������	���
�������	���

� � 1. 

To measure similarity of cell type-specific interactions in two samples (i.e. predicted and 

experimental data or two experimental samples), we calculated mean difference of OE values for 

corresponding interactions: 

�
�
���
�� � ���	 ��log� ���
����� 

The cell type-specific interactions were obtained comparing mouse hepatocytes (combined data 

and replicates) with NPC (only combined data) and human K562 cell (combined data and by replicates) 

with monocytes (only combined data) on 5 kb and 25 kb resolution. 

Analysis of looping contacts. 

For quantitative comparison of interactions in loop anchors shown on Supplementary Fig. 17, we 

used loops derived from the experimental NPC Hi-C data using HiCCUPS. We next aimed to call loop 

anchors based on 3DPredictor data using HiCCUPS. However, HiCCUPS required normalization vectors to 

be provided in .hic-files, and since these vectors were not available for predicted data, we failed to 

annotate the loops automatically. Thus, we manually annotated all loops for both experimental and 

predicted Hi-C maps of Chromosome 5 of NPC cells (Supplementary Table 8,9) shows coordinates of the 

manually annotated loop anchors), and compared obtained data to estimate the number of correctly 

predicted loops. 

Modeling chromosomal rearrangements. 

To model chromosomal rearrangements, we used 3DPredictor trained on mouse hepatocyte cells. 

To generate predictors, we obtained CTCF (NCBI SRX1975285-SRX1975286) and RNA-seq (NCBI  

SRX1975216-SRX1975217) data from wild-type mouse hindlimb E11.5 cells. Next, we deleted all CTCF 

peaks and genes from the region [mm10]: Chr1:76392403-78064264, which corresponds to the deletion 

coordinates described in (Bianco et al. 2018). Resulting set of predictors was used to model all 

chromatin contacts within the region [mm10]: Chr1:70950000-81000000. To compare contact 

frequencies predicted by the model with experimental data, we defined ectopic interactions as 

described in (Bianco et al. 2018). We first generated normalized difference matrix between mutated and 

WT matrices. For this, we multiply the mutant matrix by a coefficient that equalizes the coverage of 

regions that are not involved in the mutation. Next, we subtracted the WT matrix from the mutated 

matrix. We normalized the difference matrix by dividing each sub-diagonal by the average number of 

reads observed at the corresponding genomic distance in WT data. After we get the normalized 

difference matrix, we find ectopic interactions for each sub-diagonal. Specifically, we filtered out the 

sub-diagonal elements, which were above 96th percentile of all sub-diagonal values, and calculate 

standard deviation of remaining values. All points, which differ from zero by more than three standard 

deviations, were considered ectopic. 
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Software availability 

3DPredictor source code (https://github.com/labdevgen/3DPredictor) and Jupiter Notebook with 

the code used to reproduce TargetFinder results (https://github.com/labdevgen/targetFinderTests) are 

both freely available on GitHub and in Supplemental Code. 
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Table 1. Effect of train/validation split strategy on TargetFinder efficiency. 

  

Cell type Predictors Loops Interacting EP 

pairs 

Train / 

validation 

split 

  F1-score 

     Interacting : Non-

interacting 

 1:20* 

Interacting : 

Non-interacting 

1:1 

Mouse ES 

cells 

 

24 

 

9091 1602 this paper 0.015 0.56 

original 0.82 0.91 

Mouse 

cortex 

 

 

10 

9972 

 

625 this paper 0.19 0.69 

original 0.42 0.79 

Mouse NPC 

 

10 

 

9360 635 this paper 0.16 0.71 

original 0.46 0.77 

 

Human 

GM12878 

100 

 

9448 

 

2113 

 

this paper 0.039 0.61 

original 0.77 0.89 
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Figure legends 

Figure 1. Promoter-enhancer pairs with overlapping windows in training and validation 

datasets. A. Schematic illustration showing how information could be shared between training and 

validation datasets because of overlapping EP windows. B. Distribution of distances between boundaries 

of overlapping EP windows. For each EP pair we found the window of another EP pair so, that the 

distance between boundaries of their windows (d=D1+D2) is minimal. Histogram shows distribution of 

the obtained values of d. 

Figure 2. Hi-C loops do not provide complete information about interacting EP interactions. A,B 

Distribution of row (A) and distance-normalized (B) contact frequencies for interacting EP pairs and loop 

anchors in human monocytes.  C. Number of interacting EP pairs overlapping loops in monocyte’ data. 

Red line - number of EP pairs overlapping any Hi-C loop anchors or located within distance not more 

than X kb of them, shown as a function of X. Gray line and grey area represent average and 3 standard 

deviations of 100 randomized controls. D. Chromatin interactions within the region on human 

Chromosome 8 containing five experimentally validated MYC enhancers (yellow lines, e1-e7) and Hi-C 

loops (blue squares). Although both enhancers and loops were identified in the same cell type (K562 

cells) they show little overlap. 

Figure 3. 3DPredictor efficiently reconstructs spatial interactions based on CTCF-occupancy, 

expression and genomic distance. A. Representative region of mouse Chromosome 2 showing predicted 

and experimentally-derived Hi-C interactions in mouse hepatocytes. B-F. Various metrics of 3DPredictor 

accuracy for each chromosome of mouse hepatocytes. Circles represent comparison between two 

replicas; red squares show comparisons between hepatocytes and other cell types. Red triangles display 

3DPredictor results obtained using single Chromosome 5 for training; data obtained when validating on 

the same chromosome marked with asterisks. Blue triangles show results of 3DPredictor trained on 10 

chromosomes (results for even chromosomes obtained using model trained on odd chromosomes and 

vice versa) 

Figure 4. 3DPredictor accurately reconstructs cell type-specific chromatin organization. A. 

Representative region on Chromosome 3 showing different 3D-organization in mouse hepatocytes and 

NPC. Cell type-specific TAD boundary is shown by arrow. C and D. Comparison of 3DPredictor results 

with experimental hepatocyte (C) or NPC (D) data for the same region of Chromosome 3 D. Insulation 

scores in 88 NPC cell type-specific regions correlate with insulation scores calculated based on predicted 

contacts significantly better, than with insulation scores based on experimental hepatocyte’ data (p-

value 4×10-6). 

Figure 5. Accurate prediction of promoter-enhancer interaction frequencies. A. Prediction 

accuracy of contact frequencies of EP pairs defined as “interacting” in monocytes according to SlideBase 

and GeneHancer databases (“EP”), and all other pairs of loci (“all except EP”). B. Scatter-plot displaying 

predicted (Y-axes) and experimentally-measured (X-axes) contact frequencies for interacting EP pairs. C. 

Distribution of the similarity scores for cell type-specific EP interactions in different cell types (K562 vs 

Monocytes) or experimental and predicted data (K562 experimental vs K562 predicted and monocytes 

experimental vs monocytes predicted). See methods for definition of cell type-specific EP interactions 

and similarity scores. Data on A-C provided for 25 kb resolution. 

Figure 6. 3DPredictor accurately reconstructs genome organization of novel cell type. A. 

Example of mouse NPC Hi-C contact map derived from experimental data (above diagonal) or obtained 

using 3DPredictor trained on hepatocyte’ contacts and provided with epigenetic data relevant for NPC. 

B-F. MRE (B), SCC (C), MAE (D), Person correlation (E) or MSE (F) measurements of 3DPredictor accuracy 

for training and validation on same (green and blue lines) or different (red line) cell types. G. Legend for 

plots B-F. 
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Figure 7. 3DPredictor captures 3-dimensional organization of rearranged genomic regions. A. 

Contact map of mouse DelB locus, carrying homozygous deletion of ~1.5 Mb, with experimentally-

measured contacts in the top, and 3DPredictor modeling results in the bottom. White lines correspond 

to contacts of the deleted locus. Note ectopic interactions between Pax3 and Epha4 TADs (indicated by 

arrows). These ectopic interactions are even better visible on B, where the same region is plotted and 

only those interactions, which differ between WT and DelB by more than three standard deviations, are 

kept. On A, the color indicates contact counts, whereas on B the color indicates significance of 

differences between WT and DelB data. C shows sizes of observed (red vertical bar) and expected (blue 

bars) overlaps between experimental and predicted ectopic interactions. 
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