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1. Application of DeepRCI in analyses of 

fusion genes 

As described in [1, 2], RNA-chromatin interactions are related to the fusion genes, the fusion 

transcripts that can serve as the core indicators of cancers. To demonstrate the ability of our model 

on the application related to this aspect, we designed a computational experiment to measure the 

capability of our model to recall fusion genes from all the interaction pairs following the same 

idea as in [3]. More specifically, we first filtered all the predicted RNA-DNA pairs at the whole 

genome scale, and only kept those interaction pairs with the prediction score higher than a given 

threshold. Then we calculated the number of fusion genes that had been experimentally validated 

in the remaining interaction pairs. As shown in Table S3, our model outperformed all the baseline 

methods under all three given thresholds, which demonstrated the high recall rate of our model. 

2. Intensities of RNA-chromatin interactions 

The intensities of RNA-chromatin interactions represent the numbers of RNA fragments that interact 

with specific DNA fragments, which can be written as 

Vi  =  ∑   I (Psi,𝑠𝑗
>  0.5)

sj∈𝐺

 , (1) 

where I stands for the indicator function, si stands for the DNA fragments and sj stands for all the RNA 

sequences transcripted from the whole genome G, and Psi,sj stands for the interaction score of si and sj 

predicted by DeepRCI. 



3. Extended analyses on more datasets 

collected from other sequencing techniques 

To further illustrate that our model can be generalized to data from other technologies, we have also 

applied our model to predict the RNA-chromatin interactions measured from GRID-seq [4] and 

RADICL-seq [5], denoted as grid17 and radicl20, respectively. We believe these two datasets could be 

representative to prove the generalizability of our model to different techniques, though we did not 

compare CHAR-seq techniques [6] due to the lack of training data. The interaction read pairs of RNAs 

and DNAs in grid18 and radicl20 were downloaded from the GEO database with accession numbers 

GSE132192 and GSE82312, respectively. The Hi-C data and the ATAC-seq data were also integrated 

into these two datasets (accession numbers GSM2375122, and GSM5117383 from the GEO database, 

respectively).  

As shown in Fig. S1, our model still outperformed the the-start-of-the-art methods significantly on 

these two new datasets. To further validate the role of Hi-C data in the prediction task, we also 

performed extra ablation studies on grid17 and radicl20 datasets. More specifically, we first trained a 

model with sequence and Hi-C data, denoted as DeepRCI-hic, and compared it to all other baseline 

methods. Consequently, we found that DeepRCI-hic achieved an accuracy of 0.792, compared to 0.77 

for DeepRCI-seq (Fig. S1). These results demonstrated that solely integrating Hi-C data can also 

enhance the performance of the model trained with only sequences information. 

4. Edge swapping strategy for generating 

negative samples 

Here, we describe another sampling strategy that was used for generating negative samples, denoted as 

edge swapping, which can preserve the representativeness of DNA/RNA sequences in the original data. 

More specifically, for two positive pairs (i, j), (p, q), we generated new pairs (i, p) and (j, q), and kept 

them only if the new pairs were not positive pairs. We compared the performance of our models with 

the baseline methods. The comparison results (Fig. S5) indicated that our model also performed much 

better than the baselines on predicting RNA-chromatin interaction with the new sampling strategy. 

5. The effect of read length in variformer 

To investigate the effect of the length of short reads that are split from each sequence in variformer, we 

conducted an additional fivefold cross-validation test where we split sequences of variable lengths into 

short reads with different choices of read length. As shown in Figure S6, DeepRCI achieved the best 

performance when the read length was set as 1000. Therefore, we kept this hyperparameter setting in 

our model. 



6. Bayesian network module 

6.1 Motivation for the Bayesian graph 

Our motivation for building a Bayesian graph model to model the underlying mechanisms of 

RNA-chromatin interactions was mainly inspired by the following experimental observations. 

(1) Calandrelli et al. [1, 2] reported that the numbers and strength of chromatin loops are influenced by 

RNA-chromatin interactions. In particular, the global suppression of caRNAs can increase the number 

of chromatin loops and enhancer-promoter interactions. This result indicates that the three-dimensional 

organizations of chromatin are highly associated with RNA-chromatin interactions. 

(2) Yan et al. [3] proposed an “RNA-pose” model to represent the features of fusion transcripts based 

on a validation cohort of 96 lung cancer samples. In this model, the transcripts of a gene interact with 

the transcripts of another nearby gene through spatial proximity, which subsequently forms a fusion 

RNA. This “RNA-pose” model indicates that the RNA-chromatin interactions can potentially be 

detected in the chromatin openness regions and related to chromatin conformation.  

(3) With the development of deep learning methods, more and more prediction tools have demonstrated 

that raw DNA/RNA sequences can contain valuable features that are associated with chromatin open 

accessibility [7], RNA-chromatin interactions [1, 8] and chromatin conformation [9, 10]. 

6.2 Deriviation of the Bayesian joint probability 

equation 

Equation: 

𝑙𝑜𝑔 𝑃 (𝐼, 𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)  

= 𝑚(𝐼|𝐷, 𝑂, 𝑆𝑅𝑁𝐴 , 𝑆𝐷𝑁𝐴;  𝛩1) + 𝑓 (𝐷|𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴;  𝛩2)  +  𝑔(𝑂|𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴;  𝛩3), (2) 

where D stands for the chromatin conformation data, O stands for the chromatin open accessibility data, 

SDNA stands for the input DNA sequences, SRNA stands for the input RNA sequences, I stand for the 

interactions states of RNA-DNA pairs, P stands for the joint probability of the five random variables, 

and m, f and g stand for the neural networks that map the original features to the corresponding 

conditional probabilities, while Θ1, Θ2, and Θ3 represent their learnable weight parameters. 

Proof : Based on the Bayesian product rule, the log value of the joint probability distribution can be 

written as: 

𝑙𝑜𝑔 𝑃 (𝐼, 𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)  =  𝑙𝑜𝑔[𝑃 (𝐼|𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)𝑃 (𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)]  

=  𝑙𝑜𝑔[𝑃 (𝐼|𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)𝑃 (𝐷|𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)𝑃 (𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)]  

=  𝑙𝑜𝑔[𝑃 (𝐼|𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)𝑃 (𝐷|𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)  

𝑃 (𝑂|𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)𝑃 (𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)] 

=  𝑙𝑜𝑔[𝑃 (𝐼|𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)𝑃 (𝐷|𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴) 

𝑃 (𝑂|𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)𝑃 (𝑆𝐷𝑁𝐴)𝑃 (𝑆𝑅𝑁𝐴|𝑆𝐷𝑁𝐴)]. (3) 

Based on the derived Bayesian network shown in Fig.1b and the assumption of conditional 

independence, the log value of the joint probability can be written as:  



𝑙𝑜𝑔 𝑃 (𝐼, 𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)  =  𝑙𝑜𝑔[𝑃 (𝑆𝐷𝑁𝐴)𝑃 (𝑆𝑅𝑁𝐴)𝑃 (𝐷| 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴) 

𝑃 (𝑂|𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)𝑃 (𝐼|𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)] 

=  𝑙𝑜𝑔[𝑃 (𝑆𝐷𝑁𝐴)]  +  𝑙𝑜𝑔[𝑃 (𝑆𝑅𝑁𝐴)]  +  𝑙𝑜𝑔[𝑃 (𝐷| 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)] 

𝑙𝑜𝑔[𝑃 (𝑂| 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)]  +  𝑙𝑜𝑔[𝑃 (𝐼|𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴)]. (4)  

Our model is trained by optimizing the binary cross entropy loss, that is, 

arg 𝑚𝑖𝑛
𝛩

𝐸[−𝐼 𝑙𝑜𝑔(𝑃 (𝐼, 𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴|𝛩))] , (5) 

where E stands for the expectation of the cross entropy and Θ stands for the learnable weight 

parameters of the model. Given the fact that input sequences 𝑆𝐷𝑁𝐴 and 𝑆𝑅𝑁𝐴 are the observation data, 

we can safely drop 𝑃 (𝑆𝐷𝑁𝐴)  and 𝑃 (𝑆𝑅𝑁𝐴) during the optimization process according to the 

instructions in [14] and then rewrite log(𝑃 (𝐼, 𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴|𝛩)) as: 

𝑙𝑜𝑔 𝑃 (𝐼, 𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴|𝛩)  =  𝑙𝑜𝑔[𝑃 (𝐷|𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴|𝛩1)]  +  𝑙𝑜𝑔[𝑃 (𝑂|𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴|𝛩2)]  

+ 𝑙𝑜𝑔[𝑃 (𝐼|𝐷, 𝑂, 𝑆𝐷𝑁𝐴, 𝑆𝑅𝑁𝐴|𝛩3)]. (6) 

Inspired by the normalization flow theory [11-13], we replaced these three probability distributions 

with neural networks m, f and g (see the architectures of the neural networks in Fig. S7), which are 

trained simultaneously using an end-to-end strategy [14]. 

7. Supplementary figures 

 

Figure S1: The performance of different models on multi-omics data for the RADICL-seq dataset and the GRID-seq dataset. (a) 

Performance comparisons on the RADICL-seq dataset among DeepRCI-seq, DeepRCI-atac, DeepRCI-hic, DeepRCI, and 

TriplexFPP, measured in terms of Accuracy, AUROC score, AUPRC score and F1-score. DeepRCI-atac represents our model 

trained using multi-omics information except for Hi-C data. DeepRCI-seq represents our DeepRCI model trained with only 

sequence data. DeepRCI-hic represents our model trained using multi-omics information except for ATAC-seq data. (b) 

Performance comparisons on the GRID-seq dataset among DeepRCI-seq, DeepRCI-atac, DeepRCI-hic, DeepRCI, and 

TriplexFPP, measured in terms of Accuracy, AUROC score, AUPRC score and F1-score. 
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Figure S3: Gene regulation and differential expression analyses of normal and abnormal human umbilical vein endothelial cells 

(HUVECs). (a) The low dimensional map of the 10× single-cell RNA-seq data (clustered by the leiden algorithm [3]), indicated 

that there mainly existed two types of cells in our samples (i.e., normal and abnormal cells). (b) The stacked violin plot of 

differentially expressed genes (top 25 genes according to the log foldchanges) between normal and abnormal HUEVCs. 

 
Figure S4: The histogram of the lengths of lncRNA sequences in the zhang2020 dataset. 

 

Figure S5: Performance comparisons on the stress20 dataset sampled with the “edge swapping” strategy among DeepRCI, 

DeepRCI-seq, DeepRCI-atac, and TriplexFPP, measured in terms of accuracy, F1-score, AUROC score, and AUPRC score. 

DeepRCI-atac represents a version of DeepRCI trained using multi-omics information except for Hi-C data. 

 



 

Figure S6: Performance comparison among different read lengths in variformer on the zhang2020 dataset in terms of accuracy, 

F1-score, AUROC, and AUPRC. 

 

Figure S7: Architecture of the feature mapping layer. The grey dash box means that this part is repeated multiple times. Here, 

“Dense” denotes fully connected layers and ”ReLU” denotes the linear rectification function. 

 

8. Supplementary tables 

 

Table S1: The top 20 DNA sequence motifs matched to the motifs obtained from CIS-BP [14] with TOMTOM (version 5.0.5) 

[15]. They were sorted according to the reported p-values. The column names of this table are described at tomtom website 



(doc/tomtom-output-format.html). More details of the results from TOMTOM can be found at github website 

(mlcb-thu/DeepRCI). 

 

Table S2: The top 20 RNA sequence motifs matched to the motifs obtained from CISBP-RNA [14] with TOMTOM (version 

5.0.5) [15]. They were sorted according to the reported p-values. The column names of this table are described tomtom website 

(doc/tomtom-output-format.html). More details of the results from TOMTOM can be found at github website 

(mlcb-thu/DeepRCI). 

 

 

 

Table S3: DeepRCI detected more fusion genes under different threshold settings than the baselines. 

 

1 Dropout: the probability of keeping input elements from a Bernoulli distribution.  

2 Weight decay: coefficient for L2 penalty. 

Table S4: Hyperparamter search for DeepRCI using a fivefold cross-validation procedure. We applied a line-search strategy [16] 

to determine the settings of hyperparameters, including dropout rate, learning rate, and weight decay rate. We also adopted a 

repeating process to yield a robust selection of hyperparameters. More specifically, for each group of hyper-parameters, we 

repeated the training process five times with different random numbers. The best hyperparameter settings are marked in bold. 

References 

1. R. Calandrelli, X. Wen, T. C. Nguyen, C.-J. Chen, Z. Qi, W. Chen, Z. Yan, W. Wu, K. Zaleta 

Rivera,  R.  Hu,  et al.  Three-dimensional organization of chromatin associated rnas and their role in 

chromatin architecture in human cells. bioRxiv, 2021. 



2. R. Calandrelli,  L. Xu, Y. Luo, W. Wu, X. Fan, T. Nguyen, C.-J. Chen, K. Sriram, X. Tang, A. B. 

Burns, et al. Stress-induced rna–chromatin interactions promote endothelial dysfunction. Nature 

communications, 11(1):1– 13, 2020. 

3. V.  A.  Traag,  L.  Waltman,  and N.  J.  Van Eck.  From louvain to leiden:  guaranteeing 

well-connected communities. Scientific reports, 9(1):1– 12, 2019. 

4. B. Zhou, X. Li, D. Luo, D.-H. Lim, Y. Zhou, and X.-D. Fu. Grid-seq for comprehensive analysis of 

global rna–chromatin interactions. Nature protocols, 14(7):2036–2068, 2019. 

5. A. Bonetti, F. Agostini, A. M. Suzuki, K. Hashimoto, G. Pascarella, J. Gimenez, L. Roos, A. J. 

Nash,  M.  Ghilotti,  C.  J.  Cameron,  et al.  Radicl-seq identifies general and cell type–specific 

principles of genome-wide rna-chromatin interactions. Nature communications, 11(1):1– 14, 2020. 

6. M. D. Simon. Capture hybridization analysis of rna targets (chart) .  Current protocols in molecular 

biology, 101(1):21–25, 2013. 

7. Q.  Liu,  F.  Xia,  Q.  Yin,  and R.  Jiang.  Chromatin accessibility prediction via a hybrid deep 

convolutional neural network. Bioinformatics, 34(5):732–738, 2018. 

8. S. He, H. Zhang, H. Liu, and H. Zhu. Longtarget: a tool to predict lncrna dna-binding motifs and 

binding sites via hoogsteen base-pairing analysis. Bioinformatics, 31(2):178– 186, 2015. 

9. H. Tao, H. Li, K. Xu, H. Hong, S. Jiang, G. Du, J. Wang, Y. Sun, X. Huang, Y. Ding, et al. 

Computational methods for the prediction of chromatin interaction and organization using 

sequence and epigenomic profiles. Briefings in Bioinformatics, 2021. 
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