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Topologically associated domains (TADs) play a pivotal role in disease detection. This study introduces a novel 
TADs recognition approach named TOAST, leveraging graph auto-encoders and clustering techniques. TOAST 
conceptualizes each genomic bin as a node of a graph and employs the Hi-C contact matrix as the graph’s 
adjacency matrix. By employing graph auto-encoders, TOAST generates informative embeddings as features. 
Subsequently, the unsupervised clustering algorithm HDBSCAN is utilized to assign labels to each genomic bin, 
facilitating the identification of contiguous regions with the same label as TADs. Our experimental analysis of 
several simulated Hi-C data sets shows that TOAST can quickly and accurately identify TADs from different types 
of simulated Hi-C contact matrices, outperforming existing algorithms. We also determined the anchoring ratio of 
TAD boundaries by analyzing different TAD recognition algorithms, and obtained an average ratio of anchoring 
CTCF, SMC3, RAD21, POLR2A, H3K36me3, H3K9me3, H3K4me3, H3K4me1, Enhancer, and Promoters of 0.66, 
0.47, 0.54, 0.27, 0.24, 0.12, 0.32, 0.41, 0.26, and 0.13, respectively. In conclusion, TOAST is a method that 
can quickly identify TAD boundary parameters that are easy to understand and have important biological 
significance. The TOAST web server can be accessed via http://223 .223 .185 .189 :4005/. The code of TOAST 
is available online at https://github .com /ghaiyan /TOAST.
1. Introduction

With the continuous improvement of three-dimensional genomics, 
researchers have begun to apply it to temporal studies, known as the 4D 
Nucleome Project [1], aiming to understand how nuclear organization 
influences nuclear function across both spatial and temporal dimen-

sions. In higher eukaryotes, including humans, the genome is arranged 
in intricate and dynamic three-dimensional conformations, whereby ap-

proximately 2 meters of genomic DNA is intricately condensed through 
elaborate folding to seamlessly reside within the nucleus, which spans 
a diameter of roughly 10 μm [2]. The interactions between different 
genomic loci are critical as a blueprint for gene expression. The prin-

ciples underlying the hierarchical folding of chromatin structure have 
offered significant contributions to the field of genomics and were es-

tablished through the utilization of the so-called “C-method” [3,4]. This 
method depends on the proximity ligation of DNA fragments to un-

✩ This work is supported by the Foshan Higher Education Foundation [BKBS202203].

* Corresponding author at: Institute for Advanced Materials and Technology, University of Science and Technology Beijing, Beijing, 100083, China.

** Principal corresponding author at: Shunde innovation School, University of Science and Technology Beijing, Foshan, 528399, Guangdong, China.

derstand the physical proximity of specific genomic regions within the 
cell nucleus. While it was proposed by Cullen et al. as early as the 
1990s [3,4], this method did not gain widespread application until the 
development of chromatin conformation capture techniques [5]. The 
advancement of such techniques, combined with high-throughput se-

quencing, resulted in the emergence of the Hi-C technology [6]. Hi-C 
allows for the genome-wide assessment of physical proximity between 
various DNA segments, allowing for substantial insights into the general 
principles of chromatin folding.

Existing research suggests that interphase chromatin in humans is 
arranged into multi-layered hierarchical structures, including 3D chro-

matin structures [7], A/B compartments, subcompartments, topologi-

cally associated domains (TADs), and chromatin loops [8]. The A/B 
compartments are linked to open and transcriptionally active chro-

matin (A compartment) as well as closed and transcriptionally inactive 
chromatin (B compartment) [6]. TADs are structural domains within 
Available online 27 September 2023
2001-0370/© 2023 The Author(s). Published by Elsevier B.V. on behalf of Research
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc

E-mail addresses: ghaiyan@ustb.edu.cn (H. Gong), zxt@ies.ustb.edu.cn (X. Zhang

https://doi.org/10.1016/j.csbj.2023.09.019

Received 31 May 2023; Received in revised form 16 September 2023; Accepted 16 S
Network of Computational and Structural Biotechnology. This is an open access
-nd/4.0/).

).

eptember 2023

http://www.ScienceDirect.com/
http://www.elsevier.com/locate/csbj
http://223.223.185.189:4005/
https://github.com/ghaiyan/TOAST
mailto:ghaiyan@ustb.edu.cn
mailto:zxt@ies.ustb.edu.cn
https://doi.org/10.1016/j.csbj.2023.09.019
https://doi.org/10.1016/j.csbj.2023.09.019
http://crossmark.crossref.org/dialog/?doi=10.1016/j.csbj.2023.09.019&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


Computational and Structural Biotechnology Journal 21 (2023) 4759–4768H. Gong, D. Zhang and X. Zhang

Fig. 1. The flowchart of TOAST.
chromatin regions in which interactions occur more frequently than 
between distinct chromatin regions. These domains typically range in 
size from 200 kilobases (Kb) to 5 megabases (Mb) [9] and exhibit 
high conservation across different species and cell types. TADs are re-

quired components in chromatin’s three-dimensional structure and are 
believed to function in gene regulation, playing crucial roles in cell 
differentiation, development, and disease treatment [10]. Additionally, 
TADs are essential for transcriptional regulation, DNA replication, and 
VDJ recombination, a critical process for producing diverse antigen re-

ceptor genes in immune cells [11]. Disruptions in TAD boundaries have 
been implicated across genetic disorders and cancer, highlighting their 
potential significance in disease [12]. Hence, developing a method ca-

pable of swiftly and accurately identifying TAD boundaries is critical in 
advancing the studying of chromatin structure and its implications in 
diseases.

The majority of TAD identification methods directly detect TAD 
boundaries from the Hi-C contact frequency matrix. Currently, there 
are several categories of methods are available for TAD identifica-

tion: (1) metric-based methods, such as the Directionality Index (DI) 
[13] method proposed by Dixon et al. in 2012, as well as techniques 
like Armatus [14] that synergize dynamic programming and multi-

scale modeling, Arrowhead [15], TopDom [16], among others [17–19], 
offer accurate computations while necessitating the configuration of 
relevant metric parameters. (2) Statistical methods, exemplified by HiC-

Seg [20], which harmonizes maximum likelihood estimation with one-

dimensional segmentation, as well as TADtree [21], PSYCHIC [22], 
TADbit [23], among others [24], often result in hierarchical struc-

tures containing numerous inaccurate small-scale TADs. (3) Clustering-

based methods, including ClusterTAD [25], using K-means clustering, 
IC-Finder [26] relying on hierarchical clustering, TADpole [27] employ-

ing constrained hierarchical clustering, and CASPIAN [28], confront 
issues where the quality of TAD boundaries is contingent on cluster 
count otherwise resulting in diminished accuracy. (4) Network-based 
methods, such as MrTADFinder [29], which capitalizes the similarity 
between TADs in chromatin contact map and densely connected mod-

ules in the network for modularization, and 3DNetMod [30]. However, 
the methods mentioned above are impaired by complex parameter set-

tings, lengthy computation time, or low accuracy in TAD identification.

Graph Auto-Encoders (GAE) [31,32], using their encoder-decoder 
structure, have been employed to obtain node embeddings in graphs 
for various tasks, including miRNA-disease association prediction [33]

and the identification of system-level anomalies in nuclear power plants 
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[34]. Given the advantages of GAE in obtaining embeddings, to address 
the issues above, we introduce a TAD recognition algorithm known as 
TOAST, combining the power of GAE and clustering. Firstly, Leveraging 
GAE’s encoder-decoder structure, we trained it on Hi-C contact ma-

trices, divided into non-overlapping 400 × 400 matrices and deriving 
16-dimensional embeddings. Subsequently, the resultant embeddings 
served as inputs for an unsupervised clustering algorithm, effectively 
assigning labels to each bin. TAD boundaries were later delineated 
based on the assigned labels, and this information is harnessed for 
visualization. We conducted rigorous validation using simulated Hi-C 
contact matrices at different noise levels and real Hi-C datasets from the 
GM12878 cell line spanning resolutions of 50 Kb, 25 Kb, and 5 Kb. The 
results demonstrate that TOAST outperforms other algorithms in terms 
of accurately identifying TAD boundaries in simulated Hi-C data sets at 
different resolutions. Furthermore, by calculating the TAD boundaries 
identified by different TAD recognition algorithms, we could quantify 
the proportions of different transcription factors and histone modifica-

tions at recognized TAD boundaries, elucidating their roles in shaping 
genomic organization.

2. Methods

2.1. Overview of the TOAST framework

This paper proposes a TAD recognition algorithm (TOAST) based 
on the amalgamation of GAE and clustering techniques. As outlined in 
Fig. 1, TOAST primarily consists of four parts: A data processing mod-

ule, a GAE module, a clustering module, and a TAD generation module. 
The data processing module primarily deals with multiple 400 × 400
Hi-C contact matrices. The GAE module employs GAE neural network 
training to obtain 16-dimensional embedding. The clustering module 
utilizes the unsupervised clustering method to coordinate the generated 
embeddings and label each bin. The TAD generation module processes 
the generated labels to deliver the TAD boundary file and performs the 
heat map visualization featuring TAD boundaries. More comprehensive 
information can be found in sections pertaining to the Data processing 
module, GAE module, clustering module, and TAD generation module.

2.2. Data preprocessing module

Hi-C sequencing data is commonly generated in .hic format. To ex-

tract the matrices at different resolutions (5000 base pairs (5 Kb), 25 Kb, 
and 50 Kb), we utilized Juicer tools [35]. The resulting matrices could 

be either raw or KR-normalized [36] Hi-C contact matrices, represented 
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as NxN matrices. Each value in the matrix represented the interaction 
strength between bins, and 𝑁 denoted the number of bins. Treating 
each bin as a vertex, the Hi-C contact matrix could be viewed as the 
graph’s adjacency matrix. To facilitate the training of GAE networks, in 
this study, we divided the Hi-C contact matrix into m 𝑛 × 𝑛 submatrices 
by partitioning along the diagonal using a step of 𝑛. For Hi-C contact 
matrices with resolutions below 5 Kb (e.g., 50 Kb, 25 Kb, 10 Kb), we set 
𝑛 = 400. If the resolution exceeded 5 Kb (e.g., 1 Kb), 𝑛 = 2000000∕𝑟𝑒𝑠, 
where 𝑟𝑒𝑠 represented the resolution of the Hi-C contact matrix. Given 
that TAD identification predominantly involves Hi-C matrices at resolu-

tions under 5 Kb, we maintained 𝑛 = 400 for this study.

2.3. GAE module

Graph 𝜍 = (𝜈, 𝜉) can be represented as 𝜈, where 𝜈 is the node-set, 𝜉
is the edge set. The 400 × 400 sub-matrix, denoted as adjacency matrix 
A of GAE network training, is a crucial component for training the GAE 
network. 𝑁 = 400 represents the number of nodes, while 𝑋 ∈ 𝑅𝑁×𝑁

signifies the node’s feature matrix. As the Hi-C contact matrix functions 
solely as the input, it is initialized as a matrix containing all ones on 
the diagonal and zeros elsewhere. 𝑓 represents the dimension of em-

bedding, 𝑍 ∈𝑅𝑁×𝑓 is the embedding of the node.

Graph Auto-Encoders (GAE) module is divided into two parts: the 
encoder and the decoder. The encoder obtains the GCN function of node 
feature 𝑋 and adjacency matrix 𝐴 as input and node embedding 𝑍 as 
output to obtain node embedding. Users are then able to change the 
number of layers and the dimension 𝑓 of embedding 𝑍. In this work, we 
compare the TAD identification results under different network archi-

tecture parameters and determine that the optimal TAD identification 
result is achieved when the network has 2 layers, an embedding dimen-

sion of 16, and a hidden layer dimension of 64. (Details can be found in 
the section “Determination of Network Architecture Parameters”) GCN 
can be expressed using Eq. (1).

𝑍 =𝐺𝐶𝑁(𝐴) =𝑊2 × Re𝐿𝑈 (𝑊1 ×𝐴+ 𝑏1) + 𝑏2 (1)

Where 𝑊2 and 𝑊1 represent the weight matrices, 𝑏2 and 𝑏1 are the 
bias vectors, and ReLU is the Rectified Linear Unit.

The Decoder portion also uses the GCN function to reconstruct the 
original graph, and takes the embedded 𝑍 obtained from the encoder 
as input and the 400 × 400 reconstructed adjacency matrix 𝐴̂ as output. 
The decoder can be represented by Eq. (2).

𝐴̂ =𝑊4 × Re𝐿𝑈 (𝑊3 ×𝑍 + 𝑏3) + 𝑏4 (2)

Where 𝑊4 and 𝑊3 are the weight matrices, while 𝑏4 and 𝑏3 are the 
bias vectors.

Because the adjacency matrix preserves the structure of the graph, 
to ensure that the reconstructed adjacency matrix 𝐴̂ is as similar as pos-

sible to the original adjacency matrix 𝐴, as Eq. (3) shows, we employed 
the Mean Squared Error (MSE) as the loss function.

𝑀𝑆𝐸 = 1
1600

1600∑
𝑖=1

(𝑦𝑖 − 𝑦𝑖)2 (3)

Where 𝑦𝑖 represents the value of a specific element in the adjacency 
matrix 𝐴, and 𝑦𝑖 represents the value of the corresponding component 
of the reconstructed adjacency matrix 𝐴̂.

Throughout the training process, we utilized a learning rate of 
𝑙𝑟 = 0.001, trained the model for 200 epochs, and employed the Adam 
optimizer to obtain the final embedding 𝑍.

2.4. Clustering module

The clustering module employed the Hierarchical Density-Based 
Spatial Clustering of Applications with Noise (HDBSCAN) algorithm 
[37], a density-based hierarchical clustering algorithm. Using the em-
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bedding 𝑍 as input, HDBSCAN conducted unsupervised clustering, as-
Computational and Structural Biotechnology Journal 21 (2023) 4759–4768

signing labels to each node. Notably, HDBSCAN automatically discov-

ered clusters of diverse densities within the data, representing them 
as a hierarchical tree structure. Compared to traditional clustering al-

gorithms such as K-Means and DBSCAN, HDBSCAN offers enhanced 
flexibility and robustness, enabling it to handle noise, sparse data, and 
clusters of varying densities. It does this through the following steps:

(1) Calculate Kernel Density: Kernel density estimation is performed 
on the input data to obtain the local density for each sample point.

(2) Build Minimum Spanning Tree (MST): An MST is constructed 
among the core samples, utilizing either Prim’s or Boruvka’s al-

gorithms. Core samples denote data points with densities over a 
designated threshold.

(3) Assign Cluster Memberships: The cluster membership for each sam-

ple point is determined based on the edge weights of the MST. 
A lower edge weight indicates higher similarity between sample 
points and a higher probability of belonging to the same cluster. 
Specifically, beginning from the maximum edge of the MST, ex-

tend downwards, and for each subtree, assign all sample points 
to the same cluster. If the density of a subtree is below a certain 
threshold, consider it as noise.

(4) Determine the Hierarchical Structure of Clusters: Clusters are ar-

ranged in descending order based on densities and depicted as 
a hierarchical tree structure. The root node represents the entire 
dataset, while the leaf nodes represent individual sample points.

(5) Extracting Final Clustering Results: Pruning and trimming of the 
hierarchical tree is conducted as mentioned in [37], and the final 
clustering results of genomic bins are obtained.

2.5. TAD generation module

Genomic bins with the same label were grouped to form contigu-

ous regions. Studies have typically indicated TAD intervals ranging 
from 200 Kb to 5 Mb [9]. Therefore, the number of genomic bins and 
the resolution can be used to determine if a contiguous region should 
be considered as a TAD. If the length of a contiguous region exceeds 
200 Kb, it can be identified as a TAD. For example, when analyzing 
Hi-C contact matrix data with a resolution of 50 Kb, a continuous re-

gion must contain at least four genomic bins with the same label to be 
considered a TAD. This ensures that we only identify TADs of sufficient 
length and avoids mistakenly identifying short contiguous regions as 
TADs. TADs are succinctly represented in the format of (start bin, start 
location, end bin, end location).

2.6. Datasets

2.6.1. Simulated Hi-C data

Two simulated datasets were utilized in our experiments. One 
dataset was generated by Wang et al. [38] in their investigations. The 
simulated contact matrix data with five noise levels (4, 8, 12, 16, and 
20) was generated using the Directionality Index (DI) method [13] in 
the IMR-90 Human Embryonic Lung Fibroblast (IMR90) cell line. The 
other dataset [39] provided by Trussart et al. used polymer modeling to 
simulate six artificially generated genomes with different structures, re-

ferred to as ‘toy genomes’. A total of 168 simulated interaction matrices 
were extracted from these toy genomes, with increasing noise and struc-

tural diversity levels. The simulated Hi-C matrices used in this study 
encompass noise levels of 50, 100, 150, and 200, denoting an increas-

ing presence of noise in the data. Additionally, these matrices possess 
linear densities of 40, 75, and 150 base pairs per nanometer (bp/nm), 
signifying variations in the structural arrangement.

2.6.2. Real Hi-C data

The experimental data within this study were derived from a gen-

uine dataset from the human B-lymphoblastoid cell line (GM12878). 

To obtain the raw data, the .hic file with the unique accession number 
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4DNFI1UEG1HD was downloaded from the 4D Nucleome Data Portal 
(https://data .4dnuc -leome .org/). Subsequently, the file was processed 
using Juicer [15], resulting in KR-normalized Hi-C contact matrices 
with resolutions of 5 Kb, 25 Kb, and 50 Kb, and raw Hi-C contact ma-

trices.

2.6.3. ChIP-seq data

ChIP-seq data targeting CTCF, POLR2A, RAD21, SMC3, H3K4me3, 
H3K36me3, and H3K9me3 in the GM12878 cell line were downloaded 
from the ENCODE project platform [40] (www .encodeproject .org). 
The corresponding accession numbers for these datasets are as fol-

lows: ENCFF74 -9HDD, ENCFF002GST, ENCFF822QJA, ENCFF775OOS, 
ENCFF480KNX, ENCFF537KDM, ENCFF174RRQ, and ENCFF218YZR.

The above ChIP-seq data were used for the following: (1) The repli-

cated peaks files, formatted in bed narrow peak file format, were uti-

lized to identify the peaks of various transcription factors. The number 
and proportion of peaks anchored to the TAD boundaries within a 20 Kb 
genomic region for each transcription factor were calculated. (2) The 
signal p-value files, formatted in bigWig file format, facilitated the gen-

eration of average p-values from ChIP-seq data within a 40 Kb genomic 
interval proximate to TAD boundaries.

2.6.4. Enhancer and promoter data

Previous studies [41,42] have demonstrated that some TAD bound-

aries coincide with the anchor points of chromatin loops, such as 
Enhancer-Promoter interactions. Therefore, in our study, the EPI 
dataset of the GM12878 cell line from https://github .com /wgmao /
EPIANN /tree /master /GM12878 was downloaded to qualify the ratio 
of anchoring Enhancer or Promoter within a 20 Kb genomic region 
near the TAD boundaries.

2.7. Evaluation metric

(1) A notable characteristic of TAD structures is that regions within 
a given TAD possess a higher contact frequency distribution, while re-

gions outside of TADs have fewer contacts. Based on this property, the 
average contact frequency between each bin within 𝑇𝐴𝐷𝑖 (denoted as 
𝑖𝑛𝑡𝑟𝑎(𝑖)) and the average contact frequency between 𝑇𝐴𝐷𝑖 and its adja-

cent TAD 𝑇𝐴𝐷𝑗 (denoted as 𝑖𝑛𝑡𝑒𝑟(𝑖, 𝑗)) are calculated, where |𝑖 − 𝑗| = 1. 
As shown in Fig. S1, a triangle represents a TAD. For example, TAD 𝑖
has adjacent TADs 𝑗 to the left and right. 𝑖𝑛𝑡𝑒𝑟(𝑖, 𝑗) is the average num-

ber of contacts between TAD 𝑖 and TAD 𝑗. 𝑖𝑛𝑡𝑟𝑎(𝑖) is the average number 
of contacts within TAD 𝑖 (i.e., the blue region). Therefore, the TAD qual-

ity score (𝑇𝐴𝐷𝑖_𝑞𝑢𝑎𝑙𝑖𝑡𝑦) can be represented by the following equation. 
Eq. (4) is used to compute for each TAD defined in the dataset. The 
overall quality score for a set of TADs defined by the contact matrix is 
the average of their quality scores.

𝑇𝐴𝐷𝑖_𝑞𝑢𝑎𝑙𝑖𝑡𝑦= 𝑖𝑛𝑡𝑟𝑎(𝑖) − 𝑖𝑛𝑡𝑒𝑟(𝑖, 𝑗) (4)

Similar to a previous study [28], we employed the following metrics 
to evaluate the TAD quality.

(2) Visualization comparison: For simulated Hi-C contact matrices 
with real TAD data, the quality of identified TADs is evaluated by com-

paring their visualization with the actual TAD boundaries. For real Hi-C 
contact matrices without known TAD data, the effectiveness of differ-

ent algorithms is assessed by comparing the strength of signals between 
visualized TADs, based on the definition of TADs (strong interactions 
within TADs and weak interactions between TADs).

(3) For real Hi-C contact matrices, the effectiveness of different al-

gorithms is evaluated by assessing the rationality of the number of 
identified TADs, TAD quality, and average TAD length.

(4) Comparing the similarity between TADs identified by TOAST and 
true TADs obtained from simulated data (or TADs identified by other 
existing algorithms). In this study, the genomic bins were divided into 
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three clusters based on the TAD results: TAD boundaries, bins within 
Computational and Structural Biotechnology Journal 21 (2023) 4759–4768

TADs, and bins between TADs. The consistency between these two clus-

ters is evaluated using the Fowlkes-Mallows score (FMS) and the Rand 
Index (RI). As shown in Eq. (5), FMS is the geometric mean of precision 
and recall.

𝐹𝑀𝑆 = 𝑇𝑃√
(𝑇𝑃 + 𝐹𝑃 )(𝑇𝑃 + 𝐹𝑁)

(5)

Where 𝑇𝑃 represents the number of true positive sample pairs, 
𝐹𝑃 is the number of false positive sample pairs, and 𝐹𝑁 represents 
the number of false negative sample pairs. The Fowlkes-Mallows score 
(FMS) ranges from 0 to 1, with higher values indicating higher similar-

ity between the two clusters.

The Rand Index (RI) is defined as 𝑅𝐼 = 𝑁1∕𝑁 , which measures the 
similarity between two clusters. A higher RI value indicates a higher 
similarity between the two clusters. Here, 𝑁1 represents the number of 
genome bin pairs with consistent TAD cluster labels, and 𝑁 represents 
the total number of genome bin pairs.

(5) Within a 40 Kb genomic distance range surrounding TAD bound-

aries, the average p-value distribution of different transcription factors 
or histone modifications from ChIP-seq data. If the p-value distribution 
of transcription factors such as CTCF, associated with transcriptional 
activation, exhibits peaks, it indicates the overall accuracy of the iden-

tified TAD distribution.

(6) The quality of the identified TADs is evaluated using the ratio of 
anchored CTCF, SMC3, H3K4me3, Enhancer, Promoter, and other TFs 
or histone modifications.

3. Results and discussion

3.1. Experiment setting

In this paper, we conducted experiments using the following exper-

imental software: Ubuntu 18.04.4 LTS (Bionic Beaver), Pytorch 1.7.1, 
Python 3.6.12, Numpy 1.19.5, Matplotlib 3.3.3, Cooltools 0.4.1, Fanc 
0.9.24, Jupyter 1.0.0, Pandas 1.1.5, pyBigWig 0.3.18, seaborn 0.11.1. 
Code for TOAST is available online at https://github .com /ghaiyan /
TOAST.

3.2. Baselines

This study compares our proposed TOAST method with several TAD 
partitioning algorithms, including CASPIAN [28], Directionality Index 
(DI) [13], Insulation score [43], TopDom [16], IC-Finder [26], HiC-

Seg [20], and ClusterTAD [25]. These algorithms share the following 
characteristics: 1) They all identify non-hierarchical TADs. 2) Among 
these methods, Insulation Score, DI, TopDom, IC-Finder, and HiCSeg are 
five standard TAD identification tools, while ClusterTAD and CASPIAN 
are TAD identification tools based on clustering algorithms. The scripts 
for calling TADs using other methods can be obtained from https://

github .com /ghaiyan /TOAST.

3.3. Determination of network architecture parameters

To determine the dimensions for generating embeddings and the 
number of network layers, we designed six different networks: one-layer 
networks and two-layer networks with embedding dimensions of 16, 64, 
and 128 (i.e. 𝑜𝑛𝑒𝑙𝑎𝑦𝑒𝑟_𝑑𝑖𝑚 = 16, 𝑜𝑛𝑒𝑙𝑎𝑦𝑒𝑟_𝑑𝑖𝑚 = 64, 𝑜𝑛𝑒𝑙𝑎𝑦𝑒𝑟_𝑑𝑖𝑚 = 128, 
ℎ𝑖𝑑𝑑𝑒𝑛_𝑑𝑖𝑚 = 64 and 𝑜𝑢𝑡𝑝𝑢𝑡_𝑑𝑖𝑚 = 16, ℎ𝑖𝑑𝑑𝑒𝑛_𝑑𝑖𝑚 = 256 and 𝑜𝑢𝑡𝑝𝑢𝑡_𝑑𝑖𝑚 =
64, ℎ𝑖𝑑𝑑𝑒𝑛_𝑑𝑖𝑚 = 256 and 𝑜𝑢𝑡𝑝𝑢𝑡_𝑑𝑖𝑚 = 128). These networks were ap-

plied to TAD identification on simulated Hi-C contact matrices provided 
by Wang et al. [38].

First, we compared the reconstruction loss over epochs for simulated 
Hi-C data with different noise levels and GAE network architectures 
(Fig. S2). As shown in Fig. S2, when using the same embedding di-

mension, the one-layer GAE network consistently resulted in higher 

reconstruction loss than the network with an additional hidden layer, 

https://data.4dnuc-leome.org/
https://www.encodeproject.org
https://github.com/wgmao/EPIANN/tree/master/GM12878
https://github.com/wgmao/EPIANN/tree/master/GM12878
https://github.com/ghaiyan/TOAST
https://github.com/ghaiyan/TOAST
https://github.com/ghaiyan/TOAST
https://github.com/ghaiyan/TOAST
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Table 1

Performance of TOAST on simulated Hi-C contact matrix at different noise level.

noise 
level

FMS TAD 
number

True TAD 
number

avg_length 
(Kb)

avg_true_length 
(Kb)

4 0.990 175 171 970.1 997.4

8 0.991 172 171 1038.1 1048.6

12 0.975 178 171 963.4 1017

16 0.981 170 171 999.3 1002

20 0.979 165 171 106.9 1037.7

indicating that the network with an added hidden layer generates more 
effective embeddings.

Next, we compared the TAD identification results on simulated Hi-C 
data with varying noise levels, using different GAE network architec-

tures and embedding dimensions. Tables S1–S5 indicate that the best 
TAD identification results were achieved when using ℎ𝑖𝑑𝑑𝑒𝑛_𝑑𝑖𝑚 = 64
and 𝑜𝑢𝑡𝑝𝑢𝑡_𝑑𝑖𝑚 = 16, or when employing a single-layer network with 
an output embedding dimension of 128 (𝑜𝑛𝑒𝑙𝑎𝑦𝑒𝑟_𝑑𝑖𝑚 = 128). However, 
upon comparing the results, the network structure with ℎ𝑖𝑑𝑑𝑒𝑛_𝑑𝑖𝑚 = 64
and 𝑜𝑢𝑡𝑝𝑢𝑡_𝑑𝑖𝑚 = 16 showed higher robustness. Consequently, in this 
study, we select ℎ𝑖𝑑𝑑𝑒𝑛_𝑑𝑖𝑚 = 64 and 𝑜𝑢𝑡𝑝𝑢𝑡_𝑑𝑖𝑚 = 16 as the optimal net-

work configuration.

3.4. Performance of TOAST on simulated datasets

(1) Performance of TOAST on Regularized Simulated Hi-C 
Datasets. To evaluate the performance of TOAST on simulated datasets, 
we selected simulated datasets provided by Wang et al. [38] and 
Trussart et al. [39]. The simulated Hi-C contact matrices from Wang 
et al. [38] were generated at a resolution of 40 Kb, with different noise 
levels ranging from 4 to 20, exhibiting well-defined TAD boundaries. 
The ground truth TAD boundaries were also provided. Table 1 presents 
the Fowlkes-Mallows Score (FMS), a measure for quantifying the sim-

ilarity between TOAST and the ground truth TADs calculated across 
different noise levels (4, 8, 12, 16, and 20). We observed a gradual 
decrease in FMS as the noise level increased, but the overall FMS re-

mained around 0.98. Additionally, we computed the number of TADs 
and the average TAD length (avg_length) across different noise levels. 
As shown in Table 1, compared to the ground truth TADs, the differ-

ence in the number of TADs was at most 8 and at least 1, while the 
difference in average TAD length (avg_length) compared to the aver-

age true TAD length (avg_true_length) was less than 1 Kb in the best 
case and up to 5 Kb in the worst case. Furthermore, a visual compari-

son of TOAST’s TAD boundaries with the ground truth TADs, illustrated 
in Fig. S3, underscored a remarkable alignment.

(2) Performance of TOAST on Irregular Simulated Hi-C Datasets.

To assess the performance of TOAST on non-regularized simulated 
datasets, we utilized TOAST on simulated Hi-C matrices provided by 
Trussart et al. [39]. These datasets featured varying noise levels (50, 
100, 150, and 200) and linear densities (40, 75, and 150 bp/nm). Each 
combination of noise level and linear density corresponded to a dis-

tinct resolution, with higher noise levels and linear densities resulting 
in lower resolution and denser matrices. Table S6 (in Supplementary 
Files) and Fig. 2 present the results of the TAD boundary identified by 
TOAST on datasets with various noise levels and linear densities.

Table S6 (in Supplementary Files) illustrates that datasets with lower 
noise levels and linear densities yielded increased TAD boundaries. The 
visual results show that datasets with higher noise levels and linear den-

sities exhibit more pronounced TAD divisions. This can be observed in 
Fig. 2, where the blue TAD boundary lines align closely with the white 
divisions in the heatmaps. While datasets with lower noise levels and 
linear densities might not manifest explicitly defined TAD boundaries, 
carefully examining the leftmost columns in the heatmaps reveals an 
overlap between the identified TAD boundaries and the white division 
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lines. Consequently, we can conclude that TOAST can achieve favor-
Computational and Structural Biotechnology Journal 21 (2023) 4759–4768

Fig. 2. Comparison of TAD visualization for different Hi-C contact matrices at 
different linear densities and noise level.

able TAD partitioning results on simulated Hi-C contact matrices with 
different resolutions.

(3) TOAST Outperforms Other Algorithms on Simulated Hi-

C Datasets. To benchmark the performance of TOAST against other 
TAD identification algorithms on simulated Hi-C datasets, we selected 
CASPIAN [28], Insulation score [43], TopDom [16], IC-Finder [26], 
HiCSeg [20], and ClusterTAD [25]. We evaluated simulated Hi-C con-

tact matrices featuring 4, 8, 12, 16, and 20 noise levels. Table 2 presents 
the outcomes from the datasets with a noise level of 16, including the 
computed similarity values (FMS), TAD quality scores, TAD number, 
and average TAD length compared to the true TAD boundaries. The re-

sults indicate that TOAST and TopDom achieved the highest FMS value 
of 0.97. TOAST, TopDom, and HiCSeg yielded TAD quality scores sur-

passing 10.

However, TOAST exhibited the lowest deviation regarding the TAD 
number and average TAD length relative to the true TAD boundaries. 
Visual comparison of the TAD boundaries identified using different 
algorithms, as depicted in Fig. S7 (in Supplementary Files), distinctly il-
lustrates TOAST’s impeccable alignment with the true TAD boundaries. 
TopDom, CASPIAN, and Insulation Score exhibited relatively good per-

formance, while HiCSeg and IC-Finder identified significantly higher 
TAD boundaries, leading to substantial discrepancies from the true 
TADs. ClusterTAD showed the least favorable performance among the 
algorithms.

Furthermore, to validate TOAST’s excellent performance under dif-

ferent noise levels, we compared the results of TAD identification for 
noise levels 4, 8, 12, and 20 (Figs. S4–S6, Fig. S6, Tables S7–S10 in Sup-

plementary Files). The results consistently demonstrated that TOAST 
outperformed the other algorithms quantitatively and visually across 
different noise levels.

3.5. Performance of TOAST on real Hi-C dataset

In this section, we experiment sequentially on the 50 Kb, 25 Kb, and 
5 Kb Hi-C contact matrices of the GM12878 cell line for all chromo-

somes (from 1 to 22). Experiments show that the run time for computing 
50 Kb Hi-C contact matrices sequentially is 2 hours, for the 25 Kb ma-

trices is 4 hours, and for the 5 Kb matrices it is 11 hours. In the other 
words, we could obtain all TAD results for the GM12878 cell line within 
0.5 hours through parallel computing.

(1) Comparison of TAD Partitioning Results by TOAST across 

Different Chromosomes. To comprehensively evaluate the perfor-
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Table 2

The results of detecting TADs from simulated Hi-C data when noise level = 16.

Method FMS TAD_quality TAD 
number

True TAD 
number

avg_length 
(Kb)

avg_true_length 
(Kb)

TOAST 0.98 10.2 170 171 966.9 1002

CASPAIN 0.95 7.1 154 171 1099.5 1002

TopDom 0.97 10.4 219 171 773.7 1002

HiCSeg 0.69 10.3 239 171 418.7 1002

IC_Finder 0.86 9.6 281 171 594 1002

IS 0.83 9.2 204 171 826.7 1002

ClusterTAD 0.89 3.5 64 171 2645 1002
Fig. 3. Comparison for TAD visualization at different TAD_quality level.

mance of TOAST on real Hi-C datasets, we applied TOAST to 50 Kb Hi-C 
contact matrices of the GM12878 cell line for chromosomes 1 to 22. As 
the TOAST method partitions the Hi-C contact matrix along the diag-

onal before the TAD identification process, we calculated TAD quality 
for each 400 × 400 diagonal matrix in the GM12878 cell line for chro-

mosomes 1 to 22. As shown in Table S11 (in Supplementary Files), the 
distribution of TAD quality values exhibited unevenness, with the ma-

jority falling within the 1000–4000 range. However, certain outliers 
were present. Consequently, we inspected the Hi-C contact heatmaps 
and their corresponding TAD partitioning results across distinct fields 
of TAD quality values, encompassing 0–100, 100–1000, 1000–2000, 
2000–3000, and 3000–4000.

Fig. 3 illustrates that we visualized the diagonal matrices corre-

sponding to TAD quality values of -30, 20, 599, 1589, 2568, and 3994. 
Notably, for TAD quality values below 100, blank regions were con-

spicuous in the diagonal matrix heatmap. Upon investigating the gene 
structure within the genomic area of chr1:120000000–125000000, it 
was found near the telomere between 1p31.1 and 1q12, q41, character-

ized by minimal chromatin interactions. Therefore, a low TAD quality 
value was obtained for this region. Analyzing the TAD partitioning re-

sults for TAD quality values of 1589, 2568, and 3994 shows that when 
TAD quality surpassed 1000, the partitioning results aligned well with 
visual inspection. Furthermore, higher TAD quality values resulted in 
more TAD structures being identified, including those at smaller scales. 
This indicates that the TAD quality values obtained through the TOAST 
method not only distinguish the effectiveness of TAD partitioning but 
also provide valuable insights into the corresponding genomic location, 
such as proximity to the telomere.

(2) Robustness Analysis of TOAST Method on Real Hi-C Datasets.

To assess the performance of the TOAST method across varied Hi-C 
contact matrices obtained from different normalization algorithms and 
resolutions, we compared TAD similarities (RI and FMI) between the 
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raw and KR-normalized 50 Kb-resolution Hi-C contact matrices, as well 
as the TAD results derived from Hi-C contact matrices at different res-

olutions (50 Kb, 25 Kb, and 5 Kb). Fig. 4(a, b) compares the number 
of TADs and TAD_quality obtained from the raw and KR-normalized 
Hi-C contact matrices. The results show that both methods exhibit a 
decreasing trend in TAD numbers and fluctuation in TAD_quality with 
increasing chromosome numbers. Fig. 4(c) calculates the TAD similari-

ties (FMI and RI) obtained from both methods, demonstrating that they 
exhibit the same changing pattern with increasing chromosome num-

bers. Furthermore, Fig. 4(f) visually presents the TAD results within 
positions 0–400 bins of chromosome 1, demonstrating a remarkable 
similarity in TAD boundaries between the two methods.

Fig. 4(d, e) compares the number of TADs and TAD quality derived 
from Hi-C contact matrices at different resolutions (50 Kb, 25 Kb, and 
5 Kb), and the results similarly demonstrate that the trends in TAD 
numbers and TAD_quality align across the different resolutions with in-

creasing chromosome numbers. These results indicate that TOAST can 
effectively identify TADs from Hi-C contact matrices obtained using 
other methods.

(3) Performance of TOAST Compared to Other Algorithms on 
Real Hi-C Datasets. To comprehensively compare the performance 
of the TOAST algorithm with other prominent TAD identification al-

gorithms on real Hi-C datasets, we selected several TAD identifying 
algorithms, including CASPIAN [28], Directionality Index (DI) [13], IS 
[43], TopDom [16], IC-Finder [26], HiCSeg [20], and ClusterTAD [25]. 
The comparative analysis was carried out using the real GM12878 cell 
line Hi-C contact matrix encompassing chromosomes 1, 2, 3, 4, 5, 6, 8, 
9, 11, 12, 13, 14, 15, 16, 17, 19, 20, 21, and 22 at a resolution of 50 Kb.

Initially, we focused on chromosome 1 of the GM12878 cell line and 
visualized the TADs with in the range of bins 3600 to 3800 at 50 Kb 
resolution. Fig. 5 shows the visual results. Through visual inspection, 
it is evident that both TOAST and TopDom effectively captured TAD 
boundaries with a higher degree of completeness and accuracy, align-

ing closely with the actual boundaries. Although HiCSeg and IC-Finder 
identified more TADs, visual examination revealed that many of their 
detected TAD boundaries were false. The other algorithms were only 
able to identify partial TAD boundaries.

Furthermore, we analyzed the distribution of TAD number and TAD 
quality across multiple chromosomes within the GM12878 cell line. No-

tably, TOAST and TopDom demonstrated relatively minor disparities in 
both TAD number and TAD quality distributions. In contrast, HiCSeg 
exhibited a significantly higher number of TADs than other methods. 
However, visualization results in Fig. 5 showed that HiCSeg identified 
many false TAD boundaries. On the other hand, Insulation score (IS) 
had higher TAD_quality values than other algorithms, yet its visualiza-

tion results were comparatively subpar. Table S12 (in Supplementary 
Files) provides a concise overview of the TAD quantities and TAD_qual-

ity values identified by different methods. HiCSeg exhibited markedly 
higher TAD number and TAD quality than most other algorithms. How-

ever, upon considering the visualization results in Fig. 5 for HiCSeg and 
to ensure fairness, we calculated the average TAD number and TAD 
quality values after excluding HiCSeg, which were 3826 and 1468.68, 
respectively. In comparison, TOAST achieved an average TAD number 

of 4736 and a TAD_quality value of 1654.03, surpassing the average 
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Fig. 4. Comparison of 50 Kb Hi-C contact matrices extracted from various normalization methods and resolutions. (a, b) The comparison of TAD number and 
TAD_quality changes with the chromosome number. (c) The similarity between TADs called from raw and KR-normalized Hi-C contact matrix. (d) The comparison of 
TAD number and TAD_quality changes with the chromosome number, where TADs are called from 5 Kb, 25 Kb, and 50 Kb resolution Hi-C contact matrix, separately. 

 Hi-
(f) The TAD visualization of TADs called from different resolution or normalized

Fig. 5. Comparison for TAD visualization from bin 3600 to bin 3800 on 
GM12878 cell line, chromosome 1, 50 Kb Hi-C contact matrix.

values. Therefore, we conclude that the TOAST method performs well 
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in both quantitative and visual indicators.
C contact matrix.

(4) TOAST can Reliably Identify a Significant Proportion of 
TADs Obtained by Other Algorithms. Lastly, we compared the simi-

larity (RI and FMS) between the TADs identified by TOAST and those 
obtained by other algorithms. As evident from Fig. 6, both TOAST and 
Insulation score achieved the highest RI value (approximately 0.7) and 
the highest FMS value (approximately 0.8). By comparing the p-values 
of RI (or FMS), it was found that the similarity distribution between 
TOAST and CASPIAN was similar to the similarity distribution between 
TOAST and TopDom. Specifically, the RI values hovered around 0.6, 
and the FMS values were around 0.7, yielding a p-value of 1. These p-

values were calculated using a two-sided Mann-Whitney-Wilcoxon test 
with Bonferroni correction. Consequently, these findings underscore 
TOAST’s consistent capability to reliably identify a substantial propor-

tion of TADs identified by other state-of-the-art algorithms.

(5) TOAST can Detect Significant TADs on the Real Hi-C Dataset.

A previous study [37] has shown that TAD boundaries are enriched with 
CTCF, H3K4me3, and transcription start sites. To validate the biological 
relevance of TAD boundaries, we employed TOAST to identify TADs in 
the Hi-C contact matrices of GM12878 at a 50 Kb resolution for all chro-

mosomes. We then visualized the signals of CTCF, H3K4me3, POLR2A, 

and H3K9me3 (a histone modification associated with transcriptional 
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Fig. 6. The comparison for TAD number, TAD_quality and similarity with other TAD identification methods.
repression) within a 40 Kb region around the TAD boundaries. As shown 
in Fig. 7, the signed distance could be positive or negative. For example, 
-40 Kb indicates a distance of 40000 genomic loci to the left of the TAD 
boundary position, while 40 Kb represents a distance of 40000 genomic 
loci to the right of the TAD boundary position.

Fig. 7 illustrates the signal profiles of CTCF, H3K4me3, POLR2A, 
and H3K9me3 at the TAD boundaries, visualized in terms of their dis-

tance from the boundary. CTCF, H3K4me3, and POLR2A exhibit peaks 
at the TAD boundaries (when the distance from the boundary is 0), 
while H3K9me3 intriguingly shows a valley-like pattern at the TAD 
boundaries. To further observe the intricate relationship between TAD 
boundaries and the various transcription factors and histone modifica-

tions, we visualized the ChIP-seq tracks and heatmap of CTCF, POLR2A, 
H3K27ac, H3K4me3, H3K9me3 in the GM12878 cell line, chromosome 
19, at the 0–400 bin location (Fig. S9 in Supplementary Files). Fig. S9 
demonstrates that the majority of TAD boundaries are associated with 
strong signals for CTCF and POLR2A. Interestingly, a small fraction of 
TAD boundaries display elevated signals for H3K9me3. These observa-

tions robustly indicate that the TAD boundaries identified by TOAST 
elegantly align with prior knowledge, showcasing a noticeable enrich-

ment of CTCF, POLR2A, H3K4me3, and other related factors at the TAD 
boundaries.

To quantify the proportions of various transcription factors, his-

tone modification peaks, Enhancer, and Promoter at TAD boundaries, 
we calculated the ratios of CTCF, SMC3, RAD21, POLR2A, H3K36me3, 
H3K9me3, H3K4me3, H3-K4me1, Enhancer, and Promoter peaks within 
a 20 Kb range around the TAD boundaries (Table 3). We found that 
the average ratios of these factors anchored by TAD boundaries identi-

fied by different methods were 0.66, 0.47, 0.54, 0.27, 0.24, 0.12, 0.32, 
0.41, 0.26, and 0.13, respectively. Interestingly, the ratios of these fac-

tors anchored by TAD boundaries identified by TOAST were also close 
to the values mentioned above. Therefore, we conclude that TOAST can 
effectively identify TAD boundaries with biological significance, as it 
exhibits similar proportions of these factors as observed in the analysis.

(6) TOAST can perform well on 1 Kb Hi-C contact matrices.

To verify whether TOAST can operate effectively at high resolution 
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(1 Kb), we downloaded the hic format data with accession num-
ber 4DNFI2WSZPG9 from https://data .4dnucleome .org/. We then ex-

tracted the contact matrix for Chromosome 1 at 1 Kb resolution and 
performed TAD identification. Since the matrix partition size of 400 was 
determined based on the 5 Kb resolution standard, for the 1 Kb resolu-

tion matrix, we set the matrix partition size to 2000, which is calculated 
as 2000000∕1000, to ensure the sufficient retention of TAD features 
along the diagonal. With an input matrix size of 2000 × 2000, to fully 
preserve embedding features, we set ℎ𝑖𝑑𝑑𝑒𝑛_𝑑𝑖𝑚 = 512, 𝑜𝑢𝑡𝑝𝑢𝑡_𝑑𝑖𝑚 = 256, 
and trained the GAE network for 500 epochs. We selected the embed-

ding with the minimum reconstruction loss as input for clustering. The 
results showed that the calculation for all TADs on Chromosome 1 at 
1 Kb resolution was completed in 81 minutes (including the time for 
reading matrix data).

As TADs were computed on submatrices (a total of 125 submatri-

ces), we compared the distribution of TAD qualities for each submatrix 
(Fig. S10a). We then selected the submatrix with the highest TAD qual-

ity (Submatrix 4: 51.21) and the one with the lowest TAD quality (Sub-

matrix 1: -2.02) for heatmap visualization (Fig. S10b and Fig. S10c). 
These heatmaps reaffirmed that regions with negative TAD quality val-

ues lack chromatin interactions, while regions with higher TAD quality 
exhibit distinct TAD structures. Based on these results, we conclude that 
TOAST can also compute high-quality TAD results for high-resolution 
Hi-C contact matrices, such as 1 Kb resolution.

4. Discussion and conclusion

scHiCEmbed [44] is a method used to analyze single-cell Hi-C data, 
sharing a similar approach to our practice for detecting TADs from 
single-cell Hi-C data. Both TOAST and scHiCEmbed [44] employ a 
two-step approach to identify TADs from chromatin bin. Firstly, GAE 
is used to obtain embedded representations for each chromatin bin. 
Subsequently, clustering methods are used to cluster chromatin bins, 
resulting in labeled regions. Regions with contiguous labels are consid-

ered as TADs. However, these two methods have distinct differences. 
Firstly, scHiCEmbed primarily targets single-cell Hi-C contact matrices, 
which require imputation before using GAE to obtain embedded repre-
sentations. At the same time, TOAST is designed for the bulk Hi-C (Hi-C 

https://data.4dnucleome.org/
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Fig. 7. Density distribution of different TFs or Histone modification around TAD’s boundaries.

Table 3

The anchor ratio of TF or histone modification ChIP-seq peaks around TAD boundaries.

Toast Caspian ClusterTAD HiCSeg IC-Finder IS TopDom DI Average

CTCF 0.65 0.61 0.53 0.58 0.67 0.73 0.73 0.75 0.66

SMC3 0.47 0.46 0.35 0.39 0.47 0.52 0.57 0.56 0.47

RAD21 0.53 0.50 0.41 0.46 0.55 0.59 0.63 0.62 0.54

POLR2A 0.25 0.28 0.20 0.20 0.27 0.32 0.30 0.34 0.27

H3K36me3 0.23 0.25 0.19 0.18 0.26 0.29 0.25 0.29 0.24

H3K9me3 0.13 0.13 0.10 0.08 0.15 0.12 0.10 0.10 0.12

H3K4me3 0.31 0.34 0.24 0.23 0.34 0.36 0.34 0.39 0.32

H3K4me1 0.41 0.44 0.35 0.30 0.45 0.43 0.41 0.45 0.41

Enhancer 0.26 0.28 0.26 0.20 0.27 0.28 0.26 0.29 0.26

Promoter 0.12 0.14 0.13 0.09 0.13 0.14 0.13 0.13 0.13
from a population of cells) contact matrix. Due to the high dimension-

ality of the bulk Hi-C contact matrix, directly using the original matrix 
as input would result in significant feature loss. Therefore, in this study, 
we divided the bulk Hi-C contact matrix into smaller submatrices of size 
400 × 400 along the diagonal region. The selection of 400 × 400 size was 
based on considerations of covering genomic regions above 2 Mb, as it 
has been reported in previous studies that normal TAD sizes fall within 
2 Mb. Of course, if a higher resolution than 5 Kb is targeted, we rec-

ommend setting the submatrix size to be 𝑁 = 2000000/resolution size 
to preserve more features.

Furthermore, the description of the TAD identification method in 
scHiCEmbed is unclear; it merely mentions using GAE to obtain an em-

bedded representation (p-dimensional), but does not specify how the 
value of p is determined. In contrast, TOAST performs clustering by 
comparing the optimal embeddings (determined by the lowest MSE 
loss) for different p values, namely 16, 64, and 128. The selection of 
the optimal p value is based on the comparison of TAD quality.

Moreover, TOAST utilizes the HDBSCAN algorithm, which employs 
the concept of density-reachable graphs to cluster the generated optimal 
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embeddings. This method considers the spatial density characteristics of 
chromatin loci and can effectively identify clusters with high local den-

sities in high-dimensional data. On the other hand, scHiCEmbed uses a 
constrained hierarchical clustering approach to form a clustering tree 
but does not consider the spatial density of chromatin loci.

Lastly, the TOAST method is a comprehensive approach to TAD 
identification, encompassing GAE training, TAD generation, TAD qual-

ity assessment, TAD visualization, and other functionalities. In contrast, 
scHiCEmbed focuses solely on generating TADs without conducting a 
quality assessment or visualization of the TADs.

In conclusion, this paper presents a novel TAD recognition method 
called TOAST, which is based on graph auto-encoders and clustering. 
TOAST can quickly, and robustly identify different types of Hi-C contact 
matrices and outperform existing algorithms by comparing them with 
other TAD callers using simulated Hi-C contact and true TADs. Addition-

ally, by analyzing different TAD recognition algorithms, we determined 
the average anchoring ratio of TAD boundaries with various transcrip-

tion factors and histone modifications, such as CTCF, SMC3, RAD21, 
POLR2A, H3K36me3, H3K9me3, H3K4me3, H3K4me1, Enhancer, and 
Promoters, to be 0.66, 0.47, 0.54, 0.27, 0.24, 0.12, 0.32, 0.41, 0.26, and 

0.13, respectively. As Table S13 shows, compared with other methods, 
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TOAST offers simplicity in parameters, provides more complete outputs 
(TAD files and all visualization files), supports ultra-high resolutions 
(such as 1 Kb resolution).
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