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Abstract. Naturally, the epitope dataset can be presented as a graph. Dataset preparation in the 
previous methods is part of model development. There are many graph-based classification and 
regression methods. Still, it is difficult to identify their performance on the conformational epitope 
prediction model because datasets in a suitable format are unavailable. This research aims to build a 
dataset in a suitable format to evaluate kernel graph and graph convolution network. This dataset, 
which results from graph clustering on graph antigens, can be used to identify the performance of 
many graph neural network-based algorithms for conformational epitope prediction. The Ag-Ab 
complexes that meet the criteria for forming a conformational epitope prediction dataset from 
previous studies were downloaded from the Protein Data Bank. Raw datasets in the form of specific 
exposed antigen chain residues are labeled as epitope or non-epitope based on their proximity to the 
paratope. The engineering features in the raw dataset are derived from the structure of the antigen-
antibody complex and the propensity score. Aggregating atomic-level interactions into residual levels 
create an initial graph of the antigen chain. The MCL, MLR-MCL, and PS-MCL are graph clustering 
algorithms to obtain labeled sub-clusters from the initial graph. A balance factor parameter is set to 
several values to identify the optimal dataset formation based on minimal fragmentation. The output 
of the MCL algorithm is used as a baseline. As a result of the fragmentation analysis that occurs, the 
MLR-MCL algorithm gives the best model performance at a balance factor equal to 2. PS-MCL gives 
the best performance at a value of 0.9. Based on the minimum fragmentation, the MLR-MCL 
algorithm provides the best model performance compared to MCL and PS-MCL. The dataset in a 
format according to benchmarking dataset can be used to identify the characteristics of antigen 
subgraphs formed from the graph clustering process and to explore the performance of graph-based 
learning conformational epitope prediction models such as graph convolution networks. 

Introduction 
The conformational epitope is the antigen part bound by the antibody in the recognition phase of the 
immune system [1] Identification of this part of the antigen required in developing drugs, vaccines, 
and therapeutic vaccines [2, 3] using a protein engineering approach [4]. The conformational epitope 
consists of amino acid residues that have spatial proximity in the binding state and consist of segments 
in the primary sequence. Epitopes in an antigen chain can be single, multiple, or overlapping. The 
residues which conform epitope may form a network that has not identified what is behind the 
conformation. However, the statistical analysis showed that specific pairs of amino acids differed 
significantly from other pairs on the epitope [5, 6]. 

Graphs can abstract complex systems with interactions between objects, such as molecular graphs, 
social networks, and biological networks. Graph generation and transformation using machine 
learning can potentially solve complex problems such as protein folding, statistical modeling, and 
molecule design [11]. The use of the graph approach in the prediction of conformational epitopes is 
still minimal. Zhao et al. initiated this approach by implementing MCL to obtain subgraphs of 
antigens based on edge weights and topology graphs [12]. Another study by the same researcher used 
the coupling graph to improve the model's performance by utilizing the frequent coupling subgraph 
pattern [13]. The other model applies graph partitioning to obtain a subgraph of the residual graph 
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surface and continues with seed expansion to obtain a candidate epitope [14]. Wang et al. introduced 
conformations in graph formation [15].   Zhao applied a graph kernel for classification, but Wang 
used the Graph Convolution network.  

The availability of epitope prediction datasets in graph representation is needed to explore many 
graphs computational approaches to build epitope prediction models. Graph dataset has elements in 
the form of nodes, edges, node attributes, and edge attributes. SNAP dataset [16], MoleculNet [17], 
TUDataset [18], GraphGT [19], Open Graph Benchmark (OGB) [20] is a graph dataset originating 
from many different domains. SNAP contains 80 different datasets and is a system for generating, 
manipulating, and analyzing graphs and networks. MoleculeNet is the molecular dataset built on 
DeepChem for classification and regression. There are 17 datasets from the domains of quantum 
mechanics, physics chemistry, biophysics, and physiology on MoleculeNet. OGB's molecular graph 
is an improvement from the MoleculNet version. It has a data loader feature and additional features 
on Molecular Graph. The addition of features to the nodes and edges of the Molecular Graph in OGB 
can improve the performance of model [20]. The TUDataset contains 120 datasets and baseline 
methods with the Python interface. GraphGT contains 36 datasets from 9 domains, including protein, 
brain network, vision, transportation science, social network, and molecule. GraphGT provides a 
Python API for accessing data and is available for download via https://graphgt.github.io/. 

Graph learning research such as Deep Walk [23] and Graph Convolution Network [24] has 
received attention from many researchers and is growing fast. Many graph learning approaches are 
applied in node level classification, link edge, and graph classification. This approach is naturally 
appropriate for many real-world problems. The graph-based computational approach opens the 
opportunity to produce a better conformational epitope prediction model than the previous methods. 
The application of the graph method for the prediction of the conformational epitope is still minimal 
compared to the methods that have been developed. One of the causes is the availability of datasets 
in graph representations that follow benchmarking standards in graph learning. This study aims to 
create a dataset in a graph representation whose nodes and edges are enriched with features to support 
the prediction of conformational epitopes. Residues with proximity at the atomic level are aggregated 
to form a graph with nodes enriched with features calculated at the residual level. Statistically, the 
features at the epitope residues are significantly different from the non-epitope residues. The antigen 
graph is then clustered using the MCL graph clustering algorithm and its derivatives to obtain the 
non-epitope and epitope subclusters. Very few sub-clusters were detected containing epitope residues, 
so for optimization of sub-cluster formation, a threshold value was used in the form of the percentage 
of epitope residues in each category. The resulting dataset format follows the TUDataset format, 
whose explanation is in the URL File Format | TUDataset (chrsmrrs.github.io) 

The following section will discuss the data preparation and methods for generating epitope 
predictive datasets in graph representation. Next will be presented the results of the experiment, an 
analysis of the results, and conclusions. 

Dataset Collection 
The dataset was collected and preprocessed using the procedure described in Solihah et al. [25]. Raw 
data in the form of 3d chain antigen structures containing information on residues exposed at the 
atomic level and labeled epitope and non-epitope was taken from Gao et al. [7]. These residues are 
enriched with features of structural analysis with PSAIA, which include ASA, RSA, and Protrusion 
Index [26], Contact Number [27], QSE [28], HSE [29], AAIndex [30], B Factor [31] and Log Odd 
Ratio [32]. The dimension of the vector properties is 601. PCA is used to reduce its dimensions to a 
vector of length 25.  

Experimental Procedure 
The experimental procedure is described in the block diagram in Fig 1. There are three steps to 
construct a dataset: (1) Initial graph generation; (2) Sub-cluster formation from the initial graph; (3) 
Dataset generation. 
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Initial graph generation. This stage aims to obtain an initial undirected graph representation of 
residues exposed to an antigen chain. An edge is formed if the distance between the residue and other 
residues is within the allowable distance. Edge weights were calculated based on the log odds ratio 
of the frequency pairs on the epitope compared to the frequency of the pairs on the non-epitope. 
Sub-cluster formation. The formation of the dataset begins with applying MCL-based clustering to 
each input in the form of a graph from the data preparation stage, as describe in Fig 2 . The MCL 
algorithm used is MCL (21), MLR-MCL [22], and PS-MCL [11]. At this stage, an MCL-based 
algorithm is identified that produces the best cluster. Analysis of the number of clusters formed and 
the purity of the clusters became the reference parameters in determining the quality of the clusters. 
The balancing factor parameter (r) and coarse mode (shotgun coarsening and heavy edge matching) 
are the parameters that are optimized to get the best cluster. 
Dataset generation. Save the labeled cluster data into a file format following the file format on the 
TUDataset. Storage procedure is defined to create the graph dataset with a file format such as 
TUDataset. 
 

 
Fig. 1. The step by step of experimental procedures 

MCL-based Sub Graph Clustering  
The MCL algorithm works on data in graph representation. A graph is expressed as a set of nodes 
and edges, where edges connect the nodes in a graph. MCL is a flow-based graph clustering method 
that applies the random walk concept. Visits within the caster have a higher probability than visits to 
other clusters. The existence of edges in flow-based graph clustering states the probability of a flow 
occurring from node to node. If a node is connected to 3 other nodes, then the transition probability 
of that node to another node is 1/3 (0.33%). In a weighted graph, edges have weights so that the 
transition probability matrix Mij is a column-normalized matrix of the adjacency matrix plus self-
loop (Eq. 1). 

𝑀𝑀𝑖𝑖𝑖𝑖 =  
𝐴𝐴𝑖𝑖𝑖𝑖

∑ 𝐴𝐴𝑘𝑘𝑖𝑖
𝑛𝑛
𝑘𝑘=1

        (1) 

where n is the number of nodes in the graph. The MCL algorithm is built by three basic operations: 
expand, inflate, and prune. Expansion is done by raising the transition probability matrix. The 
expansion operation allows flows to be connected to different clusters in the graph. The inflate 
operation powers the transition probability matrix M by a real number r followed by column 
normalization. Inflation is used to strengthen and weakening flow (Eq. 2). 
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𝑟𝑟
/∑ (𝑀𝑀𝑖𝑖𝑝𝑝)𝑟𝑟𝑘𝑘

𝑡𝑡=1       (2) 
 
MCL is one of the superior graph clustering algorithms in the bio-networking field because the 
clustering results are in the form of small sub-graphs (1 to 3 nodes). The MCL algorithm has attracted 
researchers' interest in developing its derivatives, such as Regularized MCL, MLR-MCL, and PS-
MCL. If viewed from the number of constituent residues, the conformational epitopes of B cells are 
categorized as clusters with sizes between 5 and 30 constituent residues. In terms of the number of 
constituent residues, the epitope is suitable if identified by utilizing the derivative of the MCL 
algorithm compared to the original MCL, which was identified as causing fragmentation. 

 

 
Fig. 2. MCL-based sub graph clustering 

The dataset formation stage is presented in Fig. 3. Input is in the form of 3d structure data from the 
exposed residues of the antigen chain, each with the "epitope" or "non-epitope" label. The output is a 
collection of sub-graphs with the "epitope," "mixed," or "non-epitope" label, which is stored in 
separate files. Details of the dataset formation process are as follows: 

1. Build a graph from the input data following the graph formation procedure in Gao et al.[7] 
2. Calculate the edge weights following the procedure in Gao [7] 
3. Calculate the ASA, RSA, PSAIA, and AAIndex features of the residues in the graph and store 

them as attributes of each node of the graph 
4. Perform graph clustering using PS-MCL algorithm with parameters that optimize cluster 

results to obtain three subgraph categories. The first category is non-epitope clusters 
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containing < 30% epitope residues. The second categories consist of mixed clusters containing 
epitope residues >= 30% and < 70%. The third category is epitope clusters containing >= 70% 
epitope. 

5. Write down all the subgraphs resulting from the process of step No. 4 into the four files. 
 

 
Fig. 3. Epitope dataset construction   

Statistical Analytic Procedures 
Among the critical issues in the application of the MCL algorithm is the formation of small clusters 
or fragmentation [11]. At the initial stage, min and max statistical analyses are conducted to answer 
the following research questions related to the problem of fragmentation: 
Q1. How does the selection of the balance factor affect the distribution of clusters and nodes of the 
formed cluster? 
Q2. does the balance factor on the MLR-MCL and PS-MCL algorithms have the same effect on the 
distribution of clusters and nodes in the cluster? 
Q3. Which factor balance gives clustering results with the minimum number of small clusters and the 
minimum number of nodes? 

Experiment Result 
We applied the MCL, MLR-MCL, and PS-MCL algorithms to the initial graph antigen data at the 
residual level and identified the distribution of the number of clusters and the number of nodes formed 
in each cluster. The node distribution in each cluster generated by the MCL algorithm is used as a 
baseline to measure the fragmentation in the cluster results of the MLR-MCL and PS-MCL 
algorithms. Table 1 presents the results of graph clustering with the MCL algorithm. The number of 
small-sized clusters formed is 120 clusters composed of 325 nodes. The number of clusters with more 
than three nodes is 3641 clusters and is composed of 32667 nodes. The percentage of the small 
clusters, as much as  3.19 percent, is express fragmentation. The percentage of nodes that form 
fragmentation compared to total nodes is 0.99 percent. 

 
Table 1. The distribution clusters and nodes by MCL Algorithm 

number of clusters 
<= 3 

number of clusters 
> 3 

number of nodes in 
the cluster <=3 

number of nodes in the 
cluster > 3 

120 3641 325 32667 
 

In the next experiment, the effect of the balance factor on fragmentation was identified. As presented 
in Table 2 and Table 3, several balance factor values were tested for the MLR-MCL and PS-MCL 
algorithms to determine the best balance factor that produces minimal fragmentation. The balance 

Engineering Innovations Vol. 4 41



 

factor values of 1, 1.5, and 2 were selected following the experiment of Lim et al.[]. Another balance 
factor value was tried to identify the optimal fragmentation probability at a balance factor of less than 
1. 
Based on the experimental results presented in Table 2, in the PS-MCL algorithm, the number of 
small clusters with a balance factor of less than one is less than the number of small clusters with a 
balance factor of more than 1. From all experiments conducted, the minimum number of clusters is 
Small size is obtained at a balance factor of 0.9, where the number of small clusters formed is 192 
clusters with the number of nodes that compose as many as 521. The percentage of small casters 
compared to all clusters formed is 4.13 percent, while the percentage of constituent nodes compared 
to the total number of nodes is 1.58 percent. Compared with the percentage of fragmentation in the 
MCL algorithm, the percentage of fragmentation in PS-MCL is greater than that in MCL. At balance 
factor = 1, fragmentation occurs with a percentage of 16.5 percent and is the largest percentage of 
fragmentation in PS-MCL. 

 
Table 2. The distribution of number of clusters and nodes  

in various balance factors of PS_MCL 

balance factor 
number of 
clusters <= 3 

number of 
clusters > 3 

number of  
nodes in the 
cluster <=3 

number of  nodes 
in the cluster > 3 

0 246 3076* 666 32326 
0.1 296 3392 781 32211 
0.2 590 3598 844 32148 
0.3 392 3783 912 32080 
0.4 405 3945 944 32048 
0.5 381 4063 952 32040 
0.6 331 4191 840 32152 
0.7 271 4305 716 32276 
0.8 238 4389 644 32348 
0.9 192* 4456** 521* 32471** 

1 730** 3682 5344** 27648* 
1.5 690 3722 1596 31396 

2 690 3722 1596 31396 
note: *: minimum; **: maximum 

 
The experimental results of several balance factor values in the MR-MCL are presented in Table 3. 
The number of small clusters produced in various balance factors of the MLR-MCL algorithm is 
generally smaller than in the PS-MCL algorithm. If in the PS-MCL, the optimal fragmentation is at 
the balance factor = 0.9, then in the MLR-MCL, the optimal fragmentation is obtained at the balance 
factor = 2. The fragmentation that occurs in the balance factor between 0 to 1 is negatively correlated 
with the balance factor. In MLR-MCL, the distribution of clusters and their constituent nodes at 
balance factor = 0 is the same as at balance factor = 1. The minimum number of small-sized clusters 
formed occurs at balance factor = 2, 16 clusters (0.38 percent) with the number of nodes that make 
up 39 (0.11 percent). 
 
 
 
 
 
 
 
 

42 Engineering Innovations Vol. 4



 

Table 3. The distribution of number of clusters and nodes in various balance factors of MLR-MCL 

balance factor 
number of 
clusters <= 3 

number of 
clusters > 3 

number of nodes 
in the cluster 
<=3 

number of nodes 
in the cluster > 3 

0 49 3982 136 32856 
0.1 173 3301* 472* 32520* 
0.2 175 3469 457 32535 
0.3 176* 3594 429 32563 
0.4 147 3702 361 32631 
0.5 130 3765 333 32659 
0.6 109 3821 288 32704 
0.7 88 3878 239 32756 
0.8 74 3916 203 32789 
0.9 60 3950 163 32829 

1 49 3982 136 32856 
1.5 26 4124 69 32923 

2 16* 4177** 39* 32956** 
*:min , ** : max 

Discussion 
The model's best performance in forming graph datasets for predicting the conformational epitope is 
inversely proportional to the fragmentation that occurs. Fragmentation is represented by the number 
of small clusters (1 to 3 nodes) and the nodes involved in their formation. The main factor that 
influences the occurrence of fragmentation is the balance factor. The best model performance from 
the MLR-MCL and PS-MCL models is presented in Table 4. The best model performance is obtained 
from the MLR-MCL model with a balance factor of 2, while the PS-MCL model occurs at a balance 
factor of 0.9. In this case, MLR-MCL is better than PS-MCL. The number of small clusters in PS-
MCL is much more than in MLR-MCL by 12 times, with the number of nodes contributing more than 
13 times. This condition can be observed on the gray and blue bars in Fig 4. 
 

Table 4. The best performance of PS-MCL and MLR-MCL 

Algorithm balance factor 
number of 
clusters <= 3 

number of 
clusters > 
3 

number of 
nodes in the 
cluster <=3 

number of 
nodes in the 
cluster > 3 

PS-MCL 0.9 192 4456 521 32471 
MLR-MCL 2 16 4177 39 32956 

MCL  120 3641 325 32667 
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Fig. 4. Performance comparison on fragmentation 

MCL implementation. PS-MCL and MLR-MCL in other datasets were performed by Lim et al.[11]. 
According to Lim et al., the number of nodes that build small clusters in PS-MCL is less than in 
MLR-MCL. The experimental results on the antigen dataset showed different results, where the 
number of nodes that formed fragmentation in MLR-MCL was less than in PS-MCL. 

This study still does not yet identify the distribution of epitope and non-epitope residues in the formed 
sub-clusters. Previous research shows that if the sub-cluster contains epitope nodes greater than non-
epitope, then it is categorized as an epitope sub-cluster. This proportion has not been proven to capture 
critical features of an epitope or non-epitope cluster. Experiments are needed to show the 
classification model's performance from the dataset formed based on various percentages of the 
epitope in the sub-cluster labeled with the epitope. In addition, the distribution of epitope residues in 
small clusters is not yet known whether they dominate or not. 
The experimental results of the fragmentation measurement of the MCL, PS-MCL, and MLR-MCL 
algorithms on the antigen dataset show that the MLR-MCL approach is better than the MCL and PS-
MCL approach. Experimental results with PS-MCL showed greater fragmentation than MCL. When 
viewed from the number of clusters measuring more than three nodes, both PS-MCL and MLR-MCL 
resulted in a higher number of clusters. It can be roughly stated that the cluster size in MCL is larger 
than in PS-MCL and MLR-MCL. 

Conclusion 
There are many graph-based classification and regression methods. Still, it is difficult to identify their 
performance on the conformational epitope prediction model because datasets in a suitable format are 
unavailable. This research aims to build a dataset in a suitable format to evaluate kernel graph and 
graph convolution network. The MCL, MLR-MCL, and PS-MCL are graph clustering algorithms to 
obtain labeled sub-clusters from the initial graph. A balance factor parameter is set to several values 
to identify the optimal dataset formation based on minimal fragmentation. The output of the MCL 
algorithm is used as a baseline. As a result of the fragmentation analysis that occurs, the MLR-MCL 
algorithm gives the best model performance at a balance factor equal to 2. At the balance factor 0.1, 
MLR-MCL generates 176 small clusters which use 472 nodes to form a small cluster. PS-MCL gives 

0 5000 10000 15000 20000 25000 30000 35000

MCL

MLR MCL, balance factor = 2

PS MCL, balance factor = 0.9

PS MCL, balance factor = 1

Distribution of clusters and nodes in MCL, MLR-MCL and PS-MCL

number of nodes in the cluster > 3 number of nodes in the cluster <=3

number of clusters > 3 number of clusters <= 3
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the best performance at a value of 0.9.  At balance factor 1, PS-MCL produces 730 small clusters 
with5344 nodes. Based on the minimum fragmentation, the MLR-MCL algorithm provides the best 
model performance compared to MCL and PS-MCL. Each subgraph must be labeled epitope and 
non-epitope to be used for classification. It is necessary to identify a threshold of the percentage of 
residue epitope in the subgraph to label the subgraph as epitope or non-epitope. Previous researchers 
used a limit on the number of epitopes more or equal to 3%. 
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