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Abstract. Aromatic compounds are organic matters that have the form of carbon 

rings, such as benzene rings. The compound is contained in most real-life chem-

icals, including medicines, detergents, and cosmetics. Because mutagenicity of 

these substances can pose a great health risk if they enter the human body, pre-

dicting mutagenicity and avoiding risk are important problems. Due to recent ad-

vances in deep learning, many studies have been conducted to predict the muta-

genicity of graphically expressed aromatic compounds, and they are performing 

well. However, previous methods that used deep learning to predict the mutagen-

icity of molecules lead to the problem of dilution of local information in molec-

ular structures. In graph neural networks, the embedding of graphs is determined 

by the average or sum of node embeddings, and when a particular node domi-

nates, information from local nodes is diluted. In this paper, we propose a model 

that learns molecules' local information properties to be undiluted by separating 

them from the original graph. By partitioning the graph, we preserve local infor-

mation by breaking the relationship between the dominant nodes and the non-

dominant nodes so that they do not affect each other's information updates. Ex-

periments show that we successfully partition carbon rings and functional groups 

in molecular graphs using the Girvan Newman algorithm, and embed the seg-

mented graphs using the same neural networks, allowing neural networks to learn 

about carbon rings and functional groups. Comparisons with other neural net-

works confirm performance improvements on 1% accuracy. 

Keywords: Graph Neural Network, Mutagenic Prediction, Graph partitioning, 

Graph Embedding, Deep Learning 

1 Introduction  

Aromatic compounds are used in several products, including medicines, detergents, and 

cosmetics, to benefit our lives [1]. The aromatic compound consists of a carbon ring 

and functional group attached to the carbon ring. Aromatic compounds have a planar 

structure, basically in the form of a carbon ring, which has the potential to penetrate 

between DNA sequences and cause mutations [2]. Predicting the mutagenicity of Aro-

matic compounds, which are closely related to our lives by these properties, is im-

portant to minimize damage by avoiding situations that can have a fatal health impact.  
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Fig. 1. Illustration of the carbon ring structure and mutagenicity according to functional group. 

The numbers below indicate the probability of mutations A shows changes in mutability accord-

ing to carbon ring structure and B shows changes in mutability according to functional group. 

However, identifying mutations in a molecule's cells is a time-consuming and costly 

problem because it is accomplished through the synthesis of chemicals and the experi-

mental process on cells. It is also difficult for humans to do it directly for many com-

pounds due to the complex reactions of the reactor and carbon rings [3, 4].  

To address these multiple challenges, methods exist to predict the mutability of mol-

ecules using algorithms and neural networks [5]. Fig 1 shows changes in the carbon 

ring and the mutagenicity of the Aromatic compound along with its many effects on the 

mutagenicity [6]. Algorithm-based methods to predict mutagenicity of molecules use 

real-world chemical reactions and graph exploration techniques to predict mutagenicity 

of molecules. Also, there have been attempts to predict the mutagenicity of molecules 

using deep learning. It is divided into deep learning methods that transform graph data 

into continuous vectors and systems that receive and predict graph data itself as input, 

and for the G-Inception method. The G-Inception method is a model that overlaps the 

Graph Convolution Layer by mimicking the Convolution Inception model, achieving 

SOTA on the MUTAG dataset and demonstrating good performance [7].  

However, algorithm-based approaches are difficult to find suitable algorithms for all 

molecules for near-infinite chemical molecules, and they take a lot of time and space 

[8, 9]. Neural network-based approaches that obtain graph embeddings based on the 

features of nodes are often determined by the dominant nodes within the graph due to 

the feature of graph neural networks that renew information on nodes using neighboring 

nodes [10]. In fact, carbon accounts for more than 70% of the total graph within the 

MUTAG dataset, resulting in dilution of information from other elements that account 

for 30% of the total graph [11]. 

In this paper, to solve the problem of algorithmic and deep learning methods, we pro-

pose a method to split molecular graphs into two branches, functional group and mo-

lecular structures, and to learn this divided graph with deep learning to predict mutabil-

ity. Actual experiments showed that molecular graphs were separated from the latent 

space according to carbon rings and functional groups, and actual experimental results 

showed that they were better than existing results. 
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2 Related Work  

2.1 Graph Partitioning Algorithm 

Graph partitioning algorithms are the process of segmenting a set of nodes into smaller 

subgraphs. It is also used to cluster and detect nodes in parallel computations and social 

and biological networks of computers. These graph segmentation algorithms are di-

vided into several types, depending on each function and condition. When a node is 

transcribed in 2D space, Nodal Coordinate is usable, which uses Inertial straight lines 

across graphs to map graphs over 3D spheres and cut them into planes [12].  

Graph partitioning algorithms are also available for graphs that do not use Nodal co-

ordinate. The Root-based Search algorithm splits the graph by leveling the graph based 

on a particular node, and the Kernighan–Lin algorithm splits the graph by swapping the 

nodes with the Min Cut method [13]. 

While the graph partitioning algorithm previously introduced does not transform the 

original structure of the graph, for the Multilevel method, there exists a process of form-

ing groups among similar nodes in the original graph and compressing the graph. Sub-

sequently, we apply a graph partitioning algorithm for a compressed group of nodes 

and output a graph like the original graph after a node restoration process for the seg-

mented graph. At this time, it is not guaranteed to partition the graph with the node 

characteristics preserved because it goes through the process of compressing them 

based on the node characteristics[14]. 

2.2 Mutagenic Prediction with Deep Learning 

In recent years, neural network models have performed well on image and time series 

data. Models such as Multi-Layer Perceptron (MLP), AutoEncoder (AE), Convolution 

Neural Network (CNN), Recurrent Neural Network (RNN), and Generative Adversar-

ial Network (GAN) have achieved the best performance in each field, with numerous 

derivatives being studied. Recently, various neural networks have been introduced in 

graph regions such as Graph Convolution Network (GCN), Graph Attention Network 

(GAT), etc., and have been studied with excellent performance in graph prediction 

problems [15]. 

Graph convolutional networks update the information of nodes through neighboring 

nodes, and the extent to which one node references depends on the number of layers. 

In addition, we fuse the embeddings of each node so that the graph prediction step can 

be performed through Readout, represented by the embeddings of the graph [16]. GAT 

advances graph convolution methods to weight and update information updates on 

nodes [15]. Among several methods with GCN, Graph AutoEncoder (GAE) has pub-

lished unsupervised learning methods at the graph stage using GCN layers and learns 

node embedding methods [17]. Graph Residual Network (G-ResNet) and Graph Incep-

tion (G-Inception) are neural networks applied to graph neural networks by transform-

ing CNNs of Inception and Residual Network (ResNet) structures that perform well in 

image prediction into GCNs. The information on each node mimics the structure used 

to process existing images via Skip and Concatenation (Concat) method. and is one of 

the best models in graph prediction problems [7]. 
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Fig. 2. The overall process of the proposed method. 

However, the method of creating graph embeddings via node-level embedding vectors 

results in graph embeddings converging to embeddings of dominant nodes when there 

are many identical nodes within the graph. The reason is that graph convolutional net-

works update node embeddings without weights on neighboring nodes [15].  This prob-

lem, which arises in the process of importing embeddings of neighboring nodes to up-

date information on nodes, makes it difficult to distinguish local patterns in graphs. 

To address these challenges, this paper introduces the process of dividing and embed-

ding graphs into small subgraphs to preserve the local features of graphs and predicting 

graphs through the combination of original graphs and subgraph embeddings. By par-

titioning the graph, we were able to preserve the local information of the graph because 

we could prevent updating information between the dominant and non-dominant nodes. 

3 The Proposed Model 

In this section, we introduce the proposed model divided into graph segmentation pro-

cesses, how to combine graphs into learnable forms, and graph prediction methods. Fig 

2 shows the schematic of the overall model we propose. 

3.1 Graph Partitioning 

Aromatic compounds consist of two parts. It consists of a carbon ring consisting of 

carbon and carbon bonds, and functional groups that can interact with other molecules 

attached to that carbon ring. Since Aromatic compounds are characterized by these two 

components, it is important to identify the two compositions and learn neural networks 

to predict real mutability [6]. Therefore, in this paper, we present the idea of segmenting 

Aromatic compounds and inputting them into neural networks to explicitly learn the 

features of these components.  

Among the various graph partitioning algorithms, the features required to segment the 

Aromatic compound are as follows. First, the number of nodes in the subgraphs output 

should not be balanced against each other when graph segmentation. These two com-

ponents have different numbers of nodes, depending on the properties of the functional 

group and carbon ring. To accurately separate the functional group and carbon rings in 
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a compound, segmentation algorithms based on the number of nodes in the graph must 

be avoided. Secondly, when an algorithm is implemented due to the feature of the re-

actor's attachment to the carbon ring, there may be an error that the reactor contains 

carbon molecules and splits them. To avoid this, we need an algorithm that can leverage 

edge labels among the characteristics of the graph to break non-zero edges with non-

aromatic labels. 

Based on the above two properties, we use a variant algorithm based on the Girvan-

Newman algorithm [18]. The Girvan Newman method measures the shortest distance 

movement from one node to another for all nodes and splits them relative to the most 

loaded edge. Due to this property, the two divided graphs may not have the same num-

ber of nodes as each other. However, if the Girvan Newman method is used as it is, 

sometimes carbon molecules are split together in the functional group, or the functional 

group is not split. To address this issue, we use Edge Labels provided in the data. The 

Girvan Newman method proceeds using the label of the edge to calculate the final flow 

of the edge, where the final flow is multiplied by zero and, if not, by one, to avoid 

breaking the carbon ring. 

The use of this algorithm is related to the feature of the data, because of the property 

of the connection between the carbon ring and the functional group in the MUTAG 

dataset, which consists of almost one connection with the functional group attached to 

the carbon ring. Due to the feature of Girvan Newman, the most loaded part of the 

node's flow is the reference point for segmentation, and the part that connects the func-

tional group and the carbon ring is the most loaded, allowing a stable separation of the 

carbon ring from the carbon ring. These two separate graphs and the original graph are 

combined into one group, which is then put into the learning model as input. 

3.2 Graph Embedding 

In the graph embedding part, we introduce how to embed the original graph and the 

partitioned graph. We use G-Inception methods that achieve SOTA on MUTAG da-

taset, which mimic Inception structures that perform well in conventional image pro-

cessing, which also perform well in graph prediction problems.  

Considering different reactive fields of graph signals can be used by concatenating the 

Skip method and the results of multiple layers. We expect to learn various intermolec-

ular associations by preserving the embedding information of the original graph and 

subgraph and learning by diversifying the graph information [19]. One of the problems 

with GCN was that it also prevented performance degradation when using many layers 

because it carried information on the original graph through the Skip method. 

When a graph enters as an input value, it passes through the graph convolutional net-

work, resulting in the following formula.  

 𝐻(𝑘) = 𝜎(�̃�−
1

2�̃��̃�−
1

2𝐻𝑘−1 𝑊𝑘) (1) 

 𝐻𝑘−1 is the output of the previous graph convolution layer, and 𝑊𝑘 is the weight ma-

trix of that layer   �̃�𝑖𝑖  =  ∑ �̃�_𝑖𝑗𝑗  and 𝜎(∙) denotes an activation function, such as the 

𝑅𝑒𝐿𝑈(∙) =  𝑚𝑎𝑥(0,·).  𝐻(0)  =  𝑋 . If Input represented as  𝑋  ,the Inception graph 

block 𝐹𝐼 can be given as 

 𝐹𝐼(𝑋) = 𝑔1(𝑋) ∥ 𝑔22(𝑔21(𝑋)) ∥ 𝑔32(𝑔31(𝑋)) ∥ 𝑔42(𝑔41(𝑋)) (2) 
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 𝑔(𝑍) is the resulting value from GCN inputting 𝑍 . ∥ means concatenating. Therefore, 

the result 𝑂 is 

 𝑂 = 𝐹𝐼2(𝐹𝐼1(𝑋)) (3) 

Since 𝑂 is an updated 𝑋 from Inception, we combine the embeddings of each node 

using the Readout method to replace it with the embedding of the graph. The used 

Readout method is shown in Table 1. Graph embeddings from the Readout process are 

used to predict the mutability of graphs using MLP.  

3.3 Mutagenic Prediction 

When combining the original and two divided graphs, they are combined using the 

Disjoint method. A graph with an adjacency matrix 𝑁 × 𝑁 and a node label of 𝑁 × 𝐹 

exists diagonally with each source graph diagonally in the adjacency matrix space of 

2𝑁 × 2𝑁, and when the node label is concatenated down, it is not linked and can take 

the form of a model shared by one GCN layer.  

When molecular graphs are segmented and transformed into embeddings through 

models based on neighboring matrices and node labels reconstructed through the Dis-

joint method, we use MLP to predict the mutation of the graph by 1 and -1. 1 is a 

mutagenic molecule and -1 is a sign that it is not mutagenic. With these prediction 

results and real-world results, the model iterates the learning. In other words, when the 

graph enters the input, the graph is first segmented through a modified Girvan Newman 

algorithm using weight, transforming the segmented graph into a learnable form using 

Disjoint Model, and then embeddings the agonists and carbon rings of the segmented 

graph using G-Inception Model. Subsequently, we use MLP to predict whether muta-

genicity exists or does not. 

4 Experimental Results  

4.1 Dataset 

The dataset used in the experiment is the MUTAG dataset, where node labels and edge 

labels exist. When the graph is expressed as 𝐺, 𝐺 = (𝑋, 𝑋𝐿 , 𝐸, 𝐸𝐿). The node label 𝑋𝐿 is 

{0: C, 1: N, 2: O, 3: F, 4: I, 5: Cl, 6: Br} and refers to a molecule. The edge label 𝐸𝐿 

denotes {0: aromatic, 1: single, 2: double, 3: triple} denotes the type of molecule-to-

molecular bond, and the meaning Aromatic denotes the bond method of benzene rings 

between carbon and carbon. On average, a dataset has 17.93 nodes per graph and 19.79 

edges. Classification 𝑌 prediction task, with values of {1: mutagenic, -1: non-muta-

genic}. “Label : -1” consists of 64% carbon, 13% nitrogen, 19% oxygen, 2.1% chlorine, 

and “Label : 1” consists of 73% carbon, 9% nitrogen, and 16% oxygen. We experi-

mented with a total of 188 graphs on the dataset, 150 for learning and 38 for validation. 

In the experiments, we used Learning Rate 0.01, Epoch 200, and Loss function using 

Categorical Cross-entropy, and Sum Pooling for Read-out, which replaces node em-

beddings with graph embeddings. We set each graph embedding layer to three.1 

 
1  All models except G-ResNet, G-Inception, and G-DenseNet experiment in three layers. 
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Fig. 3. It shows the results of the application to the GCN model using the Girvan Newman algo-

rithm. Base is the result of using only the existing GCN, and Without Edge Weight uses the 

Girvan Newman algorithm instead of Weight to split the graph and apply it to the GCN, and With 

Edge Weight uses the Girvan Newman algorithm and experiments with the GCN. 

Table 1. Comparison of Graph Prediction Performance with Different Graph Neural Network 

Model  

Method GCN [16] GIN [11] GAT [15] 
GraphSAGE 

[20] 
DGCNN [21] 

Accuracy 85.20 ± 3.13 86.40 ± 2.14 87.16 ± 4.11 80.02 ± 8.9 83.10 ± 2.26 

Method U2GNN [22] G-Resnet [7] 
G-Inception 

[7] 
G-DensNet [7] Ours 

Accuracy 89.97 ± 3.41 89.17 ± 8.49 91.15 ± 6.48 91.10 ± 4.13 92.16 ± 4.15 

4.2 Mutagenic Property Prediction 

Experiments confirm that it performs better than G-Inception. Each number represents 

the accuracy for the MUTAG dataset and is the result of running 10 cross validation. 

Experiments show performance improvement of about 1% over variant G-Inception. It 

is confirmed that the model using graph segmentation performed well for predicting 

graph mutagenicity. We have experimented several times and have shown that the de-

gree of improvement is significant at 95% significance level through t-test. Table 2 

represents the experimental results of G-inception and our model, with chi-square val-

idation results of 4.6027, an improvement of about 5% or less probability was observed. 

Table 2. Comparison of Graph Prediction Performance with Different Graph Neural Network 

Model  

G-Inception 
[7] 

 Actual Support Recall 

Predict 
54 7 61 0.8852 

9 118 127 0.9661 

Support 63 125   

Precision 0.8571 0.9440   

Ours 

 Actual Support Recall 

Predict 
59 10 69 0.8551 

4 115 119 0.9664 

Support 63 125   

Precision 0.9365 0.900   
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Fig. 4. (up) Segmentation results of running the Girvan Newman algorithm without edge weights 

(down) Segmentation results of running the Girvan Newman algorithm separately from the aro-

matic edge (color represents results segmented by subgraph)  

4.3 Subgraph Partitioning Analysis 

Figure 3 shows the results of performance experiments based on the weight of the Gir-

van Newman algorithm. Experiments have shown that the experimental performance 

has decreased when the graph was split without Weight, and performance improve-

ments have been confirmed when the algorithm was applied using Weight. 

Subgraph segmentation results were confirmed when Girvan-Newman algorithm was 

applied to the dataset. Fig 4 shows the segmentation results for the dataset. When run-

ning the Girvan Newman algorithm, we find that the segmentation results of the func-

tional groups and carbon rings vary depending on the edge weights[23].  

This shows that the edges connecting the Aromatic are prevented from being cut, and 

that the actual carbon ring and the functional group are well separated.  

5 Conclusion 

In this paper, we use structural information from previously unused for predicting mu-

tagenicity of molecules on MUTAG dataset to divide molecules into functional groups 

and carbon rings and combine them to allow deep learning to learn. Experiments have 

shown that we outperform existing ones, and that we outperform models that only use 

the original graph itself on dataset. In addition, industries that used to take a long time 

to predict mutations through graph segmentation are expected to reduce the time it takes 

to launch new products. 

In the future, we will reinforce the model using expert knowledge using symbolic 

features by adding features of the functional group of each graph. We are planning to 

develop a flexible model with expert knowledge by applying segmentation through ex-

pert knowledge in the segmentation process and predicting the mutation of molecules 
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by selecting a bonding method suitable for the bonding segmentation method. We also 

plan to apply various graph segmentation algorithms to find the best segmentation 

method. 
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