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Abstract

With the development of data science, more
and more machine learning technologies have
been designed to solve complicated and chal-
lenging real-world tasks containing a large vol-
ume of data. And many significant real-world
datasets contain data in the form of networks or
graphs. Graph Neural Networks is one of the
powerful machine learning tools, which could
provide a perfect solution to processing a large
amount of non-Euclidean data. And because
most bio information data in bioinformatics
is in the non-Euclidean domain, Graph Neu-
ral Networks could then directly be applied
to solve problems in bioinformatics. Much
research has been done in the field of GNN,
and there are also some surveys (Zhang et al.,
2021a) related to GNN and its applications.
However, there has been little research focus-
ing on GNN in bioinformatics, and we think in
the future we could better utilize GNN in the
field of biology, so we would like to write a
literature review to help take a comprehensive
look at GNN and their applications in the field
of bioinformatics. In this paper, we would first
introduce SOTA models in Graph Neural Net-
works, and second, introduce their applications
in bio information. And then we would provide
future directions of Graph Neural Networks in
bioinformatics.
Keywords : Graph Neural Networks, Non-
Euclidean Data, Bioinformation

1 Introduction

In this digital era, a huge amount of data emerges
every day, and there has been a significant propor-
tion of the data comes from non-Euclidean space.
Examples are the World Wide Web, knowledge
graphs, social networks, and protein-interaction
networks, etc. To analyze these data, we need to
use GNN as a powerful tool.

GNN is a very important helper for processing
graph-based data. It has evolved for several years
and has lots of SOTA models. For instance, there

have been RecGNN, GCN, GAT, etc. And these
models could be applied in lots of cases, from so-
cial network analysis to chemistry analysis. And
with the significant amounts of bio information data
such as omics, genes, images, and signal data ac-
cumulated, machine learning has become a strong
tool to tackle tasks in bioinformatics. Many Ma-
chine learning tools have been applied in the bioin-
formatic area, such as convolutional neural net-
works, deep neural networks, recurrent neural net-
works, etc.

Nowadays, many technology companies have
developed a platform for analyzing bio informa-
tion. For instance, IBM has developed an artifi-
cial intelligence system named Watson to analyze
Oncology(Ferrucci et al., 2010). And Google has
developed the DeepMind AI system, which could
predict the 3D structure of the protein (Silver et al.,
2016). In this literature review, we would like to
focus on analyzing how GNN acts in bioinformat-
ics and how to use GNN to process bio information
data.

With the innovation in data science emerging ev-
ery day, there are generating more and more tech-
niques in GNN. However, there is few research
about providing a comprehensive understanding of
GNN and their application in bio information. So,
we would like to write the literature review to con-
clude these breakthroughs in GNN and then give
people more insights into its applications. In this
literature review, we provide a detailed introduc-
tion to SOTA GNN, their current applications in
bioinformatics, and their future direction of them.

2 Graph Neural Networks

We know that deep learning has become one of
the most powerful tools in solving a wide range of
machine learning tasks, ranging from image classi-
fication and object detection to speech recognition
and natural language processing. The data in the
above tasks can be represented in a Euclidean space.
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However, there exists a large number of data gen-
erated from non-Euclidean domains such as graph
data (Wu et al., 2020b). A graph does not exist
in Euclidian space and cannot be mapped to a 2-
D or 3-D Euclidian space. And a graph usually
does not keep a fixed form. So, graph data is dif-
ficult to be analyzed by traditional graph analysis
methods and algorithms. Some clustering methods
such as the K-means method and Highly Connected
Components method, searching algorithms such
as Breadth First Search and Depth First Search,
spanning-tree algorithms such as Prim’s algorithm
and shortest path algorithms such as Nearest Neigh-
bor algorithm and Dijkstra’s algorithm could not
perform graph level machine learning task such as
classification. Then a neural network that could
be directly applied to graph-level tasks was pro-
posed by Gori(Gori et al., 2005) and then further
elaborated by Scarselli (Scarselli et al., 2008).

2.1 Simple Introduction to GNN
First, we would provide some basic concepts and
definitions of Graph Neural Networks (GNN). The
basic concepts in GNN come from Graph theory,
where we need to consider vertices and edges in the
graph. And the graph is a mathematical structure
to help analyze the pair-wise relationship between
objects and entities. And we usually define a graph
as G (V, E), where V is the set of vertices and
E is the set of edges. The idea of a graph could
better help us to deal with some abstract concepts
like interactions and relationships, and then assist
us by simplifying the problems into much simpler
representations. So, we need to introduce a new
method to process these graphs.

The basic working structure of GNN is shown in
Figure 1, which comes from THOMAS KIPF. The
input data is in the form of graphs, and then use the
activation function to process the graphs, finally,
we could get the output which is usually a gen-
erated graph modeling the relationships between
different objects.

2.2 Applications of GNN
Before discussing GNN in bioinformatics, we
would like to provide several applications of GNN
in other cases. GNN could roughly solve three
problems: node classification, link prediction, and
graph classification. And in the node classifica-
tion case, the task is usually trained in a semi-
supervised way. A typical application is like Face-
book friends’ relationships analysis, citation net-

Figure 1: Basic structure of GNN (?).

works analysis, etc. In the task of link prediction,
GNN is usually applied in building a recommen-
dation system, where we need to constantly tune
the system and track the users’ preferences. And in
the graph classification case, GNN could be used
in many different areas such as the classification of
molecular structure in the field of chemistry, and
the classification of gene structure in the field of
biology.

Then we would like to show some more con-
crete applications of GNN. For instance, (Wu et al.,
2021a) and (Wei et al., 2020) found the GNNs such
as RecGNN could be utilized in Natural Language
Processing (Wu et al., 2021b). And the GNN could
also be in the field of Computer Vision. For in-
stance, (Shi and Rajkumar, 2020) and (Luo et al.,
2020) found that GNN can be used in object detec-
tion. (Coupeau et al., 2022) proposed that GNN
can also do semantic segmentation tasks. And the
most interesting application for us is that GNN
could perform well in the zero-shot learning (ZSL).
(Gao and Xu, 2020) (Wang et al., 2021) (Chen
et al., 2022) And in zero-shot task, GNN can help
model relationships such as relationships between
text descriptions well. And there are still other do-
mains that GNN could be applied to such as traffic
control (Hu et al., 2020), logic reasoning (Zhang
et al., 2020) (Zhang et al., 2019), adversarial attack
prevention (Chen et al., 2020a), social influence
prediction (Song et al., 2021), etc. We could eas-
ily see that the development of GNN has a great
influence in many real-world fields.

3 Methodologies in Graph Neural
Networks

In this section, we would like to introduce several
SOTA models and their models in graph neural
networks.
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3.1 Deep Learning in Bioinformation Data

Before introducing benchmarks in Graph Neural
Networks, we would like to first introduce deep
learning methods in bioinformatics. Deep learn-
ing has been widely used to solve many realistic
tasks. And with the development of bioinformat-
ics, deep learning becomes the tool to develop new
treatments, identify disease susceptibility genes,
discover drugs, do forensic analysis, improve crops,
and manage biodiversity (Agbachi, 2017).

Many deep learning methods could be applied
to bioinformation data (Min et al., 2017). For in-
stance, we could use deep neural networks to pro-
cess Omics, Biomedical signals, and images. Then
we could solve tasks such as predicting protein
structure, regulating gene expression, segmenta-
tion, anomaly detection, and brain coding ((Min
et al., 2017)). Figure 2 shows the working flow.
We could also use convolutional neural networks

Figure 2: Application of deep learning methods in bioin-
formatics (Min et al., 2017)

to process X-rays for finger joint detection (Lee
et al., 2015). And recurrent neural networks could
be used to process biomedical signals such as EEG
signals to perform lapse detection (Davidson et al.,
2007).

3.2 Benchmarks in GNN

There have been several benchmarks and tech-
niques in GNN during recent years. Compared
to traditional methods, these benchmarks could be
stronger tools in bioinformatics. In this section, we
would like to introduce some SOTA models such
as GCN, RecGNN, Graph Attention Networks, etc.

3.2.1 Recurrent Graph Neural Network
(RecGNN)

To better analyze the link problem the Recurrent
Graph Neural Network was proposed Recurrent
Graph Neural Networks could be the pioneer ver-
sion of Graph Neural Networks, which is mainly
based on an assumption of the Banach Fixed-Point
Theorem. And RecGNN defines a parameterized

function fw as follows:

xn = fw(ln, lco[n], xne[n], lne[n])

And ln, lco[n], xne[n], lne[n] respectively represent
the feature of the current node [n], the edges of the
node [n], the state of the neighboring nodes, and
the features of the neighboring nodes. Finally, after
several iterations, we could produce an output to
make a decision for each node by using the state of
the final node. And the final output function can be
defined as:

On = gw(xn, ln)

Figure 3 shows the basic structure of RecGNN.
RecGNN could have many applications in different

Figure 3: Structure of the Recurrent GNN (Huang et al.,
2021). Features can be extracted from the left model
and then fed to RNN cells, then we could model the
temporal propagation.

cases. Andrei (Nicolicioiu et al., 2019) proposed
a Recurrent Space-time Graph Neural Network to
better process data in both space and time, and then
help to capture interactions. And in the field of
bioinformatics, (Elbasani et al., 2021) proposed
a RecGNN named GCRNN to help predict the
compound-protein interaction.

3.2.2 Graph Convolutional Networks (GCN)
Graph Convolutional Networks is purposed to ex-
tract the spatial features of the topology. And the
two main methods to complete the purpose: the
first method lies in the spatial domain (also called
vertex domain), which needs to figure out all neigh-
bors of each vertex; the second method lies in the
domain of edges. And different from input and
output in normal neural networks, our GCN could
process a graph directly, which means the input to
neural networks in GCN will be a graph. And GCN
could infer values and make predictions for every
node in the graph by utilizing the neighbor nodes in
the calculation. Figure 4 shows simple comparison
of the two networks’ structures. Figure 5 shows
one of the practical working structures of GCN un-
der the background of forecasting retweet (Vijayan
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Figure 4: Simple comparison of NN and GCN.

and Mohler, 2018), where we could conclude that
the basic working structure of GCN is like CNN,
and we just need to set the whole graph as the input
signal. Application GCN is a common strategy for

Figure 5: Structure of GCN. The input is usually graphs
and then it passes one convolutional layer and activation
function.

many tasks such as the prediction of biomedical
interactions (Kishan et al., 2021) (Nguyen et al.,
2021) and associations (Wang et al., 2020).

And there are two kinds of GCN: spectral-based
GCN and spatial-based GCN. And the spectral one
is derived from the angle of graph signal processing.
The spectral-based GCN could exploit the princi-
ple of Laplacian and Fourier transform to map the
irregular structure of a graph to a regular Euclidean
space for convolution operation. The spatial-based
GCN could directly utilize the information dissem-
ination mechanism on the graph to complete the
convolution operation, and its propagation method
is similar to the original GNN (Zhang et al., 2021a).

3.2.3 Graph Spectral Convolutional Network
Graph Convolutional Networks is recognized as
spectral graph convolution. And it is a localized
first-order approximation of spectral graph convo-
lutions with the propagation rule below, where A is
the adjacency matrix, D is the degree matrix, W is
the weight matrix, sigma is the activation function
and H is the output vector. We have the following
propagation rule:

H(l+1) = σ(D̃− 1
2 ÃD̃− 1

2H(l)W (l))

where
Ã = A+ In

D̃ii = Σj + Ãij

The first version of Graph was proposed by
(Bruna et al., 2013), which contains multiple con-
volutional layers. (Defferrard et al., 2016) solved
the high computational complexity of the model
by proposing the ChebNets model, which uses a K-
degree polynomial filter in the convolutional layer.
And (Kipf and Welling, 2016) simplified the above
ChebNets by truncating the Chebyshev polynomial
to one time.

And the model could be widely used in bioinfor-
matics. Federico (Baldassarre et al., 2021)use it to
assess protein model quality. And [38] found many
of its applications in biological data.

3.2.4 Graph Spatial Convolutional Network
The intuition of Spatial Convolution Networks is
similar to Convolutional Neural Networks. In short,
the idea of convolution on an image is to sum the
neighboring pixels around a center pixel, specified
by a filter with parameterized size and learnable
weight. Spatial Convolutional Network adopts the
same idea by aggregating the features of neighbor-
ing nodes into the center node. Figure 6 shows the
draft about convolution on a regular graph and arbi-
trary graph. While spectral-based GNN is based on

Figure 6: Left subgraph: The convolution on the regular
graph. Right subgraph: The convolution on the arbitrary
graph. Figure from (Wu et al., 2020b)

the convolution theorem, the spatial model starts
from the node domain and aggregates each central
node. (Atwood and Towsley, 2016) proposed that
the convolution is a diffusion process (DCNN) be-
tween nodes and the structure of layer m is defined
as follows:

Hm+1 = f(WpkHm)

Where pk is the k-hop reachability probability be-
tween nodes in a random walk, W is a parameter
reached by learning from the model. However,
DCNN couldn’t be applied to large-scale graphs
well because the complexity of computation is too
high. (Hamilton et al., 2017) proposed GraphSage
in 2017 to adapt the model to large graph networks
by doing random sampling on neighboring nodes.
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And the Graph Spatial Convolutional Network
could be used to do metric learning on some bioin-
formation datasets such as the brain networks
dataset (Ktena et al., 2017a) and drug dataset [33].

3.2.5 Graph Attention Network
The Graph Attentions Network (GAT) was pur-
posed by (Velickovic et al., 2017), which is a non-
spectral graph network utilizing node’s spatial in-
formation for graph learning. The basic element
of GAT is the Graph Attention layer. And the prin-
ciple and process of GAT contain about five steps:
linear transformation, attention coefficients compu-
tation, attention coefficients normalization, output
feature computation, and multiple attention mech-
anisms computations. So, GAT could be regarded
as an advanced GCN. And the key steps are shown
in the following Figure 7.

Figure 7: left subfigure shows the model employs and
parametrizes the mechanism a(whi,whj) with a weight
vector a. and the right subfigure shows the multi-head
attention by node 1 on its neighborhood(Nicolicioiu
et al., 2019).

Graph Attention Network has a large number
of practical applications. For instance, one of it
is applications in bioinformatics is utilizing graph
attention mechanisms to a gene contact network to
distinguish the significance among various neigh-
boring genes of each gene and then predict co-
expression in supervised predation to distill biolog-
ical insights by learning the representation of gene
(Zhang et al., 2022).

3.2.6 Graph Auto-encoder
The autoencoder (AE) is a popular tool in the field
of unsupervised learning. And Graph Auto-encoder
is derived from a sparse autoencoder (SAE) pro-
posed by (Tian et al., 2014), where L2 reconstruc-
tion loss was used. And based on SAE, (Wang
et al., 2016) proposed a structured deep network
embedding (SDNE), which improved the L2 re-
construction used in SAE. And then [5] and [46]
showed a GAE for network embedding, where the
encoder uses graph convolutional layers to get a

network for each node. And the decoder could
compute the pair-wise distance with the network
embeddings. And the network is trained by mini-
mizing the difference between the real adjacency
matrix and the reconstructed adjacency matrix. The
basic structure of Graph Auto-encoder (GAE) is
shown in Figure 8. And the GAE has lots of ap-

Figure 8: Basic structure of GAE (Source:(Wu et al.,
2020b)). A and X are inputted into the encoder, and then
with the application of a non-linear activation function,
the decoder could reconstruct the adjacency matrix of
the graph.

plications in bioinformatics. (Wu et al., 2021c),
(Li et al., 2021), (Ding et al., 2021) respectively
show that GAE could be used to predict the asso-
ciations in IncRNA-disease and miRNA-disease.
GAE could also predict the unobserved node fea-
tures on biological networks (Hasibi and Michoel,
2021). And it could denoise the protein-protein
interaction network (Yao et al., 2020).

3.2.7 Graph Reinforcement Learning
Reinforcement Learning is a machine learning
training method that depends on the reward strat-
egy and has been utilized in more and more cases
to help us better perceive and interpret the envi-
ronment. Nowadays, the ideas in Reinforcement
Learning gradually creep into the field of graph
learning.

The graph convolution would adapt to the
changes and dynamics of the underlying graph of
the multi-agent environment. And the relation ker-
nels could capture the interplay between an agent
with the multi-agent environment. (Jiang et al.,
2018) In this task, we usually would provide many
multi-agent environments. And because the con-
volution could increase the receptive field of an
agent, so considering only neighboring agents are
effective and efficient. Figure 9 shows the learn-
ing curve comparison in routing. And there has
been a large number of applications of Graph Re-
inforcement Learning. for instance, it could be
used for traffic signal control (Peng et al., 2021)
(Nishi et al., 2018), and financial portfolio man-
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Figure 9: Learning curve comparison in routing. (Jiang
et al., 2018)

agement(Soleymani and Paquet, 2021). And in the
field of bioinformatics, it can perform medicine
prediction (Wang et al., 2019a).

3.2.8 Graph Adversarial Methods
In recent years, deep learning on graphs has
achieved great success in different graph analysis
tasks such as node classification, link prediction,
and graph clustering (Chen et al., 2020b). However,
these models face the problem that the uncertainty
and unreliability are against well-designed inputs.
So, we need to develop some graph adversarial
methods to solve the defeat. There has been a
surge of research on studying the vulnerability and
security of graph models. (Zügner et al., 2018)
proposed the first study about adversarial learning,
where node features and graph structure have lit-
tle perturbation and the target classifiers are easily
fooled nodes. (Wang et al., 2019b) later propose
an improved GCN to better its robustness. There
are mainly three types of attacks: white-box attack,
gray-box attack, and black-box attack. Figure 10
shows an example of an evasion attack and poison-
ing attack. Graph Adversarial Methods also have
many applications. It could be utilized to improve
social recommendation (Yu et al., 2020). And in
the field of bioinformatics, for instance, (Isallari
and Rekik, 2021) found that it could be a powerful
tool in functional brain connectivity tasks.

4 GNN in Bioinformation Data

4.1 Introduction to Bioinformatics
The main task of bioinformatics focuses on the
collection, classification, storage, and analysis of
bioinformation data by using computer science.
And the bioinformation data is a treasure in an-
alyzing real-world tasks in bioinformatics. There

Figure 10: Example of the evasion attack and the poi-
soning attack where input is the graphs (Chen et al.,
2020b).

have many different types of data in the field of
bioinformatics: DNA sequences of genes, three-
dimensional structures of proteins, amino acid se-
quences of proteins, genetics of diseases, protein-
nucleic acid complexes, etc. And there exist many
databases such as Genbank, PDB, Pfam, Motif, etc.
(Benson et al., 2012) And in this section, we would
like to introduce how could CNN be applied to
solve these questions.

4.2 Applications of GNN in bioinformatics
In this part, we would like to introduce several
applications of GNN in bioinformation. In this
part, we would like to mainly focus on three typi-
cal applications: GNN in drug discovery, GNN in
medical images, and GNN in disease association
prediction and classification.

4.2.1 GNN in Drug Discovery
Drug discovery is a significant task in bioinformat-
ics. Drug development task contains drug target
and candidate drug determination, lead compound
discovery (Vohora and Singh, 2018). However,
many of nowadays machine learning methods can’t
directly process structural information well. So,
many methods in GNN were developed to solve
this limitation.

For the specific task of prediction of molecular
properties, (Duvenaud et al., 2015) proposed the
initial application of molecular properties learning.
and (Liu et al., 2019) combined GCN with MT-
DNNs to further improve prediction accuracy.

For the specific task about prediction of protein
structure, (Zamora-Resendiz and Crivelli, 2019)
proposed a methodology for large data sets, which
could make the application more transferable by
using natural spatial representation substituting for
previous 2D or 3D models. And (Ingraham et al.,
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2019) proposed a protein design framework based
on one graph attention method to construct a con-
ditional generation model. And there have been
two types of methods to predict protein function.
One is based on protein structure (Ioannidis et al.,
2019), and the other is based on PPI. (Gligorijević
et al., 2021) modeled the structure of the protein to
the graph.

For the specific task of drug response prediction,
the combination of genomics data and drug infor-
mation promoted the development of personalized
medicine. (Huang et al., 2020) proposed a GCN to
predict the association between miRNA expression
profile and drug structure fingerprint information.

4.2.2 GNN in Medical Images
Medical images are a significant data source in the
field of bioinformatics, especially for disease di-
agnosis and treatment. And the main task in it is
similar to that of a normal computer vision task.
To be more specific, GNN could be used to visual-
ize histological images (Levy et al., 2020), analyze
surgical images (Zhang et al., 2018), predict dis-
ease ((Parisot et al., 2017) (Anirudh and Thiagara-
jan, 2019) (Zhang and Bellec, 2020) (Zhang et al.,
2021b)), perform image segmentation ((Gopinath
et al., 2019),(Wang et al., 2019c)), do research on
brain connectivity (Ktena et al., 2017b), etc.

For the specific task of image segmentation, we
know that there have existed many CNN-based
image segmentation technology. To segment 3D
images and predict points’ movement, (Ma et al.,
2018) proposed a gated graph neural network for
segmentation. And (Avelar et al., 2020) utilized the
Graph Attention Networks to perform superpixel
image classification. (Yun et al., 2021) proposed
a GNN-based method for online handwritten dia-
gram recognition.

Figure 11: Similarity metric learning of GNN in brain
graphs (Zhang et al., 2021a).

For the specific task of brain connectivity re-
search, we know that regular images are the default
data in most machine learning models. And (Ktena

et al., 2018) introduced the initial research on brain
connection research by proposing depth graph net-
works. Figure 11 shows the process for analysis of
functional magnetic resonance imaging (fMRI) in
the above study.

4.2.3 GNN in Disease Association Prediction
and Classification

Discovering disease association is a very impor-
tant task in the field of bioinformatics. And many
methodologies in machine learning and matrix de-
composition have been utilized to complete the
task. For instance, Luo, J proposed to use trans-
duction learning to predict the disease-associate
miRNAs in 2016. However, these methods have
some limitations because they usually ignore the
representation of topological relationships between
entities.

For the specific task of disease-gene association,
GNN could infer the interaction between cells(Rao
et al., 2021), predict disease state (Ravindra et al.,
2020), predict cancer (Iglehart and Silver, 2009),
and analyze the mechanism of cancer (Schulte-
Sasse et al., 2019).

For the specific task RNA-Disease association,
we know that the task is important because if we
could identify these associations, then we could
explore the pathogenesis of complicated diseases.
(Pan and Shen, 2019) proposed a semi-supervised
model named DimiG, which could predict the as-
sociation between miRNAs and diseases. And the
following Figure 12 shows the working flow of
DimiG. (Wu et al., 2020a) used the autoencoder
method to reconstruct node features.

Figure 12: DimiG Working Flow (Pan and Shen, 2019).

5 Future Directions

5.1 Interpretability of GNN in Biominforatics

In the field of machine learning, many theories
couldn’t be interpreted well, so we need to figure
out the basic theoretical explanation behind ma-
chine learning. And in GNN, there are still many

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 September 2022                   doi:10.20944/preprints202209.0226.v1

https://doi.org/10.20944/preprints202209.0226.v1


applications unexplainable to us. However, the enti-
ties and relationships in GNNs are always related to
different types of objects existing in the real world,
so we could better get an interpretable result from
GNNs (Selsam et al., 2018).

5.2 Exploration of Deep Structure

We know that in the field of deep learning, most
networks have many layers. For instance, VGG16
(Qassim et al., 2018) has 16 layers and Resnet (He
et al., 2016) has 152 layers, etc. However, in the
field of GNNs, the number of layers is always small
(Zhou et al., 2020). And we know that if we in-
crease the complexity of the model, we could better
train the model and predict more precisely. So, we
need to focus on increasing the number of layers in
the GNN structure in the next step.

6 Conclusion

In this paper, we introduce a lot of SOTA models
and methodologies in GNN and their applications
in the field of bioinformatics. GNN is a strong
tool to help us solve real-world tasks, especially in
biology, bioinformatics, and biological medicine.
And with the development of new skills nowadays,
more and more strong GNN models emerge ev-
ery day. However, there are still many difficulties
in the application of GNN models. We think in
the future GNN could be more widely in solving
real-world tasks, especially in processing bioinfor-
mation datasets.
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