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Abstract: Protein-protein interaction (PPI) is a kind of biomolecular network 
which plays an important role in biological activities. In order to improve the 
accuracy of protein function module prediction, obtain protein function module 
and run timely, this paper proposes predictive protein module based on PPI 
network and double clustering algorithm (ISCC), which considers the 
characteristics of PPI network and considers nodes as two-dimensional data 
points. First of all, improved density-based spatial clustering of applications 
with noise (IDBSCAN) determines the central cluster, and then uses spectral 
clustering (SC) to redivide the weight; secondly, CFSFDP and Chameleon 
algorithm are used to filter the similarity of the central cluster, and use support 
vector machine (SVM) to get the final clustering result. Finally, the 
experiments are compared with CDUN, EA, MCL and MCODE in terms of 
accuracy, sensitivity, F value and the number of protein functional modules. 
The experimental results show that the F value of ISCCD is 70% higher than 
that of EA, the number of recognition modules is 257 higher than that of 
CDUN, and the running time is 494s faster than that of MCODE. 

Keywords: PPI network; protein function module prediction; clustering; SVM; 
support vector machine; IDBSCAN; improved density-based spatial clustering 
of applications with noise. 

Reference to this paper should be made as follows: Huo, S., Liu, Q. and Lu, T. 
(2024) ‘Predictive protein module based on PPI network and double clustering 
algorithm’, Int. J. Nanotechnol., Vol. 21, Nos. 1/2, pp.112–128. 

Biographical notes: Sicong Huo is currently pursuing a PhD in Information 
Technology at Segi University and working at Nanning University. His primary 
research focus is the prediction of protein functional modules in bioinformatics, 
specifically in the context of protein-protein interaction (PPI) networks, and 
how to accurately predict key protein functional modules through dynamic PPI 
networks. 

Quansheng Liu, PhD, is working at Nanning University. He is highly interested 
in data mining and currently specialises in predicting functional features 
through data mining. 

 

 



   

 

   

   
 

   

   

 

   

    Predictive protein module based on PPI network 113    
 

    
 
 

   

   
 

   

   

 

   

       
 

Tao Lu is currently pursuing a PhD in Educational Technology Innovation at 
KMITL University. He works at Nanning University and is interested in 
computer algorithm optimisation. He is currently focusing on using 
optimisation algorithms to predict protein functional modules. 

 

1 Introduction 

Human life is inseparable from protein, which is also an important part of the organism. 
There are many kinds and different functions of protein and almost all life activities need 
to be completed through protein [1]. It is a dynamic process for protein’s living space and 
time, while in this process, there will be interaction between proteins. This interaction 
forms a protein-protein interaction (PPI) network [2]. In a PPI network, protein functional 
modules are a collection of proteins that interact in different time and space stages to 
complete a specific molecular process [3]. Protein function module prediction is the main 
trend in the field of modern biological computing science. A large number of biological 
computing experiments produce a large number of protein-protein interaction data, which 
is the basis of protein function module prediction. Protein function module helps to 
understand the protein function, tissue structure, physiological ability and function of 
cells, etc. Therefore, it is of great significance to predict protein functional modules [4]. 

At present, various optimisation algorithms have been used to predict protein 
functional modules in the study of protein functional modules. There are many 
framework applications of machine learning to predict protein function modules in 
medical and biological computing fields [5–7]. According to the calculation 
characteristics of the algorithm for predicting protein function modules, the algorithms 
for predicting protein function modules are divided into density-based clustering 
algorithm, hierarchical clustering algorithm [8,9], partition-based clustering algorithm 
[10,11], intelligent population based and PPI network clustering algorithm [12,13]. 
However, hierarchical clustering algorithm is difficult to detect the overlapping protein 
functional modules in PPI network, and the clustering results are greatly affected by 
noise; the algorithm based on partition clustering needs to determine the number of 
clusters manually, which cannot predict the protein functional modules well, and a large 
number of false positives will appear in the clustering results; there is a contradiction 
between intelligent population and PPI network clustering algorithm. The local search 
ability of PPI network is poor, and it is easy to produce data noise; while the density 
based clustering prediction algorithm, which is not limited to the distribution shape of the 
original data, can converge to the global optimal solution. Therefore, the density-based 
algorithm has been successfully applied to the PPI network function module mining, and 
has become a research hot spot in this field. Lashkov et al. [14] proposed the application 
of the DBSCAN algorithm to detect hydrophilic clusters in protein structures, which 
provides an algorithm framework for predicting protein function. Aiming at the problem 
of using DBSCAN algorithm to predict protein functional module clustering, the related  
verification was carried out. Melvin et al. [15] group proposed visualising correlated 
motion with HDBSCAN clustering, although the method it propose here can be used to 
group residues using correlation as a similarity matrix (the most straightforward and  
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intuitive method) it can also be used to more generally determine groups of residues 
which have similar dynamic properties. As they are based not on spatial closeness but 
rather closeness in the column space of a correlation matrix. Iwendi et al. [16] proposed 
that the purpose of the improved KMT with ACO is to design an appropriate route to 
connect the starting point and ending point of the environment with intruders, it can 
effectively balance the convergence speed and communication of the sensor nodes.  
In order to improve the search path, Mittal et al. [17] proposed a LEACH protocol with 
Levenberg-Marquardt neural network (LEACH-LMNN) is considered to analyse the 
overall network lifetime [17]. In order to improve the quality of predicted protein 
function modules, the use of ensemble models for multiple class and binary class 
classification for improving introduction detection systems, which improves the 
classification efficiency [18]. 

Although the mining of functional modules based on density clustering algorithm and 
PPI network has achieved certain results, how to effectively construct uncertain PPI, how 
to overcome the defects of low accuracy, low sensitivity, low efficiency and so on caused 
by the sensitivity of clustering centre and clustering number, are still urgent problems to 
be solved. The main contribution of this paper is to propose predictive protein module 
based on PPI network and double clustering algorithm (ISCC) to improve the quality of 
clustering centres and the number of clusters, to improve the accuracy and sensitivity of 
predicting protein function modules, and to obtain the number of protein function 
modules, so as to improve the experimental running time, S precision (SP), recall 
sensitivity (Sn) and F-measure in the number of experiments. The organisation of this 
paper is as follows: firstly, the PPI Network is constructed from a new structure, and the 
degree of each node in the PPI network is divided again. Secondly, the improved density 
based spatial clustering of applications with noise is used to select the centre cluster. 
Thirdly, the special clustering is used to optimise the centre cluster. Finally, the SVM 
classifier is used to classify and get the clustering results. The experimental results show 
that the proposed predictive protein module based on PPI network and double clustering 
algorithm (ISCCD) can improve the F value by 70% compared with EA, the number of 
recognition modules are 257 higher than CDUN and the running time is 494 s faster than 
MCODE. 

2 Problem and definition 

Definition 1: PPI network is usually expressed as an undirected graph G(V, E) [19], 
where V = {v1, v2, v3, …, vn}, expressed as a set of nodes, E = {e1, e2, e3, …, em} is 
expressed as the set of connected edges of each node. Node vi (1, 2, 3, …, m) is 
represented as a PPI network node, and em is represented as the interaction between PPI 
network nodes and nodes. In this paper, the network structure, the location of each node, 
and the core node in PPI are regarded as important factors for predicting protein function 
modules. The matrix Vn×m is represented as a graph G, where each node vij (i = 1, 2, 3, 4… 
…N, j = 1, 2, 3, …, m) is defined as follows: 
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Definition 2 The matrix Yn×z represents the annotation information label of the protein 
database that has been successfully identified, where z is the type of known protein 
functional modules, and n is the label to be compared. It is defined as follows: 

 
1,  
0ijY ⎧

= ⎨
⎩

 (2) 

According to the above definition, the problem of predicting protein function module is 
transformed into a multi-label two classification problem, and the mapping function 
H: X→Y is obtained, thereby obtaining the predictive protein function module. 

3 ISCC algorithm 

In order to improve the prediction accuracy of protein energy supply module, the 
prediction algorithm has some disadvantages, such as low accuracy, big influence of data 
noise and small number of protein function modules. This paper proposes predictive 
protein module based on PPI network and double clustering Algorithm: (1) using dip 
database to download PPI network data, using the degree of PPI network nodes to 
reconstruct PPI network, and then using software to divide the new PPI network graph; 
(2) considering the characteristics of PPI network misdirected graph, the nodes are 
regarded as two-dimensional data points, and using the improved density based spatial 
clustering algorithm proposed in this paper for the original PPI network nodes clustering 
of applications with noise, (3) according to the spectral clustering (SC) algorithm 
proposed in this paper, the weight of the determined cluster is divided again to optimise 
the central cluster, reduce the situation of falling into local optimum, and improve the 
accuracy of protein function module prediction; (4) CFSFDP [20] and Chameleon [21] 
algorithms are used to filter the similarity of central clusters and get the final cluster. 
Finally, SVM classifier is used for classification. 

3.1 Structure of the PPI network 

Due to the limitations of experimental conditions and the characteristics of PPI network 
topology, PPI network has the influence of uncertainty in predicting protein functional 
modules, and it is easy to appear false-positive phenomenon in the experimental results. 
[22] if it directly uses the original PPI network data, it will be greatly affected by the 
noise, and it needs to process the PPI network data to improve the accuracy of protein 
function module prediction. Firstly, the PPI network is downloaded from DIP [23] 
database, and then the degree (ECC) of interaction between two nodes in PPI network is 
calculated by formula (3), where Hc is the number of all neighbour nodes of node u and v, 
du and dv are the degree of node u and v. Using the value of degree to measure the 
interaction of each group, a new PPI network diagram is formed, and then the PPI 
network is drawn by the software Cytoscape [24]. According to Figure 1, the PPI network 
downloaded from dip dataset is described. This network only shows the interaction of  
10 proteins and 16 proteins, and each line represents their interaction. Figure 2 is a new 
PPI network structure based on the measurement of each interaction, which is calculated 
by the edge aggregation coefficient. Each interaction is re divided by the degree of the 
edge. The value of each edge represents their compactness. The smaller the number of 
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two nodes is, the greater the interaction between nodes is. The larger the interaction, the 
easier it is to predict the protein function module. 

 
( )

ECC
min 1, 1

c

u v

H
d d

=
− −

 (3) 

Figure 1 PPI network 

 

Figure 2 Newly constructed PPI network 

 

3.2 ISCC algorithm analysis 

According to the new planning PPI network topology, if the traditional density clustering 
algorithm is used to predict the protein function module, it is necessary to manually 
determine the setting of the PPI network clustering centre. The whole clustering process 
needs to be continuously updated. The division of cluster centres. If there is a deviation in 
the initial selection of the clustering centre, false positives may occur, resulting in poor 
clustering results and inconsistent problems with the actual situation, resulting in the 
process of predicting protein function modules easily falling into a local optimal 
situation, and finally making the experimental data. The precision and accuracy rate are 
reduced. To solve this problem, this paper proposes that the improved density clustering 



   

 

   

   
 

   

   

 

   

    Predictive protein module based on PPI network 117    
 

    
 
 

   

   
 

   

   

 

   

       
 

algorithm does not need to manually divide the central node and the maximum number of 
clusters. The algorithm first calculates the relative distance and connection coefficient 
between nodes in the newly formed PPI network. Re-divide the weights to obtain the 
corresponding cluster centres. 

After using the improved density clustering algorithm to obtain the central cluster, if 
the data is directly classified, the noise of the data will be very high and the accuracy is 
not high. In order to solve these problems, this paper uses the improved density clustering 
algorithm to obtain a new central cluster. Then use fuzzy spectrum clustering algorithm 
for clustering analysis, which can improve the number and accuracy of protein function 
module prediction. This algorithm compresses the repeated redundant rules, and after 
initially forming the rule population, it regards the rules in the rule population as two-
dimensional data points again, and replaces the clustering of the original data points with 
the clustering of the rule points. One rule can be Represents a large number of data 
points, which can greatly reduce the amount of calculation required for clustering, and 
there is the possibility of reducing high-dimensional data to low-dimensional later. For 
each regular centre cluster, this method reduces the number of iterations of the algorithm 
to improve the efficiency of the algorithm. At the same time, it can also mine more 
predictive protein function modules and improve the accuracy of the algorithm. The 
following is the ISCC algorithm idea as follows: 

Step 1: Use formula (3) and (4) to calculate the distance between nodes in PPI network 
and the density of newly constructed PPI network, calculate the local density ρi of vi and 
the distance δi between vi and higher density points, dij and dc represent the positions of 
two nodes, and their definitions are as follows: 

 iρ ij c
j

x d d= −∑（ ） (4) 

 
:
min ( )

i j
i ij cj p p

d dδ
>

= −  (5) 

Let G = (v, e, p) be an indeterminate graph, where V represents the nodes in PPI network, 
e represents the edges that interact with each other in PPI network, and p represents the 
mapping weight of the edge connection distance between any two nodes. In PPI network, 
V = { 1, v2, v3, …, vn}, E = (e1, e2, e3, …, en) is represented by nodes, eu and ev represent 
the coefficients of edge degree in clustering. In formula (5), EC (edge coefficient, EC) is 
the coefficient of edges in PPI network, SC is the number of nodes v and u in PPI 
network, and vi and vj have the distance between nodes. SV and Su denote the node 
distances vi and vj of any two points, and there is a sequence between nodes r = (s0, s1, s2, 
…, sn), where ( )0vS V q N∈ ≤ ≤ , ( )0US V q N∈ ≤ ≤ . Actual distance (AD) in formula 
(6) is the actual distance between two nodes, sv and su are the node distances of any two 
points, and vi and vj exist the sequence between nodes r = (s0, s1, s2, …, sn), where 

( )0vS V q N∈ ≤ ≤ , (0vS V q N∈ ≤ ≤ ), then the similarity weight between any two 
nodes vi and vj in PPI network is calculated by formula (7) WS (weight similarity, WS). 

 ( )EC
min ,

c

i j

S
v v
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Step 2: Based on step 1, the weight density function Di of the sample is calculated by 
formula (8), and the weight division at node vi and vj is defined as: 

 
1

2

1
4 ( , )

1
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i
i jj
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=

=
+

∑  (9) 

Among them, dr in formula (9) is the neighbourhood radius, and its value is the average 
distance measure of N objects. Obviously, the closer vi is to other nodes, the smaller dr is, 
and the larger the corresponding weight value is. 

 1 1
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 (10) 

Step 3: get the initial cluster centre Di(k) through formula (10), set it as the k cluster 
centre point ck, where { }1max , 1, 2,3 .k

i ID D i N−= = …  , then get the cluster centre 
function as follows: 

Step 4: a new distance centre J (u, c) is obtained by formula (11), where de (vi, vj are the 
original cluster centres) 

 
2

1 1
( , ) ( , )

N N

ij i j
i j

J u c u DE v v
= =

=∑∑  (11) 

According to formula (12), uij is the membership degree of node xij. According to the 
iterative optimisation objective function of membership degree vi and clustering centre cj, 
the minimum objective function cj is obtained, as shown in formula (13), where vi is the 
node and m > 1 is the weighted index. 
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3.3 ISCC algorithm aggregation 

It can be seen from formula (10) that the closer to the cluster centre point, the smaller the 
corresponding P value. When D iteration stops, K data points with higher global density 
can be obtained as the initial cluster centres of the cluster. In this process, the high-
density samples rather than the edge outliers are at the centre of the category, so that the 
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selected centre points of the category belong to different categories as much as possible, 
and K initial category centre points can be obtained to reduce the influence of noise 
points on the experimental results. After calculating the distance ci of each PPI network 
node ci, ci and ui are artificially selected by the decision graph method. A major problem 
with this method is that the clustering effect obtained when there are many density 
extreme points in the data distribution is not ideal. According to the ISCC algorithm 
objective function, iteratively update the cluster centres and the degree of membership, 
and optimise the ISCC algorithm sensitive to the initial cluster centres. This paper adopts 
the method proposed by clustering by fast search and find of density peaks (CFSFDP) 
[20], and further optimises the points where the cluster centre selection square value is 
higher. The cluster centre can be gradually calculated as shown in formulas (14) and (15). 
FDi represents the expected cluster centre, TDi is the true cluster centre, σ(cj) is the 
standard deviation of the distance calculated by equation (13), and ui is the average 
membership degree of vi. According to the CFSFDP algorithm, the distance between each 
cluster centre is relatively long, so the cluster centre data distance between points should 
satisfy equation (14). At the same time, since the CFSFDP algorithm will produce a noise 
cluster centre cj with a larger distance ui and a smaller density, it is necessary to use 
equation (15) to separate the noise of the expected cluster centre. When the ui and ci of 
the rule vi satisfy the above formulas (14) and (15), the point can be considered as the 
centre of the cluster. 

 ( )( ) 2i iiF u cD σ= ≥  (14) 

 ( )i iiTD FD cµ= ≥  (15) 

Since the number of initial sub-categories generated by satisfying FDi and TDi conditions 
is large, the algorithm in this paper uses the Chameleon algorithm [21] to calculate the 
distance between the initial sub-categories according to formula (16) and (17), which is 
mainly for gathering in PPI networks. The central cluster formed after the class is 
screened. The main criterion for screening is to measure and compare the similarity 
between classes, because the performance between nodes and the data are normalised 
during data input to cluster the similarities. The sub-categories are merged to obtain the 
final clustering result. In the process of fusing the sub-categories, the Chameleon 
algorithm not only considers the relative closeness between the two clusters RIij (the 
relative interconnection between cluster i and cluster j), but also considers two internal 
connection of the cluster RCij (the relative similarity between cluster i and cluster j). 
Among them, AIij (cluster link after PPI clustering) absolute interconnectivity is the sum 
of the weights of edges connecting cluster Gi node i to cluster Gj node. AIi or AIj (absolute 
internal interconnection) is the sum of the weights of the edges belonging to the smallest 
dicing bisector of cluster Gi or cluster GjACij (absolute approximation) is the average of 
the edges connecting the points in cluster Gi to the points in cluster Gj. The weight ACi or 
ACi (absolute internal proximity) is the average weight of the edges belonging to the 
smallest split bisector of cluster Gi or cluster Gj. After the formula (TD), the core cluster 
of the protein function module is finally predicted. 

 ij ij= / [ ) / 2]i jRI AI AI AI+  (16) 



   

 

   

   
 

   

   

 

   

   120 S. Huo et al.    
 

    
 
 

   

   
 

   

   

 

   

       
 

 
| || |

| | | |

ij
ij

ji

i j i i j i

AC
RC GG

G G AC G G AC

=
+

+ +

 (17) 

 
, 1

( * )
N

ij ij ij
i j

TD RC RI
=

= ∑  (18) 

3.4 ISCC algorithm classification 

Protein function prediction can be regarded as a multi-label binary classification problem. 
A protein (sample) may have multiple functions (labels) that have a semantic relationship 
with each other at the same time. Considering the correlation between tags, this paper 
uses SVM as the classifier [8]. Compared with traditional classifiers, the use of SVM is 
more flexible. It can be modelled by setting the number of nodes, activation function and 
loss function of the output layer, and the hidden layer is used to mine the complex 
relationship between tags. In this paper, the known protein functional module 
terminology and the cluster data standardised by ISCC algorithm are used as feature 
vectors as input, and the functional annotation vectors are used as output. The linear 
mapping capability of SVM is used to mine the correlation between functional annotation 
terms and establish multiple features. The mapping relationship between multi-function 
and protein function module prediction. 

The specific content of the ISCC algorithm is as follows: 

Algorithm process 1: 

Input: PPI network cluster G(V, E) dataset, with identified protein functional module 
terms. 

Output: predict protein function module Y 

Algorithm process 2: Use the improved density clustering algorithm to perform cluster 
analysis on the PPI network, and appropriately compress the nodes 

2.1) Use the improved density clustering algorithm proposed in this paper to 
calculate the local density and edge coefficients of each PPI network cluster 

2.2) Determine the centre of the cluster 

2.3) Divide each cluster into the central cluster with the shortest cluster and the 
highest local density. 

Algorithm process 3: re partition the weight of the centre cluster with the highest density 

3.1) the spectral clustering algorithm is proposed to calculate the local density and 
edge coefficient of each PPI network cluster 

3.2) determine the centre of the cluster. 

Algorithm process 4: Properly aggregate the planned ethnic groups. 

4.1) The clusters generated in step 3.2 are calculated using formulas (14)–(18) TD 

4.2) Plan the TD result with the highest value and merge each cluster 
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4.3) Repeat steps 4.1 and 4.2 until the termination condition is reached. 

4.4) The core cluster of predicted protein function 

Algorithm process 5: Perform SVM classification 

5.1) Classify the core clusters of predicted protein function modules obtained by 
algorithm process 4 and known protein terms 

5.2) Predict protein function module to get function Y 

4 Experimental results and analysis 

4.1 Experimental data and evaluation indicators 

The environment of this experiment is Windows 10 operating system, I7 data processor, 
and the programming tool is pychram. In order to verify the effectiveness of ISCC 
algorithm proposed in this paper, yeast PPI interaction network data in database of 
interacting protein (DIP) [24] was selected as experimental data. The database contains 
5002 proteins and 21,559 pairs of interaction data (DIP) It is convenient to use keywords 
such as gene name. The results of the query list two items: node and link. The node 
describes the characteristics of the protein, including the domain and fingerprint of the 
protein. The PPI network of Saccharomyces is relatively stable. Go functional protein 
annotation provides gene ontology (GO) [9] which can make the functional description of 
gene products in dip database consistent. The definition of GO has been used in many 
protein databases, which makes the query in these databases highly consistent. This kind 
of definition language has multiple structures, so it can be used to query in various 
degrees. For example, GO can be used to search for gene products related to signal 
transduction in yeast genome, and also to find various biological receptor tyrosine 
kinases. At the same time, GO database also provides biological process (BP) and 
molecular function (MO), The three independent sub ontologies of BP and MF, cellular 
component (CC), respectively describe the molecular functions that gene products may 
perform, the cellular environment they live in, and the biological processes they 
participate in, so that BP and MF are independent of each other. Then the PPI interaction 
structure network of these two BP and MF is constructed. 

In this paper, Sprecision (SP), recallSensitivity (Sn), and F-measure are used to 
measure the prediction effect of the algorithm [10]. Sp refers to the proportion of 
successfully matched modules among the function modules identified by the algorithm in 
the number of mined modules, such as formula (19). TP refers to the number of predicted 
protein modules matched with known protein function modules, and FP refers to the 
number of predicted protein modules matched with known protein function modules. It 
represents the number of unmatched functional modules in the predicted protein, Sn 
represents the proportion of successfully matched functional modules in the benchmark 
module, as shown in formula (20), and FN represents the number of unmatched 
functional modules in the predicted protein module and the benchmark module. F-
measure is used to evaluate the overall performance of the algorithm. In order to avoid 
the bias caused by sensitivity and specificity, the formula (21) is as follows: 
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 TPSp
TP FP

=
+

 (19) 

 TPSn
TP FN

=
+

 (20) 

 2* *-Measure Sp SnF
Sp Sn

=
+

 (21) 

For the selection of protein function modules, the matching degree between the function 
module A and the known function module B extracted by the algorithm is calculated by 
formula (22) to obtain the prediction function module result. If the matching degree 
between the identified functional module A and the known functional module B exceeds 
a given threshold, the known functional module is said to be identified, and the threshold 
is set to 0.2 [2160–2162] according to the document [22]. If OS(A, B) ≥ 0.2, it is to 
predict that the protein function module is recognised by the known protein function 
module. 

 ( , ) .
A B

OS A B
A B

=
∩

 (22) 

4.2 Analysis of results 

In order to verify the performance of the ISCC algorithm proposed in this paper, the 
ISCC algorithm and CDUN [25], EA [26], MCL [27], MCODE [28] and other four 
algorithms are independently run 20 times, and the average of all experimental results is 
taken. Analyse, get the data of each algorithm for PPI network mining protein function 
module. This paper firstly presents the characteristics of PPI network function modules of 
MF, BP, and CC, and then each algorithm mines the basic information of the function 
modules, then gives the prediction effect of each algorithm, and finally draws a 
conclusion based on the experimental results. 

This paper firstly presents the feature extraction of functional module features and 
attribute principal components of the three PPI networks of MF, BP, and CC, and the 
setting of SVM nodes, and then compares and analyses its prediction effects with CIA 
[29] and GoDIN [30]. As shown in Table 1, the number of protein function modules 
extracted by the ISCC algorithm on the three PPI networks and the reading of NG 
modules are not very affected, which proves that the ISCC algorithm will not be affected 
by the special PPI network and cause the number of acquisition modules to change. 

Table 1 Features of functional modules of MF, BP, CC PPI network 

GO K Modularity 
MF 17 0.825 
BP 18 0.832 
CC 18 0.831 
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PM represents the total number of functional modules mined by the algorithm, and FULL 
refers to the number of fully identified functional modules in a set of known functional 
modules. It can be seen from Table 2 that 312 of the protein function modules mined by 
the ISCC algorithm are matched. Among the 5 algorithms, the number of protein function 
modules is the most mined. Compared with other algorithms, it proves that the protein 
function module mining algorithm has higher performances efficiency. 

Table 2 Basic information of the functional modules of each algorithm mining 

Algorithm PM FULL TP 

CDUN 123 6 53 

MCL 232 10 134 
EA 353 8 137 
MCODE 257 9 68 
ISCC 380 19 260 

As shown in Table 3, PM represents the total number of function modules mined by the 
algorithm, and SC represents the protein function modules with significant significance 
for each algorithm mining. ISCC algorithm mining significant protein function modules 
is 312, of which the proportion is 82.11%, compared with other algorithms CDUN, MCL, 
EA, MCDE 47.15%, 66.81%, 59.77%, 75.09% have improved, which shows that, ISCC 
algorithm has relatively strong biological computing significance, and it also proves that 
ISCC algorithm has higher efficiency for mining protein functional module algorithms. 

Table 3 Significance statistics of the functional modules of each algorithm mining 

Algorithm PM SC Proportion (SC/PM)*100 
CDUN 123 58 47.15% 
MCL 232 155 66.81% 
EA 353 211 59.77% 
MCODE 257 193 75.09% 
ISCC 380 312 82.11% 

In order to further compare the execution efficiency of each algorithm, under the 
optimised parameters of each algorithm, run 20 times independently in the dataset 
downloaded by the DIP database, and take the average value of each algorithm to 
compare the operating efficiency of each algorithm, as shown in Table 3. 

As shown in Table 4, when each algorithm mines the module scale range, the number 
of protein functional modules is greater than 3. The matching rate here refers to the ratio 
of the number of protein functional modules to the number of standard protein functional 
modules. The table shows, ICSS algorithm experiment running time is 670.576 s, the 
running time complexity is the lowest, other algorithms have exceeded the time of 900 s, 
it can be seen that the algorithm proposed in this paper is more efficient. 
 
 
 



   

 

   

   
 

   

   

 

   

   124 S. Huo et al.    
 

    
 
 

   

   
 

   

   

 

   

       
 

Table 4 Comparison of the efficiency of each algorithm 

Algorithm PM 
Module 
scope Matching rate (TP/PM) Run time (s) 

CDUN 123 4-32 42.86% 1537.843 
MCL 232 4-143 57.65% 957.247 
EA 353 4-132 53.41% 963.125 
MCODE 257 4-98 26.27% 1164.135 
ISCC 380 4-235 68.47% 670.576 

To further prove the efficiency of ISCC algorithm, ISCC algorithm and other algorithms 
are run 20 times on Krogan [31] dataset, which contains 4562 yeast protein data. After 
removing self-interaction and repeated interaction, the dataset has 3672 proteins and 
14317 proteins. The average running efficiency of each algorithm obtained from Krogan 
dataset is shown in Table 5. Compared with the DIP data scale, the execution efficiency 
and matching rate of each algorithm are relatively improved when Krogan dataset with 
smaller Krogan data scale runs each algorithm. Specifically, the matching rate of CDUN 
algorithm mining module increased by 1.76%, and the running time decreased by 
116.684 s; the matching rate of MCL algorithm mining module increased by 0.062%, and 
the running time decreased by 360.862 s; the matching rate of EA algorithm mining 
module increased by 0.070%, and the running time decreased by 91.45 s; the matching 
rate of MCODE algorithm increased by 1.92%, and the running time decreased by 
140.788 s The matching rate of ISCC mining module is improved by 3.89%, and the 
running time is reduced by 197.919 s. It can be seen from the analysis in Table 5 that the 
execution efficiency of MCL algorithm and ISCC in processing large datasets is 
relatively high, while the data size has little effect on the execution efficiency of MCODE 
and CDUN and EA algorithm. As shown in Tables 4 and 5, the size of data does not affect 
the matching rate and timeliness of ISCC algorithm, which proves that ISCC algorithm 
has higher efficiency. 

Table 5 Efficiency analysis of each algorithm on Krogan dataset 

Algorithm PM 
Module 
scope Matching rate (TP/PM) Run time (s) 

CDUN 132 4-36 44.62% 1421.159 
MCL 272 4-153 63.85% 596.385 
EA 383 4-105 54.12% 871.674 
MCODE 269 4-92 28.19% 1023.347 
ISCC 392 4-248 72.36% 472.657 

As shown in Figure 3, the performance of ISCC is compared with the other four 
algorithms in DIP dataset. The five function prediction methods based on PPI network 
provided by DIP database are compared in Sn, Sp, F-measure values. The accuracy Sp of 
ISCC algorithm is 0.684, which is 58.7% higher than CDUN, MCL 18.3%, EA 76.2%, 
MCODE 157.1% higher than CDUN, and the sensitivity is Sn compared with CDUN,  
F-measure increased by 391.2%, MCL 94.0%, EA 89.8%, MCODE 284.3% compared 
with CDUN, it can improve 233.3%, MCL 58.1%, EA 83.6%, MCODE 223.3%.  
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In general, the ISCC algorithm proposed in this paper can effectively predict the number 
of protein functional modules, and has high accuracy Sp, sensitivity Sn, and F value 
compared with other algorithms, which proves that the correct part of protein functional 
modules that help me to recognise is higher. 

Figure 3 Comparison of the performance of protein function prediction algorithms of various 
algorithms 

 

5 Conclusion 

At present, the limitations of PPI network prediction of protein functional modules are: 
(1) building a new PPI network based on the topological characteristics of PPI network 
and the biological information of protein has too high dependence on PPI network;  
(2) there is no good method to integrate biological data to predict the number of protein 
functional modules. (3) SVM classifier is a binary classifier. The following aspects can 
be used for in-depth research on future research: (1) Performance analysis of compression 
technologies for chronic sound image transmission under smart phone enabled tele-sound 
network can effectively reduce data noise [32], (2) An AI based intelligent system for 
healthcare analysis using ridge Adaline stochastic gradient descent classifier, Improve the 
number of predicted protein functional modules [33], (3) Use samples based deep neural 
network model for classification of balanced multi-model stroke dataset to predict protein 
functional modules [34]. (4) Use a novel approach to using big data and IOT  
for improving the efficiency of m-health systems to improve the efficiency of the 
algorithm [35]. 
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