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ABSTRACT 

 

Coronavirus Disease 2019 (COVID-19) will cause disease complications and or-

gan damage due to excessive inflammatory reactions if left untreated. Computa-

tional analysis of protein-protein interactions can be carried out in various ways, 

including topological analysis and clustering of protein-protein interaction net-

works. Topological analysis can identify significant proteins by measuring the 

most important nodes with centrality measurements. By using Principal Compo-

nent Analysis (PCA), the types of centrality measures were extracted into the over-

all centrality value. The study aimed to found significant proteins in COVID-19 

protein-protein interactions using PCA and ClusterONE. This study used 57 pro-

teins associated with COVID-19 to obtain protein networks. All of these proteins 

are homo sapiens organism. The number of proteins and the number of interac-

tions from 57 proteins were 357 proteins and 1686 interactions. The results of this 

study consisted of two clusters; the best cluster was the first cluster with a lower 

p-value but had an average overall centrality value that closed to the second clus-

ter. There are twenty important proteins in that cluster, and all of these proteins 

are related to COVID-19. These proteins are expected to be used in the process of 

discovering medicinal compounds in COVID-19. 
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Introduction 
In December 2019, a case of mysterious 

Pneumonia was first reported in Wuhan, Hubei, 

China [1]. The source of the transmission of this 

case is still uncertain, but the first case was linked 

to a fish market in Wuhan [2]. From December 18, 

to December 29, 2019, five patients were treated 

with Acute Respiratory Distress Syndrome 

(ARDS) [3]. In less than a month, the disease has 

spread to other provinces in China, Thailand, Ja-

pan, South Korea and other regions [4]. Initially 

the disease was temporarily named as 2019 novel 

coronavirus (2019-nCoV) [5], then World Health 

Organization (WHO) announced a new name on 

February 11, 2020, namely Coronavirus Disease 

2019 (COVID-19). This disease is caused by Se-

vere Acute Respiratory Syndrome Coronavirus-2 

(SARS-CoV-2) [6]. This virus can be transmitted 

from person to person and has spread widely in 

China and other countries [7]. Since January 2020, 

WHO has declared that the world is entering into 

a global emergency related to this virus [8]. This 

phenomenon is an extraordinary phenomenon that 

occurs on earth in the 21st century after occurring 

SARS in 2002 and Middle East Respiratory Syn-

drome (MERS) in 2012 [9].  

Based on data collected by the Worldometer 

[10], in December 3, 2020, there were at least 
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64,985,212 total cases of COVID-19 that had been 

reported in 220 countries, and 1,502,253 people 

have died from this disease. In Indonesia, the av-

erage number of cases added since early Septem-

ber 2020 was 2,000 cases per day, with the largest 

addition of cases was on November 29, 2020 

(6,267 cases). The number of cases of the Indone-

sian population who tested positive for the 

COVID-19 was 557,877 cases, while the cases 

that were still active were 93,324 cases and the 

number of Indonesians who died was 17,355 peo-

ple. 

If this continues, it is feared that there will be 

complications of the disease when exposed to this 

virus because the steps applied are still limited to 

the design. If that happens, the patient may expe-

rience damage to the organs affected by this virus 

[11]. This virus attaches to the host cell and will 

cause an excessive inflammatory reaction [12]. In-

flammation is a local protective response caused 

by damage to the tissue [13]. In inflammation, pro-

tein can be a biomarker of damage to organs [12]. 

Therefore, this study will look for significant 

proteins that cause inflammation of COVID-19. 

Significant protein is an important medium that 

contains all the nutrients needed by the body in the 

process of growth. In carrying out their duties, 

proteins interact with other proteins [14]. By using 

an experimental approach, need a long time and 

considerable cost to identify significant proteins 

[15]. Protein-protein interaction (PPI) can be used 

to properly recognize protein function, disease 

genes and the relationship between diseases. PPI 

can be formed into a network of interactions 

known as protein interaction networks [16]. In this 

network, there are significant proteins that are the 

most influential proteins in the protein interaction 

network [17]. 

PPI is a graph depicting the topology of the 

interactions between proteins. The nodes in the 

PPI represent proteins, while the edges represent 

the relationships between the interacting proteins. 

Computational analysis of PPIs can be carried out 

in various ways, including topology analysis and 

clustering on the PPI network [18]. Topological 

analysis can identify significant proteins by meas-

uring the most influential nodes with centrality 

measures [18] whereas clustering in PPIs is carried 

out to form protein complexes which are proteins 

having the same function. Protein complexes can 

be used to predict significant protein [19]. 

There are various types of centrality measure-

ments. From the several types of centrality meas-

ure values, there are significant protein values on 

the centrality measures. By using Principal Com-

ponent Analysis (PCA), the types of centrality 

measures were extracted into the overall centrality 

value. Although the dimensions of centrality 

measures are reduced, they still minimize the loss 

of information [20]. By the overall centrality 

value, it can be easier to compare best cluster. A 

good clustering method for finding protein com-

plexes is the soft clustering method because it can 

detect overlaps in the resulting clusters [21]. Over-

lapping detection is important in the case of find-

ing significant proteins because proteins are multi-

functional. 

There have been several previous studies that 

examined significant protein using centrality 

measures. Identification of significant protein in 

Diabetes Mellitus using three centrality measure-

ments, namely betweenness centrality, closeness 

centrality, and degree centrality [22]. The same 

thing is done, but diabetes is more specific, 

namely Diabetes Mellitus Type 2 using Fuzzy C-

Means to found significant protein clusters and 

PCA to rank significant protein in each resulting 

cluster based on the overall centrality value [23]. 

Other study in Parkinson's disease, by using 

degree centrality, betweenness centrality, close-

ness centrality, bridging centrality, radiality, and 

eigenvector centrality. By using Skyline Query 

and PCA methods, the results in this study there 

are 14 proteins with 12 proteins are related on 

Parkinson's disease [24]. Other study used Clus-

terONE to find biomarkers in cancer with graph 

reduction using the degree of centrality. Clus-

terONE is one of the soft clustering methods [25].  

In the case of COVID-19, there has been research 

on developing methods to predict SARS-CoV-2 

human PPIs and reported the most central proteins 

in using centrality measurements [26]. 

The objective of this study is to found signif-

icant proteins in the PPI COVID-19 using PCA 

and ClusterONE. PCA is used to get the overall 

centrality value and this value is used as a basis for 

graph reduction. The values of centrality measures 

that will be reduced to overall centrality are degree 

centrality, betweenness centrality, closeness cen-

trality, subgraph centrality, eigenvector centrality, 

information centrality, and network centrality. Af-

ter that, grouping on PPI to form protein com-
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plexes using ClusteONE. The clusters from Clus-

terONE were analyzed to determine whether the 

protein complexes in the best clusters were related 

with COVID-19. 

 

Methods  

Data 
Gene 

The gene data used is the protein associated 

with COVID-19. Genes are obtained from two da-

tabase sites, namely the OMIM site 

(https://www.omim.org/) and UniProt site 

(https://www.uniprot.org/), and previous research 

about the COVID-19 protein [27-29]. From these 

various sources, there are 57 proteins obtained.  

All of these genes are homo sapiens organism. 

Protein-Protein Interaction 

The gene data that has been obtained are used 

as input on the STRING site (https://string-

db.org/) to obtain PPI data. The first steps to get 

PPI data are entering the protein and organism 

symbols. The protein symbol is obtained from the 

protein data that has been obtained and select the 

homo sapiens organism. After that select the ap-

propriate gene symbol. If the protein interaction 

view appears, download the data by using the ex-

port feature on the site into tsv file. 

The PPI data obtained must go through the 

preprocessing stage. There are three preprocessing 

stages, such as combining PPI data, cleaning data 

duplication (between nodes there is only one con-

necting edge) and eliminating PPIs in small sub-

graphs that are not connected to the main protein 

interaction network. 

All the proteins obtained previously had in-

teractions with other proteins, so that after going 

through the PPI data combining stage and cleaning 

the duplication of data, the number of proteins and 

the number of interactions from 57 proteins were 

357 proteins and 1686 interactions. PPI data visu-

alization after this stage can be seen in Figure 1. 

Eliminating PPIs in small subgraphs because 

it could interfere with other centrality measures in 

the main network. After passing through the final 

preprocessing stage, there are 222 proteins and 

1239 interactions. PPI data visualization after the 

preprocessing data stage can be seen in Figure 2. 

 

Centrality Measurements 
In this study, the topological analysis method 

used to determine significant protein from a graph 

is centrality measures [30]. The values of central-

ity measures in network topology can be used to 

 
 
Figure 1. PPI data visualization after cleaning data 

duplication 

 

 
Figure 2. PPI data visualization after prepro-

cessing 

 

rank and measure the importance of nodes in a net-

work based on their location [31]. In research to 

identify significant proteins, the method of cen-

trality measures is the most widely used [32]. 

There are various types of centrality measure-

ment. The value of centrality measures was ob-

tained using the CytoNCA plugin on Cytoscape 

[33]. The plugin is more focused on looking for 
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the centrality measures value in the case of finding 

significant proteins. The values of centrality 

measures used in this study are as follows [34]: 

Degree Centrality 

Degree centrality is the simplest measure of 

value in centrality measures. Degree centrality can 

be found by counting all the edges that incident to 

a node. If the degree centrality value is greater, 

protein becoming the center of regulation. The 

equation for finding degree centrality value can be 

seen in Equation 1. 𝑎𝑢,𝑣 is an adjacency matrix for 

node u and node v with value of 1 if connected and 

0 otherwise. 𝐷𝐶(𝑢) = ∑ 𝑎𝑢,𝑣𝑢    (1) 

 

Betweenness Centrality 

Betweenness centrality is the average of the short-

est path that connects two nodes. If the between-

ness centrality value obtained is greater, protein 

influences the interaction network between pro-

teins. The equation for finding betweenness cen-

trality can be seen in Equation 2. 𝐵𝐶(𝑢) = ∑ ∑ 𝜌(𝑠,𝑢,𝑡)𝜌(𝑠,𝑡) , 𝑠 ≠ 𝑡 ≠ 𝑢𝑡𝑠  (2) 

 𝜌(𝑠, 𝑡) is the total shortest path between node s and 

node t, and 𝜌(𝑠, 𝑢, 𝑡)  is the number of shortest 

paths between node s and node t passing through 

node u. 

Closeness Centrality 

Closeness centrality is the average shortest 

path in a node to access all nodes in the network. 

If the closeness centrality value obtained is 

greater, total distance to all proteins is getting less 

and position of the protein is getting central. The 

equation for finding closeness centrality can be 

seen in Equation 3. 𝐶𝐶(𝑢) = 𝑁 − 1∑ 𝑑(𝑢,𝑣)𝑢    (3) 

 𝑑(𝑢, 𝑣) is the distance from node u to node v. Dis-

tance is the length of the shortest path of the two 

nodes. N is the number of nodes. 

Subgraph Centrality 

Subgraph centrality at a node is the number 

of subgraphs of the entire PPI network in which 

the nodes participate in subgraph creation. The 

equation for finding the value of subgraph 

centrality can be seen in Equation 4. 𝑆𝐶(𝑢) = ∑ 𝜇𝑙(𝑢)𝑙!∞𝑙=0 = ∑ [𝛼𝑣(𝑢)]2𝑁𝑣=1 𝑒𝜆𝑣   (4) 

 

𝜇𝑙(𝑢) is the number of closed loops of length l. 

The length in this case is the number of edges 

which starts and ends at node u. (𝛼
1

, 𝛼
2

, … , 𝛼𝑁) is 

the orthonormal basis of 𝑅𝑁
 which are composed 

of eigenvectors of A associated with eigenvalues 𝜆
1

, 𝜆
2

, … , 𝜆𝑁, where 𝛼𝑣(𝑢) is the uth component of 𝛼𝑣. 

Eigenvector Centrality 

The value of eigenvector centrality explains that 

the nodes that are connected to the more important 

nodes have a greater value. If the eigenvector 

centrality value obtained is greater, protein is more 

influential than other proteins. The equation for 

finding eigenvector centrality can be seen in 

Equation 5. 𝐸𝐶(𝑢) = 𝛼𝑚𝑎𝑥(𝑢)   (5) 

 𝛼𝑚𝑎𝑥 is the eigenvector obtained from the largest 

eigenvalue of A. 𝛼𝑚𝑎𝑥(𝑢) is the uth component of 𝛼𝑚𝑎𝑥. 

 

Information Centrality 

Information centrality at a node is the harmonic 

mean lengths of the paths ending at that node. The 

equation can be seen in Equation 6. 𝐼𝐶(𝑢) = [1𝑁 ∑ 1𝐼𝑢𝑣𝑣 ]−1
    (6) 

 𝐼𝑢𝑣 =  (𝑐𝑢𝑢 + 𝑐𝑣𝑣 − 𝑐𝑢𝑣)−1 . Let D is a diagonal 

matrix of degree at each node and J is a matrix 

where all the elements are 1. Matrix 𝐶 = (𝑐𝑢𝑣) =[𝐷 − 𝐴 − 𝐽]−1. For computational purposes, 𝐼𝑢𝑢 is 

infinite, thus 1 𝐼𝑢𝑢⁄ = 0.  

Network Centrality 

Edge Clustering Coefficient (ECC) is one of 

the method that can be used to evaluate the 

importance of edges in a PPI network and can 

describe how close the two proteins are. The way 

to find the ECC value on an edge in the PPI can be 

calculated using Equation 7.  𝐸𝐶𝐶(𝑢, 𝑣) = 𝑧𝑢,𝑣min (𝑑𝑢−1,𝑑𝑣−1)   (7) 

 𝑧𝑢,𝑣 is a possible triangle formed by node u and 

node v while 𝑑𝑢 and 𝑑𝑣 are the number of degree 

of node u and node v, respectively. After getting 
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all the ECC values on each edge in the PPI 

network, to find the network centrality value, add 

the ECC value of each edge connected to the node 

(Equation 8). 

 𝑁𝐶(𝑢) = ∑ 𝐸𝐶𝐶(𝑢, 𝑣)𝑣∈𝑁𝑢    (8) 

 

Overall Centrality 
Principal Component Analysis (PCA) is a 

method that can be used to transform high-dimen-

sional data into lower dimensions without reduc-

ing or losing a lot of information in the data [35]. 

In other words, PCA maximizes diversity to retain 

the information on that data. The output from PCA 

is linear combinations with variations. 

In this study, PCA was used to find the over-

all centrality value. The overall centrality value is 

a value that considers all the characteristics that 

exist in the optimal linear combination of the pre-

vious centrality values [36]. In other words, the 

overall centrality value is a value from the reduc-

tion dimensions of the centrality measures. 

To get the overall centrality value, first look 

for the overall centrality equation using PCA. 

PCA will extract features from the centrality 

measures. The overall centrality value is used to 

express which centrality values contain the most 

relevant information in identifying influencing 

nodes in a graph [32]. Prior to feature extraction, 

each centrality measure is standardized using the 

StandardScaler so that it has a mean distribution 

of 0 and a standard deviation of 1 because the 

value of each centrality measure has a much dif-

ferent range. The standardization equation can be 

seen in Equation 9. 

 𝑥𝑢,𝑣′ = 𝑥𝑢,𝑣−𝜇𝑣𝜎𝑣     (9) 

 𝑥𝑢,𝑣′ is the value of standardization while 𝑥𝑢,𝑣 is 

the uth data value of the attribute v. 𝜇𝑣 and 𝜎𝑣 are 

the mean and standard deviation of attribute v, 

respectively. Furthermore, to obtain linear 

combinations, it can be done by finding the 

eigenvector and eigenvalue values by using a 

covariance matrix, a matrix that explains the 

diversity of a number of attributes or variables. 

The stage in finding the overall centrality value 

namely, there is an 𝑁 × 7 matrix where N is the 

amount of protein data and 7 are the centrality 

values used in this study. Let S is the covariance 

matrix of the data matrix of size 𝑁 × 7 and 𝑣 =(𝑣
1

, 𝑣
2

… , , 𝑣
7

) is the eigenvector of S which is ob-

tained from the largest eigenvalue, then the overall 

centrality value for each protein can be calculated 

using Equation 10. 

 𝑂𝐶(𝑢) = 𝑣1𝐷𝐶(𝑢) + 𝑣2𝐵𝐶(𝑢) + 𝑣3𝐶𝐶(𝑢) + 𝑣4𝑆𝐶(𝑢) +𝑣5𝐸𝐶(𝑢) + 𝑣6𝐼𝐶(𝑢) + 𝑣7𝑁𝐶(𝑢)   (10) 

 

All proteins are then sorted based on the value 

of overall centrality. After that, reduce the graph 

to get the subgraph using the induced graph 

method. The subgraph is formed by the node with 

the highest overall centrality value and all the 

edges that incident to that node. The amount of 

protein taken for subgraph formation is 10% of the 

total protein in the main graph. Uptake of 10% 

protein refers to research [25]. A value of 10% is 

also obtained using the power-law distribution on 

the human PPI graph [37]. This study proves that 

the 10% protein with the highest centrality value 

had a significant difference from the remaining 

90% protein [37]. These proteins are linked to 

most of the proteins in the graph compared to the 

remaining 90% of the proteins. 

 

ClusterONE 
The objective of ClusterONE is to found co-

hesive clusters. A cohesive cluster is a cluster that 

has a larger number of edges connecting the nodes 

in a cluster compared to the number of edges con-

necting the nodes in the cluster with nodes outside 

the cluster. ClusterONE uses a greedy approach to 

form a cohesive cluster that starts from the seed 

node. The first seed node is the node with the larg-

est degree. 

There are 5 stages for cluster formation. First, 

let 𝑉0 = {𝑣0} and set the step number 𝑡 = 0. Sec-

ond, calculate the cohesiveness of 𝑉𝑡  and let 𝑉𝑡+1 = 𝑉𝑡. Third, for every external vertex v inci-

dent on at least one boundary edge, calculate the 

cohesiveness of 𝑉′ = 𝑉𝑡 ∪ {𝑣}.  If 𝑓(𝑉′) >𝑓(𝑉𝑡+1), let 𝑉𝑡+1 = 𝑉′. Fourth, for every internal 

vertex v incident on at least one boundary edge, 

calculate the cohesiveness of 𝑉′′ = 𝑉𝑡\{𝑣}.  If 𝑓(𝑉′′) > 𝑓(𝑉𝑡+1),  let 𝑉𝑡+1 = 𝑉′′ . Fifth, if 𝑉𝑡 ≠𝑉𝑡+1, increase t and return to step 2. Otherwise, de-

clare 𝑉𝑡 a locally optimal cohesive group. 

ClusterONE can be done using the 

ClusterONE plugin in the Cytoscape [21]. The 

parameters used in this method are a minimum 
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size of 3. Size is the number of nodes in a cluster. 

With a set minimum size value of 3, the minimum 

number of nodes in a cluster is 3.  

The results of ClusterONE are clusters with 

several criteria. These criteria are density, quality, 

and p-value. Density is the ratio of the number of 

edges on the cluster and the number of edges that 

may form in the cluster. Quality is the ratio of in-

weight and the sum of in-weight and out-weight. 

P-values were generated from the Mann-Whitney 

U Test on in-weight and out-weight. The cluster 

results are valid if the cluster has a p-value of less 

than 0.05. A valid cluster is not a random cluster 

that happened to be found. Furthermore, cluster 

analysis is carried out by comparing the overall 

centrality and p-value values in each cluster. The 

selected cluster is the cluster with the highest 

overall centrality value and a p-value less than 

0.05. The smaller the p-value, the more valid the 

cluster [21]. 

 

Validation of Significant Protein Results 
When constructing PPIs, the protein data that 

became the input for STRING had interactions 

with other proteins that had no related on COVID-

19. These proteins have the possibility to be 

selected as a significant protein based on the 

topology of the COVID-19 interaction network. 

Therefore, the protein that has been produced 

needs to be analysed for its effect on COVID-19. 

Validation of protein results was carried out 

by conducting literature studies from previous 

research that discussed the effect of protein on 

COVID-19. If based on the literature study there 

is evidence that states protein has an important 

effect on COVID-19, it will be considered proven 

to have a significant effect. In addition, an analysis 

of the results of significant proteins was obtained, 

such as looking for the function of these 

significant proteins with previous literature 

studies. 

Result and Discussion  

Centrality Measurements 
The following are some examples of the re-

sults of the transformation from PPI data to cen-

trality measures data. The examples can be seen in 

Table 1. 

 

Overall Centrality 
After obtaining the values of centrality 

measures, and standardizing the values of central-

ity measures, the highest eigenvalue obtained us-

ing PCA was 5.22 and the eigenvector component 

were 𝑣1 = 0.43,  𝑣2 = 0.24,  𝑣3 = 0.36,  𝑣4 =0.40,  𝑣5 = 0.39,  𝑣6 = 0.42,  and 𝑣7 = 0.37. 
From these values it can be concluded that in de-

termining the value of overall centrality, the value 

of centrality measures that has the greatest effect 

is the degree centrality, while the value of central-

ity measures that has the least effect is between-

ness centrality. The explained variance ratio gen-

erated from the eigenvector is 74.28%. Explained 

variance explains how much the information can 

be attributed to each principal component. 

After obtaining the eigenvector value, this 

value is substituted in Equation 10 to obtain the 

overall centrality value, then sort the proteins 

based on the highest to lowest overall centrality 

value. The results of the calculation and ordering 

of the overall centrality value can be seen in Table 

2. 

Table 2. Overall centrality 

 

 

 

 

 

 

 

Table 1. Centrality measurements 
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The protein used in the clustering stage was 

only 10% protein with the highest overall cen-

trality value of the previous protein amount. 

Therefore, from 222 proteins, 22 proteins with 

the highest overall centrality were selected to 

form the subgraphs that were used in the clus-

tering stage. In this subgraph, there are 124 in-

teractions formed by 22 proteins. 

 

ClusterONE 
There are two protein complex clusters re-

sulting from the clustering of PPI. The results of 

clustering can be seen in Figure 3. The results 

of clustering will produce gray, red, and yellow 

nodes. The gray nodes show the outliers, the red 

nodes show the proteins that are only in one 

cluster, and the yellow nodes show the proteins 

that are in more than one cluster. The results of 

clustering in this study, there were no outlier 

nodes. 

 

 

 

 

 

 

 

 

 
Figure 3. Clustering result 

 

The detailed information on the resulting clus-

ters can be seen in Table 3. Both clusters have a 

p-value of less than 0.05, it means that all clus-

ters are valid clusters and not a random  

 

cluster that happened to be found. 

Table 3. Detail cluster information 

 

 

 

 

From Table 3, the first cluster has a higher den-

sity and quality value compared to the second 

cluster, and also the first cluster has a much 

lower p-value than the second cluster. This 

means that the first cluster is better than the sec-

ond cluster. 

 

 

 

 

 

 

 

 

 

 

Figure 4. Average overall centrality of each 

cluster 

 

Figure 4 shows the average value of overall 

centrality in each class. The first cluster has an 

average overall centrality value of 5.35 while 

the second cluster has an average overall cen-

trality value of 5.36. With a p-value that is much 

lower than the second cluster, the first cluster 

has an average overall centrality value close to 

the second cluster. Based on the criteria already 

mentioned, the first cluster is a significant pro-

tein cluster for COVID-19. 

Table 4. Influence protein on COVID-19. 
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Validation of Significant Protein Results 
In the first cluster, there are 20 proteins, 

namely STAT3, TYK2, IL6, STAT1, JAK1, 

STAT2, TBK1, RSAD2, OAS2, OAS1, MX2, 

MX1, ISG15, IRF7, IRF3, IFNAR1, IFIT3, IFIT1, 

IFI6, and DDX58. The influence of these proteins 

in COVID-19 can be seen in Table 4. Based on 

Table 4, all the proteins obtained are related to and 

have an effect on COVID-19. 

 

Conclusion  

In this study, by using topological analysis 

and clustering on protein networks, it is expected 

to obtain significant proteins that have an effect on 

COVID-19. In previous studies, some of the re-

sults were not optimal and many significant pro-

teins had no effect on disease due to inappropriate 

methods. 

The use of seven appropriate centrality meas-

urements and overall centrality values to rank pro-

teins will select proteins that had high centrality 

values. The ClusterONE method can detect over-

laps in the resulting clusters, this method is good 

because the proteins are multi-functional. By com-

bining these methods, this study reported 20 sig-

nificant proteins and all of these proteins have an 

effect on COVID-19. These proteins are expected 

to be used in the process of discovering medicinal 

compounds in COVID-19. 

For further research, research on the identifi-

cation of significant proteins needed other data 

such as biological information data, namely gene 

ontology, subcellular localization, and others, and 

also PPI data have high false-positive values. 
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