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Abstract 

In biomedical engineering studies, a protein-protein interaction network is widely used to 

identify biological processes and characterize associations among proteins. Typically, its 

structure forms a scale-free network which contains a few hub proteins and a lot of low-

degree proteins. Thus, its degree distribution follows the power-law distribution. 

Investigating such a protein that might affect this structure may reveal an important 

protein for the whole network. In this research, we investigated disordered proteins whose 

removal results in a non-scale-free structure that may cause severe diseases like cancers. 

Later, a simple measure to identify these proteins was developed as an alternative method 

avoiding fitting a power-law distribution. A high performance for identifying disordered 

proteins was achieved by using the area under the ROC curve value greater than 0.9. In 

addition, the measure yielded a superior performance to the random selection procedure. 
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Introduction 

In biomedical engineering, the relationships 

among proteins are represented in a network, 

the so-called protein-protein interaction (PPI) 

network. The most outstanding topological  

 

 

 
 

feature of PPI networks is the scale- free (SF) 

network. The SF network is described by 

having a very high number of low- interaction 

proteins in the, whereas the number of high-
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interaction proteins is very low.  The high-

interaction proteins are called hub proteins 

(Plaimas et al., 2010).  On the other hand, the 

property of an SF network shows the most 

distinguishable property of hub proteins. 

Technically, examining the property of an SF 

network can be done using the power- law of 

degree distribution.  The motivation of this 

work is to study the relationships among SF 

networks, hub proteins, and disordered 

proteins. 

Haynes et al. (2006) studied the relationship 

between disordered proteins and hub proteins. 

They compared the feature of disordered 

proteins between hub proteins and end proteins 

using analysis of various disorder parameters, 

the amino acid composition, and gene ontology 

annotations (biological process, molecular 

function, and cellular component). The hub 

proteins were nodes having degrees more than 

10, and the end proteins were proteins with a 

single interaction. Haynes et al. mentioned that 

the characteristics between the hub proteins 

and disordered proteins are the same. Therefore, 

the assumption of this work is that disordered 

proteins might affect the SF network’s property. 

In this study, we developed a new measure 

on big data of a protein-protein interaction 

network. This measure is to identify disordered 

proteins affecting the SF network (MSF.DISP). 

The measure was developed based on the node 

attributes of each protein. The performance of 

the measure was validated by the area under 

the ROC curve (AUC) according to the receiver 

operating characteristics (ROC) curve identifying 

disordered proteins affecting the SF network. 

In addition, it was validated with random 

selection experiments. 

Background Knowledge 

Data 

A disordered protein is a protein in which 

some of the regions of its polypeptide chain, or 

combination of amino acid residues, are missing 

some structures such as folding (Sickmeier  

et al., 2007) .  Disordered proteins result in some 

biological functions losing their roles. Therefore, 

disordered proteins cause some serious diseases 

such as cancer, neurodegenerative disease, 

cardiovascular disease, and amyloidosis 

(Sickmeier et al., 2007; Li et al., 2015). Thus, 

disordered proteins are involved with human 

diseases. In this research, the data of 

disordered proteins were collected from the 

database of Online Mendelian Inheritance in 

Man (OMIM). The OMIM database combines 

the data of human genetic disorders using the 

characteristic of the phenotype (Amberger  

et al., 2015). 

A PPI network characterizes the 

associations among proteins.  Mathematically, 

a network can be represented as a graph in 

which the nodes represent the proteins and the 

edges represent the relationship between 2 

proteins. Several PPI networks serve the 

property of the SF network (Province, 2015) . 

The PPI network of Homo sapiens (humans) 

was constructed by collecting data from the 

STRING database ( version 10)  (Szklarczyk  

et al., 2015). The database provides a list of  

2 proteins that are related by the confidence of 

the combined score.  In this study, the high 

STRING confidence score of 950 was chosen 

to reconstruct the human network. We analyzed 

a large-scale human PPI network consisting of 

8,208 proteins and 45,553 interactions.  The 

slope of the degree distribution in power-law 

form is 2.75. That means the human PPI 

network has the property of the SF network. 

 

Mathematical Background 
A network is represented as a graph 

consisting of a non- empty set of nodes and 

edges.  For a given graph, G = (V, E) indicates 

the relationships among the nodes V and edges 

E. In this research, the PPI network was 

represented as an undirected graph with no 

loop.  A node in the PPI network is designated 

as a protein and an edge is designated as the 

relationship between 2 proteins. 

A well-known property of a graph is the 

degree. The degree of node i (ki) is the number 

of interactions between node 𝑖 and other nodes 

in the network.  If we consider the network’ s 

degree, called the average degree k, the 

average degree is defined as 〈𝑘〉 =
∑ 𝑘𝑖

𝑁
𝑖=1

𝑁
 in 

which N is the total number of nodes in the 
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network (Plaimas et al., 2010; Province, 2015) . 

The degree distribution p(k) describes the 

probability of randomly choosing a node 

having degree k. The SF network can be 

observed by plotting the degree distribution in 

the y- axis against the degree in the x- axis in  

a logarithm scale.  If the slope of the tendency 

plot is between 2 and 3, then the network has 

the property of the SF network.  In the same 

manner, the SF network is followed by the 

gamma of degree distribution in power-law 

form: 

 

p(k)~k-, (1) 

 

where 2<  < 3 () (Suratanee and Plaimas, 2014; 

Province, 2015). 

The correlation measures consisting of 

the Point-Biserial (rpb) correlation and Pearson 

correlation coefficient ( rpcc)were investigated. 

The Point- Biserial correlation considers the 

correlation between 1 continuous variable and 

1 dichotomous variable which contains binary 

values. It is defined by: 

 

rpb =
(𝑋1̅̅ ̅̅ −𝑋0̅̅ ̅̅ )√Π(1−Π)

𝑆𝑥
, (2) 

 

where 𝑋1
̅̅ ̅, 𝑋0

̅̅ ̅  are the means of continuous 

variables that are a matching group of the first 

and second dichotomous variable, respectively, 

Π is the proportion of 1 dichotomous variable, 

and Sx is the standard deviation of the continuous 

variable.  In this research, we performed the 

Point-Biserial measure to identify the correlation 

between the attribute 
𝑘𝑖

<𝑘>
 and the classes. There 

are 2 classes (positive and negative classes) in this 

study; the positive class represented disordered 

proteins that affect the SF network and the 

negative class was disordered proteins that do 

not affect the SF network. Furthermore, the 

Pearson correlation coefficient is defined by the 

fraction between the covariance of variables x 

and y the multiple of the standard deviations of 

variables x and y. The variables x and y can be 

dichotomous variables. This can be rewritten by: 

 

rpcc =
∑ (𝑥𝑖−𝑥̅)(𝑦𝑖−𝑦̅)𝑛

𝑖=1

√∑ (𝑥𝑖−𝑥̅)2𝑛
𝑖=1 √∑ (𝑦𝑖−𝑦̅)2𝑛

𝑖=1

, (3) 

where n is the total list of the data.  The value 

of rpcc is between -1 and +1.  There is a 

negatively linear correlation when the value of 

rpcc is equal to -1. There is no linear correlation 

when the value of rpcc equals to 0.  There is a 

positively linear correlation when the value of 

rpcc is equal to + 1.  In this study, rpcc was 

employed to identify the correlation between 

the attribute sign(Ri) and the classes.  

The rpcc analysis can be explained by the 

degree correlation. R measured with xi, yi is the 

degree of the connected nodes following the 

edge i, and n is the number of edges.  The 

degree correlation indicates the tenor of the 

degree in the pair of connected nodes.  If 2 

connected nodes show a similar number of the 

degree, called an assortativity network, then  

R>0.  If 2 connected nodes show a different 

number of the degree, called a disassortativity 

network, then R<0. 

The characterization of a network can be 

determined by network features, e.g., the local 

clustering coefficient, the global clustering 

coefficient, and the eigenvector centrality. The 

local clustering coefficient (ci) of node i 

identifies the probability that neighbors of 

randomly chosen nodes are connected (Soffer 

and Vázquez, 2005). It is defined by: 

 

𝑐𝑖 =
𝑡𝑖

(
𝑘𝑖
2

)
, (4) 

 

where ti is the number of neighbors of node i 

that are connected, and ki is the degree of node 

i (Suratanee and Plaimas, 2014; Province, 2015). 

The network analysis of the local clustering 

coefficient is called the global clustering 

coefficient (c), which is the average of the 

local clustering coefficient as follows: 

 

〈𝑐〉 =
∑ 𝑐𝑖

𝑁
𝑖|𝑘𝑖>1

𝑁
, (5) 

 

where N is the number of nodes. 

The eigenvector centrality identifies the 

important or influential nodes in the network. 

The centrality score of node i (Xi) is determined 

by the centrality of its neighbors, as follows: 

 

𝑋𝑖 =
1

𝜆
∑ 𝑋𝑗𝑗∈𝑁(𝑖) , (6) 
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where  is a constant and N(i) is all the 

neighbors of node i (Plaimas et al., 2010).  It 

can be rewritten by 

 

𝑋𝑖 =
1

𝜆
∑ 𝑎𝑖,𝑗𝑋𝑗

𝑁
𝑗=1 , (7) 

 

where ai , j is equal to 1 if node i and j are 

connected, otherwise it is equal to 0, and N  

is the number of nodes. According to the 

eigenvector equation following:  

 

𝐴𝑋̅ = 𝜆𝑋̅, (8) 

 

the eigenvector 𝑋̅  satisfies many eigenvalues 

. The real positive number of the eigenvector 

centrality is considered.  With the Perron 

Frobenius theorem, 𝑋̅  is the eigenvector 

centrality satisfying the largest eigenvalue  

(Kosch and Schreiber, 2004; Bonacich, (2017).  

Later on, we present the confusion matrix 

that visualizes the performance with each 

column showing the actual classes ( positive/ 

negative)  and each row showing the predicted 

classes.  The confusion matrix identifies the 

true positive, false negative, false positive, and 

the true negative for a cut-off threshold of 

calculated values from the model. For the 

threshold, the accuracy, precision, and recall 

were calculated. The performance of our 

measure can be calculated by the AUC when 

the cut-off threshold is varied over the range of 

values of the developed model. The AUC is the 

area of the ROC curve.  The ROC is the graph 

of the false positive rate in the x- axis and the 

recall (true positive rate) in the y-axis visualizing 

the performance of the model in the varied 

threshold (Plaimas et al., 2010). The value of 

the AUC is between 0 and 1. An ideal 

performance presents the value of the AUC 

equal to 1. 

With our investigation, we found that the 

number of disordered proteins that affect an  

SF network’s property (positive class) is very 

different from the number of disordered 

proteins that do not affect an SF network’s 

property (negative class). To solve this imbalanced 

data, we employed the method of the synthetic 

minority over- sampling technique (SMOTE). 

The algorithm of the SMOTE method is to 

synthesize the positive instances by determining 

the original positive instances (Chawla et al., 

2002). 

Methodology 

Investigation of the Effect of Disordered 

Protein in an SF Network 

To investigate the impact of disordered 

proteins in the human PPI network with the 

property of the SF network, all of the 

disordered proteins from the OMIM database 

were discarded from the human PPI network. 

Then, the slope of the degree distribution or 

gamma in power-law form was calculated. 

Later, the property of the SF in the human PPI 

network was examined using the value gamma 

in power- law form of the degree distribution. 

If gamma is between 2 and 3, then the human 

PPI network is the SF network.  On the other 

hand, if the value of gamma is not in the range 

of 2 to 3, then the human PPI network lost the 

property of the SF network. This situation can 

imply that disordered proteins affect the 

property of the SF network.  Finally, in this 

work, the number of proteins in the network is 

8,208 proteins and the number of disordered 

proteins is 2,335 proteins. The number of 

disordered proteins is quite large compared to 

the number of all the analyzed proteins.  

To determine the effect of the disordered 

proteins in an SF network, we performed 2 

experiments by randomly removing proteins 

and disordered proteins and then the performances 

of these experiments were compared.  These 

random experiments were performed 100 times 

and the results were presented in a scattering 

plot with the percentage of the number of 

removed proteins ( random proteins and random 

disordered proteins) in the x-axis and the 

percentage of the number of the human PPI 

network lost from the property of the SF 

network in the y-axis. 

 

Analysis of the Network Properties 

Firstly, the human PPI network was 

reconstructed with the property of the SF 

network. We discarded a protein one by one to 

find proteins affecting the property of the SF 
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network.  If we discarded a protein and its 

neighbors that had a higher eigenvector 

centrality than the protein and the value of 

gamma disobeyed the power-law form degree 

distribution, then we inferred that the protein 

affects the property of the SF network. The 

eigenvector centrality was determined for 

reducing the influence of the disordered proteins 

in the network. Then the properties of each 

protein were investigated. The properties were 

calculated by a degree of a protein divided be 

the average degree 
𝑘𝑖

<𝑘>
 , the local clustering 

coefficient divided by the global clustering 

coefficient 
𝑐𝑖

<𝑐>
, and the value sign of the 

degree correlation sign(Ri). These 3 properties 

were used to construct the model of our simple 

measurement. The first attribute, 
𝑘𝑖

<𝑘>
, indicates 

the number of interactions with a comparison 

in the network. If the value 
𝑘𝑖

<𝑘>
 is greater than 

1, then the protein 𝑖  has a high interaction. 

Therefore, considering the attribute 
𝑘𝑖

<𝑘>
 is 

more efficient than considering only the degree 

(ki). The second attribute is 
𝑐𝑖

<𝑐>
 identifying the 

groups of proteins that were connected.  The 

last attribute is sign(Ri).  It is used to consider 

the tenor of the interaction of any 2 connected 

proteins in the network when protein i and 

some of its neighbors, that had a higher value 

of eigenvector centrality than protein i, were 

removed from the network. The degree 

correlation Ri can be computed by discarding 

protein i and its neighbors and calculating the 

degree of correlation R.  If the value of Ri is 

greater than 0, then 2 connected proteins tend 

to be close to the number of interactions. 
 

Development of the New Measure 

We developed a new measure for 

identifying disordered proteins affecting the 

SF network, MSF.Disp.  There are 2 processes to 

generate our measure.  Firstly, 2 influential 

attributes were selected from all 3 attributes, 
𝒌𝒊

<𝒌>
, 

𝒄𝒊

<𝒄>
, and sign(Ri), using the correlation 

measurement. We chose 2 influential attributes 

with high values of correlation between the 

attributes and the classes.  The correlation 

measurements depend on the types of 

variables, e.g., rpcc and rpb (see section headed 

Mathematical Background). The 2 selected 

attributes were combined as our measure. The 

coefficients (or weights)  of these 2 attributes 

were calculated by the correlations between the 

attributes and the class of disordered proteins 

affecting the SF network divided by the 

minimum value of the correlations between the 

attributes and the class.  The format of the 

measurement for identifying the class of 

disordered proteins affecting the SF network, 

MSF.Disp, can be performed in Equation (9): 

 

MSF.Disp = w1x1+w2x2, (9) 

 

where x1 and x2 are the attributes and w1 and w2 

are the weights or coefficients, with 𝑤𝑖 =

 
𝑐𝑜𝑟 (𝑥𝑖,𝑐𝑙𝑎𝑠𝑠)

min
𝑗∈{1,2}

𝑐𝑜𝑟(𝑥𝑗,𝑐𝑙𝑎𝑠𝑠)
.  

An optimal threshold was selected by 

considering the cut-off of the calculated measured 

value yielding high precision to identify the 

score of the class of the disordered proteins 

affecting the property of the SF network. Then, 

the performance of our measurements was 

calculated using the value of the AUC. 

Results 

The Characteristics of the Human PPI 

Network 

The human PPI network was reconstructed 

and its characteristic properties, such as the 

number of nodes, the number of edges, the 

average degree, the global clustering coefficient, 

the slope or gamma in power- law form of the 

degree distribution, and the correlation of degree, 

are shown in Table 1. The analysis of our 

human PPI network characteristics showed 

that there are 8,208 proteins and 45,553 edges. 

There are a lot of low-degree nodes with an 

average degree of 11. The probability of connected 

neighbors is explained in the global clustering 

coefficient of 0.29. The small value of the 

degree correlation of -0.01 was presented. 

Moreover, the slope of the degree distribution 

or gamma in power-law form was 2.75 (between 

2 and 3) .  Obviously, our human PPI network 

has the property of the SF network.  The slope 
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of degree distribution in the logarithm scale is 

shown in Figure 1(a). The graph shows a lot of 

low- degree proteins and a small number of 

high-degree proteins. 

 

The Effect of Disordered Proteins in SF 

Network 

The human PPI network lost the property 

of the SF network when all of the 2,335 

disordered proteins were removed from the 

network.This can be observed by the slope of 

the degree distribution or gamma in power-law 

form of about 6.26 compared with the original 

network of about 2.75, as shown in Table 2. 

Therefore, the loss of the disordered proteins 

has an effect on the SF network property. 

However, this might have occurred because of 

the large number of disordered proteins that 

were removed from the network. To be fair, the 

impact of the disordered proteins on an SF 

network was investigated by randomly removing 

proteins with the same number of disordered 

proteins and also by calculating the gamma  

of the power- law form.  The random removal 

experiments were performed 100 times.  The 

percentages of the impacts are illustrated in a 

scattering plot as shown in Figure 1( b) .  It 

shows that most of the disordered proteins 

removed from the network affected the SF 

network property.  On the other hand, the 

disordered proteins are more significant in the 

property of the SF network. 

 
The Performance of New Measure 

Two influential attributes (
𝑘𝑖

<𝑘>
 and 

sign(Ri)) were investigated and found to be 

related to the measure of the disordered 

Table 1. Basic network characteristics 

 

Species 
Characteristics of properties 

#Nodes #Edges k c  R 

Homo Sapiens 8,208 45,553 11.10 0.29 2.75 -0.01 

 

 

Table 2. The number of nodes, edges and parameter gamma of original and mutated network 

 

Network 
Characteristics of properties 

#Nodes #Edges Gamma  

Original human SF network 8,208 45,553 2.75 

Mutated network after removing disordered 

proteins 
5,873 21,698 6.26 

 

 

 
 

Figure 1. a)  The slope of the degree distribution in the logarithm scale and b)  the comparison of  

 knocking out the disordered proteins and random proteins in various ranges 
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proteins affecting the SF network. The class of 

the disordered proteins affecting the SF network 

(class 1) consists of 106 proteins and otherwise 

(class 0) consists of 8,102 proteins. This 

situation is concerned with the imbalanced 

dataset, as shown in Table 3.  Avoiding the 

problem of the imbalanced dataset, the method 

of SMOTE is used.  The SMOTE method 

adjusts the number of proteins in class 1 and 

class 0 to be equal to obtain a balanced dataset.  

The measure of MSF.Disp was generated by 

2 influential attributes; 
𝑘𝑖

<𝑘>
 and sign(Ri) using 

correlations.  The correlations rpb and rpcc were 

also calculated for the weight of the measure. 

The measure MSF.Disp of the imbalanced data 

can be rewritten in Equation (10): 

𝑀𝑆𝐹.𝐷𝑖𝑠𝑝(𝑖) =  
𝑘𝑖

<𝑘>
+ 2.10 ∙ 𝑠𝑖𝑔𝑛(𝑅𝑖). (10) 

 

The threshold yielding the highest 

precision was 6.97 that yielded an accuracy of 

97%, a precision of 10%, and recall of 15%, as 

shown in Figure 2(a). The confusion matrix of 

the measure MSF.Disp is shown in Table 4(a). In 

addition, the performance of the measure 

MSF.Disp in the imbalanced data can be observed 

by the value of the AUC in the ROC curve as 

shown in Figure 2(b). It should be noticed that 

the value of the AUC was 0.92 which in the 

high value of AUC was better than in the 

random selection. 

Moreover, the SMOTE method was used 

to obtain balanced data.  The measure of the 

Table 3. The number of proteins relating to class imbalance 

 
Class imbalance data Binary The number of 

proteins 

Disordered proteins affecting 

SF network property 

Disordered proteins affecting SF network 

(Class 1) 

106 

Otherwise (Class 0) 8,102 

 

 

Table 4.  a) The confusion matrix of MSF.Disp in the imbalanced data and b) the confusion matrix of 

 MSF.Disp in the balanced data 

 

(a) Confusion matrix 

Predicted 

classes 

Actual classes 

 1 0 

1 16 152 

0 90 7,950 
 

 (b) Confusion matrix 

Predicted 

classes 

Actual classes 

 1 0 

1 7,824 1,004 

0 278 7,098 
 

 

 

 
 

Figure 2. a) The precision-recall and b) the ROC curve of MSF.Disp in the imbalanced data 
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balanced data MSF.Disp can be rewritten in 

Equation (11): 

 

𝑀𝑆𝐹.𝐷𝑖𝑠𝑝(𝑖) =  
𝑘𝑖

<𝑘>
+ 2.22 ∙ 𝑠𝑖𝑔𝑛(𝑅𝑖). (11) 

 

Selecting the threshold at 2.36, we 

obtained the best result with an accuracy of 

92%, a precision of 89%, and recall of 97%, as 

shown in Figure 3(a). With this balanced data, 

the classification result with our developed 

measures was presented in the confusion 

matrix, as shown in Table 4(b). The ROC curve 

yielded the value for the AUC of 0.92 as shown 

in Figure 3(b). It showed that the performance 

of MSF.Disp is good enough for classification 

between the disordered and non- disordered 

proteins. 

We found that examining the measure 

from the training data is unfair (by a self-

consistency test). Therefore, we constructed 

our measure with the balanced data from the 

SMOTE method and validated it by the 

imbalanced data. 

With this process, we obtained the high 

value for the AUC of 0.92 with the threshold 

at 2.36 for the measure MSF.Disp (i) =  
𝑘𝑖

<𝑘>
 + 

2.22 sign(Ri). The ROC curve is shown in 

Figure 4. 

 

Validation of the Measure 

To validate our developed measure, we 

performed random experiments by shuffling 

only the class label but with the attributes still 

the same.  We compared the measure MSF.Disp  

in the group of balanced data and imbalanced 

data with the same weight, influential 

attributes, and threshold. The results are shown 

in Figure 5. They consist of (a) the AUC of the 

ROC curve of our measure MSF.Disp in the 

imbalanced data of 0.92, ( b)  the AUC of the 

random class label measure MSF.Disp in the 

imbalanced data of 0.51, ( c)  the AUC of our 

measure MSF.Disp in the balanced data of 0.92, 

and (d)  the AUC of the random class label 

measure 𝑀𝑆𝐹.𝐷𝑖𝑠𝑝 in the balanced data of 0.50. 

We found that the values of the AUC in 

our measure (on the left) are greater than in the 

random class label measure (on the right) . 

Therefore, the performances of our measure 

are better than the performances of the random 

experiments in both the balanced and 

imbalanced data. 

 
 

Figure 3. a) The precision-recall and b) the ROC curve of MSF.Disp in the balanced data 

 
 

Figure 4. The ROC curve of our measure MSF.Disp 
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Conclusion and Discussion 

In this study, a large-scale human PPI network 

was constructed and the network properties, 

such as the average degree, global clustering 

coefficient, and degree of correlation, were 

investigated for developing a measure. Moreover, 

we analyzed the gamma in power- law form of 

the degree distribution to identify the property 

of the SF network. The impact of the disordered 

proteins in the property of the SF network was 

analyzed and a new simple measure, MSF.Disp, 

was developed in this study.  We found that 

removing the disordered proteins from the 

network provides a significantly different impact 

on the SF network property in comparison to 

removing any proteins with the same number 

from the network.  In addition, we found that 

the 
𝑘𝑖

<𝑘>
 and sign(Ri) attributes were  

 

significantly related to the property of the 

disordered proteins affecting the SF network 

property by comparing with the random class 

label.  Thus, these attributes were chosen for 

developing the new measure of MSF.Disp. Using 

MSF.Disp, and we obtained a high AUC value of 

0.92 for identifying disordered proteins affecting 

the SF network property.  We also performed 

experiments by selecting other pairs of attributes, 

for example, 
𝑘𝑖

<𝑘>
 and 

𝑐𝑖

<𝑐>
, to develop the 

measure. The results showed an inferior 

performance with the AUC of 0.72 in 

comparison to our measure. 

In conclusion, we showed that disordered 

proteins affect the scale-free structure of the 

PPI network and our developed measure is 

simple and efficient to identify novel disordered 

proteins and to investigate the degree distribution. 

 

 
 

Figure 5. a) The ROC curve of our measure in the imbalanced data; b) the ROC curve of the 

 random class label measure in the imbalanced data; c) the ROC curve of our measure in 

 the balanced data; and d) the ROC curve of the random class label measure in the 

 balanced data 
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