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Abstract—Cancer is one of the most common causes of mortality today. This 

disease's complications impose many costs on the human community's health, 

care, and well-being sectors. Solving complex biological problems requires ad-

vanced computational methods, and bioinformatics was created to solve such 

complex problems with the active interaction of several fields of science. Bioin-

formatics is an interdisciplinary science combining biological sciences, comput-

ers, mathematics, and statistics. The issue investigated in this research deals with 

one of the challenging issues in bioinformatics: candidate gene prioritization in 

breast cancer. Gene prioritization means sorting genes based on their relevance 

to a specific disease, such as breast cancer. Finally, the genes are checked accord-

ing to their importance in costly experiments. The proposed approach in this re-

search is to present a method based on graph mining for prioritizing genes. The 

study conducted with ENDEAVOUR and DIR methods was compared and eval-

uated. The evaluation results show that the designed method is more efficient 

than other methods. 

Keywords—Breast Cancer Diagnosis; Increase the Accuracy; Detection of 

Pathogenic Genes 

1 Introduction 

A broad spectrum of electric machines is widely used. Cancer is one of the most 

common causes of mortality today. This disease's complications impose many costs on 

the human community's health, care, and well-being sectors. Therefore, always finding 

effective and efficient methods for early diagnosis and rapid and correct treatment of 

this disease is a significant concern has been a researcher. 

The term "cancer" is used for more than 100 different illnesses, including malignant 

tumors of various regions of the body such as breast, cervical, prostate, stomach, colon, 

rectum, lung, mouth, leukemia, bone marrow, Hodgkin's disease, and non-Hodgkin's 

lymphoma, and what in all these diseases are common, a defect in the mechanisms 

regulating natural cell growth, cell proliferation, and death. In the meantime, breast 

cancer is the most common cancer and the most common cause of death due to cancer 

among women. All tumors are not cancerous and may be benign or malignant. 
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Benign tumors are abnormal but rarely fatal. On the other hand, malignant tumors 

are newer and cancerous. Early breast cancer diagnosis dramatically reduces women's 

mortality rate [1]. 

Two sets of genes are used to solve the problem of ranking candidate genes: the set 

of candidate genes and the set of known genes in the disease. In the set of known genes 

for a disease, some genes have already been proven to be linked to that disease. In the 

set of potential genes, there are unknown genes that we want to find based on how 

similar they are to the known genes to put the known genes for the disease in order. 

Researchers can study the output of the gene prioritization problem for final confir-

mation in the laboratory. The general strategy of computational methods is to measure 

the similarity of Candida genes with disease genes, called gene ranking [2]. 

Conventional genetic studies of breast cancer often do not identify the exact location 

of the pathogenic genes but rather identify areas within the genome that contain large 

numbers of Candida genes in breast cancer. Regarding prioritizing candidate genes in 

breast cancer, candidate genes are computationally prioritized in order of importance. 

Research in this field can lead to faster detection of breast cancer genes and ultimately 

be effective in more accurate diagnosis and treatment of this disease [3]. 

Identification of pathogenic genes often begins with conventional genetic studies. 

Current laboratory methods cannot determine the exact location of pathogenic genes on 

the genome. These methods can only identify areas of suspected disease on the genome, 

which contain many candidate genes. Laboratory evaluation of all Candidate genes in 

these areas requires exorbitant financial and time costs. Therefore, computational meth-

ods to prioritize candidate genes in these areas before using laboratory methods can 

dramatically change the pathogenic gene detection process. 

Identifying the true genes of breast cancer from a large number of candidate genes 

in the laboratory is very time-consuming and costly, so computational prediction of 

candidate genes before laboratory analysis is necessary because it saves time and time. 

2 Related Works 

Various studies have been conducted on the diagnosis of breast cancer. All of these 

researches have also yielded different results. Regarding computational algorithms, 

candidate gene prioritization tools are mainly divided into complex network-based 

methods and similarity-based methods. 

There is a general rule in all methods based on complex networks: genes with high 

and close interactions on the graph can be involved in the same disease [4, 5]. Existing 

ways based on complex networks are different in defining distance criteria. These meth-

ods are usually divided into two categories: local methods and global methods. Local 

methods are based on direct interactions between proteins or the shortest distance [4-

6]. Global methods earn similarity points based on the number of visits to each node on 

the network. Studies show that global random step algorithms with higher restart and 

republishing are more efficient than local network-based methods [7, 8]. 

There are three types of distance criteria in network-based methods for finding disease-

related genes: 
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2.1 Distance Direct neighbor 

In this criterion, genes directly between them have a score of one; otherwise, they 

have an infinite score. It is clear that the use of this criterion, the direct neighbor, is 

vulnerable to the lost interactions and false positive interactions that abound in protein 

interaction networks. 

Another disadvantage of this criterion is that it does not consider indirect interactions 

between proteins. Because, as shown in previous work such as [9], proteins that do not 

interact directly but have common neighbors or are close to each other tend to have the 

same biological functions. Usually, they participate in the same biological pathways 

[10]. Some methods, such as [11], count the number of common neighbors. In other 

words, candidate genes with more neighbors with known genes in the disease may play 

a role in the development of the disease. 

2.2 The shortest route length criterion 

The shortest path length between two biomolecules in a network of molecular inter-

actions is related to the speed of information communication or the degree of functional 

dependence between the two molecules. Therefore, the shortest path length is a good 

criterion for expressing the functional similarity between the two genes [12]. Although 

this criterion is better than the direct neighbor criterion, not considering alternative 

ways is one of the drawbacks of this method. 

As stated in work [13]. The presence of several pathways between two proteins in 

the network means a stronger functional relationship between the two proteins, and the 

strength and resistance of such networks to mutations are improved. 

The problem with the shortest path algorithm is that it considers only one of the 

shortest paths, and how many paths with the shortest path lengths between two proteins 

are ignored, nor do the paths with larger lengths between the two proteins. There is 

often more than one route between runs and even more than one shortest route. As 

mentioned, such pathways indicate a significant relationship between the two proteins. 

Another disadvantage of the shortest path algorithm is the low resolution. Because 

the path lengths in the number grid are integers, and the length of the largest path in 

biological networks is usually very short, this is due to the small world nature of these 

grids [14, 15]. 

Instead of these network-based local methods, global methods that use the entire 

network topology and multiple paths in the network are more efficient than local meth-

ods. 

2.3 Global distance 

Global distance methods do not have the disadvantages of local methods because 

they consider the overall network topology. Candida genes are first mapped with all 

known disease genes in these methods. These methods then map a score to each candi-

date gene. The score of each candidate gene depends on the location of the gene. The 
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closer the gene is to the disease-related genes, the higher the score of this gene, with a 

space size of 2.02 times the character size. The text must be fully justified. 

3 Proposed Method 

In this section, the biological data sources used in this research are first introduced. 

The general structure of the proposed method is introduced, and it ends with the details 

of the algorithm used and how to implement it. This research uses Protein-Protein In-

teraction Network, a human genome dataset, and genomic information in the UCSC 

database. This set has been used to create a set of breast cancer candidate genes in the 

method evaluation process. For each known gene in each disease, the first 99 genes 

from the chromosomal neighborhood of that gene are extracted from this data set, and 

a set with one hundred candidate genes is obtained. This dataset was downloaded from 

(http://genome.ucsc.edu/). 

Protein interaction networks are one of gene prioritization tools' most widely used 

data sources. The logic of using these data sources for gene prioritization is that proteins 

related to a specific disease tend to have many connections in interactive networks.  

From the point of view of biology, the interaction between proteins occurs when two 

or more proteins are connected to perform a specific biological function. Many current 

molecular processes in cells, such as DNA replication, can be considered the result of 

these protein bonds. So, in general, the interaction network between proteins can be 

defined as a complex system of proteins connected by interaction. 

The results of this research were evaluated by the Leave One Out Cross Validation 

(LOOCV) method, as most of the existing tools have used this method to measure their 

accuracy. This method is a special case of the K-Fold CV method when K=1. The 

LOOCV method removes a known breast cancer gene from the total number of known 

breast cancer genes, which we call the target gene at each stage. Next, 99 genes in the 

chromosomal neighborhood of this gene are extracted using the UCSC genomic data-

base, and the collection of these hundred genes forms the list of candidate genes for 

prioritization, see Fig. 1. 

The remaining genes known in breast cancer, i.e. (N-1) other genes, form the genes 

known in breast cancer. Next, the relationship score between genes and breast cancer 

is calculated for all the genes in the candidate set. Then the list of candidate genes is 

sorted based on the scores obtained. After finishing the prioritization, we evaluate the 

rank of the target gene by searching the prioritized list. 

 

 

 

http://genome.ucsc.edu/
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The best rank equals one, and the worst possible rank is 100. This process is per-

formed for all 25 known genes in breast cancer. Next, the method's efficiency will be 

calculated by calculating AUC (see Fig. 2). 

Since only one gene related to breast cancer is included among 99 random genes in 

the candidate genes, the error rate cannot be a suitable criterion to show the method's 

efficiency. When the positive and negative samples in a data set do not have a propor-

tional distribution, one of the appropriate ways to calculate the efficiency is to use the 

area under the ROC diagram. 

A proportion of the genes involved in breast cancer located below the threshold in-

dicates a True Positive Rate (TPR), and a proportion of non-pathogenic genes located 

 
Fig. 1. How to generate candidate genes for each target gene in breast cancer. 

 
Fig. 2. How to perform the cross-evaluation of the removal of a sample in the GPS tool. 
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below the threshold shows a False Positive Rate (FPR). The correct positive rate versus 

the false positive rate is plotted as a Receiver Operating Characteristic (ROC) curve 

graph. The area under the ROC chart is called the Area Under Curve (AUC), one of the 

efficiency measurement criteria. An ideal gene prioritization tool has an AUC value of 

1, while a random gene prioritization tool has an AUC value of 5. will be. Therefore, 

the higher the AUC, the higher the accuracy. 

The code used to determine the area under the graph in each prioritized list is in 

Appendix A. 

 

In addition to the AUC criterion, other criteria, such as TOP1%, TOP5%, and 

TOP30%, were used to evaluate the methods. These criteria express the number of tar-

get genes ranked under one, five, and thirty. 

4 Experimental Results 

Ranking results based on biological complex networks: 

Three network-based algorithms (network propagation algorithm, random step algo-

rithm with restart, and shortest path algorithm) were tested. The evaluation results on 

the HIPPIE protein interaction network showed that global network-based methods 

(network diffusion algorithm (84%) and random step algorithm with restart (83%) com-

pared to the local shortest path method (67%) have better accuracy. As seen in Fig 3 

and Table 1, both methods based on the global structure of the network have almost the 

same efficiency. Still, with a slight difference, it is preferable to the network diffusion 

algorithm. 

 

 

 
Fig. 3. Comparison of the efficiency of network-based algorithms in ranking breast 

cancer genes. 
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Table 1. Evaluation results of network-based algorithms on the HIPPIE data source 

Method AUC 

Network propagation 0.84 

Random walk with restarts 0.83 

Shortest distances 0.67 

 

According to the evaluations carried out in the HIPPIE-NP local ranking, the net-

work propagation algorithm was used on the HIPPIE dataset. The network propagation 

algorithm includes a free parameter called the restart rate alpha (α), which the user 

should set. In this research, all alpha values are in the range of 1/. Up to 9/. They were 

checked for network diffusion algorithms. The AUC values for the alpha parameter are 

shown in Fig. 4 to Fig. 6, and the optimal value for alpha is one-tenth in this study. This 

evaluation was done on breast cancer with 25 genes. 

The method presented in this research was also compared with other tools in this 

section. Existing tools for prioritizing candidate genes receive different information 

from the user as input. 

Therefore, direct comparison between many tools is impossible or difficult because 

they receive other inputs. Based on the research on eight famous tools in prioritizing 

candidate genes, the ENDEAVOUR software achieved a good performance [16]. These 

eight tools are [17-24]. 

 

According to the results of this research, ENDEAVOUR software was selected for 

comparison in this research. In addition, DIR software was also chosen for comparison 

because this software is similar to our method in terms of the number of resources used. 

The results of evaluations on our proposed method and two ENDEAVOUR DIR 

software are given in Fig. 5. The rank obtained for each gene is also given. 

 

 
Fig. 4. The effect of different values of the alpha parameter in the range of 0.1 to 

0.9 on the efficiency of the network propagation algorithm. 
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The evaluation results show that our proposed method performs better than other 

methods in most criteria. In the evaluations, the highest AUC value is related to this 

research method, and the lowest AUC value is connected to the DIR method Fig. 6. 

From the point of view of the number of genes correctly ranked first (TOP1%), our 

method and the DIR method have almost the same performance, and in both methods, 

two genes were ranked first. While this criterion in Endeavor software is higher than 

the above two methods, four genes were ranked first. In all three compared methods, 

the number of genes placed above the threshold of 30% (TOP30%) is almost close to 

each other, and more than 80% of genes in all three methods were placed at less than 

30. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 5. Comparing the efficiency of the software in the rank obtained for each 

of the breast cancer genes. 

 
 

Fig. 6. AUC rate for the three compared tools. 
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In this section, the method of research evaluation and efficiency criteria were intro-

duced, and then the research results were presented. Finally, the proposed method was 

compared with two gene prioritization tools. 

5 Discussion 

In this research, network propagation (NP), random walk with restart (RWR) and 

shortest path algorithms were implemented. Finally, the post-propagation network al-

gorithm was used in this ranking due to the appropriate efficiency. AUC values for each 

method are given in parentheses. The results of NP and RWR algorithms are somewhat 

similar, but the NP algorithm (84%) is marginally better than the RWR algorithm 

(83%). The evaluations show that NP and RWR national methods outperform the local 

shortest path method (62%). Because the methods based on the global structure of the 

network consider most of the interactions in the protein interaction networks in their 

calculations, this research shows that in the problem of gene prioritization, the network 

backpropagation algorithm performs slightly better than other global methods. The α 

parameter makes the algorithm flexible. The values of this parameter indicate the im-

portance of prior knowledge (genes known in breast cancer) versus the importance of 

the network structure. In this research, the alpha value was set to 10th and used in this 

ranking. This value for the alpha parameter indicates that more importance is given to 

the structure of the HIPPIE network. 

There are three types of distance criteria in network-based methods for finding genes 

associated with breast cancer: 

Direct neighbor: 

In this criterion, genes that have ridges directly between them have a score of one 

and otherwise have an infinite score. Clearly, this criterion, i.e., direct neighbor, is vul-

nerable to missing interactions and false positive interactions that are abundant in pro-

tein interaction networks. 

 

Another disadvantage of this criterion is not considering indirect interactions be-

tween proteins. Because proteins that do not interact directly with each other but have 

common neighbors or are close to each other in the network tend to have the same 

biological functions and usually participate in the same biological pathways, some 

methods, like [10], count the number of familiar neighbors. In other words, candidate 

genes with more neighbors with known genes in the disease may play a role in the 

occurrence of the disease. 

 

The length criterion of the shortest path: 

The shortest path length between two biomolecules in the network of molecular in-

teractions is related to the speed of information communication or the degree of func-

tional dependence between two molecules. Therefore, the length of the shortest path is 

a good measure to express the degree of functional similarity between two genes. Alt-

hough this criterion is better than the direct neighbor criterion, not considering alterna-

tive ways is one of the drawbacks of this method. 



Wasit Journal for Pure Sciences Vol. (2) No. (3)  

148 

 

The presence of several paths between two proteins in the network means a stronger 

functional connection between the two proteins, and the strength and resistance of such 

networks against mutations are improved. The problem of the shortest path algorithm 

is to consider only one of the shortest paths, and how many paths with the shortest path 

exist between two proteins are ignored, and it also does not consider the paths with a 

longer length between two proteins. Most of the time, there is more than one path be-

tween runs and even more than one shortest path. As mentioned, such pathways indicate 

a significant connection between two proteins. 

 

Methods based on global distance: 

It does not have the disadvantages of local methods. Because these methods consider 

the overall topology of the network, in these methods, candidate genes are first mapped 

along with all known breast cancer genes in the network. These methods then map a 

score to each candidate gene. The score of each candidate gene depends on the location 

of this gene. The closer the location of the gene is to the genes associated with breast 

cancer, the higher the score of this gene will be. 

6 Conclusion and Future Work 

Laboratory diagnosis of pathogenic genes is one of the hundreds of candida genes in 

breast cancer that is very time-consuming and costly. The enormous number and vol-

ume of connections between genes and diseases make studying genetic diseases in hu-

mans difficult and even impossible in the laboratory. The vast amount of biological 

information expanding daily has made using computational methods inevitable. This 

research could be an effective step in accelerating the process of detecting and detecting 

genes in breast cancer using computational algorithms. 

Identification of pathogenic genes often begins with conventional genetic studies. 

Current laboratory methods cannot determine the exact location of pathogenic genes on 

the genome, and these methods can only identify areas of suspected disease on the ge-

nome that contain many candidate genes. 

Laboratory evaluation of all Candidate genes in these areas requires exorbitant fi-

nancial and time costs. Therefore, computational methods to prioritize candidate genes 

in these areas before laboratory methods can make a dramatic difference in detecting 

pathogenic genes. 

Lack of properly integrated data and accuracy can be named as weaknesses of these 

methods. In this research, an attempt will be made to cover the weaknesses of the pre-

vious methods. 

A study of what has been done so far shows that the development of a global net-

work-based methodology combined with integrating data from different and heteroge-

neous data sources to create a gene ranking system with the possibility of automatically 

extracting new knowledge is essential. 
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7 Appendix A 

 

for (int k = 1; k <= sad100; k++){ 

 tempTP = 0; 

 tempFP = 0; 

 tempTN = 0; 

 tempFN = 0; 

 if (k < seedindex){ 

  tempTP = 0; 

  tempFP = k; 

  tempTN = sad100 - k - 1; 

  tempFN = 1; 

  TP[k] = TP[k] + tempTP; 

  FP[k] = FP[k] + tempFP; 

  TN[k] = TN[k] + tempTN; 

  FN[k] = FN[k] + tempFN;} 

 Else { 

  tempTP = 1; 

  tempFP = k - 1; 

  tempTN = sad100 - k; 

  tempFN = 0; 

  TP[k] = TP[k] + tempTP; 

  FP[k] = FP[k] + tempFP; 

  TN[k] = TN[k] + tempTN; 

  FN[k] = FN[k] + tempFN;} 

}//for k loop 

}//for each file 

 

for (int kk = 1; kk <= 100; kk++){ 

 Y[kk]=(double)TP[kk]/(double)(TP[kk]+FN[kk]); 

 X[kk]=1-((double)TN[kk]/(double)(TN[kk]+FP[kk]));} 

double AUC = 0.0; 

for (int n = 1; n <= 100 - 1; n++) { 

  AUC = AUC + (double)((Y[n] + Y[n + 1])  

                            *(X[n + 1] - X[n])) / 2.0;} 
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