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Abstract 

 Most of the real-world relationships between objects can be easily modeled as networks in 

their natural setting. Many of these relationships can be represented by signed networks where a 

positive-labeled edge represents the friendship, trust or support while a negative-labeled edge 

represents the enmity, distrust or oppose. Different mining tasks on these signed networks are 

getting attention in recent years due to their relevance to many applications in various domains, 

such as biological, social network analysis, communication. In this work, we focus on edge 

classification (sign/label prediction for edges) in signed networks where the task is to predict the 

label of the unlabeled edges. This edge classification problem in signed networks has a number 

applications in different domains of real-world, such as categorization, recommendation, and 

relationship discovery. In this work, we have proposed a novel framework named NPECF for 

classification of unlabled edges in the signed network. The proposed framework is novel in its way 

of utilizing the existing information in the signed network to predict the label of unlabled edges. 

The utiliziation of the unlabeled edges in NPECF using three spanning subgrah projections of the 

given network minimizes the information loss for edge classification and lead to higher accuracy 

as compared to existing techniques. The experiments performed on three real-world datasets from 

different domains show the effectiveness of the proposed framework as compared to existing 

techniques. 
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1. Introduction 

Many real-world systems in different domains, such as biological, social network analysis, and 

communication have relationships between objects that can be represented using signed networks 

with positive and negative edges. A positive-labeled edge in signed networks represents the 

friendship, trust, love or support while a negative-labeled edge represents the enmity, distrust, hate 

or oppose (Aggarwal et al., 2016; Leskovec et al., 2010a). These signed networks are prevalent and 

exist in many real-world domains. For example, Epinions1 is an online review website that users 

can use to either like or dislike reviews of other users (Leskovec et al., 2010a). The network of US 

senators and their positive and negative relationships inferred from co-sponsorship data (Aref & 

Wilson, 2017) is another example of a signed network in the social network domain. In the 

biological domain, Bornholdt, S. (2008) used signed network to give the simplified representation 

of the yeast regulatory network where interactions are classified into the two types i.e. activated 

(positive relationship) or repressed (negative relationship).  

Different mining tasks can be performed on signed networks to get rich insights. In this work, 

our focus is on the problem of edge classification (sign/label prediction for edges) for signed 

networks. In the edge classification problem, the task is to classify unlabeled edges as either a 

positive-labeled edge or negative-labeled edge in the network (Tang et al., 2016a; Leskovec et al., 

2010b). Classification of nodes in a network is a well-known and well-explored problem (Tang et 

al., 2016c; Aggarwal et al., 2016). However, the edge classification problem in a signed network 

is very challenging and it is relatively less explored as compared to node classification problem 

(Aggarwal et al., 2016). This edge classification problem in signed networks has a number of 

applications in different domains, such as categorization, recommendation generation, relationship 

discovery and trust/distrust prediction in social networks (Tang et al., 2016b; Fang et al., 2015). 

For real-world signed networks, manually labeling of the edges could be a daunting task due to the 

high cost involved in terms of time and effort. Therefore, using machine learning techniques, we 

 
1 http://www.epinions.com/ 

http://www.epinions.com/
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can utilize the information of the labeled edges to predict the label of the unlabeled edges in the 

network. However, the existing techniques may not be able to accurately classify the edges because 

real-world networks are highly sparse and very few of the edges are labeled due to the cost involved 

in it. Due to the scarcity of the labeled edges and high sparsity of the networks, the existing machine 

learning based techniques would not be effective for edge classification. 

Many earlier work on edge classification have utilized the structural balance theory for 

undirected signed networks for perception and attitude of individuals (Heider, 1946; Cartwright & 

Harary, 1956). Leskovec et al. (2010b) and Yang et al. (2012) are examples of the work where 

structural balance theory was utilized along with their proposed methodology for edge 

classification in signed networks. However, these work leveraged the domain-specific 

characteristics of graph-structured data and their effectiveness depends on the domain-specific 

assumptions (Aggarwal et al., 2016). These domain-specific assumptions are not valid across the 

domains and that would limit the applicability of these methods (Aggarwal et al., 2016). 

Considering this, in this work, we have proposed a novel framework named NPECF for 

classification of edges in a signed network. This framework is domain independent and applicable 

to the arbitrary domain for edge classification in signed networks. The proposed framework NPECF 

uses the structural information of the network and predicts the sign of the unlabeled edges in the 

network.  

The expected contribution of this study is a novel framework named as NPECF for edge 

classification in a signed network. This framework generates three spanning subgraph projections 

of the given signed network in such a way that each projection utilizes unlabeled edges to reduce 

the information loss while predicting the labels. Using these projections, NPECF framework 

computes the pairwise similarities of nodes in the network. The similarity scores of two projections 

which contain only positive edges and negative edges separately along with the unlabeled edges 

are compared with the third projection which is the given network but without label information. 

By these two comparisons, the information loss in terms of node similarity is found. The projection 
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which has lower information loss in terms of node similarity for an unlabeled edge is utilized to 

predict the label of that edge. The proposed framework is domain independent and can be applied 

to networks from any domain, such as biology, social networks, and communication. NPCEF is 

quite general and can be utilized for any arbitrary network in a variety of settings. NPECF works 

considering network structure and edge label information present in the network without specific 

assumptions about the problem domain or characteristics of graphs.  

The remaining of the paper is as follows. In Section 2, the related work is presented. In Section 

3, the background and problem definition for the edge classification is presented. The proposed 

framework NPECF for edge classification is presented in Section 4. Experimental setup and results 

are discussed in Section 5 and Section 6 respectively. Finally, we conclude the paper with future 

research directions in Section 7. 

 
2. Related Work 

Many data mining tasks can be performed on signed networks, such as node ranking, edge 

prediction, information diffusion, edge classification (sign/label prediction for edges), negative 

sign prediction for edges (Yuan et al., 2019; Tang et al., 2016a). Among these tasks, in the present 

study, our focus is on the task of edge classification in signed networks which is a link-oriented 

task. Various approaches based on behavior-relation interplay (BRI) model have been proposed for 

edge classification in signed networks (Agrawal et al., 2013; Yang et al., 2012; Bachi et al., 2012; 

Leskovec et al., 2010b). Domain-specific assumptions and behavioral evidence for learning are 

utilized to predict the label of the relationships in signed networks using these approaches 

(Aggarwal et al., 2016). These approaches are based on domain-specific assumptions for a signed 

network to perform the edge classification. Also, the methods mentioned earlier requires 

specialized domain-specific assumptions. Utilization of the domain-specific assumptions for edge 

classification make these approaches unsuitable for the problem considered in this paper (Aggarwal 

et al., 2016).  
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Kunegis et al. (2010) proposed a spectral method for different mining tasks on the signed 

network. They studied the signed graph Laplacian for signed network and performed clustering, 

rating prediction in recommendation network, visualization. Aggarwal et al. (2016) proposed a 

neighborhood-based method for predicting the label of unlabeled edges in the signed network. 

Their proposed approach is not domain specific and utilizes the network structure and edge label 

information present in the network to perform the edge classification of unlabeled edges. Aggarwal 

et al. (2016) proposed to utilize the unlabeled edges along with the labeled edges to predict the 

label of the unlabeled edges. However, the performance of their proposed method is adversely 

affected when the network has a high number of unlabeled edges and the sparsity of the network is 

high (Aggarwal et al., 2016). Zhou et al. (2018) proposed a random walk on the signed network for 

clustering of nodes in the network. But in their proposed random walk they had the assumption that 

the random-walker would have less probability to traverse on the negative labeled edge as 

compared to the positive labeled edge which restricts its application to the arbitrary domain. Of 

late, Jung et al. (2019) proposed a random walk-based method for ranking of nodes in signed 

networks and applied their methodology for sign prediction for edges. They proposed Signed 

Random Walk with Restart (SRWR) for signed networks and utilized that for label prediction for 

edges. In their approach for label prediction, they basically removed all the unlabeled edges from 

the network and utilized only the labeled edges for a random walk. In their work, they have shown 

that the proposed SRWR approach is highly accurate as compared to earlier techniques, such as 

Guha et al. (2004), Leskovec et al. (2010b), Wu et al. (2016) for label prediction in signed networks. 

However, SRWR is affected when a large number of edges are unlabeled. In that case, since SRWR 

removes all unlabeled edges, due to high information loss the accuracy of edge classification would 

not be high.  

Considering the limitations of the earlier techniques, in the present study, we have proposed a 

novel framework named as NPECF (Network Projection-based Edge Classification Framework) 

for edge classification in signed networks. The proposed framework utilizes the structural 
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information and edge label information present in the given network for edge classification. NPECF 

is not based on social balance theory and does not depend on the domain-specific assumptions for 

edge classification. Hence, it is applicable to any signed network from an arbitrary domain. NPECF 

addresses the problem of information loss due to the removal of unlabeled edges in the signed 

network by projecting the given network into three spanning subgraph projections where one of 

the projection contains all the edges but does not have label information. Rest of the two projections 

contains only positive edges and negative edges with unlabeled edges. Using these three projections 

the NPECF computes the pairwise similarities of nodes and determine the appropriate label for the 

unlabeled in the network by comparing the scores with the scores of the projection that has all the 

edges. The proposed framework does not remove unlabeled edges in the network for reducing the 

information loss but utilizes them in a novel way to determine the label of the unlabeled edges. 

 

3. Background and Preliminaries 

To understand the methodology of the proposed framework NPECF, we first need to 

understand the mathematical notations used. For that, in this section, the background, preliminaries 

and important definitions are presented. Some important and frequently utilized notations are listed 

in Table 1. 
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Table 1 Important notations 

Notation Description 

퐺 = (푉,퐸 ∪ 퐸 ) Signed graph with positive and negative labeled edges 

푉, 퐸 = 퐸 ∪ 퐸  Set of nodes and set of edges (positive and negative labeled) in 퐺 

퐸 , 퐸  Set of labeled and unlabeled edges in the network 

푙 ∈ {+,−} Label of edge 푣 ,푣  

푛 (= |푉|),  푚 (= |퐸|)  Number of nodes and edges in 퐺 

퐴 ∈ {−1,0,1} ×  Signed adjacency matrix 

퐴 ∈ {−1,0,1,푥} ×  Signed adjacency matrix of a graph with unlabeled edges where 푥 
is the label of the unlabeled edges and 푥 ∈ {1,−1} 

퐴 ∈ {0,1} ×  Adjacency matrix for positive and unlabeled spanning subgraph 
projection of the graph 

퐴 ∈ {0,1} ×  Adjacency matrix for negative and unlabeled spanning subgraph 
projection of the graph 

퐴 ∈ {0,1} ×  Adjacency matrix for total spanning subgraph projection of the 
graph 

푆푀 ∈ ℝ ×  Pairwise similarity matrix for 퐴  

푆푀 ∈ ℝ ×  Pairwise similarity matrix for 퐴  

푆푀 ∈ ℝ ×  Pairwise similarity matrix for 퐴  

퐷푆푀 ∈ ℝ ×  Difference score matrix for 푆푀  and 푆푀  

퐷푆푀 ∈ ℝ ×  Difference score matrix for 푆푀  and 푆푀  

 

To have the understanding of a signed network, they are formally defined in Definition 1. 

Definition 1 (Signed Network). A signed network is represented as a graph  

퐺 = (푉,퐸 ∪ 퐸 ) with the adjacency matrix 퐴 ∈ {−1,0,1} × , which denotes relationships 

between nodes as follows: 

퐴 =
1,            푖푓 푣  푎푛푑 푣  ℎ푎푣푒 푝표푠푡푖푣푒 푟푒푙푎푡푖표푛푠ℎ푖푝
−1, 푖푓 푣  푎푛푑 푣  ℎ푎푣푒 푛푒푔푎푡푖푣푒 푟푒푙푎푡푖표푛푠ℎ푖푝

0,                                                                표푡ℎ푒푟푤푖푠푒
 



8 
 

 Many real-world networks are signed. Using signed adjacency matrix, we can represent 

these networks. In the signed adjacency matrix, zero represents the absence of a relationship 

between nodes (Tang et al., 2016a).  

 In this work, our focus is on the problem of prediction of labels for unlabeled edges in the 

network. This is also known as edge classification (Aggarwal et al., 2016) and is defined in 

Definition 2. 

 
Definition 2 (Binary Edge Classification). Given an unweighted and undirected signed 

network, 퐺 = (푉,퐸 ∪ 퐸 ) and a set of labeled edges 퐸 ⊆ 퐸, where each edge 푣 ,푣 ∈ 퐸  has a 

binary label 푙 ∈ {+,−}, the edge classification problem is to determine the labels for the edges 

in 퐸 = 퐸\퐸 . 

In this work, we are considering signed networks which are partially labeled i.e. 퐺 =

(푉,퐸 ∪ 퐸 ∪ 퐸 ) i.e. some edges do not have the label information (the label information of these 

edges are represented as 푥 ∈ {−1, +1}) then the adjacency matrix would be as follows: 

 

퐴 =

⎩
⎪
⎨

⎪
⎧ 1,                                 푝표푠푡푖푣푒 푟푒푙푎푡푖표푛푠ℎ푖푝
−1,                               푛푒푔푎푡푖푣푒 푟푒푙푎푡푖표푛푠ℎ푖푝
푥,       푙푎푏푒푙 표푓 푟푒푙푎푡푖표푛푠ℎ푖푝 푖푠 푛표푡 푘푛표푤푛
0,                                            푛표 푟푒푙푎푡푖표푛푠ℎ푖푝

 

 
In real-world, the networks are very sparse and the relationships represented by edges are 

scarcely labeled and the task is to predict the label of unlabeled edges in the network i.e. we have 

to predict the label information 푥 of the unlabeled edges.  

 
4. NPECF: Framework for edge classification in signed networks 

In this section, we discuss the proposed framework for binary classification of unlabeled edges 

in the network. We also give an illustration to understand the working of the proposed framework. 
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4.1. Description of the Framework 

The proposed framework NPECF is novel in terms of using three spanning subgraph 

projections of the given signed network. NPCEF works in two phases as shown in Fig. 1.  

 

Fig. 1. NPECF for edge classification in signed networks 
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In the first phase, two steps are performed namely projection and similarity computation. In 

the projection step, the first projection termed as positive-unlabeled projection keeps all the nodes 

of the given network but only positive edges with unlabeled edges in the network. The second 

projection, termed as negative-unlabeled projection has only negative edges with unlabeled edges. 

The third projection, called total projection keeps all the edges but disregard their label information 

and also has unlabeled edges. Next step in this phase is to compute the pairwise similarity between 

nodes of each projection. We can utilize any suitable algorithm to compute the pairwise similarity 

between nodes for each projection, however, if the utilized algorithm is effective in computing the 

pairwise similarity between nodes then it would lead to the better performance of the NPECF. After 

computing the pairwise similarity between nodes, we get three similarity matrices called the 

similarity matrix for the positive-unlabeled projection (푆푀 ), similarity matrix for negathe tive-

unlabeled projection (푆푀 ) and similarity matrix for total the projection (푆푀 ) for positive-

unlabeled projection, negative-unlabeled projection and total projection respectively. 

The adjacency matrices for the positive-unlabeled projection (퐴 ), negative-unlabeled 

projection (퐴 ) and total projection (퐴 ) are computed as follows: 

퐴 =
|퐴 | + 퐴

2  (1) 

퐴 =
|퐴 | − 퐴

2  (2) 

퐴 = |퐴 |  (3) 

Here, |퐴 |  is the absolute adjacency matrix when we assume a positive label of 

unlabeled edges. However, 퐴  is the adjacency matrix when we assume a positive label for 

unlabeled edges. From these adjacency matrices, we compute the similarity matrices as follows: 
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푆푀 = 푓 (퐴 ) (4) 

푆푀 = 푓 (퐴 ) (5) 

푆푀 = 푓 (퐴 ) (6) 

 Here, 푓 (∙) is the function which corresponds to the algorithm that computes the pairwise 

similarities between nodes in the network. 

In the second phase of NPECF, we have two steps called score difference computation and 

edge labeling. In the score difference computation step, we compute the absolute differences 

between 푆푀  and 푆푀  and also 푆푀  and 푆푀  to get difference score matrices called 퐷푆푀  

and 퐷푆푀  respectively. These difference score matrices correspond to the information loss of 

positive-unlabeled projection and negative-unlabeled projection with respect to total projection. 

For pairwise similarity computation, the total projection uses the complete information present in 

the network after disregarding the sign of edges. However, 푆푀  and 푆푀  has pairwise 

similarities considering only positive and negative edges along with the unlabeled edges 

respectively. So the difference between 푆푀  and 푆푀 , and 푆푀  and 푆푀  would give the 

information regarding which projection corresponding to the edge for which absolute difference is 

being computed is closer to the total projection and thus the sign of that unlabeled edge can be 

decided accordingly. In the second step of this phase, we do the edge labeling for unlabeled edges 

according to the comparison of 퐷푆푀  and 퐷푆푀 . Whichever score is lower, we assign the 

sign of that projection (positive for 푆푀  and negative for 푆푀 ) to the unlabeled edge. We 

compute 퐷푆푀  and 퐷푆푀  using the following equations: 
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퐷푆푀 = |푆푀 − 푆푀 |⨀
퐴 − 퐴

2  (7) 

퐷푆푀 = |푆푀 − 푆푀 |⨀
퐴 − 퐴

2  (8) 

Here, ⨀ is the operator for the elementwise product of two matrices. For an unlabeled 

edge 푣 ,푣 ∈ 퐸 , the predicted label 푙  would be as follows: 

 

푙 =
−, 퐷푆푀 − 퐷푆푀 > 0
+, 퐷푆푀 − 퐷푆푀 < 0

 (9) 

 

 For an active user, the weights assigned to different meta-paths represent the interest of that 

user. The higher weight of a meta-paths indicates that the semantic of that meta-paths reflects the.  

 

4.2. Illustration 

To understand the working of the proposed framework NPECF, we consider a toy signed 

network shown in Fig. 2(a). This network has six nodes and nine edges. Three of the edges have 

negative labels, five edges have positive labels and one edge (푣 , 푣 ) is unlabeled for which we 

have to predict the label. The adjacency matrix 퐴  of this network and three adjacency matrices 

(퐴 , 퐴  and 퐴 ) for its three projections are shown in Fig. 2(b). 

For these three adjacency matrics i.e. 퐴 , 퐴  and 퐴 , we perform the pairwise node similarity 

computation using SimRank (Jeh & Widom, 2002). After applying SimRank, we get three 

similarity matrices called 푆푀 , 푆푀  and 푆푀  as shown in Fig 2(c). Using these similarity 

matrices, we compute the difference score matrices 퐷푆푀  and 퐷푆푀  using Eq. (7) and Eq. 

(8). After that, we can do prediction of the unlabeled edge using Eq. (9). In this particular example, 

there is only one edge (푣 , 푣 ) which is unlabeled. For this edge, we compare the score of 퐷푆푀  

and 퐷푆푀  and according to Eq. (9), the appropriate label is assigned to this edge. In this 
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example, since 퐷푆푀 −퐷푆푀 < 0 i.e. (0.0020 – 0.0127 < 0) therefore, this edge is assigned 

the positive label. 

 

 
(a) (b) 

 

 
(c) 

Fig. 2. A toy network and adjacency matrices of its projections 

 

 

5. Experimental Setup 

In this section, we discuss the experimental setup to perform a set of experiments on three real-

world datasets from different domains. All experiments were performed on a system using R 

version 3.6.0. 
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5.1. Datasets 

For experiments, we have utilized Epinions1, Slashdot Zoo2 and Wikipedia Requests for 

Adminship (RfA)3 datasets. The different statistics of these datasets are given in Table 2. 

Table 2 Description of datasets 

Dataset #Nodes #Edges #Positive Edges #Negative Edges Directed 

Epinions 131,828 841,372 717,667 (85.3%) 123,705 (14.7%) Yes 

Slashdot Zoo 77,357 516,575 396,378 (76.73%) 120,197 (23.27%) Yes 

Wikipedia RfA 11,278 185,627 144,451 (77.82%) 41,176 (22.18%) Yes 

 

In their original form, these datasets are directed and the number of positive edges is very high 

as compared to negative edges. So, before utilizing them for experiments we perform data pre-

processing. Since NPECF is for undirected graphs, so in order to make these datasets undirected, 

we consider only those node pairs which have same sign edges in both directions. However, that 

will make the network disconnected. So we take a connected component in such a way that the 

number of positive and negative labeled edges are going to be balanced. After pre-processing, we 

get the three pre-processed datasets as shown in Fig. 3-5 and their statistics are given below in 

Table 3. From Table 3, we can see that the number of positive edges and the negative edges in these 

three datasets are balanced after pre-processing, so the experiments performed on these datasets 

would lead to meaningful conclusions. 

Table 3 Description of datasets after pre-processing 

Dataset #Nodes #Edges #Positive Edges #Negative Edges Density 

Epinions 2,952 5,923 2,960 (49.97%) 2,963 (50.03%) 0.136% 

Slashdot Zoo 3,137 4,411 2,181 (49.44%) 2,230 (50.56%) 0.089% 

Wikipedia RfA 1,738 2,968 1,482 (49.93%) 1,486 (50.07%) 0.197% 

 
1 https://snap.stanford.edu/data/soc-sign-epinions.html 
2 https://snap.stanford.edu/data/soc-sign-Slashdot081106.html 
3 https://snap.stanford.edu/data/wiki-RfA.html 

https://snap.stanford.edu/data/soc-sign-epinions.html
https://snap.stanford.edu/data/soc-sign-Slashdot081106.html
https://snap.stanford.edu/data/wiki-RfA.html
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The Epinions dataset is a who-trust-whom online social network1 of consumer reviews. 

Using Epinions, a review given by a consumer can be either trusted or distrusted by other cosumers. 

In the network of Epinions dataset, these records of trust or distrust relationships are kept as signed 

edges. A trust relationship is represented by a positive edge and a distrust relationship is represented 

as a negative edge in the network. After pre-processing of the dataset, we get the final connected 

network as shown in Fig. 3.  

 

 

 

(a) (b) 

Fig. 3. Epinions network after pre-processing. In (a), the green edges show the positive 
relationship between nodes and the red edges show the negative relationship between nodes. In 
(b), the degree distribution of the network is shown that follows the long-tail.   

 

 

Slashdot2 is a technology-related news website and it is known for its specific user 

community. The users of Slashdot can tag each other as friends or foes after introduction of the 

Slashdot Zoo feature in 2002. Slashdot records these friend or foe relationships between the users 

of Slashdot. After pre-processing of the dataset, we get the final connected network as shown in 

Fig. 4. 

 
1 https://www.epinions.com 
2 https://slashdot.org/ 

https://www.epinions.com
https://slashdot.org/
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(a) (b) 

Fig. 4. Slashdot Zoo network after pre-processing. In (a), the green edges show the positive 
relationship between nodes and the red edges show the negative relationship between nodes. In 
(b), the degree distribution of the network is shown that follows the long-tail.   

 

 
(a) (b) 

Fig. 5. Wikipedia RfA network after pre-processing. In (a), the green edges show the positive 
relationship between nodes and the red edges show the negative relationship between nodes. In 
(b), the degree distribution of the network is shown that follows the long-tail.   

 

Wikipedia is an open collaboration-based free online encyclopedia. A Wikipedia editor can 

become an administrator and for that  a request for adminship (RfA) is submitted. In response to 

RfA, supporting, neutral, or opposing votes may be casted by Wikipedia members. In Wikipedia-

RfA dataset, these supporting or opposing relationships are recorded. The supporting relationship 
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is considered as a positive edge in the network and an opposing relationship is considered as a 

negative edge in the network. After pre-processing of the dataset, we get the final connected 

network as shown in Fig. 5. 

5.2. Algorithms for comparison and performance evaluation 

To show the effectiveness, the performance of NPCEF is compared with the following sign 

prediction techniques applicable to unweighted and undirected signed networks. These techniques 

do not assume any domain specific assumptions for edge classification and suitable for the problem 

discussed in this paper. 

 Signed Random Walk with Restart (SRWR): This is a method which is utilized for personalized 

ranking of nodes in the signed networks and can be utilized for sign prediction of unlabeled 

edges in the signed networks (Jung et al., 2019). 

 Neighborhood-based Algorithm (NbA): In this method, the neighborhood of the nodes on 

which unlabeled edges are incident are considered while predicting the sign of the unlabeled 

edges (Aggarwal et al., 2016).  

For evaluation of the performance of the methods, we use the accuracy of classification of 

unlabeled edges in the network which is defined as given below: 

퐴푐푐푢푟푎푐푦 =
#푐표푟푟푒푐푡푙푦 푙푎푏푒푙푒푑 푒푑푔푒푠

#푢푛푙푎푏푒푙푒푑 푒푑푔푒푠  (1) 

The higher value of the accuracy means the method is effective for classification of unlabeled 

edges in the network. The 퐴푐푐푢푟푎푐푦 ∈ [0,1] where 0 indicates that no unlabeled edge in the 

network has been classified correctly by the method being evaluated and a value 1 indicates that 

all unlabeled edges in the network have been classified correctly by the method being evaluated. 

To evaluate the performance of different algorithms on each dataset, 푥% (where 푥 = 2, 4, 6, 8 

and 10) of the labeled edges are selected from the network. We use the label information of those 

edges as prior knowledge. The classification of the unlabeled edges is performed using that prior 
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knowledge and we compute the accuracy of different algorithms. This process is repeated 10 times 

for each value of 푥 and the average value of accuracy is reported in the results. 

For SRWR, we take the optimal values of parameters according to Jung et al. (2019). The 

values of parameters 훽 and 훾 are taken as 0.5 and 0.8 respectively for Epinions and Slashdot Zoo 

datasets as described in Jung et al. (2019). For Wikipedia RfA dataset, the values of parameters 훽 

and 훾 are taken as 0.3 and 0.5 respectively. For NbA, we take the value of parameters 휇 as 0.5 and 

neighborhood size as 100 for all three datasets following Aggarwal et al. (2016). For NPECF, we 

have used SimRank (Jeh & Widom, 2002) in phase-1 to measure the pairwise similarities between 

nodes in the network. However, our framework could use any other more effective algorithm to 

compute the pairwise similarities which would improve the overall performance of NPECF. In our 

experiments, for SimRank, we take the value of decay factor as 0.6 and number of iterations are 

taken as 5 (Jeh & Widom, 2002) for all three datasets.  

 
6. Experimental Results and Discussion 

In this section, we present the experimental results for the three datasets i.e. Epinions, Slashdot 

Zoo and Wikipedia RfA. The accuracy charts for these three datasets are shown in Fig. 6-8. From 

these charts, it is clear that the accuracy of NPECF is higher as compared to SRWR (Jung et al., 

2019) and NbA (Aggarwal et al., 2016).  

As we can see from the charts that when a large number of edges are unlabeled then the 

accuracy of the NbA approach would be very low and Aggarwal et al. (2016) has already mentioned 

that in their paper. The approach proposed by Aggarwal et al. (2016) is primarily based on the 

information of the labeled edges on the same node on which unlabeled edges are incident. However, 

in their approach, the labeled information is not being diffused in the network so this limits the 

accuracy of their approach and performance is get affected when a large number of edges are 

unlabeled. 

From the charts, we can see that the performance of SRWR (Jung et al., 2019) is better than the 

approach proposed by Aggarwal et al. (2016). However, the accuracy of SRWR for classification 
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of unlabeled edges would be less than the NPCEF. The SRWR utilizes only labeled edges for 

prediction of edges in the network along with their sign. Since in their work, all unlabeled edges 

are removed for the edge classification task, therefore, it results in information loss and when in 

the network a large number of edges are unlabeled then the accuracy of SRWR would be adversely 

affected.   

The accuracy of the proposed NPECF is better than other methods considered for comparison 

for all three datasets. Since NPCEF utilizes in a novel way the information of the unlabeled edges 

to determine the sign, therefore, the information loss in NPCEF would be less as compared to 

SRWR and the approach proposed by Aggarwal et al. (2016). 

 

Fig. 6. Accuracy results of different algorithms for Epinions dataset 
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Fig. 7. Accuracy results of different algorithms for Slashdot Zoo dataset 

 

 

Fig. 8. Accuracy results of different algorithms for Wikipedia RfA dataset 
 

7. Conclusion and Future Research Directions 

In this paper, we have proposed a network projection-based framework named NPECF for 

binary classification of edges in unweighted and undirected signed networks. The proposed 

framework is effective in prediction of sign of unlabeled edges. This framework utilizes three 

projections of the given network with very few edges signed to predict the sign of the unlabeled 

edges in the network. The proposed framework can utilize the information of the unlabeled edges 
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in the network along with the positive and negative labeled edges to predict the sign of the unlabeled 

edges. This framework is novel in its way to utilize the information of the unlabeled edges to reduce 

the information loss to improve the accuracy of classification of edges. The performance of the 

proposed framework is compared with other contemporary methods for edge classification using 

three real-world datasets. The accuracy of the proposed framework is higher as compared to the 

other methods that show the effectiveness of the proposed framework. 

The proposed NPECF framework is for unweighted and undirected signed networks. In the 

future, we would like to extend the proposed framework to be applicable for the weighted and 

directed network for sign prediction. Another interesting future research direction could be the 

extension of the framework for prediction of weights along with the signs for unlabeled edges in 

the weighed signed networks.  
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