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Abstract 

Link prediction in social network projects in which new connection goes to be 

possible inside the network. Link prediction techniques are categorized into 

learning-based and similarity-based. This study focused on similarity-based 

approaches, which discover similarities among pairs of nods and make choices 

based on the commonality between them. Furthermore, similarity-based 

approaches are categorized into local, global, and hybrid methods, whereas the 

local similarity approaches are also categorized into normalized and 

unnormalized approaches. We have argued that normalized approaches can 

perform better than unnormalized ones due to their simplicity. Moreover, we also 

found that several similarity approaches can perform better than others on a few 

datasets, while their results are degraded upon other datasets. We compared state-

of-the-art normalized and unnormalized link prediction techniques (i.e., 

Jacquard, Salton-Index, Adamic-Adar, Preferential-Attachment, CN, LHN, etc.) 

to find which technique performs better than others on various datasets using five 

datasets (i.e., Astro, Cond-Mat, Gr-Qc, Hep-Ph, and Hep-Th) Our results show 

that normalized similarity better performs than unnormalized one in link 

prediction. Normalized similarities Hub Promoted, and SAM performs especially 

well in link prediction as they obtained a 99% accuracy threshold of 0.1 and a 

79% accuracy threshold of 0.7, much higher than other similarity measures. 

Keywords: Link prediction, Measure, Normalized, Similarity Unnormalized, 

Social network analysis. 
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1. Introduction 

Social communication is a group of people that participate together in some places 

or societies to share information or ideas and make relations with each other [1]. 

Social networks can be connected online on social sites such as Facebook, Twitter, 

Instagram, and Google+ but they can be offline too such as communication with 

people in, colleges, schools, and other public places in social gatherings [2]. Using 

social networks, you make new friends or stay in touch with old college friends, 

celebrate functions with your family halfway around the world, meet peoples 

whose likes and dislikes are like yours, join groups of your interest, or even can 

disappear from groups. Social networks can look like a social graph where peoples 

or participants perform the role of nodes, and their relationship presents edges, 

links, or ties between these nodes [3]. 

Social network analysis is the job to explore social structure by applying graph 

theory. It specifies network structure in terms of nods (peoples) and links that connect 

them [4]. Social community analysis is facing many problems, one of them being 

dynamic which means that nodes and edges can seem and disappear close to the 

future [5]. Such prediction for the lacking or new link is overly critical, not only for 

the evaluation work but also for finishing social networks. Link prediction is used to 

expect future links in a network. It can also be used to predict lacking links in a 

network because of the incompletion of data. Link prediction has a lot of applications 

[6]. First, it could be utilized in Endorsed machines to help humans for finding 

friends. Second, it can be used to locate interesting objects in online buying. Third, 

locate experts and co-authors in the academic social community. Finally, the link 

prediction procedure also can be done in bioinformatics and science, for example, in 

human services and gene expression systems, predicting experts who're much more 

likely to acquire destiny referrals and locating protein-protein interactions [7]. 

Researchers are facing many problems in the field of social network analysis [8]. 

One of them is the prediction of connections, which indicates that nodes and 

boundaries will often appear and disappear. This challenge is made more complicated 

by the complex existence of social networks. Also, we can use incomplete data to 

predict missing links in a network. Consider the social graph G (as shown in Fig. 1) 

for around five individuals (i.e., U, V, W, Y, and Z). Some of the nodes, such as (U, 

V, Y, Z) at time T, have no relation to others. We can think about the connection 

prediction after some time, at time T+1, the individual (U, V, W) can establish a new 

relationship during all this time as all three nodes have a common friend W. This role 

is known as predicting ties. All None connected pairs of nods would assign a rating; 

a higher rating means a high possibility that nodes A and B could be connected in the 

future. The learning-based method considers the problem as a binary category project. 

During the ultimate decade, loads of work have been accomplished on link prediction. 

Link prediction can be categorized in two ways:  

Link prediction strategies and hyperlink prediction problems. According to 

wing [9], link prediction techniques may be allotted into four categories. (1) 

According to the basic records of the network, the first-class primary class includes 

nods, topology, and social ideas. (2) In the second category, topology is also 

divided into paths, friends, and random walk; the social concept is likewise divided 

into the network, triad, structural hollow, tie strength, and homophile. (3) The 

1/three category contains easy famous link prediction strategies, primarily based 

totally on a node, neighbour, direction, random stroll, and social theory. (4) The 
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fourth class consists of out of doors records which include weights, attributes, and 

information repository. Here in our work, focusing on neighbour-based link 

prediction strategies [10]. 

Link prediction technique is categorized into normalized and unnormalized 

techniques [11] where Jacquard, Sorenson index, SC, and HP fall into a normalized 

category, while Common Neighbours, Adamic Adar, Resource Allocation, Leicht-

Holmes-Norman fall into the unnormalized category. Furthermore, these link 

prediction techniques fall into the neighbour-based category. Normalized similarity 

approaches produce a similarity score between 0 and 1, while unnormalized 

similarity approaches produce a similarity score of more than zero. A common 

neighbour works for two strangers who have a common friend. Likewise, the 

Jaccard index is a normalized form of the Common neighbour technique [12]. 

Similarly, Sorenson index Factors that decrease the degree of nodes would have a 

high link like a hood. While Adamic Adar purpose Adamic-Adar to figure out the 

similarity between two internet pages. In Adamic-Adar common-neighbour has 

fewer neighbours and is weighted heavier. In Preferential-Attachment (PA), a new 

link will be more possible to connect to high-degree nods than lower-degree nodes 

[13]. Finlay Resource Allocation works like Preferential Attachment, but Resource 

Allocation punishes higher-degree nodes more heavily. 

 

Fig. 1. Link prediction time t [3].  

In this study, our focus will be on performing the comparisons between 

normalized and unnormalized similarity-based approaches (i.e., Jaccard index, 

Salton-Index, Hub-Promoted-Index, Sorensen-index, Hub-Depressed-index, CN, 

AA PD, PA). In this regard, analysed five datasets (i.e., Astro, Cond-Mat, Gr-Qc, 

H3p-Ph, and Hep-Th). For the evaluation of techniques, accuracy measures will be 

used. The findings will be effective to find out the best link prediction technique. 

The normalized and unnormalized similarity measures consist of (i.e., Jaccard 

index, Salton-Index, Hub-Promoted-Index, Sorensen-index, Hub-Depressed-index, 

CN, AA PD, PA). A detailed description of all similarity measures with time 

complexity discusses in the similarity measure. 

“Consider a graph G (V, E), Where He stands for the set of edges and V stands 

for the set of no nodes. Let A and B be nodes of a graph G; J (A, B) calculates the 

similarity between A and B. The probability that A and B may be linked within the 

destiny depends on their similarity value at the current time t. The similarity relies 

on the range of paths between nodes. Let A and B be two people in a social network, 
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A and B will interact if they have a high wide variety of paths or neighbors between 

them, after which, they can be connected in the future. The task is to predict such a 

link that will connect near in the future.?” 

Find the answer to the following research question. 

• Question 1: How accurate are normalized similarity measures? 

• Question 2: How accurate are unnormalized similarity measures? 

• Question 3: Do normalized similarity measures outperform unnormalized 

similarity measures?  

The remainder of this paper is as follows: Section 2 represents related work. A 

link prediction Technique is explained in section 3. The results of the experiments 

are discussed in section 4. In the end, section 5 concludes the paper and presents 

some future directions. 

2. Literature Review 

It is the potential to classify link Prediction (LP) into 3 separate families, per [14] 

similarity-based, most probability, and probabilistic models. This last family, 

however, is commonly spoken of as applied math relative models within the list the 

term is employed for different applied math however non-probabilistic solutions, 

like tensor factorization. 

The maximum probability algorithms of L-P assume a given structure (e.g., a 

hierarchy, a gaggle setting, etc.) wing worked [15]. Inside the graph and construct 

a model per it. Then, supported by this model, the chance of edges not contained 

within the original graph may be computed as mistreatment in most chance 

algorithms. The foremost influential contribution of those algorithms is their 

capability to produce insight into the graph structure (i.e., however, its topology is 

diagrammatic and why), data that will be used for functions aside from L-P. One 

example of this type of formula is the stratified Random Graph. This creates an 

illustration of a dendrogram representing the graph's stratified abstraction [16]. An 

inventory of relation chances is inferred from the agreement dendrograms that most 

properly define the graph hierarchically. On the idea of those, one will then predict 

that edges within the graph square measure occur. Initial graph, per the stratified 

form [17]. The third and last family of disc ways is similarity-based algorithms 

[18]. These algorithms calculate a similarity score between every try of vertices 

within the graph on the premise of their relationships [19].  

Nowadays, the foremost well-liked approach is to seek out the amount and 

length of existing ways from one vertex to the opposite, as a path between two 

vertices could be a quite commonality. Similarity-based algorithm's area units are 

divided into three categories supported by the general path length that they are 

following [20]. To judge their similarity, solely the direct relationships of the tray 

of vertices area unit thought about by native similarity-based algorithms of the disc 

[21]. International similarity-based algorithms contemplate ways while not length 

limitations (i.e., all accessible vertices) and contemplate ways with a variable range 

of steps as a trade-off between each quasi-local similarity-based algorithm. 

By acting in a variable variety of steps, Quasi-local indices aim to be a balance 

between world and native ratings, between effectiveness and performance [22]. 

Exploring a sub-graph of variable radius size supported the sting being measured, 
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or what is constant. By taking under consideration a bigger portion of the graph, 

quasi-local indices square measure meant to realize higher accuracies whereas 

keeping a sensible procedure expense [23]. On the stochastic process model, the 

foremost common quasi-local indices square measure based mostly, And the 

number of routes between the vertices of the pair [24]. Fundamentally, be that as it 

may, all semi Neighbourhood records get from nearby scores: semi-nearby files are 

equivalent to any neighbourhood score if the quantity of steps is set to one. The 

semi-nearby file Neighbourhood way list (LPI) 1 diminishes basic neighbours to 

the neighbourhood score, for example, although arbitrary walk and neighbourhood 

irregular walk are superimposed by semi-neighbourhood lists, the nearby score 

asset assignment decreases [25]. 

The challenging job is to predict effective similarity techniques in social 

communication. On the base of the algorithm, the network is divided into two classes 

global and local similarity [26]. Global similarity worked on exceptional cases used 

for NP-Hard metrics. They track deleted and missing links using an algorithm from 

any graph. The local similarity is used in the optimal attack and focuses on the CN 

target link in a group [27]. Discussed the different social features and check the effect 

of link prediction in a graph structure by giving weight on the edge they show the 

boundary of different connections. Wing worked on unique features to enhance and 

justify the most important feature which plays a key role in the social profile [28]. 

Also, discuss similarities for social contact people prefer to participate with others 

belonging to perfect language and nationality. Presented that predicts link for an 

online social network that interacts between different network and combine 

friendship group having mutual contacts. They proved that friendship networks 

improved with the prediction of links and interactions on networks discussed on a 

particular day [29]. Worked on the hidden link in criminal data and analyse the 

method in supervised machine learning for big data training and testing [30]. Hidden 

links explored the application of deep reinforcement learning (DRL) use in criminal 

networks [31]. The DRL experiment performs better in supervised machine learning. 

Moreover, Rossi et al. [32] measured that working with supervised machine learning 

in DRL is a predictive accuracy and power of computing. 

3. Methodology 

3.1. Datasets 

This study used five different collaboration network datasets (i.e., Astro-Ph, Cond-

Mat, Gr-Qc, HEp-Ph, and Hep-Th) to contain a co-author network. These datasets 

cover research participation between authors and are derived from e-print arrive. 

The overall description of the dataset is in Table 1. 

Table 1. Dataset description [25].  

Dataset 
Properties 

Nodes Edges Triangle 

ASTRO 18,772 198,110 1,351,441 

COND-MAT 23,133 93,497 173,361 

GR-QC 5,242 14,496 48,260 

HEP-PH 12,008 118,521 3,358,499 

HEP-TH 9,877 25,998 28,339 
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3.2. Similarity computation 

Similarity comparison between the commonality of different objects "Similarity has 

long been a subject of great interest in human history. Even before computers were 

made, people were interested in things being similar. The method of calculating the 

similarity of items and then choosing the most related items is similarity computation. 

In the computation of similarity between two items I and j, the fundamental concept is 

to first make a list of parameters belonging to these items and then apply a computation 

technique of similarity to evaluate the similarity of I and j. In this thesis, the similarity 

between papers is computed on parameters that normalize as well as unnormalize. 

The normalized and unnormalized similarity measures consist of (i.e., Jaccard 

index, Salton-Index, Hub-Promoted-Index, Sorensen-index, Hub-Depressed-index, 

CN, AA PD, PA) are shown in Table 2. 

(1). Jaccard Coefficient: The Jaccard coefficient is referred to as the Jaccard Index, 

which is then normalized by the common neighbour’s proximity score by 

considering convergence over association [32]. It considers the basic neighbours 

and all-out neighbours of the two hubs for comparability of the two hubs x and y. 

Moreover. It indicated that, in contrast to regular neighbours, Jaccard produced the 

most extremely terrible results. It can be characterized as Eq. (1) quite well. 

      𝐽𝑎𝑐(𝑥, 𝑦)  =  
|Γ(x)∩Γ(y)|

|Γ(x)∪Γ(y)|
                  (1) 

(2). Sorensen Index: This strategy was introduced by Thorvaldsen Sorensen to find 

a correlation between natural network knowledge tests [33]. The primary 

objective of this approach is to encourage the nodes of the lower degree to 

discover their connections. Comparability, as in Eq. (2), can be processed. 

𝑆𝐼(𝑥, 𝑦)  =   
|Γ(x)∩ Γ(y)|

|Γ(x)+Γ(y)|
                               (2) 

(3). Salton Cosine: This technique is otherwise referred to as cosine similarity [34]. 

This approach is equivalent to the Sorensen and Jaccard Indexes. Through 

several tests, it has been found that the value delivered by Salton Cosine is 

twice the Jaccard Index. Value can be determined according to Eq. (3). 

        𝑆𝐶(𝑥, 𝑦)  =   
|Γ(x) ∩ Γ(y)|

√|Γ(x) ∙ Γ(y)|
                         (3) 

(4). Hub Promoted: Hub Promoted measure was proposed by Raves et al. During 

the metabolic organizational investigation [35]. Based on geography, it 

characterizes the cover between nodes x and y. Closeness calculation, as 

described in Eq. (4). 

 HP(x, y)  =   
|Γ(x)∩ Γ(y)|

Max (|Γ(x)| ,|Γ(y)|)
                                           (4) 

(5). Hub Depressed: This measure is the same as Hub Promoted, but hubs with 

more extreme levels will process the image value [36]. Similitude can be 

defined as shown in Eq. (5). 

𝑆𝐼(𝑥, 𝑦)  =   
|Γ(x)∩ Γ(y)|

𝑀𝑖𝑛 (|Γ(x)| ,|Γ(y)|)
                                        (5) 

(6). Common Neighbors: In link prediction, this technique is commonly used. The 

more normal neighbors, the more chances to interact in the future are same as 
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its name [35]. It is based on the speculation that if two hubs share the most 

extreme regular neighbors, it raises the likelihood that they will be connected 

to hubs without normal neighbors. Many of the experts admitted to this theory. 

In Eq. (6), similarity can be computed: 

𝐶𝑁(𝑥, 𝑦) = |Γ(x) ∩ Γ(x)|                                                              (6) 

(7), Adamic Adar: This technique was initially suggested to discover similarities 

between the two pages [37]. Afterward, Simmons et al. [38] used the tweak 

adaptation as shown in Eq. (7) for the interface forecast problem. Truth be told, 

this measure would torch alongside high degree the simple neighbors. This 

tends to be defined as in Eq. (7) 

𝐴𝐴(𝑥, 𝑦)  =  ∑
1

log (|Γ(y)|)𝑧∈(Γ(y)∩Γ(y))                                       (7) 

(8). Resource Allocation: This measure is driven by the asset distribution cycle 

within working frameworks [39]. The allocation of resources is the same as 

Adamic Adar, but in addition to the severe amount, it gives normal neighbors 

greater discipline [40]. This is the explanation for why there are comparable 

results for both asset assignment and Adamic Adar. The first part is that it thinks 

alongside direct neighbors about neighbors. As in Eq. (8), it is characterized. 

𝑅𝐴(𝑥, 𝑦)  =  ∑
1

|Γ(y)|𝑧∈(Γ(y)∩Γ(y))                                                 (8) 

(9). Preferential Attachment: This approach is suggested by Sutskever et al. [40]. Its 

theory includes that nodes with a serious level would be aligned with new nodes 

rather than nodes with a low degree. Strategy can be defined as being in Eq. (9). 

𝑃𝐴(𝑥, 𝑦)  = |Γ(x)| ∙ |Γ(y)|                                  (9) 

(10). Parameter-Dependent: This measure enhances the accuracy of the 

prediction of links for both unfavourable and famous [41]. Here, λ has various 

credibility that corrupted this measure to Common Neighbors if λ = 0. Plus, if 

λ = 1 and λ = 0:5, Salton Cosine and Licht Holbeinian were separately 

damaged. In Eq. (10), the formula appears. 

𝑃𝐷(𝑥, 𝑦)  =   
|Γ(x)∩Γ(y)|

|Γ(x)|∙ |Γ(y)|𝜆
                                                        (10) 

(11). Leicht-Holme-Norman: To combine nodes with more natural neighbors, this 

calculation relegates the high similarity score [42]. This method considers the 

number of genuine ways and the number of predicted ways between two nodes 

of length two. As for primary proportionality, the designers ensured that it was 

more fragile than others. As in Eq. (11), similarities can be determined. 

𝐿𝐻𝑁(𝑥, 𝑦)  =   
|Γ(x)∩Γ(y)|

|Γ(x)|∙ |Γ(y)|
                                                                           (11) 

(12). SAM: This approach was subsequently distributed by Zhang et al. [43]. This takes 

a picture of the basic idea that the two nodes have their personality, i.e., it is 

conceivable that one node is 100% like another node, and yet another node as the first 

node is not comparable. It is possible to describe the SAM similarity as Eq. (12). 

𝑆𝐴𝑀(𝑥, 𝑦)  =  

Γ(x)∩ Γ(y)

Γ(y)
+ 

Γ(x)∩ Γ(y)

Γ(y)

2
                                                              (12) 
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3.3. Evaluation method for accuracy measure 

The accuracy test is used to determine the proposed technique. Model Accuracy is 

the ratio between the number of accurate predictions and the total number of input 

samples. Here, the input is the edges of the citation graph in this paper [44]. 

We built a model for the assessment to measure the accuracy score between the 

actual graph and the projected graph. Measure 3.13 is used to determine the 

accuracy score for the projected graph Gap and actual graph Gr shown in Fig. 2. 

Accuracy    =       1 −
𝐸(𝐺𝛾)+𝐸(𝐺𝑝)−2𝐸(𝐺𝛾∩𝐺𝑝)

𝑀𝐴𝑥((𝐺𝛾),𝐸(𝐺𝑝))
                                                             (13) 

where E reflects the Social Graph Margins, Go reflects the initial social graph, the 

projected social graph is defined by Gρ, and the Max function returns the full 

number of edges from the initial and expected graph. 

Table 2. Similarity measure [10].  

Technique Abrogation Formula 
Normalized or 

unnormalized 

Jaccard 

Coefficient 

JC 
𝐽𝑎𝑐(𝑥, 𝑦)  =  

|Γ(x) ∩ Γ(y)|

|Γ(x) ∪ Γ(y)|
 

Normalized 

Sorensen 

Index 

SI 
𝑆𝐼(𝑥, 𝑦)  =   

|Γ(x) ∩  Γ(y)|

|Γ(x) + Γ(y)|
 

 

Salton Cosine SC 
𝑆𝐶(𝑥, 𝑦)  =   

|Γ(x)  ∩  Γ(y)|

√|Γ(x)  ∙  Γ(y)|
 

 

Hub Promoted HP 𝐻𝑃(𝑥, 𝑦)  

=   
|Γ(x) ∩  Γ(y)|

𝑀𝑎𝑥 (|Γ(x)| , |Γ(y)|)
 

Hub 

Depressed: 

HD 𝐻𝐷(𝑥, 𝑦)  

=   
|Γ(x) ∩  Γ(y)|

𝑀𝑖𝑛 (|Γ(x)| , |Γ(y)|)
 

Preferential 

Attachment 

PA 𝑃𝐴(𝑥, 𝑦)  = |Γ(x)|  ∙  |Γ(y)| 

Parameter-

Dependent 

PD 
𝑃𝐷(𝑥, 𝑦)  =   

|Γ(x) ∩  Γ(y)|

|Γ(x)|  ∙  |Γ(y)|𝜆
 

SAM SAM 𝑆𝐴𝑀(𝑥, 𝑦)  

=  

Γ(x) ∩  Γ(y)
Γ(y)

+ 
Γ(x) ∩  Γ(y)

Γ(y)

2
 

Common 

Neighbours: 

CN 𝐶𝑁(𝑥, 𝑦) = |Γ(x) ∩ Γ(x)| Unnormalized 

Adamic Adar        AA 𝐴𝐴(𝑥, 𝑦)  

=  ∑
1

log (|Γ(y)|)
𝑧 ∈(Γ(y) ∩ Γ(y))

 

Resource 

Allocation 

RA 
𝑅𝐴(𝑥, 𝑦)  =  ∑

1

|Γ(y)|
𝑧 ∈(Γ(y) ∩ Γ(y))

 

Leicht-

Holmes-

Norman 

LHN 
𝐿𝐻𝑁(𝑥, 𝑦)  =   

|Γ(x) ∩  Γ(y)|

|Γ(x)|  ∙  |Γ(y)|
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AUC Curve: To evaluate a relationship prediction metric, used AUC to (area 

under the receiver operating characteristic curve). AUC defends the likelihood that 

the score of an edge randomly selected from the E test is higher than the score of 

an edge randomly selected from E. Let us assume that e1 is an edge of the E test 

and e2 is a non-existing edge chosen randomly; first, describe the score of e1 and 

e2 using a similarity-based metric and then compare the two obtained scores [45]. 

The AUC reflects the probability that the e1 score is higher than the e2 score. This 

is demonstrated by the following formula: Eq. (14). 

AUC  =   
N′+ 0.5∗N′′

N
                                                       (14) 

where we have in times of independent comparisons, there is a higher similarity 

score for N times the missing link, and N times the missing link and the non-existent 

links have the same similarity score. According to the study [45], If we generate 

the scores from an independent and identical distribution, the accuracy should be 

around 0.5. If we generate the scores from an independent and identical 

distribution, the degree to which the precision reaches 0.5 indicates, thus, how 

much better the algorithm performs than pure chance. 

 

Fig. 2. Purpose model work structure. 

3.4. Generating edge list 

Five different datasets for our experiment (i.e., Hep-Th, Hep-Ph, GR-QC Cond-

Mat, and Astro). To predict the link, four different sets of edges (i.e., Edge5, 
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Edge10, Edge15, and the overall edge list) are selected for prediction from each 

dataset. Where the first set contains 5% edges, the second contains 10% edges, and 

the third set consists of 15% edges. In the end sum of all edges and making a new 

list is overall l also, to generate the edge lists, the following steps are taken. 

• First, five percent edges are randomly taken from the Astro dataset and formed 

an edge list calledAstro-Edge5% 

• Secondly, to make a second edge list, again ten percent edges are randomly 

taken for prediction from the Astro dataset and called Astro-Edge10%. 

• To make the third edge list, 15 percent edges are randomly picked and formed 

another edge list known as Astro-Edge 15% 

• Fourth the edges list consists of overall edges (5%, 10% and 15%). the averages of 

all edges and makes a new edges list known as the overall Astro-ph. Edge list. 

4.  Results and Discussion 

This work used five co-author datasets for the experiment: (i.e., Astro, Hep-Ph, 

Cond-Mat Gr-Qc, and Hep-Th). We have created social graphs in Table 3, from the 

datasets containing a social network co-author along with different numbers of 

edges and nodes). Randomly generated three edge lists for each social graph in the 

first step. These fifteen edge lists are further utilized in our experiment to predict 

the connections. In the second step, these selected edges are removed from each 

social graph and similarity measures are applied to the social graph. To predict the 

removed edges, every removed edge is assigned a similarity score. After that, on 

each social graph, five different thresholds (i.e., 0.1, 0.3, 0.5 0.7, and 0.9) are 

applied and 125 expected graphs are generated, 15 for each dataset using 3 edge 

lists. The outcomes of the predicted graphs are evaluated using accuracy tests. 

Table 3. Edge list. 

Dataset  List Edges  Dataset  List Edges 

ASTRO-PH Astro-5 3962  Hep-Ph Hep-ph. 5 2370 

Astro-10 19806   Hep-ph. 10 11849 

Astro-15 29708   Hep-ph 15 17774 

Astro- 53476   Hep-PH 31993 

Cond-Mat Cond-Mat 5 1869  Hep-Th Hep-Th 5 520 

Cond-Mat 10 9344   Hep-Th 10 2598 

Cond-Mat 15 14016   Hep-Th 15 3896 

Cond-Mat 25229   Hep-TH 7014 

Gr-Qc Gr-QC 5 290     

Gr-QC 10 1449     

Gr-QC 15 2173     

Gr-QC 3912     

4.1. Evaluation of Astro dataset 

To judge link prediction exactly 30% of edges were utilized from the Astro dataset 

(https://snap.stanford.edu/data/ca-AstroPh.html)and separated into 4-lists of edges 

including Astro-Edge15, Astro-Edge5, Astro-Edge10, and the overall average 

Astro-ph. Edge list. While the edge list Astro-Edge10 represented 19804 edges, 

Astro Edge 15 were containing 28292 edges and Astro-Edge5 added 9902 edges. 
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Here the results obtained from the Astro dataset are represented in listed Figs. 3. 

and 4. While here Fig. 3, is the representation of the results of the edge list Astro 

Edge5. In Fig. 3, the X-axis is the representation of similarity techniques, and 

prediction accuracy has been presented by Y-axis. Furthermore, the threshold has 

been represented through bars. All figures followed the same pattern. The results 

show us with the usage of unnormalized importance along with considering 

normalized similarity measures we have obtained the highest accuracy. Consequent 

threshold pointed out that on all thresholds; to gain the highest accuracy the 

structural importance of nodes has played a significant role. However, at a threshold 

of 0.1, HP calculated the highest accuracy in comparison to other similarity 

measures, While HP succeeded in getting an accuracy of 1 and HP obtained 0.943. 

Similarly, normalized similarity approaches have done better performance along 

with un-normalized importance in comparison to structural importance. Further at 

thresholds 0.5 0.7and0.9, SI, LHN, AA, and PA did not produce better results.  

 

 

 

Fig. 3. Astro edge list 5%,10%, 15%. 

In a detailed explanation, at threshold 0.3, HP and SAM found 0.762, 0.655, SC 

succeeded in obtaining 0.512, PD and SI found 0.562, 0.312 HD calculated 0.380 

and S-RA obtained 0.359 accuracies. Also, at threshold 0.3, unnormalize 
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techniques RA found 0.192, AA got 0.176, and PA obtained 0.027accuracies. 

Finally, overall, on all thresholds, HP and SAM found maximum accuracy of 1, 

and SI, LHN, and PA obtained minimum accuracy of 0. 

Likewise, Figs. 3 show the prediction results of edge lists Astro-Edge15 and 

Astro-Edge10. On all the thresholds, in both figures, normalized link prediction 

methods with structural Importance performed well in comparison to link 

prediction methods without unnormalized importance. Further in Fig. 4, At a 

threshold of 0.3, HP obtained maximum accuracy of 0.953 and LHN obtained 

minimum accuracy of 0.003 Similarly, at a threshold of 0.5, SAM got maximum 

accuracy of 0.40 and both SI and SC obtained a minimum accuracy of 0.1. In Fig. 

3, threshold 0.9 SI, LHN, and un-normalized AA, PA did not produce reasonable 

results. The threshold of 0.7, S-SAM, and HD got maximum accuracy of 0.953, 

0.926, while, SI, LHN, and HD obtained minimum accuracy of 0. In Fig. 3., 

unnormalized methods PA, AA, and CN did not produce better results. Overall, 

Sam and HP have done their best on all thresholds. 

 

Fig. 4. Astro edge list. 

Overall Astro-Ph shows figure the prediction results of edge list Astro-Edge5 

Astro-Edge10 and Astro-Edge15.On all the thresholds, in Fig. 4 normalized link 

prediction methods with structural Importance performed well in comparison to 

unnormalize link prediction methods. At thresholds 0.7 and 0.9 SI, LHN and PA 

AA did not give better results. At a threshold of 0.3, HP obtained maximum 

accuracy of 0.949, and LHN and SI got minimum accuracy of 0.003 Similarly, at a 

threshold of 0.5, SAM calculated maximum accuracy of 0.926 and both SI and HD 

obtained minimum accuracy of 0. In Fig. 4, at a threshold of 0.1, SAM and HP 

found maximum accuracy of 0.949, and 0.926, while, SI, LHN, and SC found 

minimum accuracy of 0. In Fig. 4, unnormalized AA, PA, and CN did not give 

better results. Overall, SAM and HP have done the best on all thresholds.  

4.1.1. Evolution of Cond-Mate dataset 

To judge link prediction exactly 30% of edges were utilized from the Cond mate 

dataset (https://snap.stanford.edu/data/ca-CondMat.html)and separated into 4-lists 

of edges including Cond-MatEdge15, Cond-MatEdge5, Cond-Mat-Edge10, and 

overall average Cond-Mat Edge list. While the edge list Cond mate-Edge10 

represented 9344 edges, Cond-Mate Edge 15 were containing 14016 edges, and 

Astro-Edge5 added 1869 edges. Here the results obtained from the Cond-Mat 

dataset are represented in listed Figs. 5 and 6. While here Fig. 5, is the 

representation of the results of the edge list Cond-mate Edge5. In Fig. 5, the X-axis 
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is the representation of similarity techniques, and prediction accuracy has been 

presented by Y-axis. Furthermore, the threshold has been represented. Through 

bars. In all figures, we followed the same pattern. The results show us with the 

usage of unnormalized importance along with considering normalized similarity 

measures we have obtained the highest accuracy. Consequent threshold pointed out 

that on all thresholds; to gain the highest accuracy the structural importance of 

nodes has played a significant role. However, at a threshold of 0.1, HP calculated 

the highest accuracy in comparison to other similarity measures, While HP and 

SAM succeeded in getting an accuracy of 1 and HP, SAM obtained 0.935, 0.911. 

Similarly, normalized similarity approaches have done better performance along 

with un-normalized importance in comparison to structural importance. Further at 

thresholds 0.5 0.7and0.9, SI, LHN, AA, and PA did not produce better results.  

 

Fig. 5. Cond-Mat Edge list 5%,10%,15%. 

In a detailed explanation, at threshold 0.3, HP and SAM found 0.770, 0.78, SC 

succeeded in obtaining 0.455, PD and SI found 0.454, 0.312 HD calculated 0.354 

accuracies. Also, at threshold 0.3, unnormalized techniques RA found 0.140, AA 

got 0.098, and PA and CN obtained minimum accuracy by 0. Finally, overall, on 

all thresholds, HP and SAM found maximum accuracy of 1, and SI, LHN, and PA 

obtained a minimum accuracy of 0. 
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Likewise, Figs. 5 show the prediction results of edge lists Cond-Mat-Edge15 

and Cond-Mat Edge10. On all the thresholds, in both figures, normalized link 

prediction methods with structural Importance performed well in comparison to 

link prediction methods without unnormalized importance. Further in Fig. 5, at a 

threshold of 0.3, HP obtained maximum accuracy of 0.70 and LHN obtained 

minimum accuracy of 0.012 Similarly, at a threshold of 0.5, SAM got maximum 

accuracy of 0.40 and both SI and SC obtained minimum accuracy of 0.1. In Fig. 

11, threshold 0.9 SI, LHN, and un-normalized AA, PA did not produce reasonable 

results. The threshold of 0.7, SAM, and HD got maximum accuracy by 0.397, 

0.018, while, SI, LHN, and HD obtained minimum accuracy of 0. In Fig. 5, 

unnormalized methods PA, AA, and CN did not produce better results. Overall, 

Sam and HP have done their best on all thresholds. 

Fig. 6. Cond-mat edge list. 

Overall Cond-Mat Edge list shows the prediction results of the edge list Cond-

Mat Edge5 Cond-Mat Edge10 and Cond-Mat Edge15.On all the thresholds, in Fig. 

6 normalize link prediction methods with structural Importance performed well in 

comparison to unnormalize link prediction methods. At thresholds 0.7 and 0.9 SI, 

LHN and PA AA did not give better results. At threshold 0.3, HP, and SAM 

obtained maximum accuracy of 0.768, 0.668, and LHN and SI got minimum 

accuracy of 0.000 similarly, at threshold 0.5, SAM calculated maximum accuracy 

of 0.360 and both SI and HD obtained minimum accuracy of 0. At threshold 0.1, 

SAM and HP found maximum accuracy of 0.933, 0.9,10, while, SI, LHN, and SC 

found minimum accuracy of 0. In Fig. 6, unnormalized AA, PA and CN did not 

give better results. Overall, SAM and HP have done the best on all thresholds. 

4.1.2. Evolution of HEP-PH dataset 

To predict the links, 30% of edges were used from the Hep-Ph dataset 

(https://snap.stanford.edu/data/ca-HepPh.html ) and divided into three edge lists 

(i.e., HepPh-Edge5, HepPh-Edge10, Hep-PhEdge15, and overall HEP-PH Edge). 

Where edge list HepPh-Edge5 contributed with 2370 edges, HepPh-Edge10 

contained 11849edges, and HepPh-Edge15 represented 17774 edges. The results 

from the Hep-Ph dataset are shown in Figs. 7 and 8. In Fig. 7, X-axis represents the 

similar techniques, while Y-axis shows the prediction accuracy. Besides, the bars 

represent the threshold. The same pattern is designed in all the figures. The results 

showed that with the use of structural importance along with Normalize similarity 

measures we succeed in getting the highest accuracy. The resultant threshold 

showed that on all thresholds, the structural importance of nodes played a key role 

in achieving high accuracy. At threshold 0.1, SAM and HP obtained high accuracy 

https://snap.stanford.edu/data/ca-HepPh.html
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as compared to LHN and SI, Where SAM and HP succeeded in getting an accuracy 

of 0.95, while SAM and PD achieved respectively 0.95 and 0. 958. Likewise, other 

normalized similarity approaches also performed better along with unnormalized 

importance as compared to link prediction approaches without structural 

importance. At thresholds 0.5 and 0.7, SI, HD, and LHN could not produce 

reasonable results. In detail, at threshold 0.3, SAM and HP obtained 0.68, 0.84JAC 

succeed in getting 0.68, PD and SC produced .768, 0.61, HD obtained 0.635 and SI 

achieved 0.03 accuracy. On the other hand, at threshold 0.3, unnormalize 

techniques RA obtained 0.612, AA achieved 0.353, CN produced 0.279, PA 

obtained 0.23, RA obtained 0.03 and PD succeed in getting 0.03 accuracy. Overall, 

on all thresholds, SAM, HP, AA, and CN obtained maximum accuracy of 0.95, and 

SI, LHN, and PA achieved a minimum accuracy of 0. 

Fig. 7. Heps-Ph Edge-list 5% 10% and 15%. 

Similarly, Figs. 7 address the prediction results of edge lists HepPh-Edge10 and 

HepPh-Edge15.On all the thresholds, in both figures, normalized Similarity link 

prediction techniques with structural importance performed better as compared to 

link prediction techniques without unnormalized importance. In Fig. 7, at a 

threshold of 0.3, HP and SAM produced maximum accuracy of 0.95, while LHN 

and SI achieved a minimum accuracy of 0.03. Likewise, at thresholds 0.5 and 0.9 

SAM, PD, and HD obtained maximum accuracy of 0.5, while, SI, LHN, and RA 

achieved minimum accuracy of 0. In Fig. 14, at a threshold of 0.7, SC, SAM, HD, 

and SAM obtained maximum accuracy of 0.49, while RA and PA achieved a 
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minimum accuracy of 0. In Fig. 7, unnormalized SI, PD, and RA could not produce 

better results. Overall, PD and HP performed best on all thresholds. 

Fig. 8. Heps-Ph edge-list. 

Overall Hep-ph edge list addressing the prediction results of edge list Fig. 8 

Hep-Ph Edge5 HepPh-Edge10 and HepPh-Edge15.On all the thresholds, in the 

figures, normalized Similarity link prediction techniques with structural importance 

performed better as compared to link prediction techniques without unnormalized 

importance. In Fig. 8, at a threshold of 0.3, HP and SAM produced maximum 

accuracy of 0.90, while LHN and SI achieved a minimum accuracy of 0.03. 

Likewise, at thresholds 0.5 and 0.9   SC, PD and HP obtained maximum accuracy 

by 0.5, while, SI, LHN, and RA achieved minimum accuracy of 0. At a threshold 

of 0.7, SC, SAM, HD, and SAM obtained maximum accuracy of 0.40, while RA 

and PA achieved minimum accuracy of 0. unnormalized RA could not produce 

better results. Overall PD, HP, SAM, and RA performed best on all thresholds. 

4.1.3. Evolution of GR-QC dataset 

To judge link prediction GR-QC (https://snap.stanford.edu/data/ca-GrQc.html) 

dataset exactly 30% of edges were utilized from the Astro dataset and separated 

into 4-lists of edges including Grq5% -Edge, Grq15% Edge list, Grq10% Edge list, 

and overall average GQ Edge list. While the edge list Astro-Edge10 represented 

1449 edges, Astro Edge 15 were containing 2173 edges and Astro-Edge5 added 

290 edges. Here the results obtained from the GQ dataset are represented in listed 

Figs. 9 and 10. In Fig. 9, X-axis is the representation of similarity techniques, and 

prediction accuracy has been presented by Y-axis. Furthermore, the threshold has 

been represented through bars in all figures. 

We followed the same pattern. The results show us with the usage of 

unnormalized importance along with considering normalized similarity measures 

we have obtained the highest accuracy. Consequent thresholds pointed out that on 

all thresholds; to gain the highest accuracy the structural importance of nodes has 

played a significant role. However, at a threshold of 0.1, HP calculated the highest 

accuracy in comparison to other similarity measures, While HP succeeded in 

getting an accuracy of 1 and HP obtained 0.874. Similarly, normalized similarity 

approaches have done better performance along with unnormalized importance in 

comparison to structural importance. Further at thresholds 0.5 0.7and0.9, SI, LHN, 

AA, and PA did not produce better results.  

In a detailed explanation, at threshold 0.3, HP and SAM found 0.770, 0.617, SC 

succeeded in obtaining 0.506, PD and SI found 0.617, 0.606 HD calculated 0.515 

accuracies. Also, at threshold 0.3, unnormalize techniques RA found 0424, AA got 
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0.279, and PA obtained 0.259 accuracy. Finally, overall, on all thresholds, HP and 

SAM found maximum accuracy of 1, and SI, LHN, and PA obtained minimum 

accuracy of 0. 

Fig. 9. GQ Edge-list 5% 10% and 15%. 

Likewise, Figs. 9 show the prediction results of the edge list Grq10% Edge list 

and Grq15% -Edge list. On all the thresholds, in both figures, normalized link 

prediction methods with structural Importance performed well in comparison to 

link prediction methods without unnormalized importance. Further in Fig. 9, at a 

threshold of 0.3, HP obtained maximum accuracy of 0.769 and LHN obtained 

minimum accuracy of 0.00 Similarly, at a threshold of 0.5, SAM got maximum 

accuracy of 0.65 and both SI and SC obtained minimum accuracy of 0.1. In Fig. 9, 

threshold 0.9 SI, LHN, and unnormalized AA, PA did not produce reasonable 

results. The threshold of 0.7, SAM, and HD got maximum accuracy by 0.314, 

0.469, while, SI, LHN, and HD obtained minimum accuracy of 0. In Fig. 9, 

unnormalized methods PA, AA, and CN did not produce better results. Overall, 

Sam and HP have done their best on all thresholds. 
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Overall GQ Edge list shows the prediction results of the edge list Grq5% Edge 

list Grq10%-Edge list and Grq15%- Edge list. On all the thresholds, in Fig. 10 

normalize link prediction methods with structural Importance performed well in 

comparison to unnormalize link prediction methods. At thresholds 0.7 and 0.9 SI, 

LHN and PA AA did not give better results. At a threshold of 0.3, HP obtained 

maximum accuracy of 0.769, and LHN and SI got minimum accuracy of 0.001 

Similarly, at a threshold of 0.5, SAM calculated maximum accuracy of 0.65 and 

both SI and HD obtained minimum accuracy of 0. at the threshold of 0.1, SAM and 

At HP found maximum accuracy by 0.874, 0.852, while, SI, LHN, and SC found 

minimum accuracy by 0. In unnormalized AA, PA and CN did not give better 

results. Overall, SAM and HP have done the best on all thresholds. 

Fig. 10 GQ edge-list. 

4.1.4. Evolution of HEP-TH dataset 

For the link prediction, we have picked 30% of edges from the Hep-Th 

(https://snap.stanford.edu/data/caHepTh.html)  dataset and divided them into three 

edge lists (i.e., HepTh-Edge5, HepTh-Edge10, and HepThEdge15). Where edge 

list HepTh-Edge5 contributed520 edges, HepTh-Edge10 contained 2598edges, and 

HepTh-Edge15 represented 3896 edges. The results from the Hep-Th dataset are 

shown in Figs. 11 and 12, where Fig. 11 represents the results of the edge list 

HepTh-Edge5. In Fig. 11, X-axis represents the similar techniques, while Y-axis 

shows the prediction accuracy. Also, the bars represent the threshold. The same 

pattern is designed in all the remaining figures.  

The results showed that with the use of normalizing structural importance along 

with unnormalize similarity measures we succeed in getting the highest accuracy. 

The resultant threshold showed that on all thresholds, the structural importance of 

nodes played a key role in achieving high accuracy. At threshold0.1SC, SAM and 

PD obtained high accuracy as compared to SI, LHN, and JAC, Where SC and PD 

succeed in getting an accuracy of 0.75, while SAM SC and PD achieved 

respectively .793, 0.779, and 0.779. Likewise, normalized similarity approaches 

also performed better along with structural importance as compared to 

unnormalized structural importance.  

At thresholds 0.5, 0.7, and 0.9 SI, LHN and JAC could not produce reasonable 

results. In detail, at a threshold of 0.3, HP obtained 0.597, PD and SC achieved 

0.374, HD succeeds in getting 0.234, JAC produced 0.174, and LHN and SI 

obtained 0.00 accuracy. On the other hand, at threshold 0.3, unnormalize 

techniques RA obtained 0.250, AA achieved 0.132, PA produced 0.090, CN 

https://snap.stanford.edu/data/caHepTh.html
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obtained 0.077, and HD achieved 0.25, RA. Overall on all thresholds, PD, HP, 

SAM, and SC obtained maximum accuracy of 0.75, and SI, LHN, and PA achieved 

a minimum accuracy of 0. 

Fig. 11. Hep-Th edge list 5% 10% and 15%. 

Similarly, Fig. 11 addresses the prediction results of edge lists HepTh-Edge10 

and HepThEdge15. On all the thresholds, in both Figures, normalized link 

prediction techniques with structural importance performed better as compared to 

link prediction unnormalized techniques without structural importance. In Fig. 11, 

at a threshold of 0.3, SAM and HP produced maximum accuracy of 0.451 and LHN 

achieved a minimum accuracy of 0.07. Likewise, at the threshold of 0.5, PD, and 

SAM obtained maximum accuracy of 0.15, and SI and LHN achieved a minimum 

accuracy of 0. In Fig. 11, at thresholds 0.7 and 0.9, HP, PD SAM, and SC obtained 

maximum accuracy of 0.071, while SI and LHN achieved a minimum accuracy of 

0. In Fig. 11, unnormalized techniques PA and CN could not produce better results. 

Overall, SAM and PD, HP, and RA outperformed on all thresholds. 
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Fig. 12. Hep-Th Edge-list. 

Overall Hp-Th edge list addresses the prediction results of edge lists Hep-Th 

Edge5 HepTh-Edge10 and HepTh-Edge15.On all the thresholds, in the figures, 

normalized Similarity link prediction techniques with structural importance 

performed better as compared to link prediction techniques without unnormalized 

importance. In Fig. 12, at a threshold of 0.3, HP and SAM produced maximum 

accuracy of 0.90, while LHN and SI achieved a minimum accuracy of 0.03. Likewise, 

at thresholds 0.5 and 0.9   SC, PD and HP obtained maximum accuracy by 0.5, while, 

SI, LHN, and RA achieved minimum accuracy of 0. At a threshold of 0.7, SC, SAM, 

HD, and SAM obtained maximum accuracy of 0.40, while RA and PA achieved 

minimum accuracy of 0. unnormalized RA could not produce better results. Overall, 

the results PD, HP, SAM, and RA performed best on all thresholds. 

4.2. Area under curve (AUC) 

AUC is safeguarded as the probability that the score of a randomly browsed edge 

is greater than the score of an objectively looked edge over E. Let's guess that e1 is 

an edge of the E test and e2 is a haphazardly chosen non-existent edge; first, using 

a similarity-based calculation, we define the score of e1 and e2, at which point we 

wonder about the two results. The AUC is the probability that the e1 score is greater 

than e 2. A detailed discussion of Auc in the previous chapter is available. We 

applied the Auc curve in all datasets Astro, Cond-Mat, HP-Ph HP-Th, Gr-Qc. 

4.2.1. Astro Auc 

For the link prediction, edges were used from the Astro dataset. Where edge list 

Astro-Auc contributed with 53476 edges and 18772   nodes. The results from the 

Astro-Auc dataset are shown in Figs. 13, where Fig. 13 represents the results of the 

edge list Astro -Auc. In X-axis represents the similarity techniques, while Y-axis 

shows the prediction Auc. Also, the bar's right side represents the threshold. The 

results showed that with the use of unnormalize importance along with normalizing 

similarity measures, we succeed in getting the highest Auc. The resultant threshold 

showed that on all thresholds, the structural importance of nodes played a key role 

in achieving high Auc. At threshold 0.1, HP obtained high Auc as compared to 

another similarity, Where HP succeeds in getting Auc 1 and HP achieved 0.975. 

Likewise, normalized similarity approaches also performed better along with un-

normalized importance as compared to structural importance. At thresholds 0.5 

0.7and0.9, SI, LHN, AA, and PA could not produce reasonable results. In detail, at 
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threshold 0.3, HP and SAM obtained 0.827, 0.880, SC succeeds in getting 0.772, 

PD and SI produced 0.780, 0.596 HD obtained 0.689 and JAC achieved 0.657 Auc. 

On the other hand, at threshold 0.3, unnormalize techniques RA obtained 0.547, 

AA achieved 0.541, and PA produced 0.508Auc. Overall, on all thresholds, HP, 

SAM, and RA obtained maximum Auc by 1, and SI, LHN, and PA achieved 

minimum Auc by 0. 

 

Fig. 13. Astro AUC. 

4.2.2. Cond-Mate AUC 

For the link prediction, edges were used from the Cond-Mat. Where, edge list 

Cond-Mat-Auc contributed with 25229 edges, and 23133 nodes. The results from 

the Cond-Mat Auc dataset are shown in Fig. 14, which represents the results of the 

edge list Cond-Mat. In, X-axis represents the similarity techniques, while Y-axis 

shows the prediction Auc. Besides, the bars represent the threshold. The same 

pattern is followed in all the figures. The results showed that with the use of 

normalized importance along with unnormalized similarity measures we succeed 

in getting the highest Auc. The resultant threshold showed that on all thresholds; 

the normalized importance of nodes played a key role in achieving high Auc. At 

threshold 0.1, HP and SAM obtained high Auc as compared to RA and AA, Where 

HP and SAM succeed in getting an accuracy of 0.97 while, Hp and SAM achieved 

respectively 0.955 and 0.966. Likewise, other normalized similarity approaches 

also performed better along with unnormalized importance as compared to the 

similarity approaches. At thresholds 0.5, 0.7, and 0.9, SI, LHN, RA, and AA could 

not produce reasonable results. In detail, at threshold 0.3, HP obtained 0.884, SAM 

got 0.834, JAC and SC produced, 0.624, 0.771 HD obtained 0.675, PD obtained 

0.771, Auc. On the other hand, at threshold0.3 unnormalized similarity RA and AA 

obtain 0.531, 0.525, and PA and CN obtain a minimum similarity of 0.523 Overall 

on all thresholds, SAM, HP, RA, and PD obtained maximum Auc by 1, while, SI, 

LHN, AA, PA, and CN achieved minimum Auc by 0. PD and SI found 0.562, 0.312 

HD calculated 0.380 and S-RA obtained 0.359 accuracies. Also, at threshold 0.3, 

unnormalize techniques RA found 0.192, AA got 0.176, and PA obtained 

0.027accuracies. Finally, overall, on all thresholds, HP and SAM found maximum 

accuracy of 1, and SI, LHN, and PA obtained minimum accuracy of 0. 
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Fig. 14. Cond-mat AUC. 

4.2.3. HEP-PH AUC 

To predict the links, edges were used from the Hep-Ph Auc dataset where edge list 

Hep-Ph Auc contributed with 31993 edges, representing 12008 nodes. The results 

from the Hep-Ph Auc dataset are shown in Fig. 15, which represents the results of the 

edge list Hep-Ph-Auc. In, X-axis represents the similarity techniques, while Y-axis 

shows the prediction Auc. Also, the bars represent the threshold. The same pattern is 

designed in all the figures. The results showed that with the use of structural 

importance along with Normalize similarity measures we succeed in getting the 

highest Auc. The resultant threshold showed that on all thresholds, the structural 

importance of nodes played a key role in achieving high Auc. At threshold 0.1, SAM 

and HP obtained high accuracy as compared to LHN and SI, Where SAM and HP 

succeed in getting Auc 0.99, while SAM and PD achieved respectively 0.975 and 

0.980. Likewise, other normalized similarity approaches also performed better along 

with unnormalized importance as compared to link prediction approaches without 

structural importance. At thresholds 0.5, 0.9, and 0.7, SI, HD, and LHN could not 

produce reasonable results. In detail, at threshold 0.3, SAM and HP obtained 0.911, 

0.942JAC succeed in getting 0.81, PD and SC produced .884, 0.889, HD obtained 

0.819 and SI achieved 0.765Auc. On the other hand, at a threshold of 0.3, 

unnormalize techniques RA obtained 0.662, AA achieved 0.646, CN produced 0.622, 

PA obtained 0.611, RA obtained 0.662 and PD succeed in getting 0.03 accuracy. 

Overall, on all thresholds, SAM, HP, AA, and RA obtained maximum Auc by 0.99, 

and SI, LHN, and PA achieved minimum Auc by 0. 

 
Fig. 15. Happy AUC. 
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4.2.4. HEP-TH AUC 

For the link prediction, we have picked edges from the Hep-Th Auc dataset. Where 

edge list Hep-Th-Auc contributed with represented 7014 edges. The results from 

the Hep-Th dataset are shown in Fig. 16, which represents the results of the edge 

list Hep-Th-AUC. In X-axis represents the similarity techniques, while Y-axis 

shows the prediction Auc. Besides, the bar's right sides represent the threshold. The 

results showed that with the use of normalizing structural importance along with 

unnormalized similarity measures we succeed in getting the highest Auc. The 

resultant threshold showed that on all thresholds, the structural importance of nodes 

played a key role in achieving high Auc. At threshold0.1SC, SAM and PD obtained 

high accuracy as compared to SI, LHN, and JAC, Where SC and PD succeed in 

getting an accuracy of 0.75, while SAM SC and PD achieved respectively .890, 

0.898, and 0.890. Likewise, normalized similarity approaches also performed better 

along with structural importance as compared to unnormalized structural 

importance. At thresholds 0.5, 0.7, and 0.9 SI, LHN and JAC could not produce 

reasonable results. In detail, at threshold 0.3, HP obtained 0.800, PD and SC 

achieved 0.688, HD succeeds in getting 0.619, JAC produced 0.589, LHN and SI 

obtained 0.00 Auc. On the other hand, at threshold 0.3, unnormalize techniques RA 

obtained 0.585, AA achieved 0.555 PA produced. 0.537, CN obtained 0.533, 

accuracy. Overall, on all thresholds, PD, HP, SAM, and SC obtained maximum 

Auc by 0.75, and SI, LHN, and PA achieved minimum Auc by 0. 

 

Fig. 16. Hep-Th AUC. 

4.2.5. GR_QC AUC  

For the link prediction, edges were used from the GR-Qc dataset. Where edge list 

Gr-QC-AUC contributed with 3912edges representing 5242 nodes. The results 

from the GR-Qc Auc dataset are shown in Fig. 17, which is representing the results 

of the edge list GRQ-Auc. In X-axis represents the similarity techniques, while Y-

axis shows the prediction Auc. Also, the bars right side represent the threshold. The 

results showed that with the use of unnormalize importance along with normalizing 

similarity measures we succeed in getting the highest Auc. The resultant threshold 

showed that on all thresholds, the structural importance of nodes played a key role 

in achieving high Auc. At threshold 0.1, HP obtained high accuracy as compared 

to another similarity, Where HP succeeds in getting Auc 1 and HP achieved 0.937 
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Likewise, normalized similarity approaches also performed better along with 

unnormalized importance as compared to structural importance. At thresholds 0.5 

0.7and0.9, SI, LHN, AA, and PA could not produce reasonable results. In detail, at 

threshold 0.3, HP and SAM obtained 0.842, 0.885, SC succeeds in getting 0.808, 

and PD and SI produced 0.803, 0.687. 

 

Fig. 17. GR-Qc AUC. 

SI obtained 0.00 and LHN achieved 0.00 Auc. On the other hand, at threshold 

0.3, unnormalize techniques RA obtained 0.712, AA achieved 0.640, and CN 

produced 0.629Auc. Overall, on all thresholds, HP and SAM obtained maximum 

Auc by 1, and SI, LHN, and PA achieved minimum Auc by 0. we analysed five 

different datasets and multiple similarity link prediction techniques. The overall 

finding of these Experiments with the help of accuracy measure and AUC. we 

analysed that the HEP-PH dataset is a better option for finding and recommending 

similarity measures. The all-similarity measure performs better in the HEp-Ph 

dataset and provides efficient results. In the end, we evaluated the answer to the 

following question. 

Q1: How accurate are normalized similarity measures? 

The answers to this question result are shown in Figs. 4, 6, 8, and 10. We analyse 

that with the help of figures normalized Similarity performs better compared to 

other techniques. Normalize similarity measures consisting of SI, Sc, HP, HD, 

LHN, JAC, SAM, and PD (as shown in Table 1). According to the evolution results 

of PD and HD are not efficient. HP and SAM played an especially key role in link 

prediction as they obtained 99% and 79%. The result of these similarity measures 

was higher than the rest of the similarity measures in all figures.  

Q2: How accurate are unnormalized similarity measures? 

The answers to this question result are shown in Figs. 4, 6,8, and 10. We analyse 

that with the help of figures unnormalized Similarity cannot perform better 

compared to other techniques. unnormalized similarity measures consisted of RA, 

AA, CN, and PA (as shown in Table 1). According to the evolution results of PA 

and CN are not efficient. RA and AA played an especially key role in link 

prediction as they obtained 85% and 75%. The result of these similarity measures 

was higher than the rest of the similarity measures in all figures.  

Q3: Do normalized similarity measures outperform unnormalized similarity measures?  
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We Compared normalized and unnormalized similarity measures in five 

different datasets. We analyse that with the help of figures unnormalized Similarity 

cannot perform better compared to Normalize similarity. Normalize similarity 

measures consisting of SI, Sc, HP, HD, LHN, JAC, SAM, and PD. Normalize 

similarity measure obtaining better results in all thresholds. The evaluation of AUC 

and different Edge-list figures normalize similarity producing 99% similarity. The 

other way unnormalized similarity measures consisted of RA, AA, and CN, Some 

unnormalize Similarity measures performed better and produce 70% result egg; 

RA, AA but in all thresholds, unnormalized similarity measures cannot provide 

satisfactory results. The results of unnormalized similarities measures cannot batter 

in all figures. These similarity measures provide a huge gap in different thresholds. 

According to all evolution, the final recommendation the results normalize 

similarity measures play a key role in link prediction as well as unnormalized 

similarity. The result of these normalized similarity measures was higher in all 

figures. The social network analysis normalizes similarity measures that play a key 

role in link prediction. 

5. Conclusion 

This work evaluated tests of normalizing and Unnormalize-based similarity for a 

recommendation. There are five datasets in the experiment setup. Graph centrality 

measures are applied to the projected graph to pick the research papers at random 

(i.e., Edge 5 percent, Edge 10 percent, Edge 15% and overall Edge list). We have 

compared normalized importance-based and unnormalized link prediction 

techniques. We have experimented on five datasets and compared unnormalized 

and importance-based approaches with other normalized link prediction 

approaches. The normalized similarity approach punishes high-degree nodes 

heavily to predict the links. The results show that structural importance is useful to 

find a similar pair of nodes for link prediction. At threshold 0.1, the Maximum 

accuracy was 98% by HP and SAM. While, at threshold 0.3, again HP and SAM 

produced 68% accuracy. In the future, we will try to find out the different variants 

of structural importance. While, at thresholds 0.5 and 0.7, again HD and PD 

produced 60% accuracy. 

Secondly, we apply AUC. To assess a connection forecast metric, we use AUC 

(zone under the recipient working trademark curve is guard as the likelihood that 

the score of an edge randomly browsed the Test is higher than the score of an edge 

arbitrarily looked. We applied AUC Normalize Similarity measures and analysed 

that normalize-based similarity outperformed the unnormalized similarity. The 

experimental results show that for the recommendation, the normalized-based 

similarity is better as compared to the unnormalized-based similarity. Where 

Similarity Measure obtains (Hp and Sam) obtained 0.99 unnormalized links and 

similarity (RA and AA) obtained0.619. Likewise, (HD and PD) obtained 0.74 and 

(jacquard) achieved 0. 28, the results of HP and Sam similarity are analysed, where 

HP and SAM similarity with the highest score. Then, evaluate the centrality 

measures to check which centrality measures are best to find the influence. In the 

case of normalized-based similarity the highest results. Normalize similarity 

measure HP and Sam's continually active role play in link prediction. 
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The overall finding of this work is that normalizing similarity is a better option 

for finding unnormalized similarity papers and on the other hand, the importance 

of the paper should be considered in a recommendation. 
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