
Chapter 5

A New Cost Based Feature for Link

Prediction in Dynamic Networks

(CFLP)

This chapter studies a feature-based solution that considers both individual snapshots and

the overall network throughout the full-time span to solve the link prediction problem 1.

It is a novel feature called Cost-based Feature for Link Prediction (CFLP) for estimating

edge behavior throughout the entire network, which uses a reward and penalty structure

to summarize node activity across the entire network. It uses similarity indices, classified

into four major categories: local similarity, global similarity, quasi-local similarity, and

clustering coefficient-based similarity, to measure edge activity in individual snapshots.

We have also selected fourteen different snapshot-based features to find the most excellent

combination of minimum features for link prediction. We used regression and mutual

information-based scoring for feature selection to correctly quantify the relative effect of

features among themselves and the overall link prediction problem.

1Published in Journal of Computational Science, CFLP : A New Cost Based Feature for Link Prediction
in Dynamic Networks
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5.1 Introduction

Local, Quasi-local and Global similarity-based indices are the three popular types of

similarity-based indices. The local similarity indexes are constructed utilizing data from

the vertices’ immediate surroundings. To build global similarity-based indices, the

complete topological knowledge of a network is employed. These approaches are more

computationally intensive than local similarity-based approaches, but these approaches

give a more comprehensive view of the network structure. To balance the qualities of

local and global similarity-based measures, quasi-local similarity-based measures have

been developed. We have also used clustering-based approaches to make a rich feature

set. Clustering-based methods used here are Clustering Coefficient based Link Prediction

(CCLP) and Node and Link clustering coefficient (NLC). These clustering methods

provide more information about the nodes and edges, which helps for better accuracy.

The characteristic of vertices and connections emerging and disappearing with time

characterizes dynamic networks [129, 130]. Link prediction challenge can be resolved

by supervised machine learning (ML) methods for classification [1, 35, 50]. However,

while several studies have shown that this strategy produces promising results, selecting

the set of features (variables) to train the classifiers remains a significant challenge.

According to literature [1, 129, 130], more local, global, quasi-local, and clustering

information of the topology increase link prediction accuracy. We extracted local, global,

quasi-local, and clustering information. Also, we have used feature selection methods

from the Scikit-Learn library named f regression and mutual in f o regression to

optimize the number of features.

Integrating different types of topological information from different snapshots is the

driving force behind our proposed method. All snapshots’ various types of topological

information(Local, Global, Quasi-local, Clustering-based, and CFLP based) are

considered. For feature creation, we employed six local similarity indices: Adamic/Adar

Index (AA), Common Neighbors (CN), Preferential Attachment (PA), Jaccard
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Coefficient (JC), Salton Cosine Similarity Index (SI), and CAR-based common neighbor

index (CARCN). The shortest path (SP), Cosine based (COSP), Average Commute Time

(ACT), and Matrix Forest Index (MFI) were also used as global similarity indicators. We

have used two quasi-local similarity indices: the Path of Length3 (L3) and the local path

Index (LP). Two clustering-based similarity indices were also used: clustering

coefficient-based link prediction (CCLP) and node and link clustering coefficient (NLC).

We have also designed a new Cost-Based Feature for the Link Prediction (CFLP)

method. We have used feature selection method named f regression and

mutual in f o regression, the feature score obtained from different similarity indices are

shown in Table 5.1. We have selected the highest scoring similarity indices and used

them for better accuracy in link prediction. More details regarding feature selection and

optimized features are explained in Section 5.2.3. Seven different dynamic network

datasets are employed to train and evaluate classification models based on these

attributes. We have used five machine learning models named Neural Network (NN),

Logistic Regression (LR), XGBoost (XGB), Random Forest Classifier (RFC), and Linear

Discriminant Analysis (LDA). The experimental results show that our proposed method

is better than state-of-the-art dynamic network link prediction methods.

The main contribution of this paper are as follows.

• In this paper, we introduced a novel Cost-based Feature for Link Prediction

(CFLP) to solve the link prediction challenge in dynamic networks, which uses all

the information from previous snapshots instead of the individual snapshot.

• In this study, we provide a link prediction framework that uses diverse topological

and clustering data to improve link prediction. These include local similarity

indices (CN, JC, AA, PA, Salton), global similarity indices (SP, Cosp, ACT, MFI),

quasi-local similarity (L3, LocalPath), and clustering based similarity indices

(CCLP, NLC, CARCN).

• We used a feature selection strategy to optimize the features by picking high-scoring

similarity indices. The optimized features outperform all other features combined
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and state-of-the-art link prediction algorithms. To correctly quantify the relative

effect of features among themselves and the overall link prediction problem, we

used regression and mutual information-based scoring for feature selection.

• The training data is processed using machine learning models like Neural Network,

Logistic Regression, XGBoost, Random Forest Classifier, and Linear Discriminant

Analysis. These models are then used to predict the probability of existing edges

on test data.

5.2 Proposed Method

Most current research extracts feature sets from network topology (i.e., topological

network information). These characteristics are generic and domain-independent, and

they can be used in any network [131, 150, 151]. Other research focuses on identifying

node and edge information critical for improving link prediction performance. Typical,

neighborhood, and path-based features are examples of such features [152, 153]. Some

related literature also shows that the clustering coefficient is related to the link prediction

problem [1, 35, 154]. We perceive the link prediction challenge as a binary

categorization challenge. The class label indicates the existence or lack of connections.

When the connection is present among two nodes, the label is indicated by 1; otherwise,

the label is taken as 0. Figure 5.1 shows the bird-view of our model.

5.2.1 A New Cost Based Feature for Link Prediction(CFLP)

algorithm

CFLP method uses the concept of reward and penalty. While traversing through

snapshots, a reward is added when the edge is present, and a penalty is subtracted if the

edge is absent. The multiplication of i in addition/subtraction takes the closeness or
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recentness of the snapshot into consideration, i.e., i will be higher for the recent snapshot

and lower for the earlier snapshot. The initial value of vo is taken such that

addition/subtraction does not result in a negative value. The detailed algorithm is shown

in the Algorithm 3.

5

∑
i=1

vo = vo +(Fi(Gi(u,v))× i× r)− (1− (Fi(Gi(u,v))× i× p) (5.1)

where Fi(Gi(u,v)) represents function of graph at ith iteration and u&v are nodes between

which edge is considered.

Fi(Gi(u,v)) =

1 if edge is present in ith snapshot,

0 Otherwise.
(5.2)

Algorithm 3: New Cost Based Feature for Link Prediction (CFLP)
Input: G(V,E): Dynamic social graph, v: no. of nodes, e: edge for which the value

is to be calculated,
Output: Return feature value

1 vo← 30 . Initialization Phase
2 p← 2
3 r← 5
4 for i← 1 to 5 do
5 if edge present in i th snapshot then
6 vo = vo + i∗ r . Reward calculation

7 if edge is not present in ith snapshot then
8 vo = vo− i∗ r . Penality calculation

9 return vo;

5.2.2 Algorithm for training and testing of CFLP model

Algorithm 4 shows the training and testing process. In line 1, we initialize an empty list l.

In lines 2-4, we append sorted edge lists from each snapshot to l. After that, we generate
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Algorithm 4: Algorithm for producing training and test set
Input: dynamic network D, number of snapshots m
Output: Training set and testing set

1 l←{}
2 for each snapshot ∈ D do
3 edgelist← sorted(edgesinsnapshot)
4 l← append edgelist

5 all graphs← generate graph(l) . Generate graph for each snapshot
6 TrueEdges← l[m−1] . True edges of last snapshot
7 RandomNonEdges← Random edgelist of non-edges of size equal to TrueEdges from graph[m-1]
8 AllEdges← TrueEdges+RandomNonEdges
9 FeatureSet←{}

10 for each edge ∈ AllEdges do
11 SingleEdgeFeature[14∗m+3]← 0
12 for t← 0 to m−2 do
13 G← all graphs[t]
14 i← edge[0], j← edge[1]
15 SingleEdgeFeature[14∗ t]←CommonNeighbour(G, i, j)
16 SingleEdgeFeature[14∗ t +1]← JaccardCoe f f icient(G, i, j)
17 SingleEdgeFeature[14∗ t +2]← AdamicAdar(G, i, j)
18 SingleEdgeFeature[14∗ t +3]← Pre f erentialAttachment(G, i, j)
19 SingleEdgeFeature[14∗ t +4]← ShortestPathP(G, i, j)
20 SingleEdgeFeature[14∗ t +5]←CosineSimilarity(G, i, j)
21 SingleEdgeFeature[14∗ t +6]← AverageCommuteTime(G, i, j)
22 SingleEdgeFeature[14∗ t +7]←MatrixForestIndex(G, i, j)
23 SingleEdgeFeature[14∗ t +8]←CusteringCoe f f icientBasedLinkPrediction(G, i, j)
24 SingleEdgeFeature[14∗ t +9]← SALTON(G, i, j)
25 SingleEdgeFeature[14∗ t +10]← Patho f Length3(G, i, j)
26 SingleEdgeFeature[14∗ t +11]← NodeAndClusteringCoe f f icient(G, i, j)
27 SingleEdgeFeature[14∗ t +12]← LocalPath(G, i, j)
28 SingleEdgeFeature[14∗ t +13]←CAR−basedCommonNeighbourIndex(G, i, j)

29 SingleEdgeFeature[14∗m]←CFLP(G, i, j)
30 SingleEdgeFeature[14∗m+1]← edge[0] . Node1 of edge
31 SingleEdgeFeature[14∗m+2]← edge[1] . Node2 of edge
32 FeatureSet← append(SingleEdgeFeature)

33 FeatureSet← shu f f le(FeatureSet)
34 FeaturesTrainSet←{},LabelsTrainSet←{}
35 FeaturesTestSet←{},LabelsTestSet←{}
36 FeaturesTrainSet← 70% of FeatureSet
37 FeaturesTestSet← remaining 30% of FeatureSet
38 for each tuple ∈ FeaturesTrainSet do
39 if (tuple[14∗m+1], tuple[14∗m+2]) ∈ all graphs[m−1] then
40 LabelsTrainSet← append(1)
41 else
42 LabelsTrainSet← append(0)

43 FeaturesTrainSet← FeaturesTrainSet[0 : 14∗m] . eliminate columns from feature set representing
edge identifiers

44 Same process for FeaturesTestSet,LabelsTestSet . lines 38-43
45 return FeaturesTrainSet,LabelsTrainSet,FeaturesTestSet,LabelsTestSet
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all the graphs from l. In lines 6-7, we store true edges and random non-edges. Then

we combine them to get AllEdges. After that, we initialize another empty list for the

feature set in line 9. In lines 10-32, we iterate through AllEdges for each snapshot, and

we keep appending similarity scores generated from different similarity methods. The

local similarity scores are calculated between the lines 15-18, global similarity scores

are computed between the lines 19-22, and quasi-local similarity scores are computed

between the lines 23-27. We calculate the similarity score from our method CFLP in line

28. In line 33, we shuffle the feature set. We initialize four lists for storing the training and

testing feature set and the corresponding labels in lines 34-35. In lines 36-37, we transfer

70% of features to the training set and the remaining 30% to the test set. After that, in

lines 38-42, we iterate through features in the training set and create labels for the training

set. If the connection exists in the previous snapshot, we label it as 1; otherwise, it is 0.

In line 44, we have described that we use the same process for the testing set. Finally, in

line 45, we return the training and testing sets and corresponding labels.

Computational Complexity

The feature set generation algorithm which consists of not only the proposed feature

CFLP but also fourteen other base-lined network metrics, we devise the complexity as

follows: Let N: size of the dataset and V: the number of nodes in a snapshot and V ′: the

number of nodes in the overall graph, lines 1-9 are initialization steps with constant or

linear complexity, next from lines 10-32 the number of classification edges i.e. AllEdges

is of size 2 ∗ (N/m) (having true edges of last snapshot and equal size randomized false

edges), then we iterate over these edges for m snapshots with O(m ∗ 2(N/m)) ≈ O(N)

complexity and in each iteration, for each classification edge we extract network fourteen

features, these features have a maximum complexity of O(V 2) for a particular edge.

After this, from lines 29-32, we extract our proposed CLFP feature where we iterate over

m snapshots each of size N/m. Hence it has linear complexity O(N) for checking m lists

of cumulative size N. The subsequent calculations are trivial in terms of complexity.

This results in overall complexity is O(N ∗V 2) . Note that V�V ′.
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TABLE 5.1: Feature Score of all similarity measures using Mutual Information Classifier
(MIC) and F-Regression method (FREG). In this table R-EMAIL, COLLEGE, LKML
and MATH are shortforms for RADOSLAW-EMAIL, COLLEGEMSG, LKML-REPLY

and MATHOVERFLOW respectively.)

Method DATASET MIT R-EMAIL EU-CORE FB-FORUM COLLEGE LKML MATH
AA 0.8463 0.692 0.7612 0.0546 0.209 0.97 0.8906
JC 0.7392 0.6656 0.7241 0.0669 0.2488 0.931 0.8629
PA 1 0.5711 0.2712 0.2812 0.5128 0.9902 0.9751
CN 0.791 0.6633 0.7031 0.0403 0.1895 0.9452 0.879
SI 0.7317 0.6594 0.7687 0.0758 0.2146 0.9332 0.8642
SP 0.7502 0.8449 1 1 0.9843 0.9283 0.8809

MIC COSP 0.751 0.9822 0.9907 0.9205 0.8601 0.9714 0.8988
ACT 0.9942 0.6303 0.2892 0.4055 0.5844 0.9385 0.8835
MFI 0.9004 1 0.9092 0.8372 0.7989 0.9017 0.8349
L3 0.9799 0.6714 0.8174 0.8911 1 1 1

LOCALP 0.8773 0.641 0.7049 0.5624 0.6663 0.981 0.9634
CCLP 0.8278 0.6875 0.7799 0.0562 0.2105 0.963 0.8634
NLC 0.8903 0.6761 0.7888 0.0804 0.2785 0.9591 0.8671

CARCN 0.8363 0.6553 0.6876 0.0409 0.1845 0.8768 0.7112
AA 0.6463 0.8567 0.8525 0.0136 0.0317 0.3651 0.5129
JC 0.2557 0.5324 0.7072 0.0015 0.0029 0.6773 0.671
PA 0.8141 0.6147 0.212 0.1704 0.198 0.2116 0.3643
CN 0.6803 0.9117 0.8018 0.0172 0.0343 0.427 0.5908
SI 0.2992 0.6826 1 0.0018 0.0024 0.9794 1
SP 0.4859 0.5588 0.6059 0.1418 0.0401 0.2413 0.2759

FREG COSP 0.0116 0.0484 0.3807 0.4306 0.517 1 0.1547
ACT 0.1741 0.2545 0.0459 0.0357 0.0238 0.0237 0.0281
MFI 0.0056 0.005 0.0948 0.151 0.1895 0.0112 0.0133
L3 1 1 0.9533 1 1 0.3729 0.5454

LOCALP 0.8436 0.9752 0.7208 0.2931 0.3428 0.4477 0.5894
CCLP 0.517 0.56 0.5655 0.0153 0.0553 0.1194 0.1357
NLC 0.5464 0.3937 0.3868 0.0099 0.0468 0.0792 0.0803

CARCN 0.5114 0.1445 0.1494 0.0034 0.0144 0.0497 0.0632

5.2.3 Feature score used in CFLP

This section will discuss the two feature selection techniques, F-Regression (FREG) and

Mutual Information Classifier (MIC), used in this paper for feature selection. Table 5.1

shows the feature score of different similarity indices. Initially, we used fourteen

methods for feature creation. The methods used are Adamic Adar (AA), Common

Neighbor (CN), Jaccard Coefficient (JC), Preferential Attachment (PA), Salton Cosine

Similarity (SI), Shortest Path (SP), Cosine Similarity (COS+), Average Commute Time

(ACT), Matrix Forest Index (MFI), Path of Length 3 (L3), Local Path (LOCALP),

Clustering Coefficient Based Link Prediction (CCLP), Node and Link Clustering
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Coefficient (NLC), CAR-based Common Neighbor Index (CARCN). As we add more

methods to the prediction process, the overall complexity of the link prediction algorithm

increases significantly. Therefore, we have applied feature selection techniques to

optimize the features based on feature scores. We have used the highest similarity score

of various similarity indices for feature creation. The experiment observed that L3,

LOCALP, CCLP, MFI, and PA produce similar scores on both feature selection methods.

The feature score of L3 is the highest of all datasets. The LOCALP, CCLP, and MFI

methods give the second-highest score on all datasets. From the table, we can observe

that in F-Regression (FREG) method, the best local scoring metrics are CN, PA, and AA.

We have combined these three methods with the above four high-scoring methods and

named this method CFLP-Local (CFLP-L). So based on the highest score, the methods

used in CFLP-Local after optimization are L3, LOCALP, CCLP, MFI, CN, PA, and AA.

Similarly, for Mutual Information Classifier (MIC) based feature selection, the best

scoring global methods are NLC, SP, and PA. We have combined these three methods

with the above four high-scoring methods and named them CFLP-Global (CFLP-G).

Based on the highest scores, the methods used for feature creation in CFLP Global are

L3, LOCALP, CCLP, MFI, NLC, SP, and PA.

The feature scores of all these common methods are highlighted in Table 5.1. Therefore,

we have considered two optimized version of proposed CFLP method CFLP-Local

(CFLP-L) and CFLP-Global (CFLP-G). We have evaluated the performance of these two

variations of CFLP on different machine learning models. The experimental result shows

that the optimized methods are more accurate and less complex. The experimental

analysis of two CFLP variations CFLP-Local and CFLP-Global are discussed in section

5.3.6.

• f regression .

The best features are chosen using univariate statistical tests in univariate feature

selection. In order to uncover potentially essential features for a downstream
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classifier, f regression [156] is considered a feature selection criterion, regardless

of the correlation of the connection with the target variable.

• mutual in f o regression.

Mutual information (MI) [156] among two random variables is a non-negative

number that indicates how dependent the variables are on each other. It is zero if

two random variables are autonomous, while larger values indicate more

dependence. For a continuous target variable, mutual in f o regression calculates

mutual information correlation between feature score and predicted value.

5.3 Result Analysis

This section examines the experimental results received from the experiments. To begin,

we employ five performance evaluation metrics to compare the CFLP result to individual

features in different machine learning algorithms such as Neural Network (NN), Logistic

Regression (LR), XGBoost (XGB), Random Forest Classifier (RFC), and Linear

Discriminant Analysis (LDA) on seven well-known dynamic datasets. The experiments

showed that machine learning variations of CFLP variation yield better accuracy on

seven well-known dynamic networks with five evaluation metrics. We also compared

and examined the final result with optimized local and global features with

state-of-the-art algorithms.

5.3.1 Performance comparison of CFLP model with different

similarity methods on Neural Network (NN)

This part will look at the experimental aspects and effectiveness of the CFLP approach

while utilizing neural network for training and prediction. We employed two hidden

layers with 1024 neurons to train the neural network model. The learning rate is 0.001 in
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this case. We trained the model for 5 epochs with a batch size of 32. Table 5.2 compares

the CFLP model’s performance with various similarity indices using neural network. In

terms of AUC, CFLP produces good results on CollegeMsg dataset while producing

average results on other datasets. For AUPR, CFLP produces good results on Mit and

CollegeMsg datasets while performing moderately well on other datasets. For balance

accuracy score (BAL ACC), CFLP produces excellent results on Lkml-reply and

Mathoverflow datasets and average results on other datasets. For F1 SCORE, CFLP

produces moderately good results across all datasets. For average precision (AVG

PREC), our model produces excellent results across all datasets. On Fb-forum dataset, it

outperformed all models except SP and L3. On Mathoverflow dataset, it outperformed

all except L3, and on Lkml-reply dataset, it outperformed all except L3 and COSP.

5.3.2 Performance comparison of CFLP model with different

similarity methods on Logistic Regression (LR)

This part will look at the experimental details and effectiveness of the CFLP approach

while employing Logistic Regression (LR) for training and prediction. The comparison

of the effectiveness of the CFLP model and different similarity indices with Logistic

Regression (LR) is displayed in Table 5.3. In terms of AUC, CFLP produces good results

on Radoslaw-email and CollegeMsg datasets while generating average results on other

datasets. For AUPR, CFLP produces good results on Fb-forum dataset and moderate

results on other datasets. For BAL ACC, the CFLP method produces better results than

the global feature method on the Mit dataset but local and quasi-local methods

outperform it. CFLP produces average results on other datasets. For F1 SCORE, CFLP

produces good results on CollegeMsg dataset but performs rather poorly on other

datasets. For AVG PREC, CFLP produces good results in CollegeMsg dataset and

average results in other datasets.
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5.3.3 Performance comparison of CFLP model with different

similarity methods with Extreme Gradient boosting XGBoost

(XGB)

In this part, we examine the performance of the CFLP model on feature sets using

XGBoost (XGB) as a training and testing model. In this model, we utilized a learning

rate of 0.01 and several estimators of 50. The number of boosting rounds is indicated by

n estimators. A single tree’s greatest depth is regarded to be six. XGBoost initializes

tree pruning from the backward direction and utilizes the max depth option. This

increases the XGBoost framework’s computational performance and speed. Table 5.4

compares the CFLP model’s performance with various other similarity indices using

XGBoost (XGB). If we observe AUC, CFLP is the best performing method on all

datasets except on Radoslaw-email and Lkml-reply datasets, on which it is the

second-best method slightly behind COSP in Radoslaw-email dataset and JC in

Lkml-reply dataset. For AUPR, CFLP is the best performing method on all datasets

except Fb-forum, CollegeMsg, and Radoslaw-email. It is the second-best performing

method on Fb-forum and CollegeMsg datasets, lagging only behind SP, and the

third-best performing method on Radoslaw-email dataset behind SP and COSP. For BAL

ACC, CFLP is the best performing method on all the datasets except on Radoslaw-email

and Lkml-reply datasets. On Radoslaw-email dataset, it is the second-best performing

method only behind COSP, and on Lkml-reply dataset, CFLP is the fourth-best method.

For F1 SCORE, CFLP is the highest scoring method across all datasets barring the

Eu-core dataset, where it very closely follows the SP method. For AVG PREC, CFLP

produces the best results on all the datasets except CollegeMsg and Radoslaw-email

datasets. On CollegeMsg dataset, it is the second-best method only behind SP, while on

Radoslaw-email dataset, it is the third-best method behind SP and COSP.
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5.3.4 Performance comparison of CFLP model with different

similarity methods with Random Forest Classifier (RFC)

In this part, we examine the performance of the CFLP model on feature sets using

Random Forest Classifier (RFC) as a training and testing model. Table 5.5 compares the

CFLP model’s performance with various other similarity indices using the random forest

classifier. If we observe AUC, CFLP produces excellent results surpassing all other

methods on all tested datasets, sometimes by a large margin. If we consider AUPR, then

also CFLP outperforms every other method on all tested datasets. Upon considering

BAL ACC, CFLP once again is the best scoring method across all the tested datasets.

For F1 SCORE, CFLP produces the best results on all datasets except Radoslaw-email,

Eu-core, and Fb-forum datasets. It is the second-best method lagging only behind SP on

these datasets. For AVG PREC, CFLP generates the best results among all other methods

on every tested dataset.

5.3.5 Performance comparison of CFLP model with different

similarity methods Linear Discriminant Analysis (LDA)

The comparison and analysis of the performance of the CFLP model with Linear

Discriminant Analysis (LDA) are shown in Table 5.6. In terms of AUC, CFLP is the best

method across all the datasets except Mathoverflow dataset, where it is the third-best

method behind L3 and LOCALP. For AUPR, CFLP is the best performing method across

all datasets except Lkml-reply and Mathoverflow datasets. On Lkml-reply dataset, it is

the fourth-best method, while on the Mathoverflow dataset, it produces above average

results. For BAL ACC, CFLP produces the best results across all the tested datasets.

For F1 SCORE, CFLP generates the best output on Radoslaw-email, CollegeMsg,

Lkml-reply, and Mathoverflow datasets. It is the second-best performing method on Mit,
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Eu-core, and Fb-forum datasets behind SP. For AVG PREC, metric CFLP is the best

performing method across all the tested datasets.

5.3.6 Comparison of CFLP with state-of-the-art methods after

optimization

Table 5.7 compares the performance of CFLP and its variations with state-of-the-art

methods on five performance metrics and seven publicly available dynamic datasets. The

performance metrics used here are AUC, AUPR, BAL ACC (Balance Accuracy Score),

F1 SCORE, and AVG PREC (Average Precision). Here we have compared two

variations of our proposed CFLP method called CFLP-Local (CFLP-L) and

CFLP-Global (CFLP-G) in different machine learning models. The similarity metrics

used in CFLP-L and CFLP-G are discussed in section 5.2.3. The CFLP-L and CFLP-G

variations are the optimized version of CFLP. We have used the highest similarity score

of various similarity indices for feature selection. We have selected the features by two

different feature selection methods, F-Regression and Mutual Information Classifier. The

machine learning models used here are Neural Network (NN), XGBoost (XGB), Logistic

Regression (LR), Random Forest Classifier (RFC), and Linear Discriminant Analysis

(LDA).

In terms of AUC, our proposed method CFLP-L-RFC and CFLP-G-RFC generate the

best results on the MIT dataset. CFLP-L-LDA and CFLP-G-LDA are second-best

performing methods. On Radoslaw-email and Eu-core datasets, CFLP-L-RFC and

CFLP-G-RFC are the best-performing methods. CFLP-G-LDA is the method with the

second-highest performance. CFLP-L-LDA is comparable with CFLP-G-LDA.

CFLP-G-LDA produces the best result on Fb-forum, followed closely by CFLP-L-RFC.

CFLP-G-RFC and CFLP-L-LDA produce comparable and third best results. on

CollegeMsg dataset, CFLP-L-RFC and CFLP-G-RFC give the best results, whereas

CFLP-G-LDA is the second-best performing algorithm. On Lkml-reply and
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Mathoverflow datasets, CFLP-G-RFC and CFLP-L-RFC produce the second-best results

behind state-of-the-art method PROXM.

In terms of AUPR, our proposed method is CFLP-G-RFC, and CFLP-L-RFC produces

the best results on the Mit dataset. On Radoslaw-email, Eu-core, and Fb-forum datasets,

CFLP-G-RFC and CFLP-L-RFC produce the best results. On CollegeMsg, Lkml-reply,

and Mathoverflow datasets, our proposed method CFLP-G-XGB and CFLP-L-XGB

produce the best results while CFLP-G-RFC and CFLP-L-RFC are the second-best

performing algorithms.

For BAL ACC, our proposed method CFLP-G-LDA generates the highest score on Mit

dataset, and CFLP-L-RFC is the second-best performing algorithm. On Radoslaw-email,

Eu-core, Fb-forum, and CollegeMsg datasets, our proposed methods CFLP-G-RFC and

CFLP-L-RFC produce the best results. On Lkml-reply dataset, CFLP-G-RFC and

CFLP-L-RFC produce second-best scores slightly behind state-of-the-art methods. On

the Mathoverflow dataset, CFLP-G-RFC and CFLP-L-RFC produce second-best results

behind the state-of-the-art.

For F1 SCORE, our proposed model CFLP-G-LDA and CFLP-L-LDA produce the best

result on the Mit dataset. On the Radoslaw-email dataset, CFLP-G-LDA produces the

best result while CFLP-G-XGB is the second-best performing algorithm. On the Eu-core

dataset, CFLP-G-XGB produces the best result while CFLP-G-LDA is the second-best

performing algorithm. On the Fb-forum dataset, CFLP-L-XGB generates the highest

score. On the CollegeMsg dataset, CFLP-L-LDA produces the best result, while

CFLP-G-LDA is the second-best performing algorithm. On the Lkml-reply dataset,

CFLP-G-XGB and CFLP-L-XGB produce the best results. On the Mathoverflow dataset,

CFLP-G-RFC produces the best result, while CFLP-G-XGB is the second-best

performing algorithm.

For AVG PREC, on Mit, Radoslaw-email, Eu-core, Fb-forum and CollegeMsg datasets,

our proposed methods CFLP-L-RFC and CFLP-G-RFC produce the best results.
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CFLP-G-LDA and CFLP-L-LDA are the second best-performing algorithms on the

above datasets. On the Lkml-reply dataset, our proposed method CFLP-L-RFC and

CFLP-G-RFC produce the second-best results, slightly behind state-of-the-art methods.

On the Mathoverflow dataset, CFLP-G-RFC and CFLP-L-RFC produce the best results,

while CFLP-L-LR and CFLP-G-LR are the second-best performing algorithms.

5.4 Conclusion

This paper presents an enhanced feature set to address the link prediction problem in

dynamic networks. We try to incorporate features that perform edge scoring individual

snapshots and the whole dynamic graph through this feature set. Our proposed feature

CFLP is used for estimating edge behavior throughout the entire dynamic network

irrespective of the particular snapshot under consideration. We use four similarity indices

for estimating edge behavior on individual snapshots: local similarity-based, global

similarity-based, quasi-local similarity-based, and clustering coefficient-based similarity.

We have also made feature selection on fourteen different snapshot-based features to find

the best possible combination of minimum optimized features for link prediction. This

combined feature set, which incorporates various categories of similarity, is tested with

different machine learning models and compared with individual features and

state-of-the-art algorithms to verify the improved performance of our approach.

Experiments are conducted on seven real-world datasets, and our feature set provides the

best performance on XGB and RFC models with five evaluation metrics.
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