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Abstract 

Social Networks have been an important aspect in our lives since 

the beginning of time. These social networks include physical or 

digital networks formed over time due to certain similarities. Due 

to the nature of these networks being so large there can be many 

communities identified within these networks. Community 

detection is an important part in various fields such as marketing, 

recommendation systems, healthcare, detecting terrorist 

activities, Link prediction and many more. Community detection 

in social networks helps to understand the network structure and 

analyse the network properties. Link prediction in social networks 

is important with respect to identifying future links and 

connectivity in the network to predict the future of the network. It 

is used in spam detection, disease prediction, advertising, 

recommender systems and many more. One way to extract 

information from communities for the mentioned uses includes 

techniques like data extraction and data mining. Both these 

techniques require huge amounts of time and is difficult to 

perform on large datasets. To overcome this, the use of machine 

learning algorithms proves essential to saving time and accurately 

extracting important information from such large datasets. In this 

paper we aim to identify and predict social communities present 

in large networks and accurately identify the future links in these 

networks through various machine learning models and 

algorithms.  

I. INTRODUCTION 

In this digital age, there is a huge amount of heterogeneous data 

available which can be put to good use if used carefully. In the 

analysis of social network data, recognizing groups of similar 

nodes is a difficult task. Using this data leads to enhance the 

quality of community discovery. The analysis of social 

networks, mainly based on graph theories and sociological 

analysis, aims to study different aspects of these networks. The 

main factors are network detection, identity of influential actors, 

and the observe and prediction of the evolution of networks. 

 

Datasets 

The most simple and customary sort of datasets are spreadsheet 

or CSV format. Therein one file is organized as tables of rows 

& columns. There are other datasets which are stored in other 

formats, they need many files. Dataset are often a zipper file or 

folder having numerous data tables with stated data. Datasets 

are the fastest and most efficient way to work with logically 

grouped data in your application. We have taken the datasets of 

social network pages which shows the graph relates the 

knowledge objects within the save to a series of nodes and 

edges, the sides representing the relationships between the 

nodes. The relationships permit information that's saved to 

couple together directly and, in many cases, retrieved with one 

operation. The results are obtained on the dataset Fb-pages-

food network from the network repository website. 

 

 

 

Community Detection Algorithms 

1. Girvan-Newman algorithm: 

In this algorithm the edges between nodes which have the 

highest betweenness centrality are removed consecutively until 

two or more communities are establish. In this paper, this 

algorithm rule is employed for network community detection. 

 

2. Triangle counting: 

In this algorithm, a triangle refers to a set of three nodes or 

vertices of the triangle and all of the nodes are connected to 

other nodes. This technique is useful to classify a node into 

three general communities and is often used for fraudulent 

website detection. 

 

3. K-1 colouring algorithm: 

This algorithm assigns a colour to every node in the graph while 

making sure that the colours used are as few as possible. This 

is a NP complete problem and that’s why this is a greedy 

algorithm. 

II. PURPOSE OF THE PROJECT 

Community detection is an important aspect to help detect the 

structure of the network and identify nodes based on their 

similarities. With today’s digital age it becomes an important 

aspect to detect communities which can be applied to various 

fields such as healthcare, marketing et cetera. Link prediction 

serves an important role to help detect the future of the 

community and the network. Data mining becomes a tedious 

and almost impossible task to help detect communities and the 

links between their nodes. This is where machine learning 

models and various community detection algorithms come into 

picture to save time and accurately predict the future of these 

networks. 

III.   LITERATURE SURVEY 

The following research papers were referred to gather deeper 

understanding and knowledge of the subject. 

 

Qi Chen. [1] The primary emphasis of this paper is on the study 

of identifying patterns of activity and forecasting the potential 

configuration of advanced networks in overlapping 

substructures. It examines a few of the best algorithms for 

detecting overlapping communities in advanced networks. 

X.Ma. [2] This paper investigates two evolutionary non-

negative matrix factorization mechanisms for detecting 

complex populations by clustering, mapping, and other 

techniques. The algorithm used in this paper proved to be more 

accurate than many state-of-art approaches. 

Hao Shao. [3] This paper describes a relation prediction 

algorithm for unsupervised networks. It focuses on 

unsupervised machine learning models for detecting node 

connections accurately. 
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Junming Shao. [4] For connection prediction and group 

identification, this paper employs cluster-driven low rank 

Matrix completion. The proposed algorithm in this paper 

outperformed many previously studied algorithms in terms of 

accuracy. 

David Liben Nowell. [5] This paper focuses on Link estimation 

using various coefficients such as Jaccard's coefficient, based 

on a large number of near neighbours, and various paths such 

as page rank, reaching time, commuting time, and so on. This 

paper also discusses approaches focused on node 

neighbourhoods, such as common neighbours. The accuracy of 

these forecasts was equivalent to 16%, and there is still 

potential for significant progress in the algorithms used in the 

paper. Often, the time frame or optimization of these algorithms 

can be done to increase the time complexity so that they operate 

much faster on massive data sets. 

Mohsen Shahriari. [6] This paper proposes a two-step method 

for locating overlapping communities in signed social networks. 

Furthermore, assess the significance of three node classes: 

additional, overlapping, and intra. The results show that 

overlapping nodes can predict signals more accurately than 

intra and extra nodes. In addition, anger was applied as a 

measure to test errors in fuzzy group identification in signed 

social networks. 

Le Yu. [7] This paper focuses on a population identification 

thesis based on dynamic network analysis. It suggests a novel 

algorithm for detecting overlapping communities. The 

proposed algorithm, as opposed to traditional algorithms 

relying on node clustering, is based on connection clustering. 

The connection clustering would reflect groups of links with 

similar properties. The algorithm employs a genetic operation 

to cluster on links. An effective coding schema for number of 

communities can be automatically detected. 

Kamal Sutaria. [8] The aim of this paper is to explain the 

interpersonal interaction between a community of active actors 

representing various types of structures. Many real-world 

structures, such as human cultures and various types of 

components, may be modelled as social networks. Social 

network research provides key words to a forum for industry to 

produce product surveys and promote the introduction of new 

technologies to the public body. This method differs from 

conventional clustering. 

Jaewon Yang. [9] This paper reflects on the basic methods for 

uncovering operational concepts in networks. To create 

communities based on edge structure and node attributes, an 

accurate, scalable, and efficient algorithm for detecting 

overlapping communities in networks was created. This model 

integrates with the network configuration and node 

characteristics, resulting in more precise community 

identification and greater robustness. 

Lei Tang. [10] This paper is written from the standpoint of data 

mining. It yields graph-based group identification strategies as 

well as numerous important extensions for dealing with 

complex, heterogeneous networks in social media. 

IV.   METHODOLOGY 

Step 1: Import the required libraries such as NetworkX, 

NumPy, pandas, linear models, light GBM models. 

Step 2: Using NetworkX library form a network or a graph of 

the imported dataset and perform exploratory data analysis. 

Step 3: Implement the Girvan-Newman algorithm for 

community detection and visualize the communities using 

Matplotlib. 

Step 4: The most influential nodes for marketing are identified 

based on betweenness centrality, degree centrality and 

closeness centrality. 

Step 5: For Link prediction on our data set, we first create an 

adjacency matrix to find all the unconnected pairs.  

Step 6: These unconnected pairs form the negative samples; the 

positive samples are formed by removing the connected node 

pairs. 

Step 7: We then train our Node2Vec model using these samples. 

This vector dataset can be used for training our models. 

Step 8: We then fit this data set to a logistic regression model, 

visualize the results and calculate the Roc-Auc score. 

Step 9: The accuracy of this model is visualized and another 

model is used to improve the accuracy and predictions of this 

logistic regression model. 

Step 10: We fit our data set to a light GBM model to increase 

the efficiency of our predictions. 

Step 11: Thus, we have successfully used Girvan-Newman 

approach for detection of communities and implemented 

logistic regression model and light GBM model for accurately 

predicting links between nodes. 

 

 

V.  RESULTS 

These results are obtained on the dataset Fb-pages-food 

network from the network repository website. 

 

Community detection: 

The two communities created by the Girvan-Newman 

algorithm are depicted in the diagram below. Dine-in 

restaurants are represented by blue nodes, while fast-food 

restaurants are represented by red nodes. 
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Link Prediction: 

1. Logistic Regression Model 

Logistic regression is similar to linear regression in that it 

forecasts whether something is true or false rather than 

forecasting something constant, such as scale. In addition, 

rather than fitting a straight line to the results, logistic 

regression employs an S-shaped logistic function. And the 

curve converts it into a value between 0 and 1, indicating the 

likelihood of nodes in societies containing similar nodes. The 

power of logistic regression to have probabilities and 

distinguish new samples using continuous and discrete 

measurements. It can be used to identify samples, and it can do 

so using various types of data such as size and/or genotype. It 

can also be used to determine which nodes in a given dataset 

are useful. 

 

                  1 / (1 + e^-value) 

  

In natural logarithms where e is base (Euler’s number or the 

EXP () function in your spreadsheet) furthermore, esteem is the 

actual numerical value that you need to change. 

 

The figures below represent the roc-auc score after fitting the 

logistic regression model for our dataset. It is roughly 81.33%. 

The curve of the auc score is visualized below.  

 

 

 
The confusion matrix for actuals links vs predicted links is 

represented below, based on which the accuracy, precision and 

recall is calculated. The accuracy is roughly 75.04% and the 

precision and recall stand at 17.46% and 71.02% respectively. 

 

 
 

2. Light GBM model 

Light GBM is another variant of gradient boosting, and the light 

stands for the light iteration, which supposedly makes this 

faster spread, more effective at maximizing the energy, and 

perhaps a little more reliable, and we checked this on the two 

data sets of social network sites that we took. It's a gradient 

boosting algorithm, which means it's built on the decision tree 

algorithm, similar to XGboost or even random forest. It divides 

the tree leaf by leaf, and there are several ways to divide these 

trees. 

 

Benefits of Light GBM 

 

1. Faster preparation speed and better proficiency  

2. Lower memory consumption  

3. Greater precision than most enhancing calculations  

4. Compatibility with Large Datasets  

5. Parallel learning help 

 

The figure below represents the confusion Matrix for predicted 

links versus actual links when fitted to a light GBM model. We 

can clearly see that the accuracy increased to 95.22% while the 

precision jumped to 69.30% and the recall stands at 54.15%. 

 

 
 

 Influential nodes 

1. Influential nodes dependent entirely on degree centrality: 

Degree centrality is a simple tally of the cumulative number of 

connections attached to a vertex. It is regarded as a type of 

prominence metric, though an unrefined one that does not 

distinguish between quantity and consistency. Degree 

centrality does not distinguish between a relationship to the 

Indian president and a connection to a high school dropout. The 

degree is a proportion of the total number of edges associated 
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with a given vertex. There are two-degree proportions for 

organized groups. The number of connections that point 

internally at a vertex is known as in-degree. The number of 

associations that originate at a vertex and point outward to other 

vertices is known as out-degree. 

 

2. Influential nodes primarily based on closeness centrality: 

The concept "closeness centrality" refers to a node that is 

closest to all other nodes with respect to the average distance 

between all other nodes. Closeness centrality, like degree 

centrality, can be measured on a network where we don't know 

the location of the node, but closeness of priority can also be 

broken down into nearest in terms if you know the direction of 

the node broken down into closest in terms of people closest to 

you, so closest in terms of incoming node at you or closest in 

terms of outgoing node from you. 

 

3.Influential nodes solely dependent on Betweenness Centrality:  

Betweenness centrality is a metric of how often a node acts as 

a conduit between other nodes. So, in this, we calculate all of 

the shortest paths between the nodes, then we calculate the 

percentage of the shortest paths between every two nodes, and 

finally we add the percentages over all pairs of nodes. When 

looking at leverage or how information is disseminated across 

the network and between the centrality is a linchpin metric for 

looking at stuff like brokerage in a network, because for 

example, if you believe that essential information is dispersed 

across various regions in a network, individuals with high 

betweenness centrality united the network. 

VI. CONCLUSION 

Data mining techniques are used to derive valuable information 

from large databases, which can be a time-consuming process. 

It is absolutely avoided with the aid of machine learning 

algorithms and optimized crowd detection algorithms. The 

algorithms used in this paper allow us to accurately predict 

future relations between nodes in a network using logistic 

regression, light GBM models, and the Girvan-Newman 

algorithm, as well as predict the creation of communities in 

networks. This can be applied to various fields such as 

marketing with the help of influential nodes, detecting 

communities for analysis of social networks. The link 

prediction model can be used in social media to recommend 

people and pages one may connect with and like respectively. 

The identification of future nodes which may link can be well 

utilized to predict the future growth of a network and to study 

how a network might grow and to understand constantly 

evolving networks in an easier way. In the future, the accuracy 

and predictability can be further improved to detect 

communities and link predictions more precisely. 
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