© 2019 JETIR March 2019, Volume 6, Issue 3 www.jetir.org (ISSN-2349-5162)

SOCIAL NETWORK ANALYSIS USING
PYTHON AND NETWORKX

Ishivam shah, ? Sumitra Menaria
Istudent B.TECH 4™ year, 2 Assistant Professor,
!Department Of Information Technology,
LParul institute of engineering and technology(parul university),vadodara,india

Abstract : social media have received more attention now days .social site are the most visiting sites now days it contain large amount of data
about user. Social network analysis is process of analyzing the social structure through the network and graph theory .it means all the relationship
between the social entities are represented in form of graph. In this research paper we will study about the how the graph is represented and it
tells about user. For this research paper we are using the python language and for representation of graph we are using the open source library
called networkx.and the data | am using the twitter | am using the real time data from twitter that will get using the tweepy which allow to extract
information twitter in real time and allow to store in json formet and we can perform analysis in that json formet. Social network analysis is now
days shown as key to the morden sociology.
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. INTRODUCTION

Social network analysis is also call as SNA is a process of analyzing the social structure through use of network and a graph
theory. the graph characterize the network structure in terms of node and edges .node means individual actor and edge or link means
the relationship between each actor example of social network analysis includes social media is meme spread, information
circulation,collobration graph. These types of network are visualized as graph in which the nodes are represented as points and ties
are represented as ties.

Visual representation of social network is important to understand about the network data and convey the result of analysis. There
are numbers of methods for visualization data produced by social network analysis presented. many of social network analysis
software have modules for network visualization exploration of data is done through displaying nodes and ties in various layouts
and contributing colors, size and various advance properties of node visual representation of the network may be powerful method
for conveying complex information but we should take care in interpreting node and graph properties in visual display alone. As
they may misprint structure captured through properties analysis

Especially when using the social network analysis for facilitative change different approaches of participatory network mapping
have may become useful here participants provide network data by actually mapping out the network which also include collection
of some actors and its relationship.

In this research paper we well give information about how we can represent the social media data in form of graph using the
python programming language and module name network Xx.

Il. RELATED WORK

For the batter understanding network library and forming the all data in graph we have to understand some concept of graph
theory.

Graph theory concepts :

Graph: graph is G=(V,E) collection of edges and vertices where v is collection of vertices and e is collection of edges
Digraph: it is also collection of D(V,A) where v is collection of vertices and a is collection of arcs a is made of pairs of  element
fromv

Distributions:

Bridge: an individual whose weak ties fill a structural hole provide ;inks between two indivisuals or clusterit will also includes
shortest route when longer one is unfeasible due to high risk of message delivery faliur.

Centrality: centrality refers to matrices that aim to qualify the influence of a particular node with a particular network.

Density: the proportion of direct ties in network relative to total no of possible.

Distance :the minimum no of ties required to connect two network.

Structural holes :the absence of ties between two part of network.

Tie strength: defined by the linear combination of time, intensity, intimacy and reciprocity.

Segmentation:

Clustering coefficient: a measure of likelihood that two associate of nodes are associate a higher clustering coefficient indicates
a grater cliquishness.

Cohesion: the degree to which actor are connected directly to each other by cohesive bonds.

Social network potential is also useful it is nothing but the numeric coefficient derived through algorithm to represent the size of
both social network and ability to influence the network.
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The snp coefficient have two primary function:

The classification based on social network potential

Weighting of respondents in quontative market research

I11. GATEING FAMILIER WITH NETWORKX AND GRAPH IN PYTHON

3.1. INTRODUCTION TO NETWORK X AND ITS FUNCTION

Networkx is open source python library for studying graph and network.Networkx is a python package for creation, manipulation
and study of structure, dynamics and function of complex network

For installation of network library in python command is pip install network
program :
import networkx as nx #import network librerery in python G=nx.graph()# create the graph and now graph is empty

#add node G.add_node(1)
G.add_nodes_from([2,3])#we can also list node of argument

#add edges G.add_edges(1,2)
E=(2,3)

G.add_edges(e)

There are multiple graph function and its operation this table will give information about what are the function and its operations.

Function Function opretation

Subgraph(n,gbunch) Induced sub graph view of g nodes in nbunches
union(gl,92) Union of two graph

Disjoint_union(g1,92) Graph union assuming all nodes are different
Crastesian_product(g1,92) Returns crastriean products of graph
COMPOSE(G1,G2) Combine the graph identifying nodes comman to both
Complement(g) Graph complement

Create_empty_copy(g) Create empty copy of same graph
Convert_to_directed(g) Returns directed graph of g

Convert_to_undirected(g) Convert undirected graph of g

Table 3. 1.networkx function and its operation

In this table we weil show information about what type of graph is access by which network class.

Graph type Networkx class

Undirected simple Graph

Directed simple Digraph

\With self loop Graph,digraph

\With parallel edges Multigraph,multipledigraph

Table 3.2.graph types and its networkx class

3.2 . APPLY NETWORKX ON DATASET AND IDENTIFY RESULT

In this we will take generic dataset and we will do some manipulation so it can be some insighted into graph in form of edge  list
.and edge list is list of Tuple contain vertices defining every edge .

The dataset we will be looking at come from airlines industry .it has some basic information about airlines routes. There is a source
of journey and destination there are also some column indicating arrival and departpture time for each journey. As you can imagine
dataset lends itself beautifully to be analyzed as graph. Imagine a few cities are connected by routes.
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Program:
Import pandas as pd
Import numpy

Data= pd.read_csv(“airlines.csv’)

data['date’] = pd.to_datetime(data[['year', 'month’, ‘day']])

data = data.drop(columns = ['year’, 'month’, 'day")

FG = nx.from_pandas_edgelist(data, source="origin’, target="dest’, edge_attr=True)
Fg.nodes()

Fg.edges()

nx.draw_networkx(FG, with_labels=True)

output:
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IV. APPLICATION

Marketing Analytics — Graphs can be used to figure out the most influential peoples in a Social Network. Advertisers and
Marketers can estimate the biggest bang for the marketing buck by routing their message through the most influential people in a
Social Network.

Banking Transactions — Graphs can be used for find unusual patterns helping in mitigating fraudulent transactions. There are
examples where Terrorist activity has been detected by analyzing the flow of money across interconnected Banking networks.

Supply Chain — Graphs help in identifying optimum routes for your delivery trucks and in identifying locations for warehouses
and delivery centers.

Pharma — Pharmacy companies can optimize the routes of the salesman using Graph theory. It helps in cutting costs and
reducing the travel time for salesman.

Telecom — Telecom companies typically use Graphs to understand the quantity and location of Cell towers to ensure maximum
coverage.

V. CONCLUSION:

From the research paper we will conclude about how to use open source networkx library for network analysis as it will be valuable
tool set for any data scientist .network analysis help us to solve common data science problem and vizulizating them at much greater
scale .by social network analysis allow us to know and help us to know how different peoples are related to each other like message
spread, meme spread, information circulation,. It also allow us to know who is the central edge allow us to show all the information
in form of graph .
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