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Abstract
This project deals with analysis of networks through graphs. Simulated random networks will be created on a

small and large scale to see how they differ in connectivity and how the removal of nodes effects the connectivity of
the graph. Analyzing the connectivity of the graphs is the first step; which nodes have the highest degree and how do
they impact the network. By removing nodes from the graphs it can be seen how they individually effect the network
and how long it takes for a network to disconnect.

1 Graphs

We are working with randomly generated, undirected, unweighted graphs. The following code
creates a random graph of n nodes.

L= Round[Sort[RandomVariate[ParetoDistribution[2,2],n]]]
G=RandomGraph[DegreeGraphDistribution[L], VertexLabels->Name]

1.1 Connectivity

In an undirected graph G, two vertices u and v are called connected if G contains a path from u to
v. A graph is said to be connected if every pair of vertices in the graph is connected.

This is an example of a connected graph, similar to ones that we have been working with.
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Breadth-first search is a search technique that can be used to determine whether two vertices in
a graph are connected. The strategy used for searching a graph begins at a root node and inspects
all the neighboring nodes. Then inspects the neighbors to those nodes, and so on. This search
technique allows you to visit and inspect a node of a graph and then gain access to visit the nodes
that neighbor the currently visited node.

The node with the most connections in the graph has the highest degree. This is the node that
we are most concerned with.

1.2 Removing a Node

What happens to a graph when you remove a node?
We started by removing one node from the original, randomly generated graph G. If the graph did
not disconnect at any vertice we removed another node, and so on until the graph disconnects at
any vertice. If the degree of the nodes in the graph are all relatively the same, the more nodes you
will have to remove to make any disconnection in the graph.

2 Sample Sizes

Random graphs of 20, 50, 100, 150 and 200 nodes were generated to analyze. We created random
networks and removed nodes from their graphs until a node (or nodes) disconnect. Nodes were
removed from the graphs in two different ways; randomly and by the highest degree.

We generated a graph G, made up of 20 nodes.

We removed node 20

But the graph is all still connected.
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We removed node 19, and the graph seperated into two.

2.1 Trends

From each sample size we produced twelve graphs. Nodes were removed randomly and by the
highest degree until the graph disconnected. We used this data to analyze the trend of removing
nodes from a graph.

Table 1: Removing Nodes(Averages)

# of Nodes in Graph Random Node Highest Degree Node
20 7.75 2.12
50 10.92 2.33

100 12.83 3.67
150 16.00 3.30
200 21.25 5.30

This table shows the average number of nodes removed from a graph that make the graph dis-
connect. The average of removing random nodes is significantly greater then the average number
of the highest degree nodes being removed.

2.2 Highest Degree Node

We started by removing the highest degree node, followed by the next node with the highest degree
and so on until the graph disconnects. By removing ndoes by the highest degree you are cutting
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off a lot of the connections at once, therefore making the graph disconnect in fewer steps.

First a random graph must be created. From that the following code can be used to remove the
highest degree nodes from graph G until there is a disconnection.

steps=0;
While[ConnectedGraphQ[G]==True,
v=Max[VertexList[G]];
G=VertexDelete[G,v];
steps++;]
steps

Example:

A Random Graph G with 100 nodes.

From this graph we removed the node with the highest degree.
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RemoveHighest100-step3.jpg

Step 3: node 29 disconnects from graph G
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2.3 Random Node

Another way nodes were removed from graph G is randomly. By removing nodes randomly, the
nodes with the smallest degree may all be pulled first, which in turn means you may have to remove
a lot more nodes before any part of the graph disconnects.
After you create a random graph G, the following code will remove random nodes from that graph
G until it disconnects.

steps=0;
While[ConnectedGraphQ[G]==True,
v=RandomSample[VertexList[G]][[1]];
G=VertexDelete[G,v];
steps++;]
steps

Example:

A Random Graph G with 100 nodes.

From this graph we started to reomve nodes randomly.

RemoveRandom100-step2.jpg
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RemoveRandom100-step5.jpg
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Step 7: node 54 disconnects from graph G

3 Applications

Graphs can be used to analyze many different types of networks; social networks, electric circuits,
determining routes, etc.
Using a graph helps visualize connections, especially throughout larger networks. These graphs
are used to

• find all nodes within one connected component

• find the shortest path between nodes u and v

• Ford-Fulkerson method for computing the maximum flow in a flow network

The Ford-Fulkerson method is a very simple algorithm. As long as there is a path from the start
node to the end node, a flow can be sent along one of the paths.

Breadth-First Search is often impractical for large problems on systems with bounded space. If
a graph is infinite and there is no solution, BFS will diverge. So this wouldn’t be a logical search
method to use when analyzing social networks.

Using numerical results indicates that most topological properties of sampled networks are
almost the same as those of the original network
A number of examples of statistical network modeling have been studied in the network literature;

• Motivation and Dataset

• Static Network Models

• Dynamic Models for Longitudinal Data

• Issues in Network Modeling
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4 Continuing Research

Since we have only dealt with unweighted graphs, our next step would be to start adding some
weight to our graphs. We could see how that affects connectivity and how removing nodes would
effect this graph.
Another way to go about removing nodes would be by choice. In each step select a node you would
like to remove to analyze how those specific nodes effect that graph.

4.1 Matrices

Networks don’t only have to be analyzed by graphs. Matrices can be used, but get difficult when
trying to analyze large scale networks.
They are used to see patterns easily.

By using

W=AdjacencyMatrix[G];
MatrixForm[W]

you can create the matrix of your graph G.
W equals the matrix of graph G and MatrixForm prints out the matrix W of graph G.

Matrices used to analyze networks are frequently square; the number of rows and columns are
equal. The simplest and most common matrix used is binary. In this type of matrix a 1 is placed
wherever there is an edge connecting the vertices, and a 0 if those vertices do not connect.
This kind of matrix is the starting point for most network analysis. It is called an adjacency matrix
because it represents who is next to, or adjacent to whom.

5 Sources

http://www.personal.kent.edu/˜rmuhamma/GraphTheory/MyGraphTheory/connectivity.htm
http://www.cit.mak.ac.ug/staff/jquinn/teaching/graphtheory/graphtheory_week3.pdf
http://www.analytictech.com/borgatti/papers/cmotkeyplayer.pdf
http://www.wolfram.com/mathematica/new-in-8/graph-and-network-analysis/
http://en.wikipedia.org/wiki/Graph_theory
http://faculty.ucr.edu/˜hanneman/nettext/C5_%20Matrices.html
http://en.wikipedia.org/wiki/Ford%E2%80%93Fulkerson_algorithm

6 Definitions

Network: an undirected, unweighted graph with N nodes. Nodes cannot be self connected.
Node: a connection point in a network
Vertices: nodes
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Edge: a one-dimensional line segment joining two vertices
Connectivity: asks for the minimum number of elements(nodes or edges) which need to be re-
moved to disconnect the remaining nodes from each other.
Snowballing: a non-probability sampling technique where existing nodes obtain future nodes
through links with existing nodes. The sample group appears to grow like a snowball.
As more relationships are built through mutual association, more connections can be made through
those new relationships and a lot of information can be shared and collected.
Bias: nodes with many links are more likely to end up into the sample.
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