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Clusters of nodes in a graph that have stronger internal U,

conn eCti oNns th an ext ern al conne cti ons Dataset V| |E| A?gorlthm Communities Found Time (s) Peak Memory (mb) Modularity

Karate Club 34 78 Girvan-Newman 5 0.27 0.07 0.38

2m = total number of half edges Louvain 3 0.11 0.07 0.43

BVNS 5 14.54 0.03 0.44

— ' College Football 115 613  Girvan-Newman 10 28.08 29.19 0.60

A, = the actual value of the edge weight for the edge (u, v) ge Fool Girvan- | 280 0.1 061

BVNS 15 276.46 0.04 0.49

% — eXpeCted edge Welght f()r the edge (U, U) (pfObablhty Of tWO half Urban Movement 360 2925 Girvan-Newman 5 19592.44 1.40 0.67

. Louvain 4 557.48 1.35 0.65

edges being connected) BVNS 26 15581.97 0.41 0.27

C. Elegans Neurons 473 5025 Girvan-Newman 69 8115.11 30.25 0.35

0(cy,c,) = the Kronecker delta function. Evaluates to 1 if vertex u and g Louvain 10 —— X g

uy Cu - BVNS 27 7845.69 0.06 0.25

v are in the same community and 0 otherwise | | | |
Table 1. An overview of our results for using each algorithm on choice datasets.

Figure 1. Caveman graph with hand labeled communities [1]

» Louvain: uses a top down approach to merge nodes into

GIRVAN_N EWMAN ALGORITH M / | / ‘ communi’gies that.maximize modularity
ha ./ [N  Basic Variable Neighborhood Search (BVNS):
randomization approach to simulate gradient descent for
1. Calculate the betweenness for all edges in the graph | | | | | | forming communities with maximum modularity
2 Remove the edge with the highESt hetweenness Figure 4.. E.xamhpltelunzlvtelg:.te: gradpth|:cth Figure 5..tIE.xaThpltelun(\:/lvte|glhted grzpf; W.I:h
3. Store a list of set representations of the current connected fg]mmumt'eﬂ et D g motHEnyY ;O]mmum =5 et et o O mOTHia 17300 (PSS TR SR O : e :
components (communities .
4. Recalculate b(etweennesseg for all edges affected by the removal KARATE CLU B RES U LTS . .
5. Repeat from step 2 until no edges remain. oS
6. Return the iteration of communities with the highest modularity [2] A classic community detection graph is Zachary’s Karate Club graph. It gose
models the relationships of a karate club that split into two new clubs [5]. go f
+ Classic divisive community detection algorithm s IS g
- Edge Betweenness: the amount of shortest paths between any e’ A°
node and any other given node that pass through an edge . Like Girvan and T e
» Uses BFS for finding all shortest paths (needed to calculate Newman’s original e e —
betweenness) in unweighted graphs and Dijkstra's Algorithm in implementation, when
Weighted graphs the max Commljnities Figure 8. Results from running our implementation of Grivan-Newman and Network X’s on a
 Runtime: O(‘VHE‘Q) for unweighted graphs and O(\E|2WUOQWD for was restricted to tWO, sparse ring of cliques graph, were sparse means a graph density range of [0.08, 0.12]
weighted graphs we only misclassified
individual #2 [2] SIGNIFICANCE
| \4‘ ; Figure 2. Example unweighted » Girvan-Newman works best on sparse graphs
/ tgngrheggehbeeiaeesels:ii%v]vith * Since its runtime is bounded by |E| and Louvain and B.VNS'S
Figure 6. Karate club graph (edge weights omitted) with two runtimes arent, it performs much worse then them with
communities labeled by our Girvan-Newman implementation hlgh edge counts
\l/ * The graph with the » Modularity is a good “source of truth” metric to use across
highest modularity very different algorithms, but depending on the algorithm
| Figure 3. Example unweighted graph with (0.38) actually and application, it often doesn’t reflect real world
1 edges labeled with their edge betweenness contains five communities
after deleting one edge [3 communities . Because the definition of communities varies vastly across
applications, when it comes to community detection, there
+ This doesn’t match the is no one size fits all algorithm
MODULARITY eal world
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