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Abstract: Detecting clusters or communities in large real-world graphs such as large social or information networks is a 
problem of considerable interest. In practice, one typically chooses an objective function that captures the intuition of a 
network cluster as set of nodes with better internal connectivity than external connectivity, and then one applies 
approximation algorithms or heuristics to extract sets of nodes that are related to the objective function and that “look like” 
good communities for the application of interest.In this paper, we explore a range of network community detection methods 
in order to compare them and to understand their relative performance and the systematic biases in the clusters they identify. 
We evaluate several common objective functions that are used to formalize the notion of a network community, and we 
examine several different classes of approximation algorithms that aim to optimize such objective functions. In addition, 
rather than simply fixing an objective and asking for an approximation to the best cluster of any size, we consider a size-
resolved version of the optimization problem. Considering community quality as a function of its size provides a much finer 
lens with which to examine community detection algorithms, since objective functions and approximation algorithms often 
have non-obvious size-dependent behavior. 
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I. INTRODUCTION 
 
Detecting clusters or communities in real-world 
graphs such aslarge social networks, web graphs, and 
biological networks is a problem of considerable 
practical interest that has received a great deal of 
attention . A “network community” (also sometimes 
referred to as a module or cluster) is typically thought 
of as a group of nodes with more and/or better 
interactions amongst its members than between its 
members and the remainder of theNetworkIn 
applications, it is important to note that heuristic 
approaches to and approximation algorithms for 
community detection often find clusters that are 
systematically “biased,” in the sense that they return 
sets of nodes with properties that might be 
substantially different than the set of nodes that 
achieves the global optimum of the chosen objective. 
For example, many spectral-based methods tend to 
find compact clusters at the expense that they are not 
so well separated from the rest of the network; while 
other methods tend to find better-separated clusters 
that may internally be “less nice.”Moreover, certain 
methods tend to perform particularly well or 
particularly poorly on certain kinds of graphs, e.g., 
low-dimensional manifolds or expanders. Thus, 
drawing on this experience, it is of interest to 
compare these algorithms on large real-world 
networks that have many complex structural features 
such as sparsity, heavy tailed degree distributions, 
small diameters, etc. Moreover, depending on the 
particular application and the properties of the 
network being analyzed, one might prefer to identify 
specific types of clusters.Understanding structural 
properties of clusters identified by various 
algorithmic methods and various objective functions 
can guide in selecting the most appropriate graph 

clustering method in the context of a given network 
and target application.In this paper, we explore a 
range of different community detection methods in 
order to elucidate these issues and to understand 
better the performance and biases of various network 
community detection algorithms on different kinds of 
networks. To do so, we consider a set of more than 40 
networks; 12 common objective functions that are 
used to formalize the concept of community quality; 
and 8 different classes of approximation algorithms to 
find network communities. One should note that we 
are not primarily interested in finding the “best” 
community detection method or the most “realistic” 
formalization of a network community. Instead, we 
aim to understand the structural properties of clusters 
identified byvarious methods, and then depending on 
the particular application one could choose the most 
suitable clustering method. 
 
II. COMMUNITY DETECTION ALGORITHM 

 
The basic idea of ComTectoris to build up 
communities around overlapping cliques. We regard 
overlapping maximal cliques as the clustering kernels 
and carry out an agglomerative process to associate 
the rest vertices to their closest kernels based on a 
proposed distance measure. Finally the obtained 
fractional communities will be properly adjusted so 
as to prevent the network from being divided into too 
small pieces. 
 
III. ALGORITHM 
 
Since that most complex networks always have a 
giant component, we first use an efficient algorithm 
Nan Du et al .:Community Detection in Complex 
Networks 5Peamcto enumerate all maximal cliques in 
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this giant component. Because a maximal clique is a 
complete sub-graph, it can represent the closest 
relationship among different entities and thus is the 
densest community in the given network. 
 
IV. COMPARISON OF ALGORITHMS 
 
We compare different clustering algorithms and 
heuristics. We focus our analyses on two aspects. 
First, we are interested in the quality of the clusters 
that various methods are able to find. Basically, we 
would like to understand how well algorithms 
perform in terms of optimizing the notion of 
community quality (conductance in this case). 
Second, we are interested in quantifying the structural 

properties of the clusters identified by the algorithms. 
As we will see, there are fundamental tradeoffs in 
network community detection—for a given objective 
function, approximation algorithms are often biased 
in a sense that they consistently find clusters with 
particular internal structure.We break the experiments 
into two parts. First, we compare two graph 
partitioning algorithms that are theoretically well 
understood and are based on two very different 
approaches: a spectral basedLocal Spectral 
partitioning algorithm, and the flow-based 
Metis+MQI. Then we consider several heuristic 
approaches to network community detection that 
work well in practice.

 

 
Figure 1: NCP plot (middle) of a small network (left). NCP of LiveJournal network computed using two different methods. 

 
Flow and spectral methods 
 
we compare the Local Spectral Partitioning algorithm with the flow-based Metis+MQI algorithm. The latter is a 
surprisingly effective heuristic method for finding low-conductance cuts, which consists of first using the fast 
graph bi-partitioning programMetis to split the graph into two equal-sized pieces, and then running MQI, an 
exact flow-based technique  for finding the lowest conductance cut whose small side in contained in one of the 
two half-graphs chosen by Metis.Each of those two methods (Local Spectral and (Metis+MQI) was run 
repeatedly with randomization on each of our graphs, to produce a large collection of candidate clusters of 
various sizes, plus a lower-envelope curve. The lower-envelope curves for the two algorithms were the basis for 
the plotted NCP’s in the earlier paper .Note that theMetis+MQI curves are generally lower, indicating that this 
method is generally better than Local Spectral at the nominal task of finding cuts with low conductance.Last, in 
Figure 1, we further illustrate the differences between spectral and flow-based clusters by drawing some 
example subgraphs. The two subgraphs shown on the left of Figure 2 were found by Local Spectral, while the 
two subgraphs shown on the right of Figure 2 were found by Metis+MQI. These two pairs of subgraphs have a 
qualitatively different appearance: Metis+MQIpieces look longer and stringier than the Local Spectral pieces. 
All of these subgraphs contain roughly 500 nodes, which is about the size scale where the differences between 
the algorithms start to show up. In these cases, Local Spectral has grown a cluster out a bit past its natural 
boundaries (thus the spokes), while Metis+MQI has strung together a couple of different sparsely connected 
clusters. (We remark that the tendency of Local Spectral to trade off cut quality in favor of piece compactness 
isn’t just an empirical observation, it is a well understood consequence of the theoreticalanalysis of spectral 
partitioning methods.) 
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Figure 2: Two examples of clusters found by the LocalSpectral algorithm 

V. OTHER ALGORITHMS 
 

Next we consider various other, mostly heuristic, 
algorithms andcompare their performance in 
extracting clusters of various sizes. As a point of 
reference we use results obtained by the Local 
Spectral and Metis+MQI algorithms. We have 
extensively experimented with several variants of the 
global spectral method, both the usual eigenvector-
based embeddingon a line, and an SDP-based 
embedding on a hypersphere, both with the usual 
hyperplane-sweep rounding method and a flow based 
rounding method which includes MQI as the last step. 
In addition, special post-processing can be done to 
obtain either connected or disconnected sets.We also 
experimented with a practical version of the 
Leighton- Rao algorithm , similar to the 
implementation described in . These results are 
especially interesting because the Leighton-Rao 
algorithm, which is based on multi-commodity 
flow,provides a completely independent check on 
Metis, and on spectral methods generally. The 
Leighton-Rao algorithm has two phases. In the first 
phase, edge congestions are produced by routing a 
large number of commodities through the network. 
We adapted our program to optimize conductance 
(rather than ordinary ratio cut score) by letting the 
expected demand between a pair of nodes be 
proportional to the product of their degrees. In the 
second phase, a rounding algorithm is used to convert 
edge congestions into actual cuts. Our method was to 
sweep over node orderings produced by running 
Prim’s Minimum Spanning Tree algorithm on the 
congestion graph, starting from a large number of 
different initial nodes, using a range of different 
scales to avoid quadratic run time. We used two 
variations of the method, one that produces connected 
sets, and another one that can also produce 
disconnected sets.Finally, in addition to the above 
approximation algorithms-based methods for finding 
low-conductance cuts, we also experimented with a 
number of more heuristic approaches that tend to 
work well in practice. In particular, we compare 
Graclus and Newman’s modularity optimizing 

program (we refer to it as Dendrogram) . Graclus 
attempts to partition a graph into pieces bounded by 
low conductancecuts using a kernel k-means 
algorithm. We ran Graclusrepeatedly, asking for 2, 3, 
. . . , , 2i i   ,... pieces. Then we measured the size 
and conductance of all of the resulting pieces. 
Newman’s Dendrogram algorithm constructs a 
recursive partitioning of a graph (that is, a 
dendrogram) from the bottom up by repeatedly 
deleting the surviving edge with the highest 
betweennesscentrality. A flat partitioning could then 
be obtained by cutting at the level which gives the 
highest modularity score, but instead of doing that, 
we measured the size of conductance of every 
piecedefined by a subtree in the dendrogram. 
 
VI. COMPARISON OF OBJECTIVE 
FUNCTIONS 
 
we look at other objective functions that capture this 
intuition and/or are popular in the community 
detection literature. In general there are two criteria 
of interest when thinking about how good of a cluster 
is a set of nodes. The first is the number of edges 
between the members of the cluster, and the second is 
the number of edges between the members of the 
cluster and the remainder of the network. We group 
objective functions into two groups. The first group, 
that we refer to as Multi-criterion scores, combines 
both criteria (number of edges inside and the number 
of edges crossing) into a single objective function; 
while the second group of objective functions 
employs only a single of the two criteria (e.g., volume 
of the cluster or the number of edges cut). 
Figure 3 shows the analog of the NCP plot where 
now instead of conductance we use these four 
measures. Results in Figure 3 demonstrate that, with 
respect to the modularity, the “best” community in 
any of these networks has about half of all nodes; 
while, with respect to the modularity ratio, the 
“best”community in any of these networks has two or 
three nodes. 
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Figure 3: Four notions of community quality based on modularity. 

VII. COMPUTING LOWER BOUNDS 
 
So far we have examined various heuristics and 
approximation algorithms for community detection 
and graph partitioning. Common to these approaches 
is that they all only approximately find good cuts, i.e., 
they only approximately optimize the value of 
theobjective function. Thus the clusters they identify 
provide only an upper bound on the true minimum 
best clusters. To get a better idea of how good those 
upper bounds are, we compute theoretical lower 
bounds. Here we discuss the spectral lower bound  on 
the conductance of cuts of arbitrary balance, and a 
related SDP-based lower bound  on the conductance 
of any cut that divides the graph into two pieces of 
equal volume. Lower bounds are usually not 
computed for practical reasons, but instead are used 
to gain insights into partitioning algorithms and 
properties of graphs where algorithms perform well 
or poorly. Also, note that the lower bounds are 
“loose,” in the sense that they do not guarantee that a 
cluster of a particular score exists; rather they are just 
saying that there exists no cluster of better score. 
 
VIII. RESULT 
 
Our empirical results demonstrate that determining 
the clustering structure of large networks is 
surprisingly intricate. In general, algorithms nicely 
optimize the community score function over a range 
of size scales, and the scores of obtained clusters are 
relatively close to theoretical lower bounds. However, 
there are classes of networks where certain 
algorithms perform sub-optimally. In addition, 
although many common community quality 
objectives tend to exhibit similar qualitative behavior, 
with very small clusters achieving the best scores, 
several community quality metrics such as the 
commonly used modularity behave in qualitatively 
different ways.Interestingly, intuitive notions of 
cluster quality tend to fail as one aggressively 
optimizes the community score. For instance, by 
aggressively optimizing conductance, one obtains 
disconnected or barely-connected clusters that do not 
correspond to intuitive communities.This suggests the 

rather interesting point (that we described in Section 
5 ) that approximate optimization of the community 
score introduces a systematic bias into the extracted 
clusters,relative to the combinatorial optimum. Many 
times, as in case of Local Spectral, such bias is in fact 
preferred since the resulting clusters are more 
compact and thus correspond to more intuitive 
communities. This connects very nicely to 
regularization concepts in machine learning and data 
analysis, where separate penalty terms are introduced 
in order to trade-off the fit of the function to the data 
and its smoothness. In our case here, one is trading 
off the conductance of the bounding cut of the cluster 
and the internal cluster compactness.Effects of 
regularization by approximate computation are 
pronounced due to the extreme sparsity of real 
networks. How to formalize a notion of regularization 
by approximate computation more generally is an 
intriguing question raised by our findings.Take, for 
example, the first plot of Figure 4, where in black we 
plot the conductance curves obtained by our (Local 
Spectral and Metis+MQI) algorithms. With a red 
dashed line we plot the lower bound on the best 
possible cut in the network, and with red triangle we 
plot the lower bound for the cut that separates the 
graph in two equal volume parts. Thus, the true 
conductance curve (which is intractable to compute) 
lies below black but above red line and red 
triangle.From practical perspective this demonstrates 
that the graph partitioning algorithms (Local Spectral 
and Metis+MQI in particular) do a good job of 
extracting clusters at all size scales. The lower 
bounds tell us that the conductance curve which starts 
at upper left corner first has to go down and reach the 
minimum close to the horizontal dashed line (Spectral 
lower bound) and then sharply rise and ends up above 
the red triangle (SDP lower bound). This verifies 
several things: (1) graph partitioning algorithms 
perform well at all size scales, as the extracted 
clusters have scores close to the theoreticaloptimum; 
(2) the qualitative shape of the NCP is not an artifact 
of graph partitioning algorithms or particular 
objective functions, but rather it is an intrinsic 
property of these large networks; and (3) the lower 
bounds at half the size of the graph indicate that our 
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inability to find large good-conductance communities 
is not a failings of our algorithms. Instead such large 

good-conductance “communities” simply do not exist 
in these networks. 

 

 
Figure 4: Lower bounds on best conductance cut. 

CONCLUSION 
 
In this paper we examined in a systematic way a wide 
range ofnetwork community detection methods 
originating from theoretical computer science, 
scientific computing, and statistical physics. gives 
thebackground and surveys the rich related work in 
the area of network community detection. Then we 
compare structural properties of clusters extracted by 
two clustering methods based on two completely 
different computational paradigms a spectral based 
graph partitioning method Local Spectral and a flow-
based partitioning algorithm Metis+MQI; and then 
we extend the analyses by considering related 
heuristic-based clustering algorithms that in practice 
perform very well.  then focuses on  different 
objective functions that attempt to capture the notion 
of a community as a set of nodes with better intra- 
than interconnectivity.To understand the performance 

of various community detection algorithms at 
different size scales we compute theoretical lower 
bounds on the conductance community-quality score . 
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