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The development of social networking platforms has transformed the way
people interact. The growing number of social media users generates vast
amounts of data and creates communities among users that are interesting to
analyze. Community detection has significant benefits in terms of
understanding network structures and providing insights into these
communities. However, the abundance of options can make it challenging to
select the appropriate library and algorithm. Therefore, this study analyzes
the effectiveness of community detection algorithms on social network graph
datasets utilizing several Python libraries such as NetworkX, iGraph, Scikit-
Network, and CDlib, as well as Louvain and Label Propagation algorithms. The
results of this study indicate that iGraph is an optimal library, based on the
execution time, memory usage, and user-friendliness. Additionally, the
Louvain algorithm is effective for community detection and exhibits high
modularity values.
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A. Introduction

The emergence of social networking platforms has significantly changed the
pattern of social interaction. Apart from facilitating communication, social media
has also become an effective means of information exchange and an economic
resource. According to DataReportal 2023, the global user base of social networking
sites has reached 4.88 billion, equivalent to 60.6% of the world's population[1]. This
huge impact of social media usage generates large and diverse data. Therefore, the
processing of social network data becomes very important to gain valuable
knowledge from the information contained in the data.

An example of social network problem is community detection. Community
detection is the process of identifying groups or communities in a network
consisting of interconnected nodes[2]. The purpose of community detection is to
understand the network structure and identify groups that have similar connection
patterns[3].

To perform community detection, resources and efficient algorithms are
necessary[4]. Currently, there are many frameworks and libraries available for
processing social network data, such as NetworkX, iGraph, Scikit-Network, CDlib,
and many more. Selecting the appropriate library is crucial as it can influence the
algorithm's performance in community detection.

Previous research conducted by Thomas Bonald[5] has resulted in a new
library named Scikit-Network, designed for graph analysis. This library was
compared with other libraries such as NetworkX, iGraph, and Graph-tool using
algorithms like Louvain, Pagerank, HITS, and Spectral, focusing on runtime and
memory efficiency. There are limitations in this research, such as the runtime not
being available in NetworkX when implemented with the Louvain algorithm.

Another study conducted by Giulio Rossetti has led to the development of a
library named CDlib[6], a community detection library for social networks based on
Python. CDIlib provides access to 39 community detection algorithms, such as
Walktrap, Label Propagation, Girvan-Newman, Louvain, and Infomap. CDlib also
features evaluation and comparison capabilities, as well as diverse visualization
capabilities. This makes CDlib a comprehensive library.

This study evaluates the performance of community detection algorithms on
social networks using several Python-based libraries, considering runtime, memory
usage, modularity, and user-friendliness. The community detection algorithms to be
implemented are Louvain[7] and Label Propagation[8]. The libraries to be used are
NetworkX, iGraph, Scikit-Network, and CDlib.

B. Research Methodology

This research is conducted by comparing the performance of four libraries,
namely NetworkX, iGraph, Scikit-Network, and CDlib, in community detection on
datasets obtained from the Stanford SNAP repository using two algorithms, Louvain
and Label Propagation. The evaluation of library and algorithm performance is
carried out considering several factors such as runtime, memory usage, and
modularity.
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The research methodology depicted in Figure 1 above is divided into two distinct
parts, detailed as follows:

1.

Implementation
The implementation stage in this research covers several parts as listed below:
a. Import Library

At this stage, the import process is carried out from four libraries used for
community detection. Where in the four libraries there are already functions for
the Louvain and Label Propagation algorithms. the four libraries are
NetworkX[9], iGraph[10], Scikit-Network|[5], and CDIib[11]. This import process
is carried out on the device used, which is a laptop with certain specifications:
Intel Core i5-8265U, 12GB DDR4 RAM, and 1TB HDD storage. The operating
system used is Windows 11 Home Single Language 64-bit.

b. Import Dataset

At this stage, the import process of datasets that have been obtained from the
Stanford SNAP repository is carried out, including the com-Youtube, com-DBLP,
and com-Amazon datasets[12]. Which in the data consists of 2 features, namely
FromNodeld and ToNodeld. In Table 1 below can be seen the details of each
dataset used.

Table 1. Details of Datasets

Dataset Type Nodes Edges Size
com-Youtube | Undirect | 1,134,890 | 2,987,624 | 37,8 MB
com-DBLP | Undirect | 317,080 | 1,049,866 | 13,6 MB
com-Amazon | Undirect | 334,863 | 925,872 | 12,3 MB

c. Algorithm Implementation
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In this stage, the implementation of the Louvain[7] and Label
Propagation[13] algorithms is carried out using clustering functions in the
NetworkX, iGraph, Scikit-Network, and CDIlib libraries. Details of Louvain
functions from each library can be seen in Table 2 below:

Table 2. Louvain function of each library

Louvain
NetworkX coms = nx.community.louvain_communities()
iGraph coms = g.community_multilevel()

Scikit-Network | coms = Louvain()

CDlib coms = algorithms.louvain()

Meanwhile, the function to implement the Label Propagation algorithm can be
seen in Table 3 below:

Table 3. Label Propagation Functions for Each Library
Label Propagation

NetworkX coms = nx.community.louvain_communities()

iGraph coms = g.community_label_propagation()

Scikit-Network | coms = PropagationClustering()

CDlib coms = algorithms.label_propagation()

2. Evaluation
The evaluation in this research is conducted to assess the performance of each
library used. Several evaluations carried out in this study include:
a. Runtime Measurement
In this stage, runtime measurement is conducted from the start of the program

execution until its completion. The final result is calculated by subtracting the end
timestamp from the start timestamp. This time measurement will be performed using

the ""time"" function with the output formatted in seconds[14].

b. Memory Usage Measurement
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Memory usage measurement is also conducted from the start of the program
execution until its completion, where the final result is calculated by subtracting
the end memory amount from the initial memory amount. The measurement is
performed using the "psutil.memory_info()" function with the output
formatted in MB (Megabytes)[15].

c. Modularity Measurement

Modularity measurement aims to assess the quality of the formed
communities. The modularity value ranges from -1 to 1. If the modularity value
approaches -1, the resulting communities are considered poor. Conversely, if the
modularity value approaches 1, the communities are considered good[16]. To
calculate modularity, functions provided by the four libraries are used. Some of
these functions can be seen in Table 4 below:

Table 4. Modularity Functions for Each Library

Modularity
NetworkX Mod = modularity()
iGraph Mod = g.modularity()

Scikit-Network | Mod = sknetwork.clustering.get_modularity()

CDlib Mod = evaluation.erdos_renyi_modularity()

C. Result & Analysis

The results obtained from this study include measurements of Runtime,
Memory Usage, and Modularity from implementations using the Louvain algorithm
and label propagation. The detailed results and analysis of this research are as
follows:
1. Runtime

Runtime testing is conducted to measure the time required to execute the
program code that has been created. The unit used in the measurement is seconds,
and the results of the Louvain runtime measurements can be seen in Table 5 below:

Table 5. Louvain Runtime Results

RUNTIME LOUVAIN
Dataset Node Edge NetworkX | iGraph | Scikit-Network | CDlib
com-Youtube | 1,134,890 | 2,987,624 212 30 121 444
com-DBLP 317,08 | 1,049,866 69 13 12 154
com-Amazon | 334,863 925,872 60 14 11 95

From the above test results, it can be seen that the library with the best execution
time is dominated by Scikit-Network, as evidenced by its execution time on the Com-
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Amazon dataset for 11 seconds and on the Com-DBLP dataset for 12 seconds.
However, on the Com-Youtube dataset, which has the largest number of nodes and
edges, the best execution time is obtained by iGraph with an execution time of 30
seconds, which is faster than Scikit-Network, which took 121 seconds to process the
dataset. In addition to the Louvain algorithm, runtime testing is also conducted on
the Label Propagation algorithm. The test results can be seen in Table 6 below.

Table 6. Label Propagation Runtime Results

RUNTIME LABEL PROPAGATION
Dataset Node Edge NetworkX | iGraph | Scikit-Network | CDlib
com-Youtube | 1,134,890 | 2,987,624 156 274 85 163
com-DBLP 317,08 | 1,049,866 117 119 14 123
com-Amazon | 334,863 925,872 32 39 50 33

From the test results above, it can be observed that Scikit-Network excels on 2
datasets, as evidenced by its execution time when performing community detection
on the Com-DBLP dataset, which took 14 seconds, and on the Com-Youtube dataset,
which took 85 seconds. However, for the Com-Amazon dataset, which has the
smallest number of nodes and edges, the community detection process can be
performed very quickly by NetworkX, taking only 32 seconds. This duration is faster
than Scikit-Network, which took 50 seconds to process the dataset.

Scikit-Network generally exhibits the best execution time performance in most
cases, except for the Com-Youtube dataset, which has a large number of nodes and
edges when using the Louvain algorithm, and the Com-Amazon dataset analyzed
with the Label Propagation algorithm. The reasons for the inefficiency of Scikit-
Network in these cases include the use of the NetworkX module for graph
processing, which adds complexity to the code, making it less optimal for large or
complex datasets. This confirms that Scikit-Network is more suitable for smaller
datasets or simpler structures. On the other hand, iGraph shows better performance
on the Com-Youtube dataset, with faster execution times compared to Scikit-
Network. This indicates that iGraph is effective in detecting communities in complex
or large datasets, thanks to its compact and self-contained code structure, which

does not require additional modules for graph processing, unlike Scikit-Network
and CDlib.

2. Memory Usage

Memory Usage testing is conducted to measure how much memory the device
consumes when the program execution process is running. The unit used in the
measurement is megabytes, and the results of the Louvain Memory Usage
measurement can be seen in Table 7 below:

Table 7. Memory Usage Louvain

MEMORY USAGE LOUVAIN
Dataset Node Edge NetworkX | iGraph Scikit- CDlib
Network
com-Youtube | 1,134,890 | 2,987,624 2021 580 1989 2339
com-DBLP 317,08 | 1,049,866 915 203 645 1243
com-Amazon | 334,863 925,872 1248 181 588 1114
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From the test results above, it is evident that the best memory efficiency is achieved
by iGraph. The implementation results of iGraph show relatively small memory sizes
with 181 MB for the Com-Amazon dataset, 203 MB for Com-DBLP, and 580 MB for
Com-Youtube when using the Louvain algorithm. Meanwhile, Scikit-Network also
exhibits fairly good memory efficiency, although not as good as iGraph. In the
community detection implementation with the Louvain algorithm, Scikit-Network
records memory usage of 588 MB for Com-Amazon, 645 MB for Com-DBLP, and
1989 MB for Com-Youtube. In addition to the Louvain algorithm, testing is also
conducted on the Label Propagation algorithm, with the results shown in Table 8
below:

Table 8. Memory Usage Label Propagation

MEMORY USAGE LABEL PROPAGATION
. Scikit- .
Dataset Node Edge NetworkX | iGraph Network CDlib
com-Youtube | 1,134,890 | 2,987,624 1968 590 1982 1912
com-DBLP 317,08 | 1,049,866 639 210 645 621
com-Amazon | 334,863 925,872 584 193 594 563

From the test results above, it is evident that iGraph is the library with the most
memory-efficient usage when using the Label Propagation algorithm for community
detection. iGraph demonstrates a very good level of memory efficiency with
relatively small memory sizes, namely 193 MB for the Com-Amazon dataset, 210 MB
for Com-DBLP, and 590 MB for Com-Youtube. Although CDlib also exhibits decent
memory efficiency, it is not as good as iGraph. CDlib records memory usage of 563
MB for Com-Amazon, 621 MB for Com-DBLP, and 1912 MB for Com-Youtube when
using the Label Propagation algorithm.

iGraph has the advantage of efficient memory usage, especially on the Com-
Amazon and Com-DBLP datasets, with relatively small memory sizes compared to
other libraries. This indicates that iGraph can be a good choice in situations where
memory resources are limited. Meanwhile, Scikit-Network exhibits higher memory
usage levels but can still be considered in situations where execution time efficiency
is more important than memory usage.

3. Modularity

Modularity measurement is also conducted on the results obtained during the
implementation of community detection using the Louvain and Label Propagation
algorithms. The results of the Louvain modularity measurement can be seen in
Table 9 below:

Table 9. Louvain Modularity Testing Results

MODULARITY LOUVAIN
Dataset NetworkX | iGraph | Scikit-Network | CDlib
com-Youtube 0,721 0,713 0,684 0,762
com-DBLP 0,822 0,821 0,809 0,824
com-Amazon 0,926 0,926 0,925 0,927
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From the test results above, the final results of the modularity measurement process
in the implementation of the Louvain algorithm are obtained. From these results, it
can be found that among the four libraries used in community detection, CDlib is
quite significant and has high modularity values on three types of datasets, namely
0.927 for the Com-Amazon dataset, 0.824 for the Com-DBLP dataset, and 0.762 for
the Com-Youtube dataset. Meanwhile, the modularity results from the
implementation of the Label Propagation algorithm can be seen in Table 10 below.

Table 10. Label Propagation Modularity Results
MODULARITY LABEL PROPAGATION

Dataset NetworkX | iGraph | Scikit-Network | CDlib
com-Youtube 0,329 0,667 0,043 0,604
com-DBLP 0,649 0,683 0,670 0,654
com-Amazon 0,726 0,785 0,833 0,726

From the test results above, the final results of the modularity measurement process
in the implementation of the Label Propagation algorithm are obtained. From these
results, it can be found that iGraph has excellent modularity values on 2 datasets,
with scores as follows: 0.683 for the Com-DBLP dataset and 0.667 for the Com-
Youtube dataset. Meanwhile, on the Com-Amazon dataset, which is the dataset with
the smallest number of nodes and edges, the highest modularity value is obtained
by Scikit-Network with a score of 0.833 for the Com-Amazon dataset.

In the modularity testing using the Louvain algorithm, CDIlib obtained high
modularity values on all tested datasets. This is due to the effective optimization
method of the Louvain algorithm in finding communities with optimal modularity
values by considering network modularity and attempting to maximize it through
node movement between communities. Meanwhile, the modularity results from the
Label Propagation algorithm show greater variation between libraries and datasets.
This occurs because of the simpler nature of the Label Propagation algorithm
compared to Louvain, with an iterative approach where nodes adopt the label of
their most dominant neighbor. The significant difference between Louvain and
Label Propagation is also influenced by the different approaches in identifying
communities. Louvain uses a partitioning approach, while Label Propagation uses a
labeling approach. Additionally, variations in library implementations and the
complexity of the tested dataset structures also play a role in these differences.
Therefore, Louvain tends to excel in identifying communities with high modularity
values.

D. Discussion

Based on the experience gained during the implementation of libraries in this
study, it was found that all four community detection libraries used, namely
NetworkX, iGraph, Scikit-Network, and CDlib, could support the research well,
especially in providing functions for Louvain and Label Propagation algorithms.
These libraries also have good documentation that is easily accessible through their
respective official websites, thus aiding in learning about them.
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NetworkX and iGraph, which have long been used in graph network analysis,
offer a wealth of learning resources that facilitate new users in adopting and
implementing them in various cases. This ease contrasts with Scikit-Network and
CDlib, which are still relatively new in their applications, thus limited learning
resources pose their own challenges.

This research also faced difficulties in the implementation process, which
required parameter adjustments and a deep understanding of the input format
required by each library. For example, the need to convert adjacency matrices into
CSR (Compressed Sparse Row) format to be processed by functions in Scikit-
Network, indicates a higher level of complexity in the data preparation stage.

Integration between several libraries, such as the use of the NetworkX module
by Scikit-Network and CDlib for graph creation, leads to increased memory usage
and longer execution times. In contrast, iGraph with its independent graph creation
functions offers potentially more efficient performance solutions.

This discussion highlights the importance of choosing the right library based on
project needs, the availability of learning resources, and system performance
requirements. Although all libraries offer the necessary functions, a deep
understanding of their strengths and weaknesses can help optimize the
implementation process and minimize potential barriers.

E. Conclusion

The following conclusions are derived based on the results of the experiments that
were conducted. Firstly, iGraph is recommended as an optimal choice considering its
comprehensive features, abundant availability of reference sources, ability to
handle large datasets quickly, and efficient resource usage, with the highest memory
usage being only 580 MB for the Louvain algorithm and 590 MB for the Label
Propagation algorithm. Thus, it is highly suitable for research requiring community
analysis under resource constraints. Secondly, The Louvain algorithm demonstrates
superior performance in identifying communities with high modularity across
various types of datasets. For instance, on the Com-Amazon dataset, Louvain
achieved the highest modularity value of 0.927, while on the Com-DBLP and Com-
Youtube datasets, it reached 0.824 and 0.762, respectively. Therefore, Louvain can
be considered an ideal algorithm for community detection analysis in complex
networks. Thirdly, The selection of libraries and algorithms in community detection
can be tailored to the characteristics of the data used, the device utilized, and the
needs and objectives of the analysis to be achieved. Lastly, Modularity values can be
influenced by the number of communities generated and the algorithm used, so
differences in algorithms can have a significant impact.
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