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Abstract

Community detection methods aim to find nodes connected to each other
more than other nodes in a graph. As they explore the entire network,
global methods suffer from severe limitations when handling large net-
works due to their time and space complexity. Local community detection
methods are based on an egocentric function aiming to find only the
community containing a query node (or set of query nodes). However,
existing local methods are often sensitive to which query node(s) is used
to discover a particular community. Our proposed approach, called STIWO
“Strong In, Weak Out”, is a novel community detection method, which
can locally discover densely-connected communities precisely, determin-
istically, and quickly. Moreover, our experimental evaluation shows that
the detected community is not dependent on the initial query node within
a community. This method works in a one-node-expansion way based on
the notions of strong and weak links in a graph. In short, SIWO starts
with a community consisting only of the query node(s). Then it checks
the set of nodes in the community’s neighborhood in each step to add the
“best” node and finally returns the desired community around the given
query node. It can also be used iteratively to detect the entire partition-
ing of a network with or without considering overlapping communities,
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and concurrently identify outliers that may not belong in any commu-
nity. Moreover, as it does not store the entire graph into main memory, it
can also be used to find the core of a community on very large networks,
while there is limited time and memory available. Finally, STIWO is also
able to handle weighted graphs, making SIWO a general framework for
community discovery and detection in various type of social networks.

Keywords: Local Community Detection, Social Network Analysis,
Community Search, Link Strength

1 Introduction

Over the last few years, networks have proved to be very useful to model
complex systems in different domains, including social sciences, biology, phar-
macology, criminology, or computer science. They allow representing relational
data by a graph where the vertices (or nodes) correspond to the entities and
the edges (or links) to their relationships.

As highlighted in the paper “The future is Big Graphs”[1], the unprece-
dented growth in interconnected data underscores the capital role of graph
processing in our society. These complex networks frequently exhibit an intrin-
sic structure composed of communities —i.e. groups of vertices that are densely
connected within the network and sparsely connected with the rest of the net-
work [2]. Community detection algorithms aim to find such structures in a
given network and have various applications in different fields. Most of these
algorithms attempt to cluster all network vertices in a global approach that
needs to store all network information inside the available memory beforehand
to be able to process it. Thus, although they are assumed to cluster a net-
work into accurate communities, they are impractical for very large networks.
For example, a network with hundreds of thousands of vertices and millions
of edges probably makes any global approach hopeless to achieve any result in
a reasonable time if the network has to be read as a whole in the first place.
Moreover, in practice, the user can be more interested in the community of a
given entity than in the network’s whole community structure. That is notably
the case for applications such as social influence analysis or recommendation
systems.

To address this need, there is another family of algorithms that proceed
locally. Local community discovery (aka community search) methods need a
query node to start a search [3] [4]. Their goal is to find all other nodes of the
network belonging to the same community as the query node. Local methods
have their advantages, including a targeted search, which reduces the time
computation since there is no need to explore the entire graph. Thus, they
enable finding communities even in extremely large networks since the time
complexity does not usually depend on the network’s size. Moreover, they are
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particularly suited for online search or for handling dynamic graphs that evolve
over time [5].

More precisely, there are specific properties that are desired from local
community detection approaches:

(1) High Efficiency: The first significant advantage of local methods over the
global ones is the ability to retrieve the query node’s community in a reasonable
time. Since there is no need to visit all nodes of the graph during the process,
the time required by a local approach should be relatively less than the time
needed by a global approach [6].

(2) High Accuracy: For a query node, the retrieved community should con-
tain the highest possible number of nodes from its true community without
including outliers. As local methods usually expand the community one-node-
at-a-time, it is worth mentioning that reaching this goal is much harder than
for global methods.

(3) Large Graph Handling: Communities exist in both small and large net-
works, even those with tens of millions of nodes and edges. It is important
that the method could be applied to very large networks.

(4) Online Implementation: In real-world problems, it can be necessary to
identify almost instantly the queried community. Having this characteristic
enables a method to find communities in real-time or a limited amount of time,
and handle dynamic graphs.

Towards these goals, in this paper we introduce SIWO, our parameter-
free method, that finds the community to which a given query node belongs.
SIWO, which stands for “Strong In, Weak Out”, firstly places the query node
inside the community then expands it one-node-at-a-time, similarly to most
modularity-based methods [7, 8]. However, at each round, it selects the nodes
having stronger connections to the current community. This notion of strong
inward links and weak outward links was exploited in our global community
mining algorithm of the same name [9] that we extensively rework here for an
efficient local community search. SIWQO’s performance does not depend on any
preset parameter, which is a substantial advantage compared with many exist-
ing methods, including dense subgraph-based and motif-based methods. STWO
is also much faster than the current state-of-the-art methods when applied
on various real-world or synthetic networks because it only loads the required
parts of the network into memory and therefore uses much less memory com-
pared to competitors, thanks to a data structure described in Section 4.3.
Moreover, if interrupted by a time constraint before finding the whole commu-
nity, the algorithm provides the intermediate set of nodes instead of an empty
set for lack of time. This feature makes it a perfect choice for analyzing sub-
stantially large graphs. In addition to its preeminent task of locally detecting a
query node’s community, this method can also find the entire partitioning of a
given graph, of overlapping or non-overlapping communities, by applying the
local method iteratively on nodes randomly selected in the graph’s unexplored
part. Finally, it can also handle weighted networks. Various experiments that
are conducted on real and synthetic networks show that SIWO outperforms
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the state-of-the-art local and global methods in both accuracy and robustness
and confirm its abilities.

The rest of the paper is organized as follows. In Section 2, we introduce
some related work on different families of local community detection algo-
rithms. In Section 3, we define notions used in the paper and illustrate them
with examples. Section 4 provides a detailed description of our method and it
explains why SIWO is faster than existing triangle-based approaches. Section
5 describes two variants of STIWO designed to detect the entire partitioning of a
given network (SIWO+) or to handle a weighted graph (SIWOw). The exper-
iments and comparisons of SIWO with contenders are presented in Section 6
as well as experiments confirming its capability to detect the core of the com-
munity when a limited time budget is allocated such that the search must be
interrupted. Section 7 illustrates the good behavior of the variants SIWO+
and SIWOw. Finally, Section 8 concludes this paper.

2 Related Work

In general, community detection and community search have different goals:
while community detection usually targets all communities of a network, the
latter performs egocentric community discovery for some query vertices. Specif-
ically, community search is aimed at finding a densely-connected subgraph that
contains all query nodes. A random-walk, density, or closeness measure can be
used to evaluate the qualities of the community resulting from the search. One
of the most widely used measures is the minimum degree, defined as the min-
imum degree of all the vertices in the subgraph induced by a community [10].
If initially the local search problem has been solved using a global approach
that needs to visit the entire input graph [10], more efficient methods based
on local approaches have been introduced later ([11], [12]).

Community detection consists of grouping the graph vertices into subsets,
considering the edge structure of the graph so that there should be many edges
within each community and relatively few between the groups [2]. One can
speak of graph partitioning when the process builds a partition of the set of
nodes. Still, variants of the task can also generate overlapping communities
so that one node can belong to several groups or, a sequence of partitions
describing the communities’ hierarchical organization. Several methods have
been proposed in the literature to detect the community structure of the
whole network among which we can mention spectral algorithms, dynamic or
diffusion-based processes such as Walktrap [13], Infomap [14], or Label propa-
gation [15], function optimization-based methods including Louvain [8], Leiden
[16], and EdMot [17] that exploit the well-known modularity, generative mod-
els using Bayesian inference, stochastic block modeling or deep neural networks
and embedding techniques [18]. We do not detail them here since it is not the
main topic of the paper and, refer the interested reader to [19-23].

However, there is also another type of methods that functions locally. They
need a query node and aim to identify all the other nodes of the network
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belonging to its community. Thus, by following this local approach, community
detection joins community search. Nevertheless, as Baltsou et al. pointed out,
"Local community detection (LCD) is used in the literature for two similar
problems. On the one hand, it refers to finding the community to which a
seed node (or group of seed nodes) belongs. On the other hand, it refers to a
method that uses local information to discover all communities in the network”
[24, 25]. Thus it is important to note that this paper is devoted to the first
problem for which, SIWO, the method we introduce, has been designed, even
if one of its variants, STIWO-+ makes it possible to treat the second problem
(see Section 5).

Many algorithms have been proposed to search for a high-quality commu-
nity around a query vertex, but, to our knowledge, there is only one survey
related to local community detection which proposes a typology of the tech-
niques in terms of network type (static, dynamic, etc) and techniques (greedy
or non-greedy) [25]. In this paper, we consider only static networks and cate-
gorize the methods into three families. Methods in the first family are based
on various cohesiveness metrics which evaluate the quality of the community
and return a dense subgraph which can be a K-core [26], a K-truss [27], or a K-
clique [28] to cite a few. In theory, any of these dense subgraphs can be used to
model the searched community. However, finding such cohesive subgraphs in
a given network is an NP-hard problem, making this family’s methods unsuit-
able for real-time query processing [6]. To overcome this, methods that use
heuristics [10] or quasi-subgraphs [29] have been introduced and compared by
Fang et al. [30]. Other experiments and theoretical analyses, done by [6], show
using k-clique models [28, 31] leads to the most cohesive structures and that
the methods based on K-core [11, 12] seem to be the most efficient and suitable
for real-time query processes. However, they do not guarantee connectedness
in communities, and consequently, they lack cohesiveness. Finally, the K-truss
based models [27, 32, 33] achieve a balance between quality and efficiency
on moderate-to-large graphs, making it the best choice for the community
detection purpose among all other cohesive-based approaches, including LCTC
[32] which has been shown to work on large networks. However, in real net-
works, communities are rarely likely to be perfect cliques or even quasi-cliques,
limiting the use of this approach in certain cases.

Another family of local community detection methods functions based on
motifs, patterns of interconnections occurring in real networks in higher num-
bers than in randomized networks [34]. In this family, MAPPR [35] generalizes
APPR [36]. It seeks clusters of nodes based on higher-order network structures,
with minimal motif conductance. This measure has been retained because it
has been used with success as a clustering criterion [37] notably in that type of
community detection methods [38]. Even though MAPPR introduces cliques
of sizes larger than 3 as motifs for local community detection, various experi-
ments show motifs larger than 3 cannot accurately capture the community [39].
Moreover, in some cases, edges (i.e. cliques of size 2) are more effective, and
APPR, which uses edges, performs better than MAPPR. But, both methods
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have some parameters, especially the tolerance parameter €, and the telepor-
tation parameter for the random walk «, that need to be precisely tuned for
accurate community detection.

The third family of local approaches attempts to maximize a quality func-
tion, by initially placing the query node in the community and then expanding
it. Usually, the quality function compares the intensity of the relationships
inside the community and outside it. Modularity R [7] and modularity M [40]
are two well-known methods in this category, but one can also mention [41]
or [42]. Recently, Luo et al. [43] proposed two methods, DMF_R and DMF_M,
which are claimed to outperform Modularity R and M. However, the pub-
lished results are not reproducible, and we cannot use them in comparative
experiments due to the lack of publicly available code. Metric T [44] is another
modularity-based method that improves on R and M in terms of accuracy
but it is very time-consuming, as it needs to re-count the number of triangles
to which each newly added node belongs in each round. Finally, there is also
MWC [45] which employs multiple walkers to explore the network for local
cluster identification.

According to Baltsou et al. [25], Hamann et al.’s Triangle-Based Com-
munity Expansion (TCE) method [46] is the best method focusing on node
selection. TCE is fundamentally based on the Local Tightness Expansion
(LTE) algorithm [47], as both exploit the fact that some edges are more embed-
ded in their neighborhood and have more common neighbors than others. LTE
uses an edge similarity score based on triangles for deciding which node to add
next and for determining the quality of the community. TCE, on the other
hand, also uses an edge score based on triangles, but employs conductance
for the quality function of the community. Baltsou et al. [25] highlight that
experimental evaluations show that TCE exhibits solid performance and often
finds the correct community, building on the already excellent performance of
the computationally more expensive LTE on most tested graphs. However, a
significant drawback of both LTE and TCE is that they use NetworKit ! for
their implementation, requiring the entire graph to be loaded into the main
memory, making these algorithms infeasible for handling large networks.

In this paper, we propose SIWO, a method that also belongs to the third
family, as it aims to optimize a quality function. However, unlike the state-of-
the-art methods, its quality function is not an extended version of modularity,
which is known for its resolution and field of view limits [48]. Instead, STWO
directly exploits the notion of edge strengths, a well-known concept in the
literature introduced by Granovetter [49], to capture the neighborhood’s den-
sity around other nodes, and evaluates an edge’s strength using the number
of triangles shared by its endpoints. SIWO starts by placing the query node
inside an empty community and then expands this community one node at
a time by selecting nodes with stronger connections to the current commu-
nity. The algorithm produces very accurate deterministic results and has the
advantage of being parameter-free. Moreover, SIWO is faster than the current

Yhttps:/ /networkit.github.io/
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state-of-the-art methods, as it does not need to load the whole graph in main
memory, unlike other methods. This performance advantage is confirmed by
our experiments and discussed further in Section 6.

3 Preliminaries

Before presenting our method, we introduce the notations used throughout this
paper. We consider an undirected and unweighted graph G = (V, E), where
V is the set of vertices (|V| = n) and E, the set of edges (|E| = m). Without
loss of generality, we assume that G is connected, which necessitates there is
a path connecting any node v € V to any other node v € V. As we need to
find a community developed of a connected group of nodes, we can argue this
premise does not harmfully affect the final detected community.

We assign a strength value to all edges inside the graph, representing that
edge’s tendency to be inside a community rather than between communities.
The higher the strength, the higher its tendency to be an inner link. Many pre-
vious works, especially methods that attempt to optimize a local modularity
criterion, use only the presence of edges to determine the best next node that
must be merged to the community and they ignore other kinds of structural
property of the network. We consider that exploiting larger patterns namely
triangles (i.e. triplets of linked nodes) can help to detect a more cohesive com-
munity. There are two advantages in using triangles to determine the strength
of an edge:

(1) We search communities that are as cohesive as possible inside a given graph.
With this idea in mind, cliques can be considered a reasonable choice to look
for, as they are the most cohesive structure that several nodes can construct.
Thus we focus on subgraphs consisting of nodes that participate in forming
cliques of size 3, or triangles, generally denser than subgraphs made by nodes
connected only via edges (such nodes belong to cliques of size 2).

(2) We need to look for patterns that repeat more often in a given graph.
Increasing the size of a clique leads to more cohesive patterns, but these are
significantly rarer. Various observations on real and synthetic networks show
triangles are generally the most reoccurring subgraph compared to any other
size cliques.

To explain how cliques of size three are used to compute the strength of
an edge, we introduce the following notions.

Definition 1 (Support) Given a graph G = (V, E), the support of the edge
€y, is the number of mutual neighbors of u and v or the number of triangles
that e, , belongs to and it is defined as follows:

sup(u,v) = |[{w € V, ey w, €v,w € E}| (1)
Example 1 Considering Figure 1, sup(e;5) = 3 as there are exactly three
triangles A 35, A1,45, and A 56 that own the edge e; 5.
Then, during the community detection process, the neighborhood of the
detected community is defined as the shell set.
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Fig. 2 Community (in orange) and
Fig. 1 Peripheral node (in blue). its shell (in green).

Definition 2 (Shell set) Given a graph G = (V, E), the shell of the community
C, denoted by shell(C) is defined by:

shell(C) ={ve Vv g Cst. JueC ey, € E} (2)

The shell of the community C' is the group of nodes that are not in C', but
that are connected to at least one node belonging to that community C.

Example 2 Consider Figure 2. If C' = {v1,v3,v3,v4} (orange nodes), then
shell(C) contains the green nodes directly connected to one node (nodes
vg, V9) or multiple nodes (nodes vs,v7) in C: shell(C) = {vs, vg, v7,v9}.

Definition 3 (Peripheral node) Given a graph G = (V, E), a peripheral node
is a node with degree one. We formally define the set of all peripheral nodes
in G as follows:

peripheral-nodes(G) = {v € V s.t. [Vy(v)| = 1} (3)
where V (v) corresponds to the set of neighbors of node v.

Example 3 Considering Figure 1, node vy, depicted with blue color, is a
peripheral node, as it is connected only to node vs.

Finally, we can define the notion of link’s strength.
Definition 4 (Link’s strength) Given a graph G=(V, E) and a vertex u € V,
we define the strength of the link connecting u to a node v € Vi (u), where
Vn (u) is the set of neighbors of u, as follows:

sup(u,v sup(u,v

sup'lL,mal‘ Sup'l_),mar
where supy maz = Maxy,evy (u){sup(u, w)} is the maximum support of u and
any node in Vi (u). In this formula, since the numerator in each fraction is

always less than (or equal to) the denominator, each fraction is always in
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the range of [0, 1]. By subtracting 1 from the sum of the fractions, the link’s
strength takes a value between [—1,+41] which gives us a better way to com-
pare the strengths and handle them in an algorithm. However, it can also be
normalized to have merely positive values between [0, +1] as follows:

sup(u,v) 1 1

S 2 (supu,max * supv,mam) (5)
In both Equations 4 and 5, if supy maz = 0 Or supy mas = 0, then sup(u,v) =0
and we assume that part of the equation is zero. Both equations indicate the
higher the number of mutual neighbors of a pair of connected nodes, the higher
the strength of the link that connects them. These values are computed only
for the edges connecting nodes in the shell to the community and exploited
by our algorithm to find the best candidate to expand the community locally.
Still, this best candidate is added to the community only if it increases the
total strength of the edges inside the community. The choice of using supy, maq
as the denominator in Equations 4 and 5 is rooted in our intention to normalize
the strength values. By doing so, we aim to provide a relative measure of
strength that is consistent across the graph, irrespective of the degree of the
nodes. This ensures that the strength value reflects the relative importance of
the connection in the context of the node’s other connections. Specifically, for
a node with a high degree, even if it has a large number of mutual neighbors
with another node, the strength value might not be as significant if it has even
stronger connections with other nodes. Conversely, for a node with a smaller
degree, a few mutual neighbors can be quite significant. This approach allows
us to capture the community structure in the graph more effectively, ensuring
that the strength value is not just an absolute measure but a relative one that
takes into account the broader connectivity patterns of the nodes involved.

4 Proposed Approach

This section is dedicated to the proposed approach. First it describes the local
community discovery method SIWO, then it explains how SIWO can also be
applied in two different settings: with multiple query nodes or with a limited
time budget. Finally, it details how the optimizations allow it to handle large
networks.

4.1 Local Strong and Weak Link

Our novel local community search method SIWO starts with placing the query
node(s) inside an empty community. Then it explores locally to find the best
node among the set of nodes in the community’s neighborhood in each step to
expand it by one node at a time and ultimately return the desired community
around this given query node. Our method iteratively performs four steps to
construct the community and one last step to adjust it, as stated in Algorithm
1. Its different steps are as follows:
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(1) Update Shell Set: Initially, as there is no community, there is no shell
either. After placing the query node w inside the community C, all other nodes
connected to u go into the shell S. If the query node is a peripheral node, its
single neighbor replaces the query node, as a peripheral node cannot usually
generate a justifiable community. At the next rounds, we must only update S
by removing from it node v, which joined C' in the previous round, and adding
to the shell the nodes directly connected to v that do not already belong to
C. The updated shell denoted S’ is determined as follows:

S'=(SU(Vn(v) = C)) — {v} (6)
where Vi (v) corresponds to the set of neighbors of node v. The shell set S
not only corresponds to the neighborhood of the community C but it also
contains all candidates that may join the community in forthcoming steps. It
is worth mentioning that by adding nodes only from S to C at each round, we
guarantee the final detected community is a connected subgraph.
(2) Assign Strength Values: We identify a node from S with the strongest
connections to the community C' at each round and claim it is the best node
among all candidates, potentially joining C' at the end of the current cycle. To
find the best candidate, we need to assign strength according to Equation 4 to
each edge that connects any node in S to any node in C. We do this process
locally, which means we do not need to access the whole network. We need
only to compute the strength value s, , for each pair of nodes (u,v) where
ueCandvels.
(3) Select Best Candidate Node: After the edge strengths are determined,
we compute the strength of each potential community C! which is composed
of every node in C, plus the i** node from the shell set. The strength of C is
defined as the sum of the strength values of all edges inside that community.
It is computed by:

s(Ci) = Z Sup t Z Su,v; (7)
u,veC ueC

Where v; is the i*" node in the shell. After calculating all s(C!)s, we find the
largest one and declare the corresponding node v; to be the best candidate only
if s(C%) > s(C) then continue to the next step. Otherwise, the community C
will no longer expand and the algorithm goes to the reformation process (Step
5). The last condition ensures a node joins C' only if it improves its strength.
(4) Expand Community: Now that SIWO found the node which improves
the community’s strength the most, it has to expand the community C by
including that node to C.

C,:{CU{Uj} if s(C) > s(C) -

If the community expands, the algorithm continues by returning to step
(1) with the newly developed community C' = C’ and S ready to be updated,

C otherwise



Springer Nature 2023 BTEX template

Fast Local Community Discovery Relying on the Strength of Links 11

with the process repeating. If the community remains the same, the algorithm
refines the last obtained community.

(5) Reform Community: Finally, any peripheral node connected to a node
of C' is added to the community. Indeed, a peripheral node cannot join any
community without this last step, as the sole edge that connects it to the rest
of the graph cannot belong to any triangle and thus, such an edge cannot
improve the community’s total strength. Although appending peripheral nodes
in this way is intuitively acceptable because they can only be a part of their
sole neighbor’s community, in some applications, such nodes are considered
to be outliers and stay out of the community. So, adjusting the community is
done based on user preference.

Algorithm 1 SIWO: A local community search algorithm

Input: Graph G and query node(s) {q}
Output: The community C of the query node(s) {q}

> Initialization

C={q}, S=Vn(q)
while S # () do

> Assign Strength Values

For all v € S, calculate the strength of s(C U {v}) according to Equation 7
> Select best candidate node

Find the node v in S which maximizes s(C' U {v}) for all v € S

if s(CU{u}) > s(C) then

> Expand Community

C=CU{u}
S=S5UVn(u)—C)) —{u}
end
else
break
end

end

> Reform Community

C = C'UP where P is the set of peripheral nodes that are connected to a node
in C

return C'

In SIWO, the stopping condition is crafted to balance precision and effi-
ciency. Its primary objective is to ensure that the detected community is
cohesive, reflecting the local structure around the query node. At the same
time, it aims to preserve the locality of the search, preventing unnecessary
expansion into distant regions of the graph. When using Equation 4, the stop-
ping condition is inherently tied to the link strength values, which span from
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negative to positive. While this provides a natural halting point in smaller
datasets, in larger networks it can lead to the inclusion of a vast number of
nodes, often beyond the genuine community boundaries. Similarly, when using
Equation 5, the link strengths are non-negative, the challenge of over-expansion
persists. This risk is alleviated by introducing a threshold as a heuristic stop-
ping condition. This threshold (currently set to 1) ensures that the community
only expands when nodes of significant connection strengths are considered,
preventing over-expansion into less relevant regions of the graph.

The choice of this threshold, while empirical, was based on preliminary
observations across diverse datasets. It serves as a balance between precision
and recall, ensuring that the detected community remains cohesive and accu-
rately represents the local structure around the query node. As seen in our
experiments in Section 6.1, datasets with well-defined, tightly-knit communi-
ties often resonate better with Equation 4, while those with more intricate,
overlapping community structures may benefit from equation 5. While further
empirical analysis could provide more efficient threshold values for differ-
ent datasets, the current study offers a foundational approach, with deeper
explorations earmarked for future work.

Note that to further improve the efficiency of the algorithm, Step 5 (Reform
Community) could be eliminated and merged with Step 1 (Update Shell Set).
Indeed, instead of letting a peripheral node lurk in the shell set for the whole
process till the end, it can de facto be added to the community once it is
identified in the Shell set. Similarly, in Step 3 (Select Best Candidate Node)
if there is more than just one best node to add, instead of adding one and
leaving the others for the next iterations, we could add all the top nodes that
have equal strength contribution in one round avoiding additional iterations.

4.2 Community Discovery with a Set of Query Nodes.

SIWO is able to start with more than one query node. In such a case,
SIWO starts by placing all query nodes in C, and S will contain the neigh-
bors of all query nodes which are not themselves query nodes. Although
using an appropriate set of query nodes results in a connected community as
expected, querying multiple unrelated nodes of course does not guarantee this
connectivity.

4.3 Community Discovery with a Limited Time Budget
and Limited Memory

Most search methods require significant time to find a community in dense
networks, and do not produce results until the process is finished. In contrast,
SIWO can produce a result even if it is interrupted. Given a limited time bud-
get, it generates the core part of the community. When the allotted time is
less than the required time to find the whole community, SIWO discovers and
returns the part of the community composed of the nodes with the strongest
connection to the query node’s community found up to the interruption time.
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Memory is a constraint for algorithms that must load the entire very large
network. This can be a significant bottleneck for processing massive networks.
However, SIWO is designed to handle very large networks with limited mem-
ory resources, making it suitable for a wide range of applications. The way
SIWO achieves this is explained in detail in Section 4.4, where the optimization
techniques and data structures used are outlined.

4.4 Optimizing SIWO
4.4.1 Efficient Memory Management

In order to efficiently process large networks while conserving memory, SIWO
employs a unique approach that involves selectively reading and storing the
necessary information from the network file. This is achieved by utilizing a
specialized data structure to store relevant information about the required
part of the graph, thus minimizing memory usage while also making file access
faster. This data structure consists of four components: A list of line break
locations up until the maximum node number that was requested from the
file, a dictionary of neighbors for each required node, a dictionary of required
edge strengths, and a dictionary of required node pair support values.

To optimize memory usage, the graph is first pre-processed using a Map-
Reduce program that converts the file to an adjacency list format, with the
rule that “line number n consists of all the nodes that are adjacent to node
n”. During the execution of SIWO, each time the neighbors of a node are
requested, the data structure is checked to see if the neighborhood information
for that node already exists. If not, the algorithm uses the line break locations
to quickly reach the required line and stores the unseen line break locations
in the process. Similarly, whenever the calculation of the support of a pair of
nodes or the strength of an edge is requested, the corresponding dictionaries
are first checked for the required information. If not found, the data structure
is updated accordingly after the necessary calculations.

This optimization process not only reduces memory usage but also speeds
up the algorithm’s execution time, since it avoids repeatedly reading and pro-
cessing the entire network file, eliminating unnecessary 1/O operations. By
storing only the necessary information in memory and accessing it efficiently,
SIWO can perform its computations more quickly and with lower resource
requirements, making it a practical solution for analyzing large-scale networks.

4.4.2 Efficient Candidate Node Selection

The improvement a candidate node can bring to a community’s quality can
change as the community evolves since the edges connecting this candidate to
the community may also alter. An advantage of SIWO, compared to the local
modularity-based methods that exploit the support of the edges, such as [44],
relies upon its second step. Indeed, the time-consuming part of SIWO, which
calculates edge strengths, is independent of the community’s current state.
Because of this advantage, our method does not require repeating the second
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step for every node in the shell of the community in each round. More pre-
cisely, local strength values are assigned to the edges connected to a candidate
node only once during the entire process. Edge strength is agnostic to the cur-
rent state of the community C. It is the strength that a given node adds to
the community C that changes. This reduces the required time for the whole
process by a considerable amount.

To make the third step of SIWO more efficient, we noticed that all the
edges in the community C will be in all possible next-round communities C.
Thus we only need to consider the sum of strengths of the edges that connect
the i*" node from the shell set S to C' when determining which node increases
the total community strength by the greatest amount, rather than calculating
the total strength of each C]. We also note that all edges connecting nodes in
S — {v;} to nodes in C} will be the same as edges connecting S — {v;} to C
plus the edges connecting S — {v;} to v;. Therefore we can update the sum of
edge strengths connecting a node in .S to C' rather than recalculating it at each
iteration. We only perform a full calculation on the first iteration and store
these sums for each node in S. When adding a node to the shell set in Step
1 we initialize its sum to 0. For each subsequent iteration, we only need to
consider the neighbors of the previously added best node v;, Vi (v;). For each
vj € Vn(v;) if v; € S then we add Sy;,0; to the strength total for shell node
v;. If v; € C then all of its edges with nodes in S have already been added
to their strength totals and no updating is needed. The best candidate node
is then simply the node in S with the greatest strength sum. The problem of
calculating the sum of strengths for all edges in every possible C! is reduced
to a small number of addition operations and a linear scan through S for the
highest sum.

Thus, one significant privilege of SIWO is that the total time required to
return the desired community depends on the community’s size, not the given
network. Indeed, the algorithm’s first step can be done in O(c.d), where c is
the number of nodes in C, and d is the nodes’ average degree, and it would be
almost linear for large sparse networks. The second step can be done in O(c.d?)
because we need to investigate each neighbor’s neighbors for all nodes in the
community. In the third step, only the edges between the last node added to
C and its neighbors need to be considered to update the running totals, which
is O(d), and finding the maximum strength sum of S is linear in |.S|, which is
O(c.d), and so the whole process takes O(c.d+d) = O(c.d) time. We can fulfill
the fourth step in a constant time as we only need to add one new node to
the community’s current state. The reformation step takes O(c.d) time with
proper implementation as we only need to see which neighbors of the nodes in
C are peripheral nodes.
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5 SIWO variants: SIWO+ and SIWOw
5.1 SIWO+: Global Community Detection

In addition to finding the community of a given query node, our approach can
also detect all of the communities inside the network using only local infor-
mation by applying SIWO multiple times, each time with a different starting
node belonging to uncharted parts of the graph. It is important to note that
our intention with SIWO+ is not to compete for efficiency with other global
community mining algorithms; rather, we aim to demonstrate that SIWO,
designed primarily for community search, can also be effectively employed for
global community mining because of its flexibility.

After SIWO discovers the first community out of a random node in G, it
initiates another search by picking a new random node from the network’s
unexplored part. By doing this, the algorithm iteratively finds communities
inside the network until all communities are detected, meaning any node of G
resides in a community. This variant of our method is called STIWO+.

In most cases, we are interested in having each node inside only one com-
munity. However, this is not always the case, and overlapping communities
may be of interest for some applications. Thus, to have an implementation
compatible with both scenarios, we consider a set I for nodes that need to be
ignored during the detection process. These are the nodes already in a com-
munity, so the algorithm will not consider them among the candidates for the
next communities’ expansion during the subsequent discovery processes. When
a task demands overlapping communities, meaning a node can be part of more
than one community, we may clear set I before initializing any new commu-
nity search to avoid ignoring nodes already placed in a detected community.
Algorithm 2 reveals how our community detection mechanism works in either
scenario where parameter ol is true when overlapping communities are sought
for.

While SIWO+ offers the flexibility to detect overlapping communities, it
could be susceptible to excessive overlaps, where nodes might be part of mul-
tiple communities, if indeed the real data comprises all these overlaps. To
manage the degree of overlap a user might want to limit, we could introduce
a threshold parameter, 6, which limits the number of communities a node can
belong to. After a node is part of # communities, it is added to the ignore set I,
even if the overlap parameter ol is set to true. This ensures that while commu-
nities can overlap, the extent of overlap is controlled, preventing nodes from
being part of an unrestrained number of communities. Scoring criteria can also
be introduced to keep only the relevant overlaps, however, this is beyond the
scope of our targets for this paper on community search.
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Algorithm 2 Global Community Detection with STWO+

Input: Network G, Boolean Overlap Parameter ol (true means with overlap)
Output: Set P = {C1,Cs,...,Ct} of all communities of G

Ve« {} > set of processed nodes
I+ {} > set of nodes to be ignored in next discovery
P+ {} > final partitioning of the network

while Size(Vp) < |G| do

u + a random node from {G.nodes — Vp}
C + SIWO(G — Iu)

P.append(C)

Vp«—Vpu(C

if ol = False then
I+~ I1TuC

end
return P

5.2 SIWOw: Community Detection on Weighted
Networks

The topological structure of a network provides a great deal of information for
community search. However, many networks are defined both by the presence
of connections and the intensity of those connections. These edge weights can
be crucial to understanding the network [50]. We therefore extend our approach
to deal with weighted networks and call this variant STIWOw.

The extension to handle weights is straightforward. The only necessary
modification is to the support calculation of Equation 1. In the unweighted
case, sup(u,v) is the count of common neighbors for nodes u and v, i.e. the
number of triangles to which e, , belongs. In the weighted case, we must
assign a value to each triangle based on the edge weights. Several approaches
have been tried for the similar problem of defining a weighted clustering coef-
ficient [51]. We adapt the approach of [52] who use the geometric mean of the
three edge weights of the triangle. This matches our intuition that all three
edges contribute to the formation of a triangle. We also experiment with the
arithmetic mean, harmonic mean, and minimum to evaluate how sensitivity to
large values impacts the community detection. The weighted support of ey,
is defined as:

sup(u,v) = Z func(weight, ., weight, .,, weight, ) (9)

weVeN
where Vo is the set of common neighbors of nodes u and v, func is
one of arithmetic mean, geometric mean, harmonic mean, or minimum, and
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weight,, , is the weight of the edge between nodes v and v. In the case of a
weighted graph with all edge weights equal to 1, Formulas 1 and 9 will return
the same support value and the results of the algorithm will be identical, which
is what we desire. All other parts of the algorithm remain the same as in the
unweighted case. The strength calculations of Formulas 4 and 5 still result in
values in ranges [-1,+1] and [0, +1], respectively, regardless of the magnitude
of the edge weights and support values.

Building on the idea of adapting a greedy community search approach
for weighted networks, one might wonder why we did not simply adopt the
direct edge weights as link strengths. However, note that direct edge weights
may not always reflect the underlying community structure, particularly in
networks with a broad range of edge weight values. A high edge weight between
two nodes might indicate a strong pairwise interaction without suggesting
shared community membership. By employing the support calculation from
Equation 9, we integrate information from a node’s broader neighborhood,
offering more accurate information on community affiliation as compared to
only using edge weights. This approach ensures that the strength of a link
is not just determined by its weight but also by the surrounding topological
and weighted structure. Furthermore, our method ensures consistency with
the unweighted version of the algorithm, allowing for a unified approach to
community detection in both weighted and unweighted graphs.

6 Evaluation of SIWO

We first evaluate the performance of SIWO, designed for local community
discovery, on real-world networks, with or without ground-truth, and compare
it against the best methods of the state-of-the-art in Section 6.1. Then, in
Section 6.2, we use synthetic networks to study the behavior of SIWO and its
competitors when the community structure is more or less well defined. Finally
in Section 6.3, we study the case where a limited time budget is allocated to the
discovery of the community. All experiments are conducted on a commodity
laptop with 16 GB of memory. Note that the contenders that were selected for
our experiments are chosen because of their availability and the ease of their
implementation in the case of non-availability.

6.1 Discovering Local Communities in Real-World
Networks

Data sets: We use only the first six real-world networks in Table 1 since the
available communities for Youtube, Orkut, and Friendster have been function-
ally defined [38] which does not constitute a confident ground truth [53][54]. An
exception is made for DBLP and Amazon with which, knowing the researchers
and the books, a sanity check on a sample can be done. The larger datasets are
used later in Section 6.3. Table 1 shows the number of nodes (n), edges (m),
and true communities (no. C') in each network and, the right-most column
indicates if a network has overlapping communities. The first four networks,
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Table 1 Characteristics of the real-world networks.

Networks n m no. C | Owverlap
Karate [55] 34 78 2 | No
Dolphins [56] 62 159 2 | No
Pol Books [57] 105 441 3| No
Football [2] 115 613 12 | No
DBLP [38] 317,080 1,049, 866 13,477 | Yes
Amazon [38] 334,863 925,872 75,149 | Yes
Youtube|[38] 1,134,890 2,987,624 8,385 | Yes
Orkut [38] 3,072, 441 117,185,083 | 6,288,363 | Yes
UK-20022 18,520, 486 208,113, 762 N/A | NJA
Twitter[58] 41,652, 230 1,468, 364, 884 NJ/A | N/A
Friendster[38] 65,608, 366 1,806,067,135 1,449,666 | Yes

Karate, Dolphins, Political Books, and Football are smaller and have disjoint
communities whereas Amazon and DBLP are initially composed of overlapping
communities.

Evaluation protocol: In these experiments, we consider every different
node successively as the query node and obtain its community, which is then
compared with its true community using precision, recall, and F} scores. We
report the results corresponding to the average scores of all the query nodes
(with standard deviation for Fy). The best score for each data set is indicated
in bold font.

Concerning the datasets with overlap (DBLP and Amazon), we adopt the
methodology used in the literature [35] to adjust the ground-truth for these
datasets by merging all communities that a query node belongs to into a
new subset and use it as the ground-truth community that is expected to be
discovered. We then ignore the obtained subsets having less than 10 nodes
(as they probably correspond to noise). Then, we limit our selection of query
nodes to the nodes whose adjusted ground-truth community’s size does not
exceed 100 for both Amazon and DBLP. Following this, the average sizes of
communities under evaluation become 39.17 and 25.44 respectively.

Baselines and settings: We compare our method SIWO to R [7], M [40],
K-Truss [27], APPR [36], MAPPR [35], MWC [45], TCE [46], LTE [47] and
LCTC [32]. We do not compare against methods such as [33] or [26] as they
either require pre-processed information (which makes the comparison unfair)
or due to lack of access to functioning executable code. To avoid implementa-
tion bias, we use publicly available codes for LCTC and K-Truss ?, APPR and
MAPPR 4, TCE and LTE °, and MWC 6. However, we implemented STWO?
as well as Modularity R and Modularity M in Python.

We run the experiments with different parameters for each method and
report the best results. We use different values of K between 3 and 5 for
K-Truss, resulting in the best accuracy for different networks. APPR and

2https://law.di.unimi.it /webdata/uk-2002/

3Code available via request to authors
“https://snap.stanford.edu/mappr/code.html

Shttps://github.com /kit-algo/LCD-cliques-experiments
Shttps://sites.psu.edu/yuchenbian /files/2019/08/MWC_release.zip

"The source code for SIWO will be made publicly available after paper acceptance.


https://law.di.unimi.it/webdata/uk-2002/
https://snap.stanford.edu/mappr/code.html
https://github.com/kit-algo/LCD-cliques-experiments
https://sites.psu.edu/yuchenbian/files/2019/08/MWC_release.zip
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MAPPR have been executed with v = 0.98 and € = 0.001 and MWC has been
used with @ = 0.01, K = 5, and 0 = 0.9. As these methods are sensitive to €
and «, respectively, the authors generally advised using small values to reach
a higher F; score. Since MWC could not process some nodes in Amazon and
DBLP, and Modularity M may return null communities, we retain only the
nodes for which all the methods can discover a community.

Experimental results:

As shown in Table 2, in 5 out of 6 experiments on these real networks, at
least one row dedicated to SIWO achieves the highest F} score, although it
falls behind TCE only slightly in the case of the Football network. In the case
of DBLP, both SIWO and MWC obtained the best F} score, while STWO has
significantly higher precision. Concerning the different ways to compute the
strength of the edges, we observe that Equation 4 results in better F; score
for the Karate network, while Equation 5 leads to a better score for other
networks. For experiments involving Equation 4, we employed a timeout of
0.01 seconds. This timeout acts as a secondary stopping condition, ensuring
that the algorithm remains computationally efficient without compromising
the quality of the detected communities. In smaller graphs, this timeout is often
inconsequential due to the rapid computation. However, in larger networks, it
serves as a practical constraint, ensuring that SIWO remains both local and
efficient. For experiments involving Equation 5, no such timeout is needed.

Running time: SIWO is also faster than other methods. It finds the

communities of queried nodes of Amazon in less than 100 milliseconds on
average, while the average times for K-Truss, APPR, MAPPR, MWC, LTE,
TCE, and LCTC are 6.76, 2.68, 5.13, 0.57, 35.30, 11.84, and 4.87 seconds,
respectively.
The Orkut dataset [38] contains more than 100 million edges and presents a
challenge for finding an adequate group of nodes forming a community for a
query node. Our experiments demonstrated that none of the existing methods
mentioned above could, in a reasonable time, find communities for a set of
random query nodes in Orkut, except LCTC, but LCTC is significantly slow as
shown in Table 5. In contrast, SIWO is capable of discovering the community,
or at least the core of the community (consisting of nodes with the strongest
connections to the community) in a matter of minutes on a commodity laptop.
Given a limited time budget, the process can halt and provide the nodes of
the community with the strongest links to the query node. Other methods
return an empty set if halted. In the next experiment, we further analyze and
compare the methods in terms of speed.

6.2 Discovering Local Communities in Synthetic
Networks

We compare SIWO with a number of different algorithms on synthetic LFR
benchmark networks [59] to analyze their behavior when the community
structure is more or less well defined.
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Fig. 3 Community discovery: Fj average scores computed over all nodes used as query
nodes on LFR generated networks as a function of the mixing parameter px.

Synthetic data sets: We study the performances of the methods in
function of u, the fraction of inter-community edges incident to each node.
1 increases from 0.10 to 0.45 to deteriorate the community quality in the
networks so that it is more difficult to find the true communities. We do not
consider values for g higher than 0.45, which means nodes having more edges
out of the community rather than inside and, consequently, contradicts the
general definition of a community. The number of nodes n is set to 10000, the
average degree is 20, the communities’ sizes range from 15 to 60, the number
of communities is between 500 and 540, the power law exponent for the degree
distribution (1) is set to 8, and the power law exponent for the community
size distribution (72) is set to 5.

Baselines and settings: We do not consider K-Truss, TCE, LTE and
LCTC in this experiment due to their lack of efficiency, particularly for large
datasets. MWC is very sensitive to its « parameter such that a large value stops
the code and prevents it from finding communities. This issue occurs more
frequently as the density or the mixing parameter of the network increase. To
avoid such problems, the parameters must be carefully selected. The parame-
ters used in Section 6.1 for MWC lead to proper functioning. We use the same
parameters as before for APPR and MAPPR, which lead to their best perfor-
mance. We use every node of these networks as query nodes separately and
calculate the average F} score over all of them.

Experimental results: Figure 3 shows similar F} score for MAPPR and
SIWO which perform better than other methods. All methods’ efficiency drops
more or less as p increases. The performance of MAPPR strongly depends on
carefully setting up its parameters, whereas SIWO is parameter-free. Although
APPR performs accurately when a community’s quality is high, it cannot
maintain such accuracy for higher values of p. Similarly, modularity R’s perfor-
mance falls significantly with the increase of . Still, Modularity M and MWC
seem to be able to discover communities of these synthetic networks with high
accuracy; however, they could not reach the level of MAPPR and SIWO.
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Table 3 Average run time (ms) over all query nodes to discover community as a function
of the mixing parameter pu.

[ [010 [0.15 [ 020 | 025 | 030 |035 | 040 | 045 |
R 09.4 [ 153 [ 208 [ 25.7 | 30.6 | 338 | 453 | 46.7
M 26.6 | 49.1 | 78.1 | 93.3 | 122 | 210 | 330 | 307

MWC 22.3 44.1 96.5 186 213 315 321 437
APPR 372 669 831 937 1011 1175 1136 1163
MAPPR | 404 439 440 433 445 440 487 418
SIWO 02.1 029 | 03.8 | 039 | 044 | 06.5 17.3 | 35.4

Running time of SIWO: Table 3 shows the average required time for
each method to retrieve the community of a queried node as a function of
the mixing parameter p. Even though SIWO is implemented in Python while
MWC, APPR, and MAPPR are all implemented in C++, we observe that
SIWO needs significantly less time on average to discover communities, owing
to the optimizations mentioned in Section 4.4. It is worth noting that no
algorithm needs pre-computed information, and they all find the communities
on the fly using local properties. As p increases, the number of interconnections
between nodes in different communities raises, leading to more complications
for most methods attempting to find a queried node’s community, which results
in more time.

6.3 Community Discovery With a Limited Time Budget
and Limited Memory

One key feature of SIWO is that it can return intermediate results before
finishing a search. In other words, SIWO can output the discovered community
up to the allotted time, which is basically a subset of the targeted community.
To compute the quality of the intermediate results by comparing it to the
corresponding ground truth using precision, recall, and F; Score, we have
conducted an experiment on a large synthetic network generated with LFR
benchmark [59]. The network is generated by setting the number of nodes to
1 million, p to 0.3, 7 and 7 to 2 and 1 respectively, average degree to 100,
and maximum degree to 300. We took each node of a community of 183 nodes
as a query node and ran the algorithm several times for different amounts of
timeout. Then, for each value of timeout, we took the average of the metrics
calculated on each of the output communities. To show the magnitude of the
expansion, we have also counted the number of nodes visited by the algorithm,
as well as the strength and size of the community found so far, per each
combination of query node (inside the community) and timeout. The results
for this experiment are shown in Table 4.

We can see that recall and F; Score have a direct relation with the input
timeout, which is expected. This means that SIWO is generating meaningful
results, even if there is a limited time. Also, as we give the algorithm more
time, it brings nodes that increase the community strength inside the commu-
nity, until the stopping condition is met (at which point the algorithm will stop
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Table 4 Quality of SIWO partial search results for given timeout (seconds) in terms of
found community size |C|, number of nodes visited by algorithm, sum of edge strengths in
community S(C), precision P, recall R, and F; score (% the standard deviation for Fy).
Results averaged over runs using each of 183 nodes as query node in a given ground truth
community.

Timeout | |C| | Visited S(C) P R Fq
10 5 35,810 7 1.0 | 0.027 | 0.053 +£0.013
30 29 209, 955 282 1.0 | 0.160 | 0.277 £0.011
50 72 374,825 | 1,181 | 1.0 | 0.398 | 0.569 % 0.023
70 168 | 500,589 | 2,154 | 1.0 | 0.922 | 0.955 %+ 0.067
90 182 | 512,803 | 2,226 | 1.0 | 0.999 | 0.999 £+ 0.003
100 183 | 512,880 | 2,227 | 1.0 1.0 1.0+0.0
110 183 | 512,880 | 2,227 | 1.0 1.0 1.0+ 0.0

even if we give it more time, as illustrated in the last row of the table). To the
best of our knowledge, there are no claims regarding the possibility of yielding
a result before completion by the previously proposed algorithms, and can not
be (at least trivially) extended to do so. Based on the standard deviations, we
can also see that the results do not differ greatly by selecting different query
nodes inside the same community. In fact, SIWO seems to provide nearly the
same results for all query nodes in a community, if enough time is given to the
algorithm. This shows that SIWO does not suffer from one of the most impor-
tant issues that was imposed by similar local community search algorithms
(especially modularity-based methods), which is the sensitivity of the output
community to the initial query node. In other words, the expansion using the
SIWO strength function is more likely not to cross community boundaries.

6.3.1 Scalability in Large Synthetic Networks

In an attempt to validate the efficiency and scalability of our algorithm even
further, we conducted an experiment on an even larger synthetic LFR graph
consisting of 2 million nodes. The graph was generated with parameters 7, = 3,
79 = 1.5, u = 0.3, an average degree of 10, and a maximum degree of 30. This
particular choice of parameters, resulted in a network with 154047 communities
that is not overly dense, allowing our algorithm to not spend excessive time
per node.

We selected 1000 random nodes, ensuring that no two nodes belonged to
the same community. The results were again promising, with an average pre-
cision of 0.947, an average recall of 0.904, and an average F1 score of 0.920,
with a standard deviation of 0.214. The average time spent per node was 1.768
seconds. The low average time compared to the experiment on the LFR net-
work with 1 million nodes highlights the truly local nature of our method,
demonstrating its capability to efficiently navigate large networks without
being hindered by their size. This also indicates that SIWO’s time complexity
is indeed a consequence of the community size of the given query node and the
magnitude of the expansion (determined by the average degree of the nodes
in that community), rather than the size of the whole network.
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It is crucial to note that the sheer size of this graph necessitates methods
that are truly local and can handle large files without loading them into main
memory. This constraint rendered other contenders infeasible for this exper-
iment, as they require substantial memory resources. Our approach’s ability
to perform efficiently on such a large-scale graph underscores its practicality
and robustness in real-world scenarios where memory constraints are often a
significant consideration.

6.3.2 Scalability in Large Real-World Networks

Further experiments have also been done to observe the performance of SIWO
on five very large real-world networks. The characteristics of these networks
(Youtube, Orkut, UK-2002, Twitter, and Friendster) are given in Table 1. The
algorithms previously used for local search comparison such as MAPPR and
MWC must load the whole network in the main memory, which is infeasible
on these very large networks, whereas SIWO only needs to load the nodes
encountered during the search.

This is also true for the current versions of Triangle-Based Community
Expansion (TCE) [46] and Local Tightness Expansion algorithm (LTE) [47],
as they are implemented in such a way that the whole network is loaded in the
main memory before the algorithm starts. Therefore, we compare SIWO to
LCTC [32] as it was shown to perform local search on Orkut. However, while
the LCTC search algorithm itself is local, it must first create an index of the
entire network unlike SIWO which indexes only as needed while the search
progresses. The LCTC indexing process requires a significant amount of time
and memory to complete, e.g. around 50 GBs of RAM and 4 hours for Orkut,
and produces a large index file.

Five query nodes were used for each dataset with 1200 seconds as time-
out per node. Table 5 reports the size of the discovered community |C|, the
time in seconds and memory in MB used by each algorithm. As SIWO indexes
while searching, the reported time includes both. LCTC starts searching after
the indexing has been done, so the times can be broken down. For a fair com-
parison, we compare the total time of indexing plus searching as this would
be the time required to find the community given a specific node and net-
work without any pre-processing. Nonetheless, even just comparing solely the
search time of LCTC with the time SIWO requires, apart from two nodes on
Table 5 for the Youtube dataset, SIWO was considerably faster. For SIWO, we
have also reported the number of nodes that were visited by the algorithm to
show the magnitude of the search. The results confirm that SIWO finds larger
communities than LCTC in less time while using much less memory. In fact,
the memory requirements of LCTC meant that we were not able to run it on
the laptop with 16 GB and had to use a machine with much larger memory.
Even with this machine we were not able to complete the indexing process of
LCTC on the two largest networks and cannot present results. This highlights
how SIWO is a truly local algorithm that can handle very large networks on
reasonable commodity hardware.
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7 Evaluation of the variants of SIWO

7.1 Evaluation of SIWO+

In this part, we evaluate the extension of SIWO, called SIWO+, described in
Section 5.1. As SIWO+ has been designed to find the entire partitioning of
a given network, we compare it against Louvain [8], EdMot [17], and Leiden
[16] which are among the best known global methods, each one optimizing a
different objective function to find communities. We also compare it against
CPM [28], and SCAN [60] that find communities of a given graph based on
expansion from a random starting node in the network. Codes for Louvain,
Leiden, and SCAN can be found in CDIib [61] python software package ® .
EdMot  and CPM !0 also have publicly available codes [62].

Using synthetic networks, we conduct two sets of experiments to analyze
the methods’ performance when either the size of the network grows or the
quality of its community structure decreases.

Evaluation protocol: In both experiments, we use the LFR benchmark
[59] to generate the networks with ground-truth communities. In the first
experiment, u is equal to 0.15 and n, the size of the networks, varies from 100
to 30000. Since the size of the network increases, the number and the size of
the communities increase accordingly. In the second experiment, we use the
networks described in Section 6.2. For each data set, the partition provided
by each method is compared with the ground truth according to Normalized
Mutual Information (NMI) [63]. We report the average score, with standard
deviation, computed over 10 runs.

Experimental results: Table 6 shows that STIWO+ achieves perfect NMI
scores, which means it can find communities equivalent to the ground truth
whatever the size of the networks. Louvain, EdMot, and Leiden cannot main-
tain such a high accuracy when the network’s size n is higher than 1000 as they
inherently suffer from the resolution limit, which means communities that are
smaller than a scale cannot be resolved [48]. Although CPM and SCAN can
perform relatively well in most cases, they both fail when the network’s size
becomes large. More importantly, they require a fine-tuning of their parameters
to fulfill the task successfully. SIWO+4, which does not need any predeter-
mined parameter, finds the best results nonetheless. Even if it has been initially
designed to be a local approach, it outperforms state-of-the-art global meth-
ods for identifying the whole community structure of a network. Moreover, its
null standard deviations indicate that the random selection of a node from the
unexplored part of the network to initiate the search and then detect the other
communities has an insignificant impact on the final partitioning. As shown
by the small standard deviation obtained over the 10 conducted runs, it is also
the case for Louvain, EdMot, and Leiden, which are not deterministic. Another
set of experiments has been performed. to evaluate the seed choice effect on

8https://github.com/GiulioRossetti/cdlib
9https://github.com/benedekrozemberczki/EdMot
YOhttps://bit.ly/3q1QBJj
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the community structure identified by our algorithm. The results are not pre-
sented due to the lack of space. However, they demonstrate that the results of
SIWO remain stable regardless of the seeds’ degrees: low, middle, or high.

Table 7 shows that SIWO+ is very robust to the community’s mixing
parameter as it achieves satisfactory performances even when p is equal to
0.45. Tt is essential to notice that, in this experiment, CPM and SCAN have
not been able to find the community of many nodes when p is higher than
0.3. SCAN should be used with € equals to 0.3 to perform relatively well,
whereas the recommended value is between 0.5 and 0.8 [60]. Even though
EdMot and Leiden are known to improve Louvain in terms of motif-awareness
and connectedness, they achieve similar NMI scores. Thus, in this experiment,
SIWO+ outperformed the existing methods in all trials, and it has been able
to find the community of all the network nodes, while CPM leaves many of
them unassigned (up to 1000 nodes).

Concerning the detection of outliers, we added 1% outlier nodes by ran-
domly selecting 100 nodes and attaching then to these outliers, making these
last ones peripheral. EdMot, Louvain, and Leiden included these into com-
munities. SIWO+, with the optional Step 5 skipped, identified all outliers
as singletons. CPM and SCAN identified outliers by not inserting them in
any detected communities but when p > 0.25, up to 75% of nodes are also
erroneously considered outliers by CPM.

7.2 Evaluation of SIWOw on Weighted Networks

This section aims to evaluate the quality of our approach for handling edge
weights through experiments done with the variant of SIWO, called SIWOw,
described in Section 5.2. While SIWO is first and foremost a local community
search algorithm, most algorithms for weighted networks are global community
detection algorithms. To get a fair idea of the performance of weighted STWO
compared to other methods we thus use SIWOw for global community detec-
tion (i.e. we extend SIWO+ to handle edge weights) and compare it against
two of the same algorithms used in Section 7.1: Leiden and Louvain. The other
previously evaluated methods are not able to handle weighted networks and
so are excluded here. Moreover, Louvain has been shown to be one of the best
performing community detection algorithms in a comparative analysis [64] and
Leiden improves upon Louvain by guaranteeing well-connected communities
[16] so we are confident in using them as a benchmark for SIWOw. Another
closely related work to SIWOw is [65], in which Zheng et al. introduce a novel
community model that takes edge weights into consideration. However, we
were unable to include the approach in our comparative analysis due to the
lack of publicly available executable code for their method.

Synthetic data sets: We evaluate all algorithms on a set of syn-
thetic networks which have ground-truth communities using NMI. There
is an unfortunate lack of real-world weighted networks with ground-truth
communities available. We thus use a range of parameter settings for the
synthetic network generator to ensure a variety of network structures. More
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precisely, we generated 720 unique networks with the LFR weighted net-
work generator benchmark [66]. We generate five different networks for each
parameter combination of average degree in {15,20,25}, maximum degree in
{50, 75,100}, exponent for weight distribution 3 € {1.5,2}, and topology mix-
ing parameter p; and weight mixing parameter p,, taking the same values in
{0.1,0.15,0.2,0.25,0.3,0.35,0.4,0.45}.

Baselines and settings: We compare SIWOw to the weighted versions
of two community detection algorithms: Louvain and Leiden. We evaluate
weighted SIWOw using the arithmetic mean, geometric mean, harmonic mean,
and minimum for the weight combination function. We denote these different
versions as SIWOw(a), SIWOw(g), SIWOw(h), and SIWOw(m), respectively.

Experimental results: Table 8 shows that SIWOw outperforms Leiden
and Louvain at all levels of w,,. SIWOw achieves perfect or near-perfect NMI
even as the modularity of the ground truth community structure drops as
increases. The performance of all the algorithms drops as p,, increases but
SIWOw is still able to achieve an NMI score of 0.995 when p,, equals 0.45,
demonstrating the algorithm’s robustness to the mixing parameter of the syn-
thetic networks. We note that all of the algorithms achieve better performance
than in the unweighted evaluation, demonstrating the extra information pro-
vided by the edge weights and the value of an algorithm’s ability to consider
this information.

SIWOw also exhibits a lower standard deviation than Leiden or Louvain.
Recall that the 90 runs for each p,, value in Table 8 consist of networks that
have varying parameter values and thus varying structures. The low standard
deviation of SIWOw indicates that it does not suffer from significantly worse
performance for networks in our data set generated with certain combinations
of parameters and is thus robust to network features such as average degree.

Table 8 also shows that none of the weight combination functions for
SIWOw significantly outperforms the other. In fact, there is only one case
where one version performs worse than the others: SIWOw(m) when p,, equals
0.30. This result may seem counter-intuitive as the different functions will
result in different values in many cases. For example, the geometric mean will
result in a value close to zero whenever one edge has a weight very close to
zero but the arithmetic may not, and the minimum does not use most of the
information. However, our results show that the choice does not have a mate-
rial impact on performance which is consistent with work on the weighted
clustering coefficient which found a similar value regardless of the mean used
[67].

Table 9 shows that SIWOw finds a number of communities much closer to
the true value than Leiden and Louvain. Leiden and Louvain both work by
attempting to optimize modularity and thus suffer from the resolution limit
and fail to separate small communities. They find far fewer communities than
the ground truth. SIWOw tends to find almost the same number of commu-
nities as the true number, and this difference increases as p,, increases. SIWO



Springer Nature 2023 BTEX template

30 Fast Local Community Discovery Relying on the Strength of Links

relies on triangle structures to assign edge strength. As p,, increases and com-
munities become less dense there may be fewer triangles within communities.
If there are few enough triangles within a community, the intra-community
edges will be considered weak by SIWO and the nodes of the community will
not be assigned to one community. Of course, there is the question of whether
a ground-truth community that consists of nodes without many common
neighbors is truly a community.

Our experiments on weighted networks show that SIWOw performs well
at uncovering community structure with edge weights. Combined with our
results from Section 7, this highlights two of the main advantages of SIWO.
Unlike many other local community search algorithms, SIWO is able to handle
weighted networks. And unlike weighted community detection algorithms such
as Louvain and Leiden, SIWO only requires local information and can thus be
applied to large networks that are unable to fit in main memory. The flexibility
to be used for either global community detection or local community search for
both weighted and unweighted networks of greatly varying sizes distinguishes
SIWO from other algorithms.

8 Conclusion and Discussion

Our method, SIWO, is parameter-free and uses the notion of triangles, which
enables accurate, deterministic, and fast local community discovery in net-
works. While other algorithms have used triangles before, SIWO distinguishes
itself through its distinctive approach of utilizing strength values on edges for
normalizing the number of triangles containing that edge, which has proven
experimentally to be very effective.

SIWO is non-parametric, which offers a significant advantage over many
local community detection methods that require fine-tuning of their parame-
ters, often difficult to interpret and adjust. SIWO is also robust to the query
node used to start the search and will find the same community whether it
begins in the core or on the periphery of a community.

Furthermore, STWO does not necessitate loading the entire graph into main
memory, allowing it to operate efficiently even on a regular laptop with limited
resources for large networks with tens of millions of nodes and hundreds of
millions of edges. This allows SIWO to provide the core of the community
within a given time budget, even if the network is too large and dense for the
search to complete. In contrast, most current approaches require a massive
amount of memory to be able to operate on large networks, either to fit the
whole graph to process or to build indexes, and often return an empty set if
interrupted.

SIWO serves as a versatile framework capable of handling different types of
networks. In this paper, we demonstrated how SIWO can be generalized to per-
form local search on weighted networks, or perform global community detection
by iteratively applying local search on unexplored parts of the network. In
addition, it can detect overlapping communities or outliers.
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The above conveniences are characteristics that no other method has and

fundamentally differentiate SIWO from the state-of-the-art methods.

In summary, SIWO is a fast, highly performant, and flexible algorithm

for local community detection that distinguishes itself from existing meth-
ods through its non-parametric nature, efficient memory usage, and strong
performance in various scenarios.
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