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Abstract
Recently, numerous community search methods for large graphs
have been proposed, at the core of which is defining and measuring
cohesion. This paper experimentally evaluates the effectiveness of
these community search algorithms w.r.t. cohesiveness in the con-
text of online social networks. Social communities are formed and
developed under the influence of group cohesion theory, which has
been extensively studied in social psychology. However, current
generic methods typically measure cohesiveness using structural
or attribute-based approaches and overlook domain-specific con-
cepts such as group cohesion. We introduce five novel psychology-
informed cohesiveness measures, based on the concept of group cohe-
sion from social psychology, and propose a novel framework called
CHASE for evaluating eight representative community search algo-
rithms w.r.t. these measures on online social networks. Our analysis
reveals that there is no clear correlation between structural and
psychological cohesiveness, and no algorithm effectively identifies
psychologically cohesive communities in online social networks.
This study provides new insights that could guide the development
of future community search methods.

CCS Concepts
• Information systems → Retrieval effectiveness; Data min-
ing.
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1 Introduction
Real-world networks frequently exhibit community structures [41],
making community search (CS) a key area of focus in graph search [34].
It seeks to retrieve cohesive subgraphs from an input graph based on
query nodes. Communities extracted by CS algorithms have poten-
tial applications in event organization, recommendations, protein
complex identification, and targeted advertising [34, 39]. In partic-
ular, human beings thrive in communities, forming connections
through shared experiences and values, which promote coopera-
tion, resilience, and a sense of belonging [8, 98]. Thus, community
search is particularly important for applications involving human
interaction, such as those in online social networks.

Extensive research on the community search problem has primar-
ily focused on enhancing the efficiency, scalability, and quality of
results [34]. Central to this issue is the concept of cohesion within
communities. Most CS algorithms define communities through
subgraph cohesiveness metrics derived from structural network in-
formation, such as k-core, k-truss, and k-ECC, along with attribute
data [34]. These measures are generic, meaning they are not tied
to any specific application domain. Recently, several studies have
investigated learning-based methods for identifying cohesive sub-
graphs, which integrate both structural information and vertex
attributes into neural network models, thereby removing the need
for predefined rules for communities [31, 39, 43, 60, 94, 95]. In this
paper, we evaluate the cohesiveness of communities produced by these
existing techniques within online social networks.

In online social networks, communities are fundamentally char-
acterized as groups of individuals connected through “invisible
bonds”, a phenomenon that has been widely studied in social psy-
chology as cohesion or group cohesion since the 1950s [35, 110]. Most
psychology studies recognize cohesion as multi-dimensional [18,
70, 80] and have demonstrated its validity in various contexts, such
as sports [17, 75], work [66, 73], and technology-mediated learning
environments [106], as well as in both offline and online settings
[16, 38, 68]. Consequently, algorithmically identified communities
can be hypothesized to manifest psychologically grounded cohe-
sion properties. Notably, structural cohesiveness metrics used in
the CS problem have their origins in social psychology [37, 96].

Existing CS methods evaluate their solutions in three main
ways [29, 59, 63, 71, 94, 95, 107]: (a) by comparing retrieved com-
munities to known ground-truth communities using various perfor-
mance metrics, though the interpretation and definition of ground
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truth vary [55, 57, 69, 101, 104]; (b) by assessing communities
against those produced by other algorithms through “effectiveness
metrics” or “goodness metrics” that measure community character-
istics [10, 63], especially when the ground truth is unavailable; and
(c) by conducting case studies to demonstrate the interpretability
and significance of the communities identified by CS algorithms.

None of the existing evaluation approaches systematically as-
sesses the effectiveness of cohesiveness measures in networks in-
volving interacting individuals. Consequently, they fail to address
key questions specific to online social networks, such as: (1) Do
the generic cohesiveness measures from different CS techniques
accurately capture group cohesion in online social networks? (2)
How cohesive are the communities identified by these techniques
when evaluated using measures based on group cohesion in social
psychology?

In this paper, we address these key questions about the cohe-
siveness of communities identified by community search (CS) al-
gorithms in online social networks. We begin by discussing how
research on group cohesion can inform the assessment of cohesion
in online social networks. We critique the limitations of existing
generic cohesiveness measures used by various CS techniques in
capturing themulti-dimensional nature of group cohesion and intro-
duce a set of psychology-informed cohesiveness measures grounded
in social psychology’s definition of cohesion to address them. Ad-
ditionally, we present a framework called CHASE to conduct exten-
sive experiments comparing the cohesiveness of results from eight
representative CS techniques using real-world social network data.

Our experimental evaluation reveals three key findings. First,
existing algorithms, when using the same query node, often iden-
tify communities that differ significantly in terms of structural
and psychology-based cohesiveness, with varying query hit rates.
Second, recent learning-based algorithms tend to produce commu-
nities with low structural cohesiveness or fail to identify valid com-
munities. Third, there is no clear relationship between structural
cohesiveness and psychology-based cohesion. More importantly,
no current algorithm identifies cohesive communities in online
social networks that align with the concept of cohesion in social
psychology.

In summary, this work makes the following novel contributions.
(a) It is the first study to assess the cohesiveness of social network
communities generated by various community search methods, ana-
lyzed through the lens of cohesion theories in social psychology. (b)
It introduces a set of psychology-informed cohesiveness measures
for evaluation, which is unavailable in existing community search
evaluation toolkits. (c) The experimental findings presented in this
work are novel and have not been reported in previous studies.

2 Related Work
Fang et al. [34] evaluated CS results from traditional algorithms on
simple and attributed graphs. For simple graphs, it experimentally
assesses the average running time and reports community qual-
ity using four generic structure-based measures: diameter, degree,
density, and clustering coefficient. For attributed graphs, the eval-
uation focuses on keyword-based CS solutions for efficiency and
F1 scores. In social psychology, cohesion measures are developed
based on a specific definition and are tailored to a target population.

Their quality is assessed through reliability and validity [12], focus-
ing on how well these measures align with theoretical constructs
[13, 84]. Recently, Bhowmick et al. [79] introduced the paradigm of
psychology-informed design and reviewed existing social influence
computation techniques that embrace it. None of these efforts un-
dertakes a systematic evaluation of the cohesiveness of CS solutions
on online social networks through the lens of social psychology.

3 The Community Search Problem
In this section, we review the community search problem and de-
scribe a taxonomy of existing CS algorithms. We begin by introduc-
ing some terminology to facilitate the exposition of the paper.

Terminology. An online social network can be modeled as a di-
rected multigraph G = (U, E), where U indicates the set of users
(vertices) and E includes edges representing individual and inter-
action activities. Individual activity occurs when a user 𝑢𝑖 posts
information at time 𝑡 without targeting anyone, represented as a
self-loop 𝑒𝑡

𝑖𝑖
∈ E. Interaction activity refers to an interaction be-

tween user 𝑢𝑖 and 𝑢 𝑗 at time 𝑡 , forming a directed edge 𝑒𝑡
𝑖 𝑗

∈ E. An
induced subgraph 𝐻 = (U𝐻 , E𝐻 ) of G consists of a vertex subset
from G and all edges between them.

Problem Definition. Based on [34, 86], the community search
problem can be formalized as follows:

Problem 3.1. [Community Search (CS) Problem] Given a
graph 𝐺 = (𝑉 , 𝐸) and a set of query nodes 𝑄 ⊆ 𝑉 , the community
search problem seeks to find a community that contains𝑄 and satisfies
the following properties:

(i) Connectivity: vertices in the community are connected;
(ii) Cohesiveness: vertices in the community are intensively linked

to each other based on a particular goodness metric.

Note that G can be reduced to a simple graph 𝐺 = (𝑉 , 𝐸) where
𝑉 = U and each set of parallel edges in E between vertices can be
reduced to undirected or directed connections.

Taxonomy of CS Algorithms. Following [95], we classify ex-
isting CS works into traditional and learning-based categories.

Traditional CS algorithms. Generally, traditional CS algorithms
formulate a community by specifying its subgraph properties [34].
The commonly adopted cohesiveness properties are structural-
based, including k-core [6, 28, 86, 103], k-truss [2, 47, 65, 107], k-
clique [105], and k-ECC [22, 45, 46]. These metrics are often referred
to as structural cohesiveness metrics (structural metrics for brevity).
Additionally, studies incorporate attribute information to formalize
cohesiveness by refining existing structural metrics or proposing
new attribute cohesiveness metrics alongside the structural ones.
Examples of the former approach include attributed 𝑝𝑘𝑑-truss com-
munity [99], (𝑘, 𝜃 )-community [71], (𝑘, 𝑝)-core [67], and 𝛽-temporal
core [63]. Examples of the latter include keyword cohesiveness [33],
spatial cohesiveness [25, 32], and query cohesiveness [29].

Learning-based CS algorithms. Due to the structural inflexibility
of traditional CS algorithms, recently learning-based methods have
been proposed to retrieve communities by learning their hidden
patterns without relying on predefined structures. Depending on
their reliance on ground-truth communities for training, they can be
further categorized as supervised [24, 31, 43, 50, 95], semi-supervised
[60], and unsupervised [94]. However, most learning-based solu-
tions weakly correlate with community cohesiveness, struggle with
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Figure 1: Workflow for adapting cohesiveness measures.

large graphs due to neural network constraints, and risk of model
invalidation when the graph topology changes [95].

4 Cohesiveness Framework for Social Networks
This section outlines the methodology for measuring cohesion
based on social psychology and highlights the limitations of cur-
rent generic cohesiveness measures used in community search
techniques. The goal is to determine whether these generic mea-
sures align with social psychology’s concept of cohesion, which is
crucial for effective community retrieval in online social networks.

4.1 Methodology
In social psychology, measurements are developed from proposed
concepts or adapted from existing ones to fit different study subjects
and contexts [13, 83]. With well-studied cohesion concepts and
measures available, in Figure 1, we summarize a workflow to adapt
existing cohesiveness measures in social psychology to the context
of online social networks. Here, “measures” particularly refer to
questionnaires, which are widely used in psychological studies to
assess cohesion [36, 81, 106].

We start by selecting a cohesion concept from psychological
studies and accessing its measures. To ensure consistent positive
scoring of cohesiveness, reversed-word items, introduced alongside
positively-worded items to reduce response style bias [89], are cor-
rected. Besides, two common adaptation methods used in group
cohesion studies—rewording and removing inapplicable items [15,
87]—are applied to fit the remaining items into our study context.

Cohesion Concept and Measures. In this study, we adopt a
widely accepted definition proposed by Carron [17], which defines
cohesion as “a dynamic process which is reflected in the tendency
for a group to stick together and remain united in the pursuit of its
goals and objectives”. It recognizes cohesion as multidimensional
and dynamic that changes its extent and forms throughout group
formation, development, maintenance, and dissolution [18].

To measure this concept, a conceptual model has been proposed
that identifies two key perceptions binding members to their group:
a member’s perception of the group as a whole (labeled as group
integration (GI)) and a member’s personal attraction to the group
(labeled as individual attractions to group (ATG)). Each perception
is further divided into task and social aspects, resulting in four cor-
related constructs that influence group cohesion: group integration-
task (GI-T), group integration-social (GI-S), individual attractions to
group-task (ATG-T), and individual attractions to group-social (ATG-
S) [20]. The Group Environment Questionnaire (GEQ) derived from
this model consists of 18 items and has demonstrated its reliability
and validity in various contexts [5, 14, 20]. The cohesion score for
a group is calculated by averaging individual GEQ responses [19].

Measure Adaptation. Regarding our study context, we focus
on the social scales of the GEQ, which emphasize social-oriented
motivations driving user interactions [3, 30, 85, 90]. Following our

Table 1: Adapted GEQ for online social networks.

Scale Item

ATG-S

1. I enjoy being a part of the social activities of this group.
5. Some of my best friends are in this group.
7. I enjoy interactions in my group more than in other groups.
9. For me, this group is one of the most important social groups to which I belong.

GI-S
11. Members of our group would rather interact with each other than post information
individually.
13. Our group members frequently interact with each other.

workflow, the GEQ is adapted into Table 1, which includes four
items for the ATG-S scale and two items for the GI-S scale.

4.2 Comparison
Table 2 summarizes whether existing measures (introduced in Sec-
tion 3) capture the cohesion features outlined in the adapted GEQ
(Table 1). Observe that both ATG-S and GI-S items incorporate
underlying structural information, yet in distinct ways. In particu-
lar, ATG-S places greater emphasis on personal opinions, carrying
more psychological insights that influence a user’s membership.
To reflect this distinction, items are labeled “S” for structural in-
formation and “P” for psychological information. “✓”, “△”, and “×”
denote that an item is fully captured, partially captured, or not
captured by existing measures, respectively.

Intuitively, all existing structural cohesiveness measures, which
focus on the subgraph interconnections, successfully capture Item
13. While strong topological connections may suggest users’ enjoy-
ment, friendship formation, and group engagement (Items 1, 5, 7,
and 9), these psychological elements are not explicitly characterized.
Similarly, it remains unclear to what extent keywords cohesiveness,
which captures users’ attribute similarity, and spatial cohesiveness,
which reflects spatial relationships, accurately represent ATG-S
items. While query cohesiveness incorporates network information
to characterize the user’s temporal activeness, its representation of
psychology-based cohesiveness is still implicit and insufficient.

Notably, none of the existing metrics capture users’ willingness
to interact within a group (Item 11). Furthermore, they cannot be
combined to capture all items in Table 1.

5 Psychology-informed Cohesiveness Measures
The preceding section highlighted the limitations of the generic
cohesiveness measures in capturing psychological cohesion in so-
cial networks. To further assess and compare their effectiveness, in
this section, we propose a set of psychology-informed measures that
mathematically quantifies group cohesion indicators described in
items within Table 1.

Intuitively, for ATG-S items, our formulation focuses on the
relationship between individual users and the community, yielding
individual scores, which are then averaged into a community score.
For GI-S items, the community is treated as a single unit to report
a group-level score. All measures are positively scored.

5.1 Measures for ATG-S Items
Enjoyment Index (EI). Item 1 emphasizes the user’s enjoyment
level during social interactions. Enjoyment is often measured con-
cerning positive emotions or needs fulfillment during interactions
[52, 62, 90]. Accordingly, we identify the enjoyment index as a cohe-
siveness indicator, quantified by the cumulative sentiments elicited
during interactions.
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Table 2: Comparison of existing CS cohesiveness metrics and social psychology-based cohesion.

Item (Info) 𝑘-core 𝑘-truss 𝑘-clique 𝑘-ECC
Attributed

𝑝𝑘𝑑-truss community (𝑘, 𝜃 )-community (𝑘, 𝑝 )-core 𝛽-temporal core Keyword
cohesiveness

Spatial
cohesiveness

Query
cohesiveness

1 (S & P) △ △ △ △ △ △ △ △ △ △ △
5 (S & P) △ △ △ △ △ △ △ △ △ △ △
7 (S & P) △ △ △ △ △ △ △ △ △ △ △
9 (S & P) △ △ △ △ △ △ △ △ △ △ △
11 (S) × × × × × × × × × × ×
13 (S) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ × × ×

Empirical findings indicate that an individual’s sentiment is
shaped by the sentiments and frequency of prior interactions [7, 52].
Individuals prioritize emotion-congruent stimuli and respond more
quickly to emotional stimuli than neutral ones [40, 54, 72, 93, 102].
Therefore, we focus on the sentiment polarity of each interaction
(positive, neutral, or negative, represented as 1, 0, or -1). We model
the impact of sentiments as a sentiment-aware excitation function,
which quantifies the excitation degree of previous interactions for
the sentiment of the current interaction. Then the elicited sentiment
can be modeled as the sentiment conveyed in the interaction scaled
by the excitation degree.

The sentiment-aware excitation function is constructed based on
a basic excitation function, represented as a linear combination of
the basic decay functionsΦ(·) [77] while introducing a sign function
to determine whether past activities E≺𝑡 enhance or diminish the
sentiment of the interaction 𝑒𝑡 at time 𝑡 , as shown below.

𝜆(𝑡, 𝑒𝑡 , E≺𝑡 ) = 𝜆0 +
∑︁

𝑒𝑡
′ ∈E≺𝑡

𝑠𝑔𝑛(𝑆𝑒𝑛𝑡𝑖 (𝑒𝑡
′
), 𝑆𝑒𝑛𝑡𝑖 (𝑒𝑡 )) · Φ(𝑡 − 𝑡 ′)

Wherein, 𝜆0 represents the basic sentiment perception level
elicited by a single interaction. We set 𝜆0 = 1 to ensure that
the elicited sentiment matches the original sentiment in the ab-
sence of prior activities. The function 𝑆𝑒𝑛𝑡𝑖 (·) ∈ [−1, 1] extracts
the sentiment from activities, and the sign function is defined
as 𝑠𝑔𝑛(𝑆𝑒𝑛𝑡𝑖 (𝑒𝑡 ′ ), 𝑆𝑒𝑛𝑡𝑖 (𝑒𝑡 )) = 𝑆𝑒𝑛𝑡𝑖 (𝑒𝑡 ′ ) · 𝑆𝑒𝑛𝑡𝑖 (𝑒𝑡 ). The senti-
ment extraction methods and decay function selection will be in-
troduced in Section 6. To ensure non-negative excitation, we set
𝜆(𝑡, 𝑒𝑡 , E≺𝑡 ) = max(𝜆(𝑡, 𝑒𝑡 , E≺𝑡 ), 0). Formally, the elicited senti-
ment is defined as below.

Definition 5.1. [Elicited Sentiment] Given an interaction activ-
ity 𝑒𝑡 at time 𝑡 , the elicited sentiment is defined as the interaction
sentiment scaled by the sentiment excitation degree as follows:

𝐸𝑆𝑒𝑛𝑡𝑖 (𝑡, 𝑒𝑡 , E≺𝑡 ) = 𝑆𝑒𝑛𝑡𝑖 (𝑒𝑡 ) · 𝜆(𝑡, 𝑒𝑡 , E≺𝑡 ) .

Let E𝑡𝑐𝑢𝑟
𝐻,𝑖 · = {𝑒𝑡𝑥𝑦 | 𝑒𝑡𝑥𝑦 ∈ E𝐻 , {𝑥,𝑦} = {𝑖, 𝑗}, 𝑗 ≠ 𝑖, 𝑡 ≤ 𝑡𝑐𝑢𝑟 } be

activities where user 𝑢𝑖 interacts with other group members up to
time 𝑡𝑐𝑢𝑟 . Assuming that more recent activities better capture user
interests [82], we weight them by a decay function Φ(·) and define
the enjoyment index as follows.

Definition 5.2. [Enjoyment Index (EI)]Given a graph G, com-
munity 𝐻 , current time 𝑡𝑐𝑢𝑟 , and a user 𝑢𝑖 ∈ 𝐻 , 𝑢𝑖 ’s EI is defined
as the cumulative elicited sentiments generated during interactions
between 𝑢𝑖 and others in 𝐻 by 𝑡𝑐𝑢𝑟 :

EI𝑖 (G, 𝐻, 𝑡𝑐𝑢𝑟 ) =
∑︁

𝑒𝑡 ∈E𝑡𝑐𝑢𝑟
𝐻,𝑖 ·

𝐸𝑆𝑒𝑛𝑡𝑖 (𝑡, 𝑒𝑡 , E≺𝑡
𝐻,𝑖 ·) · Φ(𝑡𝑐𝑢𝑟 − 𝑡),

where E≺𝑡
𝐻,𝑖 · = {𝑒𝑡 ′𝑥𝑦 | 𝑒𝑡 ′𝑥𝑦 ∈ E𝐻 , {𝑥,𝑦} = {𝑖, 𝑗}, 𝑗 ≠ 𝑖, 𝑡 ′ < 𝑡}.

Sentimental Interaction Tendency (SIT). Now consider Item
5 in Table 1. Having best friends in the group indicates cohesiveness,
prompting the need to measure friendships among group members.
Friendship generally develops through the exchange of information
[21] and is characterized by reciprocity, closeness, and emotional
attachment [4, 74]. Compared to ordinary friends, best friends share
greater intimacy, reciprocity, and stability [11, 78, 97]. For simplic-
ity, we propose sentimental interaction tendency to characterize
friendships developed through cumulative information exchange,
with higher values denoting closer ties.

Let M𝑡𝑐𝑢𝑟
𝐻,𝑖

= {𝑢 𝑗 | 𝑢 𝑗 ∈ U𝐻 , 𝑗 ≠ 𝑖, ∃𝑡1, 𝑡2 ≤ 𝑡𝑐𝑢𝑟 : 𝑒𝑡1
𝑖 𝑗
, 𝑒
𝑡2
𝑗𝑖
∈ E𝐻 }

be the set of subgroup members that mutually interact with 𝑢𝑖 .
Then, for each 𝑢 𝑗 ∈ M𝑡𝑐𝑢𝑟

𝐻,𝑖
, define the interactions between 𝑢𝑖

and 𝑢 𝑗 as E𝑡𝑐𝑢𝑟
𝐻,{𝑖, 𝑗 } = {𝑒𝑡𝑥𝑦 | 𝑒𝑡𝑥𝑦 ∈ E𝐻 , {𝑥,𝑦} = {𝑖, 𝑗}, 𝑡 ≤ 𝑡𝑐𝑢𝑟 }.

The cumulative, time-decaying sentiments in these interactions are
computed as follows.

𝐴𝑐𝑐𝑢𝑖 𝑗 (G, 𝐻, 𝑡𝑐𝑢𝑟 ) =
∑︁

𝑒𝑡 ∈E𝑡𝑐𝑢𝑟
𝐻,{𝑖,𝑗 }

𝐸𝑆𝑒𝑛𝑡𝑖 (𝑡, 𝑒𝑡 , E≺𝑡
𝐻,{𝑖, 𝑗 } ) · Φ(𝑡𝑐𝑢𝑟 − 𝑡)

Note that 𝐴𝑐𝑐𝑢𝑖 𝑗 (·) is symmetric, i.e., 𝐴𝑐𝑐𝑢𝑖 𝑗 (G, 𝐻, 𝑡𝑐𝑢𝑟 ) =

𝐴𝑐𝑐𝑢 𝑗𝑖 (G, 𝐻, 𝑡𝑐𝑢𝑟 ), reflecting the reciprocity of friendship.

Definition 5.3. [Sentimental Interaction Tendency (SIT)]
Given a graph G, community 𝐻 , current time 𝑡𝑐𝑢𝑟 , and a user 𝑢𝑖 ∈ 𝐻 ,
𝑢𝑖 ’s SIT is defined as the accumulated elicited sentiments between 𝑢𝑖
and each user with whom they have mutual interactions up to 𝑡𝑐𝑢𝑟 :

SIT𝑖 (G, 𝐻, 𝑡𝑐𝑢𝑟 ) =
∑︁

𝑢 𝑗 ∈M𝑡𝑐𝑢𝑟
𝐻,𝑖

𝐴𝑐𝑐𝑢𝑖 𝑗 (G, 𝐻, 𝑡𝑐𝑢𝑟 ) .

Comparative Enjoyment Degree (CED). Users often engage
in multiple groups on online social networks [91]. They perceive
greater cohesiveness in a specific group when it positively con-
tributes to their enjoyment, as indicated by Items 7 and 9. This
leads us to propose the comparative enjoyment degree to measure
how much more enjoyment a user gets from interactions within a
community than from interactions outside that community.

Definition 5.4. [Comparative EnjoymentDegree (CED)]Given
a graph G, community 𝐻 , current time 𝑡𝑐𝑢𝑟 , and a user 𝑢𝑖 ∈ 𝐻 , the
CED of 𝑢𝑖 at time 𝑡𝑐𝑢𝑟 is defined as the difference between the enjoy-
ment derived from interactions within and outside 𝐻 by 𝑡𝑐𝑢𝑟 :

CED𝑖 (G, 𝐻, 𝑡𝑐𝑢𝑟 ) =
∑︁

𝑒𝑡 ∈E𝑡𝑐𝑢𝑟
𝐻,𝑖 ·

𝐸𝑆𝑒𝑛𝑡𝑖 (𝑡, 𝑒𝑡 , E≺𝑡
𝐻,𝑖 · ) · Φ(𝑡𝑐𝑢𝑟 − 𝑡 )

−
∑︁

𝑒𝑡 ∈E𝑡𝑐𝑢𝑟G\𝐻,𝑖 ·

𝐸𝑆𝑒𝑛𝑡𝑖 (𝑡, 𝑒𝑡 , E≺𝑡
G\𝐻,𝑖 · ) · Φ(𝑡𝑐𝑢𝑟 − 𝑡 ),

where E𝑡𝑐𝑢𝑟
G\𝐻,𝑖 · = {𝑒𝑡𝑥𝑦 | 𝑒𝑡𝑥𝑦 ∈ EG, {𝑥,𝑦} = {𝑖, 𝑗}, 𝑢 𝑗 ∉ U𝐻 , 𝑡 ≤

𝑡𝑐𝑢𝑟 } represents 𝑢𝑖 ’s interactions with users outside 𝐻 .
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Table 3: Dataset statistics.

Dataset |U | | E | | T | Density 𝐷𝑒𝑔𝑎𝑣𝑔

BTW17 7,721 12,839 11,890 0.0002 3.33
Chicago_COVID 4,917 246,633 246,001 0.0102 100.32
Crawled_Dataset144 10,388 119,836 116,639 0.0011 23.07
Crawled_Dataset26 21,263 108,538 104,575 0.0002 10.21

5.2 Measures for GI-S Items
Group InteractionPreference (GIP). Item 11 captures the group’s
preference for group interaction over individual posting, which can
be formulated as group interaction preference (GIP). Let E𝑡𝑐𝑢𝑟

𝐻,𝑖𝑛𝑡𝑒𝑟
=

{𝑒𝑡
𝑖 𝑗

| 𝑒𝑡
𝑖 𝑗

∈ E𝐻 , 𝑗 ≠ 𝑖, 𝑡 ≤ 𝑡𝑐𝑢𝑟 } and E𝑡𝑐𝑢𝑟
𝐻

= {𝑒𝑡
𝑖 𝑗

| 𝑒𝑡
𝑖 𝑗

∈ E𝐻 , 𝑡 ≤
𝑡𝑐𝑢𝑟 } denote the set of interaction activities and all activities in 𝐻

up to 𝑡𝑐𝑢𝑟 , respectively, where E𝑡𝑐𝑢𝑟
𝐻,𝑖𝑛𝑡𝑒𝑟

⊆ E𝑡𝑐𝑢𝑟
𝐻

. The GIP ranges
from 0 to 1 and is defined as follows.

Definition 5.5. [Group Interaction Preference (GIP)] Given a
graph G, community 𝐻 , and current time 𝑡𝑐𝑢𝑟 , GIP is defined as the
ratio of group members’ interactions to their overall activities by 𝑡𝑐𝑢𝑟 :

GIP(G, 𝐻, 𝑡𝑐𝑢𝑟 ) = |E𝑡𝑐𝑢𝑟
𝐻,𝑖𝑛𝑡𝑒𝑟

|
/
|E𝑡𝑐𝑢𝑟

𝐻
|.

Group Interaction Density (GID). Lastly, Item 13 emphasizes
the interplay between member relationships and interaction fre-
quency. We quantify it by extending the weighted density [64]
with a temporal normalization. Let the observation window be
𝑊𝑡𝑐𝑢𝑟 = (𝑡𝑐𝑢𝑟 − 𝑡0)/𝜏𝑡 , where 𝑡0 is the start of observation and 𝜏𝑡 is
the time-unit (e.g., day, week, month). We call the resulting metric
the group interaction density (GID).

Definition 5.6. [Group Interaction Density (GID)] Given a
graph G, community 𝐻 , and current time 𝑡𝑐𝑢𝑟 , GID measures the
interaction frequency per possible user pair per unit time within 𝐻

by 𝑡𝑐𝑢𝑟 :

GID(G, 𝐻, 𝑡𝑐𝑢𝑟 ) = |E𝑡𝑐𝑢𝑟
𝐻,𝑖𝑛𝑡𝑒𝑟

|
/ (

|U𝐻 | · ( |U𝐻 | − 1) ·𝑊𝑡𝑐𝑢𝑟

)
.

Remark. Note that these five measures for assessing cohesion can
be merged into a single cohesiveness score through an aggregated
linear combination of weights. However, our work does not aim
to calculate such a score. Instead, the evaluation shall focus on
analyzing the quality of results produced by existing CS techniques
w.r.t. each of these measures, enabling us to get a fine-grained
understanding of how they perform against each item in Table 1.

6 Experimental Settings
In this section, we introduce the datasets, representative community
search algorithms, evaluation framework, and parameter settings
used to set up the experiments. The codebase is available at [108].

6.1 Dataset
Due to the lack of sentiment data in most publicly available datasets
(e.g., SNAP [58]), we constructed four real-world datasets from
X (formerly Twitter) to facilitate evaluation. Table 3 summarizes
their topological characteristics, where |U|, |E |, and |T | denote
the numbers of vertices, edges, and edge timestamps, respectively.
𝐷𝑒𝑔𝑎𝑣𝑔 represents the average node degree, with self-loops and
parallel edges counted.

Data Collection. The BTW17 dataset contains tweets related to
the 19th German election campaigns, with over 1.2 million tweets

Figure 2: Prompt for sentiment analysis.

from active users [56]. TheChicago_COVID dataset contains tweets
related to the COVID-19 pandemic and geolocated near Chicago
[42]. Due to its large volume, we sampled 125k tweets for this study.
Besides, we collected Crawled_Dataset144 and Crawled_Dataset26
datasets in December 2022 using the official API [76]. Starting with
single users randomly selected from real-time tweets, we employed
snowball sampling to gather the users’ original tweets and asso-
ciated replies (conversation utterances). Newly identified users
were recorded for future data collection. This process resulted in
over 200k original tweets for each dataset. For all four datasets, we
extracted metadata for each user, including user_id. The tweet meta-
data includes conversation_id, tweet_id, user_id, in_reply_to_user_id,
tweet_text, and timestamp. The number of users and tweet data
elements varied across datasets. We retained only English tweets,
removed retweets, quoted tweets, duplicates, and empty entries,
and cleaned the tweet text by removing newlines and URLs.

Sentiment Analysis. The preprocessed tweets were then sub-
jected to a sentiment analysis task to determine their sentiment
scores. Following common practice, we treated the task as a three-
class classification problem [23]. To ensure superior analysis results,
we adopted Llama3-8B, an open-source Large Language Model
(LLM) from Meta [1], and used a prompt-based approach. The
prompt was adapted from [53] to assign sentiment labels (see Figure
2), which were mapped to 1, 0, and -1, respectively. Both top_p and
temperature were set to 0.01 for more deterministic responses. Only
the tweets that were successfully assigned labels were retained.

Network Construction. Networks were constructed based on
the reply relationships (i.e., who replies to whom), including in-
teraction and self-posting tweets (i.e., initial posts not directed at
specific users). Isolated nodes were removed. Since the constructed
networks consist of components with their size distribution highly
skewed, only the largest component in each network was consid-
ered, resulting in the networks reported in Table 3.

6.2 Representative CS Algorithms
We selected representative CS algorithms based on the following
criteria: (a) their codebases are publicly available; (b) they cover the
two categories introduced in Section 3; and (c) they consider various
types of information to characterize cohesiveness, potentially cap-
turing different items in the adapted GEQ (Table 2). As a result, we
chose three 𝑘-core-based algorithms (ALS, WCF-CRC, CSD), three
𝑘-truss-based algorithms (ST-Exa, Repeeling+, I2ACSM), and two
unsupervised learning algorithms (TransZero-LS, TransZero-GS),
as summarized in Table 4. Although [29] could be a useful tech-
nique for our study (based on Table 2), unfortunately, its codebase
is not available. The last column in Table 4 indicates whether the
algorithms use ground truth for evaluation, with most of them not
using it. Note that the ground truth adopted in the three approaches
is not based on group cohesion theory and lacks data elements (e.g.,
temporality and sentiments) to calculate our proposed measures.
Therefore, we cannot exploit them for our evaluation. We now
briefly describe these algorithms.
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Table 4: Representative community search algorithms.

Category Algorithm Graph Type Ground Truth

Traditional

ALS [63] Undirected Temporal No
WCF-CRC [92] Dynamic No
CSD [26] Directed Multigraph 1 No
ST-Exa [107] Undirected No
Repeeling+ [61] Streaming Directed No
I2ACSM [99] Attributed and Weighted Yes

Learning-based TransZero-LS [94] Undirected Yes
TransZero-GS [94] Undirected Yes

ALS identifies the 𝛽-temporal proximity core with the largest
𝛽 in a temporal graph [63], integrating temporal proximity with
structural cohesiveness seamlessly. It requires specifying the tele-
portation probability 𝛼 to compute temporal proximity. WCF-CRC
searches on dynamic networks, represented as a sequence of time-
variant weighted graph instances (G = 𝐺𝑡1 ,𝐺𝑡2 , . . . ,𝐺𝑡𝑇 ) [92]. It
aims to find a Time Interval based (𝜃, 𝑘)-core Reliable Community
(CRC) with the highest reliability score, where a (𝜃, 𝑘)-core in a𝐺𝑡 is
a 𝑘-core where all edge weights are at least 𝜃 . CSD finds a (𝑘, 𝑙)-core
in the directed graph, where 𝑘 and 𝑙 denote the minimum in-degree
and out-degree of subgraph nodes [26].

ST-Exa identifies a subgraph with the largest min-support based
on the query node, while satisfying the size constraint [𝑙, ℎ]. It is
parameter-free, eliminating the need to specify the cohesiveness
constraint. Repeeling+ is a peeling-based algorithm for finding a
maximal𝐷-truss containing the query node in the snapshot digraph
𝐺𝑡 [61].𝐺𝑡 is induced from a streaming directed graph using a slid-
ing window length 𝜏 and a stride 𝛽 . The algorithm’s parameters
need to be tuned according to the dataset characteristics to ensure
valid results. I2ACSM aims to search an attributed 𝑝𝑘𝑑-truss com-
munity that includes the query node in an Attributed and Weighted
Graph (AWG) [99], ensuring that any vertex in the 𝑘-truss subgraph
is within distance 𝑑 from the query node and the maximum path
influence from the query node to any subgraph node exceeds 𝑝 [99].

TransZero-LS and TransZero-GS are proposed under TransZero, a
two-phase pre-trainedGraph Transformer-based community search
framework that aims to find communities without ground-truth
data [94]. In the offline phase, CSGphormer is pre-trained to learn
node representations that encode both community information
and graph topology. In the online phase, the community score
is calculated by measuring the representation similarity between
the query and the remaining graph nodes, and an expected score
gain function is introduced to search communities with maximum
expected score gain (ESG). TransZero-LS and TransZero-GS are two
heuristic algorithms based on ESG for community identification.

6.3 The CHASE Framework
Figure 3 presents our framework coined CHASE (CoHesiveness
evAluation for Social nEtworks) for evaluating CS algorithms, which
includes query generation, parameter selection, graph transforma-
tion, community mapping, and cohesiveness evaluation.

We first generate 𝑄 queries (𝑄 = 100 in our study) per dataset,
each with a single query node. Queries are randomly selected from
nodes in the top 50% by degree. Next, for each algorithm, datasets
are transformed into algorithm-specific graph types to support its
community retrieval. The varying parameter values are chosen
1The original paper referred to the graphs as directed, but upon closer examination,
we found they are more accurately characterized as directed multigraphs.

Figure 3: The CHASE framework.

from the original paper. For dataset-sensitive parameters, we man-
ually test values to ensure meaningful results. For algorithms with
multiple parameters, all value combinations are considered.

Using the query nodes and parameters, we obtain 𝑄 commu-
nities from the transformed graph by applying the algorithm. To
ensure fairness, each community is mapped back to the directed
multigraphs for evaluation (i.e., cohesiveness computation). In other
words, a mapped community is extracted according to nodes in
the initial community and includes all edges among them. For al-
gorithms that provide multiple solutions for a single query under
various parameter combinations, the cohesiveness of these commu-
nities is averaged before being compared with other techniques.

6.4 Parameter Settings
The parameter settings for the ALS, I2ACSM, TransZero-LS, and
TransZero-GS follow the original papers, with influence values and
attributes for I2ACSM generated following the methods mentioned
in [99]. Dataset-dependent parameters for the remaining algorithms
are adjusted for meaningful results. Specifically, forWCF-CRC, the
query time intervals for BTW and the rest of the datasets are set
to 𝑡 ∈ {2, 3} and 𝑡 ∈ {4, 6, 8, 10}, respectively, based on the features
of transformed datasets. In CSD, 𝑘 and 𝑙 are varied from 1 to 10.
The size constraint [𝑙, ℎ] in ST-Exa ranges from [1, 10] to [71, 80].
The window size, stride size, 𝑘𝑐 , and 𝑘𝑓 in Repeeling+ vary across
datasets; these parameters for each dataset are manually tested and
reported in Table 5.

We use an exponential decay function, commonly applied in
fields such as biology, physics, and network analysis [44, 51, 88], to
calculate cohesiveness measures. The function is defined asΦ(𝑡𝑐𝑢𝑟 −
𝑡) = 𝑒−𝜆 (𝑡𝑐𝑢𝑟 −𝑡 ) , where 𝑡𝑐𝑢𝑟 is the latest timestamp in each dataset.
The decay rate 𝜆 is selected from {0.0001, 0.0005, 0.001, 0.005, 0.01},
with 0.0001 as the default. When calculating GID values, we note
that the four datasets span different observation lengths and that
no standard choice of 𝜏𝑡 exists. Since𝑊𝑡𝑐𝑢𝑟 uniformly scales all
GID scores of communities within a dataset without affecting their
relative ranking, we omit𝑊𝑡𝑐𝑢𝑟 for clarity and simplicity. As users
in the four datasets lack consistent information except their ids, we
use only user_id as the node feature during CSGphormer training.

7 Experimental Evaluation
In this section, we conduct an in-depth evaluation of the represen-
tative CS algorithms and report key results. The reader may refer
to [109] for detailed results. We first assess the structural cohesive-
ness of their identified communities, then evaluate their quality
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Table 5: Parameter settings in Repeeling+ algorithm.

Dataset |𝑊𝑖𝑛𝑑𝑜𝑤 | |𝑆𝑡𝑟𝑖𝑑𝑒 |/|𝑊𝑖𝑛𝑑𝑜𝑤 |(%) 𝑘𝑐 𝑘𝑓

BTW17 {10k, 50k, 100k, 500k, 1M, 5M, 10M, 50M} {0.01, 0.05, 0.1, 0.5, 1, 5, 10} {0, 1} {0, 1}
Chicago_COVID {10k, 50k, 100k, 500k, 1M, 5M, 10M, 50M, 100M} {0.01, 0.05, 0.1, 0.5, 1, 5, 10} {0, 1, 2, 3} {0, 1, 2, 3}

Crawled_Dataset144 {100k, 500k, 1M, 1.5M, 2M, 2.5M} {0.001, 0.005, 0.01, 0.05, 0.1} {0, 1, 2, 3} {0, 1, 2, 3}
Crawled_Dataset26 {100k, 500k, 1M, 1.5M, 2M, 2.5M} {0.001, 0.005, 0.01, 0.05, 0.1} {0, 1, 2, 3} {0, 1, 2, 3}

Table 6: Evaluation of structural cohesiveness of CS solutions across different datasets.

Algorithm BTW17 Chicago_COVID Crawled144 Crawled26
d Size 𝐷𝑒𝑔𝑚𝑖𝑛 𝑄ℎ𝑖𝑡 d Size 𝐷𝑒𝑔𝑚𝑖𝑛 𝑄ℎ𝑖𝑡 d Size 𝐷𝑒𝑔𝑚𝑖𝑛 𝑄ℎ𝑖𝑡 d Size 𝐷𝑒𝑔𝑚𝑖𝑛 𝑄ℎ𝑖𝑡

ALS 9.24 5029.18 1.00 100 16.21 3998.33 1.18 100 15.36 9385.31 1.00 100 14.87 17043.60 1.15 100
WCF-CRC 6.88 242.80 2.19 45 10.71 280.91 8.77 52 5.64 451.59 11.12 93 9.86 287.89 3.93 39

CSD 5.67 24.00 0.67 3 4.16 19.70 59.52 10 7.70 204.22 11.14 34 6.15 125.29 8.84 20
ST-Exa 4.49 44.96 2.20 100 5.60 44.88 13.09 100 3.01 44.58 26.62 100 3.60 44.74 5.59 100

Repeeling+ 8.46 3228.53 1.49 100 6.80 998.94 18.20 100 INF INF INF INF INF INF INF INF
I2ACSM 0.55 1.61 1.14 100 1.22 3.48 101.28 100 0.97 2.41 5.95 100 0.42 1.42 4.37 100

TransZero-LS 10.00 3031.42 1.00 100 10.07 458.28 12.22 100 11.72 4536.41 1.11 100 9.10 2367.10 1.36 100
TransZero-GS - - - 0 - - - 0 - - - 0 - - - 0

Figure 4: EI of communities (top row: community cohesiveness; bottom row: impact of time-decay functions).

using five psychology-informed cohesiveness measures. Learning-
based algorithms were run on a Linux server with an Intel Xeon
Platinum 8255C (2.50 GHz) and an RTX 3080 GPU (10 GB VRAM).
Other experiments were conducted on a Linux server with an Intel
Xeon Platinum 8352V (2.10 GHz) and 120 GB RAM. Recall that we
do not focus on efficiency and scalability analysis here, as our goal
is to understand the effectiveness of CS algorithms. The reader may
refer to [34] for studies related to the former.

7.1 Structural Cohesiveness
We use three commonly used evaluation metrics to assess the struc-
tural cohesiveness of CS algorithms [34, 67, 100]: diameter (d), size,
and minimum degree (𝐷𝑒𝑔𝑚𝑖𝑛). Here, the 𝐷𝑒𝑔𝑚𝑖𝑛 calculation in-
cludes self-loops and parallel edges. Generally, higher community
quality is indicated by lower diameter and size, and higher mini-
mum degree [34]. We also report the query hit rate 𝑄ℎ𝑖𝑡 (%), which
is the ratio of queries that successfully return communities across
all parameter combinations. Algorithms that fail to complete within
5 days are marked as INF and excluded from the evaluation.

Table 6 reports the results. We can make the following observa-
tions: (1) although ALS, Repeeling+, and TransZero-LS have high
𝑄ℎ𝑖𝑡 , they tend to generate larger yet sparser communities charac-
terized by greater degrees and sizes, and lower 𝐷𝑒𝑔𝑚𝑖𝑛 values; (2)
I2ACSM identifies very small communities across all datasets; and
(3) compared to aforementioned algorithms, WCF-CRC, CSD, and
ST-Exa are better at identifying structurally cohesive communities.
However, WCF-CRC and CSD generally achieve lower hit rates,

indicating difficulty in identifying target communities. Among all
algorithms, ST-Exa successfully returns communities for all queries
and demonstrates superior performance across all datasets, par-
tially due to its size-constrained nature. Note that the communities
(or node lists) returned by TransZero-GS are disconnected, likely
because its candidate selection ignores edge connections. Hence,
its results are left blank.

The poor performance of ALS may stem from the smaller time
scales used in our datasets, which hinder its ability to find nodes
with greater temporal proximity. However, the original paper does
not discuss the time scale and its impact on CS results. Additionally,
identifying extremely large or small communities may arise from
graph sparsity after multigraph transformations. The unpromising
performance of the two learning-basedmethods may be attributable
to insufficient node features in our datasets, limiting CSGphormer’s
ability to learn adequate information for calculating community
scores. On the other hand, this highlights these methods’ stringent
data requirements and their limitations when applied to datasets
not specifically designed for model training.

7.2 Psychology-informed Cohesiveness
Next, we report evaluation results using our psychology-informed
cohesiveness measures.

Enjoyment Index (EI). The top row of Figure 4 illustrates that
community cohesiveness, as indicated by EI values, varies across
algorithms and is affected by the importance assigned to recent
activities. For example, communities identified by Repeeling+ on
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Figure 5: SIT of communities identified by CS algorithms.

Figure 6: CED of communities identified by CS algorithms.

the BTW show higher enjoyment when 𝜆 ∈ {0.0001, 0.0005, 0.001}.
However, increasing the weight of recent activities reduces en-
joyment due to recent negative interactions. Notably, communi-
ties identified by CSD mostly exhibit positive EI values across all
datasets and are less affected by the 𝜆.

We also examine the impact of a different time-decay function
on EI, as shown in the bottom row of Figure 4. Here, we use the
polynomial decay function, Φ(𝑡 − 𝑡𝑐𝑢𝑟 ) = (𝑡𝑐𝑢𝑟 − 𝑡 + 1)−𝜇 (𝜇 > 0),
which models a slower decline in the importance of past activities
[27]. We vary 𝜇 from 0.5 to 2 in steps of 0.5. With a stronger and
more persistent impact of recent interactions, EI values become
more consistent across decay rates, and communities identified by
CSD still largely maintain positive EI scores. Overall, none of the
algorithms retrieve communities with consistently high EI scores.

Sentimental Interaction Tendency (SIT). SIT scores are sensi-
tive to decay rates and the choice of decay functions. Nevertheless,
the SIT results are distinguishably different from the EI results.
Figure 5 shows results on BTW and C144. On BTW, as 𝜆 increases,
no algorithms effectively capture mutual relationships among users.
Furthermore, results on C144 reveal that communities with pre-
dominantly positive EI scores can still include negative mutual
relationships (negative SIT values), and vice versa. Although CSD
and Repeeling+ consider directed edges, and ALS andWCF-CRC
incorporate temporal information, their communities are still inad-
equate to achieve higher SIT scores.

Comparative Enjoyment Degree (CED). Figure 6 plots the
CED results. When 𝜆 = 0.0001, some communities exhibit strong
internal enjoyment, while others prefer external interactions, as
indicated by the polarity of the CED scores. However, as the decay
rate increases, the CED values for all communities converge toward
zero, meaning the algorithms cannot find communities that increas-
ingly prefer internal interactions over time. Similar to EI and SIT,
CED is highly sensitive to the choice of decay function, reflecting
the complexity of user interactions, as CED is calculated based on
sentiment, timing, and where interactions occur. No algorithms
consistently capture these complex interaction dynamics.

Figure 7: GIP and GID of CS communities.

Figure 8: Impact of sentiment analysis techniques on BTW.

Figure 9: Impact of parameter selection.

Group Interaction Preference (GIP). The left plot in Figure
7 reports the GIP values. ALS,WCF-CRC, and TransZero-LS tend
to identify highly interactive communities. However, as noted in
Table 6, these high GIP values may result from the large community
sizes returned by these algorithms, which include most interac-
tions. Similar patterns are observed with higher GIP values for CSD
communities on the C144 and C26 datasets and lower scores for
I2ACSM communities across all datasets.

Group Interaction Density (GID). The right plot in Figure
7 reports that users within communities from CSD, ST-Exa, and
I2ACSM generally engage more with each other. Note that these
high-GID communities also have smaller sizes and higher 𝐷𝑒𝑔𝑚𝑖𝑛 .

7.3 Impact of Sentiment Analysis Techniques
To examine the impact of sentiment analysis techniques on evalua-
tion and to demonstrate the broad applicability of our cohesiveness
metrics, we adopt a popular lexicon-based approach, VADER [48],
to relabel the datasets. We recompute sentiment-related cohesive-
ness measures (i.e., EI, SIT, and CED), and compare these results
with those from Llama3-labeled datasets. Figure 8 presents two
results on BTW datasets. In most cases, the cohesiveness scores
are largely unaffected by sentiment analysis techniques. However,
when the labeling technique changes to VADER, the ST-Exa and
I2ACSM communities respond more strongly, with their values ei-
ther switching polarity (e.g., ST-Exa’s EI value on BTW) or showing
obvious changes (e.g., ST-Exa’s and I2ACSM’s CED values on C144).

7.4 Impact of Parameter Selection
Next, we discuss how parameter selection affects structural and
psychology-informed cohesiveness using two single-parameter al-
gorithms, ALS and ST-Exa, on the CC dataset.
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(a) WCF-CRC (b) ST-Exa (c) Repeeling+ (d) I2ACSM (e) TransZero_LS

Figure 10: Case study on the CC dataset with the query node marked in red.

Figure 11: Comparison of two types of cohesiveness.

For ALS, increasing the teleportation probability 𝛼 results in
smaller communities with higher structural cohesiveness and in-
creasing psychological cohesiveness, except GIP. Notably, GID im-
proves significantly with larger 𝛼 , while other scores show minor
increases (Figure 9, top row). For ST-Exa, members of smaller, struc-
turally dense communities consistently achieve higher EI, CED, and
GID. In contrast, members of larger communities tend to engage
more, as observed in slightly higher GIP (Figure 9, bottom row).

7.5 Case Study
Finally, we present a case study using the CC dataset to compare CS
results from various algorithms, evaluating cohesiveness with our
proposed measures and two additional structural metrics: 𝑘-core
and 𝑘-truss. The structural metrics are computed after converting
the CC into an undirected graph. Here, we present the results for
the query node “158”, as most algorithms return its communities.
To simplify visualization, we only display algorithms that return
communities of size 5-30. If algorithms produce multiple communi-
ties under different parameters, the largest one is selected. Besides,
self-loops within the networks are not displayed, and edge widths
reflect the number of interactions between users (See Figure 10).

We observe that communities returned by different algorithms
vary significantly. The first three algorithms identify larger commu-
nities with more internal connections. While the communities from
I2ACSM and TransZero-LS exhibit frequent interactions between
users, their overall connectivity is sparse. For structural cohesive-
ness, the first three communities are 2-core and 2-truss. However,
despite being truss-based, Repeeling+ and I2ACSM fail to find more
prominent 𝑘-truss communities. I2ACSM and TransZero-LS com-
munities only meet the 1-core requirement. In other words, existing
CS techniques fail to return consistent results for the same query node.

Interestingly, our comparison of two types of cohesiveness across
five communities reveals no explicit correlation between them (Fig-
ure 11). The 2-core and 2-truss communities identified by the first
three algorithms lack consistent higher psychological cohesiveness.
Furthermore, all methods struggle to capture psychological cohe-
sion. That is, existing techniques return communities whose features
are misaligned with the notion of cohesion in social psychology.

8 Reflections & Future Work
In this paper, we conduct the first study to extensively evaluate the
cohesiveness of communities in online social networks produced by
state-of-the-art CS algorithms. Our study reveals that communities
identified by existing methods for the same query node lack con-
sensus, and their structural and psychological cohesiveness vary
greatly, with no clear correlation between them. Despite the notion
of cohesion being strongly rooted in social psychology theories,
none of these generic techniques performs well on online social
networks w.r.t. the five psychological cohesiveness measures that
are inspired by research in group cohesion. This is primarily be-
cause the existing one-size-fits-all cohesiveness measures of CS
techniques do not systematically incorporate theories from social
psychology into their design. This issue is further compounded by
the fact that current CS techniques are either not assessed using
“ground-truth” communities or rely on communities that are built
without considering theories of group cohesion.

Despite these significant results, our evaluation has some limi-
tations. Firstly, the design of our measures is constrained by sen-
timent analysis tools, and the simple three-class classification in
our sentiment analysis may overlook nuanced sentiments inher-
ent in specific comments. Secondly, our study is based on a single
social network platform (i.e., X ). However, given the fundamen-
tal limitations in the design of existing cohesiveness measures for
human-interaction datasets (Section 4.2), we believe that the key
insights reported in this paper will also hold in other large on-
line social networks. Thirdly, our study cannot use ground-truth
communities for benchmarking because no public ground-truth
datasets have been created based on cohesion theories.

We believe that the findings of our study can inspire a reeval-
uation of current community search algorithms by incorporating
insights from social psychology, leading to the development of more
effective solutions. Our proposed measures may be incorporated
into search techniques to better identify cohesive communities
in online social networks. In particular, it is paramount to create
ground-truth community datasets for community search that are
grounded in social psychology theories. This will not only enable
the validation of our proposed psychology-informed cohesiveness
measures but also assist existing CS techniques in developing more
effective cohesiveness measures and algorithms for practical us-
age. Lastly, while this work concentrates on the community search
problem, it is clear that our findings could also inspire a rethinking
of various community-centric social search and analytics problems
involving human interactions, such as community detection [9, 49].
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