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Abstract

Community detection and community search are two prominent social computing problems aimed
at identifying cohesive groups, with wide-ranging social applications. In most studies, the precise
quantification of cohesion is fundamental to the effective identification of communities. However,
although the concept of cohesion originates in social psychology, its structural dimensions are the
only aspects that have been formally captured through cohesiveness metrics. As a result, existing
algorithms may be inadequate for addressing the nuanced requirements of community-driven social
applications.

In this paper, we present a narrative review of cohesion definitions and measurement approaches
across both social psychology and social computing, guided by our proposed unified framework.
By examining the connections and disparities between these disciplines, we draw on insights from
social psychology to inform the design of cohesiveness metrics that are psychologically meaningful.
This review lays the groundwork for bridging these traditionally disparate fields, fostering interdisci-
plinary collaboration, and advancing the development of cohesiveness metrics capable of identifying
communities that embody psychology-informed cohesion within online social networks.

1 Introduction

Community detection (CD) and community search (CS) are two interrelated problems that focus on
uncovering communities, or subgraphs, in networks. Community detection generally analyzes the
entire network to identify clusters or groupings of nodes [73]|, whereas community search is a query-
driven approach that extracts a cohesive subgraph centered around a given query node or set of nodes
[129]. Identifying and exploring communities in real-world networks is essential for understanding their
structural organization and has broad applications across numerous domains [73, 85, 98, 103]. This
paper undertakes a narrative review of community detection and community search algorithms in the
context of online social networks, where they enable practical applications such as event planning, friend
recommendation, and targeted marketing [65, 161]. These efforts significantly contribute to the broader
domain of social computing [162, 203|. In the discussion that follows, the terms “social computing” and
“community detection and community search” are used interchangeably.

In both CD and CS, communities are usually defined using quantitative criteria prior to extraction,
and only subgraphs that satisfy these criteria are included in the results. Cohesion is generally accepted
as an inherent property of such communities [65]. While there is no universally agreed-upon definition
of a community, most approaches rely on metrics that evaluate the cohesiveness of nodes in a subgraph
[65, 73, 74, 110, 146, 161, 167]. Recently, advancements in graph representation learning have led to a new
line of research that identifies communities by learning cohesive patterns of communities directly from
training data, eliminating the need for a predefined community definition [36, 37, 77, 191, 204, 207, 228].
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1.1 A Tale of Two Cohesion

The concept of cohesion in social computing can be traced back to its origins in social psychology.
Motivated by the need to understand groups and group processes, cohesion, also known as group cohesion
or cohesiveness, was first proposed in social psychology to describe the invisible thread that weaves
individuals into the fabric of a group [69]. Cohesion has been widely studied in various types of groups
(e.g., sports [26, 166], military [159], and technology-mediated learning environments [224]) and has
shown its critical role in shaping our social realities, influencing group performance, organizational
functioning, and reported well-being |53, 72, 143]. To distinguish this concept from the one studied in
social computing, we refer to it as psychology-defined cohesion.

Typically, the study of cohesion considers individuals or groups as units [208]. With the emergence of
social network analysis (SNA)' and increasing awareness of the significance of studying interactions among
social units, researchers began exploring network-based formalizations of group structures. Cohesion
was subsequently regarded as a general characteristic of subgroup members and quantified through the
strength of social ties within these groups. As a result, cohesive subgroups are formally defined by
analyzing different properties of the ties among subsets of individuals [208]. With the emergence of CD
and CS, the structural definitions of cohesive subgroups proposed in SNA, such as k-clique, k-plex, and
k-core [113, 208], are adopted in defining communities |65, 73, 75, 208].

However, due to the shift of the focus on groups and cohesion from social psychology to social
computing, the concept of cohesion may not be consistently or comprehensively characterized [229]. In
social computing, cohesion is typically quantified using only network-based information [65, 73], often
overlooking fundamental social psychological factors, such as the impact of social context on individuals’
thoughts, perceptions, and behaviors, that are essential to a comprehensive understanding of group
dynamics [11, 235]. This narrow focus on cohesion in community detection and search algorithms calls
into question their suitability for real-world social applications, which require communities made up of
individuals connected by diverse motivations and a genuine commitment to sustaining their membership.
For instance, in digital marketing, core components of consumer communities include a sense of belonging,
shared rituals and traditions, and a sense of obligation to the community and its members [192]. In the
context of event organization, studies show that online communities constructed through discussions
about shared values, norms, and community boundaries contain “virtual togetherness”, which can be
leveraged into political action [56, 114].

The toy example in Figure 1 illustrates how cohesion is studied from the perspectives of social
psychology, social network analysis and social computing. Given the close relationship between community
detection (CD) and community search (CS), as well as their common shortcomings in addressing cohesion
from social psychology, we focus on CS for the sake of simplicity. In group cohesion studies, social
psychologists typically study groups at the group level, as depicted in Figure 1(a), where eight users
form a group. Their member-to-member and member-to-group relationships constitute a social context,
indicated by the blue shading. Within the group, individuals interact with each other, with their thoughts,
perceptions, and behaviors shaped by the social context. The degree of cohesion can be assessed by
collecting individual responses using questionnaires such as the Perceived Cohesion Scale (PCS) (Table 1),
and aggregating these responses to the group level by taking the average (e.g., Mean = 3.46,SD = 0.59).

When studying the same group from a network perspective, individuals are viewed as nodes, and
their interpersonal connections are depicted as edges linking them [208]. In Figure 1(b), we present one
possible social network studied by social network analysts, which can be constructed from individual-
reported mutual friendship choices. By using k-core with & = 3 to identify a cohesive subgroup, where
each node is connected to at least three others in the subgraph, the resulting 3-core consists of nodes

1Social network analysis is “an interdisciplinary field that developed out of a propitious meeting of social theory and
application, with formal mathematical, statistical, and computing methodology” [208].
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Figure 1: [Best viewed in color| Cohesion Studied in Social Psychology, Social Network Analysis, and
Community Search.

Table 1: Perceived Cohesion Scale. Responses are recorded on Likert scales ranging from 0 (“strongly
disagree”) to 4 (“neutral”) to 7 (“strongly agree”). The items are categorized into two groups, reflecting
the sense of belonging (B) and feelings of morale (M), aligning with their adopted conceptual definition
of cohesion.

Item

1. I feel that I belong to this group. (B-1)

2. T am happy to be part of this group. (M-1)

3. I see myself as part of this group. (B-2)

4. This group is one of the best anywhere. (M-2)
5. I feel that I am a member of this group. (B-3)
6. I am content to be part of this group. (M-3)

{Uo,U1,Us,Uq4,Uz}. In this subgroup, every individual has at least three connections, indicating a
tightly knit social unit.

Next, consider retrieving a community using user Uy as the query node. Suppose the chronological
interaction logs involving Uy are available. As illustrated in Figure 1(c), each directed node pair
represents a textual interaction sent from one user to another, either in the form of an initial post or a
comment, expressing personal thoughts and feelings. In addition, user actions, such as likes and shares,
indicate the extent to which posts resonate with other users. Figure 1(d) shows a network constructed
from the interaction flow, where edge weights represent the interactiveness between user pairs, along
with a community search solution |50, 63, 194]. Specifically, two cohesiveness metrics can be defined: a
structural-based cohesiveness metric (k-core) and an interactiveness cohesiveness metric, operationalized
by an interactiveness score that exceeds a user-defined threshold for each node pair. Using &k = 3 and a
threshold of 0.4, a subgroup {Up, Uy, Us, Uy} can be identified (represented by blue nodes connected by
blue weighted edges). However, although individuals in the subgroup engage with at least three others
within the group and demonstrate relatively high interaction intensity, their perceptions of the group, as
well as how their behaviors and attitudes are shaped by the broader social context, lack explicit and



systematic characterization [66, 92]. As a result, interpreting the identified community as genuinely
cohesive remains open to question. A closer look at the interactions in Figure 1(c) reveal that Us’s
opinion towards the movie differs from others, including Uy. Despite receiving two comments, the post
attracted no shares or likes. This lack of positive feedback may reduce Us’s willingness to engage further
and affect the perception of belonging, potentially leading to his or her disconnection from the group.
Consequently, a solution that includes Us may not necessarily be cohesive. Note that while such group
dynamics are well studied in psychology-defined cohesion, no existing tools provide effective guidance
for CS to identify such cohesive communities in online social networks [229].

1.2 Motivation and Overview of the Review

Based on the above observations, it is paramount that communities in online social networks should
reflect cohesion as defined in social psychology. Therefore, community detection and search metrics
ought to be designed to capture this form of cohesion. However, a recent experimental evaluation
of representative community search algorithms on online social networks showed no clear correlation
between structural and psychological cohesiveness, and none of the algorithms successfully identified
communities that are psychologically cohesive [229]. Additionally, developing effective metrics to capture
such cohesion faces several challenges. First, there is no comprehensive comparison between existing
social computing metrics and psychology-defined cohesion. Second, no framework is available to guide
the systematic development of effective cohesiveness metrics, despite extensive psychological research on
measuring cohesion across various contexts and scopes.

To address the challenges in developing effective cohesiveness metrics, in this paper, we carry
out a narrative review of the cohesion construct studied in social computing and social psychology,
concentrating on its definition and measurement. We seek to shed light on the chasm between current
cohesiveness metrics that social computing uses within online social networks and those adopted by
social psychology, offering insights for more effective cohesiveness metric development. It is anticipated
that integrating psychology-informed cohesiveness metrics into social computing algorithms would yield
results that diverge from those of existing methods. For example, Figure 1(e) presents a possible
psychology-driven community search result, where user Us is excluded and Uz is included. According
to social psychology, the inclusion can be explained by shared movie preferences and positive “likes”
interactions between U; and other members, which reinforce social ties, cultivate a sense of belonging,
and ultimately strengthen the overall cohesion of the community.

The rest of the paper is organized as follows: Section 2 reviews existing surveys about group cohesion
in social psychology and social computing. Section 3 introduces the key terminologies used in our study.
Section 4 illustrates the methodologies utilized for conducting the review. Sections 5 to Section 8 detail
the group cohesion studied by both fields. Finally, Section 9 concludes the paper.

2 Related Work

This section briefly overviews surveys in social psychology, community detection, and community search,
focusing on the definitions and measurement of cohesion. The differences between our work and existing
studies are also highlighted.

2.1 Surveys in Social Psychology

In social psychology, cohesion is typically reviewed from a general perspective, focusing on its theoretical
definitions and measurement issues [27, 48, 53, 55, 59, 96, 175], and its relationship to other constructs



[72, 130, 131, 143, 177]. Some studies also explore cohesion in specific contexts, such as sports [26, 160],
the military |71, 159], and technology-mediated learning environments [224].

Previous studies have proposed several frameworks for reviewing cohesion. For example, Drescher
et al. [55] applied multidimensional process classification system from [23] to identify key parameters
for measuring cohesion across four dimensions: Person (the unit of observation and analysis), Variable
Function (whether cohesion is treated as an antecedent or response variable), Measurement Strategy
(information used to measure cohesion), and Time (whether time is held constant and how often the
cohesion is measured). In |[175], cohesion measurement is reviewed in the order of conceptualization,
measurement dimensionality, operationalization, level of measurement, and level of analysis. The
discussion also covers the temporal considerations, as well as logistical and practical issues related to
data collection and analysis. This framework is further extended to include other research components
that can help structure the cohesion studies, such as methods for studying group cohesion (i.e., obtrusive,
unobtrusive, or mixed), data collection formats (i.e., surveys, log data, or both), and study types (i.e.,
longitudinal, cross-sectional, or design-based) [224].

Nevertheless, these surveys are limited to psychological works and do not involve the application of
group cohesion concepts in other disciplines. Moreover, no standardized framework exists for reviewing
cohesion definitions and measurements, which is crucial for comparing process variables across cohesion
studies and integrating related findings. Our review proposes a unified framework built on advances
in psychological research and applies it to analyze how cohesion is studied in both social psychology
and social computing. This approach not only clarifies how cohesion is defined but also provides a
step-by-step account of the development of its measurement.

2.2 Surveys in Community Detection and Community Search

Since 1955 [209], community detection (CD) has attracted sustained attention due to the prevalence of
real-world communities and its practical applications, prompting a variety of surveys that summarize
advancements in the field. Typically, these surveys summarize community definitions in existing papers,
classify CD methods based on various criteria, and discuss their empirical validation and potential
applications |7, 44, 73, 89, 98, 103, 146, 161, 167, 173, 191]. However, in these surveys, the term “cohesion’
is either overlooked or narrowly defined in terms of dense structures, occasionally supplemented by high
similarity 9, 19, 44, 76, 110, 146, 161, 167].

Ounly one survey reviews existing community search (CS) studies [65]. It systematically categorizes
them based on the cohesiveness metrics they use (i.e., structural, and if considered, attribute-based),
compares and analyzes these metrics, and assesses the corresponding methods on both simple and
attributed graphs. However, its treatment of cohesion is highly field-specific, and it lacks a comprehensive
evaluation of the effectiveness of these metrics.

To support social applications with more effective cohesiveness measures, our study sets itself apart
from previous surveys by emphasizing the definition of cohesion and the development of related metrics
in both social psychology and social computing. This perspective allows us to uncover limitations in the
metrics currently used in social computing and to identify opportunities for their improvement.

9

3 Background

To set the groundwork for our review, this section introduces essential terminology from social psychology
and graph theory, as well as techniques that consider cohesion to varying degrees.



3.1 Social Psychology Terminology

Concepts and Constructs. A concept is an idea expressed through symbols or words [14]. Concepts
can vary in their level of abstraction, from precise and objective to highly abstract. A construct is an
abstract concept developed to explain specific phenomena. In psychology, constructs, such as cohesion in
our context, often reflect internal processes like thinking, feeling, or acting in specific ways, and cannot
be directly observed or measured [183]. Although these two terms have distinct meanings, they are often
used interchangeably in the literature [152|. Consequently, we do not differentiate between them in our
paper.

Conceptualization. The process of transforming fuzzy and imprecise concepts into precise and concrete
terms is known as conceptualization [14, 15]. In other words, conceptualization is a process of defining
the study concept. The resulting construct is also termed as a “conceptual definition” or “theoretical
definition”, often simply called conceptualization [152, 183]. During the conceptualization process,
constructs are characterized as unidimensional or multidimensional. A unidimensional construct has a
single underlying dimension, while a multidimensional construct consists of two or more dimensions,
each measured independently and subsequently combined to form the overall construct.

Operationalization. Operationalization is the process of formulating operational definitions after a
theoretical construct has been clearly defined. These definitions, or measures, are concrete indicators or
items that operate at the empirical level to measure the construct and imply procedures for collecting
relevant data [14, 15, 51, 152]. Generally, there are three types of such measures: self-report, behavioral,
and physiological [183, 184]. Self-report measures are those in which participants report their thoughts,
feelings, and actions through interviews or questionnaires. Behavioral measures refer to the recording or
observation of participants’ behaviors, while physiological measures record participants’ physiological
processes, such as heart rate and facial muscle activity.

Reliability and validity. Reliability and validity are two general criteria for evaluating measures
to ensure they consistently and accurately reflect the study construct. Reliability requires that the
measured results can be replicated under identical or highly similar conditions [119]. Common methods
for assessing it include test-retest reliability, internal consistency reliability, and inter-rater reliability (see
Table 2 for definitions) [14, 183|. Validity reflects how accurately the measured social reality matches the
study construct. It can be assessed theoretically and empirically [14]. Theoretical assessments evaluate
how well a conceptual definition corresponds to its operational measures, including face and content
validity. Empirical assessments, on the other hand, collect empirical data to evaluate measures from
four aspects: factorial validity, criterion validity, convergent validity, and discriminant validity |11, 183].
Criterion validity can be further split into predictive and concurrent validity, depending on whether the
studied measures and criterion are implemented simultaneously or asynchronously [119, 183]. Convergent
and discriminant validity are often used together to assess related and pre-existing constructs [14].
These two types of validity are integral components of factorial validity, which is especially important
for newly established constructs [78]. Table 3 summarizes the types of validity and their definitions.
Ideally, measures should demonstrate both high reliability and validity. However, achieving consistent
measurement results is often easier than ensuring accuracy, and these two criteria may sometimes conflict,
necessitating a careful balance.

3.2 Graph Terminology

Next, we briefly introduce relevant graph terminology. For clarity of exposition, we illustrate the
terminology on a small, simple, and undirected graph G(V, E), with node set denoted as V' and edge set
as F, as depicted in Figure 2.



Table 2: Types of Reliability.

Reliability Type Definition

The degree of consistency between two assessment scores measuring the construct within the
same sample at different time points.

Internal consistency reliability = The degree to which the rated items of the same constructs correlate with each other.
Inter-rater reliability The degree to which two or more independent raters or observers agree on the same construct.

Test-retest reliability

Table 3: Types of Validity.

Assessment

Type Validity Type Definition
Theoretical Face validity The degree to which an indicator appears to reasonably measure its underlying construct.
Content validity The extent to which the full content of a definition is represented in a measure.
. - The extent to which the theoretical structure of a construct is reflected in the factor
Factorial validity
structure of a test or measure.
The extent to which measurement results correlate with an expected external variable
(a.k.a. criterion). It includes two subtypes: predictive validity, when the criterion is
Criterion validity measured after the construct, and concurrent validity, when the criterion is presumed to
Empirical occur simultaneously with the construct.
Convergent validity The extent to which a measure aligns with other measures of the same or related constructs.

The extent to which a measure discriminates from other constructs that are not expected

Discriminant validity to be meastured

k-clique. A clique is a complete subgraph that contains at least three nodes, where all nodes are
adjacent to each other [134, 155]. A clique with k£ nodes is also called a k-clique [172]. In the graph
displayed in Figure 2(a), the subgraph {Us, Us, Uy, Us} forms a 4-clique, with any three of its nodes form
a 3-clique. {Up,Uy,Us} is another example of a 3-clique. While the clique is a foundational idea for
studying cohesive subgroups in social networks, its definition is often considered too strict: it overlooks
node differences by imposing identical linkage requirements, making extracted subgraphs less informative.
As a result, researchers have proposed different relaxations of the k-clique [208].

k-plex. One relaxation of the k-clique based on node degree is the k-plex [181]. A subgraph S(Vs, Eg) is
a k-plez if every node has at least |Vg| — k neighbors within the subgraph [206]. A clique is a special case
of a k-plex when k = 1, as illustrated in Figure 2(b), where the 1-plex (also a 4-clique) includes vertices
{Us,Us,Uy4,Us}. Two additional 3-plexes are {Uy, Uy, U, Us, Ug} and {Uy, Uy, Us, Ug, Us }, where each

node lacks no more than 2 internal connections.

k-core. The k-core is another relaxation of the k-clique based on node degree [180]. Let degg(v) denotes
the degree of a node v in G. A k-core is the largest induced subgraph H C G where each node is
adjacent to at least k nodes, i.e., Vv € Vi, degy(v) > k. In Figure 2(c), the largest 2-core subgraph
consists of the nodes {Uy, Uy, Us, Us, Uy, Us, Ug}, with each node connected to at least two other nodes.
Within it, a denser 3-core, {Us, Us, Uy, Us}, can be identified.

k-truss. The k-truss is also a relaxation of the k-clique, motivated by a natural observation of social
cohesion: strongly tied actors may share connections with others [16]. It is defined as the largest
subgraph of G in which every edge is contained in at least (k — 2) triangles [65]. For example, in Figure
2(d), a 3-truss includes nodes {Uy, U1, Ua, Us, Uyg, Us }, with each edge belongs to at least one triangle.
When k = 4, a 4-truss can be found with nodes {Us, Us, Uy, Us}.

k-ECC. A k-edge-connected graph (or k-ECC') belongs to a different genre of cohesive subgroup definition
emphasizing edge connectivity [233]. For two vertices u,v € V, the edge connectivity A(u,v) is the
minimum number of edges whose removal disconnects u and v. A k-ECC is thus a connected subgraph
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Figure 2: Cohesive Subgraphs in a Simple Graph.

that remains connected unless at least k edges are removed. As highlighted in grey in Figure 2(e), the
subgraph of {Us, Us, Uy, Us} is 3-ECC, since at least three edges must be removed to disconnect it. The
2-ECC includes vertices {Uy, Uy, U, Us, Uy, Us, Us }.

3.3 Social Network Analysis

Social network analysis (SNA), rooted in sociology and social psychology, is an interdisciplinary field
that integrates social theory, formal mathematics, statistics, and computing methodologies [113, 205].
Unlike social psychology, which often treats social groups as unified entities, SNA focuses on social
networks composed of individual actors and the relationships among them. Typically, relations between
pairs of social actors have both form and content, depicting how information is exchanged to establish
social reality [113]. The patterns of these relationships form network structures, which are described
using structural variables to better understand both individuals and the group as a whole.

In SNA, one important task is to identify cohesive subgroups within a network, where cohesion is
treated as a general property, quantified by the properties of social ties. Cohesive subgroups can thus
be formalized by examining various tie properties among group members. As defined in [208], cohesive
subgroups in social networks are “subsets of actors connected by relatively strong, direct, intense, frequent,
or positive ties”. The formalization of a cohesive subgroup begins with a clique [68, 131], as discussed in
Section 3.2. Due to its limited applicability for strict requirements [2], many alternative definitions have
been proposed, including the k-clique, reachability, diameter, n-clan, n-club, k-plex, k-core, LS Set, and
Lambda Set (see [208] for details).

It is worth noting that in SNA, network data, collected through questionnaires, interviews, and
observations 113, 208|, contains abundant social and psychological information. Questionnaires are
especially common when studying human subjects, often including questions about their ties to other
actors, involving questions such as whom they consider as close friends, feel confident about, or would
like to seek advice from |1, 208]. However, self-reported social network data is susceptible to accuracy,
validity, and reliability, as respondents may encounter challenges such as obtrusiveness, expansiveness
bias?, artificiality [11, 12, 141, 142]. These issues make it even more challenging to collect large-scale,
long-term network data |11, 190].

3.4 Community Detection

The community detection (CD) problem stems from the recognition that real-world networks commonly
exhibit underlying community structures with practical applications. It identifies communities, or
clusters, within a graph by leveraging embedded network information [9, 44, 75, 76, 98, 161, 167].
Therefore, this problem is also referred to as graph/network clustering |73, 74].

Community detection is an ill-defined problem with no universal quantitative definition of object
communities. The guiding principle behind most community definitions is that vertices within a subgraph

>The expansiveness bias is defined as the tendency to overreport and underreport one’s interactions with others [67].
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Figure 3: [Best viewed in color| Illustration of the Differences Between Community Detection and
Community Search.

have more internal edges than links to the rest of the graph |73, 191]. Traditionally, target communities
are defined based solely on graph topology and are classified as local, global, or based on vertex similarity.
Local definitions, drawn directly from SNA, focus on subgraphs and the cohesion among internal vertices,
disregarding the rest of the graph. Global definitions, on the other hand, concern the entire graph and
assume that a community structure exists if the graph significantly differs from a random one. This
can be verified by a null model, with modularity being the most popular one [153]. Lastly, communities
can be identified based on the structural similarities shared by vertices (i.e., Euclidean distance, cosine
similarity, Pearson correlation) [73, 161]. A simple example of traditional community detection is shown
in Figure 3, where applying the k-core based algorithm with & = 3 partitions the network into three
3-core components, each highlighted in a different color.

However, traditional structure-based community definitions are argued by some to be insufficient
to capture the forces for nodes to form communities, while incorporating node attributes alongside
structural information from the real-world networks can result in more informative and robust community
detection |14, 103]. Meanwhile, the results detected by algorithms designed with various metrics can also
be regarded as communities, without the need for a predefined definition [73, 74, 186]. In recent years,
recognizing that traditional methods struggle to capture the inherent features of target communities due
to the lack of a unified definition, researchers have developed a series of learning-based approaches that
identify communities directly from the network structure and attribute information, without requiring
prior knowledge. This enables the discovery of more diverse communities [106, 191].

It is worth noting that, regardless of the methods used in community detection, communities are
typically identified based on structural and, when available, attribute information. Few studies consider
the concept of cohesion, and when they do, it is usually limited to structural density [10, 17, 91, 151,
210, 234].

3.5 Community Search

Community search (CS) is a query-dependent variant of the community detection problem, addressing
the inefficiency of applying traditional CD methods to complex networks while offering enhanced
customization capabilities [65]. First introduced in [189], CS aims to retrieve a cohesive subgraph from
an input graph based on a query request, without traversing the entire graph. The original community
search problem is formalized from a combinatorial optimization perspective as follows:

Problem 3.1: [Community Search (CS) Problem] Given an undirected graph G = (V, E), a set
of query nodes () C V, and a goodness function f, the community search problem seeks to find an

induced subgraph H = (Vi, Egr) of G, such that

(i) Vi contains @ (Q € Vi);

12
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(ii) H is connected;

(iii) f(H) is maximized among all feasible choices for H.

In this formulation, the function f measures the goodness of the extracted community H, with
larger values indicating denser internal connections [189]. The last two requirements are summarized
subsequently in [65] as the connectivity and cohesiveness properties a community should satisfy. Common
cohesiveness metrics in CS, namely k-core, k-truss, k-clique, and k-ECC, align with the cohesion
formalization in SNA and local definitions of community in community detection. As shown in Figure 3,
with query parameters set to ¢ = {Up} and k = 3, a CS algorithm can retrieve a community consisting of
vertices {Up, U1g, U11, U12}, shaded in blue. Apart from structural cohesiveness metrics, attribute-based
cohesiveness metrics have been developed to identify cohesive subgraphs by incorporating supplementary
network information such as keywords, weights, profile, and temporality [65], as exemplified in Figure
1. In recent years, similar to community detection research, learning-based methods for community
search have attracted increasing attention due to growing awareness of two key limitations in earlier
approaches: structural inflexibility and attribute irrelevance. These models address these limitations by
integrating both structural and attribute information into neural networks, eliminating the need for
predefined patterns or rules [62, 77, 90, 105, 124, 204, 207].

4 Methodology

In this section, we first introduce the literature search and inclusion criteria for cohesion studies in social
psychology, community detection, and community search, respectively. Then, we outline the review
framework that guides the examination of selected studies.

4.1 Literature Search and Inclusion Criteria

In this paper, we adopted a narrative review methodology to provide a more selective survey of the
literature on cohesion in both fields. This approach, as highlighted in [157, 163], is a great starting
point to bridge related areas, stimulate theoretical development, and guide future research. Figure 4
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presents the trajectory of the literature search and selection process, following the PRISMA guidelines
[160]. To identify relevant studies on group cohesion, we used the search terms “cohesive”, “cohesiveness”,
and “cohesion” in Google Scholar. For literature on community detection and community search, we
retrieved studies from both Google Scholar and DBLP. The search terms for community detection
were “community detection” and “detecting communities”, while “community search” and “searching
communities” were used for community search studies.

Before the screening procedure, three criteria were applied to the initially identified records: (a)
duplicate papers were removed, (b) only journal articles or conference papers were retained, and (c) only
English-language literature was included. The remaining records (n = 2,463) were screened based on
full-text availability, and inaccessible articles were excluded.

For psychological studies, we included those that (a) adopted a concept of cohesion consistent with
psychological definitions in their measurement approach and (b) measured cohesion directly. Social
computing studies were included if their main focus was the development, evaluation, or review of
community detection or search algorithms, rather than the application of such algorithms as tools for
other tasks. Additionally, for survey papers on group cohesion and community detection/search, we
applied snowballing techniques to include related studies that were not retrieved through our initial
sources. This screening procedure yielded 1,813 papers eligible for inclusion in our study. The screening
process was concluded once a clear understanding of research progress in both fields had been achieved.
Focusing on representative rather than exhaustive coverage, we identified 168 relevant papers: 98 on
group cohesion, 35 on community detection, and 35 on community search.

4.2 Review Framework

Following the thread that links group cohesion studies to social computing, as mentioned in Section
1, we propose a unified review framework to structurally examine the cohesion definitions and their
measurement development across both fields, as shown in Figure 5.

The framework draws on the construct measurement processes from sociology and psychology research
methods [15, 183], which begin with developing a conceptual definition of the construct, followed by
operationalizing it into measures, implementing the measures, and finally evaluating them. To support
the review, we also classify selected procedures and intermediate results, as has been frequently discussed
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Table 4: Sampled Unidimensional Cohesion Conceptualizations with Keywords Highlighted.

Author Conceptualization
Seashore [179, p. 97| “... group cohesiveness was conceptualized as attraction of members to the group in terms
of the strength of forces on the individual member to remain in the group and to resist leaving
the group.”
Lott [131, p. 408] “Cohesiveness is defined as that group property which is inferred from the number and strength
of mutual positive attitudes among the members of a group.”
Cartwright [30, p. 91] “The degree to which the members of the group desire to remain in their group.”
Budman et al. [22, p. 202] “Cohesion, according to the scale, is defined as group connectedness, demonstrated by working

together toward a common therapeutic goal, constructive engagement around common themes,
and openness to sharing personal material.”
Forsyth [72, p. 219] “Cohesion is just a group’s degree of unity.”

in existing surveys of psychological cohesion, into our framework [27, 53, 55, 71, 72, 83, 96, 143, 159,
166, 175, 177, 224].

Therefore, in our survey, we examine cohesion research by tracing how studies progress from
conceptualization through operationalization to implementation and evaluation of these measures. Note
that once the measures are established, they will be implemented to collect the data and, in some cases,
to compute results. Measure evaluation may occur after its development, following data collection, or at
both stages, depending on the specific methods used [15, 55, 152, 175, 183, 185, 224].

Note that although some psychology studies employ multiple research methods to investigate several
variables, including cohesion, we only document the particulars concerning cohesion. For instance, in
[97], self-reported data were collected to measure cohesion, while content analysis was used to assess
groupthink; only the adoption of the obtrusive data collection is recorded in our survey. Moreover,
it is necessary to clarify that our review framework, developed based on psychological research, does
not fully align with the development of cohesiveness metrics in social computing due to their differing
research perspectives. Specifically, unlike psychologists who study a construct by developing both
conceptual and operational definitions, researchers in social computing directly propose formalized
cohesiveness metrics or directly design learning-based models without an explicitly stated conceptual
basis [65, 73, 106, 191, 208]. Therefore, we treated the definitions yielded from conceptualization and
operationalization as a block to review, collectively referred to as “cohesion definitions” and marked them
by a blue-shaded rectangle in Figure 5. To ensure alignment between the two domains, we manually
extracted the conceptualizations of cohesion in social computing from the adopted cohesiveness metrics
and separately examined how cohesion is addressed in learning-based models (see Section 6).

5 Cohesion Definitions in Social Psychology

In this section, we review group cohesion studies for their conceptual and operational definitions.

5.1 Conceptualizations
5.1.1 Cohesion Dimensionality

Cohesion conceptualizations can be categorized as unidimensional or multidimensional based on the
number of dimensions used to define the construct. Despite extensive efforts to study cohesion since its
inception [70], psychologists have yet to reach a consensus on its dimensionality [27, 48, 72, 175].
Sampled unidimensional cohesion conceptualizations are summarized in Table 4. Among these,
the conceptualizations introduced in [179], [131], and [30] remain widely adopted in subsequent work
[32, 87, 94, 202]. Unidimensional conceptualizations facilitate distinguishing cohesion from related
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concepts and are easy to operationalize [18, 143]. However, they may either be too ambiguous to capture
the full complexity of cohesion or overly focus on a single factor, typically interpersonal attraction, at
the expense of others [18, 59, 95, 96, 149, 200]. Besides, they are criticized for their limited applicability
to certain group types [18]. For example, cohesion conceptualized in the therapeutic context as
“group connectedness, demonstrated by working together toward a common therapeutic goal, constructive
engagement around common themes, and openness to sharing personal material” [22], cannot be directly
applied to educational or work groups without adaptation. Moreover, the inherently unidimensional
nature of these constructs makes it difficult to compare them [18]. Consequently, most group cohesion
studies have now embraced multidimensional conceptualizations.

Table 5: Sampled Multidimensional Cohesion Conceptualizations with Keywords of Each Dimension
Highlighted.

Author Conceptualization

Festinger [69, p. 7| “Cohesiveness of a group is here defined as the resultant of all the forces acting on the members
to remain in the group. These forces may depend on the attractiveness or unattractiveness
of either the prestige of the group, members in the group, or the activities in which
the group engages.”

Carron [26, p. 213] “... cohesion can be defined 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.”

“... interpersonal cohesiveness represents the degree to which positive interpersonal rela-

tionships exist among members of the group. Task-based cohesiveness results when group

membership provides for the personal attainment of important goals or when there is a ‘shared
commitment’ to the task of the group.”

Zaccaro and Lowe [222, p. 838|

Bollen and Hoyle [18, p. 482] “Perceived cohesion encompasses an individual’s sense of belonging to a particular group
and his or her feelings of morale associated with membership in the group.”
Bliese and Halverson [17, p. 1174]  “Vertical and horizontal cohesion are constructs reflecting the quality of relationships within

groups. Vertical cohesion reflects subordinates’ perceptions that leaders are considerate and
competent. Horizontal cohesion is a measure of the degree of fraternal bonding and kinship
within a group.”

Griffith [84, p. 165] “At the theoretical level, these cohesion scales hint at a two-dimensional concept of military-
unit cohesion ...: (a) the direction of cohesion-contrasting vertical cohesion (referring to
superior-subordinate relations) and horizontal cohesion (referring to peer relations); and (b) the
functions of cohesion-contrasting instrumental cohesion (relating to task performance) and
affective cohesion (relating to interpersonal support).”

Von Treuer et al. [200, p. 123] “... cohesion was revealed to be a multidimensional construct made up of several elements... The
elements were (1) commitment to goal, (2) identify and respect, (3) interpersonal

warmth, (4) belonging, (5) team success, and (6) proud of team identity.”

The multidimensional implication of cohesion can be traced back to its original 1950 definition, which
stated that forces acting on members may depend on “the attractiveness or unattractiveness of either
the prestige of the group, members in the group, or the activities in which the group engages” [69]. This
multidimensional view has been widely adopted in subsequent studies, with some defining cohesion as
bi-dimensional and others proposing three or more dimensions. A sample of these is listed in Table 5.

Commonly adopted bidimensional conceptualizations divide cohesion into task vs. social cohesion
[26], belongingness vs. morale [18], and vertical vs. horizontal cohesion [17, 84]. Among these
conceptualizations, the differentiation between task and social cohesion has gained widespread acceptance
[13, 53, 60, 88, 107, 231, 232], where social cohesion assesses positive interrelationships among group
members, while task cohesion captures the level of commitment of group members to achieving shared
goals 20, 222].

An example of a multidimensional conceptualization is the six-dimensional model developed by
Von Treuer et al. [200] using the repertory grid technique (RGT?) and weighted multidimensional scaling

3The RGT is “a form of structured interviewing, with ratings or without, which arrives at a precise description
uncontaminated by the interviewer’s viewpoint” [102]. It is used to determine the interrelations and structure of various
cohesion dimensions [200].
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(WMDS?). The six identified elements of cohesion are: (1) commitment to goals, (2) identification and
respect, (3) interpersonal warmth, (4) belongingness, (5) pride in team success, and (6) pride in team
identity.

Multidimensional models align more closely with existing knowledge on group cohesion and more
effectively explain their relationship with response variables, such as decision-making, influence processes,
and group dynamics [175]. However, as Cota et al. [18]| noted, cohesion conceptualization can be affected
by selecting either overly broad or excessively narrow items based on empirical criteria. This issue is
further constrained by reliance on multivariate techniques such as factor analysis. Moreover, the growing
number of proposed multidimensional models has not been matched by efforts to evaluate or compare
them, making it challenging to identify the optimal models or integrate findings.

5.1.2 Temporal Nature

Time is a thread running through group processes to help understand how groups form, develop, and
stabilize over time [5, 197]. We refer to this temporal aspect of conceptualization as the “temporal
nature”, which can be either static or dynamic, independent of its dimensionality. In general, cohesion
is recognized as a dynamic construct that evolves as individuals interact, with perceptions of group
cohesion becoming clearer |28, 117, 140, 175, 224]. This dynamism is further complicated by the varying
contributions of multidimensional cohesion’s components across different developmental phases, which
may also differ among similar groups [27, 175]. Yet, most conceptualizations address this dynamic nature
implicitly, only with one exception [20].

Given that cohesion is an emergent state” that evolves within groups [116, 140], our review reveals
that most studies only collect data once, treating it inconsistently as a static construct. However, there
is still a group of studies that emphasize its developmental aspect by examining how it changes across
different stages of group development [21, 34, 57, 87, 136, 198, 224, 231]. For example, Lyles et al. [130]
explored the longitudinal relationships between group cohesion dimensions and interaction variables
(i.e., communication, cooperation, and competition) to inform strategies that promote physical activity
within virtual communities.

5.2 Operational Definitions

Recall that operational definitions, also known as indicators or measures, precisely specify how cohesion is
measured |14, 15, 119, 183]. The types of measures, including self-report measures, behavioral measures,
and physiological measures [183, 184], may inform the methodologies used for subsequent data collection
and how they vary in their effectiveness at capturing cohesion.

Among these three measures, researchers predominantly rely on self-report measures, particularly
questionnaires, to quantify cohesion [I41]. Question construction involves several stages, including
determining the information needed and the way of administration, drafting questions, revising through
multiple iterations, presenting, and final editing before being put into use [183]. Taking the development
of the Group Environment Questionnaire (GEQ) [29], one of the most widely applied questionnaires, as
an example. Based on the proposed conceptual model of group cohesion, the GEQ was constructed by
first collecting the representative cohesion information related to it. This information was then used to
develop items and ensure content validity. Next, the resulting questionnaire underwent a variety of item
analytic procedures, ultimately yielding an 18-item instrument [29].

“WMDS is an exploratory statistical analysis used to generate the best-fitting model of the relationships between the
elements, based on the similarity of their ratings [200].

5The term “emergent state” signifies “constructs that characterize properties of the team that are typically dynamic in
nature and vary as a function of team context, inputs, processes, and outcomes”. [140]
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Behavioral measures of cohesion include externally rated scales and digital behavioral indicators,
with the main challenge of their design being to fully and accurately describe studied behaviors. An
example of the former is the Group Cohesiveness Scale (GCS) adopted in group therapy studies, where
external raters assess cohesion by observing cohesive behaviors within the group [22]. The scale was
developed through an iterative process of operationalization, including scale development, pilot testing
by raters, and subsequent revisions. Consistent with the multidimensional nature of cohesion, the GCS
includes five subscales: (a) Withdrawal and Self-Absorption vs. Interest and Involvement, (b) Mistrust
vs. Trust, (c) Disruption vs. Cooperation, (d) Abusiveness vs. Expressed Caring, and (e) Unfocused
vs. Focused, along with a global scale: Global Fragmentation vs. Global Cohesiveness. Practices using
digital behavioral indicators are primarily found in online environments and are based on user-generated
actions and content. For example, Altebarmakian and Alterman [3] connected participant behaviors
with degree and manner of cohesion in the working groups and proposed three behavioral measures,
namely behavioral engagement, interactivity, and cognitive engagement, to evaluate cohesion within
working groups. In a study by Zamecnik et al. [225], temporal network motifs® that characterize the
synchrony of team engagement are clustered to measure cohesion.

Self-report measures align well with the nature of cohesion, which is primarily rooted in individuals’
perceptions of group members |1 18], despite their potential inaccuracies due to the individuals’ subjectiv-
ity, including self-deception and memory biases [165]. However, given the dynamic nature of cohesion and
the availability of longitudinal human interaction data, behavioral measures warrant further exploration.
Evidence demonstrates that individual behaviors and social interactions captured by wearable social
sensors can predict self-reported cohesion in longitudinal missions [227]. Meanwhile, direct physiological

measures are notably absent |3], with only preliminary efforts showing that physiological synchrony,
such as the interbeat intervals (IBIs) of the heart [82, 196] and smiling [147], can predict self-reported
cohesion.

While neither self-report nor behavioral measures are ideal for capturing cohesion, combining both
can help offset their individual limitations. Especially, well-developed self-report measures should be
supplemented by behavioral ones [116]. For instance, Prewett [165] used both approaches to quantify
cohesion and examine its relationship with performance. Their findings revealed strong consistency
between self and observer ratings, both of which significantly predicted team errors and backup behaviors.

6 Cohesion Definitions in Social Computing

In this section, we review the study of cohesion in social computing, compare it with psychological
research, and analyze insights for designing cohesiveness metrics. We start with the conceptual definitions
manually extracted from existing studies, followed by their operational definitions. Next, we examine how
learning-based methods address cohesion. Lastly, we outline two additional social computing techniques
used to measure cohesion.

6.1 Conceptualizations

Unlike social psychology research, which formally proposes or adopts cohesion conceptualizations,
community detection/search studies directly incorporate the understanding of cohesion into quantifiable
metrics to characterize target communities, lacking explicit definitions. To identify the gaps and
connections of cohesion between the two fields, we manually extract the cohesion conceptualizations

SNetwork motifs refer to statistically significant repeating structures within a larger network that characterize its
composition [145].
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Table 6: Extracted Cohesion Conceptualizations in Community Detection Studies.

Dimensionality Temporal Extracted Conceptualization ‘Work
Nature
40, 151, 187
b b b
- . . Vertices have more internal connections than links to the outside. 210, 213, 217,
Unidimensional Static _),,4]
LD
Each edge belongs to at least k-2 triangles inside the subgraph. [47]
Static Nodes with both similar semantic context and close internal relationships. 221
Nodes with both high degrees of structural and content similarities. 100
Multidimensional A core of people that remain in them over different time periods. 12]
Dynamic People influence each other over time and eventually converge due to the presence

: - : 182
of a “unity of will” or “sharing common values”. [152]

from existing cohesiveness metrics in community detection and search research, and categorize them
using our review framework, as outlined in Tables 6 and 7, respectively.

In social computing, the categorization of cohesion conceptualizations depends on the number of
aspects considered to characterize communities. Typically, unidimensional cohesion is defined structurally
by the density of connections among nodes, the distance between nodes, the fraction of neighbors, or
the count of triangles, as listed in Table 6 and 7. In contrast, psychological definitions focus on the
individual perceptions of the group as a whole or regard cohesion as an intrinsic property of the group.
They define cohesion as the individual’s attraction to the group, group connectedness, or the group’s
unity, as illustrated in Table 4.

This comparison reveals that the focus and scope of cohesion conceptualizations differ between social
psychology and social computing. Structural features emphasized in community detection and search
research are either neglected or not explicitly addressed in cohesion studies. This difference can also be
observed in Figures 1(a) and 1(d), where the network structure is especially highlighted in the latter. It
is worth noting that although unidimensional psychological definitions of cohesion have been criticized
for their ambiguity [18, 96], they convey richer social meanings than structural characteristics.

In multidimensional conceptualizations, both community detection and community search studies use
an additive approach to define cohesiveness, which enhances the homogeneity of identified communities
by integrating diverse information. Specifically, studies begin with structural cohesion and incorporate
additional information, such as keywords, types, followerships, time, and global structural information
into the characterization of cohesion. For example, the two-dimensional conceptualization defined in
[63] requires nodes to have keyword cohesiveness in addition to structural cohesiveness, involving both
structural and node information (see Table 7). In particular, community detection studies such as [12]
and [182] explicitly reference the sociological origins of the cohesion concept, with the latter defining
cohesion through “unity of will” and “sharing common values”, closely aligning with the psychological
definitions (see Table 6).

However, this common additive transition from unidimensional to multidimensional cohesion differs
from group cohesion research in psychology, where the general concept of cohesion is decomposed into
distinct, concrete dimensions. Despite providing a richer informational context than unidimensional
models, multidimensional conceptualizations in social computing still fall short of capturing the full
depth of social psychological cohesion. For example, while structural and keyword cohesiveness developed
in [63] may contribute to the aforementioned interpersonal and task-based cohesiveness, they do not
explicitly characterize psychological elements such as positive relationships and shared commitments,
especially in the absence of data such as the content and temporal aspects of members’ interactions.

When the temporal aspect is considered in social computing, time is explicitly reflected in cohesiveness
metrics [10, 42, 50]. Meanwhile, since temporal cohesion builds on structural cohesion, these studies
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Table 7: Extracted Cohesion Conceptualizations in Community Search Studies.

Temporal

Dimensionality Nature Extracted Conceptualization ‘Work
[8, 10, 38, 122,
Vertices are densely connected in the subgraph. 125, 126, 129,
144, 189]

The distance of any two nodes in the subgraph is not longer than a specific
number of hops.

Two groups, in which group members are densely connected and have a required
number of butterflies, have dense cross-group interactions.

Unidimensional Static Size-bounded vertices are densely connected in the subgraph. 218
The number of nodes that need to be removed to disconnect the subgraph. 101
Each vertex has at least k£ neighbors and at least p fraction of its neighbors in
the maximal connected subgraph.

Edges in a maximal subgraph can connect through a series of edge-adjacent
triangles, with each edge present in at least k-2 triangles.
Vertices are densely connected under multi-faceted relationships in the subgraph.  [30]

[123]

1511

Structural cohesiveness: vertices are densely connected in the subgraph;
Keyword cohesiveness: vertices share common keywords in the subgraph.
Structural cohesiveness: vertices are densely connected in the subgraph;
Spatial cohesiveness: vertices are spatially close to each other in the subgraph.
Static Structural cohesiveness: vertices have close relationships in the subgraph;
Type cohesiveness: vertices are in the same type in the subgraph.
Local cohesiveness: vertices are densely connected in individual layers;
Global cohesiveness: vertices are densely connected in the projected graph.
Structural cohesiveness: vertices are densely connected in the subgraph;
Query cohesiveness: vertices are temporally similar in terms of their activities [50]
related to the query attributes in the subgraph.

Multidimensional

[].'%7)]

Dynamic

inherently treat cohesion as multidimensional. However, not all social computing studies address the
dynamic nature of cohesion, similar to the case in psychological studies. Hence, we advocate that the
time dimension of cohesion needs further emphasis.

Based on our discussion, social computing would benefit from adopting cohesiveness metrics designed
with guidance from widely accepted multidimensional and dynamic cohesion conceptualizations in social
psychology. A recent study [229] takes a step towards this direction.

6.2 Operational Definitions

In social computing, cohesion is often mathematically formulated as cohesiveness metrics, utilizing
structural and, when available, attribute information (see surveys mentioned in Section 2.2). However,
these metrics are abstract and lack sufficient context-related information |65, 76]. Even Shao et al. [182],
who recognized community as a tight and cohesive social entity, still detected communities using purely
structural measures: network centrality, hierarchical cluster analysis, and similarity across different time
points. Social psychology measures, by contrast, enable a more subtle characterization of cohesion by
considering the thoughts, feelings, or behaviors of individuals within a group [15, 119, 183].

The varying level of detail in operational definitions between fields also affects how existing measures
are applied to different research objects. In social psychology, existing measures, especially self-report
measures, often require adaptation to fit new contexts, thus enabling participants to express their
perceptions effectively [25, 34, 43, 45, 52, 132, 137, 195, 199, 214, 230]. For instance, Carless and
De Paola [25] and Blanchard et al. [16] adapted the Group Environment Questionnaire (GEQ), originally
designed for sports groups, for use in work and exercise groups by changing the item wording. Similarly,
the Perceived Cohesion Scale (PCS), initially developed for large groups, was adapted by Chin et al.
[13] for smaller group contexts. In social computing, however, the abstract nature of cohesiveness
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metrics allows their unadjusted application across social networks, which hinders their ability to measure
psychological cohesion in specific contexts accurately. For instance, [182] applied generic measures
across various networks—including non-human ones—despite the diversity of human contexts (e.g., clubs,
college football teams) where cohesion may be conceptualized differently by participants. Similarly, in
our running example (Figure 1(d)), using unmodified structural and interactiveness metrics—originally
designed for the interaction network in Figure 1(c)—on a collaboration network may overlook shared task
commitments, a key aspect of cohesiveness in collaborative settings.

Considering the concrete networks where the algorithms are applied, cohesiveness metrics can also
be classified as either self-report or behavioral, similar to cohesion studies. For example, when the
structural cohesiveness metric is applied to the “who-trusts-whom” network, where members report
trusted relationships, it functions similarly to a self-report measure [233]. The metrics serve as behavioral
measures when algorithms like attributed community query (ACQ) are applied to real-world online
social networks where vertices are humans and edges represent behaviors such as following, commenting,
or co-authoring [63]. In contrast to social psychology, which relies heavily on self-report measures,
behavioral measures are widely adopted in social computing. This difference can be attributed to its
focus and target applications on large-scale networks, which are typically built based on digital traces of
users rather than self-reports [65, , , |.

To develop more effective cohesiveness metrics grounded in psychological cohesion definitions,
researchers can refer to social psychology measures, which offer concrete measurement actions based
on clear conceptualizations. Metric formulation should incorporate context-specific information from
target networks. Besides, when applying metrics to different networks, necessary adjustments should
be made to ensure their suitability. Returning to the example in Figure 1, to search for a psychology-
informed cohesive community, cohesiveness metrics could be formalized based on a specific cohesion
conceptualization while incorporating the available network information, such as interaction content,
timestamps, and user profiles. The scope of measures should be clearly stated, e.g., limited to online
social networks with similar data, to imply the necessity of adaptation when they are applied in different
contexts.

6.3 Cohesion Definitions in Learning-based Social Computing

Most learning-based community detection research neglects the concept of cohesion [170), , , |.
When cohesion is mentioned, it typically appears only as a superficial goal, identifying node clusters with
high cohesiveness, without deeper conceptual and operational engagement [91]. In contrast, learning-
based community search studies show greater awareness of the cohesion concept. However, cohesion
remains narrowly conceptualized, with models primarily targeting network features like community
structure and, occasionally, attribute homogeneity [36, 61, 62, 77, , , , , |. Even when
temporal factors are incorporated, as in [90], where a Temporal Graph Convolutional Network (CS-TGN)
is designed to capture node attributes, structural properties, and their dynamics across network snapshots,
only the structural aspect of networks is linked to the cohesion concept.

6.4 Other Techniques Designing Cohesion Measures in Social Computing

Given the significance of psychological cohesion, multiple approaches have been proposed in social
computing to quantify it directly or indirectly from perspectives beyond the traditional psychological
framework. Here, we briefly review two such techniques: linguistic style matching and supervised learning.

Linguistic style matching (LSM). Originating from linguistic research, linguistic style matching
quantifies the degree of stylistic similarities in language use across individuals and groups [154]. Gonzales
et al. [81] found that individual cohesion can be automatically predicted by evaluating the verbal
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mimicry of function words using LSM, with consistent accuracy regardless of the communication settings.
However, subsequent studies have raised concerns about its generalizability. In global group collaboration,
Castro-Hernandez et al. [33] revealed that the LSM’s correlation with task cohesion is weaker than that
of information exchange similarity, a straightforward word-based calculation method. In asynchronous
communication online, Munson et al. [150] found no support for LSM in predicting group cohesion,
noting that its effectiveness may be influenced by individual participation levels and multilingual text
features.

Supervised learning. In recent decades, studies have begun to develop cohesion measurements using
computational techniques, including Support Vector Machines (SVM), Naive Bayes Classifier, Random
Forest Classifier, and deep supervised networks. These supervised learning methods are trained on
labeled data to predict cohesion levels, often leveraging multimodal communication cues such as text,
audio, images, video, and motion |31, 178]. In [99], nonverbal cues (i.e., audio, visual, and audio-visual
cues) were automatically extracted either on the individual or group level. SVM and Naive Bayes
classifiers were then used to estimate whether a meeting had high or low cohesion. To evaluate these
methods, cohesion annotations were collected from external observers using questionnaires based on
psychological literature. In [79, 86|, multi-task convolutional neural networks were trained for cohesion
estimation, using face, body, and contextual cues extracted from images with supervision based on
annotator-labeled cohesion. Besides, Walocha et al. [201] used a Random Forest Classifier to jointly
predict the dynamics of social and task cohesion through large-scale spatial and bodily movement
features, where labels are cohesion scores collected from the Group Environment Questionnaire (GEQ)
instead of third-party annotations. The model achieved an average prediction accuracy of 64% (£3%)
for task cohesion and 67% (£3%) for social cohesion [201].

Although supervised learning has shown its potential for automating cohesion measurement, it is still
in the early stages with several limitations to be addressed. First, the extraction of communication cues
and the establishment of cohesion measures, despite their basis in psychology, lack robust integration
with cohesion studied in psychological research. Second, it can be expected that accurate automated
cohesion scoring relies heavily on high-quality labeled datasets. Ideally, labels should be annotated
via results from well-established psychological measures. However, the current labels in the datasets
are often assigned by external observers through labor-intensive processes, and their relationship with
psychological cohesion remains unclear.

7 Data Collection

Data collection methods for measuring cohesion are closely tied to how cohesion is operationalized
[15]. In this section, we exclusively review the data collection methods adopted in group cohesion
studies, categorized as obtrusive or unobtrusive (as detailed in Table 8). Thereafter, we review the data
collection practices in social computing and discuss how they can be refined by incorporating insights
from psychological studies.

Table 8: Data Collection Methods.

Type Method

Survey research

Obtrusi .
rustve Structured observation

Unobtrusive Digital trace data collection methods
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7.1 Obtrusive Methods

Obtrusive data collection methods explicitly inform participants that they are being studied [93]. Two
such methods are commonly used in cohesion studies: survey research and structured observation, with
surveys being more common. Survey research uses self-report measures, specifically questionnaires,
to collect responses from well-defined populations. Structured observation, an observational method
involving researcher intervention, creates a context in which participant behaviors can be more easily and
quantitatively recorded by applying behavioral measures in laboratory or natural settings [183]|. In the
study by Budman et al. [22] (see Section 5.2), structured observation involved reviewing videotapes from
time-limited group therapy sessions, during which two experienced raters observed cohesive behaviors
within the groups and then assessed them using the GCS. In research adopting both self-report and
behavioral measures [168], both survey research and structured observation are correspondingly employed
in data collection.

Both obtrusive methods rely on differing interactions between researchers and respondents to gather
extensive information from individuals. However, they are susceptible to distinct biases, such as response
style bias in surveys and rater bias in structured observation [, 225]. Besides, both can be labor-intensive,
especially when studying the dynamic nature of cohesion over time or studying large groups |175]. These
limitations urge the need for developing low-cost, unobtrusive data collection methods.

7.2 Unobtrusive Methods

Unobtrusive data collection methods allow subjects to be studied without awareness, making them
well-suited for continuous or near-continuous assessment [6, 115]. In traditional psychology research, non-
reactive data sources include physical traces, mass media, archives, etc. In recent years, as technologies
increasingly mediate and support human activities, individuals’ behaviors, as well as their intentions and
emotions they reflect, can be inferred from digital traces recorded on digital systems, such as business
transaction systems, social media platforms, and sensors [111, 158, 171]. These vast and continuously
generated digital traces in online settings offer researchers new opportunities to study team processes
and social phenomena [I11, 115]. We term various approaches used for gathering digital traces as
“digital trace data collection methods”, which can be either obtrusive or unobtrusive. Obtrusive methods
involve making video calls or accessing personal emails, while unobtrusive methods include application
programming interfaces (APIs), data donation, tracking, etc [111, 158, 171, 175].

Based on our review, the digital trace data collection method serves as the primary method
for gathering unobtrusive data in cohesion studies. For example, Altebarmakian and Alterman [3]
unobtrusively collected students’ data via an online system throughout a semester. Similarly, Zamecnik
et al. [225] gathered three weeks of engagement data from a global experiential learning platform,
involving 420 teams from various higher education institutions. Collecting digital traces overcomes the
inherent limitations of obtrusive methods by enabling efficient, cost-effective data collection over time.
It can capture the long-term dynamics of cohesion and offer greater flexibility in participant selection,
unconstrained by geography or group size |6, 174]. Furthermore, the resulting datasets may be reused
and support the application of various cohesion measures [171], making this approach promising for
broader adoption.

However, this method also has limitations. First, it is not suitable for groups that require in-person
participation, such as sports and exercise groups. Second, since the digital traces are generally not
generated for research purposes, they are susceptible to misinformation, coverage error’, and over-
interpretation. As such, the data must be carefully cleaned and interpreted before being used for

TCoverage error refers to the selective representation of the platform user population compared to the general population
[158].
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measurement [6, 15, 111, 158 171, 177, 185].

Therefore, using both obtrusive and unobtrusive data collection methods together is seen as a way to
balance their respective limitations. Some researchers suggest using digital trace methods to complement
traditional approaches, obtaining more diverse, extensive, and potentially less biased data [0, 171]. There
is also an inspiring attempt to construct a multi-modal dataset utilizing both types of methods [139].
The dataset not only contains sound, video, and motion capture data collected from participants engaged
in an 11-hour escape game, but also includes ongoing self-reported cohesion data collected through
questionnaires.

7.3 Discussion

By tracing the original studies behind commonly used social network datasets in social computing
and extracting their data collection details, we find that most datasets used in social computing are
digital traces collected from online platforms, such as Facebook, X (previously Twitter), YouTube,
Flickr, Live Journal, Myspace, and Tencent |3, 39, 50, 54, 63, 100, 123, 128, 133, 169, 210, 217]. Only
a few datasets, particularly those used in community detection, are gathered through survey research,
structured observations, or digitalized records of face-to-face interactions. For example, the Zachary
karate club network was built using data from direct observation, informants, and club records in the
university archives [223]. The “Jazz musicians” dataset is constructed from the collaboration data stored
in the Red Hot Jazz Archive digital database [30]. Sometimes, network datasets are collected along with
“ground-truth” communities [216], which are instrumental in validating social computing algorithms by
comparing their outputs to known community structures. However, the definitions of these communities
vary, and psychological cohesion is rarely, if ever, explicitly referenced [112, 121, 138, 216, 219].

The preference for digital trace collection in social computing contrasts with group cohesion studies,
where survey research is commonly used. Besides, the two fields differ in their attention to the data
collection process. Psychological studies typically collect data firsthand, providing detailed descriptions
of participants and procedures. In contrast, social computing often relies on existing datasets, focusing
more on algorithm design and performance than on data collection. As a result, dataset details are
frequently overlooked, and only a few studies collect their own data [12, 128].

Based on the above observation, it can be inferred that network datasets built on digital traces
share the same limitations identified in psychological studies. Concerning the general reliance of social
computing on digital traces, it is important to maximize their advantages. Informed by existing endeavors
in social psychology, researchers should carefully clean and interpret the digital traces. Besides, survey
research can serve as a complementary method to validate the quality of the digital traces. Social
computing could also benefit from datasets containing valid ground-truth communities that align with
psychologically defined cohesion [229)].

8 Evaluation

In psychological studies, the quality of a measure is evaluated through its reliability and validity, with
the timing of these evaluations varying by method: some are conducted theoretically once the measure is
established, others are empirically implemented following data collection, or at both stages [14, 119, 183].
In this section, we review how cohesion studies evaluate their measures. Then we compare those
approaches with the evaluation of cohesiveness metrics in social computing, exploring insights that may
guide the evaluation of cohesiveness metrics.
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8.1 Reliability

Reliable measures seek the consistent and stable measuring of construct and are evaluated after data
collection [14, 119, 183]. Three common types of reliability are test-retest, internal consistency, and
inter-rater reliability (for definitions, see Section 3.1). The choice of method depends on the construct’s
temporal nature and the adopted operational definition.

In cohesion studies, internal consistency, often measured using Cronbach’s alpha, is commonly
evaluated due to its simplicity and direct relevance to questionnaires |14, 19]. It averages all possible
split-half correlations for a set of items [19]. In our review, reported Cronbach’s alpha for cohesion
measures ranged from 0.542 to 0.991, with most exceeding the 0.70 threshold, indicating good internal
consistency [156, 193]. In addition, test-retest reliability, which presents the stability of cohesion
measurements over time, is validated by correlating the scores of samples collected at different intervals
[16, 34]. When behavioral measures are used, inter-rater reliability ensures cohesion is consistently
quantified across different observers [14, 120].

Ensuring measurement reliability is critical but often challenging. Common sources of unreliability
include observers’ subjectivity, and questions that are imprecise, ambiguous, or unfamiliar to respondents
[14]. Strategies to improve reliability include clearly conceptualizing constructs, utilizing precise
measurement levels and multiple indicators, and conducting pilot tests [25, 29, 34, 58, 119, 120].

8.2 Validity

A measure with high validity guarantees a strong alignment between the cohesion conceptualization
and its empirical measurement results. Validity can be assessed from both theoretical and empirical

perspectives.
Theoretical validity includes face and content validity, typically conducted by expert panels to ensure
that measures adequately represent the cohesion definition |14, 60|. For instance, in developing the Youth

Sport Environment Questionnaire [60], 142 initial items were evaluated by investigators for relevance,
similarity, and clarity. These items were then refined based on feedback from additional group dynamics
experts and athletes, resulting in 87 items.

Empirical validity is assessed using participant data. Factorial validity is often evaluated via pilot
testing to ensure the measure reflects the underlying construct structure of cohesion. A practice of this
assessment is detailed in [16]. While some studies only evaluate convergent or discriminant validity
[35, 188, 220], it is more common to assess both simultaneously |24, 25, 52, 87, 108, 109, 118, 164, 176,
202, 230]. Empirical validity can also be substantiated through correlation with criteria expected to be
associated with cohesion [183]. Concurrent validity is established when a measure correlates significantly
with a criterion assessed concurrently. For instance, Estabrooks and Carron [58| examined the concurrent
validity of the Physical Activity Group Environment Questionnaire (PAGEQ) by correlating it with the
Group Environment Questionnaire (GEQ). Predictive validity assesses the correlations between cohesion
and its expected future outcomes, such as attendance [58, 120], self-efficacy [58], individual perceptions
of job performance, job satisfaction, and psychological distress [1].

Ideally, a thorough validity assessment should integrate both theoretical and empirical approaches.
However, while newly developed cohesion measures typically undergo comprehensive validity assessment,
adapted measures for different contexts or populations may not receive the same level of scrutiny, as
noted in several studies [16, 25, 58, 60, 176]. For instance, when a questionnaire originally designed for
student teams was adapted for serious game teams, only face and content validity were assessed, with
other empirical evaluation neglected [20]. This limited approach can yield unreliable responses that
misalign with the adopted cohesion conceptualization. More holistic evaluation of adapted measures is
therefore essential to ensure their appropriateness for specific contexts and populations.
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Table 9: Similarities and Differences in Cohesion between Social Psychology and Social Computing.

Components Aspects Similarities Differences Social Psychology Social Computing
Neglect or implicitly ad- Emphasize  structural
dress the structural fea- and attribute features

Focus and scope tures of cohesion, yet of cohesion with insuf-
Both can be contain sufficient psy- ficient psychological
. . classified as either chological meanings consideration
Dimension L . - -
unidimensional or Relationship
Conceptual L1 . s
e multidimensional between unidi- . From solely structural to
Definitions - From ambiguous to con- e .
mensional and . additive inclusion of non-
e . crete and empirical
multidimensional structural aspects
definitions
Th i - D i I i -
Temporal e .dynarnlc na- o ent of the ynamic nature does ncorporate dy}nz.lmlc na
ture is frequently . not impact conceptual ture as an additional di-
Nature dynamic nature . . . . e
overlooked dimensionality mension in definitions
Mathematically formu-
Measurement con- Include concrete mea- lated, need the specifica-
creteness surement procedures tion or pre-calculation of
parameters
. Both adopt Approaches for ap- Measures must be Sam.e metrics can  be
Operational self-report and . s applied across networks
iy Measures . plying existing mea- adapted to fit the X .
Definitions behavioral . . _ without adjustments, but
sures to different diverse characteristics .
measures study objects of study eroups their accuracy may be un-
¥y ob) Y group dermined
M inl .
casures mainty Self-report measures Behavioral measures
adopted
Methods  mainly Digital traces data collec-
Survey research .
Data Both use two types  adopted tion
. Methods of data collection . Detailed reporting of Dataset details and col-
Collection Attention to data L .
methods . participants and data lection methods largely
collection :
collection procedures overlooked
. . Stability of algorithm
Definition of the re- .COH.SIStenCy a.nd stabil- performance or the con-
e ity in measuring a con- L
liability tinuity of subgroup cohe-
struct .
siveness
R Both liabili 1 Highl liabl
Reliability O.t .afidress Level of measure re- Reliabi lt}./ could b? 1By re 1ab e due to
reliability liabilit compromised by vari- the automation and ob-
¥ ous sources of errors jective metric calculation
. Communities detect-
Evaluation
Obiects of evalua ed/searched by algo-
tiorJ1 Cohesion measures rithms, from where the
. lidi i
e vl mone
Validity validity in their

evaluation

Perspective of eval-
uation

Theoretical and empiri-
cal

Empirically only, based
on the structure and at-
tributes of identified com-
munities

8.3 Discussion

Consistent and accurate cohesion measures are also indispensable for social computing algorithms.
However, these studies only validate the superiority of their algorithms through efficiency and effectiveness
comparisons [73, 89, 103, 161, 167, 173]. We therefore examine how metrics are evaluated in existing
studies through their detection/search result assessments.

Surprisingly, community detection and search rarely address “reliability” in the evaluation. Yet, due
to the automated and objective nature of these algorithms, wherein cohesiveness metrics are computed
based on established equations rather than relying on participants’ limited comprehension or researchers’
subjective observations [14], their cohesiveness measurements are always stable and consistent. Regarding
validity, we find that the effectiveness evaluation experiments in community detection/search studies are
conceptually similar to validity assessments in cohesion studies. However, since cohesion metrics are
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not directly evaluated in social computing, their validity can only be inferred from the quality of the
detected /searched communities: the closer they are to the expected communities, the higher the validity
of the metrics.

Generally, retrieved communities are evaluated empirically using four approaches: (1) adopting
synthetic network generators for controlled environment testing or ground-truth testing; (2) benchmarking
against ground-truth with performance metrics; (3) comparing them with those from other algorithms
through a set of “effectiveness metrics” or “goodness metrics”’, particularly when the ground-truth is
unavailable; and (4) conducting case studies to present their interpretability and significance [50, 73, 89,
103, 123, 127, 144, 173]. Popular performance metrics include precision, recall, F-score, accuracy, and
Normalized Mutual Information (NMI), which measures the similarity between the set of ground-truth
communities and those retrieved by the algorithm [10, 54, 89, 129]|. For algorithms that only consider
structural cohesiveness metrics, effectiveness are often evaluated based on quantitative attributes of
community structure, such as density, clustering coeflicient, conductance, triangle participation ratio,
diameter, result size, and relationship closeness [3, 10, 36, 89, 104, 122, 133, 189, 215, 218, 226]. For
algorithms that incorporate both structural and attribute information, additional metrics are employed,
such as semantic richness, average number of activities, community member frequency (CMF), and
community pair-wise Jaccard (CPJ) metric [50, 63, 101, 104, 122, 129].

Comparing the evaluation methods between the two fields, it is apparent that their objects of
evaluation are different: group cohesion studies focus on the quality of cohesion measures, while social
computing emphasizes algorithm performance. Besides, the focus of assessments in social computing
studies, similar to the metrics they developed, focuses only on structural and attribute features. While
suitable for cohesion definitions rooted in network properties, these methods may be insufficient for
capturing psychologically defined cohesion. Currently, no synthetic network generators that incorporate
psychological cohesion are available for testing, nor are there datasets with psychologically cohesive
communities available for benchmarking. Although efforts have been made to develop effectiveness
metrics based on psychological cohesion to compare algorithm-generated communities [229], their quality
and generalizability require further validation. With no established standards for cohesion evaluation in
social computing, additional metrics are needed to reliably assess psychological cohesion.

Informed by validity assessments in social psychology, cohesiveness metrics should be theoretically
evaluated before being integrated into social computing algorithms. This is particularly important when
metrics are based on psychological cohesion, as translating such complex constructs into quantifiable
measures can be contentious. Without a clear theoretical grounding, metrics may misrepresent or
inadequately capture cohesion. In addition, informed by concurrent validity and predictive validity
in social psychology, constructs conceptually linked to cohesion, such as morale, group spirit, trust,
friendship, and group identification |72, 143], can be quantified as effectiveness metrics, assessing whether
identified communities exhibit cohesion-related characteristics or predict future events pertinent to
cohesion. Their measurement, as explored in psychological research, could also be examined under our
review framework to uncover insights for development.

9 Conclusions

Community detection and search algorithms are key techniques for identifying cohesive subgroups in
social applications. However, the concept of cohesion, which originates from social psychology, is not
consistently characterized in existing cohesiveness metrics. As a result, these algorithms may fail to
identify psychologically cohesive subgroups in online social networks. Given this challenge, this survey
reviews cohesion as studied in both social psychology and social computing fields. Following our proposed
unified framework, the approach to addressing cohesion in each study is decomposed into four phases
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encompassing the definition and measurement of cohesion, enabling comparison of their similarities and
differences (summarized in Table 9).

We acknowledge several limitations in our review. First, as a narrative rather than a systematic
or scoping review, it includes only a representative set of studies and may omit relevant research on
cohesion in the two fields. Second, no inter-rater checking was conducted for study selection or evidence
validation, which may affect the comprehensiveness of our analysis. Nevertheless, random sampling of
eligible papers from the screening process indicates that the identified similarities and differences remain
consistent.

Despite these limitations, this survey lays the foundation for integrating social psychological theory
into social computing. It offers a fresh perspective on examining community detection and search studies.
In addition, our review framework, grounded on social psychology research methods, supports both
theory reviews in psychology while serving as an analytical tool for evaluating studies across these
traditionally disparate fields. Last but not least, it paves the way for a reevaluation of existing social
computing algorithm designs and their practical utility in achieving social application goals.
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