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Abstract: In the contemporary world, the abundance of data and the growing number of users in virtual environments
have led to a focus on classifying data and grouping users to create recommendation lists that enhance user experiences.
While existing research has explored various methods in developing Group Recommender Systems (GRSs), the
role of incoming influence flows and their impact on users’ decision-making processes when joining groups remains
insufficiently explored. This study introduces a cognitively inspired framework that models user behavior during
group formation by explicitly incorporating cognitive theories of decision-making and influence. By mapping users’
interactions within complex dynamic networks, the proposed method categorizes users according to the influence of
incoming interaction streams. Unlike traditional approaches, the framework naturally supports overlapping group
membership, allowing users to belong to multiple groups with varying confidence levels, and constructs corresponding
group behavioral profiles. By simulating real-world decision-making processes, the method generates personalized
recommendation lists for users within each group. The proposed approach evaluated on four datasets, and the results
indicate its effectiveness and robustness compared to established group recommendation methods.

Keywords: recommender systems, group recommender systems, group formation, cognitive model, behavioral group
profile

1. Introduction

The field of social networks has become increasingly fascinating due to the abundance of different networks on the
internet and people’s growing interest in utilizing them. These days, social networks have amassed millions of users and
aim to meet the diverse preferences of users by utilizing a range of technologies [1]. It is worth mentioning that online
social networks (such as Facebook and Twitter), information networks (like citation networks), and communication
networks (e.g., email networks) are recognized as the most widely used networks.

The digital ecosystem is flooded with a vast amount of information, leaving users with a multitude of choices.
To simplify the decision-making process, Recommender Systems (RSs) come into play by providing users with
recommendation lists, allowing them to make quicker decisions in a shorter amount of time [2]. The popularity of social
networks has sparked the development of various algorithms and methods to enhance traditional RSs, ultimately leading
to higher user satisfaction. Overall, RSs contribute to an improved user experience and increased business profits by
tailoring information to individual users. As a result, RSs have become a prominent topic of interest in both industry and
academia [3], [4].

Copyright ©2026 Mojdeh Morshedi, et al.

DOI: https://doi.org/10.37256/est.7220269287

This is an open-access article distributed under a CC BY license
(Creative Commons Attribution 4.0 International License)
https://creativecommons.org/licenses/by/4.0/

Engineering Science & Technology 308 | Mojdeh Morshedi, ef al.


https://www.wiserpub.com/
https://ojs.wiserpub.com/index.php/EST/
https://ojs.wiserpub.com/index.php/EST/
https://orcid.org/0009-0003-1435-4985
mailto:mojdemorshedi@alum.sharif.edu

As the number of users with diverse preferences continues to grow, presenting recommendation lists to individual
users becomes expensive, challenging, and, in some cases, even impossible [5]. The provision of personalized services
to users by RSs enables the suggestion of suitable items that meet their preferences. However, the focus of existing
RSs has primarily been on individual users. With the increasing use of information technology, social activities are
increasingly being organized in group settings. Consequently, there is a growing need to recommend items to groups
rather than individuals, leading to the emergence of Group Recommender Systems (GRSs) [6]. Given these challenges
recent studies in RSs have focused on identifying suitable communities comprising users with similar preferences. The
objective of group recommendation is to provide suggestions for a group of users rather than just one individual, taking
into account their past behaviors [7]. The concept of “group” serves as a link between the users and the recommended
items, and it can be considered as either an integral part of the graph or separate from it [8].

When aiming to enhance the scalability and performance of a recommendation system in a large-scale setting, it is
beneficial to present a list of recommendations to a group of users rather than individual users. However, the process of
identifying these groups becomes crucial. It is particularly important to identify group members with similar preferences,
especially in environments where data is limited. Incorrectly categorizing users can lead to inaccurate recommendation
lists. This complexity is further compounded by the fact that users’ opinions may change over time intervals and be
influenced by different groups. Moreover, users often do not explicitly express their opinions, necessitating the analysis
of their behavior [9], [10].

The issue of finding communities in RSs has typically considered constraints such as the number of communities,
the average number of members in each community, or prior knowledge about the problem, such as knowing the
complete network topology. However, in most cases, community detection lacks prior information and requires the
optimal grouping of users. Furthermore, most studies on community detection in RSs have focused on non-overlapping
communities. In these methods, users are assigned to a single group, even though, in many real-life situations, users
may be interested in participating in more than one community.

The subsequent pivotal endeavor involves the establishment of a group profile. Following the identification of these
communities, a suitable behavioral model is formulated for each community, encapsulating the aggregate preferences of
its constituent members. Subsequent to the model’s development, a recommendation list is systematically furnished to
all members within each community, thereby aligning with the discerned preferences encapsulated by the constructed
behavioral model.

In this article, we introduce a distinct approach to the community detection problem, diverging from existing
research in several key dimensions. Our method is inspired by real-world behavioral patterns and psychological
indicators. In everyday life, individuals are influenced by multiple streams when making decisions-such as interacting
with friends, following influential figures, or responding to advertising. To model these streams and quantify their
impact, we draw on cognitive science theories and embed them within complex dynamic network structures. In a
similar spirit, recent intelligent system architectures increasingly adopt Digital Twin frameworks to integrate human
behavior directly into virtual environments and system control loops. For example, federated digital twin models with
users-or pedestrians-in-the-loop have demonstrated how human decision-making dynamics can be continuously sensed,
modeled, and incorporated into virtual systems [11].

Our method employs iterative processes to analyze the level of influence on each individual and group together
those with similar susceptibility to different streams into communities. For each community, we develop a behavioral
model that predicts and presents future choices as a recommendation list to all members. The fundamental basis of our
proposed method lies in comprehending how individuals are influenced by the various streams they encounter when
making decisions. By thoroughly examining and evaluating an individual’s inclination to join different groups, our aim
is to maximize their satisfaction. To summarize our contributions:

* A cognitively informed community-detection framework that models how individuals respond to multiple
influence streams, drawing on principles from cognitive science to capture realistic decision-making behavior;

* A mechanism for overlapping group membership, allowing users to belong to multiple communities with different
confidence levels, reflecting real-world social dynamics;

* A fully unsupervised grouping method that removes common assumptions such as predefined numbers of groups,
fixed network topology, or prior structural knowledge;

* A novel similarity-graph construction strategy that integrates behavioral, structural, and influence-based signals to
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improve community identification;

* An empirical evaluation across multiple real-world and structural datasets, demonstrating the effectiveness and
robustness of the proposed method.

Based on the aforementioned descriptions, the primary objective of this article is to deliver precise recommendation
lists to a vast number of internet users by utilizing the novel method for identifying suitable communities, modeling
their behavior, and ultimately presenting recommendation lists.

2. Related work

In general, the development of large-scale RSs encompass the following stages:

2.1 Pre-processing: converting a sparse matrix into a similarity graph

First, a series of operations must be performed on the system input. In similar studies, the system input is often
a sparse matrix of user-provided ratings for various items. To compute the similarity between two individuals, it is
necessary to compare the vectors of ratings assigned by users to items. The accuracy of the recommendation list’s
results is significantly contingent on the accuracy of the similarity metric employed to identify the most similar users
and formulating a group, which serves as the foundation for the predictions generated [12], [13]. Various metrics have
been employed to transform this sparse matrix into a similarity graph; the most important ones are summarized in the
Table 1.

Table 1. Notable similarity metrics

Metric Adjusted Cosine Similarity Pearson Similarity
Use cases [5], [14]-[19] [20]-[22]
r.—7r)r, -7 e | G
_— oSG, v) Z,E,W(i, : D —7) — PCC, v) = Z'd’”’(i‘ : )(n-1) _
IR ) W2 ) 2, (7

1"," : set of items commonly rated by user u and v. 1,,: set of items commonly rated by both « and v.
7 average ratings on item /.

Description 7. the ratings of the user u on the item i. r/ry average ratings of the users u/v on item iin /,,,
: . . ; r,/r,: ratings of users u/v on the same item 7.
r,.: the ratings of the user v on the item i.
Single Co-Rated: the result of Cosine Similarity (COS) Single Co-Rated: the result of Pearson Correlation Coefficient (PCC)
Challenges [23] is always 1. is either + 1 or -1.
g One-Rated Item: the result of COS is always 1. One-Rated Item: incompatible as the rating and the mean are equal.
Uniform Rating: the result of COS is always 1. Uniform Rating: is not a computable value.

Article [12] provides an overview of similarity metrics for computing the similarity between two users, including
improved previous methods including Cosine and Pearson Similarity. Additionally, Article [23] investigates the
drawbacks of these metrics.

2.2 Group formation: identifying groups of users with similar preferences

Community Detection is a fundamental aspect of group recommender systems especially in large-scale
environments and has been extensively studied in the literature. This problem holds significant importance in various
domains, such as social sciences, computer science, and E-commerce. While there is no single, universally accepted
definition for community identification, it generally involves grouping nodes in a way that nodes within the same group
exhibit much denser connections than those between different groups. This problem has garnered significant attention
and research efforts, yet it remains unsolved to a satisfactory degree [24]. Here are some previous works related to group
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identification for the purpose of providing recommendations to groups of users (Table 2).

Table 2. Group identification overview

Use case Approach Common input Weighted? Graph type Context
[20], [21] Group members’ influence Movie-Lens100K Weighted Overlapped Watching movie
[16] Bisecting k-means clustering Movie-Lens-1M and 100K Unweighted Non-overlap Watching movie
[51, [25] Group members’ influence Movie-Lens100K Unweighted Non-overlap Watching movie
[22] Users ﬁ;;%%il??eg%eigﬁg\]eamm Hermes System Weighted Non-overlap Tourism domain
[17]-[19] k-means Movie-Lens-1M and 100K Unweighted Non-overlap Watching movie
[26] Friends Finder Movie-Lens-1M and 100K Unweighted Non-overlap General
[27] NeuralRAttention-bas‘ed Group User-item interaction Weighted Non-overlap General
ecommendation matrix
Graph Neural Network (GNN)-based User-item interaction . E-commerce/Social
(28] Group Modeling matrix Weighted Overlapped network
[29] Neural Group Recommendation User-item interaction Weighted Overlapped Tourism

matrix

The approach presented in [20], [21] endeavor to calculate the influence of members on each other by leveraging
both similarity and trust. Furthermore, the paper employs a blend of fuzzy clustering and similarity measures to identify
users with shared interests. Several other papers leverage the concept of user importance and identify leaders to facilitate
group formation [5], [25], and also types of users’ relationships [22].

Yalcin and Bilge [16] introduce automated user grouping methodologies through the creation of a binary decision
tree using bisecting k-means clustering. This approach tries to enhance group formation and impose constraints on group
size. Additionally, the article suggests the adoption of a genre-based mapping technique to transform user ratings into a
compact and dense vector for user representation.

In the category of methods aiming to identify groups consisting of individuals with similar preferences, many
studies have employed the common k-means method. For example, the paper by [16], [17] introduces an automated
recommendation technology that identifies groups. Boratto [17]-[19] utilize the k-means method and employs cosine
similarity as a similarity metric among users. Ultimately, a recommendation list based on the preferences of each
group’s members is provided. Additionally, study [17] reviews methods for harmonizing predicted ratings for users.

Ntoutsi et al. [26] presents a model based on collaborative filtering for group recommendations and utilizes social
lists of user recommendations to provide recommendation lists. Initially, users are structured based on the friend-
finder algorithm, and then, more precise group structures are formed using a hierarchical clustering algorithm. Neural
approaches have recently advanced group recommendation by learning richer representations of user interactions.
Attention-based models [27] weight each member’s contribution to capture dominant preferences within non-
overlapping groups. GNN-based methods [28] use message passing on user-item graphs to model complex and
overlapping group structures, especially in social and e-commerce settings. Neural group recommendation models [29]
further integrate preference fusion and disentanglement to support overlapping groups in domains such as tourism.
Together, these methods highlight the shift toward data-driven, neural architectures for group modeling.

These works have significantly contributed to the field of community group formation within the context of RSs. It
should be noted that the output graph of group identification algorithms can be weighed. As observed in the above table,
the output of these algorithms is mostly unweighted. Similarly, prevailing prior studies categorize users into distinct

Volume 7 Issue 2[2026| 311 Engineering Science & Technology



groups, with the concept of overlapping groups being less considered in group recommendation systems.

2.3 Group profile building: aggregating the users’ preferences within each group

After appropriately structuring the members of a group, a profile is created for each group to provide
recommendations. Article [30] has delved into analyzing each of the aggregation methods.

2.4 Promotion of recommendation lists: presentation of a customized list of recommendations

At this stage, each group is provided with the Top-k popular items among the users within that specific group.

2.5 Recent advances and research trends in group recommender systems

Over the past five years, research on GRSs has increasingly shifted toward data-driven and representation-learning
paradigms. Recent studies emphasize learning latent group representations through deep neural architectures, attention
mechanisms, and graph-based models, aiming to capture complex interaction patterns and social dependencies in large-
scale environments [14], [27]-[29]. These approaches reflect a broader trend toward modeling group behavior implicitly
through end-to-end optimization rather than explicit behavioral or decision-making processes.

At the same time, recent influence-aware and behavior-oriented methods highlight the growing interest in modeling
user impact, leadership, and social influence within groups, particularly in dynamic and large-scale settings [20], [21].
Contemporary surveys further identify scalability, interpretability, and support for overlapping or evolving group
structures as key open challenges in modern group recommender systems [30].

In contrast to these recent trends, which are predominantly driven by supervised or end-to-end learning
frameworks, the proposed work adopts a cognitively inspired and fully unsupervised perspective. By explicitly modeling
decision-making mechanisms, influence streams, and user satisfaction-without assuming predefined group structures
or requiring extensive training data-the proposed framework complements recent advances and offers an interpretable
alternative for group recommendation in dynamic social environments.

3. Proposed method

This study investigates cognitive science-inspired theories of group formation and leverages them to construct
group profiles that enhance the accuracy of recommendations in group recommender systems. We propose a framework
that models behavioral profiles by capturing the various influences shaping individual decision-making processes.
Specifically, we posit that individuals’ product selection behaviors are fundamentally influenced by their susceptibility
to the information streams and social interactions within their surrounding environment. Accordingly, the proposed
approach is grounded in social events and operates without relying on restrictive assumptions or prior knowledge,
such as the number of groups, the average group size, or explicit information about the underlying network topology.
Within this framework, suitable groups are first identified using a simulated social interaction graph, followed by the
construction of behavioral profiles in a second stage.

3.1 Problem definition and notation

The input of most of the classic recommender systems is a user ratings matrix as mentioned in Related works
section, from which the following information can be obtained (Table 3).

The output of the system is the number of recommendation lists RG(g) which will be assigned to the group G. A
high-quality recommendation list keeps the largest possible number of group members satisfied.
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Table 3. Basic definition on GRS

Definitions
Set of users: U= {u, uy, us, ..., u,}
Set of items: I1={,0, L, ....i}
Set of ratings that given by u,, to i,: ri={null, 0, 1, 2, 3, 4, 5}
User ratings matrix: RCUx]I

3.2 Cognitive-science foundations for group formation

The main idea related to recognizing proper groups and finding the best items as a recommended list in this study
is established according to cognitive science theories:

Principle 1: Theories on Individuals’ Inclination to Join Groups.

According to Social Identity Theory [31]-[33], individuals tend to quickly categorize themselves as members of
a group, and they tend to favor the group they belong to over others. Based on this theory, our initial step in providing
a recommendation list involves identifying groups comprising individuals with similar preferences. Additionally, the
Integrative Theory [34] emphasizes humans’ natural inclination to place themselves as members of a group.

Principle 2: Theories Regarding How Individuals Assess Conditions in order to Make Decisions.

Interdependence Theory [35], [36] examine how individuals assess the costs and benefits of a particular
relationship. This theory explores how individuals’ decision is influenced by these evaluations and ultimately suggests
that individuals are more engaged in relationships that provide higher satisfaction compared to others. In essence, the
proposed method follows a repetitive selection process, ultimately placing an individual in a group where they derive
greater satisfaction compared to other groups.

Principle 3: Theories on Individuals’ Susceptibility.

In general, according to the Social Learning Theory [37], [38], learning occurs through three main approaches:

Imitation: Imitation involves copying the behaviors, values, and attitudes of other individuals or groups.

Instruction: Learning occurs intentionally through formal education as well as informally through discussion
groups, study groups, and activities such as apprenticeships.

Iteration learning: Motivation for learning appropriate behavior through experience and the trial-and-error process.

Albert Bandura’s Social Learning Theory [39] probably one of the most influential theories of learning and
development, suggests that people can acquire new information and behaviors by observing others. This type of
learning, known as observational (or modeling) learning, can be applied to explain a wide range of behaviors.

While observational learning might seem like a straightforward process at first glance, it is not. Not all observers
acquire behavioral patterns from the models they observe. It appears that other users’ characteristics such as their
credibility and social position, and also their indepdency play a role in this process. Therefore, although observational
learning can be a powerful process, it should not be assumed to happen automatically, and the learner is not obliged to
imitate others directly.

Hence, Bandura and his colleagues believe that three factors can influence observational learning:

Principle 4: Characteristics of the groups.

The characteristics of the models can influence our inclination to imitate them. These influential characteristics
include similarity between the model (group) and user, age and gender similarity, as well as authority and fame.

Principle 5: Characteristics of the Observers.

The characteristics of the observers also determine the effectiveness of observational learning. Individuals with low
self-esteem are much more likely to imitate others with high self-esteem.

Principle 6: Consequences and Rewards Associated with Behaviors.

The consequences or rewards associated with specific behaviors can affect the extent to which observers imitate
them. A model with a higher status may lead to imitative behavior, but if the rewards are not meaningful to the
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observers, they may not continue the behavior.

Principle 7: Social Impact level.

According to Social Impact Theory [40], the level of social influence and the susceptibility of individuals depend
on three factors: the number, strength, and immediacy of the sources. When the number of individuals is higher, their
impact is stronger, and a reduction in physical distance leads to increased susceptibility of recipients. This power and
influence result from access to resources and facilities such as rewards, punishments, and information. Furthermore,
these resources and facilities can be either the social status of individuals in society or the interest and admiration of
others.

To summarize, the explanations provided above, along with the cognitive theories, highlight the factors that can
influence modeling and susceptibility to social influence. These factors play a crucial role in shaping an individual’s
behavior and decision-making processes.

In this paper, we have discussed the aforementioned principles and how they relate to complex dynamic networks
through mapping (Table 4).

Table 4. Mapping cognitive sciences theories to complex dynamic networks

# Principle Addressing in proposed method Use cases
Pl Individuals érn(;:&;nsatlon tojomn Assigning each individual to a group for decision-making purposes [41]-[43]
P2 Conditions evaluation The possibility of group modification during successive iterations [44]

P > ey Various information flows received by decision-makers based on
P3 Individuals’ susceptibility weighted relationships [45]
Importance of groups’ . . .
P4 characteristics Defining group profile based on its member choices [41]
P5 Importance of observers® Defining a satisfaction factor for each user [45]
characteristics
P6 Importance of the sequence of Defining iteration-based process for choosing proper grou [46]
behaviors e p & proper group
P7 Social impact level Using weighted graph for simulating the level of similarity and impact [5], [221, [25]

(section 3.3)

3.3 Preprocessing: create the user similarity graph

This paper attempts to model the interactions that each user faces in the decision-making process. Additionally,
it discusses how individuals are influenced by these interactions and make their final choices. The main stages of the
proposed method depict in Figure 1.

As mentioned in Related Work Section, the methodology of the similarity graph significantly influences the
recommendation list’s result. This study employs the Adjusted Cosine Similarity (COS) (Formula (1)), a common choice
in prior research [5], [14]-[19]. Our unique contribution is the development of a weighted similarity graph to consider
Principle 7 as well as enhance the precision of the recommendation list.

Upon computation of the similarity measures for each user u, the corresponding similarity interval SimlInt(u)
with other users is subsequently determined. The upper bound of this interval signifies the maximum similarity with
other users, while the lower bound represents the minimum degree of similarity that the target user with others. So,

Simint(u) = min COS(@, v), max COS@, v) | will be established.
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‘ Stage: Similarity Matrix Stage: Group Formation Stage: Group Profiling
Matrix

I NRIEIEIES GG (S [C1 B &) <|olel=] <
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] IR R R R U, U, D|D G,14[313]2 5
u, =] | it Us u Gi|1[4]4]4] |0 List of Top
i, 3 t 4P Uy D G, | 2||' i3 3 Rated Item§ )
i, 4 7 D RL(GI) = {ll’ b,
| |2 a U ] U, U G, [4[3[3[1] |2 Iy, oo}
,

Input: Users Rating Matrix Input: Weighted Similarity Matrix | Input: Users’ Groups Matrix
Output: Weighted Similarity Output: Users’ Groups Matrix Output: Groups Rating Matrix
Matrix

Definitions: Definitions:
Definitions: User Status: {D, U) G;: Group i
W, ;: similarity level between | D: decided
user 7 and j U: undecided

Figure 1. Main stages of proposed method

The range of similarity of each user is divided into two distinct categories. The lower half, representing limited
similarity, are deemed insignificant and thus excluded from further consideration. The remaining range, representing
higher degree of similarity, will be assigned weights according to below formula:

®, COS(u, v) = SimInt(u)/2
Adj(u, v) = 3)
0, Otherwise.
Where W(u, v) represents the weight between two user u and v.

3, COS(u, v) = 5*SimInt(u)/6

w=12, 5*SimInt(u)/6 > COS(u, v)>2*SimInt(u)/3 @)

—

. 2*SimInt(u)/3 > COS(u, v) > SimInt(u)/2.

-Zero Level: If the similarity between two users falls within the lower half of similarity, the similarity level of those
users will be zero. This level indicates an unacceptable similarity between the two users and, as a result, the absence of
an edge in the graph.

-Non-Zero Level: If the similarity falls within the upper half of similarity, the presence of an edge in the graph is
guaranteed. At this stage, the remaining range is divided into three equal levels. Thus, if the similarity falls within the
upper one-third, it is assigned a similarity level of 3; if it falls within the second one-third, it is assigned a similarity
level of 2, and in any other case, it is assigned a similarity level of 1. Based on this, the weights of the graph edges are
determined proportionally to the assigned levels. The obtained similarity can be represented as an adjacency matrix Adj(u, v).
According to the provided explanations, the permissible values for edge weights form the set {1, 2, 3}, denoted as w.
Furthermore, users who are connected to each other are considered neighbors. Figure 2 shows the similarity graph that
recognized by the above approach:

Volume 7 Issue 2[2026| 315 Engineering Science & Technology



Level 1
— Level 2
Level 3

Figure 2. Similarity graph based on proposed method

3.4 Group formation

The input for this section is the users’ similarity graph, in which each individual is neighbors with the most similar
individuals in terms of preferences, and edge weights represent the level of similarity between users. In this context, it is
necessary to develop models for influence propagation and sender behavior, aligning with Principle 4, user behavior in
information reception, aligning with Principle 5 and the modeling of user acceptance mechanisms, based on Principle 1,
2, 3, and 6 is further elaborated in sections 3.4.1, 3.4.2, and 3.4.3, respectively.

3.4.1 Interactions modeling

After constructing the user graph, cognitive science theory is utilized for modeling in each iteration. According to
[37], user decision-making is significantly impacted by the viewpoints of individuals within the same age bracket (Stream
1), same social position (Stream 2), and same gender (Stream 3) as the target user.

Additionally, based on the theories of [32], [34] and [37], individuals are often influenced by the opinions of the
vast majority of their closest neighbors and share the most influence with them (Stream 4).

Also, [39] and [43] emphasize on the role of influential individuals in decision making process. In order to
calculate the users’ importance, this study relies on one of the most renowned complex network measures [47], referred
to as Betweenness centrality that firstly introduced by [48] represents in Formula (5). Considerable research has been
conducted on this metric; in this article, we opt for the Local Betweenness centrality [49] to manage time complexity
effectively.

é‘\/‘S u
Iw= 3 —= (5)

s

In this context, u, v, and s, all belonging to the set U. The symbol J,, represents the total number of shortest
paths originating from node v and reaching node s. Furthermore, 6., is the number of those paths that pass-through
u. In contrast to the conventional Betweenness centrality, which considers the entire network, the local Betweenness
centrality measure concentrates on shorter paths. This study confines its analysis to the paths of only the immediate
neighbors of each user. In other words, it considers a version that exclusively takes into account pairs directly connected
to the specified node u. Moreover, user u will be influenced by neighbors who have higher importance than them (Stream 5).

Since the role of advertising streams in influencing individuals is not negligible, this algorithm takes this
parameter into account. In each iteration, a group label is randomly assigned as the advertising stream and is included in
the algorithm’s calculations. According to [50], people who are less important are more influenced by external factors
during their decisions. Therefore, in this article, the influence of advertising streams is taken as the inverse ratio of the
importance of each user (Stream 6).

Engineering Science & Technology 316 | Mojdeh Morshedi, et al.



The effective streams in decision making process are illustrated in Figure 3.
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Figure 3. Effective streams in decision-making process

The proposed method assigns a confidence coefficient to each of these streams based on their impact on the target
user. Table 5 represents the confidence coefficient calculation.

Table 5. Confidence coefficient calculation

# Streams Confidence Coefficient (CC) Formula
1 Same age group CC(u, A)= AVE(W(u, Nu))* Nu(sameAge, A)/Nu(sameAge) 6)
2 Same social position CC(u, A) = AVE(W(u, Nu))* Nu(samePosition, A)/Nu(samePosition) @)
3 Same gender CC(u, A)= AVE(w(u, Nu))* Nu(sameGender, 4)/Nu(sameGender) ®)
4 Majority of neighbors CC(u, A) = AVE(W(u, Nu))* Nu(A)/Nu )
5 Influential neighbors CC(u, A) = AVE(W(u, Nu))* AVE(I(Nu))* Nu(A)/Nu (10)
6 Advertisements CCu, A) =1-1(u) (11)

Where CC(u, A) denotes the confidence coefficient of user u from a specific group(4). Additionally, AVE(w(u, Nu))
represents the average weight (similarity) of user u with its neighbors in the similarity graph. Also, Nu(sameAge),
Nu(samePosition), and Nu(sameGender) show neighbors that are same age, same social position and same gender,
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respectively. In the same way, Nu(A), Nu(sameAge, A), Nu(samePosition) and Nu(sameGender, 4) denote, respectively,
total neighbors user u, neighbors that are same age, same social position and same gender that belong to the group
A. I(u) denotes the level of influence exerted by user u and also AVE(/(Nu)) represents the average influence of the
neighbors of user u.

3.4.2 User satisfaction modeling

In this method, a satisfaction level Gu is assigned to each user u. This satisfaction level is randomly distributed
among users. Additionally, for each user, two states are defined. If the Confidence Coefficient of each stream for a
user is higher than the user satisfaction, the user is considered satisfied or Decided (D); otherwise, they are considered
dissatisfied or Undecided (U):

D, CC(u, group A) > 6u
Status(u) = (12)
U, Otherwise.

3.4.3 Social-Cognitive Label Propagation Algorithm (SC-LPA)

In this approach, users are assigned labels that are constantly updated based on dynamic interaction rules from
incoming streams. This method is derived from the Speaker-Listener Label Propagation Algorithm [51]. The below
algorithm represents how the users’ groups are changed over the iterations:

Algorithm 1: SC-LPA.

Input: Weighted Similarity Graph

Output: G, as a proper group of user u

Variables:

Label (u, ): label (group) user u in iteration ¢

Nu: neighbors of user u

User Satisfaction (US) (u, g, 7): estimated satisfaction of user u from group g in iteration ¢

Initialization:
for each u
Label (u, 0) < unique label /In initial stage each user will have a unique and random label
Findingproper groups ineach iteration:
For t=1to n;
for each u;
calculate CC (u, g), /According to Formulae (6)-(11)
calculate US (u, g), /According to Fomula (13)

label (u, f) < label (max (US (u, g), #-1)  /retuns the label (group) with the highest US among
received streams in previous iteration

t=t+1
Termination conditions:
For each u:
If label (u, t,) = label (u, ¢,) or US(u,gt)>US(ugt,.,)
Break.

According to the above algorithm, in the first iteration, each node is initially labeled as distinct. In this method, the
label of each node is considered as the community of that user. It aims to select the most suitable community in each
iteration, one that is likely to satisfy the user the most. According to Confidence Coefficient of streams in each iteration,
the probability of US with each group is estimated using Formula (13).

US(u, A) :P(A|D):% (13)

Engineering Science & Technology 318 | Mojdeh Morshedi, ef al.



where P(D) represents the probability of Status D with communities in general based on Formula (12). Additionally,
P(4AND) is the probability of Status D with specific community like 4.

After calculating this probability, the community with the highest value is selected as the output for that iteration.
For better understanding, consider the following example as the received streams in one iteration (Figure 4).

Ads | Influential neighbors Majority of neighbors Same position Same gender Same age

D D E © D E © E

CCG,g)| 05| 06| 07 | 02 | 04 | 05 | 07 | 07 | 06 | 04 | 06 | 08 | 03 05 | 05 | 08
Satusw)] U | D | D U U U D | D D U D D U U U D

Figure 4. Example of received streams and user satisfaction calculation in each iteration for user u with fu = 0.6

In the example above, user u in iteration ¢ received 5 labels from defined streams with varying confidence
coefficients. According to Formula (13), the probability of user satisfaction associated with the label (group) 4 would
be:

P(AND) 0.6+0.8 .
P(D)  0.6+0.7+0.7+0.7+0.6+0.6+0.8+0.8

US(u, A)= P(4| D) = 0.25 (14)

Similarly, the likelihood of other labels’ user satisfaction are calculated: US(u, B) = 0.25, US(u, C) = 0.12, US(u, D)
=0 and US(u, E) =0.38.

According to the results of user satisfaction calculation (Formula (14)), the label with the highest satisfaction
probability is selected as the most suitable community for the user in each iteration. At these stage two exceptions may
occur:

Exception 1 (lack of satisfaction): When the user is not satisfied by any of the flows in a particular iteration
CC(u, g) < Ou and has the status “U”, meaning that the user is still undecided, the algorithm selects the community with
the highest probability of satisfaction from among the received labels, even though the user’s status remains “U”.

Exception 2 (Maximum Satisfaction Probability): When the probability of user satisfaction from more than
one group is equal and maximized, the algorithm considers the number of times each of these communities has been
presented to the user. The community that has been presented to the user the most times is selected as the user’s
chosen community. This ensures that the community with the highest frequency of presentation is chosen as the final
community.

3.4.4 Finalizing the groups

The process of determining the final community for each user involves specific conditions to terminate the
algorithm based on user behavior and community satisfaction. There are two main termination conditions: stable user
behavior, where all users do not change communities in the last two iterations, or higher satisfaction in the chosen
community, where all users have a higher probability of satisfaction than in their previous communities. Figure 5 depicts
the memory of user at the end of the algorithm.

Status (u)

Figure 5. User’s memory state at the Algorithm’s convergence after 6 iterations
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After the algorithm stabilizes, decisions are made for each user based on the received labels. Each user’s memory
is proportional to their satisfaction level fu and the number of iterations. To make a decision, the last element of each
user’s memory is examined, and based on below criteria, the appropriate community for the user is selected:

1. Status (u, last iteration) = D: it indicates that the individual is in a state of satisfaction after the algorithm has
stabilized, so this community will be suitable for them. Additional criteria to consider in this case include:

* If the user has been kept in memory in more than one community in the D state, these communities can be
selected as suitable for the user. This indicates the user’s satisfied with these groups, and as none of them have a
preference over the others, the user will be placed in both groups.

2. Status (u, last iteration) = U: it is necessary to examine the states of the elements preceding the last element:

« If the user, in the elements before the last one, alternately belonged to one of the groups in the D state and the last
element is different from that group, the user will be placed in both groups.

« If the user, in previous iterations, was in the D state for multiple groups, besides the group in the last element, the
group with the highest probability of satisfaction should also be considered, and the user will be placed in both of these
groups.

* If the previous elements were a combination of U and D states, where they do not follow any patterns, the group
with the highest probability of satisfaction should be considered.

« If the previous elements were alternately in the form of U, the decision is made based on the highest repetition of
the groups. If this number is equal, the user is included in both groups.

3.5 Building the group behavioral profile

As discussed in the previous section, users may simultaneously belong to multiple groups. This section focuses
on constructing behavioral profiles for groups with overlapping memberships. To achieve this, different user roles are
defined, and these roles determine the extent to which each user contributes to the group profile (Table 6).

Table 6. Users’ status in building a group profile

Joining group status Users’ status Impact on group profile Received recommendation
“D” Involved in constructing the group profiles Receive recommended lists from the group
One group
“ur Do not have any direct impact on the profile Receive recommended lists from the group
“D” in both groups Involved in constructing both group profiles Receive recommended lists from both groups
Two groups “U” and “D” Will contribute to the group that made them satisfied Receive recommended lists from both groups
“U” in both groups Do not have any direct impact on the profiles Receive recommended lists from both groups

After identifying the groups, the profile of each group will be calculated using the weighted average strategy as
Formula (3).

3.6 Time complexity

In the group formation stage, processing is performed on each user’s neighbors per iteration to examine incoming
information flows. Let A denote the maximum node degree, m the number of users, and k the number of iterations. The
resulting computational complexity of this stage is O(mkA®). Additionally, for each user, a memory structure of bounded
size E is maintained to store historical group assignments. Processing this memory incurs a time complexity of O(mE).
Similarly, for the group profile construction component, the computational cost depends on G (the number of identified
groups), S (the maximum group size), and » (the number of items), resulting in a time complexity of O (GSn).
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4. Experimental evaluation
4.1 Dataset

To conduct a comprehensive evaluation of the proposed method, we employed a diverse set of datasets. The
primary experiments use the MovieLens 100K (MLP) and MovieLens 1M (MLM) datasets, which are among the most
widely adopted benchmarks for assessing recommender system performance and scalability. In addition, the Southern
Women and Karate Club datasets-both lacking rating matrices and containing minimal structural information-are
included to evaluate the algorithmic behavior of the proposed method under controlled, interpretable conditions.

I. MovieLens Dataset:

The MovieLens datasets, curated by the GroupLens research team, are extensively used for benchmarking
recommender systems. In this study, we utilize the 100K (MLP) and 1M (MLM) versions. Detailed statistics, including
the number of users, items, and ratings, are provided in the accompanying table. Both datasets also include demographic
attributes such as age, gender, and occupation, enabling a richer analysis of user behavior and the impact of the proposed
approach on preference modeling (Table 7).

Table 7. MovieLens dataset details

Dataset # Of ratings # Of users # Of items Sparsity Ratings Other points

MLP 100K 943 1,682 93.70% {lto5} Each h ted at
ach user has rated af

. least 20 items
MLM 1 Mil 6,040 3,952 95.75% {1 to 5}

II. Southern Women Dataset:

This dataset consists of 18 women who attended 14 social events over a period of nine months. It represents a
bipartite graph with two types of nodes: women and events. The dataset captures the social interactions between women
attending these events.

III. Karate Club Dataset:

The Karate Club Dataset is a well-known social network dataset that represents friendships between members of a
university Karate club. It has been widely used in network analysis and social network research. 34 nodes (representing
club members) and 78 edges (representing friendships between members). The dataset is often used for network analysis
and community detection tasks.

4.2 Evaluation metric

In order to evaluate the quality of predictions made by the proposed algorithm, we will use the Root Mean Square
Error (RMSE) as a measure. RMSE is a standard metric for evaluating model error and is based on the differences
between predicted and actual scores. The RMSE is defined as follows:

15
RMSE = .

[7xh)
1

where ei, represents the estimated score for item in group “Gg”. This estimated score can be obtained in the
prediction or recommendation stage using the proposed methods. Furthermore, 7, represents the actual score given to
item “i”” by user “u” who is a member of group “Gg”. In this formula, “n” represents the number of items with known
scores in the test dataset.

172
1
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4.3 Evaluation results

Experiment 1 Analyzing the stability of the proposed algorithm.

The algorithm under consideration underwent 25 times on the MovieLens-100K dataset. Notably, in 92% of these
instances, the algorithm achieved a stable state, disregarding the termination condition, involving 8 and 9 iterations. It is
noteworthy that the number of iterations in the remaining cases closely approximates this outcome as well.

Figure 6a and b illustrate the algorithm’s error rate in both mentioned cases. As observed, in the initial iterations,
the algorithm’s error rate is very low because each user has a unique label in the graph. As the algorithm progresses and
users are placed in different communities, the error rate gradually increases. However, during this process, there are
instances where the error decreases due to finding more suitable communities.

(@) (b)
1.4 1.4
1.2 1.2
1.0 1.0
& 0.8 @ 0.8
2 2
Z 06 Z 0.6
0.4 0.4
0.2 . 0.2 -
—@— [teration’s Error —@— lteration’s Error
0 0
1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9 10
Tterations Tterations

Figure 6. The error upon the algorithm’s termination after (a) 8 iterations and (b) 9 iterations

Experiment 2 Accuracy of the proposed algorithm.

The final results of the algorithm on the specified datasets, considering the termination condition, are illustrated
through Figure 7a and b. Across three datasets, this maximum number of iterations satisfying the termination condition
is identified as six. Notably, the proposed algorithm exhibits commendable performance in datasets encompassing user
information, such as MovieLens, along with simulations and their results.

(a) (b)
1.8
Lo 1.6
1.4 1' .
12 1'2

w 1.0 v
& & 1.0
&~ 0.6 w 0.6
0.4 0.4
0.2 s .
—@— lteration’s Error 0.2 —e— Iteration’s Error
0 0
1 2 3 4 5 6 7 2 4 6 8 10
Iterations Iterations

Figure 7. (a) MovieLens Dataset-100K (MLP) and (b) MovieLens Dataset-1Mil (MLM)

Several studies in the literature have reported RMSE values for group recommendation or community-based
prediction tasks on datasets comparable to those employed in this study. Specifically, Reference [17] reported an RMSE
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of 1.05, Reference [18] reported 0.97, Reference [19] obtained 0.95, and Reference [5] achieved 0.91. By comparison,
the proposed method attained an RMSE of 0.86, indicating superior predictive accuracy relative to these previously
reported results. Although additional studies discussed in the related work section differ in terms of methodological
assumptions and dataset configurations, this comparative analysis nevertheless provides a meaningful indication of the
effectiveness and competitiveness of the proposed approach. It is important to clarify that the comparative evaluation
focuses on baseline models that are methodologically aligned with the proposed framework. Specifically, the selected
baselines represent classical and influence-based GRSs that do not rely on end-to-end supervised learning, large-scale
model training, or predefined group structures. Many recent group recommendation approaches are based on deep
neural or graph neural architectures and require extensive labeled interaction data and task-specific training objectives.
As such, they are not directly comparable to the proposed cognitively inspired, fully unsupervised framework, which
addresses a different problem setting.

The goal of this evaluation is therefore not to demonstrate superiority over all recent neural models, but to show
that incorporating cognitive theories, influence streams, and overlapping group membership can yield substantial
performance improvements over established group recommendation paradigms while maintaining interpretability and
minimal data requirements.

Additionally, an assessment of the proposed method is conducted in scenarios where user information is absent,
exemplified by the Southern Women and Karate Club datasets. In these instances, the algorithm relies on structural
characteristics. Figure 8a and b depict that even in the absence of user information, the algorithm continues to yield

satisfactory results.

(@) (b)
1.2 1.2
1.0 1.0
. 0.8 " 0.8
2 e 2
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—@— Iteration’s Error —@— [teration’s Errorl
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1 2 3 4 5 6 7 1 2 3 4 5 6 7
Iterations Tterations

Figure 8. (a) Southern women dataset and (b) Karate club dataset

Experiment 3 Number of groups analysis.

In this section, our analysis aims to find the correlation between the number of identified groups and RMSEs.
Table 8 depicts the count of identified groups in the Movielens-100K (MLP) dataset, incorporating termination
conditions for the proposed method. Notably, the table reveals that in the final iteration (iteration 6), all 943 users are
categorized into approximately 51 groups, demonstrating an average grouping result.

Table 8. Number of identified groups in each iteration

Tteration # 1* iteration 2" jteration 3" iteration 4™ jteration 5" iteration 6" iteration

# Of groups ~ 588 ~426 ~331 =266 ~ 111 ~51

Experiment 4 Examining the influence of incorporating overlapping communities.
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Figure 9 depicts the repercussions of accounting for overlapping groups. In this experimental setup, Case 2 denotes
the implementation of the proposed algorithm without considering overlapping groups, whereas Case 1 incorporates this
feature. Given that individuals in non-overlapping groups can exclusively belong to a single group, the initial iterations
show a superior error performance for Case 2 compared to Case 1. However, the chart illustrates that, with a progression
in iterations, an enhancement in the accuracy of overlapping groups becomes evident.

0.8

0.6 1

RMSEs

0.4 1

0.2 1

Iterations

Figure 9. Comparing the error of proposed method in two cases considering overlapped-communities and non-overlapped communities

Experiment 5 Analysis of time complexity with users’ growth.

In this section, we aim to analyze the time complexity of the proposed method with users’ growth. The execution
time of the proposed method is assessed on a 16-core system with 16 gigabytes of available memory, operating on
Windows Server 2008. The following table shows the execution time data for the proposed method. Figure 10 is
dedicated to comparing the execution time of each iteration of the algorithm with an increasing number of users. This
comparative analysis provides insights into the scalability of the algorithm.

o Time VS
Users” Growth

0 200 400 600 800 1,000
Users

Figure 10. Time analysis VS users’ growth

Experiment 6 Error analysis with users’ growth.
In addition to the above analysis, the error rate in this method is also examined based on the growth rate of users in
each iteration. Figure 11 will illustrate this comparison.
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Figure 11. Error analysis with the users’ growth

5. Conclusion and future work

This article endeavors to provide accurate recommendation lists by eliminating restrictive assumptions such as
a predefined number of groups or explicit knowledge of user network topology, while requiring only minimal input
information. By adopting a cognitively inspired perspective, the proposed framework identifies groups of users with
similar preferences through an iterative process grounded in well-established cognitive theories. User satisfaction levels,
incoming influence streams during decision-making, and the impact of each stream on individual users are explicitly
modeled. Moreover, allowing users to belong to overlapping groups enhances the expressiveness of group behavioral
profiles and ultimately improves the accuracy of the generated recommendation lists.

While the proposed framework assumes cooperative information exchange among users during the iterative
interaction process, real-world environments may involve more complex, strategic, or even adversarial behaviors.
An important direction for future work is to extend the current interaction modeling to game-theoretic formulations,
particularly repeated coalition formation games, where users strategically adapt their group affiliations over time. In
addition, the proposed cognitive model relies on human-centric attributes such as age, gender, and social position
to estimate confidence coefficients and influence dynamics. When deploying such models in real-world systems,
particularly at scale, it is essential to address privacy and data protection concerns associated with sensitive personal
information.
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