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 With rapid advancements in information and communication 
technology, recommender systems have become vital tools across a 
wide range of online activities and e-commerce processes. 
Collaborative recommender systems, which utilize user data and 
contributions to provide suggestions, represent a significant 
innovation in this field. In this paper, we conduct an analysis of 
collaborative recommender systems and evaluate their impact on 
enhancing the efficiency and accuracy of recommendations. To this 
end, we propose a deep learning approach using a Graph 
Convolutional Network (GCN), as a special type of Graph Neural 
Network (GNN). By assigning weights to edges between nodes, 
scores are calculated for these edges. The importance of the edges 
varies based on the number of neighboring nodes and their proximity 
to the target node. The higher the edge score, the more significant the 
path. To calculate edge weights, we leverage metrics such as Jaccard 
similarity, cosine similarity, LHN index, and Salton cosine similarity. 
This approach improves the identification of relationships between 
nodes and enhances the accuracy of the recommender system. For 
implementation, we utilized two well-known datasets: MovieLens 
and Yelp2018. Ultimately, users were clustered into the clusters, with 
a large number of nodes within each cluster. By clustering users, we 
increased the number and diversity of recommendations. This 
significantly improved the performance of the recommender system, 
yielding promising results. 
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1. Introduction 
Recommender systems, as powerful tools for 
providing personalized suggestions to users, are 
widely used in various domains such as e-
commerce, social media, and online streaming 
platforms [1]. One of the most common techniques 
in these systems is collaborative filtering, which 
generates recommendations by analyzing patterns 
of similarities between users and items [2]. This 
technique can be broadly categorized into user-
based and item-based filtering methods, both of 
which rely on historical interactions to infer 
preferences [3]. However, traditional collaborative 
filtering methods suffer from scalability issues and 
sparsity in user-item interactions, rendering them 
less effective for large-scale applications [1]. To 

overcome these limitations, researchers have 
explored various machine learning and deep 
learning approaches, enabling more sophisticated 
and accurate recommendations [1,4]. Recent 
advancements in Graph Neural Networks (GNNs) 
[2] have further enhanced recommender systems 
by modeling user-item interactions as graph 
structures, allowing for more nuanced and dynamic 
representations. 
In recent years, Artificial Neural Networks (ANNs) 
have extensively used in different research areas 
[5-22]. Specifically, GNNs have emerged as 
powerful tools for learning graph representations 
and have been effectively applied to recommender 
systems. These models enhance user and item 
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representations by employing message passing on 
graph nodes, whereby each node gathers 
information from its neighboring nodes [1]. Unlike 
traditional matrix factorization and deep learning-
based methods, GNNs can capture higher-order 
connectivity and implicit relationships, making 
them particularly effective for handling sparse 
data. However, despite their advantages, recent 
studies indicate that the message-passing 
mechanisms in GNN models may inadvertently 
collect irrelevant or even harmful collaborative 
signals from user-item interactions. These 
unintended signals can lead to over-smoothing, 
where the learned representations of nodes become 
indistinguishable, ultimately degrading 
recommendation performance [23]. Additionally, 
noise in user behavior, such as random clicks or 
exploratory interactions, can further distort the 
quality of aggregated messages [24]. Addressing 
these challenges requires novel methodologies to 
refine message-passing processes and selectively 
filter out misleading signals to ensure optimal 
performance. 
To tackle these issues, we analyze the message-
passing mechanisms in GNN-based recommender 
systems and build upon an existing approach to 
enhance its effectiveness. In this work, we adopt 
the Common Interaction Ratio (CIR) and the 
Collaboration-Aware Graph Convolution (CAGC) 
from the base paper and integrate them into our 
proposed model. CIR quantifies the significance of 
messages received from neighboring nodes, 
helping to identify and prioritize relevant 
collaborative signals while filtering out noisy 
interactions. Leveraging this metric, CAGC 
selectively aggregates information from neighbors 
based on their relevance to the user’s actual 

preferences [2]. Our model extends this foundation 
by further refining the integration of these 
techniques, ensuring that only meaningful 
interactions contribute to the final 
recommendation. Extensive experiments on real-
world datasets demonstrate that our model 
significantly outperforms existing state-of-the-art 
approaches, achieving higher recommendation 
accuracy and robustness. 
The remainder of this paper is structured as 
follows. Section 2 reviews related work on 
recommender systems and GNN-based 
approaches. Section 3 elaborates on the proposed 
methodology in detail. In Section 4, we present our 
experimental setup, dataset, and evaluation 
metrics. Section 5 reports the results and 
performance evaluation. Finally, Section 6 
concludes the paper and outlines potential future 
research directions. 

2. Literature review 
Recommender systems, born from remarkable 
advances in cognitive sciences, approximation 
theory, information retrieval, and prediction 
theory, have evolved swiftly since their early 
development, playing a crucial role in shaping 
today’s commercial landscape regardless [4]. Such 
systems eliminate non-essential data from vast data 
volumes, selecting items that can fulfill users' 
latent needs. Traditional recommender systems 
typically focus on whether users have shown 
interest in or rated a particular item [23]. By 
analyzing historical interaction data, they uncover 
users' latent needs and offer effective 
recommendations. In 2008, Ma et al. took an 
innovative step by integrating users' social 
interaction data with historical item rating data. 
This pioneering effort introduced the Social 
Recommendation (SoRec) algorithm, which was 
based on probabilistic matrix factorization (PMF) 
[3]. Recognizing the growing importance of social 
influence on recommendations, studies in this 
domain experienced exponential growth. In 2010, 
Jamali further explored how trust spreads among 
users and their social connections, skillfully 
combining matrix factorization methods with 
dynamic trust modeling to construct the Social MF 
model. GNNs collectively refer to models that 
apply neural networks to graphs, exhibiting strong 
capabilities in learning from structured graph data 
[2,25]. A graph consists of nodes and their 
connecting edges, representing inherently non-
Euclidean spatial data structures. One of the most 
common examples of graph-based data is social 
network data. Utilizing GNNs, social network 
graph models can be seamlessly integrated into 
recommender systems [2]. Consequently, social 
recommendation systems have increasingly 
attracted attention [26]. Leveraging deep learning 
to merge insights from social networks allows for 
a more comprehensive understanding of user and 
item characteristics, ultimately improving 
recommendation quality and user satisfaction. 
Building on this concept, Graph Sample and 
Aggregate (GraphSAGE) serves as an inductive 
learning model designed to effectively create 
embedding functions for unseen vertices using 
their attribute information [27]. This addresses the 
issue of models' inability to generalize to new, 
unseen nodes that were not present during the 
training phase. Expanding on the GraphSAGE 
framework, Ying et al. proposed a powerful Graph 
Convolution Network (GCN) method that 
integrates random walk strategies with graph 
convolution operations to learn node embeddings. 
The model's key advantage is its capability to 
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extend from limited samples to more complex, 
unfamiliar patterns, making it well-suited for real-
world applications where graph structures are 
continuously evolving [28].  
Graph representation learning has been extensively 
explored in recent years to enhance collaborative 
filtering (CF) models by capturing high-order 
collaborative relations [25]. GNNs have proven 
effective in modeling user-item relationships for 
recommender systems. These models leverage 
recursive message passing on user-item graphs to 
generate embeddings, capturing intricate 
dependencies. Early approaches, such as Stacked 
and reconstructed graph convolutional networks 
(Star-GCN) [29], applied GCNs for mapping 
interactions into latent embeddings [8]. To simplify 
message propagation, methods like Lightweight 
Graph Convolutional Network (LightGCN) [30] 
and Graph Convolutional Collaborative Filtering 
(GCCF) [31] removed non-linear transformations, 
making graph-based recommendations more 
efficient. Additionally, hyperbolic space 
representation, as used in Hyperbolic Graph 
Collaborative Filtering (HGCF) [32], has been 
introduced to improve embedding quality for 
graph-based CF. 
One study leverages a graph attention-based 
collaborative filtering model that jointly learns 
user-item interactions and knowledge graph 
embeddings via deep neural networks, improving 
recommendation specificity and explainability 
[33,34]. A complementary work introduces a deep 
learning knowledge graph neural network 
framework that models user, item, and item-
attribute relationships to deliver informed and 
interpretable event recommendations [35]. 
Another study proposes a multimodal movie 
recommendation system using a graph 
convolutional neural network that captures high-
order and cross-modal signals to enhance rating 
prediction [36]. These efforts align with a novel 
knowledge graph recommendation algorithm 
based on graph convolution networks aimed at 
boosting collaborative filtering via structurally rich 
KG embeddings [37]. Together, these works point 
toward a growing trend: embedding knowledge 
graphs into deep learning architectures, whether 
via attention or convolution, to improve 
personalization, interpretability, and performance 
in recommendation tasks. However, most of the 
graph-based models proved less effective primarily 
because they treat all neighboring nodes with equal 
importance when aggregating information. This 
uniform weighting can lead to suboptimal 
representations, especially in recommendation 
scenarios where some interactions or connections 

are inherently more significant than others. As a 
result, the model may fail to capture the nuanced 
patterns of user preferences and item relationships. 
Recent research has explored self-supervised 
learning (SSL) to mitigate issues related to data 
sparsity and noise in recommender systems. A 
notable SSL paradigm is contrastive learning, 
where positive and negative sample pairs are 
strategically aligned and contrasted. Various data 
augmentation techniques have been employed in 
this domain, including random graph perturbations, 
as seen in Self-supervised Graph Learning (SGL) 
[38], and node embedding modifications. Other 
works focus on pre-defined alignment methods for 
structured contrastive learning, such as hypergraph 
construction in HCCF [39] and user clustering in 
Neighborhood-enriched Contrastive Learning 
(NCL) [40]. These advances demonstrate that SSL 
can effectively enhance recommendation models 
by leveraging additional structural insights, 
improving robustness and generalization in real-
world scenarios. 
                                                                                                  
3. Proposed model 
In this section, details of the proposed model are 
presented in two main blocks: base model 
architecture and user clustering. The flowchart of 
the proposed model is illustrated in Figure 1. 
 
3.1. Model Architecture 
In the baseline model, CAGCN (Collaboration-
Aware Graph Convolutional Network) is utilized 
[2]. This model is essentially a GCN with the 
weighted edges between nodes [41]. To calculate 
these edge weights, similarity formulas such as 
Jaccard similarity [42], Salton cosine similarity 
[43], and the Leicht-Holme-Nerman (LHN) index 
[44] are employed. The formulas for these metrics 
are provided below. In all the following 
formulas, Ni

1 denote the set of first-order 
neighbors (i.e., directly connected nodes) of node 
i, and similarly, Nj

1 denotes set of first-order 
neighbors of node j. These neighbor sets are used 
to compute structural similarity between nodes. 
Jaccard Similarity (JC): The Jaccard similarity 
measures how similar two nodes are in terms of 
their neighborhoods by taking the ratio of the 
intersection of their neighbors to the union of all 
their neighbors. A higher value indicates a greater 
degree of similarity, meaning that a larger fraction 
of their neighbors is shared. It is defined as: 

 

1 1

1 1
, i j

i j

Jc i j
N N
N N






                                              (1) 
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Salton Cosine Similarity (SC): This metric 
measures the cosine of the angle between two 
binary vectors representing the neighborhoods of 
nodes i and j. A value close to 1 indicates that the 
nodes share a proportionally large number of 
neighbors relative to their total number of 
neighbors. It is calculated as: 

 

1 1

1 1
, i j

i j

Sc i j
N N
N N






                                          (2) 

Leicht-Holme-Nerman (LHN): The LHN index 
tends to penalize pairs of nodes with high degrees 
even if they share several neighbors because the 
actual overlap is significant compared to what 
might be expected by chance. It is defined as: 

 

1 1

1 1
,

.
i j

i j

LHN i j
N N
N N




                                           (3) 

Dice Similarity: A higher Dice score indicates a 
stronger similarity between nodes based on their 
shared local connections. It is computed as: 

 

1 1

1 1

2*
, i j

i j

Dice i j
N N

N N





                                       (4) 

Cosine Similarity: This metric is effective for 
capturing similarity in terms of direction rather 
than magnitude, making it suitable for comparing 
the structure. It is defined as: 

  1

2 2

1 1

Cosine ,

m

i j
i
m m

i j
i j

i j
N N

N N


 




 

                                        (5) 

The expected number of common neighbors is 
higher in such cases. Therefore, a high LHN index 
signals that when calculating edge weights, the 
number of neighbors for each node is considered as 

the nodes directly connected to the target node. 
These relationships can have various meanings in 
the dataset, such as purchasing, rating, liking, 

commenting, sharing, and other forms of 
interaction that define the type of connection. This 
approach of weighting edges based on the specific 
type of interaction and the similarity between 
nodes helps capture richer relationships, improving 
the model's accuracy and relevance in providing 
recommendations. This architecture operates by 
calculating the embeddings of users and items 
while considering the relationships between them. 
To differentiate the connections between nodes, the 
aforementioned formulas are utilized. By applying 
these formulas, weights are assigned to the edges. 
The higher the similarity between the nodes, the 
greater the weight of the edge connecting them 
[45]. This weighted approach allows the model to 
better capture the significance of the relationships 
between nodes, ensuring that more meaningful 
connections contribute more significantly to the 
embedding process and ultimately improve the 
quality of recommendations. Let L_hops denote 
the number of edges linking a node to its 
neighboring nodes. In the base paper, L_hops was 
set to 2, meaning that up to 2 edges from the 
neighborhood of each node were considered. 
However, in this paper, we extend this to 3 edges 
to capture a broader range of connections. In Figure 
2, a sample relationship between users and items is 
illustrated. Here, u represents the target user, v is a 
non-target user connected to items associated with 
the target user, and J represents the items linked to 
the target user. 𝑝𝑗1𝑗2

2  demonstrates that L_hops 
indicating paths of 2 edges between items j1 and j2. 
In Figure 2, the computation of the Common 
Interacted Ratio (CIR) between the target user (u) 
and items connected to the target user is presented 
[2]. This metric is used to calculate edge weights. 
The higher the CIR value, the more significant the 
corresponding path. Here, we demonstrate that by 
configuring different functions f and parameters 𝐿̂, 
the general formula ∅u 

𝐿̂ (j) can represent many well-
known graph similarity metrics. The overall form 
of this equation remains the same and is expressed 
as follows: 

 
 1 2 2

ˆ
ˆ 2

21 1
1

1 1

|L L
u jiji

L LL
u L

Liu k ji

j
f KN p pN N


 


   

  
       (6) 

Let 𝐿=1 and set 𝑓({Nk
1|𝐾 ∈  pji

2L }) = |Ni
1  ∪  Nj

1| then, 
the following formula calculates the CIR for the 
target user using Jaccard similarity: 

   
1 2 1 12

2 21 1
ˆ 2

1 1 1 1 1 1 1

1 1 ,
L L

u u ujiji

i jL
u

i i iu i j u i j u

j Jc i j
N p N N

N N
N N N N N N N

 


  


  
   
 

   

 (7) 

where: 
 ∅u 

1 : Denote the first-order CIR-based 
similarity score between node u and node j. 

 β: The returned weight in the GNN. 

Figure 1. Flowchart of the proposed model. 
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 Nu
1: The number of items in the direct 

neighborhood of the user. 
 ρji

2: The set of 2-edge paths from j to i. 
 jc(i,j): Jaccard similarity between nodes i and 

j. 

3.2 Improvements in the Proposed Model 
In comparison with the CAGCN model, the 
proposed approach introduces improvements 
in two main aspects: 
Replacing GCNConv with GATConv: Instead of 
the GCNConv layer, the GATConv layer is used to 
enhance performance by leveraging attention 
mechanisms. Specifically, 

  1 ll l
i jijj N i Wh h 



                                        (8) 

  
   

exp LeakyReLU ||

exp LeakyReLU ||

T l l
i j

ij T l l
i kk N i

W W

W W

a h h
a h h




 
 


 
 

            (9)  

where σ(∙) is a non-linear activation function; 𝑊𝑙 
is a shared weight matrix; ℎ𝑗

𝑙 represents the input 
feature vector of neighboring node 𝑗 at layer 𝑙; 𝑁(𝑖) 
is the set of neighboring nodes of node; 
LeakyReLU(∙) indicates the leaky rectified linear 
unit activation function with a small negative 
slope; 𝛼𝑖𝑗 represents the attention coefficient 
indicating the importance of node 𝑗's features to 
node 𝑖; 𝑎 is a learnable weight vector for 
computing attention scores; and [∙ || ∙] denotes 
vector concatenation. This formulation allows the 
network to dynamically learn edge importance 
based on node feature interactions, enabling 
context-sensitive aggregation rather than fixed 
weights, and making the model more expressive 
and adaptive throughout training. 
User Clustering: The core idea of this paper is 
to cluster users in order to reduce the overall 
complexity of the graph. By grouping users 
into clusters, the number of distinct user nodes 
is significantly decreased. Rather than 
operating on individual users, the model 
utilizes the aggregated clusters, effectively 
reducing the interaction matrix to the 
representative users. Consequently, item 

scores are computed only for the cluster 
representatives. The clustered user embedding, 
ℎ𝑢

𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑒𝑑, is computed as: 

1

c
clustered
u uc

c
ch 




                                                       (10) 

where 𝑐 denotes the number of clusters and 𝜇𝑢𝑐 
represents the degree of user 𝑢's association with 
cluster 𝑐.  
The fuzzy clustering method is employed for user 
clustering [34]. Based on prior research conducted 
on the same dataset, we compared several 
clustering methods, including K-means, SOM, C-
means & Max, and C-means & COG. Consistent 
with those findings, we selected the fuzzy C-means 
approach due to its superior performance in 
capturing user similarity and reducing error. Fuzzy 
clustering, also known as the Fuzzy C-means 
algorithm, is a variation of the K-means algorithm. 
Unlike K-means, which assigns data points 
exclusively to a single cluster, fuzzy clustering 
uses degree-based assignment. In this approach, 
each data point can belong to multiple clusters to 
varying extents, meaning that every data point is 
associated with a specific degree of membership in 
each cluster. Based on a review of previous studies 
conducted on this dataset, we identified the optimal 
number of clusters [46,47,48]. Clustering was 
performed based on the ratings users assigned to 
movies. The clustered data were then input into our 
model, which reduced the size of the interaction 
matrix. After calculating edge weights in the graph 
and determining the CIR, the item-user rating 
matrix was generated. For new users, their 
similarity to existing clusters was identified using 
cosine similarity [49]. Once a cluster match was 
determined, new items that the target user had not 
seen could be recommended. This approach led to 
an increase in both the number and diversity of 
recommendations. Cosine similarity was used to 
calculate the similarity between a user and other 
users as follows: 

  1

2 2

1 1

.
,

*

m

ij ik
ji k

i k m m
i k

ij kj
j j

Sim
r rr ru u r r r r



 

 



 

                         (11)                     

In the formula, 𝑢𝑖 represents the i-th user, 𝑢𝑘  
represents the k-th user, r indicates the rating, and 
m is the number of items. Once the new user’s 

similarity to a specific cluster is determined, 
recommendations can be made. In this study, 10 
recommendations were generated for each user. 
 
4. Experimental settings  
In this section, we first outline the experimental 
settings, which strictly follow [2]. Then, we 
conduct a comparative analysis of our proposed 

Figure 2. Sample graph. 
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method against other graph neural network-based 
approaches. The proposed method was trained 
using the Adam optimizer with a learning rate of 
0.0001. The learning rate was adaptively decreased 
based on changes in the network’s loss function, 

guiding the model toward an optimal state. L2-
regularization with a coefficient of 1𝑒−3 and γ=1 

was applied to help prevent overfitting. The 
training process was conducted over 1000 epochs 
with a batch size of 1024. The proposed method 
was implemented on a system with 16 GB P100 
graphics processing unit (GPU) and 29 GB RAM, 
with experiments conducted over 1000 iterations. 
 

4.1. Cost Function 
The cost function measures how much the model’s 

predictions deviate from the true values and serves 
as a guide for improving its accuracy. This function 
directs the optimization of the network’s weights to 

minimize errors. The performance of the cost 
function is critical during the model training phase. 
In this study, we employed the Bayesian 
Personalized Ranking (BPR) loss [50]. BPR is 
specifically designed for collaborative 
recommendation systems, aiming to rank items for 
a particular user such that items of interest to the 
user are positioned higher in the ranking. The goal 
of this function is to maximize the likelihood that a 
positive item the user has interacted with is ranked 
above a negative item, which the user has not 
interacted with. In other words, the function seeks 
to guide the model toward accurately predicting 
user preferences. 
The formula for calculating the BPR loss is shown 
below, where σ is the sigmoid function. 
yui represents the scores of items that are 
connected to and interacted with by the target user, 
calculated as yui =  eu

T ei ,  yui−  represents the 
scores of items not connected to the target user, 
calculated as T

u iuiy e e 


. 

 , ,

lnBPR ui
u i O

uii
y yL  




    
 



                                          (12) 

4.2. Dataset 
For this research, we relied on the MovieLens 
dataset [http://grouplens.org/datasets/movielens], 
curated by the GroupLens Research Group at the 
University of Minnesota. This dataset is widely 
recognized as a reliable benchmark for evaluating 
recommendation algorithms. The MovieLens 
dataset contains 6040 users and 3900 items, with a 
total of 1000209 interactions, where interactions 
represent user ratings of movies. This number 
reflects the total connections between users and the 
items they interacted with. A detailed analysis of 
the dataset is provided below. In Figure 3, the 
horizontal axis represents the rating values ranging 
from 1 to 5, while the chart shows the number of 
interactions for each rating category.  

The MovieLens dataset is represented as a 2 
Dimensions NumPy array with the following 
format: 𝐴𝑖𝑗(𝐴𝑖 act in place of the movies, and the 
values are centered on zero by subtracting the mean 
from the respective elements) [51]. 
The Yelp2018 dataset is derived from the 2018 
edition of the Yelp Challenge. It contains 
comprehensive information on user reviews and 
local businesses, such as restaurants and bars, 
which are treated as items in recommendation 
settings. To ensure the reliability and quality of the 
data used in experiments, the dataset follows a 10-
core setting, where each user and each item has at 
least 10 interactions. This setup helps filter out 
sparse user-item interactions and is widely used in 
recommendation research for consistent 
benchmarking. 

Figure 4. (a) User-item graph. (b) Clustered user graph. 

 (a) 

 (b) 

Figure 3. The number of connections by points. 

http://grouplens.org/datasets/movielens
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5. Results and discussion 
The section presents the experimental results and 
provides a detailed discussion of their implications. 
The statistical details of the datasets are presented 
in Table 2. Specifically, this section offers an in-
depth analysis to address the following research 
questions: 
- How does user clustering affect recommender 
systems? 
- Which similarity measurement formula between 
nodes is more effective for weighting edges? 
Figure 4(a) depicts a standard graph in which U 
represents the target user, i refers to the movies 
connected to the target user, and v denotes other 
users who have rated these movies. In contrast, 
Figure 4(b) shows a simplified version of this 
graph, where users have been grouped into clusters, 
making the structure more organized.  
To assess the impact of different similarity 
measurement formulas on edge weighting, we 
analyzed the results of two evaluation metrics: 
Recall and NDCG [52]. The detailed findings are 
presented below. 
Recall measures the proportion of true positive 
samples correctly identified by the system or 
model. It indicates the proportion of relevant items 
that have been successfully retrieved by the model. 
Normalized Discounted Cumulative Gain (NDCG) 
is one of the most common metrics used to evaluate 
the quality of recommender systems and search 
engines. This metric assesses the relevance of 
items recommended or ranked by a system, 
prioritizing more relevant items at the top of the 
list. In NDCG, items ranked higher should have 
greater value. Higher-ranked, more relevant items 
contribute to a better score—the higher the score. 
NDCG is scale-independent and optimized for 
measuring qualitative performance [31]. To 
calculate NDCG, we first compute the Discounted 
Cumulative Gain (DCG), which accumulates 
relevance scores with decreasing weight as the rank 
position increases. Then, we calculate the Ideal 
Discounted Cumulative Gain (IDCG), representing 
the best possible scenario where all items are 
perfectly ranked in descending order of relevance. 
The formulas for DCG and IDCG are as follows: 

 1
2

1log
k

i
k

i i
relDCG







                                                (13) 

 

 1
2

1log
idealk

i
k

i i
relDCG
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The table below compares the performance of the 
CAGCN model with GCN and GAT layers. The 
results demonstrate that the proposed model 
incorporating GAT layers exhibits superior 
accuracy. 

While recent models such as UltraGCN [53], SGL 
[54], and HCCF [55] have made significant 
progress in graph-based recommendation by 
introducing simplified propagation schemes, self-
supervised objectives, and hypergraph structures, 
they still face challenges related to graph noise, 
scalability, and embedding over-smoothing. The 
proposed method outperforms these baselines by 
explicitly addressing these limitations through the 
integration of fuzzy clustering and attention 
mechanisms. Furthermore, we argue that models 
like UltraGCN, SGL, and HCCF could benefit 
from incorporating clustering techniques as a 
preprocessing step. By grouping similar users or 
items, clustering not only reduces graph size and 
complexity but also mitigates noisy or redundant 
connections, ultimately enhancing the 
effectiveness and efficiency of these models 
without deviating from their core methodologies. 
In Table 2, the accuracy of the proposed model was 
examined alongside other models that are 
structurally similar to the proposed model. 
Moreover, for a detailed comparison and to clearly 
illustrate the contribution of each component 
individually and in combination, Table 3 presents 
the ablation study results on the model 
components. This table shows the performance of 
the model with only GATConv, only clustering, 
and both components together. As the results 
indicate, the effect of clustering alone was greater 
than GATConv alone, and combining both 
components achieved the highest overall 
improvement in performance. 
In Table 4, we compared the proposed model 
before and after user clustering. The results show 
that by clustering users, the complexity of the 
model decreases and, as a result, the accuracy 
increases. 
Table 5 reports the final performance results of the 
proposed model on two benchmark datasets, 
MovieLens and Yelp. In addition to standard 
performance metrics, significance testing was 
conducted to evaluate the robustness of the 
observed improvements. Specifically, paired t-tests 
were performed between our method and each 
baseline across multiple experimental runs. The 
resulting p-values for Recall and NDCG are 
included in the table. These results indicate that the 
improvements achieved by our model are 
statistically significant (p < 0.05) in most cases, 
thereby reinforcing the effectiveness of the 
proposed approach. 
In the proposed model, 6,022 users are grouped 
into 18 clusters, effectively reducing the user-item 
interaction matrix to 18 representative users. 
Consequently, item scores are computed only for 
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these cluster representatives. To determine the 
optimal number of clusters, the Mean Absolute 
Error (MAE) and Root Mean Square Error (RMSE) 
values across different cluster counts are analyzed, 
as illustrated in Figure 5. Both error metrics show 
a significant decline up to approximately 18 

clusters, beyond which additional clusters yield 
only marginal improvements. Therefore, 18 
clusters are selected as the optimal balance 
between prediction accuracy and model 
complexity. 

 

Table 1. Comparison of types of similarity criteria.

With GCN Layer 

Model(similarity) CAGCN(JC) CAGCN(LHN) CAGCN(SC) CAGCN(DICE) CAGCN(COSINE) 

Recall 62.72 62.61 63.08 62.20 63.05 

NDCG 62.52 62.75 63.54 62.59 63.12 

With GAT Layer 

Model(similarity) CAGCN(JC) CAGCN(LHN) CAGCN(SC) CAGCN(DICE) CAGCN(COSINE) 

Recall 62.98 62.83 63.59 62.93 63.49 

NDCG 63.03 62.92 63.96 62.71 64.07 

 

Table 2. Evaluation of the proposed method and previous model. 

Table 3. Comparison of impact of GATConv and clustering on performance on the MovieLens dataset.
 

Model Recall NDCG 
Baseline CAGCN(JC) 62.72 62.52 

CAGCN(JC) + GATConv 62.98 63.03 
CAGCN(JC) + Clustering 63.43 64.12 

CAGCN(JC) + GATConv + Clustering 66.76 66.01 
Table 4. Comparison of the results obtained before clustering and after clustering of users. 

 
Table 5. Performance comparison of CAGCN variants with different similarity metrics on MovieLens and Yelp2018. 

datasets. 

Model(similarity) SASRec [36] BERT4Rec
[37] 

BPRMF [38] CAGCN 
(JC) 

CAGCN 
(LHN) 

CAGCN 
(SC) 

CAGCN 
(DICE) 

CAGCN 
(COSINE) 

Recall - - 12.95 62.98 62.83 63.59 62.93 63.49 

NDCG 59.05 48.18 61.02 63.03 62.92 63.96 62.71 64.07 

                                                                                           With GAT Layer 
Model(similarity) CAGCN(JC) CAGCN(LHN) CAGCN(SC) CAGCN(DICE) CAGCN(COSINE) 
Recall 62.98 62.83 63.59 62.93 63.49 
NDCG 63.03 62.92 63.96 62.71 64.07 
                                                   Clustered Data 
Model(similarity) CAGCN(JC) CAGCN(LHN) CAGCN(SC) CAGCN(DICE) CAGCN(COSINE) 
Recall 66.76 66.67 67.33 65.99 67.21 
NDCG 67.01 65.75 68.15 66.43 68.00  

Dataset Model CAGCN(JC) CAGCN(LHN) CAGCN(SC) CAGCN(DICE) CAGCN(COSINE) p-value 
MovieLens Recall 66.76 66.67 67.33 65.99 67.21 3.34e-4 

NDCG 67.01 65.75 68.15 66.43 68.00 3.78e-5 
Yelp2018 Recall 70.21 69.54 69.11 68.42 69.02 5.84e-7 

NDCG 70.69 66.38 69.91 66.75 70.87 4.97e-2 
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In Figure 6, for each user identified by ID number, 
10 offers are shown in the form of ID numbers. The 
sample is the final output display. 
In terms of computational complexity, our model 
performs fuzzy clustering as a one-time 
preprocessing step with a time complexity of 
𝑂(𝑁. 𝐶. 𝑑), where 𝑁 is the number of users, 𝐶 is 
the number of clusters (18 in our experiments), and 
𝑑 is the feature dimensionality. During training, 
each GATConv layer incurs a time complexity of 
approximately 𝑂(𝐹. |𝐸|), where |𝐸| represents the 
number of edges and 𝐹 the embedding size. While 
GAT layers introduce a higher per-edge 
computational cost compared to the baseline 
CAGCN, due to the dynamic computation of 
attention coefficients, this overhead is substantially 
mitigated by the clustering step, which reduces the 
effective graph size. 
Finally, we have calculated and compared the 
number of learnable parameters and the overall 
model complexity of our approach relative to the 
baseline CAGCN configurations. In the original 
CAGCN models, the total number of parameters 
primarily depends on the embedding size F, the 
number of layers L, and the choice of similarity 
weighting functions (e.g., JC, SC, or LHN). For 
instance, in CAGCN-JC on the ML-1M dataset, 
parameter counts are configured using 𝛾 = 2 and 
an L2-regularization factor of 1 × 10−3. Similarly, 
CAGCN-SC and CAGCN-LHN typically utilize 
embedding sizes between 64 and 128 with one or 
two layers, resulting in approximately 1.2 to 1.5 
million parameters in total. In the proposed model, 
the integration of GATConv layers increases the 
parameter count, as each attention head introduces 
additional sets of learnable weight vectors and 
projection matrices. Specifically, with a hidden 
embedding size of 𝐹 = 64, a single GAT layer 
with four attention heads contributes 
approximately 4𝐹 + 𝐹 parameters when combined 
with user and item embeddings. Consequently, our 
model contains around 1.8 million learnable 
parameters—representing a 25–35% increase 

compared to the original CAGCN baselines. 
Although this leads to a modest increase in model 
complexity and per-epoch training time (as 
previously discussed), it remains well within the 
capabilities of a single modern GPU. Importantly, 
this added capacity contributes directly to 
improved accuracy and more effective modeling of 
user–item interactions, as evidenced by the results 
in our experiments. 
Various studies have demonstrated that employing 
advanced techniques, such as graph-based models 
and deep learning, significantly enhances the 
performance of recommender systems. 
Specifically, leveraging user clustering and 
intelligently integrating information from 
neighbors enables the modeling of complex 
interactions between users and items. This 
approach not only reduces graph complexity and 
increases its density but also facilitates the 
generation of more diverse and accurate 
recommendations, particularly for new users or 
those with limited data. By identifying clusters for 
new users with insufficient information, it becomes 
possible to recommend new items effectively. 
Experiments conducted on the MovieLens dataset 
demonstrate that fuzzy clustering methods achieve 
higher Recall and NDCG scores than traditional 
approaches like K-means and SOM [56]. 
Moreover, recent advancements in deep learning 
and the adoption of deep neural network-based 
models [57] promise a bright future for 
recommender systems. These techniques, with 
their capabilities for extracting deep features, 
modeling nonlinear relationships, and providing 
advanced predictions, have successfully addressed 
the challenges faced by traditional systems. 
Overall, recent research underscores that 
integrating graph-based techniques, deep learning, 
and advanced clustering methods can significantly 
enhance the accuracy and performance of 
recommender systems [58]. 
While clustering reduces graph complexity, 
improves computational efficiency, and increases 
the diversity of recommendations, it also has some 

Figure 5. MAE and RMSE values across different 
numbers of clusters. Figure 6. Sample output results for each user. 
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potential downsides. In particular, grouping users 
into clusters may blur fine-grained personalization 
by merging distinct individual preferences into 
broader profiles. This can lead to information loss 
and occasionally reduce the accuracy of 
recommendations for users whose behaviors do not 
closely match the dominant patterns in their 
cluster. Additionally, static clustering does not 
adapt to changes in user behavior over time, which 
may cause outdated or less relevant 
recommendations. To address these limitations, 
future work will investigate adaptive clustering 
strategies that update cluster assignments 
dynamically, as well as hybrid methods that 
combine global clustering with personalized fine-
tuning for each user. 
 
6. Conclusion and Future Work 
In this study, we explored the capabilities of 
collaborative recommender systems and assessed 
their effectiveness in enhancing recommendation 
accuracy and efficiency. We proposed a deep 
learning-based framework leveraging a GCN, a 
subclass of GNNs, to model and analyze user-item 
interactions. 
By assigning adaptive edge weights based on 
similarity metrics such as Jaccard similarity, cosine 
similarity, the LHN index, and Salton cosine 
similarity, the model effectively captures the 
relative importance of relationships within the 
graph. This weighting mechanism enables more 
accurate edge scoring and better identification of 
relevant user-item paths. To validate our approach, 
we conducted extensive experiments on two 
benchmark datasets—MovieLens and Yelp2018. 
Furthermore, we introduced a user clustering 
strategy to reduce graph complexity and enhance 
diversity in recommendations. Grouping users into 
clusters significantly improved both computational 
efficiency and recommendation quality. Overall, 
the proposed model demonstrated robust 
performance, underscoring its potential for 
advancing collaborative recommendation systems. 
The following directions are proposed for future 
work, aiming to further improve the effectiveness 
and adaptability of recommender systems: 
1. Incorporating real-time user feedback: 
enhancing and fine-tuning the model dynamically 
using direct user feedback. 
2. Simultaneous clustering of users and items: 
exploring methods for clustering both users and 
items together to improve recommendations. 
3. Updating training data to reflect evolving user 
preferences: regularly updating training data to 
account for changes in user preferences over time. 
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 قیعم یریادگیبا استفاده از  یمشارکت گرهیتوص ستمیبهبود دقت س

 

 راضیه راستگو و *کوروش کیانی، مریم باغی

 .دانشکده مهندسی برق و کامپیوتر، دانشگاه سمنان، سمنان، ایران

 21/08/2025 پذیرش؛ 17/06/2025 بازنگری؛ 28/04/2025 ارسال

 چکیده:

 یندهایو فرا نیآنلا یهاتیاز فعال یاگسترده فیدر ط یاتیح ییبه ابزارها گرهیتوص یهاستمیاطلاعات و ارتباطات، س یدر فناور عیسر یهاشرفتیبا پ

از  یکی کنند،یاستفاده م شنهاداتیارائه پ یها و تعاملات کاربران براکه از داده ،یمشارکت گرهیتوص یهاستمیاند. سشده لیتبد کیتجارت الکترون

و دقت  ییها را بر بهبود کاراآن ریپرداخته و تأث یمشارکت گرهیتوص یهاستمیس لیمقاله، ما به تحل نی. در اروندیحوزه به شمار م نیمهم در ا یهاینوآور

گراف  یعصب یهااز شبکه یکه نوع (GCN) گراف کانولوشن ٔ  بر شبکه یمبتن قیعم یریادگی کردیرو کیمنظور،  نیا ی. برامیکنیم یابیارز هاهیتوص

(GNN) بسته به تعداد  هاالی تیاهم زانی. مشودیمحاسبه م هاالی نیا یبرا ییازهایها، امتگره نیب یهاالیوزن به  صی. با تخصمیدهیم شنهادیاست، پ

محاسبه وزن  یتر خواهد بود. براتر و مهممرتبط ریبالاتر باشد، مس الی ازیها به گره هدف متفاوت است. هرچه امتآن یکینزد زانیو م هیهمسا یهاگره

 ییموجب بهبود شناسا کردیرو نی. امیکنیو شباهت سالتون استفاده م LHNشاخص  ،ینوسیمانند شباهت جاکارد، شباهت کس ییارهایاز مع ها،الی

استفاده شده است.  Yelp2018و  MovieLensاز دو مجموعه داده معروف  ،یسازادهیپ یبرا .شودیم گرهیتوص ستمیدقت س شیها و افزاگره نیروابط ب

 شیافزا هاهیتعداد و تنوع توص ،یبندخوشه نیها بود. با ااز گره یادیشدند که هر خوشه شامل تعداد ز یبندگروه ییهاکاربران در قالب خوشه ت،یدر نها

 حاصل شد. یدبخشیام جیکرد و نتا دایبهبود پ یتوجه قابلطور به گرهیتوص ستمیو عملکرد س افتی

 .کانولوشن گراف یهاشبکه ،یبندخوشه ه،یتوص ،یمشارکت نگیلتریف گر،هیتوص ستمیس :کلمات کلیدی

 


