e

Fuzzy Optimization and
Modeling Journal

Volume 6, Issue 4, 062522 (1-10)

Fuzzy Optimization and Modeling Journal (FOMJ) I ®ICC

https://doi.org/10.57647/j.fom;j.2025.0604.22

Fuzzy-enhanced hybrid recommender system using
autoencoder and GRU with fuzzy ACO weighted fusion

Mahshid Salehi! ©“, Hassan Shakeri'*®,
Seyyed Javad Seyyed Mahdavi Chabok?

L Department of Computer Engineering, Ma.C, Islamic Azad University, Mashhad, Iran.
2Department of Electrical Engineering, Ma.C, Islamic Azad University, Mashhad, Iran.

*Corresponding author: hassanshakeri@iau.ac.ir

Original Research Abstract:

Received: Personalization in large-scale systems is made possible by recommender systems. Collaborative filtering is a
17 August 2025 traditional approach for recommendation, but it struggles to handle inaccuracy, data sparsity, and prediction
Revised:

error. Our study proposes a hybrid recommendation model that integrates timestamps, user characteristics,

iiiiig}ber 2025 and item characteristics to enhance prediction evaluation criteria, thereby addressing these limitations. A new
28 December 2025 user feature was created by fuzzy c-means clustering algorithm. Using three separate learning mechanisms,
Published in issue: AutoEncoder (AE) and Singular Value Decomposition (SVD), the method produces initial rating predictions
30 December 2025 based on the user features and item features, which are combined with user-item ratings. The Gated Recurrent

©2025 The Author(s). Published by  UNit (GRU) model takes a combination of user-item ratings and their timestamps as input to identify temporal

the OICC Press under the terms of  patterns in behaviors and make another initial prediction. The independent predictions are combined by

the Creative Commons Attribution .. . . . . .

License, which permits usc, distribu- AN OPptimization process, which is then followed by a weighted averaging step. The Fuzzy Ant Colony

tion ?defiimd“_c‘i_‘mli" ‘d“i‘?edi“m’ Optimization (Fuzzy ACO) method is utilized at this point to fine-tune the weights to carry out the ultimate

provided the original work is prop- .. . . .

erly cited. prediction. The efficacy of our hybrid model was evaluated on the MovieLens 1M and MovieLens 100K
datasets. In terms of RMSE, MAE, precision, and recall, our model surpasses baseline models in evaluation

measures.

Keywords: Recommender system; Fuzzy C-means; AutoEncoder; Fuzzy ACO; GRU

1. Introduction increased the usefulness of recommender systems [13].
Traditional recommender systems are built on Collaborative
Filtering (CF) and Content-Based Filtering (CBF). The CBF
uses the item features to construct a recommendation model.
With this method, products are recommended to users based
on an analysis of their profiles and prior interactions [14].
Nonetheless, CF is becoming a more well-liked method
that uses user preferences to make suggestions. This model
classifies users into clusters of neighbors according to their
similarities. Individuals with similar behavioral patterns
should be given the recommendation [15]. Despite hav-
ing distinct benefits, both CF and CBF have cons as well.
Although CBF would find it challenging to predict user
preferences correctly in situations where product qualities
are high-dimensional (e.g., a large number of features) or
intricate (e.g., a complex movie plot), data sparsity usually
confines CF. Hybrid recommendation models solve these
problems by fusing the strengths of the two approaches to
yield more accurate recommendations [16, 17].

The use of the internet has been made simpler to browse
through a vast amount of content, but it has also created an
issue called information overload. This issue arises when
the amount of data is so massive that it becomes difficult for
people to find content that meets their interests and require-
ments. This issue has been solved by using recommender
systems. Through optimization and deep learning algo-
rithms, recommender systems model user behavior, inter-
ests, and history to make individualized recommendations.
Since they assist users in finding relevant information, rec-
ommender systems enhance the user experience. A prime
business goal is achieved with the help of increased user
satisfaction and profitability [1]. The broad use of recom-
mender systems in various fields, such as education [2],
book [3], news [4, 5], e-commerce [6-8], tourism [9, 10],
and social media [11, 12], has been proposed by recent
progress in this area. These advances have significantly
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The goal of this study is to aggregate user, item, and
timestamp attributes using deep learning and fusion with
weighted averaging by fuzzy ACO. This model may ad-
dress the limitations of conventional recommender systems
and enhance the evaluation criteria of rating predictions.
The most important innovations are: (1) integration of tem-
poral, item, and user prediction models; (2) application
of a stacking strategy that combines deep, machine learn-
ing, and optimization paradigms; and (3) combination of
weighted ensembling with fuzzy ACO for final rating predic-
tion. They are integrated to form a scalable recommendation
model that is at the cutting edge of real-world data sets; (4)
extracting a new user feature with fuzzy c-means cluster-
ing on geographic coordinates from postal codes, further
refining the model with the incorporation of user behavior
patterns.

The structure of this paper is organized as follows: Related
work on movie recommendation systems is discussed in
section 2. The suggested architecture is provided in sec-
tion 3. Data analysis and comparing experimental results to
baseline methods are given in section 4. The Conclusions
are described in section 5.

2. Related work

In this section, a collection of deep learning techniques
used in recommender systems is presented below. Different
deep learning strategies will be examined to uncover hidden
patterns in user-item interactions or to improve rating pre-
dictions. These algorithms can efficiently extract features
from large datasets and provide recommendations based on
these extracted features.

Basha et al. [18] tackle the issues of scalability and accu-
racy in collaborative filtering by proposing an innovative
recommendation system that blends hybrid fuzzy c-means
clustering with Kullback-Leibler (KL) divergence. The in-
corporation of KL divergence improves the stability and
resilience of clustering, thus overcoming the shortcomings
of conventional fuzzy c-means techniques. Furthermore,
the model utilizes a square-root cosine similarity measure,
based on the Hellinger distance, for better identification of
relevant neighboring users. The effectiveness of the model
was assessed using the Movielens dataset. By merging so-
phisticated similarity metrics with ensemble clustering to
enhance scalability and precision, this hybrid approach sig-
nifies a significant progression in recommendation system
methodologies.

Reference [19] introduces a movie recommendation sys-
tem aimed at overcoming the shortcomings of traditional
methods, particularly issues related to data sparsity, scal-
ability, and the cold-start problem. The model integrates
demographic user information, such as age, gender, and
occupation, along with deep learning techniques to refine
the assessment and classification of new users based on
common interests. Both user information and movie se-
quences are utilized as input features, allowing the model to
produce behavioral sequences that forecast personal movie
preferences. The resulting embeddings undergo dimen-
sionality reduction through a transformer architecture that
utilizes multi-head attention, positional encoding, and a mul-
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tilayer perceptron. Additionally, movie genre embeddings
are grouped using k-means, and these clustering results are
merged with ratings to enhance the diversity of the rec-
ommended lists. When applied to extensive datasets, this
method exhibits superior performance compared to tradi-
tional recommendation systems by efficiently addressing
cold-start and scalability issues.

To enhance the accuracy of forecasts in ranking-based rec-
ommender systems, SVD-GoRank [20], a collaborative
filtering method, was created. SVD-GoRank combines
Gower’s coefficient-based ranking technique as a weighted
similarity element with SVD-based matrix decomposition.
Additionally, the SVD-GoRank approach demonstrated
computational efficiency, making it a suitable choice for
recommendation systems dealing with large datasets.

The innovative movie recommendation system presented
in paper [21] opts for Euclidean distance instead of co-
sine similarity to evaluate user characteristics against movie
genres. This method derives two significant matrices from
genre-centric analysis and standardized scores: one that con-
trasts the highest-rated movies across genres and another
that illustrates the users’ preferred genres. These two ma-
trices are compared using the Euclidean distance measure
to determine their differences. Experimental findings on
accuracy percentages for recommendation scores at various
thresholds and user/movie counts validate the effectiveness
of the system. By favoring geometric distance evaluations
over similarity measures, the model introduces a novel per-
spective on content-based filtering while maintaining low
computational costs. Furthermore, by integrating additional
user attributes like demographics or temporal preferences,
the model can be adapted to deliver more realistic personal-
ized movie recommendations.

To enhance recommendation accuracy, [22] proposes a col-
laborative filtering method that merges Q-divergence-based
Fuzzy Clustering for Spherical data (QFCS). This proposed
approach tackles a fundamental logical issue faced by ex-
isting recommender systems by treating user rating vec-
tors as spherical data instead of the common method of
handling them as categorical multivariate data. Utilizing
unit-normalized rating vectors within the unit hypersphere
allows for improved similarity calculations, while the QFCS
clustering employs g-divergence to enhance cluster robust-
ness and user segmentation. The results indicated that AU-
ROC metrics were superior to those of standard collabora-
tive filtering and QFCCMM-based techniques, particularly
for datasets like Jester and LibimSeTi. This advancement
bridges the gap between clustering and personalized recom-
mendations.

In [23], FSPPCFs, new privacy preserving CF recommen-
dation systems, are proposed. It is based on fuzzy c-means
clustering and shapley value, with promises of state-of-the-
art recommendation accuracy protection as well as user
privacy protection. One of the more important contributions
that overcame data sparsity is the proposal of a similar-
ity balance factor, which is a generalization of the simple
pearson similarity metric, with consideration of weight dif-
ferences as well as differences of item popularity. Moreover,
the approach employs shapley values to reveal hidden re-
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lations among users using personal CF recommendation
systems through individual contributions in clustering. In
theoretical analysis, the exponential mechanism employed
by FSPPCFs for neighbor selection is claimed to provide &-
differential privacy, implying robust privacy by integrating
differential privacy techniques. It is evident that with large-
scale experiments performed on public datasets, significant
improvement over state-of-the-art approaches is achieved
with noticeable improvement of prediction accuracy by up
to 4.7% MAE, as well as recommendation quality by 7.5%
F1-score gain, without compromising robust privacy assur-
ance. It effectively conquered the difficult trade-off between
recommendation utility and privacy for CF recommendation
systems.

A contrastive learning-based recommendation model with
adaptive multimodal feature fusion was introduced in [24].
This paper is significant as it proposes a double framework
that comprises an adaptive feature selection and contrastive
learning component. The user and item features, includ-
ing demographics and movie genres, are weighted by the
adaptive feature selection component. Additionally, the
contrastive learning method enhances the robustness of the
features by maximizing the correlation between positive
and negative samples, including implicit interactions and
non-interactions of users with items. Moreover, it enhances
the cold-start recommendation by relationship mining via
the graph.

IPWR was proposed by Ayub et al. [25] to rectify some of
the basic flaws of CF, like the Pearson Correlation Coeffi-
cient being invalid as a representation of Rating Preference
Behavior (RPB), through a combination of a weighted Pear-
son Correlation Coefficient with item averages and RPB,
which is portrayed as a weightage of the variance or stan-
dard deviation of user ratings by means of weighting factors
(o, B), in order to weight such items in such a way that
unlike CF, it is possible to make sound judgments about
similarities despite sparse or redundant ratings of users.

A federated recommendation framework named FR-CSU
is proposed in [26]. In FR-CSU, the cold-start issue can
be resolved by using the knowledge of warm users to pro-
vide information for cold-start users, without retraining the
global models. This is contrary to traditional federated ap-
proaches, where the models for the involved parties are
predefined. FR-CSU comprises of aligning the embeddings
of items with the privacy-preserving user prototype network,
allowing cold-start users to gain information from their lo-
cal domains.

A hybrid deep learning methodology for movie recom-
mender systems is suggested in [27], which uses several
machine learning and deep learning techniques like TF-IDF,
decision tree, KNN, SVD, neural collaborative filtering,
and AE. The methods are compared on three data sets-
MovieLens, The Movies Dataset, and TMDB. It shows that
SVD performs well on MovieLens while AE performs op-
timally for The Movies Dataset, and a combined approach
performs better on TMDB. Combining traditional and state-
of-the-art approaches with a large-data infrastructure for
real-world deployment, this approach greatly enhanced rec-
ommendation quality.
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In [28], the embedding augmentation approach and a struc-
ture of non-combination are proposed to solve some key
limitations of LightGCN in recommender systems. This
scalar embedding multiplication during layer propagation
strengthens the robustness and conquers underfitting. The
weighted-sum pooling in LightGCN is replaced with last-
layer embedding for better accuracy and diversity in recom-
mendation. This paper enhances GCN-based recommender
systems by simultaneously learning efficiency and perfor-
mance.

In [29], the author formulates a novel fusion of transformer-
based models (BERT and BST) with federated learning
for privacy ensuring in recommender systems. This new
framework is user privacy-preserving, while having very
high accuracy (87% for BERT, MAE 0.8 for BST) on the
MovieLens and Amazon datasets. It connects the research
gap between the state-of-the-art sequential recommendation
model with federated learning while preserving privacy and
has shown scalability and stability in heterogeneous data
environments.

In [30], it introduces the M2R-Net, a user-personalized
movie recommender model that couples multimodal infor-
mation with deep learning techniques. The model leverages
CNNss for learning latent factors from text and image inputs
to improve user rating prediction. Compared to traditional
CF or CBF, the proposed approach fuses several data modal-
ities for more effective modeling of user-item interactions.
One of its key contributions is incorporating movie poster
images into the recommendation process. While the poster-
only contribution is small, multimodal data fusion alleviates
the cold-start and sparsity issues. The model performs bet-
ter than the baseline models such as SVD and user-CF with
smaller RMSE on MovieLens 100K and 1M datasets.

The proposed model is compared with other models in Ta-
ble 1.

3. Proposed model

This section describes the model used in rating prediction.
The model integrates three significant sources of informa-
tion (item features, user features, and temporal data) for ini-
tial predictions. Pre-processed input data, i.e., timestamps,
item features, and user features, are input into the user-item
ratings. SVD is used to reduce data, while AE is used to
perform initial rating prediction. GRU is used to establish
temporal user behavior, such that the model can learn the
changing preferences over time. The methods provide learn-
ing user and item feature embeddings from the interaction
history. Rating prediction is performed independently by
three base models with SVD, AE, and GRU structures. The
predictions are fed to weighted averaging by fuzzy ACO to
generate the final prediction. From figure 1, it is clear that
the proposed framework has a multi-phase approach where
each module is designed to provide an integrated hybrid
recommender system.

3.1 User clustering based on geolocation data

To enhance the spatial insight of users and introduce a new
user-level feature, postal codes were first separated into ge-
ographic coordinates (latitude and longitude). This model
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Table 1. Comparision of the proposed model with other models.

Study Hybrid Tempqral User Item Ensemble
model modeling features features strategy

(18] v v v

[19] v v v v

(20] v

(21] v

(22]

(23] v

[24] v v v v

[25] v

[26] v v v v

(27] v v v v

(28] v v

[29] v v v v

(30] v v v

Our model v vV Vv v 4

implements fuzzy c-means clustering to group user data
based on their geographic coordinates (latitude and longi-
tude). Compared to traditional complex cluster algorithms
like k-means, where a point is assigned to a single cluster,
fuzzy c-means assigns a point to all the clusters by an extent
of membership. This feature makes it particularly useful in
the case of fuzzy boundaries of clusters so that data can be
classified in a more refined way. The algorithm begins by
reading the dataset and unfolding the longitude and latitude
values. The library scikit-fuzzy converts the standardized
values to the required input format for the fuzzy c-means
algorithm. The fuzzy c-means algorithm works by min-
imizing the following objective function, as described in
equation (1).

C
Tn=Y" Y ullllxi—cj|I? )

i=1j=1

here N is the number of data points, C is the number of
clusters, u;; is the degree of membership of point i in cluster
J» ¢j is the centroid of cluster j, and m > 1 is the fuzziness
parameter that controls the strength of the fuzzy partitioning.
The algorithm iteratively updates the membership matrix u
and cluster centroids until the change in membership values
falls below the defined error threshold or the maximum
number of iterations is reached.

3.2 Temporal feature extraction for initial rating pre-
diction

This sub-section pre-processes temporal data for a deep-
learning recommender system. We first gathered user and
rating data from their respective files. Unix timestamps
corresponding to each rating were then transformed into a
human-readable date and time format to identify temporal
trends. We extracted some time-related features from the

Users rating timestamp B PORRTIR
—I Codn;:);n1|ng GRU —— Prediction 1—
Weighted model
. averaging
Combining ——SVD— Auto — Prediction 2 |
data 2 encoder ] .
Item One-hot f optimal weights
Features encoding
User | One-hot __ Combining | &y = Auto . | Final evaluation
Features encoding T data 3 encoder rediction estimation
2 1 | 05
0 . 0 2 ) 1
lu o 3 ’ n]
3 4 0z
User-item
rating matrix

Figure 1. Proposed model architecture.
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transformed timestamps, such as the month when the rating
was given, the day of the week, the hour of the day, and the
day of the month. These time features are extra inputs en-
coding user interaction patterns over different time intervals.
They allow the model to capture more context-dependent
patterns, such as weekend or weekday preferences and day-
time or nighttime preferences. The temporal feature for
each interaction ti can be represented mathematically using
the following equation (2).

x5 — [month (t;), weekday (t;), hour (t;),day (t;)] (2)
The month of t;, represented as an integer between 1 and 12,
is represented by month(t;) in equation (2). Likewise, the
weekday(#;) is the day of the week on which the interaction
took place, represented by an integer ranging from 0 (Sun-
day) to 6 (Saturday). The hour(t;) feature is an hour in the
day of the month (from 0 to 23) when the interaction was
made. The day of the month (1-31) is the variable day(z;),
and the model can also pick up behavioral change at various
points in the month, for example, at the beginning, middle,
or end.
To learn latent patterns effectively from these features, em-
bedding layers were used. During model training, the layers
project different categorical variables (user-item ratings,
user IDs, movie IDs, and timestamp) into continuous dense
representations that can be learned all at once. The embed-
ding representation of every interaction can be described in
equations (3)-(6), where u is the userID, m is the movielD,
and X (™e) js the feature vector of the temporal feature.

ey = Embed_user(u) 3)

em = Embed_movie(m) 4
eime = Embed_time (X (1™®)) )
Cconcat = [€u|€m||€time] (6)

The GRU, as a recurrent neural network, was used since
it can learn user behavior patterns incrementally through
their past interactions, which is a vital requirement in user
behavior prediction. The GRU layer, which captures tempo-
ral dynamics, can effectively learn and leverage patterns in
user choices. Following the embedding of all the necessary
features, the embeddings are input into the GRU layer. The
layer converts the interactions of the temporal dynamics of
user behavior into an informative latent space. Lastly, the
task of the GRU network is to generate a single numeric
output, the predicted rating for a given user-movie-time
triplet, from the past interactions of the user. The update
mechanism of the GRU cell, mathematically represented by
equations (7)—(10).

Zy = G(W,Z‘Xt +Ul'h171 +bz) (7)
rr=0(Wx-x¢+Urx-h_|+b;)) )
hy=tanh(W_h-x,+Uh- (r;®h_;)+bh) (9
ht:(l_ZI)thfl'i‘Zt@ﬁt (10)

Element-wise multiplication in equations (7)—(10) is de-
noted by ®, and sigmoid function is denoted by ¢. The
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reset gate and update gate, respectively, governing the in-
formation flow are denoted by z; and r;. H | represents the
past hidden state, and the current input is represented by
x¢. The quantity of past hidden state to be recalled depends
on z;, and the past amount of knowledge to be erased de-
pends on . The potential hidden state f, is derived from the
past reset-modified hidden state and the current input. The
hidden state h; is calculated by interpolating between the
previous state hy.; and the candidate hidden state h; using
update gate z;. The input weight matrices are W_z, W_r, and
W_h, and the hidden recurrent weight matrices are U_z, U_r,
and U_h. The biases are b_z, b_r, and b_h for each of the
transformations. It is optimized using the Mean Squared
Error (MSE) loss function and Adam optimizer.

3.3 Initial prediction from user features

This paper proposes a hybrid movie recommender system
that incorporates dimension reduction, feature extraction,
and deep learning methods to make user-based recommen-
dations. User attributes (age, gender, occupation, and user
clusters) and explicit ratings from datasets are employed as
input data. User-movie interactions are encoded in a sparse
rating matrix R € RYM with U and M representing the
number of users and movies, respectively. Demographic
features are preprocessed through one-hot encoding (in case
of categorical features) and min-max scaling, forming a
feature matrix D € RN*K, The stacked matrix C = [R||D]
is normalized and factorized through Truncated SVD as
shown in equation (11)—(12).
(r_ui —r_min)

N= ——— (11

(r_max —r_min)

Cyva = SVD (C, K = 150) (12)

In equation (10), r_min is the smallest number, r_max is the
largest number, r_ui is the initial number of the user, and N
is the normalized data. In equation (12), K is the number of
latent dimensions that hold 90% of the variance.
The model employs an AE with shared representation learn-
ing. The encoder maps inputs to a 64-dimensional latent
space. The decoder reconstructs the input. Reconstruction
loss error is MSE. For label imbalance, sample weights w;
are computed inversely proportional to class frequencies as
shown in equation (13).
o 1

=il
With a uniform gradient during training. The loss function
is optimized by the Adam optimizer with learning rate N =
0.001 for 15 epochs with batch size 64.

13)

3.4 Initial prediction based on movie features

The item dataset, for instance, had release year and gen-
res. Movie data were enriched with the release year ex-
tracted from the title using a regular expression, and the
genre data were transformed into a one-hot encoding format
for effective handling of multi-class categorical features.
The user-item rating matrix was fused with the movie con-
tent feature matrix to give a unified representation for each
movie content and collaborative signals. Then it’s used to
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transfer the data to SVD for feature reduction and dimen-
sionality. SVD transformation reduced the feature space
into 150 latent factors. The proposed model has a neural
architecture that employs an AE to learn dense representa-
tions and a classifier for predictions over user preferences.
It begins with an input layer that takes the SVD-compressed
feature vectors and proceeds with an encoding layer of 64
neurons shared by both tasks with ReL U activation. This
latent representation is utilized for two simultaneous tasks:
(1) it passes through a highly interconnected decoder layer
with linear activation to reconstruct the identical original
input, which constitutes the basis of the unsupervised recon-
struction task; (2) it passes through to a sigmoid-activated
output layer performing classification, predicting user satis-
faction probability. Shared representation allows the model
to learn predictive signals and optimize low-dimensional
embeddings simultaneously. The model was trained with
a composite loss function, MSE for reconstruction. The
model was trained with the Adam optimizer, using a learn-
ing rate of 0.001 and a batch size of 64 for 15 epochs.

3.5 Fusion of modeling and prediction

This model uses a fuzzy ACO approach to combine the
prediction of three base models into a single optimally
weighted final prediction. This begins with the compu-
tation of the prediction error (RMSE) of each base model
to the ground truth ratings. These errors are input into a
fuzzy inference system to generate three output weights (wq,
wo, w3) indicating the relative contribution of each model.
The fuzzy system employs triangular membership functions
for input (errors) and output (weights) and a pre-defined
fuzzy rule set. This allows the combination process to han-
dle uncertainty and non-linear interdependencies among
prediction errors and optimal model weights, producing a
more adaptive weighting scheme than static or hand-tuned
weights.

ACO is utilized to adjust the parameters of the fuzzy system,
the membership function centers of the input and output
variables. Here, each state of ACO is a complete set of fuzzy
membership function parameters, and each ant attempts to
explore one of the possible configurations. The quality
of a configuration (its fitness) is measured by running the
fuzzy system with the given parameters, generating weights,
combining model predictions, and computing the inverse
RMSE on the validation set. Ants deposit pheromones on
more performing parameter sets, and pheromone trails are
iteratively recalculated with evaporation to avoid premature
convergence. After several iterations, the algorithm con-
verges on the fuzzy parameter set that produces the optimal
combined prediction. The result of the Fuzzy ACO pro-
cess, once finished, is an optimally calculated set of fuzzy
membership functions that form model weights specific to
the given prediction problem. These weights are also nor-
malized and employed to weight the output of the three
base models to arrive at a final recommendation score for
each item. As the fuzzy system is optimized using ACO, it
learns to react to different error distributions among models
so that the ensemble automatically gets more weight for
better-performing models in various situations. This pairing
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of fuzzy logic and swarm intelligence provides interpretabil-
ity (through the fuzzy rules) and strong search capability
(through the ACO). It is thus highly suitable for compli-
cated recommender systems where model performance is
dataset-dependent.

4. Evaluation and analysis of the proposed
model

In this section, the performance of the model on Movie-
Lens 1M and MovieLens 100K datasets is explained, and
descriptive results are presented. The main aim is to check
the performance of the model regarding various aspects and
identify the quality of predictions. Data and preprocessing
steps are explained in detail at the start of the part, followed
by a summary of metrics. Finally, the outcomes of the
implementations are compared.

4.1 Experimental setup and dataset description

This model utilizes the MovieLens 1M, a popular dataset
for recommender system models. This 5-point rating
scale dataset includes 1,000,209 ratings, 6,040 users, 3,952
movies, and user interaction data. In addition to ratings, it
also contains movie metadata (title, release year, genre) and
user demographic attributes (age, gender, occupation) [31].
The availability of these unique features is what makes it
helpful for us to perform work on this dataset. Thus, we
consider the current user and movie data of the given dataset
in the MovieLens 100K dataset, containing 100,000 ratings
(1-5) from 943 users on 1,682 movies. We assume these 943
users to be registered members of the MovieWatch website
to perform this research [32]. Table 2 provides an overview
of the most significant features of the datasets.

Table 2. Information contained in the MovieLens 1M and MovieLens
100K datasets.

MovieLens IM  MovieLens 100K

Number of users 6040 943
Number of movies 3952 1682
Number of ratings 1000209 1000000

TensorFlow, an open-source library for machine learning
and deep learning, was used for the model implementation.
The framework enables one to develop,

train, and deploy machine learning models at various
scales.

4.2 Evaluation metrics

To assess the performance of the proposed model, several
evaluation metrics have been employed, such as RMSE,
MAE, precision, and recall, as shown in (14)-(17).

1 .
RMSE= /=) (Y;-Y;)? (14)
Ni:O
1 & .
MAE:N;)|Y,-—Y,-\ (15)
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TP
Precision = —— (16)
TP +FP
TP
Recall = ——— 17
T TP IEN a7

4.3 Clustering evaluation

A multi-metric assessment procedure was adopted to test
the internal validity and quality of the clusters formed. A
user’s geographical position was extracted using their postal
codes through the OpenCage Geocoder API. The clusters
were formed based on the locations of the users. Lastly,
the ultimate map position of a user in terms of latitude and
longitude coordinates was extracted and stored in a colon-
delimited file for analysis. Fuzzy c-means were adopted
to form clusters for the user locations. This was accompa-
nied by experimentation to establish the number of clusters,
which came out to five. There were three common met-
rics adopted to establish the quality of the formed clusters.
Silhouette Score was an approximation of the cohesion
and separation between clusters, such that higher values
indicate better-separated and better-formed clusters. Val-
ues closer to zero were an indication of a distinct form of
clusters, while the Davies-Bouldin metric provided the op-
posite information related to compactness and separation.
Calinski-Harabasz index provided the ratio of between- to
within-cluster variance in clusters formed.

A graphical representation of the result of the clustering
accomplishment was mapped onto a two-dimensional map
to reveal the spatial interpretability and coherence of the
clusters. The users were represented with color indica-
tive of their clusters. It was visually confirmed that the
clusters were of spatial interpretability and coherence. It
was achieved by using forms of visualization in the pre-
sentation of the resulting clusters from these users. These
forms of graphics reveal the geographic concentration of
the user population. “Userld: ClusterLabel” form of our
ultimate grouping labels was shown through a file named
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“clustered_users.dat.” Finally, the enhanced representation
of the users was used for user segmentation and rating pre-
diction purposes for the application of our outputs. Table 3
is the detailed quantitative representation of the result of the
study of the clustering measures, while figure 2 and figure 3
are the graphical representation of the distribution of the
clusters.

Table 3. Evaluation metrics for the generated clusters.

MovieLens IM  MovieLens 100K

Silhouette Score 0.5494 0.5073
Davies—Bouldin 0.6236 0.6468
Calinski-Harabasz 16920.36 963.61

4.4 Comparative baseline model performance analysis

Here, the performance of the proposed model is compared
with a comparison study with other baseline recommen-
dation techniques on the MovieLens 1M and MovieLens
100K datasets. The primary objective is to assess how the
proposed approach’s improved predictive performance and
overall performance compare to those of other prevalent
models. Performance of the proposed model will be demon-
strated, alongside judicious comparison of performance
with baseline approaches, as seen in Tables 4 and 5.

We use the most popular MovieLens 100K dataset for a
comparison study to test the effectiveness of the proposed
model. It is obvious from the results in Table 5 that this
performance indicates our model outperforming most of
the conventional baseline algorithms on most key classifi-
cation measures. In particular, our model achieved a high
recall of 0.9271, with improvements over baseline models.
Such performance illustrates the model’s ability to capture
and exploit useful patterns within user-item behaviors effec-
tively, even in heterogeneous and sparse data. Apart from
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Figure 2. Spatial distribution of users based on latitude and longitude on MovieLens 100K.
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Figure 3. Fuzzy c-means-based clustering of users on a geographical map on MovieLens 1M.

the classification metrics, the model showed better perfor-
mance under error-based metrics like RMSE at 0.9558 and
MAE at 0.7624, with improvements over baseline models
by 4% and 1%, respectively. This performance regarding
predictability is due to the fact that the model can distin-
guish between actual user preferences and other approaches.
The inclusion of multimodal features during modeling is
the reason behind this performance.

As we have seen promising experimental results on the
MovieLens 100K dataset, we conducted further experi-
ments on the larger MovieLens 1M dataset to verify whether
our model behaves stably and provides good performance
in a realistic environment. Table 4 demonstrates that the
proposed model outperforms some of the popular recom-

mendation techniques and the state-of-the-art deep learning
baselines. In fact, it outperforms several state-of-the-art
approaches, such as hybrid architecture and deep learning-
based approaches, with an RMSE of 0.8878. Its outstand-
ing performance is significantly due to many innovative
design features of our model architecture. Stacking natu-
rally enables the model to model complementary strengths
and relative importance of various prediction segments and
generate more stable and generalized recommendations. Fi-
nally, AE is utilized for modeling user-item interactions,
GRU for learning sequential temporal dependencies, and
an optimization ensemble for adapting predictions and an
effective recommender system.

Table 4. Performance comparison of the proposed model and baseline methods on the MovieLens 1M dataset.

Criterion model Precision ~ Recall RMSE MAE
DL-+k-means [19] 0.5838 0.4723  0.9927 0.80007
SVD-GoRank [20] 0.6251 0.6823

CAMR [24] 0.448

IPWR [25] 0.161 0.357 0.959 0.744
FR-CSU [26] 1.32 0.97
SVD+AE-+NCEF [27] 0.81
LightGCN_N [28] 0.20214  0.27748

FedRec [29] 1.0382  0.8382
M2R-Net [30] 0.9096

Proposed model 0.9079 0.9082 0.8878  0.7062
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Table 5. Performance comparison of the proposed model and baseline methods on the MovieLens 100K dataset.

Criterion model

Precision

DL+k-means [19]

0.5516

SVD-GoRank [20]

0.6213

IPWR [25]

0.619

FR-CSU [26]

M2R-Net [30]

Proposed model

0.8759

Recall RMSE MAE
0.320 1.0756 0.8741
0.6523
0.431 0.993 0.773
1.3456  0.9965
0.9908
0.9271 0.9558 0.7624

5. Conclusion and future works

This paper proposed a hybrid movie recommender system
evaluated on the MovieLens 1M and MovieLens 100K
The proposed framework exploits multiple
information sources, including user features, item (movie)
attributes, and temporal interaction data, to model complex
user—item relationships more effectively. In addition, a
novel user representation was constructed through user
clustering using the Fuzzy C-Means algorithm, enabling the
system to capture latent behavioral similarities among users.
Three initial predictions were generated by heterogeneous
models, and a final prediction was obtained through a
weighted aggregation strategy learned via a fuzzy Ant
Colony Optimization (ACO) mechanism. Experimental
results demonstrate that the proposed approach achieves
improved prediction performance compared to baseline

datasets.

methods.

Despite its effectiveness, the proposed study has certain
limitations. In particular, the comparative methods were
not re-implemented under a unified experimental setting;
instead, the reported results from the original studies were
used for comparison, which may affect the fairness and

consistency of performance evaluation.

Future research directions include extending the proposed
framework by integrating richer contextual information,
such as session-level behaviors or implicit feedback signals,
to further enhance personalization. Moreover, exploring
reinforcement learning—based strategies for dynamically
adjusting model weights over time could improve long-term

recommendation quality and user engagement.
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