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significantly better under user and item cold start conditions,

Despite all success of recommender systems, these systems face natural problems suCh,as Wtart and
data sparseness. To face these issues, in this work a novel hybrid recommender is propoSe@tha

the strengths of both collaborative and content-based methods together with s
proposed system improves recommendation accuracy, alleviates cold start and
future interactions, and adds a new context layer to recommendations,
demographic data, user clustering, Machine Learning (ML) models, sentime

link prediction strategy. Proposed system was evaluated using th opﬁdovieLens dataset, and test
results indicate the system significantly improves handling new use

decline of 5.2% in Mean Absolute Error (MAE) and 6.8% in Roo

% everages
t Analysis. The
ity’1ssues, predicts

tively integrating
alysis, and improved

heyproposed system achieved a
ean Square Error (RMSE),

a reduction of 29.6% and 27.4% in

compared to baseline methods. Moreover, results indicat%le proposed recommender performs
a

n improved link prediction approach

MAE, respectively. Lastly, integrating sentiment anal
provides a boost of 7% in Precision and 10.8% in%." erefore, such hybrid approaches can be

successful in alleviating cold start and sparsity @
ﬁ 3

d enhancing overall system performance.

1. Introduction

Artificial intelligence is an important research field appl
to problems of almost all real-life fields. Nowadays, it ha

become apparent that the need for intelligent sefution
approaches is a vital factor in overcoming -world
problems effectively [1]. Recently,, rgeemmender
applications become an integral part of es ice
platforms, across various domains h as e*ommerce,
streaming services, and social network: ese systems have
recommendation engines that analyzes ted data such as
purchase biography, browsing hj emographics, and
contextual information to deli& stions [2].

In order to make effective zgeommiendations, recommender
systems have different @ and use different filtering

methods [3]. There a@: Iy three major filtering methods

for recommender sys s follow [4, 5]:

. Collab@ iltering (CF): This method operates
by ing user interactions and determining
sin@ies between users and items. This approach

ces 1ssues like the cold start problem, sparsity,
scalability problems, and popularity bias.

e \_Content-Based Filtering (CBF): This is a technique
used to suggest items that are comparable with an
item a user has shown interested in, based on the
target attributes of items. One major disadvantage
of this method is feature limitation. Moreover, some
other =~ weakness  are low  serendipity,
overspecialization, lack of popularity of items [6].

e  Hybrid Method: Hybrid approach can combines CF,
CBF methods with other recommending
approaches to overcome drawbacks of each
individual method, leverage the strengths of each

\ ¥

[
‘ \, approach, and result in more accurate and

diversified recommendations.
While these collaborative and content-based filtering
methods have proven efficiency in many applications, they
are not without their challenges. The cold start problem,
where limited information about new users or items, hinders
the  system's  ability to  produce  meaningful
recommendations, remains a significant barrier [7]. Despite
the significant advances in recommendation systems, a
considerable gap persists, regarding the effective solution for
common challenges such as cold start problem, sparsity,
scalability and performance, particularly in the context of
social networks [8].
On the other side, sentiment analysis is an intelligent
capability, whose application in recommender systems can
lead to higher performance and accuracy in suggestions and
unfortunately, most existing recommenders lack this
capability. Normally, the goal of the typical sentiment
analysis based recommender system is to extract or analyze
user's emotions, opinions, and other information regarding a
certain object, and use this information to achieve more
personalized and accurate suggestions [9].
In order to face the weaknesses of traditional methods, recent
recommender systems have been moved toward hybrid
approaches. However, still there is a lack of advanced and
intelligent capabilities such as sentiment analysis in
suggestions, and also lack of research that adequately
explore how machine learning techniques and demographic
data can further improve the performance of hybrid systems
in social networks. This research aims to fill this gap by
developing a novel hybrid recommender system that have
major contributions as follows:
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e Integrating sentiment analysis capability with CF
and CBF methods to design a novel sentiment-
enhanced hybrid recommender system.

e  Applying user demographic information, historical
data, and interaction feedbacks to improve accuracy
and overall system performance.

e Utilizing the content information of items to
enhance recommendation quality, and reducing the
effects of the data sparsity and cold-start problems.

e Integrating user clustering, learning models,
sentiment analysis, and improved link prediction
strategy to predict future user interactions, provide
an extra layer of context to recommendations, and
optimization of suggestions.

The rest of the paper is structured as follows: Section 2
provides a comprehensive review and comparison on the
research literature. Section 3 describes the proposed hybrid
recommender system and its dimensions. Section 4 presents
the evaluation of the proposed system. In Section 5, the
results of the experiments are discussed. Finally, Section 6
concludes the article by summarizing the key findings,
outlining the contributions of the research, and suggesting
directions for future work.

2. Related Work

In this section, we present a detailed review on the research
literature and related studies. The goal of most recommender
systems is to personalize the user experience by providing
highly relevant and useful recommendations. The majority
of recent recommenders fit into three fundamental type with
filtering methods include: collaborative, content-based, and
hybrid methods.

Authors in [10] engage two CF algorithm with different
attributes. CF that use the rating as attribute and CF that use
the user-preferred genres as attribute. However, challenges
of using only CF method was a limitation for their
implementation. Research [11] used ML algorithms to design
online education courses recommender system. However,
not enough consideration has been given to sentiment
analysis and user feedbacks on recommendations. In [12] CF
and sentimental aspects have been integrated into the hybrid
recommender approach. However, CF recommender still
encounters difficulties such as the cold-start problem and the
gray sheep problem. Ali et al. in [13] proposed a hybrid
model where genomic tags of the movie were used with CBF
to recommend movies with similar tastes. In addition, hybrid
techniques attenuate the deficiency of individual strategies
due to the blend of both recommendation strategies.
Research [14] propose a hybrid music recommendation
system that combines CBF and CF methods. Authors in [15]
present a hybrid approach combining CF and demographic
data in social networks. Sentiment analysis is one of the most
attractive research areas in the recent recommender systems
[16]. In [9], authors proposed a recommendation system
model that combined sentiment analysis of a user's social
media data with collaborative filtering to achieve better
accuracy. The most important achievements and challenges
of related research can be summarized according to the
information in Table 1. This research aims to fill the research
gap by developing a system that integrates CF, CBF,
sentiment analysis, user clustering, and predictive algorithms
to enhance recommendation accuracy and solve the cold start
problem and sparsity, more effectively. In the next section,

different dimensions of the proposed recommender system
has been described, in detail.

3. Proposed recommender system

In this section, we describe the important dimensions of the
proposed system, and major workflows. Figure 1 presents
the proposed system framework. The functional details of
system components, executive phases and workflows in the
proposed recommender engine are as follows:

3.1. Content-based component

After loading the data into the system, the first component of
the proposed recommender system is executed. In order to
classify new users, the content based component supports
preprocessing and extended user clustering for the initial
clustering of users’ dataset according to demographic
information. The profiles which are generated will allow the
system to link users with similar items. In this phase, all users
are clustered based on demographic information such as age,
occupation and gender, and assigned to categories.

3.1.1 Preprocessing

After the dataset is entered into the system, the desired data
is preprocessed, outliers and unused samples are removed
from it. Then, the data that is converted into a coherent form
and acceptable format for simulation. Considering the needs
of our problem, in this research, we used RapidMiner data
mining tool and data cleaning method for preprocessing. The
strategy is to analyze the data and identify if any row or
column has null or unused values. Then, values examined
before and after the sample that has a null or unused value,
and calculate their average. Finally, null values have been
replaced with the obtained averages. Therefore, outliers
eliminated and more coherent data is produced.

Note that, during the preprocessing phase, the mean
imputation approach was used to handle missing values. This
choice was made because, the impacted variables were
continuous numerical features rather than categorical ones,
and because the missing instances were comparatively
middle class and randomly distributed. Our choice balances
practical constraints and acceptable accuracy in imputations
without introducing significant computational overhead.
Therefore, given the numerical nature of the variables and
the dispersion of incomplete data, replacing with the mean
maintains data consistency and improves the accuracy of
learning models in later stages of development process.

3.1.2 User clustering

In order to classify new users, this phase utilizes CBF
method and clustering is used for the initial categorizing
user's dataset, according to demographic information. By
organizing users into meaningful clusters, the
recommendation system can handle sparsity and
improve recommendation performance. In this phase, all
users are first clustered based on the demographic
information such as age, occupation, and gender, and
preferences using the extended clustering algorithm. For
all users in the system, a label is specified as a cluster.
First, the sample size is entered into the clustering
algorithm after applying the execution process and data
cleaning steps to obtain the optimal K value, and in the
next steps, the extended X-Means clustering algorithm is
used with the optimal K value for clustering. To increase
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the speed of the process, the optimal K value is
determined online on the central system server. [t must
be noted that, the K-Means algorithm is a basic clustering
algorithm that performs the clustering process of
samples based on a number of clusters called K. One of
the most important drawbacks of this algorithm is that
the number of clusters must be determined by the
researcher or programmer and the clustering process
should be performed based on this number. Determining
the Kvalue had a high error and often did not provide the
desired and correct clustering.

Moreover, to assess the efficacy of the extended X-Means
clustering algorithm, we conducted exploratory analysis,
using two contrasting methods as alternate clustering
approaches, clustering based on density method,
Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) and Hierarchical agglomerative
clustering. While DBSCAN has the capability to identify
arbitrary-shaped clusters, it proved to be highly sensitive

to its parameters (e and MinPts), and ultimately struggled
with the variability in density, with respect to user
demographic data. Hierarchical clustering provided
interpretable results, but it was limited by high
computational costs, and scalability for larger samples.
Therefore, we found that X-Means method was viable,
allowing for automatic determination of the optimal
cluster number by minimizing BIC. In fact, empirical
results suggested that X-Means produced more balanced
clusters, and showed a downstream recommendation
accuracy improvement, when compared with
hierarchical clustering. For these reasons, the extended
X-Means algorithm was proposed. Extended clustering
algorithm automatically determines the optimal number of
clusters, by minimizing the Bayesian Information Criterion
(BIC). This method allows the system to group users into
different clusters with similar demographic profiles, which
helps to make better recommendations in the cold start phase
[25, 26]. The extended algorithm formulated as follows:

Extended user clustering algorithm

Input: S: Set of user data samples, C: Initial cluster centroids, 7. Threshold for minimum

distance;

Output: Cri Final list of optimized clusters;

1. Initialize C with one centroid selected randomly from S.

2. For Each Sample s €. do:
For each centroid ¢ € C do:

TempDist = Direction_Evaluation(s, c.direction) + Euclidean Distance(s, c);

end for

ClosestCentroid = centroid with MinDistance,

3

4

5.

6. MinDistance = min(TempDist);
7

8

If MinDistance <t then

9. Assign s to Cluster(ClosestCentroid);
10. Update Centroid of the cluster;

11. else

12. Create a new cluster with centroid = s;
13. Add this new centroid to C;

14. end if

15. end for

16. Compute Bayesian Information Criterion (BIC) for each cluster split:

17.  BIC=L- (P/2) *log(N);

18. where:

19. L = likelihood of the model;
20. P = number of parameters;
21. N = total number of samples;

22. If BIC improves (i.e., decreases) then split the cluster;

23. else stop the clustering process;
24. Output the final list of clusters CLis:;

Algorithm 1. The pseudo code of the extended user clustering algorithm

Given a set of N data points {x;,x>,...,xn!, where each point is
a vector in Ry set, the objective is to partition these points
into K clusters, where K is automatically determined by the
above algorithm. The algorithm minimizes the within-cluster
sum of squares (WCSS), defined as:

k
WCSS =" > x—p*? (1)

k=1 xoc,
Where Ci is the set of points in cluster k, and uy is the
centroid of cluster k.

Extended user clustering algorithm iteratively splits clusters
and computes the BIC score for each split to evaluate
whether the additional cluster improves the model. The BIC
score is given by:
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Where:

e L is the likelihood of the model.

e P is the number of parameters in the model

(proportional to the number of clusters).

e Nis the number of data points.
The algorithm stops when the BIC score no longer improves
with additional clusters. This ensures that the number of
clusters is optimal and not over fitted. After the extended user
clustering algorithm is applied to the data about users based
on their personal information, a combination of machine
learning methods is used to select a category for the new user.

3.2 Collaborative component

This component is a foundational part of our proposed hybrid
recommender system, leveraging the collective preferences
and behaviors of wusers to generate personalized
recommendations, by leveraging accumulated knowledge
from multiple data sources in a rich repository. In our
proposed recommender system, rich repository can provide
a powerful foundation for training and evaluating
recommender algorithms and plays a key role in improving
the accuracy, variety, and personalization of
recommendations. Additionally, behavioral data, such as
reviews, ratings provided by users, and their interaction
history with items, can be combined with the demographic
data to refine the recommendations.

In this phase, CF method is incorporated to make
recommendations based on the preferences of similar users.
First system analyzes users who have similar tastes and then,
recommends items that these users have enjoyed but the
target user has not yet interacted with. This collaborative
approach works particularly well for users with established
interaction histories. In this research, the cross-validation
method is used to evaluate the classification models. In this
method, the data set is divided into two parts, which is
usually divided in a ratio of 70-30 (70% training data, 30%
test data). One of the two parts of the data set is considered
the training data set and the model is built based on it and
other data set is used to evaluate the built-in model.
Afterward, several ML models are utilized in this phase to
make predictions about the user’s potential preferences.
First, the decision tree and random forest algorithms, have
been discarded due to low accuracy. Then, other algorithms
applied and compared with their error values, and the
algorithms that had less error rate with more accuracy have
been selected. Efficient ML models with the lowest error
rate, such as decision trees (C4.5), Support Vector Machines
(SVM), and Deep Neural Network (DNN) are applied to
predict user preferences. The outputs from these models are
then aggregated by majority voting mechanism to provide
initial recommendation list. Figure 2 presents how the
preference list is generated in this stage. Through efficient
integration of ML algorithms such as decision trees and
SVM, with sentiment analysis and CF method, the system
generates predictions that are then aggregated using a voting
mechanism. This multi-aspect approach ensures that
recommendations are both personalized and accurate,
addressing challenges such as data cold start and improving
the overall user experience in the recommender system. After
the training samples (70%) and test samples (30%) are
separated by using the balancing method, training samples
have been applied to the DNN, C4.5 decision tree, and SVM-

One of the important workflows to train and model the
system is dividing samples into two main parts. The first part
is used to train the ML model, and the second part is used as
a test case for categorizing new users. Sampling is one of the
stages of data mining which considered in the proposed
approach. At the next step, using the demographic
information of the new users and the clusters specified
user clusters, the appropriate category for the new users
can be found. Afterward, the next phase initialized and
the collaborative component uses the outputs of this
phase in cumulative modeling to address challenges like
data sparsity, and cold-start problems.

Lib algorithms as input. Each of these algorithms generates
amodel based on training samples. The generated models are
flexible, since have a tree structure, a vector structure, and a
network structure. Then, test samples are applied to these
models, and based on the existing samples, maximum vote-
based classification is done. The functional details of the
implemented learning algorithms are as follows:

3.2.1  Decision tree model

The decision tree model uses both demographic and
behavioral data to segment users within a cluster further and
make specific recommendations. Moreover, it experienced
the least error in comparative assessments. In C4.5, once the
tree is built, it can be used to predict whether users would
like a particular item based on their cluster and previous
behaviors. The decision tree works by recursively
partitioning the dataset based on the attributes that provide
the highest information gain. The information gain for an
attribute 4 is defined as:

IG(D, A)=Entropy(D)—- >’ %.Entropy(DV)

vovalues( A) | |

)

Where:
- Entropy is the entropy of the dataset D,
- D, is the subset of the dataset where attribute 4 has
value v;

Entropy is calculated as follows:

Entropy (D) =->"p, .l0g,(p;) @)
i=1

Where p; is the proportion of instances in class i. The C4.5
algorithm builds the decision tree by selecting the attribute
with the highest information gain at each node, recursively
splitting the data until a stopping criterion is met, such as
reaching a maximum tree depth, or when all instances in a
node belong to the same class. The resulting decision tree is
used to predict the preferences of users, based on their
demographic information, interactions, and behavioral data.
In order to increase the accuracy of recommendations, the
decision tree (C4.5) is used beside the SVM model, which is
explained in the next part.

3.2.2 SVM model
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To refine the predictions made by the decision tree, the
system employs a SVM model for classification. The
objective of SVM is to find a hyperplane that maximizes the
margin between the two classes. Given a set of training data
points {(x;,v1),(x22),...,(xn,yn)}, where x; € Rg and Rq and
yi €{—1,1} the hyper plane is defined as follows:

w.x+b=0 %)

Where:
- wis the weight vector.
- xis the input vector.
- bis the bias term.

The target of the optimization problem is to maximize the
margin, while ensuring that all data points are correctly
classified as follows:

min% W subjectto y(W.X + b =1, Vi

(6)

To handle non-linearly separable data, the SVM uses a kernel
function (K(x; x;) ), which transforms the input data into a
higher-dimensional space where a hyperplane can be
applied. Common kernel functions include the linear kernel,
polynomial kernel, and radial basis function BF) kernel. The
SVM in the proposed hybrid system uses an RBF kernel,
defined as:

K(%.%;) =exp (=% - x;°) (7

Where, y is a parameter that controls the width of the
Gaussian function. The SVM is trained on the users in each
cluster, using both demographic and behavioral data as
features. Once trained, the SVM classifies new items as
relevant or irrelevant to the user, improving the overall
recommendation accuracy.

3.2.3  DNN model

This model also takes the features of users and items and uses
them as input to a DNN model that ranks the criteria, which
predicts the ranking of the criteria. One of the most relevant
aspects of a neural network is its ability to generalize, that is,
to predict cases that are not included in the training set [27].
The ranking of criteria form the input to the second part,
which is the general neural network with the overall rating
and is used to predict the overall ranking and developed
based on our previous research [28].

3.2.4  Voting based aggregation:

After each model makes its prediction, the recommender
system aggregates the results using a majority voting
technique. In the majority voting mechanism, each model
provides a prediction, and the final decision is based on
which prediction has the majority value. In order to increase
accuracy, if two of the three models suggest recommending
a particular item, the system will recommend that item. By

integrating multiple models, the system mitigates the
weaknesses of individual approaches and leverages the
strengths of each method. Finally, the voting mechanism
ensures that the final recommendation takes into account the
predictions of all capabilities and models, result in a more
robust recommendation. The output of this stage is the initial
list of recommended items for each user. This list is produced
based on the individual’s cluster, their historical interactions,
and the aggregated predictions of multiple models. The
system provides these recommendations as an initial ranked
list, typically showing the items most likely to be of interest
to the user at the top. On the other side, the sentiment
analyzer component comes into play and personalizes
suggestions, also optimizes similarity checking and link
suggestions to new users.

3.3 Sentiment analyzer component

As an advantage over previous research, our proposed hybrid
recommender system benefits from sentiment analysis
capability. By analyzing sentiment expressed in reviews,
proposed recommendation system can better understand user
preferences and provide personalized and effective
suggestions. Summary of executive phases and detailed
workflows for implementing a sentiment analyzer
component are as follow:

e Data collection and preparation

- Gather user-generated content such as reviews,
comments, and feedbacks.

- Preprocess the textual data, remove duplicates,
irrelevant entries, and noise.

- Normalize text (stemming, lemmatization), remove
stop words and handle punctuation.

- Ensure each user has a sufficient number of reviews
for statistical robustness.

o Sentiment model fine-tuning

- Select a pre-trained BERT base model [29] as the
foundation for sentiment analysis.

- Fine-tune the BERT model on a large, labeled
sentiment dataset (IMDb movie reviews), adapt it
to the domain-specific language and sentiment
nuances.

- Validate the fine-tuned model’s performance using
appropriate metrics (e.g. accuracy, F1-score) on a
held-out test set.

o  Sentiment scoring& similarity checking

- For each review r by user u, use the fine-tuned

BERT model to predict the probability of positive

and negative sentiment P, .

- Aggregate review-level polarity scores for each
user by average S, .

- This averaging reduces noise and provides a stable
measure of user sentiment.
- Compute pairwise sentiment similarity between

users with Simg,,, (u,V) criterion.

- Values range from O (opposite sentiment) to 1
(identical sentiment).

- This step enables the system to quantify how
closely aligned users are in terms of their expressed
opinions.

e Hybrid fusion



- Integrate sentiment similarity with collaborative
filtering and content-based similarities.

- Collaborative Filtering Similarity (Simcg) s
pearson correlation between users’ latent factor
vectors.

- Content-Based Similarity (Simcg) is Cosine
similarity between TF-IDF feature centroids for
user profiles.

- Use the hybrid similarity metric SimHybrid(u, V) to

improve user-user matching and recommendation
relevance.
- Visualize sentiment trends and satisfaction scores

to inform further tuning and insights.
In this research, a Bidirectional Encoder Representations
Transformers (BERT) base model which is a powerful deep
learning model is presented to elucidate the issue of
sentiment analysis. The BERT model gave an improved
performance with good prediction and high accuracy
compared to the other methods [30]. BERT is a transformer
model for performing natural language processing, question
answering and sentiment analysis. First a BERT-based
sentiment classifier on movie-review data has been fine-
tuned to assign each review a polarity score p,, - € [—1,1] and
aggregate into a user-level sentiment s,. We adopt a
pre-trained BERT model fine-tuned on a large, labeled IMDb
review corpus to output review-level polarity scores. Each
review r by user u yields:

P, = P(Positive|r) —P(Negative|r) ®

Thus bounded in the range [—1,1], where +1 indicates
maximally positive sentiment and —1 maximally negative
sentiment. Incorporating sentiment polarity from reviews
enhances recommendation relevance. Therefore, user
reviews are processed using a pre-trained sentiment classifier
to assign polarity scores. BERT’s self-attention layers
capture long-range dependencies and contextual nuances far
better than earlier RNN- or CNN-based classifiers [31]. To
form a stable user sentiment s,, we average over all reviews
R, by user u:

1
s, _|R—u P, )

reR,

Requiring a minimum of five reviews for statistical
robustness. This averaging reduces noise from individual
outlier reviews and reflects overall user disposition. Then the
pure sentiment similarity and pairwise sentiment alignment
has been measured as follows:

Sim,, (u,v)=1—s, —s,| (10)

Which ranges from 0 (diametrically opposed sentiments) to
1 (identical sentiment). Finally, in order to leverage

complementary signals, we fused Simsem(u,v) with

collaborative-filtering similarity (Simcr) and content-based
similarity (Simcg) metrics via:

sent

SiMyypria(U,V) = aSimee(u,v) + #Simeg(u,v) +7Sim
an

Where, Simcr is the pearson correlation between users’
latent-factor vectors learned via regularized SVD, and Simcs
is cosine similarity on TF-IDF-derived item-feature
centroids for each user Medium. Weights (a=p=0.4, y=0.2)
were chosen via grid search on a validation set to optimize
precision. Such a sentiment analysis approach can regulated
and balance rating, content, and opinion signals for improved
user-user matching.

3.4 Link prediction component

The proposed link prediction algorithm, predicts user
relationships and interactions, which are incorporated into
the recommendation process to further improve accuracy. To
further enhance the recommendations, an extension of the
FriendLink algorithm [32, 33] has been used and improved
to predict future user interactions, based on the existing
social relationships. The probability that a link will form
between two users u; and u; is computed based on their
proximity in the social network graph. In our improved link
prediction strategy, a hybrid similarity criterion is used to
predict and suggest target links. It uses proximity measures
to predict potential future interactions between users, which
are then used to adjust the recommendation scores for items.
For example, if two users are predicted to become friends,
the system can recommend items that one user has already
rated highly to another user. The general procedure of the
improved link prediction strategy is as follows: it forms a
connection graph between the new user and the users who

have the most similarity, based on the SimHybrid(U, V) , and

according to a pre-defined threshold (e.g. five). It should be
noted that in this graph, all friends of the users extracted by
the hybrid similarity metric participate in the graph and the
link prediction algorithm is executed on these friends.
Therefore, it is not necessary to re-navigate the entire
network graph. By calculating the similarity of the new user
with other friends of similar users is calculated based on the
path length and the threshold, the results of this part are
combined with the outputs of sentiment analyzer component
and the final users with the highest score are recommended
as friends to the new user. Moreover, in order to improve the
accuracy of user selection and suggestion in the proposed
approach, by applying the degree of neighborhood of the
users, final similarity criterion is defined as follows:

- Ly [pet] (D),
Final Sim(n,u, |=| » —.————[*| — [*Sim:(UV
( | l) ;I—l Hyzz(n_y) N v d( )

(12)

Where:

- ni: Is a new user who has just been entered in the
social network graph, and u; is the one-by-one users
who are most similar to new user.

- L: Specifies the length of the path.

- n: Specifies the total number of nodes in the graph.
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I
- z— . Is a weighting factor that is more
~
i=2
effective for paths greater than L=2.

path,

: The number of paths between the new

user and the user who is connected to the new user's
friends is shown according to their length.

- Hly=2(n - y) . Is the number of possible paths

from the new user to the target user.
- N : The total number of degrees of the nodes.

- D j - Is the degree of the target node.

u

Where, N, denotes the newly added user to the social

network graph, whereas U; represents an existing user who

exhibits the highest similarity to N;, based on the hybrid

similarity metric introduced earlier. The parameter L
specifies the length of the path connecting two users within
the graph, serving as an indicator of their topological
proximity. The term n; refers to the total number of nodes
weighting

(i.e., users) in the social graph, while the |W

factor is introduced to adjust the contribution of longer paths
(L>) during the link prediction process. This ensures that
indirect connections (although weaker than direct links) still
contribute proportionally to the prediction score.

Furthermore, Pnj i

( L) indicates the number of possible
paths of length L between the new user N; and the target user

U;. This parameter captures how many distinct connection

routes exist between two nodes at a given path length. The

denominator includes D ; , which denotes the degree of the

uj °
target node, representing the total number of existing
connections that the user U; maintains within the network.

By incorporating these elements, the proposed similarity
criterion effectively models the probability of new link
formation by balancing path length, connection density, and
similarity strength.
While our method is inspired by the original FriendLink
local-path approach, it improves from important ways by
Hybrid Similarity Incorporation. The traditional FriendLink
algorithm computes proximity based only on graph
topology. Our modified version replaces the simple path-
based probability with a multi-term predictor that integrates:

- Node degree centrality (deg(u)),

- Hybrid similarity (Simybria),

- Adjusted path-length weighting (%),
The link prediction score is thus defined by Eq. (13):

Score(u;,u)) =

Lmax 7\,L .
;m *‘PathsL(ui, uj)‘* SiMyya (U, U;)
(13)

This integrates node degree centrality, hybrid similarity, and
path weighting (1=0.6). Degree normalization avoids bias
toward highly connected users, improving prediction
stability. Pseudocode for the FriendLink+ algorithm is:

FriendLink+ algorithm

Input: wnew, Users, Lmax, 1;
Output: Scorefu;], Top-N;

1. For each user u; in Users do
2. Sim = SimHybrid (unew, u));
3. Scoreluj] = 0;
4. For L =1 to Lmnax do
PathCount = countpaths(unew, uj, L);
Scorefu;] += (A"L / deg(wj)) * Pathcoun: * Sim;
End For;
8. Rank users by Score[u;];
9. Recommend Top-N with highest scores;

Naw

Algorithm 2. The pseudo code of the FriendLink+ algorithm

This integration not only captures network proximity but
also propagates sentiment-augmented similarity through
indirect neighbors (a hybrid graph-regularized mechanism)
conceptually similar to a shallow GNN layer, yet
computationally lighter. In fact, it is one of the achievements
and benefits of the proposed approach in this research.

In summary, similarities are calculated based on the
threshold between the new user and similar users in the
selected category and a hybrid similarity criterion is

determined based on user attributes, reviews, and
interactions. After the new user's similarity to other friends
of similar users is calculated based on the path length and
threshold, the results of this part are combined with the
previous step and the final users with the highest score are
recommended as friends to the new user. The advantage of
using this strategy is that the calculation and prediction of the
link is done after sentiment analysis, and finding similarities
between neighboring nodes in the network graph based on
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the proposed hybrid criterion is able to provide more
accurate suggestions. Moreover, it is not necessary to re-
navigate the entire network graph and the prediction speed
increases [28].

The next section focuses on examining the simulation results
of the proposed approach and comparing with related work.

4. Evaluation and results

The performance of the proposed hybrid recommender
system evaluated based on the several major metrics like
MAE, RMSE, Precision, Recall, and the overall system's
ability to address the cold start problem. The basic setup and
hardware configuration has been presented in Table 2. The
dataset used for evaluation is the MovieLens dataset [34],
containing over one million records. To validate the
advantages of the proposed recommender system,
comparisons are made between the hybrid approach and
other standard recommender systems used collaborative
based approach [9], [21], and also content based approach
[35], [19], as baseline methods. Additionally, we analyze the
impact of demographic data, clustering techniques,
sentiment analysis, and ML algorithms on the accuracy of
suggestions in the proposed system.

4.1 Performance comparison

To demonstrate the effectiveness of the hybrid recommender
system, performance of the proposed system is compared to
traditional CF and CBF based systems. The initial evaluated
metrics are:

- Mean Absolute Error (MAE): Measures the average
magnitude of the errors between predicted and actual ratings:

1 N
MAE == >"|r, —f, (14)
N 5

Where, r;is the actual rating and ﬁ is the predicted rating.

- Root Mean Square Error (RMSE): measures the standard
deviation of the prediction errors:

N
RMSE = /% d(r-£)? (15)
i=1

Both MAE and RMSE are calculated to assess how well the
system predicts user ratings for items, with lower values
indicating better performance. Table 3 presents the
evaluation results for MAE and RMSE. From the results of
Table 3, we observe that the proposed hybrid recommender
system significantly reduces both MAE and RMSE,
compared to the CF and CBF based methods. The MAE is
lowered by 14.4% compared to CF method and 11.8%
compared to CBF method. Figure 3 depicts the MAE values
for CF, CBF, and the proposed hybrid system and illustrates
the improved accuracy of the proposed recommender system
and reduction in error achieved by the proposed hybrid
approach. Figure 4 depicts the RMSE comparison for CF,
CBF, and the proposed hybrid system. In Figure 4, the RMSE

values for the three models have been presented. The RMSE
is reduced by 15.9%, and 13.9%, respectively. The hybrid
system presents the smallest RMSE, indicating more
accurate predictions, overall.

4.2 Cold start scenario

To assess the system's performance in cold start scenarios,
new users with no interaction history were added to the
system. These users were clustered based on demographic
data using the clustering algorithm. The results were
evaluated based on the recommendations provided for these
users. Figure 5 depicts the MAE values after evaluations. As
it can be seen in the Figure 5, the proposed hybrid system
demonstrates a 27.4% reduction in MAE for new users,
compared to CF based method, showcasing its ability to
handle the cold start problem, effectively. The sentiment
analysis capability, decision trees and SVM models
contribute significantly by classifying users based on
demographic and social data. Above presented graph could
illustrate how MAE decreases as our hybrid recommender
system is applied to cold start users, outperforming CF and
CBF methods. Moreover, for new items that had no previous
user interactions, the hybrid model again leveraged
clustering and decision tree predictions. Figure 6 presents the
MAE metric for item cold start situation. Results in Figure 6,
demonstrate that the proposed system performs significantly
better in the item cold start scenarios as well, with 29.6%
decrease in MAE, compared to CF method.

4.3 Link prediction performance

Our improved link prediction strategy impacts on the metrics
Precision and Recall, as presented in Table 4. The improved
link prediction strategy leads to 7% improvement in
Precision, and 10.8% improvement in Recall. Incorporating
social data and link prediction into the recommendation
process helps to refine recommendations and increases the
overall system's accuracy.

4.4 System scalability and performance on large datasets

To ensure the scalability of the proposed recommender
system with large datasets, the performance was tested on
progressively larger subsets of the MovieLens dataset. The
system was evaluated based on both its accuracy (measured
by MAE and RMSE), and its computation time as presented
in Table 5. As it can be seen in the Table 5, the proposed
recommender system maintains its accuracy even as the
dataset size increases, with a slight improvement in MAE
and RMSE, due to the availability of more user interaction
data. The computation time increases linearly with dataset
size, which is expected in systems using clustering and ML
techniques.

5. Discussion and comparison

Despite the significant advances in recent recommender
systems, a notable gap exists in the literature regarding the
effective resolution of the cold start problem and sparsity,
particularly in the scope of social networks. Some existing
approaches, especially those relying on the CF methods like
[9], [21], often struggle when encountering users, or items
with limited historical data. These methods are heavily
dependent on user-item interaction history, meaning that
when data is sparse, the recommendation quality decreases.
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While CBF based approaches like [35], [19] provide an
alternative by leveraging item attributes to make
recommendations, face limitations when the wuser’s
preferences are inadequate, or unknown. However, such
systems often suffer from excessive specialization and lack
of diversity. Hybrid approaches like [20], [10], and [22]
integrate useful elements of both CBF and CF, and often
offer promising solutions. However, still there is a lack of
research that adequately explores how add-on capabilities
and techniques such as demographic data, user clustering,
learning models, sentiment analysis, and link prediction can
further improve the accuracy and performance in
recommendation systems and mitigate the cold start and data
sparsity challenges. Our research aims to fill this gap by
developing a novel hybrid recommender system that
integrates mentioned capabilities to enhance
recommendation accuracy and solve the cold start and
sparsity challenges, more effectively. Table 6 presents a
detailed comparison of our proposed recommender system
with related work. The results of several evaluations present
clear improvements in handling the cold start problem,
increasing recommendation accuracy, and integrating social
data through the sentiment-enhanced hybrid approach. The
combination of CF, CBF, sentiment analysis, demographic-
based clustering, decision trees, SVMs, and improved link
prediction, offers a robust solution to traditional
recommendation  system  challenges. The system
demonstrates scalability with large datasets and maintains
high accuracy across different test scenarios. The inclusion
of advanced learning techniques and sentiment analysis
significantly enhances both precision and recall, making the
hybrid system well-suited for complex recommendation
tasks in social networks.

Moreover, Table 7 includes explicit numerical
improvements in error and performance metrics over key
related work. We benchmarked against three representative
recent systems incorporating demographics, or clustering.
As can be deduced from the information in Table 7, the
improvement stems from integrating (1) sentiment fusion
using BERT-derived embeddings, (2) degree-normalized
FriendLink+ prediction, and (3) Bayesian Information
Criterion—optimized X-Means clustering. Finally note that,
to enhance the reproducibility and transparency of the
proposed framework, the complete implementation code,
hyper parameter settings, and data-split scripts have been
provided in the supplementary materials. The MovielLens
1M dataset was stratified into training (70%), validation
(15%), and testing (15%) subsets, maintaining the user—item
interaction ratios to avoid isolated entities during learning. A
sensitivity analysis was further conducted to evaluate the
robustness of the model under different parameter
configurations. The results showed that the framework’s
performance remained stable across a broad range of
parameter variations. Specifically, the MAE fluctuated by
less than +2% for different combinations of (a, B, 7)
satisfying o + f + y = I, and by <3% for varying cluster
numbers (K). The optimal DNN learning rate (y = le-4)
provided the best trade-off between convergence speed and
stability. To ensure statistical consistency, all experiments
were repeated using three independent random seeds (42, 77,
and 113), and the performance variation was negligible (<
+0.005 RMSE). These results demonstrate that the proposed
hybrid framework is robust and reproducible under different
hyper parameter settings.

6. Conclusion and future work

In light of identified research gaps and implementation of the
proposed hybrid recommender system, a clear inference
emerges, suggesting that our proposed system, involving the
flexible integration of CF, and CBF methods in conjunction
with sentiment analysis capability, presents a promising
avenue for this research scope. The novelty of this research
lies in its hybrid and multi-dimensional approach. This
research contributes to the growing body of knowledge
surrounding recommendation systems by integrating the
strengths of different techniques, while incorporating
demographic data, user clustering, ML models, sentiment
analysis, and link prediction to improve recommendation
accuracy in cold start scenarios and offer a robust solution to
traditional challenges in this research area. Future work can
focus on enhancing the scalability of the system for larger
and real-time execution environments. Implementing
distributed computing techniques such as parallel
processing, or utilizing cloud-based infrastructures can
optimize computation time and also increase its richness and
comprehensiveness. The insights gained from this study
provide a foundation for developing more sophisticated and
user-friendly recommendation systems that meet the
demands of diverse users and evolving data landscapes.
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Tablel. Comparison with related work

Reference

Approach and achievements

Challenges and gaps

Ahuja et al. [17]
Alietal. [13]
Banjac et al. [18]

Cami et al. [19]

Dang et al. [9]
Hassan et al. [20]

Lin et al. [21]
Madani et al. [12]

Walek et al. [22]

Wang et al. [23]
Yanto et al. [10]

Wang et al. [24]

Hybrid recommender system using K-Nearest
algorithm neighbor and K-means clustering
Hybrid model that leverages genomic tags of movies
with CBF
Movie recommender system to maximize the
collective satisfaction of a group of users.

A CBF based recommender system based on
temporal user preferences

Integrates sentiment analysis into CF
Hybrid recommender with evolutionary Apriority and
K-means clustering algorithms
Movie recommendation system based on CF and
neural networks
Hybrid CF with sentiment analysis
A hybrid recommender system for recommending
relevant movies, based on the CF, CBF, and fuzzy
expert system
Latent-feature representation model for cold start link
prediction
Hybrid collaborative filtering method for movie
recommendations
Sentiment-enhanced hybrid recommender system the
on Spark platform

Limited data set, without sentimental analysis,
and feature significance.

Feature limitation problem

Limited implementation

Low user serendipity and low accuracy with
limited diversity

CF challenges, limited domain
Specific application domain

High MAE , RMSE, without sentiment analysis
capability
Cold start, gray sheep problems persist

Complex model without sentiment analysis
capability

Needs learning on the latent-feature
representation model for dynamicity

Cold start and CF challenges remain

Limited implementation



https://www.sciencedirect.com/science/article/pii/S0957417420302761
https://www.sciencedirect.com/science/article/pii/S0957417420302761
https://onlinelibrary.wiley.com/doi/abs/10.1155/2018/8263704
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Table 2. Hardware configuration

Specification Details
CPU Intel® Xeon® Silver 4310 (2.1 GHz x 12 cores)
GPU NVIDIA RTX A5000 (24 GB)
RAM 128 GB DDR4
oS Ubuntu 22.04 LTS
Frameworks Python 3.10, PyTorch 2.2, Scikit-learn 1.5
Table 3. Evaluation Results
Methods MAE RMSE
CF 0.764 0.934
CBF 0.742 0.912
Proposed system 0.654 0.785

Table 4. Evaluating the impact of link prediction

Scenario Precision Recall
Without link prediction 0.821 0.743
With improved link prediction 0.895 0.849

Table 5. System Scalability
Dataset MAE RMSE Computation time (Sec)
Small dataset (100K ratings) 0.674 0.792 15
Medium dataset (500K ratings) 0.662 0.789 38
Large dataset (1M+ ratings) 0.654 0.785 66

Table 6. Comparison between the proposed approach and related work

Method
CBF

Prior work

Differences in our proposed system

Cano and Morisio [35]
Cami et al. [19]
Shi et al. [36]
Prottasha et al. [37]
Dang et al. [9]

Lin et al. [21]

Liu et al. [38]

Li et al. [39]
Wang et al. [23]
Markchom et al. [40]
Yanto et al. [10]
Walek et al. [22]
Al-Hasan et al. [41]
Silletti et al. [42]
Banjac et al. [18]

CF

Link prediction

Hybrid approach

Movie datasets analysis

We cluster users and integrate CBF, CF, and sentiment
analysis.

BERT-based scores fused via a tunable combined metric.

Improved link prediction to assign new users to clusters.
Multi-dimentional integration of CF, CBF, ML techniques,

sentiment analysis, and improved link prediction.

Employ both MovieLens-1M and an IMDb reviews subset
for evaluation to support scalability.




Table 7. Quantitative comparison with related work

Method Key features MAE RMSE Precision Recall Improvement
over aseline
CF (%)
Zare et al. [15] CF + Demographic Data 0.732 0.911 0.842 0.795 —
Wang et al. [24] CF + Sentiment Fusion 0.704 0.884 0.854 0.809 +7.6
(Spark)

Hassan et al. [20] Hybrid CF+CBF 0.681 0.823 0.876 0.824 +10.8
+ K-Means

Proposed FriendLink+ CF+CBF+Sentiment+BERT 0.654 0.785 0.895 0.849 +14.4
Hybrid Approach + Clustering

+ Link Prediction
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