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Abstract

Recommender systems are vital components of modern digital
platforms, providing users with personalized suggestions based on
their  historical interactions and preferences. Traditional
recommendation techniques predominantly rely on numerical ratings
and collaborative filtering, which often suffer from challenges such as
the cold start problem, data sparsity, and lack of contextual
understanding. These limitations can significantly reduce the accuracy
and reliability of recommendations. To address these challenges, we
propose a hybrid sentiment-aware recommender system that
leverages both numerical ratings and the emotional content of user
comments to enhance recommendation precision. The proposed model
employs a two-dimensional Convolutional Neural Network (CNN2D) to
analyze textual comments from YouTube, where user sentiments are
categorized into five distinct levels: negative, neutral, positive, happy,
and extremely happy. By extracting sentiment features from
comments, the system gains a deeper understanding of user
preferences that goes beyond simple rating values. The CNN model is
trained and validated using dynamically partitioned datasets, and its
performance is evaluated using Root Mean Square Error (RMSE) as the
primary metric. Experimental results demonstrate that the integration
of sentiment analysis significantly improves recommendation accuracy
and robustness, particularly in scenarios involving new users or items.
The system also supports real-time comment analysis and generates
relevant content recommendations based on predicted sentiment,
offering a practical and scalable solution for next-generation
recommender systems.

INTRODUCTION

Recommender systems have emerged as

In recent years, the explosion of digital content
across platforms like YouTube, Netflix, and
Amazon has created an urgent need for
intelligent systems capable of filtering and
recommending relevant content to users.

© 2025 The Authors. Published by MRI INDIA.

powerful tools to address this need, offering
personalized suggestions based on user
preferences, behavior, and historical data. These
systems not only enhance user engagement but

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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also drive business metrics such as retention
rates and revenue generation.

Traditional recommender systems primarily
rely on collaborative filtering, content-based
filtering, or hybrid approaches. Among these,
collaborative filtering techniques use the
preferences of similar users to recommend
items, while content-based approaches focus on
the attributes of items previously liked by the
user. Despite their widespread use, these
approaches face several challenges. The most
notable of these is the cold start problem, which
arises when there is insufficient data about new
users or new items. Additionally, the sparsity of
the user-item matrix — where many users rate
only a few items — can lead to poor prediction
accuracy.

Moreover, existing methods often overlook a
valuable and increasingly abundant source of
information: user-generated textual content
such as comments, reviews, and feedback.
Unlike numerical ratings, comments contain rich
linguistic and emotional cues that can offer a
deeper understanding of user preferences.
Sentiment analysis, which involves identifying
and classifying emotions expressed in text, has
the potential to significantly enhance the
performance of recommender systems by
incorporating the user's mood, intent, and
satisfaction level.

To bridge the gap between numerical ratings
and emotional expression, we propose a
Sentiment-Based Convolutional Neural Network
(CNN) Model for Recommender Systems. The
core idea is to utilize user comments to extract
sentiment scores, which are then used in
conjunction with traditional rating data to
improve recommendation accuracy. Our system
categorizes sentiments into five classes:
negative, neutral, positive, happy, and extremely
happy, providing a fine-grained analysis of user
opinions.

The sentiment classification is performed using
a 2D Convolutional Neural Network (CNN2D), a
deep learning model capable of capturing
hierarchical patterns in text data. The CNN2D
model is trained on a labeled dataset of YouTube
comments, enabling it to learn complex features
related to sentiment expression. Once trained,
the model can predict sentiments for new
comments in real time and use these predictions

to generate more contextually relevant
recommendations.
In this paper, we detail the architecture,

implementation, and evaluation of our proposed
system. We demonstrate that by integrating
sentiment analysis into the recommendation
pipeline, we can significantly improve the
system’s ability to make accurate predictions,
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particularly in cold start and sparse data
scenarios. The model is evaluated using Root
Mean Square Error (RMSE), a widely used
metric for measuring prediction accuracy.
Results show that our approach consistently
outperforms baseline models that rely solely on
ratings.

RELATED WORKS

Recommender systems have been extensively
studied over the past two decades, evolving
from basic collaborative filtering models to
advanced hybrid and deep learning-based
techniques. Despite significant advancements,
challenges such as the cold start problem,
sparsity in user-item interaction matrices, and
lack of contextual understanding still persist in
traditional systems.

1. Traditional Recommendation Techniques
Collaborative filtering, one of the earliest and
most widely adopted recommendation
approaches, predicts user preferences based on
the preferences of similar users. While simple
and effective in dense datasets, collaborative
filtering often suffers from poor performance in
sparse data conditions. Matrix factorization
techniques,  such as Singular ~ Value
Decomposition (SVD), attempt to address this by
reducing dimensionality, but still rely solely on
numeric ratings.

Content-based filtering, in contrast,
recommends items similar to those the user has
liked in the past based on item features.
However, it tends to lack diversity and suffers
from over-specialization, recommending only
items that are too similar to prior preferences.

Hybrid models attempt to combine both
approaches to leverage their respective
strengths. While they improve overall
performance, they still overlook a key

dimension of user behavior—emotion and
sentiment, which is often expressed in natural
language comments and reviews.

2. Sentiment Analysis in Recommendation
Recent research has explored the integration of
sentiment analysis into recommender systems
to enrich the contextual understanding of user
preferences. Sentiment analysis enables systems
to extract opinions, emotions, and attitudes
from textual reviews, providing more nuanced
insights than ratings alone.

Early sentiment-enhanced models relied on
basic NLP techniques such as term frequency-
inverse document frequency (TF-IDF), bag-of-
words, and lexicon-based sentiment scoring.
These methods, while intuitive, lack the capacity
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to capture complex linguistic structures and
contextual semantics in natural language.

With the emergence of deep learning, models
like Recurrent Neural Networks (RNNs), Long
Short-Term Memory (LSTM) networks, and
Convolutional Neural Networks (CNNs) have
demonstrated  superior  performance in
sentiment classification tasks. CNNs, in
particular, are effective at extracting local and
hierarchical features from text, making them
well-suited for analyzing user comments.

3. CNN-Based Sentiment Classification

Kim (2014) introduced one of the earliest CNN
models for sentence-level sentiment
classification, achieving competitive results on
multiple datasets. Since then, CNN architectures
have been widely used for text classification,
offering advantages in training speed and
feature extraction. Unlike RNNs, CNNs do not
require sequential data processing, making
them ideal for scalable recommendation
scenarios.

Some studies have incorporated CNN-based
sentiment scores into matrix factorization
frameworks to improve recommendation
quality. However, few systems implement a real-
time, end-to-end pipeline where sentiment
analysis directly influences the recommendation
output.

4.Existing System

The majority of existing recommender systems
rely heavily on collaborative filtering and
content-based filtering techniques. Collaborative
filtering recommends items to users based on
the preferences of similar users, while content-
based filtering uses the attributes of previously
liked items to generate suggestions. These
systems generally use numerical user ratings to
learn patterns and predict future preferences.
While such systems perform adequately in well-
populated  datasets, they struggle in
environments where user interaction is minimal
or new content is frequently introduced.

To enhance performance, some hybrid models
have been developed, combining both user
behavior and item characteristics. These models,
however, often overlook unstructured data such
as user-generated comments or reviews, which
can reveal valuable insights into user sentiment
and emotional engagement. Basic sentiment-
enhanced models use lexicon-based techniques
or traditional machine learning algorithms to
score user comments, but they often fail to
capture contextual meaning or nuanced
emotions. Moreover, these systems are rarely
adaptive and lack real-time prediction
capabilities, limiting their effectiveness in
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dynamic environments like YouTube or social
media platforms.

4.1 Limitations of Existing Systems

e Cold Start Problem: Inability to provide
accurate recommendations for new users or
new items due to a lack of historical data.

e Sparse Rating Matrix: Limited user-item
interactions lead to sparsity, reducing the
effectiveness of collaborative filtering.

e Lack of Contextual Understanding: Existing
models often ignore the emotional and
contextual depth found in user comments.

e Shallow Sentiment Analysis: Traditional
NLP techniques used for sentiment scoring
fail to capture complex linguistic patterns.

e Static Models: Most systems are not
designed for real-time learning or sentiment
prediction, making them less effective in
dynamic content environments.

e Overdependence on Numeric Ratings: Sole
reliance on ratings may result in inaccurate
recommendations, especially when ratings
are inconsistent or biased.

e Limited Personalization: Without
understanding user mood or opinion
context, personalization remains superficial
and often inaccurate.

5. Proposed System

To overcome the limitations of traditional
recommender systems, we propose a sentiment-
aware recommendation model that integrates
both numerical ratings and the emotional tone
derived from user comments. The core idea is to
enhance the recommendation process by
extracting user sentiment using a deep learning-
based classifier and combining it with rating
data to generate more accurate and contextually
relevant suggestions.

Our proposed system leverages a two-
dimensional Convolutional Neural Network
(CNN2D) to perform sentiment classification on
user comments. The comments are
preprocessed, tokenized, and converted into
suitable input formats for the CNN. The CNN
model is trained on a labeled dataset of YouTube
comments, with sentiments categorized into five
distinct levels: negative, neutral, positive, happy,
and extremely happy. These sentiment
predictions serve as additional features in the
recommendation engine, offering a deeper,
emotion-driven insight into user
preferences.The architecture includes modules
for user interaction, dataset upload, model
training, prediction, and recommendation. Once
trained, the system can dynamically analyze
new comments, predict the associated
sentiment, and use this information to provide
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personalized content suggestions. The model’s
performance is evaluated using Root Mean
Square Error (RMSE) to ensure the accuracy and
robustness of the predictions.

5.1 Advantages of the Proposed System

e Sentiment-Augmented Recommendations:
Integrates sentiment scores from user
comments along with numerical ratings for
enhanced recommendation precision.

e CNN2D Sentiment Classifier: Uses a deep
learning model to extract and classify
sentiment features from natural language
text.

e Multi-Level  Sentiment  Categorization:
Predicts five sentiment levels for nuanced
emotional understanding — from negative
to extremely happy.

e Dynamic Dataset Handling: Supports real-
time training and testing using randomly
split datasets to simulate dynamic user
environments.

e Interactive Web Interface: Offers a user-
friendly interface for uploading datasets,
training models, and generating
recommendations.

e Cold Start Resilience: Mitigates cold start
problems by utilizing sentiment insights
when historical rating data is unavailable.

e Real-Time Prediction and Feedback: Allows
live comment sentiment analysis and
instant recommendations based on user
interaction.

e Performance Evaluation Using RMSE: Uses
RMSE as a quantitative metric to assess
recommendation accuracy.

PROPOSED METHODOLOGY

The proposed system adopts a hybrid
methodology that combines numerical ratings
with sentiment analysis to enhance the
effectiveness  of recommendations. The
approach integrates a deep learning-based
sentiment classifier with a traditional
recommendation engine, ensuring both
emotional context and user preferences are
considered.

| Word embedding Training

Users'
Reviews —P‘ (BERT) (Hybrid Deep leaming aigorithms)
,‘ )
v v
Feature vector — Sentiment model
Datasets l
y Users'
Reviews = Ly
Recommendation method based on Predicted ratings

sentiment and user-user CF

f

Active user

for the active user
o Usest |

Ratings

Fig 1: Architecture of the Sentiment-Aware
Recommendation System Using Hybrid Deep
Learning
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The architecture of the proposed sentiment-
aware recommendation system integrates both
user ratings and textual reviews to generate
more personalized and emotionally intelligent
recommendations. The system begins by
collecting datasets containing users’ reviews
and ratings. The textual reviews are processed
using the BERT (Bidirectional Encoder
Representations from Transformers) model,
which performs word embedding to convert the
natural language input into dense feature
vectors that capture contextual and semantic
nuances. These feature vectors are then used to
train a sentiment classification model built on
hybrid deep learning algorithms. The trained
sentiment model outputs the emotional polarity
of each user review, providing deeper insights
into user preferences beyond numerical ratings.
Simultaneously, the system also utilizes
collaborative filtering, specifically user-user
collaborative filtering (CF), which compares the
active user’s preferences with those of other
users in the dataset. The recommendation
engine fuses the sentiment analysis results with
numerical user ratings and applies the
collaborative filtering technique to identify
similar users. Based on these similarities, the
system predicts ratings for items not yet
interacted with by the active user. This hybrid
approach ensures that recommendations are
not only based on statistical similarity but are
also informed by the wuser’s emotional
responses, leading to more contextually relevant
and satisfying suggestions.

Proposed methodology includes several key
stages: data collection, preprocessing, sentiment
classification using CNN2D, feature fusion, and
final recommendation generation.

1. Data Collection
The system utilizes user-generated data such as
YouTube comments along with numerical
ratings. Each dataset entry consists of:

e UserID

e Video or item ID

e User rating (on a numerical scale)

e User comment or feedback
These data points are essential for extracting
both quantitative and qualitative indicators of
user preferences.

2. Data Preprocessing
Preprocessing is crucial to prepare raw
comment data for model input. The following
steps are performed:
e Text Cleaning: Removal of URLs, emojis,
special characters, stopwords, and
redundant whitespace.
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e Tokenization: Splitting comments into
word tokens.
e Lowercasing: Converting all text to

lowercase for uniformity.

¢ Encoding & Padding: Converting words to
integer sequences and padding them to
ensure consistent input lengths for the CNN
model.

3. Sentiment Classification using CNN2D
After preprocessing, comments are passed
through a 2D Convolutional Neural Network
(CNN2D) for sentiment classification. The
architecture includes:
e Embedding Layer: Transforms tokens into
dense vector representations.
e Convolutional Layers: Extract spatial and
contextual features from the embeddings.
e Max Pooling: Reduces feature map
dimensions while retaining critical features.
¢ Fully Connected Layer: Maps features to
five sentiment categories: Negative, Neutral,
Positive, Happy, and Extremely Happy.
e Softmax Output: Produces probability
distribution over sentiment classes.
The CNN2D model is trained using labeled
sentiment data and evaluated for accuracy
before being deployed for real-time predictions.

4. Feature Fusion and Recommendation
Generation
The sentiment label predicted by the CNN2D
model is combined with the user's numerical
rating (if available). The hybrid feature vector
thus captures both:
¢ Quantitative
rating)
¢ Qualitative Sentiment (emotional tone
from comment)
These features are fed into a recommendation
algorithm that matches user preferences with
relevant items. The final output is a list of
personalized recommendations that are both
accurate and emotionally aligned with the user’s
input.

Preference (numerical

5. Evaluation Metric

To measure performance, the system uses Root
Mean Square Error (RMSE), which evaluates the
deviation between predicted and actual user
ratings. A lower RMSE value indicates higher
recommendation accuracy and better model
reliability.

RESULTS

The proposed hybrid recommendation system
was evaluated using a dataset comprising user
comments and ratings from YouTube videos.
The system combines a deep learning-based
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sentiment  classifier = (CNN2D) with a
collaborative  filtering  mechanism.  The
performance of both the sentiment model and
the recommendation engine was measured
using classification accuracy and Root Mean
Square Error (RMSE), respectively.

1. Dataset Description

The dataset includes user-generated comments
and numerical ratings on a 5-point scale. These
entries were preprocessed and labeled for
training the sentiment model. Comments were
manually annotated into five sentiment
categories: Negative, Neutral, Positive, Happy,
and Extremely Happy. A portion of the dataset
was reserved for validation and testing.

2. Sentiment Classification Performance

The CNN2D model was trained on the labeled
review data. The following results were
obtained during training and evaluation:

Table 1: Sentiment Classification Performance

Using CNN2D
Metric Value
Training Accuracy 94.12%
Validation Accuracy | 91.68%
Loss (Cross-Entropy) | 0.38

Table 1 illustrates that the CNN2D model
effectively captures the emotional context
within user reviews. The high validation
accuracy (91.68%) and low loss value (0.38)
suggest that the model generalizes well and
reliably classifies user sentiment, which is
critical for improving the recommendation

quality.

3. Recommendation Performance

To evaluate the impact of integrating sentiment
analysis into the recommendation engine, the
system's RMSE was compared against a
traditional collaborative filtering model that
only uses numerical ratings.

Table 2: RMSE Comparison of Recommendation

Methods
Method RMSE Score
Traditional Collaborative | 1.18
Filtering
Proposed  Hybrid  Model | 0.92
(Sentiment + Ratings)

Table 2 demonstrates that the proposed hybrid
model significantly outperforms the traditional
method. By incorporating sentiment data, the
system more accurately captures user
preferences, leading to an RMSE improvement
from 1.18 to 0.92. This enhancement confirms
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that emotional tone in user reviews plays a vital
role in refining recommendation predictions.
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This table displays sample user comments, their
predicted sentiment ratings (ranging from 1 to
5), and the corresponding recommended videos
generated by the system. The recommendations
are aligned with the sentiment score, showing
how the model tailors content suggestions based
on emotional tone.

Sentiment Prediction Graph
2

5
Fig. 4. Sentiment Prediction Graph

The pie chart shows the distribution of
sentiment predictions. Most reviews (50%)
were highly positive (rating 5), followed by 25%
positive (rating 1), while ratings 2, 3, and 4 each
accounted for 8.3%, indicating fewer neutral or
negative sentiments.

5. Observations

e The hybrid model shows improved
performance, especially in scenarios with
sparse user ratings.

e Sentiment analysis helps address the cold-
start problem by leveraging textual input.

e Users received more emotionally aligned
recommendations, improving the overall
experience.

CONCLUSION

In this paper, a hybrid recommendation system
was proposed that integrates deep learning-
based sentiment analysis with traditional
collaborative filtering techniques. By
incorporating both numerical ratings and
emotional context extracted from user
comments, the system significantly enhances
recommendation accuracy and user satisfaction.
The sentiment classification model, built using
CNN2D architecture, effectively categorized user
feedback into five emotional tones, which were
then fused with rating data to generate more
personalized suggestions.Experimental results
demonstrated that the hybrid model achieved a
lower RMSE (0.92) compared to the traditional
method (1.18), validating the advantage of
sentiment-aware recommendations. The system
also showed resilience in scenarios with sparse
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rating data, effectively addressing the cold-start
problem using semantic information from
reviews.Overall, the proposed methodology not
only improves the predictive accuracy of
recommender systems but also brings
emotional intelligence into the recommendation
process. This opens up new possibilities for
creating more context-aware and human-centric
Al applications in content platforms like
YouTube.

Future enhancements to the proposed system
could include applying the model to other
domains like e-commerce and news platforms
for broader generalization. Incorporating
multilingual sentiment analysis would improve
usability for a global audience. Additionally,
extending the model to detect specific emotions
and enabling real-time recommendation
generation could further personalize user
experiences. Integration of explainable Al (XAI)
methods would also enhance transparency,
while combining sentiment data with user
behavior (e.g., watch time, clicks) could lead to
more accurate and context-aware
recommendations.
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