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Abstract — Traditional movie recommendation systems often
struggle with limitations such as the cold start problem, static
algorithms, and reliance on explicit feedback, leading to
suboptimal personalization. This project proposes a human
disposition-based recommendation system that integrates
Singular VValue Decomposition (SVD), K-Nearest Neighbors
(KNN), meta-learning, and reinforcement learning to
dynamically adapt to user preferences. By incorporating
emotional and behavioral factors, the system enhances
personalization and responsiveness. Performance evaluations
demonstrate significant improvements, with an accuracy of
~85% and reduced computational complexity, surpassing
traditional systems' typical accuracy of 70-75%. This
approach promises a more engaging and efficient
recommendation experience.
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l. INTRODUCTION

The explosion of streaming platforms and digital content has
transformed how users consume entertainment, offering an
immense library of movies at their fingertips. However, this
wealth of choices can lead to a paradox: while the selection is
vast, finding the right movie that matches both a user’s tastes
and their current mood is often overwhelming. Traditional
recommendation systems, which rely primarily on factors
like viewing history, genre preferences, or popular trends,
often fall short in delivering truly personalized suggestions.
These systems tend to overlook a key factor that can
significantly influence a user’s viewing preferences at any
given moment—their emotional state In the age of
personalized digital experiences, recommendation systems
have become an essential tool for delivering curated content
to users, especially in areas like entertainment, e-commerce,
and social media. Traditional recommendation systems,
however, often rely solely on user history or static
preferences, neglecting real-time emotional states or deeper
contextual factors. A  Human  Disposition-Based
Recommendation System addresses this limitation by
incorporating not only a user’s historical data but also their
real-time emotional disposition to provide recommendations
that align with their current mood and preferences. This
system leverages advanced machine learning techniques,
including Singular Value Decomposition (SVD), K-Nearest
Neighbors (KNN), Meta-Learning, and Reinforcement
Learning, to build a robust, adaptive recommendation
framework that intelligently combines past behavior with
real-time emotional feedback. By using these models in a
cohesive manner, the system achieves more precise and
dynamic movie or content suggestions tailored to a user’s
momentary disposition.

Il. LITERATURE REVIEW

With the rapid advancements in modern technology and the
rise of artificial intelligence, the issue of “information
overload" has become more pronounced. Recommendation
systems play a crucial role in addressing this challenge by not
only providing users with a seamless and personalized
experience but also assisting businesses in driving greater
profitability. To meet the diverse preferences of users, this
study proposes a hybrid movie recommendation system. This
system minimizes the time users spend searching for
information and enhances search efficiency, ensuring that the
suggested movies are closely aligned with their preferences.
Our hybrid algorithm has achieved an accuracy rate of 81%,
outperforming traditional Content-Based (CB) and
Collaborative Filtering (CF) methods like Item-Based CF and
User-Based CF. The result is a more efficient process for
users to discover movies that match their tastes, while also
improving the overall search experience.

In the current digital landscape, recommendation
systems have simplified the process of finding relevant
content. These systems guide users in making informed
decisions about movies by offering suggestions, helping them
avoid the time-consuming task of manually searching for
films. Different techniques are employed by platforms, with
Collaborative Filtering (CF) being one of the most commonly
used approaches. However, CF methods face challenges such
as the "cold start" problem and issues with scalability. This
paper explores a solution for movie recommendations by
leveraging both a content-based approach and sentiment
analysis. The system provides movie suggestions by
comparing user preferences with the features of available
films, such as the director, cast, and genre, along with
sentiment indicators derived from user reviews. Rather than
relying on traditional metadata, this method evaluates the
sentiments expressed in reviews—whether positive or
negative—to refine the movie recommendations. The system
also includes additional details like movie ratings, release
dates, and genre classifications.

The movie industry has experienced exponential
growth over the years, but not all films are worth the viewers'
time. As a result, many people rely heavily on movie reviews
before making viewing decisions. Traditionally, movies are
rated based on numerical scores, and users often contribute
additional commentary. However, these reviews are often
underutilized in the recommendation process. Given the time
constraints that people face, reading lengthy reviews is not
always feasible. To address this, sentiment analysis is applied
to movie reviews to extract valuable insights, which are then
factored into the movie’s overall rating and recommendation
score. In this project, a sentiment analysis system is built
using the TMDB dataset, with Support Vector Machines
(SVM) employed to classify reviews as positive or negative.
This analysis enhances the movie rating process, resulting in
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more accurate and personalized movie recommendations
based on both numerical ratings and user sentiment.

I1l. PROPOSED SYSTEM
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Fig. 1: Proposed System Architecture
The Human Disposition-Based Movie Recommendation
System is designed to revolutionize personalized movie
suggestions by incorporating human factors such as
personality traits, emotional states, and evolving preferences.
The system aims to address challenges like static algorithms,
cold start issues, and the lack of emotional adaptability in
traditional recommendation systems, ensuring a more
tailored user experience. The architecture comprises multiple
components: Data Input Unit, Validation Module, Processing
Engine, Storage Unit, and Recommendation Delivery
Module, working cohesively to provide accurate and dynamic
movie recommendations. The User Interface (Ul), developed
with technologies like HTML, CSS, and FLASK, offers an
intuitive front-end for users to input preferences, rate movies,
and provide feedback. Authentication ensures that only
verified users can access or modify sensitive information,
safeguarding data privacy. The Back-End Server, built on
SQLite, acts as the system's core, facilitating seamless
communication among components, managing data
processing, and handling storage and retrieval tasks. At the
heart of the recommendation process lies the Hybrid Model
Integration Module, which combines multiple algorithms for
robust performance. SVD Module: Decomposes the user-
item interaction matrix to uncover latent factors, predicting
user preferences for movies not yet rated. KNN Module:
Identifies users with similar dispositions and ratings,
recommending movies popular among these peers. Meta-
Learning Module: Adapts to new users and changing
preferences by training multiple models on varied subsets of

data and selecting the most relevant model for individual
users.

Reinforcement Learning Module: Continuously
improves recommendations by analyzing user feedback,
optimizing strategies over time to enhance accuracy and
engagement. The Data Validation Module ensures clean and
consistent data by handling missing values, normalizing
ratings, and transforming categorical attributes into
numerical representations. All data, including movie
attributes, user profiles, and disposition indicators, are
securely stored in a relational database like MySQL for easy
retrieval and scalability. The Recommendation Delivery
Module generates personalized suggestions based on
processed data, presenting users with movies aligned to their
unique preferences and dispositions. Additionally, the
Feedback Loop Module gathers user interactions and ratings
on recommended movies, feeding this information back into
the system to refine future predictions. For user engagement,
the Notification Module sends real-time updates about new
recommendations, trending movies, or updates on
personalized lists via email or app notifications. The
Monitoring and Error Handling Module ensures system
reliability by detecting anomalies, alerting administrators,
and enabling quick resolution of issues. To enhance data
security and system integrity, the architecture supports
external connections to backup systems and analytics APIs.
Daily backups safeguard user data, while APIs enable
integration with external platforms for advanced reporting
and analysis. This modular, scalable, and adaptive system
effectively reduces manual intervention, overcomes
traditional limitations, and delivers a seamless, emotionally
resonant movie recommendation experience, prioritizing user
satisfaction and engagement.

IV. METHODOLOGY

The project aims to develop a movie recommendation system
that leverages human dispositions, such as personality traits,
preferences, and emotional responses, to enhance the
accuracy and relevance of movie suggestions. The system
integrates  techniques  including  Singular  Value
Decomposition (SVD), K-Nearest Neighbors (KNN), meta-
learning, and reinforcement learning to create a robust and
adaptive recommendation framework.

Data collection involves compiling a comprehensive
dataset, including movie attributes (e.g., title, genre, director,
and ratings), user profiles (e.g., demographic information,
viewing history, and personality traits), and disposition
indicators, which are assessed using standardized
psychological evaluations like the Big Five Personality
Traits.

Data preprocessing ensures high-quality input for
the models. This involves handling missing data through
methods such as mean imputation, normalizing ratings to
account for individual differences, and converting categorical
variables (e.g., genre) into numerical formats using
techniques like one-hot encoding.

The model implementation comprises four key
components. First, SVD is employed for dimensionality
reduction by decomposing the user-item matrix into latent
features, enabling predictions of user ratings for unseen
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movies. Second, KNN is utilized for collaborative filtering by
identifying similar users based on ratings and disposition
features, recommending movies highly rated by similar users.
Third, meta-learning enhances adaptability by training
multiple models on data subsets, with a meta-learner selecting
the most suitable model for a user based on their profile and
interactions. Lastly, reinforcement learning facilitates
continuous improvement by using user feedback to refine
recommendations, optimizing the system's strategies over
time.

Evaluation metrics include Mean Absolute Error
(MAE) to measure prediction accuracy, precision and recall

Additionally, user satisfaction surveys are conducted to
gather qualitative feedback, ensuring the system aligns with
user preferences and expectations.

V. RESULTS AND DISCUSSION

To evaluate the effectiveness of the proposed Human
Disposition-Based Movie Recommendation System, we
compared its performance with traditional recommendation
methods using multiple metrics including Accuracy,
Precision, Recall, F1 Score, and Specificity.

The table below summarizes the comparative evaluation of

’ the proposed hybrid model against traditional
to assess the rgl_evance of recommgnda_tlons, and F1 Score to recommendation techniques:
balance precision and recall in imbalanced datasets.
Model Accuracy | Precision | Recall | F1 Score | Specificity
Content-Based Filtering 0.81 0.78 0.74 0.76 0.84
Collaborative Filtering 0.84 0.80 0.77 0.78 0.86
Proposed Hybrid 0.89 0.88 0.85 0.86 0.91

Table 1: Evaluation Metrics for the Proposed Hybrid Model vs Traditional Models

The results clearly demonstrate that the proposed
hybrid model outperforms both Content-Based and
Collaborative Filtering models across all evaluation metrics.
Notably, it achieves higher accuracy and precision, meaning
it makes more relevant and correct movie suggestions. The
integration of KNN, SVD, Meta-learning, and Reinforcement
Learning allows the system to dynamically adjust to user
preferences and psychological dispositions, creating a highly
personalized and emotionally adaptive
recommendation experience.

Comparison of Recommendation Models by Performance Metrics

Content-Based Filtering
s Collaborative Filtering
= Proposed Hybrid
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0.80

0.75
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VI. CONCLUSION

The development of the Human Disposition-Based Movie
Recommendation System signifies a transformative approach
to personalized entertainment. By lever aging advanced
algorithms such as SVD, KNN, meta-learning, and
reinforcement learning, the system aims to enhance user
experiences through tailored movie recommendations based
on individual dispositions. The expected outcomes indicate
that users will benefit from increased accuracy and relevance
in recommendations, fostering greater engagement and
satisfaction. The system’s adaptability will ensure that it
evolves alongside user preferences, continually refining its
suggestions. Looking forward, the integration of real-time
data, expanded disposition metrics, and broader content
applicability will pave the way for future advancements. By
embracing these enhancements, the system will not only
revolutionize movie recommendations but also set a

precedent for personalized content delivery across various
platforms and mediums. In summary, this project represents
a significant step toward creating intelligent systems that
resonate with the unique emotional and psychological
landscapes of users, ultimately enhancing their interaction
with media and entertainment.
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