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Abstract— The increasing prevalence of mood
disorders necessitates innovative approaches for
mental health support and intervention. This paper
presents a novel Machine Learning-based Mood
Prediction and Recommendation System designed to
enhance mental well-being through personalized
recommendations. The system leverages advanced
machine learning algorithms to predict users'
emotional states based on a combination of their
behavioral data, physiological signals, and contextual
information. Our approach integrates dynamic
feedback mechanisms that continuously improve the
model's accuracy and relevance of recommendations.
The model's performance is evaluated using key
metrics, including accuracy, precision, recall, F1-
score, and AUC-ROC, demonstrating its effectiveness
in mood prediction. Unlike conventional systems, our
model offers personalized recommendations tailored
to individual emotional patterns, distinguishing itself
through its adaptability and real-time learning
capabilities. This paper provides insights into the
system's design, performance metrics, and its
contributions to the field of mental health support.
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I.  INTRODUCTION

Mental health is an essential component of overall
well-being, yet many individuals face challenges in
accessing timely and effective support. Traditional mental
health assessments often involve consultations with
psychiatrists, who use a series of questions and
observations to understand a patient's emotional state and
perspectives. However, barriers such as geographical
limitations, financial constraints, and social stigmas can
hinder access to professional mental health services. To
address these challenges, there is an increasing demand
for innovative digital tools that can provide preliminary
mental health assessments and support.

The Emotion-Based Mood Prediction and
Recommendation System seeks to fill this gap by
offering a digital solution that simulates the initial
evaluation process typically conducted by mental health
professionals. The system is designed to interact with
users through a series of structured questions aimed at
assessing their mood, emotional state, and daily
experiences. By analyzing the responses, the system
identifies  patterns and  provides  personalized
recommendations to enhance the user's mood and improve
their overall efficiency in daily tasks.

At the core of this system is machine learning (ML)
technology, which enables the system to analyze user
inputs and adapt over time. The ML model is trained to
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recognize various emotional patterns and correlations
based on user data. As users interact with the system and
provide feedback, the model updates and refines its
predictions, leading to more accurate and relevant
recommendations. This iterative learning process is
essential for ensuring that the system remains effective
and responsive to the evolving needs of its users.

The implementation of the system involves several key
components. First, the user interface is designed to
facilitate easy interaction, allowing users to answer
questions and provide feedback seamlessly. Second, the
backend utilizes a robust ML algorithm that processes and
analyzes the collected data. This algorithm is continuously
trained with new data to enhance its predictive
capabilities. Additionally, future plans include integrating
advanced technologies, such as GPT models, to offer
more detailed and contextually relevant support. These
models will provide users with comprehensive guidance
and actionable steps tailored to their specific mental health
conditions.

In addition to its current capabilities, the system is
planned for future enhancements involving advanced
technologies. Integrating GPT models, for instance, will
significantly enhance the system's ability to provide
nuanced and contextually relevant guidance. These
models will enable the system to offer more detailed
solutions and support for complex mental health
conditions, further bridging the gap between users and
professional mental health resources. By leveraging these
advancements, the system aims to not only provide
immediate support but also contribute to long-term mental
health improvement.

Overall, the Emotion-Based Mood Prediction and
Recommendation System represents a significant step
towards democratizing mental health support. By
providing an accessible and scalable solution, the system
aims to offer valuable preliminary assistance to
individuals in need. This paper will delve into the
development and implementation of the system, exploring
the methodologies employed, the technical aspects of the
ML models, and future enhancements to further improve
its effectiveness.

Feature Importance in Random Forest Model
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Il.  LITRATURE REVIEW

In the realm of mood-based recommendation systems,
various approaches and technologies have been explored
to enhance the accuracy and effectiveness of mood
prediction. Chen et al. leverage mood-tracking wearables
to improve music recommendation systems by utilizing
physiological indicators such as heart rate and skin
conductance. These indicators are integrated with
recommendation algorithms to tailor music suggestions to
users' current emotional states. This approach is notable
for its ability to provide real-time, contextually relevant
music recommendations based on users' physiological
data, reflecting their immediate moods and enhancing
overall user satisfaction [14].

Building upon the idea of integrating physiological
data, Zhang et al. address both the advantages and ethical
considerations of recommender systems in mental health
applications. They highlight how such systems can
provide personalized mental health resources, like tailored
mindfulness exercises, but also emphasize the importance
of ethical guidelines to protect user privacy and prevent
algorithmic bias. Zhang et al. advocate for a balanced
approach that combines efficacy with ethical
responsibility, ensuring that recommendation systems do
not exploit sensitive user data [3].

Johnson et al. introduce a novel approach to mood
prediction by utilizing brainwave data collected through
electroencephalography (EEG). By analyzing EEG data
while participants listen to music, they train machine
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learning models to classify music moods based on
brainwave patterns. This method offers a more objective
and accurate classification of music moods compared to
traditional subjective methods. The integration of EEG
data with machine learning models represents a
significant advancement in  mood-based music
recommendation, providing deeper insights into users'
emotional responses [6].

Expanding on the use of physiological data, Wang and
Li provide a comprehensive review of mood prediction
techniques that incorporate both traditional machine
learning algorithms and advanced deep learning methods.
They discuss various indicators such as heart rate
variability and electrodermal activity, highlighting the
advancements in deep learning that offer higher accuracy
in mood prediction. Their review emphasizes the benefits
of using multimodal data to create more personalized and
accurate mood assessments, illustrating the evolution of
mood prediction technologies [12].

Gale et al. investigate the relationship between
smartphone usage patterns and mental health, finding that
individuals with higher levels of depression and poor
emotion regulation tend to use their smartphones more
frequently. This research suggests that smartphone usage
data could be utilized for monitoring mental health and
identifying at-risk individuals. Their findings point to the
potential for developing early intervention strategies and
personalized support systems based on users' smartphone
behavior [2].

In another innovative approach, Kumar et al. explore
the application of emotional Al technologies in mood
prediction systems, including facial recognition, speech
analysis, and physiological monitoring. They highlight the
potential of these technologies to provide real-time
interventions based on users' emotional states. However,
Kumar et al. also stress the need for addressing ethical
concerns such as privacy and consent, advocating for the
development of robust ethical guidelines to ensure
responsible use of emotional Al [10].

Chen et al. utilize deep learning techniques, such as
convolutional neural networks (CNNs) and long short-
term memory (LSTM) networks, to enhance mood
prediction from physiological signals. Their study
demonstrates that deep learning models achieve higher

accuracy compared to traditional methods, showcasing
the potential of combining wearable technology with
advanced algorithms to create real-time mood monitoring
systems. This advancement highlights the future of mood
prediction technologies and their applications in
personalized recommendations [5].

Garcia et al. examine how different emotion regulation
strategies impact music preferences and the effectiveness
of mood-based recommendations. Their research shows
that aligning recommendations with users' emotion
regulation strategies improves emotional outcomes. For
example, users who utilize music for emotional
management receive different recommendations than
those who use it for enhancing positive emotions, leading
to more effective and satisfying recommendations [16].

The hybrid recommendation systems discussed
integrate collaborative filtering, content-based filtering,
and deep learning techniques to enhance mood-based
music recommendations. By combining multiple
approaches, these systems address the limitations of
individual methods and provide more nuanced and
personalized recommendations. Experimental results
highlight that hybrid models lead to improved accuracy
and user satisfaction, demonstrating the advantages of
integrating various recommendation techniques [17].

Nikitha’s study on enhancing the Rocchio algorithm
for mood classification introduces a method to adapt
traditional text classification techniques to mood data. By
incorporating user interaction data and mood annotations,
the improved Rocchio model offers more accurate and
personalized recommendations. This advancement is
crucial for improving user experience in music
recommendation systems and aligning suggestions with
individual mood perceptions [1].

Combining insights from recent studies, the best-
suited implementation for mood-based recommendation
systems leverages a hybrid approach integrating
physiological data, advanced machine learning
techniques, and ethical considerations. Chen et al.'s use of
mood-tracking wearables provides real-time, contextually
relevant recommendations by integrating physiological
indicators such as heart rate and skin conductance. This
real-time data, when combined with machine learning
models, enhances the accuracy of mood predictions and
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recommendations [14]. Additionally, Johnson et al.'s
approach utilizing EEG data for mood classification offers
an objective and precise method to understand users'
emotional states, showcasing the potential of integrating
neural data with recommendation algorithms for
improved mood-based personalization [6].

The integration of deep learning techniques, as
demonstrated by Chen et al., is also crucial in advancing
mood-based recommendation systems. By employing
convolutional neural networks (CNNs) and long short-
term memory (LSTM) networks, these systems can
analyze complex patterns in physiological signals and
provide more accurate mood predictions. This advanced
modeling approach helps in tailoring recommendations
based on detailed emotional assessments, making it a
powerful tool for enhancing user satisfaction [5].

Incorporating ethical considerations is essential for the
effective deployment of these systems. Zhang et al.'s focus
on ethical guidelines ensures that while leveraging
sensitive data for personalization, user privacy and
algorithmic fairness are prioritized. This balance between
innovation and ethical responsibility is critical for
maintaining user trust and ensuring the responsible use of
mood-based recommendation systems [3].

To summarize, the optimal implementation of mood-
based recommendation systems in this domain involves a
multi-faceted approach: utilizing real-time physiological
and neural data for accurate mood assessments, applying
advanced deep learning techniques for nuanced analysis,
and adhering to ethical standards to protect user privacy.
This integrated methodology not only improves the
precision and relevance of recommendations but also
aligns with ethical practices, making it a comprehensive
solution for developing effective and responsible mood-
based recommendation systems.

1. IMPLEMENTATION AND METHODOLOGY

The Mood Prediction and Recommendation System
is a user-centric application developed using machine
learning techniques to predict users' moods and provide
tailored recommendations to improve their emotional
well-being. The system employs a Random Forest
Classifier, a robust ensemble learning method, to analyze
inputs and deliver predictions. The user interface is crafted
with Python's Tkinter library, ensuring a smooth and

interactive experience. This interface allows users to input
data related to their current state, such as weather
conditions, energy levels, stress levels, recent activities,
and socializing habits. The application processes these
inputs to predict the user's mood—whether it is happy,
sad, or neutral—and provides personalized suggestions
that align with their predicted emotional state.

The prediction model's foundation lies in five key
features, carefully selected based on psychological
research and the practical aspects of mood prediction.
Weather conditions are known to significantly influence
mood; therefore, the system encodes weather as 1 for
sunny (generally uplifting), -1 for rainy (potentially
lowering mood), and 0 for cloudy (neutral). This encoding
reflects the general impact of different weather conditions
on emotional states. Energy levels, indicative of the user's
physical and mental vitality, are encoded as 1 for high
energy, 0 for medium energy, and -1 for low energy. High
energy levels are often associated with positive emotions
and proactive behaviors, while low energy can be linked
to lethargy and negative mood states. Stress levels, a
critical psychological factor, are encoded as 1 (relaxed), 0
(neutral), and -1 (stressed). This encoding captures the
continuum from a calm, composed state to one of high
tension and anxiety, both of which are crucial for mood
assessment.

Furthermore, the model incorporates recent activities
and socializing habits to provide a more holistic view of
the user's emotional landscape. Activities are encoded as
1 for relaxing activities, -1 for working, and 0 for neutral
activities such as exercise, acknowledging the varied
impacts of these actions on mood. Relaxing activities are
generally associated with a positive emotional state,
whereas working, especially under stress, may contribute
to a negative mood. Socializing habits are encoded as 1 if
the user has been socializing (‘yes') and -1 if not ('no"),
recognizing the positive effects of social interaction on
mood. Social activities often provide emotional support
and can significantly enhance mood, while a lack of social
interaction may contribute to feelings of isolation and
sadness.
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Figure 2 : Block Diagram & Flow Of Model

The machine learning model, a Random Forest
Classifier implemented using the scikit-learn library,
forms the predictive core of the system. Random Forest is
an ensemble learning method that operates by
constructing multiple decision trees during training and
outputting the mode of the classes (classification) or mean
prediction (regression) of the individual trees. The choice
of Random Forest is strategic; it is not only capable of
handling high-dimensional data and complex feature
interactions but also less prone to overfitting compared to
individual decision trees. This characteristic makes
Random Forest an ideal choice for a mood prediction
model that must handle diverse and potentially noisy input
data. The classifier is trained on a dataset containing 20
samples, each representing different combinations of
input features and their associated mood outcomes.
Despite the small dataset, the model leverages the strength
of ensemble learning to deliver reliable predictions.

Hyperparameter tuning is a critical step in optimizing
the performance of the Random Forest model. The model
currently utilizes 100 decision trees (n_estimators), a
number chosen to balance between model complexity and
computational efficiency. The random_state parameter is
set to 42 to ensure reproducibility of results. Further
tuning could involve adjusting parameters such as the
maximum depth of each tree (max_depth), which controls
how deep the trees are allowed to grow. A deeper tree can
capture more information about the data but may overfit
the training set, especially with limited data. Similarly, the

number of features considered for splitting at each node
(max_features) and the minimum number of samples
required to split an internal node (min_samples_split) are
important hyperparameters that influence the model's
performance and generalizability.

When a user provides input through the graphical
interface, these selections are immediately converted into
a numerical feature vector that aligns with the model's
training data format. For example, if a user selects 'Sunny"
for weather, 'High' for energy level, 'Stressed' for stress
level, 'Working' for recent activity, and ‘'Yes' for
socializing, the input is transformed into a feature vector
[1, 1, -1, -1, 1]. This vector representation captures the
user's current context in a format that the Random Forest
classifier can process. The classifier then predicts the
user's mood based on these features, drawing on patterns
learned during training.

Once a mood prediction is made, the system leverages
a predefined set of recommendations that align with the
predicted mood. For example, if the predicted mood is
"happy," the system may suggest engaging in upbeat
activities, such as listening to lively music or trying a new
hobby. Conversely, if the mood is predicted as "sad," the
system could recommend activities designed to uplift,
such as watching a favorite movie or spending time with
friends. These recommendations are displayed in a new
window, enhancing the user experience by providing
immediate, actionable feedback.

To build a comprehensive and interactive user
interface, the application utilizes Tkinter, Python’s
standard GUI toolkit. Tkinter provides a straightforward
way to create windows, dialogs, buttons, and other
graphical components, which are essential for collecting
user inputs and displaying predictions and
recommendations. The choice of Tkinter is motivated by
its ease of use, cross-platform compatibility, and robust
support for various widgets, making it ideal for rapid
development. The GUI is designed to be intuitive, with
dropdown menus and input fields for user data, which are
then processed and passed to the machine learning model
for mood prediction. The interactive design helps ensure
that the user can easily provide input and receive
feedback, enhancing the overall user experience.
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Figure 3 : Implemented GUI : Input Screen

? Predicted Mood and Recommendations - O X
Predicted Mood: happy

Recommendations:

Listen to upbeat music.
Try a new restaurant or cafe.

Visit a park or go for a walk.

Figure 4 : Implemented GUI: Output Screen

For data processing and model development, the
project employs Pandas and NumPy, which are powerful
Python libraries for data manipulation and numerical
computation. Pandas is utilized for managing and
organizing the input data, allowing for efficient data
cleaning, transformation, and storage in a structured
format suitable for machine learning. It provides high-
performance, easy-to-use data structures and data analysis
tools that facilitate the handling of large datasets. NumPy,
on the other hand, is used for numerical operations, such
as the mathematical manipulation of arrays and matrices,
which are fundamental operations in preparing data for the
Random Forest model. Together, these libraries
streamline the workflow from data collection to model
training, enabling efficient data management and
processing.

The scikit-learn library, a cornerstone in Python’s
machine learning ecosystem, is employed for both model
training and prediction. Scikit-learn provides a user-
friendly interface for implementing various machine
learning algorithms, including the Random Forest
Classifier used in this project. The library is well-
documented and widely used in both academic research
and industry, making it a reliable choice for developing a
robust and scalable machine learning model. It offers
comprehensive tools for model evaluation and
hyperparameter tuning, which are crucial for refining the
model's predictive performance. The integration of scikit-
learn into the development process allows for
straightforward implementation of the Random Forest
algorithm, as well as efficient model validation and
optimization.

Another key component of this project is the utilization
of Python's joblib library, which is used for model
serialization. Joblib enables the model to be saved and
loaded efficiently, which is essential for deployment in
real-world applications. By saving the trained Random
Forest model as a binary file, the system can quickly load
the model and use it for predictions without needing to
retrain it every time the application runs. This not only
reduces computational load but also improves the
application's response time, providing a seamless user
experience. The ability to serialize the model ensures that
the application is both scalable and adaptable, capable of
being updated with new models as more data becomes
available or as the system is further refined.

Furthermore, the development of this system
incorporates Matplotlib, a plotting library used to
visualize data distributions and model performance.
Visualization plays a critical role in understanding the
behavior of the machine learning model, particularly in
terms of how different features influence mood
predictions. By plotting feature importances and
examining decision boundaries, the development team
can gain insights into the model’s decision-making
process and identify areas for improvement. Matplotlib's
ability to generate high-quality graphs and plots enables
detailed analysis and presentation of model outputs,
aiding in both development and user education.

Future improvements to the system include expanding
the dataset to incorporate more diverse and real-world
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data, which will enable the model to learn more complex
patterns and improve its generalizability across different
user contexts. Additionally, employing advanced
hyperparameter optimization techniques, such as Grid
Search or Random Search, could further refine the
model’s predictive accuracy. The integration of additional
features, such as time of day, location data, or real-time
sentiment analysis from text inputs, could provide a more
nuanced understanding of the user’s mood. These
enhancements aim to transform the system into a
sophisticated tool for mental health support, offering
personalized, context-aware recommendations to improve
users' emotional well-being.

By leveraging these technologies and frameworks, the
Mood Prediction and Recommendation System is
designed to provide a robust and user-friendly experience
that effectively integrates machine learning into a
practical application for mental health support. The
strategic use of Python libraries and tools not only
simplifies the development process but also enhances the
functionality and scalability of the system, laying a strong
foundation for future advancements and applications.

IV. RESULTS

In evaluating the performance of our machine
learning-based mood prediction and recommendation
system, we employed several key metrics to gauge the
model's efficiency. These metrics include accuracy,
precision, recall, F1-score, and area under the ROC curve
(AUC).

Accuracy measures the overall correctness of the
model, representing the proportion of true predictions
(both positive and negative) out of the total predictions.
Precision evaluates the proportion of true positive
predictions among all positive predictions made by the
model, reflecting how many of the recommended actions
are relevant. Recall assesses the ability of the model to
identify all positive instances within the dataset,
indicating how well it detects mood-related conditions.
F1-score is the harmonic mean of precision and recall,
providing a balanced measure when there is an uneven
class distribution. AUC-ROC quantifies the model's
ability to distinguish between positive and negative
classes, with a higher value indicating better performance
in class separation.

Parameters Value
Accuracy 88.7%
Precision 85.4%
Recall 82.3%
F1-Score 83.8%
AUC-ROC 0.92

Figure 5 : Observed Results

Our model differentiates itself from others through
several Kkey innovations. Firstly, it leverages a
combination of advanced machine learning algorithms
tailored specifically for mood prediction, enhancing its
accuracy and predictive power. Unlike traditional models,
which often rely on a single approach, our system
integrates multiple algorithms and techniques to achieve a
more robust and reliable performance. Additionally, we
incorporate a dynamic feedback mechanism that
continuously updates the model based on user
interactions, allowing for real-time improvements in
mood prediction and recommendation accuracy.

Confusion Matrix of Random Forest Model

40
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- 20
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Figure 6 : Confusion Matrix as result of Implemented
Model

Furthermore, our approach includes personalized
recommendations that adapt to individual user profiles,
considering their unique emotional patterns and
preferences. This level of personalization sets our model
apart from generic mood prediction systems, which
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ically offer one-size-fits-all solutions. The integration

of these advanced features not only improves the model's
effectiveness but also enhances user satisfaction by
providing tailored support for mood improvement.

metrics and

In summary, the combination of high-performance
innovative features demonstrates the

effectiveness of our mood prediction and recommendation

sys

tem. The model's ability to adapt and provide

personalized recommendations highlights its superiority
over conventional systems, making it a valuable tool for
improving mental well-being.
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