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Abstract

Mental illness arises from a complex interplay of genetic,
physiological, neurobiological, and environmental factors
that significantly affect an individual's behavior and daily
functioning. Although Applied Behavior Analysis (ABA)
has shown strong effectiveness in treating developmental
disorders such as autism, its application in broader mental
health conditions remains limited. This limitation is
mainly due to the gap between subjective psychiatric
terminology and the objective, observable framework of
behavior analysis. This project focuses on bridging this
gap by proposing methods to convert subjective
psychological conditions into measurable behavioral
patterns. By emphasizing operational definitions and
data-driven approaches, the study aims to expand the
application of ABA and achieve more effective and
scientifically grounded mental health interventions.
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1. INTRODUCTION

1.1 Mental Health Behavior Analysis and Prediction

Mental health conditions significantly impact an
individual’s daily functioning, behavior, and overall well-
being. One of the major challenges in this field is the lack
of objective and measurable methods for identifying and
treating psychological conditions. Most traditional
approaches depend on subjective assessments, which can
lead to inconsistencies in  diagnosis  and
treatment.Applied Behavior Analysis (ABA) has proven
to be highly effective in treating developmental disorders
such as autism by focusing on observable and measurable
behaviors.However, its application in broader mental
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health conditions remains limited due to the reliance on
abstract and subjective psychological concepts.

1.2 Background and Motivation

The causes of mental illness are highly complex
and influenced by a combination of genetic,
neurobiological, physiological, and environmental
factors. These factors do not act independently; instead,
they interact in ways that can lead to significant changes
in behavior and psychological functioning. When such
changes disrupt an individual’s daily life and social
norms, they are often identified as mental health
disorders.

Traditional approaches to diagnosing and treating
mental illness typically rely on a single specialist such as
a psychiatrist or psychologist. While this method
provides a basic level of care, it often does not fully
capture the complexity of mental health conditions. An
interdisciplinary approach involving experts from
multiple fields such as medicine, psychology,
neuroscience, and behavior analysis is considered more
effective, as it provides a more comprehensive
understanding of the condition.

However, implementing such a collaborative model in
practice is challenging due to the need for extensive
coordination, resources, and infrastructure. As a result,
this approach is currently limited to specialized
healthcare settings, making it less accessible for
widespread mental health treatment.

1.3 Importance of Demand Forecasting

Effective demand forecasting contributes to the effective
operations of the ride-hailing services. It minimizes the
waiting time of passengers to a considerable degree since
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vehicles are availed at the required time and place.
Companies are better able to strategize the positioning of
drivers by forecasting demand patterns in advance and
the drivers will be better positioned in high demand
areas. This can not only reduce the cost of running the
business as the idle time and the needless fuel spent is
minimized but also surging pricing mechanisms when the
business is at its best times. Moreover, the availability of
accurate demand forecasting improves the general
customer satisfaction since there is accurate and reliable
service delivery. It also helps in improved control of
traffic in the city through avoiding congestion due to
unbalanced distribution of vehicles. In general, timely
and precise demand forecasts help the ride-hailing
companies to have a perfect equilibrium between supply
and demand that will result in efficient operations and
better service delivery.

1.4 Objectives of the Proposed System

This project aims to develop an effective and data-driven
framework to improve the application of Applied
Behavior Analysis (ABA) in mental health services. The
system focuses on analyzing behavioral patterns and
translating subjective psychological conditions into
measurable and observable data. By adopting structured
and objective methodologies, the proposed approach
seeks to enhance the accuracy and consistency of mental
health assessment. It also emphasizes comparing and
integrating different analytical techniques to ensure
reliability and effectiveness in real-world applications.

2. Literature Survey

2.1 Subjective Diagnostic Approaches in Mental
Health

Traditional mental health diagnosis relies heavily on
subjective assessments based on broad symptom
categories. These approaches often fail to capture
individual behavioral variations and depend on
questionnaires and clinical interpretation. As a result,
they may lack precision and consistency, especially when
dealing with complex and heterogencous mental health
conditions.

2.2 Sensor-Based Behavioral Monitoring

The use of sensor-equipped devices such as smartphones
enables continuous and passive monitoring of human
behavior. These technologies collect real-time data on
activity, mood, sleep patterns, and social interactions.
Such continuous measurement allows for more accurate
assessment of mental health conditions and supports the
development of personalized interventions.

2.3 Digital Mental Health Technologies

Recent advancements in mobile technology and personal
informatics have created new opportunities for mental
healthcare. With widespread smartphone usage, even
among underserved populations, digital tools can provide
affordable and unobtrusive data collection. However,
despite their potential, the integration of these
technologies into routine clinical practice remains
limited.

2.4 Research Gap

Despite the growing advancements in mental health
research and digital technologies, many existing systems
still rely on subjective assessments and traditional
diagnostic methods. These approaches often fail to
capture real-time behavioral changes and individual
variations in mental health conditions. Psychological
states such as stress, anxiety, and depression are typically
measured using self-reports and clinical observations,
which may lack accuracy and consistency. Additionally,
current methods struggle to integrate continuous
behavioral data from modern digital devices such as
smartphones and sensors. The inability to convert raw
behavioral data into meaningful and measurable
indicators limits the effectiveness of existing mental
health analysis systems.

2.5 Vision-Based Behavioral Analysis Systems

Vision-based systems, such as eye tracking and facial
analysis, demonstrate how observable behaviors can be
accurately measured. These systems detect patterns like
eye closure, fatigue, or attention levels using image
processing and pattern recognition techniques. Their high
accuracy highlights the potential of objective behavioral
monitoring in real-world applications.
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2.6 Neural and Al-Based Detection Approaches

Artificial Intelligence techniques, including neural
networks, are increasingly used to analyze behavioral
patterns. These models can process large volumes of data
and identify complex relationships in behavior over time.
Such approaches improve prediction accuracy and enable
early detection of behavioral changes, making them
valuable for mental health monitoring and intervention.

3.Methodology
3.1 Dataset Collection

The data used in this project consists of behavioral and
contextual information collected from digital sources
such as smartphones, wearable devices, and observational
records. The dataset includes key attributes related to
human behavior, such as activity patterns, sleep duration,
social interaction levels, and usage patterns of digital
devices. Additionally, contextual factors such as time,
environment, and daily routines are considered to better
understand behavioral variations. These features provide
valuable insights into both temporal and situational
aspects of mental health, enabling the system to analyze
patterns associated with psychological conditions.

3.2 Data Preprocessing

Data preprocessing was performed to ensure the dataset
was clean, consistent, and suitable for analysis. Missing
values and incomplete records were identified and
handled to maintain data quality. Noise and
inconsistencies in behavioral data were reduced through
filtering and normalization techniques. Since the
collected data may vary in scale and format,
normalization was applied to standardize feature values.
Categorical variables, such as activity types or time
categories, were converted into numerical form using
appropriate encoding methods. Finally, the dataset was
divided into training and testing sets to enable effective
model development and evaluation.

3.3 Feature Engineering

Feature engineering was carried out to extract meaningful
behavioral indicators from the raw data. Additional
features such as activity frequency, sleep consistency,
and interaction patterns were derived to better represent

mental health conditions. Time-based features like hour
of the day and daily patterns were also included to
capture behavioral variations over time. These engineered
features help in identifying subtle changes in behavior
that may indicate psychological conditions. This process
significantly improves the model’s ability to detect
patterns and enhances overall prediction accuracy.

3.4 Model Implementation

Various analytical and machine learning approaches were
implemented to analyze behavioral data and identify
patterns related to mental health. Basic models were used
to establish initial relationships between features, while
advanced techniques were applied to capture complex
and nonlinear behavioral patterns. The models were
trained using the prepared dataset and optimized to
improve accuracy and reliability. The implementation
focuses on creating a system capable of translating
subjective psychological states into objective and
measurable behavioral indicators.

3.5 Performance Evaluation

The performance of the proposed system was evaluated
using standard evaluation metrics to measure accuracy
and reliability. Metrics were used to assess how
effectively the model captures behavioral patterns and
predicts mental health conditions. The results indicate
that the proposed approach can successfully analyze
complex behavioral data and provide meaningful
insights. This demonstrates the effectiveness of a data-
driven framework in improving the assessment and
understanding of mental health conditions.

4. SYSTEM ARCHITECTURE

The proposed system architecture for Uber Ride Demand
Prediction is designed to systematically process historical
ride data and accurately forecast future ride demand or
fare values. The architecture consists of multiple stages
including data collection, preprocessing, feature
engineering, model training, model validation, real-time
prediction, and web integration. Each stage plays a
crucial role in improving the overall prediction
performance, with the Gradient Boosting Regressor
model achieving approximately 91% R? score on test
data. The structured workflow ensures reliability,
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scalability, and efficient deployment of the prediction
system in dynamic urban environments.
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4.1 Data Collection

Data collection is the foundational stage of the system.
Behavioral and contextual data is gathered from reliable
sources such as smartphones, wearable devices, and
digital applications. The dataset includes important
attributes such as activity patterns, sleep duration, social
interactions, and device usage. These features provide
both temporal and behavioral information necessary for
mental health analysis. The collected data serves as input
for model training and helps the system understand real-
world behavioral patterns. Proper data collection ensures
that the system captures diverse and representative
behavioral scenarios.

4.2 Data Preprocessing

Raw behavioral data often contains missing values, noise,
inconsistencies, and redundant records. Therefore, data
preprocessing is performed to clean and standardize the
dataset. This stage includes handling missing data,
removing duplicates, and filtering noisy signals.
Numerical features such as activity levels and usage time
are normalized to maintain consistency. Categorical
variables such as activity types or time categories are
converted into numerical form for analysis. Data
preprocessing improves the quality of the dataset and
enhances the performance of the system.

4.3 Feature Engineering

Feature engineering involves transforming raw
behavioral data into meaningful indicators that improve
system accuracy. From time-based data, additional

features such as hour of the day, daily patterns, and
routine consistency are extracted. Derived features like
activity frequency, sleep regularity, and interaction levels
are also calculated. These features help in capturing
complex relationships between behavior and mental
health conditions. Effective feature engineering
significantly improves the system’s ability to detect
patterns and variations.

4.4 Model Training

During the model training stage, analytical and machine
learning techniques are applied to the processed dataset.
The dataset is divided into training and testing subsets to
ensure proper evaluation. Different models are
implemented to analyze behavioral patterns and identify
relationships between features and mental health
conditions. The models are optimized to improve
accuracy and reliability. Proper training enables the
system to learn meaningful patterns and generalize
effectively to new behavioral data.

4.5 Model Validation

Model validation is carried out to evaluate the
performance and reliability of the trained system.
Evaluation metrics are used to measure how accurately
the model identifies behavioral patterns and predicts
mental health conditions. Validation techniques help
ensure that the system performs consistently and avoids
overfitting. The results demonstrate that the proposed
approach is effective in analyzing complex behavioral
data and generating reliable insights.

4.6 Real-Time Prediction

After successful training and validation, the system is
deployed for real-time analysis. When behavioral data is
collected from users, it is processed through the trained
model to generate insights. The system provides outputs
such as behavior analysis, mental health indicators, and
potential risk assessments. Real-time analysis enhances
continuous monitoring and supports timely interventions,
improving overall mental health management.
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5.Machine Learning Model
5.1 Overview of Regression Models

In this study, machine learning techniques are applied to
analyze behavioral data and identify patterns related to
mental health conditions. The objective is to transform
subjective psychological states into measurable and
predictable behavioral indicators. The dataset is divided
into training (80%) and testing (20%) subsets to ensure
reliable evaluation. Model performance is assessed using
standard evaluation metrics to measure accuracy and
consistency in detecting behavioral patterns.

5.2 Support Vector Machine (SVM) Model

Support Vector Machine (SVM) is a supervised machine
learning algorithm used for classification and analysis of
complex data patterns. The primary objective of SVM is
to identify an optimal decision boundary, known as a
hyperplane, that separates data points into different
classes. The SVM model focuses on maximizing the
margin between the closest data points of different
classes, which improves classification accuracy and
robustness. This makes it suitable for analyzing
behavioral data where patterns may not be clearly
separable.

5.3 Cost Function and Hinge Loss

To achieve optimal performance, Support Vector
Machine (SVM) uses a loss function known as Hinge
Loss, which plays a crucial role in minimizing
classification errors while simultaneously maximizing the
margin between different classes. The cost function of
SVM is mathematically represented as:

J(W)=1/2 |Iwl| +C ¥, max(0,1-yi (wTxi —b))

In this function, the term |w|| represents margin
maximization, ensuring that the decision boundary is as
far as possible from the closest data points, thereby
improving generalization. The parameter ¢ acts as a
regularization factor that controls the trade-off between
maximizing the margin and minimizing classification
errors. The second term of the equation corresponds to
the Hinge Loss, which penalizes misclassified data points
or those lying within the margin boundary. Overall, this
cost function effectively balances error minimization and

margin maximization, leading to a more robust and
accurate classification model.

5.4 Model Optimization

The model learns by updating its parameters using
gradient-based optimization techniques. During the
training process, the behavior of the model depends on
whether the data points are correctly classified or
misclassified. When a data point is correctly classified
and lies outside the margin, only minimal updates are
made to the model parameters, mainly influenced by the
regularization component. However, when a data point is
misclassified or falls within the margin boundary, the
model performs more significant updates to adjust the
decision boundary and reduce errors. Through this
continuous and iterative optimization process, the SVM
model effectively learns underlying behavioral patterns
and improves its accuracy in classifying mental health
conditions.

5.5 Model Comparison

Model R? MSE Performance
Score
Support 92% Lowest Best
Vector
Machines
Random 89% Moderate Good
Forest
Logistic 86% Higher Moderate
Regression

The Support Vector Machine (SVM) model demonstrated
superior performance compared to both Random Forest
and Logistic Regression in terms of classification
accuracy and error reduction. Specifically, it
outperformed Random Forest by approximately 3% and
Logistic Regression by nearly 6% in overall accuracy.
This improvement indicates that the SVM model was
able to more effectively identify and classify behavioral
patterns associated with mental health conditions. A
higher accuracy reflects better alignment between actual
and predicted outcomes, showing that the model
successfully captured complex relationships within the
behavioral data.
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6. TRAINING AND VALIDATION
6.1 Training Process

The training phase plays a critical role in developing an
accurate mental health behavior analysis model. In this
study, the preprocessed dataset was divided into 80%
training data and 20% testing data to ensure reliable
evaluation. The majority of behavioral data was used to
train the models, while the remaining portion was
reserved for testing their performance on unseen data.
During training, multiple machine learning models such
as Support Vector Machine (SVM), Random Forest, and
Logistic Regression were implemented. The SVM model
was carefully configured with appropriate parameters
such as kernel type and regularization factor to improve
classification accuracy. Random Forest was trained using
multiple decision trees generated through random
sampling, enabling it to capture complex behavioral
patterns.

6.2 Validation Strategy

To ensure reliable and unbiased performance evaluation,
k-fold cross-validation (k = 10) was applied during the
training process. In this approach, the dataset was divided
into 10 equal subsets, where in each iteration, 9 subsets
were used for training and 1 subset was used for
validation. This process was repeated 10 times, and the
average performance was calculated. The validation
results showed that the SVM model consistently achieved
higher accuracy compared to other models. Random
Forest demonstrated stable performance with moderate
variation, while Logistic = Regression produced
comparatively lower validation scores. The consistency
in SVM results indicates better model reliability and
robustness.

6.3 Overfitting and Model Stability

Overfitting occurs when a model performs extremely
well on training data but poorly on unseen testing data.
To reduce overfitting, ensemble techniques such as
Random Forest and Gradient Boosting were used.
Gradient Boosting minimizes errors sequentially, while
Random Forest reduces variance by averaging multiple
trees. The difference between training R? score
(approximately 93-94%) and testing R? score (91%) for
Gradient Boosting was minimal, indicating strong

generalization capability. In contrast, Linear Regression
showed slightly larger variation between training and
testing performance, suggesting limited adaptability to
complex nonlinear relationships. The results confirm that
ensemble-based methods provide better stability and
reduced overfitting.

6.4 Final Testing Performance

After training and validation, the final evaluation was
performed on the 20% testing dataset. The performance
of the models is summarized below:

Performance Comparison of Classification Models

100

920/(:! 89%

86%
80 4

60 4

Acuurace (%)

40 A

20 4

Support Vector Random Forest Logistic
Machine Models Regression

Support Vector Machine (SVM) Achieved:

The proposed SVM model achieved an accuracy of
approximately 92%, indicating a strong capability in
correctly classifying behavioral patterns related to mental
health conditions. It also recorded the lowest error rate
among all models, reflecting high precision and
reliability in predictions. These results confirm the
effectiveness of SVM in handling complex and high-
dimensional behavioral data.

Random Forest Achieved:

The Random Forest model achieved an accuracy of
around 89%, demonstrating strong  predictive
performance with a good balance between bias and
variance. It showed moderate error rates and stable
performance across different datasets. The model’s
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ability to handle nonlinear relationships makes it a
reliable approach for behavioral data analysis.

Logistic Regression Achieved:

The Logistic Regression model achieved an accuracy of
approximately 86%, indicating a moderate level of
predictive performance. However, it recorded higher
error rates compared to SVM and Random Forest,
reflecting its limitations in capturing complex behavioral
patterns. The results demonstrate that the SVM model
provides the best performance with higher accuracy,
lower error rates, and better generalization capability.
Therefore, it was selected as the final model for mental
health behavior classification.

7. IMPLEMENTATION
7.1 Tools & Technologies

The proposed mental health behavior analysis system was
implemented using Python 3.x, which provides a flexible
and efficient environment for machine learning and data
analysis. Python was chosen due to its simplicity,
readability, extensive library support, and strong
community backing in artificial intelligence and
healthcare-related applications.

Several standard libraries were utilized during the
implementation process. The Scikit-learn library was
used for implementing machine learning algorithms such
as Support Vector Machine (SVM), Random Forest, and
Logistic Regression. It offers built-in functionalities for
model training, hyperparameter tuning, validation, and
performance evaluation. Pandas was employed for data
manipulation and preprocessing tasks, including handling
missing values, filtering relevant behavioral features,
encoding categorical variables, and splitting the dataset
into training and testing subsets. NumPy was used for
efficient numerical computations and array operations,
enabling smooth handling of large-scale behavioral data.

7.2 Code Overview

The implementation process begins with importing
essential libraries such as pandas, numpy, matplotlib, and
modules from sklearn. The behavioral dataset is loaded
into a Pandas DataFrame and carefully examined to
identify missing values, inconsistencies, and noise. Data

preprocessing techniques such as normalization and
feature encoding are applied to ensure the dataset is
clean, structured, and suitable for machine learning
analysis.

After preprocessing, the dataset is divided into training
(80%) and testing (20%) subsets using the
train_test split() function from sklearn.model selection.
The Support Vector Machine (SVM) model is
implemented using appropriate modules from sklearn and
configured with optimized parameters such as kernel type
and regularization factor. Similarly, Random Forest and
Logistic Regression models are implemented to provide
comparative performance evaluation.

The models are trained using the fit() function on the
training dataset, and predictions are generated on the
testing dataset using the predict() function. Model
performance is evaluated using standard metrics such as
accuracy score, confusion matrix, and other classification
measures available in sklearn.metrics. These evaluation
techniques help assess the effectiveness and reliability of
the models in identifying behavioral patterns.

Finally, the trained SVM model is saved using
serialization techniques such as pickle for deployment in
a web-based or application-based system. The system
allows users to provide behavioral inputs and receive
real-time analysis and insights. The final experimental
results demonstrate that the SVM model achieved the
highest accuracy (92%), outperforming other models in
overall classification performance.

8. RESULTS AND DISCUSSION
8.1 Experimental Results

The performance of the proposed mental health behavior
analysis system was evaluated using the testing dataset,
which consisted of approximately 20% of the total
behavioral records. Three machine learning models
Support Vector Machine (SVM), Random Forest, and
Logistic Regression were compared based on standard
evaluation metrics such as accuracy, precision, recall, and
F1-score.

The Support Vector Machine (SVM) model achieved the
highest accuracy of 92%, while Random Forest achieved
approximately 89%, and Logistic Regression achieved
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around 86%. The improvement of nearly 3% over
Random Forest and 6% over Logistic Regression
demonstrates the effectiveness of SVM in handling
complex and high-dimensional behavioral data.

Model F1-

Accuracy | Precision | Recall | Score

Support 92% 91% 93% 92%

Vector

Machines

Random 89% 88% 90% 89%

Forest

Logistic 86% 84% 87% 85%

Regression

8.2 Confusion Matrix Analysis

The confusion matrix provides deeper insight into the
prediction performance of the proposed mental health
behavior analysis system. For the Support Vector
Machine (SVM) model (approximate values): the
confusion matrix results indicate that the model correctly
predicted 450 True Positives (TP) and 1620 True
Negatives (TN), demonstrating strong classification
capability for both positive (presence of mental health
condition) and negative cases. However, the model
produced 70 False Positives (FP) and 90 False Negatives
(FN), representing instances where the predicted
outcomes did not match the actual behavioral conditions.

Confusion Matrix - Support Vector Machine Model

Negative (0) | FN: 90 TN: 1620
No Mental Health Condition

Actual

Positive (1) | TP: 450 FP: 70
Mental Health Condition

Negative (0) Positive (1)
Prediction —

Fig: Confusion Matrix
8.3 Performance Interpretation

The improved performance of the Support Vector
Machine (SVM) model can be attributed to its margin-
based classification mechanism. By identifying an
optimal hyperplane and maximizing the margin between
different classes, the model effectively reduces
classification errors and improves generalization. This

approach enables the model to handle complex and high-
dimensional behavioral data, capturing subtle patterns
associated with mental health conditions.

Feature analysis revealed that behavioral and time-based
attributes contributed significantly to the overall
classification performance. Specifically, features such as
activity levels, sleep patterns, and daily usage behavior
accounted for nearly 60%—-70% of the model’s predictive
capability. This indicates that consistent behavioral
patterns play a major role in identifying mental health
conditions.

Furthermore, the difference between training accuracy
(approximately 93-94%) and testing accuracy (92%) was
minimal, indicating strong generalization capability and
model stability. The small gap between training and
testing performance confirms that the model does not
suffer from significant overfitting and performs reliably
on unseen behavioral data.

8.4 Discussion

The experimental results confirm that advanced machine
learning models outperform traditional linear approaches
in mental health behavior analysis tasks. Logistic
Regression, although simple and computationally
efficient, assumes linear relationships between features
and the target variable. However, real-world behavioral
data is often complex and nonlinear, influenced by
dynamic factors such as lifestyle patterns, environmental
conditions, and individual differences.

The Support Vector Machine (SVM) demonstrated
superior performance across all evaluation metrics,
achieving higher accuracy, precision, recall, and F1-score
compared to Random Forest and Logistic Regression.
The higher recall value ensures better identification of
individuals with potential mental health conditions,
which is crucial for early detection and timely
intervention. Reducing false negatives helps in
minimizing missed cases, thereby improving the
effectiveness of the system in real-world scenarios.

Overall, the proposed SVM-based mental health analysis
system demonstrates improved reliability, accuracy, and
stability compared to traditional methods. The system
provides a practical and scalable solution for objective,
data-driven mental health monitoring and analysis.
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9. FUTURE WORK

Although the proposed Support Vector Machine (SVM)-
based mental health behavior analysis model achieved a
high performance accuracy of approximately 92%, there
is still scope for further improvement and enhancement.
In future work, advanced ensemble techniques such as
XGBoost and LightGBM can be explored to determine
whether higher classification performance can be
achieved beyond the current results.

Deep learning approaches, including Artificial Neural
Networks (ANN) and Long Short-Term Memory
(LSTM) models, may also be investigated to capture
complex temporal dependencies in behavioral data over
time. Additionally, integrating more diverse data sources
such as physiological signals, environmental factors, and
real-time sensor data could further enhance prediction
accuracy and system reliability.

10. CONCLUSION

In this study, a data-driven approach based on Applied
Behavior Analysis (ABA) for mental health behavior
analysis was successfully developed and evaluated. The
primary objective was to design an intelligent framework
capable of identifying and analyzing behavioral patterns
associated with mental health conditions using
measurable and observable data. The system integrates
traditional ABA principles with modern analytical
techniques to improve the accuracy and effectiveness of
mental health assessment. The experimental findings
highlight the enduring value of ABA, which has
historically demonstrated success in managing severe
mental disorders by promoting appropriate behaviors and
reducing maladaptive ones.
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