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Abstract— Obsessive-Compulsive Disorder (OCD) is a complex psychiatric condition characterized by
recurring intrusive thoughts and repetitive behaviours that significantly impact an individual’s daily
functioning. Identifying effective medication for OCD remains a major challenge due to variations in
patient response and limited improvement rates. This study presents a machine learning-based
framework to support the classification and optimization of pharmacological treatments for OCD. A
dataset containing drug information, patient experiences, and symptom descriptions is utilized for
analysis. Feature extraction is performed using co-word analysis and Gini index calculations to derive
meaningful relationships among medications and symptoms. To generate class labels, an entropy-
weighted K-means clustering approach is applied, grouping similar data based on textual and clinical
attributes. These clustered labels are then used to train multiple machine learning models, including
Decision Tree, CHAID, and Linear Regression. Model performance is evaluated using cross-validation
techniques such as K-Fold and C-Fold. Experimental results demonstrate that the Decision Tree model
achieves superior performance compared to other methods. Evaluation metrics such as accuracy,
precision, recall, and F1-score are used to validate effectiveness. Visualization techniques are employed to
interpret clustering and classification outcomes. The proposed approach enables better understanding of
medication patterns and supports data-driven decision-making. This system can assist healthcare
professionals in selecting suitable treatments at earlier stages. Overall, the study highlights the potential
of integrating clustering and classification techniques in mental health analytics.
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pose serious challenges in diagnosis and treatment

LINTRODUCTION [1]. It is mainly identified by the presence of
persistent, intrusive thoughts known as obsessions,
Obsessive-Compulsive Disorder (OCD) is a along with repetitive behaviours or mental acts

chronic mental health condition that affects
millions of individuals worldwide and continues to
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referred to as compulsions [4]. These symptoms
often consume a significant amount of time and can
severely disrupt a person’s normal routine,
relationships, and overall quality of life. Individuals
suffering from OCD may recognize that their
thoughts and actions are irrational, yet they feel
unable to control them. The condition varies in
intensity from mild to severe and may worsen if
left untreated [5]. In many cases, OCD begins
during adolescence or early adulthood, making
early detection an important factor in effective
management. Despite the availability of treatment
options, achieving consistent improvement remains
difficult for many patients. This highlights the need
for more advanced and reliable approaches to
understanding and managing the disorder.
Traditional clinical methods alone may not be
sufficient to address the complexity of OCD
symptoms. Therefore, integrating computational
techniques has become an important direction in
mental health research [2].

In recent years, the application of machine learning
techniques in healthcare has gained significant
attention due to their ability to analyse large
volumes of data and uncover hidden patterns [19].
Machine learning provides a data-driven approach
that can support medical decision-making and
improve treatment outcomes. In the context of
OCD, these techniques can be used to study patient
data, medication responses, and symptom patterns
in a more systematic way. Unlike traditional
approaches, machine learning models can adapt
and improve their performance as more data
becomes available. This makes them particularly
useful for complex disorders where multiple factors
influence treatment effectiveness. By leveraging
algorithms such as decision trees, clustering
methods, and regression models, it becomes
possible to classify and predict suitable medications
for patients [6]. The use of intelligent systems can
also reduce the dependency on manual analysis and
minimize human error. As a result, machine
learning is becoming a valuable tool in modern
psychiatric research [20]. Its integration into
clinical workflows can lead to more personalized
and efficient treatment strategies.

Selecting  the  appropriate  pharmacological
treatment for OCD is a critical yet challenging task
due to the wvariability in patient responses to
medications. Different individuals may react
differently to the same drug, making it difficult for
clinicians to determine the most effective option at
an early stage. This often leads to a trial-and-error
approach, which can be time-consuming and may
delay recovery. In some cases, patients experience
minimal or no improvement, which further
complicates the treatment process. Therefore, there

is a growing need for systems that can assist in
identifying suitable medications based on data-
driven insights. By analysing historical data related
to symptoms, drug descriptions, and patient
feedback, it is possible to build models that can
guide treatment decisions. This approach not only
saves time but also increases the chances of
selecting effective therapies. Moreover, early
identification of appropriate medication can
significantly reduce patient distress and improve
long-term outcomes. Integrating computational
intelligence into this process can enhance the
accuracy  and  reliability ~ of  treatment
recommendations [3].

To address these challenges, this study proposes a
hybrid framework that combines clustering and
classification techniques to optimize medication
selection for OCD. Initially, meaningful features
are extracted from textual and clinical data using
co-word analysis and statistical measures. These
features capture the relationships between
symptoms, medications, and descriptive content.
Since labelled data is not always readily available,
clustering methods are used to group similar data
points and generate class labels. An entropy-based
K-means clustering approach is employed to ensure
that the grouping process considers both similarity
and information distribution [10]. The generated
clusters represent groups of medications with
similar characteristics. These cluster labels are then
used as inputs for supervised machine learning
models. By transforming unstructured data into
structured features, the system becomes capable of
learning complex patterns. This combination of
unsupervised and supervised learning enhances the
overall effectiveness of the model. It also provides
a more flexible approach to handling real-world
healthcare data [17].

The classification phase involves the application of
multiple machine learning algorithms, including
Decision Tree, CHAID, and Linear Regression
models. Each algorithm is trained using the
extracted features and generated cluster labels to
predict the most suitable medication. To ensure
reliability, the models are evaluated using cross-
validation techniques such as K-Fold and C-Fold
methods. Performance is measured using standard
metrics like accuracy, precision, recall, and F1-
score. Among the models, the Decision Tree
algorithm demonstrates superior performance due
to its ability to handle complex relationships and
provide clear decision rules [7]. Visualization
techniques are also used to interpret the results,
including cluster plots and confusion matrices.
These visual representations help in understanding
how well the model performs and where
improvements can be made. The comparative
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analysis of different algorithms provides valuable
insights into their strengths and limitations [11].
This helps in selecting the most appropriate model
for practical implementation.

Overall, this research highlights the potential of
combining machine learning techniques with
mental health data to improve treatment strategies
for OCD. By integrating feature extraction,
clustering, and classification, the proposed system
provides a comprehensive framework for
medication prediction. The approach not only
enhances accuracy but also supports early decision-
making in clinical settings. It demonstrates how
data-driven methods can complement traditional
medical practices and contribute to better patient
care. The use of publicly available datasets further
ensures that the system can be replicated and
extended in future studies [15]. Additionally, the
framework can be adapted to other mental health
conditions with similar challenges. As technology
continues to evolve, such intelligent systems are
expected to play a crucial role in personalized
healthcare [12]. This study serves as a step toward
bridging the gap between artificial intelligence and
psychiatric treatment.

II. RELATED WORK

Fineberg et al., [2019] [2] Fineberg and colleagues
examined recent clinical developments in the
understanding and treatment of obsessive—
compulsive disorder. Their study focused on
advancements in  diagnostic methods and
therapeutic strategies used in modern psychiatry.
They discussed how improved clinical frameworks
help in identifying symptoms more accurately. The
authors highlighted the role of evidence-based
treatments, including  pharmacological  and
behavioural approaches. They also addressed
challenges such as delayed diagnosis and treatment
resistance in patients. Their work emphasized the
need for personalized treatment plans based on
individual patient conditions. Furthermore, they
suggested integrating technology to enhance
treatment outcomes. Overall, the study provides
valuable  insights into  improving OCD
management.

Breiman, [2001] [8] Breiman introduced the
Random Forest algorithm as an effective method
for improving prediction accuracy in classification
problems. His study explained how combining
multiple decision trees can reduce overfitting and
increase model stability. He highlighted the
importance of randomness in feature selection to
enhance performance. The research demonstrated
that ensemble methods outperform single-model
approaches in many scenarios. The author also

discussed the robustness of the algorithm when
handling large datasets. Limitations such as
computational complexity were briefly noted. His
work laid the foundation for many modern machine
learning applications. Overall, the study is highly
influential in predictive modelling techniques.

Bishop, [2006] [12] Bishop presented a
comprehensive framework for pattern recognition
and machine learning techniques. His work covered
probabilistic models and their applications in
classification and regression tasks. He emphasized
the importance of statistical approaches in building
reliable models. The study also discussed neural
networks and their role in complex data analysis.
The author highlighted how mathematical
foundations support better model generalization.
Challenges such as overfitting and data limitations
were addressed. His work serves as a key reference
for understanding advanced machine learning
concepts. Overall, it provides a strong theoretical
base for intelligent system development.

Cortes and Vapnik, [1995] [18] Cortes and Vapnik
proposed the Support Vector Machine algorithm
for classification and regression analysis. Their
study focused on maximizing the margin between
different data classes to improve accuracy. They
explained how kernel functions enable handling
non-linear  data  efficiently. =~ The  authors
demonstrated the effectiveness of SVM in high-
dimensional datasets. They also discussed its
advantages  over  traditional  classification
techniques. Limitations such as parameter tuning
complexity were acknowledged. Their work has
become a comnerstone in supervised learning
methods. Overall, the study significantly
contributed to the advancement of machine
learning algorithms.

Shatte et al., [2019] [20] Shatte and co-authors
conducted a systematic review on the use of
machine learning in mental health applications.
Their study analysed various models used for
predicting  and  diagnosing  psychological
conditions. They highlighted how data-driven
approaches can support early detection and
intervention. The authors discussed challenges such
as data quality and ethical concerns in healthcare
systems. They also emphasized the importance of
interpretability in medical decision-making models.
Their work suggested combining multiple
algorithms to improve prediction accuracy.
Additionally, they pointed out the need for real-
world validation of proposed systems. Overall, the
study provides a comprehensive overview of Al
applications in mental health.

IT1. DATASET DETAILS
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The dataset used in this study is obtained from a
publicly available medical repository that contains
detailed information about various drugs and the
conditions they are used to treat. It includes
attributes such as medication names, user reviews,
condition labels, and descriptive textual content
related to drug usage. This dataset is particularly
useful for analysing patient perspectives and
understanding how different medications are
associated with specific symptoms and conditions.
The presence of textual data allows deeper
exploration through natural language processing
techniques. Each record provides meaningful
insights into how patients describe their
experiences, which is valuable for identifying
patterns. The dataset is large enough to support
machine learning applications and ensures better
generalization of the model. It also contains diverse
entries, making it suitable for clustering and
classification tasks. By using this dataset, the study
benefits from real-world information rather than
synthetic data. This improves the reliability and
relevance of the results.

Before applying machine learning techniques, the
dataset undergoes several pre-processing steps to
ensure data quality and consistency. Irrelevant
fields are removed, and important attributes such as
drug name and textual descriptions are retained for
analysis. Text data is cleaned by removing
punctuation, stop words, and unnecessary symbols
to improve feature extraction. The cleaned data is
then transformed into a structured format suitable
for further processing. Co-word analysis is applied
to extract relationships between frequently
occurring terms in the dataset. Additionally,
statistical measures like the Gini index are used to
assign importance to different features. These
processed features help in capturing the connection
between symptoms and medications more
effectively. The dataset is also shuffled to eliminate
any ordering bias before training the models. This
pre-processing stage plays a crucial role in
improving the overall performance of the system.

After pre-processing and feature extraction, the
dataset is used for clustering and classification
purposes. An entropy-based K-means clustering
technique is applied to group similar records based
on medication details and textual features. Each
cluster represents a group of related medications,
and the cluster labels are treated as class labels for
supervised learning. The dataset is then divided
into training and testing sets, typically using an
80:20 ratios. The training set is used to build
machine learning models, while the testing set
evaluates their performance. This separation
ensures that the model can generalize well to
unseen data. The dataset supports multiple

algorithms, allowing comparative analysis of
different techniques. Its structure enables both
unsupervised and supervised learning approaches
to be applied effectively. Overall, the dataset plays
a central role in achieving accurate and meaningful
results in this study.

IV. PROPOSED METHODOLOGY

The proposed methodology is designed to build an
intelligent system that can assist in identifying
suitable medications for obsessive-compulsive
disorder using a combination of data processing,
clustering, and classification techniques. Initially,
the dataset containing drug information and textual
descriptions is collected and prepared for analysis.
The raw data is pre-processed to remove noise,
missing values, and irrelevant content that may
affect the model performance. Textual attributes are
cleaned by eliminating stop words, punctuation,
and unwanted symbols to improve consistency.
After cleaning, the data is transformed into a
structured format that can be used for feature
extraction. This stage ensures that only meaningful
and high-quality information is passed to the next
phase. Proper pre-processing is essential to avoid
misleading patterns during model training. The
prepared dataset serves as the foundation for all
subsequent operations. This step significantly
improves the accuracy and reliability of the overall
system.

In the next phase, feature extraction is performed
using co-word analysis and statistical techniques to
capture relationships between terms present in the
dataset. Co-word analysis identifies frequently co-
occurring words related to symptoms and
medications, which helps in understanding hidden
patterns in textual data. Along with this, the Gini
index is applied to measure the importance and
distribution of features within the dataset. These
extracted features include values such as
occurrence frequency, link strength, and weighted
relationships between terms. The generated features
provide a numerical representation of the dataset,
making it suitable for machine learning algorithms.
This transformation is crucial as machine learning
models require structured input for effective
learning. By combining textual analysis with
statistical measures, the system gains a deeper
understanding of the data. This step enhances the
quality of input provided to clustering and
classification models.

Since labelled data is not directly available, the
methodology incorporates an entropy-based K-
means clustering approach to generate class labels.
This clustering method groups similar data points
based on extracted features such as medication

1079 | Page



Journal of Science Engineering Technology and Management Science
Volume03,Issue04, April 2026

ISSN:3049-0952
Www.,jsetms.com

names, symptoms, and textual descriptions.
Entropy weighting ensures that features with higher
information value contribute more to the clustering
process. Each resulting cluster represents a group
of related medications with similar characteristics.
These clusters are then assigned as labels, which
are used for supervised learning in the next stage.
This approach allows the system to handle
unlabelled data effectively. The clustering results
are also visualized to understand how data points
are grouped. Proper clustering ensures that similar
records are placed together, improving
classification accuracy. This phase bridges the gap
between raw data and predictive modelling.

Finally, the generated features and cluster labels are
used to train and evaluate multiple machine
learning models, including Decision Tree, CHAID,
and Linear Regression. The dataset is divided into
training and testing sets to ensure proper validation
of the models. Cross-validation techniques such as
K-Fold and C-Fold are applied to enhance model
reliability and reduce overfitting. Each model is
trained to classify medications based on input
features and evaluated using performance metrics
like accuracy, precision, recall, and F1-score.
Among the models, the Decision Tree algorithm
demonstrates better performance due to its ability
to handle complex data relationships. Visualization
tools such as confusion matrices and performance
graphs are used to interpret the results. The final
system is capable of predicting appropriate
medication based on given input features. This
methodology provides a structured and efficient
approach for data-driven decision-making in OCD
treatment.

C OCD Medication
\== Dataset

'

Data Preprocessing
- Feature Extraction
Tex‘ uea'“ng

[ Entropy-Based K-Means Clustering ]

v

Cluster Labels Generated

Classification Phase

v /
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Figure [1]: System Architecture for the
proposed system

Figure [1] illustrates the complete workflow of the
proposed OCD medication prediction model,
starting from data collection to final outcome
generation. Initially, the dataset is processed
through a pre-processing stage that includes text
cleaning and feature extraction using co-word
analysis and the Gini index. The processed data is
then passed to the clustering phase, where entropy-
based K-means groups similar records and
generates cluster labels. These labels are further
used in the classification phase, where multiple
machine learning models such as Decision Tree,
CHAID, and Linear Regression are applied. The
models are trained and validated using cross-
validation techniques to ensure reliability. Finally,
the system produces medication prediction results
based on the learned patterns from the data.

V. RESULT AND DISCUSSION

The developed system for OCD medication
classification was successfully implemented using
a Jupyter Notebook environment and tested across
all modules, showing stable and effective
performance. The overall workflow, including pre-
processing, feature extraction, -clustering, and
classification, operated smoothly without errors.
The feature extraction process using co-word
analysis and Gini index generated meaningful
attributes that improved the learning capability of
the models. The clustering phase effectively
grouped similar medication data, enabling the
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generation of reliable class labels. Among the
classification models, the Decision Tree algorithm
showed a clear improvement in performance
compared to CHAID and Linear Regression. The
evaluation results confirmed that the model was
able to learn patterns from the dataset efficiently.
Visualization = graphs  further = demonstrated
consistency in predictions and model behavior. The
system successfully handled real-world textual data
and converted it into structured insights. Overall,
the developed model proved to be reliable for
medication prediction tasks in OCD. The initial
stage of the system where the dataset is loaded and
displayed for analysis. The dataset contains
information such as medication names, textual
descriptions, and related details. This step ensures
that the data is correctly imported into the system
for further processing. Proper visualization at this
stage helps in understanding the structure and
distribution of the data. It also allows identification
of key attributes that are useful for analysis. The
interface clearly presents the dataset, making it
easier to verify correctness. This stage forms the
foundation for all subsequent operations.

"YU

Label X weightLink Weight.Occurence Link.Strength

0 Aripiprazole 0.080460 00 406 8
1 Aripiprazole 0.078125 00 153 B4
2 Arpiprazole  0.041667 00 b 4
3 Aripiprazole  0.11111 00 300 63
4 Aripiprazole 0.092593 00 120 54

Figure [2] Feature Extraction using Co-Word
and Gini Index

Figure [2] represents the feature extraction process
where co-word analysis and Gini index calculations
are applied to the dataset. These techniques help in
identifying  relationships between frequently
occurring terms and assigning importance to
different features. The extracted features include
occurrence count, link strength, and weighted
values. These values are essential for transforming
textual data into numerical form. This step
improves the quality of input provided to machine
learning models. It ensures that only meaningful
patterns are captured. The output of this stage is a
structured dataset ready for clustering and
classification.

Entropy Weighted Clustering Graph

w
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o 50000 100000 150000 200000 250000

Figure [3]: Entropy-Based K-Means Clustering
Output

Figure [3] illustrates the clustering results obtained
using entropy-weighted K-means. The graph shows
how data points are grouped into different clusters
based on similarity. Each colour represents a
unique cluster, and similar records are placed close
to each other. This clustering helps in generating
class labels for supervised learning. The
visualization confirms that the grouping process is
effective and meaningful. It also shows clear
separation between clusters, indicating good
performance. This step plays a key role in
improving classification accuracy.
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Figure [4]: Decision Tree Model Performance
and Confusion Matrix

Figure [4] presents the performance of the Decision
Tree model along with its confusion matrix. The
model achieved an accuracy of around 89%, which
is higher compared to other algorithms used in this
study. The confusion matrix shows that most
predictions fall along the diagonal, indicating
correct classifications. Only a few
misclassifications are observed, which highlights
the effectiveness of the model. The decision tree
structure also provides clear decision rules for
prediction. This makes the model easy to interpret
and reliable for practical use.
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Figure [5]: Algorithm Comparison Graph

Figure [5] shows the comparison of different
machine learning algorithms based on evaluation
metrics such as accuracy, precision, recall, and F1-
score. The graph clearly indicates that the Decision
Tree outperforms CHAID and Linear Regression.
CHAID achieved moderate performance, while
Linear Regression showed lower accuracy. This
comparison helps in selecting the most suitable
algorithm for the task. It also highlights the
strengths and limitations of each model. The
visualization provides a clear understanding of
overall system performance.
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Figure [6]: Medication Prediction Qutput

Figure [6] represents the final output of the system
where medication is predicted based on input
symptoms and textual data. The system processes
the input through feature extraction and clustering
before applying the trained model. The predicted
medication is displayed clearly after processing.
This demonstrates the practical usability of the
system in real-world scenarios. The output is
generated quickly and accurately based on learned
patterns. This final stage confirms that the system
can assist in decision-making for OCD treatment.

DISCUSSION

The results obtained from the proposed system
show that combining clustering with classification
significantly improves prediction performance. The
use of entropy-based K-means clustering enabled

the generation of meaningful class labels from
unlabeled data, which supported effective model
training. Feature extraction using co-word analysis
and the Gini index helped capture important
relationships within the dataset. Among the
evaluated models, the Decision Tree algorithm
performed best due to its ability to manage
complex feature interactions. Evaluation metrics
indicated higher accuracy along with a good
balance of precision and recall. Visualization
techniques such as confusion matrices and
performance graphs further confirmed the
effectiveness of the approach. However, the dataset
may contain noise and bias, and the clustering
process depends on parameter selection, which can
affect results. Future improvements can include
better data processing, use of diverse datasets, and
advanced models to enhance overall system
performance.

VI. CONCLUSION

The proposed system presents an effective
approach for predicting suitable medications for
obsessive-compulsive disorder using machine
learning techniques. By combining feature
extraction, clustering, and classification, the model
is able to handle complex and unstructured data
efficiently. The use of co-word analysis and Gini
index helped in generating meaningful features
from textual data. Entropy-based K-means
clustering enabled the creation of class labels,
making the dataset suitable for supervised learning.
Among the applied models, the Decision Tree
algorithm showed the best performance in terms of
accuracy and reliability. The overall system
demonstrated its ability to support data-driven
decision-making in OCD treatment.

This work highlights the importance of integrating
artificial intelligence into mental health analysis for
improved outcomes. The system not only enhances
prediction accuracy but also reduces dependency
on manual trial-and-error methods in medication
selection. Although some limitations exist, the
framework can be further improved by
incorporating advanced algorithms and larger
datasets. Future enhancements may include deep
learning models and real-time clinical data
integration. The approach can also be extended to
other mental health conditions with similar
challenges. Overall, the study contributes to the
development of intelligent healthcare systems for
better patient care.
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