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Abstract: Chronic Obstructive Pulmonary Disease
(COPD) is a progressive and debilitating respiratory
disorder that poses a significant burden on global health.
Early and accurate diagnosis is vital for effective
management and treatment, yet current diagnostic
methods often involve complex, resource-heavy processes
that can delay care. A novel solution to this challenge is the
application of Hierarchical Deep Q Networks (H-DQN),
an advanced reinforcement learning (RL) technique
designed to streamline the diagnostic process.This system
mirrors clinical decision-making, where subsequent tests
or evaluations depend on the results of earlier ones. It
enables a more efficient, goal-directed approach to
diagnosis, reducing the time and resources spent on
unnecessary tests. The RL environment is tailored to
simulate the diagnostic journey by integrating various
patient data, including demographics, medical history, and
test results. The reward function is designed to optimize
diagnostic accuracy while minimizing the need for
extraneous procedures, thus improving both efficiency and
cost-effectiveness. Results from experimental applications
show that H-DQN significantly outperforms traditional
methods in terms of both accuracy and efficiency.
Moreover, the hierarchical decision-making structure
provides a clear rationale for each diagnostic action,
enhancing the interpretability of the system. This not only
facilitates adoption in clinical settings but also ensures that
the system remains transparent and aligned with medical
standards. By leveraging reinforcement learning, this
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approach promotes the identification of hidden patterns in
patient data, paving the way for more personalized, data-
driven healthcare solutions.

1 INTRODUCTION

Chronic Obstructive Pulmonary Disease (COPD) is a
progressive respiratory condition that significantly
impacts lung function, making early and accurate
diagnosis crucial for effective treatment and management.
Traditional diagnostic methods rely on clinical tests and
imaging, which can be time-consuming and resource-
intensive. This project introduces an advanced approach
for COPD detection using a Hierarchical Deep Q-
Network (HDQN), a reinforcement learning-based deep
learning model. By leveraging clinical text data, patient
records, and medical reports, the system extracts key
features and processes them through an intelligent
classification model. The HDQN model enhances
diagnostic accuracy by optimizing decision-making
through hierarchical learning, ensuring a more precise
differentiation between COPD-positive and negative
cases. This automated and efficient diagnostic framework
aims to support healthcare professionals in early detection,
leading to improved patient outcomes and timely medical
intervention.
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1.1 PROBLEM STATEMENT

Chronic Obstructive Pulmonary Disease (COPD) is a
major global health concern, affecting millions of people
and contributing to a significant burden on healthcare
systems worldwide. COPD is a progressive lung disease
characterized by obstructed airflow, which leads to
breathing difficulties, chronic cough, sputum production,
and reduced lung function over time. The disease primarily
includes two main conditions: chronic bronchitis and
emphysema. Chronic bronchitis is marked by long-term
inflammation of the bronchial tubes, resulting in mucus
buildup and coughing, whereas emphysema involves the
gradual destruction of the lung’s air sacs, reducing the
surface area available for oxygen exchange. The leading
cause of COPD is prolonged exposure to harmful irritants
such as cigarette smoke, air pollution, and occupational
hazards, which trigger inflammatory responses in the
lungs. Genetic predisposition, such as alpha-1 antitrypsin
deficiency, also increases the risk of developing COPD.

Despite the high prevalence and severity of COPD, its
early diagnosis and management remain a significant
challenge. COPD symptoms often overlap with other
respiratory diseases such as asthma and bronchitis, making
it difficult for healthcare providers to distinguish between
these conditions. Traditional diagnostic —methods,
including spirometry, chest X-rays, and CT scans, are not
only time-consuming and expensive but also prone to
human error and interpretation biases. Spirometry, which
measures lung function by assessing the volume and flow
of air a patient can inhale and exhale, remains the gold
standard for diagnosing COPD. However, spirometry
alone is insufficient for detecting early-stage COPD or
differentiating it from other respiratory illnesses.
Moreover, radiological imaging and clinical evaluations
require skilled professionals, which adds to the overall cost
and delays in diagnosis. This gap in timely and accurate
diagnosis leads to a higher risk of disease progression,
increased hospitalization rates, and poor clinical
outcomes.

1.2 TECHNIQUES USED
1. Data Preprocessing Techniques

Before training the model, raw patient data undergoes
preprocessing to ensure it is clean and structured.

a) Handling Missing Data

o Techniques Used: Mean/median
imputation, mode imputation, and deletion of

highly incomplete records.

. Why? Some clinical data fields may be
missing due to incomplete patient records.
Missing values are filled using statistical methods
to avoid loss of information.

b) Data Normalization

o Techniques Used: Min-Max Scaling, Z-
score Standardization.

D Why? Features such as FEV1, FVC, and
spirometry test results have different ranges.
Normalization ensures all values are on a common
scale, preventing bias in model predictions.

c) Categorical Data Encoding

o Techniques Used: One-Hot Encoding,
Label Encoding.
) Why? Features like COPD severity,

gender, and smoking history are categorical.
Encoding converts them into numerical values
that the model can process.

d) Feature Selection

. Techniques Used: Recursive Feature
Elimination (RFE), Principal Component
Analysis (PCA).

o Why? Not all features contribute equally
to predictions. Selecting the most relevant features
improves model efficiency and accuracy.
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2. Feature Extraction Techniques

Since the dataset is primarily text-based (structured
medical records), feature extraction focuses on numerical
conversion and pattern identification.

a) Text Vectorization for Clinical Notes

. Techniques Used: Term Frequency-
Inverse Document Frequency (TF-IDF), Word
Embeddings (Word2 Vec).

o Why? If clinical notes are used, text-based
information must be converted into numerical
form for Al processing.

b) Statistical Feature Engineering

. Techniques Used: Mean, Median,
Standard Deviation calculations for features like
spirometry test results.

o Why? Aggregating statistical information
helps the model understand patterns in patient
lung function test data.

3. Machine Learning Techniques

To predict COPD severity and classify patient risk levels,
various machine learning algorithms were tested before
selecting the final model.

a) Supervised Learning Models

Used for classification tasks like determining COPD
severity based on patient data.

. Logistic Regression: Basic predictive
modeling for binary classification.

. Support  Vector Machine (SVM):
Identifies complex decision boundaries for COPD
classification.

. Random Forest: An ensemble learning
method that improves accuracy by averaging
multiple decision trees.

© 2025, IJSREM | www.ijsrem.com

) XGBoost: A gradient-boosted decision
tree algorithm optimized for structured medical
data.

b) Unsupervised Learning Models
Used to explore hidden patterns in COPD patient data.

o K-Means Clustering: Groups patients
based on symptom similarity.

) Hierarchical Clustering: Used to segment
patients into different risk groups.

4. Deep Learning Techniques
a) Artificial Neural Networks (ANN)

o A multi-layer perceptron (MLP) was used
as an initial deep learning model.

o It performed better than traditional ML
models but lacked interpretability.

b) Convolutional Neural Networks (CNNs) for Image
Data (Future Scope)

o If medical imaging data (e.g., X-rays or
CT scans) is integrated, CNNs will be used to
detect COPD-related lung abnormalities.

¢) Long Short-Term Memory (LSTM) Networks for
Time-Series Data (Future Scope)

o LSTM can be used to analyze longitudinal
patient records and identify trends in COPD
progression.

5. Reinforcement Learning Techniques (HDQN Model)

To enhance decision-making and improve long-term
prediction accuracy, the Hierarchical Deep Q-Network
(HDQN) was used.
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a) Deep Q-Network (DQN)

. Why? COPD  diagnosis involves
sequential decision-making (e.g., when to perform
tests, when to diagnose).

o How? A neural network estimates the best
action to take at each stage, based on past
experience.

b) Hierarchical Reinforcement Learning (HRL)

o Why? COPD diagnosis involves multiple
levels of decision-making (e.g., initial assessment,
severity classification, treatment
recommendation).

o How? HDQN breaks the decision process
into sub-tasks (e.g., symptom analysis — test
recommendations — final diagnosis).

¢) Reward Function Optimization

. Positive Reward: Given for correct
predictions and early diagnosis.

. Negative Reward: Assigned for incorrect
predictions and unnecessary tests.

1.3 ARCHITECTURE
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The dataset consists of 101 entries and 24 columns,
covering various patient details, test results, and medical
conditions related to COPD. Here’s a brief overview of
key features:

ID and AGE: Unique identifiers and ages of patients.

PackHistory: Lifetime cigarette exposure in terms of pack
years.

COPDSEVERITY: COPD severity category (e.g.,
SEVERE, MODERATE, VERY SEVERE).

MWT1, MWT2, MWTI1Best: Measurements from
walking tests.

FEV1, FEVIPRED, FVC, FVCPRED: Lung function
metrics like Forced Expiratory Volume (FEV1) and Forced
Vital Capacity (FVC), with predictions.

CAT, HAD, SGRQ: Scores indicating health and quality-
of-life aspects.

AGE quartiles: Age categorized into quartiles.
copd: Numerical encoding of COPD severity levels.

Other Medical Conditions: Data on gender, smoking
status, and comorbidities like diabetes, muscular issues,
hypertension, atrial fibrillation, and ischemic heart disease
(IHD).

set.

1.5 MODEL
METRICS

EVALUATION AND

Accuracy: Accuracy, Precision, Recall, F1-Score:
Common metrics used to assess classification performance
in predicting COPD severity levels.

ROC-AUC Score: Useful in binary or multi-class
classification tasks to evaluate how well the model
distinguishes between classes.

LITERATURE REVIEW

Chronic Obstructive Pulmonary Disease (COPD) is a
progressive and life-threatening respiratory disorder that
significantly impacts millions worldwide. Early and
accurate diagnosis of COPD is crucial for effective
treatment and management, but traditional diagnostic
methods, including pulmonary function tests, clinical
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assessments, and imaging techniques, have several
limitations. Recent advancements in artificial intelligence
(AI), machine learning (ML), and deep reinforcement
learning (DRL) have led to innovative approaches for
diagnosing and predicting COPD severity, improving
patient outcomes and reducing healthcare costs. This
literature review explores existing research on COPD
diagnosis, Al-driven methodologies, deep learning
models, and reinforcement learning techniques that have
been employed to enhance detection accuracy and clinical
decision-making.

Several studies have demonstrated the effectiveness of
machine learning-based approaches in diagnosing COPD
using structured medical data. Traditional models like
logistic regression, support vector machines (SVM),
decision trees, and random forests have been widely used
for COPD classification based on patient symptoms,
spirometry readings, and demographic factors. For
instance, Wang and Zhang (2018) developed a Random
Forest-based model that classified COPD patients with an
accuracy of 85.3% using clinical features. Similarly, Tsai
et al. (2019) implemented an SVM classifier that achieved
an 88.5% accuracy in predicting COPD risk using
spirometry datasets. While these methods improved
diagnostic efficiency, they relied heavily on handcrafted
feature selection and lacked adaptability to complex and
non-linear COPD progression patterns.

2 EXPERIMENTAL RESULTS
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3 CONCLUSION
The development of the COPD diagnosis and prediction
system based on the HDQN (Hierarchical Deep Q-
Network) framework has demonstrated significant
potential in improving the early diagnosis and
management of Chronic Obstructive Pulmonary Disease
(COPD). This project combined state-of-the-art machine
learning techniques, including deep reinforcement
learning, with a user-friendly interface built using React.js
and Node.js, ensuring both high predictive accuracy and
an efficient user experience. The following sections
summarize the key outcomes, contributions, and future
prospects of the project.
The primary goal of this project was to design and
implement an Al-based COPD diagnosis and prediction
system using an HDQN framework. The project involved
multiple phases, including data collection, preprocessing,
feature extraction, model training, testing, and validation.
The core objectives were to. The project yielded
impressive results in terms of model performance and
system usability. The HDQN model achieved an overall
accuracy of 92.4%, outperforming other traditional
machine learning models like SVM, Random Forest, and
Logistic Regression.
The system enables early detection of COPD symptoms,
allowing for timely medical intervention and reducing the
risk of disease progression. By identifying COPD at an
early stage, the system empowers healthcare professionals
to implement preventive strategies and personalized
treatment plans. The system aids in better resource
management by prioritizing high-risk patients and
ensuring that medical resources are allocated to those who
need them most. This approach enhances the overall
efficiency of healthcare services and improves patient
outcomes.

4 FUTURE WORK

The field of Al-driven COPD diagnosis and prediction has
made significant strides in improving early detection and
clinical decision-making. However, there are several areas
that require further development to enhance model
accuracy, interpretability, and real-world applicability.
Future research should focus on expanding dataset
diversity, integrating multi-modal data sources, improving
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model transparency, incorporating real-time monitoring,
and optimizing reinforcement learning strategies for
personalized treatment recommendations. Addressing
these challenges will enable a more robust, scalable, and
clinically applicable COPD diagnostic system.

One of the key areas for future work is expanding and
diversifying datasets to improve model generalization.
Current models are trained on specific datasets that may
not represent global patient populations, leading to biases
in predictions. To overcome this, future studies should
focus on collecting large-scale, diverse COPD datasets
from multiple healthcare institutions worldwide.
Additionally, synthetic data generation techniques such as
Generative Adversarial Networks (GANSs) can be explored
to augment training data, particularly for underrepresented
COPD severity stages. Ensuring that models generalize
well across different demographics will be crucial for
widespread clinical adoption.

Another promising direction is the integration of multi-
modal data to enhance COPD prediction accuracy. Most
Al models today rely on structured clinical data, but
COPD diagnosis can be significantly improved by
incorporating medical imaging (chest X-rays, CT scans),
spirometry tests, wearable device data, and unstructured
clinical notes. Deep learning models such as CNNs and
Vision Transformers can be trained on imaging data, while
natural language processing (NLP) technigues can extract
relevant insights from electronic health records (EHRS).
The fusion of these diverse data sources will provide a
more comprehensive understanding of COPD progression,
leading to more accurate and personalized treatment
recommendations.
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