RESEARCH PAPER

An Al-Driven Multimodal Framework for Detection and Severity
Assessment of Chronic Bronchitis (CB) and Chronic Obstructive
Pulmonary Disease (COPD)

Renuka Jadhav'?, Dr. Harshala Shingne*”
! Department of Computer Science and Engineering, Bharati Vidyapeeth's College of Engineering, Kolhapur,
Maharashtra, India.
2 Department of Computer Science and Engineering, Symbiosis Institute of Technology, Pune.
3" Department of Computer Science and Engineering, Symbiosis Institute of Technology, Nagpur.
Email: harshala.shingne@sitnagpur.siu.edu.in (Corresponding Author)

Received: 12th Mar, 2026 | Revised: 24th Mar, 2026 | Accepted: 14th Apr, 2026 | Available Online: 30th Apr,
2026

ABSTRACT

Chronic bronchitis (CB) and chronic obstructive pulmonary disease (COPD) are major global health concerns
characterized by progressive airflow limitation and significant morbidity and mortality. Early detection and accurate
severity assessment remain challenging due to heterogeneous clinical presentations and reliance on limited diagnostic
modalities. This study proposes an Al-driven multimodal framework that integrates clinical data, pulmonary function
test results, medical imaging, and patient-reported symptoms to enhance the diagnosis and staging of CB and COPD.
The proposed framework employs advanced machine learning and deep learning algorithms to extract and fuse
features from diverse data sources, including spirometry parameters, chest radiographs/CT scans, and electronic health
records. A hybrid model combining convolutional neural networks (CNNs) for imaging analysis and ensemble
learning techniques for clinical data interpretation was developed. The system was trained and validated on a large,
annotated dataset to ensure robustness and generalizability. Performance evaluation demonstrated high accuracy,
sensitivity, and specificity in detecting CB and COPD, as well as improved precision in classifying disease severity
compared to conventional methods. The multimodal approach enabled better identification of subtle disease patterns
and early-stage abnormalities that are often overlooked in single-modality assessments. In conclusion, the proposed
Al-driven multimodal framework offers a promising tool for early diagnosis, severity stratification, and clinical
decision support in CB and COPD management. Its integration into healthcare systems could facilitate personalized
treatment strategies and improve patient outcomes while reducing the burden on healthcare resources.
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1. Introduction

An ongoing damage of the bronchial tubes that causes
excessive mucus production and airflow restriction is
the hallmark of chronic bronchitis, a long-term
respiratory disorder which as shown in figurel. The
clinical definition is a productive cough that persists
for at least three months during a two-year period.
Excess mucus constricts the airways, making
breathing harder and resulting in symptoms including

wheezing, chest tightness, shortness of breath, and a
persistent cough. Although exposure to dust, chemical
fumes, and air pollution can also be a factor, long-term
cigarette smoking is the most frequent cause. Chronic
bronchitis can worsen over time and seriously damage
lung function if treatment is not received.
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Fig. 1. Healthy Lungs vs Diseased Lungs
Comparison [5,6].

Chronic obstructive pulmonary disease (COPD), a
more widespread, progressive lung disease, is
characterized by a persistent, often permanent
reduction in airflow. Emphysema and chronic
bronchitis are its primary constituents. Reduced
oxygen exchange results from COPD's inflammation
and narrowing of the airways as well as the loss of
flexibility or destruction of the air sacs. Chronic
cough, dyspnea during exercise, wheezing, recurrent
respiratory infections, and exhaustion are typical
symptoms. The primary risk factor is smoking,
environmental contaminants and prolonged-exposure
to smoke from biomass-fuels can have a significant
impact. COPD has a presently unknown treatment, yet
early detection, smoking-cessation, and appropriate
medical care can slow done the disease progression
and improve life of patient. Al and ML are being
linked to chronic bronchitis and chronic obstructive
pulmonary disease in order to enhance fast diagnosis,
disease-severity assessment, and long-term treatment.
According to present research, ML algorithms can
automatically detect airflow restriction, airway-wall
thickening, mucus-plugging, and emphysematous-
changes linked to COPD and chronic bronchitis by
analyzing spirometry data, chest X-ray photo, & CT
scans [1]. Neural-networks based on deep learning
have shown excellent accuracy in identifying COPD
patterns from medical imaging frequently matching or
[2]. Furthermore cough sound analysis are being used
with Al models to forecast acute exacerbations and
track the course of the illness in fast time [3]. By
clinical data, environmental exposure, and patient
history to predict outcomes and frequency of hospital
admit rates ML also facilitates risk stratification and
customized treatment planning [4].

2. Rationale of the Research

A major and increasing world-wide health problem is
caused by CB and COPD, especially in developing
nations with high levels of exposure to tobacco smoke,
air pollution, industrial pollution and use of biomass
fuel. With advances in medical research, COPD is

often diagnosed at an advanced stage due to the
prolonged course of symptoms and the limits of
conventional diagnostic methods like spirometry,
which need input from patients and trained workers.
Frequent attacks, chronic-lung damage, increased
medical fees, and a bad quality of life are all results of
delayed in diagnosis. The growing amount of medical
data, such as spirometry reports, CT scans, chest X-
rays, and electronic health data, hence opportunity to
use ML and Al techniques for improved illness reason
and treatment. By automatically identifying complex
patterns from imaging and medical records that human
specialists would find challenging to recognize Al-
based models enable early diagnosis accurate severity
categorization and  prediction of  sickness
exacerbations? This is especially crucial for COPD
and CB, as early treatment can greatly minimize the
course of the illness. Further, especially in rural and
resource-constrained environments, incorporating Al
based decision support systems can improve risk,
remote monitoring, and customized treatment-
planning. By lowering diagnostic-variability,
increasing efficiency, and facilitating scalable
screening-programs, these methods can helpful to
physicians. The critical need for intelligent, data-
driven diagnostic & prognostic techniques that can
enhance early diagnosis, supplement conventional
clinical techniques, and eventually lower the
morbidity and mortality linked to COPD and CB
validate this research.
3. Review of Literature

One of the main clinical data of COPD is CB,
which is observed by a persistent cough and sputum-
production. These symptoms promote maximize the
burden of symptoms, lead to frequent flare- ups, and
hasten the deterioration of lung function [7], [10]. Due
to restrictions in spirometry availability and
inconsistent clinical interpretation, COPD is a diverse
and progressive respiratory condition that continues
could be a significant global cause of illness and death
[3], [14].
It is also significantly underdiagnosed, especially in its
early stages. Al and ML have become potential
techniques for improving COPD and associated CB
phenotype identification, phenotyping, and prediction
in recent years.
Deep learning-based analysis of chest CT scans has
observed a strong ability to identify lung-cancer,
changes in reconstruction of the airway, and narrow
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airway diseases in addition to providing predictive
insights into disease progression and risk for death of
patient. [2,12,16]. Similarly, using routinely obtained
radiographs, Al models applied to chest X-ray have
shown potential for evaluating pulmonary function
and identifying people at risk of undiagnosed COPD,
enabling cost-effective screening programs [18,5].
Beyond imaging, it has been shows that ML-based
interpretation of spirometry time-series data can
capture minor airflow dynamics that may precede
clinically evident airflow restriction, providing early
prediction of future development of COPD [9,15].
Again, acute exacerbations, hospital admit frequency,
and mortality have been successfully predicted using
predictive models that integrate electronic health data,
biomarkers, medication patient history, and prior
exacerbation data [4,8,11]. These findings are
especially important for patients with CB who
frequently experience recurrent exacerbations. The
use of Al-based analysis of cough and respiratory
sounds as inexpensive, non-invasive digital
biomarkers for COPD screening and monitoring is
also highlighted by present studies [6,13]. Widespread
clinical adoption is still hampered by issues with data
heterogeneity, external validation, model
interpretability, and integration into actual clinical
procedures [1], [6].

Future research will focus on multimodal data
integration, explainable Al, and large-scale
prospective clinical validation [3], [11]. Overall, the
literature currently in publication strongly supports the
potential of Al and ML to improve early detection, risk
prediction, and personalized management of chronic
bronchitis and COPD.

Particularly in situations where spirometry is
underutilized or unavailable, deep learning applied to
chest X-ray (CXR) imaging has drawn a lot of
attention as an economically feasible method for
COPD screening and risk prediction. Even when these
features are difficult for human observers to detect,
convolutional neural network (CNN)-based models
have shown the capacity to learn subtle radiographic
patterns linked to lung hyperinflation, diaphragmatic
flattening, and vascular changes that correlate with
airflow limitation [20,21]. Deep learning models
trained on normal CXRs are capable of effectively
detecting COPD and estimating the severity of the
condition, according to a number of studies. X-ray
may serve as surrogate markers for lung function

measurement, according to Ueda results discovery that
a deep learning algorithm could predict pulmonary
function measures, such as FEV, directly from chest
radiographs. The potential of Al-assisted triage
systems to identify high-risk individuals for
confirmatory spirometry was further highlighted [22],
shows that combining X-ray deep learning features
with fundamental clinical data enhanced COPD
screening and severity prediction [23]. Prognostic risk
prediction in COPD has been investigated using X-ray
deep learning. A deep learning model utilizing chest
radiographs was demonstrated to be able to predict
mortality in COPD patients and to perform on par with
recognized clinical risk factors [24]. According to
current research, deep learning applied to routine X-
ray may be able to detect COPD risk factors prior to
clinical diagnosis, allowing for opportunistic
screening and early detection [25].
Even with encouraging outcomes, significant
obstacles still present. Few studies have limited
generalizability because they use varied COPD
criteria, rely on single-center datasets, and lack
external validation [26]. To enable clinical application
of X-ray-based deep-learning systems for COPD
screening and risk prediction, current literature
highlights the necessity of large multi-center datasets,
uniform evaluation procedures, and enhanced model
interpretability [27].
4. Research Gaps

Present research shows a number of unresolved
issues despite notable advancements in the clinical
understanding of CB and COPD, as well as the
expanding use of Al and ML in respiratory health care.
Although  Al-driven techniques have shown
encouraging outcomes in disease identification and
outcome prediction, there is still a lack of clinically
reliable and phenotype-specific treatments. In order to
provide trustworthy, comprehensible, and clinically
useful Al-based frameworks for COPD and chronic
bronchitis, a thorough evaluation of the existing
literature reveals certain holes that must be filled.

e While chronic bronchitis and airway-
dominant phenotypes are not sufficiently
studied, the majority of AI/ML studies on
COPD concentrate on emphysema-dominant
instances.

e Inadequate phenotype-level risk
classification and prognosis result from the
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lack of detection and prediction models
specific to chronic bronchitis.

e Strong multimodal Al  frameworks
combining imaging, spirometry, clinical data,
and digital biomarkers are absent, and current
research mostly depends on single-modality
data.

e The generalizability of many suggested Al
models is limited since they are trained on
single-center or retrospective datasets with
inadequate  external and  prospective
validation.

e  With little focus on early-stage identification
and long-term illness progression, current
prediction models mostly address short-term
outcomes such exacerbations and hospital
readmissions.

e In real-world and resource-constrained
situations, the use of accessible and
inexpensive Al-based screening techniques,
such as cough and breath sound analysis or
chest X-ray-based models, is still
underutilized.

e Clinical adoption is hampered and clinician
trust is diminished by deep learning models'
limited interpretability and explainability [6],
[15].

e The majority of Al-powered solutions offer
risk assessments without converting them
into practical clinical decision-support or
plans for preventive intervention [3], [11].

5. Research Questions

Many issues are still unexplored, despite the fact that
current research shows how artificial intelligence and
machine learning might improve the identification and
prediction of COPD and chronic bronchitis. Al-based
solutions have not yet been completely tuned for
clinical adoption, phenotype-specific analysis, or
long-term disease management, according to the limits
found in current studies. Resolving these issues offers
a number of encouraging prospects for additional
research and development in this field.

e How can phenotype-aware Al models be
developed to accurately distinguish chronic
bronchitis from other COPD phenotypes for
individualized diagnosis and treatment?

e How can multimodal data sources such as
imaging, spirometry, electronic health

records, biomarkers, and respiratory audio
signals be integrated to improve the
robustness and predictive accuracy of Al
models for chronic bronchitis and COPD?

e Can Al-based pre-clinical and early-stage
prediction algorithms identify individuals
with chronic bronchitis who are at high risk
of developing COPD?

e How can interpretable and explainable Al
frameworks be designed to enhance clinician
trust and support effective clinical decision-
making?

e How can large-scale, multicenter, real-world
datasets—especially from under represented
and diverse populations be used to validate
AI/ML models for chronic bronchitis and
COPD?

e How can scalable and affordable Al-based
screening tools be developed for use in
primary care particularly in resource-limited
settings?

e How can Al predictions be transformed into
practical clinical decision-support systems to
enable timely interventions and preventive
care strategies?

e How can artificial intelligence be used in
longitudinal studies to model disease progression,
therapy response, and long-term outcomes in
chronic bronchitis and COPD patient?

6. Statement of the Problem

Commonly used diagnostics like spirometry
are not usually utilized and cannot easily detect early
disease, CB and COPD are frequently detected later.

Traditional models wusually need careful data

preprocessing. They assume linear relationships and

that variables are independent. Present Al techniques
mostly target a single form data of COPD, use
insufficient-data, and fail to correctly explain their
findings to doctors. Regarding the widespread

availability of chest X-rays, there is not a

straightforward and trustworthy Al system that

combines X-rays with patient data to identify CB and

COPD early and assist doctors in making better

treatment decisions, particularly in hospitals with

limited resources. Therefore, it has to be researched
and improved.

7. Objectives of the Study
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There is a strong incentive to investigate
advanced Al- and machine learning-based solutions
given the significance of the highlighted research gaps
and the increasing demand for early, accurate, and
clinically useful diagnosis of COPD and chronic
bronchitis. The creation of an efficient, reliable, and
clinically applicable framework for illness detection
and prediction must be guided by the establishment of
highly accurate and well-defined objectives. As a
result, the objective of the current investigation are
outlined below.
1. To conduct a comprehensive literature
review of existing research related to the CB
and COPD study domain and systematically
collect relevant experimental, observational,
or secondary data.
2. To evaluate current clinical and Al-based
methods for the diagnosis and prognosis of
COPD and chronic bronchitis.
3. To create a framework based on Al and ML
for the precise diagnosis of COPD and
chronic bronchitis using pertinent clinical
and diagnostic data.
4. To create Al model using data sources like
spirometry, photo- making, and clinical
characteristics in order to enhance illness
characterisation and prediction performance.
8. Scope and Limitations

Scope- The creation of an AI-ML based-
framework for the identification and forecasting of CB
and COPD disease is part of the current investigation
objective. In order to help early diagnosis and risk-
assessment, data that is currently available, such as X-
ray, spirometry parameters, and patient clinical
history. Forecasting the course of the disease and the
likelihood of an exacerbation is emphasized, as is
phenotype-aware analysis, especially when it comes to
characteristics associated with CB. With the right
validation, the suggested method which aims to assist
clinical decision making may undergo changes for
application in primary healthcare and settings with
proper resources.
Limitation- Model performance and generalizability
may be impacted by the availability, size, and quality
of datasets wused in the investigation. Data
heterogeneity may be introduced by differences in
spirometry measures, imaging procedures, and clinical
documentation between healthcare facilities. Class
imbalance and possible bias in retrospective data may

also affect how well AI models function. Furthermore,
real-time clinical deployment might need extra
regulatory permission, prospective validation, and
connection with current healthcare systems because
the suggested framework is meant to support doctors
rather than replace medical judgment.
9. Methodology Tools and Techniques

A systematic and well-organized
methodology is necessary to fill the identified research
gaps and accomplish the stated goals. The suggested
method efficiently integrates clinical, physiological,
and diagnostic data for precise COPD and chronic
bronchitis diagnosis and prediction by utilizing
artificial ~ intelligence and machine learning
approaches. As described in the next part, the
methodology is intended to guarantee robustness,
interpretability, and clinical relevance which as shown
in figure 2.

Data Collection
(CT / Chest X-ray, Spirometry, Clinical Data)

]

Data Preprocessing
(Cleaning, Normalization, Class Balancing)

v

Feature Engineering / Extraction
* CNN Features (Imaging)
* Derived Clinical Features

v

Model Development
(ML / DL for Detection & Prediction)

v

Evaluation & Validation
(Accuracy, F1-score, AUC)

Explainability & Clinical Decision Support
(Grad-CAM, SHAP, Risk Stratification)

Fig. 2. Methodology flow diagram.

The suggested investigation employs a
systematic method to create a framework for the
identification and prediction of COPD and chronic
bronchitis that is based on artificial intelligence and
machine learning. First, trustworthy datasets or
healthcare sources are used to gather pertinent clinical,
physiological, and diagnostic data, such as spirometry
values, medical imaging (chest X-ray and  or CT),
and patient clinical records. After preprocessing the
collected data to address missing values, noise, class
imbalance, and source variability, normalization and
feature standardization are applied to guarantee
consistency.

To find clinically meaningful patterns
associated with COPD and chronic bronchitis, feature
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extraction and selection are carried out in the
following stage. Deep learning-based convolutional
neural networks (CNNs) are used to automatically
extract discriminative features from imaging data,
whereas statistical and machine learning-based feature
engineering techniques are used for spirometry and
clinical data. A multimodal image of the patient
health-status is then created by combining these
information.

To recognizes, classify characteristics, and
forecast the risk of illness progression or exacerbation,
supervised ML and deep learning models are then
developed. Standard metrics including accuracy,
precision, recall, Fl-score, and area under the ROC
curve (AUC) are used to assess the model
performance. Al techniques are used to understand
model  predictions and highlight important
contributing aspects in order to improve clinical
reliability.

Finally, independent test datasets or separate-
validation methods are used to validate the constructed
models in order to evaluate their robustness and
versatility. In addition to providing an versatile and
clear Al-based solution for health-care applications,
the results of the suggested-technique are intended to
improve early diagnosis, risk prediction, and clinical
decision-making for chronic bronchitis and COPD
patient.In order to accurately detect and forecast CB
and COPD, the research employs deep learning and
ML techniques which is shown in table 1.

Table 1. Technique Used
Technique Used

Description
Data Preprocessing | Data cleaning,

normalization, handling
missing values, and class

balancing
Feature Extraction of significant
Engineering & clinical, spirometric, and
Extraction imaging features
Convolutional Automated feature learning
Neural Networks from chest X-ray and CT
(CNNs) images

Machine Learning | Use of SVM, Random

Classification Forest, and Logistic
Regression models

Multimodal Data Integration of imaging,

Fusion spirometry, and clinical

data

Predictive
Modeling

Modeling disease
progression and
exacerbation risk

Model Evaluation Accuracy, precision, recall,

& Validation F1-score, ROC-AUC,
cross-validation

Explainable Al Grad-CAM and SHAP-

(XAI) based interpretation

The proposed methodology incorporates in order to
accurately detect and predict respiratory disorders
including CB and COPD the suggested methodology
combines ML, deep learning, and artificial
intelligence techniques. In order to increase accuracy
of data quality and lessen bias, it start with first data
preprocessing, which includes data cleaning, second
normalization, then addressing missing values, and
last class balancing. To extract clinically significant
characteristics from medical X-ray data, spirometry
tests, and clinical history of patient, feature
engineering and extraction is carried out. C-Neural
Networks (CNN) are used to automatically learn
features from CT scan and chest X-ray, making it
possible to identify unique patterns to a given disease
regarding patient health.

Traditional, disease categorization and
comparative analysis employ conventional ML
classifiers including Support Vector-Machines,
Random-Forest, and Logistic-Regression. By
combining imaging, spirometric, and clinical patient
history, multimodal data fusion increase the precision
and resilience of diagnoses. Predictions models are
used to measure the probability of exacerbation and
study the growth of the disease.

10. Proposed Work

Throughout most of the planned investigation
duration, the suggested work will be completed in a
systematic and stepwise method. Data collection and
preprocessing come after a thorough literature review.
Model building, validation, and interpretation utilizing
Al and machine learning techniques are the next
stages. The research findings are then analyzed,
reported, and published.
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