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The Problem.The Problem.    The Problem.  
Problem StatementProblem StatementProblem Statement

AsthmaAsthmaAsthma

260M+260M+260M+
010101 COPDCOPDCOPD

A leading cause of death
globally according to the
World Health Organization.

3M+3M+3M+
020202 COVID-19COVID-19COVID-19

Demonstrated how rapidly
respiratory diseases can
overwhelm healthcare systems.

7M+7M+7M+
030303

Respiratory diseases represent a major global health challenge, causing millions of deaths and affecting hundreds of millions of people worldwide.

lives affectedlives affectedlives affected
Causing significant respiratory
distress and widespread
hospitalizations globally.

annual deathsannual deathsannual deaths total deathstotal deathstotal deaths

Early and accurate differentiation between respiratory conditions is essential for timely treatment and disease management.Early and accurate differentiation between respiratory conditions is essential for timely treatment and disease management.Early and accurate differentiation between respiratory conditions is essential for timely treatment and disease management.
Symptoms of cough, wheezing, and breathlessness overlap across various diseases, making accurate diagnosis difficult.
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https://globalasthmareport.org/burden/deaths.php https://data.who.int/dashboards/covid19/deaths
https://www.who.int/news-room/fact-sheets/detail/chronic-

obstructive-pulmonary-disease-(copd)

https://globalasthmareport.org/burden/deaths.php


Problem StatementProblem StatementProblem Statement

Why is this important?Why is this important?Why is this important?

Source: Delhi Government

Source: WHO
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https://www.ndtv.com/india-news/delhi-records-over-9-000-deaths-due-to-respiratory-diseases-in-2024-10760041
https://www.who.int/europe/news/item/12-06-2025-chronic-respiratory-diseases--more-than-80-million-affected-and-many-more-undiagnosed--warns-new-who-and-european-respiratory-society-report


Problem StatementProblem StatementProblem Statement

Problem Statement.Problem Statement.Problem Statement.

Classification of Respiratory DiseasesClassification of Respiratory Diseases
Through Audio-Based PhysiologicalThrough Audio-Based Physiological

Signal Analysis.Signal Analysis.
Classification of Respiratory Diseases
Through Audio-Based Physiological

Signal Analysis.
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LITERATURELITERATURE
REVIEWREVIEW  
LITERATURE
REVIEW 
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Prior Art SearchPrior Art SearchPrior Art Search

https://www.nature.com/articles/s41598-023-45104-4


Symptom /
Characteristic Asthma COPD COVID-19

Cough type Dry or intermittent Chronic productive
cough Dry, persistent cough

Onset pattern Sudden attacks Slowly progressive Acute infection

Fever Rare Rare Very common

Fatigue / systemic
symptoms Usually absent Mild Common

Age group Often younger
individuals

Usually older
adults/smokers

All age groups

Wheezing Very common Common Rare

Upper respiratory
symptoms Rare Rare Common (sore throat,

loss of smell)

Literature ReviewLiterature ReviewLiterature Review

DiseaseDisease
SymptomsSymptoms
& Their& Their
OverlapOverlap

Disease
Symptoms
& Their
Overlap

Diseases:Diseases:Diseases:

Asthma, COPD, COVID-19Asthma, COPD, COVID-19Asthma, COPD, COVID-19
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Gaps in Current SolutionsGaps in Current SolutionsGaps in Current Solutions

Existing solutions Approach & Performance

 Swaasa AI platform

Model: CNN (MFCC spectrograms) + Feedforward
ANN
Sound Type: Clinical cough recordings
Classification & Accuracy: Binary classification
(COVID positive vs negative), ~75.54% accuracy

Convolutional Neural
Network

Model: CNN + VGG-16 transfer learning
Sound Type: Lung/respiratory sounds (spectrograms
& scalograms)
Classification & Accuracy: Multi-class sound-type
classification, ~54% accuracy

Deep Neural Network

Model: BiLSTM-based Deep Neural Network
Sound Type: Smartphone-recorded cough sounds
Classification & Accuracy: Binary + multi-class
disease classification, ~84% accuracy for binary
pathological classification

GAPSGAPS

Binary or limitedBinary or limited
classification focusclassification focus
Limited multi-diseaseLimited multi-disease
coveragecoverage
Reliance mainly onReliance mainly on
cough/lung sounds onlycough/lung sounds only
Insufficient featureInsufficient feature
extractionextraction (mostly (mostly
MFCC/CNN-based features)MFCC/CNN-based features)
Lack of multimodalLack of multimodal analysis analysis
(e.g., vowel + cough +(e.g., vowel + cough +
metadata)metadata)
No patient metadataNo patient metadata–driven–driven
classification frameworkclassification framework
ReducedReduced
accuracy/generalization inaccuracy/generalization in
multi-class disease predictionmulti-class disease prediction

GAPS

Binary or limited
classification focus
Limited multi-disease
coverage
Reliance mainly on
cough/lung sounds only
Insufficient feature
extraction (mostly
MFCC/CNN-based features)
Lack of multimodal analysis
(e.g., vowel + cough +
metadata)
No patient metadata–driven
classification framework
Reduced
accuracy/generalization in
multi-class disease prediction

https://www.nature.com/articles/s41598-023-45104-4
https://www.nature.com/articles/s41598-023-45104-4
https://ieeexplore.ieee.org/document/8971689
https://ieeexplore.ieee.org/document/8971689
https://www.mdpi.com/1424-8220/21/16/5555
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DATASETDATASET
COLLECTIONCOLLECTION
AND FEATUREAND FEATURE
PREPROCESSINGPREPROCESSING
  

DATASET
COLLECTION
AND FEATURE
PREPROCESSING
 



Data CollectionData Collection  Data Collection 
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2,746 datapoints (65 hours)

Metadata: 36 features

Classes: COVID-19 (681), Healthy (2065)

Data taken: two .wav files (cough & o-sound) + one .csv

metadata file for each datapoint

884 datapoints (13 hours)

Metadata: 11 features

Classes: COPD (168), Asthma (238), Healthy (140)

Data taken: two .wav files (cough & o-sound) + one .csv

metadata file for each datapoint

Source: Coswara Dataset (IISC Bangalore)
Source: Corp Dataset

Dataset #1 Dataset #2

https://github.com/iiscleap/Coswara-Data
https://pmc.ncbi.nlm.nih.gov/articles/PMC10287715/
https://ieee-dataport.org/documents/corp-dataset
https://ieee-dataport.org/documents/corp-dataset
https://ieee-dataport.org/documents/corp-dataset


Disease (0=Asthma, 

1 = COPD,

2=Covid-19,

3=Healthy)

Cold, fever and

cough presence at

time of recording

0=male,

1=female,

2=other
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Total instances: 2.7kTotal instances: 2.7k
Total Features:6Total Features:6  
Total instances: 2.7k
Total Features:6 

Data Combination & AnalysisData Combination & AnalysisData Combination & Analysis



Data PreprocessingData PreprocessingData Preprocessing Preprocessing for cough audio

Preprocessing for vowel files 
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Data PreprocessingData PreprocessingData Preprocessing

FeatureFeature
ExtractionExtraction
Feature
Extraction

From Cough + ‘O” Vowel Audio FIlesFrom Cough + ‘O” Vowel Audio FIlesFrom Cough + ‘O” Vowel Audio FIles

Audio recordings areAudio recordings are
transformed into meaningfultransformed into meaningful
numerical features that capturenumerical features that capture
important temporal, spectral,important temporal, spectral,
and voice-based patterns inand voice-based patterns in
respiratory sounds.respiratory sounds.  

These extracted cough andThese extracted cough and
vowel biomarkers are used tovowel biomarkers are used to
train machine learning modelstrain machine learning models
for respiratory diseasefor respiratory disease
classification.classification.

Audio recordings are
transformed into meaningful
numerical features that capture
important temporal, spectral,
and voice-based patterns in
respiratory sounds. 

These extracted cough and
vowel biomarkers are used to
train machine learning models
for respiratory disease
classification.
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Data PreprocessingData PreprocessingData Preprocessing

Final CSVFinal CSVFinal CSV

Total instances: 11.3kTotal instances: 11.3kTotal instances: 11.3k
Total features: Patient ID + 120 (6 metadata, 66 cough, 47 vowel, 1 target)Total features: Patient ID + 120 (6 metadata, 66 cough, 47 vowel, 1 target)Total features: Patient ID + 120 (6 metadata, 66 cough, 47 vowel, 1 target) 15



Train Validate Test

Train-Validate-Test SplitTrain-Validate-Test SplitTrain-Validate-Test Split
Grouped & Stratified Data SplittingGrouped & Stratified Data SplittingGrouped & Stratified Data Splitting

Why grouped splitting?Why grouped splitting?

All recordings from the same patient were kept withinAll recordings from the same patient were kept within
a single dataset split to:a single dataset split to:

Prevent data leakagePrevent data leakage
Avoid the model learning patient-specific patternsAvoid the model learning patient-specific patterns

Why grouped splitting?

All recordings from the same patient were kept within
a single dataset split to:

Prevent data leakage
Avoid the model learning patient-specific patterns

Why stratified splitting?Why stratified splitting?
Disease proportions wereDisease proportions were
preserved to maintainpreserved to maintain
balanced classbalanced class
representation.representation.

Why stratified splitting?
Disease proportions were
preserved to maintain
balanced class
representation.

Disease classes: Healthy, Asthma, COPD, COVID-19Disease classes: Healthy, Asthma, COPD, COVID-19Disease classes: Healthy, Asthma, COPD, COVID-19
Patient overlap across splits: 0Patient overlap across splits: 0Patient overlap across splits: 0

TRAINTRAIN  
7070%%  

7993 instances7993 instances
1657 patients1657 patients

TRAIN 
70% 

7993 instances
1657 patients

VALIDATEVALIDATE  
15%15%  

1772 instances1772 instances
355 patients355 patients

VALIDATE 
15% 

1772 instances
355 patients

TESTTEST
15%15%  

1626 instances1626 instances
356 patients356 patients

TEST
15% 

1626 instances
356 patients

Data PreprocessingData PreprocessingData Preprocessing
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Healthy Asthma COPD COVID-19
0
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22.8

14.1 12.6

Train Dataset (7993 samples)
 ↓

 Random Over Sampling (ROS)
 ↓

 Minority Classes Expanded
 ↓

 More Balanced Training Set
 ↓

 Class Weight Computation

Class Target Samples

Healthy 8000

Asthma 4000

COPD 2500

COVID 2500

Data PreprocessingData PreprocessingData Preprocessing

Class ImbalanceClass Imbalance
HandlingHandling
Class Imbalance
Handling

To improve minority disease classificationTo improve minority disease classificationTo improve minority disease classification

Why balancing was needed:

The dataset showed unequal representation
across disease classes, with healthy samples
dominating the training data.

2.Additional Balancing
Class weights were computed from the resampled training set and supplied to ML models during
training.

1.Random Over Sampling (ROS)

Applied only on training data
Minority classes duplicated randomly
Validation and test sets left untouched

Pipeline

17
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METHODOLOGYMETHODOLOGY  METHODOLOGY 



ML MethodologyML MethodologyML Methodology

ApproachApproach  Approach 
#1Cough-onlyCough-only

ModelModel
Cough-only
Model

Input: 
Extracted cough features only

Features extracted: 
we have around 11.3k instance
with 74 features 

Confusion Matrix

Training vs. Validation Loss

Performance Metrics
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Random Forest achieved the best overall
performance among all tested ML models.
~65.3% accuracy
Training and validation loss curves show stable
learning with minimal overfitting.
Cough-only audio features were sufficient for
meaningful respiratory disease classification.
The model performed best on healthy and
COVID respiratory samples.
Feature extraction and preprocessing improved
model consistency and generalization.

Effective for general respiratory health-status
detection, but limited in capturing fine-grained

disease-specific respiratory variations.

Dataset size: 
~13 k instances (post ROS), 74 features 

Models tested: 
Random Forest, SVM, Logistic
Regression, XGBoost,HistGrad Boosting 



ML MethodologyML MethodologyML Methodology

ApproachApproach  Approach 
#2 Vowel-onlyVowel-only

ModelModel
Vowel-only
Model

Useful for health-status detection, 
limited for disease-specific classification

XGBoost achieved ~68.6% accuracy
using vowel-only features
Healthy class showed strongest
classification performance
Asthma, COPD, and COVID classes
showed significant overlap
Validation loss plateauing indicates
overfitting

Dataset size: 
~2.7k instances, ~3.8k after ROS
55 features

Models tested: 
Random Forest, SVM-RBF, Logistic
Regression, XGBoost

Input: 
Extracted vowel features only

Features extracted: 
47 vowel-based features

Confusion Matrix

Training vs. Validation Loss

Performance Metrics
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ML MethodologyML MethodologyML Methodology

ApproachApproach  Approach 
#3 Cough+VowelCough+Vowel

Model for 2Model for 2
classesclasses

Cough+Vowel
Model for 2
classes

Input: 
Extracted cough & vowel features

Features extracted: 
 121features
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Dataset size: 
~11.3k instance 

Models tested: 
Random Forest, SVM-RBF, Logistic
Regression, XGBoost, Gradient Boost,
HistGradBoost

 XGBoost achieved the best
overall performance with the least
FNR for healthy vs diseased.
~75.5% binary accuracy
AUC loss curves show stable
learning with minimal overfitting.
Cough + vowel features are
excellent for differentiating
between healthy and non-healthy
classes. 
Thus, we proceed with
cough+vowel features used with
XGBoost.



ML MethodologyML MethodologyML Methodology

ApproachApproach  Approach 
#4 Cough+VowelCough+Vowel

Model for all 4Model for all 4
classesclasses

Cough+Vowel
Model for all 4
classes

Input: 
Extracted cough & vowel features

Features extracted: 
 121features
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Dataset size: 
~11.3k instance 

Models tested: 
Random Forest, SVM-RBF, Logistic
Regression, XGBoost, Gradient Boost,
HistGradBoost

HistGradBoost is our 
~67.1% accuracy for
multi-disease, 77.1% for
binary
Cough + vowel features are
not enough for differentiating
between all four classes.



ML MethodologyML MethodologyML Methodology

ApproachApproach  Approach 
#5 CNN trainedCNN trained

on audio fileson audio files  
CNN trained
on audio files 

Dataset size: 
11.3k instances, 121 features

Models tested: 
Used a pre-trained CNN EfficientNet-B0
(light weight )

Input: 
Cough + vowel audio files

Features extracted: 
2.3 Million params from transfer learning 

23Performance Metrics
Confusion matrix

Loss function

 CNN performed with decent
accuracy and recall for
differentiating between diseased
classes
~68.3% accuracy
Loss curves show decent
decrease in loss.
CNN is overall the best at
differentiating between diseased
classes out of all the other models
we tested.



ML MethodologyML MethodologyML Methodology

FINALFINAL
APPROACHAPPROACH
FINAL
APPROACH

Input: 
extracted acoustic features from
cough and vowel 

Features extracted: 
121 features 

Confusion Matrix

Training vs. Validation Loss
24

CNN learned deep acoustic
patterns from cough + vowel
features
121 audio features used as model
input
Achieved ~69%  test  accuracy
Strong disease-specific
classification performance
Healthy vs non-healthy
differentiation remained challenging

Dataset size: 
~11.3k instance and 121 features 

Models tested: 
used cnn + xgboost 

Has the best accuracy, recall and
F1-score among all for multi-
disease classification.

This is our final model.

CNN + XGboost
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PERFORMANCEPERFORMANCE
METRICS ANDMETRICS AND
DEPLOYABILITYDEPLOYABILITY  
PERFORMANCE
METRICS AND
DEPLOYABILITY 



Performance Metrics of Final ModelPerformance Metrics of Final Model    Performance Metrics of Final Model  
Performance & DeployabilityPerformance & DeployabilityPerformance & Deployability
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Accuracy(69.13%) = prioritised because overall
prediction correctness 
Recall(69.13%) = (prioritised because minimises
false negatives (missed disease cases))
F1-score(68.87%)= (prioritised because balances
precision + recall for imbalanced data)



Refinement to 2-layer ML model 
Expansion to additional respiratory
diseases
Use of high-performance GPUs to train
deeper and more accurate CNN architectures
Multimodal data fusion using cough, vowel,
breathing sounds, and patient metadata
Model compression and optimization for
efficient real-time deployment
Explainable AI for interpretable clinical
decision support
Real-time mobile and edge-device
deployment
Noise-robust respiratory audio classification
in real-world environments

STRENGTHS:
Hybrid system combining XGBoost (features) +
CNN (audio learning) for better coverage
Two-stage pipeline enables fast screening
(healthy vs diseased) followed by detailed
disease classification
Lightweight inference suitable for low-resource
clinical settings

LIMITATIONS:
Limited dataset size and variability
CNN is currently lightweight (transfer learning
used) due to compute constraints, needs GPU

FUTURE SCOPEFUTURE SCOPE  FUTURE SCOPE DEPLOYABILITYDEPLOYABILITYDEPLOYABILITY

Performance & DeployabilityPerformance & DeployabilityPerformance & Deployability
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ThankThank  
You.You.
Thank 
You.
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	Source: Corp Dataset

