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%, Problem Statement

The Problem.

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

Asthma covip-18 o
2060M+ M+

lives affected total deaths

Demonstrated how rapidly
respiratory diseases can
overwhelm healthcare systems.

Causing significant respiratory
distress and widespread
hospitalizations globally.

Symptoms of cough, wheezing, and breathlessness overlap across various diseases, making accurate diagnosis difficult.

Early and accurate differentiation between respiratory conditions is essential for timely treatment and disease management.

https://www.who.int/news-room/fact-sheets/detail/chronic-
https://globalasthmareport.org/burden/deaths.php obstructive-pulmonary-disease-(copd) https://data.who.int/dashboards/covid19/deaths



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

%, Problem Statement

Why is this important”

Delhi Records Over 9,000 Deaths Chronic res P irato ry

Due To Respiratory Diseases In diseases: more than 80

Czirgfordyldiseases were found to the top most cause of death in m i I I i o n a ffe Cted a n d

ettt e, many more

undiagnosed, warns new
Source: Delhi Government WHO and European
Respiratory Society
3m 6% 300m 250k report

12 June 2025 | Media release |Reading time: 3 min (855 words)

Source: WHO



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 Statement.

Classification of Respiratory Diseases

Through Audio-Based Physiological
Signal Analysis.
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https://www.nature.com/articles/s41598-023-45104-4

Asthma, COPD, COVID-19

Symptom /
Characteristic

Asthma

COPD

COVID-19

Chronic productive

D : : :
Cough type ry or intermittent o Dry, persistent cough
Onset pattern Sudden attacks Slowly progressive Acute infection
Fever Rare Rare Very common
Fati '
atigue / systemic Usually absent Mild Common
symptoms
Often younger Usually older
Age grou All age groups
ge group individuals adults/smokers 9© grofk
Wheezing Very common Common Rare
Upper respiratory Rare Rare Common (sore throat,

symptoms

loss of smell)




#4Gaps in Current Solutions

Existing solutions

Approach & Performance

Swaasa Al platform

e 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

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

DATASET
COLLECTION
AND FEATURE
PREPROCESSING



7%, Data Collection

Dataset #1 Dataset #2
The Corp Dataset

pde () Issues 2 {1 Pull requests 3 (® Actions [ Projects ) Security [/ Insights

¥ ter ~ F 1Branch © 1Tag Q Go to file <> Code ~ i
master S e Weihao Wang
@ debarpanbhattal23 Update README md 4942¢97 -3 years ago {1 147 Commits Weihao Waﬂg

B 20200413

Mon, 05/17/2021 -11:34

B 20200415
B 20200416

10.21227/91cd-9n64

B 20200417

THE CORP DATASET

2,746 datapoints (65 hours)
Metadata: 36 features
Classes: COVID-19 (681), Healthy (2065)

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

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 metadata file for each datapoint

Source: Corp Dataset

Source: Coswara Dataset (IISC Bangalore)



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

7, Data Combination & Analysis

W 00~ O U A W N

_ A

[s age
91fd57845
5414ff66ff.
5093190b°
746030071
80a6dd43’
c914ff276I
eda2c4bsi
1e0047a8!

O=male,
1=female,
2=other

o
24
34
40
.
42
42
438

Total instances: 2.7k
Total Features:6
& D F G
gender cough fever cold smoker disease
1 0 0 0 0
1 1 1 1 0
1 0 0 1 0
0 0 0 0 0
0 1 0 0 0
0 0 1 0 0
1 0 0 0 0
1 0 0 0 0
Cold, fever and ﬁsease (O=Asthmem
cough presence at 1= COPD,
time of recording 2=Covid-19,

\ 3=Healthy) /

il il =l il il il

12



Preprocessing for vowel files

- L

NOISE REDUCTION =

Background
noise
suppression

i

BANDPASS
FILTERING
Keeps useful
respiratory
frequencies

2 P

_) SPECTRAL 9 AMPLITUDE 9 FIXED LENGTH
SUBTRACTION NORMALIZATION PROCESSING

Enhances Standardizes Pads/trims
respiratory signal loudness audio
quality levels duration

Preprocessing for cough audio

STEP 1

VAD
SEGMENTATION

Voice Activity
Detection

STEP 2

BASIC
PREPROCESSING

Audio Cleaning &
Standardization

Name: count

.|ﬂ[}-}|.

DETECT ACTIVITY 9

Identifies
respiratory
sound regions

Rows

Columns :

..4\!1!.\_- ; = csv
H N ——

REMOVE SILENCE 9 SEGMENT AUDIO 9 GENERATE OUTPUT

Removes Splits recordings Creates
inactive audio into meaningful segmented WAV
portions segments + metadata CSV

1 10940

73

istribution (disease_y):

healthy
asthma

2200

m -u.ﬂ.u_ _1:;:; ﬂ ) .

1

NOISE REDUCTION 9 BANDPASS 9 SPECTRAL _) AMPLITUDE 9 FIXED LENGTH

FILTERING SUBTRACTION NORMALIZATION PROCESSING
Background Keeps useful Enhances Standardizes Pads/trims
noise respiratory respiratory signal loudness audio

suppression frequencies quality levels duration

13



%, Data Preprocessing

AUDIO INPUTS

Respiratory audio recordings

Feature
Extraction |

Audio recordings are [ ]
transformed into meaningful

i

numerical features that capture COUGH FEATURES VOWEL FEATURES
Im poO rtant tem pora |. s pe ctral Captures forced respiratory Captures sustained voice and
’ ’ sound patterns. phonation patterns.

and voice-based patterns in
respiratory sounds. | |

[ 1 f ]

These extracted cough and

vowel biomarkers are used to TIME DOMAIN FREQUENCY DOMAIN TIME / VOICE FREQUENCY / SPECTRAL
train machine learnin g mo dels FEATURES FEATURES FEATURES FEATURES
for respiratory disease
C | ass | f | cat | on. » Zero Crossing Rate + MFCC mean / std + Duration + MFCC mean / std
(ZCR) mean / std  MFCC delta mean / std « RMS mean / std « F1,F2, F3 mean/ std
+ RMS mean / std » Spectral Centroid « ZCR mean/ std + Spectral Centroid mean
« Skewness mean / std + FO mean/ std/ min/ » Spectral Flatness mean
From Cough + ‘O” Vowel Audlio Flles + Kurtosis o oal paedt Loqloic
mean / std . Jitter
» Spectral Rolloff JEpE
mean / std

* HNR
» Spectral Flatness

mean / std

14




7/

Final CSV

cont__age cat__gend bin__smolbin__coug bin__fever bin__cold, cont__mfc cont__mfc cont__mfc cont__mfc cont__mfc cont__mfc cont__mfc cont__mfc cont__mfc cont__mfc cont__mfc cont__mfc cont__mfc cont

id

00ad476fk
00ad476fhk
00ad476fk
00ad476fk
00ad476fkb
00ad476fk
00ad476fk
00ad476fk
00ad476fk
00ad476fk
00ad476fkb
00ad476fk
00xKcQMr
00xKcQMr
00xKcQMr
00xKcQMr
00xKcQMr
00xKcQMr
01e409528

0.974542
0.974542
0.974542
0.974542
0.974542
0.974542
0.974542
0.974542
0.974342
0.974542
0.974542
0.974542
-0.86731
-0.86731
-0.86731
-0.86731
-0.86731
-0.86731
-1.06465

1 0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

[ SR e R e R e Y e Y e Y
e R e Y e Y e Y e Y e Y

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

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1

0.626649
0.04519
-1.67785
0.421969
-0.68438
-0.08974
0.256655
-1.71094
-0.22046
0.434868
0.890933
-1.05143
0.544569
0.726036
1.183825
0.4313
1.126472
0.292964

F

0.0235741

-0.82187
-1.03483
-1.11831
-1.02733
-1.16401
-0.79218
-0.95113
-1.05384
-1.14304
-0.76828
-0.66073
-1.12567
0.780967

0.38775
0.112327
-0.20613
0.377119
0.503344
-1.16254

-1.03687
-0.845983

177779

-0.48231
-0.90559
-0.12023
-0.86652
0.058598
-0.05931
-0.16858
-0.78109
-1.17847
-1.10018
-0.58024
-0.864397
-1.47567
-0.98957
-0.96604
-0.64087

-0.08263
-0.24239
2071662
-0.29478
-0.96895
0.315708
-0.42462
0.651573
0.125244
-0.15805
-0.35055
0.001416
0.645666
-0.038035
0.639152
0.017457
0.650173
-0.28451
1.053161

-0.24516
-0.69607
0.912839
-0.65408
-0.20507

-0.1232
-0.68201
-0.48929
-0.25597
-0.30738
-0.17096
-0.98215

0.04252
-0.04508

0.01864
-0.68321
-0.10386
-0.16272
-1.02624

0.509427
0.625826
-0.46815
0.472153
1.261799
0.684445
0.581362
1.335146
0.731105
1.471145
0.529749
0.485207
1.09867
0.325061
0.742356
0.4328
0.421845
0.689309
1.152166

-1.71256
-3.17701
-3.33439
-2.91289
-2.93804
-3.06461
-3.38361
-2.45877
-2.456854
-3.07683
-2.61251
-1.30833
0.618339
0.159706

0.72163
0.572571
0.488773
0.348821
-0.28384

1.359802
1.314504
1.396159
1.352185
0.770184
1.032158
1.039208
1.402267

0.85712
0.865153
0.636414
1.672816

-0.2149
-0.28143
-0.358812
-0.56067
-0.15203
-0.63723
-2.06161

1.205856
1.851855
0.629826
1.883519

1.606327
1.859728
3.137089
2.287704
1.322094

0.97335
1.952918
1.174762
0.227721
0.634346
0.396528
0.460907
-0.49338
0.783494

-0.55088
-0.65849
-1.88993
-0.25766k
-1.44445
-0.65728
-0.21267
-0.89129

0.17725
-0.29276
-0.91772
-1.19541
0.390527

-0.2546

0.36016
-0.06537
0.426513
-0.20232

-0.2303

-0.27268
-0.08397
1.197774
-0.21382
-1.003562
-0.40115
-0.06141

-1.6522
0.268117
-0.14933
-0.32748
-0.63331
0.262718
-0.803251
-0.33669
-0.29723
-0.21614

-0.6572

-0.2425

-1.00473
-0.44797
-0.82858

-0.6939
1.653223
-0.55382
-0.52011
-2.14454
-0.95429
-0.92309
-1.63401

-0.3112

0.00922
-0.64447
0.753016
0.089531
0.136293
-0.95533
-0.13655

1.175566
1.6756208
0.545545
1.264993
1.921335
1.059406
1.260161
0.271704
0.485839
0.556286
0.969137
1.258735
0.416867
0.624589
0.221768
-0.1137
0.354538
-0.192
0.793601

0.3
-1.08
-0.2
0.5
0.14(
-0.2:
0.
0.97:
0.5
-0.1
-1.5
1.043
0.96(
0.70:
0.22:
0.20:2
0.66
0.973
0.60(




%, Data Preprocessing

Train-Validate-Test Spilit

Grouped & Stratified Data Splitting

Why grouped splitting?

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

e Prevent data leakage
» Avoid the model learning patient-specific patterns

Why stratified splitting?

Disease proportions were
reserved to maintain
alanced class

representation.




%, Data Preprocessing

1.Random Over Sampling (ROS)

Why balancing was needed:

e Applied only on training data P |
e Minority classes duplicated randomly —Ipe Ine
e Validation and test sets left untouched

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

60

Train Dataset (7993 samples)
Target Samples l
Random Over Sampling (ROS)
!
4000 Minority Classes Expanded
!
More Balanced Training Set
l
Class Weight Computation

8000

50.5
50
40
30
22.8
20
14.1 126

: . .

0

Healthy Asthma COPD COVID-19

To improve minority disease classification
C I 9SS I m b al ance 2.Additional Balancing
Class weights were computed from the resampled training set and supplied to ML models during

Hand“ng training. 17




METHODOLOGY




Training_vs. Validation Loss

" Random Forest Training vs Validation Loss ® Random Forest aCh|eved ‘the beS‘t Overa”
= performance among all tested ML models.
12 A i_“ Best round = 155 ° ~65.3% accuracy
= e Training and validation loss curves show stable
- . learning with minimal overfitting.
. 5 e Cough-only audio features were sufficient for
"’ ; meaningful respiratory disease classification.
= § e The model performed best on healthy and
| ; COVID respiratory samples.
L oo e Feature extraction and preprocessing improved
"= . i i , . S — . model consistency and generalization.
0 25 50 75 Numbel:)[:’f n— 125 150 175 200
Performance Matrix — Test Set (x = Best Model)
Tast (Acc = 0.6531) o Logistic Regression 0.6390 0.6354 0.6349 0.6390 o
- RandomForest - 0.6531 0.6492 0.6489 0.6531 0.9
) - - . - :: Gradient Boosting - 0.6451 0.6464 0.6486 0.6451 08
E ﬁ o a o 0.4 '-E HistGrad Boosting - 0.6427 0.6387 0.6377 0.6427 L 0.7
E 2 £
avid- a03 ' SVM - 0.6384 0.6357 0.6351 0.6384 L o6
Dataset Slze: -0l XGB . 0.6402 0.6387 0.6380 0.6402
~13 k instances (post ROS), 74 features T T e T
‘“«\a (996
v Prodicted * Performance Metrics
Models tested: Confusion Matrix Effective for general respiratory health-status
J b)

disease-specific respiratory variations.

Regression, XGBoost,HistGrad Boosting



o XGBoost achieved ~68.6% accuracy
using vowel-only features

XGBoost Test Accuracy: ©0.6861313868613139

precision recall f1l-score
e Healthy class showed strongest
classification performance asthma 0.44 .23 .30
d 0.47 .36 .41
« Asthma, COPD, and COVID classes =P X
o covid 0.67 .32 .43
showed significant overlap healthy 0.7 93 81
e Validation loss plateauing indicates Performance Metrics
overfitting

XGBoost Training vs Validation Loss

— Training Loss
1.0 1 — Validation Loss
0.9 1

0.6 1

asthma copd covid

asthma 12

copd

Multiclass Log Loss
[=]
e |

covid
0.5 1

Dataset size:
~2.7K instances, ~3.8k after ROS Confusion Matrix

healthy

0.4 4

T T T T T T T T T
0 25 50 75 100 125 150 175 200
Boosting Round

55 features

Training_vs. Validation Loss

Models tested: _
Random Forest, SVM-RBF, Logistic Useful for health-status detection, 20

Regression, XGBoost limited for disease-specific classification




AUC-ROC

0.20 1

0.88

0.86

0.84 1

0.82 1

0.80 1

XGBoost: Validation AUC Over Training Rounds

—

—— Val AUC

T T T T T T T
0 250 500 750 1000 1250 1500

Boosting Round

T T
1750 2000

Dataset size:
~11.3k Instance

True Label

Models tested:

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

Healthy (0)

Diseased (1)

XGBoost — Validation Confusion Matrix

|
Healthy (0)

XGBoost achieved the best
overall performance with the least

FNR for healthy vs diseased.

e ~75.5% binary accuracy
e 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.

700 FINAL
600 UE].
val
00 val
Val
400 Val
- 300 Test
Test
-200 Test
Test
Test
Diseased (1)

AUC-ROC

F1 Macro :
Recall M :

FM Rate

AcCcuracy :

AUC-ROC

F1 Macro :
Recall M :

FM Rate

AcCcuracy :

Predicted Label



Test — Binary Confusion Matrix

(Counts)
600 e HistGradBoost is our
e ~67.1% accuracy for
nealthy o multi-disease, 77.1% for
binary
o e Cough + vowel features are
not enough for differentiating
between all four classes.
diseased - . 200
heaithy diseased ) 200

Predicted label

Test — 4-Class Confusion Matrix
(Counts) Classification Report:
healthy 1 166 44 17 119 000 . .
precision recall +1-score
500
healthy 9.5076 8.4798 9.4933
Dataset size: M| ' = * ) 400 asthma ©.6311  9.6286  ©0.6299
. % copd 9.5933 8.6359 9.6139
~11.3k instance E 00 covid @.7766  ©.7821  ©.7794
copd 4 2 3 124 66
200 accuracy B.6/71
Models tested: i macro avg 9.6272 0.6291
: covid { 76 43 64 100
Random FOI’eS’[, SVM'RBF, LogiStiC | . : Overall Accuracy : @.6771
. . healthy asthma copd covid
Regression, XGBoost, Gradient Boost, Predicted label

HistGradBoost




Loss

1.2 1

CNN performed with decent

accuracy and recall for

differentiating between diseased

classes

e ~68.3% accuracy

e | OSs curves show decent
decrease in loss.

e CNN is overall the best at

differentiating between diseased

classes out of all the other models

we tested.

1.0 A

—— Train
— \fal
=== Phase 2

Accuracy

0.6 1

[I] é lID :LI | . 2I5
poch LOSS furiction

EfficientNet-BO — Test

200

76

Asthma
&

175

150

Copd

84 21

100 Accuracy

Dataset size:
11.3k instances, 121 features

Precision (macro)

=73

Recall (macro)
15 : F1 Score (macro)

-25

Covid

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

Asthma Copd Covid

Predicted Performance Metrics 23
Confusion matrix




Ensemble Confusion Matrix

e CNN learned deep acoustic
patterns from cough + vowel
features

e 121 audio features used as model
input

e Achieved ~69% test accuracy

e Strong disease-specific
classification performance sy dsthme COPD OV

* Healthy vs non-healthy Confusion Matrix
differentiation remained challenging

166 a3 10 127 600

Healthy
1

500

7 154 2 14
400

Asthma
]

True

4 3 129 59

COPD
I

- 200

78 ) 55 - 100

CovID
(]

Loss

—— Train

1.2 1 — Val

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

0.8 -

Dataset size:
~11.3k instance and 121 features 06 1

This is our final model.

0.4 -

Models tested:

used cnn + xgboost N
Training_vs. Validation Loss

24




PERFORMANCE
METRICS AND
DEPLOYABILITY



# Performance & Deployability

Performance Metrics of Final Model

e Accuracy(69.13%) = prioritised because overall
prediction correctness

e Recall(69.13%) = (prioritised because minimises
false negatives (missed disease cases))

e F1-score(68.87%)= (prioritised because balances
precision + recall for imbalanced data)

26



# Performance & Deployability

FUTURE SCOPE DEPLOYABILITY
e Refinement to 2-layer ML model STRENGTHS:
e Expansion to additional respiratory '

diseases . CH)KIbI\rIid system combining XGBoost (features) +

e Use of high-performance GPUs to train (taUdiO learning) for better coverage
deeper and more accurate CNN architectures JCE WVeRS elo [ ol ol g lR=1at=1 ol IR =1 RXel (=Y1el 1

e Multimodal data fusion using cough, vowel, (healthy vs diseased) followed by detaile
breathing sounds, and patient metadata disease classification

e Model compression and optimization for e Lightweight inference suitable for low-resource
efficient real-time deployment clinical settings

e Explainable Al for interpretable clinical
decision support

e Real-time mobile and edge-device
deployment

LIMITATIONS:

e Limited dataset size and variability

. . . S e CNN is currently lightweight (transfer learnin
e Noise-robust respiratory audio classification -
D el world e AT used) due to compute constraints, needs G
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	Source: Corp Dataset

