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Non-invasive acoustic classification
of adult asthma using an XGBoost
model with vocal biomarkers
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Yi-Qin Wang?, Yu-Jing Shi®, Hai-Xia Yan%2** & Jin Xu%2**

Traditional diagnostic methods for asthma, a widespread chronic respiratory illness, are often limited
by factors such as patient cooperation with spirometry. Non-invasive acoustic analysis using machine
learning offers a promising alternative for objective diagnosis by analyzing vocal characteristics. This
study aimed to develop and validate a robust classification model for adult asthma using acoustic
features from the vocalized /a:/ sound. In a case-control study, voice recordings of the /a:/ sound
were collected from a primary cohort of 214 adults and an independent external validation cohort

of 200 adults. This study extracted features using a modified extended Geneva Minimalistic Acoustic
Parameter Set and compared seven machine learning models. The top-performing model, Extreme
Gradient Boosting, was further assessed through ten-fold cross-validation, external validation,

and feature analysis using SHapley Additive exPlanations and Local Interpretable Model-Agnostic
Explanations. The Extreme Gradient Boosting classifier achieved the highest performance on the test
set, with an accuracy of 0.8514, an Area Under the Curve of 0.9130, a recall of 0.8804, a precision of
0.8387, an F1-score of 0.8567, a Kappa coefficient of 0.7018, and a Matthews Correlation Coefficient of
0.7071. On the external validation set, the model maintained strong performance with an accuracy of
0.8100, AUC of 0.8755, recall of 0.8300, precision of 0.7981, F1-score of 0.8137, Kappa of 0.6200, and
Matthews Correlation Coefficient of 0.6205. Interpretability analysis identified formant frequencies
as the most significant acoustic predictors. An Extreme Gradient Boosting model utilizing features
from the extended Geneva Minimalistic Acoustic Parameter Set is an accurate and viable non-invasive
method for classifying adult asthma, holding significant potential for developing accessible tools for
early diagnosis, remote monitoring, and improved asthma management.
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Abbreviations

Acc Accuracy

AdaBoost Adaptive boosting

Al Artificial intelligence

AUC Area under curve

BART Bayesian additive regression trees
CLSA Computerized lung sound analysis
CNN Convolutional neural network
ComParE Computational paralinguistics challenge
COPD Chronic obstructive pulmonary disease
CQCCs Constant-Q cepstral coefficients

DL Deep learning

DT Decision tree

eGeMAPS extended Geneva Minimalistic Acoustic Parameter Set
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ET Extra trees

GeMAPS Geneva minimalistic acoustic parameter set
GMM Gaussian mixture models

GWAS Genome-wide association studies

HNR Harmonics-to-noise ratio

ISCB INTERSPEECH 2013 computational paralinguistics challenge baseline
InterSp12 Interspeech 2012 speaker trait set

KNN K-nearest neighbors

KS Kolmogorov-Smirnov

LightGBM  Light gradient boosting machine

LLDs Low-level descriptors

MCC Matthews correlation coefficient

MFCC Mel-frequency cepstral coefficients

ML Machine learning

NB Naive Bayesian

PEF Peak expiratory flow

Prec. Precision

PSO Particle swarm optimization

RF Random forest

RFR Random forest regressor

RNN Recurrent neural network

ROC Receiver operating characteristic (implied by “ROC curves”)
SHAP SHapley Additive explanation

SpO, Peripheral capillary oxygen saturation

Std Standard deviation

SVM Support vector machine

TCA Total classification accuracy

TT Total computation time

XAI Explainable artificial intelligence

XGBoost Extreme gradient boosting

Asthma, a prevalent and heterogeneous respiratory disease, affects over 300 million individuals globally'.
Clinical observations indicate that symptom manifestation can occur at any age>’. However, studies suggest
that a majority of patients diagnosed with asthma exhibit airway abnormalities during childhood**, establishing
it as the most common chronic disease in children®. Although asthma’s prevalence is not specific to age or
race, evidence indicates a higher susceptibility among individuals from lower socioeconomic backgrounds®”.
As a chronic condition, asthma significantly impacts patients’ physical health and exerts a substantial influence
on societal, financial, and healthcare systems in numerous countries*®°. In view of the pervasive impact of
asthma and the effect of pathological changes on voice, researchers have initiated the exploration of non-invasive
diagnostic methods based on patients’ vocal characteristics. By analysing voice signals such as wheezing and
coughing, these methods can identify airway abnormalities, providing new ways to intervene at an early stage.

As a common condition caused by chronic inflammation of the lower respiratory tract, it is associated
with allergy and features chronic airway inflammation, airway hyperresponsiveness, variable reversible airway
limitation, and airway remodeling as the disease progresses'’. Clinically, asthma presents with recurrent episodes
of wheezing, coughing, chest tightness, and shortness of breath. These symptoms result from airway narrowing
due to persistent inflammation, which in turn exacerbates airway hyperresponsiveness'"'2. While the precise
pathogenesis of asthma remains incompletely understood, it is acknowledged that gene-environment interactions
are significant risk factors for its onset>!!, Environmental factors, including but not limited to air pollution,
microorganisms'>!%, dietary changes'®, obesity'® and others, can increase the risk of asthma attack. In recent
years, genome-wide association studies (GWAS) have identified the influence of several genes on the heritability
of asthma!1718, yet these studies have not fully elucidated the mechanisms of asthma development. It has been
hypothesized that the pathogenesis of asthma is attributable to the disruption of immune-inflammatory pathway
balance'>. Nonetheless, the potential inflammation may exist in the absence of symptoms, so inflammation is the
core of asthma diagnosis and management'!.

Lung function tests, such as spirometry and peak flow meters, are widely regarded as the gold standard
for asthma diagnosis. However, spirometry accuracy depends on patient cooperation and physician technical
proficiency, which can be challenging to achieve, particularly in children and the elderly who may exhibit poor
compliance. Furthermore, peak flow meters fails to measure flow rate in the minor airways which is affected
by asthma!®. Respiratory diseases result in pathological changes within the lungs, which can be detected by
acoustic diagnostic methods?. These changes include localized or generalized airway obstruction or narrowing,
abnormal airway opening, and secretions that produce distinct breathing sounds. The most prevalent clinical
abnormal sound is a decrease in intensity, with wheeze and coarse crackles being commonly encountered in
obstructive airway diseases??!, especially asthma, which frequency is usually below 400 Hz. However, many
pathologic breathing sounds can be confused with wheeze, and there is an overlap of symptoms between asthma
and chronic obstructive pulmonary disease (COPD)?>-24, so it is necessary to choose other more representative
sounds for the diagnosis and classification of asthma. It is possible to develop asthma detection technology that
does not require subjects to produce unnatural cough and wheeze by understanding the encoding forms of
asthma-related acoustic features in different verbal sounds.
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This study elected to utilize vocalized /a:/ sounds, the feasibility of which has been confirmed?, as the material
for analysis. The objective study of acoustic diagnosis is facilitated by research into lung sound acquisition
and Computerized Lung Sound Analysis (CLSA)**%". The specific application of objective acoustic diagnosis
in disease prediction, diagnosis and monitoring has been proven by numerous studies'>?. The subjective
nature of traditional lung auscultation has been demonstrated to result in diagnostic delays and differences.
Nevertheless, the capacity of CLSA to identify alterations in acoustic signals associated with airway inflammation
has led to the conclusion that it can reduce the risk of asthma exacerbations through the provision of early
warning and improve patient outcomes. CLSA quantifies voice characteristics by digitizing voices, achieving
objective analysis of digitally recorded voice data using signal processing technology. The integration of voice
diagnosis technology with machine learning (ML) and deep learning (DL) methodologies has the capability to
propel it towards a state of automation®*3!. The introduction of artificial intelligence (AI), ML, and DL*? has
significantly improved the accuracy and objectivity of asthma diagnosis by enabling deep pattern recognition
and automated analysis of sound signals®. This approach effectively addresses the subjective nature of traditional
auscultation, while also capturing faint sounds inaudible to the human ear. Furthermore, it optimises the poor
correlation between doctors” subjective assessments of asthma severity and lung function. Advancements in
technology have catalysed the evolution of auscultation, encompassing the transition from traditional methods
to digital stethoscopes, and culminating in the advent of CLSA, a technological advancement underpinned by
artificial intelligence and ML. These innovations have continuously enhanced the objectivity and automation
of diagnostic analysis, thereby providing a technological foundation for remote monitoring and early warning
systems'?, and reduce the demand for offline medical visits. Honorata Hatke-Dys et al. have confirmed that AI
trained on 1,043 cases of auscultation data significantly outperforms traditional auscultation in distinguishing
normal and abnormal breath sounds in asthma patients, and can achieve home asthma symptom monitoring™.
The capacity of CLSA to detect subclinical inflammation or occult asthma in asymptomatic patients remains to
be studied and validated.

ML and DL, subsets of Al, have demonstrated significant potential in the automatic detection and
classification of abnormal breathing sounds and/or the diagnosis of lung pathologies?. Traditional asthma
diagnostic methods rely on stethoscope auscultation and pulmonary function tests, which are subjective and
time-consuming. ML algorithms offer a more objective and data-driven diagnostic approach for this prevalent
disease. In recent years, ML has emerged as a powerful tool for assisting in asthma diagnosis, risk assessment,
and treatment. As a popular tool for diagnosing pulmonary diseases, several ML models—such as Support
Vector Machine (SVM), Decision Tree (DT), Random Forest (RF), Extra Trees (ET), and Extreme Gradient
Boosting (XGBoost)—have proven more effective than traditional examination methods in distinguishing
between normal and abnormal breathing sounds in asthma. While acoustic analysis is a promising alternative,
existing approaches often rely on inconsistent biomarkers like coughs or wheezes, which can overlap with other
respiratory conditions. Furthermore, previous studies utilizing more stable vocalizations have often employed
traditional machine learning models that may not fully harness the predictive power of the acoustic data. This
reveals a clear research gap: a need for a novel method that combines a stable, easily acquired vocal biomarker
with a state-of-the-art classifier to improve diagnostic accuracy for adult asthma. Therefore, this study aims to
address this gap by developing and validating an XGBoost model using features extracted from the sustained
vowel /a:/.

Objectives
The primary objectives of this study are as follows:

« To develop and validate an XGBoost-based classification model for the non-invasive diagnosis of adult asth-
ma.

« To utilize acoustic features extracted from the vocalized /a:/ sound as the primary input for the diagnostic
model.

« To employ the extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) for feature extraction and
assess its efficacy in distinguishing between asthmatic and healthy individuals.

« To compare the performance of the XGBoost model against six other machine learning algorithms to identify
the optimal classifier for this task.

o To validate the final model’s performance and generalizability using both ten-fold cross-validation and an
independent external validation cohort.

« To identify the most significant acoustic features for asthma classification using SHapley Additive exPlana-
tions (SHAP) and Local Interpretable Model- Agnostic Explanations (LIME) to better understand the acoustic
changes associated with the condition.

Contributions
The main contributions of this study are as follows:

o This study developed a novel, non-invasive classification framework for adult asthma by uniquely combining
acoustic analysis of a sustained vowel sound (/a:/), the standardized extended Geneva Minimalistic Acoustic
Parameter Set (eGeMAPS) for feature extraction, and an Extreme Gradient Boosting (XGBoost) model was
developed.

« The model’s performance and generalizability, not only through ten-fold cross-validation but also on an in-
dependent external cohort, where it maintained strong performance with an accuracy of 0.81 and an Area
Under the Curve (AUC) of 0.8755 were rigorously validated.
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« A quantitative analysis of the most significant acoustic biomarkers for adult asthma using SHAP and LIME
was provided. The results identified formant frequencies as top predictors, offering deeper insight into the
vocal changes associated with the condition.

A systematic comparison of seven machine learning algorithms, empirically demonstrating the superior per-
formance of the XGBoost classifier for this specific diagnostic task was conducted.

Paper structure

The remainder of this paper is organized as follows. The “Methods” section details the study participants, data
collection protocol, feature extraction process, and the machine learning models employed. The “Results” section
presents the comparative performance of the models, the validation results for the optimal XGBoost model, and
the feature interpretability analysis. The “Discussion” section examines the implications of findings, analyzes
the model’s interpretability, addresses the study’s limitations and threats to validity, and discusses directions for
future research. Finally, the “Conclusion” summarizes the key findings and contributions of this work.

Related works

ML and Explainable Artificial Intelligence (XAI) are being applied extensively in a range of medical
disciplines*~3. Objective classification studies employing ML based on the acoustic characteristics of different
nonverbal vocalizations (e.g., breathing sounds, coughs) currently play a significant role in diagnosing lung
diseases. In 2015, Ulukaya et al.*” used frequency analysis and time analysis for feature extraction to distinguish
monophonic and polyphonic wheezes, and classified features by SVM, KNN, and NB. The findings indicated
that the optimal outcomes were attained when the features calculated by the two analysis methods were
integrated using KNN, which achieved the highest accuracy of 0.7578. In 2021, Kim et al.* recorded 1,918 lung
sounds from 871 patients suffering from various respiratory diseases. In this study, the Mel-spectrograms were
utilized for the processing of lung sounds, with the convolutional neural network (CNN) being employed for the
purpose of classification. This study achieved an accuracy of 0.865 and an AUC of 0.93 in detecting abnormal
sounds, with an overall accuracy of 0.857 and a mean AUC of 0.92 in classifying abnormal lung sounds. In
2023, Emeryk et al.?® trained the random forest regressor (RFR) model to compare the parameter performances
of various lung sound data (wheezes, rhonchi, and coarse and fine crackles intensity; respiratory and heart
rate; and the parameter performances of inspiration-expiration ratio) obtained with artificial intelligence-
assisted stethoscope and peripheral capillary oxygen saturation (SpO,) and peak expiratory flow (PEF). The
results showed that wheezes achieved an AUC of 0.838 in children and rhonchi achieved 0.813 in older children
respectively, performing better than other parameter indicators. In 2024, AhmadianKalati et al.** developed a
predictive model using Bayesian additive regression trees (BART). The performance of this model was then
compared with that of adaptive boosting, logistic regression, DT, neural network, RE and SVM in predicting the
diagnosis of childhood asthma. BART demonstrated the optimal predictive performance. The accuracy rate was
0.88, the F1-score was 0.36, and the AUC was 0.75.

Beyond these common machine learning models, XGBoost, a popular tree-structured classifier, has
been employed in various medical and other contexts*-**particularly in diagnosing respiratory disorders in
conjunction with acoustic features. Purkovic et al.*> enhanced a two-layer framework combining CNN with
XGBoost and adaptive boosting (AdaBoost) models using particle swarm optimization (PSO) metaheuristics,
achieving a classification accuracy of 0.9814 for determining whether a patient has a respiratory disease.
Mouawad et al.%® employed cough and sustained vowel ‘ah’ as research data. The classification performance
of COVID-19 was evaluated using five classifiers: DT, SVM, KNN, RF and XGBoost. The results showed that
XGBoost had the best performance in classifying cough and sustained vowel ‘ah; with an accuracy of 0.97 and
0.99, respectively, and a mean F1-score of 0.91 and 0.89 after optimization. Bijoy et al.*’ employed a range of
ML algorithms, including RE ET, GraidentBoost and XGBoost, to classify the sounds of various respiratory
conditions (including COPD, Bronchiectasis, Pneumonia and asthma, etc.), and the results showed that
XGBoost obtained 0.9863 accuracy, 0.9863 recall, 0.9867 precision and 0.9862 F1-score (slightly inferior to ET,
with 0.9947 accuracy). In a similar vein, Varun et al.*® conducted a classification model training study on an
audio database of various respiratory disorders and demonstrated that SVM accuracy led the way with 0.9275,
followed by XGBoost’s 0.9103.

In contrast to the aforementioned studies on respiratory sound classification, some researchers have chosen
verbal vocalizations as their research material. Balamurali et al.>® studied cough and vocalised /a:/ sounds which
had not been covered in previous studies. In this study, MFCC and constant-Q cepstral coefficients (CQCCs)
were utilised to extract the features of cough and vocalised /a:/ sounds, and GMM-UBM model was employed
for classification. The model trained using cough demonstrated higher accuracy, sensitivity, and specificity
compared to the model trained using vocalised /a:/ sounds and the fused model with both cough and vocalised
/a:/ sounds, 0.973, 0.956, and 0.95, respectively, and the accuracy of the vocalised /a:/ model is 0.722. The author
hypothesises that this discrepancy can be attributed to the significantly smaller number of available /a:/ sounds
compared to cough sounds. As evidenced in*’nonverbal sounds (cough, wheeze) are more reliably indicative of
asthma than verbal sounds when classifying subjects with asthma and healthy subjects'°. In 2018, Yadav et al.*
utilised sustained phonetic sounds (/a:/, /i:/, /u:/, /e1/, /ov/) as the research object and an SVM as the classifier.
The results revealed that the classification accuracy of the sustained vowel /i:/ attained 0.8079, which was higher
than cough and lower than wheeze. In 2020, the same research team!® augmented the original set of phonetic
sounds, namely /s/ and /z/, utilising the MFCC as the baseline feature and considering the INTERSPEECH
2013 Computational Paralinguistics Challenge baseline (ISCB) acoustic features for the classification task.
The research results indicate that nonverbal stimulus are superior to all verbal stimulus, and /ou/ performed
best among all verbal stimulus and second best among all verbal and nonverbal stimulus. In addition, the total
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Study Disease Classifier (best) | Results Advantages Disadvantages
Ulukaya et al.” Asthma KNN Acc: 0.7578 The e\{aluatlon chuses on the classnﬁcatl_on performance of | The impact of ML models on classification
both time-domain and frequency-domain features performance has been weakened
Various Acc: 0.865 In the research, the transfer learning method was The few studies on the classification
Kim et al.? respiratory | CNN pagy employed, which is simple, fast and capable of using of mixed breathing sounds have the
. AUC: 0.93 . . .
diseases multiple features challenge of noise filtering
The researchers employed reference
Emeryk et al® Asthma RER AUC: 0.838 Compared w1tl'} SpO, and PEFj the 'advantages of non- staqdards that were established on the
invasive breathing sound classification are proved basis of doctors’ personal experience and
subjective decisions
. . Acc: 0.88 . . . . . It is evident from the results that even the
Ahm}a;dlanKalan Asthma BART AUC: 0.75 BART‘emphaSIZed‘key' predictors, including wheezing, most effective BART exhibited suboptimal
etal. coughing and medication, etc
F1-score: 0.36 performance
Acc (coughs): 0.99 | They presented a novel method of informative This model failed to consider its
Mouawad et al.*® | COVID-19 | XGBoost Fl-score (vowel): | undersampling using an information theoretic measure of | performance in relation to disease
0.91 information rate diagnosis
Various To tackle class imbalance, they implemented two
Bijoy et al.¥’ respiratory | ET Acc: 0.9947 methods: data augmentation and a hybrid oversampling-
diseases undersampling approach
Various - . While some classifiers have an advantage
Varun et al.*® respiratory | SVM Acc: 0.9275 Resegrch has demoqstrated t_he superiority of certain in classifying certain diseases, they may
- classifiers in classifying certain diseases . .
diseases misclassify others
The author believes that the reason for
Bazlsmurall et Asthma GMM-UBM Acc (coughs): the poor.peljformance of v'owel is that the
al. 0.953 sample size is almost ten times smaller
than that of cough
Acc (wheeze):
0.9025 Research has demonstrated that the classification
Yadav et al.¥ Asthma SVM Acc (/i:/): 0.8079 performance of vowels is less robust than that of wheezing,
Acc (coughs): yet superior to that of coughing
0.7872
Acc (exhale): 0.778 While adding voice sounds, the ISCB feature set was
Yadav et al.’® Asthma SVM P selected as the classification, which proved to be superior
Acc (/ou/): 0.754 to MECC

Vocal Input

Table 1. Comparison with papers on related methods that have been published.

x .e
Acoustic Feature Extraction Model Training Validation

81% Accuracy (External Validation)

Fig. 1. Schematic overview of the research methodology and key result.

classification accuracy (TCA) for vowels with ISCB features showed significant improvement, and /s/ performs
best among the fricatives.

As demonstrated in the relevant research (Table 1), ML has been widely applied in the diagnosis of asthma as a
technique for classifying respiratory sounds. However, the selected ML methods have not achieved encouraging
results. As an emerging ML tool, XGBoost has been applied to the classification and diagnosis of respiratory
diseases. However, its performance in identifying mixed diseases is often inferior to that of alternative models,
and to the best of the paper’s knowledge, no research has specifically employed XGBoost to identify asthma
patients. Historically, coughing, wheezing and other such conditions have frequently been employed as sound
biomarkers for the classification of disease. However, the research by Yadav et al.1®% has demonstrated that the
classification performance of vowel sounds has surpassed that of cough and is approaching that of wheezing. It
is evident that the ML model employed by the researchers was not fully capable of capitalizing on the advantages
of vowel sounds. Therefore, this study is motivated by the clear need to investigate the efficacy of combining a
state-of-the-art classifier (XGBoost) with a stable vocal biomarker (/a:/) to achieve a higher level of classification
performance for adult asthma.

Figure 1 depicts the methodological pipeline of this study. The workflow commences with the acquisition
of vocal inputs, followed by the extraction of relevant acoustic features. Subsequently, these features facilitate
a model training phase, which involves iterative evaluation and optimization. The final model demonstrated a
robust performance, achieving an accuracy of 81% on an external validation set. These findings offer significant
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insights for researchers in the fields of machine learning, voice-based diagnostics, and specifically, the diagnosis
of adult asthma.

Methods

The study protocol was approved by the Institutional Review Board of Shanghai University of Traditional
Chinese Medicine (Approval Number: 2023-3-10-08-08) and the study complied with the Declaration of
Helsinki. Clinical trial number: not applicable.

Study participants and datasets

The model development was based on a case-control study involving a primary cohort of 214 participants. This
cohort comprised 107 healthy controls and 107 patients diagnosed with asthma. Participants were recruited
between September 2019 and December 2021 from two institutions affiliated with the Shanghai University of
Traditional Chinese Medicine: the Shanghai Municipal Traditional Chinese Medicine Hospital and Yueyang
Integrated Traditional Chinese Medicine and Western Medicine Hospital.

To assess the model’s generalizability, external validation using an independent cohort was conducted. This
validation dataset was sourced from the Shanghai Qiangsheng Employees’ Hospital, with data collected from
January 2017 to December 2018. It consisted of 200 participants, evenly split between 100 healthy controls and
100 patients with asthma.

Inclusion criteria
The inclusion criteria were as follows:

® History of typical variable respiratory symptoms>’.

@ Confirmed variable expiratory airflow™.
® Participants in the healthy group were required to be free from any respiratory disease.
@ All participants were required to complete both the collection and the signing of the informed consent form.

® Participants must be over 18 years old.

Exclusion criteria
The exclusion criteria were as follows:

@ Participants with allergic rhinitis, bronchiectasis, and chronic obstructive pulmonary disease.

@ Participants with severe endocrine, blood, metabolic system diseases, severe gastrointestinal disease or kid-
ney diseases.

® Participants with malignant tumors.

@ Participants who refused to participate.

® Severe incomplete clinical data.

Voice data collection

This study utilized a Logitech H340 headset microphone. Voice information required for this research was
collected using the voice diagnosis module of the SmartTCM-1 Traditional Chinese Medicine Life Information
Analysis System, which was jointly developed by Shanghai University of Traditional Chinese Medicine and
Shanghai Asia-Pacific Computer Information System Co., Ltd. In an environment where the ambient noise was
ensured to be less than 45 dB, subjects were equipped with the headset microphone. The microphone boom
was adjusted so that the microphone was positioned approximately 2 cm directly in front of the subject’s lips.
The earphone volume was calibrated to ensure that subjects could clearly receive auditory prompt commands.
Subjects were instructed to naturally vocalize the vowel of /a:/ according to the prompt commands heard
through the earphones. Recordings were made at a sampling frequency of 16 kHz and saved as audio files in
WAV format with a 16-bit sampling depth.

Feature extraction and feature selection

This study employed the eGeMAPS for feature extraction. eGeMAPS is recognized as a standard baseline feature
set for a variety of acoustic analysis tasks. In contrast to larger, more comprehensive parameter sets, eGeMAPS
offers a compact set of voice parameters, representing an expansion of the foundational Geneva Minimalistic
Acoustic Parameter Set (GeMAPS).

The GeMAPS set comprises 62 acoustic features. These are generated by applying statistical functionals
to 18 Low-Level Descriptors (LLDs)—encompassing 6 frequency-related, 3 energy/amplitude-related, and 9
spectral (balance) parameters—and subsequently incorporating 6 temporal features. The eGeMAPS builds upon
GeMAPS by introducing 7 additional LLDs: 5 spectral (balance/shape/dynamics) parameters and 2 frequency-
related parameters, as detailed in Table 2. The application of statistical functionals to these 7 supplementary
LLDs yields 25 further acoustic parameters. These, in conjunction with the 62 features from GeMAPS and the
equivalent sound level, constitute the standard 88-feature eGeMAPS>!.

A key modification in the present study was the exclusion of the standard deviation functional during the
statistical calculations performed on all 25 LLDs (the 18 original to GeMAPS and the 7 additional ones for
eGeMAPS), to reduce dimensionality. Consequently, the feature set utilized in this research contains a reduced
number of features compared to the standard eGeMAPS configuration.

This research employed the openSMILE open-source toolkit*? for the analysis and processing of the acquired
audio, from which eGeMAPS parameters were extracted.
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Parameter

LLD

Frequency related parameters

Pitch, logarithmic FO on a semitone frequency scale, starting at 27.5 Hz (semitone 0)

Jitter, deviations in individual consecutive FO period lengths

Formant 1, 2, and 3 frequency, centre frequency of first, second, and third formant

Formant 1, bandwidth of first formant

Energy/amplitude related
parameters

Shimmer, difference of the peak amplitudes of consecutive FO periods

Loudness, estimate of perceived signal intensity from an auditory spectrum

Harmonics-to-noise ratio (HNR), relation of energy in harmonic components to energy in noise-like
components

Spectral (balance) parameters

Alpha Ratio, ratio of the summed energy from 50-1000 Hz and 1-5 kHz

Hammarberg Index, ratio of the strongest energy peak in the 0-2 kHz region to the strongest peak in the 2-5 kHz region

Spectral Slope 0-500 Hz and 5001500 Hz, linear regression slope of the logarithmic power spectrum within the two given bands

Formant 1, 2, and 3 relative energy, as well as the ratio of the energy of the spectral harmonic peak at the first, second, third formant’s centre
frequency to the energy of the spectral peak at F,

Harmonic difference H1-H2, ratio of energy of the first F, harmonic (H1) to the energy of the second F, harmonic (H2)

Harmonic difference H1-A3, ratio of energy of the first F, harmonic (H1) to the energy of the highest harmonic in the third formant range (A3)

Temporal features

The rate of loudness peaks, i.e., the number of loudness peaks per second

The mean length and the standard deviation of continuously voiced regions (F,>0)

The mean length and the standard deviation of unvoiced regions (F,= 0; approximating pauses)

The number of continuous voiced regions per second (pseudo syllable rate)

Spectral (balance/shape/dynamics)
parameters

MFCC 1-4 Mel-Frequency Cepstral Coefficients 1-4

Spectral flux difference of the spectra of two consecutive frames

Frequency related parameters

Formant 2-3 bandwidth added for completeness of Formant 1-3 parameters

Table 2. 25 LLD and 6 Temporal features of eGeMAPS>!.

Machine learning classification

Traditional classification algorithms often suffer from limited generalization ability and are not well-suited for
handling large-scale, high-dimensional datasets. The advent of big data has necessitated the development of
more sophisticated classification techniques. ML, which leverages statistical methods, database systems, and
computer algorithms, has emerged as a promising paradigm for addressing these challenges. Classification
problems, as a core component of ML, have been extensively studied>*~>°. ML classification applications span a
wide range of fields, from healthcare and finance to retail, e-commerce, image recognition, and natural language
processing, playing a significant role in each.

In this study, the dataset of 214 participants was randomly divided into train and test sets using a 70/30
split. The best-performing model underwent internal validation using ten-fold cross-validation and external
validation using an independent external dataset.

The versions used in this study: Python (3.8.19), scikit-learn (1.2.2), PyCaret (3.2.0), openSMILE (3.0.2),
SHAP (0.44.1), and LIME (0.2.0.1). The random_state = 123.

Performance evaluation metrics

The ML classification evaluation metrics used in this paper mainly include Accuracy, Area under curve (AUC),
Recall, Precision, F1-score, Kappa Coeflicient, and Matthews Correlation Coefficient (MCC). Superior model
performance is reflected by higher numerical values in all evaluation metrics.

Explainability method

SHAP is a game-theoretic approach to explain the output of any ML model. SHAP values measure how much
each feature contributes, both positively and negatively, to the model’s prediction for a given instance. In simpler
terms, SHAP helps us understand why a ML model makes a particular prediction.

LIME helps understand why a complex “black-box” ML model made a specific prediction for a single
instance. It does this by creating a simple, local, and interpretable model (like a linear model) that approximates
the black-box model’s behavior around that particular prediction.

As illustrated in Fig. 2, methodological pipeline commences with the acquisition of /a:/ vowel sounds to
establish two distinct cohorts: a primary cohort (n=214) designated for model development and an independent
cohort (n=200) reserved for external validation. Following feature extraction from both cohorts, the model
development phase was initiated. This phase involved training a suite of seven distinct ML models on the primary
cohort’s data, which was partitioned into a 70/30 train/test split, utilizing a rigorous 10-fold cross-validation
protocol. Subsequently, the developed models were subjected to a final evaluation against the independent
validation cohort for the selection of the optimal model. In the final step, this optimal model underwent a
post-hoc interpretability analysis using SHAP and LIME to elucidate its predictive mechanisms and ensure
transparency.
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Fig. 2. Methodological workflow of the study.

Characteristic Total (N=214) | Healthy control group (n=107) | Asthma group (n=107) | P-value
Age, years, mean * standard deviation | 28.0+3.4 28.1+3.2 27.8+3.6 0.545%
Sex, n (%) 0.100°
Male 98 (45.8) 43 (40.2) 55 (51.4)

Female 116 (54.2) 64 (59.8) 52 (48.6)

Education, n 0.131¢
High school or less 71 33 38

College 95 44 51

Graduate degree or higher 48 30 18

Table 3. Baseline characteristics of the study participants. Data are presented as mean +SD or n (%). *P-value
was calculated using the independent samples t-test. "P-value was calculated using the chi-square test. “P-value
was calculated using the Mann-Whitney U test.

Results
The study enrolled 214 participants, who were divided equally into the asthma group (n=107) and the healthy
control group (n=107). A detailed summary of the baseline characteristics is provided in Table 3.

Overall, the mean age of the cohort was 28.0+3.4 years. The comparison between groups showed no
significant difference in mean age (28.1+3.2 vs. 27.8+ 3.6, P=0.545). The study included 98 (45.8%) males and
116 (54.2%) females, and the sex distribution was not significantly different between the healthy control and
asthma groups (P=0.100). Similarly, there was no significant difference in the distribution of education levels
between the two groups (P=0.131).

Figure 3 illustrates the baseline characteristics of the healthy control (n=107) and asthma (n=107) groups.
(A) Bar chart of the mean age with standard deviation error bars. (B) Bar chart showing the gender distribution by
count. (C) Bar chart showing the distribution of education levels by count. There were no statistically significant
differences between the two groups in age (P=0.545), gender (P=0.100), or education level (P=0.131).

The seven ML algorithms previously mentioned were employed for the construction of diagnostic models.
Table 4 presents the performance metrics of these seven ML models using their default hyperparameters. Ten-
fold cross-validation, stratified to maintain class proportions across folds, was conducted on the training data.
The final evaluation focused on assessing the generalization capability of the models on test set. The XGBoost
classifier demonstrated superior performance, achieving the highest values for accuracy, recall, F1-score, and

Scientific Reports |

(2025) 15:28682 | https://doi.org/10.1038/s41598-025-14645-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

A: Age Distribution
35
30
@ 25
@
o
2
S 20
o
<
5 15
[}
=
10
5
0
Healthy Control Asthma
B: Gender Distribution
70 mm Male
64 BN Female
55
%) 52
c
3
S 43
5 40
o
)
& 30
Q
£
>3
< 20
10
o]
Healthy Control Asthma
C: Education Level Distribution
Il High school or less
Il College 51
50 MM Graduate degree or higher
44
2
S 40 38
o
O
2 - 0
a 30
s
o]
Qo
£ 20 8
>3
Z
10
o]

Healthy Control Asthma

Fig. 3. Demographic distribution of study participants.

Kappa Coefficient. Considering a comprehensive assessment that included total computation time (TT), the
XGBoost classifier was selected as the optimal ML model for subsequent investigation.

From Figs. 4,5, 6,7, 8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22 and 23, the ROC curves, confusion
matrix, threshold plot, and feature importance for all 7 ML models on test set are shown.

Table 5 details the results of a ten-fold cross-validation for an XGBoostClassifier, evaluating its performance
across various metrics. The XGBoostClassifier generally demonstrates strong and relatively consistent
performance across the ten folds, as indicated by the mean values of the evaluation metrics. The XGBoostClassifier
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Model

Accuracy AUC Recall Prec. F1 Kappa MCC TT (s)

Extreme gradient boosting 0.8514+0.0622 | 0.9130+0.0774 | 0.8804+0.0758 | 0.8387+0.0757 | 0.8567+0.0594 | 0.7018+0.1254 | 0.7071+0.1275 | 0.015

Extra trees classifier

0.8510£0.0936 | 0.9125+0.0604 | 0.8536+0.1605 | 0.8556+0.0881 | 0.8467+0.1146 | 0.7012+0.1878 | 0.7107+0.1843 | 0.028

CatBoost classifier

0.8505+0.1055 | 0.9286+0.0565 | 0.8500+0.1971 | 0.8498+0.1045 | 0.8378+0.1524 | 0.7009+0.2107 | 0.7130+0.2028 | 1.179

Random forest classifier

0.8443+0.0946 | 0.9157+0.0655 | 0.8268+0.1547 | 0.8645+0.0983 | 0.8374+0.1145 | 0.6882+0.1898 | 0.6982+0.1866 | 0.023

Light gradient boosting machine | 0.8371+0.1294 | 0.9010+0.0821 | 0.8268+0.1547 | 0.8481+0.1323 | 0.8345+0.1396 | 0.6730+0.2602 | 0.6762+0.2602 | 0.016

Decision tree classifier

0.8257£0.0675 | 0.8250+0.0662 | 0.8125+0.1036 | 0.8506+0.1066 | 0.8236+0.0663 | 0.6504+0.1336 | 0.6625+0.1385 | 0.004

Naive Bayes

0.7776£0.0773 | 0.8311£0.1033 | 0.7821+0.1143 | 0.7794+0.0816 | 0.7761+0.0817 | 0.5519+0.1557 | 0.5582+0.1552 | 0.004
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Table 4. The performance comparison of different ML models.
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Fig. 4. ROC curves and confusion matrix for XGBoostClassifier on test set.

appears to be a robust model for this diagnostic task, with high average performance in distinguishing classes
and overall accuracy.

The performance of the XGBoostClassifier was further evaluated on an independent external validation set,
as presented in Table 6. On this external dataset, the model achieved an accuracy of 0.81 and an AUC of 0.8757,
indicating strong discriminative capability on previously unseen data. The model demonstrated a recall of 0.83
and a precision of 0.7981, leading to a balanced F1-score of 0.8137. Furthermore, the Kappa coefficient was 0.62
and the MCC was 0.6205, suggesting a robust and reliable classification performance beyond chance agreement
when applied to this new dataset.

Figure 24 shows that the XGBoost model performs well on external validation task. It demonstrates strong
discriminative power (AUC=0.8755) and achieves good accuracy (81%) and recall (83%). Although a certain
number of false positives and false negatives exist, these metrics are acceptable in many application scenarios.

Figure 25 shows that the curve maintains a very high precision (close to 1.0) at lower recall rates, and even
when the recall rate reaches around 0.8, the precision can still be maintained above 0.75. This shows that the
model can identify most of the positive examples while ensuring high accuracy.

Figure 26 shows that the probability distributions of the two classes have very little overlap. This strongly
suggests that the model can effectively distinguish between positive and negative classes.

Figure 27 shows that when selecting the top 20% of the population with the highest predicted scores, the lift
value is close to 1.9, which means that the model’s selection efficiency is almost twice that of random selection.
Even when selecting the top 60% of the population, the lift value is still much greater than 1. Selecting the top
40% of the population by score captures approximately 80% of the positive cases, selecting the top 60% captures
about 90% of the positive cases. This is much more efficient than random selection (dashed line), indicating that
the model is very effective at ranking positive cases at the top of the scores.

Figure 28 shows the degree and direction of each feature’s impact on the model output. The features with the
most significant impact on the model’s predictions are: F2frequency_sma3nz_amean, Flfrequency_sma3nz_
amean, and F3frequency_sma3nz_amean.

F2frequency_sma3nz_amean: There is a clear inverse relationship. High values (red dots) consistently have
negative SHAP values, meaning they decrease the model’s output. Low values (blue dots) consistently have
positive SHAP values, increasing the model’s output.

Flfrequency_sma3nz_amean: There is a clear positive relationship. High values (red dots) have positive
SHAP values, increasing the model’s output. Low values (blue dots) have negative SHAP values, decreasing the
model’s output.

F3frequency_sma3nz_amean: Shows a similar, though perhaps slightly less distinct, positive relationship to
FI1: higher values tend to increase the output.
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Fig. 5. Threshold Plot for XGBoostClassifier on test set.
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Fig. 6. Feature importance of XGBoostClassifier on test set.
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Fig. 8. Threshold Plot for ExtraTreesClassifier on test set.

Figure 29 displays a LIME explanation for why a specific instance (Instance 0) was predicted as class 0 by the
model.

« X-axis: Represents the magnitude and direction of each feature’s contribution to the prediction. Positive val-
ues (green bars) indicate that the feature’s presence or condition meeting the criteria increases the likelihood
of predicting class 0. Negative values (red bars) indicate that the feature’s presence or condition meeting the
criteria decreases the likelihood of predicting class 0. The larger the absolute value, the stronger the influence.

« Y-axis: Lists the features and their conditions that contributed most significantly to the current prediction.
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Fig. 10. ROC curves and confusion matrix for CatBoostClassifier on test set.

« Green Bars: These feature conditions (e.g., “F2frequency_sma3nz_amean <= 1420.28”) are the main support-
ing evidence for the model’s prediction of class 0 for this instance. “F2frequency_sma3nz_amean <=1420.28”
has the largest positive contribution, followed by “F3frequency_sma3nz_amean < =2510.42” and “Flfrequen-
cy_sma3nz_amean<=>501.55"

o Red Bars: These feature conditions (e.g., “F2bandwidth_sma3nz_amean>1203.65”) are the main counter-ev-
idence or hindering factors for the model’s prediction of class 0. “F2bandwidth_sma3nz_amean >1203.65” is
the largest negative contributor, meaning its presence makes the model less likely to predict class 0.

For this particular instance, the model predicted it as class 0 primarily because its F2, F3, and F1 frequency
means were below certain thresholds. Although some factors (like F2 bandwidth mean being above a threshold)
somewhat opposed this prediction, the positive influence of the frequency features (shown by green bars)
significantly outweighed the negative impacts, leading to the final class 0 prediction.

Discussion

This study investigated the viability of ML techniques as an auxiliary tool for diagnosing asthma in adults.
These findings demonstrate that ML can provide accurate asthma diagnoses. Seven computational models were
developed, and as shown in Table 4, XGBoost exhibited the best classification performance, achieving an accuracy
of 0.8514, an AUC of 0.913, a recall of 0.8804, a precision of 0.8387, an F1-score of 0.8567, a Kappa of 0.7018,
and an MCC of 0.7071. The top 10 most important features are: F2frequency_sma3nz_amean, Flfrequency_
sma3nz_amean, F3bandwidth_sma3nz_amean, F3frequency_sma3nz_amean, alphaRatioV_sma3nz_amean,
mfcc4V_sma3nz_amean, logRelF0-H1-A3_sma3nz_amean, FOsemitoneFrom27.5Hz_sma3nz_percentile80.0,
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Fig. 12. Feature importance of CatBoostClassifier on test set.
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Fig. 14. Threshold plot for CatBoostClassifier on test set.

VoicedSegmentsPerSec, and slopeUV0-500_sma3nz_amean. On the external validation set (Table 6), XGBoost
maintained strong performance with an accuracy of 0.81 and an AUC of 0.8755.

Analysis of model interpretability results

To enhance the interpretability of XGBoost model, the global feature analysis from SHAP with a local explanation
for an individual prediction using LIME was supplemented. This dual approach allows us to both understand
general trends across the dataset and dissect the reasoning behind a specific outcome. For this analysis, “Instance
0,” which the model correctly predicted as “Class 0” (Healthy).
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Fig. 15. Feature importance of RandomFoerstClassifier on test set.
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Fig. 16. ROC curves and confusion matrix for Light GBMClassifier on test set.

At a high level, both methods agree on the central importance of formant frequencies in distinguishing
between healthy and asthmatic subjects.

o The SHAP summary plot clearly ranks F2frequency_sma3nz_amean, Flfrequency_sma3nz_amean, and
F3frequency_sma3nz_amean as the top three most impactful features globally.

o Similarly, the LIME explanation for Instance 0 shows these same three features providing the largest contri-
butions (both positive and negative) to this specific prediction.

This consistency confirms that the model’s predictions are stably driven by acoustically significant features.
For several features, the LIME explanation for Instance 0 serves as a perfect local example identified by SHAP.

 FlandF3 Frequencies: LIME shows that alow F1 frequency (<=501.55) and a low F3 frequency (<=2510.42)
are strong contributors to the “Healthy” prediction for this instance. This aligns perfectly with the SHAP plot,
where low values for F1 and F3 (blue dots) consistently have negative SHAP values, pushing the model’s out-
put towards the “Healthy” class.

The most insightful finding comes from an apparent contradiction in the analysis of the top feature, F2frequency_
sma3nz_amean.

o SHAP: The SHAP plot shows a clear and strong trend: low values of F2 frequency (blue dots) have positive
SHAP values, meaning they are powerful predictors of the “Asthma” class.

Scientific Reports |

(2025) 15:28682 | https://doi.org/10.1038/s41598-025-14645-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

1.0
0.8
06
o
04
precision
02 — recall
- fi
— X))

- queue rate

0.0
0.0 0.2 04 06 08 1.0
discrimination threshold
Fig. 17. Threshold plot for LightGBMClassifier on test set.
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Fig. 18. Feature importance of LightGBMClassifier on test set.
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Fig. 19. ROC curves and confusion matrix for DecisionTreeClassifier on test set.
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Fig. 20. Threshold plot for DecisionTreeClassifier on test set.

o LIME: However, for this specific “Healthy” instance, LIME identifies a low F2 frequency as the single most
powerful feature supporting the “Healthy” prediction (<=1420.28).

This apparent discrepancy is not a flaw in the model or the methods. Instead, it reveals a crucial aspect of the
model’s sophistication:

o Non-Linearity and Feature Interaction: This divergence strongly suggests that the relationship between F2
frequency and an asthma diagnosis is not simply linear. The effect of F2 is likely dependent on the values of
other features. For Instance 0, its specific combination of very low F1 and F3 frequencies may have created a
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Fig. 21. Feature importance of DecisionTreeClassifier on test set.
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Fig. 22. ROC curves and confusion matrix for NaiveBayes on test set.

context where a low F2 frequency contributes to a “Healthy” prediction, even though that is contrary to the
general rule. LIME, by creating a simple linear model in a tiny local neighborhood, captures this localized
behavior. SHAP, while also providing local explanations, presents a global summary that averages these effects
and reveals the more dominant, overarching trend.

In summary, combining SHAP and LIME provides a more complete and nuanced picture. While SHAP defines
robust, global rules the model has learned, LIME can probe specific instances to reveal local exceptions and
highlight the complex, non-linear interactions that allow the model to achieve high accuracy. This dual analysis
demonstrates that the model is not a simple “black box” but a complex system whose decisions, while intricate,
can be systematically explored and understood.

Comparative analysis and clinical context

A critical evaluation of this study’s performance involves comparing it to existing non-invasive asthma detection
techniques, including the clinical gold standard, spirometry, and other audio-based classifiers. While spirometry
is the standard, its efficacy is often compromised by its dependence on patient cooperation and technical
proficiency, and its limited sensitivity to issues in minor airways. Our method circumvents these issues by using
an effortless vocalization. When compared quantitatively to modern, Al-assisted spirometry-related methods,
our model demonstrates a distinct advantage. For instance, the study by Emeryk et al.?®. reported an AUC of
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Fig. 23. Threshold plot for NaiveBayes on test set.
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0 0.8667 0.9821 | 1.0000 | 0.7778 | 0.8750 | 0.7368 | 0.7638

0.9333 1.0000 | 1.0000 | 0.8750 | 0.9333 | 0.8673 | 0.8750
2 0.8667 0.8750 | 0.8571 | 0.8571 | 0.8571 | 0.7321 | 0.7321
3 0.8667 0.9286 | 0.8571 | 0.8571 | 0.8571 | 0.7321 | 0.7321
4 0.9333 1.0000 | 0.8750 | 1.0000 | 0.9333 | 0.8673 | 0.8750
5 0.8667 0.9107 | 0.8750 | 0.875 | 0.8750 | 0.7321 | 0.7321
6 0.8000 0.9286 | 0.8750 | 0.7778 | 0.8235 | 0.5946 | 0.6001
7 0.8667 0.9464 | 0.8750 | 0.875 | 0.8750 | 0.7321 | 0.7321
8 0.8000 0.8036 | 0.8750 | 0.7778 | 0.8235 | 0.5946 | 0.6001
9 0.7143 0.7551 | 0.7143 | 0.7143 | 0.7143 | 0.4286 | 0.4286
Mean | 0.8514 0.9130 | 0.8804 | 0.8387 | 0.8567 | 0.7018 | 0.7071
Std 0.0622 0.0774 | 0.0758 | 0.0757 | 0.0594 | 0.1254 | 0.1275

Table 5. Tenfold cross-validation result of XGBoostClassifier.

Extreme gradient boosting | 0.8100

0.8755 | 0.8300 | 0.7981

0.8137 | 0.6200 | 0.6205

Table 6. External validation set result of XGBoostClassifier.
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Fig. 26. Prediction score distribution (by True Class “Target”) for XGBoostClassifier on external validation set.
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Fig. 27. Lift chart and gain chart for XGBoostClassifier on external validation set.

0.715 for PEF analysis in adults, which is substantially lower than the 0.8755 AUC our model achieved on its
independent external validation cohort.

In the domain of audio-only classifiers, cough sounds are a common biomarker. However, our model’s
external validation accuracy of 0.81 surpasses the 0.7872 accuracy reported for cough-based classification by
Yadav et al.*’ Notably, some previous research, such as the work by Balamurali et al.**found that vowel-based
models performed worse than cough-based models. Our study’s superior results suggest that the key to success
is not just the choice of biomarker, but the powerful combination of a stable vocalization (the /a:/ vowel) with a
highly effective, empirically selected classifier (XGBoost) and a robust feature set (eGeMAPS).

In summary, the proposed framework is not only more practical and convenient than effort-dependent tests
like spirometry but also demonstrates a superior or highly competitive classification performance compared to
other audio-based non-invasive methods. This positions it as an advancement with strong potential for clinical
applications, especially in telemedicine and remote monitoring scenarios.

Scientific Reports |

(2025) 15:28682 | https://doi.org/10.1038/s41598-025-14645-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

High
F2frequency_sma3nz_amean ‘"I’R g . “‘
F1frequency_sma3nz_amean ' L o
F3frequency_sma3nz_amean oLe ’O e

MeanUnvoicedSegmentLength " -
F2bandwidth_sma3nz_amean - -" -
hammarberglndexV_sma3nz_amean ﬂ--ﬂ
slopeUV500-1500_sma3nz_amean o
F3bandwidth_sma3nz_amean &o-0c0
loudnessPeaksPerSec % = o
loudness_sma3_percentile80.0 &“ §
jitterLocal_sma3nz_amean ' ' %
slopeV0-500_sma3nz_amean f' -
spectralFluxV_sma3nz_amean } '
slopeV500-1500_sma3nz_amean *-'
spectralFluxUV_sma3nz_amean 0.
HNRdJBACF_sma3nz_amean
mfcc3V_sma3nz_amean
FOsemitoneFrom27.5Hz_sma3nz_meanRisingSlope
loudness_sma3_meanFallingSlope .
mfcc1_sma3_amean
-2 0 2 Low

SHAP value (impact on model output)

Fig. 28. SHAP value of features for XGBoostClassifier.

Threats to validity
The generalizability of findings to broader populations and settings may be constrained by several factors:

« Population specificity: This study population was comprised exclusively of adults recruited from specific
hospitals in Shanghai. Therefore, the model’s performance on pediatric patients, who represent a significant
portion of the asthma population, remains unevaluated. Furthermore, its applicability to populations with
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F2frequency_sma3nz_amean <= 1420.28
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Fig. 29. LIME explanation.

different genetic backgrounds, environmental exposures, or language accents outside of this specific demo-
graphic is unknown.

o Data acquisition hardware: The voice data was collected using a single model of headset microphone (Log-
itech H340) in a controlled, low-noise environment. The model’s robustness and performance may vary when
used with different recording equipment, such as built-in smartphone microphones, which are common in
telemedicine settings.

o Limited acoustic stimuli: This research focused solely on the sustained vowel /a:/. While this ensures con-
sistency, it is a potential threat to generalizability as the model was not trained or tested on other phonemes,
coughs, or wheezing sounds, which may also contain relevant pathological information.

Construct validity concerns whether the intended underlying concept is truly being measured—in this case, the
acoustic manifestation of asthma.

« Completeness of the Pathological Construct: While the model achieved high accuracy, using only the /a:/
sound may not capture the full multidimensional acoustic changes caused by asthma. Pathological changes in
the airways could manifest differently across a wider range of vocalizations. Future research incorporating a
more diverse set of sounds could build a more comprehensive and robust diagnostic construct.

This category relates to the statistical power and robustness of conclusions.

o Sample Size: Although this study included a primary cohort of 214 participants and an external validation
cohort of 200, larger datasets are essential in machine learning to further enhance model robustness, improve
generalization, and minimize the risk of overfitting. These findings, while strong, should be further validated
on larger and more diverse cohorts.

o Lack of Prospective Clinical Validation: A primary limitation of this study is the retrospective nature of its
validation. Although the model demonstrated strong performance on an external dataset, it has not under-
gone prospective clinical validation. This means its performance has not been tested in a real-time clinical
workflow, and its outputs have not been used by clinicians to aid in actual patient diagnosis. The true clinical
utility and impact of the model on diagnostic accuracy, efficiency, and patient outcomes can only be deter-
mined through prospective trials, which represents a crucial next step for this research.
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Speech is a good indicator of pathological conditions, especially respiratory diseases®®. The GeMAPS is based
on an automated extraction system that reliably extracts acoustic parameter sets from clean audio waveforms
without the need for manual interaction or correction. GeMAPS is a minimal set of speech parameters with 62
features. Research has demonstrated that GeMAPS or the eGeMAPS outperforms the two largest parameter sets,
the Computational Paralinguistics Challenge (ComParE) and the Interspeech 2012 speaker trait set (InterSp12),
in terms of arousal®'. GeMAPS is a widely utilised tool for the extraction and identification of emotion-
distinguishing parameters®’. But in respiratory diseases, there are also changes in acoustic characteristics caused
by emotional changes. Consequently, it is theoretically feasible for GeMAPS to be used to identify respiratory
diseases, a hypothesis that has been confirmed by studies. Jing Han et al.*® analyzed the voice records of patients
infected with COVID-19, employing two data sets from eGeMAPS and ComParE to extract features and used
SVMs as the classifier. The average accuracy of both datasets was 0.69 in estimating disease severity; however,
the advantage of eGeMAPS was that it consisted of only 88 features from 25 LLDs. Despotovic et al.* used
GeMAPS, eGeMAPS and ComParE feature sets to extract cough signals from COVID-19 patients, but the
author only employed the ComParE set for feature selection. The findings demonstrated that GeMAPS and
eGeMAPS exhibited inferior performance in comparison to the ComParE set across all six classification models.
Nevertheless, they also exhibited the capacity to discern intrinsic features from coughs.

Although XGBoost and eGeMAPS has gained popularity in studies classifying respiratory diseases, there are
very few studies that specifically use it to classify adult asthma based on acoustic features. This study specifically
focuses on asthma, in contrast to previous studies that used coughing and wheezing as sound stimulus for this
classification task. This paper obtained pathological or physiological audio materials exclusively through the
pronunciation of the monosyllabic vowel /a:/. Acoustic features were extracted from the acquired audio using
eGeMAPS, and the classification performance of various ML models was evaluated based on tenfold cross-
validation. XGBoost emerged as the top performer among all ML classifiers. In terms of data acquisition, this
paper only used single-syllable vowel as raw material, which is a type of verbal sound. The active collection of
vowel phonation data ensures the stability and reproducibility of audio acquisition. Furthermore, single-syllable
phonation exhibits high consistency, whilst coughs or respiratory sounds are susceptible to interference from
environmental noise, resulting in elevated data heterogeneity. Compared to having patients speak a long string
of words as audio data, obtaining single-syllable vowel is more convenient and can reduce patient discomfort to
some extent. Most importantly, it can mitigate pronunciation differences caused by dialects, thereby facilitating
the standardisation of the features obtained. Although the model’s performance did not exceed that reported for
XGBoost models in other respiratory disease contexts, this study utilized a wider range of evaluation metrics
(including accuracy, AUC, recall, precision, F1-score, Kappa, and MCC) to enhance the reliability of the results.
Compared to studies that also used vowel sounds as research data, this model exhibits considerably higher levels
of accuracy, precision, recall, and AUC. Traditional non-invasive asthma diagnostic tests encompass spirometry
and cough, among others. The AUC of the inspiration-to-expiration ratio and PEF obtained by Emeryk et al.
through training ML models was only 0.621 and 0.715 in adults, respectively”. Yadav et al.*’ trained an SVM
model to compare the classification efficacy of cough, wheezing, and several vowel pronunciations. The findings
indicated that the classification accuracy of coughs was 0.7872, which was lower than that of vowel sounds in
the aforementioned study. It is evident from the results that the classification performance of trained model is
significantly superior to that of traditional non-invasive asthma detection techniques.

Asthma is a respiratory disease that affects a considerable proportion of the global population, particularly
children. Consequently, clinicians are increasingly focusing on the convenience, rapidness and high accuracy
of asthma diagnosis and monitoring. Pulmonary auscultation remains a pivotal component of the physical
examination, surpassing the efficacy of alternative respiratory examination methods. No other clinical
procedure can provide clinical information with such expediency and accessibility?!. In recent years, there has
been increasing interest in using verbal occurrence and non-verbal vocalization as acoustic markers of asthma,
particularly in the context of the continuing improvement in passive measurement capabilities provided by
wearable digital devices. A number of studies have attempted to develop wearable devices that can detect the
acoustic characteristics of the lungs and apply them to diagnosis and treatment, making a significant contribution
to the medical industry®*-%2. The development of portable devices, exemplified by the integration of an electronic
stethoscope with a recorder, and the subsequent storage and analysis of data collected by both the stethoscope
and recorder with a smartphone application that employs ML classifiers and DL models, has rendered lung
auscultation a more expeditious process?!. In consideration of technologies such as ML and wireless transmission,
acoustic detection has the potential to facilitate the implementation of telemedicine for conditions such as
asthma®®supporting doctors to remotely assess patients’ conditions. This approach is particularly well-suited
to the provision of follow-up for chronic asthma and contactless diagnosis and treatment during a pandemic.
As research into COVID-19 intensifies, the GeMAPS and eGeMAPS technologies are gradually being valued in
the study of respiratory diseases. However, their application in the study of the identification and diagnosis of
asthma remains insufficient, more studies are needed to prove that they have more superiority compared with
other feature extractions. XGBoost, combined with noise reduction principles, has been proven to be helpful
in training DL models to select reliable features and use them for the diagnosis of respiratory diseases. In
comparison with ML, DL models (e.g. CNN and RNN) demonstrate superior performance in the processing
of high-dimensional, unstructured acoustic data. This enhanced capability enables the extraction of a greater
number of layers of features, thereby leading to an improvement in classification accuracy. In future studies, DL
models can be introduced to explore their diagnostic and classification performance for asthma.

The selection of an optimal machine learning classifier is highly dependent on the specific characteristics of
the dataset, a concept formalized by Wolpert's “no free lunch” theorem®*®*which posits that no single algorithm
is inherently superior for all problems. While several powerful gradient boosting algorithms such as LightGBM
and CatBoost have demonstrated state-of-the-art performance in various domains, the “no free lunch” theorem
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cautions against assuming their superiority for specific task of acoustic asthma classification without direct
empirical evidence.

Therefore, rather than pre-selecting a classifier based on its general popularity, an empirical, data-driven
approach was adopted. A comprehensive comparative analysis of seven different machine learning models,
including multiple advanced gradient boosting machines (XGBoost, LightGBM, CatBoost) was conducted.
Results, presented in Table 3, provide a clear justification for choice. On specific dataset, the XGBoost
classifier demonstrated a superior balance of performance across multiple key metrics, achieving the highest
accuracy (0.8514), F1-score (0.8567), and Kappa Coefficient (0.7018), while also maintaining a highly efficient
computation time. While LightGBM and CatBoost are highly optimized for speed, XGBoost’s built-in L1 and
L2 regularization, which helps control over-fitting, may have provided a performance advantage on high-
dimensional acoustic feature set. The findings underscore the importance of empirical validation for model
selection in novel application domains.

Conclusion

This study successfully developed and validated an XGBoost model for the non-invasive classification of adult
asthma using acoustic features from the sustained vowel /a:/. The model demonstrated robust performance and
generalizability, achieving an accuracy of 0.81 and an AUC of 0.8755 on an independent external validation
cohort. The results confirm that this machine learning approach to vocal biomarker analysis is an accurate and
viable method, holding significant potential for the development of accessible tools for early diagnosis and
remote asthma management.

Future works

To accomplish this long-term objective, several potential challenges must be addressed: (1) As demonstrated in
the study by Balamurali et al.>the smaller sample size of the /a:/ sound model compared to the cough sound
model resulted in inferior outcomes. In subsequent research phases, collecting more audio data from asthma
patients will be necessary to enrich the database and refine the model. (2) This study focused exclusively on
the monosyllabic vowel /a:/ and did not include other vowels (e.g., /i:/, /ou/), thereby constraining the model’s
capacity to capture multidimensional pathological features. Future research should combine a wider range of
acoustic parameters and multiple types of sound data (e.g., introducing more vowel sounds, as /ou/ has shown
strong performance among verbal stimuli'® to improve classification specificity. (3) This study only included
adult asthma patients and excluded children, limiting the model’s applicability. Future studies should verify the
model’s robustness by including a broader range of subjects.

Data availability
The datasets generated and/or analyzed during the current study are not publicly available due to ethical concern
but are available from the corresponding author on reasonable request.
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