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Purpose: Acute asthma exacerbations are a common cause of emergency department visits and require rapid risk stratification to
guide disposition decisions. Although spirometry is the primary objective method used to assess clinical severity, it may not reliably
predict clinical outcomes. In this context, machine learning—based approaches have gained increasing attention for improving
prognostic assessment in emergency settings. To evaluate the prognostic relevance of spirometric parameters, tracheal respiratory
sound—derived acoustic features, and machine learning-based classification models for short-term outcomes in adults presenting to the
emergency department with acute asthma exacerbations.

Patients and Methods: In this prospective cohort study, adults with acute asthma exacerbations underwent spirometry and tracheal
respiratory sound recording before and after emergency department treatment. Short-term prognosis was defined as hospitalization
during the index visit or emergency department re-presentation within seven days. Changes in spirometric and acoustic features were
analyzed, and machine learning models incorporating demographic, spirometric, acoustic, and combined feature sets were developed
and compared.

Results: Baseline airflow limitation at presentation was the strongest determinant of short-term prognosis. Patients with poor
outcomes had significantly lower pre-treatment and post-treatment FEV; and PEF values. Acoustic feature changes showed minimal
correlation with AFEV, and APEF; however, selected frequency-domain features differed between prognosis groups, indicating
complementary physiological information. Machine learning models incorporating spirometric variables achieved the highest perfor-
mance, with accuracy up to 84.4% and balanced classification metrics. Sound-based models demonstrated moderate but clinically
meaningful performance (accuracy approximately 67—77%), while multimodal models did not outperform spirometry-only models.
Conclusion: In acute asthma exacerbations, baseline spirometric impairment remains the most reliable predictor of short-term
outcomes. Tracheal respiratory sound analysis combined with machine learning may provide complementary prognostic information,
particularly when spirometry is unavailable or unreliable, supporting its role as a clinical decision-support tool rather than
a replacement for conventional assessment.
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Introduction
Asthma is a common chronic respiratory disease that affects over 300 million people worldwide. Its prevalence varies
geographically, ranging from 7% in countries like France and Germany to 11% in the United States, and up to 15-18% in

the United Kingdom.'? Despite available treatments, a large proportion of asthma patients remain uncontrolled and
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continue to experience exacerbations. Studies have reported the prevalence of uncontrolled asthma to range between 15%
and 75%, depending on the population studied and the criteria applied.’ Exacerbations are a major contributor to asthma-
related emergency department (ED) visits, hospitalizations, and mortality, thus imposing a substantial healthcare and
socioeconomic burden.*’

Emergency department presentations due to acute asthma exacerbations require rapid and effective management.
Optimal care involves early recognition, timely intervention, close monitoring, appropriate referrals, and structured
transitional care after discharge.® In this context, accurate assessment of exacerbation severity and prognosis is crucial for
guiding admission decisions and treatment strategies. Previous studies have emphasized that decisions regarding hospital
admission or safe discharge in the emergency department are often complex and are based on a combination of objective
airflow measurements, clinical findings, and historical risk factors rather than on a single physiological parameter alone.”

Current clinical guidelines, such as those from the Global Initiative for Asthma (GINA), recommend a comprehensive
approach to assessing exacerbation severity, incorporating clinical symptoms, vital signs, and objective indicators of
airflow limitation—most commonly peak expiratory flow (PEF) and forced expiratory volume in one second (FEV,).®
While these measures provide quantifiable information on airway obstruction, their correlations with clinical symptoms
and oxygen desaturation have been shown to be weak.” Moreover, several studies have demonstrated that reliance on
isolated spirometric indices during acute exacerbations may be insufficient for predicting short-term outcomes or the
need for hospitalization.”!* In particular, prior emergency department studies have shown that changes in PEF do not
consistently parallel changes in FEV,, and that patient classification based on these two parameters may differ
substantially, thereby limiting the reliability of spirometric measures alone for guiding acute management decisions.”*'"

Physical examination remains a fundamental component of the initial evaluation. Airway inflammation during an
exacerbation typically causes mucosal swelling, increased secretions, and airflow limitation, resulting in characteristic
respiratory sounds such as wheezing and rhonchi. Traditionally assessed by auscultation, these sounds are interpreted
subjectively, which introduces interobserver variability and limits standardization.'? This subjectivity has prompted
increasing interest in computerized and quantitative approaches to respiratory sound analysis as a means of providing
more objective and reproducible assessment of airway pathology.'®

Recent advances in digital medicine have enabled the objective recording and analysis of respiratory sounds. These
technologies are increasingly used in the diagnosis and monitoring of respiratory disorders, especially in sleep-related
and obstructive airway diseases.'®'> Normal breath sounds—classified as tracheal, bronchial, bronchovesicular, or
vesicular—are produced by turbulent airflow through the tracheobronchial tree, creating acoustic patterns that reflect
airway mechanics.'® In contrast, adventitious sounds like wheezes and rhonchi reflect pathological changes. Wheezes are
continuous musical sounds typically above 400 Hz, while rhonchi are lower-pitched sounds below 200 Hz originating
from larger airways.'” Importantly, alterations in respiratory sound characteristics have been shown to reflect underlying
airway inflammation and obstruction even in the absence of audible wheezing on conventional auscultation, suggesting
that acoustic signals may capture clinically relevant information not readily detected by routine physical examination.'®

Machine learning (ML) techniques have shown promise in enhancing respiratory sound analysis. Studies demonstrate
that ML-based methods can support diagnosis, assess severity, and monitor disease progression in conditions such as
asthma and chronic obstructive pulmonary disease (COPD).'*!*** Algorithms including artificial neural networks
(ANNSs), hidden Markov models (HMMs), k-nearest neighbors (k-NN), Gaussian mixture models (GMMs), self-
organizing maps (SOMs), and ensemble models like Random Forest, XGBoost, and LightGBM have been increasingly
applied to classify respiratory sounds and predict clinical outcomes.'> Beyond diagnostic applications, analysis of
continuous adventitious respiratory sounds has been reported to provide complementary information to spirometry,
particularly in the assessment of airway reversibility and short-term response to bronchodilator therapy, with acoustic
changes observed in some patients despite minimal spirometric improvement.'**!

However, despite these technological advances, there is still no standardized framework for incorporating respiratory
sound analysis into routine clinical decision-making for acute asthma care. The lack of objective findings from physical
examinations and the limitations of spirometric tools challenge the ability to stratify risk and make timely disposition
decisions in the ED.
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In this study, we aim to address this gap by developing and evaluating machine learning-based predictive models
using acoustic (spectral) and channel-level features derived from tracheal breath sounds. Our goal is to predict short-term
prognosis and support hospitalization decisions in patients presenting with asthma exacerbations. We conducted
a comparative analysis of three widely used tree-based ensemble algorithms—Random Forest, XGBoost, and
LightGBM—to assess their performance and interpretability. This Al-based, non-invasive approach has the potential
to complement existing clinical tools, improve risk stratification, and assist clinicians in making timely and accurate
decisions in the acute care setting.

Materials and Methods

Study Design

This prospective cohort study was conducted in the emergency and chest diseases departments of two university hospitals in
Turkey between January and December 2024. Ethical approval was obtained from the institutional ethics committee of a tertiary
care hospital (Decision No: 1285, dated 08.11.2023). All experimental procedures used on humans in this study adhered to the
principles of the Declaration of Helsinki and were approved by the institutional and national ethics committee. Adult patients
who presented with acute asthma exacerbations during the study period were evaluated (n = 86). A convenience sampling
method was employed. Patients who provided informed consent and successfully completed all assessments were included in the
final analysis. Exclusion criteria were as follows: coexisting asthma and chronic obstructive pulmonary disease (COPD) (n = 2);
known upper airway pathologies (eg, vocal cord paralysis, nasopharyngeal tumors); neurological disorders affecting spirometry
performance (eg, dementia, Parkinson’s disease, neuromuscular disorders); and incomplete or missing data (n = 19).

Dataset

After applying exclusion criteria, 21 participants were removed, resulting in a final dataset of 65 patients. The dataset was
reviewed for completeness, and no additional missing values were identified. Variables included demographic character-
istics (age and sex), respiratory function parameters, and acoustic features extracted from tracheal breath sounds. The
primary outcome was short-term clinical prognosis, defined as a binary classification task: 0 indicating good prognosis,
and 1 indicating poor prognosis.

Devices for Data Acquisition
Respiratory function was measured using the MIR Smart One®™ (portable turbine spirometer) (Italy) (49 x 109 x 21 mm, 60.7 g),
approved by the Food and Drug Administration (FDA) and compliant with the 2019 American Thoracic Society (ATS) and the
European Respiratory Society (ERS) Spirometry standards.? It is equipped with Bluetooth connectivity, allowing wireless
pairing with smartphones or earphones. Calibration was verified using a 1-liter syringe before each session.

Tracheal breath sounds were recorded using the Stemoscope PRO® (digital stethoscope) (USA), (42 x 14 mm, 56 g),
with a frequency range of 20-2000 Hz and active noise cancellation. The device was connected via Bluetooth to a mobile
application. Recording quality was verified through pilot testing on five individuals.

Data Acquisition Procedure

All respiratory function and sound recordings were performed before any medical treatment and 1 hour after the
administration of standard therapy, including ipratropium bromide + salbutamol sulfate (0.5 + 2.5 mg/2.5 mL nebulized),
budesonide (0.5 mg/mL nebulized), and intravenous methylprednisolone (40 mg) in the emergency department, in
a noise-isolated room. Respiratory function and sound recording were synchronized with a single command. The
following steps were followed during the measurement of respiratory function:

Instructions
The procedure was explained, and the spirometry device was introduced to the patient.

Posture and Positioning
Patients were seated in an upright position (90°), with feet flat on the floor and back supported.
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Mouthpiece Placement
The disposable mouthpiece was placed securely between the lips to prevent air leakage.

Verification
A healthcare professional confirmed the correct positioning of both the device and the mouthpiece.

Maneuver Execution
Patients were instructed to take a deep inhalation followed by a rapid and forceful exhalation.

Patients who were unable to perform the maneuver correctly on the first attempt were allowed up to two additional trials
(maximum three attempts). During the maneuver, tracheal respiratory sounds were simultaneously recorded using the
digital stethoscope placed on the upper half of the neck, corresponding to the palpable portion of the trachea. To ensure
adequate temporal resolution for acoustic analysis, respiratory sound data were acquired at a sampling frequency of 4 kHz.

To ensure data quality, each recording was limited to a duration of 5-10 seconds, capturing one complete respiratory
cycle. Both the spirometry and sound recordings were started and stopped simultaneously via a single command to
ensure temporal synchronization and were immediately transmitted via Bluetooth to a secure mobile platform. The
quality and completeness of the data were reviewed in real-time by a clinician before proceeding to the next participant.
The overall workflow of data acquisition, preprocessing, feature extraction, and machine learning—based classification is
illustrated in Figure 1.

Feature Extraction and Preprocessing

Data Overview

Demographic information, tracheal breath sounds, and respiratory function data were collected as described above. To
preserve their clinical interpretability, no processing was applied to the demographic variables (age and sex). Respiratory
function was represented by two spirometry parameters: peak expiratory flow (PEF) and forced expiratory volume in
one second (FEV,). Tracheal breath sound recordings were analyzed using spectral analysis and acoustic tube modeling

following a series of preprocessing steps.

Filtering

Respiratory sounds were initially recorded using digital stethoscopes at a 4 kHz sampling rate and then resampled to 8
kHz to improve frequency resolution for linear predictive coding analysis. Prior to analysis, all signals were amplitude
normalized. Active respiratory segments were identified using a 100 ms moving average energy detector. Segments
exceeding 10% of the maximum energy were retained, while silent periods and noise artifacts were excluded. A first-
order pre-emphasis filter (coefficient = 0.97) was applied, and an 8th-order Butterworth low-pass filter was used to
prevent aliasing. This preprocessing ensured consistency across recordings and improved the reliability of downstream
feature extraction.

Demographic
Features

Spirometry Tests

Spirometric
Features

Classification
(SVM
KNN
ANN

Naive Bayes

Ensemble)

Prognosis

Pre-
processing

Feature
Extraction

Spectral
Features

Acoustic

Tube
Features

Figure | Workflow of data acquisition, feature extraction, and machine learning—based classification for short-term prognosis prediction.
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Segmentation

Inspiration and expiration phases were manually segmented by a multidisciplinary team. Visual and auditory inspection,
supported by spectrogram analysis, guided segmentation. All annotations were independently verified by a physician
(Figure 2)."

Normalization

Given the relatively small sample size, all continuous features -excluding age and sex- were standardized using z-score
normalization (mean= 0, SD= 1). This transformation was applied prior to model development and cross-validation to
ensure comparability across features.

Feature Extraction

Spectral Band Energy Analysis

The first method analyzed the frequency content of respiratory sounds. Previous studies have shown that different
frequency ranges carry specific information about airway conditions.”® We divided the acoustic spectrum into six frequency
bands based on known characteristics of tracheal sounds in asthma patients: 100-300 Hz contains normal tracheal breathing
sounds, 300400 Hz captures baseline tracheal activity, 400-800 Hz identifies moderate-pitch wheeze, 800—-1200 Hz
detects high-pitch wheeze, 1200-1600 Hz reveals sharp wheeze sounds, and 1600-2000 Hz includes very fine tracheal
sounds. Research has shown that asthmatic wheeze in tracheal recordings occurs mainly between 400—1600 Hz.**

We calculated the energy distribution in each frequency band using Welch’s method with 50 ms analysis windows and
50% overlap. Wheeze detection was performed using time-frequency analysis, looking for sustained narrow-band peaks
that indicate airway obstruction.”> We measured two wheeze parameters: the percentage of time containing wheeze
sounds, and the average intensity of these sounds. Breathing pattern characteristics were obtained from the sound
envelope using Hilbert transform, which provided the ratio between inhalation and exhalation phases and how sharply
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Figure 2 Segmentation of tracheal breath sound is demonstrated through waveform and spectrogram views.
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these phases transition.”® We also calculated spectral shape features (centroid, bandwidth, skewness, and kurtosis) that
describe the overall frequency distribution of respiratory sounds.?’

Acoustic Tube Modeling
The second method modeled the airways as a tube with varying cross-sectional area.”® We performed linear predictive
coding (LPC) analysis using 14 coefficients on pre-processed signals to estimate the airway’s acoustic properties. The
LPC coefficients were converted to reflection coefficients, which indicate how sound reflects at different points along the
airway due to changes in cross-sectional area. From these reflection coefficients, we estimated how the airway diameter
changes from the vocal cords to the mouth.?

We extracted resonance frequencies (formants) and their bandwidths by finding the mathematical roots of the LPC
equation. Formants represent the natural resonance frequencies of the airway tube and relate directly to airway size.>*
Narrow bandwidths indicate cleaner resonances, which typically occur when airflow is less turbulent and airways are

more O]I)Cl’l.3 !

Statistical Analysis

All statistical analyses were conducted using IBM SPSS Statistics for Windows, Version 27.0 (IBM Corp., Armonk, NY, USA).
Machine learning analyses were performed in MATLAB (version 2017a, MathWorks, USA). Categorical variables were
summarized as frequencies and percentages. Continuous variables were reported using mean, standard deviation, minimum,
maximum, and median values. The Kolmogorov—Smirnov test was used to assess the normality of continuous variables. Group
comparisons were conducted using the Student’s t-test or Mann—Whitney U-test, depending on normality assumptions. Chi-
square tests were applied for categorical comparisons. A p-value < 0.05 was considered statistically significant.

Model Development and Evaluation

To assess prognostic performance across different clinical use cases, multiple machine learning classifiers were trained
using varying combinations of input features. Age and sex were included in all models as baseline covariates, given their
routine availability in both in-person clinical evaluations and remote care settings.

To reflect a remote monitoring scenario, such as smartphone-based or home-centered follow-up, models were first
developed using acoustic features alone. Separate models relying exclusively on spirometric parameters—peak expiratory
flow (PEF) and forced expiratory volume in one second (FEV)—were constructed to represent in-hospital assessments based
on conventional respiratory function testing. In addition, combined models incorporating both acoustic and spirometric
features were evaluated to examine whether multimodal integration could enhance prognostic performance.

In the primary analysis, a formal feature selection strategy was not applied, as the objective was to evaluate the
combined effect of different clinical variables within predefined feature sets. Instead, Principal Component Analysis
(PCA) was used as a dimensionality reduction technique to mitigate the impact of high-dimensional feature spaces.*> No
additional feature selection procedures were performed prior to model development. This approach was preferred to
preserve the clinical interpretability of predefined feature groups.

The following classification algorithms were evaluated:

Support Vector Machines (SVM) with linear, cubic, and Gaussian kernels

K-Nearest Neighbors (KNN) using multiple distance metrics

Naive Bayes classifiers with Gaussian and kernel-based estimators
Artificial Neural Networks (ANN) with one to three hidden layers and different activation functions
Ensemble learning methods, including Bagging, AdaBoost, LogitBoost, and RUSBoost

Hyperparameter optimization was carried out using grid search. The grid-based approach enabled systematic evaluation
of predefined hyperparameter values and incorporated early stopping for models with suboptimal performance. All
performance evaluations were carried out using 5-fold stratified cross-validation from the metric results computed by
MATLAB Classification Learner Toolbox to provide an internal assessment of model performance and reduce the risk of
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optimistic bias. Performance was quantified using accuracy, sensitivity, specificity, precision, F1-score, and Matthews
Correlation Coefficient (MCC). To address model performance reliability, we calculated 95% confidence intervals for all
AUC values using cross-validation derived metrics as reference estimates. AUC confidence intervals were computed
using the Hanley and McNeil method, accounting for sample size n=65 and class distribution. For each algorithm, we

used cross-validation AUC values rather than in-sample predictions to obtain more robust performance estimates.

Results

Patient Characteristics and Pulmonary Function Parameters

A total of 65 patients were included in the study, with a mean age of 58.2 years. The majority of the cohort was female
(80%), while 20% were male. During the emergency department (ED) visit, 33.8% of patients required hospitalization
due to insufficient response to treatment, whereas the remaining patients were discharged after ED management. Among
discharged patients, two individuals re-presented to the emergency department within seven days.

Pulmonary function parameters measured before and after treatment are summarized in Table 1. Significant improve-
ments were observed in FEV1 (mL), FEV1 (%), and PEF following treatment (all p < 0.001).

Patients were stratified into poor prognosis (hospitalization or ED re-admission within 7 days) and good prognosis
groups. Patients with poor prognosis were significantly older than those with good prognosis (64.1 = 12.5 vs 54.9 £ 13.1
years, p = 0.007). Comparisons of pulmonary function parameters between these groups are presented in Table 2.

Patients with poor prognosis were significantly older than those with good prognosis (p = 0.007). Both pre-treatment
and post-treatment pulmonary function parameters, including FEV1 (mL), FEV1 (%), and PEF, were significantly lower
in the poor prognosis group (all p < 0.001).

Changes in pulmonary function parameters following treatment did not differ significantly between groups. Median
changes in PEF (p = 0.157) and FEV1 (p = 0.667) were comparable between poor and good prognosis patients.

Correlation Between Acoustic Features and Pulmonary Function Changes
Following the analysis of treatment-related changes in acoustic features, correlations between these changes and
pulmonary function parameters (APEF and AFEV1) were evaluated using Spearman correlation analysis.

No statistically significant correlations were observed between changes in any acoustic features and changes in
pulmonary function parameters. Although some acoustic features, particularly wheezing-related parameters and high-
frequency spectral components, showed higher correlation coefficients compared to others, these findings did not reach
statistical significance and therefore do not support the presence of a meaningful association between acoustic changes

and pulmonary function improvement (Supplementary Tables S1 and S2).

Comparison of Acoustic Features Between Poor- and Good-Prognosis Groups
Baseline and post-treatment changes in acoustic features were compared between patients with poor prognosis (hospi-
talization or emergency department revisit within 7 days) and those with good prognosis using spectral band energy
analysis (Table 3).

Table | Pulmonary Function Parameters Before and After Treatment

Variables (Mean * SD) | Pre-Treatment | Post-Treatment | p-value
FEVI (mL) 1490.31 + 763.52 | 1671.38 £767.51 | <0.001
FEVI (%) 54.6 £22.6 60.4 £ 22.3 <0.001
PEF (L/s) 21823 £ 111.9 243.89 £ 131.76 <0.001

Note: Statistical significance was defined as a p-value < 0.05.
Abbreviations: FEVI, Forced expiratory volume in | second; PEF, Peak expiratory flow; SD,
Standard deviation.
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Table 2 Comparison of Pulmonary Function Parameters Between Patients with Poor

and Good Prognosis

Variables (Mean * SD) Poor Prognosis Good Prognosis | p-value
Pre-treatment FEVI (mL) 1092.08 + 550.61 1723.41 +779.47 | <0.001
Post-treatment FEVI (mL) 1199.58 + 551.21 1947.56 + 749.90 | <0.001
Pre-treatment FEVI (%) 42.67 = 16.50 61.71 £ 23.02 <0.001
Post-treatment FEV| (%) 47.17 £ 17.20 68.24 + 21.50 <0.001
Pre-treatment PEF (L/m) 160.29 + 92.26 252.15 £ 109.30 <0.001
Post-treatment PEF (L/m) 170.83 + 65.07 278.66 * 60.46 <0.001
Change in PEF (L/m) (median, IQR) | 21.50 [-17.75-53.25] | 18.0 [-11.0-62.0] | 0.488"
Change in FEVI (%) (median, IQR) 5.0 [-1.5-12.5] 6.0 [1.00-13.00] 0.581°
Change in FEVI (mL) (median, IQR) | 140.0 [-27.5-275.0] 190 [10.0-480.0] 0.271*

Notes: *Non-normally distributed variables were analyzed using the Mann—Whitney U-test and are expressed as
median [Interquartile Range (IQR)]. Statistical significance was defined as a p-value < 0.05.
Abbreviations: FEV |, Forced expiratory volume in | second; PEF, Peak expiratory flow; SD, Standard deviation.

Table 3 Comparison of Spectral Band Energy Changes Between Poor- and Good-Prognosis Groups

Variable (Median, IQR) Poor Prognosis (n = 24) | Good Prognosis (n = 41) | p value
Low-frequency band (100-300 Hz), % change 35.29 [-25.13-109.45] 14.91 [-32.85-80.30] 0.515
Low-mid frequency band (300—400 Hz), % change 33.11 [-28.46-110.01] —3.76 [-31.94-41.99) 0.145
Mid-frequency band (400-800 Hz), % change (mean + SD) —16.83 + 44.66 —1.44 + 4443 0.186*
High-frequency band (800-1200 Hz), % change —53.88 [-87.40-3.73] —19.76 [-45.58-96.05] 0.014
Very high-frequency band (1200-1600 Hz), % change —37.18 [-63.58-23.98] 2.93 [-32.21-48.15] 0.059
Ultra-high-frequency band (1600-2000 Hz), % change —18.34 [-52.60-26.44] —0.00 [-27.47—41.57] 0.105
Wheezing ratio, % change —1.14 [-24.89-15.59] 3.38 [-2.50-13.98] 0.157
Wheezing power, % change (mean * SD) 2.62 + 57.37 —7.41 + 38.77 0.407°
Inspiratory/Expiratory ratio, % change (mean * SD) -3.85 = 13.19 —0.17 + 2441 0.438*
Phase sharpness, % change —4.37 [-20.21-23.30] —1.66 [-19.49-14.19] 0.665
Spectral centroid, % change (mean * SD) —6.98 + 20.25 1.22 + 19.80 0.117%
Spectral bandwidth, % change 0.43 [25.82—11.46] 842 [-9.68-22.15] 0.027

Notes: *Normally distributed variables were analyzed using the Student’s t-test and are reported as mean % standard deviation (SD). Statistical significance
was defined as a p-value < 0.05.
Abbreviations: Hz, Hertz; SD, Standard deviation; IQR, Interquartile Range.

Patients with poor prognosis demonstrated significantly higher changes in high-frequency acoustic energy (800-1200 Hz)
compared with patients with good prognosis (p = 0.014). In contrast, spectral bandwidth was significantly greater in the good-
prognosis group than in the poor-prognosis group (p = 0.027).

No statistically significant differences were observed between the two groups with respect to low-frequency, mid-
frequency, very high-frequency, or ultra-high-frequency bands, nor in wheezing-related parameters, inspiratory-to-
expiratory ratio, phase sharpness, or spectral centroid (all p > 0.05).
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Changes in acoustic channel modeling features before and after treatment were compared between patients with poor
and good prognosis, and the results are summarized in Table 4.

Machine Learning—Based Classification Performance

Performance of Machine Learning Models Across Feature Sets

Table 5 summarizes the classification performance of five machine learning algorithms across four different feature
configurations. Overall, model performance varied substantially depending on the type of physiological information
included in the feature set.

For Model 1 (demographic + acoustic features), classification performance was moderate. The KNN algorithm
achieved the highest accuracy (76.6%) and F1 score (76.8%), followed closely by SVM (accuracy: 75.0%, F1 score:
74.4%). In contrast, Naive Bayes and Ensemble-Bag models demonstrated relatively limited performance, with accura-
cies of 64.1%, suggesting that acoustic channel features alone may be insufficient for robust discrimination.

In Model 2, which incorporated demographic, spectral, and acoustic features, performance remained comparable to
Model 1 but did not show consistent improvement across classifiers. KNN again yielded the highest accuracy (76.6%),
while SVM performance slightly declined compared with Model 1. The addition of spectral features did not substantially
enhance classification metrics, indicating possible redundancy or noise when combined with acoustic features alone.

In contrast, Model 3, which integrated demographic variables with spirometric lung function measures, demonstrated
the strongest overall performance across all feature sets. The SVM classifier achieved the highest accuracy, precision,
recall, and F1 score (all 84.4%), indicating strong and balanced classification ability. This model also demonstrated a high
AUC of 0.78 (95% CI: 0.67-0.89), indicating stable discrimination performance. KNN also performed well (accuracy:
81.2%), while Naive Bayes, ANN, and Ensemble-Bag showed consistent but slightly lower performance. These findings
suggest that spirometric variables provide the most discriminative information among the evaluated feature domains.

Table 4 Comparison of Acoustic Channel Modeling Feature Changes Between Poor and Good
Prognosis Groups

Variable (Median, IQR) Poor Prognosis (n = 24) | Good Prognosis (n = 41) | p value
Formant frequency | change —3.94 [-16.77-1.16] —5.10 [-8.874.74] 0.413
Formant frequency 2 change —2.46 [-11.60-6.98] 0.81 [-5.41-8.13] 0.335
Formant frequency 3 change —1.19 [-7.14-4.37] —0.57 [-3.71-5.63] 0.310
Formant frequency 4 change 1.21 [-3.90-5.01] 0.75 [-6.65-7.64] 0.983
Formant bandwidth | change 22.48 [-20.98-85.97] —20.42 [-41.73-4.24] 0.009
Formant bandwidth 2 change —26.15 [-45.87-3.89] —8.33 [-41.07-76.35] 0.254
Formant bandwidth 3 change 22.38 [-19.31-63.86] —4.18 [-37.08-38.09] 0.133
Formant bandwidth 4 change —12.00 [-27.27-6.13] —3.84 [-20.86-6.15] 0.680
Reflection coefficient | change 1.01 [-2.73-2.45] 0.10 [-1.58-2.31] 0.670
Reflection coefficient 2 change 0.33 [-0.98-5.45] —0.34 [-2.04-1.46] 0.140
Reflection coefficient 3 change —6.45 [-49.42-18.08] —9.97 [-50.61-7.94] 0.437
Reflection coefficient 4 change —58.98 [-197.02—6.74] 0.32 [-203.35-74.59] 0.226
Reflection coefficient 5 change —50.42 [-102.73-8.69] —22.40 [-78.48-25.96] 0.437
Constriction ratio change 17.71 [-46.52—128.25] —8.26 [-26.27—41.99] 0.446
Vocal tract irregularity change 9.42 [-16.99-50.70] —4.00 [-41.50-59.74] 0.711

Note: Statistical significance was defined as a p-value < 0.05.

Abbreviation: IQR, Interquartile Range.
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Table 5 Performance of Machine Learning Models Across Different Feature Sets

Feature Set Method Accuracy (%) | Precision (%) | Recall (%) | Fl Score (%) | AUC (95% CI)
Demographic+Acoustic SVM 75 744 75 744 0.75 (0.63-0.87)
(Model 1)*
KNN 76.6 77.4 76.6 76.8 0.76 (0.64-0.88)
Naive Bayes 64.1 62 64.1 62.3 0.57 (0.50-0.79)
ANN 70.3 69.5 70.3 67.4 0.59 (0.50-0.80)
Ensemble-Bag 64.1 61.5 64.1 61.5 0.69 (0.56-0.82)
Demographic+Spectral+ SVM 734 738 734 70.8 0.73 (0.61-0.85)
Acoustic (Model 2)°
KNN 76.6 76.9 76.6 74.9 0.73 (0.61-0.85)
Naive Bayes 64.1 61.1 64.1 60.5 0.67 (0.54-0.80)
ANN 67.2 66.4 67.2 66.6 0.69 (0.56-0.82)
Ensemble-Bag 68.8 67.5 68.8 67.5 0.66 (0.53—0.79)
Demographic SVM 84.4 84.4 84.4 84.4 0.78 (0.67-0.89)
+Spirometric (Model 3)¢
KNN 8l1.2 8l1.2 8l1.2 8l1.2 0.77 (0.66-0.88)
Naive Bayes 76.6 774 76.6 76.8 0.75 (0.63-0.87)
ANN 76.6 76.4 76.6 76.4 0.75 (0.63-0.87)
Ensemble-Bag 78.1 78.1 78.1 78.1 0.73 (0.61-0.85)
Demographic SVM 76.6 76.1 76.6 75.8 0.80 (0.69-0.91)
*SpirometrictSpectral KNN 75 74.4 75 74 0.72 (0.60-0.84
+Acoustic (Model 4)¢ : 72 (060-084)
Naive Bayes 67.2 65.3 67.2 64 0.70 (0.57-0.83)
ANN 719 71 719 70.2 0.72 (0.60-0.84)
Ensemble-Bag 67.2 70 67.2 67.8 0.72 (0.60-0.84)

Notes: *Model |: Models were trained using demographic variables (age, sex) and acoustic channel features, including formant frequencies (Formant!—
Formant4), bandwidth measures (Bandwidth |-Bandwidth4), reflection coefficients (ReflectionCoeffl-ReflectionCoeff5), constriction ratio, and tube irregu-
larity. ®Model 2: Models were trained using demographic variables (age, sex), spectral features—including frequency band energies (Low 100-300 Hz, Mid
600-800 Hz, High 800-1200 Hz, Very High 1200-2000 Hz), wheeze-related metrics (wheeze ratio, wheeze power), inspiratory-to-expiratory ratio, phase
sharpness, and spectral shape descriptors (centroid, bandwidth, skewness, kurtosis)—as well as acoustic channel features comprising formant frequencies
(Formant|—Formant4), bandwidth measures (Bandwidth |-Bandwidth4), reflection coefficients (ReflectionCoeffl—ReflectionCoeff5), constriction ratio, and
tube irregularity. “Model 3: Models were trained using demographic variables (age, sex) and spirometric lung function measures, including forced expiratory
volume in | second (FEVI, mL and % predicted) and peak expiratory flow (PEF, L/min and L/s). ®Model 4: Models were trained using demographic variables
(age, sex), spirometric lung function measures—including forced expiratory volume in | second (FEVI, mL and % predicted) and peak expiratory flow (PEF, L/
min and L/s)—spectral features comprising frequency band energies (Low 100-300 Hz, Mid 600-800 Hz, High 800-1200 Hz, Very High 1200-2000 Hz),
wheeze-related metrics (wheeze ratio, wheeze power), inspiratory-to-expiratory ratio, phase sharpness, and spectral shape descriptors (centroid, bandwidth,
skewness, kurtosis), as well as acoustic channel features including formant frequencies (Formant|-Formant4), bandwidth measures (Bandwidth [-Bandwidth4),
reflection coefficients (ReflectionCoeffl-ReflectionCoeff5), constriction ratio, and tube irregularity.

Abbreviation: AUC, Area under the curve.

Finally, Model 4, which combined demographic, spirometric, spectral, and acoustic features, did not outperform the
spirometry-based Model 3. Accuracies ranged between 67.2% and 75.0%, with KNN achieving the highest accuracy
(75.0%) and SVM showing moderate performance (76.6%). The inclusion of all feature domains did not lead to
improved classification performance across models.

Additionally, receiver operating characteristic (ROC) curve analyses were performed to further evaluate the dis-
criminative performance of the models. The ROC curves for all four models are presented in Figure 3.

Overall, the results indicate that spirometric features play a dominant role in model performance, while the incremental
contribution of spectral and acoustic features appears limited when spirometry is already included. Among classifiers, SVM and
KNN consistently demonstrated robust performance across feature sets, supporting their suitability for this classification task.
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Figure 3 ROC curves of four models using different feature sets, with corresponding AUC values shown for each classifier.

Calibration Analysis

Calibration analysis showed that model performance varied across feature sets and algorithms. Spirometry-based models
demonstrated lower Brier scores (0.101-0.244), indicating more consistent calibration. In contrast, acoustic feature-based
models showed a wider range of Brier scores (0.078—0.721), with higher prediction error observed in some algorithms.
Models combining spectral and acoustic features exhibited intermediate performance (Brier scores: 0.088—0.339).
Although most models satisfied the Hosmer—Lemeshow goodness-of-fit criterion (p > 0.05), visual inspection of
calibration curves revealed deviations from the ideal diagonal line in several cases (Supplementary Figures 1-4).

Discussion
In this prospective emergency department cohort of adults presenting with acute asthma exacerbations, we evaluated the
prognostic relevance of spirometric parameters, tracheal sound—derived acoustic features, and machine learning—based
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classification models for short-term outcomes, defined as hospitalization during the index visit or re-presentation within
seven days. Overall, our findings indicate that baseline airflow limitation remains the strongest determinant of short-term
prognosis, while respiratory sound features capture complementary but physiologically distinct information.

Patients with poor short-term outcomes demonstrated significantly greater airflow limitation at presentation. Both pre-
treatment and post-treatment FEV; and PEF values were consistently lower in this group compared with patients with
good prognosis. Although spirometric parameters improved following emergency department treatment at the cohort
level, the magnitude of improvement did not differ meaningfully between prognosis groups. This observation reinforces
earlier emergency medicine evidence showing that absolute lung function at presentation is more informative for
disposition decisions than short-term reversibility alone.”'" It also aligns with contemporary guideline-based approaches
that emphasize baseline severity in acute asthma risk stratification.®

Changes in tracheal sound—derived acoustic features showed minimal correlation with changes in spirometric
parameters such as AFEV, and APEF, yet selected frequency-domain features differed significantly between prognosis
groups. This supports the concept that spirometry and respiratory acoustics reflect different physiological dimensions of
airway obstruction. Tracheal sounds are influenced by airflow turbulence, airway geometry, and vortex formation, and
therefore may remain altered even when spirometric indices improve after bronchodilation.*® Prior experimental and
clinical studies have similarly demonstrated that high-frequency components of respiratory sounds are sensitive to
airflow limitation and airway inflammation independent of spirometric measures.'®*3

In our cohort, patients with poor prognosis exhibited significantly greater changes in high-frequency acoustic energy
(800-1200 Hz), whereas patients with good prognosis showed larger increases in spectral bandwidth. These findings
suggest that persistent high-frequency acoustic alterations may reflect heterogeneous or residual airway dysfunction that
is not fully captured by global spirometric indices. Similar frequency-dependent associations between respiratory sounds
and airway obstruction have been reported in both asthma and other obstructive airway conditions.'®*3¢

Wheeze-related parameters did not discriminate short-term prognosis in our study. Although wheezing is a hallmark
feature of asthma and is widely used for diagnostic and severity classification, its prognostic utility appears limited in
acute settings. Wheezes are intermittent, region-specific, and highly dependent on airflow conditions, which may reduce
their ability to reflect overall disease burden or short-term outcome. This is consistent with prior reports showing strong
performance of wheeze-based features for severity classification, but less consistent associations with clinical outcomes
beyond diagnosis."”

The machine learning analyses further emphasize the dominant prognostic role of spirometry. Models incorporating
demographic and spirometric variables achieved the highest and most balanced performance. The spirometry-driven model
reached an accuracy of 84.4% with SVM and 81.2% with KNN, with concordant F1 scores and AUC values, indicating
robust discrimination across outcome groups. These findings are concordant with clinical evidence demonstrating that
objective airflow limitation at presentation provides the most reliable basis for acute asthma disposition decisions.”!!

Sound-based models demonstrated moderate but clinically meaningful performance. When demographic and acoustic
channel features were used alone, classification accuracy reached approximately 76.6%. However, adding spectral
features did not yield consistent improvement, and the fully integrated multimodal model did not outperform the
spirometry-only model. Although the multimodal model achieved relatively high AUC values, this did not translate
into better overall classification accuracy. This pattern suggests that increasing feature dimensionality without adding
independent prognostic signal may introduce redundancy and increase the risk of overfitting, particularly in small-to-
moderate sample sizes. Similar concerns regarding model complexity and generalizability have been highlighted in
systematic reviews of respiratory sound analysis and artificial intelligence applications."

In the present study, a formal feature selection strategy was not implemented in the primary analysis, as the main
objective was to assess the combined contribution of different clinical variables within predefined feature sets. Instead,
Principal Component Analysis (PCA) was applied as a dimensionality reduction technique. However, the inclusion of
heterogeneous features without systematic feature optimization may have introduced redundancy and noise, which could
have adversely affected model stability and generalizability. This may partly explain why expanding the feature space did
not consistently result in improved classification performance across models. These observations highlight the importance
of incorporating structured feature selection procedures alongside dimensionality reduction approaches in future studies.
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Particularly in relatively small datasets, unoptimized feature inclusion may increase the risk of overfitting and reduce the
robustness of model performance.*?7-3*

When interpreted in the context of existing literature, these findings are not unexpected. Most machine learning
studies using respiratory sounds focus on diagnostic classification or severity labeling under controlled conditions,
rather than short-term prognosis in heterogeneous emergency department populations. For example, recent studies
have reported very high accuracy for asthma diagnosis or wheeze classification using sound-based machine
learning approaches.'’?%3° However, diagnosis and severity classification represent fundamentally different pre-
diction tasks than short-term outcomes such as hospitalization or early return visits, which are additionally

influenced by treatment response, clinician decision-making, comorbidities, and social factors.

Limitations

This study has several limitations. First, the sample size was modest and derived from a single emergency department, which
may limit the generalizability of the findings, particularly for machine learning models using high-dimensional acoustic
features. Second, the composite outcome of hospitalization or emergency department re-presentation within seven days may
be influenced by non-physiological factors such as clinical decision-making and access to follow-up care. Third, only limited
clinical variables were included, and additional factors such as prior exacerbation history, medication use, or inflammatory
markers were not assessed. The models were constructed solely based on spirometric and acoustic features. This may limit
model performance and clinical applicability. Future studies incorporating these clinical variables may improve predictive
performance and enhance clinical utility. In addition, respiratory sound recordings were obtained from the trachea only,
which may underrepresent localized peripheral airway phenomena. Although stratified 5-fold cross-validation was
employed, this approach may not be sufficient to adequately address the risk of overfitting in small datasets. This limitation
may affect model stability and limit the robustness and generalizability of the findings. Therefore, the results should be
interpreted with caution, and validation in larger, independent external cohorts is necessary to confirm these findings.

Conclusion

Taken together, our results suggest that machine learning—assisted respiratory sound analysis should be viewed as
a complementary tool rather than a replacement for spirometry. While spirometry-driven models provide the most
reliable prognostic information, sound-based models achieved non-trivial accuracy and may offer practical value in
clinical scenarios where spirometry cannot be reliably obtained. In such settings, tracheal sound analysis may serve as an
adjunctive physiological signal to support clinical assessment, consistent with the broader trajectory of research on

computerized respiratory sound analysis and intelligent auscultation systems.'>'?-!
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