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Abstract

Acute exacerbations of chronic obstructive pulmonary disease (AECOPD) are
critical clinical events that necessitate prompt intervention. However, their detec-
tion remains challenging in primary care settings, especially in resource-limited
regions. A lack of disease awareness among both patients and healthcare providers
often leads to delayed diagnoses and suboptimal management. To address this
issue, we developed an AI-based AECOPD detection system that leverages stan-
dard mobile phone microphones for auscultation, specifically designed for novice
users and eliminating the need for subjective symptom assessments or patient-
reported scales. Our system demonstrated robust performance in automatically
detecting exacerbations, achieving an area under the curve (AUC) of 0.955 (95%
CI: 0.929-0.976). This research highlights the potential of AI-driven solutions to
enhance COPD management in underserved populations with limited access to
specialist medical resources, thereby promoting health equity. The digital health
system shows promise for improved long-term management of COPD and is pro-
jected to save 41.81 billion CNY (Median: 24.25 billion, 95% CI: -7.75-198.33
billion), particularly benefiting primary care settings where access to pulmonary
specialists is constrained.

Keywords: COPD, AECOPD, Respiratory Disease AI Screening, Health Equity

1 Introduction

Chronic obstructive pulmonary disease (COPD) poses a significant global health chal-
lenge, ranking as a leading cause of morbidity and mortality worldwide [1]. In China
alone, nearly 100 million individuals are affected by COPD, accounting for approx-
imately one-quarter of the global patient population and imposing a substantial
economic burden [2].

Chronic obstructive pulmonary disease (COPD) poses a significant global health
challenge, ranking as a leading cause of morbidity and mortality worldwide [1]. In
China alone, nearly 100 million individuals are affected by COPD, accounting for
approximately one-quarter of the global patient population and imposing a substan-
tial economic burden [2]. Acute exacerbations (AE) of COPD (AECOPD) are critical
events that significantly increase mortality risk, accelerate lung function decline,
diminish quality of life of COPD patients, and hospitalizations following AE account
for over 70% of COPD-related medical costs [3, 4]. In China, patients with COPD
experience on average 0.5-3.5 AEs annually, with treatment costs increasing from
US$3,472 to US$4,538 between 2009 and 2017 in Beijing [5].

Effective management, including appropriate and timely treatment, is crucial to
mitigate the risk and impact of AECOPD [6]. However, primary care services, the cen-
tral to COPD ongoing monitoring, often lack sufficient knowledge about AE diagnosis
and management [7]. Studies indicate that patients managed solely by primary care
physicians frequently receive treatment that does not fully align with the Global Initia-
tive for Chronic Obstructive Lung Disease (GOLD) recommendations [8, 9]. In China,
knowledge of AECOPD among healthcare providers remains insufficient [10]. For
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instance, a 2015 survey in Shanghai, one of China’s most developed regions, revealed
that only 19.4% of 593 general practitioners understood the distinction between AE
and stable states of COPD [11]. The treatment given during different states devi-
ate from international standards, which could partly explain the high AE rate in
developing areas [12].

Patient-related factors further complicate these challenges. Many COPD patients,
particularly those with lower educational levels in developing regions, often lack a thor-
ough understanding of their condition and struggle to accurately report symptoms.
This leads to poor self-management practices that can increase the risk of AE [13, 14].
While symptom assessment tools like EXACT-Pro exist [15], their effectiveness is lim-
ited by these patient factors and intra-individual variability [16, 17]. Additionally,
a significant proportion of COPD patients (16–57%) experience some degree of cog-
nitive impairment, which can hinder accurate self-reporting of their condition [18].
Besides, patients may under-report symptoms due to denial, embarrassment, or limited
health literacy [19]. These patient-related factors, coupled with disparities in health-
care resource allocation, contribute to significantly higher AECOPD rates in rural
areas and secondary hospitals compared to urban tertiary hospitals [20], a disparity
also noted in broader healthcare delivery observations.

The emergence of telemedicine offers potential for enhancing health equity, partic-
ularly in developing areas [21–24]. However, remote management of COPD presents
unique challenges. Unlike cardiovascular conditions where patients can report objec-
tive measurements, COPD monitoring relies heavily on subjective symptom reporting
and availability of experienced physicians for remote assessment [25]. Recently, ResApp
(now Pfizer Inc.) developed a smartphone-based algorithm for AECOPD diagnosis
using cough audio data combined with patient-reported features such as age, fever,
and new cough [26]. However, this system’s reliance on patient-reported symptoms
potentially limits its utility in developing areas, and its sensitivity of 82.6% (95% CI:
72.9-89.9%) and specificity of 91.0% (95% CI: 82.4-96.3%) may generate an additional
medical cost burden.

This study is motivated by the critical need for an accessible, objective, and
cost-effective method to detect AECOPD, thereby advancing health equity in COPD
management for underserved populations. As shown in Fig. 1(a), we developed a
smartphone-based AI system that detects AECOPD by utilizing the device’s inte-
grated microphone to capture and analyze lung sounds, eliminating reliance on
patient-reported symptoms. Patients are guided to perform standardized deep breath-
ing and coughing maneuvers, mirroring auscultation during clinical visits. While
previous work demonstrated smartphone-based cardiac auscultation [27, 28], lung
auscultation presents greater challenges due to lower signal-to-noise ratios [29]. Our
system addresses this by integrating clinical physiological insights with a sophisticated
AI model. The design is based on the understanding that AECOPD is characterized by
alterations in physiological parameters such as dyspnea, respiratory rate, heart rate,
oxygen saturation, and inflammatory markers [30]. Although direct measurement of all
these parameters via smartphone audio is not feasible, their manifestations are often
strongly correlated with discernible acoustic features [31, 32]. Deep-breathing auscul-
tation provides greater diagnostic detail compared to cough analysis, yet it presents
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(a) System Overview (b) Application UI

Fig. 1: AI-System Overview and Usage Process. (a) Overall system architecture
diagram. The process starts with recording the patient’s breathing and coughing audio,
and then extracting key acoustic features from them. After preprocessing, these data
are input into a neural network based on the attention mechanism and the OPERA
basic model for analysis, ultimately providing doctors with clinical decision support
for AECOPD treatment. (b) The user interface of the smartphone application for
audio collection. The interface design is simple and the operation instructions are clear
(such as selecting auscultation points, selecting audio types), demonstrating the ease
of use of the tool.

technical challenges due to inherently lower signal amplitude, potentially resulting in
unfavorable signal-to-noise ratios (SNR). Crucially, recent advancements in AI-driven
audio signal processing, particularly the foundation model OPERA, [33] pre-trained
on hundreds of thousands of diverse audio samples, enable our system to extract
meaningful patterns from low-SNR smartphone recordings.

Fig. 1(b) illustrates a typical use case of our mobile application. Users are guided
by the mobile application to position the smartphone on specific chest locations to
perform sequential deep breathing and coughing maneuvers, which is user friendly for
elderly people. The system automatically processes recordings and allows re-recording
if compromised by misplacement or external disturbances, making it user-friendly for
individuals with limited education or cognitive impairments.

To develop and validate this system, we conducted a multi-center study involving
one tertiary hospital and two community hospitals in Guangzhou, and eight county-
level hospitals. User studies demonstrates the system’s ease of use for novice users. The
system achieved an Area Under the Curve (AUC) of 0.955 (95% CI: 0.929–0.976) for
AECOPD detection. We estimate that widespread adoption of this technology could
yield substantial health economic benefits, projected at 41.81 billion CNY (Median:
24.25 billion, 95% CI: -7.75-198.33 billion), by improving health equity and alleviating
the healthcare burden in developing regions.
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2 Results

2.1 Study Population and Demographics

This prospective, multi-center study was conducted in 13 hospitals in central and
southern China from November 2024 to June 2025. A total of 292 COPD patients
were recruited at the beginning of the study. After excluding 18 patients with miss-
ing or damaged data, a total of 274 patients were finally included in the analysis
cohort for model development and validation. The cohort included 165 patients with
AECOPD and 109 patients in the stable state. The baseline demographics and clinical
characteristics of the study population are detailed in Table 1. Statistically significant
differences were observed between the AECOPD group and the stable group in terms
of age, smoking status, and number of AE in the last year (all p <0.001). Specifically,
patients in the AECOPD group were older, had a higher percentage of current smok-
ers, and reported more AE in last year compared with the stable group. No significant
difference was found in the gender distribution between the two groups.

Table 1: Baseline Demographics and Clinical Characteristics of the Study Popula-
tion.

Characteristic All (274) AECOPD (165) Stable (109) p-value

Subjects, n 274 165 109

Age (years) 0.001
Mean ± SD 72.9 ± 8.8 74.3 ± 8.5 70.8 ± 8.8
Median (Q1, Q3) 74.0 (67.0, 79.0) 75.0 (69.0, 81.0) 71.0 (65.0, 78.0)

Sex, n (%) 0.621
Male 221 (80.7%) 131 (79.4%) 90 (82.6%)
Female 53 (19.3%) 34 (20.6%) 19 (17.4%)

Smoking status, n (%) 0.000
Current smoker 78 (28.5%) 72 (43.6%) 6 (5.5%)
Former smoker 192 (70.1%) 90 (54.5%) 102 (93.6%)
Never smoker 4 (1.5%) 3 (1.8%) 1 (0.9%)

Exacerbation Count 0.000
Median (Q1, Q3) 1.0 (0.0, 2.0) 1.0 (1.0, 2.0) 0.0 (0.0, 1.0)

2.2 Dataset Composition

Data collection was designed to reflect real-world clinical practice. The process was
integrated into routine auscultation of outpatients and performed at the bedside of
inpatients in the ward, which are non-isolated clinical environments with inevitable
ambient noise. Each patient’s condition was diagnosed by two independent medical
professionals as stable COPD, mild AE, or moderate to severe AE (requiring hospi-
talization). During our clinical visits, 142 patients presented with moderate-to-severe
AE, which reflects the trend of patients seeking treatment later in the course of AE
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in our region. Data were collected by researchers at the 2nd, 4th, and 6th intercostal
spaces with an average collection time of 4 minutes. The algorithm was well toler-
ated, with 88.0% of patients describing it as simple and convenient, and only 5.1%
considering it unsuitable for daily use.

2.3 AI system accurately classifies disease states using only
audio data

To evaluate the performance of the system and ensure its robustness, this study
used a five-fold stratified cross-validation strategy, with stratification based on the
patient’s clinical status to ensure that each subset maintained the same proportion
of patient group representation as the original dataset. As shown in Fig. ??, the sys-
tem demonstrated excellent discriminative power, with a pooled AUC of 0.955 (95%
CI: 0.929–0.976) across all five-fold cross-validations. This performance was consis-
tent across metrics, including 91.5% pooled accuracy (95% CI: 88.2–94.9%), 89.9%
sensitivity (95% CI: 84.9–94.5%), and 93.8% specificity (95% CI: 88.8–98.1%). The
consistency of the results across the data groups confirmed the stability of the model
performance. Although the optimal decision thresholds varied slightly between groups
(mean: 0.548 ± 0.128), the average AUC for each group was still as high as 0.951,
with minimal differences in accuracy (0.916 ± 0.039) and F1 score (0.924 ± 0.039).
Notably, the model achieved 100% specificity in two of the five groups, indicating that
it can accurately identify patients with stable disease and minimize false positives.

To further validate our model, we comprehensively compare its performance with
five baseline models covering different technical paths. As shown in Fig. ??(b), our
model significantly outperforms all the compared models on all key evaluation metrics.
Specifically, we first compare our model with a variant that uses the same OPERA
acoustic embedding features but uses a standard multi-layer perceptron (MLP) for
classification. Our model achieves significant improvements in AUC (0.955 vs 0.914),
sensitivity (0.899 vs 0.855), specificity (0.938 vs 0.867), and accuracy (0.915 vs 0.860).
This result strongly demonstrates that the unique architectural design of our model
can more effectively learn and extract disease-related discriminative features from
OPERA embeddings. In addition, we also compare with the ResApp model, which
not only analyzes cough audio but also combines patient self-report data. Despite
ResApp’s exploitation of additional multimodal information, our audio-only model still
demonstrates stronger performance in terms of AUC (0.955 vs 0.890), sensitivity (0.899
vs 0.826), and specificity (0.938 vs 0.910). This highlights the technical advantages and
potential of our approach in making accurate diagnoses relying solely on audio signals.
Finally, our model outperforms commonly used methods in the field of audio-based
disease classification models, such as the fine-tuned Audio Spectrogram Transformer
(AST) [34], using convolutional neural networks to process Mel-frequency cepstral
coefficients (MFCC+CNN), or using random forests with acoustic statistical features.
Our method performs much better than the best baseline model AST (AUC 0.847,
accuracy 0.799), demonstrating its great potential as an innovative disease screening
and monitoring tool.
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(a) Five-fold cross-validation results.

(b) Performance comparison against several baseline models.

(c) Performance in different subgroups.

Fig. 2: Overview of AI system performance. (a) Five-fold cross-validation results
showing stable performance across key metrics. (b) Performance comparison against
several baseline models across four different metrics (Sensitivity, Specificity, AUC,
Accuracy), demonstrating the superiority of our proposed model. (c) Consistent per-
formance across diverse demographic and socioeconomic subgroups supports more
equitable healthcare delivery. 7
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2.4 Consistent and equitable performance in heterogeneous
patient populations

To analyze the generalization ability of the model, a series of pre-specified strati-
fied subgroup analyses were performed on the entire cohort of 274 patients based
on key clinical and socioeconomic characteristics. The diagnostic accuracy of the
model remained consistent across the range of AECOPD severity. In the cohort diag-
nosed with AECOPD, the system successfully identified 91.3% of mild AE (n=23)
and 90.1% of moderate to severe AE (n=142). This consistently high level of perfor-
mance, especially in mild cases that are difficult to diagnose, highlights its potential
for early detection of the disease. The system showed robust performance across
patients of different ages. In patients older than 65 years (n=219), the model had
an accuracy of 91.3% (95% CI: 87.2%–94.5%), a sensitivity of 89.1% (95% CI:
83.2%–93.9%), and a specificity of 95.1% (95% CI: 89.8%–98.9%). In the younger
cohort (n=55), performance was comparable, with accuracy, sensitivity, and specificity
of 92.7% (95% CI: 85.5%–98.2%), 96.3% (95% CI: 87.5%–100.0%), and 89.3% (95%
CI: 75.9%–100.0%), respectively. Analysis of the misclassified samples provided further
insights false-negative samples in the older cohort occasionally occurred in patients
with no significant abnormalities on clinical auscultation, suggesting that the model
may have captured subtle subclinical signs of AE that are often masked by age-related
physiological changes. In contrast, the few false-positive samples in the younger cohort
were often associated with non-AE of respiratory inflammation, whose acoustic pat-
terns may be similar to acute events. In addition, we also evaluated the application
value of the system in different medical ecosystems by stratification by regional GDP
per capita. The performance of the model showed excellent stability across these sig-
nificantly different economic strata. In developed regions (GDP per capita >89,000
CNY ; n=123), the system’s accuracy was 93.5% (95% CI: 88.6%–97.6%). In develop-
ing regions (n=151), the system also achieved a comparable accuracy of 90.1% (95%
CI: 84.8%–94.7%). The chi-square test analysis showed that the difference in accuracy
between the two region groups did not reach a statistically significant level (χ2=1.037,
P=0.309). This result indicates that the performance of the system is independent
of regional economic factors and potential confounding variables, thus shows great
potential in developing areas.

In summary, these subgroup analyses show that the model is not only accurate
across disease severity, age, and socioeconomic status, but also highly robust, reliable,
and fair. This provides strong evidence for its widespread and effective deployment in
diverse real-world clinical settings.

2.5 Economic modeling indicates substantial cost reductions

To evaluate the health economic value of our system, we conducted a probabilistic
sensitivity Monte Carlo analysis and compared it with a similar system, ResApp. The
results showed that our model exhibited superior cost-effectiveness. On average, our
system was expected to generate a net savings of 41.81 billion CNY (Median: 24.25
billion, 95% CI: -7.75-198.33), avoid 2.62 million hospitalizations (median 2.44 million,
95% CI: 981,311-5,326,055), and achieve a 135.18% return on investment (median). In
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(a) Results of probabilistic sensitivity analysis (PSA)

(b) Tornado plot of one-way sensitivity analysis

Fig. 3: Health economics of AECOPD detection system. (a) Results of proba-
bilistic sensitivity analysis (PSA). The probability distribution of the model’s economic
output was right-skewed, predicting an average of 2.6 million hospitalizations avoided,
a net saving of RMB 41.81 billion, and a return on investment (ROI) of 232.2%.
Net savings were strongly positively correlated with the number of hospitalizations
avoided. Parameter-output correlation analysis showed that early intervention effects
and monthly acute exacerbation rates were key factors in determining the model’s
output. (b) Tornado plot of the one-way sensitivity analysis. This plot reveals the
sensitivity of net savings to key parameters, with severe exacerbation costs, monthly
exacerbation rates, and early intervention effectiveness being the most important
drivers of economic benefits.

contrast, although the comparator model also showed positive economic benefits, its
indicators were lower than our system, and our system could bring 21.5% higher net
savings. More importantly, our system performs more robustly under uncertainty, with
a probability of achieving cost savings of 89.0%, significantly better than the 81.8%
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of the comparator model, which means that it has a higher certainty of achieving
economic benefits in actual applications. One-way sensitivity analysis further revealed
that the benefits of the model are mainly driven by key parameters such as severe
AECOPD cost, early intervention cost reduction, and monthly AE rate, confirming
its core mechanism of achieving cost control through effective intervention. And the
drawback is from cost of false positive and cost difference between the outpatient visit
and in-hospital. Overall, our system not only has a clear advantage in the expected
value of economic benefits, but its robustness also ensures higher value potential in
real-world applications.

3 Discussion

In this study, we have developed and validated a smartphone-based AI system that can
objectively detect AECOPD using only deep breathing and coughing sounds captured
by a microphone. Our five-fold cross-validation demonstrated excellent discrimina-
tion ability, with a pooled AUC of 0.955 (95% CI: 0.929–0.976), and achieved 91.5%
accuracy (95% CI: 88.2–94.9%), 89.9% sensitivity (95% CI: 84.9–94.5%), and 93.8%
specificity (95% CI: 88.8–98.1%). Notably, the system exhibited robust and fair perfor-
mance across diverse patient subgroups, including variations in disease severity, age,
and socioeconomic status, underscoring its strong generalization capability.

A key advantage of our system is its capacity to advance health equity through
its inherent usability and objectivity. By leveraging the ubiquitous platform of smart-
phones, it provides an accessible and easily operable tool for AECOPD detection,
directly bridging the urban-rural healthcare divide common in low-resource settings.
This approach overcomes the reliance on specialized patient and health provider knowl-
edge in traditional assessments, while its operational simplicity ensures accessibility
for individuals with limited education or cognitive impairments. The economic impli-
cations are also great. Our system is estimated to generate net savings of 41.81 billion
CNY (5.846 billion USD) in China, which can substantially alleviate the national
healthcare burden and reduce costs for the underserved populations. Collectively, these
findings position our system as a robust, scalable tool for widespread deployment in
primary care, presenting a pathway to achieving health equity in COPD management.

Moreover, this work signifies a transition from subjective assessments to objective
remote chronic disease management. Our methodology decouples clinical monitoring
from the uncertain subjective interpretations of patients, establishing a high-fidelity
objective data record. This analytical framework can be fully extended to other dis-
ease monitoring using sound signals as biomarkers, such as the wheezing of asthma
patients, the nighttime cough of heart failure patients, and even the changes in speech
characteristics caused by neurodegenerative diseases. A more transformative potential
lies in integrating our acoustic analysis into a patient-centered multimodal monitor-
ing ecosystem. An attractive path is to integrate our respiratory sound analysis with
other physiological assessment technologies that are also based on smartphones, such
as heart sound auscultation technology based on mobile phone microphones [35], so as
to achieve a synchronous and comprehensive assessment of the cardiopulmonary sys-
tem. Additionally, incorporating data from wearable devices—such as activity levels,
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sleep patterns, and blood oxygen saturation—along with electronic logs of medication
and symptoms, can create a detailed ”digital phenotype” of a patient’s health tra-
jectory. This low-cost, objective patient management method will benefit patients in
areas with scarce medical resources.

To achieve the goal of detecting AECOPD using only audio data collected by
smartphones, the core design of this system is to combine advanced artificial intel-
ligence technology with deep clinical physiological insights. Our design is based on
the clinical physiological principle that AECOPD is characterized by changes in a
series of physiological parameters such as dyspnea, respiratory rate, and inflammatory
markers. Although smartphones cannot directly capture these indicators, the respi-
ratory acoustic features caused by these physiological changes, such as wheezes and
diminished breath sounds, are closely related to them, which provides a theoretical
basis for audio detection. However, direct lung auscultation using smartphones faces
the challenge of limited available data with low SNR. To overcome this problem, we
leverage the power of advanced audio foundation model OPERA, which is pre-trained
on hundreds of thousands of diverse audio samples, enabling it to accurately extract
meaningful patterns related to AECOPD from low SNR ratio recordings, effectively
solving the bottleneck of data quality and quantity. The designated pre and post
foundation model processing also play a vital role in helping the system gets better
result. In addition, the system design has good scalability. With the development of
smartphone technology, it can be easily connected to external devices such as digital
stethoscopes in the future to obtain higher quality audio data, further improving the
performance and application potential of the system.

Despite these promising results, there are limitations to our study.
The ”gold standard” for diagnosing AECOPD is not entirely objective and relies

on clinician evaluations, which inherently include subjective judgments. This implies
that some patterns learned by our system may reflect clinician diagnostic preferences
rather than purely pathophysiological states, suggesting that the model’s performance
ceiling is constrained by existing clinical diagnostic criteria. Additionally, our study
population primarily consisted of individuals from central and southern China, which
may limit the generalizability of our findings to other COPD patient groups. Further-
more, we observed a notable disconnect between patients’ self-reported histories of AE
and their objective disease severity. Due to the widespread interoperability barriers of
electronic medical record systems, the acquisition of AE history is forced to rely on
patients’ subjective recollections. Many patients with severely impaired lung function
reported an abnormally low frequency of AE, likely due to their inability to recognize
or define these events. When prompted by specific medical resource utilization (such
as hospitalization or intravenous treatment), many patients who initially denied the
existence of AE events were able to confirm the existence of AE events. Therefore,
patient recollection is not only an unreliable proxy, but is also likely to lead to sys-
tematic misestimation of the true activity of the disease. In addition, the performance
differences of different models of smartphone microphones and the potential impact
of environmental noise are common issues that need to be considered when collecting
medical data based on consumer-grade devices. Finally, this study lacks longitudinal
monitoring data to evaluate the performance of the system in long-term use, and the
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health economic analysis is based on model assumptions, and its benefits in real-world
practice still need to be verified by prospective studies.

To further validate and expand the clinical value of this system, future research
should focus on the following key directions. First, we plan to conduct a large-scale,
prospective, real-world validation study to allow patients to use the system in their
home environment and for health providers to deploy it in primary care institutions
to evaluate its actual effectiveness in an uncontrolled environment. Second, the sys-
tem’s potential for application in longitudinal monitoring of COPD disease status and
early prediction of AE should be explored, which may provide a new way to achieve
preemptive intervention. Third, integrating the system with electronic health records
(EHR) and digital pulmonary rehabilitation program is a big step in achieving data-
driven personalized chronic disease management. We also plan to directly evaluate the
actual impact of the system on clinical decision-making and patient outcomes through
interventional clinical trials, and conduct more precise health economic evaluations
based on real-world usage data.

In summary, this study successfully developed and validated an objective, con-
venient, and highly accessible smartphone-based AI screening for AECOPD. The
core contribution of this work is that it provides an objective decision support tool
for COPD patients and primary care community in resource-limited areas, thereby
empowering health equity. This system greatly promotes the implementation of
telemedicine strategies for COPD management. By achieving earlier detection of
AECOPD and timely initiation of symptomatic treatment, it is expected to signifi-
cantly reduce the severity of the disease, shorten the course of the disease, and reduce
hospitalization rates. These clinical benefits will ultimately be transformed into effec-
tive relief of the socioeconomic burden associated with COPD through more efficient
management of AE. Therefore, this system not only provides strong technical support
for promoting health equity in the field of respiratory diseases, but also demonstrates
a feasible path to transform the traditional chronic disease management system using
mobile health technology, and is expected to improve the quality and accessibility of
care for COPD patients worldwide.

4 Methods

4.1 Study Design and Setting

We conducted a prospective, multicenter cross-sectional study in central and southern
China to develop and validate the AECOPD detection system. The study was con-
ducted in multiple medical centers, including Guangdong Provincial People’s Hospital.
All participants were fully informed of the purpose, procedures, potential risks and
benefits of the study before enrollment and voluntarily signed written informed con-
sent. The subjects of the study were recruited from the respiratory outpatient clinic
and inpatient department of each participating center. The recruitment process was
arranged during the outpatient consultation and clinical assessment. The data col-
lected included auscultation sounds, basic information of the patients, and a COPD
management questionnaire based on the subjective completion of the patients (see
Appendix). The inclusion criteria were: 1) aged between 18 and 90 years; 2) confirmed
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diagnosis of COPD according to the diagnostic criteria of GOLD [36]; 3) able to coop-
erate with the completion of pulmonary function tests and related questionnaires; 4)
able to cooperate with the use of inhaled medications; 5) not participating in other
pulmonary rehabilitation programs within six months before enrollment. Exclusion
criteria include patients with other severe respiratory diseases (such as severe pneu-
mothorax, pulmonary embolism, etc.), uncontrolled severe systemic diseases (such as
unstable cardiovascular disease, untreated tumors, etc.), musculoskeletal or nervous
system diseases that affect movement, mental or cognitive disorders, and patients with
a history of lung surgery within the past three months. This strict screening criteria is
designed to ensure the safety of the research experiment and the homogeneity of the
population.

4.2 Ethics statement

This study was conducted in compliance with the Declaration of Helsinki and received
ethical approval from the Ethics Review Committee of Guangdong Provincial People’s
Hospital (IRB no. KY2025-422-01). Written informed consent was obtained from all
participants. An English translation of the ethics approval documentation is available
from the corresponding author upon reasonable request.

4.3 Clinical Reference Standard

To ensure the accuracy and reliability of diagnostic labels, the clinical reference
standard was established through a consensus agreement between two experienced
respiratory physicians who independently assessed each participant. The clinical eval-
uations were performed in accordance with the 2021 Rome Proposal [30]. During the
evaluation process, experts first distinguished whether the COPD patient was in a sta-
ble state or an AE state by whether the patient had dyspnea or worsening cough and
sputum within 14 days, which may be accompanied by increased respiratory rate or
heart rate. Subsequently, AECOPD patients were further divided into mild or moder-
ate to severe based on a combination of objective physiological indicators, including
dyspnea scores, vital signs, oxygen saturation, and C-reactive protein. Conflicts in
evaluation opinions were discussed and negotiated to reach a final consensus. This pro-
cess provides a definitive label for each sample as a benchmark for model development
and validation.

4.4 Data Collection

A custom iOS application was developed for data collection in this study. The appli-
cation can directly call the microphone at the bottom of the smartphone to collect
the raw audio stream, thereby bypassing the interference caused by system-level sig-
nal processing optimized for voice calls (such as noise reduction and gain). During
data collection, the subject remained seated, and the collector placed the bottom edge
of the phone directly on the patient’s skin surface and collected respiratory sounds
at symmetrical positions in the second, fourth, and sixth intercostal spaces. At each
collection point, we recorded 15 seconds of deep breathing sounds and 3 spontaneous
cough sounds in sequence.
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4.5 Model Development

To extract discriminative features from complex acoustic signals, we implemented a
series of processing steps and model designs. Initially, we applied Wiener filtering and
bandpass filtering to preprocess the audio data, effectively removing both device noise
and extraneous sounds from the breathing segments. Subsequently, we downsampled
the data to 16 kHz and utilized the OPERA model [33] to encode the processed
cough and deep breathing sounds into high-dimensional feature embeddings. Specifi-
cally, we employed two distinct encoders: OPERA-CT (768 dimensions), based on a
Transformer architecture, and OPERA-CE (1280 dimensions), based on convolutional
neural networks. This approach allowed us to convert each audio clip into a structured
feature vector for subsequent modeling.

To integrate acoustic information from cough and breathing, we designed and
implemented a multimodal fusion attention network. The model first maps CT and CE
features of different dimensions to a unified feature space through independent projec-
tion layers. Then, the spatial dependency of different lung positions is captured by the
intra-modal self-attention mechanism [37], and the cross-modal attention mechanism
is used to achieve deep information interaction between cough and deep breathing
features. Finally, the fused features are fed into a classifier to output the diagnosis
probability of AECOPD.

To ensure the objectivity and robustness of the model evaluation, we adopted a
5-fold stratified cross-validation strategy based on ”subject-visit” to divide the data
set to strictly prevent data leakage. During the training phase, we only applied data
enhancement techniques including Gaussian noise, feature inactivation and Mixup
to the training set. The AdamW optimizer was used for model training, combined
with cosine annealing learning rate scheduling. Considering the possible imbalance
of sample categories, we selected Focal Loss as the loss function and used the Early
Stopping mechanism to avoid overfitting.

In the model inference stage, we did not utilize a fixed classification threshold of 0.5.
Instead, we determined the optimal probability threshold for each fold by maximizing
Youden’s J statistic on its respective validation set, based on the analysis of the receiver
operating characteristic (ROC) curve. This data-driven threshold provides a decision-
making basis for subsequent performance evaluation (such as sensitivity, specificity,
accuracy, etc.) and ensures that the model achieves a better balance between sensitivity
and specificity.

4.6 Health Economic Analysis

We constructed a health economics analysis framework based on the state-transition
Markov model to evaluate the potential economic value of the AECOPD detection
system. The model includes four core health states: stable, mild AE, moderate-to-
severe AE, and death. We simulated the natural course of the disease and clinical
outcomes of the Chinese COPD patient population in a monthly cycle over a one-year
period.

The model compared two scenarios: ”standard of care” and ”system-assisted
management”. The key parameters of the model cover multiple dimensions such as

14

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted June 30, 2025. ; https://doi.org/10.1101/2025.06.28.25330256doi: medRxiv preprint 

https://doi.org/10.1101/2025.06.28.25330256
http://creativecommons.org/licenses/by-nc/4.0/


epidemiology (such as the total population of COPD, the annual incidence of AE,
and background mortality), clinical effectiveness (such as the effectiveness of early
intervention in reducing severe AE), system effectiveness (such as the sensitivity and
specificity of the system, and patient compliance) and economic costs (such as the cost
of treating AE outpatient and inhospital, the cost of using the system, and the cost of
false positive events). The baseline values and uncertainty ranges of these parameters
are mainly derived from published literature, clinical expert consensus, and real-world
data. The cost of treating inhospital AE is based on an empirical distribution con-
structed based on real hospitalization data from our center to enhance the model’s
real-world fit.

We conducted a PSA to fully evaluate the impact of parameter uncertainty. In
the analysis, all key parameters were assigned specific probability distributions, and
1 million simulations were performed using the Monte Carlo method. The main out-
put indicators of the model include: net cost savings, avoided hospitalizations, avoided
deaths, and ROI. In addition, we performed a one-way sensitivity analysis and pre-
sented it in the form of a tornado diagram to identify the key drivers that have the
greatest impact on the model results.

4.7 Statistical Analysis

The training, validation, and testing of the models were performed with PyTorch
and Scikit-learn. The performance metrics—including AUC, sensitivity, specificity,
accuracy, and corresponding 95% confidence intervals were calculated with SciPy and
NumPy. Figures were generated with Matplotlib and Seaborn.

4.8 Data availability

The datasets generated and analysed during the current study are not publicly avail-
able due to the privacy issue but are available from the corresponding author on
reasonable request after anonymization.

4.9 Code availability

The underlying code for this study is not publicly available but may be made available
to qualified researchers on reasonable request from the corresponding author.
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