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Abstract
Asthma is a chronic respiratory disease that af-
fects breathing and may also influence speech
and voice production. In this paper, we ex-
amine whether short mobile-recorded Brazil-
ian Portuguese voice and speech audio contain
cues that can be used to distinguish individ-
uals with asthma from those without asthma.
We approach this problem using transfer learn-
ing with pretrained neural audio models based
on convolutional architectures trained on large-
scale audio datasets (PANNs). We evaluate
two recording types: sustained vowel phona-
tion and read speech. Models are trained for
a binary classification task and evaluated at
both the segment level and the patient level.
Read speech performs better than sustained
vowels. The best configuration (CNN14 on
speech) achieves 0.85 patient-level balanced
accuracy (accuracy 0.85) with ROC-AUC 0.93
and PR-AUC 0.98, performing comparably to
CNN10. Training from scratch performs worse
than fine-tuning a pretrained model, showing
that pretraining helps when data is limited. Per-
formance also varies across age groups, sug-
gesting demographic sensitivity. These findings
support the feasibility of audio-based asthma
classification from voice and speech and mo-
tivate further investigation of pretrained audio
models in biomedical applications.

1 Introduction

Asthma is a chronic airway disease characterized
by airflow limitation and symptoms such as wheez-

ing, dyspnea, chest tightness, and cough, which
may lead to exacerbations requiring hospitalization
(Global Initiative for Asthma, 2024; Chipps et al.,
2023; Fuhlbrigge et al., 2012). Because asthma af-
fects breathing patterns, it can also introduce acous-
tic changes in voice and speech.

Advances in deep learning have enabled power-
ful models for audio processing, such as PANNs
(Kong et al., 2020), which are pretrained on thou-
sands of hours of audio and can achieve strong
performance even with limited labeled data. This
makes pretrained audio models a promising ap-
proach for asthma detection from short recordings.
In this context, voice and speech data collected
via mobile devices provide a non-invasive and low-
cost data source that can be analyzed with machine
learning to investigate clinically relevant acoustic
patterns for respiratory disease classification.

In this work, we focus on the binary task of
distinguishing asthma vs. non-asthma using short
recordings of sustained vowels and read speech.
We evaluate pretrained convolutional audio net-
works adapted to this task. We compare shallow
and deeper architectures, pretrained versus scratch
models, and analyze demographic subgroups to as-
sess robustness. On read speech, the pretrained
CNN14 achieves the best patient-level balanced ac-
curacy (0.85) and accuracy (0.85), with ROC-AUC
0.93 and PR-AUC 0.98, although its performance
is comparable to CNN10. The pretrained CNN10
shows slightly higher accuracy (0.86) but lower
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balanced accuracy, and both outperform sustained
vowels and scratch models.

2 Related Work

2.1 Pretrained Neural Audio Models

Pretrained neural audio models have increasingly
been adopted in healthcare and related audio appli-
cations due to their ability to learn robust acoustic
representations. Such models have demonstrated
strong performance across diverse tasks, includ-
ing sound event detection (Xu et al., 2023), emo-
tion recognition (Gauy and Finger, 2022), and res-
piratory disease identification (Gauy et al., 2023;
Matheus Gauy et al., 2026).

In the context of emotion recognition, Gauy and
Finger (2022) showed that large-scale audio pre-
training improves performance, allowing models
to outperform baselines even with limited labeled
data. Similar gains have been reported in voice-
based neurological disorder detection, where pre-
trained convolutional neural networks operating on
spectrograms of sustained vowel recordings out-
performed models based on handcrafted acoustic
features for Parkinson’s disease classification (Rah-
matallah et al., 2025).

Furthermore, results on the OPERA respiratory
audio benchmark indicate that models pretrained
on large and diverse datasets such as AudioSet con-
sistently surpass both models trained from scratch
and those pretrained exclusively on respiratory
sounds, reinforcing the value of large-scale general-
domain pretraining for medical audio analysis (Ni-
izumi et al., 2025).

2.2 Machine Learning for Asthma Detection

Artificial intelligence and machine learning have
been increasingly applied to asthma screening, phe-
notyping, and disease monitoring across a wide
range of clinical and biomedical data modalities
(Exarchos et al., 2020). Prior work includes
asthma classification using machine-learning mod-
els trained on pulmonary function test results com-
bined with clinical variables (Topalovic et al.,
2017), as well as leveraging cough acoustics as a
complementary audio biomarker (Alqudaihi et al.,
2021). In addition to acoustic signals, other res-
piratory measurements have also been explored,
including quantitative features derived from ex-
haled CO2 waveforms (Singh et al., 2018) and
breath-based biomarkers such as exhaled nitric ox-
ide for diagnosis and severity monitoring (Yin et al.,

2025). Beyond respiratory signals, asthma classifi-
cation has further been investigated using molecu-
lar biomarkers, such as nasal gene-expression sig-
natures (Pandey et al., 2018), and routine blood
biomarkers modeled with machine-learning tech-
niques (Zhan et al., 2020).

In a related line of work focusing on voice-based
biomarkers for asthma, several studies have relied
on sustained vowel recordings. An XGBoost-based
classifier was proposed using handcrafted acoustic
features extracted from sustained vowel /a:/ record-
ings (Lyu et al., 2025). Similarly, MeLoDicA (Looi
et al., 2024) introduced a framework based on hand-
crafted spectral and temporal voice features, show-
ing that sustained vowels achieved the highest per-
formance among the evaluated audio types.

Beyond sustained vowels, asthma detection has
also been explored using speech signals. Real-time
asthma classification using speech and respiratory
sounds has been investigated (Iqbal et al., 2022),
and conventional classifiers such as GMMs and
CNNs have been applied to MFCC features ex-
tracted from speech (Iqbal et al., 2024). In addi-
tion, machine-learning models have been trained
on short Turkish phonetic utterances (Gezer et al.,
2025).

Overall, these approaches rely predominantly on
manually designed acoustic features and conven-
tional machine-learning models, without leverag-
ing large-scale pretrained audio representations or
end-to-end learned embeddings.

2.3 Voice and Speech as Biomarkers in
Respiratory Diseases

Recent reviews have highlighted the use of audio-
based biomarkers for respiratory disease detection,
including cough, lung sounds, and voice or speech
signals (Kapetanidis et al., 2024). Beyond asthma,
similar approaches have been applied to the iden-
tification of respiratory diseases. Pretrained au-
dio models have been used to analyze speech and
voice recordings from patients with respiratory con-
ditions (Gauy et al., 2023; Matheus Gauy et al.,
2026). Voice and speech have also been inves-
tigated as biomarkers for COVID-19 detection,
where machine-learning models based on acoustic
features have shown strong discriminative perfor-
mance in identifying infected individuals (Verde
et al., 2023; Dash et al., 2022). In addition, voice-
based methods have been applied to chronic ob-
structive pulmonary disease (COPD), using embed-
dings from a wav2vec 2.0 model to classify disease
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presence and severity from short voice recordings
(Lee et al., 2025).

3 Data

We use a dataset of short voice recordings collected
from adult speakers of Brazilian Portuguese per-
forming two speaking tasks: Speech and Vowel. In
the Speech task, participants read a short predefined
sentence, while in the Vowel task they sustained
the vowel /a:/ for as long as they could. These tasks
were chosen to capture different aspects of speech
production and respiratory control.

The recordings were collected using mobile de-
vices and processed at a sampling rate of 16 kHz.
Data were recorded both in hospital settings and in
more uncontrolled environments using participants’
personal devices. Because of this, the dataset in-
cludes variation in background noise, microphone
quality, and recording conditions.

The dataset includes 549 Speech and 538 Vowel
recordings, with asthma representing 79% of the
samples. The average recording length is 7.5 sec-
onds.

3.1 Clinical and demographic metadata

In addition to the audio recordings, clinical and
demographic metadata are collected for each par-
ticipant. These include age, sex, anthropometric
measures (weight and height), vital signs, as well
as information on comorbidities and smoking his-
tory. These variables provide important contextual
information for the analysis and allow for the as-
sessment of potential demographic biases in the
data.

3.2 Demographic distribution

Table 1 summarizes the distribution of recordings
by sex for both speaking tasks. The dataset is pre-
dominantly female in both cases.

Table 1: Sex distribution by speaking task (unique pa-
tients).

Sex Speech Vowel
Female 434 426
Male 115 112
Total 549 538

Table 2 reports the age distribution using four
age bins: under 30 years, 30–45 years, 45–60 years,
and over 60 years.

Table 2: Age distribution by speaking task (unique pa-
tients).

Age range (years) Speech Vowel
< 30 81 80
30–45 140 137
45–60 244 239
> 60 84 82
Total 549 538

4 Preprocessing

Using an energy-based trimming technique that
eliminates low-energy regions in relation to the
signal’s peak, we eliminate silence at the start and
finish of each audio file. The resulting waveform
is then resampled to 16 kHz and peak-normalized
by scaling each waveform to a fixed maximum
absolute amplitude (Labied et al., 2022).

4.1 Dataset splitting

The dataset is divided into training, validation, and
test sets using a stratified splitting strategy at the
patient level, with proportions of 60%, 20%, and
20%, respectively. In order to guarantee that these
demographic characteristics are evenly distributed
throughout splits, stratification is carried out ac-
cording to age group and sex (Xu and Goodacre,
2018).

4.2 Class balancing and data augmentation

The dataset is imbalanced with respect to the target
classes. To mitigate this effect during model learn-
ing, we apply class balancing on the training set
only. In our experiments, we use random oversam-
pling, duplicating minority-class recordings until
the class counts match those of the majority class.

In addition, to increase robustness to recording
variability, we apply waveform perturbations dur-
ing preprocessing for training examples selected
as augmented duplicates. Specifically, one of the
following transformations is sampled uniformly at
random: additive Gaussian noise, random gain per-
turbation, pitch shifting, or time stretching (Wei
et al., 2020). These operations are applied at the
waveform level prior to feature extraction.

4.3 Temporal windowing

We use a sliding-window approach to create fixed-
length segments because recordings vary in length.
Following previous literature, each waveform is
split into 4.0 s windows with a 2.0 s hop (Casanova
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et al., 2021), producing a variable number of seg-
ments depending on the length of the recording.
Recordings are zero-padded to 4.0 s if they are
shorter than the window length. Although seg-
ments from the same recording may overlap, win-
dowing is performed after splitting the dataset at
the patient level. This ensures that segments from
the same speaker are only present in one split, pre-
venting similar audio samples from appearing in
both training and test sets.

4.4 Noise injection

To further reduce sensitivity to background con-
ditions, we inject environmental noise by mixing
each window with a randomly selected noise sam-
ple drawn from a separate noise pool. This pool
consists of recordings collected in the same hospi-
tal environments as the patient data. The noise is
added to the signal with a randomly scaled ampli-
tude after being trimmed to the same length as the
window. The noise amplitude is randomly scaled
to simulate different noise levels while ensuring
that the added noise does not dominate or distort
the speech signal.

By using this technique, the model is prevented
from learning hospital background noise as a cue
for asthma, for example, or from linking back-
ground noise with the target labels. The model
is encouraged to concentrate on vocal and speech-
related information rather than environmental arti-
facts by changing background conditions indepen-
dently of the labels.

4.5 Time-frequency representations

For each window, the audio signal is converted into
a log-Mel spectrogram, a time-frequency represen-
tation that summarizes how the signal energy is
distributed over time and frequency. This represen-
tation is used as input to the neural models.

Figure 1 summarizes the full preprocessing
pipeline used in our experiments, from waveform
normalization and participant-level splitting to win-
dowing, augmentation, noise mixing, and feature
extraction.

5 Models

We use pre-trained convolutional neural networks
for audio classification, specifically the CNN10 and
CNN14 architectures, as proposed in the PANNs
framework (Kong et al., 2020). These models were
pre-trained on the AudioSet database (Gemmeke

et al., 2017), which contains over two million la-
beled audio clips corresponding to more than 5,000
hours of audio, and are widely used in prior work
as general-purpose audio feature extractors.

The networks take log-Mel spectrograms as in-
put and consist of a sequence of convolutional lay-
ers with pooling applied along the time and fre-
quency dimensions. A global pooling layer then
summarizes the features into a fixed-length vector
for classification.

For the downstream task, the resulting repre-
sentation is passed to a task-specific classification
layer. Instead of keeping the pre-trained backbone
fixed, we fine-tune all model layers during training.
This enables the learned representations to adapt
to the target dataset while still benefiting from the
information captured during pre-training.

We evaluate both CNN10 and CNN14 in order
to examine the effect of model complexity on clas-
sification performance in our experiments.

6 Experimental Setup

6.1 Task definition

We consider a binary classification task between
asthma and non-asthma. Each model takes a fixed-
length audio segment, converts it into a log-Mel
spectrogram, and outputs a prediction for one of
the two classes.

Performance is evaluated at two levels: (i) seg-
ment level, where each audio segment is classified
independently, and (ii) patient level, where predic-
tions from multiple segments belonging to the same
participant are aggregated to produce a single label
per patient. We aggregate segment predictions by
averaging the model outputs (logits) across all seg-
ments from the same participant and then taking
the argmax to obtain a single patient label.

6.2 Models and fine-tuning strategy

Using the CNN10 and CNN14 variants, we assess
pretrained convolutional audio models from the
PANN family. For classification, a MLP head with
two linear layers, dropout (Srivastava et al., 2014),
and ReLU activation is added.

All models are fine-tuned end-to-end on the
asthma classification task.

6.3 Optimization details

Training is implemented in PyTorch using Adam
with weight decay. Using a single learning rate
of 1 × 10−4 and weight decay of 1 × 10−4, we
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Figure 1: Overview of the audio preprocessing pipeline. Raw recordings are normalized and resampled, split at the
participant level into training, validation, and test sets, segmented into fixed-length windows, augmented and mixed
with environmental noise, and finally converted into time-frequency representations used as model inputs.

train for up to 50 epochs with batch size 16 and a
fixed train/validation/test split of 60/20/20. Early
stopping monitors validation, balancing accuracy
with ten epochs of patience. Dropout (p = 0.3) is
included in the MLP head.

6.4 Reproducibility
We fix random seeds and enable deterministic exe-
cution. All experiments are repeated with 10 seeds
and reported as mean ± standard deviation.

7 Results

Table 3 reports accuracy and balanced accuracy for
asthma vs. non-asthma classification at both seg-
ment and patient levels, reported as mean ± sam-
ple standard deviation across random seeds. Read
speech yields higher performance than sustained
vowels across models, with the strongest results
obtained by CNN14 on speech.

Table 4 provides clinical metrics (sensitivity,
specificity, and MCC) for all configurations, while
Table 5 reports ROC-AUC and PR-AUC. Consis-
tent with Table 3, speech-based models generally
show stronger discrimination than vowel-based
models.

Effect of pretraining (scratch baseline). We
trained a scratch baseline with the same CNN10
Speech configuration but randomly initialized
weights in order to separate the impact of extensive
audio pretraining. The pretrained CNN10 Speech
configuration outperforms the scratch model across
Tables 3–5, suggesting that pretraining enhances
generalization in this setting.

Patient-level ROC curves. Figure 2 visualizes
patient-level ROC curves averaged across 10 ran-

Figure 2: Patient-level ROC curves for the main speech-
based configurations.

dom seeds. Pretrained models achieve higher ROC-
AUC than the scratch baseline (Table 5), con-
firming the benefit of large-scale audio pretrain-
ing. CNN14 Speech achieves the highest ROC-
AUC among pretrained models, closely followed
by CNN10 Speech.

Statistical comparison (McNemar test). We use
McNemar’s exact test on paired patient-level pre-
dictions (Table 6). Speech vs. Vowel is significant
for both CNN10 and CNN14 (p < 0.001) and
pretrained vs. scratch, while CNN10 Speech vs.
CNN14 Speech is not (p = 0.454).

Bootstrap confidence intervals (patient level).
We estimate 95% bootstrap confidence intervals
(1,000 patient resamples) for patient-level accu-
racy and balanced accuracy (Table 7). CNN14
Speech achieves the highest mean balanced ac-
curacy, but its confidence interval overlaps with
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Table 3: Sample mean ± standard deviation across random seeds for accuracy and balanced accuracy in asthma vs.
non-asthma classification.

Model Input Segment Patient

Acc Bal Acc Bal

CNN10
Vowel 0.77 ± 0.03 0.77 ± 0.02 0.76 ± 0.03 0.76 ± 0.02
Speech 0.84 ± 0.02 0.80 ± 0.02 0.86 ± 0.01 0.81 ± 0.04
Speech (scratch) 0.73 ± 0.09 0.75 ± 0.04 0.73 ± 0.11 0.75 ± 0.05

CNN14 Vowel 0.73 ± 0.04 0.72 ± 0.03 0.73 ± 0.05 0.74 ± 0.03
Speech 0.84 ± 0.05 0.84 ± 0.02 0.85 ± 0.05 0.85 ± 0.03

Table 4: Sample mean ± standard deviation across random seeds for sensitivity, specificity, and MCC in asthma vs.
non-asthma classification.

Model Input Sens Spec MCC

CNN10

Vowel (Seg.) 0.77 ± 0.03 0.76 ± 0.03 0.49 ± 0.05
Vowel (Pat.) 0.75 ± 0.04 0.78 ± 0.03 0.46 ± 0.03
Speech (Seg.) 0.86 ± 0.03 0.73 ± 0.07 0.55 ± 0.03
Speech (Pat.) 0.90 ± 0.02 0.73 ± 0.09 0.61 ± 0.05
Speech (scratch, Seg.) 0.71 ± 0.14 0.78 ± 0.12 0.43 ± 0.07
Speech (scratch, Pat.) 0.72 ± 0.17 0.77 ± 0.13 0.45 ± 0.08

CNN14

Vowel (Seg.) 0.74 ± 0.07 0.71 ± 0.07 0.41 ± 0.06
Vowel (Pat.) 0.72 ± 0.07 0.75 ± 0.05 0.41 ± 0.06
Speech (Seg.) 0.84 ± 0.07 0.84 ± 0.06 0.60 ± 0.06
Speech (Pat.) 0.85 ± 0.07 0.85 ± 0.07 0.65 ± 0.07

Table 5: Sample mean ± standard deviation across ran-
dom seeds for ROC-AUC and PR-AUC in asthma vs.
non-asthma classification.

Model Input AUC PR-AUC

CNN10

Vowel (Seg.) 0.82 ± 0.02 0.92 ± 0.01
Vowel (Pat.) 0.82 ± 0.01 0.93 ± 0.00
Speech (Seg.) 0.91 ± 0.01 0.97 ± 0.00
Speech (Pat.) 0.91 ± 0.01 0.98 ± 0.00
Speech (scratch, Seg.) 0.84 ± 0.04 0.95 ± 0.02
Speech (scratch, Pat.) 0.85 ± 0.05 0.94 ± 0.03

CNN14

Vowel (Seg.) 0.80 ± 0.02 0.91 ± 0.01
Vowel (Pat.) 0.81 ± 0.02 0.93 ± 0.01
Speech (Seg.) 0.92 ± 0.01 0.98 ± 0.00
Speech (Pat.) 0.93 ± 0.01 0.98 ± 0.00

CNN10 Speech, indicating comparable perfor-
mance across the two pretrained models.

7.1 Fairness Analysis across Demographic
Groups

We evaluate potential demographic biases through
a subgroup analysis based on age and sex using
patient-level predictions, considering all model and
input configurations. Because basic voice char-
acteristics such as pitch and formant frequencies
differ between males and females, this may influ-
ence the acoustic patterns learned by the models,
motivating explicit evaluation across sex groups

Table 6: McNemar’s exact test on patient-level pre-
dictions (two-sided), aggregated across 10 seeds using
Fisher’s method.

Comparison (A vs. B) N Discordant p

CNN10 Speech vs. CNN10 Vowel 107 26.3 <0.001
CNN14 Speech vs. CNN14 Vowel 107 34.2 <0.001
CNN10 Speech (pretrained) vs. scratch 111 26.4 <0.001
CNN10 vs. CNN14 (Speech) 111 14.3 0.454
CNN10 vs. CNN14 (Vowel) 107 12.2 0.040

Table 7: Patient-level performance with 95% bootstrap
confidence intervals (1,000 patient-resamples). Values
are mean [95% CI] across 10 seeds.

Model Acc Bal. Acc

CNN10 Vowel 0.76 [0.68, 0.82] 0.76 [0.68, 0.84]
CNN10 Speech 0.86 [0.80, 0.91] 0.81 [0.73, 0.89]
CNN10 Speech (scratch) 0.74 [0.68, 0.79] 0.75 [0.68, 0.81]
CNN14 Vowel 0.73 [0.65, 0.79] 0.73 [0.65, 0.82]
CNN14 Speech 0.86 [0.80, 0.91] 0.86 [0.79, 0.91]

(Pépiot, 2015).
Participants were grouped by age into four bins

(≤30, 31–45, 46–60, >60 years) and by sex. For
each subgroup, we report classification accuracy.

Table 8 summarizes the results. Across both
models, performance varies with age, with lower
accuracy in the youngest groups and higher accu-
racy for participants aged 46 years and above. This

63



Figure 3: Patient-level balanced accuracy with 95%
bootstrap confidence intervals for all evaluated mod-
els. CNN10 and CNN14 speech-based models achieve
higher balanced accuracy than vowel-based models,
while overlapping confidence intervals indicate com-
parable performance across several configurations.

effect is particularly pronounced for the Speech
task, where both CNN10 and CNN14 achieve
higher accuracy in older groups but perform poorly
for younger participants. In contrast, the Vowel task
exhibits more stable performance across age ranges,
especially for CNN14, suggesting that sustained
phonation may be less sensitive to age-related
acoustic variability than read speech. However,
estimates for the youngest age group should be in-
terpreted with caution due to the small number of
patients. Accuracy across sex is similar, although
male participants are underrepresented, limiting
statistical strength.

Overall, no strong bias is observed across sex,
but the results indicate sensitivity to age differences
and limited sample sizes.

8 Discussion

This work shows that pretrained convolutional au-
dio models can effectively detect asthma from short
voice and speech recordings. In all experiments,
read speech outperformed sustained vowel phona-
tion. This suggests that continuous speech contains
richer information related to respiratory and phona-
tory behavior.

As mentioned in the Related Work section, pre-
vious studies have explored asthma detection from
voice using handcrafted acoustic features and tra-
ditional machine learning models, mainly based
on sustained vowels. Direct comparison with our
study is not feasible due to differences in datasets,
recording conditions, and languages. Nevertheless,
our results are consistent with prior work in show-

Table 8: Sample mean ± standard deviation across ran-
dom seeds for patient-level accuracy by age and sex
groups.

Model Input Group N Acc

Age groups

CNN10

Vowel

≤30 4 0.38 ± 0.13
31–45 9 0.84 ± 0.06
46–60 15 0.71 ± 0.04
>60 7 0.86 ± 0.12

Speech

≤30 4 0.33 ± 0.12
31–45 9 0.78 ± 0.13
46–60 16 0.94 ± 0.05
>60 8 0.99 ± 0.04

Speech (scratch)

≤30 4 0.38 ± 0.24
31–45 9 0.56 ± 0.23
46–60 16 0.75 ± 0.17
>60 8 0.80 ± 0.25

CNN14

Vowel

≤30 4 0.68 ± 0.24
31–45 9 0.77 ± 0.10
46–60 15 0.70 ± 0.13
>60 7 0.76 ± 0.12

Speech

≤30 4 0.38 ± 0.13
31–45 9 0.67 ± 0.20
46–60 16 0.89 ± 0.07
>60 8 0.94 ± 0.11

Sex

CNN10

Vowel Female 29 0.76 ± 0.03
Male 6 0.75 ± 0.04

Speech Female 30 0.87 ± 0.01
Male 7 0.81 ± 0.04

Speech (scratch) Female 91 0.74 ± 0.11
Male 20 0.71 ± 0.11

CNN14
Vowel Female 29 0.74 ± 0.05

Male 6 0.69 ± 0.08

Speech Female 30 0.86 ± 0.05
Male 7 0.83 ± 0.06

ing that asthma related information can be extracted
from vocal signals. While sustained vowels were
effective in earlier studies, our findings suggest that
read speech provides even better discrimination. In
contrast to these feature based approaches, we use
pretrained convolutional audio models, highlight-
ing the benefit of transfer learning.

When comparing architectures, CNN10 and
CNN14 exhibit comparable performance on read
speech, with CNN14 achieving slightly higher dis-
crimination metrics (e.g., ROC-AUC). This sug-
gests that increasing model complexity does not
necessarily yield consistent gains in accuracy in
this setting. Given the current dataset size and over-
lapping confidence intervals, both architectures ap-
pear suitable, with CNN10 offering a simpler alter-
native and CNN14 benefiting from higher capacity
in some metrics.

The comparison with a CNN10 trained from
scratch highlights the importance of transfer learn-
ing. The pretrained CNN10 outperformed the ran-
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domly initialized version, showing that large-scale
audio pretraining is helpful when training data is
limited. Even when the downstream task differs
from the original objective, pretraining improves
performance.

The fairness analysis showed differences across
age groups, with lower accuracy for younger par-
ticipants. This may be related to changes in
speech with age and to data imbalance between
groups. Performance across sex was more stable,
although the small number of male participants
limits stronger conclusions.

9 Conclusion

This work studied the use of pretrained neural au-
dio models for asthma detection from voice and
speech. By evaluating CNN10 and CNN14 models
on vowel and read speech recordings, we showed
that pretrained models perform better than mod-
els trained from scratch, highlighting the impor-
tance of transfer learning. The results also indicate
that read speech provides stronger information for
asthma detection than sustained vowels.

In addition, we analyzed performance at the pa-
tient level and across demographic groups. The
results were stable across sex but varied across age
groups, which emphasizes the importance of con-
sidering demographic factors in biomedical audio
models.

Overall, the results confirm that pretrained au-
dio models are a strong and effective approach for
asthma detection from voice and speech. This work
supports the potential of audio-based methods as
a non-invasive tool for respiratory classification
and motivates future studies with larger and more
diverse datasets.

Limitations

This study has limitations. The dataset is relatively
small and demographically imbalanced, which may
limit generalization. We also consider only binary
asthma classification, without severity or temporal
modeling.

Ethical Considerations

This work uses voice and speech data from hu-
man participants collected with informed consent
and handled in accordance with privacy and ethical
guidelines. The work was approved by the Ethics
Committee of Hospital (ommitted due to blind re-
view). The data were anonymized, and the models

are intended for research purposes only, not for
clinical decision-making. We also examined demo-
graphic effects to help identify potential biases and
support more responsible model development.
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