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Abstract

Breath sound analysis is one of the diagnostic approaches for various lung dis-
eases. However, traditional auscultation is subjective and dependent on the
physician’s experience. Recent studies have demonstrated that computer-assisted
methods analyzing these sounds can significantly improve the accuracy of diag-
nosis of the patient’s condition. However, the absence of a common basis for fair
comparison, limited use of patient metadata, and lack of interpretability make
these approaches difficult to adopt in clinical practice.
In the paper, we propose to utilize the benefits of the recent state-of-the-art
sound classification models, and a multimodal approach for respiratory disease
screening and diagnostics. To achieve this goal we use the Audio Spectrogram
Transformer (AST) model and a vision-language model (VLM) Moondream2.
We compare them with our previous work on DenseNet201 Convolutional Neural
Network (CNN). Proposed methodology allows a fair comparison of different
computer assisted methods for respiratory disease screening and diagnostics. The
training and evaluation of the models has been conducted using the same dataset
containing respiratory sound recordings and patient information.
The obtained results demonstrate that these transformer-based models can
serve as a basis for the development of computer-assisted methods for asthma
diagnosis, as well as for continuous and remote monitoring of patient condition.
In addition our approach enables interpretability of the model performance.
The achieved performance is much better than the best results of the physician’s
auscultation.
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1 Introduction

Respiratory diseases represent a significant portion of global morbidity and are a com-
mon cause of mortality. Bronchial asthma, in particular, affects up to 29% of the
population in various countries [6, 30], amounting to approximately 262 million people
worldwide and causing over 460,000 deaths annually [50]. It consistently ranks among
the top 30 conditions affecting all age groups [50]. Traditional diagnosis is based on a
comprehensive examination that includes anamnesis, spirometry, auscultation, X-ray,
and other tests. However, manual auscultation is subjective and strongly depends on
the physician’s experience [20, 31]. In addition, functional tests are difficult to perform
in young children, and access to specialized care is often limited in remote areas. Stud-
ies suggest that up to 30% of asthma patients may receive an incorrect diagnosis when
it is based solely on symptoms [47]. Continuous monitoring of the patient’s condition,
early prediction, and prevention of disease exacerbations (attacks) are important parts
of the treatment and management. Computer-assisted methods that utilize recordings
of respiratory sounds have already been applied to bronchial asthma diagnostics and
have demonstrated high diagnostic performance [4, 16]. These methods can be used for
both clinical diagnosis and remote monitoring of patients with asthma (telemedicine),
as well as for near-real-time assessment of treatment effectiveness.

In early computer-based diagnostic methods, respiratory sounds were analyzed
using signal-processing approaches, including spectral analysis, wavelet-based process-
ing [8, 14, 32, 48], and other.

Subsequently, machine learning methods based on Convolutional Neural Networks
(CNNs) have demonstrated considerable promise. Studies comparing various CNN
architectures (e.g., VGG, ResNet, DenseNet) for respiratory pathology diagnostics
reported accuracies ranging from 80% to over 90%, depending on the dataset and task
[4, 16, 25, 36]. The clinical diagnosis of asthma is based on a comprehensive medical
examination that includes the patient’s anamnesis and other contextual information
[18]. In our prior CNN pipeline, only the respiratory sound signal was used, and
structured patient metadata were not incorporated into the classifier [4].

However, comparing the results of these studies is difficult due to the lack of stan-
dardization in datasets and recording protocols. As noted in the recent review [43],
public datasets vary significantly in size, annotation quality (e.g., matching of respira-
tory sounds to clinical diagnosis), and heterogeneity in the sound recording systems.
For example, the performance of models trained on cough-centric datasets, such as
COUGHVID [35], cannot be directly compared to performance of models trained on
records of breath sounds.

Recent reviews highlight a rapidly expanding set of respiratory sound datasets and
machine learning (ML) approaches [43]. Xia et al. (2022) [52] analyzed 11 datasets
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and reported that traditional ML methods typically achieve the diagnostic accuracies
of 75-82%, while deep learning models trained on larger datasets and spectrogram
representations of respiratory sound records reach the accuracy of 85-90%. During
the COVID-19 pandemic, attention shifted toward cough-centered analyses, which
increased the number of published datasets (e.g., COUGHVID and Coswara) but
reduced the emphasis on creating breathing sound datasets [9, 35, 44]. Existing public
datasets, such as ICBHI 2017 [42] and HF Lung [22], often focus on detecting sound
events such as crackles and wheezes rather than nosological diagnosis, or they are
limited by specific recording equipment.

Recent studies have begun to apply transformer-based models to the analysis of
respiratory sounds. Aljaddouh et al. (2024) [1] used the Vision Transformer (ViT)
model for multi-class classification of respiratory spectrograms of patients with respi-
ratory conditions and reported an accuracy of 91%. For multimodal integration, Tang
et al. (2022) [46] combined cough audio with patient metadata using a hierarchical
multimodal transformer for COVID-19 detection.

Despite these advances, research using transformers specifically focused on asthma
diagnosis based on breath sound analysis remains limited, and the role of structured
clinical context has not been systematically assessed.

In the paper, we propose to utilize the benefits of the recent state-of-the-art sound
classification model and a multimodal approach for respiratory disease screening and
diagnostics. To achieve this goal we use the Audio Spectrogram Transformer (AST)
model[19], and a vision-language model (VLM) Moondream2[26]. The AST model is
sound-only. The Moondream2 is a multimodal vision-language model that combines
spectrograms with structured patient metadata. To ensure a fair comparison, we use a
controlled internal baseline. In our previous work on the dataset [4], DenseNet201 [24]
showed high sensitivity for respiratory sound classification. In the present study, we
use that DenseNet201 result as a reference point and compare it with two transformer-
based models on the same dataset.

We address two objectives: (i) adapt the Audio Spectrogram Transformer for res-
piratory sound classification in the “Asthma vs Not Asthma” task domain; and (ii)
evaluate Moondream2 as a multimodal model that combines spectrograms with struc-
tured patient metadata (age, sex, recording site). The second approach is intended to
mimic the clinical decision-making process in which diagnosis depends on analysis of
both the breath sound signal and the patient’s anamnesis.

For the “Asthma vs Not Asthma” task, Moondream2 demonstrates quantitative
performance comparable to that of the DenseNet201 CNN baseline, with 86.5% accu-
racy, 96.0% sensitivity, 77.0% specificity, an F1-score of 87.7%, and a Youden index
of 0.730. It was shown that the incorporation of structured patient metadata directly
into the inference process using structured JavaScript Object Notation (JSON) out-
puts increases the Moondream2 quantitative performance. By training and evaluating
the models on a supervised dataset, we demonstrated that AST clearly outperforms
both Moondream2 and the established DenseNet201 CNN baseline. For the “Asthma
vs Not Asthma” task, AST achieved 98.7% across accuracy, sensitivity, specificity, and
F1-score, and a Youden Index of 0.974.
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The obtained results demonstrate that these transformer-based models can serve
as a basis for the development of computer-assisted methods for asthma diagnosis,
as well as for continuous and remote monitoring of patient condition. In addition our
approach enables interpretability of the model performance. The achieved performance
is much better than the best results of the physician’s auscultation.

2 Dataset

In this study, we used an anonymized dataset collected at the Regional Children’s Clin-
ical Hospital of Perm Krai (Perm, Russia), as described in previous work [4, 13, 15, 16].
The protocol was approved by the Ethics Committee of Perm State Medical Univer-
sity and followed the Declaration of Helsinki [7]. The full dataset includes records
and information on 1371 participants (aged 0–47 years), including healthy volunteers
and patients with confirmed respiratory diseases. Asthma was diagnosed according to
GINA guidelines [18]. The dataset is the institutional property of Perm State Medi-
cal University and is available upon request from the designated institutional contact.
Inclusion criteria for patients required a confirmed diagnosis of respiratory disease;
for volunteers - the absence of acute respiratory infection at the time of recording.
Informed consent was required for both patients and volunteers. Each audio recording
is accompanied by clinical annotations and structured metadata (sex, age, recording
location, diagnosis, recording date, and quality flags), which allows us to perform the
multimodal experiments (diagnosis) described below. A more detailed description of
the data collection protocol and metadata schema is available in [4].

To maintain compliance with regulatory requirements, access to the dataset is
managed by Perm State Medical University. The dataset is provided to institutions
upon request. Requests for access should be directed to Sergey Malinin at info@mstek.
ru.

Respiratory sound recordings were performed during quiet breathing at four
anatomical points (mouth, trachea, right second intercostal space, and right paraverte-
bral area). Each recording lasted several breathing cycles, averaging about 25 seconds
(minimum 16 seconds). Data were collected using various hardware ranging from spe-
cialized computerized systems with external microphones and electronic stethoscopes
to mobile phones. These systems ensure amplitude-frequency linearity in the 100–3000
Hz range and have been validated in prior technical and clinical studies [13, 15, 16, 41].
Sampling rates varied from 22 kHz to 96 kHz. Original files were stored as WAV, MP3,
or M4A and were harmonized to WAV during preprocessing. The dataset includes
clinician-assigned quality labels and automated technical defect flags, which were used
to filter out defective recordings during preprocessing [4].

During preprocessing, recordings were trimmed, normalized, and segmented into
clips of fixed length [4]. Both 10-second and 5-second clips were evaluated. The 5-
second setting did not reduce classification quality while increasing the number of
training examples and improving the temporal localization of short respiratory events.
It also aligned the experiments with the 5-second clip format used in the reference
implementations and datasets that the reference implementations were trained on,
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Table 1 Dataset summary

Metric Details

Total number of recordings 1,613
Sex distribution F (542), M (1,071)
Age distribution 0–47 years
Conditions Asthma (1,113),

Healthy (133),
Other pathologies (367)

Recording points Trachea (˜60%),
Chest,
Back,
Mouth

such as ESC-50 [39]. Therefore, 5-second clips that were sequentially extracted from
the central part of each recording were used in the final experiments [4, 39].

The 1613 recordings include multiple recordings and multiple recording points
per patient. Tracheal recordings dominate (about 60%), followed by chest, back, and
mouth. Recording sources include specialized systems (878 recordings), mobile phones
(345), remote web collection (85), and standard computers (63), with 242 record-
ings lacking source metadata [4]. The dataset is single-center, which reduces device
variability but limits external validity.

Table 1 summarizes the dataset characteristics. Other pathologies in the dataset
include cystic fibrosis, recurrent obstructive bronchitis, pneumonia, and bronchopul-
monary dysplasia [4].

3 Models and fine-tuning

3.1 Audio spectrogram transformer model

The possibility of applying CNN models for asthma diagnostics was studied in our
previous work using the DenseNet201 CNN architecture [4]. In this pipeline, respira-
tory sounds were converted into two-dimensional mel-spectrograms, where time and
frequency information are represented as an image.

Within this framework, here we evaluate all models using spectrograms of the same
breath sound recordings.

The source code of the implementation accompanies the paper and is available at
https://github.com/Ben-Gurion-University-Lab/transformers-paper [3].

The AST model [19] is a transformer-based model designed for spectrogram anal-
ysis. It is largely based on the ViT architecture [12]. The input two-dimensional
spectrogram is split into small patches, which are then linearized and passed through a
transformer encoder with positional embeddings. A special class token is added, and its
output is used for classification, following the same general principle as Bidirectional
Encoder Representations from Transformers (BERT) [11].

AST is based on transfer learning from a ViT pretrained on ImageNet [10]. In the
original AST implementation, these weights are further adapted on AudioSet [17], a
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large sound dataset. In this study, we use publicly available AST weights obtained
through this pretraining pipeline. The model was selected because it showed strong
reported results on ESC-50, reaching 95.6% accuracy [39].

The AST model is larger than DenseNet201 but still moderate in size for a trans-
former model, with about 87 million parameters in the reference implementation. Since
the medical dataset is limited, to reduce overfitting, during training we used increased
weight decay, gradient clipping, low learning rate with warmup, and early stopping
when metrics stagnated.

To maintain clinical validity, extensive audio augmentation, such as noise injection,
time shifts, or pitch shifts, was avoided.

3.2 Moondream2 vision-language model

For the multimodal experiment, we selected Moondream2 [26], a compact vision-
language model (VLM). The Moondream2 architecture combines a vision encoder
based on the ViT with a language model based on Phi [27]. Its size of about 1.9B
parameters makes it substantially smaller than many VLMs available at the time of
the research, which made it a practical candidate for experiments that may later tar-
get clinical deployment on standard hardware. As input the model expects a 3-channel
image, usually a red, green, blue (RGB) image, together with a text prompt.

Respiratory sounds were converted to mel-spectrograms using the approach
described in [4]. Unlike standard spectrograms with a linear frequency scale, mel-
spectrograms use a non-linear scale that better imitates human hearing. The spectra
were computed in the 0-8 kHz frequency range using 128 mel coefficients. To build
a three-channel input for the vision encoder, each audio clip was converted into a
pseudo-RGB image in which the three color channels correspond to mel-spectrograms
computed with different analysis window sizes: short (25 ms), medium (100 ms),
and long (175 ms). Unlike the DenseNet201 pipeline, which used three-channel mel-
spectrograms normalized to [0,1] value range, the Moondream2 pipeline uses Tagged
Image File Format (TIFF) RGB images in the standard [0,255] value range to describe
pixel intensity. Figure 1 shows an example input image.

In addition to the visual input, the model receives structured text metadata (sex,
age, recording point) and a short instruction (task text) that explicitly asks the model
to produce a diagnosis from the spectrogram. The structured prompt used in the
experiments is shown in Figure 2.

Two prompt formats were tested: natural language and JSON-like structured text.
Pilot runs on a balanced subset showed no measurable difference in classification
accuracy, so the structured format was chosen because it simplifies automatic parsing
of model outputs during evaluation (Figure 2).

The Moondream2 experiments used a balanced sample containing 200 persons: 100
patients with asthma and 100 without asthma (both healthy and with other respiratory
diagnoses). The split into training and test sets was stratified to preserve class balance
and to avoid clip overlap between training and evaluation.

The model was fine-tuned for the target classification task. Because pre-trained
weights on large-scale image and text datasets are openly available, transfer learning
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Fig. 1 Example spectrogram input in TIFF format

was used to reduce computational cost. The fine-tuning was performed using the
Low-Rank Adaptation (LoRA) [23] method.

The LoRA method keeps the original model weights frozen and adds a small set
of trainable low-rank matrices (called adapters) to selected layers. This reduces mem-
ory requirements while preserving most of the pretrained model. In our setup, these
adapters were introduced into the query/value projection layers (Wqkv and out proj)
in the language model, the intermediate multi-layer perceptron (MLP) blocks (fc1
and fc2), and the proj layer that maps visual features into the language embedding
space.

Adapter parameters accounted for about 3.8% of the total parameter count, keep-
ing the trainable footprint small relative to full fine-tuning. The final classifier head
and embeddings were unfrozen and trained along with the adapters.

Training ran for 3 epochs (125 batch iterations) with a batch size of 30 and the
Adam optimizer in 8-bit mode to reduce memory usage. Training was performed
on an Nvidia V100 graphics processing unit (GPU). A cosine learning rate schedule
with a short warmup was used. During evaluation, the model produced a JSON-
formatted diagnosis (e.g., {"diagnosis": "asthma"}); outputs were normalized for
JSON validity and compared with reference labels.
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Data preparation
Convert clips

to mel-spectrograms

Trained model

1. Load or create a respiratory sound recording
2. Trim, crop, normalize and segment

{JSON inference result}

Prepare annotation prompt

1. Query patient data from the database
2. Structure the prompt per VLM format

{
    "task": "Write a diagnosis for this patient by analyzing the respiratory sound spectrogram.",
    "patient_sex": "M",
    "patient_age": 9,
    "record_point": "posterior thoracic rib",
    "spectrogram_bins_width": "[0.025, 0.1, 0.175]"
}

{"diagnosis": "asthma"}

Fig. 2 Moondream2 inference pipeline from spectrogram and prompt to JSON output

3.3 Evaluation method and metrics

Computer-assisted analysis of breath sounds was performed at Ben-Gurion Univer-
sity of the Negev (Israel). The software was implemented in Python using NumPy
[21], librosa [29], SciPy [49], scikit-learn [38], PyTorch [37], the Hugging Face Trans-
formers library [51], and the Python standard library. All tools used in the study are
open-source software distributed under permissive licenses. AI assistants used dur-
ing research code maintenance included OpenAI GPT-4o [33], OpenAI GPT-4.1 [34],
Qwen3-235B-A22B-Instruct-2507 [40], and Claude Sonnet 4 [2].

All models were evaluated as binary classifiers for the “Asthma vs Not Asthma”
task. Predictions were compared with reference diagnostic labels. The same metric set
was used to compare the AST, Moondream2, and DenseNet201 models.

Given the TP (True Positive) is the number of asthma recordings correctly clas-
sified as asthma, FN (False Negative) is the number of asthma recordings classified
as non-asthma, TN (True Negative) is the number of non-asthma recordings cor-
rectly classified as non-asthma, and FP (False Positive) is the number of non-asthma
recordings classified as asthma. Then sensitivity was calculated as TP / (TP + FN),
specificity as TN / (TN + FP), and accuracy as (TP + TN) / (TP + FP + TN
+ FN). F1-score was calculated as the harmonic mean of precision and sensitivity,
where precision is TP / (TP + FP). The Youden index was calculated as sensitivity
+ specificity - 1.

Sensitivity and specificity were reported because the task is diagnostic: the first
metric measures asthma cases missed by the classifier, and the second metric measures
non-asthma cases incorrectly classified as asthma. F1-score combines precision and sen-
sitivity for the asthma class. The Youden index summarizes the sensitivity-specificity
balance in a single value.
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Table 2 Diagnostic metrics for the ”Asthma vs Not Asthma” task (diagnostics)

Model Accuracy, % Sensitivity, % Specificity, % F1-score, % Youden Index

DenseNet201 87.0 88.0 86.0 87.1 0.740
AST 98.7 98.7 98.7 98.7 0.974
Moondream2 86.5 96.0 77.0 87.7 0.730

4 Results

4.1 Result comparison

All results reported below are for the “Asthma vs Not Asthma” task. For this task,
the AST model achieved the best overall performance. In terms of accuracy, sensi-
tivity, specificity and F1-measure, the model achieved an accuracy of 98.7%, and the
Youden index was 0.974 (test split contained 153 recordings of patients and healthy
volunteers). These values indicate a clear improvement over the DenseNet201 CNN
baseline evaluated on the same dataset (Table 2).

After fine-tuning, the Moondream2 model achieved lower performance than the
AST model but remained competitive with the DenseNet201 CNN baseline (Table
2). For the best checkpoint, the “Asthma vs Not Asthma” task yielded an accuracy
of 86.5%, sensitivity of 96.0%, specificity of 77.0%, F1-score of 87.7%, and a Youden
Index of 0.730.

The DenseNet201 checkpoint developed in our previous work [4] serves as the
internal baseline for the same dataset and task. Its metrics were 87.0% accuracy, 88.0%
sensitivity, 86.0% specificity, 87.1% F1-score, and a Youden Index of 0.740. Table 2
and Figure 3 summarize the results for DenseNet201, AST, and Moondream2.

DenseNet201 AST Moondream2
0.4

0.5

0.6

0.7

0.8

0.9

1.0

M
et

ric
s

0.870

0.987

0.8650.880

0.987
0.960

0.740

0.974

0.730

Model Performance Comparison (Asthma vs Not Asthma)

Baseline DenseNet201 accuracy (0.87)
Accuracy
Sensitivity
Youden Index

Fig. 3 Model performance comparison for the “Asthma vs Not Asthma” task (diagnostics)

The AST model outperformed both alternative models on this task. DenseNet201
and Moondream2 were close in accuracy, but their error profiles differed: Moondream2
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showed higher sensitivity and lower specificity, whereas DenseNet201 remained more
balanced.

4.2 The role of metadata

Selective removal of certain textual information demonstrated that the text input is
highly important for stable inference of the Moondream2 model in our setup.

Removing the technical text block defining spectrogram parameters (e.g., bin
widths) resulted in a decrease in accuracy to 67%, though the model retained partial
predictive capacity.

Removing the patient information block (patient age, sex, recording point) caused
a collapse of the classifier, producing 100% false negatives for asthma. In this con-
figuration, the model relied on the text conditioning to reach a stable decision
boundary.

4.3 Computational efficiency and clinical use

DenseNet201 (about 20M parameters) required fractions of a second on the GPU and
roughly 2-5 seconds on the central processing unit (CPU). In our measurements, AST
(about 87M parameters) also produced results within a few seconds on the CPU,
with sub-second inference on the GPU. Moondream2 required about 1.8 seconds per
5-second clip on the CPU and less than 0.5 seconds on the GPU.

In a real clinical workflow where interaction with the patient is involved, collecting
patient metadata, recording a respiratory sample, checking signal quality, and repeat-
ing the recording if needed take substantially longer than the model inference. In this
context, a processing time below 5 seconds per clip is compatible with practical use
during a clinical visit.

5 Discussion

5.1 Interpretability and analysis model inference

Interpretability is an important consideration for clinical applications. For DenseNet
and other CNNs, Grad-CAM [45] can produce heatmaps that highlight spectrogram
regions most responsible for the predicted class. These visualizations can indicate
frequency bands and time intervals that drive a diagnosis. For AST, Grad-CAM is not
directly applicable due to the absence of convolutional layers. Instead, attention map
analysis can be used. AST splits the spectrogram into patches. By averaging attention
matrices across heads, a two dimensional attention map can be reconstructed. This
can show which time-frequency regions contribute most to the class token. Figure
4 shows two processing paths for the same spectrogram sample: one processed with
the DenseNet201 CNN and visualized with Grad-CAM, and the other processed with
AST and visualized with an attention map. The horizontal lines mark the frequency
band where both spectrogram-only models show increased activation, approximately
in the 800-1800 Hz range around the third breath cycle. For VLMs, interpretability
can be enhanced by generating not only a diagnosis but also a textual rationale (e.g., a
description of detected wheezes). Implementing this requires additional training data
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Fig. 4 Interpretability via visualization: Grad-CAM heatmap and activation map overlays on a
spectrogram

with detailed expert annotations (e.g., time-aligned descriptions of specific acoustic
events or data derived from other clinical modalities). This shifts the task toward data
annotation.

5.2 AST versus Moondream2

The comparison between AST and Moondream2 is an important aspect of the inter-
pretation of the study. AST uses only respiratory sound information encoded as a
spectrogram, whereas Moondream2 uses a similar spectrogram together with struc-
tured patient metadata. Despite the additional clinical context, the multimodal
formulation did not outperform the specialized sound-only transformer.

This result does not imply that multimodal modeling is unhelpful for respiratory
diagnostics. One plausible explanation is that the image-based encoder in a compact
VLM is less well matched to respiratory spectrograms than a model designed specif-
ically for sound classification. A related bottleneck in the visual part of a VLM has
been discussed in another application domain by Liu et al. [28], so it is reasonable to
treat the same mechanism here as a working hypothesis rather than as an established
explanation. Under this interpretation, the main limitation is not the use of metadata
itself but the mismatch between an image-based encoder and respiratory sound data.

This observation suggests a clear direction for further work: combine structured
patient metadata with an audio-native encoder rather than with a generic vision
encoder. A hybrid architecture built around the AST model or a similar sound-
specialized transformer may preserve the gains of multimodal inference without
sacrificing the quality of spectrogram analysis.
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6 Conclusion

To develop computer-assisted methods for asthma diagnostics, we evaluated Moon-
dream2, a vision-language model, and the Audio Spectrogram Transformer model
and compared them with a DenseNet201 CNN baseline. For training and evaluating
models, the same dataset containing respiratory sound recordings and patient infor-
mation was used. Moondream2 demonstrates quantitative performance comparable to
that of the DenseNet201 CNN baseline, with 86.5% accuracy, 96.0% sensitivity, 77.0%
specificity, an F1-score of 87.7%, and a Youden index of 0.730 (Table 2 and Figure 3).

It was shown that structured patient metadata can be incorporated directly into
the inference process while producing structured JSON outputs. This incorporation
increases the quantitative performance of Moondream2. By training and evaluating
the models on a supervised dataset, we demonstrated that AST clearly outperforms
both Moondream2 and the established DenseNet201 CNN baseline. For the “Asthma
vs Not Asthma” task, AST achieved 98.7% across accuracy, sensitivity, specificity, and
F1-score, and a Youden Index of 0.974.

The achieved performance exceeds the sensitivity of physician lung auscultation
reported in the literature, where sensitivity for obstructive lung disease is around 30%
and specificity is around 90% [5].

The multimodal formulation remains valuable as a proof of concept and points
toward a natural next step: combining structured patient metadata with an audio-
native encoder.

The limitations of this study are mainly related to the scope of the multimodal
experiment. Moondream2 was only given the structured clinical context available in
the dataset: sex, age, and recording point. Other data that can be important for
asthma diagnosis, such as spirometry, allergy status, blood test results, symptom his-
tory or smoking status for adults, were not available. Also the multimodal experiment
used Moondream2 which uses a generic vision encoder, while AST is designed for
spectrogram analysis.

The results demonstrate that transformer-based models can serve as a basis for
the development of computer-assisted methods for asthma diagnosis, as well as for
continuous and remote monitoring of patient condition.
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