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Abstract: The automatic diagnosis of respiratory diseases using lung sound recordings has attracted growing attention
due to advances in machine learning and the increasing availability of open-access respiratory databases. How-
ever, many studies in the field report near-perfect results that are difficult to reproduce and seldom translate to
real-world clinical contexts and applications. In this work, we present a reproducibility case study in which
we replicate a published deep learning model for pulmonary disease classification based on convolutional
and recurrent neural networks, by reproducing the original methodology and correcting its methodological
flaws—most notably, the presence of data leakage arising from patient overlap between training and testing
sets—we demonstrate that previously reported results were overly optimistic. By enforcing patient-level data
separation, we observed a significant drop in the model’s performance, suggesting limited generalization. This
study highlights the importance of transparent and reproducible research practices, rigorous experimental eval-
uation setups, and the development of cross-database and domain-adaptive models to ensure clinically reliable
and generalizable computer-aided diagnostic systems for respiratory sound analysis.

1 INTRODUCTION

Respiratory diseases remain one of the leading causes
of morbidity and mortality worldwide, accounting
for a substantial burden on healthcare systems and
significantly lowering patients’ quality of life. In
fact, these diseases represent one of the biggest
health concerns around the globe, causing one-sixth
of all deaths worldwide (World Health Organization
(WHO), 2024). Conditions such as chronic obstruc-
tive pulmonary disease (COPD), asthma, bronchiec-
tasis, and lower respiratory tract infections are preva-
lent across all age groups and frequently lead to hos-
pital admissions and long-term disability. Therefore,
early detection and continuous monitoring of respira-
tory pathologies are crucial to enable timely clinical
intervention and management, ultimately improving
patient outcomes (Marques et al., 2013).
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Despite clinicians using multiple techniques to di-
agnose subjects with respiratory diseases, including
spirometry, medical imaging, and laboratory screen-
ing, traditional auscultation remains widely used,
largely because of its ease of use, non-invasiveness,
and accessibility. Through auscultation, it is possible
to extract relevant information on the physiological
context of the lungs and upper airways and analyze
their acoustic patterns. While having many positive
aspects, auscultation also presents significant draw-
backs, as it is inherently subjective and depends on the
clinician’s experience, hearing acuity, and environ-
mental conditions (Pessoa, 2025; Pessoa et al., 2022).
Moreover, the lack of a quantitative, reproducible as-
sessment limits its reliability, especially for longitudi-
nal monitoring and large-scale screening. These limi-
tations have motivated the development of computer-
aided auscultation systems that combine acoustic sig-
nal processing with machine learning to provide ob-
jective, automated evaluation of respiratory sounds.

Recent advances in artificial intelligence (AI) and
deep learning (DL) have further accelerated progress



in this field. By learning discriminative patterns di-
rectly from data, AI-based models can effectively
capture subtle acoustic features associated with spe-
cific pathologies. Audio-based respiratory disease
differential diagnosis, or screening, can be formulated
as a classification task, with respiratory sounds as in-
put and a categorical prediction of the trained respira-
tory conditions as output (Xia et al., 2022).

In the literature, this pathology-driven classifica-
tion has been addressed by either classifying complete
respiratory-sound audio recordings or solely classi-
fying chunks of complete recordings, such as iso-
lated breathing cycles (namely, using the RSD (Rocha
et al., 2018; Rocha et al., 2019)). Despite the promis-
ing results reported in recent years, many studies
on the automated diagnosis of respiratory diseases
still suffer from significant methodological limita-
tions that compromise the validity and reproducibility
of their findings. One major problem is the improper
splitting of data between sets, with recordings from
the same patient appearing in both the training and
test sets, a phenomenon known as data leakage. This
approach leads models to focus on individual acous-
tic patterns rather than specific features related to the
diseases themselves. This, in turn, will lead to overly
optimistic results that do not translate well when the
models are tested in new patients.

Another methodological concern arises from us-
ing data augmentation on both the training and test
sets (as in (García-Ordás et al., 2020)), which can fur-
ther exacerbate leakage and artificially inflate evalu-
ation metrics. There are also biases that arise from
including only specific patient groups without proper
reasoning, which might influence the results due to
the significant heterogeneity between subjects. More-
over, in general, many studies lack clear details about
the methodologies used, making it very difficult for
the research community to replicate and validate the
findings accurately.

All these inconsistencies emphasize the impor-
tance of rigorous data splitting methods, patient-
independent, transparent, and reproducible experi-
mental processes, and openly shared implementa-
tions. In this article, our primary goal is to develop
a case study in which we identify a methodologically
flawed article and reproduce its methodology, includ-
ing its flaws and the corresponding rectifications.

2 MATERIALS AND METHODS

In this section, we present the methodological steps
associated with replicating the paper “Recognition of
pulmonary diseases from lung sounds using convolu-

tional neural networks and long short-term memory"
(Fraiwan et al., 2021a). In particular, our analysis will
focus on the impact of data leakage problems and pa-
tient selection.

2.1 Dataset

The paper combines two datasets, the Respiratory
Sound Database (RSD) (Rocha et al., 2018; Rocha
et al., 2019) and a dataset containing locally recorded
stethoscope lung sounds acquired at King Abdul-
lah University Hospital (KAUH), in Jordan (Fraiwan
et al., 2021b). Table 1 summarizes the demographic
information for each dataset, categorized by six pul-
monary conditions: Healthy/Normal, Asthma, Pneu-
monia, Bronchiectasis, COPD, and Heart Failure

For both the KAUH and the RSD datasets, demo-
graphic details include the number of subjects (cat-
egorized by gender), mean age with standard devia-
tion, and the total number of recordings. The KAUH
database consists of 301 recordings from 103 sub-
jects, and the RSD contains 920 recordings from 110
subjects.

2.2 Article Overview

In the paper “Recognition of pulmonary diseases
from lung sounds using convolutional neural net-
works and long short-term memory", the authors pro-
posed a two-stage pipeline for the automatic classifi-
cation of respiratory disease: preprocessing and train-
ing/classification. The preprocessing stage aimed to
improve signal quality and standardize the data. Sig-
nals were resampled to 4 kHz and segmented into
5-second windows. Noise reduction was achieved
through one-dimensional wavelet smoothing, and
displacement artifacts were removed using robust
LOESS regression (rLOESS). Finally, z-score nor-
malization was applied to standardize the signals.

The proposed architecture is presented in Figure 1.
It combines convolutional and recurrent layers to clas-
sify pulmonary diseases. The CNN layers extract spa-
tial features, while the BDLSTM layers capture and
model their temporal dependencies. Besides the pro-
posed model, the authors have also considered using
solely a BDLSTM network or a CNN network.

The authors utilized a 10-fold cross-validation
scheme for model evaluation. This approach divides
the dataset into ten subsets, iteratively using one sub-
set for testing and the remaining nine for training.
However, the paper does not explicitly state whether
recordings from the same patient were ensured to
remain exclusively in either the training or valida-
tion sets. This omission raises concerns about po-



Table 1: Demographic information of the subjects.

Dataset Category Normal Asthma Pneumonia BRON COPD HF

KAUH

Number of subjects 35 (24 M, 11 F) 32 (15 M, 17 F) 5 (3 M, 2 F) 3 (2 M, 1 F) 9 (8 M, 1 F) 19 (10 M, 9 F)

Age (mean ± SD) 43±20 46±16 56±10 37±27 57±10 59±19

Number of recordings 110 88 18 6 23 56

RSD

Number of subjects 26 (13 M, 13 F) 1 (1 F) 6 (3 M, 2 F) 13 (6 M, 7 F) 64 (48 M, 16 F) N/A

Age (mean ± SD) 12±20 70 62±29 25±21 69±8 N/A

Number of recordings 135 4 148 116 779 N/A

Figure 1: Model architecture (Adapted from (Fraiwan et al.,
2021a)).

tential data leakage, where the model may inadver-
tently learn patient-specific characteristics. The per-
formance of the proposed models was evaluated using
metrics such as accuracy, precision, recall, F1-score,
and specificity, along with the combined confusion
matrix for all folds.

The CNN+BDLSTM model demonstrated very
good performance, achieving near-perfect classifica-
tion rates across all six pulmonary conditions. As
shown in Figure 2 (c), the model correctly clas-
sified 98.8% of Healthy/Normal cases, 95.6% of
Asthma, 98.8% of Pneumonia, COPD with 99.0%
accuracy, while Bronchiectasis and Heart Failure
achieved 100% accuracy.

While the reported metrics indicate outstanding
performance, concerns about potential data leakage
from improper handling of patient-level splits during
k-fold cross-validation must be addressed. Without
ensuring that data from the same patient did not ap-
pear in both training and test sets, the results may
overestimate the model’s generalization capabilities.
Additionally, there appears to be cherry-picking, as
10 patients were removed from the RSD without ex-
planation or specification of which patients were re-
moved.

2.3 Article Replication

The replication process consisted of two main phases.
The first phase involved replicating the methodology

exactly as described in the previous section, with data
leakage. Preprocessing techniques, such as resam-
pling, denoising, and data normalization, were im-
plemented, and the CNN + BDLSTM model was
trained using identical hyperparameters and architec-
ture. Its performance was evaluated using 10-fold
cross-validation, without accounting for patient iso-
lation across folds.

The second phase used patient-level splits to eval-
uate the impact of data leakage on the model’s per-
formance. Changes were made to the cross-validation
procedure to ensure that patient data was completely
isolated, simulating a scenario without data leakage.
This scenario better resembles a realistic one, since
the model is normally intended to be deployed in pa-
tients different from those whose data were used to
train it.

3 RESULTS

As stated in the previous section, the article replica-
tion consisted of reproducing the article’s results, both
with and without accounting for patient isolation dur-
ing data splitting. The performance metrics for the
first phase, without patient isolation, are presented
in Table 2. Despite achieving significant accuracy
(83.52%) and high recall and precision for specific
classes, these values are lower than those reported
by the authors. Specifically, lower performance was
observed for Bronchiectasis and Pneumonia, which
tended to be misclassified as the most represented
class, COPD. Figure 3 shows the combined confu-
sion matrix of all folds obtained without patient iso-
lation. The limited information on the class balance
in each fold may explain the performance differences
between the replication and the original study. COPD
is prevalent in the dataset; therefore, the train/test sets
of each fold may contain a significant percentage of



Figure 2: Confusion matrix results for the different models (Adapted from (Fraiwan et al., 2021a)).

that class, since there is no specification regarding the
10-fold cross-validation stratification.

Figure 3: First phase results confusion matrix.

The second phase used patient-level splits to eval-
uate the impact of data leakage on model perfor-
mance. Changes were made to cross-validation to en-
sure that data from a given patient was completely iso-
lated, simulating a scenario without data leakage. The
performance metrics obtained in this phase are pre-
sented in Table 3. Figure 4 shows the corresponding
confusion matrix for all folds. When comparing with
previous results, where patient data were split sepa-
rately, we observe a significant impact on model per-
formance, highlighting the importance of eliminating
data leakage. In fact, all evaluation metrics dropped
considerably compared to the first phase, indicating a
more realistic evaluation scenario.

The analysis of the confusion matrix in Figure 4
reveals a higher misclassification rate between simi-
lar respiratory pathologies. Bronchiectasis and Pneu-
monia, for example, were frequently misclassified as
COPD, reflecting the similarity and overlap in their
acoustic characteristics, which make accurate dis-
crimination more difficult when patient-level isolation
is applied. This highlights the importance of prevent-

ing data leakage and implementing robust validation
methodologies for accurate performance evaluation,
leading to a more reliable and clinically relevant ap-
proach.

Figure 4: Second phase results confusion matrix.

4 DISCUSSION AND
CONCLUSION

This study presented a reproducibility analysis of
a published work on automated respiratory disease
classification using lung sound recordings (“Recog-
nition of pulmonary diseases from lung sounds using
convolutional neural networks and long short-term
memory"). By replicating the original methodology
and addressing its methodological shortcomings, we
demonstrated the substantial impact that data leak-
age and patient overlap between training and test-
ing sets can have on model performance, system-
atically leading to overly optimistic results. When
the same patients were present in both subsets, the
model achieved higher performance values, consis-
tent with the results reported in the original paper.



Table 2: Performance results of the first phase (considering 10-fold cross-validation without patient-isolated folds - data
leakage).

Class Recall (%) Precision (%) Specificity (%) F1 Score (%) MCC Support
Asthma 87.9 83.3 98.4 85.5 0.820 91

Bronchiectasis 15.0 81.8 98.2 25.3 0.230 120
COPD 96.3 77.5 75.6 85.7 0.763 804

Heart Failure (HF) 78.5 89.8 98.5 83.7 0.818 56
Healthy/Normal 98.3 92.0 98.9 95.0 0.915 244

Pneumonia 23.2 70.9 97.6 34.8 0.331 168
Macro Avg 66.5 82.9 94.5 68.4 0.646 -

Global Accuracy: 83.5%

Table 3: Performance results of the second phase (considering 10-fold cross-validation with patient-isolated folds - no data
leakage).

Class Recall (%) Precision (%) Specificity (%) F1 Score (%) MCC Support
Asthma 37.0 52.3 96.8 43.2 0.368 92

Bronchiectasis 21.3 17.4 95.4 19.1 0.148 122
COPD 68.1 66.6 69.3 67.3 0.578 802

Heart Failure (HF) 48.2 77.1 97.4 59.0 0.539 56
Healthy/Normal 77.6 66.0 93.7 71.4 0.633 245

Pneumonia 27.1 35.7 93.4 30.7 0.228 166
Macro Avg 46.6 52.5 90.9 48.5 0.416 -

Global Accuracy: 64.5%

However, when a patient-independent data split was
enforced, performance dropped markedly across all
evaluation metrics, indicating that the earlier results
were overoptimistic and lacked generalization.

These findings emphasize the critical importance
of rigorous evaluation protocols in biomedical sig-
nal analysis. Ensuring strict patient-level separation,
transparent preprocessing descriptions, and standard-
ized validation strategies are essential for developing
clinically reliable and generalizable AI models. Fur-
thermore, this case study reinforces the need to openly
share datasets, code, and experimental configurations,
enabling the research community to validate, com-
pare, and improve upon existing methods.

When reviewing the broader literature on auto-
mated diagnosis of respiratory diseases, a pattern
similar to that observed in the article replicated in
the current study emerges: numerous studies re-
port near-perfect diagnostic accuracy, yet none of
these approaches have achieved clinical deployment
or widespread use in real-world screening or monitor-
ing contexts. This disconnect raises essential ques-
tions about the true generalization ability of existing
models and the potential presence of dataset biases
— such as differences in recording conditions, distri-
bution of recordings per respiratory condition, micro-
phone types, or demographic distributions. It might
also suggest that models may inadvertently learn such
patterns/biases instead of genuine pathological fea-

tures. Consequently, it is crucial to adopt more rigor-
ous validation methodologies, ensure transparent re-
porting of experimental configurations, and leverage
diverse and heterogeneous datasets to assess the ro-
bustness of these systems beyond a single benchmark.
For instance, one such approach could be to cross-
validate the developed classification model on differ-
ent external databases, such as the BRACETS and
RespiratoryDatabase@TR (COPD Severity Analysis)
databases (Pessoa et al., 2023; Altan et al., 2017).

Future work in the area should focus on promot-
ing reproducible research practices and developing
standardized benchmarks for respiratory sound anal-
ysis. By addressing methodological flaws and pro-
moting transparency, the field can advance toward ro-
bust, interpretable, and clinically translatable auto-
mated systems that assist healthcare professionals in
accurately diagnosing and monitoring respiratory dis-
eases. Moreover, future work should also focus on
deploying these methods in clinical pilots or settings
to better understand their potential for monitoring and
diagnosing respiratory diseases.
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