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Abstract
Background: The use of sedative drugs during various medical procedures is on the rise, necessitating 
close monitoring of respiratory function throughout the administration process. Continuous 
auscultation of tracheal sounds is an effective method for monitoring respiratory status. However, 
it requires constant attention from the operator, which may not always be feasible. Methods: This 
concept led to the development of a tracheal sound dataset featuring recordings from 16  patients 
who underwent cataract surgery at Alzahra Hospital, a university hospital in Isfahan, Iran. To 
ensure accuracy, the dataset was carefully examined with the assistance of an anesthesiology team, 
providing precise ground truth annotations for respiratory depression (RD) intervals at a resolution of 
one second. The Isfahan National Elite Foundation hosted the Isfahan artificial intelligence (AI) 2024 
events to advance AI‑based detection technologies and offered financial support for five challenges, 
including the competition for detecting RD from tracheal sounds. Twelve teams from various 
provinces across Iran participated, utilizing a shared dataset for their evaluations. Results: The 
teams that achieved the first through third places were Houshmandsazan, Houshava, and Hoopad, 
with F1‑Scores of 65.18%, 50.44%, and 21.73%, respectively. All participating teams utilized deep 
learning techniques to detect RD intervals, achieving notable performance, yet opportunities for 
further improvement remain. Conclusion: This paper summarizes the performance of these teams, 
detailing the metrics used to assess their results and the methodologies employed by the top three 
competitors.
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Introduction
Increasingly, both surgical and nonsurgical 
procedures  –  such as dental work,[1] 
endoscopy,[2] cosmetic surgery,[3] and 
cataract surgery[4]  –  are performed under 
sedation analgesia using a combination 
of sedative and narcotic drugs.[5] These 
agents must be accurately titrated to 
meet individual patient needs, with close 
monitoring of their effects on respiratory 
function.[6]

Common monitoring techniques, 
such as pulse oximetry, often have a 
considerable delay in detecting respiratory 
complications.[7] In addition, side‑stream 
capnography has limited effectiveness for 
detecting respiratory depression  (RD) due 
to challenges such as sampling errors, 
lumen obstruction by airway secretions, 

and frequent detachment from the patient’s 
airway.[8] Therefore, direct monitoring 
of airway patency using auscultatory 
techniques is crucial during sedation 
analgesia.[9]

Continuous monitoring of tracheal sounds 
with traditional or electronic stethoscopes 
can reliably and rapidly detect airway 
complications before they lead to serious 
issues. However, the overall efficacy of 
tracheal stethoscopes as airway monitors 
depends on the continuous listening to 
respiratory sounds by the anesthesia 
team. Continuous operator listening may 

Access this article online

Website: www.jmssjournal.net

DOI: 10.4103/jmss.jmss_32_25
Quick Response Code:

Submitted: 10‑Apr‑2025          Revised: 02‑Jun‑2025          Accepted: 30‑Jun‑2025          Published: 02-Jan-2026

This is an open access article distributed under 
the terms of the Creative Commons Attribution-
NonCommercial-NoDerivatives 4.0 License (CC BY-NC-ND), where 
it is permissible to download and share the work provided it is 
properly cited. The work cannot be changed in any way or used 
commercially without permission from the journal.

For reprints contact: WKHLRPMedknow_reprints@wolterskluwer.com

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/


Kenari, et al.: Isfahan artificial intelligence event 2024, challenge I: Respiratory depression detection

2� Journal of Medical Signals & Sensors | Volume 16 | Issue 1 | January 2026

not be practical, and interrupted auscultation can be 
associated with significant airway problems. Therefore, 
the development of real‑time, automatic, and continuous 
techniques for tracheal sound monitoring and analysis is 
essential for effective airway monitoring during sedation 
analgesia.[9,10] Several previous studies have investigated 
tracheal sound data to detect apnea and intervals of RD 
using tracheal sound data.[9,11‑15]

Recent advances in artificial intelligence  (AI) have 
significantly advanced the field of medical signal 
analysis, enabling improvements in tasks such as disease 
staging, event detection, and delineation of pathological 
abnormalities. For example,[16] utilized deep convolutional 
neural networks  (CNNs) with transfer learning and 
evaluated their model by employing tracheal sound data for 
separating obstructive and central respiratory events. They 
reported 87% accuracy for obstructive and central apnea 
classification and 83% accuracy for hypopneas.

The Isfahan National Elite Foundation organized the 
Isfahan AI Event 2024 (IAI2024) to promote advancements 
in AI‑based detection technologies and provided financial 
support for five challenges, including tracheal sound RD 
detection competition with the goal of advancing tracheal 
sound RD detector technology by impartially assessing a 
range of AI‑based techniques. Participants were given a 
well‑documented dataset of labeled tracheal sound data, 
referred to as the “training set,” to develop their methods. 
Subsequently, researchers submitted their algorithm 
outputs for evaluation using a separate test dataset, the 
labels of which were concealed to ensure an unbiased 
assessment of performance, free from any influence related 
to method selection or parameter customization tailored to 
the data.

In Section II, we will present the dataset and provide the 
link to access it. In Section III, we will outline the rationale 
behind the team rankings, the metrics used for evaluation, 
and a summary of the methodologies employed by the top 
teams. Section VI will present the statistical results from 
all twelve teams, detailing how the three leading teams 
were selected among the competitors. Discussion about 
the results of the finalists is provided in Section V. Finally, 
Section VI will provide the conclusion of our study.

Dataset
The dataset was provided by Alzahra Hospital, 
Isfahan University of Medical Science  (Head: 
M. Saghaei, M. D.) and the School of Advanced 
Technologies in Medicine  (Head: H. Rabbani), Isfahan 
University of Medical Science. The dataset can be accessed 
via provided link in.[17]

The dataset was first provided by,[11] and the data labeling 
structure has changed significantly since then. The study 
was conducted following approval from the institutional 
ethical committee and informed consent from the 

patients. All patients were scheduled for cataract surgery 
under sedation anesthesia, and those with a history 
of respiratory diseases were excluded from the study. 
Upon positioning on the operating table, all patients 
received supplemental oxygen via a mask. Monitoring 
included ECG, noninvasive blood pressure, and pulse 
oximetry. Tracheal sound recording commenced 1  min 
before the administration of sedative drugs using a C417 
omni‑directional condenser Lavalier microphone  (AKG 
Acoustics, Vienna, Austria), secured over the suprasternal 
notch with double‑sided adhesive tape. Tracheal sound 
recording continued throughout the procedure at a 
sampling rate of 44.1 KHz.

The dataset includes tracheal respiratory sound of 16 adults 
classified as the American Society of Anesthesiologists 
I and II. After the study’s completion, the recorded sounds 
were analyzed by the anesthesiologist to identify periods 
of RD, defined as episodes of apnea, breath‑holding, or 
airway obstructions. The labels were provided in separate.
docx files, each containing the onset and offset timings of 
RD intervals at 1‑s resolution.

Figure 1 depicts the plots of two samples from the dataset, 
showcasing two distinct intervals of tracheal sound data 
plotted against the time axis, corresponding to apnea and 
nonapnea intervals.

The dataset was subdivided into training, testing, and 
hidden sets for the competition. The training data, along 
with their corresponding labels, was distributed to the 
teams. As the competition progressed to the second stage, 
the teams were provided with test data devoid of labels. 
Subsequently, 12 submissions were received for the test 
labels, with some submissions showcasing better results, 
3 out of the 12 submissions achieving superior scores. 
Moving on to the final phase of the competition, held 
live, the three top teams were granted access to the hidden 
episodes. The number of subjects and RD events in each 
set is detailed in Table 1.

According to the information presented in Table  1, the 
dataset comprises 16 recordings, named as S1 to S16. The 
total duration of these recordings is 21,564 s. Out of this 
total, only 10.97% is labeled as positive. This indicates that 
the tracheal sound dataset is a rare case, similar to many 
medical datasets, highlighting the need for competitors 
to adapt their methodologies to address this challenge. In 
addition, it is clear that the tracheal sound data for each of 
the training, testing, and hidden sets comes from different 
individuals.

Methods
Twelve competing teams submitted their results for 
evaluation on the test dataset. The top three winning teams 
were selected based on the multiple criteria, including the 
innovation and originality of their proposed methods, the 
quality and clarity of their preliminary reports, and their 
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performance against predefined metrics, which will be 
detailed for readers in Section III. B.

Ranking of the Teams

The submitted results of the top three competitor teams 
were approached with caution. In order to rank the three 
top teams, the final phase of the competition was conducted 
live and assessed based on the five equally important 
criteria. These criteria were utilized to rank the top three 
teams in the competition.

The five criteria of equal weight were as follows:
1.	 Innovation of the proposed approach
2.	 Performance in the initial stage competition  (based on 

the best submission and score)
3.	 Performance in the final submission  (second phase 

conducted live at Abbasi Hotel, Isfahan, Iran) using the 
hidden dataset

4.	 Quality and clarity of the final report
5.	 Quality and clarity of the presentation.

Each criterion was rated on a scale of 1, 2, or 3. The team 
that excelled in each criterion received 3 points, while the 
second‑best team received 2 points. The final rankings 
were determined based on the total points accumulated 
across all five criteria during the judges’ deliberations at 
the conclusion of the competition.

Performance metrics

In order to assess classification models and provide valuable 
insights into different aspects of model performance, 
positive predictive value  (PPV), sensitivity, F1‑score, and 
accuracy have been calculated along each second of the 
tracheal sound data. Intersection over Union  (IoU) have 
also been calculated for each truly detected RD interval 
and average score along all of the RD events was reported.

PPV, also known as precision, measures the proportion 
of true positive predictions out of all positive predictions 
made by the model. It is calculated as (1).

(%) =100 TPPPV
TP+FP � (1)

Sensitivity, also known as recall, quantifies the model’s 
ability to correctly identify all actual positive instances 
in the dataset. It is calculated as  (2) and emphasizes the 
model’s capability to capture all positive instances.

(%) =100 TPSen
TP+FN � (2)

The F1‑Score combines precision  (PPV) and recall 
(sensitivity) into a single metric, providing a balanced 
assessment of a model’s performance. It is calculated as 
(3). The F1‑score considers both false positives and false 
negatives  (FNs), offering a comprehensive evaluation of 
the model’s precision and recall trade‑off.

21_ (%) =100
2

×TPF Score
×TP+FP+FN

� (3)

The accuracy measure was considered because in the test 
dataset, there was tracheal sound data of one subject  (S12) 
that did not include any RD event, making accurate 
detection of true negatives crucial. Accuracy is defined 
by (4), and considers all the true detected cases, whether it 
belongs to positive class or the negative class, across all of 
the classified cases. This metric is crucial in understanding 
the model’s ability to make correct predictions across both 
classes in the dataset.

(%) =100 TP+TNAcc
TP+ FP+TN + FN

� (4)

The TP, TN, FP, and FN are calculated using the output of the 
network for elementwise classification and label annotations 
were described by the confusion matrix of Table 2.

Table 1: Details of tracheal sound dataset
Train Test Hidden

Subject Duration* Subject Duration* Subject Duration*
S1 1929 (223) S2 1481 (79) S5 1043 (11)
S3 741 (132) S6 1397 (56) S8 2024 (267)
S4 1100 (0) S12 1868 (0) Total 3067 (278)
S7** 810 (53) Total 4746 (135)
S9 837 (373)
S10 1007 (312)
S11** 2036 (66)
S13 924 (85)
S14 1591 (219)
S15 2087 (245)
S16 689 (134)
Total 13751 (1842)
*Duration of tracheal sound data and it’s RD events are reported 
in seconds, RD events are reported in parentheses; **An amount 
of 110 and 896 seconds should be put aside for the S7 and S11 
respectively. RD – Respiratory depression

Figure 1: Representative tracheal sound images for 1 s (a) apnea and (b) nonapnea segments
ba



Kenari, et al.: Isfahan artificial intelligence event 2024, challenge I: Respiratory depression detection

4� Journal of Medical Signals & Sensors | Volume 16 | Issue 1 | January 2026

Another important measure is the IoU, which was 
calculated at the event‑based level specifically for the 
intervals of RD that were accurately detected, regardless 
of the level of overlap. IoU quantifies the overlap between 
the predicted intervals and the ground truth annotations, 
providing insight into the model’s performance in terms 
of localization. It is computed as the ratio of the area of 
overlap between the predicted and ground truth regions to 
the area of their union.

Summary of winning teams’ approach

In this section, we will discuss the methods employed by 
the top three competitors and the results of their approaches 
when applied to the hidden dataset described in Table 1.

The first team

The team of Houshmandsazan achieved first place in 
the competition with an F1‑Score of 65.18% for the 
classification of RD intervals from tracheal sound data.

Their proposed method employs a CNN for effective feature 
extraction, followed by a long short‑term memory (LSTM) 
network and two dense layers to classify the data into RD 
and non‑RD categories.

The preprocessing steps included segmenting the input 
data into 1‑s intervals, and normalizing the amplitude of 
the input sound between  −1 and 1. To denoise the input 
signal, they applied discrete wavelet transform (DWT) and 
soft‑thresholding techniques. The noise level was estimated 
using the mean absolute deviation method, with the 
threshold determined based on the signal length and noise 
variance. The resulting signal was then reconstructed to be 
free of noise.

For feature extraction, the team utilized Mel frequency 
cepstral coefficients  (MFCCs). To address class imbalance 
in the dataset, they employed the Synthetic Minority 
Over‑sampling Technique  (SMOTE) alongside under 
sampling methods. The CNN architecture included max 

pooling layers and batch normalization after each of the 
two convolutional blocks, with filter sizes of 32 and 64, 
respectively. Following the CNN, two LSTM networks were 
integrated, featuring recurrent dropout to mitigate overfitting 
and capture temporal dependencies in the sequential data. 
The output from the LSTM layers was passed to two fully 
connected  (FC) layers, with the final layer serving as a 
binary classifier using a sigmoid activation function. To 
counteract class imbalance, focal loss was implemented, 
focusing the model’s attention on the minority class  (RD). 
The Adam optimization algorithm was employed for model 
training. Their proposed architecture for the combined 
CNN‑LSTM network is shown in Figure 2.

The second team

The team of Houshava secured second place in the 
competition with an F1‑score of 50.44% on the hidden 
dataset.

Their method consists of two main components: feature 
extraction and classification. For feature extraction, they 
employed Short‑time Fourier transform  (STFT) using a 
Hanning window, with a window length of 4410  samples 
and a 50% overlap. They then applied Mel filter banks to 
compute the logarithm of the spectrogram of the sound data 
on the Mel frequency scale. To enhance the spectrogram 
images, they utilized an opening technique, resulting 
in what they referred to as the processed spectrogram. 
Subsequently, they implemented a fusion technique to 
create a fused spectrogram by combining the processed 
spectrogram with the log Mel spectrogram, which reduced 
the noise level in the resulting fused spectrogram. Details 
of the preprocessing block are shown in Figure 3.

For RD interval detection, the team designed CNN 
architecture comprising four convolutional blocks. Each 
block utilized a 3  ×  3 kernel, progressively increasing the 
number of input channels from 1 to 16, 32, 64, and finally 
128. A  ReLU activation function was applied after each 
CNN block.

Following the final CNN block, they incorporated a 
flattening layer leading to two FC layers with 768 
and 256 neurons, respectively. A  rectified linear unit 
(ReLU)  activation was also applied after the first FC layer, 
while the last layer employed a sigmoid activation function 
for binary classification. To mitigate overfitting, dropout 
techniques were applied across all CNN and FC layers, and 

Table 2: Confusion matrix for elementwise classification
Output of network 0 1
Ground truth annotations

0 TN FP
1 FN TP

TP – True positive; TN – True negative; FN – False negative; 
FP – False positive

Figure 2: The proposed architecture of the Houshmandsazan team
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batch normalization was implemented for each frequency 
bin. The details of their proposed framework are depicted 
in Figure 4.

The loss function used was weighted binary cross‑entropy 
to address the challenges posed by the rare class. The Adam 
optimization algorithm was utilized for weight updates, 
with a learning rate set at 7e‑5. The team also implemented 
the two data augmentation techniques: time shifting and 
time flipping.

The third team

The team of Hoopad achieved an F1‑score of 
21.73%, securing third place in the competition. Their 
methodology comprised preprocessing, feature extraction, 
and classification, leveraging a combination of a 
pretrained  residual network (ResNet)  and a transformer 
model.

Initially, the data were windowed into the segments of 0.5 s 
in length, with a step size of 0.2 s. The preprocessing phase 
included downsampling and the application of a bandpass 
filter, followed by the creation of Mel spectrograms to 
simultaneously capture time and frequency components. 
Normalization was applied to the Mel spectrograms to 
ensure consistent scaling.

For feature extraction, the team utilized a pretrained 
ResNet‑18 model, which extracted local features from the 
Mel spectrograms. The extracted features were then input 
into the encoder of a transformer model, which excelled at 
handling sequences of data and extracting global features 
for classification. The proposed pipeline of their method 
is illustrated in Figure  5, showcasing the integration 
of preprocessing, feature extraction, and classification 
processes. Figure  6 details thestructure of their designed 
transformer network.

Figure 3: The preprocessing technique of the Houshava team

Figure 4: Framework of the Houshava team’s respiratory depression detection method. The pipeline illustrates preprocessing with Short‑time Fourier 
transform, Mel filter banks, and spectrogram fusion to reduce noise, followed by a convolutional neural network architecture with four convolutional 
blocks (3 × 3 kernels, increasing channels from 1 to 128), batch normalization, and dropout. The output is processed through two fully connected layers 
(768 and 256 neurons) with ReLU and sigmoid activations for the binary classification of respiratory depression (RD) and non‑RD intervals

Figure 5: Pipeline of the Hoopad team’s respiratory depression detection method. The framework illustrates preprocessing with windowing (0.5 s segments, 
0.2 s step), downsampling to 22 kHz, bandpass filtering, and Mel spectrogram generation with normalization. Features are extracted using a pretrained 
ResNet‑18 model, followed by a transformer encoder for global feature extraction and binary classification of respiratory depression (RD) and non‑RD 
intervals, with data augmentation (amplitude scaling and Gaussian noise) integrated



Kenari, et al.: Isfahan artificial intelligence event 2024, challenge I: Respiratory depression detection

6� Journal of Medical Signals & Sensors | Volume 16 | Issue 1 | January 2026

The team also implemented data augmentation techniques. 
For positive‑label signals, the amplitude was scaled 
randomly within the range of  (0.8, 1.2). In addition, white 
Gaussian noise with a standard deviation of 5e‑3 was added 
to the data as another augmentation method.

Results
Twelve teams submitted their results for evaluation on 
the test dataset, with the top three achieving the highest 
F1‑Scores. Figure  7 illustrates the scores assigned to each 
of the 12 teams. Models are labeled A‑L in Figure  7, 
corresponding to the teams listed in Table  3, which maps 
team names to their respective model labels. Table  3 
ensures clear referencing when comparing performance 
metrics across teams.

Figure  7 highlights that model “J,” is one of the outliers 
in the bar plot. This model recorded a score of zero for 
all of the sensitivity, PPV, IoU, and F1‑Score metrics. The 
amount of accuracy of this model is 72.95% which is the 
lowest reported accuracy among all of the models. These 
results indicate that their model failed to learn the RD 
events effectively. Upon reviewing their methodology, it 
appears that while the team considered data augmentation 
to address the rare case of RD events, their choice of 
cross‑entropy loss without implementing a weighted loss 
function, likely contributed to their inability to learn these 
rare instances.

From Figure  7, we can conclude that the results of six 
teams are comparable to each other. To further investigate 

the performance among these six models, Figure  8 
compares their precision‑recall curves, along with the 
calculated average precision (AP) for each model.

Overall, the AP  values are low, which can be attributed 
to the challenge of comparing every second of the model 
outputs with ground truth annotations, making it difficult 
for any model to succeed. Notably, for models I and B, 
adjustments were necessary because the output labels were 
not aligned with the ground truth. For team B, their labels 
were reformatted into new labels based on 10‑s intervals. 
If at least half of the values in the original interval were 
1, the new label for that interval was regarded as positive. 
For model I, the labels were upsampled by a factor of 20, 
converting them into 2205 intervals, with each interval 
containing 10% of ones considered positive. This threshold 
significantly affected the final results.

In the final phase of the competition, Models H, I, and G 
were shortlisted for further evaluation. Table  4 presents the 
performance results of these top three teams on the hidden 
dataset. The first team significantly outperformed the others 
across all metrics. While the second and third teams yielded 
comparable results, the second team demonstrated superior 
sensitivity but encountered a high number of FNs, resulting in 
the lowest PPV and accuracy among the three. Nonetheless, the 
second team secured second place considering the F1‑score.

Figure  9 illustrates the annotation diagrams for the three 
teams, which align closely with the statistics reported 
in Table  4. The plots clearly show that the first team’s 
detections are more closely aligned with the ground truth 

Table 4: Performance evaluation of the three competitors 
on the hidden dataset

Sensitivity 
(%)

PPV 
(%)

F1‑score 
(%)

Accuracy 
(%)

1st ranked team (model H) 62.95 67.57 65.18 93.90
2nd ranked team (model I) 92.45 34.68 50.44 83.53
3rd ranked team (model G) 12.23 97.14 21.73 92.01
PPV – Positive predictive value

Table 3: Mapping of team names to model labels
Team name Assigned model name
14 A
AI glitch B
AI medic C
AIRE D
Behoush E
CBRC_Geeks F
Hoopad G
Hooshmand Sazan H
Housh Ava I
IU team J
Kimia K
Sleep Sonic L

Figure 6: The transformer network utilized by the Hoopad team
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annotations compared to those of the second and third 
teams. The second team shows a substantial number of 
FPs, while the third team achieves good precision but also 
suffers from a high FN rate.

Discussion
The Houshmandsazan team, emerged as the top performer, 
achieving an F1‑score of 65.18%, outperforming the 
other models across various metrics. The model’s ability 
to correctly identify both positive and negative cases 
contributed to its high accuracy and F1‑score. The key 
advantage of the first team might lie in a good tailoring 
of their method to the tracheal sound data especially in 
the preprocessing scheme. They used entropy of wavelet 

transform which provides a good insight of the respirational 
flow, and was a talent design that could effectively handle 
the problem of environmental and speech noise present 
in the dataset. They also used normalization of data at 
the first step of preprocessing. The first team did not 
utilize any augmentation techniques, data augmentation 
can be a valuable tool in medical data contexts, but its 
application should be approached with caution and careful 
consideration of the specific circumstances. It is crucial to 
ensure that any augmented data remains clinically relevant 
and realistic.

The Houshava team secured second place with an F1‑score 
of 50.44%. Their model exhibited strength in sensitivity. 
However, faced significant challenges, due to a high 

Figure 7: Performance evaluation during the initial phase of the competition. A bar plot showcasing various statistics for the 12 participating teams is 
presented. Panel (a) displays sensitivity, panel (b) represents positive predictive value, panel (c) depicts F1-score, panel (d) represents Intersection over 
Union for only those events that were detected true, panel (e) shows accuracy, in relation to the detection of respiratory depression intervals from the 
test tracheal sound data. Models are labeled as A-L, corresponding to the teams listed in Table 3

dc

ba

e
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number of false positives, which adversely affected its PPV 
and overall accuracy.

The Hoopad team, placed third with an F1‑score of 
21.73%. The architecture of their model was innovative, 
particularly the decision to utilize a pretrained network to 
address the challenge of limited data availability. However, 
the high number of parameters in their network posed 
a challenge for maintaining good sensitivity. The data 
were processed through augmentation, down‑sampling 
to a frequency of 22  kHz, and segmentation into 
0.5‑s intervals, likely designed to adapt the data for 
the extensive parameter set. Despite these efforts, the 
techniques employed were insufficient to provide the 
necessary information for effective training. The model 
demonstrated good precision in its detections but was also 
hindered by a considerable number of FNs. This impacted 
its reliability in identifying true events, ultimately affecting 
its overall evaluation metrics. While the model’s precision 
is commendable, the substantial FN rate indicates a need 
for enhanced sensitivity, potentially achievable through a 
larger dataset.

Conclusion and Outlook
In this study, we evaluated three models through their 
performance on the test and hidden dataset, each exhibiting 
distinct strengths and weaknesses in addressing the task of 
detecting RD intervals from tracheal sound data. All of the 
three competitors utilized deep learning models, with good 
architecture and smart design.

In summary, The Houshmandsazan team achieved the first 
place in the competition with an F1‑score of 65.18%. Their 
method utilized a CNN for feature extraction, followed 
by LSTM networks, and included effective preprocessing 
techniques such as DWT Transform for denoising and 
MFCC for feature extraction, addressing class imbalance 
with SMOTE and focal loss.

The Houshava team secured second place in the 
competition with an F1‑score of 50.44%. Their 
approach involved feature extraction using STFT with 
Mel filter banks, followed by CNN architecture with 
four convolutional blocks for classification. Despite 
demonstrating strong sensitivity, the model faced 
challenges with a high number of false positives, 
impacting its overall accuracy and PPV.

The Hoopad team achieved an F1‑score of 21.73%, 
securing third place in the competition. Their methodology 
involved preprocessing, feature extraction using a 
pretrained ResNet‑18 model, and classification with a 
transformer model, which handled sequences effectively. 
Despite employing data augmentation techniques, the 
model struggled with a high number of FNs, impacting its 
reliability in identifying true events and highlighting the 
need for improved sensitivity.

While all the three models exhibited notable 
performance characteristics, there are clear opportunities 
for improvement. Houshmandsazan’s model leads 
in accuracy and overall detection capability, while 
Houshava and Hoopad models underscore the ongoing 
challenge of balancing sensitivity and precision in the 

Figure 8: The precision-recall curves for 6 of the 12 teams are shown, with 
each team’s average precision indicated in the legend. Models are labeled 
A-L, corresponding to the teams listed in Table 3

Figure  9: Annotation status plot for the two patients (S8 and S5) from 
the hidden dataset. For each panel, patient data are shown successively 
along the time axis–top stem plots depict ground truth annotations, and 
bottom stem plots depict each team’s model output. For each second, an 
annotation of 1 (+1) indicates the presence of an event (ground truth), while 
−1 reflects a detection by the model. (a-c) Display the outputs of the first, 
second, and third-ranked teams, respectively. This figure illustrates how 
closely each team’s detections align with the true annotations over time, 
providing a visual assessment of performance

c

b

a
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medical data applications. Future work should focus 
on optimizing preprocessing techniques, exploring 
data augmentation strategies, and refining model 
architectures to enhance the performance across all 
metrics.
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