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Deep‑learning model 
accurately classifies multi‑label 
lung ultrasound findings, 
enhancing diagnostic accuracy 
and inter‑reader agreement
Daeeon Hong 1,2, Hyewon Choi 3, Wonju Hong 4, Yisak Kim 1,2, Tae Jung Kim 5, Jinwook Choi 1, 
Sang‑Bae Ko 5* & Chang Min Park 1,2*

Despite the increasing use of lung ultrasound (LUS) in the evaluation of respiratory disease, 
operators’ competence constrains its effectiveness. We developed a deep-learning (DL) model 
for multi-label classification using LUS and validated its performance and efficacy on inter-reader 
variability. We retrospectively collected LUS and labeled as normal, B-line, consolidation, and 
effusion from patients undergoing thoracentesis at a tertiary institution between January 2018 and 
January 2022. The development and internal testing involved 7580 images from January 2018 and 
December 2020, and the model’s performance was validated on a temporally separated test set 
(n = 985 images collected after January 2021) and two external test sets (n = 319 and 54 images). Two 
radiologists interpreted LUS with and without DL assistance and compared diagnostic performance 
and agreement. The model demonstrated robust performance with AUCs: 0.93 (95% CI 0.92–0.94) for 
normal, 0.87 (95% CI 0.84–0.89) for B-line, 0.82 (95% CI 0.78–0.86) for consolidation, and 0.94 (95% 
CI 0.93–0.95) for effusion. The model improved reader accuracy for binary discrimination (normal vs. 
abnormal; reader 1: 87.5–95.6%, p = 0.004; reader 2: 95.0–97.5%, p = 0.19), and agreement (k = 0.73–
0.83, p = 0.01). In conclusion, the DL-based model may assist interpretation, improving accuracy and 
overcoming operator competence limitations in LUS.
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Abbreviations
AUC​	� Area under the receiver operating characteristics curve
DL	� Deep learning
LUS	� Lung ultrasound
ICU	� Intensive care unit
OPT	� Observer performance test

In recent years, lung ultrasound (LUS) has emerged as a valuable diagnostic tool for various respiratory diseases, 
including pneumonia, pulmonary edema, embolism, and pneumothorax1,2. It offers a non-invasive, cost-effective, 
and quick alternative to traditional methods without the need for radiation exposure3. LUS exhibits superior 
sensitivity compared to chest radiography (CXR)4, while maintaining a similar level of specificity5. Furthermore, 
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it has proven effective in identifying conditions such as pleural effusion, pneumonia, pneumothorax, and pul-
monary edema6. Nevertheless, the accuracy of LUS findings is highly reliant on the operators’ experience. In 
real-world clinical scenarios, LUS is performed by clinicians with varying degrees of expertise. A study assessing 
inter-reader agreement for LUS findings revealed only moderate to substantial agreement7. Ensuring precise and 
consistent interpretation among operators is crucial for guiding appropriate management in clinical practice.

In the field of medical imaging, deep learning (DL) techniques are widely used for classification, detection, 
segmentation, and noise reduction. Past research has developed DL-based models to aid physicians in diagnosing 
LUS-specific conditions8–10. For instance, Arntfield et al.8 created a DL model to distinguish A-line and B-line pat-
terns, and Shang et al.9 enhanced radiologists’ performance in diagnosing COVID-19 pneumonia via ultrasound 
images. Recently, multiclass DL models have been developed for LUS11–13. Ebadi et al.11 achieved 90% accuracy in 
classifying A-line, B-line, and pleural effusion/consolidation. Shea et al.12 further classified LUS images into five 
categories: A-line, B-line, confluent B-lines, consolidation, and pleural effusion. However, these studies did not 
assess whether the models enable consistent diagnostic performance among operators. Additionally, abnormal 
patterns like consolidation and B-lines can coexist in a single LUS image. Therefore, this study aimed to develop 
a DL model for multi-label classification of LUS images into normal, B-lines, consolidation, and effusion, and to 
evaluate its potential in assisting diagnostic performance and inter-reader agreement.

Results
Baseline characteristics of patients
Table 1 shows the distribution of LUS findings in each dataset. For model development (training, tuning, inter-
nal set), 7,580 LUS images from 1645 patients (mean age, 62.2 ± 16.6; 1018 male) were used. The temporally 
separated test set consists of 985 images from 146 patients, whereas 319 images from 54 patients and 53 LUS 
were collected as the first external test set and second external test set, respectively. Pleural effusion is the most 
common finding in developmental dataset (71.4%) and temporally separated test set (30.4%), while ‘normal’ 
was the most frequently observed in the first external test set. In the second external test set (n = 54), all four 
categories showed similar frequencies ranging from 29.6 to 35.2%.

Model performance
The results of model performance across datasets are summarized in Table 2. In the temporally separated test set, 
the AUCs for normal, B-lines, consolidation, and effusion were 0.93 (95% CI 0.92–0.94), 0.87 (95% CI 0.84–0.89), 
0.82 (95% CI 0.78–0.86), and 0.94 (95% CI 0.93–0.95) respectively. The AUCs for normal, B-lines, consolidation, 
and pleural effusion were 0.89 (95% CI 0.87–0.91), 0.78 (95% CI 0.74–0.81), 0.87 (95% CI 0.83–0.89), and 0.89 
(95% CI 0.87–0.91) in the first external test set, and 0.802 (95% CI 0.78–0.83), 0.81 (95% CI 0.80–0.83), 0.77 
(95% CI 0.75–0.80), and 0.77 (95% CI 0.74–0.79) in the second external test set (Fig. 3).

Results of reader test
Both readers demonstrated improved accuracy in binary discrimination (normal vs. other than normal) and 
B-line detection when aided by the DL model. Especially, reader 1 exhibited a significant improvement in sensi-
tivity (75.4% vs. 86.2%, p = 0.002) and accuracy (87.5% vs. 95.6%, p = 0.004) for binary discrimination (Table 3).

Table 4 delineates the outcomes of inter-reader agreements with or without the DL model. Regarding each 
classification, there were no significant differences in detecting consolidation and B-lines (p > 0.05), and the 
agreement for pleural effusion decreased with the DL model (k = 0.71 vs. 0.58, p = 0.03). However, the agreement 
for binary discrimination (normal vs. abnormal) displayed a substantial improvement (k = 0.73 vs.0.83, p = 0.01) 
with use of the DL model.

Discussion
The previous studies have primarily focused on multi-class classification11,12 and have applied LUS deep learn-
ing models in specific diseases such as sepsis, dengue, and COVID-1910,11,14,16. However, this study deployed a 
multi-label deep learning model to distinguish multiple findings or common patterns in LUS into four categories: 
normal, B-lines, consolidation, and pleural effusion, and assessed its performance across multiple test sets. The 

Table 1.   Percentage of classification in each dataset. SNUH Seoul National University Hospital, CAUH 
Chung-Ang University Hospital. Data in parenthesis represents the percentage. *Second test set was bedside 
performed lung ultrasound from the critical ill-patients admitted in intensive care units. † Due to cases with 
multiple abnormal positive findings, the total sum of each classification exceeds the total number of images.

Dataset from SNUH Dataset from CAUH

Observer performance test
Training/Validation/Internal 
test Temporally separated test set Second external test set* First external test set

Normal 1548 (20.7) 447 (45.4) 17 (31.5) 178 (55.8) 53 (26.5)

B-lines 575 (7.7) 198 (20.1) 16 (29.6) 83 (26.0) 65 (32.5)

Consolidation 1321(17.4) 69 (7.0) 19 (35.2) 24 (7.5) 47 (23.5)

Effusion 5448 (71.4) 299 (30.4) 16 (29.6) 76 (23.8) 70 (35)

Total number of images† 7580 985 54 319 200
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model identified LUS findings with AUCs of 0.80–0.93 for normal, 0.78–0.87 for B-lines, 0.77–0.87 for consoli-
dation, and 0.77–0.94 for pleural effusion, though performance decreased in external test sets. In the observer 
performance test, both readers demonstrated improved accuracy in distinguishing abnormal from normal (reader 
1: 87.5–95.6%, p = 0.004; reader 2: 95.0–97.5%, p = 0.19) with the DL model’s assistance. Additionally, the DL 
model improved inter-reader agreement for determining abnormal from normal (k = 0.73–k = 0.83, p = 0.01) 

Table 2.   Model performances for classification in internal and external test sets. AUC​ area under the curve, CI 
confidence interval. *The thresholds of each classification were determined based on the results of the internal 
test set. with each classification being balanced for sensitivity and specificity.

AUC (95% CI) Sensitivity Specificity Accuracy Threshold*

Internal test set

 Normal 0.96 (0.95–0.97) 90.1 86.5 87.1 0.207

 B-line 0.93 (0.88–0.96) 85.4 85.1 85.1 0.233

 Consolidation 0.80 (0.77–0.83) 73.4 70.0 70.6 0.236

 Effusion 0.94 (0.93–0.95) 86.9 85.6 86.6 0.641

Temporally separated test set

 Normal 0.93 (0.92–0.94) 93.3 72.1 81.7 0.207

 B-line 0.87 (0.84–0.89) 86.4 64 68.5 0.233

 Consolidation 0.82 (0.78–0.86) 73.9 74.2 74.2 0.236

 Effusion 0.94 (0.93–0.95) 82.3 87.9 86.2 0.641

First external test set

Normal 0.89 (0.87–0.91) 68.5 87.9 77.1 0.207

 B-line 0.78 (0.74–0.81) 71.1 70.8 70.8 0.233

 Consolidation 0.87 (0.83–0.89) 75.0 87.8 86.8 0.236

 Effusion 0.89 (0.87–0.91) 85.5 76.5 78.7 0.641

Second external test set

 Normal/Abnormal 0.82 (0.80–0.84) 66.7 97.4 88.7 0.207

 Normal 0.80 (0.78–0.83) 62.5 97.3 86.8 0.207

 B-line 0.81 (0.80–0.83) 81.2 67.6 71.7 0.233

 Consolidation 0.77 (0.75–0.80) 86.0 63.6 71.7 0.236

 Effusion 0.77 (0.74–0.79) 70.6 86.1 81.1 0.641

Table 3.   Binary diagnostic performance of classification of readers with and without use of deep learning 
model. The bold indicates the P-value less than 0.05.

Normal vs. abnormal B-line Consolidation Effusion

Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

Reader 1

 Model (-) 75.4 91.8 87.5 92.3 88.9 90 63.8 98.7 90.5 77.1 99.2 91.5

 Model ( +) 96.2 95.2 95.6 92.3 89.6 90.5 68.1 89.5 84.5 70 95.4 89.5

 P-value 0.002 0.24 0.004 1.000 0.87 0.87 0.66 0.007 0.07 0.34 0.06 0.50

Reader 2

 Model (-) 84.9 98.6 95.0 93.8 92.6 93 74.5 93.5 89.0 95.7 92.3 93.5

 Model ( +) 94.3 98.6 97.5 90.7 97.8 95.6 66 96.1 89.0 92.8 87.6 89.5

 P-value 0.12 1.000 0.19 0.51 0.046 0.26 0.37 0.31 1.000 0.46 0.21 0.15

Table 4.   Agreements of classifications between the readers with and without use of deep learning models. DL 
deep-learning, CI confidence interval. *Binary discrimination refers to distinguishing between normal and 
abnormal findings.

Without DL model (95% CI) With DL model (95% CI) P-value

Binary discrimination* 0.73 (0.62–0.84) 0.83 (0.74–0.91) 0.01

B-lines 0.70 (0.60–0.80) 0.76 (0.66–0.85) 0.22

Consolidation 0.57 (0.43–0.71) 0.51 (0.36–0.65) 0.41

Effusion 0.71 0.60–0.81) 0.58 (0.42–0.70) 0.03
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and detecting B-lines (k = 0.70–0.76, p = 0.22). Our results demonstrate the feasibility of using a DL model in 
LUS for patients with respiratory symptoms and support the potential for overcoming the limitations due to 
variability between readers.

Although several DL-based models based on plain radiographs or CT scans have been developed for classify-
ing respiratory disease, research on DL models applicable to LUS remains scarce. Ebadi et al.14 formulated a DL 
model utilizing LUS data from COVID-19 patients to classify LUS findings into normal, B-lines, and consoli-
dation/effusion, achieving a model accuracy score of 0.90. Our study aligns with their work, also categorizing 
LUS findings into four distinct classes (Fig. 1). However, unlike the prior study, we developed a model that can 
distinguish between pleural effusion and consolidation individually.

In this study, the model exhibited strong performance in classifying LUS into normal, B-line, consolidation, 
and effusion, displaying AUCs ranging from 0.82 (consolidation) to 0.94 (effusion), and sensitivities ranging 
from 73.9% (consolidation) to 93.3% (normal) in the temporally separated test set. Nevertheless, its performance 
experienced a slight decrement in the external test set, with AUCs ranging from 0.78 (B-line) to 0.89 (normal) in 
the first external test set and 0.77 (effusion) to 0.81 (B-line) in the second external test. This disparity may be due 
to the use of different machines, the acquisition of LUS by various examiners, and differences in the distribution 
of LUS abnormalities. In reality, pleural effusion was the most common finding in the training and temporally 
separated test set. However, normal and consolidation were the most common findings in the first and second 
external test sets, respectively.

LUS is widely used in diagnosing and monitoring respiratory diseases in ICU patients1. Dave et al.15 conducted 
a prospective study aiming to ascertain the DL model’s ability to differentiate normal and abnormal patterns on 
bedside LUS in critically ill patients, demonstrating a 95% accuracy of the model, and advocating for its util-
ity in ICU settings. In this study, LUS data from critically ill ICU-admitted patients were utilized, constituting 
a second external test set (Supplementary Table 1). Similar to the preceding research, the model exhibited an 
AUC of 0.82 (95% CI 0.79–0.94) for binary discrimination, affirming its applicability in immobilized patients. 
However, in terms of multi-label classification, the model’s performance was relatively inferior when compared 
to recent advancements in the domain. This suboptimal performance might stem from several factors, including 
LUS examinations conducted on uncooperative patients with limited movement capabilities, poor sonic window, 
and a limited number of included cases. Consequently, further test employing a larger dataset appears essential 
to enhance the DL model’s efficacy in multi-classification tasks.

Despite the numerous advantages of ultrasound imaging, its susceptibility to operator dependency presents a 
significant limitation. Previous research on inter-reader agreements indicated moderate to substantial concord-
ance (k = 0.36–0.74), with a noted decrease in agreement when positive abnormalities such as consolidation or 
B-lines were encountered16. Consistent with these findings, our study observed substantial to moderate agree-
ments for B-lines (k = 0.698), effusion (k = 0.710), and consolidation (k = 0.568), similar to prior investigations. 
Meanwhile, the integration of DL techniques has shown enhanced inter-reader agreements across various medical 
tasks and anatomical regions17–19. Our study also demonstrated that the utilization of the DL model significantly 
improved binary discrimination (k = 0.825, p = 0.01) and increased agreements for B-lines (k = 0.756, p = 0.22). 
Recognizing B-lines in LUS is important as they manifest in various pulmonary conditions, including pulmo-
nary edema, interstitial fibrosis, and pneumonia20. Nhat et al.11 also demonstrated improved performance in 
interpreting LUS findings among non-expert clinicians, although they did not evaluate inter-reader agreement. 

)b()a(

Fig. 1.   Adjusted gradient-weighted class activation maps overlaid on the corresponding activation map 
generated by a convolutional neural network. (a) single-labeled finding for normal (A-line), B-lines, 
consolidation, and effusion, and (b) multi-labeled findings.
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However, our study indicated a lower level of agreement in the interpretation of consolidation and effusion. This 
observation may be attributed to the image-based analysis of LUS rather than video-based scrutiny. The observer 
performance test employed captured LUS images. Given LUS’s established robust accuracy in diagnosing pleural 
effusion, direct implementation of LUS would likely distinguish effusion and consolidation with greater precision 
compared to image-based analysis.

The study indicated several limitations. First, it is a retrospective design study with a limited number of vali-
dated cases. Therefore, captured LUS was conducted with heterogeneous probe machines. However, extensive 
efforts were made to ensure comprehensive validation of the model through multiple test sets and observer 
performance tests. Second, the DL model developed for this study classified normal, B-line, consolidation, and 
pleural effusion based on representative captured frames rather than continuous video sequences. Consequently, 
evaluating the model’s performance on video data remains a necessary avenue for exploration. Third, the refer-
ence standard for the training set was based on the interpretations of expert radiologists rather than the outcomes 
of CT scans. In clinical practice, LUS results are typically based on expert opinion without reliance on CT scans. 
Nevertheless, in this study, the observer performance test was conducted using selected cases that had undergone 
CT scans on the same day, and the reference standard was established based on CT findings.

Fourth, the observer performance test was executed with the participation of two radiologists. Generaliz-
ing the findings to other clinicians might pose challenges due to the limited scope of the participants. Further 
research is needed to develop models applicable to a wider range of scenarios, particularly in the implementa-
tion of optimization strategies for generalization and regulation purposes or deploying classifiers empowered by 
pre-trained weights from clinical images such as RadImageNet21 or RadFormer22. Additionally, the retrospective 
nature of our study presents inherent limitations, including potential biases in data selection and the inability 
to establish causal affinities. Therefore, further studies should focus on refining the model to handle a broader 
range of scenarios, such as video clip analysis, and improving its performance in multi-label classification tasks 
with large numbers of test datasets.

In conclusion, we developed multi-label DL model classifying lung ultrasound findings into normal, B-line, 
consolidation, and effusion, which enabled to enhance readers’ diagnostic accuracy and agreement between the 
readers.

Methods
This retrospective study obtained approval from the institutional review boards (IRBs) of [Seoul National Uni-
versity Hospital (SNUH)] and [Chung-Ang University Hospital (CAUH)] by the Ministry of Health and Wel-
fare, Republic of Korea (approval number: H-2102-163-1199). Due to the retrospective nature of the study, IRB 
approval number H-2102-163-1199 waived the need of obtaining informed consent. All studies were performed 
according to relevant guidelines and regulations.

Patients
Utilizing retrospective data, the study encompasses an internal set and incorporates wo additional external 
test sets to comprehensively evaluate the model’s effectiveness. The developmental dataset for the LUS model 
was collated from patients who underwent diagnostic or therapeutic thoracentesis between 2018 and 2021 at 
SNUH. Following thoracentesis procedures, an assessment of lung parenchyma was conducted to detect any 
parenchymal anomalies or quantify residual pleural effusion. Patients with poor image quality were subsequently 
excluded, including those with severe blurring or darkness where A-line, B-line, and consolidation could not 
be distinguished, as well as those with inappropriate image depth, making it difficult to evaluate the ultrasound 
patterns, which might impact the generalizability of the model.

Acquisition of lung ultrasound and standard of reference
One of the two thoracic radiologists (H.C. and H.W.J., possessing 7 and 6 years of experience in LUS, respectively) 
conducted LUS examinations using four machines from three distinct vendors: LOGIQ E9 (GE Healthcare, 
Illinois, United States), EPIQ 5G and EPIQ 7G (Philips Healthcare, The Netherlands), and RS80A (Samsung 
Healthcare, Republic of Korea). The operators opted for either a high-resolution linear probe (7–11 MHz) or a 
convex probe (3–5 MHz) based on individual preferences. Following the protocol recommended by the bedside 
lung ultrasound in emergency (BLUE)-protocol1, the operators assessed three lung points— anterior upper, 
anterior lower, and posterolateral areas—thus acquiring a minimum of six frames or images per patient.

Post-LUS examination, the operators categorized LUS findings into four groups: normal, B-lines, consolida-
tion, and pleural effusion. Normal LUS denotes a horizontal echogenic line parallel to the pleural line (A-line) 
without any irregularities. B-lines represented vertical low echogenic lines synchronized with respiration, while 
consolidation indicated a low echogenic area with an irregular border in aerated lung parenchyma. The catego-
rization offered by the two thoracic radiologists served as the reference standard.

Data partitions
The patients included in the developmental dataset were randomly partitioned into training, validation, and 
internal test sets in an 8:1:1 ratio using a random number generator, ensuring that data from the same patient 
did not overlap across the sets. A manually fixed seed was implemented for reproducibility purposes. The test 
datasets were prepared in the following manner: (1) a temporally separated dataset at SNUH spanning from 
2021 to 2022, serving as the temporally separated test set, (2) an external test set from 2021 to 2022 at CAUH, 
established as the first external test set, and (3) neurocritical ill patients admitted to an ICU at SNUH from 2017 
to 2022, forming the second external test set (Fig. 2).
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A total of 7580 images from 1645 patients were utilized in the training, validation and internal test stages. 
The temporally separated test set comprised 985 images obtained from 146 patients. Moreover, the first external 
test set consisted of 319 images from 54 patients, while the second external test set involved 53 LUS images. 
This methodology ensured the model’s exposure to a diverse range of instances during training, test on distinct 
datasets to refine hyperparameters, and evaluation on a separate dataset to assess its overall performance and 
generalizability.

Data preprocessing
Convolutional Neural Networks (CNN) are typically applied in perceiving image classification to preserve spatial 
features. Moreover, the model selection has been made to EfficientNet-B023. The DICOM files underwent pseu-
donymization using an algorithm and were converted into PNG format during pre-processing. The input data 
have been converted from PNG format to tensors. For the classification task, we employed the EfficientNet-B0 
model with ImageNet pre-trained weights, taking advantage of transfer learning to boost performance given 
our limited dataset. The images were resized to 224 × 224 pixels with three color channels (RGB) and further 
normalized to align with the distribution expected by the pre-trained model. The model was trained using a 
cross-validation approach, and its performance was assessed through accuracy, F1 score, and AUC-ROC metrics 
to ensure robustness and generalizability.

Deep learning‑based model deployment in lung ultrasound
The integration of the Sigmoid activation function and BCE Loss in multi-label classification tasks is underpinned 
by a logical and effective approach. Augmentation techniques applied to random horizontal flips, controlled rota-
tions up to 10 degrees, and random perspective distortion were employed to enhance the diversity of the data. 
Following augmentation, the images were converted into tensor format, an essential data structure in DL. The 
training process employed a learning rate of 1e−5 and initialized model parameters using ImageNet pre-trained 
weights.The batch size was set to 128, and the model was trained for up to 2000 epochs using the Adam optimizer. 
Layers are not frozen to allow full utilization of pre-trained features and enable fine-tuning across the entire net-
work. The classifier layer was modified to match the required output dimensions, incorporating a sigmoid activa-
tion function combined with BCE Loss to ensure correct output transformation for multi-label classification24,25. 
Additionally, a patience value of 100 was set for the early stopping mechanism. Optimal thresholds aimed at 
balancing sensitivity and specificity, were determined using an internal test dataset and subsequently applied 
across external datasets to evaluate model performance (Fig. 3). The experiments were conducted on hardware 
with an NVIDIA V100 32 GB GPU. The code is available at https://​github.​com/​SeanP​resent/​iRAIL_​LUS.

Reader test
Arbitrarily selected 200 LUS images from the temporally separated test set and the first external test set was used 
for the observer performance test (OPT). For OPT, we arbitrarily selected patients among the patients who had 
taken chest CT and LUS on the same day to confirm the reference of the standard by comparing the results of 
the chest CT scan. Two board-certificated radiologists (W.H.L, and H.I.P., with 8- and 5- years of experience in 
thoracic radiology) independently read the test set two times over the 4-week intervals along with the DL model 
result and without the results (Figs. 1, 4).

Statistical analysis
Data presented with mean ± standard deviation for continuous variables and frequencies with percentages for 
categorical variables. Model performance is evaluated via AUC, sensitivity, specificity, and accuracy. Confi-
dence intervals for the AUC values were calculated using the bootstrapping method, with predictions and true 

Fig. 2.   Flow chart of development and test datasets. Patients with suboptimal image quality, including those 
with severe blurring, darkness obscuring key features (A-line, B-line, consolidation), or inappropriate image 
depth, were excluded to avoid compromising the model’s generalizability.

https://github.com/SeanPresent/iRAIL_LUS
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labels resampled 1000 times to estimate the variability and robustness of the model’s performance. The optimal 
thresholds for determining LUS findings were determined based on the results of an internal test set, in which 
each classification (normal, B-lines, consolidation, and effusion) was balanced for sensitivity and specificity. The 
thresholds were applied across the first and second external test and evaluated the sensitivity, specificity, and 
accuracy in each test set. In the Observer Performance Test, accuracy, sensitivity, and specificity were assessed 
for both multi-label classification and binary discrimination (normal vs. abnormal [excluding normal, including 
B-line, consolidation, or pleural effusion]) by each reader. The inter-reader agreement was determined using 
Cohen’s kappa coefficient: > 0.8 (almost perfect), 0.61–0.80 (substantial), 0.41–0.60 (moderate), 0.21–0.40 (fair), 
and 0–0.20 (slight). Statistical analyses were executed using Medcalc version 20.015 software (MedCalc, Mari-
akerke, Belgium), and a P-value below 0.05 was considered indicative of statistical significance.

Data availability
The datasets generated and/or analyzed during the current study are not publicly available due to the patient 
privacy regarding the IRB but are available from the corresponding author upon reasonable request.
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