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ARTICLE INFO ABSTRACT

Keywords: Background: Improving diagnostic accuracy in EBUS image analysis using machine learning is a current chal-
EBUS lenge. This study aimed to identify the most effective transfer learning model for predicting lymph node
Lung cancer malignancy.
I'l\“/i-?a:ll:f:f 11::::11:5 Methods: EBUS images collected between 2020-2023 were retrospectively analyzed. Demographic data, sampled
VGG lymph nodes, and pathology results were retrospectively collected from the files. Eight pre-trained CNN models
ResNet (VGG, ResNet, InceptionNet, Xception, MobileNet, DenseNet, NasNet, EfficientNet) were evaluated.
InceptionNet Results: The study shows that the VGG19, EfficientNetV2L and DenseNet201 models have the highest perfor-
mance in malignancy prediction, achieving areas under the curve of 0.96, 0.96 and 0.95 respectively, with
consistent training and testing accuracy, indicating successful models without overfitting. In contrast, the
ResNet152V2, Xception, and NasNet models show lower performance with areas under the curve of 0.88, 0.85,
and 0.84 respectively, indicating overfitting due to discrepancies between training and test data. The Mobile-
NetV2 model, with an area under the curve of 0.50, fails to discriminate between benign and malignant cases,
resulting in an accuracy of only 0.51.
Conclusions: The application of transfer learning to the analysis of EBUS images offers significant potential for
improving diagnostic accuracy in thoracic medicine, particularly in lung cancer.

diseases.
Recent studies have shown that sonographic features from EBUS
images can support diagnosis. Distinguishing malignant from benign

Introduction

Mediastinal lymph nodes play a pivotal role in diseases such as lung

cancer, tuberculosis, lymphoma, sarcoidosis, and mediastinal tumors.
Accurate diagnosis and staging are essential for determining treatment
strategies.' Although surgical approaches remain standard, their inva-
siveness and need for general anesthesia have increased interest in less
invasive diagnostic alternatives.

Endobronchial Ultrasound (EBUS), a minimally invasive method
integrating ultrasonography with bronchoscopy, allows direct access to
lesions such as enlarged lymph nodes or bronchus-adjacent tumors that
classical bronchoscopy could not reach.? EBUS enables real-time visu-
alization, guided biopsy, and Doppler-based vascular distinction,
significantly advancing the diagnosis and staging of mediastinal
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lymph nodes is essential to avoid unnecessary biopsies. Due to the
operator-dependent nature of current assessments, objective, computer-
based decision support systems are needed to ensure consistent evalu-
ations.® The authors anticipate the development of computer-based
decision support systems to deliver more objective results, indepen-
dent of the operator.

Various machine-learning approaches have been applied to EBUS
images, yet the optimal method for accurate malignancy prediction re-
mains under investigation.“

Most studies utilize publicly available datasets, with ImageNet being
the predominant pre-training source due to its scale and accessibility. '
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Increasing this rate over the next few years will be essential for
improving methods and comparing performance. In most studies,
ImageNet was chosen as the pre-training data source because of its size
and ease of use.'” Among the most commonly used models are DenseNet
and ResNet, the two popular Convolutional Neural Network (CNN)
models.'»'? Rather than more complex hybrid methods (e.g., CheXNet),
it has been observed that models such as DenseNet and ResNet, which
can be easily trained with programs such as PyTorch or Keras, are
preferred for TL, since they are pre-trained with ImageNet.'®'* It is seen
in the literature that these methods are used in different studies.'®

Objective

The aim of this study is to analyze images obtained from EBUS
procedures using artificial intelligence methods and compare the results
with pathology outcomes. The primary aim of this study is to distinguish
between benign and malignant lymph nodes, rather than differentiate
among histologic subtypes of malignancy. The goal is to identify the best
transfer learning method for optimizing malignancy prediction.

Materials and methods
Patients’ characteristics, EBUS procedure and data collection

Two bronchoscopists experienced with EBUS-TBNA performed all of
the procedures. In this study, the bronchoscopists’ role was to image the
LNs with EBUS and perform a biopsy. The bronchoscopists performed
the imaging process following the common standards of the EBUS pro-
cedure followed by all medical experts in this field and accepted
worldwide.'®

EBUS was performed under general anesthesia. The pulse rate, res-
piratory rate, oxygen saturation, and blood pressure were monitored
throughout the procedure. A Convex-Probe Endobronchial Ultrasound
(CP-EBUS) scope (Fujifilm, Ultrasonic Processor SU-1) with a 7.5 MHz
convex transducer was used. The ultrasonic processor processed B-mode
and color-power Doppler images. CP-EBUS was performed orally. In-
ternational Staging System guidelines for lung cancer were followed to
identify the LNs. After identifying the node with EBUS, the vascular
structures were detected using the Doppler mode. The images were
captured during a real-time Transbronchial Needle Aspiration (TBNA)
session (Fig. 1). The authors used a 22-gauge cytology needle to obtain
specimens. The samples obtained from the LNs were spread on glass, and
fixed with 95% alcohol and formalin. These were then sent to the Pa-
thology Department, and the pathology results were obtained. The pa-
tient’s images were classified as malignant or benign, according to the
pathology results. Based on the expert visual interpretation of

FuRfLv

Fig. 1. Representative image from an Endobronchial Ultrasound (EBUS) pro-
cedure showing the mediastinal Lymph Node (LN) adjacent to the airway wall.
The image was captured during a real-time Transbronchial Needle Aspiration
(TBNA) session.
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pulmonologists, each image was evaluated independently by the same
observer.

The data used in this study were collected from the images obtained
from the EBUS procedures performed in the clinic between 2021 and
2023. Demographic data, sampled lymph nodes, and pathology results
were retrospectively recorded from patient files. Histopathological
evaluation of biopsy specimens obtained via EBUS-TBNA was consid-
ered the gold standard for the diagnosis of malignancy.

Image processing and data augmentation

The dataset comprised 310 EBUS images. To increase the power of
the dataset, each image was subjected to 36 rotations and 10 distortions.
To avoid class imbalance or artificial bias, augmentation procedures
were applied equally across benign and malignant classes using ran-
domized parameters that preserved anatomical fidelity. The trans-
formations included uniform rotations and mild distortions applied
symmetrically across classes, minimizing the risk of bias or overfitting
due to augmentation artifacts. Thus, a total of 14,570 images were ac-
quired for the dataset. 20 % of the dataset was used for testing, while the
remaining 80 % was used for training. Training and test data were
selected under a random process. Diagnosis of benign and malignant
conditions in the datasets occurred at comparable frequencies. Homo-
geneity was guaranteed in both the training and test groups. Through
this approach, the precision and dependability of the artificial intelli-
gence models were enhanced. 11,656 images were allocated as training
data for each artificial intelligence model, while 2914 images were
designated as test data. The development of artificial intelligence
models involved the use of 8 training algorithms. The objective was to
choose the optimal model by evaluating the superiority, success, and
confidence levels of the artificial intelligence models in relation to one
another.

Comparison of transfer learning models

This study utilized Convolutional Neural Network (CNN) models
integrated with Transfer Learning (TL). Under the TL approach, Al
models retain previously learned patterns to solve new problems more
efficiently and with less data.'” CNNs, commonly used in image pro-
cessing, are deep learning algorithms designed for image classification
and benefit from TL for faster and data-efficient training.'® CNNs,
commonly used in image processing, are deep learning algorithms
designed for image classification and benefit from TL for faster and
data-efficient training.]() The models evaluated were VGG, ResNet,
InceptionNet, Xception, MobileNet, DenseNet, NasNet, and EfficientNet.

Each algorithm offers distinct advantages and limitations, and these
are briefly summarized below.

Visual geometry group (VGG)

VGG19 is a transfer learning-based convolutional network with 19
layers, including 16 convolutional and 3 fully connected layers. In this
study, input and output dimensions were set as 224 x 224 x 64 and 1 x
1 x 100, respectively.”’

Residual network (ResNet)

ResNet uses shortcut connections (residual blocks) to allow deeper
networks while avoiding vanishing gradient issues. This structure fa-
cilitates optimization and improves accuracy in very deep models.”’

Inception residual network V2 (InceptionResNetV2)

InceptionResNetV2 combines the Inception architecture’s parallel
convolutions with ResNet-style residual connections to enhance per-
formance while reducing computational load.*?

Xception
Xception improves upon InceptionV3 by using depthwise separable
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convolutions, which reduce computational cost while maintaining
accuracy.”

MobileNetV2

MobileNetV2 employs depthwise separable convolutions and skip
connections to reduce model size and computational cost, making it
suitable for low-resource environments.”*

DenseNet201

DenseNet201 connects each layer to all subsequent layers, improving
gradient flow and feature reuse while reducing parameters and over-
fitting risk.>”

NasNet

NasNet uses Neural Architecture Search (NAS) to optimize model
design based on the dataset, improving performance through adaptive
block structures.?°

EfficientNet

EfficientNetV2L combines neural architecture search with com-
pound scaling to balance accuracy, training speed, and model
efficiency.”’

Al workflow and outcome measures

Fig. 2 shows the workflow of the deep learning-based malignancy
prediction process. The diagram illustrates key steps from EBUS image
acquisition and augmentation, through training and testing data sepa-
ration, to model training and evaluation using multiple pre-trained
convolutional neural networks.

As seen in Fig. 2;the primary outcome was the diagnostic perfor-
mance (AUC, accuracy) of each transfer learning model in predicting
malignancy from EBUS images.

Statistical analysis

The performance of each deep learning model was evaluated using
standard classification metrics, including Area Under the Receiver
Operating Characteristic Curve (AUC), accuracy, sensitivity, specificity,
and loss values. Accuracy and loss values were calculated separately for
both training and testing datasets to assess model generalizability and
detect overfitting. The compatibility of training and test data was
visually examined through accuracy and loss function curves across

Al Workflow for Malignancy
Prediction from EBUS Images
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Fig. 2. Workflow of the deep learning-based malignancy prediction process.
The diagram illustrates key steps from EBUS image acquisition and augmen-
tation, through training and testing data separation, to model training and
evaluation using transfer learning methods.
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epochs. Comparisons between models were based primarily on their
AUC values and consistency between training and test performances. All
statistical analyses and model evaluations were performed using Python
(version 3.11.9) with Keras and TensorFlow libraries. A p-value was not
used, as the primary focus was on algorithmic performance rather than
hypothesis testing.

Ethics approval

The methodology for this study and ethical considerations for human
subjects were reviewed and approved before performing the present
study by the Human Research Ethics Committee of Recep Tayyip
Erdogan University (Ethics approval number: 2021/59). Due to the
retrospective design of this study, informed consent was not obtained
from the patients.

All data used in this study were anonymized before analysis. No
personally identifiable information was collected or processed. The
study was conducted in accordance with the Declaration of Helsinki.

Results

The dataset comprised 310 EBUS images from 62 patients (Fig. 3). To
increase the power of the dataset, each image was subjected to 36 ro-
tations and 10 distortions. Thus, a total of 14,570 images were acquired
for the dataset. 20 % of the dataset was used for testing, while the
remaining 80 % was used for training. Patient characteristics and data
are given in Table 1.

The results of the artificial intelligence models are presented in
Table 2. We see that the VGG19, EfficientNetV2L, and DenseNet201
models have the most successful results, with the area under the curve
being 0.96, 0.96, and 0.95 (Fig. 4). The graphs (Fig. 5) display the ac-
curacy results of the training and test data for the VGG19, Effi-
cientNetV2L, and DenseNet201 models. The training and test model
graphs increase at the same rate, while the loss function graphs decrease
at the same rate as the iterations increase. The accuracy and model loss
function graphs of these three models show that the training and test
data are compatible, that they are successful, and that there is no
overlearning. Of these three models, VGG19 has the most successful
results.

The ResNet152V2, Xception, and NasNet models had areas under the
curves of 0.88, 0.85, and 0.84, respectively (Fig. 4). These are the graphs
showing the accuracy results of the training and test data for the
ResNet152V2, Xception, and NasNet models. The training and test
model graphs grow at different rates, and as iterations increase, the loss
function graphs become more separated (Fig. 6). The incompatibility of

Patient Flow Diagram
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to Poor Image
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v
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(n=310)

Fig. 3. Patient flow diagram.
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Table 1
Patient characteristics and demographic data.

Characteristics Cases

Patients, n 62

Sex (Male/Female) 44/18

Age, Median (Range), y 64 (23-84)

Diagnosis of patients, n (%)

Lung cancer 38 (61.3)
Adenocarcinoma 30 (79)
Squamous carcinoma 6 (15.8)
Small cell lung cancer 2(5.2)

Granulomatous inflammation 24 (38.7)

Lymph nodes, n 310

Long axis on EBUS, mm 31.36 £ 7.52
Short axis on EBUS, mm 14.80 + 6.87
Station, n (%)

2R, 4R, 4L 75 (24.25)

7 163 (52.5)
10R, 10L 65 (21)

11 L, 11R 7 (2.25)

the training and test data graphs, as observed in the graphs of these three
models, indicates that overlearning is occurring in the models, leading to
unsuccessful results.

The areas under the curves of the InceptionResNetV2 and Mobile-
NetV2 models were 0.80 and 0.50, respectively (Fig. 4). The training and
test model curves do not grow at the same rate for the InceptionRes-
NetV2 model. Also, the loss function graphs grow further apart as the
number of iterations increases (Fig. 7). The graphs of the training and
test data in the model are incompatible. We see that the model is
overlearning, which leads to unsuccessful results. When we look at the
accuracy graph of the MobileNetV2 model, we see that the training and
test accuracy values plateaued early and did not improve with further
iterations, suggesting poor learning behavior, while the model loss
function graph (Fig. 7) shows the test graph as 0. The model fails because
it classifies all the images as benign, and its accuracy value is 0.51.

Fig. 8 visualizes the performance comparison of transfer learning
models based on their Area Under the Curve (AUC) scores. VGG19,
DenseNet201, and EfficientNet demonstrated the highest performance
with an AUC of 0.96, while MobileNetV2 showed the lowest perfor-
mance with an AUC of 0.50.

Discussion

This study compared eight deep transfer learning models for EBUS
image classification. Among them, VGG19, EfficientNetV2L, and Den-
seNet201 showed the highest performance with AUC values above 0.95.

Transfer learning has emerged as a key technique in medical image
analysis, enabling the development of robust models that can effectively
classify and segment medical images. This approach uses pre-trained
models, especially those trained on large datasets such as ImageNet, to
improve performance on specific medical tasks.?®

There have been several studies showing the effectiveness of transfer
learning methods in medical ultrasound image analysis. In breast ul-
trasound studies, cross-domain transfer learning has shown promise.
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Ayana et al. demonstrated improved performance by adapting models
pre-trained on natural images,”” while Masud et al. reported that NAS-
Net achieved 99 % accuracy in breast cancer classification.>’ This in-
dicates that specific architectures can significantly impact the
effectiveness of transfer learning in ultrasound diagnostics.

Similarly, Cheng and Malhi demonstrated that CNN layers can act as
effective feature extractors in abdominal ultrasound, even with noisy
data, using a relatively small dataset.’’ Saha and Sheikh emphasized
that differences between natural and ultrasound images may limit
transferability, necessitating domain-specific adaptation.®> This high-
lights the necessity for careful selection of pre-trained models and the
potential need for additional domain-specific training.

Expanding further, Wu et al. employed InceptionResNetV2 and class
activation maps to visualize predictive features in thyroid ultrasound,
enhancing the interpretability of deep learning models.>* This capability
is crucial for medical professionals who require transparency in
Al-driven diagnostics.

Chen et al. showed that preprocessing techniques such as total
variation-based restoration, combined with GoogLeNet, improved the
classification of thyroid nodules.>* These studies suggest that data
augmentation and careful preprocessing are essential for optimizing
model performance.

EBUS-TBNA is a key minimally invasive tool for evaluating medias-
tinal lymph nodes and has become a first-line method for lung cancer
staging, with sensitivity reported up to 90 %.>° Al-based decision sup-
port tools can assist clinicians in planning re-biopsies or follow-up
strategies when initial results are inconclusive.*”

Recent research has focused on integrating AI with EBUS imaging.
CNN-based approaches have been developed to detect and classify
lymph nodes in real time, reducing operator dependence and enhancing
diagnostic accuracy.’® In particular, Convolutional Neural Networks
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Fig. 4. ROC curve graph of the models. The evaluation of the models’ success
relied on the area under the curve. ROC, Receiver Operating Characteristic;
AUC, Area Under the Curve.

Table 2

The table displays the test results of the models.
Models Specificity Sensitivity PPV NPV Accuracy AUC
VGG19 0.97 0.95 0.97 0.95 0.97 0.96
ResNet152V2 0.91 0.85 0.90 0.86 0.88 0.88
InceptionResNetV2 0.85 0.75 0.83 0.78 0.81 0.80
Xception 0.85 0.84 0.85 0.84 0.85 0.85
MobileNetV2 1 0 Nan 0.51 0.51 0.50
DenseNet201 0.96 0.93 0.96 0.94 0.95 0.95
NasNet 0.83 0.84 0.83 0.85 0.84 0.84
EfficientNetV2L 0.97 0.96 0.97 0.96 0.97 0.96

AUC, Area Under the Curve, PPV, Positive Predictive Value, NPV, Negative Predictive Value.
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(CNNs) have shown promising results in reducing operator dependence
and improving diagnostic accuracy.

The application of deep learning algorithms in ultrasound imaging
has been demonstrated to yield high predictive values in various medical
contexts, suggesting that similar methodologies could be adapted for
EBUS image analysis.’” There are studies to compare which ML model is
more effective in analyzing EBUS images. Koseoglu et al. found that
fine-tuned ML applications like SVM and KNN can significantly enhance
the analysis of EBUS images, improving diagnostic accuracy.>®

Consistent with the present findings, Patel et al. achieved 80.6 %
accuracy and an AUC of 0.701 using an ensemble CNN model on EBUS
images. Despite high specificity (96.9 %), their model showed low
sensitivity (43.2 %), underscoring the need for improved sensitivity and
validation on multicenter datasets.*” Their results emphasize the feasi-
bility of Al-supported diagnostic tools in real-time EBUS interpretation
and support the development of ensemble models trained on diverse
datasets to improve clinical applicability.

Transfer learning offers substantial potential in EBUS image analysis
by enabling the extraction of complex diagnostic features. These models

can enhance accuracy and reduce subjectivity, potentially matching the
diagnostic utility of surgical mediastinoscopy for mediastinal and hilar
lymphadenopathies.*°

Limitations

This single-center study may limit the generalizability of the find-
ings. Although the models showed strong performance, the absence of
external validation may affect their robustness in broader clinical set-
tings. Furthermore, the models were not tested for identifying malig-
nancy subtypes. Future multi-center studies with larger, diverse datasets
and external validation are needed to confirm applicability.

While the dataset is not publicly available due to institutional pol-
icies, we are open to multicenter collaborations, and anonymized sub-
sets may be shared under appropriate data-sharing agreements
following ethical approval.
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Fig. 6. (a) Accuracy and loss graphs of the ResNet152V2 model, (b) Accuracy and loss graphs of the Xception model, (c) Accuracy and loss graphs of the Nas-

Net model.

Conclusions

The application of transfer learning to the analysis of Endobronchial
Ultrasound (EBUS) images offers significant potential for improving
diagnostic accuracy in thoracic medicine, particularly in lung cancer. By
utilizing deep learning and advanced imaging methods, clinicians can
improve patient outcomes through more accurate diagnoses.

Institutional review board statement

This study was performed in line with the principles of the Decla-
ration of Helsinki. Approval for the study was granted by the Ethics
Committee of Recep Tayyip Erdogan University. The ethics committee
approval number is 2021/59.
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Fig. 8. The performance comparison of transfer learning models based on their
Area Under the Curve (AUC) scores.
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