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Abstract

Nasal endoscopy is routinely performed to distinguish the pathological types of masses.
There is a lack of studies on deep learning algorithms for discriminating a wide range of
endoscopic nasal cavity mass lesions. Therefore, we aimed to develop an endoscopic-
examination-based deep learning model to detect and classify nasal cavity mass lesions,
including nasal polyps (NPs), benign tumors, and malignant tumors. The clinical feasibility
of the model was evaluated by comparing the results to those of manual assessment.
Biopsy-confirmed nasal endoscopic images were obtained from 17 hospitals in South
Korea. Here, 400 images were used for the test set. The training and validation datasets
consisted of 149,043 normal nasal cavity, 311,043 NP, 9,271 benign tumor, and 5,323
malignant tumor lesion images. The proposed Xception architecture achieved an overall
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accuracy of 0.792 with the following class accuracies on the test set: normal =0.978 +
0.016, NP =0.790 + 0.016, benign = 0.708 £ 0.100, and malignant = 0.698 + 0.116. With an
average area under the receiver operating characteristic curve (AUC) of 0.947, the AUC val-
ues and F1 score were highest in the order of normal, NP, malignant tumor, and benign
tumor classes. The classification performances of the proposed model were comparable
with those of manual assessment in the normal and NP classes. The proposed model out-
performed manual assessment in the benign and malignant tumor classes (sensitivities of
0.708 £0.100 vs. 0.549 £ 0.172, 0.698 + 0.116 vs. 0.518 £ 0.153, respectively). In urgent
(malignant) versus nonurgent binary predictions, the deep learning model achieved superior
diagnostic accuracy. The developed model based on endoscopic images achieved satisfac-
tory performance in classifying four classes of nasal cavity mass lesions, namely normal,
NP, benign tumor, and malignant tumor. The developed model can therefore be used to
screen nasal cavity lesions accurately and rapidly.

Introduction

Tumorous lesions in the nasal cavity and paranasal sinuses are of several histopathological
types and are highly heterogeneous [1-3]. Non-neoplastic and neoplastic lesions are common
in the nasal cavity [2]. The majority of nasal cavity mass lesions are non-neoplastic, such as
nasal polyps (NPs), which are typically bilateral and multiple and have a prevalence of 1%-4%
[4, 5]. Inverted papillomas (IPs) are the most common benign tumor occurring in the nasal
cavity, consisting of 0.5%-0.7% of all nasal cavity tumors and seldom exhibit malignant fea-
tures [6]. Malignant tumors of the nasal cavity are rare and account for only 3% of all head and
neck tumors and less than 1% of all malignancies [7]. Treatment strategies differ according to
the histopathologic type of the tumorous lesion. Generally, medical therapy is the preferred
treatment for NPs, and complete resection through an endoscopic approach is used for IPs.
However, malignant tumors of the nasal cavity require multiple treatment modalities includ-
ing surgery, radiation, and chemotherapy. Therefore, differentiating nasal cavity tumors is
critical before determining treatment strategies.

In clinical practice, nasal endoscopy is routinely performed to visualize and discriminate
various conditions in the nasal cavity, which is the first step in the diagnosis of nasal cavity
tumors [8, 9]. A nasal endoscopy followed by an endoscopically directed biopsy at the suspi-
cious area is crucial for the confirmation of nasal cavity mass lesions including benign or
malignant tumors. If the appearance of the mass lesions is neoplastic, clinicians perform a
biopsy under nasal endoscopy. However, clinically differentiating non-neoplastic and neoplas-
tic lesions in the nasal cavity is difficult because of the heterogeneity of gross appearance and
continuum of disease severity [6]. Manual visual observation of nasal cavity lesions from endo-
scopic images is subjective and depends on the experience of the examiner. Although histo-
pathological diagnosis is the gold standard for diagnosing nasal cavity tumors, the process is
time-consuming, and limitations exist in performing biopsy in all patients with nasal cavity
mass lesions in clinical settings in terms of time, cost, or patient’s physical condition. There-
fore, faster and consistent screening methods are required for reducing individual variability
for making early decisions and allowing next-step evaluations such as biopsy or imaging analy-
ses for suspicious cases.

Computer-assisted image recognition algorithms can be used to detect and classify lesions
from medical images for improving diagnosis. Convolutional neural networks (CNNs), a
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popular deep learning algorithm, have exhibited excellent image classification performance
[10, 11]. Studies have revealed that a CNN can exhibit comparable results or outperform man-
ual clinical visual assessment (CVA) in the diagnosis of diseases such as retinopathy [12], gas-
trointestinal disease [13, 14], skin malignancy [15], and laryngeal disease [16]. A previous
preliminary study demonstrated that CNN-based algorithms can serve as a reliable model for
distinguishing normal nasal cavities, IP lesions, and NP lesions using nasal endoscopic images,
achieving accuracies of 0.81+0.14, 0.57+0.07, and 0.83+0.21, respectively [17]. While this study
included three categories, only two types of tumorous lesions (IP and NP) were considered,
and it was limited by the size of the dataset (100 images for each class). To the best of our
knowledge, no studies have developed models to identify a range of diagnostic entities includ-
ing various benign or malignant nasal cavity tumors beyond IP and NP lesions. An automatic
diagnostic system using a CNN model could be a practical tool for the screening of nasal cavity
tumors, although the model could not completely replace manual clinical assessments. In this
study, a CNN-based computer-aided diagnosis system was proposed for the automatic detec-
tion and classification of nasal cavity tumors, including NP, benign tumors, and malignant
tumors. The performance of the model and its clinical applicability were validated. This study
marKks a significant step forward in applying deep learning to the classification of nasal cavity
mass lesions, potentially enhancing diagnostic speed and accuracy. The key contributions
include the following:

o « This study represents a novel attempt to utilize deep learning for the classification of a wide
range of nasal endoscopic findings, including normal nasal cavities, NPs, benign tumors,
and malignant tumors.

o o A large-scale, multi-institutional, biopsy-confirmed dataset from 17 medical centers was
constructed to develop the diagnostic model.

o « We compared the performance of deep learning-based classification to the expertise of
medical professionals in effectively differentiating between each class, as well as between
urgent (malignant) and nonurgent lesions.

« o Our paper discusses the challenges tied to the unique characteristics of nasal endoscopy
images, the limitations of the current approach, and promising directions for future
research.

Materials and methods

Preparation of nasal endoscopic images

Nasal endoscopic images and clinicopathological data of patients who had undergone routine
clinical screening for sinonasal diseases were obtained from 17 healthcare centers in South
Korea. Nasal endoscopic images were obtained from 2074 patients with a normal nasal cavity,
1533 cases of NPs (NP class), 958 cases of benign tumors (benign class), and 533 cases of
malignant tumors (malignant class), all pathologically confirmed, yielding a total of 5098
images. The images were in PNG or JPG format with three color channels, namely red, green,
and blue, and were captured using a rigid 4-mm nasal endoscope and an endoscopic capture
recorder with widths and heights ranging from 300 to 600 pixels. After excluding 328 low-
quality images with issues such as blurring; inadequate lighting; instrument interference; or
lesion obscuration by foreign substances, crust, or purulent discharge, a dataset (N = 4770)
was constructed using endoscopic images of 1963 normal cases, 1,442 NPs, 847 benign tumors,
and 818 malignant tumor lesions. Next, 4340 images were randomly partitioned into training
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and validation sets at a 3:2 ratio to develop the algorithm. The remaining 400 images were
used for the test set such that 100 images were obtained per pathologic class. These images
were used to compare the performance of the CNN-based algorithm to the CVAs by otolaryn-
gologists. This study was approved by the Ethics Committee of Asan Medical Center, and the
need for informed consent was waived owing to the retrospective design of the study.

Data preprocessing and augmentation

Before developing the deep learning model, the images were preprocessed to standardize the
resolution, extension, and size of collected images. All code and endoscopic image samples are
accessible on GitHub (https://github.com/shpark5779/SNT_Research/tree/main). First, for
consistency among nasal endoscopic images, each JPG image file was converted into PNG for-
mat. Some raw nasal endoscopic images contained black circular edges with artifacts or text on
the background, such as date and patient information. Such artifacts can cause considerable
data bias when training a deep learning model. Therefore, background noise and useless parts
were removed from the images as follows:1) The black circle contour was identified using an
Open CV function called minEnclosingCircle, and its outside part was removed. 2) The
NumPy function “zeros” was used to create a black array as the background, and the target
part (inside the black circle contour) was placed on it. 3) These images were cropped to a stan-
dard region based on the black circle contour using the Open CV function called boundin-
gRect. The images were resized to 224 x 224 or 331 x 331 pixels using the nearest-neighbor
interpolation of the required input dimensions for the models.

In this study, the number of images was insufficient for training the high-dimensional
parameters of the CNN model. For data augmentation, two types of sharpening filters (3 x 3
or 5 x 5 pixels) were applied to benign and malignant tumor images, which were rotated at
90°, 180°, and 270° and cropped manually. A 3 x 3 sharpening filter was applied to process the
NP images with rotation and cropping, whereas the normal class images were not cropped
(Fig 1). The total training and validation dataset consisted of 149,043 normal nasal cavity,
311,043 nasal polyp, 9,271 benign tumor, and 5,323 malignant tumor lesion images.

CNN training for classification

In this study, transfer learning was performed using a CNN model on the ImageNet database
(1.2 million images with 1000 categories) was performed. The categorical cross-entropy func-
tion was used as the loss function for all models. Thus, the labels were created in one-hot
encoding and entered into the model. The categorical cross-entropy value (Lcg) is computed
as follows:

Ly = —Zileilog(Si),for n classes

where T; is the label and S; is the value of the softmax function.

The weights for all layers except for the top layer were initialized using weights from the
pretrained model. To avoid class imbalance and overfitting problems, particularly in the
benign and malignant tumor classes, various class weights were applied according to the class,
as displayed in the following formula:

B 1 Number of Total image
~ Number of Class, image ~ Number of Class

i

A CNN architecture was constructed to calculate the probability of each pathological class
of endoscopic images by using VGG19, +ResNet152V2, InceptionResNetV2, NasNetLarge,
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Preprocessing

Step 1 Step 2 Step 3 Step 4
Input Background Border-based image Resize
Cleansing cropping

Augmentation

Preprocessed 3*3 sharpening 5*5 sharpening 90° Rotation 90° Rotation, 90° Rotation, r
Image filter filter 3*3 sharpening 5*5 sharpening
filter filter

Image Crop

i

180° Rotation 180° Rotation, 180° Rotation, 270° Rotation 270° Rotation, 270° Rotation,

3*3 sharpening 5*5 sharpening 3*3 sharpening 5*5 sharpening
filter filter filter filter

Fig 1. Image preprocessing and augmentation steps on the nasal endoscopic images.

https://doi.org/10.1371/journal.pone.0297536.9001

and Xception (Fig 2). To use these neural network models, Keras, an open-source machine
learning framework, was used as an interface for the TensorFlow library. The validation pro-
cess was conducted using the randomly partitioned validation set to improve model perfor-
mance. An early termination method was applied to reduce the risk of overfitting; the training
was terminated when the value of the loss function did not change by more than 0.01 during
three epochs (Fig 3). Using the GridSearchCV method, all possible combinations of each
hyperparameter were searched to determine the best model and combination of values yield-
ing the best score. The final combination of hyperpatameter values were as follows:

« VGGI09: batch size = 10, learning late = 1.00E-05

o ResNet152V2: batch size = 10, learning late = 1.00E-05

o InceptionResNetV2: batch size = 30, learning late = 0.0001
« NasNetLarge: batch size = 10, learning late = 1.00E-05

« Xception: batch size = 20, learning late = 0.0001

Image preprocessing and CNN training were performed using Python(3.8.11) and the Ten-
sorBoard (2.9.0), TensorFlow (2.4.1), Keras (2.4.3), scikit-learn (1.0.2), NumPy (1.20.3), and
OpenCV (4.0.1) Python packages.

Performance evaluation

TensorBoard (https://tensorflow.org/tensorboard), a machine learning developer tool, was
used to monitor the performance of the model during training. To visualize the test
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Fig 2. Proposed deep learning architecture and classification pipeline. The detection algorithm is a model based on
the deep CNN. Preprocessed images are input to the pretrained CNN model to determine the class that the image
belongs to, namely normal, NP, benign, and malignant tumors.

https://doi.org/10.1371/journal.pone.0297536.9002

performance using metrics such as the receiver operating characteristic (ROC) curve and con-
fusion matrix, a visualization library for Python (4.0.1) and Matplotlib (3.4.2) was used. Perfor-
mance metrics, such as the F1-score and the area under the ROC curve (AUC) value, were
generated using Python data analysis libraries, Keras, and scikit-learn (1.0.2). The prepro-
cessed images were input into the proposed network, and objective metrics, including sensitiv-
ity, specificity, F1-score, overall accuracy, mean average precision (mAP), and AUC, were
used to validate the performance of the proposed classification model. S1 File includes detailed
information on these metrics. The gradient-weighted class activation mapping (Grad-CAM)
method was combined with a localized attention map to determine how the proposed CNN
model made classification decisions on for the input images (Fig 4).

Comparison between the machine learning model and CVA

The performances of manual assessment and trained Xception machine learning model were
compared on the four-class classification task. Eighteen otolaryngologists classified the raw
400 images in the test set into four classes based on CVA. Among the clinicians, six otolaryn-
gologists were board-certified rhinologists with more than 5 years of experience in nasal
endoscopy, another six otolaryngologists were senior residents with 3-4 years of experience,
and the remaining six otolaryngologists were junior residents with 1-2 years of experience
from a single institution. Assessments were conducted according to the appearance of the
nasal endoscopic images without time constraints or any information on patient history. In
addition to the four-class categorization, diagnostic performance was assessed for binary
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Fig 3. Changes in the loss function value on the validation set.

https://doi.org/10.1371/journal.pone.0297536.9003

predictions on urgent (malignant lesion) versus non-urgent (non-malignant lesion) subjects
based on sensitivity, specificity, F1-score, overall accuracy, and confusion matrix.

Statistical analysis

Student’s t-test was conducted to compare the accuracy between the clinician groups. Sensitiv-
ity and specificity were analyzed using ROC curves and dichotomized tables. F1-score was cal-
culated using the following formula: TP/(TP+0.5(FP+FN)), where TP represents the number
of true positives, and FP and FN are the numbers of false positives and false negatives, respec-
tively. The overall accuracy represents the ratio of the number of correctly classified images to
the total number of test images. ROC curves and AUC were calculated using R Studio (RStudio
Team, 2021) with R version 4.1.1 and the pROC package. The confusion matrices of the four-
class classification task was evaluated to compare the diagnostic accuracy for each pathological
class and count the correct and incorrect predictions in each class. Statistical analyses were
performed using the SPSS version 20 (SPSS Inc., Chicago, IL), pandas (1.3.5), scikit-learn
(1.0.2), NumPy (1.20.3), Matplotlib (3.4.2), and OpenCV (4.0.1) Python packages. Statistical
significance was set at < 0.05. The model structures were developed on a Xeon Gold 6248 (3.0
GHZ/24-core/205 W, 256 GB RAM) central processing unit with NVIDIA Tesla V100 graphic
process units (32 GB).

Results
Diagnostic performance of the CNN models

The details of the network setup, including the hyperparameter settings and weight values, are
provided in S2 File, S2 and S3 Tables. A grid search method was used to identify the optimal
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Fig 4. Visualized attention maps obtained by the proposed Xception deep learning model. (A)-(D) Attention maps
for the (A) normal, (B) NP, (C) benign tumor (IP) and (D) malignant mass (SCC) classes. (E)-(H) Representative
attention maps that were misclassified. (E) Normal image incorrectly classified as malignant mass, in which the
inferior turbinate was confused with a tumor. (F) NP image incorrectly classified as benign tumor. (G) Benign tumor
(IP) image incorrectly classified as an NP. (H) Malignant tumor (SCC) image incorrectly classified as a benign tumor.
In the attention maps displayed as heat maps, warmer colors indicate higher saliency, that is, a higher contribution to
the classification decision.

https://doi.org/10.1371/journal.pone.0297536.9004

set of parameter values for our networks, and a learning rate of 1e-04 and a batch size of 20
were selected. The models were run with each hyperparameter setting three times, and the
best-performing model obtained accuracies of 0.927 + 0.004 and 0.996 + 0.001 (S1 File and

S1 Table) on the validation and training sets, respectively. The validation loss for each machine
learning model during training was assessed on the validation dataset (Fig 3). NasNetLarge
obtained the lowest validation loss of 0.1018. InceptionResNet, Xception, ResNet152V2, and
VGG19 obtained validation losses of 0.1251, 0.1303, 0.2572, and 0.3841, respectively. Subse-
quently, the performance of each CNN model with their optimal hyperparameter settings was
evaluated on the test set (Table 1). The performance of each models was compared, and Xcep-
tion was used as the backbone network in the final CNN model because it obtained the highest
accuracy. The final classification performance results are listed in Table 2. The proposed
model achieved an overall accuracy of 0.792 with the following class accuracies: nor-

mal =0.978 + 0.016, NP = 0.790 £ 0.016, benign = 0.708 + 0.100, and malignant = 0.698 + 0.116.
The mean AUC was 0.947 + 0.008, which indicates high performance in distinguishing
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Table 1. Results of predictive performance indicators for the deep learning models.

Model Sensitivity Specificity Precision F1-Score Accuracy AUROC mAP

VGGI19 0.92 0.75 0.76 0.74 0.75 0.9 0.84
ResNet152V2 0.92 0.76 0.76 0.75 0.76 0.9 0.82
InceptionResNetV2 0.94 0.82 0.82 0.82 0.82 0.94 0.89
NasNetLarge 0.93 0.78 0.78 0.78 0.78 0.93 0.86
Xception 0.94 0.82 0.84 0.81 0.82 0.96 0.90

* Definitions of these metrics are given in S1 File.

https://doi.org/10.1371/journal.pone.0297536.t001

between each class. Furthermore, the computed confusion matrix, ROC curves, and AUC values
on the test set revealed the accuracy for normal class images was the highest, and the accuracy for
malignant class images was the lowest (Figs 5A, 5B and 6). The confusion matrix reveals that the
rate of malignant tumors misclassified as benign tumors (0.213) was higher than in any other case
(Fig 5B). Furthermore, the lower AUC values for the benign and malignant classes were compared
with the AUC results for the normal and NP classes (Fig 6E). The performance of binary predic-
tion (urgent versus non-urgent cases) was evaluated. The proposed model achieved a sensitivity of
0.750 + 0.034, F1-score of 0.760 + 0.019, and average overall accuracy of 0.838. The urgent versus
non-urgent performance is displayed as a confusion matrix in Fig 7A.

Attention maps

Fig 4 visualizes how the Xception model classified the images by weighting all pixels according
to their importance using Grad-CAM attention maps. Fig 4A-4D present examples of

Table 2. Comparisons of four-class image classification performance of human clinicians and the CNN model.

Overall Accuracy
Performer Image Class Sensitivity Specificity F1 Score Per class Average
Rhinologist Normal 0.985 £ 0.015 0.983 £ 0.013 0.968 £ 0.025 98.5% 0.712
NP 0.788 + 0.149 0.885 + 0.088 0.739 £ 0.081 78.8%
Benign 0.626 = 0.136 0.790 = 0.07 0.555 £ 0.107 62.6%
Malignant 0.450 = 0.193 0.959 + 0.030 0.550 £ 0.171 45.0%
Senior Resident Normal 0.977 £ 0.034 0.987 + 0.005 0.968 + 0.018 97.7% 0.710
NP 0.858 + 0.078 0.863 + 0.091 0.762 £ 0.057 85.8%
Benign 0.535 £ 0.226 0.843 £ 0.071 0.509 + 0.148 53.5%
Malignant 0.510 £ 0.106 0.934 £ 0.038 0.593 £ 0.070 51.0%
Junior Resident Normal 0.893 £ 0.169 0.942 + 0.057 0.862 £ 0.014 89.3% 0.655
NP 0.645 £ 0.176 0.897 + 0.054 0.656 + 0.159 64.5%
Benign 0.485 + 0.137 0.838 + 0.042 0.485 £ 0.072 48.5%
Malignant 0.595 + 0.134 0.862 + 0.062 0.589 £+ 0.070 59.5%
All (Rhinologist + Resident) Normal 0.952 +0.103 0.970 + 0.038 0.933 £ 0.093 95.2% 0.696
NP 0.764 = 0.160 0.881 = 0.076 0.719 £ 0.112 76.4%
Benign 0.549 £ 0.172 0.823 + 0.063 0.516 £ 0.111 54.9%
Malignant 0.518 +£0.153 0.919 + 0.060 0.577 £ 0.109 51.8%
Xception Normal 0.978 £0.016 0.978 £ 0.012 0.957 £0.016 97.8% 0.794
NP 0.790 + 0.016 0.920 + 0.049 0.773 £ 0.051 79.0%
Benign 0.708 + 0.100 0.886 + 0.051 0.688 £ 0.025 70.8%
Malignant 0.698 £0.116 0.941 £ 0.035 0.742 £ 0.057 69.8%

https://doi.org/10.1371/journal.pone.0297536.t1002
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Fig 5. Performance of the Xception model and manual clinician visual assessment. Receiver operating characteristic (ROC) curves on the test set (A) and
confusion matrix (B) of the Xception model. (C)-(F) Confusion matrices of the performance of clinician visual assessments by humans. (C) Average of all
participants, including six rhinologists and twelve residents. (D) Average of six rhinologists. (E) Average of six senior residents. (F) Average of junior residents.

https://doi.org/10.1371/journal.pone.0297536.9005

accurately classified images that indicate key lesions or structures that contribute to decision-

making. Some representative misclassified images in Fig 4E-4H provide insight into why the
CNN model made the wrong decisions.

Comparison of the CNN model with manual assessment

A comparison of the four-group classification performance between the proposed model and
that of manual assessment by clinicians is presented in Table 2. In both the CNN model and
manual assessment, the accuracy was highest in the order of normal, NP, benign tumor, and
malignant tumor. The CNN model achieved a higher overall accuracy than human clinicians
and rhinologist expert subgroups (0.794 vs. 0.696 and 0.794 vs. 0.712, respectively). The accu-
racies for normal and NP classification of the CNN model was comparable to those of manual
assessment (0.978 £ 0.016 vs. 0.952 + 0.103; p = 0.792, 0.790 + 0.016 vs. 0.764 + 0.160;
p = 0.716, respectively), and the proposed model outperformed manual assessment in terms of
benign and malignant classification accuracies (0.708 + 0.100 vs. 0.549 £ 0.172; p = 0.019,
0.698 £ 0.116 vs. 0.518 £ 0.153; p = 0.012, respectively). Furthermore, the CNN model exhib-
ited F1-scores for benign and malignant classes that were higher than those of CVA
(0.688 +0.025 vs. 0.516 + 0.111; p < 0.001, 0.742 + 0.057 vs. 0.577 £ 0.109; p < 0.001, respec-
tively). The ROC curves demonstrate that the proposed model outperformed manual assess-
ments in classifying nasal cavity mass images and exhibited considerably higher AUC values
than clinicians in benign and malignant tumor classification (0.896 + 0.015 vs. 0.686 + 0.013;
p < 0.001,0.931 +0.018 vs. 0.718 + 0.013; p < 0.001, respectively) (Fig 6). We compared the
performance of the proposed CNN models with that of human clinicians in performing urgent
versus non-urgent binary predictions. The results are displayed in Fig 7, in which the CNN
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Fig 7. Urgent versus nonurgent binary classification performance. Results for the deep learning model (A) and human (B).

https://doi.org/10.1371/journal.pone.0297536.9007

model achieved significantly higher sensitivity and F1-scores than clinicians in urgent (malig-
nant tumor) classification (0.750 + 0.034 vs. 0.534 £ 0.124; p < 0.001, 0.760 + 0.019 vs.
0.590 £ 0.132; p < 0.001).

Discussion

A CNN-based deep learning model was developed for the automatic detection and classifica-
tion of tumorous conditions in NP, benign, and malignant tumors using nasal endoscopic
images. The results revealed that CNN-based models can be trained to detect tumorous lesions
in the nasal cavity as well as differentiate between benign and malignant lesions. The deep
learning model trained on nasal endoscopic images achieved acceptable prediction perfor-
mance in the diagnosis of nasal cavity lesions. Notably, the model for classifying benign and
malignant tumors of the nasal cavity outperformed manual assessment.

Classifying nasal cavity mass lesions according to their histopathological features helps us
understand their clinical presentation, treatment, clinical outcomes, and prognosis [18-22].
Nasal endoscopy is a safe and rapid method that is becoming increasingly popular in the clini-
cal setting for otolaryngologists and has become the gold standard for nasal cavity examina-
tions [23]. Pathological nasal cavity mass lesions generally have characteristic appearances,
which can be easily diagnosed by visual assessment using endoscopy. For example, a typical
NP is a semitransparent, pale gray, or pinkish lobular mucosal tissue with a smooth and glossy
surface (Fig 4B) [21]. Similarly, IP is a pale, polypoid mass but has a more irregular vascular-
ized surface, and a granular mulberry-like appearance (Fig 4C) [18]. However, the endoscopic
visual assessment of nasal cavity lesions is subjective and requires considerable experience
[17]. In this study, the diagnostic accuracy of CVA of human participants was investigated
using endoscopic images without any prior knowledge of patient history, and the outcome was
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highly dependent on the pathologic class. The AUC results revealed inferior diagnostic perfor-
mance for the benign tumor and malignant tumor classes on the test set. In particular, the
overall accuracy of malignant tumors was approximately half that of the normal class. Notably,
among participant groups, classification accuracy for malignant tumors was the highest in the
junior resident group, despite the rhinology-specialist group achieving higher average overall
accuracy. This phenomenon supports the notion [17] that clinicians encounter considerable
difficulty in distinguishing tumorous lesions from normal and NP lesions, irrespective of the
level of experience of the examiner. We compared the performance of the trained deep learn-
ing model with that of manual assessment on the binary prediction of urgent versus nonurgent
classes. The results validated the effectiveness of the CNN model in detecting urgent (malig-
nant) cases. The binary classification task is of clinical significance because the majority of
malignant tumors require radical and immediate treatment with regular follow-up for the
early detection of recurrence or metastases, and misdiagnosis may delay treatment for the
problem, which can be fatal [20, 24]. In particular, as displayed by the confusion matrices of
the performance results, the rate of misclassification of malignant tumors as benign tumors is
higher than other cases for both the CNN model and manual assessment, which is understand-
able considering the similarity of the gross appearance of lesions (Fig 5B and 5C).

Deep learning models require a considerable amount of data for training. However, obtain-
ing sufficient clinical data is difficult because sinonasal tumors are rare. We addressed this
problem using a transfer learning method [25, 26] by employing a pretrained Xception model
as an initial framework, which was fine-tuned on the target dataset. Xception, a CNN architec-
ture based on a depth-wise separable convolution layer, is a modification of Inception, a high
performing network [27]. Although Inception and Xception have similar features and num-
bers of parameter, Xception exhibits slightly superior performance on the ImageNet dataset
[11] and significantly superior performance on the JFT dataset [28]. Of the five deep neural
network architectures considered in our study, NasNetLarge achieved the lowest validation
loss, but Xception, which achieved the best values in terms of most performance metrics on
the test set, was used as the final prediction model. The superior results of NasNetLarge and
Xception could be attributed to the difference in the image resolutions of the models. Accord-
ing to the required input dimensions of each model, the images were resized during prepro-
cessing to 331 x 331 pixels for NasNetLarge and Xception and 224 x 224 pixels for VGG19,
ResNet152V2, and InceptionResNetV2. Thambawita et al. [29] investigated various resolu-
tions and their effects on CNNs. The results revealed increased performance with high image
resolution. Xception outperformed NasNetLarge on the test set because the parameters are
efficiently used in Xception, even though the NasNetLarge architecture has more parameter
capacity than Xception (88.9M vs. 22.9M). Similarly, Yoon et al. [30] comprehensively ana-
lyzed 292 studies of COVID-19 diagnosis in which artificial intelligence was used on chest X-
ray images, and it was found that the best results were achieved using the algorithm based on
MobileNet and the Xception architecture. In most of the studies mentioned above [30], two or
three classes, and 1,001-10,000 images were used as the database, and the average accuracy,
AUC, sensitivity, and specificity were 95.2%, 94.01%, 93.5%, and 93.92%, respectively. Simi-
larly, combined with the transfer learning technique, CNNs have been more widely used in
medical imaging analysis for various clinical applications [15, 31-39]. However, the feasibility
of this network in nasal endoscopy has not yet been established because of the heterogeneity of
nasal cavity lesions and structural complexity of the nasal cavity. To the best of our knowledge,
this study is the first to elucidate the applicability of deep learning algorithms in detecting and
classifying nasal endoscopic images as normal, NP, benign, or malignant tumors. The results
indicate that the trained CNN model can be used for diagnosing nasal cavity tumors. In the
future, this algorithm-based diagnostic tool can be used for early diagnosis and timely

PLOS ONE | https://doi.org/10.1371/journal.pone.0297536 March 13, 2024 13/18


https://doi.org/10.1371/journal.pone.0297536

PLOS ONE

Deep learning for nasal cavity mass classification

treatment in clinical settings, thereby reducing the morbidity and mortality of nasal cavity
mass lesions, especially in malignant cases.

Studies have revealed that CNNs can achieve comparable or higher performance than man-
ual assessment. These studies have focused on their ability to classify malignant lesions in
microscopic or endoscopic images in various clinical fields. Heo et al. [40] developed a deep
learning model to detect tongue cancer based on oral endoscopic images and achieved an
accuracy of 84.7% using the DenseNet169 model. The accuracy of the human oncology spe-
cialist was higher than that of the model (92%), whereas that of the general physician was
lower (75.9%). In a study by Yang et al. [41], a classifier based on Inception V3 proposed for
laryngeal neoplasms using laryngoscopy images exhibited excellent performance in distin-
guishing malignancies between the algorithm model and physicians (90% vs. 54%). In another
similar study [42], the accuracy of a CNN model in detecting laryngeal cancer was 0.773,
which was comparable to that of human experts with 10-20 years of work experience and
exceeded that of experts with less than 10 years of experience. Li et al. [43] used an endoscopic
image-based deep learning model based on the Inception architecture to discriminate naso-
pharyngeal malignancies, which outperformed manual assessment with an accuracy of 88.0%
versus 80.5%.

With the new revolution in artificial intelligence-based medical diagnosis, neural networks
have been used to analyze images based on instances observed during training and subse-
quently identify and extract relevant information from a given image. Therefore, a large train-
ing dataset, such as one with at least 1000 training examples for each class [30], is required to
obtain validated results. Implementing a deep learning method with unevenly distributed data
for each class can result in biased classification due to the overfitting of certain classes with
large samples. However, the collection of raw data can be time-consuming and expensive. Col-
lecting data for tumor lesions, especially malignant tumors, in this study was also highly chal-
lenging because of the rarity of their occurrences, whereas sufficient images were available for
normal and NP cases. To address this data imbalance, various class weights were applied
according to the number of samples per class (S2 File). Augmentations, including rotation,
zooming, and two types of sharpening filters, were applied to the collected dataset.

Furthermore, we investigated the recognition of the model for diagnosis by analyzing the
Grad-CAM attention map. The trained model could comprehensively determine the smooth-
ness, roughness, and color characteristics of the tumor surface. Notably, when detecting nor-
mal nasal cavity images, the inferior turbinate and septum, but not the middle turbinate, were
recognized. However, misclassified examples provide insight into how the models made erro-
neous decisions. For example, a normal nasal cavity structure, such as an inferior/middle tur-
binate, and smooth-surface malignant tumors were misclassified as benign tumors. Decision-
making accuracy was low for SCC dysplasia due to IP or the concomitant presence of inflam-
matory polyps.

This study has some inherent limitations. First, the collaboration with many institutions to
obtain sufficient data was challenging because of the rarity of sinonasal tumors. The detection
efficiency for benign and malignant tumors could therefore be lower in practice. Although we
attempted to avoid overfitting using advanced methods such as transfer learning and augmen-
tation, the reduced diversity and small number of images mean that the model may not be as
effective as those of other studies trained on rich datasets or CT/MRI images. Further large-
scale multicenter studies with additional lesion types and a larger number of malignant images
in particular should be performed to achieve diagnostic accuracy in real clinical settings. Sec-
ond, the number of collected images, image format, and endoscopic device varied by institu-
tion, which suggests that our data may be biased. Therefore, caution should be exercised when
interpreting our results. In particular, the image quality and lighting conditions during
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endoscopy, which are contingent on center-specific equipment, vary widely and influence the
feature clarity and contrast, complicating model training. For robust deep learning models,
generalizability should be evaluated with sufficient training and validation samples as well as
independent testing using internal and external multi-institutional data. Third, the explana-
tory power of our model is limited because it is a classification method rather than an object
detection method, as used in other endoscopy dataset studies. Therefore, it will be necessary to
consider an object detection model in the future, and we plan to perform research using mod-
els such as a Region CNN or You Only Look Once (YOLO). Fourth, compared with other
medical imaging data, nasal endoscopic data present unique challenges when used to train
deep learning models. Unlike endoscopic images from procedures such as laryngoscopy, colo-
noscopy, or gastroenteroscopy, nasal endoscopic images usually have a high degree of
dimensionality due to the complex anatomic structure of the nasal cavity. This can make the
data more challenging to work with than lower-dimensional data, such as ophthalmic images,
chest, or paranasal sinus radiographs. In addition, a nasal endoscopy image shows intranasal
lesions in a two-dimensional cross-section, which cannot completely represent the mass in the
nasal cavity with complex structures and anatomical locations. To evaluate diagnostic CVA
performance in future studies, we plan to consider endoscopic video recordings, which are
time series data, using an approach similar to that of Xiao et al. [44]. In this manner, the size
and diversity of tumor datasets can be increased.

Our study introduces and evaluates the application of deep learning to the less explored
field of nasal endoscopic imaging, thus laying the groundwork for future research. The adapta-
tion of deep-learning techniques to classify a wide range of nasal endoscopic findings and
comparable performance of these techniques with medical professionals demonstrate the feasi-
bility and potential of AI to support clinical decision making. Considering practical applica-
tions, our results are poised to inspire the development of AI-powered tools such as automated
diagnostic systems for endoscopic images or real-time Al-assisted nasal endoscopy, akin to
advancements in gastroenteroscopy to assist clinicians in disease screening during endoscopy
procedures [45].

Conclusion

An endoscopic image-based deep learning model was developed using Xception to achieve
high diagnostic accuracy in the automated detection of four classes of nasal cavity mass lesions.
The trained model showed superior classification performance for the benign and malignant
tumor classes compared with human clinicians. In the future, improved algorithms with
acceptable diagnostic accuracy could be used for the early screening of nasal cavity lesions and
to assist clinicians, thereby increasing work efficiency.
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