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Abstract

Background: Due to the occult anatomic location of the nasopharynx and frequent presence of adenoid hyperpla-
sia, the positive rate for malignancy identification during biopsy is low, thus leading to delayed or missed diagnosis for
nasopharyngeal malignancies upon initial attempt. Here, we aimed to develop an artificial intelligence tool to detect
nasopharyngeal malignancies under endoscopic examination based on deep learning.

Methods: An endoscopic images-based nasopharyngeal malignancy detection model (eNPM-DM) consisting of

a fully convolutional network based on the inception architecture was developed and fine-tuned using separate
training and validation sets for both classification and segmentation. Briefly, a total of 28,966 qualified images were
collected. Among these images, 27,536 biopsy-proven images from 7951 individuals obtained from January 1st, 2008,
to December 31st, 2016, were split into the training, validation and test sets at a ratio of 7:1:2 using simple randomiza-
tion. Additionally, 1430 images obtained from January 1st, 2017, to March 31st, 2017, were used as a prospective test
set to compare the performance of the established model against oncologist evaluation. The dice similarity coef-
ficient (DSC) was used to evaluate the efficiency of eNPM-DM in automatic segmentation of malignant area from the
background of nasopharyngeal endoscopic images, by comparing automatic segmentation with manual segmenta-
tion performed by the experts.

Results: All images were histopathologically confirmed, and included 5713 (19.7%) normal control, 19,107 (66.0%)
nasopharyngeal carcinoma (NPC), 335 (1.2%) NPC and 3811 (13.2%) benign diseases. The eNPM-DM attained an
overall accuracy of 88.7% (95% confidence interval (Cl) 87.8%-89.5%) in detecting malignancies in the test set. In the
prospective comparison phase, eNPM-DM outperformed the experts: the overall accuracy was 88.0% (95% Cl 86.1%—
89.6%) vs. 80.5% (95% Cl 77.0%-84.0%). The eNPM-DM required less time (40 s vs. 110.0+£ 5.8 min) and exhibited
encouraging performance in automatic segmentation of nasopharyngeal malignant area from the background, with
an average DSC of 0.78 £0.24 and 0.75 £ 0.26 in the test and prospective test sets, respectively.
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Conclusions: The eNPM-DM outperformed oncologist evaluation in diagnostic classification of nasopharyngeal
mass into benign versus malignant, and realized automatic segmentation of malignant area from the background of

nasopharyngeal endoscopic images.

Keywords: Nasopharyngeal malignancy, Deep learning, Differential diagnosis, Automatic segmentation

Introduction

A nasopharyngeal mass is a major sign of both malignan-
cies and benign diseases, including nasopharyngeal car-
cinoma (NPC), lymphoma, melanoma, minor salivary
gland tumour, fibroangioma, adenoids, and cysts. Among
them, NPC accounts for 83.0% of all nasopharyngeal
malignancies and 4.4% of all nasopharyngeal diseases [1,
2]. Guangdong province in southern China is a highly
endemic area of NPC, with an age-standardized inci-
dence rate of 10.38/100,000 in 2013 [3].

The majority of NPC patients are diagnosed at an
advanced stage, contributing to the dismal prognosis of
the disease [4]. The 10-year overall survival (OS) is 50%—
70% for late stage NPC patients [4—6]. Given the rapid
development of imaging techniques and radiotherapy,
the local control rate of early NPC patients has increased
up to 95% [7]. Thus, early detection is critical for improv-
ing the OS of NPC patients.

Non-specific symptoms and an occult anatomical loca-
tion are prominent causes of delayed or missed detection
of nasopharyngeal malignancies. Particularly, adenoidal
hypertrophy and adenoid residue in the nasopharynx
is very common in adolescents and adults, respectively.
Histopathological diagnosis is the gold standard for
diagnosing nasopharyngeal malignancies [8]. Currently,
confirmation of NPC entails a nasopharyngeal endos-
copy followed by an endoscopically directed biopsy at
the site of an abnormality or sampling biopsies from an
endoscopically normal nasopharynx. Clinically, NPC can
coexist with adenoids or is concealed in adenoid tissues
[9, 10]. In this situation, repeated biopsies of the incon-
spicuous lesion are required; anti-tumour treatment
is delayed if a repeated biopsy is needed. Abu-Ghanem
et al. reported an overall negative rate of 94.2% for malig-
nancy among patients with suspicious nasopharyngeal
malignancies [11]. Endoscopic biopsies may miss small
nasopharyngeal carcinomas as they are typically submu-
cosal or located at the lateral aspect of the pharyngeal
recess, presenting a substantial diagnostic challenge in
the era of NPC screening.

Driven by the high performance of computing power
and the advent of massive amounts of labelled data sup-
plemented by optimized algorithms, a machine learn-
ing technique referred to as deep learning has emerged
and gradually drawn the attention of investigators [12].
In particular, deep learning has recently been shown to

outperform experts in visual tasks, such as playing Atari
games [13] and strategic board games, such as GO [14],
object recognition [15], and biomedical image iden-
tification [16—19]. To increase the diagnostic yield in
distinguishing nasopharynx abnormalities, especially
malignancies, via endoscopic examination, we sought to
develop tools to assist in the detection of nasopharyngeal
malignancies and provide biopsy guidance using a pre-
trained deep learning algorithm. Sun Yat-sen University
Cancer Center is a tertiary care institution located in
the highly endemic area of NPC in China and has a des-
ignated department focusing exclusively on NPC. More
than 3000 newly diagnosed NPC cases are treated here
every year. To take advantage of deep learning methods
and abundant nasopharyngeal endoscopic images in our
centre, in the current study, we developed a deep learning
model to detect nasopharyngeal malignancies by apply-
ing a fully convolutional network, which we termed the
endoscopic images-based nasopharyngeal malignancies
detection model (eNPM-DM). We investigated the diag-
nostic performance of eNPM-DM versus oncologists in
a training set and a test set of endoscopic images of per-
sons who underwent routine clinical screening for naso-
pharyngeal malignancy. We further validated eNPM-DM
in a prospective set. The current study demonstrated that
eNPM-DM outperformed oncologists in nasopharyngeal
malignancy detection and showed encouraging perfor-
mance in malignant region segmentation. This artificial
intelligence platform based on eNPM-DM could provide
potential benefits, such as expanded coverage of screen-
ing programmes, higher malignancy detection, and thus
lower rate of repeated biopsies.

Data and methods
Datasets of nasopharyngeal endoscopic images
We retrospectively reviewed the clinicopathologic data
and nasopharyngeal endoscopic images of persons who
underwent routine clinical screening for nasopharyngeal
malignancy that retrospectively collected between Janu-
ary 1st, 2008, and December 31st, 2016 and prospectively
collected between January 1st, 2017, and March 31st,
2017 at Sun Yat-sen University Cancer Center, Guang-
zhou, China.

The study protocol was approved by the Ethics Com-
mittee of the authors’ affiliated institution. Consent to
the study was not required because of the retrospective



Li et al. Cancer Commun (2018) 38:59

nature of the study. Patient data were anonymized. Fur-
thermore, all images were de-identified and reorgan-
ized with randomized sequence disorganized in each
dataset.

Endoscopic image acquisition

All endoscopic images were acquired from each per-
son under local anaesthesia and mucous contraction
with dicaine and ephedrine. All subjects provided writ-
ten informed consent for endoscopy and biopsy before
anaesthesia. Images were captured using an endoscope
(Model No. Storz 1232AA, KARL STORZ-Endoskope,
Tuttlingen, Germany) and endoscopy capture recorder
(Model No. Storz 22201011U110). Standard white light
was used during examination and image capture.

Images of patients with pathologically proven malig-
nancy other than NPC were considered indicative of
other malignancies, including lymphoma, rhabdomyosar-
coma, olfactory neuroblastoma, malignant melanoma and
plasmacytoma. Images of patients with precancerous and/
or atypical hyperplasia, fibroangioma, leiomyoma, men-
ingioma, minor salivary gland tumor, fungal infection,
tuberculosis, chronic inflammation, adenoids and/or lym-
phoid hyperplasia, nasopharyngeal cyst and foreign body
were considered indicative of benign diseases. Endoscopic
images were eligible for analysis if they met the following
criteria: (1) an image had a resolution of a minimum of
500 pixels and 70 dpi; (2) an image had a maximum size of
300 kb; (3) an image was acquired during initial diagnosis.
Eligible images were randomized to the training set, the
validation set and the test set at a ratio of 7:1:2. Further-
more, 1430 additional images that were independent from
the training set, the validation set and the test set were
used as the prospective test set to validate the established
model against oncologist evaluation.

Development and parameter tuning of the algorithm

A fully convolutional network was retrained, which
could receive an input of arbitrary size and produce cor-
respondingly sized output by deep learning [20]. The
entire course of training and testing was implemented on
a server with Intel® Xeon® CPU E5-2683/Memory: 128
GiB/GPU: GeForce GTX 1080 Ti. During training, we
performed data augmentation as follows: rotation 430
degrees, shift+20%, shear 5%, zooming out/in 10% and
channel shift 10%. The model was optimized for 100
epochs on the augmented training set with the initial
learning rate at 0.001 and decreasing 0.1 time for each 40
epochs followed by best-model selection on the valida-
tion set.
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Evaluation of eNPM-DM in detection and segmentation

of nasopharyngeal malignancies

Experts delineated the malignant area in the images
of patients with biopsy-proven malignancies in each
dataset. eNPM-DM was trained to distinguish malig-
nancies from benign diseases in the training set and
output the probability map for all images in each data-
set. An area with a probability greater than 0.5 in an
image was considered a malignant area, and the cor-
responding image was considered indicative of malig-
nancy. The performance of eNPM-DM in detecting
nasopharyngeal malignancies was then assessed in the
test set and the prospective test set, and compared
with the performance of oncologists of different sen-
iorities in the prospective test set. They included three
experts, eight resident oncologists and three interns,
with greater than 5 years, greater than 1 year, or less
than 3 months of working experience at the Depart-
ment of Nasopharyngeal Carcinoma of Sun Yat-sen
University Cancer Center, respectively. In this evalu-
ation, we measured the standard evaluation metrics
of accuracy, sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV) and time-
taken for test based on images, along with the corre-
sponding 95% confidence interval (CI) for each metric.
Specificity was defined by the percentage of truly nega-
tive images divided by all images correctly identified;
sensitivity was defined by the percentage of truly posi-
tive images divided by all images correctly identified.
Accuracy was defined by the proportion of images cor-
rectly identified divided by all images. PPV was defined
by the percentage of truly positive images divided by
all images labeled as “positive”; NPV was defined by
the percentage of truly negative images divided by all
images labeled as “negative”. In addition, the area under
curve (AUC) was calculated to assess the diagnostic
efficacy of eNPM-DM in detection of nasopharyngeal
malignancy using the receiver operating characteristic
curve (ROC). Moreover, the combined performance
of eNPM-DM and experts was assessed. An image was
considered indicative of absence of malignancy if it
was recognized to indicate a benign disease by either
eNPM-DM or more than two experts. All analysis was
performed using the Statistical Program for Social Sci-
ences 22.0 (SPSS, Chicago, IL).

Moreover, the dice similarity coefficient (DSC) was
used to evaluate the performance of eNPM-DM in
automatic segmentation by measuring the overlapped
ratio between expert-delineated area and eNPM-DM-
defined malignant area. DSC was defined as:
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where S represents ground-truth segmentation and F
stands for segmentation output.

Results

Demographic characteristics and disease categories

of the study population

A total of 33,507 images were assessed for eligibility and
27,536 images from 7951 subjects were included for anal-
ysis. The study flowchart is shown in Fig. 1. In total, 5713
(19.7%) images came from histologically normal subjects,
and 19,107 (66.0%), 335 (1.2%) and 3811 (13.2%) images
came from patients with pathologically proven NPC,
other malignancies and benign diseases, respectively. The
training set included 19,576 images from 5557 patients,
with 13,313 images from patients with biopsy-proven
nasopharyngeal malignancies. The validation set was
comprised of 2690 images, including 1771 images from
patients with nasopharyngeal malignancies. The test set
and prospective test set included 5270 images, with 3618
images from malignant cancer patients, and 1430 images,
with 738 images from patients with malignancy, respec-
tively. The demographic characteristics and disease cat-
egories of the study subjects in each dataset are shown
in Table 1, and representative images of several types of
nasopharyngeal masses are shown in Fig. 2.

Diagnostic performance of eNPM-DM

The overall accuracy of eNPM-DM for detecting malig-
nancies in the test set was 88.7% (95% CI 87.8%—89.5%)
with a sensitivity of 91.3% (95% CI 90.3%-92.2%) and a
specificity of 83.1% (95% CI 81.1%—84.8%) (Table 2). We
further compared the diagnostic performance of eNPM-
DM with that of oncologists in nasopharyngeal malig-
nancies in the prospective test set. eNPM-DM had an
accuracy of 88.0% (95% CI 86.1%-89.6%) versus 80.5%
(95% CI 77.0%—84.0%) for experts, 72.8% (95% CI 66.9%—
78.6%) for residents and 66.5% (95% CI 48.0%—84.9%)
for interns (Table 2). Moreover, eNPM-DM had higher
specificity [85.5% (95% CI 82.7%-88.0%)] and similar
sensitivity [90.2% (95% CI 87.8%—-92.2%) versus experts:
70.8% (63.0%—-78.6%) and 89.5% (87.4%—91.7%), respec-
tively]. eNPM-DM also had higher PPV and NPV. eNPM-
DM plus experts increased the specificity to 90.0% (95
CI 87.5%-92.1%) versus 85.5% (95% CI 82.7%-88.0%)
for eNPM-DM. The AUC of eNPM-DM was 0.938 and
0.930 for nasopharyngeal malignancy in the test set and
the prospective test set, respectively (Fig. 3). The train-
ing curve of eNPM-DM in nasopharyngeal malignancy
detection revealed similar data loss in both the training
set and the validation set, indicating no appreciable over-
fitting (Fig. 4) [18].
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Moreover, it took eNPM-DM 40 s to render an opin-
ion, which was considerably shorter versus experts
[110.0£ 5.8 min (95% CI 85.2—-134.8)].

The performance of eNPM-DM in nasopharyngeal
malignancy segmentation

Given that a high negative rate of malignancy is the
most concerning issue during biopsy due to confounded
adenoid/lymphoid hyperplasia in the nasopharynx, we
sought to develop a deep learning-based tool for biopsy
guidance for nasopharyngeal malignancies. To address
that, automatic segmentation of the malignant area from
the background of nasopharyngeal endoscopic images
is the most important process. No malignant area was
segmented for the normal nasopharynx as the original
endoscopic image was recognized as non-malignant cor-
rectly by eNPM-DM (Fig. 5). In contrast, the suspicious
malignant area in an image that was recognized as malig-
nant was segmented by eNPM-DM. As noted, eNPM-
DM could recognize and segment malignant areas based
on the presence of a mass or mere rough surface (Fig. 5),
yielding a mean DSC of 0.78 £0.24 and 0.75+£0.26 in the
test set and the prospective test set, respectively.

Discussion

We developed an artificial intelligence model to assist
physicians in the detection of nasopharyngeal malig-
nancies and provide biopsy guidance by applying deep
learning to nasopharyngeal endoscopy examination. We
demonstrated that eNPM-DM was superior to oncologi-
cal experts in detecting nasopharyngeal malignancies. Of
note, eNPM-DM exhibited encouraging performance in
nasopharyngeal malignancy segmentation.

Currently, the emerging field of machine learning,
especially deep learning, has exerted significant impact
on medical imaging. In general, deep learning algo-
rithms recognize important features of images and
properly giving weight to these features by modulating
its inner parameters to make predictions for new data,
thus accomplishing identification, classification or grad-
ing [21] and demonstrating strong processing ability and
intact information retention [22], which is superior to
previous machine learning methods [17]. Superiority of
computer-aided diagnosis based on deep learning have
recently been reported for a wide spectrum of diseases,
including gastric cancer [23], diabetic retinopathy [16],
cardiac arrhythmia [24], skin cancer [17] and colorectal
polyp [25]. Notably, a wide variety of image types were
explored in these studies, i.e., pathological slides [19,
23], electrocardiograms [24], radiological images [18,
26] and general pictures [17]. The deep learning method
exhibited outstanding performance in most of the com-
petitions between artificial intelligence and experts even
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Fig. 1 The study flowchart. *The numbers of images and cases in each subset are presented
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Table 1 Demographic characteristics and disease categories of the study subjects in different datasets

Characteristics All Training set Validation set Test set Prospective test set
Subjects, n 8306 5557 807 1587 355
Mean (£SD), years 4594127 458+£127 4594127 457£127 478+£13.0
Sex, n(%)
Female 2562 (30.9) 1681 (30.3) 250(31.0) 507 (32.0) 124 (34.9)
Male 5612 (67.6) 3783 (68.1) 540 (66.9) 1058 (66.7) 231 (65.1)
N/A 132(1.6) 93(1.7) 17.(2.1) 22(1.4) 0(0.0)
Disease category, n(%)
Normal 5713 (19.7) 3763(19.2) 584 (21.7) 961 (18.2) 405 (28.3)
Malignancies
NPC 19,107 (66.0) 13,061 (66.7) 1749 (65.0) 3564 (67.6) 731(51.1)
Others? 335(1.2) 252(1.3) 22(0.8) 54(1.0) 7(04)
Benign diseases” 3811 (13.2) 2500 (12.8) 335(12.5) 691 (13.1) 287(20.1)
Images, n(%) 28,966 19,576 (67.6) 2690 (9.3) 5270(18.2) 1430 (4.9)

N/A not available, NPC nasopharyngeal carcinoma

? Lymphoma, rhabdomyosarcoma, olfactory neuroblastoma, malignant melanoma and plasmacytoma

b Precancerous/atypical hyperplasia, fibroangioma, leiomyoma, meningioma, minor salivary gland tumour, fungal infection, tuberculosis, chronic inflammation,

adenoids/lymphoid hyperplasia, nasopharyngeal cyst and foreign bodies

though these medical images were captured by various
types of equipment and presented in different forms, sug-
gesting enormous potential of deep learning in auxiliary
diagnoses. A well-trained algorithm for a specific dis-
ease can increase the accuracy of diagnosis and working
efficiency of physicians, liberating them from repetitive
tasks.

Recently, deep learning has been extensively used in
the differential diagnosis of gastrointestinal disease in
endoscopic images. Tomohiro et al. developed a con-
volutional neural network for detecting gastric cancer
[27] and Helicobacter pylori infection based on endo-
scopic images [28]. Moreover, an artificial intelligence
model was trained on endoscopic videos to differenti-
ate diminutive adenomas from hyperplastic polyps, thus
realizing real-time differential diagnosis [29]. Given that
endoscopic examination is indispensable for biopsy and
important for decision making in a clinical setting, devel-
oping tools for endoscopic auxiliary diagnosis can dra-
matically increase physicians’ working efficiency via rapid
recognition and biopsy guidance, especially in patients
with multi-lesions or mixed lesions [30]. Given the illu-
sive mass caused by adenoid/lymphoid hyperplasia, it
is desirable to recognize nasopharyngeal malignancies
using artificial intelligence tools. However, limited stud-
ies on deep learning methods in nasopharyngeal disease
differentiation have been performed based on endoscopic
images to date [31]. To this end, this study has taken
advantage of the abundant resource of nasopharyngeal
endoscopic images at our centre and the advanced meth-
ods to develop the targeted model.

Endoscopic examination is particularly indispensable
for biopsy in participants at risk of nasopharyngeal malig-
nancies. However, currently, no additional approaches
are applied to the screening of nasopharyngeal malig-
nancies except EBV serological test [32]. Our eNPM-DM
outperformed experts in distinguishing nasopharyngeal
malignancies from benign diseases using far less time
with encouraging sensitivity and specificity. eNPM-DM
was trained and fine-tuned on numerous images that
covered patients diagnosed at our centre over 8 years and
exhibited encouraging performance in a shorter learning
period, suggesting that eNPM-DM ‘learned’ efficiently
and was highly productive.

Over diagnosis is the major cause of misdiagnosis
for both eNPM-DM and oncologists, suggesting that
the model might learn object recognition in the same
manner as a human. For example, both could distin-
guish different objects based on the texture, rough-
ness, colour, size, and even vascularity on the surface
of the lesion [17]. Moreover, given increased specific-
ity eNPM-DM versus experts, eNPM-DM may also
help achieve better heath economics in NPC screening
[33], simultaneously improving diagnostic accuracy and
screening productivity. Furthermore, the combination
of eNPM-DM and experts further increased the accu-
racy rate and decreased the false positive rate of NPC,
identifying as many cases of malignancies as possible
with minimal health expenditure in NPC screening.
Accordingly, the emerging deep learning could serve as
a powerful assistant in clinical practice, increasing the
accuracy of screening, reducing cognitive burden on
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Fig. 2 Representative images of nasopharyngeal masses. a normal (adenoids hyperplasia); b Nasopharyngeal carcinoma; c fibroangioma; d
malignant melanoma

Table 2 The diagnostic performance of eNPM-DM and/or oncologists in nasopharyngeal malignancy

Evaluation Test set? Prospective test set®
indicators

eNPM-DM Oncologist level eNPM-DM

Experts® Residents® Interns® plus experts

Accuracy 88.7 (87.8,89.5) 88.0(86.1,89.6) 80.54+0.8(77.0,84.0) 72.8+2.5(66.9,786) 66.54+4.3(48.0,84.9) 89.0(87.2,90.5)
Sensitivity 91.3(90.3,92.2) 90.2(87.8,92.2) 89.5+0.5 (874,91.7) 88.8+2.4(83.1,94.5) 9224+2.3(82.1,100.0) 87.9(85.3,90.2)
Specificity 83.1(81.1,84.8) 85.5(82.7,88.0) 70.8+ 1.8 (63.0,78.6) 555+7.2(386,725) 389+ 11.0(85,86.3) 90.0 (87.5,92.1)
PPV 92.2(91.2,930) 86.9(84.3,89.2) 76.6+£1.1(71.9,813) 69.5+3.1(62.2,76.8) 623439(454,79.2) 904 (87.9,924)
NPV 81.3(79.3,83.1) 89.2(86.5,914) 86.440.5(84.0,88.7) 83.2+£1.6(794,87.0) 822424(719,924) 87.5(84.8,90.0)
Time(min) 0.67 (~405) 110.045.8 (85.2, 134.8) 99.3+6.3(84.3,114.2) 106.7 8.8 (68.7, 144.6)

eNPM-DM endoscopic images-basednasopharyngeal malignancies detection model, PPV positive predictive value, NPV negative predictive value
@ The numbers in parenthesis are the corresponding 95% confidence interval
b The performance of the oncologists is presented as mean = standard error
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clinicians, positively impacting patients’ outcome and
quality of life by fostering early intervention and reduc-
ing screening costs.

Additionally, our study offers a comprehensive method
that is explicitly designed to develop a tool to segment
nasopharyngeal malignancies in endoscopic images
based on deep learning, which could be a promising
biopsy guidance tool for nasopharyngeal malignancies,
with the aim of increasing NPV of biopsy for malignan-
cies. Here, eNPM-DM exhibited encouraging results in
recognizing malignant areas in nasopharyngeal endo-
scopic images, which is consistent with the malignant
lesion outlined by the experts. Accordingly, eNPM-DM
could serve as a powerful biopsy guidance tool for resi-
dent oncologists or community physicians regardless of
their limited experience in nasopharyngeal diseases.

To publicize our experience in nasopharyngeal malig-
nancy detection and make full use of the advanced tool
in clinical practice, we established an on-line platform
(http://nasoai.sysucc.org.cn/). Both the patients and phy-
sicians may use this platform to assess the probability
of malignancy in a certain image by uploading eligible
nasopharyngeal endoscopic images to the artificial intel-
ligence platform. If the lesion is recognized as malignant,
the suggestive region for biopsy is provided.

There are limitations in this study. Given that all
images were acquired from a single tertiary care
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nasopharyngeal malignancies detection
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Fig. 4 The training curve of eNPM-DM in detecting nasopharyngeal
malignancies. The orange line represents the accuracy of detecting
nasopharyngeal malignancies in the validation set over the course

of training, with a final accuracy of 89.1% at the final epoch. The
training curve was used for model selection. In this case, the best
performing model at epoch 100 was used in the test and prospective
test sets for final assessment. eNPM-DM endoscopic images-based
nasopharyngeal malignancies detection model, Val validation
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centre in a highly endemic area of NPC, the diversity
of nasopharyngeal diseases presented in this context
might be reduced, subsequently resulting in over-
fitting. However, the training curve revealed that the
loss of the training was similar to that of the valida-
tion, which is indicative of a well-fit curve. In addi-
tion, NPC was the most prominent malignancy in this
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study, which might reduce the detection efficiency for
other malignancies. However, given that NPC is the
most common malignancy in the nasopharynx [1, 2]
and the sensitivity of eNPM-DM in detecting naso-
pharyngeal malignancies was 90.2%, we believe that
eNPM-DM is the most powerful auxiliary diagnosis
tool in nasopharyngeal malignancy detection to date.

normal nasopharynx

0.81)

~

NPC with rough surface (dice

0.95)

~
=

NPC with mass (dice

original image with malignant area
highlighted by experts

probability map output
by the eNPM-DM

merged

Fig.5 Representative images of nasopharyngeal malignancies segmentation. Images from the left to the right in each row are the original
endoscopic images with or without malignant area highlighted by the experts (blue), the probability map output by eNPM-DM and the merged
images of the malignant area outlined by the experts (blue) and segmented by the eNPM-DM (green). eNPM-DM endoscopic images-based
nasopharyngeal malignancy detection model, NPC nasopharyngeal carcinoma
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One possible improvement could be a further increase
in the spectrum of nasopharyngeal malignancies
through collaboration with other centres in the future.
Additionally, physical examination findings and labo-
ratory test results, such as plasma antibody titters of
EBV; and magnetic resonance imaging features of the
nasopharynx and neck [9] can be taken into account
during diagnosis in clinical practice. Therefore, inte-
gration of the endoscopic images, laboratory exami-
nation and radiologic images should be considered in
nasopharyngeal malignancy detection based on deep
learning. Similar to other deep leaning models, the
exact features of eNPM-DM in malignancy detection
remain unknown, and further investigation of detailed
mechanisms is warranted. Particularly, since the model
was trained on images, eNPM-DM could only ren-
der a diagnosis based on endoscopic images obtained
in advance rather than real-time operation or video,
and there is also a long and arduous way to combine
eNPM-DM and the endoscopy system. Here, we manu-
ally selected 28,966 qualified images from numerous
images and discarded the remaining images that are
of poor quality or irrelevant. In future work, we plan
to improve the performance of the model in image
detection, identify the irrelevant images and evaluate
image quality automatically. Finally, we plan to extend
the developed deep learning image analysis framework
to endoscopic image analysis and assessment in other
types of cancers, such as gastric cancer, cervical can-
cer, and throat carcinoma.

Conclusion

The eNPM-DM outperformed experts in detecting
nasopharyngeal malignancies. Moreover, the developed
model could also conduct automatic segmentation of
malignant area from the confusing background of naso-
pharyngeal endoscopic images efficiently, showing prom-
ising prospects in biopsy guidance for nasopharyngeal
malignancies.
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