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A deep convolutional neural network-based method for laryngeal 
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Background: Laryngeal squamous cell carcinoma (LSCC) is one of the most common tumors of 
the respiratory tract. Currently, the diagnosis of LSCC is mainly based on a laryngoscopy analysis and 
pathological findings. Deep-learning algorithms have been shown to provide accurate clinical diagnoses.
Methods: We developed a deep convolutional neural network (CNN) model, and evaluated its application 
to narrow-band imaging (NBI) endoscopy and pathological diagnoses of LSCC at several hospitals. A total 
of 4,591 patients’ laryngeal NBI scans (1,927 benign and 2,664 LSCC) were used to test and validate the 
model. Additionally, 3,458 pathological images (752 benign and 2,706 LSCC) of 1,228 patients’ hematoxylin 
and eosin staining slides (318 benign and 910 LSCC) were used for the pathological diagnosis training and 
validation. The images were randomly divided into training, validation and testing images at the ratio of 
70:15:15. An independent test cohort of LSCC NBI scans and pathological images from other institutions 
were also used.
Results: In the NBI group, the areas under the curve of the validation, test, and independent test data sets 
were 0.966, 0.964, and 0.873, respectively, and those of the pathology group were 0.994, 0.981, and 0.982, 
respectively. Our method was highly accurate at diagnosing LSCC.
Conclusions: In this study, the CNN model performed well in the NBI and pathological diagnosis of 
LSCC. More accurate and faster diagnoses could be achieved with the assistance of this algorithm.
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Introduction

Laryngeal cancer (LC) is one of the most common cancers 
of the respiratory tract. In 2020, there were an estimated 
184,404 new LC cases and 99,840 LC deaths worldwide, 
which accounted for 1.0% of all new cancer cases and 
1.0% of all cancer deaths worldwide (1). In eastern Asia, 
there were an estimated 36,851 new LC cases and 17798 
LC deaths in 2021 (1). More than 98% of LC cases are 
laryngeal squamous cell carcinomas (LSCCs), which is the 
second most common type of head and neck squamous cell 
carcinoma. The clinical outcomes vary and are dependent 
on the cancer stage. Disease-specific survival ranges from 
47.6% (T4 supraglottic LSCC) to 98.1% (T1a glottic 
LSCC), and disease-free survival (DFS) ranges from 23.0% 
(T3 glottic LSCC) to 69.1% (T1a glottic LSCC) according 
to the T-stages (2-4). As DFS is not favorable for patients 
diagnosed with LSCC, the early detection and accurate 
diagnosis of the cancer is critical to achieve the best clinical 
outcomes.

To diagnose LSCC, clinicians check the throat with 
laryngoscope or endoscopy. Narrow-band imaging (NBI) 
endoscopy is widely used to diagnose variable laryngeal 
diseases (5). NBI is based on the depth of light penetration, 
which depends on the wavelength—the longer the 
wavelength, the deeper the penetration. The NBI endoscope 
uses a filter to modify the wide-band white light emitted 
by the endoscope xenon light source (6). A blue-and-green 
light source with a wavelength of 415 and 541 nm can only 
penetrate the mucosa and submucosa. A narrow band of 
blue light (41.5 nm) will show the superficial capillary vessel 
network, and a narrow band of green light (540 nm) (7-9) 
will show the subcutaneous vessel. When the 2 wavelengths 
are combined, the blood vessels on the tissue surface can be 
observed. Many studies have confirmed the value of NBI 
endoscopy in the diagnosis of laryngeal diseases (10-14). It 
is especially superior to fibrolaryngoscope, stroboscope, and 
other examination methods in the diagnosis of benign and 
malignant lesions. Laryngeal lesions may exhibit different 
features of an intraepithelial papillary capillary loop (IPCL) 
under a NBI laryngoscope. Ni et al. compared the sensitivity 
and specificity of white-light and NBI imaging (sensitivity: 
68.9% vs. 88.9%; specificity: 89.8% vs. 93.2%) (15). NBI 

has obvious advantages in the early diagnosis of laryngeal 
malignant diseases and in guiding biopsy sites; however, 
lengthy training and extensive experience is required to 
acquire the skill necessary to review NBI scans. Indeed, this 
is not a skill that can be acquired in a short time (9).

If recommended by a clinician, a biopsy will be taken 
and viewed under a microscope by a pathologist for a 
definitive diagnosis. This process is also dependent on the 
pathologists’ expertise and human cognition of histological 
texture and morphological features (16). Pathologists 
need to consider numerous features and organelles, such 
as special cells, the shape of the nucleus, mitosis, the 
cytoplasm, the distance between cells, nucleolus patterns, 
and the epithelium (16). An immediate and accurate 
diagnosis is needed during surgery; however, it can take 
a long time for pathologists to identify specific features 
to make the right decision. In addition, to gain expertise, 
pathologists require long-term training, and in most parts 
of world, skilled pathologists are lacking (17). According 
to the data in this study, the CNN model is comparable 
to clinical experts in terms of its accuracy, sensitivity, and 
specificity. Further, the CNN model can acquire the ability 
to make such diagnoses in a much shorter time than clinical 
experts. Thus, this model may help with the diagnosis of 
LSCC in the future (17).

Deep learning refers to a machine learning method that 
is based on a neural network model with multiple levels of 
data representation. Convolutional neural networks (CNNs) 
are feedforward neural networks with deep structure and 
convolution calculation (18). It is a model that can addresses 
classification and detection problems. Compared with 
conventional image processing algorithms, CNN has high 
potential for feature extraction and analysis (19). Recently, 
artificial intelligence (AI) based on deep CNNs has been 
applied to skin cancer classification, congenital cataracts, 
diabetic retinopathy diagnosis, magnetic resonance imaging 
(MRI), and pathology (20-24). By applying these cutting-
edge deep-learning techniques, AI systems can immediately 
provide accurate diagnoses based on image data, which could 
potentially contribute to the earlier detection of diseases 
and increase patients’ survival rates (25). Our previous single 
center study preliminarily verified the effectiveness of a 
CNN model in the laryngeal NBI image diagnosis (26). In 
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this study, we also applied CNN technology to interpret 
pathology images, we trained, validated, and tested the 
CNN model using NBI scans and pathology images of 
LSCC from multiple centers, so as to further verify the 
application value of AI technology in the diagnosis of 
LSCC.

We present the following article in accordance with the 
STARD reporting checklist (available at https://dx.doi.
org/10.21037/atm-21-6458).

Methods

Study type

A retrospective, multicenter, experimental study was 
conducted.

Patient characteristics

To diagnose LSCC, clinicians generally check the 
throat using NBI technology. If necessary, a biopsy is 
performed before or during the surgery to confirm the 
diagnosis (see Figure 1A). To test the potential of a deep-
learning algorithm on LSCC diagnosis, we collected 
4,591 NBI scans of 4,591 patients at the Department of 
Otolaryngology Head and Neck Surgery at Beijing Tongren 
Hospital. All these NBI scans can show the laryngeal lesions 
clearly, the scans showing incomplete lesions due to the 
patient's inability to cooperate with the examination have 
been excluded. Patients’ ages ranged from 21 to 87 years old  
(mean ± standard deviation: 59.36±10.25 years). Among 
them, 2,664 of the patients had already been diagnosed 
with LSCC, and 1,927 laryngeal lesions had already been 
diagnosed as benign based on the pathology results. An 
independent testing cohort (287 benign laryngeal lesions 
and 235 LSCC NBI scans) from The Affiliated Hospital of 
Southwest Medical University and The First Hospital of 
China Medical University was used to test the performance 
of this algorithm. They used the same NBI endoscopy 
system as Beijing Tongren Hospital.

NBI scan data set

A retrospective study of 4,591 patients’ NBI scans was 
carried out at the Department of Otolaryngology Head 
and Neck Surgery at the Beijing Tongren Hospital from 
January 2016 to December 2017. All the patients underwent 
NBI endoscopy, and had their diagnoses confirmed 

pathologically. Data for the independent testing cohort 
was collected from Beijing Tongren Hospital, Southwest 
Medical University and The First Hospital of China 
Medical University (287 benign laryngeal lesion and 235 
LSCC NBI scans). The medical procedure used at each of 
the centers was approved by the Beijing Tongren Hospital 
Review Board.

Endoscopy (Olympus CV-170 for NBI and Olympus 
CLV-S40Pro for white light, Olympus Medical Systems 
Corp., Tokyo, Japan) was used to evaluate patients’ laryngeal 
lesions in both white-light and NBI modes. First, the 
entire larynx was observed with standard white light, and 
the capillaries on the mucosal surface were then observed 
in NBI mode. The anatomical locations of patients’ 
laryngeal lesions were documented as follows: epiglottis, 
ventricular folds, vocal folds, arytenoids, aryepiglottic folds, 
subglottic region, anterior and the posterior commissure. 
Representative images were recorded for analysis. According 
to Ni’s study (15), endoscopic NBI findings can be classified 
into 5 types (I to V) based on the features of the mucosal 
IPCLs. Based on the characteristics of the NBI findings, we 
divided the patients into 2 groups: (I) the benign laryngeal 
lesion group (IPCL I–III); and (II) the LSCC group (IPCL 
IV–V).

Training and validation of the pathology image data set

A total of 3,458 pathological images were taken from 
1,228 patients’ hematoxylin and eosin (H&E) staining 
biopsy slides (318 benign patients and 910 LSCC patients). 
These pathological images were collected from the Beijing 
Tongren Hospital and Southwest Medical University. 
To test the ability and reliability of the CNN model, we 
took different magnification images, including ×20 (288 
images), ×40 (742 images), ×100 (845 images) and ×200 
(1,583 images). The H&E-stained sections were reviewed 
by 2 pathologists to confirm the diagnoses, the patient 
information was treated as confidential by all the specialists 
involved.

Development of the CNN algorithm

InceptionV3 (27) was developed by Google and inherited 
from the GoogLeNet model (28), which was the state-
of-the-art image recognition net in 2014. It has shown 
the performance of human experts on medical image 
recognition (20,21). Thus, we selected Inception V3 (27) as 
our prediction model. The Inception v3 network, which was 
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trained using the ImageNet 2012 Challenge training data 
set, was first downloaded (https://github.com/tensorflow/
models/tree/master/research/inception). The parameters 
of data augmentation were adopted from the literature 
(29,30). All the experiments were based on Tensorflow 1.6, 
and trained/tested on an Ubuntu 16.04 desktop system 
with Intel Core i7-6700k CPU and a NVIDIA GXT 
1,080 8Gb GPU. We conducted 2 experiments to evaluate 
the performance of our CNN algorithm on NBI scans 
and pathological images. First, 4,591 patients’ NBI scans 
(1,927 benign and 2,664 LSCC NBI scans) were randomly 

divided into training, validation and test data sets at a ratio 
of 70:15:15. Second, we fine-tuned the model based on the 
pathological images. The training, validation, and testing 
process for the pathological images was the same as that for 
the NBI scans. The pathological images were also randomly 
divided into 3 data sets at the same ratio. 

Statistical analysis

The area under the curve (AUC) of receiver operating curve 
(ROC) was used to evaluate the effectiveness of our CNN 

A

B

Out-patients

Operation

Figure 
preprocess

cancer/
benign

Follow-up

Adjuvant
therapy

Biopsy Pathology Pathology

NBI

Inception v3
……

Figure 1 Diagnosis and treatment of LSCC patients, and construction of CNN model. (A) Flowchart of LSCC patient diagnosis and 
treatment. LSCC patients are first examined by NBI, then, if recommended by a clinician, a biopsy is taken and checked by pathologists. An 
operation is performed if necessary, and pathology is used for final validation. The procedure in the diamond details the steps used to obtain 
images for our deep-learning study. (B) The structure of our CNN model. After each figure (the pathology image with H&E, magnification 
×40) is normalized and pre-processed, it is input into the model to predict cancer or benign cohort. LSCC, laryngeal squamous cell 
carcinoma; CNN, convolutional neural network.
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algorithm (29,30). A ROC is a comprehensive indicator 
that reflects the sensitivity and specificity of continuous 
variables. The curve is drawn with the sensitivity as the 
ordinate and the specificity as the abscissa. The larger the 
AUC, the higher the diagnostic accuracy.

Performance comparison of the CNN model and human 
specialists in relation to the NBI scans

A validation data set of the NBI scans (1,276 benign and 1,096 
LSCC NBI scans) was used to compare the performance of the 
CNN model and the human specialists. Four human specialists 
with around 10 years’ clinical experience were invited to review 
our validation data cohorts. The patient information was 
treated as confidential by all the specialists involved.

Ethics

All procedures performed in this study involving human 
participants were in accordance with the Declaration of 

Helsinki (as revised in 2013). The study was approved by 
ethics committee of Beijing Tongren Hospital, Capital 
Medical University (No. TRECKY2014-027). Individual 
consent for this retrospective analysis was waived.

Results

Performance of CNN

Our algorithm was trained to determine whether a lesion 
was benign or malignant based on the NBI scans and 
pathology images (see Figure 1B). 70% of the benign and 
LSCC NBI scans were used in the training data set (see 
Figure 2A). A transfer learning strategy was adopted to 
ensure the performance of the CNN model. The trained 
CNN algorithm was further used for our validation set, 
which comprised 15% of the benign and LSCC NBI scans. 
The remaining 15% of the scans were used as the testing 
cohort. ROCs were then used to evaluate the model’s ability 
to distinguish between benign and malignant laryngeal 
NBI scans. The AUC of the ROC of the validation cohort 
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Figure 2 NBI manifestations of benign laryngeal lesion and LSCC, and Area under the curve of the NBI CNN model in diagnosing 
laryngeal carcinoma. (A) Representative benign laryngeal and LSCC NBI scans that were both accurately diagnosed by specialists and 
the CNN model. (B-D) Area under the curve of the NBI CNN model in diagnosing laryngeal carcinoma in the validation data set (B), 
testing data set (C), and independent testing data set (D). LSCC, laryngeal squamous cell carcinoma; NBI, narrow-band imaging; CNN, 
convolutional neural network.
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was 0.966 (see Figure 2B). The AUC of the ROC of the 
testing cohort was 0.964 (see Figure 2C). There was also an 
independent cohort with images from 3 different centers. 
With an AUC of 0.873, the performance of the algorithm 
was still very high (see Figure 2D).

Comparison between CNN and human specialists

To compare the accuracy between the CNN model and the 
human specialists, the validation cohort images were further 
independently reviewed by 4 specially invited specialists. 
The average rates of accuracy, sensitivity, and specificity 
were 90.6%, 88.8%, and 92.2% respectively (see Figure 
3A). The algorithm had a diagnosis time of only 0.01 s for 

each image. Conversely, human specialists with >10 years’ 
experience took 5.5 s (on average) to interpret each image. 
The CNN model had a 45% accuracy rate for the 20 NBI 
scans misdiagnosed by specialists, which also shows that the 
model performed better than the experts (see Figure 3B).

Application of the CNN model to LSCC pathology images

Based on the NBI scans, patients were recommended for 
biopsy for further diagnosis as necessary. A pathological 
diagnosis is the gold standard for cancer diagnosis and 
should accurately guide future treatment. Thus, pathologists 
are required to have extensive experience and undertake 
lengthy clinical training. To further investigate the use of 
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Figure 3 Diagnostic accuracy of the CNN model and the specialists using NBI scans, and NBI scans misdiagnosed by specialists. (A) 
Comparison of the diagnostic accuracy of the CNN model and the specialists using NBI scans. (B) Representative laryngeal NBI scans that 
were inaccurately diagnosed by the specialists but correctly diagnosed by the CNN model. Left panel: benign images that were inaccurately 
diagnosed by the specialists as LC. Right panel: LSCC that was inaccurately diagnosed by the specialists as benign. NBI, narrow-band 
imaging; CNN, convolutional neural network; LC, laryngeal cancer; LSCC, laryngeal squamous cell carcinoma.
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the CNN model on LSCC pathology images in making 
fast and accurate diagnoses, we collected 3,458 pathology 
images (hematoxylin and eosin) from 1,228 patients (see 
Figure 4A) with different magnifications (×20, ×40, ×100, 
and ×200). The pathology images were randomly divided 
into a training data set, a validation data set, and a testing 
data set (ratio: 70:15:15). First, we trained our CNN model 
with a training cohort as described in the methods section 
above. A validation and testing cohort was further used 
with the trained pathology CNN algorithm. The AUC was 
0.994 for the validation data set (see Figure 4B), and 0.981 
for the testing data set (see Figure 4C). We also validated 
our algorithm with another independent data set from 
The Affiliated Hospital of Southwest Medical University 
and The First Hospital of China Medical University, and 

the performance of our algorithm remained high (AUC 
=0.982; see Figure 4D). Our trained pathology algorithm 
demonstrated a high performance for pathological diagnoses, 
even of pathology images of different magnifications.

Discussion

At present, AI has been used for repetitive tasks in medical 
practice. Deep learning based on CNN can automatically 
extract important feature from data set, and its performance 
is more systematic and easier to adjust, many studies have 
found its considerable effect in lesion segmentation and 
classification. Esteva et al. demonstrated that AI based on 
CNN can be used to classify skin cancer with a level of 
competence comparable to that of dermatologists (20). Ting 

Figure 4 Pathological manifestations of benign lesions and LSCC (H&E), and AUC of the pathology CNN model in diagnosing laryngeal 
carcinoma. (A) Representative different magnification times of the benign laryngeal and LSCC pathology photographs used in this study. 
(B) AUC for the LSCC pathology validation cohort. (C) AUC for the LSCC pathology testing cohort. (D) AUC for the LSCC pathology 
independent testing cohort. AUC, area under the curve; LSCC, laryngeal squamous cell carcinoma.
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et al. also showed that a deep-learning algorithm had high 
sensitivity and specificity at detecting referable diabetic 
retinopathy (21). Chang et al. developed a deep-learning 
technique based on residual CNN to non-invasively predict 
the IDH genotype in grade IIIV– glioma using conventional 
MRI in a multi-institutional data set (31). Xi et al. showed 
that deep learning can distinguish between benign and 
malignant renal lesions based on routine MRI scans (23). 
A study also reported that some deep-learning algorithms 
achieved better diagnostic performance at detecting 
metastases in H&E-stained tissue sections of the lymph 
nodes of women with breast cancers than a panel of 11 
pathologists participating in a simulation exercise designed 
to mimic routine pathology workflow (32).

The accurate and fast diagnosis for LSCC is crucial 
for clinicians to make treatment decisions, which 
improve patients’ survival rates and reduce medical costs. 
The diagnostic process for LSCC includes a physical 
examination, laryngoscopy, videostroboscopy, biopsy, and 
the molecular testing of the tumor, or even computed 
tomography (CT) and MRI. If necessary, a positron 
emission tomography-CT scan is used to determine if and 
how far the cancer has spread. In this process, numerous 
images are taken and reviewed by clinicians, pathologists, 
and radiologists. This repetitive work is tedious, but 
requires extensive experience. This is exactly where AI 
can help. Recently, AI has been applied to diagnosis using 
white-light laryngoscopy (29,30).

In this study, the CNN model showed high performance 
in the diagnosis of LSCC using an NBI image data set. NBI 
has been widely used for LSCC detection because the use 
of white-light imaging is limited when it comes to detecting 
small lesions <1 cm, especially in the setting of recurrent 
disease (33,34). Pathology diagnoses differs to diagnoses 
based on NBI scans, as pathologists need to be able to 
identify histological texture and morphological features (16). 
Notably, our trained algorithm also showed high accuracy 
in pathological diagnoses, even when assessing pathology 
images of different magnifications. The algorithm was 
validated with images from different centers. Our data 
revealed the potential wide application of this CNN model 
in relation to medical and pathological images (35).

In this study, our algorithm had several advantages over 
the human experts. First, the average review time for the 
CNN model was much shorter than that of the human 
experts. Second, the accuracy of the CNN model was 
higher than that of the human experts. Third, as the cut-off 
value CNN algorithm is adjustable, different cut-off values 

can be chosen to achieve higher sensitivity or specificity 
based on clinical demands. At this stage, we only verified 
the effectiveness of the CNN model in static NBI scans 
and pathology diagnosis, we are interested in whether this 
algorithm could recognize more features related to clinical 
outcomes or molecular genotypes (31,36). We intend to 
train this algorithm with more NBI scans to increase its 
accuracy, explore whether it could be used to make real-
time diagnoses based on live-images during endoscopic 
examinations, and further explore whether more LSCC 
clinical data and biological sample database information can 
be integrated to provide wise decision support for precision 
head and neck medicine. CNN-based AI method has a 
broad research space and has a better clinical application 
prospect in head and neck medicine. 

Conclusions

In conclusion, we found that that diagnostic ability of 
the CNN model was comparable to that of experienced 
specialists and pathologists. Our models for NBI and 
pathology images have clinical applications and could 
potentially assist in the fast and accurate diagnosis of LSCC.
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