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Review

Artificial Intelligence in the Diagnosis, Treatment,

and Prognosis of Hypopharyngeal Carcinoma:
A Scoping Review

Yuling Zhang, MD

Hypopharyngeal carcinoma (HPC) has one of the poorest prognoses among all types of head and neck
squamous cell carcinoma (HNSCC). Artificial intelligence (Al) is a scientific field that is in the spotlight,
especially in the last decade,and Al has also been widely used in the research field of HPC.This scoping
review aimed to describe the improvement of HPC clinical cares brought by Al. Literatures utilizing Al
and machine learning in HPC were searched in PubMed, EMBASE, and Web of Science, and | 16 articles
from 1987 to 2024 were retrieved. After removing duplicate and irrelevant articles, 85 were further
selected for detailed review. Al helps analyze large amounts of data from HPC patients and develop
models to facilitate clinical practice. The emergence of Al improves the endoscopic, radiologic, and
pathologic diagnosis accuracy of HPC and guides personalized treatment and prognosis prediction.
However, there are certain unmet challenges that need to be further elucidated, like interpreting the
Al algorithms into features that can be observed by humans and promoting the Al models in larger
and multi-centered cohorts.

Keywords: Artificial intelligence; Diagnosis; Hypopharyngeal carcinoma; Machine learning;
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Introduction

Hypopharyngeal cancer (HPC) describes tumors arising
between the level of the hyoid bone and the lower end of the
cricoid cartilage, and squamous cell carcinoma (SCC) from the
mucosal layer is the most common histology identified in 95%
of the cases.! Patient management mainly includes surgery,
radiotherapy, and chemotherapy. However, open surgery, like
total laryngectomy, inevitably destroys patient laryngeal
function, including breathing, speaking, and swallowing.’
Othertherapies mightalso lead to life-threatening complications,
such as leukopenia, hepatotoxicity, and thyroid dysfunction.’
Despite the effort and research in HPC fields, largely unmet
challenges exist. HPC is still one of the worst prognostic type

of head and neck squamous cell carcinoma (HNSCC), and the
overall 5-year survival rate was only about 41.3%.* HPC
increases the economic and societal burden, and novel
techniques aiding clinical practice are warranted.’

In the last few decades, there is an increasing interest in
artificial intelligence (AI) and machine learning, which refer to
systems that perform human-like tasks, including to process,
mine, learn, and respond to information gained from big data.®
The computational and programming steps in Al and machine
learning allow the analysis of large amounts of complex data
for meaningful patterns and consequent knowledge. Deep
learning helps in automatically identifying disease stages,

Corresponding Author: Yuling Zhang, MD, Department of Otolaryngology, Beijing Hospital,
National Center of Gerontology, Institute of Geriatric Medicine, Chinese Academy of Medical Science,

Beijing, 100005, China, Email: zyltyu@ 126.com

Disclosures: The author has reported no conflicts of interest or funding for this work.

Received: September 23, 2024
Revised: August |5, 2025
Accepted: August 22, 2025

doi:10.3121/cmr.2025.1961

151



guiding patient therapy options, and predicting the prognosis.’
Robotic surgery assisted by Al offers a minimally invasive
approach, and it better aligns with the organ-preservation
protocol and has developed rapidly in HPC management.®®
Molecular docking and molecular dynamics simulation help
evaluate the bioactivity of promising agents against anticancer
target.'*!* Chat Generative Pre-Trained Transformer (ChatGPT)
provides timely and convenient responses to common patient
questions and can serve as a supplementary tool for patient
education.” Indeed, Al improves the levels of HPC clinical
workflow and facilitates decision-making in clinical practice.

In this review, we systematically searched the literature for
articles that employed Al or machine learning techniques in
HPC clinical practice, including predictive models for
diagnosis, treatment, and prognosis, Al-assisted surgical
systems, and Al-assisted investigation of marker genes in
disease underlying mechanisms. Then, we classified these
literatures into HPC diagnosis, treatment, and prognosis
prediction. This review attempts to map the existing literature
of Al application in HPC and summarize current improvement.

Methods

According to the Preferred Reporting Items for Systematic
reviews and Meta-Analyses extension for Scoping Reviews
(PRISMA-ScR),'® we systematically searched the literature
through June 5, 2024 for articles using Al or machine learning
techniques in HPC research. We searched three databases
(PubMed, EMBASE, and Web of Science) using the following
terms: ‘artificial intelligence’ AND ‘hypopharyngeal
carcinoma’; ‘machine learning’ AND ‘hypopharyngeal
carcinoma’; ‘data mining’ AND ‘hypopharyngeal carcinoma’;
‘decision tree’ AND ‘hypopharyngeal carcinoma’; ‘neural
network” AND ‘hypopharyngeal carcinoma’; ‘random forest’
AND ‘hypopharyngeal carcinoma’; ‘support vector machine’
AND ‘hypopharyngeal carcinoma’; ‘artificial intelligence’ OR
‘machine learning’” OR ‘data mining” OR ‘decision tree” OR
‘neural network’ OR ‘random forest” OR ‘support vector
machine’ AND ‘hypopharyngeal carcinoma’ (Figure 1A). No
limits were imposed on the publication year. After removing
duplicates, we retrieved 58, 59, and 33 literatures from
PubMed, EMBASE, and Web of Science, respectively. Then,
totally 116 articles were further screened, and articles not in
English (n = 3), case reports (n = 3), comments (n = 3), reviews
(n = 13), meeting abstracts (n = 5), and irrelevant (n = 4) were
removed. Finally, 85 articles were included in this study.

Figure 1B presents the distribution of studies using Al or
machine learning techniques for HPC research over the course
of approximately 20 years, from 2009 to 2024. During the first
decade there was minimal use of such techniques for HPC,
while from 2019 on, we observed a considerable and progressive
increase. In Figure 1C, the distribution of geographical location
by continent of included studies are shown, and studies from
Asia accounted for the largest proportion (58%).
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Results

HPC Diagnostics

Early diagnosis of HPC allows early intervention and improves
long-term survival, and the AI models utilized in clinical
variables, endoscopic, radiologic, and pathologic examination
are summarized in Table 1.

Clinical Variables

Cervical lymph node status is crucial for guiding surgical
approach, and primary tumor stage (T3/T4), blood neutrophil
count (>5.0x10°L), and platelet count (>168x10°%L) offer
valuable guidance for personalized prediction of lymph node
metastasis (LNM) in HPC patients.!”

Confocal Laser Endomicroscopy (CLE)

CLE allows surface imaging of hypopharyngeal mucosa in
vivo at a thousand-fold magnification, and corkscrew-like
vessels, dilated intraepithelial capillary loops, and increased
capillary leakage are significantly more frequently detected in
malignant lesion compared to the healthy epithelium.!3!* By
Cellvizio Viewer software, a vessel diameter of 30 pum in
capillary loops was considered as a cut-off value aiding
malignance identification.® A point-wise spatial attention
network model trained by endoscopic imaging could reach an
average accuracy of 96.3% in automatically performing
semantic segmentation and tumor recognition.”! As for real-
time HPC identification, the diagnostic accuracy of a
Laryngopharyngeal Artificial Intelligence Diagnostic System
(LPAIDS) in both white-light imaging (WLI) and narrow-band
imaging (NBI) achieved more than 0.940, which is comparable
to experts and can be adapted in various centers.”? Endoscopy
can also evaluate the overall function of the larynx, and novel
models involving this factor might further enhance the
diagnosis accuracy and guide the resection margin of surgery.”

Radiology

Computed tomography (CT) is the most used clinical tool in
HPC diagnosis, tumor-node-metastasis (TNM) staging, and
organs-at-risk (OARs) delineation.® T stage is essential for
patient treatment, in which < T2 staging is defined as early, and
> T3 staging is advanced stage. Several studies have leveraged
CT-based radiomics to predict T-stage,”? consistently
reporting high accuracy (area under receiver operating
characteristic [ROC] curve [AUC] >0.90). However, these
models were developed on relatively small, single-center
cohorts, and the specific radiomic features used often differed,
highlighting a critical need for external validation and feature
standardization before clinical application. Radiomics-based
models also helped in LNM diagnosis and histological
grades.”’?

Magnetic resonance imaging (MRI) also provides useful data
for machine learning. DeepLab V3 + and U-Net models
showed good performance in automated segmentation and
MRI feature extraction and held great potential for facilitating

more efficient clinical workflow.” MRI could also be used
preoperatively for LNM prediction.*® Additionally, in up to 5%
of head and neck cancer cases, LNM was first detected within
the head and neck region, while the location of the primary
tumor was unknown.’' Al identifies the significant difference
of radiomic features in LN, and then predicts different primary
tumor sites.*> While promising, this model was validated on
only 38 patients,” underscoring the risk of overfitting.
Moreover, the multimodality image combination of CT, MRI,
and position emission tomography (PET) might further
improve tumor segmentation.*®

Pathology

The pathological biopsy represents the gold standard for HPC
diagnosis, and cancer cell identification on histological images
by Al is increasingly applied in clinical practice. Compared to
other sub-cellular components, nuclei especially exhibit more
cancer-related information, like variations in nuclear shape and
size, atypical mitotic figures, and hyperchromasia. A study
developed hyperspectral imaging (HSI) for automatic SCC
nuclei detection, and the average AUC and accuracy reached
0.94 and 82.4%, respectively.’**> Koyuncu et al’® further
defined tumor cell multinucleation index (MuNI) using a deep
learning model, defined as three tumor cells in the high-power
field (HPF) with three or more nuclei in the same cell, which
is strongly related to depletion of effector immunocyte subsets
and reduced survival rate in HPC patients. Perineural invasion
(PNI) has a negative prognostic impact on HNSCC patients,
and it can be diagnosed by the domain knowledge enhanced
yield (Domain-KEY) algorithm, whose accuracy was 89.01%.%
Another study created a linear support vector machine classifier
based on the whole-slide images (WSI) immunohistochemistry
(IHC) staining of CD45 and Ki-67 to distinguish intratumor
heterogeneity.”® By probe electrospray ionization mass
spectrometry (PSEI-MS), mass spectra were developed, and
could help define the borders of the cancerous regions.*
However, these studies are based on small sample size, and
more data from larger population are needed to create robust
classifiers and reduce the overfitting risk and interbatch
intensity variability.

HPC Treatment

The utilization of Al in HPC treatment mainly included three
parts: Al-assisted surgical operation, prediction models by
machine learning in the efficacy of radiotherapy and
chemotherapy (Table 2), and Al-assisted investigation of new
chemotherapy and immunotherapy targets.

Surgery

Compared to radical open surgery, the recent trend in surgical
treatment of HPC is organ preservation, intending to maintain
swallowing and speech function and quality of life as much as
possible.**#? Transoral robotic surgery has been used in HPC
patients since 2007,* and either the da Vinci Robotic System*#*
or the Flex Robotic System*® has been proven to be valid and
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Table 1. Summary of Al and machine learning models in hypopharyngeal carcinoma (HPC) diagnosis (continued on page 155)

Publication

Clinical variables (n = 1)

Wau et al. 20247
Endoscopy (n = 4)
Sievert et al. 2022%

Zhou et al. 2023*

Li et al. 2023%2

Yumii et al. 2024%

Radiology (n = 9)
Gao et al, 20212

Liu et al. 2024%
Guo et al, 2020%
Liu et al. 2021%
Zheng et al. 2023%

Lin et al. 2023%°

Lu et al. 2020%

Liu et al, 202432
Ren et al. 20213
Pathology (n = 6)
Ma et al. 2020%
Ma et al. 20213

Koyuncu et al, 20233
Lee et al. 2022%"

Smits et al, 20233

Ashizawa et al. 2017%

Model

Lymph node metastasis (LNM) prediction by a nomogram.

The cut-off value of vessel diameter in capillary loops is defined as 30 um by receiver
operating characteristic (ROC) curve.

Semantic segmentation by a point-wise spatial attention network model.

Real-time automatically identifying HPC by a deep convolutional neural networks
(CNN)-based Laryngopharyngeal Al Diagnostic System (LPAIDS).

Radiomic features extracted by Python and Pyradiomics software.

Small organ segmentation by FocusNetv2.

T2/T3 stage distinguished by radiomics-based prediction model using analysis of variance
(ANOVA) feature selection and logistic regression (LR) classifier.

Prediction of thyroid cartilage invasion by LR-support vector machine (SVM)-based
synthetic minority oversampling (SVMSMOTE) method.

LNM prediction by random forest (RF) classifiers built by radiomic or texture features
extracted by TexRAD.

Histological differentiation grade prediction by a contrast-enhanced CT-based deep
learning radiomics nhomogram.

Automated segmentation and radiomics features extraction of HPC by DeeplLab V3 + and
U-Net models.

Preoperative LNM prediction by pre-treatment magnetic resonance imaging (MRI)
radiomics.

Primary tumor location determination by SVM classifier.
Auto tumor segmentation by multimodal deep learning.

Automatic detection of head and neck cancer cell nuclei on hyperspectral imaging (HIS).

Head and neck cancer tissue detection on whole HSI using a modified Inception-based
CNN.

Biological features of tumor cell multinucleation.

Perineural invasion identification by domain knowledge enhanced yield (Domain-KEY)
algorithm in digital slides.

LPC classification based on CD45 and Ki-67 features.
Cancerous region border definition by mass spectra.

Abbreviations: HPC, hypopharyngeal carcinoma; LNM, lymph node metastasis; Cl, confidence interval; ROC, receiver operating
characteristic; AUC, area under ROC curve; PPV, positive predictive value; NPV, negative predictive value; HNSCC, head and neck squamous
cell carcinoma; CNN, convolutional neural networks; LPAIDS, laryngopharyngeal Al diagnostic system; LPC, laryngopharyngeal cancer; CT,
computed tomography; MICCAI’'15, ‘medical image computing and computer assisted interventions’ conference head and neck auto
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Effect measures

C-index = 0.887 (95% confidence interval [CI] 0.835-0.933).

Arer under ROC curve (AUC) = 91.5% (95% CI 87.1%-95.9%),
sensitivity = 90.6%, specificity = 71.3%, positive predictive value
(PPV) = 57.4%, negative predictive value (NPV) = 94.7%, accuracy
=771%.

AUC = 0.97, sensitivity = 94.39%, specificity = 98.68%, mloU =
86.25%, pixel accuracy = 96.3%.

Internal image test: accuracy = 0.956 (95% CIl 0.951-0.960), video
test: accuracy = 0.949 (95% CI 0.931-0.968); external tests: AUC =
0.965-0.987.

AUC = 0.868, sensitivity = 87.3%, specificity = 76.1%, accuracy =
83.3%.

Average dice = 84.51, average dice of small organs = 77.34.

Training AUC = 0.919; validation AUC = 0.857; test AUC = 0.817.
AUC = 0.905 (95% CI 0.863-0.937).

P < 0.001.

Training set: AUC = 0.878; test set: AUC = 0.822.

DeepLab V3 + model: dice similarity coefficient (DSC) = 0.77 (0.74-
0.79), Jaccard index = 0.67 (0.64-0.69), average surface distance
(ASD) = 1.23 (1.12-1.34); U-Net model: DSC = 0.75 (0.69-0.77),
Jaccard index = 0.62 (0.59-0.65), ASD = 1.89 (1.77-2.03).

Training cohort: AUC = 0.906 (95% CI 0.840-0.972); validation
cohort: AUC = 0.853 (95% CI 0.739-0.966).

Accuracy = 75.3%.
Dice score: 0.74.

AUC = 0.94, accuracy = 82.4%.
Accuracy = 0.73, sensitivity = 0.77, specificity = 0.69.

P < 0.001.
Accuracy = 89.01%.

Accuracy = 81%.

Positive-ion modes accuracy: 90.48%, negative-ion modes
accuracy: 95.35%.

Sample size

285 HPC patients.

10 head and neck squamous cell carcinoma (HNSCC)
patients, 54 sequences, 23061 images.

Cancerous: 101 HNSCC patients, 1742 images; normal
or benign lesion: 200 patients, 6473 images.

Internal training, verification, and test sets: 2382
laryngopharyngeal cancer (LPC) patients, 31543
images; external test set: 6806 LPC patients, 25293
images.

95 LPC patients.

1164 collected computed tomography (CT) scans and
‘medical image computing and computer assisted
interventions’ conference head and neck auto
segmentation challenge 2015 (MICCAI'15) dataset.

118 LPC patients, 851 images.
256 HPC patients.
241 LPC or HPC patients.

204 HNSCC patients.

222 HPC patients.

155 HPSCC patients.

38 LPC patients.
153 HNSCC patients.

15 LPC patients.
18 LPC patients.

436 patients from the TCGA HNSCC cohort.

85 H&E-stained whole-slide images from 80 HNSCC
patients.

74 whole-mount tumor slides from 21 LPC patients.
19 HNSCC patients.

segmentation challenge 2015 database; ANOVA, analysis of variance; LR, logistic regression; SVM, support vector machine; SVMSMOTE,
SVM-based synthetic minority oversampling; RF, random forest; DSC, dice similarity coefficient; ASD, average surface distance; MRI,

magnetic resonance imaging; HSI, hyperspectral imaging.
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Table 2. Summary of Al and machine learning models in radiotherapy and chemotherapy of hypopharyngeal carcinoma (HPC)
patients

Publication Model Effect measures Sample size
Radiotherapy (n = 3)
Lin et al. 2024% Baseline absolute peripheral lymphocyte Area under receiver operating 133 HNSCC patients.
counts (1.335*10%L) as a predictive indicator  characteristic (ROC) curve
of the radiotherapy effectiveness. (AUC) = 0.770 (95%
confidence interval [CI]
0.600-0.878).
Hasegawa et  An artificial neural network (ANN) model using AUC = 0.901, sensitivity = 46 HNSCC patients.
al. 2020% clinical factors and immunohistochemical 66.7%, specificity = 88.2%.
staining of Ku70 in predicting radiotherapy
results.
Men et al. A three-dimensional residual convolutional Accuracy = 0.76, sensitivity = 784 HNSCC patients.
2019% neural network (3D rCNN) deep learning 0.76, specificity = 0.76,
model for predicting xerostomia due to F-score = 0.70, AUC = 0.84
radiotherapy. (95% CI 0.74-0.91).
Chemotherapy (n = 7)
Guo et al. A nomogram for pretreatment prediction of AUC = 0.860 (95% CI 0.780- 127 patients with locally
2020%8 response to induction chemotherapy. 0.940); 3-fold cross-validation advanced HPC.
AUC = 0.864 (95% CI 0.755-
0.973).
Howard et al.  Machine learning models identifying DeepSurv: hazard ratio = 0.79 35527 patients diagnosed
2020%° intermediate-risk HNSCC patients who would (95% CI 0.72-0.85, P < 0.001); with squamous cell
benefit from chemoradiotherapy. neural multitask logistics carcinoma of the oral cavity,

regression: hazard ratio = 0.83 oropharynx, or larynx.
(95% CI 0.77-0.90, P < 0.001);

random survival forest

models: hazard ratio = 0.90

(95% CI 0.83-0.98, P = 0.01).

Surucu et al. Decision trees predicting tumor shrinkage Accuracy = 88%. 48 patients treated with

2016 during chemoradiotherapy. definitive concurrent
chemoradiotherapy for
squamous cell carcinoma of
the nasopharynx,
oropharynx, oral cavity, or

hypopharynx.

Liu et al. 20225' Multiparametric computed tomography (CT)-  Training cohort: C-index = 112 patients with locally
based radiomics model predicting treatment  0.899 (95% CI 0.831-0.967); advanced HPC (training
response and progression-free survival in validation cohort: C-index =  cohort: 78, validation cohort:
HPC patients who underwent induction 0.775 (95% CI 0.591-0.959). 34).
chemotherapy.

Liu et al. 2024%2 A multisequence magnetic resonance imaging AUC = 0.95. 24 patients with locally
(MRI)-based volumetric histogram metrics advanced HPC.
model for predicting pathological complete
response in advanced HNSCC patients
undergoing neoadjuvant chemo-
immunotherapy.

Zhong et al. A 10-gene support vector machine (SVM) Sensitivity = 75.0%, 29 HPC patients (16 TPF-

2018% model predicting the response to docetaxel, specificity = 100%. sensitive, 13 TPF-non-
cisplatin, 5-fluoruracil (TPF) treatment. sensitive).

Tan et al. 2023% A 6-gene signature predicting the response to AUC = 0.949 (95% CI 266 pre-treatment
induction chemotherapy and overall survival. 0.864-1.000). locoregionally advanced

laryngeal and
hypopharyngeal cancer
samples.

Abbreviations: HPC, hypopharyngeal carcinoma; ROC, receiver operating characteristic; AUC, area under ROC curve; Cl, confidence interval;
HNSCC, head and neck squamous cell carcinoma; ANN, artificial neural network; 3D rCNN, three-dimensional residual convolutional neural
network; CT, computed tomography; MRI, magnetic resonance imaging; SVM, support vector machine; TPF, docetaxel, cisplatin,
5-fluoruracil.
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Table 3. Summary of Al and machine learning models in prognosis of hypopharyngeal carcinoma (HPC) patients

Publication

Model

Clinical predictors (n = 4)

Kotevski et al.
20237

Li et al. 202377

Yang et al.
20197

Liu et al. 20237

Effect measures

Nomogram prognostic modeling for 2-year C-index = 0.73.

survival.

XGBoost algorithm predicting the 3-year

survival status.

Important cancer-related parameter

identification influencing patient survival.

The association of positive lymph node
ratio (LNR) with recurrence-free survival
and disease-specific survival.

Radiomics (n = 6)

Fatima et al.
202180

Bernatz et al.
2023

Li et al. 2020%2

Chen et al.
20228

Kim et al,
2022[84]

Zhong et al.
20218

Stadler et al.
20208¢

Martens et al.
202287

The support vector machine (SVM)
classifier using quantitative ultrasound
(QUS) predicting recurrence in node-
positive HNSCC patients.

Dual-energy computed tomography

(DECT) material decomposition for survival

prognostication.

CT-based radiomic signature predicting
early recurrence.

A magnetic resonance imaging (MRI)-
based radiomics-clinical nomogram for
the overall survival (OS) prediction.

Radiomics features from apparent
diffusion coefficient (ADC) map to
diagnose local tumor recurrence.

Baseline integrated 2-['®F]-fluoro-2-deoxy-
d-glucose positron-emission tomography

computed tomography (FDG PET-CT)
predicting disease progression in

squamous cell carcinoma (SCC) patients

receiving (chemo)radiotherapy.

Suvmax changes between two sequential

post-therapeutic FDG PET predicting
recurrence in HNSCC patients.

MRI and FDG PET-CT predicting 2-year
locoregional recurrence-free survival.

Marker genes (n = 1)

Chung et al.
201488

p16 protein expression predicting
prognosis.

Accuracy = 80.9%, sensitivity = 92.6%,
specificity = 62.9%, area under receiver
operating characteristic (ROC) curve
(AUC) = 77.7%, kappa value = 58.1%.

Gini index of age for HPC: 2.56%.

LNR cut-off value: 8.6%.

Week 1: accuracy = 80%, AUC = 0.75;
week 4: accuracy = 82%, AUC = 0.81.

Elastic net (EN): AUC = 0.784 (95%
confidence interval [CI] 0.775-0.812);
random survival forest (RSF): AUC =
0.785 (95% Cl 0.759-0.812).

Training set: AUC = 0.83 (95% CI 0.76-
0.90), sensitivity = 0.8, specificity =
0.83; validation set: AUC = 0.83 (95%
Cl 0.67-0.99), sensitivity = 0.69,
specificity = 0.71.

C-index: training cohort 0.78, internal
validation cohort 0.75, external
validation cohort 0.75.

Internal validation set: AUC = 0.76
(95% CI 0.62-0.89); external validation
set: AUC = 0.77 (95% CI 0.65-0.88).

Training cohort: AUC = 0.93, validation
cohort: AUC = 0.94.

Hazard ratio: 4.17 (95% CI 1.89-9.2).

AUC = 0.81

Hazard ratio for progression-free
survival (PFS): 0.63 (95% CI 0.42-0.95,
P = 0.03); for OS: 0.56 (95% CI 0.35-
0.89, P = 0.01).

Sample size

2953 HNSCC patients.

295 HPC patients.

28639 HNSCC
patients.

101 patients with
pyriform sinus cancer.

51 HNSCC patients.

50 HNSCC patients.

167 HPC patients who
underwent partial
surgery (training
cohort: 133, validation
cohort: 34).

190 HNSCC patients.

285 HNSCC patients
(training: 161; internal
validation: 54; external
validation: 70).

40 hypopharynx SCC
patients, 32 larynx
SCC patients.

337 oral,
oropharyngeal,
laryngeal, and
hypopharyngeal SCC
patients.

57 histopathologically-
proven HNSCC
patients with curative
(chemo)radiotherapy.

356 oral cavity,
hypopharynx, and
larynx SCC patients.

Abbreviations: HPC, hypopharyngeal carcinoma; HNSCC, head and neck squamous cell carcinoma; ROC, receiver operating curve; AUC,
area under ROC curve; LNR, lymph node ratio; DECT, Dual-energy computed tomography; Cl, confidence interval; MRI, magnetic resonance
imaging; OS, overall survival; FDG PET-CT, 2-['®F]-fluoro-2-deoxy-d-glucose positron-emission tomography computed tomography; SCC,
squamous cell carcinoma.
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feasible. Transoral robotic surgery is more suitable for patients
with low risk of positive surgical margins.*’ However,
complications might occur during transoral robotic surgery,
including bleeding and need for tracheostomy or gastrostomy
tube.*® Al could analyze risk factors for complications based
on big data preoperatively. For example, for prolonged
postsurgical enteral feeding prediction, body mass index,
previous radiotherapy, preoperative dysphagia, type of surgery,
and flap reconstruction were independent factors.”!

Radiotherapy

Adjuvant radiotherapy is standard of care for HNSCC patients
with positive surgical margins or extracapsular extension.’>*
Based on an in-house Al classification model, lymph nodes
could be characterized as involved or suspicious, which guided
different intensity of radiotherapy.® As for predicting the
effectiveness of radiotherapy, higher absolute peripheral
lymphocyte counts demonstrated a higher possibility to achieve
a complete response (CR).> Pathological parameters, like the
expression of Ku70 (involved in DNA repair mechanism), also
predict radiotherapy result.*

Although radiotherapy is ontologically sound and reaches
highly favorable quality-of-life outcomes, xerostomia and
mucositis are common sequelae. With radiomics (CT images)
and dosiomics (radiotherapy dose distribution) input, a hybrid
predictive model of xerostomia comprising a 3D residual
convolutional neural network was proposed, with AUC up to
0.84.57 Individualized regimens and more reliable biomarkers
are still in need for personalized radiotherapy treatment.

Chemotherapy

Currently, docetaxel, cisplatin, 5-fluoruracil (TPF) treatment is
the major regimen of chemotherapy for HNSCC, but only half
of all patients exhibit good response to TPF treatment.> For
personalized treatment, Al identified that age, primary tumor
stage, human papillomavirus (HPV) status, and Karnofsky
performance status were indicative parameters of significant
tumor volume reduction and survival benefit.**%° Radiomics
signatures of CT and multisequence MRI could also predict
progression-free survival and pathological complete response
(pCR) in advanced HNSCC patients undergone induction
chemotherapy.*!-%

A study further identified a gene expression signature between
TPF-sensitive and non-sensitive patients, and based on GATS,
PRIC285, ARID3B, ASNS, CXCRI1, FBN2, MYOMS3,
SLC27A5, and STC2, a support vector machine model was
trained, with 88.3% sensitivity and 88.9% specificity.® Another
study constructed a more precise six-gene signature (NRIP1,
GIMAP27, CD72, THBS4, ABCAY, and SNEDI1) to predict
tumor response and overall survival in locoregionally advanced
HPC patients, and this gene model reached an AUC of 0.949.%.
PPARG and its interconnectedness (AKT1, TP53, PTEN,
MAPKI1, NOTCHI, BECNI, PTGS2, SPP1, and RAC1) were

also involved in the regulation of chemosensitivity.®>% SPP1
was closely related to M2 macrophages infiltration, LNM, and
poor prognosis.®’ Clinical parameters and genetic characters all
participate in patient response to chemotherapy, and recognizing
TPF-sensitive patients in advance is necessary.

Immunotherapy
Immunotherapy is the new treatment landscape of head and
neck cancer, with checkpoint inhibitors including

pembrolizumab and camrelizumab, and has been proven to be
efficient and well-tolerated.®*”' However, due to the complex
microenvironment, primary resistance can be shown in patients
who underwent PD-(L)1-targeted regimens.” The predictive
and prognostic biomarkers of immunotherapy remain limited.

Al also recognizes active ingredients and new targets for HPC
immunotherapy.”™ CD73 is a new therapeutic target induced
by the epidermal growth factor (EGF)-EGF receptor (EGFR)-
epithelial-mesenchymal transition axis, and mediates local
invasion in especially advanced HPV-negative HPC. Except
anti-EGFR cetuximab, a novel antagonizing antibody 22E6,
might also be promising after appropriate processing.”

HPC Prognosis of Survival Status and Tumor Recurrence
Clinical Predictors

Age >60 years, advanced TNM stage (with lymphovascular,
perineural, or thyroid invasion), poorly differentiated pathology,
no adjuvant radiotherapy or chemotherapy accepted, and
smoking were independent prognostic factors for 3-year
survival status of HPC patients (Table 3).767

Radiomics

Quantitative ultrasound delta-radiomics during radical
radiotherapy are efficient in predicting tumor recurrence, and
its accuracy and AUC were 82% and 0.81, respectively.®
Radiomic features from CT and MRI also aided in patient
survival prediction and tumor recurrence diagnosis.®'
Furthermore, 18-fluorodeoxyglucose (FDG)-PET measures
metabolic activity (maximum standardized uptake value, SUV
max) of the local tumor area and the regional lymph nodes and
predicts HPC progression.?%7

Marker Genes

Sequencing data showed a more frequent presence of tumor
suppressor gene mutations than oncogene mutations, and p53
and p16 protein expression are important prognostic biomarkers
in HPC development and response to treatment.’® A study
demonstrated that compared to laryngeal carcinoma,
hypopharyngeal carcinoma had less central memory T cells, T
follicular helper cells, transforming growth factor-§ response,
and CD4'T memory resting cells.¥ By RNA sequencing,
serum high resolution mass spectrometry, and secretomes,
many genes, metabolites, and microRNAs were found to be
aberrantly expressed in tumors,”” but there is still no widely-
accepted model. Further development of markers staining
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protocol and scoring system, as well as the more accessible
serum proteomics, are warranted before broad application in
the clinical setting.”®

Discussion

This scoping review summarized current progress on the
application of Al and machine learning on HPC clinical
diagnosis, treatment, and prognosis. By establishing predictive
models and enhancing treatment means, diagnostic accuracy
increased and postoperative complications can be better
avoided. Al and machine learning are gradually increasing in
HPC research.

Al and machine learning are particularly useful for the analysis
of large complex datasets, encompassing heterogeneous
sources of information. Due to the complex microenvironment
at the cellular level and long follow-up period in HPC patients,
the utilization of Al on HPC is appropriate to gain new
knowledge.” A cross-sectional review for the management of
HPC is crucial for patient outcome and the reduction of disease
burden.

Multi-omics approaches are urgently needed in identifying
HPC heterogeneity and biological features underlying cancer
pathology. However, current studies are all based on small
sample sizes and single sequencing methods. Integrative multi-
omics analysis with Al assistance can better guide precision
therapy of HPC patients.

There are some limitations in this review. First, due to the
complicated algorithms of Al, we cannot interpret the
established models into characteristics that can be figured by
humans. The underlying features of medical imaging remain to
be explained. Second, how to promote the Al models on a
national or global scale might be a future aspect, and a large
patient cohort is still lacking.

Conclusions

Al/machine learning is undeniably a scientific field that is in
the spotlight, especially in the last decades, and its utilization
in medical applications of HPC research is on the rise. Big data
from multi-center and standardized databases are needed for
model training by Al techniques, and Al-based diagnostic or
predictive models are eagerly anticipated to solve clinical
dilemmas of every HPC stages.

References

1. Sung H, Ferlay J, Siegel RL, et al. Global Cancer
Statistics 2020: GLOBOCAN Estimates of Incidence and
Mortality Worldwide for 36 Cancers in 185 Countries.
CA Cancer J Clin. 2021;71(3):209-249. doi:10.3322/
caac.21660

10.

I1.

12.

Yang Y, Feng L, Zhong Q, et al. Induction
chemotherapy-based organ-preservation protocol
improve the function preservation compared with
immediate total laryngectomy for locally advanced
hypopharyngeal cancer-Results of a matched-pair
analysis. Cancer Med. 2023;12(16):17078-17086.
doi:10.1002/cam4.6354

Chung EJ, Jeong WJ, Jung YH, et al. Long-term
oncological and functional outcomes of induction
chemotherapy followed by (chemo)radiotherapy vs
definitive chemoradiotherapy vs surgery-based therapy in
locally advanced stage III/IV hypopharyngeal cancer:
Multicenter review of 266 cases. Oral Oncol.
2019;89:84-94. doi:10.1016/j.oraloncology.2018.12.015

Newman JR, Connolly TM, Illing EA, Kilgore ML,
Locher JL, Carroll WR. Survival trends in
hypopharyngeal cancer: a population-based review.
Laryngoscope. 2015;125(3):624-629. doi:10.1002/
lary.24915

Zhang Y, Liu G, Tao M, et al. Integrated transcriptome
study of the tumor microenvironment for treatment
response prediction in male predominant hypopharyngeal
carcinoma. Nat Commun. 2023;14(1):1466. Published
2023 Mar 16. doi:10.1038/s41467-023-37159-8

Haug CJ, Drazen JM. Artificial Intelligence and Machine
Learning in Clinical Medicine, 2023. N Engl J Med.
2023;388(13):1201-1208. doi:10.1056/NEJMra2302038

Avilés-Jurado FX, Terra X, Figuerola E, Quer M, Leon
X. Comparison of chi-squared automatic interaction
detection classification trees vs TNM classification for
patients with head and neck squamous cell carcinoma.
Arch Otolaryngol Head Neck Surg. 2012;138(3):272-
279. doi:10.1001/archoto.2011.1448

Tamaki A, Rocco JW, Ozer E. The future of robotic
surgery in otolaryngology - head and neck surgery. Oral
Oncol. 2020;101:104510. doi:10.1016/j.
oraloncology.2019.104510

Chan JY, Wei WI. Current management strategy of
hypopharyngeal carcinoma. Auris Nasus Larynx.
2013;40(1):2-6. doi:10.1016/j.an1.2011.11.009

Yip KW, Zhang Z, Sakemura-Nakatsugawa N, et al. A
porphodimethene chemical inhibitor of
uroporphyrinogen decarboxylase. PLoS One.
2014;9(2):e89889. doi:10.1371/journal.pone.0089889

Singh S, Ahmad A, Raghuvanshi DS, et al. Synthesis of
3,5-dihydroxy-7,8-dimethoxy-2-(4-methoxyphenyl)
benzopyran-4-one derivatives as anticancer agents.
Bioorg Med Chem Lett. 2016;26(21):5322-5327.
doi:10.1016/j.bmcl.2016.09.036

Luo L, Tan H, Liao Y. In silico analysis of marine
natural product for protein arginine methyltransferase
5(PRMTS) inhibitors based on pharmacophore and
molecular docking. J Biomol Struct Dyn.
2023;41(22):13180-13197. doi:10.1080/07391102.2023.
2184172

CM&R 2025 : 4 (December)

Zhang, et al. 159



13. Hoang VH, Trang NTK, Minh TC, et al. Design, 24. GaoY, Huang R, Yang Y, et al. FocusNetv2: Imbalanced
synthesis and evaluation the bioactivities of novel large and small organ segmentation with adversarial
1,3-dimethyl-6-amino-1H-indazole derivatives as shape constraint for head and neck CT images. Med
anticancer agents. Bioorg Med Chem. 2023;90:117377. Image Anal. 2021;67:101831. doi:10.1016/j.
doi:10.1016/j.bmc.2023.117377 media.2020.101831

14. Manap S, Medetalibeyoglu H, Kili¢ A, et al. Synthesis, 25. Liu Q, Liu S, Mao Y, Kang X, Yu M, Chen G. Machine
molecular modeling investigation, molecular dynamic learning model to preoperatively predict T2/T3 staging
and ADME prediction of some novel Mannich bases of laryngeal and hypopharyngeal cancer based on the
derived from 1,2,4-triazole, and assessment of their CT radiomic signature. Eur Radiol. 2024;34(8):5349-
anticancer activity. ] Biomol Struct Dyn. 5359. doi:10.1007/s00330-023-10557-8
2024;42(21):11916-11930. doi:10.1080/07391102.2023. 26. Guo R, Guo J, Zhang L, et al. CT-based radiomics
2265501 features in the prediction of thyroid cartilage invasion

15. Floyd W, Kleber T, Carpenter DJ, et al. Current from laryngeal and hypopharyngeal squamous cell
Strengths and Weaknesses of ChatGPT as a Resource carcinoma. Cancer Imaging. 2020;20(1):81.
for Radiation Oncology Patients and Providers. Int J doi:10.1186/s40644-020-00359-2
Radiat Oncol Biol Phys. 2024;118(4):905-915. 27. Liu X, Maleki F, Muthukrishnan N, et al. Site-Specific
doi:10.1016/j.ijrobp.2023.10.020 Variation in Radiomic Features of Head and Neck

16. Tricco AC, Lillie E, Zarin W, et al. PRISMA Extension Squamous Cell Carcinoma and Its Impact on Machine
for Scoping Reviews (PRISMA-ScR): Checklist and Learning Models. Cancers (Basel). 2021;13(15):3723.
Explanation. Ann Intern Med. 2018;169(7):467-473. doi:10.3390/cancers13153723
doi:10.7326/M18-0850 28. Zheng YM, Che JY, Yuan MG, et al. A CT-Based Deep

17. Wu X, Xie Y, Zeng W, Wu X, Chen J, Li G. Learning Radiomics Nomogram to Predict Histological
Development and validation of a diagnostic model for Grades of Head and Neck Squamous Cell Carcinoma.
predicting cervical lymph node metastasis in laryngeal Acad Radiol. 2023;30(8):1591-1599. doi:10.1016/].
and hypopharyngeal carcinoma. Front Oncol. acra.2022.11.007
2024;14:1330276. doi:10.3389/fonc.2024.1330276 29. Lin YC, Lin G, Pandey S, et al. Fully automated

18. Guo W, Yin G, Liu H, Duan H, Huang Z. Analysis of segmentation and radiomics feature extraction of
vascular-associated factors and the prognosis of poorly hypopharyngeal cancer on MRI using deep learning. Eur
differentiated hypopharyngeal carcinoma. Oncol Lett. Radiol. 2023;33(9):6548-6556. doi:10.1007/s00330-
2020;20(5):271. doi:10.3892/01.2020.12134 023-09827-2

19. Ni XG, Wang GQ. The Role of Narrow Band Imaging 30. Lu S, Ling H, Chen J, et al. MRI-based radiomics
in Head and Neck Cancers. Curr Oncol Rep. analysis for preoperative evaluation of lymph node
2016;18(2):10. doi:10.1007/s11912-015-0498-1 metastasis in hypopharyngeal squamous cell carcinoma.

20. Sievert M, Eckstein M, Mantsopoulos K, et al. Impact Front Oncol. 2022;12:936040. doi:10.3389/
of intraepithelial capillary loops and atypical vessels in fonc.2022.936040
confocal laser endomicroscopy for the diagnosis of 31. Kennel T, Garrel R, Costes V, Boisselier P, Crampette L,
laryngeal and hypopharyngeal squamous cell carcinoma. Favier V. Head and neck carcinoma of unknown
Eur Arch Otorhinolaryngol. 2022;279(4):2029-2037. primary. Eur Ann Otorhinolaryngol Head Neck Dis.
doi:10.1007/s00405-021-06954-8 2019;136(3):185-192. doi:10.1016/j.anorl.2019.04.002

21. Zhou L, Jiang H, Li G, et al. Point-wise spatial network 32. LiuJ, Corti A, Calareso G, et al. Developing a robust
for identifying carcinoma at the upper digestive and two-step machine learning multiclassification pipeline to
respiratory tract. BMC Med Imaging. 2023;23(1):140. predict primary site in head and neck carcinoma from
doi:10.1186/s12880-023-01076-5 lymph nodes. Heliyon. 2024;10(2):e24377.

22. LiY, Gu W, Yue H, et al. Real-time detection of doi:10.1016/j.heliyon.2024.e24377
laryngopharyngeal cancer using an artificial 33. Ren J, Eriksen JG, Nijkamp J, Korreman SS. Comparing
intelligence-assisted system with multimodal data. J different CT, PET and MRI multi-modality image
Transl Med. 2023;21(1):698. doi:10.1186/s12967-023- combinations for deep learning-based head and neck
04572-y tumor segmentation. Acta Oncol. 2021;60(11):1399-

23. Yumii K, Ueda T, Kawahara D, et al. Artificial 1406. doi:10.1080/0284186X.2021.1949034
intelligence-based diagnosis of the depth of
laryngopharyngeal cancer. Auris Nasus Larynx.
2024;51(2):417-424. doi:10.1016/j.an1.2023.09.001

160 Utilization of Al in Hypopharyngeal Carcinoma

CM&R 2025 : 4 (December)



34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Ma L, Halicek M, Zhou X, Dormer J, Fei B.
Hyperspectral Microscopic Imaging for Automatic
Detection of Head and Neck Squamous Cell Carcinoma
Using Histologic Image and Machine Learning. Proc
SPIE Int Soc Opt Eng. 2020;11320:113200W.
doi:10.1117/12.2549369

Ma L, Zhou X, Little JV, et al. Hyperspectral
Microscopic Imaging for the Detection of Head and
Neck Squamous Cell Carcinoma on Histologic Slides.
Proc SPIE Int Soc Opt Eng. 2021;11603:116030P.
doi:10.1117/12.2581970

Koyuncu CF, Frederick MJ, Thompson LDR, et al.
Machine learning driven index of tumor multinucleation
correlates with survival and suppressed anti-tumor
immunity in head and neck squamous cell carcinoma
patients. Oral Oncol. 2023;143:106459. doi:10.1016/].
oraloncology.2023.106459

Lee LY, Yang CH, Lin YC, et al. A domain knowledge
enhanced yield based deep learning classifier identifies
perineural invasion in oral cavity squamous cell
carcinoma. Front Oncol. 2022;12:951560. doi:10.3389/
fonc.2022.951560

Smits HIG, Ruiter LN, Breimer GE, Willems SM,
Philippens MEP. Using Intratumor Heterogeneity of
Immunohistochemistry Biomarkers to Classify
Laryngeal and Hypopharyngeal Tumors Based on
Histologic Features. Mod Pathol. 2023;36(8):100199.
doi:10.1016/j.modpat.2023.100199

Ashizawa K, Yoshimura K, Johno H, et al. Construction
of mass spectra database and diagnosis algorithm for
head and neck squamous cell carcinoma. Oral Oncol.
2017;75:111-119. doi:10.1016/j.
oraloncology.2017.11.008

Boudreaux BA, Rosenthal EL, Magnuson JS, et al.
Robot-assisted surgery for upper acrodigestive tract
neoplasms. Arch Otolaryngol Head Neck Surg.

2009;135(4):397-401. doi:10.1001/archoto.2009.24

Park YM, Lee W, Lee JG, et al. Transoral robotic
surgery (TORS) in laryngeal and hypopharyngeal
cancer. J Laparoendosc Adv Surg Tech A.
2009;19(3):361-368. doi:10.1089/1ap.2008.0320

Park YM, Byeon HK, Chung HP, Choi EC, Kim SH.
Comparison study of transoral robotic surgery and
radical open surgery for hypopharyngeal cancer. Acta
Otolaryngol. 2013;133(6):641-648. doi:10.3109/000164
89.2012.761350.

Genden EM, Desai S, Sung CK. Transoral robotic
surgery for the management of head and neck cancer: a

preliminary experience. Head Neck. 2009;31(3):283-
289. doi:10.1002/hed.20972

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Park YM, Kim WS, Byeon HK, De Virgilio A, Jung JS,
Kim SH. Feasiblity of transoral robotic
hypopharyngectomy for early-stage hypopharyngeal
carcinoma. Oral Oncol. 2010;46(8):597-602.
doi:10.1016/j.oraloncology.2010.05.003

Park YM, Kim WS, De Virgilio A, Lee SY, Seol JH,
Kim SH. Transoral robotic surgery for hypopharyngeal
squamous cell carcinoma: 3-year oncologic and
functional analysis. Oral Oncol. 2012;48(6):560-566.
doi:10.1016/j.oraloncology.2011.12.011

Mattheis S, Hasskamp P, Holtmann L, et al. Flex
Robotic System in transoral robotic surgery: The first
40 patients. Head Neck. 2017;39(3):471-475.
doi:10.1002/hed.24611

Costantino A, Sampieri C, Pirola F, De Virgilio A, Kim
SH. Development of machine learning models for the
prediction of positive surgical margins in transoral
robotic surgery (TORS). Head Neck. 2023;45(3):675-
684. doi:10.1002/hed.27283

Hans S, Badoual C, Gorphe P, Brasnu D. Transoral
robotic surgery for head and neck carcinomas. Eur Arch
Otorhinolaryngol. 2012;269(8):1979-1984. doi:10.1007/
s00405-011-1865-7

Vergez S, Lallemant B, Ceruse P, et al. Initial multi-
institutional experience with transoral robotic surgery.
Otolaryngol Head Neck Surg. 2012;147(3):475-481.
doi:10.1177/0194599812443221

Weinstein GS, O’Malley BW Jr, Magnuson JS, et al.
Transoral robotic surgery: a multicenter study to assess
feasibility, safety, and surgical margins. Laryngoscope.
2012;122(8):1701-1707. doi:10.1002/lary.23294

Sampieri C, Costantino A, Giordano GG, et al.
Predicting the need for prophylactic gastrostomy in
major head and neck cancer surgery: The PEG score.
Head Neck. 2023;45(12):3042-3052. doi:10.1002/
hed.27532

Cramer JD, Burtness B, Le QT, Ferris RL. The
changing therapeutic landscape of head and neck
cancer. Nat Rev Clin Oncol. 2019;16(11):669-683.
doi:10.1038/s41571-019-0227-z

Heng Y, Xu C, Lin H, et al. Recurrence risk
stratification and treatment strategies of patients with
stage IVa-b hypopharyngeal squamous cell carcinoma.
Head Neck. 2022;44(9):2030-2039. doi:10.1002/
hed.27074

Sher DJ, Moon DH, Vo D, et al. Efficacy and Quality-
of-Life Following Involved Nodal Radiotherapy for
Head and Neck Squamous Cell Carcinoma: The INRT-
AIR Phase II Clinical Trial. Clin Cancer Res. 2023 Sep
1;29(17):3284-3291.

CM&R 2025 : 4 (December)

Zhang, et al. 161



55.

56.

57.

58.

59.

60.

Lin H, Gao C, Heng Y, et al. Peripheral lymphocyte
count as an indicator of radiotherapy effectiveness in
hypopharyngeal squamous cell carcinoma. Clin
Otolaryngol. 2024;49(4):436-444. doi:10.1111/
coa.14160

Hasegawa T, Someya M, Hori M, et al. Prediction of
Results of Radiotherapy With Ku70 Expression and an
Artificial Neural Network. In Vivo. 2020;34(5):2865-
2872. doi:10.21873/invivo.12114

Men K, Geng H, Zhong H, Fan Y, Lin A, Xiao Y. A
Deep Learning Model for Predicting Xerostomia Due to
Radiation Therapy for Head and Neck Squamous Cell
Carcinoma in the RTOG 0522 Clinical Trial. Int J
Radiat Oncol Biol Phys. 2019;105(2):440-447.
doi:10.1016/].ijrobp.2019.06.009

Guo B, Ouyang F, Ouyang L, et al. A Nomogram for
Pretreatment Prediction of Response to Induction
Chemotherapy in Locally Advanced Hypopharyngeal
Carcinoma. Front Oncol. 2020;10:522181. doi:10.3389/
fonc.2020.522181

Howard FM, Kochanny S, Koshy M, Spiotto M,
Pearson AT. Machine Learning-Guided Adjuvant
Treatment of Head and Neck Cancer. JAMA Netw
Open. 2020;3(11):¢2025881. doi:10.1001/
jamanetworkopen.2020.25881

Surucu M, Shah KK, Mescioglu I, et al. Decision Trees
Predicting Tumor Shrinkage for Head and Neck Cancer:
Implications for Adaptive Radiotherapy. Technol Cancer
Res Treat. 2016;15(1):139-145.
doi:10.1177/1533034615572638

65.

66.

67.

68.

69.

70.

Lian M, Chen J, Shen X, Hou L, Fang J. Pparg may
Promote Chemosensitivity of Hypopharyngeal
Squamous Cell Carcinoma. PPAR Res.
2020;2020:6452182. Published 2020 Apr 22.
doi:10.1155/2020/6452182

Kong F, Han B, Chen J, et al. Role of PPARG in
Chemosensitivity-Regulating Network for
Hypopharyngeal Squamous Cell Carcinoma. PPAR Res.
2023;2023:6019318. doi:10.1155/2023/6019318

Feng S, Yuan W, Sun Z, et al. SPP1 as a key gene in the
lymph node metastasis and a potential predictor of poor
prognosis in head and neck carcinoma. J Oral Pathol
Med. 2022;51(7):620-629. doi:10.1111/jop.13333.

Gong H, Tian S, Ding H, et al. Camrelizumab-based
induction chemoimmunotherapy in locally advanced
stage hypopharyngeal carcinoma: phase II clinical trial.
Nat Commun. 2024;15(1):5251. doi:10.1038/s41467-
024-49121-3

Mehra R, Seiwert TY, Gupta S, et al. Efficacy and safety
of pembrolizumab in recurrent/metastatic head and neck
squamous cell carcinoma: pooled analyses after long-
term follow-up in KEYNOTE-012. Br J Cancer.
2018;119(2):153-159. doi:10.1038/s41416-018-0131-9

Seiwert TY, Burtness B, Mehra R, et al. Safety and
clinical activity of pembrolizumab for treatment of
recurrent or metastatic squamous cell carcinoma of the
head and neck (KEYNOTE-012): an open-label,
multicentre, phase 1b trial. Lancet Oncol.
2016;17(7):956-965. doi:10.1016/S1470-
2045(16)30066-3

61. Liu X, Long M, Sun C, et al. CT-based radiomics 71. Bauml J, Seiwert TY, Pfister DG, et al. Pembrolizumab
signature analysis for evaluation of response to for Platinum- and Cetuximab-Refractory Head and Neck
induction chemotherapy and progression-free survival in Cancer: Results From a Single-Arm, Phase II Study. J
locally advanced hypopharyngeal carcinoma. Eur Clin Oncol. 2017;35(14):1542-1549. doi:10.1200/
Radiol. 2022;32(11):7755-7766. doi:10.1007/s00330- JCO.2016.70.1524.

022-08859-4 72. Carlisle JW, Steuer CE, Owonikoko TK, Saba NF. An

62. Liu H, Zhu C, Wang X, Chen X, Li Z, Xian J. update on the immune landscape in lung and head and
Prediction of pathological complete response in locally neck cancers. CA Cancer J Clin. 2020;70(6):505-517.
advanced head and neck squamous cell carcinoma doi:10.3322/caac.21630
treated with neoadjuvant chemo-immunotherapy using 73. Chen KC, Juang SH, Lien JC. Identification of
volumetric multisequence MRI histogram analysis. antiproliferative emodin analogues as inhibitors of
Neuroradiology. 2024;66(6):919-929. doi:10.1007/ epidermal growth factor receptor in cancer. Int J Mol
$00234-024-03339-6 Med. 2019;43(3):1281-1288. doi:10.3892/

63. Zhong Q, Fang J, Huang Z, et al. A response prediction jmm.2019.4066
model for taxane, cisplatin, and 5-fluorouracil 74. Wang X-J, Zhang M-J, Cui L-M, et al. Inhibitory effect
chemotherapy in hypopharyngeal carcinoma. Sci Rep. of saffron on head and neck squamous cell carcinoma
2018;8(1):12675. doi:10.1038/s41598-018-31027-y via targeting of ESR1 and CCNDI by its active

64. Tan C, Wang L, Yang Y, et al. Construction of a novel compound crocetin. Traditional Medicine Research.
six-gene signature to predict tumour response to 2024;9(7):39 doi:10.53388/TMR20231011002.
induction chemotherapy and overall survival in 75. Shi E, Wu Z, Karaoglan BS, et al. 5’-Ectonucleotidase
locoregionally advanced laryngeal and hypopharyngeal CD73/NT5E supports EGFR-mediated invasion of HPV-
carcinoma. Genes Dis. 2023;11(3):101022. negative head and neck carcinoma cells. J Biomed Sci.
doi:10.1016/j.gendis.2023.05.018 2023;30(1):72. doi:10.1186/s12929-023-00968-6

162 Utilization of Al in Hypopharyngeal Carcinoma

CM&R 2025 : 4 (December)



76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

Kotevski DP, Smee RI, Vajdic CM, Field M. Machine
Learning and Nomogram Prognostic Modeling for
2-Year Head and Neck Cancer-Specific Survival Using
Electronic Health Record Data: A Multisite Study. JCO
Clin Cancer Inform. 2023;7:¢2200128. doi:10.1200/
CCIL.22.00128

Li Z, Ding S, Zhong Q, et al. A machine learning model
for predicting the three-year survival status of patients
with hypopharyngeal squamous cell carcinoma using
multiple parameters. J Laryngol Otol.
2023;137(9):1041-1047. doi:10.1017/
S0022215123000063

Yang CC, Su YC, Lin YW, et al. Differential impact of
age on survival in head and neck cancer according to
classic Cox regression and decision tree analysis. Clin
Otolaryngol. 2019 May;44(3):244-253.

Liu Y, Huang H, Liu J, Wang X, Liu S. Lymph node
ratio predicts recurrence-free survival and disease-
specific survival of patients with pyriform sinus
squamous cell carcinoma. Asian J Surg.
2023;46(6):2277-2283. doi:10.1016/j.asjsur.2022.09.048

Fatima K, Dasgupta A, DiCenzo D, et al. Ultrasound
delta-radiomics during radiotherapy to predict
recurrence in patients with head and neck squamous cell
carcinoma. Clin Transl Radiat Oncol. 2021;28:62-70.
doi:10.1016/j.ctro.2021.03.002

Bernatz S, Both I, Ackermann J, et al. Does Dual-
Energy Computed Tomography Material Decomposition
Improve Radiomics Capability to Predict Survival in
Head and Neck Squamous Cell Carcinoma Patients? A
Preliminary Investigation. J Comput Assist Tomogr.
2024;48(2):323-333. doi:10.1097/
RCT.0000000000001551

Li W, Wei D, Wushouer A, et al. Discovery and
Validation of a CT-Based Radiomic Signature for
Preoperative Prediction of Early Recurrence in
Hypopharyngeal Carcinoma. Biomed Res Int.
2020;2020:4340521. doi:10.1155/2020/4340521

Chen J, Lu S, Mao Y, et al. An MRI-based radiomics-
clinical nomogram for the overall survival prediction in
patients with hypopharyngeal squamous cell carcinoma:
a multi-cohort study. Eur Radiol. 2022;32(3):1548-
1557. doi:10.1007/s00330-021-08292-z

Kim M, Lee JH, Joo L, et al. Development and
Validation of a Model Using Radiomics Features from
an Apparent Diffusion Coefficient Map to Diagnose
Local Tumor Recurrence in Patients Treated for Head
and Neck Squamous Cell Carcinoma. Korean J Radiol.
2022;23(11):1078-1088. doi:10.3348/kjr.2022.0299

Zhong J, Frood R, Brown P, et al. Machine learning-
based FDG PET-CT radiomics for outcome prediction
in larynx and hypopharynx squamous cell carcinoma.
Clin Radiol. 2021;76(1):78.¢9-78.¢17. doi:10.1016/j.
crad.2020.08.030

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

Stadler TM, Hiillner MW, Broglie MA, Morand GB.
Predictive value of suvmax changes between two
sequential post-therapeutic FDG-pet in head and neck
squamous cell carcinomas. Sci Rep. 2020;10(1):16689.
doi:10.1038/541598-020-73914-3

Martens RM, Koopman T, Lavini C, et al. Early
Response Prediction of Multiparametric Functional
MRI and 18F-FDG-PET in Patients with Head and
Neck Squamous Cell Carcinoma Treated with (Chemo)
Radiation. Cancers (Basel). 2022;14(1):216.
doi:10.3390/cancers14010216

Chung CH, Zhang Q, Kong CS, et al. p16 protein
expression and human papillomavirus status as
prognostic biomarkers of nonoropharyngeal head and
neck squamous cell carcinoma. J Clin Oncol.
2014;32(35):3930-3938. doi:10.1200/JC0O.2013.54.5228

Liu J, Zhu W, Li Z, et al. Proteomic analysis of
hypopharyngeal and laryngeal squamous cell carcinoma
sheds light on differences in survival. Sci Rep.
2020;10(1):19459. doi:10.1038/s41598-020-76626-w

Sepiashvili L, Hui A, Ignatchenko V, et al. Potentially
novel candidate biomarkers for head and neck
squamous cell carcinoma identified using an integrated
cell line-based discovery strategy. Mol Cell Proteomics.
2012;11(11):1404-1415. doi:10.1074/mcp.
M112.020933.

Li H, Wang F, Fei Y, et al. Aberrantly expressed genes
and miRNAs in human hypopharyngeal squamous cell
carcinoma based on RNA-sequencing analysis. Oncol

Rep. 2018;40(2):647-658. doi:10.3892/0r.2018.6506

Nair J, Jain P, Chandola U, et al. Gene and miRNA
expression changes in squamous cell carcinoma of
larynx and hypopharynx. Genes Cancer. 2015;6(7-
8):328-340. doi:10.18632/genesandcancer.69

Zhou R, Liu D, Zhu J, Zhang T. Common gene
signatures and key pathways in hypopharyngeal and
esophageal squamous cell carcinoma: Evidence from
bioinformatic analysis. Medicine (Baltimore).
2020;99(42):e22434. doi:10.1097/
MD.0000000000022434

Ramachandran A, Betts G, Bhana S, et al. An in vivo
hypoxia metagene identifies the novel hypoxia
inducible factor target gene SLCO1B3. Eur J Cancer.
2013;49(7):1741-1751. doi:10.1016/j.ejca.2012.12.003

Shen YJ, Ji MY, Huang Q, et al. Nicotine downregulates
miR-375-3p via neurotrophic tyrosine receptor kinase 2
to enhance the malignant behaviors of
laryngopharyngeal squamous epithelial cells. Ecotoxicol
Environ Saf. 2024;274:116215. doi:10.1016/j.
ecoenv.2024.116215

Li W, LiY, Chen Z, et al. Analysis of metabolomics and
transcriptomics data in head and neck squamous cell
carcinoma. Oral Dis. 2023;29(4):1464-1479.
doi:10.1111/0di.14125

CM&R 2025 : 4 (December)

Zhang, et al. 163



97. Ti Tian S, Wang C, Zhang J, Yu D. The cox-filter
method identifies respective subtype-specific IncRNA
prognostic signatures for two human cancers. BMC
Med Genomics. 2020;13(1):18. doi:10.1186/s12920-
020-0691-4

98. Zhou L, Cheng L, Tao L, Jia X, Lu Y, Liao P. Detection
of hypopharyngeal squamous cell carcinoma using
serum proteomics. Acta Otolaryngol. 2006;126(8):853-
860. doi:10.1080/00016480500525205

99. Piazza C, Paderno A, Ravanelli M, Pessina C. Clinical
and Radiological Evaluation of Hypopharyngeal
Carcinoma. Adv Otorhinolaryngol. 2019;83:35-46.
doi:10.1159/000492306

Author Affiliation
Yuling Zhang, MD*

*Department of Otolaryngology, Beijing Hospital, National
Center of Gerontology, Institute of Geriatric Medicine,
Chinese Academy of Medical Science, Beijing, China.

164



