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RESUMO

O cancer de cabega e pescogo (CCP) € um grupo heterogéneo de neoplasias,
predominantemente constituidas por carcinomas de células escamosas, com alta
incidéncia e mortalidade mundial e no Brasil. Fatores de risco incluem tabagismo,
etilismo, radiagao, infecgdes virais e habitos culturais, sendo o diagndstico precoce
crucial para sobrevida, embora a maioria dos casos seja identificada tardiamente. O
tratamento envolve radioterapia (RT), quimioterapia e cirurgia, entretanto, esta
associado a efeitos adversos significativos, como osteorradionecrose (ORN),
caracterizada por necrose 0ssea em regides irradiadas. Avangos computacionais,
especialmente inteligéncia artificial (IA), machine learning e deep learning, tém
potencial para aprimorar diagnostico, estadiamento, progndstico e suporte a decisao
clinica. Abordagens complementares, como indices radiomorfométricos e dimenséo
fractal (DF), permitem avaliagdo quantitativa da microarquitetura 6ssea, sendo uteis
para deteccao precoce de alteragcdes em pacientes irradiados. O trabalho esta dividido
em dois capitulos, sendo eles: (1) O Capitulo 1, que consiste em uma analise
bibliométrica que incluiu 1.019 publicagdes sobre |IA e CCP entre 1995 e 2024,
utilizando Web of Science como base de busca e as ferramentas VosViewer e
Biblioshiny/Bibliometrix. A maioria dos estudos identificados e incluidos (71,6%) séo
artigos originais, com aumento expressivo de publicagdes a partir de 2016, atingindo
pico em 2023. Predominaram paises de alta renda, evidenciando disparidade global
na produgao cientifica. Palavras-chave de destaque incluem machine learning, deep
learning, radiomics e radioterapia, com foco recente em diagnostico, predigcdo de
sobrevida e histopatologia. Conclui-se que ha crescimento do uso de IA em CCP, mas
sS40 necessarios mais ensaios clinicos e revisdes para ampliar sua aplicagao clinica
global. (2) O Capitulo 2, que apresenta um estudo primario observacional transversal
que avaliou os ossos mandibulares cortical e trabecular em pacientes apdés a RT
comparando-os a controles néo irradiados, utilizando tomografia computadorizada de
feixe conico (TCFC) para calcular o indice Mentual por Tomografia Computadorizada
(CTMI), o indice Cortical por Tomografia Computadorizada (CTCI) e a DF. N&o foram
observadas diferencas significativas entre grupos para CTMI, CTCl ou DF.
Subanalises mostraram DF trabecular maior em tumores de laringe comparado aos
demias e CTMI mais elevado em pacientes avaliados com mais de 30 meses p6s-RT,
enquanto a DF na cortical e o CTCI ndo exibiram diferengas significativas na
comparacgao do intervalo de tempo entre a RT e a execugéo da TCFC. Os resultados
sugerem respostas Osseas heterogéneas, destacando a utilidade da TCFC para
deteccédo precoce de alteragdes 0sseas induzidas por RT e a necessidade de manejo
individualizado dos pacientes. No geral, os métodos computacionais investigados
nesse trabalho mostram potencial para uso no contexto do CCP, mas s&o necessarios
mais estudos e padronizagao para aplicacéo clinica efetiva.

Palavras-chave: Cancer de Cabecga e Pescoco; Radioterapia; Inteligéncia Artificial;
Dimens&o Fractal; indices Radiomorfométricos.



ABSTRACT

Head and neck cancer (HNC) is a heterogeneous group of neoplasms, predominantly
represented by squamous cell carcinomas, with high incidence and mortality worldwide
and in Brazil. Risk factors include smoking, alcohol consumption, radiation, viral
infections, and cultural habits, with early diagnosis being crucial for survival, although
most cases are identified at advanced stages. Treatment involves radiotherapy (RT),
chemotherapy, and surgery, but it is associated with significant adverse effects, such
as osteoradionecrosis (ORN), characterized by bone necrosis in irradiated regions.
Computational advances, particularly artificial intelligence (Al), machine learning, and
deep learning, have the potential to improve diagnosis, staging, prognosis, and clinical
decision support. Complementary approaches, such as radiomorphometric indices
and fractal dimension (FD), allow quantitative assessment of bone microarchitecture,
being useful for early detection of changes in irradiated patients. This work is divided
into two chapters: (1) Chapter 1 consists of a bibliometric analysis of 1,019 publications
on Al and HNC between 1995 and 2024, using the Web of Science as the search
database and VosViewer and Biblioshiny/Bibliometrix as analysis tools. Most studies
included were original articles (71.6%), with a marked increase in publications from
2016 onward, peaking in 2023. High-income countries predominated, highlighting
global disparities in scientific production. Key terms included machine learning, deep
learning, radiomics, and radiotherapy, with recent focus on diagnosis, survival
prediction, and histopathology. It was concluded that the use of Al in HNC is growing,
but more clinical trials and reviews are needed to expand its global clinical application.
(2) Chapter 2 reports a study that evaluated mandibular cortical and trabecular bone
in patients after RT, compared to non-irradiated controls, using cone-beam computed
tomography (CBCT) to calculate the Computed Tomography Mental Index (CTMI),
Computed Tomography Cortical Index (CTCI), and FD. No significant differences were
observed between groups for CTMI, CTCIl or FD. Sub-analyses showed higher
trabecular FD in larynx tumors compared to other tumors and higher CTMI in patients
evaluated more than 30 months post-RT, while cortical FD and CTCI did not exhibit
significant differences when comparing the time interval between RT and CBCT
acquisition. The results suggest heterogeneous bone responses, highlighting the utility
of CBCT for early detection of RT-induced bone changes and the need for
individualized patient management. Overall, the computational methods investigated
in this work show potential for use in the HNC context, but further studies and
standardization are required for effective clinical application.

Key words: Head and Neck Cancer; Radiotherapy; Artificial Intelligence; Fractal

Dimension; Radiomorphometric Indices.
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PREFACIO

O presente trabalho integra o projeto intitulado “Estudo dos efeitos adversos da
radioterapia em cabeca e pescogo”, que busca compreender as alteragdes induzidas
pela radioterapia na regido craniofacial. A radioterapia € amplamente utilizada no
tratamento de neoplasias malignas de cabega e pescogo, porém seus efeitos
adversos a longo prazo ainda nao estdo completamente elucidados. Alteragdes
Osseas, inevitavelmente impactadas pelo tratamento, podem comprometer
significativamente a qualidade de vida do paciente. Esse projeto possibilita o
desenvolvimento de estratégias clinicas especificas, contribui para a formacéo de

recursos humanos e favorece intervengdes médicas e odontologicas mais eficazes.

Inserido nesse contexto, métodos computacionais tém se consolidado como
ferramentas promissoras na investigacdo do cancer de cabega e pescogo e de seus
tratamentos, especialmente no contexto da radioterapia. A inteligéncia artificial tem
ampliado a capacidade de analise de grandes volumes de dados, permitindo a
identificacdo de padrbes complexos e a extracdo de informacgdes relevantes para o
diagndstico, predigédo de risco, prognostico e acompanhamento de diversas condigdes
de saude. De forma complementar, a analise da dimensao fractal e de indices
radiomorfométricos podem possibilitar uma avaliagdo quantitativa e objetiva de
exames de imagem, contribuindo para a compreenséo da complexidade de estruturas
o e potencial de observar alteragdes induzidas, por exemplo, pela radiagdo. Esses
meétodos oferecem potencial para a detecgao precoce de efeitos adversos e para o

aprimoramento da tomada de decisao clinica.

Esta dissertagdo reflete esse contexto de investigacdo dividindo-se em dois
capitulos, reunindo estudos complementares: o primeiro, uma analise bibliométrica
publicada no periédico “Oral Surgery, Oral Medicine, Oral Pathology and Oral
Radiology”, que descreve tendéncias do o uso da inteligéncia artificial no cancer de
cabecga e pescogo; o segundo, um estudo aplicado que utiliza os métodos como os
indices radiomorfométricos e a dimenséo fractal em tomografias computadorizadas de
feixe conico de pacientes irradiados na regido de cabega e pesco¢o. Ambos visam
compreender melhor o uso de métodos computacionais e apoiar a pratica clinica

voltada a melhoria da saude e bem-estar dos pacientes oncoldgicos.



Minha trajetoria académica e cientifica se entrelaga profundamente com o
desenvolvimento deste trabalho. Desde a graduagdo na Universidade de Brasilia
(UnB), fui inspirado pela pesquisa e pelas oportunidades de aprendizado
proporcionadas pelos programas de iniciagado cientifica. Durante trés projetos de
iniciacdo cientifica, dediquei-me a analise de exames de imagem em diferentes
contextos clinicos: avaliacao de alteragcdes da densidade mineral 6ssea em pacientes
na pos-menopausa, condigdes periodontais e indices radiomorfométricos e dimensao
fractal em pacientes com polipose adenomatosa familial. Além disso, participei como
extensionista em um projeto de atendimento odontolégico a pacientes oncologicos,

experiéncia que reforgcou meu desejo de contribuir para a saude desses individuos.

Apos trés anos de residéncia em Cirurgia Bucomaxilofacial fora da UnB,
retornei ao ambiente académico para realizar o mestrado em Ciéncias da Saude,
integrando minha experiéncia clinica e meu interesse pela pesquisa cientifica no grupo
do CNPq “Pesquisa translacional em cancer de cabeca e pescogo” liderado pela Profa
Eliete Guerra. Este trabalho, portanto, representa ndo apenas a consolidacdo de
minha trajetoria cientifica, mas também meu compromisso com a produgédo de
conhecimento que possa gerar impacto direto na pratica clinica, beneficiando
pacientes oncoldgicos e a sociedade como um todo.
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INTRODUGCAO

O céncer de cabeca e pescogo (CCP) constitui um grupo heterogéneo de
neoplasias que acomete o trato aerodigestivo superior, sendo representado
principalmente pelo carcinoma de células escamosas (Mahmood et al., 2021; Makitie
et al., 2023). Pode envolver labio, cavidade oral, laringe, nasofaringe, orofaringe,
hipofaringe e glandulas salivares. Mundialmente, é responsavel por aproximadamente
950.000 casos novos e mais de 480.000 obitos anualmente (Bray et al., 2024). No
Brasil, segundo estimativas do Instituto Nacional do Cancer (INCA) para o periodo de
2023 a 2025, o cancer oral esta entre os dez mais incidentes, enquanto o cancer de
laringe também figura entre os vinte mais frequentes. Somados, sdo responsaveis por
mais de 22 mil casos e posicionam-se conjuntamente entre os cinco tipos de cancer

mais incidentes no periodo (Santos et al., 2023).

Quando detectado precocemente, o CCP apresenta taxa de sobrevida
estimada de até 75% em cinco anos (Adoga et al., 2018). Entretanto, frequentemente
a doenca é diagnosticada tardiamente, em estagios avangados, o que compromete o
prognostico e reduz significativamente a sobrevida (Mahmood et al., 2021). No Brasil,
cerca de 80% dos casos sado identificados nos estagios Ill ou IV, percentual
semelhante ao observado em paises asiaticos, sem evidéncia de melhora nos ultimos
vinte anos. Adicionalmente, fatores socioecondmicos, especialmente o nivel de
escolaridade, estdo diretamente associados ao diagndstico tardio, representando um
desafio significativo para o Sistema Unico de Salde, sobretudo na gestdo de
referéncias e contrarreferéncias nas redes de atengao (Nascimento de Carvalho et al.,
2025).

A exposigao cronica ao alcool e ao tabaco constitui o principal fator de risco
para o CCP, estando também associada ao diagndstico tardio e, consequentemente,
a pior prognostico. Observa-se efeito independente e multiplicativo quando ha
consumo concomitante (Lins et al., 2019). Radiag&o, imunodeficiéncia, mastigagcéo
misturas com folha de bétele (betel-quid), consumo de noz de areca e infecgdes pelos
virus HPV e Epstein-Barr também s&o considerados fatores etiologicos (Lander,
Kallogjeri e Piccirillo, 2024; Mahmood et al., 2020). No Brasil, etilismo e tabagismo

permanecem entre as principais causas de CCP, especialmente em tumores de
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cavidade oral, hipofaringe e laringe. Entre paises com maior IDH, a infec¢ao pelo HPV
em tumores de orofaringe tem se destacado em pacientes mais jovens (Nascimento
de Carvalho et al, 2025). Além disso, embora ndo sejam fatores etiologicos
prevalentes no Brasil, estima-se que aproximadamente um em cada trés casos de
cancer oral no mundo esteja associado ao consumo de noz de areca e tabaco n&o
fumado, sendo Bangladesh, india, Paquistdo e Papua Nova Guiné os paises com
maior incidéncia (Rumgay et al., 2024).

O padrao de referéncia para o diagndstico do CCP é a bidpsia tecidual seguida
de exame histopatoldgico (Yang et al., 2022). Nesse processo, patologistas avaliam a
morfologia celular e nuclear para determinar a presenga e o grau de invasao tumoral,
baseando-se majoritariamente em experiéncia empirica para o diagnostico (Yang et
al., 2022). Adicionalmente, modalidades de imagem médica, como tomografia por
emissao de positrons (PET), tomografia computadorizada por emissao de féton unico
(SPECT), ressonancia magnética (RM) e tomografia computadorizada (TC), fornecem
informagdes importantes sobre morfologia, tamanho, localizagdo e metabolismo do
tumor (Salmanpour et al., 2023).

Embora avangos tenham sido alcangados, o tratamento do CCP continua
desafiador, envolvendo tipicamente radioterapia (RT) e quimioterapia (Bang et al.,
2023). A RT desempenha papel central, sendo empregada em aproximadamente 75%
dos casos, isoladamente ou associada a quimioterapia e procedimentos cirurgicos
(Atun et al., 2015; Bang et al., 2023). Seu objetivo é destruir células em rapida divisdo,
promovendo reducdo tumoral, podendo ser utilizada com finalidade curativa ou
paliativa (Chaput e Regnier, 2021). Paralelamente ao desenvolvimento de técnicas de
imagem mais precisas para localizagdo e delineamento tumoral, a RT evoluiu
significativamente nos ultimos anos, permitindo tratamentos mais individualizados e
maior precisdo na irradiagdo da regido tumoral por meio de tecnologias como
radioterapia guiada por imagem (IGRT) e radioterapia modulada por intensidade
(IMRT) (Ahervo et al., 2023; Bang et al., 2023). Entretanto, devido a anatomia pequena
e irregular da regido de cabeca e pescogo e a presenga de multiplos 6rgaos criticos,
o tratamento ainda esta associado a diversos efeitos adversos, incluindo xerostomia,
disfagia, mucosite, radiodermatite, candidiase, caries extensas, trismo, fadiga, entre
outros (Ahervo et al., 2023; Araujo et al., 2023; Leong et al., 2024; Li et al., 2023).
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No tecido ésseo, a radiacido atua principalmente sobre o suprimento vascular,
ocasionando reducao rapida de osteoblastos e aumento da atividade osteoclastica,
resultando em diminuicdo da densidade Ossea, remodelamento trabecular e
substituicdo da medula vermelha ativa por medula amarela (Pacheco e Stock, 2013;
Soares et al, 2019). Consequentemente, a morfologia, a resisténcia e a
microarquitetura 6ssea séo alteradas nas regides irradiadas (Bakar et al., 2022). O
principal desfecho clinico indesejavel a nivel 6sseo apos RT é a osteorradionecrose
(ORN), condigao iatrogénica observada em pacientes com cancer submetidos a RT
de cabecga e pescogo, acometendo entre 5% e 15% desses pacientes (Moreno et al.,
2025).

A ORN é uma complicacgdo tardia e potencialmente grave da RT para tumores
de cabecga e pescogo, caracterizada por necrose 6ssea decorrente de dano vascular
induzido pela radiagdo, manifestando-se por exposicdo Ossea e/ou alteragdes
radiograficas compativeis, como esclerose, lise ou fratura patoldgica, na auséncia de
recorréncia tumoral local. A ORN esta associada a fatores de risco, incluindo higiene
oral deficiente e extracdes dentarias apds RT, podendo evoluir para estados mérbidos
caracterizados por alta carga de sintomas e comprometimento da qualidade de vida
devido a perda dentaria, disfungcéo orofacial e dor (Moreno et al., 2025; Peterson et
al., 2024). Segundo a diretriz de Peterson e colaboradores (2024), a ORN ocorre
tipicamente em regides que receberam doses 250 Grays (Gy), podendo se apresentar
de forma exposta ou ndo exposta, exigindo avaliagao clinica e radiografica combinada
para diagnostico. Em 2025, um consenso internacional de especialistas reforgou essa
definicdo, destacando a necessidade de padronizagao global, estabelecendo uma
nova definicdo internacional e propondo elementos minimos de dados para
uniformizar o diagnostico, a comunicagéo cientifica e o monitoramento da ORN. Essas
publicacdes evidenciam uma evolugao conceitual importante, com énfase na preciséao
diagnodstica, padronizagdo e integracdo entre achados clinicos e radiograficos,
fundamentais para o avang¢o da pesquisa e do manejo clinico da ORN (Moreno et al.,
2025).

Nos ultimos anos, a rapida expansao do volume de dados digitais, aliada aos
avangos computacionais, impulsionou o desenvolvimento de tecnologias capazes de
auxiliar na execugao de tarefas complexas, destacando-se a inteligéncia artificial (I1A)
e seus principais subcampos: machine learning (ML) e deep learning (DL). A IA refere-
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se a capacidade nao bioldgica de realizar tarefas complexas, enquanto o ML permite
que sistemas aprendam padrdes a partir de grandes conjuntos de dados, e o DL, como
subcampo avangado do ML, extrai automaticamente representag¢des de alto nivel por
meio de redes neurais profundas (Leite et al., 2020). O avango das pesquisas em |IA
e seus subcampos, como ML, DL, visdo computacional e redes neurais
convolucionais, tem se destacado em diversas areas, incluindo as ciéncias médicas,
especialmente no desenvolvimento de modelos que podem aprimorar a tomada de
decisdo clinica (Alabi et al., 2024). Entre os progressos recentes, destaca-se a
utilizacdo do processamento de linguagem natural para diagndstico diferencial, auto-
triagem e automanejo, por meio de sistemas de verificacdo de sinais e sintomas

clinicos (Meyer et al., 2020).

No contexto do céncer, a IA pode ser util para alcangar diagndéstico precoce,
elucidar o impacto de fatores de risco, identificar novos biomarcadores ou alvos
terapéuticos, realizar estadiamento tumoral, individualizar tratamentos, estimar taxas
de sobrevida, prevenir recidivas e prever riscos e toxicidades (Alabi et al., 2024; Araujo
et al., 2023; Kourou et al., 2015; Mahmood et al., 2021; Wu, Li e Tu, 2024). Para isso,
€ necessario um conjunto de dados oncoldgicos em larga escala, capaz de reconhecer
padrées e estruturas a partir de informagdes previamente fornecidas (Wu, Li e Tu,
2024).

Especialmente no manejo do CCP, a aplicagao da IA tem crescido de forma
expressiva desde 2016, com destaque para abordagens em radidmica, RT e
diagndstico por imagem (Silvestre-Barbosa et al., 2025). Modelos de ML e DL vém
sendo amplamente utilizados para segmentacgéo de estruturas, predicdo de sobrevida
e apoio a tomada de decisdo clinica, embora persistam desafios relacionados a
validacéo clinica, padronizagdo metodologica e desigualdade na produgéo cientifica
entre paises (Silvestre-Barbosa et al., 2025).

Esses modelos também tém sido aplicados a multiplas modalidades de dados,
incluindo imagens radiolégicas e histopatologicas, exames endoscopicos, dados
clinicos e gendbmicos, demonstrando potencial para aprimorar detecgdo precoce,
caracterizagao tumoral, prognostico e suporte a tomada de decisao clinica (Makitie et
al., 2023). Uma recente revisdo de revisdes (umbrella review) indicou que as
aplicacdes de IA em CCP se organizam em cinco eixos principais: identificacdo de
lesbes pré-cancerosas e cancerosas, predicdo da natureza histopatolégica por
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imagens, progndstico, extracdo de achados patologicos e aplicagbes em RT.
Entretanto, ainda existem limitagdes significativas relacionadas a auséncia de
padronizacdo na coleta de dados, heterogeneidade metodoldgica, baixa qualidade de
evidéncias e escassez de validagdo externa, o que impede a implementacao plena
desses modelos na pratica clinica (Makitie et al., 2023).

Paralelamente ao desenvolvimento recente do uso da IA, a radibmica emergiu
como uma abordagem voltada a extragao quantitativa de centenas de caracteristicas
matematicas de imagens meédicas, fornecendo parédmetros objetivos para apoiar
diagndsticos, classificagdes e previsdes clinicas. No campo da saude, especialmente
na radiologia e na odontologia, essas tecnologias tém mostrado resultados
promissores, trazendo novas perspectivas para a detecgéo de doengas, planejamento
terapéutico e suporte a tomada de decisdo, com potencial para transformar a pratica

clinica ao reduzir a subjetividade e aumentar a precisédo diagnodstica (Leite et al., 2020).

Outro método computacional utilizado no contexto da saude, especialmente em
imaginologia, sdo os indices radiomorfométricos, que consistem em métodos de
analise de imagens qualitativos e quantitativos amplamente empregados na avaliagéo
de exames de imagem, como radiografias panoramicas (Ersu et al., 2023). Alguns
desses indices foram adaptados para avaliagdo por tomografia computadorizada de
feixe conico (TCFC) e mostraram-se ferramentas uteis para identificar alteragdes
osseas (Koh e Kim, 2011), particularmente na regido cortical mandibular, sitio
potencialmente acometido pela RT (Borges et al., 2021).

Adicionalmente, a dimenséo fractal (DF), método matematico que permite a
avaliacdo de estruturas corporais irregulares e complexas, pode ser aplicada em
imagens radiograficas e tomograficas para quantificar a complexidade da
microarquitetura 6ssea e detectar alteragbes precocemente nessa estrutura (Kato et
al., 2020). Esses métodos sao frequentemente utilizados para identificar alteragdes
O0sseas em pacientes com disturbios sistémicos, constituindo ferramentas importantes
para triagem e diagnostico precoce de condigdes que afetam a morfologia éssea (Ersu
et al., 2023; Pacheco-Pereira et al., 2021; Sindeaux et al., 2014) e demonstram
utilidade na avaliagdo de pacientes irradiados (Tepe et al., 2025; Tomazelli et al.,
2025).
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7

Dessa forma, a presente dissertacdo € estruturada em dois capitulos,
abordando o uso de métodos computacionais no contexto do CCP. O primeiro capitulo
apresenta uma analise bibliométrica sobre as tendéncias da literatura referentes a
aplicacao da IA nesse tipo de cancer. O segundo capitulo consiste em um estudo
primario que avalia indices radiomorfométricos e DF em TCFC de pacientes irradiados

na regido de cabeca e pescogo, comparando-os com um grupo controle pareado.
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OBJETIVOS

Objetivo Geral

Investigar o potencial de métodos computacionais, avaliando de que forma a |A
tem sido aplicada no contexto do CCP e avaliar os indices radiomorfométricos e
dimenséao fractal em pacientes irradiados. Assim, poderemos aprimorar o diagnostico
e o0 monitoramento das alteracbes oOsseas pos-RT, fornecendo subsidios para o
manejo clinico individualizado e a detecgdo precoce de complicagdes por meio das

ferramentas computacionais.

Objetivos Especificos

e Responder a seguinte pergunta de pesquisa: “Quais s&o as tendéncias no uso
da IA em CCP?”;

e Identificar e analisar, por meio de uma analise bibliométrica, o uso da IA em
CCP, incluindo tépicos predominantes, lacunas de conhecimento e padrdes de
publicacdo, visando orientar futuros desenvolvimentos e aplicagcdes clinicas da
1A;

e |Investigar as caracteristicas das estruturas 6sseas mandibulares cortical e
trabecular em pacientes irradiados na regido de cabeca e pescogo, por meio
de TCFC, utilizando indices radiomorfométricos e analise de DF;

e Comparar os achados dos pacientes irradiados com um grupo controle pareado

nao irradiado, avaliando diferengas e padrbes nas medidas obtidas.
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CAPITULO 1
Published: Oral Surgery, Oral Medicine, Oral Pathology and Oral Radiology (IF:1.9)
DOI: 10.1016/j.0000.2025.02.014

Worldwide Research Trends on Artificial Intelligence in Head and Neck Cancer:
A Bibliometric Analysis

ABSTRACT

Objective: This review aimed to explore scientific data on Artificial Intelligence (Al)
and Head and Neck Cancer (HNC) through a bibliometric analysis focusing on
identifying trends the research landscape on this topic. Material and Methods: a
bibliometric analysis of Al-related HNC articles from the Web of Science Core
Collection up to January 5th, 2024, was conducted. VosViewer and
Biblioshiny/Bibiometrix for R Studio were used for data synthesis. This analysis
covered key characteristics such as sources, authors, affiliations, countries, citations,
references, and publications, as well as keyword analysis and trending topics.
Results: A total of 1,019 papers from 1995 to 2024 were included in this review.
Among them, 729 (71.6%) were original research articles and 78 (7.6%) were reviews.
The 10 most cited documents were published from 2003 to 2019. The number of
publications has been increasing with an annual growth rate by 94.4% after 2016,
peaking in 2023. Among the 20 most productive countries, 14 are high-income
economies. The keywords of strong citation revealed two main clusters: radiomics and
radiotherapy. The most frequently occurring keywords include machine learning, deep
learning, artificial intelligence, and head and neck cancer, with recent emphasis on
diagnosis, survival prediction, and histopathology. Conclusion: This bibliometric
analysis identified an increase in the use of Al in HNC research since 2016 and
indicated a notable disparity in publication quantity between high-income and
low/middle-income countries. Although most studies are original, further clinical trials
and reviews are needed to enhance the accessibility of Al tools in HNC for healthcare
professionals worldwide.

KEYWORDS

Artificial Intelligence; Machine Learning; Deep Learning; Head and Neck Cancer;
Bibliometrics Analysis.
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INTRODUCTION

Head and Neck Cancer (HNC) is a heterogeneous group of cancers
represented mainly by squamous cell carcinoma '2. It may affect the lip, oral cavity,
larynx, nasopharynx, oropharynx, hypopharynx, and salivary glands, being responsible
for approximately 930,000 new cases and more than 460,000 deaths each year
worldwide *#. Chronic exposure to alcohol and tobacco is the primary risk factor, while
radiation, immunodeficiency, betel nut chewing, and infections by Human
Papillomavirus (HPV) and Epstein-Barr virus are also considered etiological factors 5¥.
The reference standard for HNC diagnosis is tissue biopsy followed by
histopathological examination 7. Additionally, medical imaging modalities such as
Positron Emission Tomography (PET), Single-Photon Emission Computed
Tomography (SPECT), Magnetic Resonance Imaging (MRI), and Computed
Tomography (CT) can provide key information on tumor morphology and size 8.

Although advances have been made in therapy, treatment remains challenging,
typically involving radiotherapy and chemotherapy, which yield heterogeneous
responses and can result in undesired outcomes and toxicities °. High death rates
persist, with low improvement observed over the past decades '°. Half of newly
diagnosed individuals will survive five years after diagnosis, with significant disparities
among transitioning and transitioned countries 3'°. Moreover, the COVID-19 pandemic
has led to delays in diagnoses and treatment in recent years and the full impact of this

remains uncertain and will be gradually observed in the coming years .

Despite the negative impact of the scenario in recent years, there has been an
increased reliance on technology to accomplish tasks that have become impossible to
be executed by humans. Consequently, the advancement of research in the field of
Artificial Intelligence (Al) and its subsets such as machine learning, deep learning,
computer vision, and Convolutional Neural Networks has gained prominence across
various domains, including medical sciences, especially for models that may improve
clinical decision-making '2. For instance, recent advancements include the utilization
of Natural Language Processing (NLP) for differential diagnosis, self-triage, or self-

treatment in the form of clinical sign and symptom checkers 3.
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In the context of cancer, Al can be beneficial for achieving early diagnosis,
elucidating the impact of risk factors, identifying novel biomarkers or drug targets,
tumor staging, tailoring specific treatments, estimating survival rates, preventing
recurrence, and predicting risks and toxicities 121416 This requires a large-scale

cancer dataset to recognize patterns and structures within previously given information
16

Specifically, for HNC, a recent overview summarized Al and its subfields'
applications in five distinct fundamental areas: detection of precancerous and
cancerous lesions in histopathologic slides; prediction of the histopathologic nature of
a given lesion from imaging; prognostication; extraction of pathological findings from
imaging; and applications in radiation oncology. The status, quality of available
evidence, and challenges vary across these areas “.

An efficient approach to gathering information on the use of Al in HNC is through
Bibliometric Analysis (BA), a methodology developed to explore database sources and
synthesize a large quantity of available data. It enables high-impact research, as it can
identify trends, gaps, literature clusters, and guide future research by deriving novel
ideas for investigation and intended contributions 7. Moreover, in an era marked by
the exponential growth of scientific production, BA has become an essential tool for
grasping the dynamics of research areas 8.

Despite the rapid expansion of Al research in oncology, no systematic mapping
of global research trends in HNC has been conducted. Understanding publication
trends, dominant topics, and gaps in research can inform future Al developments and
clinical applications. To fill this gap, our study investigated bibliometric data and aimed
to answer the following question: What are the trends in the use of Al in HNC?

MATERIAL AND METHODS

The methodology of this BA was described based on preliminary guideline for
reporting bibliometric reviews of biomedical literature (BIBLIO) '°, and its registered
protocol is available on the Open Science Framework (OSF) platform (DOI:
10.17605/OSF.I0/45CKW).
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Search engines (data sources)

The Web of Science Core Collection (WoSCC) is a globally recognized
database encompassing over 21,000 high-quality journals and various knowledge
domains, routinely employed in BA for its reliability and consistent bibliographic
information. Therefore, we leveraged WoSCC to extract pertinent bibliometric data.

Search strategy and period

The following search strategy was adapted for the WoSCC search: Topic =
(“Head And Neck Squamous Cell Carcinomas” OR “Squamous Cell Carcinoma of the
Head and Neck” OR “Head and Neck Squamous Cell Carcinoma” OR “HNSCC” OR
“Squamous Cell Carcinoma of the Larynx” OR “Laryngeal Squamous Cell Carcinoma”
OR “Squamous Cell Carcinoma of Larynx” OR “Squamous Cell Carcinoma of the Nasal
Cavity” OR “Oral Tongue Squamous Cell Carcinoma” OR “Hypopharyngeal Squamous
Cell Carcinoma” OR “Oral Squamous Cell Carcinoma” OR “Oral Cavity Squamous Cell
Carcinoma” OR “Oral Squamous Cell Carcinomas” OR “Squamous Cell Carcinoma of
the Mouth” OR “Oropharyngeal Squamous Cell Carcinoma” OR “Head And Neck
Cancer” OR “Cancer of the Head and Neck” OR “Cancer of the Larynx” OR “Laryngeal
Cancer” OR “Cancer of Larynx” OR “Cancer of the Nasal Cavity” OR “Oral Tongue
Cancer” OR “Hypopharyngeal Cancer” OR “Oral Cancer” OR “Oral Cavity Cancer” OR
“Cancer of the Mouth” OR “Oropharyngeal Cancer’) AND (“Al” OR “Artificial
Intelligence” OR “Machine Learning” OR “Deep Learning” OR “Supervised Learning”
OR “Unsupervised Learning® OR “Computational Intelligence” OR “Machine
Intelligence” OR “Computer Reasoning” OR “Computer Vision Systems” OR
“‘Computer Vision System” OR “Knowledge Acquisition” OR “Knowledge
Representation” OR “Knowledge Representations”). We collected data on January 5™,
2024, and no time or language restriction was applied.

Eligibility criteria

Papers addressing any aspect of the use of Al in HNC met the eligibility criteria,
including reviews, editorials, proceedings, conference papers, book chapters, and
letters. Studies were excluded if they: 1) did not consider Al tools or protocols; 2)
assessed benign or potentially malignant disorders; and 3) assessed malignant lesions
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outside the head and neck region. It is important to note that if a study aimed to

evaluate potentially malignant disorders to prevent HNC, it was included for analysis.

Data refinement (data selection procedure)

After removing duplicates with EndNote Web (Thompson Reuters, Philadelphia,
PA), two independent authors selected the included papers. Initially, the two authors
reviewed titles and abstracts, selecting articles based on eligibility criteria using
Rayyan 2°. Subsequently, they cross-checked all the information found. In
disagreements, a third author was involved before reaching a final decision. Finally,
one author collected all the metadata from the selected articles directly from WoSCC.

Data synthesis

Analyses were conducted, including performance evaluations, where a general
view of the field is presented through an assessment of various scientific data. Co-
authorship was analyzed to uncover social interactions among authors and their
affiliations. Bibliographic coupling, which involves analyzing the citing publications
among included articles, was performed to identify the development of periodic
knowledge or trends. Co-citation analysis, focusing on cited publications and authors,
and retrospective knowledge and co-occurrence were also utilized to explore the most
important keywords periodically and their existing or future relationships 2.
Furthermore, data were collected from the 50 most cited articles in the field, including
details on the specialty of each article, the use of any EQUATOR (Enhancing the
Quality and Transparency of Health Research) reporting guidelines
(https://www.equator-network.org/reporting-guidelines/), the algorithms tested, the
primary application of the algorithms and the performance outcomes of these
algorithms.

The techniques for BA were reported and illustrated with the aid of the
bibliometric software VOSviewer 2?2 and the Bibliometrix/Biblioshiny package for
RStudio 22. From the data synthesis of the bibliometric software, some graphs were
generated using the Flourish data visualization tool (Flourish, URL:
https://flourish.studio).
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RESULTS

General information and temporal distribution

A total of 1,161 publications were identified in the WoSCC database. After data
refinement (removing duplicates and applying eligibility criteria), 1,019 papers from
1995 to 2024 published in 387 sources were finally included. Among them, 729 (71.6%)
are original research articles, 78 (7.6%) are reviews, and 212 (20.8%) take other forms,
including letters, proceedings papers, and editorials. A total of 4,823 authors were
identified with a mean of 8.28 co-authors per document, and almost 32% of
international co-authorship. In all the included documents, a total of 1,772 authors’
keywords and 24,885 references were found. Additionally, the number of publications
has been increasing at a rate of 1.41% annually. This growth is particularly notable
after 2016, with 962 articles out of the 1,019 (94.4%) published after this year. The
growth rate averaged 95.8% from 2016 until 2023. The last and most productive
complete year included when 267 (26.2%) documents were published. The main
information and annual scientific production are presented in Figure 1A and Figure 1B,

respectively.

Sources

The ten most relevant sources, based on the number of documents, are ranked
in Table I. In this BA, 387 sources published at least one paper. Among these, 13 were
classified as core sources, falling within Zone 1 of Bradford’'s Law and accounting for
34% of all publications (Supplementary Figure 1). Bibliographic coupling reveals that
some of these core sources frequently share common references and could be divided
into clusters, suggesting they usually cover similar content. For this analysis, a
minimum of five published documents were established. Of 387 terms, 40 met the
threshold. Cluster 1 includes Cancers, Scientific Reports, Head and Neck-Journal for
the Sciences and Specialties of the Head and Neck, Clinical Cancer Research, and
Computers in Biology and Medicine. Cluster 2 includes Medical Physics, Radiotherapy
and Oncology, Frontiers in Oncology, International Journal of Radiation Oncology
Biology Physics, and Physics in Medicine and Biology. Finally, cluster 3 includes Oral
Oncology and Diagnostics (Supplementary Figure 2).
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Figure 1. (A) General information of publications. Overview of the 1,019 publications included in the
study, categorized into original research articles, reviews, and other types (letters, proceedings papers,
editorials). (B) Annual scientific production. Annual number of publications from 1995 to 2024, showing
a notable increase after 2016, with 94.4% of the articles published post-2016 and 2023 as the most
productive year.

Authors and affiliations
In total, 4,823 authors were identified across all years, with an average of 8.28

authors per document. Table | ranks the most productive authors by the number of



35

papers. Almangush A, from the University of Helsinki, emerged as the most cited
author, with 124 citations, followed by Wang X (Hospital of Hainan Medical University)
with 118 citations, and Alabi R (University of Helsinki) with 114 citations
(Supplementary Figure 3). The most prominent collaborators were Fuller C (MD
Anderson Cancer Center, University of Texas), Mohamed A (MD Anderson Cancer
Center, University of Texas), and Suresh A (Mazumdar Shaw Medical Center), with
total link strengths of 227, 206, and 180 in co-authorship analysis, respectively.

Out of 1,505 affiliations, 51 published at least 20 articles. Among the ten most
productive institutions listed in Table I, it is noteworthy that all are from developed
countries, confirming the hegemony of the USA, which accounts for five of the top 10
positions in the affiliation's rank. In terms of collaboration, the University of Helsinki
(Finland), the German Cancer Research Center (Germany), and the Karolinska
Institute (Sweden) stand out, with total link strengths of 99, 76, and 75 in co-authorship
analysis, respectively. The University of Helsinki and the Karolinska Institute frequently
collaborate, and both are often associated with the University of Turku (Finland) and
the University of Vaasa (Finland). The German Cancer Research Center collaborates
strongly with the Dresden University of Technology, also from Germany. Another
notable collaboration is between Emory University (USA) and the Georgia Institute of
Technology (USA), with a link strength of 12 between them (Supplementary Figure 4).

Countries

The influence of countries’ production in the HNC and Al field, as well as their
collaborations, is illustrated in Figure 2A. Out of the 20 most productive countries, six
are emerging economies, including China and India, which hold the second and third
positions, respectively (Figure 2A). Approximately 32% of included documents have
more than one country co-authorship and the most frequent international partnerships
are USA/China (48), USA/Netherlands (25), USA/UK (21), USA/Canada (18),
USA/India (15), Finland/Sweden (13), USA/Finland (12), USA/Australia (11),
Italy/Netherlands (10), and Netherlands/Denmark (10) (Figure 2B).

Citations and publications
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The ten most cited documents, presented in Table Il, ranged from 2003 to 2019,
with six of them published after 2016, highlighting the notable growth of publications
initiated in this year. Only one of the top 10 most cited articles was not an original
research article; it was classified as a systematic review, assessing risk prediction
models 24, The most cited article proposed a deep learning tool for fast segmentation
of head and neck anatomy 2%, and another highly ranked study assessed Convolutional
Neural Network (CNN) in organ segmentation for radiotherapy 2¢. Radiomics
associated with machine learning was the topic in two of the ten articles 2728,
Additionally, the top 10 documents reported on dose prediction models and treatment
planning for radiotherapy 2°3°, survival prediction %2728 analysis of a prognostic

plasma biomarker ', and generation of a diagnostic RNA signature 32,

Recently, two studies on fusion-based radiomic reproducible features for
survival prediction have received significant attention, with both having the highest

citation rates since their publication 833,

Supplementary Table 1 provides details on specialty, guidelines followed,
algorithms used, and performance of 50 most cited articles. Of these, 24 investigated
Al applications in radiology. Pathology was also a frequent subject, featured in 19
studies. Genomics, oncology, and epidemiology were among the other topics covered.
Only five articles adhered to any EQUATOR guidelines, two of which were systematic
reviews that followed PRISMA (Preferred Reporting ltems for Systematic Reviews and
Meta-Analyses).

The data on algorithms used, their applications, and performance are highly
diverse, with a notable emphasis on deep learning models for segmentation, such as
U-Net variants, as well as traditional machine learning techniques, including Support
Vector Machines (SVM), decision trees, discriminant analysis, and Multiple Adaptive
Regression Splines (MARS). Overall, performance varied depending on the

methodology and dataset characteristics.
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Figure 2. (A) Countries collaboration map. The map shows the research output and impact of the top 20
countries in the fields of HNC and Al, highlighting contributions from emerging economies such as China
and India, which rank second and third, respectively. (B) Most productive countries. The graphic
illustrates the international research partnerships in HNC and Al. Around 32% of the publications result
from collaborations between countries, with frequent partnerships including USA/China,
USA/Netherlands, USA/UK, and others. Abbreviations: Single Country Publications (SCP); Multiple

Country Publications (MCP).

There were overlaps among the Al applications included in the 50 most cited

studies, particularly in tumor diagnosis and organ segmentation. For the differentiation
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between healthy and tumorous tissue, 5 out of 10 studies employed CNNs, highlighting
a preference for computer vision techniques in this diagnostic task. In contrast, for
metastasis assessment, there was no overlap, as different algorithms were used
across studies. Regarding the segmentation of organs at risk, 3 out of 4 studies
consistently utilized U-Net architectures, indicating a common approach for this
application. For treatment outcome prediction, 2 out of 4 studies relied on SVMs,
demonstrating a frequent choice of algorithm in this context.

The ranking of studies by performance in diagnosis and metastasis prediction
among the 50 most cited studies is presented by Supplementary Table 2. Accuracy
was chosen as the ranking criterion since it was the most frequently reported
performance measure. SVM, CNN, and ensemble learning approaches achieved high
accuracy across multiple applications. The highest accuracy for cancer diagnosis was

96% *, while 93.5% was achieved for metastasis prediction 3.

Across different applications, the highest accuracy (98%) was achieved using
an artificial neural network (ANN) for distinguishing pulmonary metastases from
primary lung cancers 3. Other top-performing models include a custom CNN for multi-
class grading of OSCC (97.5%) 3" and MobileNet CNN for quantifying tumor-infiltrating
lymphocytes (96.31%) 8. SVM, CNN, and ensemble learning approaches
demonstrated high accuracy across multiple applications. Overall, CNN-based models,
including ResNet34, AlexNet, and MobileNet, showed strong predictive capabilities,
with several studies reporting accuracies exceeding 90% (Supplementary Table 3).

Co-cited references

Co-citation analysis identifies studies that are frequently cited together in the
reference lists of the included documents, suggesting a potential relationship between
these studies. Out of 24,285 references, 25 were cited at least 35 times. The most
frequently cited reference is a global cancer statistics study from 2011, with 86 citations
across the included articles 3°. The second most cited reference pertains to
convolutional networks for biomedical image segmentation, with 72 citations 4°. Lastly,
ranking third among the most cited references is a study utilizing a radiomics approach
to quantify tumor image intensity, shape, and texture in CT scans, which garnered 70



39

citations 4'. Data on the top cited references and network visualization of co-citation

analysis are presented in Supplementary Figure 5.

Keyword analysis and trend topics

For co-occurrence analysis of the author's keywords, a minimum of ten
occurrences were established. Out of 1,772 terms, 46 met the threshold. General
terms for this topic, such as "machine learning”, "deep learning”, "artificial intelligence”,
"head and neck cancer”, and "oral cancer”, are among the most frequent (Figure 3A).
Additionally, some more specific terms like "radiomics", "radiotherapy”, and

"convolutional neural network" are included in this list.

The author’s keywords were also clustered in a thematic network, as shown in
Figure 3B. The green cluster shows frequent terms related to radiomics and its
applications in the context of HNC. Terms related to radiotherapy, image
segmentation, organs at risk, CT, MRI, and PET are included in this cluster. The blue
cluster exhibits terms related to the use of machine learning in HNC. It includes
prognosis, diagnosis, prediction, early detection, biomarker, and screening. The red
cluster encompasses specific terms of Al, such as deep learning and CNN.

Trending topics are illustrated in Figure 4A. In 2023, the last complete year
analyzed, terms such as "diagnosis", "overall survival", and "histopathology" were
particularly prominent, with 21, 10, and 10 mentions, respectively. Figure 4B shows
the evolution of common keywords used by authors. The first column encompasses
terms from 1995 to 2015, the period before the notable growth in the number of
publications. The second column covers the period from 2016 to 2019, the years
preceding the COVID-19 pandemic. The last column provides information from the

pandemic period until the present.
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Figure 3. (A) Author’s keyword analysis. The graphic displays the most frequently used keywords among
the 46 terms that met the threshold of ten occurrences. Common terms include “machine learning,”
“deep learning,” “artificial intelligence,” “head and neck cancer,” and “oral cancer,” along with more
specific terms like “radiomics,” “radiotherapy,” and “convolutional neural network”. (B) Co-occurrence of
author keywords. The figure illustrates the clustering of keywords into thematic groups. The green
cluster represents terms related to radiomics and its applications in HNC, including radiotherapy and
imaging techniques. The blue cluster focuses on machine learning applications in HNC, encompassing
terms like prognosis and diagnosis. The red cluster includes Al-specific terms such as deep learning
and CNN. Abbreviations: Artificial Intelligence (Al); Convolutional Neural Network (CNN); Head and
Neck Cancer (HNC); Head and Neck Squamous Cell Cancer (HNSCC); Oral Squamous Cell Cancer
(OSCC).
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DISCUSSION

This review maps the research landscape of Al in HNC through bibliometric
analysis, spanning articles from 1995 to 2024. The results cover 29 years, revealing a
recent exponential growth in interest in this topic. The significant increase, particularly
starting from 2016, when the annual growth rate reached 94.4%, is not exclusive to
HNC. In recent years, there has been a notable utilization of Al across the healthcare
domain. A BA examining Al in healthcare revealed a significant increase in publications
post-2014, closely aligning with the trends observed in this study #2. This recent interest
and growth, along with the increasing development of innovative technologies for Al
tools, may explain why many publications are original research articles, with only 7.6%

being review articles.

Despite the recent growth in interest and research in Al, especially for health-
related applications, the concept of Al is not new. The term was first used during a
summer project held by Dartmouth College (USA) in 1956. At that time, an attempt
was made to explore how machines could use language, form abstractions and
concepts, solve problems typically reserved for humans, and improve themselves 3.
Over the past 70 years, Al has not always lived up to its expectations, experiencing
periods referred to as 'Al winters'. However, Al technology has become increasingly
convincing, with its impact being felt across various fields and disciplines, including
society, economics, healthcare, and politics 4. One reason for the recent
improvements in Al is the advancement in computational power, particularly with the
development of Graphics Processing Unit (GPU) and Tensor Processing Unit (TPU),

which allow for faster processing of complex algorithms.

Additionally, the availability of large datasets has enabled more effective training
of Al models. Advances in machine learning techniques, such as deep learning, have
also played a crucial role in enhancing Al capabilities. In HNC research, the first article
identified in this BA was published in 1995. It evaluated the ability of a neural network
to predict the likelihood of an individual having a malignant or potentially malignant oral
lesion based on their risk habits. Even at that early stage, the study concluded that
neural networks could be useful for screening at-risk patients 45. This BA provides
quantitative insights into scientific data from the WoSCC database. The metadata was
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thoroughly analyzed, revealing key sources, research institutions, and countries based

on the detailed results in section 3.
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Figure 4. (A) lllustration of the most important keywords over the years. In 2023, the most used terms
were "diagnosis" (21 occurrences), "overall survival" (10 occurrences) and "histopathology" (10
occurrences). (B) Temporal trends in common keywords. Demonstration of the progression of keywords
used by authors in 3 distinct periods: 1995-2015 (before significant growth in publications), 2016-2019
(pre-COVID-19 era), and 2020-present (pandemic and current period). The figure highlights the changes
in focus over time.
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Thirteen sources contribute to one-third of all publications. Eight of them are
dedicated to radiotherapy, oncology, or head and neck cancer, while the remaining
encompass broader scientific or medical topics and computer research. Among these
sources, three have an impact factor (IF) of 5 or higher, with the International Journal
of Radiation Oncology Biology Physics having the highest IF. This concentration of
high-impact publications in specialized journals highlights the significant focus and
advancements in Al research within oncology and head and neck cancer.

The findings revealed a worldwide interest in this topic. However, a disparity
between low-and-middle-income and high-income nations can be observed. All
institutions ranked by the number of documents are from high-income countries, and
their main collaboration patterns do not involve low-and-middle-income ones, despite
China and India being listed among the top three producing countries. Among the 20
most productive countries, only six are low-and-middle-income economies, while 14
are high-income economies. It is important to emphasize that the general occurrence
of HNC is on the rise in both, with an anticipated annual increase of 30% by 2030 “6.
Therefore, high-income countries, being at the forefront of research in this field, are
more likely to develop and implement more effective strategies for HNC management.
This research advantage may further reinforce existing disparities.

Disparities in Al research output between high- and low-income countries
highlight the need for targeted resource allocation. High-income countries, leading in
Al-driven HNC research, are more likely to develop and integrate advanced
technologies into clinical practice, further widening the gap in healthcare accessibility.
To mitigate these disparities, funding agencies and policymakers should improve the
allocation of resources in underrepresented regions. Moreover, promoting
collaboration in research between institutions in high- and low-resource settings can
facilitate knowledge transfer, enhance access to high-quality datasets, and support the
development of Al applications adapted to different healthcare settings. Addressing
these gaps, Al has the potential to improve HNC diagnosis, treatment planning, and
prognostic modeling globally. Moreover, it was observed that the United States leads
in publications within this domain, likely due to its status as a technology development
hub and its high incidence of HNC cases. Despite the high incidence, the mortality rate
associated with this pathology remains comparatively low and continued to decline
through 2021 (IARC/WHO, 2024). Several factors contributing to this decrease include
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advancements in the timely identification of certain cancers and enhancements in
treatment choices for both the adjuvant and metastatic stages ''. The significant
amount of research involving Al has the potential to contribute to the early detection
and improved treatment of the disease. This reinforces the notion that advancements
in this research field, including the development of prediction models for HNC, may be
crucial for achieving lower incidence and death rates, and for predicting the occurrence
of the disease. Therefore, there is a pressing need for the clinical application of Al tools
based on these research advancements to fully realize their benefits in healthcare.

Both top-cited articles and keyword analysis revealed radiomics as a recurrent
theme among articles. Radiomics emerged following the digitalization of radiology in
the late 20th century and comprises algorithms that decompose input images into basic
features used to classify or interpret the image, such as edges, gradients, shape, signal
intensity, wavelength, and textures 4’. Radiomics can be applied to various imaging
modalities, including PET, SPECT, MRI, and CT. The radiomic workflow begins with
processing medical images in two, three, or four dimensions, containing quantitative
data captured across various scales and machine variations. A region of interest (ROI)
is defined to extract information, and features are extracted from this ROI. Various
methods, including manual and automated segmentation, as well as deep learning

architectures, can be employed 48,

In this BA, as expected, the term "radiomics" was often associated with imaging
exam terms, radiotherapy, and organ segmentation among the studies, and the most
cited articles primarily assessed prognosis and risk prediction. Our results are
consistent with another BA published recently, which evaluated oropharyngeal cancer
and HPV+. They reported quantitative imaging analysis as an emerging field in
oncologic diseases, especially for diagnostic and prognostic purposes “°. A recent
systematic review revealed that Al-based radiomics in head and neck oncology
encompasses both cancer diagnostics and prognosis. Radiomics-based diagnostics
involve tumor staging, tumor grading, HPV status determination, and differentiating
between malignant and benign tumors. Meanwhile, radiomics-based prognosis
includes predicting metastasis, local and distant failures, treatment response,
recurrence, and patient survival. In summary, radiomics enables the extraction of
higher-level data that are currently under-utilized in routine clinical practice. Future
studies may develop models that combine radiomics features with clinical data or other
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omics approaches, including genomics, proteomics, or pathomics to advance

personalized and precision oncology 2.

Assessing the 50 most cited publications, the analysis of specialties revealed
that radiology was the predominant field, underscoring the critical role of medical
imaging in this domain. In terms of methodological rigor, the reporting of EQUATOR
guidelines was inconsistent. While few studies explicitly adhered to established
guidelines, a significant number did not specify compliance, highlighting a gap in
standardization in Al research. A diverse array of Al algorithms was employed across
the studies. Deep learning models, particularly U-Net variants, were frequently used
for image segmentation, demonstrating their potential to automate diagnostic
workflows. These models consistently outperformed traditional techniques in
segmentation accuracy and efficiency, reinforcing their suitability for medical image
analysis. Traditional machine learning techniques, including SVM, decision trees,
discriminant analysis, and MARS, were also widely utilized, showcasing their versatility
in predictive modeling. Ensemble learning approaches, such as bagging, boosting, and
random forests, further contributed to classification and prognostic tasks by integrating
multiple models to enhance predictive performance. They demonstrated robustness
across diverse datasets, although with heterogeneous outcomes influenced by
algorithmic parameters and data variability.

Trending topics analysis has highlighted "diagnosis" and "histopathology" as
prominent themes in recent evidence. In this context, a study developed a custom-
made deep learning model to assist pathologists in detecting Oral Squamous Cell
Carcinoma (OSCC) from histopathology images. The model, utilizing seven layers of
convolutional operations, aimed to identify OSCC or control images among more than
2,000 images in the testing and training sets. The authors concluded that their deep
learning model effectively diagnosed OSCC, improved diagnostic speed and accuracy,
and reduced the workload of pathologists 7. Another study evaluated deep learning in
smartphone-based images of oral lesions for automatic detection of oral cancer. They
proposed an approach for collecting centered-rule oral cavity images and created five
categories of diseases. Their findings suggested it as a potential tool for early diagnosis
and a great method to improve deep learning algorithm performance for cancer
detection %°. Moreover, a systematic review summarized the perspectives of Al for
HNC diagnosis, supporting the potential applications of supervised machine learning
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methods as aids in detecting and grading malignant lesions in the head and neck
region. Despite the positive outlook in this area, the review noted limited evidence and
a high risk of bias within the studies included for analysis . Thus, the use of Al for
diagnosis and histopathology analysis in HNC appears to be a promising and evolving
field with areas yet to be explored.

Another notable focus among top-cited articles, co-cited references, and
keyword analyses involves strategies for radiotherapy planning. Some of the most
cited studies describe strategies employing convolutional deep learning frameworks
for automatically delineating organs at risk from CT images. Additionally, they discuss
3D dose prediction and distribution algorithms based on patient-specific geometry and
prescription dose. These advancements enable rapid and precise treatment planning
for intensity-modulated radiation therapy (IMRT), which typically requires manual
contouring of structures and a prominent level of expertise to produce personalized
high-quality plans. Ongoing efforts aim to optimize these tools and address challenges

such as inter-patient anatomical variation and low CT soft tissue contrast 2526.29.30,

Among the top-cited articles in 2023, the primary focus was survival prediction.
Various machine learning algorithms, including SVM, logistic regression, ANN,
decision tree, and random forest, have been utilized in disease risk prediction models
using unstructured data %'. Furthermore, prediction models for oncologic outcomes,
treatment toxicity, and pathological findings have already been developed °2. Despite
the benefits of health prediction, several challenges remain for their routine
implementation. These challenges include inadequate technological infrastructure,
limited access to diverse and well-annotated datasets, data standardization issues,
interpretation of results by healthcare professionals, and regulatory barriers for Al
usage. The absence of standardized policies for Al deployment in healthcare
exacerbates these difficulties, making integration into clinical practice challenging 3.

Some Al-driven systems have been clinically tested to enhance diagnosis and
treatment of HNC. In radiotherapy, Al-supported applications have demonstrated
efficiency in organ-at-risk segmentation and dose optimization, potentially improving
patients' quality of life and optimizing treatment workflows 545, In diagnostic tasks, Al
has shown significant potential in analyzing medical images, including radiological and
histological exams, often surpassing human radiologists in accuracy. Additionally, Al-
driven systems have been employed to automate histopathological analysis, aiding in
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tumor grading and segmentation 5. These advancements illustrate Al's practical
transition from research to clinical application, enhancing segmentation accuracy,
survival prediction, and early detection. However, further development is required to
ensure these systems achieve the necessary robustness and generalizability for
effective implementation across diverse HNC patient populations.

Our study stands out for its methodological rigor. Although not usually required
for BA, it was registered on the OSF platform to ensure its integrity and reproducibility.
This allowed for a critical assessment of its protocol and research planning before
execution, thereby reducing potential biases. Additionally, the material and methods
section of this article (section 2) was described following a recent and preliminary
guideline for BA reporting '°, ensuring clear eligibility criteria (section 2.3) and
meticulous data refinement (section 2.4), with authors assessing the studies blinded

and cross-checking afterward.

Furthermore, an investigation of recently published health and medicine-related
bibliometric studies reported some information that is often missing in some BAs. They
revealed that data related to title clarity, description of database characteristics, date
of search, eligibility criteria, and description of the collection process are frequently
omitted from reports *’. In this study, we provide all this information.

This study also has limitations that need to be considered. Firstly, BA is a
secondary study involving a vast amount of data, some of which may be missing or
inadequately described. In this study, an average of 6.2% of the data was unavailable,
mainly concerning DOls, abstracts, and keywords. Secondly, the dataset is obtained
from WoSCC, although it is one of the most accessed databases worldwide, some
important articles may only be available in other databases, potentially limiting the
representativeness of the results. Finally, the assessment of citation metrics is time-
dependent, meaning that recent articles are less cited than earlier ones. These
limitations can impact the overall results but are unlikely to change the trends
presented.
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CONCLUSION

The study identified an increase in the use of Al in HNC research since 2016
and indicated a notable disparity in publication quantity between low- and middle-
income and high-income countries. Future efforts should focus on fostering
international collaborations, standardizing methodologies, and expanding access to
Al-driven tools to ensure equitable advancements in HNC research and care. Current
research hotspots predominantly encompass radiomics, diagnosis, radiotherapy,
image segmentation, and survival prediction, emphasizing radiology as the most
explored specialty. Despite the promising advancements, the clinical adoption of Al-
based systems for managing HNC patients encounters numerous obstacles, such as
concerns over data security and the need for regulatory clearance. To complete,
although most studies are original, further clinical trials and reviews are needed to
enhance the accessibility of Al tools in HNC for healthcare professionals worldwide.
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TABLES

Table | — Top 10 countries, affiliations, sources, and authors by number of documents.

Rank Country ND Affiliation ND Source ND Author ND TC
1 USA 352 Helmholtz Association (Germany) 131 Medical Physics (IF: 3.8) 54 Wang, Y 28 73
2 China 188 Univ Texas System (USA) 114 Cancers (IF: 5.2) 46 Fuller, C 27 88
3 India 112 Emory University (USA) 90 Radiotherapy and Oncology (IF: 36 Mohamed, A 25 73
5.7)
4 England 77 German Cancer Research Center 82 Frontiers in Oncology (IF: 4.7) 32 Wang, X 24 118
(Germany)
5 Netherlands 70 University of Texas Southwestern 67 International Journal of 30 Wang, J 20 56
Medical Center Dallas (USA) Radiation Oncology Biology
Physics (IF: 7.0)
6 Germany 67 University of Toronto (Canada) 67 Scientific Reports (IF: 4.6) 28 Li, J 19 32
7 Canada 65 Dresden University of Technology 63 Oral Oncology (IF: 4.8) 24 Li, Y 17 32
(Germany)
8 Italy 55 University of Helsinki (Finland) 59 Head and Neck-Journal for the 20 Liu, Y 17 76

Sciences and Specialties of the
Head and Neck (IF: 2.9)

9 Japan 46 Harvard University (USA) 58 Physics in Medicine and Biology 19 Wang, H 17 61
(IF: 3.5)
10 South Korea 44 UTMD Anderson Cancer Center 57 Diagnostics (IF: 3.6) 17 Fei, B 16 85
(USA)

IF: Impact Factor; ND: Number of Documents; TC: Total Citations.
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Table Il — The 10 most cited documents.
Nationality of the Study

corresponding type TC
Rank Author, Year Title Source author TC per year

AnatomyNet: Deep learning for fast and fully
1 Zhu et al., 2018 automated whole-volume segmentation of head Medical Physics (IF: 3.8) USA Article 309 51.50
and neck anatomy

2 Parmar et al., Radiomic Machine-Learning Classifiers for Frontiers in Oncology USA Article 260 26.00
2015 Prognostic Biomarkers of Head and Neck Cancer (IF: 4.7)
3 Fanetal., 2019 Automatic treatment planning based on three- Medical Physics (IF: 3.8) China Article 204 34.00

dimensional dose distribution predicted from deep
learning technique

4 Gerds et al., The Performance of Risk Prediction Models Biometrical Journal (IF: Denmark Review 197 11.59
2008 1.7)
5 Nguyen et al., 3D radiotherapy dose prediction on head and neck Physics in Medicine and USA Article 178 29.67
2019 cancer patients with a hierarchically densely Biology (IF:3.5)
connected U-net deep learning architecture
6 Le et al., 2003 Identification of osteopontin as a prognostic Clinical Cancer Research USA Article 178 8.09
plasma marker for head and neck squamous cell (IF: 11.5)
carcinomas
7 Kim et al., 2019 Deep learning-based survival prediction of oral Scientific Reports (IF: 4.6) South Korea Article 172 28.67
cancer patients
8 Tong et al., Fully automatic multi-organ segmentation for head Medical Physics (IF: 3.8) USA Article 151 21.57
2018 and neck cancer radiotherapy using shape

representation model constrained fully
convolutional neural networks

9 Lajer et al., Different miRNA signatures of oral and pharyngeal British Journal of Cancer Denmark Article 149 10.64
2011 squamous cell carcinomas: a prospective (IF: 8.8)
translational study
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10 Leger et al., A comparative study of machine learning methods Scientific Reports (IF: 4.6) Germany Article 148 18.50
2017 for time-to-event survival data for radiomics risk
modelling

IF: Impact Factor; TC: Total Citations.
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Core Sources by Bradford's Law
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Supplementary Table 1 — The 50 most cited studies.

62

EQUATOR Algorithm
Rank Author/Year/Country Specialty Guidelines Algorithm Application Performance
1 Zhu et al., 2018 Radiology - AnatomyNet Automatic The model can improve segmentation
segmentation of accuracy _and_ si.mplify the auto
USA segmentation pipeline
organs-at-risk
2 Parmar et al., 2015 Radiology - BAG, BY, BST, DT, DA, GLM, Prediction of overall Three feature selection methods
USA MARS, NN, Nnet, PLSR, RF, survival minimum  redundancy maximum
SVM relevance (AUC =0.69,
Stability =0.66), mutual information
feature selection (AUC =0.66,
Stability=0.69), and conditional
infomax feature extraction
(AUC =0.68, Stability =0.7) had high
prognostic performance and stability.
The three classifiers BY (AUC =0.67,
RSD=11.28), RF (AUC=0.61,
RSD=7.36), and NN (AUC=0.62,
RSD=10.52) also showed high
prognostic performance and stability
3 Fan et al., 2019 Radiology - Residual Network (deep Prediction of dose Agreement between predictive plans
China learning model) distribution in and clinical plans, measured using
radiotherapy clinical dose indices (D95%, Dmean,

Dmax) and dose-volume histograms.



Gerds et al., 2008

Germany

Nguyen et al., 2019

USA

Le et al., 2003

USA

Statistics

Oncology

Pathology

LRM, CART, RF

HD U-net (deep learning-
based, which combines the
U-net and DenseNet

architectures)

LDA

Risk prediction
models for medical
decision-making

and patient

information

Prediction of dose

distribution in
radiotherapy

Identification of
gene profiles
associated with

tumor hypoxia and

prognosis

63

Absolute differences between the
predictive and manually optimized
plans were insignificant for most

clinical indices

ROC AUC: RF 99.76%, LRM(4)
95.43%. Brier Score: RF 3.00, LRM(4)
8.28. Bootstrap Cross-Validation: RF
AUC 91.68%, Brier Score 11.02,
indicating optimistic apparent

performance

The proposed model achieved an
average error of 6.3% for the
maximum dose to organs at risk, an
average error of 5.1% for the mean
dose to organs at risk, 12 times fewer
trainable  parameters than the
standard  U-net model, dose
prediction 4 times faster than the

DenseNet model

LDA model Accuracy: 81.6%
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Kim et al., 2019

South Korea

Tong et al., 2018

USA

Lajer et al., 2011

Denmark

Leger et al., 2017

Germany

Oncology

Radiology

Pathology

Radiology

DeepSurv (deep learning-
based model, RSF, CPH

FCNN (based on the U-Net
architecture), SRM

SVM

The Cox model, the NET-
Cox method with LASSO and
elastic-net regularization;
models based on BT: BT-
Cox, BT-Cindex; BGLM:

Prediction of overall

survival

Automatic
segmentation of

organs-at-risk

Generation a
diagnostic
microRNA
signature for OSCC
and pharyngeal
squamous cell

carcinoma

Prediction of loco-
regional tumor
control and overall

survival

64
DeepSurv: Best performance with a
C-index of 0.810 (training) and 0.781
(testing); RSF: C-index of 0.770
(training) and 0.764 (testing); CPH: C-
index of 0.756 (training) and 0.694
(testing)

Dice Similarity Coefficient: Brainstem
(86.97%), Mandible (93.60%), Left
Parotid (83.87%), among others.
Positive  Predictive Value and
Sensitivity:  Varied results  but
generally superior to FCNN without
SRM

Accuracy Rate: 93% in external
validation; Sensitivity: 100%;
Specificity: 86%

Local-Regional Tumor  Control:
MSR-RF with Spearman feature
selection (C-index: 0.71; 95% CI:
[0.62-0.83));

BT-Cindex (C-index: 0.71) and BT-
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12

13

Almangush et al., 2020 Pathology

Finland

Jeyaraj and Samuel
Nadar, 2019

India

Aubreville et al., 2017

Germany

Radiology

Pathology/Radiolo
qy

BGLM-Cox, BGLM-Cindex;
RF: RSF, MSR-RF; SR and
models based on the Weibull
distribution: BT- and BGLM-
Weibull

The article is a narrative
review, discussing the
application of machine learning
and deep learning, but it does

not test any algorithms

Regression-based deep CNN

CNN: PPF and TF

Oral cancer
detection
OSCC detection

65
Weibull  (C-index:  0.70); OS:
BGLM-CIindex and BGLM-Weibull,
both with a C-index of 0.64

For the classification between
malignant and benign  tumors,
accuracy: 91.4%, specificity: 94%,
sensitivity: 91%; for the classification
between malignant tumors and
normal tissues: accuracy: 94.5%,

specificity: 98%, sensitivity: 94%

PPF  (CNN/ppf@0.5x):  accuracy:
88.3%, sensitivity: 86.6%, specificity:
90.0%, AUC: 0.955; PPF
(CNN/ppf@1.0x): accuracy: 88.3%,
sensitivity: 86.6%, specificity: 90.0%,
area Under the Curve (AUC): 0.96; TF
(CNN/TF@0.55x%):

accuracy: 87.02%, sensitivity:
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15

16

17

Halicek et al., 2017

USA

Diamant et al., 2019

Canada

Carnielli et al., 2018

Brazil

Da-ano et al., 2020

France

Pathology/Radiolo
qy

Radiology

Pathology

Radiology

CNN: TensorFlow

CNN

Not specified

Modified versions of
ComBat: M-ComBat,

the
B-

Application of deep
learning for
automatic  tissue
labeling in surgical
specimens  using
hyperspectral
imaging

Prediction of

treatment outcomes

Identification of
peptide signatures
in saliva predicting
lymph node

metastasis

Harmonization  of

radiomic  features

66
90.71%, specificity: 83.80%, AUC:
0.948

Sensitivity 81%, specificity 78%,

accuracy 80%

When compared to a traditional
radiomic framework: AUC of 0.88 in
predicting distant metastasis. When
combining the previous model: AUC
of 0.92

Saliva-based prognostic signatures
were evaluated to distinguish OSCC
patients with (N+) and without (NO)
lymph node metastasis. Best-
performing peptide-level signature
(S2): Accuracy: 82.8%, AUC: 82.8%.
Best protein-level signature (S4):

AUC: 73.9%

For locally advanced cervical cancer:
RF with BM-ComBat achieved 89%
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19

20

Kann et al., 2018

USA

Shaban et al., 2019

United Kingdom

Zhang et al., 2019

China

Radiology

Pathology

Pathology

ComBat, BM-ComBat.

Multivariate Regression with

LASSO, RF, SVM

DLNN; Architecture variations
tested: BoxNet, SmallNet,

DualNet

CNN: ResNet50, DenseNet,

Inception-v3, Xception,
MobileNet

CNN: ResNet34

and

across multicenter
datasets to improve
the predictive power
of clinical outcome

models

Identification of
nodal metastasis

and tumor
extranodal
extension

Objective
quantification of
tumor infiltrating
lymphocytes
Automated
diagnosis of
laryngeal

squamous cell

carcinoma

67
balanced accuracy and MCC of 0.89;

for locally advanced laryngeal cancer:
RF with BM-ComBat reached 86%
balanced accuracy and MCC of 0.59

Extranodal Extension  Detection:
AUC: 0.91 (95% CI: 0.85-0.97),
accuracy: 85.7%, sensitivity: 88%,
specificity: 85%, PPV: 66%, NPV:
95%; Nodal Metastasis Detection:
AUC: 0.91 (95% CI: 0.86-0.96),
accuracy: 85.5%, sensitivity: 84%,
specificity: 87%, PPV: 88%, NPV:
82%

Tissue Classification (TRC-5,
MobileNet):  accuracy:  96.31%,
sensitivity: 92.66%, specificity:
97.55%, F1-Score: 92.62%, AUC:
98.91%

100%  accuracy, AUC: 0.95,
Validation accuracy: 95.9% (5-fold
cross-validation), Cohen's kappa >
0.90
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22

23

24

25

Cardenas et al., 2018

USA

Winck et al., 2015

Brazil

Luo et al., 2020

USA

Ariji et al., 2019

Japan

Gabrys et al., 2018

Germany

Radiology

Pathology

Immunology

Radiology

Radiology

Deep Auto-Encoders (A deep

learning model)

SVM

FARDEEP

CNN: AlexNet

LRM (L1, L2, and Elastic Net
penalties), SVM, kNN, ET,
GTB

Automated
delineation of
clinical target
volumes

Proteomics-based

classification of
0OSCC using
salivary proteome

analysis

Profiling HPV16 E7-
induced immune
evasion
mechanisms via
STING pathway

Diagnosis of lymph

node metastasis

Xerostomia risk

assessment

68

DSC: Median DSC of 0.81 (range:
0.62—-0.90) compared with physician-
delineated volumes. MSD: Median

value of 2.8 mm (range: 1.6-5.5 mm)

Precision: 92.5%, recall (Sensitivity):
90%, AUC: 92.9%, Kappa Value: 0.78

FARDEEP proved robust against
outliers in RNA-Seq datasets and
enabled the quantification of various
immune cell types in the tumor

microenvironment

Accuracy: 78.2%, sensitivity: 75.4%,
specificity: 81.0%, PPV: 79.9%, NPV:
77.1%, AUC: 0.80

Generalization AUCs:

Early xerostomia (0-6 months): best
performance by kNN (AUC: 0.65); late
xerostomia: best performance by GTB
(AUC: 0.65) long-term xerostomia:
best performance by ET (AUC: 0.88).
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27

28

Chakravarthy et al., Pathology
2016

United Kingdom

Chang et al., 2013 Pathology

Malaysia

Zlotogorski-Hurvitz et Pathology
al., 2019

Israel

k-NN and RF

ANFIS, ANN, SVM and LRM

PCA-LDA and SVM

Prediction of HPV in
HNC

Prediction of oral

cancer prognosis

To determine the
Fourier-transform
infrared spectra of
salivary exosomes
from oral cancer
patients and healthy
individuals and to
assess its
diagnostic potential
using
computational-

aided models

69

Longitudinal models: best
performance by GTB (AUC: 0.63)

Gene Expression Classifiers: REF:
Kappa value = 0.96; k-NN: Kappa
value = 0.94. Methylation Classifiers:
RF: Kappa value = 0.92, k-NN: Kappa
value = 0.93

Best Model: ReliefF-GA-ANFIS using
3 input features: Drink, Invasion, and
p63 (accuracy: 93.81%, AUC: 0.90).
Second best: ReliefF-GA-ANN model
(84.62% accuracy, AUC: 0.83)

PCA-LDA: 100% sensitivity, 89%
specificity, 95% accuracy; SVM:
100% training accuracy, 89% cross-

validation accuracy
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30

31

32

Feietal., 2017 Surgical Oncology
USA

Ziober et al., 2006 Pathology

USA

D’Souza et al., 2010 Epidemiology

USA

Song et al., 2020 Pathology

China

REMARK

ELDA

SVM

DT and SVM

LASSO

Cancer diagnosis

Cancer diagnosis

Prediction of HPV in
HNC

Real-time diagnosis
of OSCC using
saliva

metabolomics and

conductive polymer

70
Oral Cavity Tissue: 90% + 8%

accuracy, 89% + 9% sensitivity, 91%
+ 6% specificity; Thyroid Tissue: 94%
+ 6% accuracy, 94% + 6% sensitivity,
95% * 6% specificity

Cross-validation accuracy: 96% using
the 25-gene predictor set;
Independent validation sets: Penn
dataset: 87% accuracy; RO dataset:
86% accuracy; GSE1722 dataset:
89% accuracy. The predictor
demonstrated 100% specificity only to

oral tumors

For demographic data only: PPV:
75%, NPV: 68%; for all HNSCC, PPV:
79-83%, NPV: 74-85%. For
oropharyngeal cancer, PPV: 59-
60%., NPV: 71-77%

Training set: 95.3% accuracy.
Validation set (external): 86.7%
accuracy. AUC for classifications:
OSCC vs. premalignant lesions:
0.917; OSCC vs. healthy controls:
0.992



33 Kann et al., 2019

USA

34 Vrtovec et al., 2020

Slovenia

35 Lu et al., 2017

USA

Radiology

Radiology

Radiology

TRIPOD

3D CNN: DualNet

U-Net, DeepMedic

and

variants for 3D CNN-based

segmentation

ELDA, SVM and RF

spray ionization

mass spectrometry.

Identification of
extranodal
extension on
pretreatment
imaging for HNC
Identification of

target volumes and
organs at risk in
head and neck
radiotherapy

Cancer diagnosis

71

For the Mount Sinai Validation
Dataset, AUC of 0.84, accuracy of
83.1%, sensitivity of 71%, and
specificity of 85%. For The Cancer
Genome Atlas Validation Dataset,
AUC of 0.90, accuracy of 88.6%,
sensitivity of 82%, and specificity of
91%

The review highlights various deep
learning architectures applied to

organ-at-risk auto-segmentation

Hyperspectral Imaging for
distinguishing tumor vs. normal
tissue: for oral cavity, accuracy: 89%,
sensitivity:  90%, specificity: 90%,
AUC: 0.95; for larynx and pharynx,
accuracy: 94%, sensitivity: 95%,
specificity:  90%, AUC: 0.97; for
thyroid, accuracy: 92%, sensitivity:
92%, specificity: 94%, AUC: 0.96
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Giraud et al., 2019
France
Onken et al., 2014

USA

Bur et al., 2019

USA

Kosmin et al., 2019

United Kingdom

Welikala et al., 2020

United Kingdom

Radiology

Genomics

Pathology

Radiology

Radiology

PRISMA

- NGS,

Weighted

SVM, RF, ANN and LRM

Classifier, GSEA, SVM

Voting

- Decision Forest, GBM, Kernel
SVM and LRM

- AnatomyNet and CNN

- ResNet-101
CNN

and Faster

R-

Prediction of

treatment outcomes

Identification of
metastasis-
associated
signatures in oral
squamous cell

carcinoma

Prediction of occult

nodal metastasis

Automatic
segmentation of

organs-at-risk

Automated

detection and
classification of oral
lesions for the early
detection of oral

cancer
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SVM-Based Clinical Assay: 93.5%

accuracy

AUC = 0.840,
Sensitivity = 91.7%, Specificity =
57.6%; GBM: AUC = 0.798; Kernel
SVM: AUC = 0.776. Tumor DOI
Model: AUC = 0.657, Sensitivity =
75%, Specificity = 45.8%

Decision Forest:

The study reviews the transition from
atlas-based auto-segmentation to

deep learning-based models

Image classification achieved an F1
score of 87.07% for identification of
images that contained lesions and
78.30% for the identification of images
that required referral. Object detection

achieved an F1 score of 41.18% for



41 (Lietal., 2019)

China

42 Jurmeister et al., 2019

Germany

43 Babier et al., 2020

Canada

Oncology

Pathology

Radiology

Poisson LASSO Regression

Model and RF

ANN, SVM and RF

GAN

Prediction and
classification of

quality assurance

results for
volumetric
modulated arc

therapy plans

Differentiation

between pulmonary
metastases and
primary lung

cancers

Development of a
knowledge-based

automated planning
pipeline for
predicting treatment

plans

73

the detection of lesions that required

referral

Using 90% as the action limit at 3%/2
mm gamma criteria, Poisson LASSO:
Specificity: 97.5%, Sensitivity: 31.6%;
RF: Specificity: 87.7%, Sensitivity:
100%

For validation cohort, ANN (Accuracy
= 96.4%, AUC = 0.9934), SVM
(Accuracy = 95.7%, AUC = 0.9915),
RF (Accuracy = 87.8%, AUC =
0.9708); for independent clinical
cohort, ANN (Accuracy = 98.0%, AUC
=1.0), SVM (Accuracy = 96.1%, AUC
=1.0), RF (Accuracy = 84.3%, AUC =
0.976)

The best performing knowledge-
based automated planning plans were
generated using predictions from the
3D GAN model that were
multiplicatively scaled. These plans

satisfied 77% of all clinical criteria,
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47

van der Veen et al., Radiology
2019

Belgium

Fu et al., 2020 Pathology

China

Jethanandani et al., Radiology
2018

USA

M. D. Anderson Radiology
Cancer Center Head

and Neck Quantitative

Imaging Working

Group, 2018

STROBE

PRISMA

3D CNN

CNN

SVM, LDA, LASSO

Regression and RF

DT-Based Classifier and
Multivariable Cox Proportional

Hazards Model

Automatic

segmentation of

organs-at-risk

0OScC

detection

from photographic

images

Radiomic
signatures

recurrence

for local

using

74

compared to the clinical plans, which
satisfied 67% of all criteria

The network achieved an accuracy of
90% and 84% DSC averaged over all
organs at risk for radiation oncologists
1 and 2 respectively, with an average
symmetric surface distance of 0.7 and
1.5 mm, which was in 93% and 73%
of the cases lower than the

interobserver variability

On the clinical validation dataset, the
algorithm  achieved  comparable
performance to that of the average
oral cancer expert in terms of
accuracy (92.3% vs 92.4%, sensitivity
(91.0% vs 91.7%), and specificity
(93.5% vs 93.1%)

Radiomic  Signature Composition
derived from Intensity Direct Local
Range Max and Neighbor Intensity
Difference 2.5 Complexity. Kaplan-
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49

50

USA

Forghani et al., 2019 Pathology

Canada

Song et al., 2018 Oncology
USA

Das et al., 2020 Pathology
India

RF

CNN

CNN (AlexNet, VGG-16, VGG-
19 and ResNet-50) and
proposed custom CNN Model

primary tumor

texture analysis

Prediction of
cervical lymph node

metastasis

Automatic
classification of
smartphone-based
oral dysplasia and

malignancy images

Multi-class grading
of OSCC from

biopsy images
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Meier Analysis: Patients  with
favorable radiomic signatures had a
5-year local control rate of 94%; those
with unfavorable signatures had 5-
year local control rate between 62%
and 80%

Multi-energy texture analysis models:
accuracy: up to 88%; sensitivity:
100%; specificity: 67%, PPV: 83%,
NPV: 100%; single-energy (65 keV)
texture analysis: accuracy of 60-63%

Accuracy: 86.9%; sensitivity: 85.0%;
specificity: 88.7%

Pre-trained Models: ResNet-50:

Accuracy = 92.15%; VGG-19:
Accuracy = 84.67%; VGG-16:
Accuracy = 77.89%; AlexNet:

Accuracy = 72.17%; for the proposed
CNN Model, the accuracy was 97.5%,
precision was 97.14% and recall
93.67%
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AUC - area under the curve; BAG — bagging; BGLM — boosting gradient linear models; BT — boosting trees; BY — Bayesian; CART - classification and regression trees;
CPH - Cox proportional hazard; CNN — convolutional neural networks; DA — discriminant analysis; DSC — Dice similarity coefficient; DLNN — deep learning neural networks;
DT - decision trees; ELDA — ensemble linear discriminant analysis; ET — extra trees; FARDEEP - fast and robust deconvolution of tumor-infiltrating lymphocytes; FCNN —
fully convolutional neural networks; GA — genetic algorithm; GAN — generative adversarial network; GBM — gradient boosting machine; GLM — generalized linear models;
GSEA - gene set enrichment analysis; GTB — gradient tree boosting; HD U-Net — hierarchically densely connected U-Net; kNN — k-nearest neighbors; LASSO — least absolute
shrinkage and selection operator; LDA — linear discriminant analysis; LRM — logistic regression models; MCC — Matthews correlation coefficient; MARS — multiple adaptive
regression splines; MSD — mean surface distance; MSR-RF — random forest using maximally selected rank statistics; NGS — next-generation sequencing; NN — nearest
neighbors; Nnet — neural networks; NPV — negative predictive value; OS — overall survival; OSCC — oral squamous cell carcinoma; PCA-LDA — principal component analysis
/ linear discriminant analysis; PLSR — principal component regression; PPF — patch-probability fusion; PPV — positive predictive value; PRISMA — Preferred Reporting ltems
for Systematic Reviews and Meta-Analyses; REMARK — Reporting Recommendations for Tumor Marker Prognostic Studies; ResNet — residual network; RF — random forests;
ROC - receiver operating characteristic; RSD — relative standard deviation; RSF — random survival forest; SR — survival regression; SRM — shape representation model;
STROBE - Strengthening the Reporting of Observational Studies in Epidemiology; SVM — support vector machines; TF — transfer learning; TRIPOD — Transparent Reporting
of a Multivariable Prediction Model for Individual Prognosis or Diagnosis.

Supplementary Table 2 — Ranking of studies that reported accuracy in the 50 most cited papers for cancer diagnostic (N=9 studies) and
cancer metastasis outcomes (N=4 studies).

Outcome Diagnosis Metastasis
Rank Study Algorithm Accuracy Study Algorithm Accuracy
(%) (%)
1 Ziober et al., 2006 SVM 96 Onken et al., 2014 NGS, Weighted Voting Classifier, 93.5
USA USA GSEA, SVM
2 Zhang et al.,, 2019 CNN: ResNet34 95.9 Kann et al., 2018  DLNN 85.7
China USA
3 Lu et al., 2017 ELDA 94 Carnielli et al.,, Not specified 82.8
USA 2018
Brazil
4 Fu et al., 2020 CNN 92.4 Ariji et al., 2019 CNN: AlexNet 78.2
China Japan
5 Jeyaraj and Nadar Regression-based deep CNN 91.4

etal., 2019



India

6 Feietal., 2017 ELDA 90
USA

7 Aubreville et al., CNN: PPF 88.3
2017
Germany

8 Song etal., 2018 CNN: VGG-CNN-M 86.9
USA

9 Song et al.,, 2020 LASSO Regression 86.7
China

CNN - convolutional neural networks; DLNN — deep learning neural networks; ELDA — ensemble linear discriminant analysis; GSEA — gene set enrichment analysis;
LASSO - least absolute shrinkage and selection operator; NGS — next-generation sequencing; PPF — patch-probability fusion; SVM — support vector machine.

Supplementary Table 3 — Ranking of the algorithm performances reported by accuracy in
the 50 most cited papers.

Rank Study Algorithm Application Accuracy (%)
1 Jurmeister et al., ANN Differentiation between 98
2019 pulmonary  metastases and
Germany primary lung cancers
2 Das et al., 2020 Proposed Custom CNN Multi-class grading of OSCC from 97.5
India Model biopsy images
3 Shaban et al, CNN: MobileNet Objective quantification of tumor 96.31
2019 infiltrating lymphocytes
United Kingdom
4 Ziober et al., 2006 SVM Cancer diagnosis 96

USA
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11

12

13

14

15

Zhang et al., 2019

China

ZlotogorskiHurvitz
etal., 2019

Israel

Lu et al., 2017

USA

Chang et al., 2013

Malaysia

Onken et al., 2014

USA

Lajer et al., 2011

Denmark

Fu et al., 2020

China

Jeyaraj and Nadar

etal., 2019

India

Fei et al., 2017

USA

Van der Veen et

al., 2019
Belgium
Da-ano
2020

et

al.,

CNN: ResNet34

PCA-LDA

ELDA

ReliefF-GA

SVM

SVM

Cascaded CNN

Regression-based deep
CNN

ELDA

3D CNN

RF

Automated diagnosis of
laryngeal squamous cell
carcinoma

To determine the Fourier-
transform infrared spectra of
salivary exosomes from oral
cancer patients and healthy
individuals and to assess its
diagnostic potential using
computational-aided models

For larynx and pharynx cancer
diagnosis

Prediction of oral cancer
prognosis

Identification of metastasis-
associated signatures in OSCC

Generation a diagnostic
microRNA signature for OSCC
and pharyngeal squamous cell
carcinoma

OSCC detection from
photographic images

Oral cancer detection

Cancer diagnosis

Automatic segmentation of
organs-at-risk

Harmonization of radiomic
features across  multicenter

78
95.9

95

94

93.81

93.5

93

92.4

914

90

90

89
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17

18

19

20

21

22

23

France

Kann et al., 2019
USA

Aubreville et al.,
2017

Germany
Forghani et al,

2019

Canada

Song et al., 2018
USA

Song et al., 2020
China

Kann et al., 2018
USA

Carnielli et al.,
2018

Brazil

Le et al., 2003
USA

CNN: DualNet

CNN: PPF

RF

CNN: VGG-CNN-M

LASSO Regression

DLNN

Not specified

LDA

datasets to improve the
predictive power of clinical
outcome models
Identification of  extranodal
extension on pretreatment
imaging for HNC
OSCC detection

Prediction of cervical lymph

node metastasis

Automatic classification of
smartphone-based oral dysplasia
and malignancy images
Real-time diagnosis of OSCC
using saliva metabolomics and
conductive polymer spray
ionization mass spectrometry.
Identifcation of nodal metastasis
and tumor extranodal extension
Identification of peptide
signatures in saliva predicting
lymph node metastasis
Identification of gene profiles
associated with tumor hypoxia

and prognosis

88.6

88.3

88

86.9

86.7

85.7

82.8

81.6

79



24 Halicek et al., CNN: TensorFlow Application of deep learning for 80
2017 automatic tissue labeling in
USA surgical specimens using

hyperspectral imaging

ANN - artificial neural networks; CNN — convolutional neural networks; DLNN — deep learning neural networks;
ELDA — ensemble linear discriminant analysis; GA — genetic algorithm; LASSO — least absolute shrinkage and
selection operator; LDA — linear discriminant analysis; OSCC - oral squamous cell carcinoma; PCA-LDA —

principal component analysis — linear discriminant analysis; PPF — patch-probability fusion; RF — random
forest; SVM — support vector machine.
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CAPITULO 2
Intended submission: Dentomaxillofacial Radiology (IF: 4.1)

https://academic.oup.com/dmfr

Fractal and radiomorphometric analysis in CBCT scans of post-radiotherapy
head and neck cancer patients

ABSTRACT

Introduction: Head and neck cancer often requires radiotherapy (RT), which can
induce bone alterations and osteoradionecrosis. Fractal dimension (FD) analysis and
radiomorphometric indices provide quantitative assessment of mandibular bone
microarchitecture. This study aimed to evaluate cortical and trabecular mandibular
bone in post-RT patients compared with matched non-irradiated controls. Methods:
Cone-Beam Computed Tomography scans of the mandible were analyzed to obtain
the Computed Tomography Mandibular Index (CTMI), the Computed Tomography
Cortical Index (CTCI), and FD values. Measurements were performed in predefined
regions of interest that captured both trabecular and cortical compartments. Statistical
analyses included ICC for reliability, t-tests, Mann—Whitney tests, Chi-square, ANOVA,
and Kruskal-Wallis tests (p<0.05). Results: No significant differences were observed
between post-RT and control groups for FD, CTMI, or CTCI (p > 0.05). Mean trabecular
FD was 1.26 + 0.14 in the post-RT group and 1.24 + 0.11 in controls, while cortical FD
was 0.92 + 0.10 in both groups. Mean CTMI values were 3.68 £ 0.93 (post-RT) and
3.92 + 0.83 (controls), and CTCI distribution did not differ between groups. Higher
trabecular FD was observed in patients with laryngeal tumors compared with other
sites (1.21 £ 0.16 vs. 1.33 £ 0.05; p = 0.003). Conclusion: While CBCT-based FD and
radiomorphometric indices did not differ significantly between irradiated and control
patients, variations related to tumor site and post-RT interval suggest heterogeneous
bone responses. Individualized management and further research using volumetric
and advanced imaging analyses are recommended for predicting RT-related bone
complications. Therefore, a personalized approach to risk prediction and intervention
should be adopted for each patient before dental procedures. Advances in
Knowledge: To the best of our knowledge, this is the first study to combine FD
analysis and radiomorphometric indices using CBCT scans to evaluate both cortical
and trabecular mandibular bone in patients who underwent head and neck RT. The
results highlight the potential of CBCT-based quantitative assessments for early
detection of radiation-induced bone changes.

KEYWORDS

Head and neck cancer; radiotherapy; cone-beam computed tomography; fractal

dimension; radiomorphometric indices.
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INTRODUCTION

Head and neck cancer (HNC) comprises a heterogeneous group of
malignancies, predominantly represented by squamous cell carcinoma '-3. It can affect
the lip, oral cavity, larynx, nasopharynx, oropharynx, hypopharynx, and salivary glands,
accounting for approximately 950,000 new cases and over 480,000 deaths annually
worldwide 4. Radiotherapy (RT) plays a central role in treatment, being used in
approximately 75% of cases, either alone or in combination with chemotherapy and

surgical procedures 8.

RT aims to destroy rapidly dividing cells, resulting in tumor reduction, and can
be employed as either a curative or palliative treatment modality 7. Advances in
irradiation have improved significantly in recent years, enabling more individualized
treatment and more precise targeting of the tumor region through technologies such
as Image-Guided Radiotherapy (IGRT) and Intensity-Modulated Radiotherapy (IMRT)
8 However, due to the small, irregular anatomy of the head and neck region and the
presence of numerous organs at risk (OAR), this treatment is still associated with
several adverse effects, including xerostomia, dysphagia, mucositis, radiodermatitis,

candidiasis, rampant dental caries, trismus, fatigue, osteoradionecrosis and others &-
11

In bone tissue, radiation primarily affects the vascular supply, leading to a rapid
reduction in osteoblasts and an increase in osteoclastic activity, resulting in decreased
bone density, trabecular remodeling, and the replacement of active red marrow with
yellow marrow 213, Cortical and trabecular bone exhibit distinct biological and
structural characteristics that may result in different responses to ionizing radiation.
Trabecular bone is highly vascularized and metabolically active, with a greater surface
area and higher bone turnover rate, making it potentially more sensitive to early
radiation-induced alterations. In contrast, cortical bone is denser, less vascularized,
and undergoes slower remodeling, and radiation-related changes in this compartment
may manifest later or be less pronounced in cross-sectional imaging. These
differences suggest that cortical and trabecular bone should be evaluated separately
when investigating radiation-induced mandibular changes. Consequently, the
morphology, strength, and microarchitecture of the bone are altered in irradiated

regions 4.
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The main undesirable clinical outcome at the bone level following RT is
osteoradionecrosis (ORN), an iatrogenic condition observed in cancer patients who
undergo radiation therapy in the head and neck region 156, Recently, Castro et al.
reported that ORN was observed in 7% of cases (95% CIl: 4-10%) 7. ORN is
associated with risk factors such as poor oral hygiene and tooth extractions after RT
and can progress to morbid states characterized by a high symptom burden and poor
quality of life due to tooth loss, impaired orofacial function, and pain 36, Therefore,
the early identification of radiation-induced bone alterations may help prevent such

outcomes.

Fractal dimension (FD), a mathematical method by which irregular and complex
body structures may be evaluated, can be applied to assess such structures in dental
images, allowing for the quantification of bone microarchitecture complexity '®. These
methods are frequently employed to identify bone alterations in patients with systemic
disorders, serving as important tools for screening and enabling the early diagnosis of
conditions that affect bone morphology '%-21.

Radiomorphometric indices are qualitative and quantitative image analysis
methods widely used for the evaluation of imaging exams, such as panoramic
radiographs 2°. Examples of these indices, such as Computed Tomography Cortical
Index (CTCI) and Computed Tomography Mental Index (CTMI), which have been
adapted for assessment using cone-beam computed tomography (CBCT), have
proven to be useful tools for identifying bone alterations 22, particularly in the
mandibular cortical region, a site potentially affected by RT 22

Based on the known biological effects of ionizing radiation on bone tissue, we
hypothesized that patients treated with head and neck radiotherapy would exhibit
measurable alterations in mandibular cortical and trabecular bone when compared with
matched non-irradiated controls. Specifically, we hypothesized that fractal dimension
and radiomorphometric indices derived from CBCT images would differ between
irradiated and control patients. Additionally, we hypothesized that these quantitative
bone parameters would be influenced by tumor location, radiation dose delivered to
the mandible, and the time elapsed since completion of radiotherapy.
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Accordingly, this study aimed to assess mandibular cortical and trabecular bone
in irradiated patients using CBCT-based fractal dimension and radiomorphometric
indices and to compare the results with matched non-irradiated controls.

METHODS

This study was approved by the Ethics Committee of the Faculty of Health
Sciences, University of Brasilia (protocol number 72787723.4.0000.0030). Informed
consent was obtained from all participants. Recruited patients received a printed
pamphlet containing all relevant information about the study and were given access to
the research team for further contact in case additional clarification was needed.

Study population - post-RT patients and matched-control group:

Post-RT patients were recruited from the High-Complexity Oncology Care
Center at the University Hospital of Brasilia. They underwent RT between 2019 and
2024. All patients received CBCT imaging at the Oral Care Center of the same hospital
after completing their RT treatment. Data on tumor site, histopathologic diagnosis,
smoking status, treatment, radiation therapy technique, time from RT to CBCT scan,
and radiation dose were collected. These patients were matched with control
individuals whose CBCT scans were available in the hospital database.

Patients were divided into two groups. Group 1 consisted of CBCT scans from
post-RT patients who had completed treatment and showed no recurrent lesions at the
time of examination. Group 2 consisted of non-oncologic patients without metabolic
bone diseases and with noncontributory medical histories. Groups 1 and 2 were

matched by nationality, sex, and age.

Patients in Group 1 received external beam irradiation performed using a
medical linear accelerator (Clinac CX, Varian Medical Systems, Palo Alto, CA, USA),
employing the three-dimensional conformal radiotherapy (3D-CRT) technique. RT
planning was conducted using the Eclipse Planning System, version 13.6 (Varian
Medical Systems, Palo Alto, CA, USA). The anterior region of the mandible was also
segmented in this program to estimate the radiation dose delivered to the areas in
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which the analyses were performed, which are described in detail subsequently. Fig.

1 illustrates the RT treatment planning, presenting heat-map dose distributions and a

representative dose—volume histogram.

Figure 1. Heat-map dose distribution and a representative dose—volume histogram. (A) coronal
computed tomography (CT) view; (B) axial CT view; (C) sagittal CT view; (D) three-dimensional
reconstruction; and (E) dose—volume histogram.
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CBCT scans were acquired using the i-CAT Classic system (Imaging Sciences
International, Inc., PA, USA) by two calibrated dentists from the same institution,
trained by the same oral and maxillofacial radiologist, following a standardized
protocol. Images were obtained at 120 kVp and 37.07 mAs, with a voxel size of 0.2
mm and a typical exposure time of 26.9 seconds. Scans were excluded from the
analysis if they presented artifacts, improper patient positioning, bone alterations in the
regions of interest, absence of the target areas, or motion blur due to patient movement

during acquisition.

For training purposes, two evaluators performed the measurements
independently at two different time points, with a one-week washout interval, following
a computer-generated randomized list of 10 CBCT scans. Both evaluators were
blinded to the patients’ case or control status, and anonymization was performed using
the Clinical Trials Processor (CTP), provided by the Radiological Society of North
America (RSNA) at http://mirc.rsna.org. After the training phase, one evaluator
conducted the final measurements for all patients using the same computer (Lenovo
15.6" Intel Core i5-7200U 8 GB RAM 1 TB HDD Windows 10 LED HD resolution 1366
x 768).

The fractal dimension analysis — FD

FD analysis was performed separately in trabecular and cortical regions of the
mandible to capture potential compartment-specific responses to radiotherapy,
reflecting differences in vascularization, metabolic activity, and remodeling dynamics
between these bone types. Fig. 2 illustrates the Regions of Interest (ROls) for bilateral
mandibular trabecular (ROls 1 and 2) and cortical (ROIs 3 and 4) FD analysis. The
trabecular ROl was standardized as a 20x20-pixel square, while the cortical ROl was
a 15x15-pixel square. To define the analysis area, the CBCT scans were loaded into
the free and open-source software 3D Slicer (version 5.5.0) and displayed using

multiplanar reconstruction (MPR), with axial, coronal, and sagittal views.

In the axial plane, the mental foramen was identified, and a line was drawn along
the outer cortical surface of the mandible, tangent to the foramen. A perpendicular slice
to this line was then selected. The corresponding images from the coronal view

window, after slice preparation, were exported to the Fiji image processing package,
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bundled with 64-bit Java for Windows (Imaged v1.52n; National Institutes of Health,
Bethesda, MD), along with the Boned plugin, which was used to calculate FD values
using the box-counting method.

Figure 2. FD analysis. (A) right side analysis with ROI 1 (trabecular) and ROI 3 (cortical); (B) left side
analysis with ROI 2 (trabecular) and ROI 4 (cortical); (C) crop; (D) gaussian Blur; (E) math; (F) threshold;
(G) binary.

Image processing (Fig. 2) followed a methodology validated in previous studies,
particularly those conducted by the same research group and based on the steps
proposed by White and Rudolph 4.

Computed Tomography Mental Index — CTMI

CTMI was defined by Koh and Kim 22 according to Ledgerton et al. 2° as the
thickness of the mandibular cortex in the region below the mental foramen, measured
as the distance between the inner and outer cortical borders along a line perpendicular
to two parallel reference planes established in the axial view. The tomographic slice
selected for CTMI measurement was taken from the coronal view after the slice

preparation described above (Fig. 3).
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Figure 3. CTMI measurement procedure - distance between the inner and outer cortical borders at the
mental foramen region.

Computed Tomography Cortical Index - CTCI

CTCl is an analysis by Koh and Kim 22 based on the Mandibular Cortical Index
(MCI), in which the cortical bone in the region of the mental foramen, observed in the
sagittal view, is classified according to the criteria proposed by Klemetti et al. 26 (Fig.
4):

J Type 1: The endosteal margin is even and sharp on both sides;

o Type 2: Semilunar defects, lacunar resorption, and endosteal
residues are observed on one or both sides;

J Type 3: The endosteal margin is thin and porous, with heavy

endosteal residues.

Group 1 analysis

Patients in Group 1 were divided into subgroups for analysis. According to the
tumor site, the specific locations of the primary tumors were considered (larynx,
nasopharynx, parotid gland, oropharynx, oral cavity, maxillary sinus, and
submandibular gland). They were also divided, based on tumor location, into two major
subgroups: patients with tumors in the head region (nasopharynx, parotid gland,
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oropharynx, oral cavity, maxillary sinus, and submandibular gland) and those with
tumors in the neck region (larynx). According to the maximum radiation dose to the
anterior region of the mandible, patients were categorized into those who received <30
Gy and >30 Gy in this region. Regarding the mean dose to the anterior region of the
mandible, they were divided into three groups: <10 Gy, 10-30 Gy, and >30 Gy. Lastly,
they were categorized according to the interval between RT and CBCT, distinguishing
those evaluated at <30 months and >30 months. FD and radiomorphometric indices

were assessed within these contexts for intragroup comparison.

Figure 4. CTCI analysis. Type 1: The endosteal margin is even and sharp on both sides; type 2:
Semilunar defects, lacunar resorption, and endosteal residues are observed on one or both sides; type
3: The endosteal margin is thin and porous, with heavy endosteal residues.
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Statistical analysis

A reliability test was conducted at two different time points for two evaluators,
with a one-week washout interval during the training phase. The Intraclass Correlation
Coefficient (ICC) was interpreted according to the guidelines of Portney and Watkins
27, ROI outcomes were analyzed independently, and both left and right sides were
assessed. Normality was assessed by the Shapiro—Wilk test. Age, CTMI and mean
dose were compared between groups using the parametric Student’s t-test. The
number of teeth, FD values and maximum dose were compared between groups using
the non-parametric Mann—Whitney U test. The Chi-square test was used to assess the
distribution of CTCI classifications based on the observed and expected counts,
assuming no association in the population. Tumor site groups and mean dose groups
were evaluated for differences in CTMI and FD. One-way ANOVA was used for CTMI,
while FD was analyzed with the Kruskal-Wallis test. A p-value < 0.05 was considered
statistically significant. Statistical analyses were conducted using Jamovi software
(version 2.6.44, The jamovi project, Sydney, Australia) and GraphPad Prism (version
10.6.1, GraphPad Software, San Diego, CA, USA).

RESULTS

A total of 117 patients diagnosed with HNC who underwent RT between 2019
and 2024 were initially screened for eligibility. Several patients were excluded due to
death, unavailability, relocation, refusal to participate, or inability to attend clinical
appointments. Consequently, 26 patients consented to participate and underwent
CBCT. Two participants were subsequently excluded due to the absence of target
anatomical regions following surgical resection, resulting in a final study group of 24
irradiated patients (Group 1). For comparison, CBCT scans from 24 non-irradiated
individuals were retrospectively selected from the institutional imaging database
(Group 2). Therefore, the final analytical sample comprised 48 CBCT examinations.

Fig. 5 illustrates the sample selection process.
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Reside in other cities (14);
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Figure 5. Study sample flowchart.

The sample consisted of 36 males (75%) and 12 females (25%). The mean age
was 64.3 years (SD 10.9) in Group 1 and 62.6 years (SD 10.1) in Group 2, with no
statistically significant difference between groups (p = 0.576). The number of teeth
differed significantly between the two groups, with a mean of 4 teeth in Group 1 (SD
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4.79) and 9 teeth in Group 2 (SD 5.14) (p = 0.002). Descriptive characteristics of the

studied sample is presented by Supplementary Table S1

In group 1, the most prevalent tumor site was the larynx (41.6%), followed by
the oral cavity (25%); the oropharynx, nasopharynx, and parotid gland (8.3% each);
and, finally, the submandibular gland and maxillary sinus (4.1% each). Most
histopathologic diagnoses were squamous cell carcinoma (83.3%). There were also
two cases of adenoid cystic carcinoma (8.3%), one case of mucoepidermoid
carcinoma (4.1%), and one case of malignant spindle cell neoplasm (4.1%). Twenty
patients reported being smokers (83.3%) for a mean of 29.45 years (SD 14.66),
eighteen of whom detailed their smoking frequency, with a mean of 15.11 cigarettes
per day (SD 11.8). Only two patients reported not smoking, and two patients did not
provide information regarding smoking habits. Regarding treatment, 16 patients

underwent concomitant chemotherapy, and 6 had previously undergone surgery.

The mean total radiation dose received by the patients was 66.06 Gy (SD 5.93),
ranging from 48 Gy to 70 Gy. The anterior mandibular region segmented had a mean
volume of 17.23 cm?® (SD 3.27) and received a mean maximum dose of 29.89 Gy (SD
24.37), ranging from 1 Gy to 70 Gy, and a mean dose of 14.1 Gy (SD 16.43), ranging
from 0.5 Gy to 54 Gy. The mean interval between the last RT session and CBCT
acquisition was 28.87 months (SD 19.11).

Agreement and consistency

During training, intra-rater reliability coefficients revealed good agreement for
FD (ICC = 0.835; 95% CI: 0.714-0.907), excellent agreement for CTMI (ICC = 0.972;
95% ClI: 0.933-0.989), and perfect agreement for CTCI (ICC = 1.0) for Evaluator 1.
Similarly, Evaluator 2 demonstrated good agreement for FD (ICC = 0.886; 95% CI:
0.795-0.938), excellent agreement for CTMI (ICC = 0.990; 95% CI: 0.976-0.996), and
perfect agreement for CTCI (ICC = 1.0).

Inter-rater reliability between the two evaluators was also classified as good for
FD (ICC = 0.863; 95% CI: 0.757-0.925), excellent for CTMI (ICC = 0.959; 95% CI:
0.903-0.983), and perfect for CTCI (ICC = 1.0).
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Group 1 Analysis

Regarding the tumor site, a significant difference was observed among the
seven sites for trabecular FD analysis (ROl 1 + ROI 2) (p = 0.021) and for CTMI (p <
0.001). For cortical FD (ROI 3 + ROI 4), no significant differences were observed
between the groups (p = 0.068). These data are presented in Supplementary Table
S2.

Patients with tumors in the head region received higher maximum and mean
radiation doses to the anterior region of the mandible compared to those diagnosed
with tumors in the neck region (p = 0.024 and p = 0.015, respectively). Trabecular FD
was higher in patients with neck tumors (p = 0.003), while no significant differences
were observed for cortical FD, CTMI, or CTCI analyses (p = 0.412, p = 0.573,and p =
0.158, respectively). Data regarding these findings can be found in Tables 1 and 2,
and Supplementary Figure S1.

No significant differences were observed between patients who received <30
Gy or >30 Gy in the anterior region of the mandible in terms of trabecular FD (p =
0.310), cortical FD (p = 1.000), CTMI (p = 0.598), or CTCI (p = 0.708). Similarly,
regarding the mean dose received, no statistically significant differences were
observed between the analyzed groups. Data on maximum and mean doses are

presented in Supplementary Tables S3 and S4, and Supplementary Figure S2.

Concerning the interval between RT and CBCT acquisition, higher CTMI values
were observed in the group evaluated after 30 months (p = 0.034). No differences
between groups were observed for FD or CTCI analyses. Data can be found in
Supplementary Table S5, and Supplementary Figure S3.

Comparative analysis between groups

Table 3 presents the results of FD analysis between groups for each ROI and
for the sum of the ROIs corresponding to the mandibular trabecular and cortical
regions. Mean FD values did not differ between groups for any of the evaluated ROIs

or for the sum of the ROIs corresponding to the trabecular and cortical bone (p > 0.05)
(Fig. 6).
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Figure 6. FD results between groups. (A) FD values for each ROI in Groups 1 (apex upward) and 2
(apex downward). ROI 1: right trabecular; ROI 2: left trabecular; ROI 3: right cortical; ROI 4: left cortical.
(B) FD values grouped for trabecular (ROI 1 + ROI 2) and cortical (ROl 3 + ROI 4) analyses, with the
same triangle notation for groups. No statistically significant differences were observed between groups
in any analysis (p > 0.05).

Regarding CTMI, Group 1 exhibited mean values of 3.91 for the right side (SD
0.972) and 3.45 for the left side (SD 0.854). In Group 2, the means were 3.99 for the
right side (SD 0.883) and 3.85 for the left side (SD 0.775), with no significant
differences observed between groups for either side (p = 0.763; p = 0.096). CTMI data
are presented in Table 4.

Evaluation of CTCI revealed that, among patients in Group 1, 14 patients were
classified as type 1 cortical (58.3%), followed by 7 patients as type 2 (29.2%) and 3
patients as type 3 (12.5%). In Group 2, 19 patients were classified as type 1 (79.2%),
3 as type 2 (12.5%), and 2 as type 3 (8.3%). No significant differences were observed
between groups (p = 0.278). CTCI data between groups are presented in Table 5. Fig.
7 presents the graphical comparison of CTMI and CTCI values between groups.
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Figure 7. Radiomorphometric indices results between groups. (A) CTMI values for Groups 1 and 2. (B)
CTCI values for Groups 1 and 2. No statistically significant differences were observed between the
groups for either index (p > 0.05).

DISCUSSION

This study provides novel evidence on the mandibular bone response to head
and neck RT by jointly assessing FD and radiomorphometric indices on CBCT images.
By comparing post-RT patients with matched non-irradiated controls, we demonstrated
that CBCT-based FD, CTMI, and CTCI measurements do not differ significantly
between groups, while revealing site- and time-dependent variations, particularly lower
trabecular FD in patients with head tumors and higher CTMI values at longer post-
treatment intervals. These findings add to the existing literature by showing that CBCT-
derived radiomorphometric indices and FD remain largely unchanged after RT, while

revealing site- and time-dependent variability in mandibular bone response 28-2°.

Several studies have employed radiomorphometric analysis and FD in various
dental imaging modalities, including panoramic radiography, CBCT, micro-CT,
periapical radiography, sialography, bitewing radiography, ultrasound, and lateral
cephalometric radiography '8. These techniques have been used as tools for the
identification, screening, and diagnostic support of both local and systemic conditions
affecting bone structure, such as osteoporosis, bruxism, chronic kidney disease,

familial adenomatous polyposis, endocrine disorders, and osteogenesis imperfecta '%-



96

2130-32 To the best of our knowledge, this is the first study to evaluate
radiomorphometric indices and FD in CBCT scans from post-RT patients, comparing
them with a matched control group.

The radiomorphometric indices used in this study were proposed for CBCT
evaluation as adaptations of indices originally developed for panoramic radiographs
2526 This adaptation enabled assessment within three-dimensional image sections. In
the study by Koh and Kim, for example, this approach allowed the differentiation of
female patients diagnosed with osteoporosis from control subjects using the CTCI 2.
A previous study also reported a significant correlation between the radiomorphometric
indices investigated in this study and FD in CBCT images 3. Considering this, our
study evaluated these indices jointly with FD to investigate possible alterations in the
mandibular cortical and trabecular bone associated with RT treatment, given that bone

microarchitecture is modified in irradiated regions 4.

A previous study analyzed FD and radiomorphometric indices in patients who
underwent RT for nasopharyngeal carcinoma, reporting a reduction in trabecular FD
among irradiated patients compared with the control group, with no differences
observed over time up to three years 28. These findings partially align with those of the
present study, as lower trabecular FD values were observed in patients with tumors in
the head region compared with those with tumors in the neck region, without changes
across the evaluated time intervals. However, unlike the findings of that study, no
statistically significant differences were found when comparing irradiated patients with
the paired control group in the present analysis. This discrepancy may be explained
by the fact that, while the previous study included only patients diagnosed with
nasopharyngeal carcinoma, our sample comprised a heterogeneous group of head
and neck tumors in the comparison with controls. In addition, the different imaging
modalities used may account for the divergent results, as distortions inherent to
panoramic radiographs may influence FD analysis 2. In our study, assessments were
performed in three-dimensional image sections, allowing isolation of the trabecular
region without superimposition of the cortical bone or other structures, and CBCT
imaging introduces fewer distortions compared with panoramic radiography.

Previous studies have established that RT alters the structure and increases the
fragility of cortical bone 3#3%. A study evaluated cortical bone after RT in rabbit tibiae
using micro-computed tomography, reporting a significant increase in cortical
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thickness and a reduction in porosity at the first assessment, followed by a subsequent
increase in porosity later point 2. The same study did not observe significant changes
in FD values. These findings are comparable to those of the present study, in which
higher CTMI values were observed in patients evaluated less than 30 months after RT,
without changes in cortical FD over time. However, the results differ regarding the
qualitative assessment of cortical bone: in our study, no changes in the CTCI were
observed, whereas the cited study reported an increase in intracortical porosity over
time 23. It should be noted that the assessments were performed using different
methodologies 2.

Authors observed in a systematic literature review that both high doses (30 Gy)
and low doses (1-2 Gy) can induce bone deterioration, with immediate and late effects,
although these are more pronounced at later stages '. They reported that low doses
affect mesenchymal progenitor cells and increase osteoclastic activity shortly after
exposure, while high doses lead to loss of bone density, increased porosity, and a
higher risk of fracture '*. In our study, the anterior region of the mandible in patients
was exposed to doses ranging from 1 Gy to 70 Gy; however, cellular-level changes
were not investigated. No differences were found between patients who received <30
Gy or >30 Gy as the maximum dose, nor among the categories of mean dose.
Nevertheless, patients with tumors in the head region received higher maximum and
mean radiation doses and exhibited lower trabecular FD values compared with patients
with tumors in the neck (larynx) region. Additionally, the greater metabolic activity and
regenerative capacity of trabecular bone compared with cortical bone 22 may explain
why these alterations were observed in trabecular FD in relation to tumor site, whereas
no changes in cortical bone were detected through this analysis.

A recent study evaluated how RT alters the morphology and spatial organization
of cortical mandibular canals in 23 patients who underwent RT with doses ranging from
60 to 76 Gy, with follow-up assessments for up to eight years 2°. This study found no
significant differences between patients and control groups in FD analysis, a finding
consistent with the results of the present work. The authors suggested that RT modifies
the shape and size of the canals (changes related to compromised vascularization) but
does not affect their spatial distribution over time 2°.

In recent years, significant advances have been made in the definition and
management of ORN in patients undergoing head and neck RT. Peterson et al.
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consolidated recommendations, emphasizing pre- and post-RT dental care, judicious
use of antibiotics, and the combination of pentoxifylline and tocopherol (PENTO) in
mild to moderate cases, while highlighting surgery as the primary treatment for
advanced cases and moving away from routine hyperbaric oxygen therapy '6.
Concurrently, Moreno et al. developed an international consensus to establish a
standardized definition of ORN and classification criteria, including non-exposed
cases, as well as nine essential data points for standardization in research and clinical
practice '5. This consensus is crucial for reducing underdiagnosis, standardizing data
collection, enabling comparisons between studies, aligning with previously described
clinical management recommendations, and providing a foundation for future
predictive strategies and artificial intelligence model development in this field '5. In our
study, given the sample size and protocol employed, no bone alterations were
observed between irradiated patients and paired controls that could objectively indicate
factors associated with a higher risk of developing complications such as ORN based
on CBCT evaluation.

The findings of this study suggest the need to manage head and neck cancer
patients treated with RT on an individual basis regarding the risk of developing
toxicities. So that the patients exhibit a highly heterogeneous profile in terms of
diagnosis, tumor location, treatment received, radiation doses delivered to different
OARs, and time since treatment completion. Consultation with the professional
responsible for RT planning prior to clinical or surgical interventions in these patients
is important to determine risk assessment. Future research investigating variables
capable of predicting patients at higher risk of developing complications is warranted.
Recent studies using radiomics and machine learning have opened a new path toward
personalized RT for head and neck cancer and ORN prediction, revealing these
strategies as promising tools in this process '"36. Therefore, due to heterogeneous
bone responses, personalized risk stratification and patient-specific interventions are

recommended prior procedures.

This study also has some limitations. Considering our sample, the number of
subgroup comparisons performed, analyses involving tumor site, radiation dose
categories, and post-radiotherapy interval were considered exploratory. Therefore,
these results should be interpreted with caution and primarily as hypothesis-
generating. The lack of standardized protocols for FD analysis in CBCT and the need
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to adapt existing protocols, originally developed for radiographs, for image processing
may introduce bias, although the different groups and subgroups were evaluated using
the same parameters. Sample attrition is another important limitation, given that head
and neck cancer is associated with high morbidity and mortality. Establishing protocols
for three-dimensional FD analysis using volumes of interest could increase the amount

of information obtained from the analyzed region and function as a “virtual biopsy.”

CONCLUSION

In conclusion, CBCT-based assessment of mandibular cortical and trabecular
bone using fractal dimension and radiomorphometric indices did not reveal significant
differences between irradiated patients and matched controls. However, site-specific
and time-related variations suggest heterogeneous bone responses following head
and neck radiotherapy. These findings highlight the complexity of radiation-induced
bone alterations and underscore the need for individualized patient assessment and
for future studies employing larger samples and advanced three-dimensional
quantitative approaches. Therefore, a personalized approach to risk prediction and

intervention should be adopted for each patient before dental procedures.
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TABLES

Table 1 — Analysis according tumor site, grouped as head or neck.

Head (n=14) Neck (n=10)
Mean SD Mean SD p value
Maximum dose 39.7 23.1 17.14 20.48 0.024*
(Gy)
Mean dose (Gy) 20.3 18.6 6 8.33 0.015*
Trabecular FD 1.212 0.164 1.330 0.045 0.003*
Cortical FD 0.935 0.092 0.908 0.111 0.412
CTM™MI 3.612 0.907 3.768 0.986 0.573

SD: standard deviation; *: p<0.05. Mann-Whitney U test: maximum dose, trabecular FD and cortical
FD; T-test: mean dose and CTMI.

Table 2 — CTCI according to tumor site,
grouped as head or neck.

CTCI
Type1 Type2 Type3 p
value
Head 11 3 0 0.158
(n=14)
Neck 5 3 2
(n=10)
Chi-square test.
Table 3 — FD means in both groups.
Group 1 (n = 24) Group 2 (n = 24)
Mean SD Mean SD p value
ROI 1 1.28 0.136 1.27 0.102 0.273
ROI 2 1.24 0.146 1.21 0.105 0.170
ROI 3 0.93 0.087 0.92 0.113 0.804
ROl 4 0.91 0.113 0.93 0.092 0.764
ROl 1 + ROI 2 1.26 0.141 1.24 0.106 0.069
ROI3+ROI 4 0.92 0.101 0.92 0.102 0.944

ROI: Region of Interest; ROI 1: right trabecular; ROI 2: left trabecular; ROI 3: right cortical;
ROI 4: left cortical; ROI 1 + ROI 2: trabecular, both sides; ROI 3 + ROI 4: cortical, both sides;
SD: standard deviation. All comparisons were performed using the Mann—Whitney U test.

Table 4 — CTMI in both groups.

Group 1 (n = 24) Group 2 (n = 24)
Mean SD Mean SD p value
CTMI (R) 3.91 0.972 3.99 0.883 0.763
CTMI (L) 3.45 0.854 3.85 0.775 0.096
CTMI (total) 3.68 0.934 3.92 0.825 0.185

CTMI (R): Computed Tomography Mental Index right side; CTMI (L): Computed Tomography
Mental Index left side; SD: standard deviation. All comparisons were performed using T-test.
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Table 5 — CTClI in both groups.

Group
CTCI 1 2 p
value
Type 1 14 19 0.278
Type 2 7 3
Type 3 3 2

Chi-square test.



APPENDIX

Maximum Dose

100
80
60
& 40+
20

0

*

-20-

Head Neck

1
.
.
Sl ¢
.
& 20
-
e *le
$olee
-

-20-

Mean*Dose

1
@
o
.
.

Head Neck

Trabecular FD
*

000 S
olte %
*

»

*
*

FRCNG

*

.
.

08—

Head Neck

1.5

1.0

0.5+

0.0-

Cortical FD

Head Neck

107

CTMI

-
.
*
o )<
*7le
4 S o *
ole
e ®
o*
L4 .

Head Neck

Supplementary Figure S1. Significant differences were observed for maximum dose (p = 0.024), mean
dose (p = 0.015), and trabecular FD (p = 0.003). No significant differences were found for cortical FD (p
=0.412) or CTMI (p = 0.573).
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Supplementary Figure S2. FD and radiomorphometric indices according to maximum dose. No
significant differences were observed between patients who received <30 Gy or >30 Gy in the anterior
region of the mandible in terms of trabecular FD (p = 0.310), cortical FD (p = 1.000), CTMI (p = 0.598),
or CTCI (p = 0.708).
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Supplementary Figure S3. FD and radiomorphometric indices according to time between RT and CBCT.
Higher CTMI values were observed in the group evaluated after 30 months (p = 0.034). No differences
between groups were observed for FD or CTCI analyses.



Supplementary Table S1 — Descriptive characteristics of the studied sample.

Group 1 (n = 24) Group 2 (n = 24) p value
Sex 18 (M) 6 (F) 18 (M) 6 (F) -
Age 64.3 (SD 10.9) 62.6 SD (10.1) 0.576
Nationality Brazilian Brazilian -
Number of teeth 4 (SD 4.9) 9 (SD 5.14) 0.002*

F: female; M: male; SD: standard deviation; *: p<0.05

Supplementary Table S2 — Comparison of FD and CTMI values according to tumor site.

Trabecular FD

Cortical FD

CTMI

Site of tumor Mean SD p value
Larynx 1.330 0.045 0.021*
Nasopharynx 1.048 0.103

Parotid gland 1.202 0.148

Oropharynx 1.299 0.134

Oral cavity 1.267 0.162

Maxillary sinus 1.223 0.213

Submandibular gland 1.046 0.102

Larynx 0.908 0.111 0.068
Nasopharynx 0.996 0.079

Parotid gland 0.903 0.091

Oropharynx 1.006 0.025

Oral cavity 0.917 0.084

Maxillary sinus 0.986 0.055

Submandibular gland 0.794 0.128

Larynx 3.768 0.986 <0.001*
Nasopharynx 3.681 0.161

Parotid gland 4.300 0.351

Oropharynx 3.679 0.544

Oral cavity 3.585 1.207

Maxillary sinus 2.824 0.042

Submandibular gland 2.912 0.842

SD: standard deviation; *: p<0.05
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Supplementary Table S3 — FD and radiomorphometric indices according to maximum dose.

Maximum dose Trabecular FD Cortical FD CTMmI CTCI
Mean SD p value  Mean SD p value  Mean SD pvalue Typel Type2 Type3 pvalue
<30Gy 1.250 0.143 0.310 0.928 0.108 1.000 3.640 0.865 0.598 7 4 1 0.708
>30Gy  1.293 0.126 0.931 0.086 3.787 1.014 8 2 1
SD: standard deviation
Supplementary Table S4 — FD and CTMI according to mean dose.
Mean Dose (Gy) Mean SD p value
Trabecular FD 0-10 1.261 0.136 0.389
10-30 1.255 0.146
>30 1.348 0.091
Cortical FD 0-10 0.936 0.102 0.704
10-30 0.922 0.097
>30 0.914 0.082
CTMI 0-10 3.710 0.871 0.845
10-30 3.619 1.161
>30 3.894 0.828
SD: standard deviation
Supplementary Table S5 — FD and radiomorphometric indices according to time between RT and CBCT.
Time RT- Trabecular FD Cortical FD CTMmI CTCI
CBCT
Mean SD p value  Mean SD p value  Mean SD pvalue Typel Type2 Type3 p value
<30mo  1.275 0.141 0.390 0.906 0.109 0.328 4.013 0.943 0.034* 6 3 1 0.842
>30mo  1.251 0.142 0.937 0.094 3.437 0.866 10 3 1

mo: months; SD: standard deviation; *: p<0.0
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CONSIDERAGOES FINAIS

As evidéncias apresentadas nesta dissertacdo reforcam a complexidade do
CCP, destacando tanto as oportunidades proporcionadas pelo uso de métodos
computacionais, quanto os desafios clinicos das suas aplicagbes. A analise
bibliométrica evidenciou o crescimento da aplicacdo da IA na pesquisa sobre o CCP,
sobretudo em radiologia, RT, diagnodstico e predicdo de sobrevida. Houve um
aumento no uso de IA na pesquisa de cancer de cabeca e pescogo desde 2016, porém
indicou uma disparidade notavel na quantidade de publicagdes entre paises de alta
renda e paises de baixa/média renda. Sobre a caréncia de estudos com IA em paises
mais pobres, esse fator pode gerar viés sistémico, bem como a auséncia de
diversidade étnica causaria um viés de representagdo. Porém, a heterogeneidade
metodoldgica, a falta de padronizagao e a limitada validag&o externa ainda restringem

a adocao dos métodos computacionais de forma mais ampla e confiavel.

Por outro lado, o estudo primario demonstrou que a avaliagcdo da morfologia
o6ssea mandibular por indices radiomorfométricos e DF em pacientes irradiados nao
revelou diferengas significativas em comparagdo a controles, embora variagbes
relacionadas a localizacdo do tumor e a dose de radiagdo tenham sido observadas.
Esses achados enfatizam a necessidade de abordagens individualizadas antes dos
procedimentos odontolégicos, como a estratificagdo de risco personalizada e
intervengdes especificas para cada paciente no acompanhamento pdés-RT,
considerando a heterogeneidade dos pacientes e dos protocolos de tratamento. Em
conjunto, os resultados destacam o potencial das tecnologias computacionais,
incluindo a analise radidmica e aprendizado de maquina, como ferramentas
promissoras para a deteccdo precoce de alteragdes Osseas, predicdo de
radiotoxicidades e suporte a decisao clinica personalizada, contribuindo para o avango
do manejo do CCP e para a melhoria da qualidade de vida dos pacientes.
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"Resumo:

Introducao: A radioterapia € amplamente utilizada como tratamento para neoplasias malignas de cabeca e
pescoco, no entanto, existem efeitos adversos potenciais a longo prazo. As alteracoes 6sseas e das vias
aéreas apos radioterapia nao estao completamente elucidadas na literatura, apesar dos tecidos da regiao
craniofacial serem inevitavelmente afetados pela radioterapia. Objetivos: O objetivo desse estudo € avaliar
as alteracoes induzidas pela radioterapia na regiao de cabeca e pescoco por meio de analises de imagem.
Materiais e Métodos: Este trabalho sera composto por trés partes. Parte I: Elaboracao de uma revisao
sistemaética objetivando esclarecer se exames de imagem sao capazes de detectar precocemente
complicacoes causadas no complexo maxilomandibular ap6s a radioterapia na regiao cabeca e pescoco.
Parte II: Estudo experimental prospectivo, no qual serao avaliadas radiografias panoramicas e tomografias
computadorizadas de feixe conico realizadas como exame de rotina assistencial composto por 2 grupos: um
grupo de pessoas que realizaram o tratamento de radioterapia de cabeca e pesco¢o e um grupo controle
sem radioterapia, pareados em idade e sexo. Nessa etapa serao analisados os seguintes parametros:
dimensao fractal, anélise por indices radiomorfométricos, reabsorcao 6ssea, area luminal das vias aéreas,
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