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RESUMO

A érea da salde demanda por tecnologias da informacdo e métodos computacionais
para melhorar a produtividade dos servigos e oferecer assisténcia personalizada aos pacientes.
Este trabalho buscou desenvolver e explorar sistemas e métodos computacionais para
implementar melhorarias no gerenciamento, otimizar 0S exames, e acessar novos
biomarcadores e assinaturas com inteligéncia artificial para apoio & decisdo. Foram
desenvolvidos e implementados softwares com o conceito Workflow Based Approach (WBA)
e métodos computacionais escritos em linguagem Python para melhorar a gestao e otimizar o0s
protocolos de exames. Um workflow para acesso a novos biomarcadores e assinaturas IA foi
desenvolvido e validado em pacientes com CT de COVID-19, 18F-FDG-PET/CT de cancer
de colo do Utero e 18F-FDG-PET/CT de linfoma Hodgkin. O workflow demonstrou-se valido
em analises de robustez: repetitividade (erro < 5%), reprodutibilidade (coeficiente de
correlacdo intraclasse, ICC > 90%) e correlagéo clinica (p < 0,05). Os modelos preditivos para
18F-FDG-PET/CT de céncer de colo do utero e 18F-FDG-PET/CT de linfoma Hodgkin
apresentaram desempenho geral de AUC=0,74 e AUC=0,96, respectivamente. Um novo
software que utiliza métodos de 1A para apoio ao diagnéstico da COVID-19 em CT de tdérax
de pacientes com pneumonia foi disponibilizado e validado em um PACS/Viewer. Sem apoio
do software, os médicos tiveram desempenho médio de 83,4% de sensibilidade, e 64,3% de
especificidade. Com o apoio do software, o desempenho melhorou para 87,1% de
sensibilidade, e 91,1% de especificidade. Adicionalmente, o software melhorou a
concordancia entre observadores, de moderado para substancial, em uma escala construida a

partir do coeficiente de concordancia Cohen’s Kappa.

Palavras-chave: Tecnologia médica, padronizacdo, protocolos, biomarcadores, inteligéncia

artificial, radiologia



ABSTRACT

The healthcare industry demands information technologies and computational
methods to improve productivity and offer personalized assistance to patients. This work
aimed to develop and explore information systems and computational methods to improve the
management, optimize the exams, and provide new biomarkers and artificial intelligence
signatures for decision making in medical imaging facilities. We developed softwares based
on Workflow Based Approach (WBA) concept and computational methods using Python
language to improve the management and optimize the exam protocols. A framework to
access new biomarkers and artificial intelligence (Al) signatures was developed and validated
in COVID-19 CT patients, 18F-FDG-PET/CT cervical cancer and 18F-FDG-PET/CT
Hodgkin lymphoma patients. This framework was feasible for robustness analysis: repetitivity
(error < 5%), reproducibility (intraclass correlation coefficient, ICC > 90%) and clinical
correlation (p < 0.05). The overall performance of predictive models was AUC=0.74 and
AUC=0.96 for 18F-FDG-PET/CT cervical cancer and 18F-FDG-PET/CT Hodgkin
lymphoma, respectively. A new Al software to support thorax CT COVID-19 diagnoses was
implemented and validated within PACS/Viewer. Without the support of software, physicians
performed with mean sensitivity and specificity of 83.4% and 64.3%, respectively. When they
were assisted with Al software, mean sensitivity and specificity were 87.1% and 91.1%,
respectively. In addition, Al software improved the inter-rater reliability from moderate to

substantial agreement in a Cohen’s Kappa scale.

Keywords: medical technology, standardization, protocols, biomarkers, artificial

intelligence, radiology
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1. INTRODUCAO

O avanco dos computadores e das metodologias para desenvolvimento de sistemas tém
possibilitado a incorporacdo de novas tecnologias na medicina de uma forma répida e
crescente. Esta transformacdo ocorre em diferentes areas e linhas de cuidado, desde novas
solugdes de gestdo hospitalar, solugdes de telemedicina e tecnologias com inteligéncia artificial
para apoio a decisao médica.

Vérias especialidades na area de saude, especialmente os servigos de radiologia e
medicina nuclear enfrentam dificuldades relacionadas a complexa variabilidade dos processos,
riscos quanto as medicacdes e aumento crescente de procedimentos mais complexos. A falta de
ferramentas para gestdo das filas de atendimento leva a ineficiéncias operacionais (ex.:
aumento do tempo de espera do paciente) em todas as etapas da jornada do cuidado, desde o
acesso ao sistema de saude, passando pelo atendimento (ex.: recepcdo, salas de exames,
priorizacdo de laudos), até sua liberagdo médica. Devido a caréncia de solucdes de gestdo sob
medida, a maioria dos servigos ainda utilizam sistemas genéricos que nao contemplam as
especificidades da éarea (ex: procedimentos realizados em mudltiplas etapas e multiplos
protocolos clinicos), permitindo novos caminhos para a aplicacdo de tecnologias da
informacdo. O conceito de Workflow Based Approach (WBA) se destaca na adocdo de
softwares de gestdo sob medida, que se baseia na modelagem dos processos de salde, tal que o
sistema consiga gerenciar as rotinas contemplando as especificidades de cada processo. Além
de otimizar a gestdo, o sistema com WBA permite também agregar novas funcionalidades de
software especificas para determinado fluxo de trabalho.

Se, por um lado, sistemas de gestdo mais sofisticados podem suprimir a baixa
produtividade dos médicos - que gastam bastante tempo para coletar dados de pacientes, tomar
decisbes e elaborar os relatérios médicos - por outro lado, a introducdo de novos métodos
computacionais pode auxiliar os médicos acessar novas informagdes para a tomada de decisdes.
E o0 caso do emprego de técnicas para extracdo de biomarcadores de imagens (denominado
radibmica), que permite acessar informagdes de textura tumoral, densidade, atividade
metabolica, dentre outras caracteristicas das imagens medicas. O surgimento da pandemia da
COVID-19 afetou ndo s6 as pessoas como também a capacidade de atendimento do sistema de
salde. A COVID-19 causa uma pneumonia cuja diferenciacdo da etiologia no exame de

tomografia computadorizada nédo € possivel, por enquanto. Com isso, métodos computacionais
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com radidmica e inteligéncia artificial podem facilitar a diferenciacdo diagnostica e, portanto,
auxiliar na melhoria da gestdo da saude.

A Inteligéncia Artificial (IA) tem ganhado notoriedade na area da salde nos Gltimos
anos, em parte pelo alto potencial para melhoramento da classificagdo de doencas, contribuindo
com a medicina de precisdo. As aplicacdes tém sido diversas, desde combinacdes de variaveis
(ex.: pressdo arterial, diabetes) para criacdo de modelos com machine learning; até aplicacGes
complexas que envolvem processamento de imagens com deep learning para aceleracdo de
imagens, como Ressonancia Magnética (RM), Tomografia por Emissdo de Pdésitrons (PET) e
Tomografia por Emissdo de Foton Unico (SPECT) que podem otimizar o tempo da realizacio
do exame, reduzindo de cerca de 20min para 5-10min.

Existem atualmente aplicacOes para aceleragdo de exames e para extracdo de
biomarcadores que sdo, em geral, parte dos equipamentos de aquisi¢do de imagens. Porém,
para utilizar estas solucBes os usuarios devem adquirir licencas junto ao fabricante dos
equipamentos. Isto limita, sobretudo, a incorporacdo dos biomarcadores em modelos preditivos
com |A, devido aos desafios de interoperabilidade. A implementacao de solugbes de 1A em um
sistema WBA independente dos equipamentos de aquisicdo de imagens poderia facilitar o
acesso a estas novas tecnologias. Por outro lado, o desenvolvimento de softwares para
aceleracdo de imagens requer a incorporacao de técnicas que simulam imagens de diferentes
padrdes de qualidade, a fim de verificar a consisténcia dos softwares em transformar imagens
de baixo padrdo de qualidade em imagens clinicas convencionais. Neste mesmo sentido, o
estudo de novos biomarcadores (extracdo, reprodutibilidade, correlacdo clinica) precede a
disponibilizacdo dos modelos de apoio a decisdo com 1A, o que demanda um continuum de
desenvolvimento tecnoldgico e andlises até a validagdo clinica.

Este trabalho de pesquisa e desenvolvimento (P&D) traz solugbes em termos de
melhorias na gestdo de servicos de diagnostico por imagens utilizando recursos de software
(menor tempo de exame, menor radiacdo e seguranca do paciente), acesso a novos

biomarcadores, e algoritmos de inteligéncia artificial para apoio ao diagnéstico.
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2. OBJETIVOS

Geral:
Explorar a aplicacdo de sistemas e métodos computacionais para melhorias na gestdo e na

assisténcia aos pacientes em servicos de diagndstico por imagens.

Especificos:

e Desenvolver e implementar metodologias e software para gerenciamento e otimizacao
dos exames de imagens: tempo de imagem, menor dose de radiacdo e seguranca do
paciente.

e Desenvolver e implementar metodologias para extracdo, selecdo e andlise de
biomarcadores de imagens.

e Desenvolver e implementar algoritmos preditivos em exames de PET e CT para o

diagnostico de linfoma de Hodgkin, cancer de colo de Gtero e COVID-19.
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3. REVISAO DE LITERATURA

Neste capitulo sdo abordadas as fundamentacGes tedricas das principais tecnologias
digitais, sistemas de informacdes e métodos computacionais aplicados na medicina, com énfase
nos softwares usados no segmento de diagnostico por imagens.

3.1 Sistemas de Informacdes

3.1.1 Sistemas RIS

Os departamentos de radiologia estdo entre os primeiros servigos médicos a adotar
sistemas eletronicos de registro na década de 1960-70, operando de forma relativamente
independente do hospital, quando passaram a ser chamados de Sistemas de InformagGes em
Radiologia (do inglés, Radiology Information System — RIS). As principais rotinas que foram
inicialmente digitalizadas se referem a identificacdo do paciente (e da solicitacdo de exames) na
base de dados do hospital e a monitoracdo do paciente durante a imagem e o laudo médico
(ASH and BATES et al., 2005). Desde entdo, os softwares RIS passaram por evolugdes ao se
integrar em sistemas PACS (do inglés, Picture Archiving and Communication System — PACS)
na década de 1990 e incorporar fluxos de trabalho mais eficientes, permitindo realizar mais
estudos, laudos elaborados mais rapidos e disponibilizados quase que imediatamente (NANCY
etal., 2013).

A variabilidade dos processos em saude dificulta a implantacdo de sistemas de
informagdes, que devem ser generalizaveis para diferentes tipos de procedimentos médicos.
Neste sentido, os softwares de gestdo deveriam incorporar conhecimento, a fim de melhor
auxiliar os usuarios na gestdo dos processos, no que se denomina WBA (do inglés, Workflow
Based Approach), permitindo maior flexibilidade e nimero de funcionalidades na gestdo de
processos em salde (ZANG et al., 2009).

3.1.2 Sistemas de Arquivamento e Comunicacéo de Imagens (PACS)

Os sistemas PACS sdo aplicacdes que armazenam e distribuem imagens médicas no
padrdo DICOM (do inglés, Digital Imaging and Communications in Medicine). Estes sistemas
sdo integrados com os equipamentos de aquisi¢cdo de imagens como tomografos, ultrassons,
dentre outras modalidades, e quando integrados com sistemas de visualizagdo de imagens,

permitem a analise dos exames de forma remota. Desde o surgimento destes sistemas na década
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de 1980, o segmento de diagnostico por imagens passou por uma rapida evolucdo, sendo
adotado o conceito, em 1995, de PACS de Larga Escala as aplicagdes que se enquadrassem,
dentre outros critérios, o gerenciamento de mais de 20.000 exames por ano (MANSOORI et
al., 2012). Os altos custos envolvidos na implantacdo de um sistema PACS suscitaram davidas
sobre o custo-efetividade destes sistemas. Em 2009, AYAL e colegas publicaram um estudo
demonstrando que o beneficio econémico na integracdo dos sistemas hospitalares com os RIS e
PACS alcancam 63% ao final dos primeiros 12 meses pés-implantacdo (AYAL and SEIDMAN
et al., 2009). Os ganhos com eficiéncia e produtividade incluem o acesso aos exames através da
internet, eliminagdo de processos manuais redundantes (ex: worklist nas estagdes de trabalho

que integram com a agenda do RIS) e aumento da produtividade médica.

3.1.3 Interoperabilidade

A interoperabilidade se refere a capacidade de diferentes softwares trabalharem em
conjunto, garantindo que os sistemas interajam para trocar informacbes de maneira eficaz.
Como vimos, as tecnologias das informacgdes sdo fundamentais para a melhoria da assisténcia
aos pacientes e para a otimizacdo operacional dos servicos de saude. Entretanto, apesar dos
beneficios trazidos pela interoperabilidade entre sistemas, esta tarefa é muito dificil ou
inalcancdvel em alguns casos. Isto se da principalmente pela diversidade e heterogeneidade das
diferentes ferramentas digitais, métodos, processos e procedimentos que resultam em muitos
softwares proprietarios sem terminologias padronizadas (IROJU et al., 2013). A integracédo
baseada em padrdes de interoperabilidade ¢ um dos aspectos de softwares para salde mais
modernos. Os principais padrOes de interoperabilidade sdo os protocolos de comunicagdo
DICOM (para imagens) e HL7 (para dados dos prontuarios) (BLAZONA and KONCAR,
2007).

3.2 Padronizacao de Protocolos de Exames

Construir e manter um conjunto de protocolos consistentes e padronizados ¢ dificultoso
principalmente quando se tem mdaltiplos departamentos integrados em um grande sistema de
saude. Nestes casos, a falta de uniformidade nos protocolos assistenciais pode aumentar em 2,5
vezes a quantidade de protocolos de exames, como foi demonstrado no estudo de SACHS et al.
(2017) com protocolos de CT e RM em 5 hospitais operando em rede. Neste estudo, os autores

demonstraram uma experiéncia na padronizacdo dos pedidos médicos e na realizagcdo dos
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exames, reduzindo a quantidade de protocolos em aproximadamente 60%, usando uma
metodologia baseada na indicacdo clinica do exame.

Metodologias de acreditacdo e politicas de qualidade sdo outro importante recurso para
a padronizacdo dos procedimentos, sobretudo quando estdo envolvidos biomarcadores de
imagens usados como escores para reportar os achados (KAALEP et al., 2018). Neste contexto,
a padronizacdo de biomarcadores € um passo importante para avancar os sistemas aplicados a
radiologia e imagem molecular. Para isto, os protocolos de imagens devem ser estabelecidos no
sentido da padronizacdo do preparo, etapas, reconstrucdo de imagens, metodologias para
comunicagéo dos resultados e garantia da qualidade dos processos (ACR, 2022; PADHANI, A.
and OLLIVIER et al, 2001; WAHL et al, 2009; HOEKSTRA et al, 2014).

3.3 Otimizacéao de protocolos de imagens

As imagens de PET, SPECT e RM adotam protocolos de aquisi¢cdo de dados que podem
priorizar 0 menor tempo de exames considerando um liminar de padrdo de qualidade
(KOOPEMAN et al, 2016; MENEZES et al, 2016; LECCHI, M. et al. 2017; JAMBOR, 2017).
Nestas modalidades, o tempo de aquisi¢do das imagens ¢ um fator crucial na produtividade do
servico de salde, onde o tempo pode ser otimizado com a incorporacdo de detectores mais
sensiveis nos equipamentos e/ou com softwares de reconstrucdo tomografica que permitem
recuperar imagens realizadas com baixo sinal (maior relagéo sinal/ ruido) a fim de obter novas
imagens com padrdo diagnostico (DESHMANE et al, 2012; VALENTA et al, 2010;
MACHADO et al, 2019).

Por outro lado, as imagens de CT sdo realizadas em alguns segundos, por isso a
otimizacdo dos protocolos desta modalidade tem foco na reducdo da dose de radiacdo aos
pacientes. Por isso os equipamentos de CT mais modernos possuem tecnologia de modulacao
de corrente do tubo de raio-X, que regula a intensidade da radia¢do de acordo com a densidade
da regido do corpo, mantendo a qualidade das imagens e expondo o paciente a quantidade
minima de radiacdo necessaria para um padrdo de qualidade pré-determinado (MARTIN and
SOOKPENG, 2016).

Em geral, as solugdes de software sdo proprietéarias do fabricante do equipamento de
imagens, o que traz dificuldades em padronizar protocolos e metodologias entre diferentes
modelos de equipamentos. A figura 1 ilustra como diferentes softwares de reconstrugdo de
imagens geram padr@es de qualidade (ruido) diferentes para o equipamento PET/CT. Esta

implementacdo gera desempenhos que podem reduzir o tempo de imagens e/ou a quantidade de
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radiofarmacos utilizada no paciente (figura 2), mantendo-se padrdes de detectabilidade e
quantificacdo (MACHADO et al 2017).

Figura 1 - Box plot dos valores de ruido (CV) para as
reconstrucées OSEM e PSF do fabricante Siemens.

Coeficiente de Variagao (%)

Adaptado de MACHADO et al 2017.

Comparacao do ruido (CV) nas imagens entre os softwares de reconstrugdes ordered subset
expectation maximization (OSEM) e Point Spread Function (PSF) ( PET/CT Siemens),
demonstrando a superioridade (menor ruido) da reconstru¢do PSF em relacéo a reconstrugéo
OSEM. O menor ruido intrinseco possibilita realizar imagens mais rapidas e/ou com menor

posologia do radiofarmaco.

Na figura 2, é apresentada a comparacdo da posologia do radiofdrmaco necesséria para
cada tipo de software de reconstrugdo. Na PSF7 (reconstrucdo PSF com filtro de 7mm), gera
quantificacbes equivalente a reconstrucdo OSEM com filtro de 5mm; na PSF2 (reconstrugéo

PSF otimizada para melhoria da detectabilidade), gera quantificacbes em escalas diferentes em
relacdo a PSF7 e OSEM.



18

Figura 2 — Esquema de posologias do 18F-FDG por tipo de reconstrugdo, normalizado para 3 min

de tempo de imagem em cada regido do corpo (bed position).
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Adaptado de MACHADO et al 2017.

Em 2017, nosso grupo incorporou no sistema Nuclearis 0 método para otimizacdo da
posologia do radiofarmaco e o tempo da aquisicdo das imagens (MENEZES et al, 2016), de
modo que os usuarios do software pudessem configurar parametros dos equipamentos, padrées
de qualidade, parametros de producdo (posologia e tempo) e operar o sistema para otimizar os
recursos de forma pratica (MENEZES et al, 2018).

Com a popularizacdo da inteligéncia artificial, outras solucGes de software para
aceleragcdo da aquisicdo de imagens e/ou reducdo de doses de radiacdo, tém sido propostas
usando redes neurais (método deep-learning) para supressdo do ruido da imagem (denoise).
Estes algoritmos sdo capazes de reconstruir o resultado de uma imagem diagnostica a partir de
um padrdo de imagem de baixo sinal (alto ruido) (YANG et al, 2017; KAPLAN et al, 2019;
SANAAT et al, 2021; ALMEIDA et al, 2021; OLIA et al, 2022). Estas solugdes tém a
vantagem de operar de forma independente do equipamento de aquisi¢do de imagens. O
equipamento pode gerar a imagem de baixa qualidade (com ruido) e enviar para o sistema
PACS, a partir do qual outros softwares podem atuar. Outra vantagem destas solucdes é que
equipamentos de imagens e solugdes mais antigas ainda em uso no mercado poderdo se
beneficiar destas solugdes sem a necessidade de grandes investimentos em atualizacdes dos

Seus sistemas.
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3.4 Biomarcadores de imagens

Os biomarcadores podem ser compreendidos como grandezas mensuraveis da condigdo
de salde, da severidade ou da presenca de algum estado de doenca (STRIMBU e TAVEL et al,
2010). As multiplas modalidades de imagens como CT, RM, PET e SPECT sdo amplamente
utilizadas para diagnostico, estadiamento, prognostico e monitoracao da resposta ao tratamento.
A capacidade de extrair escores como volume tumoral, fracdo de ejecdo do ventriculo esquerdo
ou mesmo a captacao glicolitica do tumor reforca a importancia destes métodos de imagens no
manejo dos pacientes. Biomarcadores baseados na textura da imagem a partir do tecido, na
morfologia e no metabolismo da substancia injetada tem-se tornado possiveis de serem obtidos
a partir de métodos computacionais para processamento de imagens, passando a fornecer
informacdes complementares sobre o estado do paciente (COOK et al, 2014; VALLIERES et
al, 2018). Este campo tem sido denominado de radidbmica, onde varios autores reportaram
achados importantes em varias doencas e modalidades de equipamentos (TIXIER et al, 2011;
SUl et al, 2019; HUANG et al, 2021; PARK et al, 2020).

Um importante campo de pesquisas € a padronizacdo e a reprodutibilidade destes
biomarcadores (NAMIAS et al, 2018; CRANDALL et al, 2021; PFAEHLER et al, 2021).
Estas iniciativas tém sido essenciais para disponibilizar ferramentas para qualificar e
implementar novos biomarcadores na rotina clinica (ORLHAC et al, 2018, PARK et al, 2020;
ZWANENBURG; et al, 2020).

Plataformas de radiémica e analytics sdo restritas a alguns softwares livres (ex: LIFEX,
ImageJ) e outros poucos comerciais (ex: Radiomics, Sophia Genetics) capazes de quantificar
padrdes nas imagens das lesdes. Em geral, estes sistemas séo dificeis de ser incorporados no dia
a dia da pratica clinica porque ndo tém uma usabilidade pratica, principalmente pela
dificuldade de interoperabilidade com os demais sistemas hospitalares. Apos quantificar os
atributos radidmicos nestes sistemas, é necessario analisar quais podem se caracterizar como
biomarcadores na pratica, em termos de reprodutibilidade e associacao clinica, servindo entéo
de ferramenta de apoio a decisao.

Medicina de Precisao

A medicina de precisdo é definida como um processo envolvendo a derivagdo de novas
taxonomias baseadas em fenotipagem profunda. Para implementar a medicina de precisao, 0s

resultados clinicos devem ser retroalimentados para obter ganho do conhecimento e assim,
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aumentar a precisdo (KOENIG et al, 2017). Neste contexto, os biomarcadores de imagens
podem contribuir como informacédo incremental para o aprofundamento desta fenotipagem. De
acordo com KOENIG e colaboradores (2017), sdo necessarios esfor¢os continuos para alcancar
ainda mais precisdo e individualizagdo, sendo que o ganho de conhecimento incremental,

possivelmente de novas fontes de dados, pode incrementar ainda mais a acuracia.

3.4.1 Linfoma de Hodgkin

Nas Ultimas décadas, a terapia do linfoma Hodgkin evoluiu ao ponto de alcangar mais
de 90% de sucesso, onde o exame 18F-FDG PET/CT se tornou o padrdo ouro para o
estadiamento e resposta ao tratamento, sobretudo como ferramenta para a personalizacdo da
quimioterapia e radioterapia (METTLER et al, 2018). O exame de 18F-FDG PET/CT tem a
capacidade de detectar a extensdo da doenca e o comprometimento da medula d&ssea,
permitindo o estadiamento de doenga nodal e extra linfatica de forma ndo invasiva.
Adicionalmente a monitoracdo de mudancas durante o tratamento, alguns estudos apontam que
0 exame basal (antes do inicio do tratamento) tem o potencial de predizer a resposta ao
tratamento usando biomarcadores como o volume metabolico do tumor (COTTEREAU et al,
2018).

Os biomarcadores classicos como a captacdo tumoral (SUV, do inglés Standardized
Uptake Value) e volume tumoral (MTV) ignoram a heterogeneidade do tumor, que poderia
servir como covariavel para explicar o comportamento da doencga. Milgron e colegas usaram
um modelo de aprendizado de maquinas incluindo co-variaveis de textura e alcangaram
aproximadamente 95% de acurécia, indicando que a radidmica tem potencial para incrementar

a capacidade preditiva do comportamento da doenca (MILGROM et al, 2019).

3.4.2 Cancer de colo de Utero

O cancer de colo de Utero é uma das causas de morte mais frequente entre as mulheres,
especialmente em paises em desenvolvimento (BRAY et al, 2018). Em pacientes com estagios
mais avancados da doenca, o exame 18F-FDG PET/CT é recomendado para avaliar o linfonodo
e a doenca metastatica (FERLAY et al, 2015; SUNG et al, 2021). O biomarcador de captagédo
tumoral (SUV) é o mais usado na técnica de PET/CT, informando sobre o metabolismo
glicolitico do tumor. Quanto mais &vido pela glicose, mais agressivo € o tumor. Outros

biomarcadores tém sido usados como o volume metabolico (MTV) e o produto entre a captacao
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e o volume (glicolise total, do inglés Total Lesion Glycolisis - TLG) (IM et al, 2018;
KHIEWVAN et al, 2016). Dentre os varios biomarcadores disponiveis, aqueles relacionados a
textura possuem alta correlacdo com a heterogeneidade do comportamento bioldgico (ex:

necrose, hipoxia) e, portanto, poderiam servir como preditores de resposta.

343 COVID-19

A tomografia computadorizada (CT) é usada no diagndéstico e estadiamento da pneumonia
desempenhando, portanto, um importante papel no manejo da pandemia da COVID-19 (KWEE
et al, 2020). Entretanto, o padrdo das lesGes pulmonares vistos na CT ndo sdo patognomonicos,
impondo uma limitagdo o método (BARBOSA et al, 2020). Com isso, alguns estudos
mostraram o potencial de métodos com radidmica e IA para melhorar a especificidade da CT
na pneumonia da COVID-19 em relacdo a outros tipos de pneumonia (SYEDA et al, 2021).
Portanto, a incorporacdo de métodos de reconhecimento de padrGes nos softwares de

visualizacédo de imagens pode trazer ganhos importantes no manejo da COVID-19.
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4. MATERIAL E METODOS

Com apoio do programa brasileiro de apoio a startups em 2014, nosso grupo iniciou o
desenvolvimento de um software de gestdo (denominado Nuclearis) com o conceito WBA,
sobretudo para lidar com as especificidades das modalidades PET e SPECT, que usam
medicamentos radioativos e fluxos de processos complexos (programa Startup Brasil CNPq,
projeto 463765/2014, RADTEC, chamada CNPg/MCTI/SEPIN 12/2014 Programa Startup)
(MACHADO et al., 2016).

Em 2019, evoluimos a plataforma Nuclearis para incorporar uma solugdo PACS com
laudos e prontuéarios eletrbnicos estruturados integrados (FAPESB: Edital Bahia
Inovacdo/FAPESB/SECTI N° 008/2016, projeto 19.571.128.5420, contrato n° 03.10.0322.00),
hospedado na nuvem (Amazon Web Services), visando aumentar a produtividade da equipe
multiprofissional a partir de ferramentas de gestao integradas.

Neste trabalho, foram desenvolvidos 1) software e método para gerenciamento de filas
de exames, 2) software e método de particionamento de imagens para simulacdo de imagens
SPECT com diferentes padrbes de qualidade, facilitando estudos de otimizacdo dos exames,
além de serem precursores de modelos deep-learning para supressdo de ruido - denoise; 3)
métodos para extracdo, padronizacdo, selecdo e analises de novos biomarcadores, 4) solucao
integrada no sistema RIS/PACS-Nuclearis para diagndstico da COVID-19, usando deep-
learning para segmentacdo automatica de imagens, e machine-learning para disponibilizacao
de assinaturas 1A com radidmica.

Devido a pandemia da COVID-9, que causou 230.452 mortes no Brasil em 2020
(FIOCRUZ, 2021), no ano seguinte foi iniciado o desenvolvimento tecnoldgico emergencial (6
a 12 meses) de solugdes visando a melhoria no gerenciamento dos servigos de saude (FINEP:
Edital n° 03/2020, Solucdes tecnoldgicas inovadoras para produtos, Servicos e processos
implementadas por Startups e Empresas de Base Tecnoldgica aplicadas ao ambiente de
pandemia de COVID-19, Contrato: 03.20.0113.00) e solugdes visando o diagndstico da
COVID-19 por imagens de CT e inteligéncia artificial (FINEP: Edital n°® 02/2020, Solugdes
Inovadoras para o combate ao COVID-19, Contrato: 03.20.0156.00).

Para a disponibilizacdo das aplicacfes tecnoldgicas na rotina clinica, foi utilizada a
metodologia de desenvolvimento de produtos baseada em TRL (do inglés, Technology
Readiness Level), identificando as etapas de pesquisa basica, desenvolvimento tecnoldgico,

validacdo e industrializacdo (norma ISO 16290:2013). Alguns recursos disponiveis na
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plataforma Nuclearis, como workflows clinicos, prontuarios, PACS/Viewer e APIs, facilitam a
coleta e distribuicdo de dados para validacdo rapida dos produtos (TRL7), incorporados nos

seguintes componentes tecnoldgicos da plataforma:

e Workflow Clinico - Padronizacdo de protocolos, monitoracdo dos processos,
gerenciamento de filas e acesso facilitado a dados clinicos.

e Estatistica & Analytics — Painel de apoio a tomada de decisoes.

Este trabalho complementou estas solugdes com novas ferramentas para gerenciamento
de servigos de imagens, otimizacdo de protocolos e acesso a novos biomarcadores e assinaturas
com IA. A metodologia para desenvolvimento de software foi baseada nos principios de
Gerenciamento de Projetos propostos pelo BPM CBOK (CBOK, 2009). Os softwares
desenvolvidos neste trabalho foram depositados no sistema de Peticionamento Eletrénico para

registro de software no Instituto Nacional de Propriedade Industrial (INPI).

4.1 Software e método para gerenciamento de filas de exames

Para avaliar o impacto do software de gestdo de filas, 17 (dezessete) os usuarios de 06
(seis) centros diagnosticos foram convidados a responder um formuldrio comparando a
experiéncia antes e depois da implantacdo do software na rotina de trabalho (TRL7). O
formulario € composto por quatro perguntas, com opg¢des de respostas sendo importante ou
indiferente, para as duas primeiras perguntas (A e B); e opcOes de respostas sendo melhorou,

piorou ou indiferente para as duas ultimas perguntas (C e D).

Questionario:

A) Como vocé avalia a importancia de um software para auxiliar na rastreabilidade do
paciente?

B) Como vocé avalia a importancia de um software para gerenciar as filas de atendimento?

C) Na sua experiéncia com outros sistemas, em relagdo ao Nuclearis, como vocé avalia o
impacto na seguranca do paciente para a administracdo dos radiofarmacos?

D) Na sua opinido, quanto o Nuclearis auxilia no gerenciando de filas no atendimento em

relacdo a outros sistemas?
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4.2 Software e método para otimizacédo do tempo de imagens

Nesta etapa viabilizamos o acesso a séries de imagens (do mesmo paciente) com
diferentes padrdes de qualidade, simulando situacfes de baixo sinal (maior ruido). Este aparato
ird apoiar na definicdo de protocolos otimizados para aquisicdo de imagens médicas.
Adicionalmente, poderd ser aplicado também para a criacdo de novas tecnologias para
recuperacdo de ruido usando deep-learning, visando a aceleragdo de exames e/ou reducao de
doses de radiacdo (ALMEIDA et al, 2021; OLIA et al, 2022).

A metodologia desenvolvida para acesso a imagens de baixo sinal utilizou o
equipamento de eletrocardiograma, usado em exames de imagens cardiacas, para capturar
multiplos do sinal gerado pelos equipamentos de imagens. Com estes mdaltiplos, pode-se
simular exames realizados com diferentes espectros de sinal/ ruido (ARMSTRONG et al,
2012).

4.3 Padronizacao, selecdo e analise de biomarcadores

Esta etapa visou identificar, padronizar e avaliar a viabilidade de atributos radiémicos
suficientemente robustos que poderdo ser extraidos e usados na pratica como biomarcadores.
Obviamente, 0 acesso a estes atributos sé fez sentido se eles complementavam uma informacao
existente (caracterizando-se como biomarcador), ou se sdo mais reprodutiveis ou de mais facil
acesso, considerando custo e disponibilidade. As metodologias para analise destes atributos
radibmicos seguiram conforme proposto por ORLHAC (2018), ZWANENBURG (2020) e
PFAEHLER (2021). Foram usados biomarcadores de PET para pacientes com linfoma, colo de
tero e objetos simuladores de imagens para avaliagdes de reprodutibilidade e associacdo com
desfechos clinicos (recidiva, morte), e foram usados biomarcadores CT para pacientes com
pneumonias COVID e ndo-COVID para analises de padronizagdo, selecdo e harmonizacdo de

biomarcadores.

4.4 Workflow para acesso a novos biomarcadores de imagens

A figura 3 apresenta as etapas fundamentais que foram utilizadas para obtencdo de
biomarcadores radidmica. A etapa A, corresponde a imagem que O paciente gera no
equipamento, com a indicacgdo correta e com os protocolos de qualidade definidos. Tendo em
vista que diferencas entre equipamentos (ex: modelo, softwares de reconstrucdo, filtros de
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imagens) poderiam afetar a escala e a reprodutibilidade do biomarcador, tornou-se fundamental
a determinacdo de parametros de qualidade nesta etapa do processo. A etapa B necessitou de
algoritmos computacionais para deliminar a regido ou 6érgdo de interesse (segmentacao).
Quando a segmentacdo da imagem € feita de forma manual, introduz-se um fator operador-
dependente no processo, pois muitos atributos radiémicos sdo sensiveis a regido delineada da
imagem (ex: geometria da segmentacao, regido considerada, fatores de ponderacdo). Como
consequéncia, € importante a escolha de biomarcadores que sejam invariaveis em funcdo de
pequenas variacOes na regido segmentada. Preferencialmente, a segmentacéo automatica devera
ser usada, pois elimina o viés do observador, além de automatizar o processo. Na etapa C foi
feito o célculo do atributo radiébmico a partir das relagdes matematicas entre os pixels
(radibmica). Nesta etapa foram aplicados também métodos de selecdo de atributos que sejam
suficientemente robustos. Por exemplo, nesta etapa foram séo eliminados atributos com baixa
reprodutibilidade e atributos que variavam pouco em fun¢do da condicao clinica. Ao identificar
atributos (biomarcadores) que eram estaveis e que representavam a doenca, fez-se necessario
eliminar aqueles que sejam fortemente correlacionados entre si, para simplificar o problema e
evitar o viés de maltiplas hipoteses. A etapa D avaliou os biomarcadores juntos com outras
condices clinicas do paciente para apoio a decisdao médica em modelos multivariados.

Figura 3 - Etapas para extracdo de biomarcadores de imagens

a) Aquisi¢ao de imagens b) Segmentacao

O workflow desenvolvido nesta etapa permitiu maior rapidez na extracdo e selecdo de
biomarcadores. Nesta etapa, foram usadas as plataformas disponiveis ImageJ, LIFEXx e
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PyRadiomics como experiéncias para definir o conjunto de ferramentas mais adequado para o
grupo (KANOUN et al., 2015; NIOCHE et al., 2018; GRIETHUYSEN et al., 2017).

4.5 Software de IA para diagnostico da COVID-19

Foram desenvolvidos componentes de software integrados no sistema RIS/PACS-
Nuclearis, usando deep-learning para auto-segmentacdo de imagens, e machine learning para
disponibilizagdo de assinaturas 1A com radidomica. Recursos com interoperabilidade DICOM
foram desenvolvidos para acesso e opera¢Ges com as imagens no conceito PACS Larga Escala
(MANSOORI et al., 2012) para incorporar a ferramenta de apoio a decisdo para diagnostico
diferencial da COVID-19. A ferramenta foi construida usando dois escores com machine
learning: a) questiondrios estruturados a partir de padronizacdes da taxonomia médica, e b)
escores de biomarcadores de radidmica. Estes recursos computacionais foram desenvolvidos
com a linguagem de programacao Python (VANROSSUM et al, 1995).

A figura 4 exemplifica o recurso que foi desenvolvido na plataforma para acionar o
conjunto de inteligéncia para apoio ao diagndstico da COVID-19. Em 4-A, temos um exame de
CT de torax de um paciente, demonstrando o botdo para apoio inteligente ao diagnéstico da
COVID-19. Em 4-B, O usuario escolhe 10 opcdes de um laudo estruturado, e na etapa final (4-
C) o recurso retorna uma assinatura 1A do laudo estruturado, e uma assinatura 1A baseada em
radidbmica.

Figura 4 — Usabilidade e arquitetura para diagnostico inteligente da COVID-19

PACS/ Viewer verséo 2.0:
Apoio a decisdo para Covid19
Arquitetura para consulta de biomarcadores & IA
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A figura 5 apresenta um resumo das etapas, aplicacOes e ferramentas de software/
linguagens de programacao usadas neste trabalho. O detalhamento metodoldgico de cada etapa

pode ser verificado nos artigos apresentados a seguir.

Figura 5 — Quadro resumo das etapas do estudo

Artigos Tecnologias Etapas Aplicagdes Periodo
Nuclearis (web) Exames de imagens
Interoperabilidade PACS/Viewer pr":r""ti';isﬁeos 2018-2019
Nuclearis (web) P G i to d Redugio do t
Anexo A Python CECE L A ats e Exames de medicina | 2020-2021
Anlgo 1 exames paciente da radiagdo nuclear
. Python, ImageJ, LIFEx Extragiio, Exames de imagens:
Artigos 2-6 | pyRadiomics, Excel, SPSS Workflow Ay padronizago, estudos de caso em 2018-2021
AnexoB | Orange fRdiSmics de blamarcadores PETeCT
Artigos 4-6 | Python, Orange Algoritmos
Anexo B | Nuclearis (web) preditivos em PET PET: linfoma Hodgkin e cancer de colo de Utero 2021-2022
Amazon Web Services = CT de pulméo: COVID-19 e outras pneumonia
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5. RESULTADOS

Os resultados correspondem a experiéncia dos usuarios do software WBA, apresentado

no Anexo A, aos artigos originais apresentados a seguir, e aos Anexos B e C.

5.1 ARTIGOS ORIGINAIS

Artigon° 1

Technical note: Partitioning of gated single photon emission computed tomography
raw data for protocols optimization
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1 | INTRODUCTION

Abstract

Purpose: Methodologies for optimization of SPECT image acquisition can be
challenging due to imaging throughput, physiological bias, and patient comfort
constraints. We evaluated a vendor-independent method for simulating lower
count image acquisitions.

Methods: We developed an algorithm that recombines the ECG-gated raw data
into reduced counting acquisitions. We then tested the algorithm to simulate
reduction of counting statistics from phantom SPECT image acquisition, which
was synchronized with an ECG simulator. The datasets were reconstructed
with a resolution recovery algorithm and the summed stress score (SSS) was
assessed by three readers (two experts and one automatic).

Results: The algorithm generated varying counting levels, simulating multiple
examinations at the same time. The error between the expected and the simu-
lated countings ranged from approximately 5% to 10% for the ungated simula-
tions and 0% for the gated simulations.

Conclusions: The vendor-independent algorithm successfully generated lower
counting statistics datasets from single-gated SPECT raw data. This method
can be readily implemented for optimal SPECT research aiming to lower the
injected activity and/ or to shorten the acquisition time.

KEYWORDS
gated SPECT, low-dose, optimization, raw data, shorter-scan-time

Advances in detectors, reconstruction software, and

Single photon emission computed tomography
(SPECT) is a widely used imaging method for the
diagnosis and management of many diseases."? The
method consists of injecting radiopharmaceuticals
to map their distribution in an organ. Optimizing the
imaging protocols to lower the amount of administered
radiopharmaceutical activities to patients, and/ or to
shorten the acquisition duration, is recommendable.®>'°

imaging protocols allow for the reduction of counting
statistics (which is a function of the administered activity
and the acquisition duration) without compromising the
image quality*~'” However, defining the optimal counts
requires to access various counting acquisition levels of
the same patient.

Experimental schemes in image optimization stud-
ies play a key role in SPECT research. Physiologi-
cal changes in patients between experiments, facility

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.
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imaging throughput, and patient comfort are important
research constraints. Most studies scanned the patient
two times using a variety of acquisition durations®®
or preferably used list-mode acquisition®~'3 List-mode
enables the use of the same image dataset to simulate
various scanning durations and/or injected activity. With
SPECT, only a few systems allow for simulating multi-
ple scan durations®'Y or setting up multiple acquisition
times concurrently.!”~'8 Therefore, vendor-independent
methods that allow for nuclear medicine practioneers to
easily simulate varying counting levels could facilitate
the execution of protocol optimization studies.'~16

The gated SPECT (G-SPECT) has been used in
most clinical settings to assess the functional informa-
tion (e.g., ejection fraction, wall motion, and thickness in
cardiac studies).'” Since G-SPECT employs a partition-
ing method that splits the acquisition data into subsets
of defined number of frames, it could be a promising
candidate to make lower counts simulations widely
available."

In this study, we used G-SPECT to present a vendor-
independent method to simulate varying amounts of
counting levels.

2 | METHODS

In a typical ECG-gated SPECT acquisition, the cardiac
cycle is divided into 8 or 16 frames, with each frame
corresponding to a specific phase of the cardiac cycle
in the tomographic projection?’ The images acquired
from the same frame are summated at each projection
and subsequently reconstructed using all projections to
generate the diagnostic image.

Our method consists of partitioning the cardiac cycle
into n frames using the gama-camera workstation, and
then recombining a subset of these frames to a required
counting level using our software, forming a new image
with eight frames. Figure 1 illustrates a cardiac cycle
divided into n = 32 frames. Following this, new simu-
lated images can be reduced to 3/4 (Figure 1b), 1/2
(Figure 1c), 1/4 (Figure 1d), or recombined to the original
ungated and gated images (Figure 1a).

An algorithm for implementation of the example in Fig-
ure 1e was developed in Phyton®! (Supporting informa-
tion 1). After input of the G-SPECT image with n frames,
the algorithm generates new datasets with simulated
100%, 75%,50%, and 25% countings of the ungated and
the gated images.

Phantom image acquisition and reconstruction were
used to analyze our algorithm. According to Table 1,
image acquisitions were performed with three Siemens
SPECT systems using either the static cardiac phan-
tom ECT/TOR/P (Data Spectrum Corporation)?? or the
PET/SPECT Phantom Source Tank (76-823) with the
Cardiac Insert (76-825) (Fluke Biomedical). The image
acquisitions were performed synchronized either with an
ECG simulator (Cardiac Trigger Monitor 7600) or syn-

TABLE 1 Experimental schemes
SPECT ECG Cardiac

Scheme system simulation phantom

1 e.cam Cardiac Trigger ECT/TOR/P
Monitor 7600

2 Symbia Evo Cardiac Trigger 76-823 / 76-825
Monitor 7600

3 Symbia Intevo Healthy ECT/TOR/P
volunteer

TABLE 2 Absolute error %Diff

Scheme SimulationA B c D

1 gated 0.00% 0.00% 0.00% 0.00%

1 ungated 4.96% 4.98% 5.02% 4.95%

2 gated 0.00% 0.00% 0.00% 0.00%

2 ungated  9.65% 9.66% 9.64% 9.68%

3 gated 0.00% 0.00% 0.00% 0.00%

3 ungated  9.60% 9.60% 9.54% 9.57%

Note: A-D: 100%, 75%, 50%, and 25% simulated counts, respectively.

chronized with the heart cycle of a healthy volunteer
(C.Q.) (n = 32 frames). Detailed imaging parameters are
available at supporting information 2.

The image raw data were retrieved from the Siemens
workstations and transferred to another workstation with
the software, recombined into four datasets and then
sent back to the Siemens workstation.

For each simulated image, the absolute error in the
new datasets was estimated by calculating the per-
centage difference in the expected counting statistics,
according to Equation (1):

%Diff = 100. (E;ES) (1)

where E corresponds to the theoretical expected count-
ing statistics and S corresponds to the counting statis-
tics of 64 summed projections in the simulated image.

Projections were reconstructed using the Flash3D™
resolution recovery algorithm and the summed stress
score (SSS) (17-segment polar map) was com-
puted using CorridordDM™ software (Michigan, United
States).2® Each simulated dataset was scored manually
by two experienced nuclear medicine physicians, and
scored automatically with the CorridordDM™. The mean
and 95% confidence interval (Cl) of SSS was assessed
for each counting level.

3 | RESULTS

The absolute error between the expected and the simu-
lated counting statistics (Equation (1)) for schemes 1-3
is presented in Table 2.
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reconstructed images

recombination into 8 frames

FIGURE 1
rebinned into new simulated images. (A) 100% simulated statistics of the original data, 32 frames divided into 8 frames. (B) 75% simulated
statistics of the original data, 24 frames divided into 8 frames. (C) 50% simulated statistics of the original data, 16 frames divided into 8 frames.
(D) 25% simulated statistics of the original data, 8 frames divided into 8 frames. (E) Simulated dataset with reduced frames merged into its
respective spot. (F) Reconstructed image of the summated frames

G-SPECT generates a standard ungated perfusion
image by summating temporal frames together?* The
Siemens systems, however, generate two independent
gated and ungated datasets with 5%—10% less counts
in the gated dataset. Since our software used the gated
image to generate the simulated ungated, the reduced
counts in the original gated image was propagated to
the simulated ungated image.

The left-hand side of Figure 2 shows a projection
of the partitioned/recombined raw data for the simu-
lated ungated images. On the right is the reconstructed
image showing the short, horizontal, and vertical axis
of the phantom. Counting levels relative to the origi-
nal input are shown in percentage terms as 100, 75,
50, and 25 from top to bottom. Figure 3 shows the
simulated data for the gated image with 100% and
25% countings.

Figure 4 presents the polar map with the SSS quantifi-
cations for the reconstructed ungated images. The mean
SSS value over three observers for 100%, 75%, 50%,
and 25% counting levels were, respectively, 6.0+2.0,
8.3+1.1,7.3+1.1% and 7.3+3.0 for the e.cam system;
0.3+1.1,0.3+1.1,0.0+0.0% and 0.3+1.1 for the Symbia
Evo;and 9.0+2.0,8.7+3.0, 8.3+3.0, and 8.7+1.1 for the
Symbia Intevo.

Partitioning and recombination of frames into lower counting statistics data. The colored marks indicate the selected frame to be

4 | DISCUSSION

We developed and provided a vendor-independent algo-
rithm for raw data partitioning/ recombination of G-
SPECT into varying counting levels to adequately sim-
ulate lower injected activity (or shorter acquisition dura-
tion) of SPECT studies. The feasibility of our method
was validated in a phantom experiment and success-
fully produced reliable results.

Assessment of image quality through clinical indices
has been widely reported 51222 We showed a typical
example of an optimization workflow to demonstrate the
validity of our method. Experimental schemes resulted
%Diff between 5% and 10%, suggesting older genera-
tion e.cam system yields slightly less counting loss in the
gated image than current generation Symbia systems.

As expected, the reduction of the counting statis-

tics did not significantly influence the SSS quantifica-
tion. Lacchi and colleagues obtained similar trends at
the same counting levels in a human model, where the
SSS quantification was affected only for overweight and
obese subjects.’® Here, we used a phantom that did not
mimic the photon attenuation. Furthermore, we used a
resolution recovery reconstruction algorithm, which is
known to produce good image quality performance in



15

JOURNAL OF APPLIED CLINICAL

" | MEDICAL PHYSICS

QUEIROZ ET AL.

e.cam

Symbia Evo

Symbia Intevo

FIGURE 2 Simulated ungated projections (left) and reconstructed images (right). Simulated ungated imagens with 100% (A), 75% (B), 50%
(C), and 25% (D) of the original raw data
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Symbia Evo

Symbia Intevo

FIGURE 3
25% (B) counts of the original raw data

various count levels.*8.11.13.22 |n addition, the phantom
model produces images from the static activity distri-
butions, while a real patient model would have moving
organs and thus lower quality images. Then, these may

In this study, we used n = 32 frames which is the
maximum setup available at the Siemens systems.
Rebinning n into 8 frames using our software results
in a standard cardiac-gated image and enables the
recovery of perfusion and gated information. This
application of our method is appropriate for the most
complex human model, where capturing the information
(ECG-synchronized) of the moving organ is required.
Moreover, any simpler rebinings can provide lower

Gated projections (left) and reconstructed (right) images. Simulated statistics of the 8-frames gated data with 100% (A) and

counting statistics for other clinical applications such as
neurology and oncology? This example is also available
(supporting information 1) to generate new datasets
with 1/ 1 rebinnings.

tems. We therefore provided a vendor-independent algo-
rithm which is readily applicable to different SPECT
exams. This technique is easy to implement, able
to be performed rapidly, and is highly robust. Our
method improves the image optimization process
since the patient is submitted to one only image
acquisition, which increases patient comfort, while
enhancing the routine throughput during optimization
studies.

16
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e.cam Symbia Evo

Symbia Intevo

FIGURE 4 polar map quantifications for the simulated ungated images. (A—D) represents quantifications of the ungated simulations for
100%, 75%, 50%, and 25% of the original data statistics, respectively. AUTO: automatic quantification using standard database of normality. EX1
and EX2: nuclear medicine expert quantifications. SSS: summed stress score for 17-segment polar map
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Abstract

We aimed to explore the variability of PET radiomic features for varying reconstruction methods and quantification settings.
The IQ-NEMA phantom was scanned five times with a sphere to background F-18 concentration ratio of 10:1. The activity
and the scan duration were matched to result in typical counting statistics for 18F-FDG oncologic examinations. The images
were reconstructed with OSEM and PSF reconstructions, then 99 radiomic features were extracted using two discretization
methods: fixed bin number (FBN = 16, 32 and 64 gray levels) and fixed bin width (FBW=0.25). This scheme resulted in a
total of 1,188 features, classified as having low (<5.0%), intermediate (5-29.9%) or high (230%) variability. In general, FBW
discretization yielded more stable features. A total of 499, 558 and 131 features had low, intermediate and high variability,
respectively. First-order features such as energy and entropy and textural features such as entropy (GLCM), long run
emphasis and short run emphasis (GLRLM) were more likely to present low variability, regardless the reconstruction and
discretization method. Other textural features such as large area emphasis (GLSZM), zone percentage (GLSZM) and
complexity (NGTDM) had more frequently intermediate or high variability These findings could facilitate features’ selection
for further PET radiomic applications.

Keywords: PET radiomic features; variability; quantification; standardization.

Resumo

O objetivo deste estudo é explorar a variabilidade de atributos radiémicos do PET para diferentes métodos de reconstrucéo
e parametros de quantificacdo. Foram realizadas cinco imagens do simulador IQ-NEMA com uma razédo de concentracéo
esfera-fundo de F-18 de 10:1. A atividade radiativa e o tempo de aquisicdo das imagens foram combinados para alcancar
uma estatistica de contagens tipica de exames oncoldgicos com 18F-FDG. As imagens foram reconstruidas com os
metodos OSEM e PSF, obtendo-se em seguida a quantificacdo de 99 marcadores de imagens a partir de dois métodos de
discretizacdo: fixed bin number (FBN = 16, 32 e 64 niveis de cinza) e fixed bin width (FBW=0.25). Esta configuracéo resuftou
em 1.188 elementos de imagens (radiomic features), classificados quanto a variabilidade como baixa (<5.0%), intermediaria
(5-29.9%) ou alfa (=30%). Em geral, 0 metodo FBW resulfou em atributos mais estaveis. Um fotal de 499, 558 e 131
atributos tiveram variabilidades classificadas como baixa, intermediaria e alta, respectivamente. Atributos de primeira ordem
como energia e entropia, @ marcadores de textura como entropia (GLCM), long run emphasis e short run emphasis (GLRLM)
foram classificados como baixa varabilidade independentemente dos métodos de reconstrugéo e quantizagdo. Outros
atributos de textura como large area emphasis (GLSZM), zone percentage (GLSZM) e complexity (NGTDM) foram
classificados mais frequentemente como varabilidade intermediaria ou afta. Estes achados podem faciliiar a escolha e
selecdo de atributos de imagens em aplicacdes futuras com radiémica em PET.

Palavras-chave: Caracteristicas Radiémicas do PET: variabilidade; quantificac&o; padronizacéo.

1. Introduction parameters, the feature calculation workflow as the
image  segmentation, discretization,  feature
mathematical design and calculation settings.
However, the lack of standardisation in PET radiomic

research is limiting its potential new applications

Positron  emission tomography (PET) and
computed tomography (CT) hybrid imaging (PET/CT)
is widely used for clinical diagnosis, staging,

prognosis and treatment response assessment (1,2).
The ability to use imaging biomarkers such as the
standardized uptake value (SUV) and metabolic
tumor volume (MTV) emphasizes this type of PET role
(3,4). It is a consensus today that the novel PET
biomarkers based on texture, morphological and
metabolic features (radiomics) provide substantially
more information about the disease than the current
imaging practices (5-11). In this regard, there is a
growing interest to assess PET radiomics features
stability and reproducibility (8,12,13).

Radiomic features are affected by several factors,
including image acquisition and reconstruction

(9)(14). Some authors have studied different
robustness aspects to identify potential radiomic
features or clusters (13,15,16). Nyflot et al (16) used
realistic phantom simulations to evaluate the effects
of noise and patient size on the feature variability
(type Il error) and image reconstruction on metrics
bias (type | error). They used a fixed feature
calculation setting of 256 gray level discretization and
estimated the sample size that would be required for
clinical trials to power for clinical effects of 30% and
15% due to only stochastic variability. They found a
large and feature-dependent PET features sensitivity

https://doi.org/10.29384/rbfim. 2021.v15.19849001598
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to imaging parameters. Pfaehler et al '* on the other
hand, explored PET radiomic feature variability using
IEC/NEMA and 3D printed phantoms. They used
different image  reconstruction, noise  and
segmentation methods on the composition of feature
clusters and studied two discretization methods: fixed
bin number (FBN) of 64 gray levels and fixed bin width
(FBW) of 0.25 and 0.05. Their results confirmed the
sensitivity of PET radiomic features to imaging
parameters and suggested image acquisition and
processing standardization.

Despite the increased use of radiomic for PET
imaging, relatively little is known about the image
reconstruction and quantification parameters impact
on feature variability, limiting its standardization and
clinical applications. Understanding the image
biomarkers’ quantitative aspects may simplify the
features’ selection, so this study uses IEC/NEMA
phantom experiments to analyze PET radiomic
features variability with respect to reconstruction
methods and discretization parameters.

2. Materials and Methods
2.1. Scanner characteristics

PET/CT imaging was performed on a LSO-based
PET Siemens Biograph TruePoint TrueV (Knoxville,
TN, USA) combined with a 16-slice helical CT scanner
(Emotion 16; Siemens). PET images were corrected
for random coincidences, normalization, dead time
losses, scatter and attenuation. The attenuation map
was obtained by a spiral CT scan (100 kVp, automatic
tube-current modulation), 3 mm slice thickness and a
standard soft tissue reconstruction kernel (Siemens
B30s).

2.2. Phantom preparation and imaging

We used an IEG/NEMA body phantom with 6
spheres (internal diameters of 10, 13, 17, 22, 28 and
37 mm) with a sphere to background F-18
concentration ratio of 10:1, according to the EANM
guideline (17). To evaluate feature variability, five
PET/CT images were sequentially acquired with two
bed positions and the activity and the scan duration
matched to result 416 MBq.s/kg (9.4 kg was the
phantom weight considered in background
concentration). This counting statistic represents
typical whole-body oncologic examination (17).

2.3. Phantom image reconstruction

Images were reconstructed on a 168x168 matrix
size (4.07 x 4.07 mm? voxels) with 3 mm slice
thicknesses. Three reconstruction algorithms were
used: (1) Ordered-Subsets Expectation-Maximization
with 3 iterations, 21 subsets and 5 mm Gaussian filter
(OSEM3D) (EARL-compliant); (2) Point Spread
Function Ordinary Poisson with 3 iterations, 21
subsets and 7 mm Gaussian filter (PSF7) (EARL-
compliant); and (3) Point Spread Function Ordinary
Poisson with 2 iterations, 21 subsets and 2 mm
Gaussian filter (PSF2). Both reconstructions PSF7
and OSEMS3D are compliant with the EANM standards
for quantification, being the PSF2 the option of choice
for detectability purposes (18).

2.4. Radiomic feature extraction

Spheres were segmented with the Beth lIsrael
PET/CT plugin for FIJI (ImageJ, Bethesda, MD, USA)
8 using the automatic segmentation with 41%
threshold of maximum SUV (SUVmax). The
segmented volumes of interest (VOIs) were analyzed
with PyRadiomics, an open-source platform available
at www.radiomics.io that enables a large panel of
radiomic features extraction (21). We resampled the
matrix grid to cubic voxels of 4x4x4 mm?* using B-
Spline interpolation and the discretization within each
VOI were scaled to FBN = 16, 32 and 64 grayscale
levels and FBW = 0.25. The radiomic feature classes
and corresponding features as defined by
Griethuysen et al (21) are presented in the
supplementary material. A total of 99 features were
calculated, including 18 first order and 81 textural
features: 16 gray level run length matrix (GLRLM), 16
gray level size zone matrix (GLSZM), 5 neighborhood
gray-tone difference matrix (NGTDM) and 22 gray
level co-occurrence matrix (GLCM). GLCM features
were computed by 2 different methods: using 13
matrices, one calculated for each spatial direction
separately, after which the mean of these values is
returned (method A); and using only one matrix,
weighted by factor 1 and summed, without the
average step (method B) (22).

2.5. Variability estimation and analysis

Feature variability was estimated through a
variation of the metric used for maximum Standard
Uptake Value (SUVmax) (18) by calculating the

average coefficient of variation for each
reconstruction and discretization as follows:
6
> (o /M
va— l—4( i.x! ] (1)

3

Where g; is the standard deviation of the feature
across realizations for sphere i, and M is the mean
value of the feature. The 10 mm, 13 mm and 17 mm
spheres were excluded from the analysis due to
insufficient pixels for quantification of textural
features. Only the three largest spheres were
included (volumes: 5.6, 11.5 and 26.5 cm?).

Features were classified into three ranges of
variability: low (<5.0%), intermediate (5-29.9%) and
high (230.0%) and the total number of stable features
was then used as a measure to investigate the
influence of reconstruction and discretization on
feature stability.

Low variability level was defined based on our
previous efforts to study the variability of SUVmax
(18), while the intermediate and high levels were
defined based on the rationale presented by Galavis
et al (15).

3. Results

A total of 499, 558 and 131 features quantifications
were ranked as low, intermediate, and high,
respectively (Table 1). PSF7 (FBN=32) was the
reconstruction that yielded more features with low
variability (n=59); and PSF7 (FBN=16) was those with
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higher variability (n=55). PSF7 was, therefore, very
sensitive to the number of bins. Concerning the
discretization method, FBW=0.25 and FBN=32
presented the smallest number of features with high
variability (n=14).

Table 1 - Number of features according to variability classification.

FBW:0.25 __ FBN:16 FBN:32 FEN:64
Low

OSEM 56 16 a5 a7

PSF2 37 32 37 34

PSF7 36 20 59 50

Intermediate

OSEM 38 51 51 41

PSF2 57 61 53 56

PSF7 59 24 38 29
High

OSEM 5 2 3 K

PSF2 5 6 9 9

PSF7 4 55 2 20

Variability: low (<5.0%), intermediate (5-29.9%) and high

(=30.0%). FBN: fixed bin number. FBW: fixed bin width.

Figure 1 presents the variability (Qvar) of 20
selected features for improved readability, where
GLCM is presented for the setup using only one array
considering all 13 directions simultaneously, without
an average step. The features in Figure 1 were
selected based on previous reports
(10,13,15,16,22,23), the complete list of all 99
features is available in the supplementary material
(Table S2). The feature named Dissimilarity reported
in other studies (10,16) has been discontinued in
Pyradiomics, as it is mathematically equal to
Difference Average (GLCM) (21); and high intensity
large area emphasis (HILAE - GLSZM) reported by
Hatt et al 2! is mathematically equal to large area
emphasis, the nomenclature used in Pyradiomics
(Figure 1). Colour blue, yellow, and red highlights the
features classified as low, intermediate, and high
variability, respectively. Some quantifications were
possibly negatively biased because outliers, since the
standard deviation in equation 1 is sensitive to
replications number and hence the Qvar. For
example, the feature Large Area Emphasis (GLSZM)
at OSEM reconstruction (FBN=64) achieved high
variability (Qvar = 80.7%) while its quantification at
FBW = 0.25 had an intermediate variability (Qvar =
14.2%). The higher variability is salely explained by

one measurement three-fold higher in one of the
spheres.

The presented variability in Table 1 and Table S2
support future radiomic studies by selecting the
adequate reconstruction, radiomic features and
discretization method. For example, for a given
reconstruction algorithm (eg.: OSEM or PSF) and
discretization method (eg.: FBN=64 or FBW=0.25),
one may select a subset of features from Figure 1
(eg.: 10-20 features) to investigate their disease
relationship.

4, Discussion

This study presents a pool of features that might be
used to simplify future PET radiomic applications. We
classified radiomic features according to their
variability performance for different discretization
methods and using reconstruction algorithms
currently used in clinical practice (24—26). However,
the variability analysis was performed through a
simple metric and phantom preparation used to
characterize the SUVmax variability with respect to
image noise and reconstruction algorithm previously
reported by Machado and colleagues (18). It was
found a 1.5% < Qvar < 4.6% for SUVmax, a biomarker
widely used in several oncologic PET studies.

We found also that the textural features presented
worst variability more frequently than first-order
features. Pfaehler and colleagues (13) used 10
replications of the IEC/NEMA and 3D printed
phantoms to demonstrate the impact of contrast
(sphere to background concentration ratio), image
reconstruction, noise, discretization and
segmentation methods on the repeatability of PET
radiomic features through intraclass correlation
coefficients (ICC) and cluster analysis. Here, we
evaluated additional discretization parameters and
assessed variability through a simpler method.
Despite the agreement of variability levels of several
features  (for matched reconstruction and
discretization), the direct comparison with our results
is challenging because of differences in metrics used
(Qvar versus ICC - data shown for EARL-compliant
reconstruction (13)) and the number of features (here,
99 features versus 246 features in their work, we did

Features | BEEN

PSF2 [

PSF7 |

first orcder_Energy

first order_Entropy

FBN=64 | FEN=32 | FEN=16 FBW=0.25) FEN=64 | FEN=32 FBN=16 |FEW=0.25) FBN=64 | FEN=32 | FBN=16 FBW=0.25

17.2%
6,2%

22

first order_Kurtosis
first order_Skewness

glem_ClusterProminence

13.3%
glem_Carrelation 6,8% 234% | 23,3% | 22.7%
glem_DifferenceAverage

glem_JointEntropy
girim_HighGrayLevelRunEmphasis 15.3% 14.0% | 125% |
glrim_L ongRunEmphasis

22.0% | 22.0%

10,5%
6,1%

6,8%

20,0%
15,8%
12,0%

7.0%
24.1%
8.8%

13,7%
7.0%

14,0%
7.0%

7.9%

girim_LongRunHighGra: IEmphasis| 6.7% | 58% | 74% | 63% | 151% | 13.3% | 134% | 12,9%

girlm_ShortRunEmphasis

glszm_LargeAreaEmphasis
glszm_Small i
glszm_ZonePercentage

ngtdm_Busyness
ngtdm_Coarseness
tdm_Complexi 8.1% 8.6% 10.8% 71.3% 18.9% | 15.1%
tdm_Contrast 10,4% 8.9% 9,3% 8.9% 11,1% | 150% | 19.0% | 132%

Figure 1 - Quantification variability of 20 selected features. Variability: low (<5.0%), intermediate (5-29.9%) and high (230.0%) are
highlighted in colours blue, yellow and red, respectively.

13.2%
25 8%

13,2%

10,6%
20,0%

11,4%
9.2%

14.6% 23,4%

14.1%
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14,0%
10,1%

14.6%
9,5%

7,5%
5,2%

11.9%
71%

T4%
6,5
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71%
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not include in this work morphological features and 2D
measures of textural features) included in the
analysis. Nevertheless, our results are also in
concordance with Pfaehler et al (13) that FBW=0.25
yields more stable features (Qvar low and
intermediate) than FBN=64, but we found that
FBN=32 were equivalent to FBW=0.25 respective to
stable features number. In addition, resampling with
FBN lower to 32 gray levels (eg.: FBN = 16) should be
considered with caution due to the high correlation
among features (10). Indeed, each feature shall be
analyzed individually before choosing predictors of
clinical outcomes. Figure 1 shows that some features
are highly stable regardless the reconstruction and/or
discretization method.

Pfaehler et al (13) also demonstrated that lower
uptake regions are more sensitive to the
segmentation method. Our study only used 41%
threshold of SUVmax and used spheres with
radiopharmaceutical concentrations 10:1 with respect
to the background. In such case the
radiopharmaceutical concentration is considerably
higher than background, thus allowing for more
consistently contouring the sphere, regardless the
segmentation method. For this reason, our results
may be extrapolated only to evaluations where
lesions have radiopharmaceutical uptake
concentration of 10:1  or higher, otherwise
segmentation constraints shall be observed.

This study also evaluated two different methods for
computation of GLCM features. A markedly
improvement in variability was observed in PSF7
FBN=64 when method A was applied. In general, the
features Cluster Prominence and Cluster Shade
performed better in method B for PSF2 and FBN=16,
32 and 64; the feature Maximum Probability
performed better in method A for all quantization
settings; and the feature Joint Average significantly
worsen in method B, PSF2, FBN=64.

Nyflot et al simulated 50 statistically independent I1Q
NEMA images from a GE D670 PET/CT scanner with
PSF reconstruction (5 mm Gaussian filter) and
performed quantifications with FBN = 256 (16). They
also found complex trends in the coefficient of
variation (variability) as a function of features, sphere,
patient sizes and reconstruction parameters (by
changing the iterations number from 2 to 6 in the
reconstruction process).

It is important to stress that feature’s choice also
depends on the disease (22). For example, a given
feature with intermediate variability may be clinically
better than other with lower; since feature variation is
sufficiently large to detect a difference in disease
presentation. Because several features are highly
correlated and redundant, a maximum number of
around ten features is usually used at the reduced
space preserving the information that explains a
biolagical or clinical phenomena (10,22,23,27-29).

A heuristic comparison among our findings with
those found in Pfaehler (13) and Nyflot et al (16),
identified common features with reasonable
variability, for example: 1) energy and entropy from
first order statistics metrics, 2) difference average and

entropy from GLCM, 3) long run emphasis and short
run emphasis from GLRLM, 4) zone percentage and
large area emphasis from GLSZM, and 5) complexity
and coarseness from NGTDM. Therefore, we
recommend that these features are included in further
PET radiomic studies to simplify the study design.

A limitation of this study is the use of only high
uptake and homogenous spheres, not mimicking a
real clinical condition. However, we presented a
starting point where features, reconstruction method
and guantification setup might be mined for further
radiomic research. An additional drawback in
radiomic studies are variations in homenclature and
formulas among studies and quantification software
(9), which have recently been subjected to
standardization along with other reporting standards
(30). Here, we highlighted the features HILAE and
Difference Average, which have been reported to
yield clinical significance and presented low to
intermediate variability in most reconstruction and
guantization setups.

In clinical practice, the use of PSF reconstruction is
preferable because it allows for improved lesion
detectability and reduced image noise (18,25,31). Our
results present several radiomic feature variability
measures using two PSF reconstruction settings. In
addition, the ability of PSF reconstructions to improve
the system spatial resolution is also expected to
detect smaller differences in textural features. This
study did not assess type | error, wich informs the
feature variation between different scanners. Thus,
one must be careful when selecting radiomic features
for multicenter studies and harmonization techniques
shall be considered (32).

The radiomic features extraction provides a
powerful method to assess differences in tumor
biology by identifying predictors that may have a
functional role in specific phenotypes. Our results
contribute to overcoming standardization challenges
that need to be addressed before radiomics can safely
be implemented in the clinic.

5. Conclusions

Our data show the PET radiomic features'
sensitivity regarding the reconstruction and
discretization method, allowing researchers to assess
a starting point for feature selection, reconstruction
and discretization's choice in further PET radiomic
studies. Some often reported features were likely low
variability, regardless of the reconstruction and
discretization method, while others (mostly textural
features) were likely intermediate or high variability
depending on the reconstruction and/ or discretization
setup.
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Resumo

O advento da radidmica tem gerado oportunidades em varias aplicagdes diagnosticas, incluindo a tomografia
computadorizada (TC) de térax para diagndstico e estadiamento da COVID-19. Este trabalho demonstra a
aplicagdo de técnicas de selegdo e harmonizagdo de atributos radidmicos em um estudo multicéntrico de
COVID-19. 37 individuos com COVID-19 e 36 individuos com outras pneumonias ndo associadas a COVID-19
foram selecionados de trés centros diagnosticos. Noventa e quatro atributos radiémicos da TC de torax foram
quantificados e selecionados usando dois métodos: 1) supervisionado, utilizando analise univariada pela curva
ROC, e 2) ndo supervisionado, utilizando concordancia de observadores intraclasse (ICC > 0,9) a partir de
réplicas das TC com variagdes na qualidade de imagem e na segmentagdo. Adicionalmente, foram analisadas
caracteristicas populacionais que pudessem enviesar a harmonizagdo dos atributos. O método de selegdo nao
supervisionado demonstrou ser eficaz na triagem de atributos harmonizados, ndo sendo necessario uma
harmonizagéo com poés processamento. Os atributos selecionados pelo método supervisionado possuem maior
dispersédo das distribuigdes das quantificagées entre os equipamentos, fazendo-se necessaria a aplicagdo da
harmonizagdo ComBat ap6s avaliagao da sensibilidade do viés ecologico.

Palavras-chave: Tomografia Computadorizada; COVID-19; Radiémica; Harmonizagao.

Abstract

The advent of radiomics has emerged with opportunities in various diagnostic applications, including chest
computed tomography (CT) for diagnosis and staging of COVID-19. This work demonstrates radiomic selection
and harmonization strategies in a multicenter study CT of COVID-19. 37 patients with COVID-19 and 36 patients
with other pneumonias not associated with COVID-19 were selected from three diagnostic centers. Ninety-four
radiomic features were quantified and selected using two methods: 1) supervised, using univariate analysis by
the ROC curve, and 2) unsupervised, using intraclass observer agreement (ICC > 0.9) from CT replicates with
variations image quality and segmentation. Additionally, population characteristics that could bias feature’s
harmonization were analyzed. The unsupervised selection method proved to be effective in the screening of
harmonized features, without the need for numerical harmonization. Features selected by the supervised
method had larger discrepancy among scanner distributions leading to the need of ComBat harmonization after
evaluation of ecological bias sensitivity.

Keywords: Computed Tomography; COVID-19; Radiomics; Harmonization.
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1. Introdugao

A infecgdo pelo virus SARS-CoV-2 causa a COVID-
19 (do inglés, Coronavirus Disease 2019), cujos
principais sintomas sio febre, fadiga e tosse seca,
podendo evoluir para dispneia ou, em casos mais
graves, Sindrome Respiratéria Aguda Grave
(SRAG)'.

Um método de imagem que é recomendado para o
diagnostico da COVID-19 € o exame de Tomografia
Computadorizada (TC) de térax, em que & possivel
avaliar o comprometimento da doenga e também tem
se mostrado util para o progndstico. Entretanto, este
diagnéstico pode ser confundido com o de outras
infecgbes agudas como influenza, SARS, MERS e
H1N12.

A radidbmica € um metodo que tem o potencial de
extrair caracteristicas das imagens que estejam
associadas com a doenga, abrindo uma nova
fronteira para o diagndstico da COVID-195.

As diferencas de modelos de equipamentos,
protocolos de imagens e parametros de quantificagao
podem influenciar os resultados de estudos baseados
em radidmica. Apesar do crescente numero de
publicacdes envolvendo este método, a selecéo de
biomarcadores reprodutiveis* e harmonizados®’ sdo
essenciais para garantir a introducgéao da radidmica na
pratica clinica.

Uma maneira de viabilizar a intercomparagao
destes biomarcadores entre diferentes instituicées &
a aplicacao de técnicas de harmonizagado. No estudo
realizado por Orlhac e colaboradores (2018)° foi
demonstrado que o método de harmonizagao
ComBat conseguiu remover as variagoes dos valores
dos atributos radiémicos e das medidas de SUV
(Standardized Uptake Value) derivadas de imagens
de PET (Positron Emission Tomography) adquiridos
em diferentes centros e sob diferentes condigdes.

Além disso, Orlhac e colaboradores (2019)8
demonstraram a eficacia do método de harmonizagao
ComBat em exames de tomografia computadorizada,
utilizando simuladores de imagens e exames
tomograficos reconstruidos  com diferentes
protocolos.

Este trabalho demonstra dois metodos de selegao
de atributos: 1) ndo supervisionado, com
harmonizag¢éo intrinseca; e 2) supervisionado, com
posterior harmonizagdo ComBat. Uma selecdo de
atributos radidmicos harmonizados sao apresentados
e sugeridos para estudos de aplicagdes diagnodsticas.

2. Materiais e Métodos
2.1. Requisitos Eticos

Este trabalho seguiu os principios éticos da
Declaracgéo de Helsinque e foi aprovado no Comité de
Etica em Pesquisa das instituicdes envolvidas:

. Complexo Hospitalar Universitario Prof.
Edgard Santos - HUPES/UFBA (4.231.669) -
Hospital A;

. Hospital Universitario Alcides Carneiro —
HUAC/UFCG (4.818.271) - Hospital B; e

. Hospital Universitario de Juiz de Fora —
HUJF/UFJF (4.926.688) - Hospital C.

A assinatura do Termo de Consentimento Livre e
Esclarecido pelos participantes da pesquisa foi
dispensada.

2.2. Aquisicdo das Imagens

Os exames de TC de torax dos pacientes foram
adquiridos nos trés hospitais com os equipamentos
apresentados na Tabela 1.

Tabela 1 - Caracteristicas dos equipamentos

Hospital Hospital A Hospital B Hospital C
Fabricante do Tomografo Toshiba  Philips Siemens
Modelo do Tomdgrafo Aquilion  Brilliance 8 Emotion 6

Fonte: O autor (2022).
Foram selecionados retrospectivamente 37

individuos com TC de tdrax realizados entre abril de
2020 e abril de 2021, com confirmagédo da COVID-19
no teste RT-PCR. Além disso, foram selecionados 36
individuos com TC de tdrax com diagndstico de
pneumonia antes da pandemia de COVID-19,
realizados entre janeiro de 2018 e outubro de 2019
(Tabela 2).

Tabela 2 - Caracteristicas dos pacientes

Hospital Hospital A Hospital B Hospital C
paclentes COVID-197 14/ 10 14/ 16 09/ 10
Média de Idade 57,0 anos 57.8 anos 58,1 anos
Comprometimento Pulmonar

Baixo (< 25%) 14 10 07
Moderado (25 - 50%) 04 10 08
Severo (> 50%) 06 10 04

Fonte: O autor (2022).

Os critérios de exclusdo foram: imagens TC com
ma qualidade; lesdes pequenas ou imperceptiveis;
indisponibilidade do teste RT-PCT para o grupo
COVID-19; imagens que ndo estavam em
conformidade com o protocolo institucional para
imagens de pulmao (por exemplo, tamanho da matriz,
kernel) e imagens que nao estavam mais disponiveis
no PACS (do inglés - Picture Archiving and
Communication System).

2.3. Segmentacdo das Regibes de Interesse e
Extragédo dos Atributos Radiémicos

Trés médicos radiologistas de cada centro de
imagem segmentaram manualmente as regides de
interesse - ROl (do inglés - region of interest)
relacionadas a pneumonias utilizando o software
Lifex, versdao 6.30 (www.lifexsoft.org). Estas ROls
foram usadas previamente para treinar uma rede
neural convolucional 2D de segmentacao automatica
com um esquema de validagcdo cruzada de cinco
vezes®, onde cada conjunto com 60 pacientes foi
usado para treinamento da rede, e os pacientes
restantes foram wusados para segmentagdo e
extragcdo dos atributos radiémicos. Foram utilizados
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12.870 cortes tomograficos, e os dados foram
aumentados, realizando erosdo de 1 mm, rotacéo e
translagdo nas ROI's segmentadas manualmente,
resultando em um total de 51.120 cortes. Ao todo
foram 1060 les6es segmentadas, sendo 446 lesbes
no Hospital A, 234 no Hospital B e 380 no Hospital C.

Os atributos foram extraidos utlizando o
PyRadiomics (GRIETHUYSEN, VAN et al., 2017)%. A
matriz foi reamostrada para voxels de 1x1x2 mm® e a
discretizacdo dentro de cada VOI (do inglés - volume
of interest) foi dimensionada para 128 niveis de cinza.
Um total de 94 atributos foram extraidos para cada
lesdo, incluindo 18 atributos de primeira ordem e 76
atributos de textura (material suplementar).

2.4. Avaliagdo do Viés Populacional

Para aplicagdo do método de harmonizagéo
numérica, faz-se necessario que o perfil dos
pacientes seja equivalente entre as trés instituicoes,
para garantir que os atributos sejam harmonizados
apenas quanto ao efeito do equipamento,
minimizando vieses relacionados a populagdo
estudada (viés ecoldgico). Desta forma, as
distribuicbes dos volumes das lesdes foram
analisadas a fim de identificar vieses populacionais.
Os atributos fortemente correlacionados com o
volume da lesdo foram analisados criticamente, com
base na hipdtese de que o volume & invariavel com
relagédo ao equipamento e assim, portanto, um perfil
de distribuicdo dos volumes divergente entre as
instituicbes devera representar uma caracteristica
diferente da populacdo estudada. A avaliagdo da
correlagao do atributo com o volume foi realizada pela
correlagdo de Spearman (p), onde p > 0,7 foi
considerado fortemente correlacionado®.

25 Selegdo e Harmonizacdo dos Atributos
Radiémicos

Foram realizados dois metodos de selegdo: um
método ndo supervisionado e um método
supervisionado.

2.5.1. Método ndo Supervisionado de Selecédo

Para simular diferentes observadores, foram
realizadas erosdes de 1 mm e 3 mm nos VOl's,
resultando em trés conjuntos pareados de lesdes
segmentadas (VOI original, com 1 mm de eroséo e

com 3 mm de eros&o); e para simular os efeitos de
diferentes protocolos de imagens, foram aplicados
um filtro de borramento e um filtro de melhoramento
de bordas nas imagens, resultando em trés novos
conjuntos (imagem original, com filtro de borramento
e com filtro de melhoramento de bordas).

A reprodutibilidade do atributo foi estimada usando
o coeficiente de correlagdo intraclasse — ICC (do
inglés - intraclass correlation coefficienf) em cada
conjunto, selecionando os atributos que obtiveram
ICC > 0,90 concomitantemente nos meétodos de
erosdo e qualidade de imagem. Este limite do ICC foi
usado como exemplo neste trabalho, mas outros
limites menos conservadores podem ser adotados.

2.5.2. Método Supervisionado de Selegédo

No método supervisionado, o poder discriminatério
do biomarcador em relagdo ao status da lesdo
(COVID-19 ou ndao-COVID-19) foi calculado por meio
da area sobre a curva ROC (AUC). O atributo com o
menor p-value de cada classe foi selecionado.

Partindo do pressuposto que um paciente infectado
com COVID-19 apresente mais VOI's com
caracteristicas tipicas de COVID-19 e que pacientes
com pneumonias ndo associadas ao COVID-19
apresente menos VOI's associados ao COVID-19,
entdo foi atribuido a cada VOI o mesmo status do
paciente (COVID-19 ou nao-COVID-19) ao qual a
VOl foi delineada.

Além disso, o método supervisionado seleciona
atributos baseando-se  apenas no poder
discriminatério quanto ao status da doenga, mas néo
contempla nenhuma etapa relacionada a variagtes
na qualidade da imagem. Por isto, a incluséo de uma
etapa de harmonizagdo numérica é proposta apds o
processo de selecao.

Deste modo, os atributos considerados fracamente
correlacionados com o volume da lesdo (p < 0,7)
foram harmonizados utilizando o método ComBat de
harmonizacdo utilizando a biblioteca NeuroCombat
disponivel em Python
(https://aithub.com/imyoung36/neuroCombat.qit).

3. Resultados

Os atributos radiémicos selecionados pelos
meétodos supervisionado e ndo supervisionado sdo
apresentados na Tabela 3.

Tabela 3 - Atributos selecionados
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Atributo  Nome Método de Selegdo ICC: Erosao / Filtro p-value p

01 GLDM GRAY LEVEL NON UNIFORMITY Nao supervisionado 0,903/ 0,951 0,098 0,917
02 FIRSTORDER ENERGY Nao supervisionado 0,907 /0,999 0,739 0,837
03 FIRSTORDER TOTAL ENERGY NZo supervisionado 0,907 / 0,999 0,739 0,837
04 FIRSTORDER MEAN Supervisionado 0,502 /0,998 < 0,001 0,030
05 GLCM INVERSE VARIANCE Supervisionado 0,582/0,150 < 0,001 -0,030
06 GLDM DEPENDENCE NON UNIFORMITY NORMALIZED  Supervisionado 0,151/ 0,480 < 0,001 -0,780
07 GLRLM LONG RUN LOW GRAY LEVEL EMPHASIS Supervisionado 0,516/ 0,075 0,001 -0,312
08 GLSZM SMALL AREA EMPHASIS Supervisionado 0,417 /0,262 0,013 0,615
09 NGTDM BUSYNESS Supervisionado 0,620/0,072 < 0,001 0,576

Fonte: O autor (2022).
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3.1. Viés Populacional

A analise da Figura 1, que mostra a distribuigcdo
dos volumes das lesdes (com ajuste para distribuigdo
normal) revela haver uma clara divergéncia entre os
volumes das VOI's dos pacientes do Hospital B em
relacdo aos outros dois hospitais.

A Figura 2 apresenta os graficos de dispersio entre
os valores normalizados (ranking de Besson) dos
atributos e dos volumes das lesdes. Nota-se que os
trés atributos selecionados pelo método nao
supervisionado sdo fortemente correlacionados com
o volume. As figuras 1 e 3 revelam que ndo ha
discrepancias entre as distribuicdes dos hospitais A e
C, enquanto a discrepancia observada no hospital B
e explicada pela variagao populacional deste hospital.
Deste modo, n&o ha razdo em se aplicar ajustes no
dominio dos atributos (harmonizag&o) do método ndo
supervisionado.

Figura 1 - Grafico da distribuicao dos volumes das lesdes com
ajuste normal.
6,0E-06

Hospital A
3,0E-06

Hospital B

Probabilidade

Hospital C

0,0E+00
7.0E+05 1,0E+05

VOLUME (VOXELS)
Fonte: O autor (2022).

5,0E+05

Em geral, as correlagbes com o volume dos
atributos extraidos pelo método supervisionado foram
fracas (Tabela 3), de modo que o efeito populacional
(maior volume no hospital B) pode ser considerado
irrelevante na escala destes atributos. Com isto, a
harmonizagdo pelo método ComBat ajustara
somente o efeito que o equipamento causa na escala
do atributo. Dos seis atributos selecionados pelo
método supervisionado, apenas o atributo 06
apresentou forte correlagdo com o volume (p = -
0,780). Entretanto, a figura 2f demonstra que a
correlagdo ocorre com maior forga em volumes
menores. Note-se que a distribuigdo deste atributo
(figura 4) ndo apresenta o mesmo padrio das figuras
1 e 3. Desta forma, os seis atributos selecionados
pelo método supervisionado foram harmonizados
pelo método ComBat.

3.2. Harmonizagéo
3.2.1. Método ndo Supervisionado

Os atributos selecionados pelo método nao
supervisionado apresentaram aparente sobreposi¢ao
entre as distribuigdes (Figura 3), sugerindo que este
método de seleg¢do possui harmonizagdo intrinseca.

3.2.2. Método Supervisionado

Para os atributos selecionados pelo método
supervisionado observa-se uma maior divergéncia
entre as distribuicdes, o que sugere a necessidade de

harmonizacdo numérica. A Figura 4 apresenta os
graficos das distribuigdes normais dos atributos
selecionados pelo método supervisionado sem a
harmonizagéo (sem ComBat) e apds a harmonizagéo
(com ComBat).

4. Discussao

Este trabalho demonstrou uma nova metodologia
para selecéo e harmonizacéo de atributos radiémicos
em TC de térax de individuos infectados com COVID-
19. Nove biomarcadores radidmicos foram
apresentados como candidatos a aplicagdes com
analises radiémicas.

Orlhac e colaboradores (2019)¢ utilizaram
simuladores de imagens e exames tomograficos de
pacientes com cancer de pulméo reconstruidos com
diferentes protocolos de TC para avaliar o método
ComBat de harmonizagdo. Foram utilizados 10
padrées de textura em um simulador de imagens e 74
pacientes com exames de TC de torax reconstruidos
retrospectivamente com diferentes protocolos,
simulando 3 equipamentos. Foi demonstrado que o
ComBat removeu o “efeito lote”, provocado pelos
sistemas de imagens. Este método de harmonizagéo
nao avaliou a correlagdo clinica dos atributos com a
doenca. Entretanto, no presente trabalho a
correlagdo clinica foi avaliada pelo método de
selegao supervisionado.

O método de selecdo supervisionado avaliou um
conjunto de lesdes relacionando-as com o status do
paciente (COVID-19 / ndo COVID-19) ndo sendo
possivel identificar o VOl que apresentou
caracteristicas da doenga, pois um mesmo paciente
apresenta lesdes com caracteristicas tanto de
COVID-19 como de nao COVID-19. Neste caso,
pressupde-se que € mais provavel que em um
mesmo paciente, a maioria dos VOI's tenham as
caracteristicas da doenga apresentada pelo
individuo. Entretanto, ndo foi possivel diferenciar
casos em que lesdes tenham sido anotadas
erroneamente. Assim, o método supervisionado
demonstrou uma associagdo no nivel da lesédo, ndo
no nivel do paciente. Esta informacgédo encoraja uma
ampliagdo da lista de atributos em novos estudos
(material suplementar), ajustando-se os pardmetros
ideais pra ICC e p-value, visto que valores de ICC
menos restritivos podem ser analisados, assim como
os marcadores com p-value maiores podem se
revelar melhores preditores quando analisados no
nivel do paciente.

Os atributos selecionados pelo método
supervisionado apresentam baixa reprodutibilidade
quando expostos a diferengas na segmentagao e/ou
na qualidade das imagens. Deste modo, é importante
que sua aplicagdo esteja condicionada a sistemas
automaticos de segmentacdo para reduzir o efeito
operador-dependente, como também a aplicagéo de
harmonizagdo numérica para equalizar as escalas
dos atributos.
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Figura 2 - Graficos de dispersdes dos atributos normalizados do a. Atributo 01, b. Atributo 02, c. Atributo 03, d. Atributo 04, e. Atributo
05, f. Atributo 06, g. Atributo 07, h. Atributo 08 e i. Atributo 09 em fung&o do volume da lesdo normalizado.
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Figura 3 - Gréfico da distribuicdo normal dos atributos selecionados pelo método néo supervisionado.
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Figura 4 - Gréfico da distribui¢cdo normal dos atributos selecionados pelo método supervisionado.
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Fortin e colaboradores (2018)'? investigaram os
efeitos da variabilidade das medidas de espessura
cortical em imagens obtidas em diferentes
equipamentos de ressonancia magnética, utilizando
dados de dois grandes estudos multicéntricos com
ressonancia magnética (EMBARC study com 4
equipamentos e VDLC study com 7 equipamentos).
O método ComBat foi utilizado para harmonizar
valores de espessura cortical entre os 11
equipamentos. Foi demonstrado que o ComBat &
eficaz na remogdo da variabilidade associada aos
diferentes equipamentos, preservando a
intercomparagdo entre as medidas da espessura
cortical dos participantes.

O presente trabalho possui um viés ecolégico que
foi considerado nas andlises: as lesdes dos
participantes do Hospital B possuem um maior
volume em relagao as lesdes dos participantes dos
Hospitais A e C. Sendo assim, a correlagio entre o
atributo e o volume da lesdo foi analisada
criticamente para a aplicacdo da harmonizagio
ComBat.

Outros métodos de harmonizacdo podem ser
aplicados, por exemplo utlizando-se  pods
processamento de imagens. Neste caso, a
harmonizagdo numérica é substituida por uma
transformag&o das imagens, tal que os atributos entre
os equipamentos sejam comparaveis®’. Neste
contexto, os atributos encontrados pelo método
supervisionado, por sua provavel importancia clinica,
podem ser harmonizados atraves deste meétodo.
Desta forma, quando o ComBat nio estiver
disponivel em ensaios futuros, o método de pés
processamento podera ser avaliado ajustando-se os
filtros na reconstrugdo das imagens até que as
imagens obtidas por diferentes equipamentos
resultem em atributos no mesmo dominio.

O método de selegédo nio supervisionado avaliou a
reprodutibilidade do atributo com relagéo a variaces
devido a diferentes segmentadores e protocolos.
Observou-se que o método ndo supervisionado
seleciona atributos harmonizados, sem necessidade
de aplicagdo de harmonizagdo numerica. Este
fendbmeno pode ser explicado pela incorporagéo do
metodo de borramento e melhoramento das imagens
ao simular novos observadores para o calculo do ICC:
a implementacdo de um valor de corte alto (ICC >
0,90) implica na inclusdo de atributos que sejam
invariaveis com relacdo a qualidade das imagens.

Os atributos selecionados pelo método néo
supervisionado, a despeito da alta reprodutibilidade,
demonstraram menor correlagédo clinica, conforme
observado pelo p-value mais elevado.

Neste trabalho, demonstramos as caracteristicas
dos dois meéetodos de selecdao propostos,
considerando suas peculiaridades na robustez dos
atributos quanto a reprodutibilidade, harmonizagao,
correlacédo clinica e viés populacional.

5. Conclusoes

Nove atributos radidmicos foram selecionados para
aplicagbes multicéntricas em COVID-19, sendo 03
atributos diretamente aplicaveis, e 06 atributos
aplicaveis apds harmonizacgéo pelo método ComBat.
A aplicagdo do método ComBat deve levar em
consideracdo o possivel viés ecoldgico entre as
populagdes estudadas.
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Resumo

Objetivo: A avaliacdo do estadiamento e prognostico do Linfoma Hodgkin usando métodos de aprendizado de maquinas
ainda é pouco explorado. Este estudo explora caracteristicas radidmicas e propée um novo modelo de aprendizado de
magquinas para predizer falha no tratamento a partir de imagens PET. Métodos: Treze caracteristicas radidmicas foram
extraidas de imagens PET de 51 individuos com Linfoma Hodgkin com resposta ao tratamento, e 6 individuos com falha
no tratamento de acordo com o critério de Lugano. Foram feitas andlises univariadas das areas sobre a curva ROC (AUC)
para a selecdo de caracteristicas radidmicas, e a correlagdo de Pearson foi usada para avaliar redundéncia entre as
caracteristicas radidmicas. Um algoritmo de aprendizado de maquinas foi desenvolvido usando validagao cruzada com 6
camadas. O desempenho do algoritmo foi verificado a partir dos resultados das 15 combinagdes de cada uma das 2
camadas de validagdo, usando dois métodos (M1 e M2) para classificagéo do tumor, tanto no nivel da lesdo quanto no
nivel do paciente. Resultados: As caracteristicas radiémicas zone percentage (ZP), high intensity large area emphasis
(HILAE), entropy e standardized uptake value of maximum pixel (SUVmax) foram preditores independentes de falha no
tratamento. O algeritme de aprendizado de maquina desempenhou com AUC=0,86 (M1) e AUC=0,96 (M2) para classificar
“tumores individuais®, e no “nivel paciente” desempenhou com sensibilidade = 80,0%/ especificidade = 88,3% (M1) e
sensibilidade = 100%/ especificidade = 100% (M2). O algoritmo desempenhou melhor que o método de estadiamento Ann
Arbor, que alcancou, respectivamente, 83,3% e 31,7% para sensibilidade e especificidade. Conclusdes: A avaliacdo de
imagens basais de 18F-FDG PET de pacientes com Linfoma Hodgkin usando aprendizade de maquinas possibilita
classificagdo acurada de pacientes com maior risco de falha no tratamento.

Palavras-chave: imagem molecular, aprendizado de maquinas, linfoma Hodgkin, medicina de precisio.

Abstract

Purpose: Hodgkin Lymphoma staging and prognostic evaluation through radiomic and machine learning (ML) methods
has been little explored. This study explores radiomic features and proposes a new ML radiomic model to predict treatment
failure in Hodgkin lymphoma patients from PET images. Methods: 13 radiomic features were extracted from PET images of
51 subjects with Hodgkin's Lymphoma with response to therapy and 6 subjects with treatment failure as classified by the
Lugano criteria for lymphoma response. Univariate analysis was performed for feature selection by means of the areas
under ROC curves (AUC), and Pearson correlation was assessed to reduce redundancy in the feature space. A ML algorithm
was developed and trained-validated with a six-fold stratified cross validation. The ML performance was assessed through
the results of 15 combinations of two-fold validation samples, deriving two ML methods (M1 and M2) for tumor classification
at the tumor and patient levels. Results: The features zone percentage (ZP), high intensity large area emphasis (HILAE),
entropy and standardized uptake value of maximum pixel (SUVmax) were independent predictors of treatment failure. The
ML algorithm performed with AUC=0.86 (M1) and AUC=0.96 (M2) to classify “individual tumors” and at “patient level”
performed with sensitivity = 80.0% /specificity = 88.3% (M1) and sensitivity = 100% /specificity = 100% (M2). The ML
outperformed the Ann Arbor staging that achieved, respectively, 83.3% and 31.7% for sensitivity and specificity.
Conclusions: Evaluation of baseline 18F-FDG PET scans of individuals with Hodgkin’s lymphoma using a ML radiomic
model enabled accurate classification of patients at higher risk of treatment failure.
Keywords: molecular imaging, machine learning, Hodgkin lymphoma, precision medicine.

1. Introduction using '8F-fluorodeoxyglucose ('8F-FDG) holds a
major place in staging Hodgkin Lymphoma (HL) with
the ability to detect the extent of HL and bone marrow
involvement allowing a non-invasive procedure for

Positron emission tomography (PET) and
computed tomography (CT) hybrid imaging (PET/CT)
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staging of nodal and extra-lymphatic disease.
Furthermore, '8F-FDG PET/CT also introduced a
significant improvement in response evaluation when
compared to conventional imaging!. Additionally to
monitoring changes during treatment, recent studies
have shown that baseline PET has the potential of
predicting response to therapy by measuring the total
metabolic tumor volume (TMTV) biomarker 23.
Classical measurements of tumor uptake
(SUV and TMTV) ignore the intratumoral '8F-FDG
spatial distribution (i.e.. tumor heterogeneity). The
rapidly emerging field of “radiomics”™ computes
quantitative image features that characterize this
intratumoral  heterogeneity or other  tumor
phenotypes, leading to a promising field in the era of
precision medicine. There is growing evidence that
radiomics could add useful information to baseline
PET to predict outcome in some types of cancer.
Bouallégue et al investigated the feasibility of textural
and morphological features in predicting early
metabolic response assessed from baseline *F-FDG
PET on a heterogeneous cohort of Hodgkin and non-
Hodgkin lymphoma patients . To the best of our
knowledge, only one study has demonstrated that
machine learning (ML) from baseline PET radiomics
in HL can predict treatment outcome, achieving nearly
95% accuracy, suggesting that radiomics may
enhance the predictive capability of TMTV 5.

However, this study used a validation sample of 28
subjects and did not allow for final conclusions on ML
radiomic prediction of treatment failure since they
included only two subjects with treatment failure and
early stage HL. On the other hand, Lartizien and
colleagues demonstrated the use of radiomics '8F-
FDG PET/CT in HL patients to differentiate cancer
lesions from hypermetabolic inflammatory foci 6.

In this work, we explored radiomic features
extracted from baseline "®F-FDG PET scans of HL
patients and developed a ML classifier to predict
freatment failure through a cross-validation
methodology.

2. Methods

Scanner, imaging and patient selection

18F-FDG PET/CT imaging was performed on
a PET Siemens Biograph TruePoint TrueV (Knoxville,
TN, USA) combined with a 16-slice helical CT scanner
(Emotion 16; Siemens). PET images were corrected
for random coincidences, normalization, dead time
losses, scatter and attenuation.

Interim PET (iPET) of HL patients is
recommended most often after two cycles to assess
early response to therapy. The purpose is to confirm
the effectiveness of treatment, using IPET to tailor
treatment according to individual response’. The
time of iPET is not mandatory, then clinicians in our
institution refer patients for response evaluation
during the treatment (iPET) or post therapy (pt-PET),
after the treatment is over. Hereafter, we will consider
both as pt-PET. Then HL '®F-FDG PET/CT exams
that performed both baseline and pt-PET within 12

months from beginning of treatment were selected
(mean: 4.5, range: 1.4-11.8). Exclusion criteria were
hyperglycemia at the time of tracer administration, or
a delay exceeding 90 min between 18F-FDG injection
and image acquisition. A total of 57 subjects were
selected. An intravenous FDG injection and
acquisition duration was performed according to the
European Association of Nuclear Medicine (EANM)
guidelines® and applying the method previously
reported by Menezes et al. for noise
standardization'®"!. Subjects fasted for 6 hours prior
to the '8F-FDG injection. The median injection-to-scan
time was 66 minutes (standard deviation 10 minutes).
Images were reconstructed on a 168x168 matrix size
(4.07 x 4.07 mm? voxels) with 3 mm slice thicknesses
and using OSEM3D (ordered-subsets expectation
maximization) algorithm with 3 iterations, 21 subsets
and a 5 mm gaussian filter. These parameters provide
guantitatively harmonized imagens according to
EANM.

The study population was selected based on
the International Classification of Diseases, Tenth
Revision (ICD-10) (C81.X) for HL. The pt-PET was
evaluated according to Lugano classification
lymphoma response criteria, a score derived from the
Deauville 5-point scale (5PS) which scores 1to 3 are
considered Complete Metabolic Response (CMR),
score 4 and 5 are considered either No-Metabolic-

Response (NMR), Partial Response (PR), or
Progressive Disease (PD) depending on the evolution
compared to baseline evaluation (no change from
baseline, reduced uptake compared to baseline, and
increased uptake or new lesion, respectively). This
classification results in standardized reports with good
prognosis discrimination and good inter-observer
reproducibility’. We also conducted a review of each
patient’s electronic medical record to determine their
initial status and outcome at pt-PET.

The study was approved by the Hospital S&o
Rafael ethical board (CAAE: 79258017.6.0000.0048)
that waived the informed consent, all information was
anonymized. The images were acquired according to
the clinical protocol of Hospital S&o Rafael for tumor
PET imaging.

Radiomic feature extraction

Individual lesions from baseline PET scans
were segmented with the Beth Israel PET/CT plugin
for FIJI (ImageJ, Bethesda, MD, USA) 212 using 41%
threshold of maximum SUV (SUVmax). Segmented
VOIs were analyzed with PyRadiomics, an open-

source platform available at www.radiomics.io that
enables the extraction of a large panel of radiomic
features 3. We resampled the matrix grid to cubic
voxels of 4x4x4 mm? and used intensity discretization
with a fixed bin size of 0.25 g/ml to avoid feature
instability'. The radiomic feature classes and
corresponding features are represented in Table 1 as
defined by Griethuysen et al '3.

Entropy and difference average from GLCM
were calculated according to 2 different methods as

Associacdo Brasileira de Fisica Médica ®

35



Revista Brasileira de Fisica Medica (202X) XX:YYY

described in Hatt et al. (2015) which will be denoted
as E13 and D13, where E is enfropy and D is
difference average, whereas the parameters from the
second method will be denoted as E1 and D1. Thus,
a total of 13 features from five classes were analyzed.
These features were selected from previous studies +
6, 14-17

Feature analysis

Lesions with an MTV < 5 cm® were excluded
from the analysis because of insufficient voxels to
compute textural indexes. In pt-PET, patients
diagnosed as PD represent the group at higher risk of
treatment failure and death 578 Therefore, we
classified all VOIs within the baseline '8F-FDG
PET/CT as PD for such patient (non-responder
group). For patients diagnosed as CMR, NMR and PR
in pt-PET we categorized all baseline VOIs as CMR
(responder group).

Statistical analysis

Tumor level: Analysis for association
between features and response to therapy status
were performed by means of the area under the ROC
curve (AUC) computation. Features with p value <
0.05 were selected and Pearson correlation was used
to reduce the space by selecting features with r <
0.90. The population was randomly divided into 6
groups. All tumors from four groups were used to train
a random forest based AdaBoost enhanced machine
learning (ML) model to discriminate tumors into two
classes (progressive disease vs. non-progressive
disease) and the two remaining groups of tumors
were used for model validation. To estimate the
classifier performance, we used a 15-fold cross-
validation, using data from two validation groups per
fold, each time performing model building with a
different training set, and then testing this model on
the data from the two unseen validation groups
(supplementary material). The Python library Scikit-
learn was used to implement these methods,
classifying tumors through a radiomic score ranging
from 0 to 1, with 0 meaning non-progressive disease
and 1 meaning progressive disease's.

Subject level: Prediction to discriminate
responders and non-responders at the subject level
was assessed through the tumor with the maximum
ML score within each patient, assessing two methods:
M1) direct computation of sensitivity and specificity at
every independent fold: subjects which scored higher
than radiomic score threshold S were considered as
progressive  disease. The sensitivilies and
specificities were averaged among all folds; and
M2) averaging the scores from the 15 folds for each
tumor (Sm), thus analyzing all 57 subjects together.
Subjects which scored higher than S, were
considered as progressive disease. The sensitivity
and specificity were computed for the whole dataset.

S and S, were determined through the Youden'’s
index. The statistical power 1-B of each method was
assessed with significance level a = 5%. Fisher's
exact test was performed to verify differences

between groups for categorical variables, and
Wilcoxon Mann—Whitney test for continuous data.
Also, confidence intervals of sensitiviies and
specificities were estimated using binomial proportion
Wilson's score method. Prognostication was
compared with Ann Arbor staging for initial stage (I or
II) and advanced stage (lll or IV). SPSS 21.0 for
Windows or OpenEpi (Emory University) was used for
statistical analysis.

3. Results

Population characteristics are presented in
Table2.

Tumor level

Feature selection (Table 3) and reduction (Figure
1), where SUVmax, D1 and D13 were highly correlated
and were further represented by SUVmax alone,
revealed five radiomic predictors of treatment failure.
ML algorithm thus constructed with these predictors
and validated in every 15-independent fold
accomplished superior discrimination than individual
features. Detailed performance at every 15-validation
fold is presented in supplementary material, where
the mean AUC of M1 at the lesion level, AUCm = 0.86.
For improved readability and interpretation of results,
the mean ROC curve for M1 (ROCn) was simulated
by iteratively misspecifying the true values with a
random gaussian function. The procedure was
stopped when the simulated AUCs = AUCr = 0.86 '°.
Figure 2 demonstrates performance of univariate
features and ML classifiers at the tumor level M1
(AUCs=0.86, 95% CI: 0.77-0.94) and M2 (AUC=0.96,
95% Cl: 0.93-1.00).

Subject level

Upon translating the classification to the subject
level, the sensitivity and specificity were, respectively,
80.0% (Cl =43.7-97.0%) and 88.3% (76.6-94.5%) for
M1 (S = 0.55), and 100% (70.0-100.0%) and 100%
(93.0-100%) for M2 (S = 0.58) (Table 4). Figure 3
illustrates pretreatment radiomic scores among
groups of pt-PET status at the tumor level (A) and
subject level (B) for M2. Both methods M1 and M2
were strong predictors of treatment failure which the
estimated statistical power 1-p were 94% and 100%,
respectively.

Ann Arbor staging had 83.3% (Cl = 43.7-97.0%)
and 31.7% (Cl = 20.3-45.0%) sensitivity and
specificity, respectively. Contrary to the ML scores, it
was not possible to detect a difference between
groups for Ann Arbor staging (p = 0.66).

An example of radiomic characteristics of two
lesions in Figure 3-B were ML score = 0.77 (SUVmax
=3.7, ZP = 0.17, Complexity = 11, HILAE = 150 and
E1 =4.5) and ML score = 0.30 (SUVmax =7.8, ZP =
0.54, Complexity = 744, HILAE = 4.7 and E1 = 8 4).

4. Discussion

We evaluated newly risk factors of treatment
failure and predictive models through baseline 18F-
FDG PET/CT of HL by characterizing tumor 8F-FDG
distribution. We conducted a careful methodological
design and data quality control to avoid the possible
pitfalls in the radiomic workflow and analysis, and
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assure reliability and repeatability of the results
14,17,19,20

Recent studies of morphological biomarker
TMTV in baseline '8F-FDG PET/CT demonstrated
that a higher TMTV indicates worst prognosis 22. Hatt
et al (2015) studied associations between textural
features and MTV in various tumors, demonstrating
the added contribution and dependence of textural
features on MTV '5. Here, we evaluated tumor texture
as an indicator of disease progression and excluded
MTV in our ML model since the study protocol
anticipated exclusion of features with p = 0.05 for the
AUC. Current evidences using radiomics with HL "8F-
FDG PET/CT suggests that robust statistical
approaches based on ML would potentially improve
predictive models for HL staging 320. Thus, we
conducted two ML radiomic classification methods
with good performance using a different approach
from Milgrom et al by testing all six “progressive
disease” patients through the independent validation
folds.

Radiomic features and tumors have a
complex relationship. The exact relationship between
radiomic features and underlying tumor biology can
be established only on carefully designed prospective
studies. However, we can assume that a combination
of features may be associated with tumor cellularity,
vascularization, perfusion, proliferation,
aggressiveness, hypoxia, angiogenesis, and
necrosis, factors related to more aggressive behavior,
poorer response to freatment, and worse
prognosis?2.23. \We demonstrated that five features are
informative regarding differences in ®F-FDG uptake
heterogeneity in HL '®F-FDG PET/CT. From table 3,
texture features HILAE, ZP, E1 and Complexity
suggests that more homogeneous fumors are less
likely to respond to therapy than more heterogeneous
ones . In this study, M1 was assessed through every
15 independent folds, while M2 was not validated in
an independent dataset. Then, M2 may have
positively biased and lacks internal validation'’.
Additionally, feature selection and reduction should
ideally be performed using only the model
development dataset'?, but it was not possible in this
study due to our cross-validation approach using all
six “progressive disease” patients. Indeed, results of

M1 and M2 are encouraging to validate or refute this
pilot study in an external cohort.

Our study has other limitations. First, we used
the Lugano Criteria as the gold standard to define
treatment failure which has 73% sensitivity and 94%
specificity for iPET78. Although one would expect pt-
PET is more accurate and meaningful than iPET for
prognostication, selection bias might have occurred in
the tumor level, since some tumors in the non-
responder group could not present the same radiomic
characteristics as others in a more advanced stage of
the disease. However, the high specificity of our
model could diminish this impact while translating the
diagnostic information to the subject level. Second,
the study involved only one center and PET system,
lacking external validation. However, differences in
scanner, reconstruction, and segmentation may be

taken into account by considering the most robust
features ZP, HILAE, SUVmax, E1 and Complexity
which have shown robustness in test-retest
reproducibility’®1é. It is important to highlight that
textural features are dependent on the segmentation
method (here 41% threshold of SUVmax, which
increases the weight of regions with high uptake) and
the results might be probably different with another
segmentation method. Last, we used a small sample
size, despite it was sufficiently large to detect
differences in radiomic profile among subject groups
and powerful enough to model the complex
relationship among features. Furthermore, the
proposed method outperformed the current Ann Arbor
staging.

Our efforts are in line with a global demand to
make radiomics and molecular imaging feasible and
translational to clinical practice; as methodological
procedures, image noise standardization and feature
harmonization is becoming more popular 25,26,

5. Conclusions

Radiomic features from baseline 8F-FDG PET
scans of HL are associated with treatment failure by
Lugano Criteria and with poorer prognosis. This
association enabled a radiomic ML classification that
offer promise for personalized medicine, thus
stratifying patients to conduct the best treatment
strategies.
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Table 1: Radiomic features.

Class

Features

First-order statistics

SUVmax, kurtosis

Shape descriptors

Metabolic tumor volume
surface volume ratio (SVR)

(MTV),

sphericity,

Gray Level Co-occurrence Matrix (GLCM)

Entropy (E), difference average (D)

Gray Level Size Zone Matrix (GLSZM)

Zone percentage (ZP), high intensity large area

emphasis (HILAE)

Neighboring Gray Tone Difference Matrix (NGTDM)

Coarseness, complexity

Table 2: Population characteristics

39

Characteristics Responders (n=51) Non-responders (n=6) p-value
Median age (range) 28 (4-82) 18 (7-29) 0.04
Male 53% 50% 1.00
Ann Arbor 0.66
stage I/ stage Il 2% /29% 0% /117%

stage IlI/ stage IV 26% /43% 33% /50%

B symptoms 88% * 67% 0.40
Bulk (>10 cm) 59% 50% 0.69
Extra nodal disease 65% 50% 1.00
ABVD or ABVD-like chemotherapy 100% 100% 1.00
Median fime (month) § 4.7 (1.4-11.3) 45(1.8-11.8) 0.94

Valid values computed: 10 subjects with missing values 2, 3 subjects with missing values ®.
§ Time period between baseline and pt-PET

Table 3: Feature statistics in the lesion level

Features Responder (n=289) Non-responder (n=31) p-value
IQR Median IQR Median
MTV (cm?) 8.8-31.7 14.7 7.6-38.7 15.7 ns
SUVmax 6.6-12.1 8.9 4.6-85 71 *
Kurtosis 24-3.5 2.8 2.5-3.2 2.8 ns
D13 3.1-6.0 45 1.8-4.0 34 i
D1 3.0-6.2 44 1.7-3.9 34 i
E13 6.3-7.8 7.0 5.56-7.8 6.4 ns
E1 7.1-89 79 5.7-8.0 7.6 e
ZP 0.36-0.63 0.53 0.24-0.47 0.41 -
HILAE 3.8-19.0 6.7 10.5-116.3 17.0 -
Coarseness 0.01-0.04 0.03 0.01-0.05 0.03 ns
Complexity 286-1844 720 52-611 349 i
Sphericity 0.53-0.70 0.63 0.54-0.75 0.65 ns
SVR 0.26-0.38 0.32 0.25-0.39 0.32 ns

IQR: interquartile range; MTV: metabolic tumor volume; SUVmax. standardized uptake value of
maximum pixel; D13: difference average using 13 matrices; D1: difference average using 1 matrix; E13: entropy
using 13 matrices; E1. entropy using one matrix; ZP. zone percentage; HILAE: high intensity large area
emphasis; SVR: surface volume ratio; p-value of AUC: **p =0.001, ** 0.001 <p < 0.05, ns: p= 0.05.

Figure 1: Correlation matrix of best features predictors.
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SUVmax D13 HILAE ZP  Complexity

Features with Pearson correlation r > 0.9 are highlighted.

Figure 2: ROC curves of univariate features and machine learning classifier.
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Figure 3: Radiomic score of M2 versus pt-PET status.
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Objective: To evaluate the performance of 18F-flucrodeoxyglucose positron
emission tomography (X8F-FDG PET/CT) radiomic features to predict overall
survival (OS) in patients with locally advanced uterine cervical carcinoma.

Methods: Longitudinal and retrospective study that evaluated 50 patients
with cervical epidermoid carcinoma (clinical stage 1B2 to IVA according to
FIGO). Segmentation of the 18F-FDG PET/CT tumors was performed using the
LIFEx software, generating the radiomic features. We used the Mann—-Whitney
test to select radiomic features associated with the clinical outcome (death),
excluding the features highly correlated with each other with Spearman
correlation. Subsequently, ROC curves and a Kaplan—Meier analysis were
performed. A p-value < 0.05 were considered significant.

Results: The median follow-up was 23.5 months and longer than 24 months
in all surviving patients. Independent predictors for OS were found-SUVpeak
with an AUC of 0.74, sensitivity of 77.8%, and specificity of 72.7% (p = 0.006);
and the textural feature gray-level run-length matrix GLRLM_LRLGE, with AUC
of 0.74, sensitivity of 72.2%, and specificity of 81.8% (p = 0.005). When we
used the derived cut-off points from these ROC curves (12.76 for SUVpeak and
0.001 for GLRLM_LRLGE) in a Kaplan—Meier analysis, we can see two different
groups (one with an overall survival probability of approximately 90% and the
other with 30%). These biomarkers are independent of FIGO staging.
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Conclusion: By radiomic 8F-FDG PET/CT data analysis, SUVpeak and
GLRLM_LRLGE textural feature presented the best performance to predict
OS in patients with cervical cancer undergoing chemo-radiotherapy
and brachytherapy.
KEYWORDS
positron emission tomography, prognosis, uterine cervical neoplasms,
18F-fluorodeoxyglucose, radiomics

Introduction The inclusion criteria were: women over 18 years that

Cervical uterine cancer is an important cause of death
in women, especially in regions of low socioeconomic
development (1-3). In more advanced stages, fluorine-18-
labeled fluorodeoxyglucose positron emission tomography
associated with computed tomography (¥F-FDG PET/CT) is
recommended for the adequate evaluation of lymph nodes and
distant metastases (4-6).

The standardized uptake value (SUV) of BR_EDG is the
most used semi-quantitative variable in BE_FDG PET/CT (7).
This value translates the lesion glycolytic metabolism and the
higher the value, the more aggressive the tumor (8). Other
quantitative metrics extracted from the '®F-FDG PET/CT scan
are the metabolic tumor volume (MTV), which translates the
measure of the tumor volume with a higher metabolism, and
the total lesion glycolysis rate (TLG), which is the product of the
mean SUV by the lesion MTV (9). These three variables reflect
the tumor metabolic load and could help to predict the patients
prognosis (10, 11).

Radiomic is the extraction of mineable data from medical
imaging that has emerged recently (12). It analyzes the lesion

were undergone pretreatment 18F-FDG PET/CT. All patients
received standardized chemotherapy treatment with cisplatin
and gemcitabine, with two cycles of neoadjuvant chemotherapy,
with subsequent radiotherapy and brachytherapy according
to the institutional protocol. The patients were followed up
for at least 24 months. The exclusion criteria included ¥F-
FDG PET/CT scans in disagreement with the acquisition,
processing, or reconstruction parameters, according to the
Image Biomarker Standardization Initiative (IBSI) (19). The
selected patients were divided into two groups according to
their progression after 24 months of follow-up: group 1, with
overall survival of at least 24 months and group 2, deceased
due to cancer in the follow-up period. The institutional research
ethics committee approved this study. The demographic data
and clinical information were obtained from the medical records
and included: age, origin, education, smoking status, number
of children, and number of sexual partners, in addition to the
clinical and imaging staging data (FIGO) (4), and information
regarding the treatment.

phenotype using n quantifying and characterizing several tumoral features (13-15).
Among the numerous variables of the radiomic analysis of 18F-
FDG PET/CT images, the textural features present a greater
correlation with the heterogeneous biological behavior of the
tumor. They may serve as predictive markers of overall survival
(0S) and therapeutic response (16-18).

Therefore, this paper aims to find radiomic features and
metabolic parameters predictive of OS from '8F-FDG PET/CT

scans of uterine cervical cancer.

Materials and methods

Patients and methods
The present study included 50 consecutive patients

with histologically confirmed diagnoses of uterine cervical
squamous cell carcinoma between 2013 and 2015 (Table 1).

Frontiers in Medicine

The scans were performed at the nuclear medicine and
molecular imaging facility of the Instituto de Medicina Integral
Professor Fernando Figueira using PET/CT scanner (Siemens
Biography 16 channels, Germany), according to the guidelines
of the European Society of Nuclear Medicine (20). Patients
fasting for at least 4 h and with glycemic levels < 150 mg/dL
received 0.14 mCi/kg of '8 F-FDG intravenously. Approximately
60 min after the administration of '8F-FDG, images were
obtained from the skull to the thigh root. All the patients
received 20 mg of furosemide after the first imaging;
additionally, 120 min after the radiopharmaceutical injection,
they returned to the scanner for late imaging of the pelvis. The
acquisition parameters of the initial images were analyzed, with
a reconstruction diameter of 500 mm, tube voltage of 130 kV,
current of 75-310 mAs, and thickness of 3 mm. The images were
reconstructed with 3D OSEM mode (four iterations and eight
subsets) in a 4.07 x 4.07 x 5.00 mm> matrix.
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TABLE1 Clinical and demographic characteristics of the study
patients.

Variable n (%) %

N=47

Age (mean £ SD) 47 & 23 years

Origin

Metropolitan area 26 (53) 55.4
Inland cities 21 446
Education

Illiterate 17 33.1
0 to 8 years 24 51.0
8 to 12 years 06 12.7
Smoking

Non-smoker 23 48.9
<20 pack-year 04 8.5
=20 pack-year 13 27.6
Ex-smoker for > 5 years 08 14.8
Number of children

1 child 6 12.7
2 children 7 14.8
3 or more children 34 72.3
Number of sexual partners

Up to two partners 12 25.6
Three or two partners 35 74.4

Tumor size (cm) (mean £ SD) 5.43 ¢cm (SD 1.49)

FIGO staging

1B2 02 4.20
11 04 8.0
I 21 446
v 20 42.5

FIGO, international federation of gynecology and obstetrics.

Radiomic analysis

Segmentation

We use the free access multiplatform Local Image Features
Extraction (LIFEx) software (V6.30—Inserm, Orsey, France)
(21), as can be seen in Supplementary Figure 1. Initially, a
semi-automatic segmentation of the uterine cervical lesion was
performed (whole-body image only), identified by the '*F-FDG
uptake on the CT fusion image, and manually outlined with
a 3D design tool. Subsequently, the software selected the area
of highest uptake, considering a fixed threshold of 40% of
the standard uptake value (SUV) of the ROI volume (VOI),
a method validated for cervical uterine neoplasms (22, 23).
Notably, the details regarding the computation parameters and
formulas are described at www.lifexsoft.org (21). A radiologist
specialized in the female pelvis and supervised by a nuclear
medicine specialist, both with 20 years of experience, did the
segmentations for all patients.

Extraction
For each selected volume, a massive extraction of numerical
data was performed by LIFEx, using 4 x 4 x 4 resizing,
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0.25 fixed number width (FBW) intensity discretization method
and histogram redefinition, obtaining 50 tumor features. These
features were divided into categories, including: first-order
statistics derived from the voxel intensity histogram (shape,
volume, and histogram), and conventional indices (SUVpeak,
SUVmean, SUVmax, MTV, and TLG); second-order statistics,
including features based on the gray-level co-occurrence matrix
(GLCM), gray-level run-length matrix (GLRLM), neighboring
gray-level dependence matrix (NGLDM), and gray-level zone
length matrix (GLZLM) (12, 21, 24).

Selection of radiomic features

Initially, searching for clinically significant markers
associated with OS, we performed an independent sample test
with the Mann-Whitney to assess the distribution for each
feature in the two groups, including those with a p-value < 0.05,
to subsequent analysis.

After that, the data were submitted to dimension reduction
through rank correlation with Spearman’s coefficient, evaluating
each pair of features. Later, we found which markers correlated
with each other, excluding redundant markers using a
correlation matrix and selecting those with a pre-established
hypothetical rhio lower than 0.85.

Statistical analysis

The absolute and relative frequency described categorical
variables in percentage. Continuous variables with a normal
distribution were analyzed by the mean and standard deviation;
while non-parametric variables were analyzed by the median,
maximum and minimum values, and interquartile range (IQR).
For comparison between variables, we used the Mann-Whitney
U test. We determined the cut-off points for variables with a p-
value < 0.05 and the distinction between groups by ROC curves
(DeLong methodology).

For prognostic evaluation, we correlated the selected
radiomic features with the OS. Kaplan-Meier survival curves
were constructed, with cut-oft points obtained by the ROC
curve for each variable, using the MedCalc software (MedCalc
Software Ltd, Ostend, Belgium; https://www.medcalc.org; 2022).
P-values lower than 0.05 were considered statistically significant.

Results

Clinical and demographic
characteristics

The sample was initially composed of 50 consecutive
patients. Three patients were excluded: one whose pretreatment
baseline scan was unavailable and two other scans with
divergence in the acquisition parameters (disagreement with
IBSI standards).
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FIGURE 1
Receiver operating characteristic curve analyses of SUVpeak (A), GLRLM_LRLGE (B), and both (C) value for predicting overall survival.

Therefore, 47 patients were eligible for this study, with a
mean age of 47 & 23 years and ranging from 24 to 70 years. The
majority of the patients had a low level of education, with reports
of multiple sexual partners. Approximately 87% of patients
presented with advanced stages of the disease (FIGO IIT and IV)
(Table 1). Advanced stages of FIGO were correlated with lower
overall survival (Supplementary Figure 2).

The median follow-up was 23.5 months (range: 3.73-
39 months), with all surviving patients being followed up for at
least 24 months. Of a total of 47 patients, 36 (77%) were alive at
the end of 24 months (group 1) and 11 (23%) patients had died
due to the disease (group 2).

Metabolic biomarkers and textural
radiomic features

The data were extracted from 47 VOIs. We selected
the features with discriminatory power for the selected
outcome: three metabolic parameters-SUVmax (p = 0.02),
SUVmean (p = 0.02), and SUVpeak (p = 0.01); and 13 textural
markers—five markers from the GLZLM matrix (GLZLM_SZE,
GLZLM_LGZE, GLZLM_HGZE, GLZLM_SZLGE, and
GLZLM_SZHGE); six markers from the GLRLM matrix
(GLRLM_LGRE, GLRLM_HGRE, GLRLM_SRLGE,
GLRLM_SRHGE, GLRLM_LRLGE, and GLRLM_LRHGE);
and two markers from the GLCM matrix (GLCM_Contrast
variance and GLCM_Dissimilarity).

Among the metabolic parameters, the SUVpeak showed
the best performance to differentiate the groups. The SUVpeak
median in group 1 was 10.89 (IQR 7.60-12.69), while in group
2 was 13.87 (IQR 12.17-14.14), p = 0.01. The best cut-off point
value (ROC curve analysis) was 12.76 with an AUC of 0.74, a
sensitivity of 77.8%, and a specificity of 72.7%, p = 0.006.

The SUVmax median value in group 1 was 12.83 (IQR 9.09—
14.90) vs. 15.98 in group 2 (IQR 13.52-19.09), p = 0.02. The best
cut-off point was 14.32, AUC = 0.68, sensitivity = 72.3%, and
specificity = 72.7% for the cut-off point of 14.32 (p = 0.012). The
SUVmean median value in group 1 was 7.68 (IQR 9.09-14.90)
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vs. 9.88 in group 2 (IQR 8.88-10.92), p = 0.02. It presented an
AUC of 0.68, sensitivity of 72.3%, and specificity of 72.7% for a
cut-off point of 8.8 (p = 0.01).

The other conventional metabolic metrics were not
significant. The median MTV in group 1 was 31.9 (IQR: 18.5-
51.0) vs. 37.8 (IQR: 24.6-72.4) in group 2 (p = 0.49). The median
TLG in group 1 was 295.9 (IQR: 100.7-403.7) vs. 320.3 (IQR:
253.2-465.7) in group 2, p = 0.33.

Aiming for the redundancy feature reduction, we used the
Spearman rank correlation for each of these 13 attributes. Three
of them showed a rho value lower than 0.85: GLRLM_LGRE,
GLRLM_SRLGE, and GLRLM_LRLGE. When we compared the
AUC of these three indices, the GLRLM_LRLGE textural feature
presented a little better performance. The GLRLM_LRLGE
median in group 1 was 1.2 x 1073 (IQR: 8 x 107432 x 107%)
vs. 7.7 x 1073 in group 2 (IQR 6 x 10749 x 1073, p = 0.017).
The best cut-off point value was 1 x 1073 (AUC: 0.74;
sensitivity: 72.2%; specificity: 81.8%, p = 0.005).

For GLRLM_LGRE, the group 1 median value was
1.2 x 1073 (IQR: 7 x 1074-2.4 x 107?), and in group 2 was
7 x 1074 (IQR: 5 x 10~* to 8 x 1074, p = 0.01). It presented
an AUC of 0.73, sensitivity of 81.8%, and specificity of 72.2% for
a cut-off point of 9 x 1074 (p = 0.006). For GLRLM_SRLGE,
the group 1 median value was 1.2 x 1073 (IQR: 7 x 10~%-
23 x 1077), and in group 2 was 7 x 1074 (IQR: 5 x 1074
8 x 10’4,‘0 =0.01). The AUC was 0.73, sensitivity of 81.8%, and
specificity of 72.2% for a cut-off point of 8 x 10~ (p = 0.006)
(Figure 1). More information at Table 2.

Correlations between conventional
parameters 8F-FDG PET/CT and
textural features

The SUVpeak showed negative correlations with the
GLRLM matrix. GLRLM_LRLGE (r = —0.890, p < 0.01).
The SUVmax also showed a negative correlation with
GLRLM_LRLGE (r=0.764, p < 0.01).
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TABLE 2 Results of independent-samples Mann—Whitney test analysis parameters 18F-FDG PET/CT for cervical cancer predicting overall survival.

Group 1 Group 2
Median Range Median Range P

Image-based parameters

SUV mean 7.68 9.09-14.90 9.88 8.88-10.92 0.02
SUV peak 10.89 7.60-12.69 13.87 12.17-14.14 0.01
SUV max 12.83 9.09-14.90 15.98 13.52-19.09 0.02
TLG (mL) 295.9 100.7-403.7 320.3 253.2-465.7 0.33
MTV (mL) 31.9 18.5-51.0 319 24.6-72.4 0.49
Texture parameters

GLRLM_LGRE 1.2 x 1072 7% 107%-2.4 x 1073 7 x 107% 5% 10~%-8 x 10% 0.01
GLRLM_SRLGE 12 x 1073 7 x 107%-23.1073 7 x 107 5% 10~ *-8 x 10* 0.01
GLRLM_LRLGE 1.2 x 107 8 x 1074232 x 10—3 7.7 x 10—3 6 x 10-%-9 x 10* 0.01

1SE-FDG PET/CT, "*fluorodeoxyglucose positron emission tomography; Group 1, survivors; Group 2, dieded; SUV, standardized uptake values; SUVmax, maximum standardized uptake
value; SUVmean, mean standardized uptake value; SUVpeak, the peak of SUV in 1 mL; TLG, total lesion glycolysis; MTV, metabolic tumor volume; GLRLM, Gray level run length matrix;
LGRE, low gray-level runs emphasis; SRLGE, short runs low gray-level emphasis; LRLGE, long runs gray-level emphasis.

Kaplan—Meier survival curve of overall survival in patients with cervical cancer. (A) High SUVpeak value (>12.76) and low SUVpeak value (<12.76).
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(B) High GLRLM_LRLGE value (>1.10"%) and low GLRLM_LRLGE value (<1.1073).
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Both SUVpeak and GLRLM_LRLGE were not correlated
with FIGO staging (Supplementary Table 1).

Kaplan—Meier survival analysis

GLRLM_LRLGE showed a significant correlation with the
OS (p = 0.003). Patients who died presented a GLRLM_LRLGE
value lower than the cut-off point, with a shorter survival time:
median of 708 days (CI: 505.0-734.0). A risk ratio of 10.8 (CI:
3.0-39.1) was observed.

SUVpeak showed a significant correlation with the OS
(p = 0.006). Patients who died presented a higher SUVpeak
value, with a shorter survival time: a median of 706 days (CI:
374.0-734.0). A risk ratio of 10.5 (CI: 2.7-40.3) was observed
(Figure 2).

Discussion

This study demonstrated the prognostic association between
radiomic biomarkers of primary uterine cervical cancer lesions
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at BF-FDG-PET/CT and overall survival. Among the evaluated
metabolic parameters, SUVpeak showed the best discriminatory
power; and among all the selected radiomic textural features,
the GLRLM_LRLGE presented the best predictive performance.
Moreover, SUVpeak and GLRLM_LRLGE demonstrated a
greater correlation with OS compared with clinical and other
more conventional ¥F-FDG-PET/CT parameters, including
MTV and TLG. These data reinforce the importance of
metabolic radiomic evaluation in cervical uterine tumor staging.

Cervical cancer accounts for high morbidity and mortality
in patients of productive and reproductive age worldwide,
especially in vulnerable populations (25). The staging of this
neoplasm is based on FIGO classification, which includes
characteristics of the primary lesion, and lymph node or
distant dissemination (4-6). However, FIGO classification
presented a low accuracy in predicting therapy response and
survival, especially among patients with advanced-stage cancer
disease (4).

The search for non-invasive and robust prognostic
biomarkers can improve the predictive power of therapy
response. Radiomic is considered a promising analysis tool in
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precision medicine (26, 27). Some studies have also reported the
use of this technology in cervical tumor cases, based on several
imaging methods, especially magnetic resonance imaging and
IBE_FDG-PET/CT (28). Usually, these studies aim to evaluate
several aspects of the tumor, covering most frequently lymph
node invasion (29-31), prognosis (28, 32), and therapeutic
response (33); followed by histological grade (34-36), staging
(37), and lymphovascular space invasion (29).

Standardized uptake value represents a semi-quantitative
metric of F-FDG-PET/CT with prognostic ability, including
OS evaluation of patients with uterine cervix tumors (10, 33).
All metrics of SUV are correlated with each other, providing
information on the tumor metabolic activity. SUVpeak is
reported as more robust and reproducible than SUVmax and
SUVmean, although it is not widely disseminated in clinical
practice (7). Studies report better performance of SUVpeak to
demonstrate the aggressiveness of early-stage cervical tumors

compared to SUVmax, maybe because SUVpeak measures
several voxels in a more metabolically active spherical VOI of

the lesion (7, 38).

The SUVpeak in our study presents a cut-off value similar to
those described in other studies. Schernberg et al. (39) analyzed
locally advanced disease treated with definitive chemoradiation
and demonstrated that a high SUVpeak value was superior in
predicting the OS and local recurrence, when compared with
other 8 F-FDG-PET/CT parameters, like MTV and TLG. Other
studies also evaluated early-stage cervical cancer, in which a low
SUVpeak was significantly correlated with high progression-free
survival (40).

A systematic review by Pifeiro-Fiel et al. evaluated
the radiomics of 'SF-FDG-PET/CT in several neoplasms.
Gynecological cancers were among the four most studied types,
with 19 publications in a total of 741 studies. Of these 19
publications, cervical uterine cancer accounted for the largest
number of publications (74%), followed by endometrial cancer
(16%). As in our study, the textural features were correlated with
the conventional metrics of ¥F-FDG-PET/CT, including SUV.
In the analysis of gynecological cancers, the texture matrices
that presented higher significance were GLCM, GLRLM, and
GLZSM (41).

We showed that GLRLM_LRLGE could perform well in
predicting OS in patients with advanced cervical cancer.
The radiomic matrix GLRLM conceptually relates to the
intensity of the gray level of pixels in an image, in a given
direction, and LRLGE represents the distribution of long
stretches with a high or low gray level, being an indicator
of the uniformity of the homogeneous distribution of FDG
uptake (42). GLRLM_LRLGE is a potential biomarker in other
neoplasms too, as it can discriminate benign from malignant
renal tumors (42), and can be used to assess recurrence in rectal
cancer (43).

Additionally, some studies demonstrated a significant
correlation between the GLRLM matrix 18F-FDG-PET/CT
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textural markers (LGRE, SRLGE, and LRLGE) and RNA-
level immunological biomarkers of PD-L1 (programmed death
ligand 1) in lung cancer (44). PD-L1 protein expression
is also a predictive biomarker in uterine cervical cancer
(45). Subsequently, we could find a possible intercorrelation
between these textural markers (GLRLM_LRLGE) and PD-L1
expression, representing an important prognostic and selection
factor for immunotherapy. This hypothesis may be evaluated in
future prospective studies.

GLRLM_LRLGE possibly shows a relationship with tumor
necrosis, as it assesses the homogeneity of ¥ F-FDG uptake, and
its highest value is documented in benign homogeneous lesions
(42). On the other hand, several studies demonstrate a direct
relationship between PD-L1 and tumor necrosis factor (TNF
alpha) in oncologic diseases, including findings in which TNF
alpha produced by adipocytes positively regulates PD-L1 (46).
Based on these findings, we can assume that the textural factor

GLRLM_LRLGE also correlates with TNF alpha.
However, this study has many limitations. It is a single-

center study with a low number of patients and a retrospective
analysis. However, the sample was derived from a clinical trial
(47), with a relatively homogeneous and controlled group of
patients with a good clinical follow-up. Additionally, the ®F-
FDG-PET/CT pretreatment images were reevaluated in order
to collect new data regarding radiomic characteristics in the
primary lesions. Moreover, we analyzed only the scans with a
protocol following the parameters established by the IBSI. We
also do not perform multiple correction tests in our data, mainly
because of the low number of included patients.

In conclusion, in patients with advanced cervical tumors,
this study investigated and identified two biomarkers with better
prognostic performance (SUVpeak and GLRLM_LRLGE).
These features denote metabolism and intratumoral textural
homogeneity, respectively. In the future, the SUVpeak and
GLRLM_LRLGE have the potential to be incorporated
into clinical practice, helping to identify patients with a
higher risk of death.
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ABSTRACT

Purpose: To evaluate the classification performance of structured report features,
radiomics, and machine learning models to differentiate COVID-19 from other types of
pneumonia in chest CT images. Methods: Sixty-four COVID-19 subjects and 64 subjects with
non-COVID-19 pneumonia were sequentially selected. The dataset was split into two
independent cohorts, one for the structured report, the radiomic feature selection and model
building (n=73), and another for model validation (n=55). Physicians performed readings with
and without machine learning support. Model's sensitivity and specificity were calculated, and
inter-rater reliability was assessed using Cohen’s Kappa agreement. Results: Physicians
performed with mean sensitivity and specificity of 83.4% and 64.3%, respectively. When they
were assisted with machine learning, mean sensitivity and specificity were 87.1% and 91.1%,
respectively. In addition, machine learning improved the inter-rater reliability from moderate to
substantial agreement. Conclusions: Integrating structured reports and radiomics promises

assisted the classification of COVID-19 in computed tomography images of the chest.

Keywords: radiomics, structured reports, machine learning, pneumonia, computed

tomography.

1. INTRODUCTION

Computed tomography holds a significant place in the diagnosis and staging of
pneumonia, therefore providing important information in managing the current COVID-19
pandemic [1]. However, the aspects of pulmonary lesions seen in CT are typical but not
pathognomonic [2], resulting in a limitation of the method [3].

Artificial intelligence (Al) is a ubiquitous topic in medical imaging due to its ability to

automate image segmentation, improve lesion detection, perform better quality assurance, and
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increase the inter- and intra-rater reliability [4-7]. Furthermore, structured reports are claimed
to enhance radiology reporting by enabling standardization, productivity, and improved
information transmission [8,9], leveraging its potential to decision support technologies using
Al [8,10,11].

Recent studies have shown promising radiomics and Al to classify pneumonia in CT
studies [12,13]. Even though Al has been widely used with different data types for COVID-19
diagnoses, such as radiomics and clinical data, it has been little explored using imaging reports
[14]. Huanhuan Liu and colleagues developed a clinical-radiomics model that included
distribution features and clinical data, demonstrating the added value of lesion distribution
reporting in their models [13]. In this perspective, the integration of minable data with artificial
intelligence may benefit radiology practices and patient care.

In this work, we explored radiological features from multi-center standardized web-
based structured reports and radiomics. In addition, we developed Al models and evaluated
their classification performance to differentiate COVID-19 from other types of pneumonia, and

their impact on intra rater reliability.

2. MATERIALS AND METHODS

2.1 Subjects

Cases were defined as subjects with COVID-19 confirmed with RT-PCR referred to
thorax CT during April-2020 and April-2021 sequentially selected from three Brazilian
academic hospitals (Table 1). Controls were defined as subjects sequentially selected with
pneumonia before the COVID-19 pandemic, referred to thorax CT during January-2018 and
October-2019.

Exclusion criteria were (a) CT images with poor quality; (b) small or imperceptible

lesions; (c) unavailability of RT-PCT for the confirmed COVID-19 group; (d) images that were
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not compliant with the institutional protocol for lung imaging (e.g., matrix size, kernel), and e)

images that were no longer available on the PACS at the retrieval.

Table 1 — Subject and center characteristics

Characteristic

Hospital A

Hospital B

Hospital C

Scanner

COVID/ non-COVID

Lung involvement

Mild (<25%)

Moderate (25-50%)

Severe (>50%)

Male gender

Age (median — IQR)

Slice thickness

Energy (kV)

Current (mA)

Kernel

Experience (years)

Brilliance 6 (Philips)

25/ 27

18

20

14

25

54.5 (43.0-70.8)

2.0 mm

120

159-310

11

Aquilion (Toshiba)

25/ 20

26

12

18

55.5 (41.3-64.8)

2.0 mm

120

99-389

FC86

10

Emotion 6 (Siemens)

14/ 17

11

11

12

57.0 (51.5-66.5)

1.25 mm

130

61-240

B30s

19

M: male; IQR: interquartile range. Experience: period of radiologist experience with CT
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The study was approved by the ethics committee at each institution: Hospital A,

Hospital B and Hospital C.

2.2 Structured report

The structured report was composed of ten questions concerning the radiological
findings: five about lesion analysis and five about lesion distribution, with each answer being
binary (yes/no), as follows:

Analysis:

Al: Predominant ground-glass opacity with a rounded morphology

A2: ground-glass opacities with superimposed interlobular septal thickening and intralobular
septal thickening (crazy paving)

A3: Ground glass opacity and pulmonary consolidation

A4: Pulmonary consolidation with air bronchograms

A5: Reversed halo sign or cryptogenic organizing pneumonia (COP) findings

Distribution:

D1: Bilateral and multifocal

D2: Peripheral distribution

D3: Prevalent in lower lobes and dorsal region

D4: Peribronchovascular opacities and peripheral distribution.

D5: Diffuse opacities

Experienced radiologists (one from each hospital) were asked to retrieve the
corresponding subject CT images from the hospital PACS and select the findings for the
structured report. Only the image series with the axial slices of the lung were allowed to be

reviewed. This data was then included in the software Nuclearis (Salvador, Brazil), a web-
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based radiology information system capable of personalizing standard structured reports. No

other information was analyzed (e.g., side notes, remarks, further information).

2.2.1 Structured report model
An Extreme Gradient Boosting (XgBoost) algorithm was built in the training cohort
(n=73) and validated in the independent cohort (n=55) using a structured report score of 0 or 1,

with 0 meaning non-COVID-19 and 1 meaning COVID-19.

2.3 Radiomics

2.3.1 Automatic segmentation

The process involved 37 COVID-19 individuals and another 36 individuals with
pneumonia not associated with COVID-19 (hereafter denominated feature selection cohort).
These CT images were previously manually segmented using LIFEX, version 6.30
(www.lifex.org), to train a 2D convolutional neural network [15] with a 5-fold cross-validation
scheme. A total of 12,780 CT slices were used, and data were augmented using 1 mm erosion
in the LIFEx ROlIs, flip, and rotation in the original images and ROIs, resulting in 51,120
images. Each training dataset used 60 subjects to segment the additional subjects automatically.
The output 2D class probability maps were filtered with a 3D Gaussian kernel before
thresholding to obtain the final 3D lesion segmentation. Only the independently segmented
lesions were included in the radiomic feature selection analysis. This process used the
stablished image segmentation software LIFEX to delineate the ground truth of lung lesions
aiming to develop our own automatic segmentation software for the radiomic feature

extraction.

2.3.2 Feature extraction


http://www.lifex.org/
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Radiomic features were extracted using PyRadiomics [16]. The matrix grid was
resampled to voxels of 1x1x2 mm3, and the discretization within each ROl was scaled to 128
grayscale levels. Radiomic feature classes and corresponding features are presented in the
supplementary material. A total of 93 features were calculated, including 18 first order and 75
textural features: 16 gray level run length matrix (GLRLM), 16 gray level size zone matrix
(GLSzZM), five neighborhood gray-tone difference matrix (NGTDM), 14 gray level

dependence matrix (GLDM) and 24 gray level co-occurrence matrix (GLCM).

2.3.3 Feature selection

The feature selection process is illustrated in Figure 1. Lung lesions from the feature
selection cohort were automatically segmented, and two additional segmentation datasets
(artificial observers) were generated using erosion functions with 1- and 3-mm. Additional blur
and sharp kernels were applied to the original image to simulate different scanner/image
reconstructions. Ninety-three radiomic features were computed for each of the three observers
from the erosion and image quality groups. The intraclass correlation coefficient (ICC) was
used to estimate the reproducibility. Features which ICC > 0.90 were selected.

Figure 1: Feature selection framework
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2.5.2 Radiomic model

We used the same cohort of feature selection section for model building (n=73) and an
independent cohort with 55 subjects (27 COVID-19 and 28 non-COVID-19) for model
validation. A random forest model was built at the lesion level (segmented lesions = 1060),
each annotated according to the subject status. The algorithm classified lesions through a
radiomic score ranging from 0 to 1, with 0 meaning non-COVID-19 and 1 meaning COVID-19
lesion. The model (rf_mean) was validated in the subject level by averaging the scores of all
lesions for the specific subject.
2.4 Physician’s performance

Two experienced physicians, one radiologist, and one pneumologist scored the CT
images in the validation group (n=55) to classify whether the pneumonia was COVID-19 or
non-COVID-19. Both physicians were blinded regarding the RT-PCR and clinical information,
where the radiologist was the same performing the structured report (Hospital B), and the
pneumologist only participated in this validation step of the study. Firstly, they analyzed the
CT images without any support from the machine learning models. Finally, they analyzed the
CT images again, after 30 days, with the support of both radiomic and structured reports

models using binary classification in each model.

2.5 Statistical analysis

The odds ratios of radiological findings were assessed as an indication of feature
importance. The whole dataset (n=128) was used in such analysis. The mean of Dice
Coefficient (F1 Score) was computed using Python-3.9.2 software to assess the performance of
our automatic COVID-19 segmentation method.
Machine learning analysis was performed using software Orange, version 3.29.3 [17]. The

sensitivity and specificity of the models were calculated from the categorical classification
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outputs from Orange, and their 95% confidence intervals were estimated using OpenEpi
software [18]. The ROC curves were assessed to estimate the AUC and the 95% confidence
intervals using the continuous scores from orange and the SPSS 18.0 for Windows. The mean
ROC curve for physicians’ performance was simulated by iteratively misspecifying the true
values with a random gaussian function for improved readability and interpretation. The
procedure was stopped when the simulated ROC curve yielded values corresponding to the real
sensitivity and specificity [19]. The inter-rater reliability was assessed with and without the
support of machine learning models using the Cohen’s Kappa coefficient (k), according to the
classification: weak (k < 0.20), fair (0.20 < k < 0.40), moderate (0.40 < k < 0.60), substantial
(0.60 <k <0.80) or strong (k > 0.80) [20].

3. RESULTS

3.1 Structure reports

The XgBoost performed with 81.6% (66.6-90.8%) sensitivity and 82.9% (67.3-91.9%)
specificity in the training cohort (AUC=0.91); and 77.3% (56.6-89.9%) sensitivity and 69.7%
(52.7-82.7%) in the validation cohort (AUC=0.82) (Table 3).

The odds ratio (95% CI) revealed feature importance, as presented in Table 2.
According to this analysis, features A1, A2, A4, D1, and D2 were the strongest predictors (p <
0.05), where their presence was more frequent in the COVID-19 group, except A4, which

appear more frequently in the non-COVID-19 group.

Table 2 — Feature importance for structured reports

Odds Ratio (95% CI)

Analysis Distribution
Al: 2.7(1.3-5.6) D1:2.7(1.4-5.4)

A2: 2.6(1.3-53) D2:5.0 (2.2-11.2)
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A3:1.4(0.7-2.8)  D3:0.6 (0.3-1.3)

A4:03(0.1-0.8)  D4:1.8(0.9-3.7)

A5:1.0(0.1-15.9) D5: 1.5 (0.5-4.0)

3.2 Radiomics

The mean F1 socre of our auto-segmentation algorithm was 0.72. Figure 2 shows the
axial view of an infected COVID-19 individual (Figure 2a), the auto-segmentation (Figure 2b),
ROI erosion functions: 1mm (Figure 2c) and 3mm (Figure 2d); and image enhancements: blur

(Figure 2e) and sharp (Figure 2f) kernels.

Figure 2: Auto-segmentation and observer augmentation.

The intersection between both erosion and image quality groups resulted in three
features with excellent reproducibility, as follows: gldm_GrayLevelNonUniformity,

firstorder_Energy, and firstorder_TotalEnergy.
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The rf_mean model with these selected features performed with AUC = 1.0 in the
training cohort and AUC = 0.84 (0.73-0.95) in the validation cohort, both at the subject level.
Sensitivity and specificity in the validation cohort were 70.4% (51.5-84.2%) and 89.3 (72.3-
96.3%), respectively (Table 3).

3.3 Physicians

In the physician’s assessment, pneumologist performed with sensitivity and specificity
of 81.5% (63.3-91.8%) and 67.9% (49.3-82.1%), respectively; while radiologist performed
with sensitivity and specificity of 85.2% (67.5-94.1%) and 60.7% (42.4-76.43%), respectively.
When physicians were assisted with both artificial intelligence models, their performance were
sensitivity and specificity of, respectively, 85.2% (67.5-94.1%) and 85.7 (68.5-94.3) for
pneumologist, and 88.9% (71.9-96.2%) and 96.4% (82.99.4%) for radiologist. The Cohen’s
Kappa coefficient between both physicians was k = 0.66 (0.46-0.86) without the support of
machine learning and improved to 0.78 (0.61-0.94) with the use of machine learning.
Therefore, the readings assisted by artificial intelligence improved the lower limit from
moderate to substantial. Figure 3 depicts the overall readers’ performance based on the AUC,
and Figure 4 depicts the readers’ reliability.

Even though we only found a significant difference between specificities for the
radiologist reader with and without Al (p < 0.05), our results suggest that standardized and
semi-automatic measures based on questionnaires and radiomics may assist physicians on the

classification task.

Table 3 — Model performance on the validation dataset

Model Sensitivity (95%ClI) Specificity (95%CI1) AUC (95%Cl)

Structured Report 77.3 (56.7-89.9) 69.7 (52.7-82.6) 0.82 (0.69-0.93)

Radiomic 70.4 (51.5-84.2) 89.3 (72.3-96.3) 0.84 (0.73-0.95)
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Pneumologist

Radiologist

Pneumologist with Al

Radiologist with Al

81.5 (63.3-91.8)
85.2 (67.5-94.1)
85.2 (67.5-94.1)

88.9 (71.9-96.2)

67.9 (49.3-82.1)
60.7 (42.4-76.43)
85.7 (68.5-94.3)

96.4 (82.3-99.4)

0.84 (0.72-0.95)
0.78 (0.66-0.90)
0.92 (0.84-0.99)

0.97 (0.92-1.00)

Cohen’s Kappa

Fig. 3: Physicians and artificial intelligence performance.
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This study shows that structured reports, radiomics, and machine learning algorithms
provide a reliable classification of CT scans to identify COVID-19 individuals and better assist
physicians in their decision. Our study characterized the CT pneumonia examinations using
radiomics and a typically structured report questionnaire for lung CT pneumonia and Al
models. Furthermore, we conducted a careful methodological and statistical design to avoid the
pitfalls in the modeling workflow and analysis, thus promoting the results' reliability and
repeatability [21,22].

Syeda et al. [14] published a systematic review on the role of machine learning in
tackling coronavirus disease. Among forty studies that evaluated the diagnosis of COVID-19,
none of them used imaging features extracted from standardized structured reports. Although
several authors reported the application of Al for diagnoses of COVID-19 using CT, their
works were based on image processing techniques and/ or clinical data.

We could not demonstrate that the model's performance was statistically higher than
that achieved by the physicians, but the observed trends are optimistic. More importantly, they
improved their reportings when assisted by these models. Interestingly, the results of our
radiomic model are similar to Guiot J et al. [12], which achieved a sensitivity of 69.5% and a
specificity of 91.6%. Liu H et al. [13] developed both clinical-radiological and clinical-
radiomic models. They found sensitivity and specificity of 63% and 84% for their clinical-
radiological model, which included the features of age, gender, neutrophil ratio, lymphocyte
count, location, distribution, reticulation, and lung involvement. Its overall performance AUC =
0.83 (0.75-0.90) is also equivalent to our structured report model. Their clinical-radiomic
model achieved AUC = 0.93 (0.85-1.00) with sensitivity and specificity of 85% and 90%,
respectively. Although clinical data may provide additional predictive information, they are not
available in many clinical settings, while our models depend only on simple scoring and

automated image quantification.
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Our work also confirmed the higher prevalence of typical features previously reported
in COVID-19 cases (A1, A2, D1, D2) [1,23], demonstrating these patterns' added contribution
and dependence on artificial intelligence models. These models' performance motivates a more
extensive clinical evaluation based on a larger cohort designed to evaluate the gain in accuracy
and inter- intra rater reliability achieved by radiologists of different levels of experience with
the assistance of our algorithm.

Our study has some limitations. First, the limited sample size imposes a relatively large
confidence interval of our results. Second, our radiomic model could be generalized only with
the feature selection and extraction parameters used in this work. Finally, our algorithm shows
two scores (radiomic and structured reports) therefore limiting the decision contribution to
physicians when both scores are ambiguous (n=18/55).

The management of COVID-19 patients is multifaceted. Decision-making technologies
to handle coronavirus disease in real-time are valuable tools to avoid its spread and rationalize
resources. The proposed approach intends to standardize better, automate, and identify infected
patients or discard pneumonia that is unlikely COVID-19. Our efforts are aligned with global
demand to make minable data and artificial intelligence feasible and translational to clinical
practice, as radiomics, reporting standardization, and statistical tools are becoming more
widespread [24].

CONCLUSIONS

Radiomics, structured reports, and machine learning algorithms enable good
classification of CT scans to identify COVID-19 individuals. In addition, this approach assisted
physicians in standardizing better the classification and reporting of COVID-19 in computed
tomography.
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6. DISCUSSAO

Neste projeto desenvolvemos e implementamos tecnologias da informacdo e métodos
computacionais para otimizacdo dos processos na saude. A incorporacdo das novas
metodologias no software WBA permitiu validar os componentes tecnolégicos em ambiente
operacional, visando o atingimento de maturidade tecnolégica TRL7, que é quando uma
tecnologia é demonstrada em um ambiente clinico (norma ISO 16290:2013). A figura 5 orienta
sobre os resultados em cada etapa do trabalho.

A implementacdo do sistema de gerenciamento de filas demonstrou, na percepcdo dos
profissionais usuarios do software, que 86,7% dos usuarios consideraram que a solucdo de
gerenciamento de filas da plataforma agregou mais seguranca aos pacientes, enquanto 13,3%
dos usuarios consideraram indiferente. Em relacdo aos ganhos de produtividade, 83,3% dos
usuarios relataram ganhos no atendimento dos pacientes, enquanto 16,7% dos usuarios
julgaram indiferente (anexo A, anexo C) (PONCE et al, 2020). Estes resultados demonstram o
potencial de melhorias que podem ser alcancadas na adocdo de ferramentas aderentes as
especificidades dos processos de saude, permitindo mais flexibilidade e mais eficiéncia na
gestdo de processos (ZANG et al., 2009). Para o segmento de diagndstico por imagens, faz-se
necessario integrar os softwares de gestdo com uma solucédo de PACS para otimizar os ganhos
de eficiéncia (AYAL and SEIDMAN et al., 2009). Durante nosso estudo, evoluimos a
ferramenta PACS para o conceito de PACS de Larga Escala, viabilizando uma infraestrutura
tecnoldgica capaz de gerenciar mais de 20.000 exames por ano, validado para as modalidades
SPECT, PET, CT, densitometria 6ssea, raios-X e ultrassom (MANSOORI et al., 2012).

As ferramentas de aceleracdo de exames buscam otimizar a produtividade dos servicos
de saude e prover melhor satisfacdo e conforto aos pacientes, além de reduzir custos
operacionais com a otimizacdo da capacidade instalada. Desenvolvemos um algoritmo que
permite particionar imagens convencionais de SPECT em novas imagens que simulam terem
sido realizadas em menor tempo (artigo 1 e anexo C) (QUEIROZ et al., 2022). Este software
permite ndo apenas facilitar a avaliacdo de novas tecnologias de aceleracdo de imagens (ao
simular imagens com menor tempo, sem necessidade de expor 0 paciente a uma nova aquisi¢ao
de imagens), como ainda facilitard o desenvolvimento de novos modelos com deep-learning
(dada a alta capacidade de simular imagens de variadas qualidades), reduzindo também a
dependéncia de tecnologia importada (VALENTA et al., 2010; LECCHI et al., 2017; OLIA et
al., 2022).
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Nas aplicacfes computacionais para acesso a biomarcadores e apoio a decisdo, faz-se
necessario entender e estudar as metodologias de padronizacdo e selecdo (escolha) dos
atributos de imagens conforme sua robustez. Uma das formas de analise, geralmente
complementar, refere-se a estudos de repetitividade com objetos simuladores (phantoms). Em
nosso estudo, caracterizamos a repetitividade de atributos radidomicos usando o simulador
IEC/NEMA (artigo 2) (MACHADO et al, 2021) e estudamos métodos de harmonizacdo e
robustez (OLIVEIRA et al, 2022). Com isso, avaliamos correspondéncias na literatura sobre a
consisténcia (reprodutibilidade, harmonizacdo, correlacdo clinica) dos atributos radidmicos
encontrados e aplicamos um estudo de caso em imagens de 18F-FDG-PET/CT de pacientes
com linfoma Hodgkin (artigo 4) (MACHADO et al, 2022) e pacientes com COVID-19 (artigo
6 e anexo C) (MACHADO et al, 2022). Em nosso experimento com phantom para verificar a
variabilidade dos atributos radidbmicos PET, utilizamos um modelo simples, com esferas
homogéneas, cujo resultado ndo é generalizavel para condi¢cbes em que o tumor se apresenta
com captacdo mais heterogénea do radiofarmaco, conforme Pfaehler e colegas (2019)
demonstraram em seu estudo com phantom criado a partir de uma impressora 3D para simular
casos de cancer de pulm&o. Entretanto, nosso experimento contribui para demonstrar o
comportamento da variabilidade dos atributos radidmicos em funcdo de outros métodos de
discretizacdo dos valores de pixel.

Ressalta-se a necessidade de se estabelecer um workflow para segmentacdo de imagens,
extracdo e selecdo dos atributos radiébmicos (Fig. 3). A escolha do conjunto de ferramentas
necessarias dependera da preferéncia da equipe de pesquisa e dos recursos disponiveis. Neste
projeto usamos os softwares Imagel, LIFEx e PyRadiomics, estabelecendo diferentes
workflows para extragdo de caracteristicas radidmicas (artigos 3-6) (‘MACHADO et al, 2022;
OLIVEIRA, et al, 2022; “MACHADO et al, 2022; ALENCAR et al, 2022). Apesar de todas
estas opcdes apresentarem-se Uteis, a incorporacdo de métodos baseados em linguagem Python
possui a vantagem de facilitar a interoperabilidade com outros softwares (VANROSSUM, G et
al, 1995). Por fim, optou-se por adotar a biblioteca PyRadiomics, que possui linguagem
baseada em Python (GRIETHUYSEN, et al, 2017). Com isso, desenvolvemos aplicacdes de
fronteira com deep-learning para segmentacdo de imagens (artigo 3, artigo 6 e anexo B)
(OLIVEIRA, et al, 2022; MACHADO et al, 2022), métodos para obtencdo dos biomarcadores
e métodos machine-learning para a criacdo de modelos preditivos para apoio diagnostico de
linfoma Hodgkin (artigo 4) (MACHADO et al, 2022), colo de utero (artigo 5) (ALENCAR et
al, 2022) e COVID-19 (artigo 6 e anexo C) (MACHADO et al, 2022). O desenvolvimento de

algoritmos com redes neurais (deep-learning) para segmentacdo automatica de imagens (artigo
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3, artigo 6, anexo B e anexo C) é um importante recurso desenvolvido neste trabalho, pois
automatiza o processo manual e elimina o vies do observador (operador-dependente), pois
muitos biomarcadores sdo sensiveis a regido delineada da imagem (ex.: geometria da
segmentacéo, regido considerada, fatores de ponderacdo) (PFAEHLER et al, 2019).

Embora este conjunto de tecnologias tenha o potencial de apoiar a decisdo médica,
possibilitando a melhoria da qualidade de vida das pessoas, reducdo da hospitalizacdo, da
recidiva de doenca e da mortalidade; cabe salientar a necessaria validacdo clinica das
tecnologias propostas, delimitando suas fragilidades, oportunidades e niveis de evidéncia. No
modelo preditivo para apoio ao diagnéstico de linfoma Hodgkin (artigo 4) (MACHADO et al,
2022), devido ao tamanho amostral limitado, ndo foi possivel realizar a selecdo de
biomarcadores e a validacdo do modelo em conjuntos de pacientes independentes, conforme
preconiza as melhores préticas na area (BUVAT & ORLHAC, 2021), possivelmente resultado
em viés de informacdo. Ambos os estudos apresentados nos artigos 4 e 5 foram realizados em
um Unico equipamento de aquisi¢do de imagens, necessitando de validacdo externa. Por outro
lado, no artigo 6 tanto a selecdo de biomarcadores quanto o treinamento dos modelos IA foram
realizados em um grupo de pacientes independente do grupo de validacdo do modelo IA.
Adicionalmente, foram incluidos trés centros diagnosticos com trés modelos de equipamentos
distintos, incrementando a qualidade dos resultados. E importante destacar ainda que, além da
melhora na acuracia diagndstica observada no artigo 6, a 1A também possibilitou uma melhora
na concordancia entre observadores. Todavia, com a constante modificacdo das caracteristicas
epidemioldgicas da doenca, faz-se necessario avaliar a tecnologia em novos pacientes apés a
consolidacdo da vacinacgdo no Brasil.

Nossos resultados podem impactar muitos pacientes, como aqueles encaminhados para
realizar CT de térax com suspeita de COVID-19, que apesar da reducdo de casos decorrente da
vacinacao, continua afetando milhares de individuos por dia; pacientes oncologicos que
realizam exames de PET/CT, cujos médicos podem acessar informacdes de textura tumoral,
que estd associada a um estagio mais avancado da doenca (necrose); pacientes que realizam
exames de medicina nuclear, que poderdo usufruir de exames mais rapidos e/ou com menor
dose de radiacdo; e outros pacientes encaminhados para procedimentos em departamentos de
diagnostico por imagens, que se beneficiardo de tecnologias integradas que melhoram a
eficiéncia operacional dos servicos de salde, resultando em mais seguranca e mais

produtividade.
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7. CONCLUSAO

Neste trabalho foi desenvolvido e implementado um conjunto de tecnologias da
informacao e métodos computacionais para melhorar a gestdo e a assisténcia aos pacientes em
servigos de diagndstico por imagens:

a) A produtividade de servicos de salde aumentou com a disponibilizagdo de um
software especialista com conceito WBA.

b) Exames podem ser realizados em menor tempo e/ou com menor dose de radiacédo
utilizando o método para simulacdo de imagens desenvolvido e validado para protocolos de
exames SPECT.

c) Foi desenvolvido e validado um workflow para estudos com radidbmica,
contemplando as etapas de segmentacdo automatica de imagens, extracdo, padronizacdo e
selecdo de biomarcadores a serem usadas na descoberta de novas associa¢des (Knowledge
Discovery — KDD).

d) Foram demonstrados novos biomarcadores para apoio a decisdo em exames de 18F-
FDG-PET/CT oncolégico (linfoma de Hodgkin e cancer de colo de utero) e CT de torax
(Covid-19).

e) Um novo software desenvolvido para apoio ao diagndstico da COVID-19 utilizando
imagens de CT, melhorou a acurécia e concordancia entre observadores na suspeita diagnostica

de pneumonia por COVID-19.
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8. PERSPECTIVAS

As ferramentas desenvolvidas em uma plataforma de gestdo no conceito WBA
integrada a um PACS de Larga Escala € facilmente escalavel para milhares de servicos de
salde e isto pode viabilizar a implementacdo de novos escores para a pratica da medicina de
precisdo. Os resultados deste trabalho abrem perspectivas para a implementacdo do software de
gestdo WBA para outras especialidades médicas. O método de gerenciamento de filas validado
para as especialidades de radiologia e medicina nuclear sera abordado futuramente nas areas de
cardiologia e oncologia. Ainda na area de imagens, serdo implementadas novas funcionalidades
no software para contemplar novos fluxos de trabalho que inclua o médico assistente e outros
profissionais externos aos servicos de salde. Por exemplo, os resultados de exames
diagnosticos usualmente disponibilizados pela internet para o paciente, serdo disponibilizados
também para 0 médico assistente (incluindo as ferramentas de IA), para engajar o médico
assistente nesta etapa do processo de deciséo, ampliando o alcance das solucgdes de escores de
risco com radidmica e IA. Com a eminente implementacao de politicas de prote¢do do sigilo do
paciente reforcado pela Lei Geral de Protecdo de Dados (LGPD), serdo trabalhadas etapas de
validacdo de identidade no usuario quando for necessaria a identificacdo do paciente.

No campo da otimizacdo do tempo de aquisicdo de imagens, 0 método desenvolvido
para simulagdo de imagens com ruido serd usado futuramente para treinar redes neurais de
aprendizado profundo (deep-learning), visando uma reducdo do tempo dos exames SPECT,
PET e RM. Esta iniciativa podera acarretar numa mudanca de paradigma para a realizacao
destes exames, reduzindo o tempo do paciente nos servi¢os de saude, aumentando o seu
conforto e permitindo que os servi¢cos de salde alcancem um novo patamar na produtividade e
eficiéncia operacional.

Com o workflow desenvolvido para extracdo de biomarcadores radiémicos, seréo
implementadas analises em outras doencas visando tanto validade das descobertas como incluir
a informac&o radiébmica em um repositorio de variaveis clinicas (biobanco digital) para anélises
epidemioldgicas, permitindo a descoberta de novas associacdes entre fatores de risco (ex.:
diabetes, historico familiar, exames, radiébmica) e desfechos clinicos (ex.: hospitalizacéo,
recidiva de doenga, morte). Esta iniciativa esta alinhada ao campo de estudos do BigData,
possibilitando analisar grandes massas de dados a partir da agregacgdo de repositorios de dados.
Com isto, as tecnologias desenvolvidas alcancardo maior utilidade, por exemplo apoiando

pesquisadores e gestores da satde na implementacao de politicas e novos protocolos de salde.
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O auxilio de algoritmos com inteligéncia artificial para apoio a decisao, associando-se fatores
clinicos e técnicas de radiémica, oferecem informacgdes que sdo complementares na explicacao
da doenca, enquanto a IA fornecera o poder de combinar estas informacGes com maior acuracia
preditiva, fornecendo uma ferramenta sem precedentes na pratica da medicina personalizada.

Por meio do projeto FINEP Startups IA (Edital 04/2022), métodos IA com
processamento de linguagem natural (NLP) serdo usados para extrair o conhecimento
armazenado em arquivos de texto com linguagem natural pelos servigos de saude. Este método
poderd auxiliar na coleta de grandes volumes de informacgdes para identificar associagdes,
facilitar a coleta de dados presentes em sistemas obsoletos, e auxiliar no desenvolvimento de
modelos multivariados. Biomarcadores extraidos por diferentes métodos, por exemplo, a fracao
de ejecdo extraida da cintilografia do miocardio e a fracdo de ejecdo extraida pelo exame de
ecocardiograma também podem ser usados em técnicas de harmonizacao (artigo 3), a fim de
comparar medidas numa mesma escala. Ainda por meio desta iniciativa, serdo contemplados no
sistema PACS/Viewer novos biomarcadores de imagens como a composicao corporal extraida
da CT (Anexo B) e a textura tumoral de imagens PET (Artigos 4 e 5). Assim, a arquitetura
tecnolégica demonstrada para a COVID-19 (figura 4) serd expandida para acessar
biomarcadores e assinaturas IA de outros exames PET e CT.

Sera também explorada a correlacdo de biomarcadores radiémica com biomarcadores
moleculares para substituicdo de procedimentos mais invasivos. Existe ainda um amplo espago
para aplicagBes de radidmica em outras modalidades de imagens médicas, como ultrassom,
patologia, ressonancia magnética, fotografias de feridas de ulceras falciformes. A rapida
viabilidade de aplicacbes de softwares e inteligéncia médica na salde podera desencadear

oportunidades de geragdo de novas startups e inovagdes na saude.
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ANEXOS

Anexo A — Apresentacdao em Congresso

Plataforma para Gerenciamento de Filas e Rastreabilidade de Processos para Aumentar
a Produtividade e a Seguranca do Paciente

Trabalho publicado nos anais do XVII Congresso Brasileiro de Informatica em Saude,
dezembro de 2020.
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RESUMO

Seguranca e produtividade no atendimento ao paciente é uma
preocupagdo constante no processo de gestdo da satide.
Sendo assim, € necessario prover tecnologias digitais que
contemplem as especificidades dos diferentes servicos de
satide, que seja capaz de monitorar o paciente durante toda
a sua jornada no servigo de saiide; com objetivo de aumentar
a produtividade e minimizar a ocorréncias de eventos
adversos e erros na rotina de atendimento. Neste trabalho
apresentamos a experiéncia dos usudarios com o sistema
Nuclearis, uma plataforma aderente a processos clinicos e
administrativos baseado num workflow sob medida.

PAT AVRAS-CHAVE:

Produtividade: Rastreabilidade: Gestdo pela Qualidade.

INTRODUCAO

O Programa Nacional de Seguranca do Paciente (PNSP) foi
criado para contribuir para a qualificacdo do cuidado em saude
no pais!. A magnitude dos eventos adversos e o pouco
investimento necessario para a implantacdo dos protocolos de
seguranca do paciente justificam a implantacido destes
protocolos®. A maioria dos eventos adversos estdo
relacionados a problemas operacionais ou a erros de
medicacdes, o qual estima-se que a incidéncia em hospitais
seja de 9,2%, sendo metade destes previniveis®.

A plataforma Nuclearis tem demonstrado resultados
satisfatorios no uso de inteligéncia de processos para apoio a
tomada de decisoes. resultando em reducdo de custos com
medicamentos e melhoria da qualidade dos exames*. Neste
contexto, hipotetizamos que a plataforma, baseada em
workflow sob medida para gestdo de processos clinicos e
administrativos. exerce um papel importante também na
produtividade do servico e na seguranca dos pacientes. Neste
trabalho apresentamos a experiéncia dos usuarios da
plataforma em relacdo & melhoria no gerenciamento de filas
de atendimento e 4 seguranca dos pacientes.

METODOS

O software possui visdes completas do protocolo de cada
procedimento, expondo em um painel a etapa em que se
encontra o paciente dentro da jornada do cuidado. A imagem
abaixo mostra uma fila de pacientes com suas etapas e
prioridades em tempo real. Cada usudrio pode utilizar filtros
especificos para visualizar apenas os pacientes pertencentes a
determinada etapa do atendimento.
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No exemplo| a seguir, uma fila de infusdo/ injecio de
medicacdes com informacdes da posologia de acordo com o
protocolo clinico e perfil do paciente.
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Por ultimo. exemplificamos o workflow demonstrando todas
as efapas e informagdes do paciente, possibilitando
rastreabilidade de dados como medicacdes recebidas. etapas
de atendimento, classificadores de risco. dentre outras.
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Este € um estudo qualitativo com aplicacdo de questionario
para analisar o impacto do sistema Nuclearis na produtividade
do servico e na seguranca dos pacientes. Para tal. utilizamos
como métrica a percepcdo dos usudrios em relacdo aos
recursos de gerenciamento de filas e rastreabilidade do
paciente.

O questiondrio utilizado € parte de um estudo continuo de
avaliacio dos usuarios do software, em que foram
enfrevistados 17 usudrios até a presente data.

Os participantes da pesquisa foram profissionais meédicos,
tecndlogos, profissionais da qualidade e administrativos que
trabalham com a solu¢do nas seguintes instituicdes de satide:
Villela Pedras (Rio de Janeiro), Nucleos Radiologia e
Medicina Nuclear (Brasilia), Hospital Sirio Libanes (Brasilia).
Hospital Cardio Pulmonar (Salvador), Hospital Sdo Rafael
(Salvador), Grupo MND (Campinas).

RESULTADOS

A) Como vocé avalia a importincia de um sofrware para
auxiliar na rastreabilidade do paciente?

B) Como vocé avalia a importincia de um software para
gerenciar as filas de atendimento?

A

® importante
@ Indiferente

C) Na sua experiéncia com oufros sistemas, em relacio ao
Nuclearis, como vocé avalia o impacto na seguranca do
paciente para a administracéo dos radiofarmacos?
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D) Na sua opinido, quanto o Nuclearis auxilia no
gerenciando de filas no atendimento em relacio a outros
sistemas?

C D

@ Meihorou
@ Indiferente
@ Piorou

CONCLUSOES

Na avaliacdo da maioria dos usudrios, o sofiware Nuclearis
auxilia no gerenciamento de filas e na seguranca do paciente,
se mostrando uma ferramenta superior as outras disponiveis
até o momento.
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Anexo B — Método automatico para calculo da composicao corporal

Marcos A. D. Machado®?, Bruno H. L. Anjos?

1) Departamento de Radiologia, Complexo Hospitalar Universitario Professor Edgard
Santos/Universidade Federal da Bahia (UFBA)/ Ebserh, Salvador, Bahia, Brasil.

2) Departamento de Inteligéncia Artificial - Nuclearis Corporation, Recife, Pernambuco,
Brasil

A composicao corporal tem sido associada com desfechos de sobrevida em diferentes
tipos de cancer (EBADI et al, 2020 & DA CUNHA JUNIOR et al, 2021). A imagem de CT na
terceira vértebra lombar foi proposta por DA CUNHA JUNIOR e colegas (2021) para a analise
da composicdo corporal de pacientes com mieloma multiplo, servindo como biomarcador
prognostico.

Neste trabalho, utilizamos a coorte de pacientes com céncer de colo de Utero para
segmentacgéo da gordura subcutanea de 47 pacientes, e outra coorte de 30 pacientes com outros
tipos de cancer. A segmentacdo foi realizada utilizando a plataforma LIFEx para gerar os
arquivos de aprendizado das segmentacdes em 10 a 20 cortes axiais dos 77 pacientes. Com
isso, foi desenvolvida uma rede neural utilizando linguagem Python para segmentacédo
automatica da regido de interesse para o célculo da gordura subcutanea. Apds a segmentacéo, o
indicador de composi¢do corporal é a média do nimero Hounsfield dos pixels. Utilizamos o
Dice Score (F1) como métrica de desempenho do software de segmentacéo automatica.

A figura abaixo demonstra o resultado do nosso software: a esquerda, a mascara de
segmentacdo delineada pelo especialista, a0 meio a mascara de segmentacdo resultante do

nosso software, e a direita o erro entre as segmentacoes.

QOriginal Gerada Erro

] 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500

O resultado do Dice Score realizando o método leave-one-out foi de 0,95 (0,82-100),

mostrando-se uma ferramenta viavel para automacédo do calculo de composicéo corporal.
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Anexo C — Registro de Software no Instituto Nacional de Propriedade
Industrial (INPI)

Os quatro softwares desenvolvidos neste trabalho foram depositados para registro no INPI,

conforme Segue.

e Sistema para gestdo de servicos de saude: gerenciamento de filas e automagéao do fluxo
de pacientes

NUmero do processo: BR512023000174-0

e Método para particionamento de imagens gated-SPECT

Numero do processo: BR512023000147-3

e Caélculo automatico da composicdo corporal através da tomografia computadorizada

Numero do processo: BR512023000125-2

e Sistema de visualizacdo e analise de imagens médicas com inteligéncia artificial para
diagnostico da COVID-19

NUmero do processo: BR512023000157-0



INSTITUTO 870230005811
| oy Al 200012023  Soon
‘ DA PROPRIEDADE
INDUSTRIAL

29409191960882040

Pedido de Registro de Programa de Computador - RPC
Numero do Processo: 512023000174-0

Dados do Titular

Titular 1 de 1

Nome ou Raz&o Social: NUCLEARIS SISTEMAS EM MEDICINA NUCLEAR LTDA

Dados do Programa

Data de Publicag&o: 10/01/2021
Data de Criag&o: 30/12/2020

- § 2° do art. 2° da Lei 9.609/98: "Fica assegurada a tutela dos direitos relativos a programa de
computador pelo prazo de cinquenta anos contados a partir de 1° de janeiro do ano subsequente ao da

sua publicacéo ou, na auséncia desta, da sua criagéo"

Titulo: Sistema para gestéo de servigos de salde: gerenciamento de filas e

automagao do fluxo de pacientes

Algoritimo hash: SHA-512 - Secure Hash Algorithm

Resumo digital hash: 32b97e196d4677fb0a73526bda21eae7daff35c8bbb8cffd256bd60738
64b47d99048b5992b1ceb10c3ad7899d7612673148fb27dd45b71f4d

6639c5c24edch
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INSTITUTO 870230004920
' ' NACIONAL 18/01/2023 13:49
A NoUSTRIAL RO AT
INDUSTRIAL
29409191960704606

Pedido de Registro de Programa de Computador - RPC
Numero do Processo: 512023000147-3

Dados do Titular

Nome ou Razéo Social: RADTEC SERVICOS EM FISICA MEDICA LTDA

Dados do Programa

Data de Publicagéo: 17/12/2021
Data de Criag&o: 15/03/2021

- § 2° do art. 2° da Lei 9.609/98: "Fica assegurada a tutela dos direitos relativos a programa de
computador pelo prazo de cinquenta anos contados a partir de 1° de janeiro do ano subsequente ao da

sua publicagdo ou, na auséncia desta, da sua criagéo"
Titulo: Método para particionamento de imagens gated-SPECT

Algoritimo hash: SHA-512 - Secure Hash Algorithm

Resumo digital hash: 58a622c61f68f334bbea9cche547f39cdc1af2c8363a78f278960ac10a
5ec06c00312d2ac77b677f6f1139ab686a25d260322f43ec4dd 150942

19478d109e75a
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INSTITUTO 870230004334
' | H ACIOA AL 16/01/2023 oo
INDUSTRIAL
29409191960487265

Pedido de Registro de Programa de Computador - RPC
Numero do Processo: 512023000125-2

Dados do Titular

107

Titular 1 de 1

Nome ou Raz&o Social: NUCLEARIS SISTEMAS EM MEDICINA NUCLEAR LTDA

Dados do Programa

Data de Publicag&o: 11/01/2023
Data de Criag&o: 20/12/2022

- § 2° do art. 2° da Lei 9.609/98: "Fica assegurada a tutela dos direitos relativos a programa de
computador pelo prazo de cinquenta anos contados a partir de 1° de janeiro do ano subsequente ao da

sua publicagdo ou, na auséncia desta, da sua criagao”

Titulo: Célculo automatico da composigéo corporal através da tomografia
computadorizada

Algoritimo hash: SHA-512 - Secure Hash Algorithm

Resumo digital hash: f48ecb5c54e4f4b59eaa1920b3dbe326dbad5392beadc3562b5587¢ce
2h0a29ffa501fac563cfebd84762400ba816d4bfbalal1febeb57a0253

927d9a2ef6826e



’ 'H;ﬁs&:’;ﬁ;{o 19/01/2023 870230005554
17:33
A INDUSTRIAL UL
29409191960783298
Pedido de Registro de Programa de Computador - RPC

Ndmero do Processo: 512023000157-0
Dados do Titular
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Titular 1 de 1

Nome ou Raz&o Social: NUCLEARIS SISTEMAS EM MEDICINA NUCLEAR LTDA

Dados do Programa

Data de Publicag&io: 30/01/2022
Data de Criagéo: 30/11/2021

- § 2° do art. 2° da Lei 9.609/98: "Fica assegurada a tutela dos direitos relativos a programa de
computador pelo prazo de cinquenta anos contados a partir de 1° de janeiro do ano subsequente ao da

sua publicacdo ou, na auséncia desta, da sua cria¢édo"

Titulo: Sistema de visualiza¢do e analise de imagens médicas com

inteligéncia artificial para diagnéstico da COVID-19

Algoritimo hash: SHA-512 - Secure Hash Algorithm

Resumo digital hash: 1889179cdbad07243ae0772a21253bf8eec40d77749a0301d90015¢5
a0662e692b36e783¢c27d456abBa93b1aa7ee91044032c07f9edb96df

575c0a8520f5779a
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Anexo D - Pareceres do Comité de Etica

HOSPITAL SAO Plataforma
RAFAEL/MONTE TABOR-BA woﬁ

PARECER CONSUBSTANCIADO DO CEP
DADOS DO PROJETO DE PESQUISA

Titulo da Pesquisa: Analise da textura de tumores em imagens PET/CT como biomarcador diagnostico e
prognastico.

Pesquisador: Marcos Anténio Dérea Machado

Area Tematica:

Versao: 1

CAAE: 79258017.6.0000.0048

Instituicao Proponente: Hospital Sdo Rafael/Monte Tabor-BA
Patrocinador Principal: Financiamento Préprio

DADOS DO PARECER

Numero do Parecer: 2.381.285

UFPE - HOSPITAL DAS

CLINICAS DA UNIVERSIDADE wap

FEDERAL DE PERNAMBUCO - asil
HC/UFPE

PARECER CONSUBSTANCIADO DO CEP
DADOS DO PROJETO DE PESQUISA

Titulo da Pesquisa: R!}DIOMICA COMO BIOMARCADOR PROGNOSTICO DO 18F-FDG PET/CT NO
CANCER DE COLO UTERINO

Pesquisador: NADJA ROLIM GONCALVES DE ALENCAR

Area Tematica:

Versdo: 2

CAAE: 23650619.5.0000.8807

Instituicdo Proponente: EMPRESA BRASILEIRA DE SERVICOS HOSPITALARES - EBSERH
Patrocinador Principal: Financiamento Proprio

DADOS DO PARECER

Namero do Parecer: 3.780.319



UFBA - HOSPITAL
UNIVERSITARIO PROF. g@hmm
EDGARD SANTOS DA asil
UNIVERSIDADE FEDERAL DA
BAHIA ; HUPES/UFBA

PARECER CONSUBSTANCIADO DO CEP

DADOS DO PROJETO DE PESQUISA

Titulo da Pesquisa: Desenvolvimento e validagao de software para diagnostico de covid-19 baseado em

Tomografia Computadorizada, Radiémica e Inteligéncia Artificial.
Pesquisador: Eduardo Martins Netto
Area Tematica:
Versao: 1
CAAE: 36624620.0.0000.0049
Instituicdo Proponente: Hospital Universitario Prof. Edgard Santos-UFBA
Patrocinador Principal: FINANCIADORA DE ESTUDOS E PROJETOS - FINEP

DADOS DO PARECER

Numero do Parecer: 4.231.669

UFBA - HOSPITAL
UNIVERSITARIO PROF. QW@
EDGARD SANTOS DA
UNIVERSIDADE FEDERAL DA
BAHIA ; HUPES/UFBA

PARECER CONSUBSTANCIADO DO CEP
DADOS DO PROJETO DE PESQUISA

Titulo da Pesquisa: Biobancos digitais: plataforma para gestao epidemiolégica e medicina personalizada

Pesquisador: Marcos Antoénio Dérea Machado

Area Tematica:

Versao: 1

CAAE: 58972522.7.0000.0049

Instituicdo Proponente: UNIVERSIDADE FEDERAL DA BAHIA
Patrocinador Principal: Financiadora de Estudos e Projetos - FINEP

DADOS DO PARECER

Numero do Parecer: 5.462.552
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Anexo E — Artigos submetidos (comprovantes)

Caro (a) Marcos Machado,

Agradecemos a submissdo do manuscrito "Prediction of Treatment Failure in Hodgkin Lymphoma: A Machine Learning Radiomic Approach in Baseline 18F-FDG PET/CT" para a revista
Revista Brasileira de Fisica Médica.
Acompanhe o progresso da sua submissao por meio da interface de administracdo do sistema, disponivel em:

URL da submissao: https://www.rbfm.org.br/rbfm/authorDashboard/submission/680
Login: doreamachado

Em caso de duvidas, entre em contato via e-mail.

Agradecemos por considerar nossa revista como meio de compartilhar seu trabalho.

Cordialmente,

Ana Maria Marques da Silva

Dear Mr Machado,

We have received the reports from our advisors on your manuscript, "Multi-center Integrating Radiomics, Structured Reports and Machine Learning Algorithms for Assisted Classification of
COVID-19 in Lung Computed Tomography", which you submitted to Journal of Medical and Biological Engineering.

Based on the advice received, | have decided that your manuscript could be reconsidered for publication should you be prepared to incorporate major revisions. When preparing your
revised manuscript, you are asked to carefully consider the reviewer comments which can be found helow, and submit a list of responses to the comments. You are kindly requested to

also check the website for possible reviewer attachment(s).

In order to submit your revised manuscript, please access the journal's Editorial Manager site.

Multi-center Integrating Radiomics, Structured Reports and Machine Learning
Algorithms for Assisted Classification of COVID-19 in Lung Computed
Tomography

We thank the editor and reviewer for the comments and for considering our work for publication.
Reviewer #1:

1. SARS-CoV-2 causes the ground glass opacity of the lung. How can this
image be distinguished from other cancerous or inflammatory lesions?

Thank you for this important comment. We improved the discussion to clarify this issue:

“The CT aspects of COVID-19 lesions are usually presented with ground glass opacity, rounded
or polygonal, and its distribution is mostly peripheral and bilateral, without pulmonary
conselidation (table 2). Because inflammatory lesions in the lungs are not pathognomonic, the
etymology of some pneumonia cases are tough to differentiate using only CT without
complementary technologies”.

2. Does too few subjects affect the ratio of sensitivity and specificity?

Sensitivity and specificity ratios are not affected by the sample size, but the confidence interval in
larger samples is smaller. Our results are presented with 95% confidence interval and 98%
statistical power.

Reference: OpenEpi software [18].

3. Have you ever used Al to differentiate CT images of other cancerous or
inflammatory lesions in the way of blindly inferring?

Our Al model was trained/ validated using subjects affected by pneumonia. Controls were
selected using crteria of pneumonia diagnosis, imaged during January-2018 and October-2019.
On the other hand, cases were selected between April-2020 and April-2021, also based on the
criteria of pneumonia diagnosis, but with confirmed RT-PCR examination. Therefore, our Al
models do not have capability to differentiate cancerous or inflammatory lesions, but it only
informs how likely the lesions’ etymology is COVID-19 or not. |




