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ABREVIATURAS

TEP = Tromboembolismo pulmonar

AngioTC = Angiografia pulmonar por TC
SPECT/TC-ventilacion/perfusién = SPECT/TC-V/Q
SPECT/TC-perfusion = SPECT/TC-Q

IA = Inteligencia artificial

IC = intervalos de confianza

VPP= Valor predictivo positivo

VPN = Valor predictivo negativo

AUC = 4rea bajo la curva
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RESUMEN

Esta tesis expone los resultados dos estudios en el que se desarrollan modelos
diagnosticos basados en radiomica, una novedosa técnica de analisis cuantitativo y de alto
rendimiento de la imagen médica, potenciada por inteligencia artificial principalmente Deep

Learning, orientados a optimizar el diagnéstico por imagen de TEP y de nédulo pulmonar.

El primer estudio muestra un modelo radidmico inteligente que es capaz de hacer un
diagnéstico local de diferentes patrones de imagen (TEP, neumonia y pulmdn sano) en
pacientes con y sin COVID-19 por medio de SPECT-TC/Q. El segundo estudio muestra un
modelo integrativo que fusiona un modelo Deep radiémico con un modelo de datos clinicos
para predecir malignidad en nédulos pulmonares incidentales o detectados por cribado de

cancer de pulmén.

Ambos modelos experimentales han demostrado un buen rendimiento diagnéstico en el
grupo de pacientes analizados, siendo capaces de dar respuesta a la problematica que se
ha propuesto resolver. El uso de nuevas tecnologias como la presentada en esta tesis, nos
aproxima a un diagndstico avanzado por imagen que en un futuro podra ser trasladado a la

clinica diaria para beneficio de los pacientes y la practica médica.
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SUMMARY

This thesis presents the results of two studies in which diagnostic models based on
radiomics, a novel quantitative and high-throughput medical imaging analysis technique
powered by artificial intelligence, mainly Deep Learning, are developed to optimize imaging

diagnosis of pulmonary embolism (PE) and pulmonary nodules.

The first study demonstrates an intelligent radiomic model capable of making a localized
diagnosis of different imaging patterns (PE, pneumonia, and healthy lung) in patients with
and without COVID-19 through SPECT-CT/Q. The second study presents an integrative
model that merges a Deep radiomic model with a clinical data model to predict malignancy

in incidental or screening-detected pulmonary nodules.

Both experimental models have shown good diagnostic performance in the group of patients
analyzed, being able to address the proposed issues. The use of new technologies, such as
those presented in this thesis, brings us closer to advanced imaging diagnosis that can

potentially be applied to daily clinical practice for the benefit of patients and medical practice.
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1. INTRODUCCION

Las enfermedades respiratorias son una causa importante de morbimortalidad tanto en
Europa como a nivel mundial, siendo responsables de 3 de las 10 principales causas de
muerte en 2019 de acuerdo con World Health Organization (WHO) (1) . Desde 2020, debido
a la pandemia mundial de COVID-19, la relevancia de las enfermedades respiratorias cobra
aun mas interés, considerando que en solo 24 meses se produjeron > 5.7 millones de
muertes debido a esta causa (2) . Por otra parte, el cancer de pulmén es el cancer que
provoca mayor mortalidad a nivel mundial, ocasionando el 18.7% de todas las muertes por
cancer (3). Segun los datos del Instituto Nacional de Estadistica (INE), en 2022 ocurrieron
22.712 muertes por cancer de pulmoén en Espafia, aumentando un 1.3% respecto a 2021
(4). Estos datos evidencian la importancia de investigar y optimizar los procesos
diagnésticos en las patologias respiratorias, para que los pacientes puedan acceder de
manera rapida a un tratamiento que permita la curacion y prevenga la mortalidad por esta

causa.

1.1. Tromboembolismo pulmonar

El tromboembolismo pulmonar agudo (TEP) es una forma frecuente de tromboembolismo
venoso, muchas veces infradiagnosticado, cuya mortalidad puede alcanzar el 5% incluso
bajo tratamiento (5). Entre los factores predisponentes se encuentran los traumatismos,
cirugia mayor, infarto agudo de miocardio, cancer, hospitalizacion por insuficiencia cardiaca
o fibrilacién auricular, uso de anticonceptivos orales, procesos infecciosos, trombofilias vy,

enfermedades autoinmunes como el sindrome antifosfolipidico, entre otros (6).

Sus sintomas son inespecificos, pudiendo dificultar su diagnéstico (7), es por esto que es
necesario utilizar escalas de prediccion clinicas validadas para estimar la probabilidad pre-
test en pacientes en los que se esta considerando el diagnéstico de TEP, siendo la mas
conocida la escala de Wells clasificando clinicamente en probabilidad baja, intermedia y
alta de padecer la enfermedad (8). La determinacion en sangre del dimero D es una

herramienta util en los casos con probabilidad pre-test intermedia, ya que, es una prueba



de valor predictivo negativo alto para TEP (9). La realizacion de una prueba de imagen para
el diagnostico se recomienda en pacientes con probabilidad intermedia/alta de TEP, siendo
de eleccioén la angiografia pulmonar por TC (AngioTC), aunque si esta no esta disponible o
hay contraindicacion se recomienda realizar SPECT-TC/ventilacion-perfusion (SPECT/TC-
V/Q) (9), ya que es una técnica validada para el diagndstico de TEP incluso en presencia

de neumonia (10,11).

Para entender el SPECT/TC-V/Q, es importante explicar la gammagrafia planar (2D) de
ventilaciéon/perfusion, prueba radiolégica no invasiva mas antigua para el diagnostico de
TEP (12), que consiste en una inyeccidon intravenosa de particulas de albimina
macroagregadas marcadas con *™ Tc, que bloquean arteriolas pulmonares y permiten la
evaluacion de la perfusion pulmonar. Cuando hay una oclusion arterial se observan areas
sin captacion gammagrafica. Al asociarse a ventilacion, se administran también
radiofarmacos (tipo aerosol o gases inertes) para identificar la hipoventilacion como causa
de hipoperfusién. En resumen, la firma distintiva para el diagndstico de TEP es un desajuste
ventilacién-perfusion en el cual las areas de la imagen de perfusion muestran un defecto
(hipoperfusion) en cufia consistente con la obstruccién y las areas correspondientes en la
imagen de ventilacion permanecen normales, consistente con la estructura pulmonar

preservada. Es muy util para excluir TEP en casos con probabilidad media y alta.

El SPECT a diferencia de la gammagrafia planar, proporciona imagenes en 3D debido a la
rotacion de la gammacamara alrededor del eje corporal, lo que permite una mejor
caracterizacién y vision anatémica, aumenta sensibilidad y especificidad, y disminuye los
casos indeterminados (13). SPECT/TC-V/Q, al igual que el PET-TC se basa en la fusién de
la imagen anatomo funcional, permitiendo mejorar aun mas la localizacién anatémica, con
hallazgos de imagen que pueden confirmar la EP, como coagulos hiperatenuantes o tamario
diferencial de los vasos, pudiendo ademas demostrar causas alternativas a los sintomas
del paciente, como neumonia, edema pulmonar, entre otros (14,15). Algunos estudios
sugieren que el TC puede reemplazar de manera confiable la ventilacién, especialmente en
la poblacién mas joven y en aquellos sin enfermedad obstructiva de las vias respiratorias.

La figura 1 muestra un SPECT/TC-V/Q que resulta compatible con TEP.



Figura 1: SPECT/TC-V/Q en un paciente con TEP. Le Pennec, Romain et al. (16)

En contexto de la pandemia de COVID-19 en 2020, hubo un aumento significativo de casos
de TEP extensos, incluso en pacientes que habian recibido profilaxis farmacoldgica al ser
hospitalizados. Las causas que contribuyen a esta trombosis generalizada son una
inflamacion excesiva con tormenta de citoquinas, activacion plaquetaria, disfuncion
endotelial y estasis (17). Los eventos tromboembdlicos venosos y arteriales se reportaron
en un 31-59% de los pacientes hospitalizados con COVID-19, especialmente en casos
graves que necesitaban ingreso en cuidados intensivos (18-20). El diagndstico de embolia

pulmonar en esta ultima situacion puede ser desafiante.

Debido a la necesidad de realizar el diagnéstico de TEP en este grupo de pacientes,
aumentaron las solicitudes de pruebas para descartarlo, y aunque la AngioTC es la prueba
de eleccion, cuando esta prueba no se encuentra disponible o en pacientes con

contraindicaciones para su realizacion (insuficiencia renal, alergia al contraste yodado, etc.),
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el SPECT/TC-Q es una alternativa que tuvo que ser adaptada evitando la ventilacion para
poder responder a los estandares de seguridad requeridos para evitar contagios (21-25).
La figura 2 muestra un SPECT/TC-Q que es compatible con TEP en un paciente con

neumonia por COVID-19.

Figura 2: SPECT/TC-Q realizado en paciente con neumonia por COVID-19, que se

diagnostica de TEP. Caso realizado en el Hospital Germans Trias i Pujol

El valor de SPECT/TC-Q fue reportado antes de la pandemia de COVID-19, mostrando una
sensibilidad y especificidad del 100% y 83%, respectivamente para el diagndstico de TEP
(26). En un metaanalisis publicado recientemente, muestra una sensibilidad y especificidad
del 92% para SPECT/TC-Q en 1196 pacientes pertenecientes a 7 estudios (27). Sin
embargo, el diagnéstico de TEP puede ser dificil de realizar en areas extensas de neumonia
como ocurrio durante la pandemia de COVID-19. En estos casos, el informe tarda mas
tiempo en realizarse y necesita ser validado con frecuencia por médicos nucleares

experimentados para prevenir errores.

El diagnostico de COVID-19 y la deteccion de sus complicaciones mediante imagenes
meédicas ha despertado un gran interés dentro de la comunidad cientifica dedicada al

desarrollo de inteligencia artificial (IA). El uso de la radiémica y las técnicas de IA para



mejorar el diagndstico de TEP en COVID-19 a través de SPECT/CT-Q no habia sido
explorado al momento de iniciar nuestra investigacion, siendo un area innovadora y con un

amplio campo a explorar.

1.2. Cancer de pulmoén y noédulo pulmonar

El cancer de pulmén es el cancer mas diagnosticado y la principal causa de muerte por
cancer en todo el mundo (3). Segun Globocan 2022, ese afio se registraron 2.480.301 casos
nuevos de cancer de pulmoén y se contabilizaron 1.817.172 muertes (3). En Catalufia, en
2020 se registraron 4.509 casos nuevos y 3.548 muertes (28). Las cifras de mortalidad
estan directamente relacionadas con el hecho de que hasta un 70% de los casos se

diagnostican en estados avanzados, cuando no es posible un tratamiento curativo.

El tabaquismo es el principal factor de riesgo para el desarrollo de cancer de pulmoén,
estando relacionado con hasta un 80% de los casos en poblacién occidental. Sin embargo,
hay que tener en cuenta que existen otros factores asociados como el contacto con amianto
(29), radon (30), contaminacién ambiental (31,32), enfermedades pulmonares crénicas
previas como la EPOC vy la fibrosis pulmonar (33,34), infecciones previas por tuberculosis

(35), y antecedentes familiares de cancer de pulmén (36), entre otros.

El cancer de pulmdn es una enfermedad que no da sintomas en estadios iniciales, lo que
ocasiona que el diagndstico sea tardio en la mayoria de los casos si es que no se
establecen herramientas orientadas a la deteccidn precoz de esta patologia. En los ultimos
afios esta surgiendo un cambio de tendencia en la deteccién de cancer de pulmén debido
al aumento del uso de Tc de térax en diferentes ambitos, lo que ha llevado a un aumento
en el numero de ndédulos pulmonares detectados incidentalmente. Por otro lado, este
cambio también se atribuye a la implementacién de programas de cribado que han
demostrado un aumento en la deteccion de cancer de pulmén en estadio | (37,38). En
ambos casos, el resultado es el diagndstico en etapas tempranas. Es asi como el informe
anual de la Sociedad Americana del Cancer de 2022 muestra una disminucion en la

incidencia de cancer de pulmén en etapas avanzadas, con un aumento anual simultaneo



del 4.5% en un estadio localizado, principalmente vinculado al inicio del cribado de cancer

de pulmoén en Estados Unidos hace una década (39).

El cribado de cancer de pulmén ha demostrado de forma consistente que es capaz de
reducir mortalidad en cancer de pulmoén (37,38,40), sin embargo, es importante tener en
cuenta que no todos los nédulos pulmonares detectados resultan ser cancer de pulmoén. En
una revision sistematica (40), el 21% de los Tc de torax de baja radiacion basal detectaron
un nédulo pulmonar falso positivo, lo que genera un aumento en la realizacién de TC de
seguimiento e incluso de biopsias innecesarias. La deteccion de estos nédulos pulmonares
falsos positivos puede causar dano potencial a los pacientes y generar costos elevados
para los servicios de salud (41-43). De manera similar, ocurre con el aumento de la
deteccion incidental de nédulos pulmonares (fuera del cribado), ya que muchos de estos
son benignos y requieren un seguimiento cercano, similar al enfoque adoptado con los
nodulos pulmonares identificados a través cribado de cancer de pulmén (44—47). En este
contexto, ya sea porque el nodulo pulmonar se detecte incidentalmente o a través de
cribado de cancer de pulmén, es crucial identificar los casos de alto riesgo y descartar

aquellos con bajo riesgo (48,49).

Centrandonos en el nédulo pulmonar, este se define como una opacidad pulmonar bien
delimitada con un diametro de menos de 3 cm. De acuerdo con su radiomorfologia, los
nodulos pulmonares se clasifican como soélidos o subsolidos, siendo los subsélidos
diferenciados adicionalmente en nddulos de vidrio esmerilado puro (GGO) y ndédulos

mixtos-sdlidos (parcialmente-sélido) (50), como se puede observar en la figura 3.



Solid nodules

‘V

Pure ground-glass nodule Part-solid nodule
Figura 3: Clasificacion de nédulos por radiomorfologia segun la Guia Fleischner. Schmid-
Bindert et al. (51)

Los nodulos pulmonares pueden tener diferentes etiologias (52), como se muestra en la
figura 4. Es por esto que lo mas relevante es detectar dentro de este amplio grupo a los
noédulos pulmonares que pueden ser malignos. Para obtener el diagndstico histoldgico,
existen diferentes vias de abordaje: biopsia quirdrgica, biopsia endobronquial o
transbronquial por via broncoscopica o biopsia guiada por TC de térax. El problema es que
muchas veces por su tamano es dificil hacer un diagndstico no invasivo, debido a esto y
para estandarizar su manejo se han desarrollado diferentes guias clinicas (50,53,54) que
se basan principalmente en la forma y el tamafo, destacando que en los ultimos se han

asociado al uso de la volumetria como forma mas exacta de medicion. Aun asi, el manejo
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de los nodulos pulmonares es mejorable con el uso de modelos de riesgo que permiten
asociar datos individuales de cada paciente y del nédulo pulmonar en cuestion para predecir
la posibilidad de malignidad (51). La guia BTS (53) respalda el uso de los modelos de
Herder et al. (55) y el modelo de Brock (48) en nédulo pulmonar incidental, siendo este
ultimo el mas utilizado, aunque hay que considerar que ha sido validado en poblacién de

cribado de cancer de pulmén y no de ndédulo pulmonar incidental.

La tecnologia también puede ser una herramienta util para optimizar el manejo y diagnéstico
no invasivo de los nodulos pulmonares tanto de cribado como en nédulo pulmonar
incidental. En este sentido, la radidmica potenciada por la |A es capaz de aproximarse al
diagnéstico, tratamiento y prondstico en cancer de pulmén (56-59). Concretamente en
nodulo pulmonar existe un amplio campo de desarrollo de la radidmica, tanto para llegar a
un diagnéstico de malignidad, como para histologia y para la deteccion de marcadores
moleculares y PD-L1 (60-62). Este enfoque del nddulo pulmonar nos conduce a la
obtencion de resultados no invasivos similares a una biopsia (también llamado biopsia
virtual), con lo que se podrian evitar biopsias innecesarias, reducir las complicaciones para
los pacientes tanto clinicas como ansiedad por un resultado incierto de un nédulo pulmonar,

ademas de permitir una disminucion en los costos sanitarios.



Diagn6stico diferencial de los nddulos

pulmonares
|
| | | | |
Neoplasia Vascular Inflamatorio Congénito Miscelanea
| |
| | | |
. . . . . Secuestro Ganglio
Maligna Beningna Hematoma Infeccioso No infeccioso . g
pulmonar intrapulmonar
Carcinoma Neumonia N Quiste Atelectasia
. — Hamartoma Infarto — Sarcoidosis — . —
broncogenico redonda broncogénico redonda
. Malformacion Artritis Atresia
Linfoma — Condroma — Absceso — . — . — Masa pleural
AV reumatoide bronquial
Tumor . . . Granulomatosis
L — Fibroma — Micobacterias |
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Figura 4: Diagnostico diferencial de los noédulos pulmonares
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1.3. Radidmica e Inteligencia Artificial

En los ultimos 12 afios ha habido un cambio en la imagen médica debido al desarrollo de
la radiémica, una técnica creada para resolver problematicas en cancer, aunque
actualmente se utiliza para diferentes patologias. Consiste en la extraccion de alto
rendimiento de caracteristicas cuantitativas de las imagenes médicas (TC, RM, PET-TC),
considerando las imagenes como datos, con el objetivo principal de explotar estas
caracteristicas para predecir un resultado clinico o diagnéstico al extraer el fenotipo de la
imagen (63,64). Es capaz de extraer caracteristicas no visibles al ojo humano, siendo su
principal ventaja poder visualizar de manera no invasiva y global la apariencia de un cancer,
lo que le permite capturar la heterogeneidad tumoral macroscoépica, a diferencia de una
biopsia convencional, con el potencial de informar sobre un diagndstico, agresividad,
respuesta a tratamiento y prondstico. Por otra parte es capaz de determinar la expresion
del genotipo, el microambiente tumoral y la susceptibilidad del cancer a los tratamientos

(65,66), lo que se denomina radiogendémica.

Trabaja con un gran conjunto de datos, debido a que se pueden analizar miles de
caracteristicas para buscar la mas representativa de la firma radidmica que estamos
creando, a esto se le llama datos minables (en inglés “mineable” or “data mining”). Usar
conjuntos de datos suficientemente grandes, puede usarse para descubrir marcadores y
patrones previamente desconocidos de evolucion de la enfermedad, progresion y respuesta

al tratamiento.

La IA con sus métodos de aprendizaje automatico se aplica de manera eficiente a la
radidmica para construir, entrenar y validar modelos que pueden ayudar en la prediccion de
enfermedades y resultados del tratamiento, asi como en la estratificacion de pacientes, a lo
cual llamamos medicina de precision (67). Por otra parte la |IA potencia a la radiémica al
permitirle combinarse con datos clinicos, de laboratorio, histolégicos, gendmicos u otros,

logrando la creacion de modelos integrativos.

La IA se inicia en 1956 con la invencién de los robots, y consiste en el uso de una

computadora para modelar comportamientos inteligentes con una intervencién humana



minima (68,69). La Asociacion Médica Americana defini6 recientemente el papel de la IAen
la atencion médica como "inteligencia aumentada”, afirmando que la IA se disehara y
utilizara para mejorar la inteligencia humana en lugar de reemplazarla. Una subdisciplina
de la IA es el Machine Learning o aprendizaje automatico, técnica que abarca todos los
enfoques que permiten que las computadoras aprendan a partir de varios tipos de datos.
Por otra parte, el Deep Learning o aprendizaje profundo es un subtipo de Machine Learning
basado en redes neuronales artificiales multicapa para resolver problemas altamente
complejos (56,70). Tanto el Machine Learning como el Deep Learning se han aplicado para
potenciar a la radidbmica, utilizandose concretamente para modelar caracteristicas multi-

vista con el fin de predecir resultados clinicos.

La forma de trabajo en radiémica consiste en varias fases (Figura 5):
1. Definir una pregunta clinica y seleccionar la cohorte de pacientes adecuada.

2. Optimizar y estandarizar los protocolos de adquisicion de la técnica de imagen que

analizaremos.
3. Pre-procesamiento de imagen.
4. Segmentacion de lesiones en las imagenes, identificando las zonas de interés.

5. Extraer caracteristicas de imagen, ya sea mediante métodos manuales o de

aprendizaje profundo.

6. Reducir la dimensionalidad de los datos generados mediante métodos de seleccion de

caracteristicas.

7. Entrenar y validar el modelo radidomico.
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Figura 5: Flujo de trabajo en radiémica (71)

Respecto a las caracteristicas radiomicas, estas se extraen de regiones de interés (ROI)
bidimensionales (2D) o tridimensionales (3D). Estas caracteristicas son centenares y se
agrupan basadas en el tamafo y la forma; descriptores del histograma de intensidad de la
imagen,; descriptores de las relaciones entre voxels; texturas derivadas; texturas extraidas
de imagenes filtradas; y caracteristicas fractales (61,72). Las caracteristicas radiomicas con
frecuencia muestran altas correlaciones, lo que indica redundancia de datos, lo que significa
que algunas caracteristicas pueden descartarse, agruparse, y/o reemplazarse con una
caracteristica representativa, mediante el uso de analisis de componentes principales o
analisis discriminante lineal. Se debe tener cuidado en este proceso para evitar el llamado
sobreajuste (en inglés “overfitting”), que conduce a estimaciones demasiado optimistas de
las precisiones predictivas. Si el numero de caracteristicas es lo suficientemente alto, se

pueden detectar correlaciones incluso en datos aleatorios.



Encontrar las caracteristicas de imagen mas relevantes para el problema clinico que
queremos desarrollar puede convertirse en un desafio, y es en este punto en que podemos
utilizar técnicas de |IA . Una capacidad clave de Deep Learning es la explotaciéon de grupos
de predictores o caracteristicas tomadas en conjunto, llamados patrones multivariados. Los
métodos de bagging y boosting (métodos de agregacién), como los llamados bosques
aleatorios (en inglés “random forest”), han permitido el entrenamiento de clasificadores o
regresores robustos al integrar la seleccion de caracteristicas y el muestreo efectivo en el
proceso de entrenamiento para lograr modelos predictivos. Por otra parte, contamos con
las redes neuronales convolucionales que han resurgido como modelos potentes de
clasificacién. Dado un conjunto de datos de entrenamiento suficiente, las redes neuronales
convolucionales superan los esquemas de seleccion de caracteristicas, ya que en lugar de
seleccionar caracteristicas de conjuntos finitos y predefinidos, construyen caracteristicas
Optimas a partir de los propios datos de imagen. Una limitacion es la necesidad de una
cantidad excesiva de datos de entrenamiento. Dado que muchos de los enfoques tienen
parametros, las curvas ROC se utilizan para representar la precision de la prediccién a lo

largo de un rango de parametros.

A pesar de las ventajas evidentes de esta tecnologia, existen desafios por resolver. Uno de
los obstaculos mas importantes para obtener una imagen que se pueda analizar
correctamente de forma cuantitativa, en es el hecho de que los TC actuales estan disefiados
para producir imagenes visualmente atractivas en lugar de producirlas como dispositivos
de medicion (73). Ademas existe una capacidad limitada para estandarizar la forma de
adquirir datos de imagenes lo que dificulta su validacion en cohortes externas. Segun una
revision sistematica de Traverso et al (74), la repetibilidad y reproducibilidad de las
caracteristicas radiémicas son sensibles en diversos grados a detalles de procesamiento
como la configuracion de adquisicion de imagenes, el algoritmo de reconstruccion de
imagenes, el preprocesamiento digital de imagenes y el software utilizado para extraer
caracteristicas radiomicas. Otro factor por considerar es la necesidad de un numero elevado
de datos (imagenes) para entrenar y desarrollar un algoritmo, lo cual requiere de estudios
multicéntricos con las complicaciones que conlleva compartir imagenes de forma segura

para resguardar la confidencialidad de datos del paciente.



Finalmente, a pesar de los desafios por resolver, contamos con una tecnologia potente que
es capaz de explotar al maximo los datos de imagen médica de una manera objetiva, lo que
nos permite y nos permitira aun mas en un futuro, resolver diferentes problemas médicos
como es en el caso del TEP en pacientes con y sin neumonia por COVID-19, y también el

diagnéstico del nédulo pulmonar.



2. JUSTIFICACION

La patologia respiratoria tiene relevancia clinica por ser clave en la salud global de los
pacientes y por su elevada frecuencia. Ha cobrado especial interés tras la pandemia de
COVID-19 que ocasiond millones de muertes en todo el mundo por neumonia grave y en
muchos casos enfermedad tromboembdlica como el TEP. Mucho antes de la pandemia,
aunque posiblemente con menos visibilidad global, el cancer de pulmén ya era una
patologia altamente relevante debido a su incidencia y sobre todo a su mortalidad, ya que

es el cancer que causa mas muertes en todo el mundo.

El diagnéstico de las patologias respiratorias ha avanzado en los ultimos afios debido en
gran medida al desarrollo y evolucion de la imagen médica, sin embargo, existe un amplio
margen de mejora para aproximarnos en mayor medida a un diagndstico no invasivo que

se asemeje a la informacion que nos puede dar una biopsia anatomopatoldgica.

Nuevas tecnologias en el analisis de la imagen médica como es la radibmica, potenciada
por técnicas de inteligencia artificial (IA) como el Machine Learning y el Deep Learning,
estan en auge en la ultima década debido a que estan demostrando utilidad para predecir
el diagnéstico, tratamiento y pronéstico sobre todo en patologia neoplasica, aunque

actualmente también se abren paso en otras patologias.

Durante la pandemia de COVID-19 se observé un aumento de casos de TEP en pacientes
que ingresaban por una neumonia por COVID-19, lo que hizo que aumentara la cantidad
de pruebas diagnésticas solicitadas para esta patologia. En los pacientes en que no era
posible realizar un AngioTC por contraindicacion o falta de rapidez en la realizacién de la
prueba por sobrecarga asistencia, se debia realizar SPECT/TC-V/Q. Debido al riesgo de
contagio con las técnicas de ventilacion se recomendaba realizar SPECT/TC-Q con las
dificultades que suponia no disponer de la ventilacion para la valoraciéon de esta prueba. Es
por esto que surgid la idea de desarrollar una firma radiémica potenciada por IA para
detectar patrones de imagen de TEP o neumonia en pacientes con COVID-19 basandose

unicamente en SPECT/TC-Q. Para ello, planteamos un enfoque combinado que utiliza



caracteristicas radiémicas extraidas de cada imagen y una red de clasificacion entrenada

basada en el analisis de una region de interés (analisis local) de las imagenes.

Por otra parte, teniendo en cuenta la importancia de optimizar la deteccion precoz del
cancer de pulmon como herramienta para disminuir la mortalidad por esta patologia, y el
potencial que tiene la radiémica en su diagndstico, surge la idea de ir mas alla en
diagnostico de imagen e incorporar datos clinicos relacionados con la enfermedad para
poder desarrollar un algoritmo capaz de predecir malignidad en ndodulos pulmonares
detectados por via convencional (nédulo pulmonar incidental) o por medio de programas de

cribado de cancer de pulmoén.

La finalidad de esta tesis doctoral es demostrar que la radidmica potenciada por IA es capaz
de mejorar el diagnéstico por imagen de patologias respiratorias relevantes en la clinica
diaria como son el diagndstico de TEP y cancer de pulmdn, para acercar las nuevas

tecnologias a la practica asistencial.



3. HIPOTESIS

La radiémica potenciada por la inteligencia artificial, es capaz de mejorar el diagndstico

por imagen de patologias pulmonares relevantes.
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4. OBJETIVOS

4.1. Objetivo principal

Desarrollar modelos radidmicos potenciadas por inteligencia artificial, para la creaciéon de
algoritmos que optimicen el diagnéstico de TEP en neumonia por COVID-19 y de nddulo

pulmonar.

4.2. Obijetivos especificos

¢ Clasificar e identificar diferentes tipos de tejido pulmonar mediante un analisis por
regiones de las imagenes de SPECT-TC-Q.

e Desarrollar un modelo predictivo para TEP que sea capaz de clasificar diferentes
imagenes de SPECT/TC-Q para poder dar un diagndstico de cada region de interés
en pacientes con y sin neumonia por COVID-19.

e Crear un modelo radidmico asociado a técnicas de Deep Learning para el
diagnéstico de malignidad de nddulos pulmonares.

e Detectar las caracteristicas clinicas relevantes que sean capaces de optimizar los
resultados de un modelo radidmico y valorar el aporte de la integracion de ambos

modelos para el diagndstico de nddulos pulmonares.
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TRespiratory Medicine Background: COVID-19 infection, especially in cases with pneumonia, is associated
Department, Hospital Universitari with a high rate of pulmonary embolism (PE). In patients with contraindications for
germla””;'as | Pujol, Badalona, CT pulmonary angiography (CTPA) or non-diagnostic CTPA, perfusion single-photon
arcelona, >pain L . . .
2 Germanﬂsas | Pujol Research emission computed tomography/computed tomography (Q-SPECT/CT) is a diagnostic
Institute (IGTP), Badalona, alternative. The goal of this study is to develop a radiomic diagnostic system to detect
Barcelona, Spain PE based only on the analysis of Q-SPECT/CT scans.
Departament de Medicina,
Universitat Auténoma de Methods: This radiomic diagnostic system is based on a local analysis of Q-SPECT/CT
Barcelona, Barcelona, Spain volumes that includes both CT and Q-SPECT values for each volume point. We present
Computer Vision Center . . . .
and Computer Science a combined approach that uses radiomic features extracted from each scan as input
Department, UAB, Barcelona, into a fully connected classification neural network that optimizes a weighted cross-
opain N entropy loss trained to discriminate between three different types of image patterns
Nuclear Medicine Department, . . .
Hospital Universitari Germans (pixel sample level): healthy lungs (control group), PE and pneumonia. Four types of
Trias | Pujol, Badalona, Barcelona, models using different configuration of parameters were tested.

opain Results: The proposed radiomic diagnostic system was trained on 20 patients (4,927

sets of samples of three types of image patterns) and validated in a group of 39
patients (4,410 sets of samples of three types of image patterns). In the training group,
COVID-19 infection corresponded to 45% of the cases and 51.28% in the test group. In
the test group, the best model for determining different types of image patterns with
PE presented a sensitivity, specificity, positive predictive value and negative predictive
value of 75.1%, 98.2%, 88.9% and 95.4%, respectively. The best model for detecting
pneumonia presented a sensitivity, specificity, positive predictive value and negative
predictive value of 94.1%, 93.6%, 85.2% and 97.6%, respectively. The area under the
curve (AUC) was 0.92 for PE and 0.91 for pneumonia. When the results obtained at

the pixel sample level are aggregated into regions of interest, the sensitivity of the PE
increases to 85%, and all metrics improve for pneumonia.

Conclusion: This radiomic diagnostic system was able to identify the different lung
imaging patterns and is a first step toward a comprehensive intelligent radiomic sys-
tem to optimize the diagnosis of PE by Q-SPECT/CT.
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Highlights: Artificial intelligence applied to Q-SPECT/CT is a diagnostic option in
patients with contraindications to CTPA or a non-diagnostic test in times of COVID-19.

Keywords: Pulmonary embolism, SPECT, CT, COVID-19, Radiomics, Neural networks

Background

Although CT pulmonary angiography (CTPA) is the most widely used imaging test for
diagnosing pulmonary embolism (PE) [1, 2], another test is needed for patients with
contraindications (allergy to iodinated contrast, kidney failure) or non-diagnostic on
CTPA. Ventilation/perfusion single-photon emission computed tomography/computed
tomography SPECT/CT (V/P-SPECT/CT) is a validated technique for PE diagnosis even
in the presence of pneumonia [3, 4], but during the COVID-19 pandemic the use of ven-
tilation has been discouraged due to the high risk of aerosol production [2, 5].

Thromboembolic disease has been a major complication in patients with COVID-
19 pneumonia. In severe cases of COVID-19, an association with hyperinflammatory
syndrome [6, 7] has been reported, as well as coagulation abnormalities and thrombo-
sis [8—10]. Venous and arterial thromboembolic events occur in 31-59% of hospitalized
patients with COVID-19 [8, 11], especially if they require critical care [12—16]. Diagno-
sis of PE in the latter situation can be challenging [17].

Due to the need to adapt the test to the safety standards required by the pandemic
and in search of an alternative for patients for whom CTPA is not an option, it is worth
considering perfusion single-photon emission computed tomography/computed tomog-
raphy (Q-SPECT/CT) as a diagnosis alternative [18—21]. The value of Q-SPECT/CT was
reported even prior to the COVID-19 pandemic [22], showing a sensitivity and specific-
ity of 100% and 83%, respectively, for the diagnosis of PE with the Q-SPECT/CT tech-
nique [23]. Nevertheless, the diagnosis of PE can be difficult in large areas of pneumonia.
In these cases, reporting takes longer and frequently needs to be validated by senior
nuclear physicians to prevent errors.

The early detection of COVID-19 by medical imaging has aroused great interest
within the artificial intelligence community. However, to the best of our knowledge, to
date there are no published studies that use artificial intelligence to improve the diagno-
sis of COVID-19 PE through Q-SPECT/CT.

An artificial intelligence system to support physicians in the diagnosis of PE
through Q-SPECT/CT would improve the specificity of PE diagnosis in cases of asso-
ciated pneumonia and reduce the reading time of the test, and for this reason, we
have decided to apply radiomics and artificial intelligence techniques as an innovative
alternative that responds to the requirement of an alternative test to the CTPA to rule
out PE during the COVID-19 pandemic.

Existing methods addressing the diagnosis of COVID-19 pathologies focus mainly
on the detection of COVID-19 pneumonia from an analysis performed through a sin-
gle modality (either X-ray or CT scans). Most methods are deep learning approaches
based on well-known architectures that have proved successful in other fields (like
ResNet [24], U-net [25] or EfficientNet [26], among others) that have been adapted
and fine-tuned for managing COVID-19 diagnosis.
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Regardless of the imaging modality and architecture, the usual approach is to use a
classification scheme that provides a single diagnosis for each image/scan [27, 28].
Patients with severe COVID-19 have several lung image patterns at the same time. A
main challenge is the accurate localization inside the lungs of pathologies affecting a
small percentage of lung tissue (as is the case with PE).

The objective of the present work is to seek the best radiomic signature to detect image
patterns of PE or pneumonia in patients with COVID-19 based only on Q-SPECT/CT.
For that purpose, we present a combined approach that uses radiomic characteristics
extracted from each scan and a classification network trained from scratch based on an
analysis of a segmented region of interest (local analysis) of the images.

Material and methods

Patient recruitment

Patients were recruited from Hospital Universitari Germans Trias i Pujol (HUGTIP),
a university referral hospital covering an area of 800,000 inhabitants in Barcelona
(Spain).

The Q-SPECT/CT protocol is prospective and all COVID-19 patients (positive
RT-PCR) were collected prospectively in 2020 (April to September 2020). In order
to have a control group of patients not affected by COVID-19, we reviewed patients
from a 2018 database (January—December 2018) and selected a retrospective group to
ensure that they had not presented with a COVID-19 infection.

The cases were divided into two subsets, one of which was used to perform the algo-
rithm training (training group) and the other to perform the validation (test group).

The study’s exclusion criteria were the patient’s refusal to participate in the study,
and the detection of severe alterations in the patients’ lungs caused by other patholo-
gies unrelated to COVID-19 infection such as severe emphysema, bullae or interstitial
lung diseases.

This study was performed in accordance with the principles of the Declaration of
Helsinki. The research protocol was approved by the regional ethics committee (Eth-
ics Committee for Clinical Research of Germans Trias i Pujol University Hospital),
with the reference PI-20-161, and subjects gave their written informed consent.

Demographics
The total number of patients included was 61, from which two cases were discarded
due to technical failures in the image acquisition process or to the presence of severe
abnormalities in the patients’ lungs caused by pathologies other than COVID-19.
Thus, the resulting database contained data from 59 patients, 20 in the train-
ing group (4,927 sets of samples of three types of image patterns) and 39 in the test
group (4,410 sets of samples of three types of image patterns). In the training group,
COVID-19 infection corresponded to 45% of the cases and to 51.28% in the test
group. The demographic characteristics of each group are given in Table 1.
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Table 1 Demographic data—patients

Training set Test set

Patients (n) 20 39

Age (average, years, SD) 60 68

Gender female, n (%) 12 (60%) 18 (46.15%)
COVID-19, n (%) 9 (45%) 20 (51.28%)
Pneumonia (n) 4 9
Pneumonia+ PE (n) t 3 10

PE (n) 4 10

Healthy lungs 6 10

Extra categories® 3 0

" Extra categories: areas with abnormal CT and low perfusion; black background (areas with no tissue uptake); body tissue
(areas of the body not belonging to the lungs)

T All cases registered with Pneumonia -+ PE were cases with COVID-19

Image data acquisition

A perfusion single-photon emission computed tomography/computed tomogra-
phy (Q-SPECT/CT) based on the intravenous administration of 6 mCi (222 MBq)
of 99mCt-macroaggregates of human albumin (99mCt-MAA) was acquired for each
patient, with the subsequent acquisition of a tomo-scintigraphy (SPECT) and a CT in
two hybrid devices indistinctly: a Symbia T2 Gamma camera (brand Siemens, based
in Munich, Germany) and a Discovery NM/CT 670 ES Gamma camera (brand Gen-
eral Electric, based in Boston, Massachusetts, US).

The acquisition parameters were the following. The SPECT was obtained with a cir-
cular orbit with a 360° arc, 128 x 128 matrix, zoom 1, 140 keV photopeak, obtaining
90 images of eight seconds per image. The acquired CTs used 120 kV, 50-350 mA,
with a slice thickness and interval of 1.25 mm (General Electric) and 3 mm (Siemens).
With reconstructions of B41S, B80S, B08 and 1 soft, recon 2 lung, respectively, for CT
and three-dimensional reconstruction and the format with attenuation correction for
scintigraphy were used, 512 x 512 matrix.

Ventilation lung scintigraphy was not allowed due to the risk of COVID-19 cross-
contamination, and ventilation alterations were therefore determined only by CT
scans.

The images were extracted from PACS in DICOM format and were anonymized to
guarantee the confidentiality of the data.

All the CT images obtained for the Q-SPECT/TC were reviewed by a pulmonolo-
gist, nuclear medicine physician or radiologist with more than seven-year experience,
and their opinion of the expert clinicians was considered the gold standard. These
experts segmented areas of healthy lung, PE or pneumonia in Q-SPECT/CT images
from each patient using in-house software. For each patient scan, an expert anno-
tated 2D regions containing pixels of one of the target tissues (healthy lungs, TEP or
pneumonia). In the cases with COVID-19 pneumonia and PE, we selected and noted
areas in which only one of the image patterns existed. 2D regions were identified by a
single reader. The average number of 2D ROIs annotated for each patient was 25. The
number of pixels of each ROI was 473.4738 on average, with a minimum of 48 and a
maximum of 2,964.
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Radiomic features were computed pixel-wise using the values of neighboring pixels
contained in windows centered at each pixel in the 2D region. Each pixel in the 2D
region such that a window of side equal to sze (in our case 3, 5 pixels) that is con-
tained in the region is a sample to be used for either training or test. The analysis was
performed upon these multiple samples and not on the final diagnosis of the patient.
Since the number of samples is given by the pixels whose window is contained in
the annotated ROIs, we have a different number of samples for each window size. In
order to perform the statistical analysis, the data obtained for windows of size 3 x 3
pixels was resampled to match the samples obtained for the windows of size 5 x 5 pix-
els. The training group had 4,927 image pattern samples (2,096 healthy lung patterns,
1,204 pulmonary embolism patterns and 1,627 pneumonia patterns), while the test
group had 4,410 (2.442 healthy lung patterns, 597 pulmonary embolism patterns and
1,371 pneumonia patterns) (Fig. 1).

Image processing

Since the final diagnosis requires a combination of information from both the
SPECT and CT scans, the first step consists of the registration of the two volumes in
order to fuse both image modalities. In order to register volumes, first SPECT vol-
umes were resized to match the same number of CT slices using HOROS, an open-
source medical image viewer (Horos Project). Then, we used an affine unimodal [29]
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Fig. 1 lllustrative flowchart of the stages of the system pipeline
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transformation to register a segmentation of the lungs in CT and SPECT resized
volumes. By registering binary masks instead of intensity volumes, we can account
for multimodal differences using the mean squared error as a cost function and thus
minimize the risk of premature convergence associated with multimodal approaches
using mutual information. The computed transformation was applied to intensity
SPECT volumes to register them to CT scans.

The segmentation of lungs was computed using thresholding and morphological oper-
ations. CT lungs were selected as the largest connected component of the voxels with an
intensity between 950 and -300 Hounsfield Units. The thresholded volumes undergo a
post-processing step called morphological closing [30] that fills in interior holes of the
lung mask and small concave entries at the boundary of the lung mask. The size and
shape of the filled mask is given by a binary volume representing a 3D shape called a
structuring element. In our case, the structuring element is a sphere of radius 5 (also
refer to as size among the image processing community).

For the lung segmentation of the perfusion volumes, a threshold of intensity of 20 was
selected. An intensity of 20 is over the SPECT values which reflect the amount of radio-
active tracer absorbed by the lung tissue which reflects how blood is flowing within the
lungs. Given that background pixels do not have a contrast agent, their baseline value is
very low. Thus, voxels with an intensity over 20 were considered to be part of the lung.

The quality and interpretability of segmentations was performed visually according to
the quality of the registered volumes.

In order to account for differences in SPECT intensities due to variations in contrast
agent concentrations, SPECT scans were normalized using two different approaches.
The normalization step was performed after the registration of volumes.

The first approach normalized SPECT values in the range [0, 1], using the maximum

and minimum values of the intensities of each scan:

SPECT — min(SPECT)
max(SPECT) — min(SPECT)

SPECT might have spots of high concentration of the agent that are not associated
with a higher lung perfusion. Those artifacts associated with the technique itself deviate
maximum intensity values and introduce a drop in the intensity of normalized volumes
not related to a drop in perfusion. In order to alleviate the impact of this artifact in the
predictions of PE, we have also applied a normalization based on the superior quantile of
SPECT intensity values:

SPECT — min(SPECT)
percentile(SPECT, 99) — min(SPECT)

For percentile(SPECT, 99), denoting the percentile leaving a right probability of 0.01 in
the distribution of SPECT intensity values.

Intelligent radiomics for the detection of pulmonary embolism

The proposed radiomic system analyzes the intensity values of CT and SPECT volumes
for each voxel in order to discriminate the three clinically relevant types of image pat-
terns defined by pulmonologist and nuclear medicine experts:
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1. Control: healthy—normal CT and SPECT.

2. Pulmonary Embolism (PE): normal CT with a localized perfusion defect in the
SPECT.

3. Pneumonia: abnormal CT with normal perfusion or with an atypical perfusion
defect that does not meet PE criteria.

In order to avoid overfitting, three extra categories were added:

4. Areas with abnormal CT and low perfusion.
5. Black Background: areas with no tissue uptake.
6. Body Tissue: areas of the body not belonging to the lungs.

Our intelligent radiomic system was applied in three main steps. Firstly, scans were
preprocessed as described in the “Image processing” section. Secondly, radiomic fea-
tures selected according to their reproducibility were extracted from the registered vol-
umes to define a radiomic feature space. Finally, a machine learning method was used
to disseminate each value of the feature space between the four types of image patterns.

The radiomic features are a subset of PyRadiomics [31], an open-source python pack-
age for the extraction of Radiomic features from medical imaging volumes. PyRadi-
omics features include shape features, first-order features, and textural features (Gray
Level Co-occurrence Matrix (GLCM), Gray Level Size Zone (GLSZM), Gray Level Run
Length Matrix (GLRLM) and Gray Level Dependency Matrix (GLDM)) describing sev-
eral aspects of the lesion. The subset was selected according to reproducibility against
different image acquisition conditions and interobserver variability in lesion identifica-
tion. Reproducibility is based on the correlation of feature values obtained from data
collected using different conditions and settings [32]. The selected set of (17) features are
given in Table 2.

Radiomic features are computed pixel-wise using the values of pixels in the neighbor-
hood of each pixel. These neighborhoods are squared areas (called windows) of side
equal to sze (in our case 3, 5) pixels centered at each pixel of the annotated ROI. That is,
for each pixel of coordinates (i0,j0) a window, w(i0,jO), of side sze is given by the pixels of
coordinates (i,j) that satisfy:

w(i0,j0): = ROI(i,j), for i 1{i0-sze, i0-sze +1, ..., i0 + sze-1, i0+ sze}, j 1{j0-sze, jO-sze + 1,
..., JO+sze-1, jO+ sze}.

being ROI(i,j) the image area annotated by the expert. Given the formulation of the
window used to compute radiomic features, we observe that radiomic features could

Table 2 Features selected according to reproducibility

Firstorder  Texture GLCM Texture GLDM Texture LGRM

Entropy Id Dependence Non-Uniformity Gray Level Non-Uniformity Normal-

TotalEnergy  Idm Normalized ized

Uniformity JoinEnergy Dependence Variance Run Length Non-Uniformity Nor-
MaximumProbability Large Dependence Emphasis malized

Run Percentage
Short Run Emphasis
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only be computed for pixels such that its neighboring window pixels are also inside the
ROI. We call this set of pixels samples used for both training and testing.

The radiomic features computed for each sample, using the values of the neighboring
pixels contained in a square window of side sze are the input for a fully connected net-
work which combines them in a multi-classification approach. The input for the network
is the concatenation of the radiomic features extracted for the two pre-processed scans.
The network has two fully connected layers with 128 neurons linked with one Relu layer
and an output classification layer with sigmoid activation. To account for unbalancing in
the training data, the loss function is the weighted cross-entropy given by:

Loss = E w;Loss;

4

where Loss; is the cross-entropy loss for the i-th class and the weights, w; are given by
the inverse of the class frequency, w;, normalized to sum one:

Pi

B Z,‘Pj

Wi

for  p; = NSamp;/NSamp , NSamp,; andN Sampbeing, respectively, the number of
samples of the i-th class and the total number of samples.

Experiments

In order to assess the impact of the size of the window used to compute radiomic fea-
tures, we trained two different model with features extracted using windows of size,
sze x sze=3 x 3 and sze x sze=5 x5, to compute the pyradiomics texture feature in
the neighborhood of each sample. To analyze the effect of the normalization of SPECT
scans, a different model was trained with data normalized using the maximum and per-
centile criteria for each window size. A total number of four models were trained using
the configurations reported in Table 3. From now on, models will be referred to using
the labels given in Table 3.

Two different experiments were carried out:

1. Training and Selection of Models. A leave-1-out validation on a training set of sam-
ples from patients to select the best model for the detection of PE and pneumonia.

Table 3 Configuration of the different radiomic models

SPECT Normalization

Window size Max Percentile
3x3 ModelMx3: SPECT normalization based on ModelPrct3: SPECT nor-
maximum values with 3 x 3 windows malization based on upper
percentile values with 3 x 3
windows
5x5 ModelMx5: SPECT normalization based on ModelPrct5: SPECT nor-
maximum values with 5 x 5 windows malization based on upper

percentile values with 5 x 5
windows
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2. Testing and Assessment of Models Reproducibility. Validation of the best models on
an independent set of samples from test patients to assess the reproducibility of
results

Statistical analysis

All calculations were conducted in version 15 of STATA. Sensitivity, specificity, positive
predictive value (PPV), negative predictive value (NPV), area under the curve (AUC)
and diagnostic accuracy were calculated using the dt command. The equality of ROC
areas was tested using the rocgold command. This command independently tests the
equality of the ROC area of each of several test modalities against a “gold standard” ROC
curve. For each comparison, rocgold reports the raw and the Bonferroni-adjusted signifi-
cance probability. A p-value of 0.05 was considered significant. The computation of the
power and effect size of the tests was conducted using G*Power 3.1.9.2.

Results

Training and selection of models

Table 4 provides a statistical summary of the AUC score for the training set used for the
selection of models. For each radiomic model (rows) and diagnoses (columns), we report
the AUC, its 95% confidence intervals (CI) and p-values for the comparison of AUC. The
P-value was adjusted with the Bonferroni correction. The blank cells with * correspond
to the best AUC used to make the comparison.

For the diagnosis of PE, models normalized using the upper percentile performed
significantly better (with AUC>0.9) than those normalized using maximum values,
with ModelPrct3 performing significantly better than ModelPrct5. For the diagno-
sis of pneumonia, models using the upper percentile normalization also performed
significantly better (with AUC>0.9). In this case, although the analysis detected that
ModelPrct3 AUC was significantly higher than ModelPrct5 AUC, the analysis of Cls

Table 4 AUC statistics for the leave-1-out training for model selection

Pulmonary Embolism Pneumonia Healthy Lung
Radiomic AUC 95%ClI P-value* AUC 95%ClI P-value* AUC 95%ClI P-value
model
ModelPrct3 0.919 0.909-0.929 * 0.922 0914-0931 * 0971 0.966-0.977 0.09
ModelPrct5 0902 0.892-0913 0.028 0.905 0.896-0.914 <0.001 0978 0.973-0983 *
ModelMx3 0.835 0.822-0.848 <0.001 0.825 0.814-0.837 <0.001 0.928 0.920-0.937 <0.001
ModelMx5 0.823 0.810-0.836 <0.001 0.818 0.806-0.830 <0.001 0935 0.928-0.943 <0.001

Table 5 Sensitivity, specificity, PPV and NPV statistics for the leave-1-out training of the best AUC

model

Pulmonary embolism Pneumonia Healthy lung
Sensitivity 89.6% (95% Cl 87.7-91.2 92.5% (95% C191.1-93.7 98.1% (95% C197.3-98.7)
Specificity

Positive predictive value

Negative predictive value

87.0% (95% Cl 85.0-88.8

( )
95.8% (95% Cl 92.5-96.4)
( )
96.7% (95% Cl 96.1-97.2)

88.0% (95% Cl 86.3-89.4

( )
94.2% (95% Cl 93.4-94.9)
( )
96.5% (95% Cl 95.8-97.1)

95.2% (95% C1 94.1-96.1

(
97.5% (95% Cl 97.0-98.0)
(
99.0% (95% Cl 98.6-99.3

)
)
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suggests that this difference is not very large. In fact, according to the effect size asso-
ciated with the sample size of the training set, this difference is at most 0.05. For both
PE and pneumonia diagnosis, the AUC of ModelPrct3 was above 0.91, which confers
percentile-based models a high diagnostic value. Regarding healthy lung, models nor-
malized using the upper percentile performed better (AUC > 0.97), with no significant
differences between them.

Table 5 reports the sensitivity, specificity, positive predictive value, and negative pre-
dictive value for ModelPrct3, and we also report the average values and 95% confidence
intervals (CI) of each score. Sensitivity for PE, pneumonia and healthy lung were 90% or
higher with a PPV of over 87%. Specificity and NPV were over 94% and 96%, respectively
(Figs. 2, 3, 4).
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Fig. 2 Pulmonary embolism ROC curve in the training set
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Fig. 3 Pneumonia ROC curve in the training set
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Fig. 4 Healthy lung ROC curve in the training set

Test group

The AUC for ModelPrct3 in the test group is 0.922 (95% CI 0.090-0.935) for PE, 0.906
(95% CI 0.896-0.916) for pneumonia and 0.908 (95% CI 0.900-0.917) for healthy
lung, which proves that the model predictions are reproducible.

Table 6 shows the sensitivity, specificity, positive predictive value and negative pre-
dictive value for ModelPrct3, and we also report the average values and 95% confi-
dence intervals (CI) of each score. Values for pneumonia diagnosis are almost the
same as for the training set. In the case of healthy lung, although there is a decrease in
the metrics in relation to training, the values are still around 90%. Values for PE diag-
nosis are also comparable to those of the training set, except for sensitivity, which is
lower (75%), while specificity reaches 98% (Figs. 5, 6, 7).

To further verify the diagnostic value of the proposed method, we aggregated the
results obtained at pixel sample level to obtain a diagnosis for each annotated region
(corresponding to a specific pulmonary lesion or region of interest). The final diag-
nosis is given by the most frequent image pattern on the diagnostic target: PE/noPE,
Pneumonia/No Pneumonia and Healthy/not-Healthy.

Table 7 reports the sensitivity, specificity, positive predictive value, and negative pre-
dictive value for ModelPrct3, and we also report the average values and 95% confidence
intervals (CI) of each score. The metrics increase for all image patterns. In particular,
values for PE sensitivity increase to 85%, while keeping a high specificity very close to
90%. For the detection of healthy lung, we have a score of 100% for all metrics.

Table 6 Sensitivity, specificity, PPV and NPV statistics for the test set of ModelPrct3

Pneumonia

Pulmonary embolism

Healthy lung

Sensitivity
Specificity
Positive predictive value

Negative predictive value

75.1% (95% C171.8-78.2)
98.2% (95% Cl 97.7-98.6)
88.9% (95% C1 86.2-91.2)
95.4% (95% Cl 94.7-96.0)

93.3% (95% C1 91.8-94.6)
93.0% (95% Cl 92.1-93.9)
83.9% (95% C181.8-85.7)
97.3% (95% Cl 92.3-93.8)

92.2% (95% C191.0-93.2)
89.3% (95% Cl 87.9-90.6)
91.3% (95% C1:90.1-92.3)
90.4% (95% C189.0-91.6)
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Fig. 5 Pulmonary embolism ROC curve in the test set
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Fig. 6 Pneumonia ROC curve in the test set

Discussion

The diagnosis of pulmonary embolism in COVID-19 patients is challenging. In this
sense, radiomics is a tool that could help the physician in the diagnosis of PE and pneu-
monia, since it is able to detect different image patterns obtained by Q-SPECT/CT, with-
out the need to perform the ventilation technique.

To the best of the authors’ knowledge, there are no published studies that apply artifi-
cial intelligence to ventilation/perfusion SPECT/CT or Q-SPECT/CT. This is an experi-
mental study and is a first step toward a complete intelligent radiological system capable
of diagnosing PE and pneumonia image patterns only by Q-SPECT/CT.
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Table 7 Sensitivity, specificity, PPV and NPV statistics for diagnosis at lesion level

Pulmonary embolism Pneumonia Healthy lung
Sensitivity 85.0% (95% Cl 84.1-85.8 95.0% (95% Cl 93.9-95.6) 00% (95% CI 100-100
00% (95% ClI

( ) 1 ( 1 )
Specificity 89.5% (95% Cl 88.6-90.3) 100% (95% C199.1-100) 1 ( 100-100)
Positive predictive value 89.5% (95% C1 886-90.3)  95.0% (95% Cl 93.9-95.6) 100% (95% Cl 100-100)
( ) 1 ( 1 )

Negative predictive value 85.0% (95% Cl 84.2-85.8 100% (95% C1 99.1-100) 00% (95% CI 100-100

Our algorithm uses images obtained by Q-SPECT/CT and have proved to be useful to
detect both PE and pneumonia image patterns. The results obtained for a training set of
20 patients using leave-1-out sampling show that the size of the window used to com-
pute local radiomic features is not a critical parameter. In contrast, the normalization of
the PE needed to compensate different concentrations of the contrast agent has a signifi-
cant impact on the performance of the models, with a normalization based on percen-
tiles being particularly recommended. The results obtained for an independent set of 39
test patients show the reproducibility of results and a high diagnosis capability and rule
out for both PE and pneumonia. The sensitivity and AUC for the detection of pneumo-
nia (93.3% recall and AUC=0.906) is comparable to deep learning approaches using a
larger number of training cases including COVNet [24] (90% recall and 0.96 AUC) and
the early work of Zhang et al. [33] (88% recall and 0.92 AUC). Regarding PE, in spite
of an AUC=0.92 in tests, the sensitivity dropped to 75%. Nevertheless, with a positive
predictive value of over 88%, we consider that this does not invalidate the model for PE.
Moreover, the specificity and negative predictive values reach 98% and 95%, respec-
tively, which indicates that it is an adequate technique to rule out this pathology, which
is clinically useful. When the results obtained at the pixel sample level are aggregated
into regions of interest, the sensitivity of the PE increases significantly to 85% but the
specificity is lower (89.5%). Nevertheless, all metrics improve for both pneumonia and
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healthy lung. These results suggest that aggregating the results into regions of interest
provides the clinician with a better tool for diagnosing PE.

In relation to the working approach, an artificial intelligence diagnosis based on the
analysis of whole images/scans might only detect the main pathology while ignor-
ing secondary ones which are also clinically relevant. For this reason, the local analysis
approach adopted by this study is important. Another issue is the clinical interpretability
of results. Although interpretability can be improved with the use of a heatmap (such
as gradient-weighted class activation mapping [34]), deep learning approaches are still
difficult to interpret and lack the ability to accurately locate the injured tissue. Another
recently identified concern [35] is the sensitivity of models to the quality and quantity
of the cases used for training and testing, which can lead to overestimating the results.
Deep learning methods require a large number of annotated images for training. This is
not a major issue in most fields of application, but, unfortunately, there is a limited avail-
ability of images in the case of COVID-19 patients. Moreover, it is suspected that its pro-
tocol of acquisition may introduce bias in models [36]. In particular, it has been reported
[37] that the high-performance of machine learning methods could be attributed mainly
to the presence of image patterns (such as corner labels or instrumentation), device
acquisition parameters or population factors (such as sex or age). If these characteristics
are specific to some of the classes (groups of patients), models may learn to recognize
these biases in the data set, rather than focusing on the pathologies they are trying to
detect. This bias, of course, limits the generalization and reproducibility of results when
tested on data sets with a different origin from the ones used in training and testing. We
believe that adopting a local approach that analyzes small regions rather than the entire
scan could minimize the need for a large number of annotated cases, as well as reducing
the impact of image bias.

This study has some limitations. First, the local identification of image patterns must
be added for each case (similar to [24]) to produce a multiple clinical diagnosis and to
be able to produce a global diagnosis. Second, although the training group and the test
groups are different, the models must be tested in cases originating from other hospi-
tals to fully validate the generalizability and clinical applicability of the models. Third,
we have excluded cases with emphysema and pulmonary fibrosis due to the difficulties
involved in interpreting Q-SPECT/CT without ventilation, and for future studies we
will include this type of cases in order to be able to make a useful algorithm in real life.
Fourth, despite the fact that there are many samples analyzed, the number of patients
is small, so for future studies we must have a larger number of patients that allows us
to consolidate our algorithm. Finally, a model based on 2D radiomics, though similar
to a histological analysis of the lesion, might not reflect 3D aspects of the lesion, like
the spatial distribution of tissue patterns and volumetric measures of the extent of each
pathology. However, given that the goal is to detect the presence of either TEP or pneu-
monia, this is not a main limitation for this particular study. For the computation of the
extension and volume of the diseased lung tissue a 3D analysis should be carried out.
This could be done by either accumulating the presented 2D radiomics or training a 3D
radiomic model using 3D ROIs.

The main strength of this study is the novelty of using artificial intelligence to focus
on PE and COVID-19 pneumonia diagnosed with Q-SPECT/CT images, which may
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provide a diagnostic alternative for patients for whom CT pulmonary angiography
(CTPA) is not capable of diagnosing PE or for when the technique is contraindicated.
It is important to mention that it also provides a safer alternative to V-Q/SPECT-CT
by avoiding aerosol contamination that occurs in ventilation, preventing the spread of
diseases such as COVID-19. Although our system does not provide a global diagnosis
of the patient, it is capable of classifying different image patterns and identifying areas
affected by PE, as well as providing reliable information on the areas affected by pneu-
monia and healthy lung areas.

Our next step is to analyze the impact of our method on the final diagnosis of
patients and to apply and adjust this algorithm to the current practice of V/Q-SPECT
for PE not associated with COVID-19 and to include all types of respiratory diseases
(emphysema, pulmonary fibrosis).

Our ultimate goal is to build a software for clinical use that can provide us with a
diagnosis of PE and pneumonia only with an “intelligent Q-SPECT/CT” to be vali-
dated with our standard Ventilation/Perfusion-SPECT/CT. If this is achieved, venti-
lation could even be avoided, saving time and healthcare costs. This would mean a
paradigm shift in the use of SPECT/CT for the diagnosis of these pathologies in times
of COVID-19 or future epidemics, not only to minimize the risk of contagion by aero-
sols, but also to avoid unnecessary examinations and reduce test times.

Conclusion

In summary, a combined approach based on artificial intelligence and radiomics can
detect areas of pneumonia and areas of pulmonary embolism using a limited amount of
annotated data. The ability to detect different image patterns in patients with COVID-19
encourages us to continue working to achieve a global diagnosis through a local analysis
that allows us to develop a software for clinical use based on SPECT/CT.

Abbreviations

PE Pulmonary embolism

CTPA CT pulmonary angiography

Q-SPECT/CT Perfusion single-photon emission computed tomography/computed tomography

V/P-SPECT/CT Ventilation/Perfusion single-photon emission computed tomography/computed tomography
SPECT/CT

PPV Positive predictive value

NPV Negative predictive value
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ABSTRACT

Introduction: Early diagnosis of lung cancer (LC) is crucial to improve survival rates. Radiomics models
hold promise for enhancing LC diagnosis. This study assesses the impact of integrating a clinical and a
radiomic model based on deep learning to predict the malignancy of pulmonary nodules (PN).
Methodology: Prospective cross-sectional study of 97 PNs from 93 patients. Clinical data included epi-
demiological risk factors and pulmonary function tests. The region of interest of each chest CT containing
the PN was analysed. The radiomic model employed a pre-trained convolutional network to extract visual
features. From these features, 500 with a positive standard deviation were chosen as inputs for an opti-
mised neural network. The clinical model was estimated by a logistic regression model using clinical
data. The malignancy probability from the clinical model was used as the best estimate of the pre-test
probability of disease to update the malignancy probability of the radiomic model using a nomogram for
Bayes’ theorem.
Results: The radiomic model had a positive predictive value (PPV) of 86%, an accuracy of 79% and an AUC
of 0.67. The clinical model identified DLCO, obstruction index and smoking status as the most consis-
tent clinical predictors associated with outcome. Integrating the clinical features into the deep-learning
radiomic model achieves a PPV of 94%, an accuracy of 76% and an AUC of 0.80.
Conclusions: Incorporating clinical data into a deep-learning radiomic model improved PN malignancy
assessment, boosting predictive performance. This study supports the potential of combined image-based
and clinical features to improve LC diagnosis.

© 2024 SEPAR. Published by Elsevier Espaiia, S.L.U. All rights are reserved, including those for text

and data mining, Al training, and similar technologies.

Abbreviations: Al, artificial intelligence; AUC, area under the curve; LC, lung cancer; LCS, lung cancer screening; LDCT, low-dose computed tomography; PN, pulmonary
nodules; BMI, body mass index; COPD, chronic obstructive pulmonary disease; FVC, forced vital capacity; FEVy, forced expiratory volume in one second; DLCO, diffusing
capacity for carbon monoxide; PPV, positive predictive value; NPV, negative predictive value.

* Corresponding author.

E-mail address: smbaeza.germanstrias@gencat.cat (S. Baeza).

https://doi.org/10.1016/j.arbres.2024.05.027

0300-2896/© 2024 SEPAR. Published by Elsevier Espafia, S.L.U. All rights are reserved, including those for text and data mining, Al training, and similar technologies.

Please cite this article as: S. Baeza, D. Gil, C. Sanchez et al, Radiomics and Clinical Data for the Diagnosis of Inciden-
tal Pulmonary Nodules and Lung Cancer Screening: Radiolung Integrative Predictive Model, Archivos de Bronconeumologia,
https://doi.org/10.1016/j.arbres.2024.05.027



https://doi.org/10.1016/j.arbres.2024.05.027
http://www.archbronconeumol.org
mailto:smbaeza.germanstrias@gencat.cat
https://doi.org/10.1016/j.arbres.2024.05.027
https://doi.org/10.1016/j.arbres.2024.05.027

G Model
ARBRES-3585; No.of Pages9

S.Baeza, D. Gil, C.Sanchezet al.
Introduction

Lung cancer (LC) remains a major health problem, causing
the highest mortality in Europe and worldwide.! These data are
explained by more than 70% of cases diagnosed at an advanced
stage with a low survival; therefore, early diagnosis is key because
early-stage treatment improves LC prognosis.? Recently, a shift has
been occurring due to the increasingly expanded use of computed
tomography across various settings, leading to a rise in the num-
ber of incidentally detected pulmonary nodules (PN). On the other
hand, this shift is also attributed to the implementation of lung
cancer screening (LCS). In both cases, the outcome is early-stage
diagnosis. That’s how the 2022 American Cancer Society annual
report reveals a decline in the incidence of advanced-stage cancer,
with a simultaneous annual increase of 4.5% in a localised stage
primarily linked to the initiation of LCS in the US a decade ago.?

Despite the known advantages in reducing mortality due to
LCS,*6 not all PN detected are LC. In a systematic review, 21% of
trial screens yielded a false positive result (range 1-42%) in base-
line LDCT,® requiring follow-up images or even biopsy. Thus, these
false positives can cause potential harm to patients, and they can
generate high costs for health services.”? Similarly, they occur with
the increased incidental finding of PN, as many of these are benign
and require close follow-up, which is similar to the approach taken
with PN identified through LCS.'%-13 In this context, whether the
PN is detected incidentally or through LCS, it is crucial to identify
high-risk cases and rule out those with low risk.!41°

Fortunately, applying artificial intelligence (Al) techniques to
radiomics might make it possible to discriminate between benign
and malignant PN.'® Radiomics is an emerging area based on the
high-throughput mining of quantitative image features from medi-
calimages that allows data to be applied in clinical decision-making
to improve diagnostics and prognostics. It is mainly applied to can-
cer research.!”18 Image analysis with a structured step workflow'?
is used to extract complementary features from multiple views (the
shape, intensity and texture of features, among other things) which
encapsulate different aspects of the lesion. Machine learning is a
subfield of Al that encompasses all approaches and allows comput-
ers to learn from various types of data. In contrast, deep learning
is part of machine learning based on multi-layered artificial neu-
ral networks to solve highly complex problems.?%2! This has been
applied in radiomics and is used to model such multi-view features
to predict clinical outcomes.

The usefulness of radiomics in the early diagnosis of LC is
promising.2223 Although many of these studies yield favourable
outcomes, most are based solely on imaging data. Incorporating
clinical data related to LC can enhance these findings by improv-
ing their application in daily clinical practice, yet there are still few
studies with this approach. Among these, Zhang et al., using ret-
rospective data, developed a radiomic and deep learning model
to predict the malignancy of PN, achieving an AUC of 0.819 (95%
Cl: 0.76-0.88).2* Employing a multi-omics approach could repre-
sent a significant advancement in applying Al models to the clinical
prognosis of LC patients.?>

The Radiolung project aims to design an algorithm based on
a radiomic signature that, associated with clinical data, can accu-
rately discriminate between LC and benign tumours.

Methods
Design and recruitment
Prospective, cross-sectional, comparative, and experimental

study investigating the radiomic signatures of malignant and
benign resected PNs, along with clinical risk factors. Recruitment
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took place from December 2019 to September 2023 at a tertiary
care hospital. The inclusion criteria were patients aged 35-85
years-old with a clearly identifiable PN detected incidentally by
chest CT or in LCS that qualified for surgery according to a mul-
tidisciplinary tumour board. The exclusion criteria were a slice
thickness greater than 2.5 mm in the chest CT, a PN larger than 3 cm
in diameter, or lung metastasis. The patients underwent lobectomy,
segmentectomy, or atypical resection according to thoracic surgery
criteria.

In each case, clinical and demographic were selected. Pre-
operative results of pulmonary function tests were obtained.
Pre-surgery chest CT images, PN characteristics, and the pathologi-
calresults of the lung tissue obtained during surgery were collected.

This study was performed in accordance with the principles of
the Declaration of Helsinki. The research protocol was approved
by the regional ethics committee (reference PI-19-169). All the
patients gave their written informed consent.

Image data acquisition

Patients underwent multislice chest CT scans using regu-
lar radiation or low-dose radiation according to the protocols.
Most of these scans were performed without intravenous con-
trast. Images were acquired with a GE Revolution scanner
(General Electric Healthcare, Milwaukee, WI, USA), a SOMATOM
Drive (Siemens Healthineers AG, Forchheim, Germany) and a
Philips Incisive scanner (Philips Healthcare, Best, the Nether-
lands) equipped with 128 mm x 0.625 mm, 128 mm x 0.6 mm and
64 mm x 0.64 mm detector collimation, respectively. They all used
automatic tube voltage and automatic tube current modulation.
Chest CT image reconstructions were performed on a 512 x 512
matrix using a high spatial frequency algorithm and thin slice thick-
ness applying the lung window setting (WW: 1600 and WL: —600)
for the lung series. All chest CTs were interpreted by thoracic radi-
ologists with over 10 years of experience.

The images were extracted from the picture archiving and
communication system (PACS) in the Digital Imaging and Commu-
nications in Medicine (DICOM) format and were anonymized to
guarantee patient confidentiality. Subsequently, the anonymized
DICOMs were uploaded to a website hosted at the Autonomous Uni-
versity of Barcelona (UAB) for processing by the Computer Vision
Center (CVC) to construct the radiomic model.

Data analysis

The study analysis followed a three-step strategy. In the first
step, a radiomic prediction model was fitted to estimate a PN'’s
malignancy probability based on the chest CT image. In the second
step, a clinical prediction model was fitted to estimate a patient’s
malignancy probability based on their clinical profile. In the third
step, the malignancy probability predicted by the estimated clini-
cal model was used as the best estimate of the pretest probability
of disease to update the radiomic model’s node malignancy proba-
bility using a nomogram for Bayes’ theorem.?®

Deep radiomic model

An Al system designed to diagnose PN based on radiomic anal-
ysis of chest CT scans has the three main steps sketched in Fig. 1
(pipeline). These steps have the following goals:

1. Nodule detection. The first step is to identify the position and
volumetric region (volume of interest, VOI) in the CT scan that
contain the lesion of interest.

2. Nodule representation. Features are extracted by computing or
using intensity values from the volume (3D) or slices (2D) of
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the VOI, thereby characterising the visual appearance of nod-
ules. These features define a crucial representation space for
the malignancy characterisation of the nodules. The represen-
tation space of nodules is given by visual features describing
the content of textural volumes extracted from the inten-
sity VOI. The textural volumes are given by 3D GLCM (Grey
Level Co-occurrence Matrix) textural descriptors derived from
co-occurrence matrices.?’” The visual features describing the
content of textural volumes are extracted using a pre-trained
convolutional neural network and concatenated for each slice.
Finally, most discriminant features were the input to a fully con-
nected neural network for the classification of benign and malign
slices.

3. Nodule diagnosis. In this step, a fully connected neural network
is trained to determine the values of the nodule representation
space that best discriminate malignancy. Furthermore, through-
out the nodule representation and diagnosis process, various
methods are used, with the potential to optimise their hyper-
parameters.

The probabilities of the deep radiomic model were calculated
using a nodule k-fold (K= 10) validation scheme in order to mitigate
overfitting of the deep learning approach.

For more implementation details of deep-radiomic model see
supplementary material.

Clinical model

Adescriptive analysis of potential diagnostic factors for the diag-
nosis of PN malignancy was performed. The set of diagnostic factors
included age, sex, educational level, body mass index (BMI), smok-
ing status, living in an area with air pollution, family history of
cancer, personal history of cancer, chronic obstructive pulmonary
disease (COPD), and spirometric profile like forced vital capacity
(FVC), forced expiratory volume in one second (FEV;), diffusing
capacity for carbon monoxide (DLCO) and FEV/FVC or obstruction
index.

To proceed with the selection of variables according to the
Akaike information criterion (AIC criteria), the initial dataset was
bootstraped with repetition 2000 times,?® and a logistic regression
model was fit in each sample. Malignancy diagnosis (yes/no) was
used as the outcome. Variables that were retained in more than
70% of the models were candidates for the final model. The non-
linear relationship between age and the log odd of the outcome
was assessed with no relevant results. The final set of variables
included in the model was then approved by a pulmonologist with
more than 10 years of experience. Internal validation of the result-
ing model was performed on the whole cohort and was based on
discrimination, calibration, and bootstrap validation.2?

Discrimination was assessed by estimating the area under
the receiver operating characteristic (ROC) curve (AUC). Calibra-
tion was assessed by the Brier score and graphically comparing
the observed versus expected probabilities of malignancy diag-
noses by deciles of predicted risk. Due to the imbalance in the
malignancy distribution a precision recall curve was estimated
and used to complement the model performance analysis. Boot-
strap validation was performed to account for model overfitting
and correct for optimism the model performance on the devel-
opment data. Due to a lack of data, external validation was not
performed.

Integrative model — Bayes update

The Bayes theorem underlies the Fagan nomogram.26 This
method allowed us to update the probability that a patient had
a condition of interest given the probability that the subject had
the condition before the test was performed and the likelihood
ratio of the test. In our study, we used the probability of the
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clinical model as the probability that the subject had the con-
dition before testing the PN, and the likelihood ratio of the test
was based on the deep radiomic model. The resulting probability,
using the Fagan nomogram, estimates the probability that the PN is
malignant based on the patient’s clinical probability and the deep
radiomic model test result. Therefore, given a positive result in the
radiomic model, the final probability of lung nodule malignancy
is the malignancy clinical probability of the patient multiplied by
the positive likelihood ratio of the deep radiomic model. Given
a negative result in the radiomic model, the final probability of
malignancy is the malignancy clinical probability of the patient
multiplied by the negative likelihood ratio of the deep radiomic
model.

All analyses were conducted using Python and R software ver-
sion 4.1.0.3°

Results
Demographic and clinical data

The demographic and clinical characteristics of the patients are
presented in Table 1. The mean diameter of the PNs was 17.98 mm
(18.60 mm in malignant, 15.76 mm in benign) with a median of
18.00 mm. 73 were malignant, and 20 were benign. In terms of
the histological type of malignant PN, 57 were adenocarcinoma,
and 15 were squamous cell carcinoma. In benign PN, the majority
corresponded to fibrosis/inflammation processes (80%), with less
frequency attributed to infectious causes such as aspergillosis and
tuberculosis. In both benign and malignant nodules, over 50% were
located in the upper lobes. The flowchart of patients and PN is in
Fig. 2.

Deep radiomic model

This model includes data from 90 PN that met all the technical
requirements for the analysis, 69 (77%) of which were malignant.
The sensitivity, specificity, positive predictive value (PPV), and neg-
ative predictive value (NPV) were 87% (95% CI: 0.77-0.94), 52% (95%
CI: 0.30-0.74), 86% (95% CI: 0.75-0.93) and 55% (95% CI: 0.32-0.77),
respectively, with a brier score 0.16 (95% CI: 0.1-0.23), accuracy of
79% (95% CI: 0.59-0.79) and AUC of 0.67 (95% CI: 0.51-0.83) (Fig. 3).

Clinical model

The model was carried out using the information of the 90
patients with complete cases (Fig. 4), 72 (80%) of which pre-
sented a malignant diagnosis. Based on the AIC and considering
only variables selected more than 50% of the estimated models in
the bootstrap samples, the optimal clinical model is displayed in
Table 2.

In this clinical model, the sensitivity, specificity, PPV, and NPV
were 86% (95% Cl: 0.76-0.93), 61% (95% CI: 0.36-0.83), 90% (95% CI:
0.80-0.96) and 52% (95% CI: 0.30-0.74), respectively, with a brier
score 0.14 (95% CI: 0.10-0.19), accuracy of 81% (95% CI: 0.71-0.89)
and AUC of 0.71 (95% CI: 0.55-0.87)

Integrative model

The integrative model includes data from 89 PN that met all
requirements for the radiomic and clinical model, 69 (78%) of which
presented a malignant diagnosis. Integrating selected clinical fea-
tures into a radiomic deep learning model exhibits a sensitivity,
specificity, PPV and NPV of 74% (95% CI: 0.62-0.84), 85% (95% CI:
0.62-0.97), 94% (95% CI: 0.85-0.99) and 49% (95% CI: 0.31-0.66),
respectively. The brier score is 0.14 (95% CI: 0.09-0.19), the accu-
racy is 76% (95% CI: 0.66-0.85), and the AUC is 0.80 (95% CI:
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Table 1
Demographic and clinical characteristics of the patients.
Malignant Benign Total
N=73 N=20 N=93
Age
Mean (SD) 69.22 (8.5) 65.91(10.6) 68.50 (9.0)
Sex, n (%)
Woman 23(31.5%) 10 (50.0%) 33(35.0%)
BMI
Mean (SD) 27.41(3.8) 27.18 (6.6) 27.36 (4.5)
Education, n (%)

College studies 4(5.5%) 1(5.0%) 5(5.4%)

Post-high school training 31 (42.5%) 12 (60.0%) 43 (46.2%)

High school or less 38 (52.0%) 7 (35.0%) 45 (48.4%)

Air pollution, n (%)
Yes 17 (23.3%) 3(15.0%) 20 (22.0%)
Smoking, n (%)

Never 8(11.0%) 4 (20.0%) 12 (12.9%)

Current 28(38.4%) 8 (40.0%) 36(38.7%)

Former 37 (50.6%) 8 (40.0%) 45 (48.4%)

Pack year - index
Mean (SD) 39.1(26.2) 27.6(23.6) 42.1(23.4)
Family history of cancer, n (%)

Yes 29 (39.7%) 8 (40.0%) 37(39.8%)
Lung cancer 13 (44.8%) 2 (25.0%) 15 (40.5%)
Others 16 (55.2%) 6 (75.0%) 22 (59.5%)

Personal history of cancer, n (%)

Yes 21(28.8%) 5(25.0%) 26 (28.0%)
COPD, n (%)

Yes 24 (32.9%) 5(25.0%) 29 (31.2%)
FVC (%)

Mean (SD) 92.2(18.4) 95.0(17.0) 92.8 (18.0)
FEV; (%)

Mean (SD) 84.4(19.2) 88.5(21.5) 85.3(19.7)
Index (%)

Mean (SD) 72.7 (10.1) 77.5(15.5) 73.7 (11.6)
DLCO (%)

Mean (SD) 76.6 (16.3) 83.2(27.6) 77.9 (19.1)

Patients with missing data
3 (3.23%)

Patients included

93

H

Patients with clinical information
90 (96.77%)

Patients without radiomic information

‘ 3(3.33%)

Patients
87 (96.67%)

[Integrative model]

Pulmonar nodes (PN) included
97

PN excluded for technical reasons
7 (7.20%)

Pulmonar nodes with radiomic information
90 (92.80%)

PN without clinical information
1(1.11%)

Pulmonar nodes
89 (98.89%)

[Integrative model]

Fig. 2. Flowchart of patients and PN.

0.67-0.92) (Fig. 5). Fig. 6 plots the final predicted PN malignancy
by risk decile against the observed incidence of PN malignancy AUC of 0.91. This suggests that the estimated model can achieve
in each decile. The convergence of the two curves indicates good high precision (true positive rate) without sacrificing recall (sensi-
model calibration. The precision-recall curve (supplemental fig. 5) tivity).

rises sharply and plateaus at high precision with precision-recall
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Fig. 3. ROC curve - deep radiomic model.
Selected variables bootstrap (n=2000)
DLCO
Obstruction index
Smoking
Sex
Age
FvC
Pack year - index
FEV1
Air pollution
BMI
Education
Family history with cancer
COPD
Personal history with cancer
0 25 75 100

% times variable is selected

Selected <50%

Selected >50%

Selected >60%

Fig. 4. Variables selected from the 2000 bootstrap model.

Discussion

Radiomics has revolutionised medical imaging, and there are
currently many working groups dedicated to this research in dif-
ferent fields.'®31 Other Al techniques, such as deep learning, allow
us to associate these radiomic characteristics with other data,
such as clinical information. Regarding this integrative approach,
few working groups are dedicated to LC and PN diagnosis using
radiomics and clinical data together, and the retrospective study
by Lui et al.>? stands out. They conducted an analysis utilising 20

radiomic features, in addition to age, gender, and PN location. Suc-
cessfully, they developed a predictive model that achieved an AUC
of 0.81 (95% CI: 0.75-0.87). Similar results were published in 2023
by Lin et al.>®> With a similar approach, our study yields promis-
ing results, as the integration of selected clinical features with
radiomic image data based on deep learning techniques can formu-
late a predictive model that significantly improve results compared
to relying solely on image analysis, achieving a positive predic-
tive value of 94% (95% CI: 0.85-0.99) and an AUC of 0.80 (95% ClI:
0.67-0.92). It is worth noting that the accuracy showed a slight but
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Table 2
Optimal clinical model on 90 patients.
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Optimal clinical model

Predictors OR? SE? 95% CI* p-Value
Index (per 10 units) 0.67 0.25 0.41-1.08 0.11
Smoking

Never - - -

Current 1.64 0.79 0.33-7.61 0.5

Former 3.37 0.78 0.69-15.8 0.12
DLCO (per 10 units) 0.82 0.15 0.61-1.10 0.2

2 OR=odds ratio, SE=standard error, Cl = confidence interval.

o
—
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0.6

Sensitivity

0.4

AUC: 0.8 (0.67-0.92)
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Fig. 6. Model predicted PN malignancy against the observed incidence of PN malignancy by risk decile.
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Fig. 5. ROC curve - integrative model.
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non-significant decrease in the integrative model, which could be
related to the imbalance in the number of benign and malignant
cases in our cohort.

Other studies such as Marmon et al.>* and Kammer et al.3> have
developed models based on blood biomarkers, clinical data, and
radiomics with favourable results. However, it is important to note
that these studies use blood biomarkers that are not specific to LC,
which may add an additional cost without necessarily improving
performance compared to models using only clinical and radiomic
data. Furthermore, technically, they use classic machine learning
hand-crafted features for radiomic descriptors without incorporat-
ing information from surrounding lung tissue. While these studies
arerelevant, our research stands out for its innovative deep learning
approach and its ability to integrate multiple data sources.

Regarding validated predictive models based on clinical data,
there are those designed for incidental PN such as the Mayo
model,*® while others focus on LCS such as the Brock model.?”
Please see the comparative table in the supplementary material.
We have applied the Mayo model in our cohort and it exhibits sim-
ilar performance in terms of PPV of 88% (95% CI: 0.75-0.95), but
worst accuracy 63% (95% CI: 0.52-0.74), and AUC of 0.54 (95% CI:
0.36-0.72) (see supplemental material).

A strength of this study is that it employs prospective patient
data for individuals who have undergone PN surgery, allowing
for the collection of clinical data, chest CT images and histology.
Another point to highlight is the novelty of this exploratory study,
as it tests various clinical characteristics to identify the most rep-
resentative ones for association with a deep radiomic model. This
emphasizes the importance of integrating tools from daily medical
practice with new technologies to enable early cancer diagnosis.
Finally, we have compared our model with a conventional and
validated clinical model such as the Mayo model, allowing us to
demonstrate its validity in our cohort.

As for the limitations of this study, the most significant one
is the need to expand the number of cases to improve both the
clinical and radiomic models. Therefore, we are considering mak-
ing the next study multicentric in the upcoming year to validate
our exploratory analysis. Another limitation is the low number of
benign cases, as these are real-life cases involving PN that have
undergone surgery, which are inherently more diagnostically chal-
lenging. On the flip side, this situation contributes to the model
training to detect suspicious malignancy cases of PN that ultimately
prove benign.

Radiomics and Al models focused on LC are evolving across
different phases, encompassing aspects such as PN management,
diagnosis, treatment, and relapse of LC.>839 Integrative models
with clinical data will be crucial to optimise their effectiveness.
These advancements will positively impact patients, particularly in
managing PN, because these models will aid in more accurately pre-
dicting the likelihood of malignancy, thereby avoiding unnecessary
follow-ups, biopsies or surgeries. This situation not only reduces
patient anxiety but also minimises potential harm, decreases wait-
ing lists and reduces healthcare system costs.

In conclusion, we firmly believe that this integrative model,
combining clinical data and radiomics through deep learning, can
aid in diagnosing and managing PN. Although external validation
is necessary in a subsequent phase, in the near future it may be
directly useful in LCS programmes, thus optimising the early detec-
tion of LC and bringing technological advances closer to clinical
practice.
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6. RESUMEN GLOBAL DE LOS RESULTADOS

El primer estudio presentado muestra los resultados de un modelo radiémico inteligente que

busca la mejor firma radibmica para detectar patrones de imagen de TEP o neumonia en
pacientes con COVID-19 basandose Unicamente en SPECT/TC-Q.

El nimero total de pacientes reclutados fue de 61, de los cuales dos casos fueron
descartados debido a fallos técnicos en el proceso de adquisicion de imagenes, y a la
presencia de anomalias pulmonares graves causadas por patologias distintas a la COVID-
19. El modelo fue entrenado con 20 pacientes (4,927 muestras en total, correspondiendo
2.096 a patrones de pulmén sano, 1.204 a patrones de TEP y 1.627 a patrones de
neumonia) y validado en un grupo de 39 pacientes (4,410 muestras es total,
correspondiendo 2.442 a patrones de pulmén sano, 597 a patrones de embolia pulmonar y
1.371 a patrones de neumonia). En el grupo de training, la infeccién por COVID-19

correspondié al 45% de los casos y al 51.28% en el grupo de test.

Se entrenaron modelos con diferentes ventanas (3x3 y 5x5) y normalizacion. Para el
diagndstico de TEP, los modelos normalizados que utilizaron el percentil superior tuvieron
un rendimiento significativamente mejor comparado con aquellos normalizados utilizando
los valores maximos, siendo de estos el modelo ModelPrct3 (ventana 3x3) el que tuvo un

rendimiento significativamente superior.

En el grupo de training, tanto para el diagnéstico de TEP como para el de neumonia del
ModelPrct3, el area bajo la curva (AUC) fue superior a 0.91, lo que confiere a los modelos
basados en percentiles un alto valor diagnéstico. La sensibilidad para TEP, neumonia y
pulmén sano en ModelPrct3 fue >90%, con un valor predictivo positivo (VPP) del >87% en
todos los casos. La especificidad y el valor predictivo negativo (VPN) fueron superiores al

94% y al 96%, respectivamente.

En relacion con el grupo de validacion (test), el ModelPrct3 presenté un AUC de 0.92 para
TEP, 0.91 para neumonia y 0.91 para pulmén sano, lo que demuestra que las predicciones
del modelo son reproducibles. Ademas, para la deteccion de TEP presentd una sensibilidad,
especificidad, VPP y VPN del 75.1%, 98.2%, 88.9% y 95.4%, respectivamente. Para



detectar zonas de neumonia fue observada una sensibilidad, especificidad, VPP y VPN del
94.1%, 93.6%, 85.2% y 97.6%, respectivamente.

Cuando los resultados obtenidos a nivel de muestra de pixeles se agregan en regiones de
interés, y el diagnéstico final se da por el patron de imagen mas frecuente en la zona
evaluada, la sensibilidad para TEP aumenta al 85%, manteniendo una especificidad

cercana al 90%. Ademas, todas las métricas mejoran en los casos de neumonia.

En el segundo estudio presentado, evalua los resultados diagnosticos de un modelo

radiomico basado en Deep Learning integrado a un modelo clinico, para poder detectar

malignidad en nédulos pulmonares.

Se evalué un total de 93 pacientes, con 97 nédulos pulmonares. El diametro promedio de
los nédulos pulmonares fue de 17.98 mm (18.60 mm en malignos, 15.76 mm en benignos)
con una mediana de 18.00mm. Del total de nddulos pulmonares, se contabilizaron 73
malignos y 20 benignos. En cuanto al tipo histolégico de los nédulos pulmonares malignos,
se contabilizaron 57 adenocarcinomas y 15 carcinomas de células escamosas. En los
nddulos pulmonares benignos, la mayoria correspondia a procesos de fibrosis/inflamacién
(80%), con menor frecuencia atribuida a causas infecciosas como aspergilosis y
tuberculosis. En ambos tipos de nddulos, benignos y malignos, mas del 50% se ubicaron

en los lébulos superiores.

El modelo radiomico basado en Deep Learning fue entrenado con 90 nddulos pulmonares
que cumplieron con todos los requisitos técnicos para el analisis, de los cuales 69 (77%)
eran malignos. La sensibilidad, especificidad, valor predictivo positivo (VPP) y valor
predictivo negativo (VPN) fueron del 87% (IC 95%: 0.77-0.94), 52% (IC 95%: 0.30-0.74),
86% (IC 95%: 0.75-0.93) y 55% (IC 95%: 0.32-0.77), respectivamente, con una puntuacion
de Brier de 0.16 (IC 95%: 0.1-0.23), una precision del 79% (IC 95%: 0.59-0.79) y un AUC
de 0.67 (IC 95%: 0.51-0.83).



El modelo clinico fue llevado a cabo utilizando la informacién de 90 pacientes, de los cuales
72 (80%) presentaron un diagnéstico de malignidad. El modelo clinico éptimo seleccionado
considera datos de tabaquismo, obstruccion bronquial (FEV1/FVC) y DLCO. La
sensibilidad, especificidad, VPP y VPN fueron del 86% (IC 95%: 0.76-0.93), 61% (IC 95%:
0.36-0.83), 90% (IC 95%: 0.80-0.96) y 52% (IC 95%: 0.30-0.74), respectivamente, con una
puntuacion de Brier de 0.14 (IC 95%: 0.10-0.19), una precision del 81% (IC 95%: 0.71-0.89)
y un AUC de 0.71 (IC 95%: 0.55-0.87).

El modelo integrativo de datos clinicos y radidmicos incluye datos de 89 nddulos
pulmonares que cumplian con los requisitos para ambos modelos, de los cuales 69 (78%)
presentaron un diagnéstico maligno. La sensibilidad, especificidad, VPP y VPN de 74% (IC
95%: 0.62-0.84), 85% (IC 95%: 0.62-0.97), 94% (IC 95%: 0.85-0.99) y 49% (IC 95%: 0.31-
0.66), respectivamente. La puntuacion de Brier score es de 0.14 (IC 95%: 0.09-0.19), la
precision es del 76% (IC 95%: 0.66-0.85) y el AUC es de 0.80 (IC 95%: 0.67-0.92).
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7. RESUMEN GLOBAL DE LA DISCUSION

En relaciéon con los dos estudios anteriormente presentados, podemos afirmar que la
radidmica potenciada por la inteligencia artificial es capaz de ayudarnos a optimizar el
diagnéstico por imagen de patologias respiratorias relevantes como son el TEP y el cancer
de pulmén en estadios iniciales. La radidmica es un campo de investigacion en franco
desarrollo, que ha revolucionado la imagen médica en los ultimos anos a través de un
analisis cuantitativo de alta dimensionalidad que nos aporta informacion valiosa sobre la
biologia de diferentes lesiones/patologias, que no nos entregan los medios convencionales
de interpretacién de laimagen médica, y que ademas tiene la ventaja de ser potenciada por
técnicas de inteligencia artificial como el Deep Learning sacando el maximo provecho de
ella. Su uso inicialmente fue enfocado hacia diferentes tipos de cancer, pero como se
explica en esta tesis, también tiene utilidad en patologia no neoplasica, lo que lo convierte

en una herramienta util para los clinicos.

Respecto al primer estudio, hasta el momento de su publicacion no existian otros estudios
que aplicaran la radidomica e inteligencia artificial a SPECT/TC-V/Q o Q-SPECT/TC-Q.
Aunque este estudio es experimental, representa el primer paso hacia un sistema radiémico
inteligente, capaz de diagnosticar patrones de imagen de TEP y neumonia unicamente
mediante SPECT/TC-Q. Respecto al modelo con mejor rendimiento en este estudio, el
tamano de las ventanas (grupo de pixeles) utilizada para calcular las caracteristicas
radidomicas no fue un parametro critico, pero si lo fue la normalizacién para compensar las
diferencias en la administracion de contraste, siendo especialmente util una normalizacion
basada en percentiles. En cuanto a los resultados, para el diagndstico de patrones de TEP,
se obtuvo un AUC de 0.92. Es destacable que la especificidad y VPN alcanzan el 98% y el
95%, respectivamente, lo que indica que es una técnica adecuada para descartar TEP. En
el caso del diagndstico de neumonia el AUC fue de 0.91, comparable con los resultados
presentados por otros grupos que han trabado en neumonia por COVID-19 (86,87). Por
otra parte, cuando los resultados obtenidos a nivel de ventanas (conjunto de pixeles) se
agregan en regiones de interés mejoran las métricas y por lo tanto el diagndstico. Es asi

como este modelo predictivo de TEP por medio del andlisis radiéomico de SPECT-TC puede



ser una alternativa innovadora que responda a la necesidad de una prueba alternativa al

AngioTC para descartar TEP.

El segundo estudio muestra los resultados de un modelo predictivo que integra datos
radidmicos y clinicos para detectar malignidad en nédulos pulmonares. Nuestro modelo
radiomico es potenciado por Deep Learning, utilizando una red neuronal totalmente
conectada para seleccionar las caracteristicas radiomicas mas relevantes para discriminar
malignidad. Otro punto por destacar es su capacidad exploratoria al probar varias
caracteristicas clinicas para identificar las mas representativas para su asociaciéon con el
modelo radiémico. Aunque no hay muchos estudios que utilicen esta fusién de datos para
optimizar este diagnostico por medio de la imagen, destacan unos pocos estudios de
referencia como el de Lui et al. (88) y Lin et al (89), los que logran un AUC de 0.80 y 0.81
respectivamente, siendo similar a nuestros resultados (AUC 0.8). Por otra parte, el VVP de
nuestro estudio que es del 94%, lo que hace que sea una buena prueba para detectar los
nodulos pulmonares malignos. Al comparar nuestro modelo radidomico integrativo con un
modelo de referencia para la deteccién de malignidad de nédulos pulmonares, como es el
modelo de Mayo (90), vemos que al aplicarlo en nuestra cohorte el modelo de Mayo
presenta un AUC del 0.54 y VVP del 88%, siendo un rendimiento menor que el alcanzado

por nuestro modelo.

Como fortalezas de ambos estudios y por lo tanto de esta tesis, es innovacién que aporta
al utilizar nuevas tecnologias como la radiémica y técnicas de inteligencia artificial como
Deep Learning, para resolver problemas de la clinica diaria, acercando asi a la medicina a
una nueva era de digitalizacion que nos llevara a mejorar los diagnésticos y optimizar
tiempos y resultados. En particular, el primer estudio cuenta la ventaja de ser el primer
estudio que utilizé radidomica e inteligencia artificial para optimizar el diagnéstico en SPECT-
TC, presentando originalidad tanto en la problematica que busca resolver, como en el
modelo desarrollado. En relacidon con el segundo estudio, aunque hay varios grupos
trabajando en radidomica para el diagnéstico de ndédulo pulmonar, pocos de ellos integran
datos clinicos para optimizar los resultados radiémicos, lo que supone un aporte a la

evidencia actual en este campo, sobre todo en una era en la que el diagnéstico precoz de



cancer de pulmén es fundamental, mas aun si podemos hacer un diagnéstico certero por

imagen, asemejandose a una biopsia virtual.

Por otra parte, es destacable la objetividad que aporta la radidmica al realizar un analisis
cuantitativo de la imagen, las que son valoradas como datos. El analisis actual de las
imagenes medicas presenta en muchos casos subjetividad en su interpretacién debido a
variaciones inter observador, sobre todo cuando se trata de casos de ndodulos pulmonares
de pequeno tamano valorados por TC de térax o en el caso del TEP detectado por SPECT-
TC/Q cuando existen otras patologias asociadas que pueden causar confusion como es el

caso de la neumonia por COVID-19.

Como debilidad nos encontramos problematicas que afectan a la radidmica de manera
conocida como es la falta de un amplio niumero de datos. Es por esto que en ambos
estudios, sobre todo al ser realizados en un Unico centro, tuvieron dificultad en la obtencién
de un amplio numero imagenes de calidad asociados a datos clinicos detallados y
completos. Esto ha hecho que en el segundo estudio no contaramos con suficientes datos
para realizar un grupo de validacion, sin embargo, esto nos ha motivado a ampliar la cohorte
de forma multicéntrica para poder mejorar nuestro modelo y a la vez poder validarlo en una
cohorte externa, necesario para poder llegar a implementarlo como un modelo predictivo a

disposicién de la practica clinica.

El uso de radidmica potenciada por técnicas de inteligencia artificial en medicina, ademas
de las ventajas clinicas que ya han sido explicadas, supondra una mejora en economia de
la salud. En el caso de un sistémico radiomico inteligente para el diagnéstico de TEP por
medio de SPECT-TC-Q aplicado a la practica clinica, podria ahorrar los recursos que
supone asociar esta prueba a la técnica de ventilacion (SPECT/TC-V/Q) y ademas reducir
el tiempo de lectura de la prueba, suponiendo todo ello un ahorro en recursos asistenciales.
En el caso del diagnostico de malignidad de los nddulos pulmonares por medio de analisis
radiomico de la imagen, puede disminuir los costes sanitarios al evitar biopsias
innecesarias, cirugias en pacientes con patologia benigna y en un futuro incluso lograr un
diagnéstico histoldgico y molecular completo en los casos en que un nddulo pulmonar

corresponda a un cancer de pulmon.



Otra ventaja de las técnicas de analisis radiomico inteligente aplicadas a la imagen médica,
tiene que ver con el beneficio en la atencién que pueden recibir los pacientes, al poder darle
una informacion mas detallada y certera de su patologia con solo una prueba de imagen no
invasiva. Esto cobra especial interés en el diagnéstico de nédulos pulmonares en una era
en que se fomenta la deteccién precoz y se detectan mas lesiones de pequeio tamafio que
suponen un desafio para los clinicos, teniendo muchas veces que someter a los pacientes
a seguimientos periddicos y/o diferentes tipos de pruebas como biopsias por técnicas
broncoscépicas o guiadas por TC, que no estan exentas de complicaciones y que pueden
producir malestar y ansiedad a los pacientes. Esto es mejorable si logramos dar un
diagnéstico fiable con una primera imagen desde nuestra consulta médica, por lo que
debemos trabajar por el desarrollo de este tipo de tecnologia, que cambiara positivamente

nuestra forma de trabajo y la calidad asistencial.

El futuro de la radiémica va enfocada a potenciar el desarrollo de la medicina de precision
en imagen médica, lo que nos permitira individualizar en cada caso y avanzar hacia un
diagndstico completo de la patologia. En el caso del cancer, gracias a la radidmica se podra
ir mas alla de un diagnéstico de benigno/maligno y de la histologia, para adentrarnos a
marcadores de agresividad, de respuesta a tratamientos como PD-L1 y en un futuro de
mutaciones del tumor que puedan ser tributarios de tratamientos dirigidos, lo que se
denomina radiogendmica. En el caso de la patologia no neoplasica a pesar de que la
radidomica tiene menos tiempo de desarrollo, ya que la radidmica inicialmente surgié para
aplicarse en cancer, existe un amplio campo por trabajar, no solo en el diagnéstico de TEP
en el caso de las enfermedades respiratorias, sino también en diversas enfermedades como
patologia pulmonar intersticial y la tuberculosis. La revolucién que esta ocurriendo
actualmente en la imagen médica debido a la radiémica y la inteligencia artificial, hara que
en un futuro cercano cambie nuestra forma de trabajo en medicina debido a que esta
tecnologia sera una herramienta fundamental en la practica clinica, de la que
probablemente podremos disponer tan faciimente como por medio de un software desde
nuestro sitio de trabajo. Por todo esto es relevante la investigacion y el aprendizaje en esta

area, siendo una excelente forma de aportar en el desarrollo de la medicina del futuro.



8. CONCLUSIONES

1. Con un sistema radiomico inteligente es posible clasificar e identificar correctamente
diferentes patrones pulmonares mediante un andlisis por regiones de las imagenes de
SPECT/TC-Q.

2. El modelo predictivo desarrollado para el analisis de SPECT/TC-Q logra detectar con un
buen rendimiento diagndstico regiones de la imagen que corresponden a TEP, neumonia
por COVID-19 y pulmdn sano.

3. Un modelo basado en caracteristicas radiomicas potenciado por Deep Learning es capaz

de predecir malignidad en noédulos pulmonares.

4. Al incorporar datos clinicos y radidmicos en un modelo predictivo integrativo, se alcanza
un buen rendimiento diagnostico, capaz de detectar correctamente la mayoria de los
nodulos pulmonares malignos tanto incidentales como los detectados en cribado de cancer

de pulmén.
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9. LINEAS FUTURAS

Las nuevas tecnologias son el futuro en medicina, pero su desarrollo depende de que las
problematicas clinicas puedan llegar a los cientificos que crean estas herramientas, lo que

hace fundamental la existencia de grupos de investigacion multidisciplinares.

El grupo de investigacion hibrido que hemos conformado con investigadores clinicos del
Hospital Universitario Germans Trias i Pujol y matematicos e ingenieros expertos en imagen
meédica del Centro de Visién por Computador de la Universidad Auténoma de Barcelona,
nos ha permitido desarrollar una linea de trabajo innovadora y apasionante, que va mas alla
de los estudios presentados en esta tesis doctoral. Tanto por los buenos resultados como
por el potencial que creemos que tiene la investigacion en imagen médica, para nosotros

es fundamental consolidar esta linea de trabajo.

La principal linea de futuro que potenciaremos en los proximos afos esta enfocada en el

diagnéstico del nodulo pulmonar a diferentes niveles:

1. Validar y retroalimentar el modelo integrativo con datos clinicos y radiomicos para el
diagndstico de malignidad de los nddulos pulmonares que se ha presentado en esta
tesis doctoral.

2. En el nédulo pulmonar maligno, desarrollar un modelo que nos permita por medio
del anadlisis de imagen predecir el tipo histoldgico.

3. Explorar la presencia de marcadores orientados a tratamiento, como son
marcadores de PD-L1 y de mutaciones accionables como EGFR, ALK, ROS1, entre

otros.

Con todo esto, nos hemos propuesto lograr en un futuro el desarrollo de un software que
pueda darnos un diagnéstico avanzado del nédulo pulmonar por medio de imagen de TC
de torax, siendo aplicable en la practica clinica tanto por radidlogos, como por neumélogos
que realizan una consulta de nédulo pulmonar o de cribado de cancer de pulmoén. De esta
manera creemos firmemente que podremos ayudar a acercar las nuevas tecnologias a la

practica clinica asistencial.
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Artificial Intelligence to Optimize Pulmonary Embolism Diagnosis During Covid-
19 Pandemic by Perfusion SPECT/CT, a Pilot Study

S. Baeza Menal, R. Domingo?, M. Salcedo-Pujantel®, G. Moragas3, J. Deportés3, I. Garcia-Olivél, C. Sanchez?, D. Gil?,
A. Roselll; 1Respiratory Medicine, Hospital Universitari Germans Trias i Pujol, Badalona, Spain, 2Image Processing and

Artificial Inteligence, Computer Vision Center-UAB, Bellaterra, Spain, 3Nuclear Medicine, Hospital Universitari Germans
Trias i Pujol, Badalona, Spain.

INTRODUCTION: COVID-19 pneumonia is associated with a high rate of pulmonary embolism (PE) and its diagnosis
can be changeling. In patients with contraindications for CT pulmonary angiography (CTPA) or nondiagnostic on
CTPA, perfusion single photon emission computed tomography/computed tomography (Q-SPECT/CT) is a diagnosis
option in patients with COVID-19 disease. Our aim was to develop an artificial intelligence (Al) model based on Q-
SPECT/CT images of patients during the COVID-19 pandemic which is able to classify lung lesions to optimize PE
diagnosis. METHODS: Single center study with a prospective observational branch with patients who tested positive
for COVID-19 and underwent a perfusion SPECT-CT study for diagnosis of PE, from April to September 2020. The
second branch is retrospective, with patients in pre-pandemic period who underwent Q-SPECT/CT for diagnosis of PE
from January to December 2018. For each patient, a Q-SPECT/CT based on intravenous administration of 6 mCi
(222MBq) of 99mTC-macroaggregates of human-albumin (99mTC-MAA) was performed, with the subsequent tomo-
scintigraphy (SPECT) and a CT. The entire image pre-processing (volume exploration, segmentation analysis,
registration analysis) was conducted with MATLAB. The final diagnosis for each patient and the different tissue type
segments were analyzed and validated by two senior nuclear physicians. Our Intelligent Radiomic System for the
identification of patients with PE (with or without pneumonia) is based on a local analysis of SPECT-CT volumes that
considers both CT and SPECT values for each volume point. Volumes are first co-registered and their intensity is
normalized in [0, 1] to account for differences due to acquisition. A support vector machine (SVM) model was trained
to discriminate among 4 different types of tissue: no pneumonia without PE (control group), no pneumonia with PE,
pneumonia without PE and pneumonia with PE. We followed a k-fold (with k=30) scheme for statistical analysis of
results. RESULTS: We collected 133 patients, 63 in prospective branch (26 with PE, 22 without PE, 15 indeterminate-
PE) and 70 in retrospective branch (31 healthy/control, 39 PE). Concerning the local analysis, for all cases we obtain
an average sensitivity and positive predictive value over 92%. CONCLUSION: This study represents a first step
towards a complete intelligent radiomic system to optimize the diagnosis of PE by Q-SPECT/CT. The capability to
detect alterations in perfusion for COVID-19 pneumonia encourages developing a tool in the cloud for clinical use and
further investigates if it can also predict long term complications.

No Pneumonia Pneumonia
No PE PE No PE PE
Recall (Sensitivity) | 0.99+0.0007 0.98+0.002 0.99+0.0005 0.93+0.017
PrecisionResitile.|  Lagnsons 0.95+0.014 0.99+0.0002 0.93+0.017
predictive value)

Table 1. Recall and Precision (mean +/- SD) of each tissue type.

This abstract is funded by: None

Am J Respir Crit Care Med 2021;203:A3726
Internet address: www.atsjournals.org Online Abstracts Issue
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Radiomics to Increase the Effectiveness of Lung Cancer Screening Programs.
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stimulate further research and model development to enhance future
and existing LC screening programs. Keywords: Lung Cancer
Screening, Personalization, Risk scores

EPO1.05 EARLY DETECTION AND SCREENING -
PULMONARY NODULE

EP01.05-001

Radiomics to Increase the Effectiveness of Lung T
Cancer Screening Programs. Radiolung Preliminary

Results

A. Rosell,’ S. Baeza,' S. Garcia-Reina,’ ].L. Mate," 1. Guasch,'

I Nogueira,1 G. Torres,” C. Sanchez-Ramos,” D. Gil* 1Hospital
Germans Trias, Badalona/ES, *Centre de Visié Per Computador (UAB),
Bellaterra/ES

Introduction: Main lung cancer screening clinical trials demonstrated
a 20-25% mortality reduction but rendered 19.7-27.3% false-positive
nodules in the chest CT. Radiomics can provide discriminatory capacity
beyond what is perceived by the naked eye. Methods: GoalEstablish a
radiomic signature of pulmonary nodules (PN) to distinguish malig-
nancy from benignity.PatientsProspective observational study with PNs
studied and resected according to usual clinical practice.Method CT
images are sent to the Computer Vision Center, and the nodules
segmented. Gray Level Co-occurrence Matrix radiomic based texture
features that significatively correlate with malignancy are extracted.
These variables are used to train a neural network with an architecture
optimized according to the diagnosis of the nodule. The model has been
trained with 8 benign PNs and 43 malignant PNs from our hospital, and
subsequently validated with 6 benign and 21 malignant PNs from our
hospital and from a public database. Results: Results51 PNs of
22.68mm (range 3-45mm), 32 men, mean age 69 years, 41 smokers or
ex-smokers were analyzed. The pathological results were: 32 (62.7%)
ADK, 7 (13.7%) SCC, 3 (5.8%) NSCLC, 1 (1.9%) carcinoid; 2 (3.9%)
nonspecific necrosis, 6 (11.7%) benign tumors. The diagnostic accuracy
of our hybrid system is 96.30%, 100% sensitivity, specificity of 83.3%.
Conclusions: ConclusionsIn our sample, the application of a hybrid
radiomic system achieves high diagnostic accuracy(96.3%) to detect
malignant nodules on chest CT. External validation in a lung cancer
screening program is needed. Funded by: ACMCiB, BRN, Fundaci
Ramon Pla, Lung Ambition Alliance Keywords: RADIOMICS, PULMO-
NARY NODULE, SCREENING
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Role of the Lung Cancer Screening MDT in the R
Manchester Lung Health Check Programme

A. Ghoshal, P. Bradley, A. Whales, A. Alonso, P. Crosbie, R. Booton,
H. Balata Manchester University NHS Foundation Trust, Manchester/GB

Introduction: Low-dose CT (LDCT) screening for lung cancer has been
shown to reduce lung cancer mortality and its implementation is
currently being examined and considered across multiple countries. In
the United Kingdom (UK), the Targeted Lung Health Checks (TLHC)
program has initiated small-scale screening programs across several
regions of the country. A significant challenge to implementation is the
increased demand for quality-assured radiology reporting, as stipulated
by the TLHC service protocols, in order to maximize screening efficacy
and reduce potential harm to participants from false-positive and false-
negative results. In this analysis, we describe outcomes from the first
six months of case discussions at the Manchester Lung Health Checks
screening Multidisciplinary Team meeting(MDT). Methods: The
expanded Manchester Lung Health Check screening program was
initiated in 2019, having been successfully piloted between 2016-2019.

Journal of Thoracic Oncology Vol. 17 No. 9S

Ever-smokers, aged 55-80, are invited to a free community-based LHC.
Those at higher risk of lung cancer (PLCOpn2012n0rAcE=>1.5%) are
invited to annual LDCT screening. Scans are initially analyzed through a
computer-aided detection software before being formally reported by
an external thoracic radiology reporting company. LDCT results are
categorized as either ‘Negative’, ‘Indeterminate’ (requiring close sur-
veillance or clinical review), or ‘Positive’ (requiring assessment for
malignancy) as per TLHC reporting protocols. In Manchester, all
Indeterminate and Positive screening results are triaged and then
discussed in a weekly lung cancer screening MDT, attended by the
program’s responsible clinicians, responsible radiologists, and
specialist nurses, before confirming final screening outcomes for indi-
vidual participants. When applicable, previous radiology imaging is
reviewed as a comparator. This analysis describes initial screening
LDCT and subsequent MDT outcomes for all cases discussed at the
Manchester screening MDT between August 2021, when the MDT was
first established, and February 2022. Results: A total of 358 cases were
reviewed at the screening MDT in the analyzed time period, including
58 positive and 300 indeterminate results. Of the 58 positive results
discussed, 53.4% (n=31) were downgraded from requiring immediate
investigation for malignancy (positive) to requiring surveillance imag-
ing only (indeterminate). Seven of the 31 downgraded cases have
already had their surveillance imaging performed from which no can-
cers have been diagnosed to date. Of the 300 indeterminate results,
25.3% (n=76) were downgraded from requiring a 3-month surveil-
lance scan (indeterminate) to an interval 2-year LDCT scan (negative).
However, 3% (n=9) cases were upgraded from requiring a short-term
surveillance scan (indeterminate) to a positive outcome and investi-
gated immediately for malignancy, four of which have been subse-
quently diagnosed with lung cancer. Overall, initial screening LDCT
outcomes were altered in a third (32.4%; n=116) of cases discussed at
the screening MDT. Conclusions: A lung cancer screening MDT, where
all indeterminate and positive screening outcomes are reviewed, plays
an important role in providing prospective quality assurance of initial
radiology reporting to maximize screening efficacy, reduce unnecessary
harm and optimise the use of limited resources. A limitation of our
analysis is that long-term clinical outcomes are not yet available for
participants discussed at the MDT. Keywords: Lung Cancer Screening,
Screening MDT, Targeted Lung Health Check
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Changes of Repeated Lung Cancer Screening Results
and Affected Factors; Analysis of Korean National
Lung Cancer Screening Program

.}

E. Kang, N.-Y. Lee, Y. Kim National Cancer Center, Gyeonggi-do/KR

Introduction: Korean national lung cancer screening program (KNLCS)
from 2019 provides screening test to high-risk smokers (30 pack-year
or more) between the ages of 54-74 with low-dose computed tomog-
raphy (LDCT) every two years. According to the results of lung cancer
screening modeling studies, repeated screening is more beneficial than
a single screening. This study aimed to investigate changes of repeated
screening compared to initial screening, and to analyze affected factors
to the changes. Methods: This study analyzed lung cancer screening
results in national cancer center data base which includes about 50% of
KNLCS. In 2019, 50,666 examinees participated to lung cancer
screening, and in 2021, 57,578 participated. A total of 12,802 subjects
were screened in both 2019 and 2021. Based on Lung RADS, categories
1 to 2 represent negative screening results, and categories 3 to 4 define
as positive results. In this study, frequency analysis and multiple lo-
gistic analysis was performed for determination of factors associated
with changes in LDCT results to positive among the examinees whose
results were negative in initial screening. In logistic model, predictors
included age, sex, past medical history (cancer, pulmonary disease),
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11.2.3. Enhanced lung nodule malignancy prediction through clinical integration in a
deep-learning radiomic model

A. Rosell; S. Baeza; G. Torres; C. Sanchez-Ramos; C. Tebé; et al; D. Gil. 132P
Enhanced lung nodule malignancy prediction through clinical integration in a deep-
learning radiomic model. ESMO open. March 2024. 9 (3), 102720 DOI:
https://doi.org/10.1016/j.esmoop.2024.102720



Table: 131P Regression analysis of PDLIXEGFR co-expression with pSUVmax
(ref: both negative)

pSUVmax OR p-value

Positive EGFR- Positive PDL1
Positive EGFR- Negative PDL1
Negative EGFR- Positive PDL1

<= 10.665 vs >20.51 1.714 0.409
<= 10.665 vs >20.51 15.714 0.017*
<= 10.665 vs >20.51 1.107 0.853

Conclusions: Molecular spectrum encompassing oncogenic drivers and immune
checkpoints in NSCLCs resulted in variegated metabolic features. Metabolic param-
eters on FDG PET can provide valuable information about tumor molecular profile and
can potentially act as effective non-invasive imaging biomarker.

Legal entity responsible for the study: The authors.
Funding: Has not received any funding.
Disclosure: All authors have declared no conflicts of interest.
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Enhanced lung nodule malignancy prediction through
clinical integration in a deep-learning radiomic model

A. Rosell’, S. Baeza®, G. Torres’, |. Garcia-Olivé’, I. Nogueira®, F. Andreo?,
A. Hernandez-Gallego’, J.L. Mate', S. Pefiafiel’, C. Martinez-Barenys®, J. Carmezin®,
C. Sanchez-Ramos?, C. Tebé®, D. Gil’

“Hospital Universitari Germans Trias i Pujol, Barcellona, Spain; 2UAB - Universitat
Autonoma de Barcelona, Cerdanyola Del Vallés, Spain; *IGTP - The Institute for Health
Science Research Germans Trias i Pujol, Barcelona, Spain

Background: Radiomics, a quantitative imaging analysis technique powered by arti-
ficial intelligence, holds promise for lung cancer diagnosis. However, conventional
radiomic diagnosis models are often based only on image-based features, potentially
limiting their accuracy. This study assesses the impact of integrating clinical infor-
mation into a deep-learning model for determining the malignancy of pulmonary
nodules.

Methods: A cross-sectional study of 87 resected nodules from 90 patients was con-
ducted. Clinical data included demographic variables, epidemiological risk factors, and
pulmonary function tests. The region of interest of each Chest CT containing the
nodule was extracted and analyzed. The radiomic model used the MobileNetV2
extractor followed by a selection of features having positive standard deviation. This
filter reduced the 1280 MobileNetV2 features to 333 and the input to an optimized,
fully connected network architecture. This architecture had a hidden layer with 150
neurons, dropout with a probability of 0.8, sigmoid activation function, and batch
normalization. The clinical model was a logistic regression to predict benignity using
2000 samples generated by bootstrapping to select the best predictors from the
clinical variables.

Results: The nodules had a mean diameter of 17.9 mm, histology: 59% adeno, 15%
squamous, 2% other malignant, 1% carcinoid, and 23% benign. In the study sample
with a malignancy prevalence of 77%, the radiomic model based on visual features
exhibited an accuracy of 62% (95% Cl: 0.52-0.73) and an AUC of 0.59 (0.49-0.73). The
clinical model identified DLCO, tobacco pack-year index, and smoking status as the
most consistent clinical predictors associated with the outcome. Integrating the
clinical features into the radiomic model resulted in significantly improved accuracy,
achieving an accuracy of 79% (95% Cl: 69-87%) and an AUC of 0.75 (95% Cl: 56-90),
increasing 27% in both cases.

Conclusions: Integrating clinical information into a deep learning radiomic model for
lung nodule malignancy assessment enhanced the model’s accuracy and predictive
performance by 27%. This study supports the potential of combined image-based and
clinical features to improve lung cancer diagnosis.

Legal entity responsible for the study: Research Institute Germans Trias (IGTP).

Funding: Académia de Ciéncies Médiques de Catalunya i Balears | Barcelona Respi-
ratory Network (BRN)- Fundacié Ramon Pla i Armengol Lung Ambition Alliance |
Hosptial Germans Trias i Pujol (Llegat JMC) Ministerio de Economia, Industria y
Competitividad, Gobierno de Espafia grant number PID 2021-1267760B-C21 Agencia
de Gestid d’Ajuts Universitaris i de Recerca grant numbers 2021 SGR 01623 and
CERCA Programme / Generalitat de Catalunya.

Disclosure: All authors have declared no conflicts of interest.
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abstracts

Development of CT image-based atelectasis simulation and
non-invasive lung nodule localization system

J. Hwang’, I. Hwang®, C. Kim?, S. Ham’

IThoracic and Cardiovascular Surgery, Korea University Ansan Hospital, Ansan, Re-
public of Korea; *Korea University Ansan Hospital, Ansan, Republic of Korea

Background: This study creates an atelectasis model by applying a force in the di-
rection of gravity according to the patient’s surgical posture based on a three-
dimensional model for effective tracking of the location of the pulmonary nodule
during video-assisted thoracic surgery(VATS).

Methods: After obtaining Contrast-enhanced computed tomography(CT) images from
12 patients with pulmonary nodules. The images are converted into 3d models. Each
vector point of the 3d model is relocated in the direction of gravity according to the
direction of surgery. The shape of the deformed lung and the nodule’s location were
compared with the surgical video to evaluate the simulation similarity. To measure the
accuracy of the simulation, images from surgical videos were obtained. After selecting
a similar location based on the location of the sternum, an image of the same location
was obtained in the simulation.

Results:
Table: 133P
Patient Age Gender Location Number DSC  JSC HD Pearson
Number of coefficient
matching r
1 53 M RUL 12 88.10 80.63 8.86 0.78
2 44 F LUL 27 93.26 9292 2.15 0.88
3 57 M LUL 13 85.48 80.78 8.25 0.76
4 84 F LUL 9 87.78 86.89 7.62 0.79
5 72 M RUL 15 93.88 9294 285 0.89
6 57 M LLL 30 93.76 9295 347 038
7 76 F LLL 16 88.06 86.82 9.92 0.71
8 64 F RUL 13 93.88 92,97 211 0.84
9 46 F LUL 13 92.82 90.68 3.85 0.88
10 50 M LUL 20 85.23 8439 824 0.83
11 68 F RUL 14 93.25 92.84 2.87 0.89
12 53 F RLL 17 85.01 84.93 10.03 0.72

Conclusions: Through this retrospective study, we developed a system that can
predict the position of nodules in thoracoscopic surgery. Also, this research presented
a methodology for implementing and verifying the accuracy of the atelectasis simu-
lation developed.

Legal entity responsible for the study: The authors.
Funding: National Research Foundation of Korea.
Disclosure: All authors have declared no conflicts of interest.
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Predictors of success and complications in electromagnetic
navigation bronchoscopy of peripheral lung lesions: A
retrospective cohort study

D. Lang’, M. Negele’, D. Sima’, V. Rambousek’, A. Horner", R. Schimbick’,
B. Kaiser’, B. Lamprecht®

Department of Pulmonology, Johannes Kepler University Linz, Kepler University
Hospital, Linz, Austria; 2Johannes Kepler University Linz, Faculty of Medicine, Linz,
Austria

Background: We evaluated diagnostic performance and complication rate of elec-
tromagnetic navigation bronchoscopy (ENB) as well as predictors of outcomes in a
single-center cohort.

Methods: All patients having undergone ENB using a superDimension system
(Medtronic, Minneapolis, Minnesota) at Kepler University Hospital Linz, Austria, be-
tween 2014 and 2022 were retrospectively enregistered. ENB was performed under
general anaesthesia, standardized post-interventional follow-up included a chest X-ray
after three hours. Severe complications were defined as pneumothorax or bronchial
bleeding with need for intervention, procedure-related death, or ICU admission.
Success was defined as reaching the lesion to <1cm of the predefined target and no
need for further diagnostic intervention.

Results: A total of 238 separate ENB procedures in 231 patients (mean age 66 years,
58% male) were evaluated. The procedure was successful in 124 (52%), the target
lesion was reached but information obtained was insufficient in 98 (41%), and the
target lesion could not be reached in 16 (7%) patients. Success was significantly
associated with smoking history <30 pack-years (OR 2.75, p=0.0013), lesion location
in the middle (OR 3.68, p=0.002) or upper (OR 2.79, p=0.01) versus the lower lung
third in the frontal plane, and with a positive bronchus sign (OR 2.95, p<0.001).
Pneumothorax occurred in 32 (13.5%) patients, bronchial bleeding in 5 (2.1%), overall
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Abstract: The efficiency of lung cancer screening for reducing mortality is hindered by the high
rate of false positives. Artificial intelligence applied to radiomics could help to early discard benign
cases from the analysis of CT scans. The available amount of data and the fact that benign cases
are a minority, constitutes a main challenge for the successful use of state of the art methods (like
deep learning), which can be biased, over-fitted and lack of clinical reproducibility. We present an
hybrid approach combining the potential of radiomic features to characterize nodules in CT scans
and the generalization of the feed forward networks. In order to obtain maximal reproducibility with
minimal training data, we propose an embedding of nodules based on the statistical significance of
radiomic features for malignancy detection. This representation space of lesions is the input to a feed
forward network, which architecture and hyperparameters are optimized using own-defined metrics
of the diagnostic power of the whole system. Results of the best model on an independent set of
patients achieve 100% of sensitivity and 83% of specificity (AUC = 0.94) for malignancy detection.

Keywords: lung cancer; early diagnosis; screening; neural networks; image embedding; architecture
optimization

1. Introduction

Lung cancer is both the most frequently diagnosed cancer and cause of cancer death [1].
The National Lung Screening Trial (NLST) (Study performed in United States) [2] and Dutch-
Belgian Randomized Lung Cancer Screening Trial (NELSON) [3] have shown that lung
cancer screening (LCS) with computed tomography of low dose (CTLD) reduces mortality
by 20-25%. However, the average of false positive rate of the radiological diagnosis
obtained by visual inspection of scans was 23% of the nodules detected. This inaccuracy
meant long follow-up of patients with repetitive CT or performing an invasive procedure
like a biopsy or surgery, which accounted to be futile in 73% of the cases. A reduction of
false positives would increase the efficiency of screening for early detection of lung cancer.

The largest screening program in Europe, the NELSON study, introduced volumetry
of the nodules in consecutive CT, which meant a significant reduction of the average of false
positive rate to 13%. This suggests that the application of radiomics [4] (a recent discipline
that extracts a large number of image features correlating to treatment outcome), could
represent a critical shift in the reduction of the false positive rate and an improvement of
early diagnosis of lung cancer.

In this sense, in a pilot study [2] the authors retrospectively extracted 150 quantitative
image features and performed a random forest classification, which finally obtained a
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significantly better predictive value than volumetry alone (AUC = 0.87 vs. 0.74). More
recently, Peikert et al. [5] built a radiomic classifier based upon eight quantitative radiologic
features selected by the least absolute shrinkage and selection operator (LASSO) method
from 726 indeterminate nodules of the LCST. These eight features include variables captur-
ing location, size, shape descriptors and texture analysis. In this retrospective study, the
optimism-corrected AUC for these eight features was 0.939 with a sensitivity and specificity
of, respectively, 90% and 85%.

An alternative to classic radiomics is the use of machine learning methods that extract
image features using well known methods such as, Gabor, Local Binary Patterns (LBP),
or SIFT descriptor to represent a nodule. Then machine learning technics (e.g., Support
Vector Machine (SVM) and Random Forest) are used to define a classification of nodules in
this representation space according to their diagnosis [6,7]. This methods achieve better
diagnostic power than radiomic methods with AUC equal to 0.97, sensitivity equal to 96%
with 95% of specificity for [6].

Recently, deep CNN (CNN stands for Convolutional Neural Network) have achieved
great success in various computer vision tasks, such as image classification, segmentation,
and enhancement. Researchers are therefore inspired to classify nodules by using CNNs.
Existing works based on CNNs can be classified according to some key points: input data
(2D or 3D), level of the input image (volume, slice, nodule), CNN architecture, resources
needed and obtained performance.

The early work of Shen et al. proposed to use a multi-crop CNN [8] to make the model
robust to scales of nodules while keeping 2D input images. Results showed an overall
accuracy (including malign and benign cases) of 87%. However, the authors did not report
sensitivity for malignancy detection and specificity for discarding benign nodules and,
thus, its true clinical value is uncertain.

Since nodules are 3D structures, recent works have addressed the problem using 3D
CNNs . Yan et al. [9] explored 3D CNNs for pulmonary nodule classification in comparison
to a slice-level 2D CNN and a nodule-level 2D CNN analysis. The 3D approach was
the best performer with a 87% of overall accuracy and similar specificity and sensitivity
at the cost of a significantly higher demand of computational resources and annotated
data. Zhu et al. [10] used 3D deep dual path networks (DPNs) a 3D Faster Regions with
Convolutional Neural Net (R-CNN) designed for nodule detection with 3D dual path blocks
and a U-net-like encoder-decoder structure to effectively learn nodule features. Despite
the complex architecture used, this approach could only achieve a 81% of sensitivity
and specificity was not reported. Jiang et al. [11] sequentially deployed a contextual
attention module and a spatial attention module to 3D DPN to increase the representation
ability. A main novelty of this work is that it ensembles different model variants to
improve the prediction robustness. Results show an increase of sensitivity to 90% while
keeping a specificity similar to [9]. A main concern is the huge amount of parameters that
require extensive data and computational resources for training. In an attempt to minimize
computational and data costs, the very recent [12] uses automatic Neural Architecture
Search (NAS) technique [13] to design optimal 3D network architectures including attention
modules. Results on a subset of the LIDC-IDRI database [14] show a specificity of 95% at
the cost of a drop in sensitivity to 85%.

A main challenge in the application of deep learning to biomedical problems is the
limited amount of good quality data with annotations, which is a must for training new
models with complex architectures. Besides, in the case of benign nodule screening, this is
aggravated with the fact that the problem is highly unbalanced with benign cases being
the minority class. Under such experimental settings, models are often over-fitted [15]
results are non-reproducible [15,16] and most times [9-12] do not outperform conventional
machine learning approaches [6]. Another pitfall, especially for deep methods is models
should also be easily interpreted from a clinical point of view to allow the analysis of the
clinical factors that have an impact on the clinical decision [17].
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The output of a classic CNN are features that have no meaning from radiological point
of view. In this way, introducing classic radiomic features in the models will be helpful
for radiologist in the interpretability of the results by means of most correlated features
to malignancy of tumours. It is worth to mention that radiomic features can describe
tumour heterogeneity [18], which is a parameter related to malignancy and well known
from radiologist. To address the above challenges, we propose to embed 2D slices into a
low dimensional radiomic space defined by the classic radiomic features that significantly
correlate to malignancy. These features are the input to a fully connected network with
an architecture optimized in order to ensure maximum clinical outcome. To do so, novel
specific criteria and metrics measuring diagnostic power are presented. Models were
optimized in a set of 51 nodules coming from an own collected data base. Results on an
independent set of patients from the same data base and LIDC-IDRI database show that our
approach outperforms deep approaches with only requiring 290 parameters (in contrast to
the thousands required by deep methods).

2. Materials and Methods

This work complies with the fundamental ethical principles of research (Declaration
of Helsinki—Fortaleza/Brazil, 2013). In each case, informed consent is requested, and both
the images with clinical data are treated anonymously, safeguarding the confidentiality of
the patient. This study was approved by the ethics committee of the HUGTIP prior to the
start of recruitment (CEIC H. Germans Trias i Pujol: PI-19-169).

2.1. Dataset Description

The patients were recruited at the Germans Trias i Pujol University Hospital (HUGTIP),
Barcelona, Spain, from which images and clinical/demographic data were collected be-
tween December 2019 and September 2020. The 60 recruited patients have CT-chest and
pulmonary nodule (PN) tributary of surgery, and meet the following inclusion and ex-
clusion criteria. The inclusion criteria includes: have a single PN, diameter from 8 to
30 mm, final diagnosis of non-small cell lung carcinoma and non-malignant tumor. And
the exclusion criteria includes: have been previously diagnosed with lung cancer, diagnosis
of uncured extra-pulmonary cancer (except non-melanoma skin cancer), pregnancy, have
received chemotherapy or cytotoxic drugs in the last 6 months and decline to sign the
consent. The PNs have been classified in every case by means of a biopsy.

Scans were acquired with GE Medical Systems and Philips CT scan. For both devices,
acquisition parameters in all cases were 120 kv, 100-350 mA (dose modulation range), soft
tissue reconstructions, high frequency algorithms and 512 x 512 matrix. These parameters
are the gold standard used to ensure enough scan resolution and quality to radiologically
evaluate malignancy [19,20]. Table 1 report the acquisition setting for each manufacturer,
as well as the number of benign and malign nodules.

Table 1. Details of the acquisition parameters by scanner manufacturer.

Description\Manufacturer GE Medical Systems Philips
LightSpeed VCT GeminiGXL 16 Brilliance
Model Name BrightSpeed Optima 16 TruFlight Select
CT540 Discovery ST
Convoluton Kernel SOFT STANDARD LUNG BYAYBYC
Pixel XY size 0.56-0.87 0.36-0.72
Slice Thickness 0.63-1.25 1-2
Benign Nodules 3 6
Malignant Nodules 21 30

A respiratory medicine physician with seven years of experience annotated the Region
of Interest (ROI) of each nodule with 3D-Slicer (version 4.11.20200930), which is a free,
open source and multi-platform software package widely used for medical, biomedical,
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and related imaging research. The physician was asked to define ROIs fitting the minimal
nodule space as possible. The coordinates of the bounding box defining the ROI were
stored in csv format for its further use in the method pre-processing step described in
Section 2.3. A ROI per patient was annotated, since the cases conforming our database have
one nodule per patient. The Table 2 shows detailed information about our database. We
report demographic information, as well as, the minimum, maximum and every number of
slices for each nodule type and sex.

Table 2. Details of our database.

Description Male Female Total
. Patients 36 24 60
Demographic Age avg + std 70.67 + 6.87 63.96 + 12.35 67.98 +9.92
population Benign PNs 5 4 9
Malign PNs 31 20 51
Benign Slices
Nodule min/max/avg 6/111/48 28/39/32 6/111/41
characterization Malign Slices 8/152/45 12/82/45 8/152/43
min/max/avg

2.2. Methodology Description

Our methodology aggregates, for each nodule, the classification at slice level to obtain a
prediction of nodule malignancy. The classification of 2D slices bases on radiomic 2D textural
features computed on a mask of the nodule to implicitly account for (2D) shape. Texture
descriptors are the input to a feedforward neural network with optimized architecture.

Figure 1 shows a general overview of our workflow, which consists in 3 main phases:
extraction of nodules from CT scans, embedding of nodules into a space representing ma-
lignancy and nodule diagnosis with optimized network architecture. In the extraction step,
the nodule is segmented in the ROI volumes using Otsu thresholding and morphological
operations. In the embedding phase, PyRadiomics [21] GLCM descriptors are computed in
2D slices of masked volumes and a t-test is used to select those features that significantly
correlate to malignancy. In the diagnosis phase, the selected features are the input to an
optimized feedforward network trained and the most frequent classification among each
nodule 2D slices determines the final diagnosis. The architecture and hyperparameters of
the diagnostic networks are optimized according to an own-defined metrics measuring the
clinical performance of the system.

2.3. Nodule Extraction

In the preprocessing phase we used the anonymized CT-chest DICOMs and the
annotated nodule ROIs. A nodule ROI always includes the intranodule region (inside
nodule region), but depending on the nodule shape, the perinodular region (around nodule
region) is included in greater or lesser extent. Since, in [22,23], it is reported that the
importance of using perinodular region in the classification of benign and malignant
nodules, the size of ROIs was enlarged 15% of its original size. The volume ROI extracted
using the coordinates of the annotated bounding box is the input to the whole workflow.
This is the only manual annotation required.

In order to segment the nodule, we applied Otsu thresholding to the ROI volume. Since
the segmentation of peripheral nodules can include non-pulmonary tissue, the binarized
volumes were masked with a segmentation of lungs. The final nodule segmentation was
the largest connected component of the masked volumes. The segmentation of lungs was
computed using thresholding and morphological operations [24]. Specifically, CT lungs
were selected as the larger connected component of the voxels with intensity between 950
to —300 Hounsfield Units, followed by a closing with a structuring element of size 5.
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Figure 1. Overall workflow of the proposed work.

2.4. Nodule Embedding

To extract radiomics features we used PyRadiomics [21] (version 3.01), an open-source
python package for the extraction of radiomic features from medical imaging volumes.
PyRadiomics features include shape features, first order features, and textural features
(Gray Level Co-ocurrence Matrix (GLCM), Gray Level Size Zone (GLSZM), Gray Level Run
Length Matrix (GLRLM) and Gray Level Dependency Matrix (GLDM)) describing several
aspects of the lesion. In this study, we used GLCM texture features [25] by its proven
efficiency for cancer diagnosis in a wide range of medical imaging modalities [26-30].

GLCM textural features are probabilistic descriptors computed from a gray level
co-ocurrence matrix. This matrix encodes textural patterns in a neighbourhood of each
pixel based on different contrasts. To do so, intensity gray values are first discretized using
the histogram of the original volume intensity. The width of the histogram bins sets the
granularity that GLCM features describe, since neighbouring pixels with a difference in
gray level below such parameter are filtered. Bin width, namely A, is given by:

max(Pixel_value) — min(Pixel_value)

A P—
Nbins

)

for Pixel_value the intensities of the volume and Nbins the number of histogram bins.

In [29,30], the authors showed the importance of, both, intensity ranges and number of
bins. It is reported that a fixed bin count between 30 and 130 bins has good reproducibility
and performance. In order to allow for different ranges of intensity in ROIs, while still
keeping the texture features informative and comparable inter lesion [26], we first normalize
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the CT Hounsfield Units (HU) to a common intensity range. Hounsfield Units are related
to intensity values with the following linear transformation:

HU = Pixel_value * Slope 4 Intercept 2)

for Slope and Intercept are acquisition parameters of the CT scan.
HU were mapped to a common intensity range [0, MaxIntensity| using the follow-
ing formula:

(HU — Intercept)/Slope
max(HU) — min(HU)
(HU — Intercept)/Slope

= 4000 * MaxIntensity 4)

Pixel _value =

* MaxIntensity 3)

where max(HU) = 2976 was computed as the maximum of the training set volumes HU
and min(HU) = —1024 is the HU value for air. The intensity range MaxIntensity and
number of bins, Nbins € [30,130], are hyper-parameters that were set using grid-search.
The optimal values were MaxIntensity = 24 and Nbins = 128.

The GLCM features (extracted on 2D slices) are selected according to their correla-
tion to lesion malignancy. It is expected that the most discriminant features have values
significantly different for slices containing malign and benign nodules. Such differences
are detected, for each GLCM feature, with a Student t-test comparing average values for
malign and benign slices. In order to account for unbalancing between malignant and
benign cases, a k-fold subsampling of malignant slices was performed and max-voting
aggregation of significance was used to select the most discriminative features. Sample size
was large enough to guarantee normality.

The concatenation of the GLCM features with a p-value under 0.01 are selected to be
the input to the classification network. Given that the performance of neural networks
is not bias in case of correlated features (unlike other classifiers like logistic regression),
no further selection to discard correlations is needed. The most statistically significant
19 GLCM textural features that were selected are shown in Table 3.

2.5. Nodule Diagnosis

The extracted radiomic features are used to feed a feedforward neural network that
makes a slice by slice classification. We have defined 4 feedforward neural network
architectures composed by a sequence of linear layers with ReLU activation function
between them.

Table 4 shows the architectural configurations and the equations to obtain the amount
of trainable parameters of each configuration. Each layer of the architecture is described by a

tuple (Nl-inpu b Néutput) where N, put Tepresents the number of inputs and Néutput represents

the number of outputs of the i-th layer. For the first layer, Nzaput is the dimensionality,

denoted by N;, of the input features. For the hidden layers, N Zn put = N é;tlpu ¢ and, for the last

layer, N, é‘fffput = 2 is the network’s output for a binary classification problem with classes

equal to benign and malignant (label 1). In our case, N(’;utpu

; is a function of the number of
outputs of the first layer, Ngutput = Nj,. The last column in Table 4 also reports the number
of trainable parameters. The number of trainable parameters for a layer is the number of
inputs multiplied the number of outputs plus the number of neuron’s bias (which is equal
to the number of the outputs). Thus, for the i-th layer, the number of parameters is equal to
Niwput * Noutput T Noytpus- Its accumulation is the total amount of trainable parameters of
the network that is shown in the last column.
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Table 3. GLCM Features Selected with the t-test. The first column lists the 24 GLCM textural features.
The second one indicates the 19 GLCM features selected by the ¢-student test with a v'.

GLCM Textural Features t-Test Selection

Autocorrelation
Cluster Prominence
Cluster Shade
Cluster Tendency
Contrast
Correlation
Difference Average
Difference Entropy
Difference Variance
Inverse Difference
Inverse Difference Moment
Inverse Difference Moment Normalized
Informational Measure of Correlation 1
Informational Measure of Correlation 2
Inverse Difference Normalized
Inverse Variance
Joint Average
Joint Energy
Joint Entropy
Maximum Probability
Maximal Correlation Coefficient
Sum Average
Sum Entropy
Sum Squares

I N N N N N I N N N N N N I NN NN

Table 4. Neural network architectures.

Num. Architecture # Trainable Parameters
1 [(N;, Ny), (Ny, Ny.), (N, 2)] Ny(N; + Nj, +4) +2
| N N Nu(N; + N + L%J +2)
2 [(Ni N, (N N, (N [ 3], | 2], 2)] a2
3 [(Ni Ny, (N Ny, (N Ng), (N [ 3]0, (| B 201 NN+ 3N+ 3) 2
4 [(Ni, N, —1), (Ny =1, N, — 2),(Ny —2,N, = 3), (Nh(;;:)_(glg &il\ﬁfﬁm
(N, —3,N, —4), (N, —4,N;, —5), (N, — 5,2)] (N, —5)(N, — 1)+

4N, -8

In order to account for unbalancing in training data, the loss function is a weighted
cross entropy given by:

YN | weight|class|i]]loss (i, class][i])

loss = N - .
Y.it, weightclass[i]]

©)

where loss(i, class[i]) is the cross-entropy loss for the i-th class computed from the classifier
prediction x and the true class as:

loss(x, class) = —1og<m> ©)
L exp(x

and the weight weight|class|i]] is given by the inverse of the class frequency.
The final diagnosis of a nodule is computed from the classification of all the slices of
the ROI by an aggregation operation. In our case, the aggregation is given by a max voting
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of the classifications of 2D slices, so that the most frequent slice classification yields the
nodule final diagnosis. That is, if half of the 2D slices are classified as malign, the diagnosis
is malign, benign otherwise. In case of tie, a malignant diagnosis is given.

2.6. Network Optimization

In order to select the optimal architectures for malignancy diagnosis, we have defined
a criteria for selection of best models that uses 3 metrics assessing the diagnostic capability of
the system at nodule and slice levels. Taking the malignant nodules as the positive cases,
the metrics used to validate the clinical diagnostic accuracy are:

1.  Diagnostic Sensitivity. This measures the percentage of correctly diagnosed ma-
lign nodules:

TPNodules (7)
TPNodules + FNNodules

for TPnodutess FNNodules denoting, respectively, true positives and false negatives for
malignancy detection at nodule level.

2. Diagnostic Specificity. This measures the percentage of correctly diagnosed benign
nodules:

Senspiagnosis := 100

TNNodules (8)
TNNadules + FPNodules

for TNNodules» FPNodules denoting, respectively, true negatives and false positives for
benign detection at nodule level.

3. Slice Diagnostic Index. This index is an adaptation of the well-known F1-score to
measure the percentage of correctly diagnosed slices:

Specpiagnosis = 100

SenSNoduleSpecNodule (9)
SenSNodule + SpecNodule

FNodule =

being Sensyogule and Specnoaule, the average sensitivity and specificity for the classifi-

cation of 2D slices at nodule level. Sensitivity is given by:
1 TP, élice‘

Nmatign 5 NSlice!

SensNodule := (10)

for Npyalign the number of malign nodules, TP;I ice

nodule and NSlice' its number of slices. Specificity is given by:

the true positives for the i-th malign

1 TN_ZSliCL" (11)
NBenign i NSlice

SpecNodule ==

for Npenign the number of benign nodules, TN; the true positives for the i-th benign

lice
nodule and NSlice' its number of slices.
The Fynoduie Score measures the trade-off between benign and malign accuracy at

nodule level.

Our criteria for selection of best models is applied in the next cascade sequence: (1) select
the models with highest Diagnostic Sensitivity. If there is only one model, then it is
selected. Otherwise, (2) select the models with the highest Diagnostic Specificity. If there
is only one model, then it is selected. Otherwise, (3) select the model with highest Slice
Diagnostic Index.
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3. Results
Two different experiments were carried out:

1.  Model Optimization. A training and selection of models, which consists in a leave-
one-out validation on a training set of patients to select the best model for the benign
and malignant classification. In order to assess the benefits of our embedding (labelled
t-test), models were also trained using all 24 GLCM features (labelled None) and the
selection based on reproducibility (labelled Reproducibility) reported in [31] excluding
the shape class (see Table 5).

2. Model Verification. A testing and assessment of models reproducibility, which is
a validation of the best model on an independent set of test patients to assess the
reproducibility of results. To assess the advantages of the proposed strategy, the best
model selected in the first experiment was compared to state of the art methods.

Table 5. Features from the study [31].

Class Feature
Entropy
Fist Order TotalEnergy
Uniformity

Inverse Difference
Inverse Difference Moment
GLCM Joint Energy
Joint Entropy
Maximum Probability

Dependence Non Uniformity Normalized
GLDM Dependence Variance
Large Dependence Emphasis

Run Length Non Uniformity Normalized
GLRLM Run Percentage
Short Run Emphasis

3.1. Model Optimization

For this experiment, 51 (85%) patients of the dataset described in Section 2.1 were
randomly selected for the optimization of models. This training set had 8 benign and
43 malignant nodules.

The search space for optimizing network architectures given in Table 4 together with
their hyperparameters was the following: (1) N, € [6,7,...,16,17]; (2) optimizer: SGD,
Adam, RMSprop; (3) learning rate: 0.01, 0.001, 0.0001; (4) weight initialization: Normal,
Xavier, Kaiming, Orthogonal; (5) epochs: 500, 1000, 1500. For each embedding (None,
N; = 24, Reproducibility, N; = 14 and t-test, N; = 19), we use a grid search to optimize net-
works and the best configuration was selected according to the criteria given in Section 2.6.
Table 6 shows the selected architectures and Table 7 shows the best hyperparameters.

Table 8 reports the diagnostic metrics defined in Section 2.6 with top performance
highlighted in boldface. For all architectures, the proposed embedding (corresponding
to Models 3, 6, 9 and 12) is the one that achieves better metrics with 100% of diagnostic
sensitivity and specificity. Among them, the one with highest Slice Diagnostic Index is
Model3, which is the one with the simplest architecture.
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Table 6. Architecture of best models.
. Arch.
Model Rad10m-1c Arch. Setting Architecture # Param.
Embedding Num.
N;, Ny,
Model 1 None 1 24,6 [(24,6),(6,6),(6,2)] 206
Model 2 Reproducibility 1 14,8 [(14,8),(8,8),(8,2)] 210
Model 3 t-test 1 19,9 [(19,9),(9,9),(9,2)] 290
Model 4 None 2 24,9 [(24,9),(9,9),(9,4),(9,2)] 365
Model 5 Reproducibility 2 14,9 [(14,9),(9,9),(9,4),(9,2)] 275
Model 6 t-test 2 19,9 [(19,9),(9,9),(9,4),(9,2)] 320
Model 7 None 3 24,8 [(24,8),(8,8),(8,8),(8,4),(4,2)] 382
Model 8 Reproducibility 3 14,9 [(14,9),(9,9,(9,9),(9,4),(4,2)] 362
Model 9 t-test 3 19,9 [(19,9),(9,9),(9,9),(9,4),(4,2)] 407
Model 10 None 4 24,8  [(24,8),(8,7)(7,6)(6,5),(5,4),(4,2)] 305
o [(14,14),(14,13),(13,12),(12,11),
Model 11 Reproducibility 4 14,14 (11,10).(10,2)] 745
Model 12 t-test 4 19,8 [(19,8),(8,7),(7,6),(6,5),(54),(42)] 270
Table 7. Hyperparameters of best models.
Radiomic Weight - Learning
Model Embedding Init. Optimizer Rate Epochs
Model 1 None Kaiming RMSProp 0.001 1500
Model 2 Reproducibility =~ Orthogonal Adam 0.001 1500
Model 3 t-test Xavier SGD 0.001 1500
Model 4 None Orthogonal Adam 0.001 1000
Model 5 Reproducibility Xavier Adam 0.01 1000
Model 6 t-test Xavier Adam 0.001 1000
Model 7 None Orthogonal Adam 0.001 1000
Model 8 Reproducibility ~ Orthogonal Adam 0.001 1000
Model 9 t-test Kaiming Adam 0.001 1000
Model 10 None Kaiming Adam 0.001 1000
Model 11 Reproducibility Xavier Adam 0.001 1000
Model 12 t-test Orthogonal Adam 0.001 1000
Table 8. Diagnosis scores of best models.

Model SensDiugnosis SPeCDiagnosis Fodule
Model 1 100 100 0.856
Model 2 93.02 75 0.683
Model 3 100 100 0.903
Model 4 100 87.5 0.846
Model 5 97.67 37.5 0.595
Model 6 100 100 0.839
Model 7 100 100 0.804
Model 8 100 375 0.619
Model 9 100 100 0.834
Model 10 100 87.5 0.840
Model 11 100 375 0.617
Model 12 100 100 0.831
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3.2. Model Verification

In order to statistically evaluate the reproducibility our system, we have conformed
an independent set of test patients from our database and the LIDC-IDRI public database.
From our database we used one benign and eight malignant nodules. Regarding the
LIDC-IDRI database, since it was not collected to evaluate malignancy, scans are, in general,
of a too low quality to assess malignancy. Following [19,20], we selected cases fulfilling
the minimum acquisition requirements that allow radiological assessment of malignancy,
which are slice thickness <= 2.5, resolution <= 0.71, except in case thickness is <= 1.5,
that resolution can be <= 0.86 and only taking in consideration those nodules that have
been diagnosed through a biopsy as benign or malign. After this filtering, 18 cases with
diagnosis (five benign and 13 malign) were selected. In this way, the independent set of
test patients is conformed by a total amount of 27 nodules with 6 benign and 21 malign.

We have compared Model3 with state of the art methods which include the three
type of approaches: radiomics [5], machine learning [6] and deep CNN [8-12]. In order
to compare to the results reported for each of them, we have computed the following
metrics from true positive, TP, true negative, TN, false negative, FN, and false positive,
FP diagnosis at nodule level:

e TP
Sensitivity = 100 - TP+ EN (12)
Sensitivity measures the percentage of correctly diagnosed malignant nodules:
. TN
SpeCIfICIty =100 - m (13)
Specificity measures the percentage of benign nodules correctly identified:
TP+ TN
A =100 - 14
ceuracy = 100 Number of Nodules (14)

for Number of Nodules denoting the total amount of nodules. The accuracy measures the
percentage of correctly diagnosed nodules (both malign and benign nodules) among the
total number of nodules in the dataset:

2 - Prec - Rec

F1 =100 ———— 1
Score 00 Prec + Rec (15)

for Rec, Prec denoting, respectively, the precision and recall at diagnosis level:

TP TP

Rec =100 ———  Prec =100 ———
cc=100- 75—y Pree=100- 75775

(16)

The metric (15) measures the trade-off between recall and precision, and in general,
a higher F1-score means a better performance. We also computed the receiver operating
characteristic (ROC) curves and the area under the curve (AUC).

Table 9 shows the metrics for state of the art methods grouped according to the type
of approach (Radiomics, Machine Learning, Deep CNN) and our method. As in Table 8,
best performances are in boldface. Table 9 reports the metrics obtained by Model3 in our
test set together with the results reported by each state of art method using their datasets.
We also report the number of parameters of each method as indicator of its complexity and
computational and data cost for training. Our method outperforms in Accuracy, Sensitivity
and F1 Score. In computer-aided diagnose, sensitivity is significant because correctly
finding out patients with malignant nodules is crucial. Besides, the highest F1 Score implies
that our method achieves the best trade-off between precision and recall. Our method has a
splendid compromise between the performance of the system and the number of trainable
parameters. A remarkable point compared to Deep CNN approaches, is that, our method
needs strongly less samples to train the model, which is a must in medical imaging.
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Table 9. Results of our method compared to the state of the art with malignant nodules as posi-

tive cases.
A h A Sensitivit Specificit F1 AUC Param.
pproaches ccuracy ensitivity pecificity o M)
Radiomics
Peikert et al. [5] - 90.40 85.50 - 0939  <0.29
Machine Learning
Zhang et al. [6] 96.09 96.84 95.34 - 0979 <0.29
Deep CNN
Multicrop [8] 87.14 77.00 93.00 - 0.930 -
Nodule-level 2D [9] 87.30 88.50 86.00 87.23 0937 -
Vanilla 3D [9] 87.40 89.40 85.20 87.25 0.947 -
DeepLung [10] 90.44 81.42 - - - 141.57
AE-DPN [11] 90.24 92.04 88.94 90.45 0933 678.69
NASLung [12] 90.77 85.37 95.04 89.04 - 16.84
Hybrid
model3 (Our) 96.30 100 83.33 97.67 0.940 0.29

4. Discussion

Intelligent artificial methods applied to medical imaging have to face two key draw-
backs. The available small amount of labelled data and the obligation that methods must
ensure good rates avoiding false positives. In order to overcome with these two main
challenges, we have proposed an hybrid method that combines an embedded radiomic
texture features to characterize nodules and an optimized feedforward network for nod-
ule diagnosis. The nodule embedding step is based on selecting those radiomic features
that significantly correlate to malignancy ensuring reproducibility with minimal training
data. The fully connected network architecture and hyperparameters are optimized using
own-defined metrics of the diagnostic power to ensure maximum clinical outcome.

Results demonstrate the power of the two main contributions. Table 8 results demon-
strate the power of using t-test analysis for statistical significance and nodule embedding,
as best results are achieved on those models (3, 6, 9, 12). Table 9 confirms that the whole
hybrid strategy outperforms in Accuracy (96.30), Sensitivity (100) and F1 Score (97.67) the
state of the art methods. Notice that in computer-aided diagnose, sensitivity is significant
because correctly finding out patients with malignant nodules is crucial. A remarkable
outcome is that our approach outperforms deep approaches with only requiring 290 pa-
rameters (in contrast to the thousands required by deep methods). This has a direct impact
with the small training data needed.

Our work could be improved in the following aspects. Nodule embedding bases on a
combination of simple t-tests as a first approach to a statistical selection of features, which
disregards correlations across GLCM features. Future work will explore the use of other
statistics (like regression models) taking into account multiple comparisons across features.
In addition, it is planed to increase the database and introduce our own-defined metrics
as the loss function of the fully connected network to guide training to ensure maximum
clinical outcome.
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The following abbreviations are used in this manuscript:

AUC Area Under the Curve

CNN Convolutional Neural Network
CT Computed Tomography

GLCM  Gray Level Co-ocurrence Matrix
HU Hounsfield Units

PN Pulmonary Nodule
ROI Region of Interest
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