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Abstract

The present thesis aims to enhance clinical decision-making in the management
of dementia and neuroendocrine tumors using advanced PET imaging analysis. The
research focuses on the extraction and analysis of quantitative data from PET images to
make diagnoses more precise and treatment decisions more reliable, while also exploring
ways to optimize imaging technology for better clinical outcomes.

In the context of dementia, the study explores how ['®*F]FDG PET scans, com-
bined with a test of social cognition (the Reading the Mind in the Eyes Test, RMET),
can assist in early diagnosis. A deep learning-based classification algorithm was also
externally validated, which could enhance the accuracy of detecting neurodegenerative
diseases. Another part of the study focused on evaluating a new dedicated brain PET
scanner, comparing its image quality and diagnostic power with standard PET/CT
scans. These devices could help reduce the burden on general PET /CT scanners while
still providing reliable neurological diagnoses.

For patients with neuroendocrine tumors, the study examines two different hy-
brid PET imaging scanners, PET/CT and PET/MR, to determine how well they align
in classifying lesions and guiding treatment decisions. By harmonizing the data from
both devices, the aim is to ensure that regardless of the imaging method used, the
recommended treatment remains consistent. This would help standardize diagnostic
practices and improve the reliability of PET imaging for these rare tumors.

The findings supported the hypothesis that PET image analysis provides mean-
ingful information that impacts clinical decisions in both dementia and neuroendocrine
tumor cases. In the context of dementia, results demonstrated that social cognition im-
pairment correlates with specific neuroanatomical changes observed in PET imaging.
In particular, the study confirmed that emotion recognition deficits are present in mild
cognitive impairment (MCI) patients, but these deficits are not exclusive to Alzheimer’s
disease. This suggests that including RMET in the neuropsychological test battery will
not improve the accuracy of Alzheimer’s disease diagnosis.

The external validation of a deep learning model designed to classify MCI pa-
tients further confirmed the feasibility of Al-based approaches in nuclear medicine. The
model achieved 80% balanced accuracy in distinguishing MCI patients with neurode-
generative disease from those without. The study reinforced that Al tools could support
nuclear medicine physicians in the early and more precise identification of neurodegen-
erative diseases, although additional refinements are necessary to improve classification
accuracy, especially in cases involving dementia with Lewy bodies and frontotemporal
dementia.

vii
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Additionally, the comparison between brain-dedicated PET scanners and conven-
tional PET/CT systems highlighted the potential for reducing the neurological burden
without compromising image quality or diagnostic reliability. The evaluation showed
that brain-dedicated PET scanners provide comparable image contrast and spatial res-
olution. However, variations in attenuation correction techniques were noted, empha-
sizing the need for ongoing improvements in image harmonization methods to ensure
consistency between different imaging systems.

For neuroendocrine tumors, the study underscored the critical need for consis-
tent quantitative PET imaging to guide theragnostic applications. Given that Peptide
Receptor Radionuclide Therapy (PRRT) eligibility relies on uptake intensity measure-
ments, variations in PET scanner parameters could significantly impact treatment deci-
sions. The analysis revealed that different PET systems produce varying standardized
uptake value (SUV) measurements, potentially leading to discrepancies in treatment
recommendations.

To address this issue, the study employed ComBat harmonization to align SUV
values between PET/CT and PET/MR scanners. Prior to harmonization, 23% of le-
sions were classified differently depending on the imaging system used, reflecting moder-
ate agreement (kappa coefficient of 0.54). After harmonization, agreement significantly
improved (kappa coefficient of 0.60 for PET /MR, 0.74 for PET/CT and 0.65 for the ar-
bitrary system as references), demonstrating the effectiveness of harmonization methods
in ensuring consistent treatment recommendations across different imaging platforms.

The study’s findings confirm that PET imaging can be enhanced through ad-
vanced computational methods, leading to improved diagnostic accuracy and more
reliable treatment planning. However, several challenges remain, including the need
for larger datasets to refine statistical analysis and further validation of harmonization
techniques in multicenter studies.

This study provides strong evidence that quantitative PET imaging plays a
crucial role in clinical decision-making for dementia and neuroendocrine tumors. By
extracting useful information from the quantification of PET images, PET imaging can
be optimized for better diagnostic accuracy and consistency. The findings support the
continued advancement of quantitative PET in nuclear medicine and emphasize the
need for standardization to ensure that clinical decisions remain robust across different
imaging platforms. Future research should build upon these insights to further enhance
the role of PET imaging in precision medicine.



Resum

Aquesta tesi té com a objectiu millorar la presa de decisions cliniques en la gesti
de la demencia i els tumors neuroendocrins mitjan¢ant l'analisi avangat d’imatges PET.
La investigacio se centra en 'extraccio i analisi de dades quantitatives d’imatges PET
per tal de proporcionar diagnostics més precisos i decisions en quant a tractaments més
fiables, alhora que explora formes d’optimitzar la tecnologia d’imatge per a millorar els
resultats clinics.

En el context de la demencia, l'estudi estudia com les exploracions PET amb
['8F|FDG, combinades amb una prova de cognici6 social ("Reading the Mind in the Eyes
Test”, RMET), poden ajudar en el diagnostic precog. També s’ha validat externament
un algorisme de classificacié basat en aprenentatge profund, per tal d’augmentar la
precisié en la deteccié de malalties neurodegeneratives. Una altra part de I'estudi s’ha
centrat en avaluar un nou escaner PET dedicat al cervell, comparant la seua qualitat
d’'imatge i capacitat diagnostica amb els escaners PET/CT convencionals. Aquests
dispositius podrien reduir la carrega sobre els escaners PET/CT generals i, al mateix
temps, proporcionar diagnostics neurologics fiables.

Per als pacients amb tumors neuroendocrins, l'estudi examina dos escaners
hibrids d’imatge PET: PET/CT i PET/MR, per a determinar el grau de coincidéncia
d’aquests dos equips en la classificacié de lesions i, per tant, en l'orientacié de les
decisions terapeutiques. En harmonitzar les dades de tots dos dispositius, es busca
garantir que, independentment del metode d’imatge utilitzat, el tractament recomanat
siga coherent. Aix0 ajudaria a estandarditzar les practiques de diagnostic i a millorar
la fiabilitat de la imatge PET per a aquests tumors poc freqiients.

Els resultats de la tesi han confirmat la hipotesi que I'analisi quantitatiu d’imatges
PET proporciona informacié significativa que impacta les decisions cliniques en quant
a demencia i tumors neuroendocrins. En el context de la demencia, els resultats van
demostrar que el deteriorament de la cognicid social es correlaciona amb canvis neu-
roanatomics especifics observats en les imatges PET. En particular, I’estudi va confirmar
que els deficits en el reconeixement emocional estan presents en pacients amb deterio-
rament cognitiu lleu (DCL), perd que aquests deficits no sén exclusius de la malaltia
d’Alzheimer. Aixo suggereix que la inclusi6 de la prova RMET en la bateria de proves
neuropsicologiques no millorara la precisié del diagnostic de la malaltia d’Alzheimer.

La validacié externa d’un model d’aprenentatge profund dissenyat per a classi-
ficar pacients amb DCL va confirmar encara més la viabilitat dels enfocaments basats en
intel - ligéncia artificial en medicina nuclear. El model va aconseguir un 80% de precisié
balancejada en la diferenciacié de pacients amb DCL amb malaltia neurodegenerativa
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d’aquells que no la presentaven. L’estudi va reforcar que les eines d’intel - ligencia ar-
tificial podrien ajudar els metges nuclears en la identificacié primerenca i més precisa
de malalties neurodegeneratives, encara que son necessaris refinaments addicionals per
a millorar la precisio de classificacio, especialment en casos de demencia amb cossos de
Lewy i demencia frontotemporal.

A més, la comparacio entre els escaners PET dedicats al cervell i els sistemes
PET/CT convencionals ha destacat el potencial per a reduir la carrega neurologica sense
comprometre la qualitat d’imatge ni la fiabilitat del diagnostic. L’avaluacié ha mostrat
que els escaners PET dedicats al cervell ofereixen un contrast d’imatge i una resolucié
espacial comparables. No obstant aixo, s’han observar variacions en les tecniques de
correccié d’atenuacio, cosa que subratlla la necessitat de continuar millorant els metodes
d’harmonitzacié d’imatges per a garantir la coherencia entre diferents sistemes d’imatge.

Per als tumors neuroendocrins, I'estudi destaca la necessitat critica de la imatge
PET quantitativa estandarditzada per a guiar les aplicacions teragnostiques. Atés que
elegibilitat per a la terapia amb radionuclids dirigits a receptors de peptids (PRRT)
depén de les mesures d’intensitat de captacid, les variacions en els parametres dels
escaners PET podrien afectar significativament les decisions de tractament. L’analisi
ha subratllat que diferents sistemes PET produeixen valors de captacié estandard-
itzats (SUV) variables, la qual cosa podria generar discrepancies en les recomanacions
terapeutiques.

Per a abordar aquest problema, ’estudi ha emprat ’harmonitzacié amb el metode
ComBat per a alinear els valors SUV entre els escaners PET/CT i PET/MR. Abans
de I'harmonitzacid, el 23% de les lesions es classificaven de manera diferent segons el
sistema d’imatge utilitzat, la qual cosa reflectia un acord moderat (coeficient kappa
de 0,54). Després de I'harmonitzacié, 'acord va millorar significativament (coeficient
kappa de 0,60 per a PET/MR, 0.74 per a PET/CT i 0,65 per al sistema arbitrari com
a referéncies), demostrant I'efectivitat dels metodes d’harmonitzaci6 per a garantir re-
comanacions terapeutiques consistents en diferents plataformes d’imatge.

Els resultats de I'estudi confirmen que la imatge PET pot millorar-se mitjancant
metodes computacionals avancgats, cosa que condueix a una major precisié diagnostica
i una planificacié del tractament més fiable. No obstant aixo, persisteixen diversos
desafiaments, inclosa la necessitat de conjunts d’'un nombre més elevat de dades per a
refinar ’analisi estadistica i la validacié addicional de les tecniques d’harmonitzacié en
estudis multicentrics.

Aquest estudi proporciona una evidencia solida que la imatge PET quantitativa
té un paper crucial en la presa de decisions cliniques per a la demencia i els tumors
neuroendocrins. En extraure informacié ttil de la quantificacié de les imatges PET, es
pot optimitzar la imatge per a millorar la precisio i la consistencia del diagnostic. Els
resultats d’aquesta tesi donen suport a ’avang continu de la imatge PET quantitativa
en medicina nuclear i subratllen la necessitat d’estandarditzacié per a garantir que les
decisions cliniques siguen solides per a diferents plataformes d’imatge. La investigacio
futura hauria de basar-se en aquests coneixements per a continuar millorant el paper
de la imatge PET en la medicina de precisi6.



Resumen

La presente tesis tiene como objetivo mejorar la toma de decisiones clinicas en el
manejo de la demencia y los tumores neuroendocrinos mediante el andlisis avanzado de
imégenes PET. La investigaciéon se centra en la extraccion y analisis de datos cuanti-
tativos de imagenes PET para hacer los diagndsticos mas precisos y las decisiones de
tratamiento mas confiables, al tiempo que explora formas de optimizar la tecnologia de
imagenes para mejores resultados clinicos.

En el contexto de la demencia, el estudio examina cémo las exploraciones PET
con ["*F]FDG, combinadas con una prueba de cognicién social (la prueba "Reading the
Mind in the Eyes Test”, RMET), pueden ayudar en el diagndstico temprano. También
se ha validado externamente un algoritmo de clasificacién basado en aprendizaje pro-
fundo, lo que podria mejorar la precisiéon en la deteccion de enfermedades neurode-
generativas. Otra parte del estudio se ha centrado en evaluar un nuevo escaner PET
dedicado al cerebro, comparando su calidad de imagen y capacidad diagnéstica con
los escaneres PET/CT convencionales. Estos dispositivos podrian reducir la carga so-
bre los escdneres PET/CT generales y, al mismo tiempo, proporcionar diagndsticos
neurolégicos confiables.

Para los pacientes con tumores neuroendocrinos, el estudio examina dos escaneres
hibridos de imagenes PET, PET/CT y PET/MR, para determinar qué tan bien coin-
ciden en la clasificacién de lesiones y la orientacién de las decisiones terapéuticas. Al
armonizar los datos de ambos dispositivos, se busca garantizar que, independientemente
del método de imagen utilizado, el tratamiento recomendado sea coherente. Esto ayu-
daria a estandarizar y mejorar la fiabilidad de la imagen PET para estos tumores poco
frecuentes.

Los hallazgos de esta tesis respaldaron la hipotesis de que el anélisis de imégenes
PET proporciona informacion significativa que impacta las decisiones clinicas en los
casos de demencia y tumores neuroendocrinos. En el contexto de la demencia, los
resultados demostraron que el deterioro de la cognicién social se correlaciona con cam-
bios neuroanatémicos especificos observados en las imagenes PET. En particular, el
estudio confirmé que los déficits en el reconocimiento emocional estan presentes en pa-
cientes con deterioro cognitivo leve (DCL), pero que estos déficits no son exclusivos de
la enfermedad de Alzheimer. Esto sugiere que la inclusion del RMET en la bateria de
pruebas neuropsicologicas no mejorara la precision del diagnostico de la enfermedad de
Alzheimer.

La validacién externa de un modelo de aprendizaje profundo disenado para clasi-
ficar a pacientes con DCL ha confirmado atn mas la viabilidad de los enfoques basados
en inteligencia artificial en medicina nuclear. El modelo logré una precision balanceada
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del 80% en la diferenciacién de pacientes con DCL con enfermedad neurodegenerativa de
aquellos sin ella. El estudio ha reforzado que las herramientas de inteligencia artificial
podrian ayudar a los médicos nucleares en la identificacién temprana y mas precisa de
enfermedades neurodegenerativas, aunque se requieren refinamientos adicionales para
mejorar la precision de clasificacion, especialmente en casos que involucren demencia
con cuerpos de Lewy y demencia frontotemporal.

Ademas, la comparacion entre los escaneres PET dedicados al cerebro y los sis-
temas PET/CT convencionales ha destacado el potencial de reducir la carga neuroldgica
sin comprometer la calidad de imagen ni la fiabilidad del diagnéstico. La evaluaciéon ha
mostrado que los escaneres PET dedicados al cerebro ofrecen un contraste de imagen
y una resolucion espacial comparables. Sin embargo, se observaron variaciones en las
técnicas de correcciéon de atenuacion, lo que subraya la necesidad de continuar mejo-
rando los métodos de armonizacion de imagenes para garantizar la coherencia entre
diferentes sistemas de imagen.

Para los tumores neuroendocrinos, el estudio ha destacado la necesidad de una
imagen PET cuantitativa consistente para guiar las aplicaciones teragnoésticas. Dado
que la elegibilidad para la terapia con radiontclidos dirigida a receptores de péptidos de-
pende de la cuantificacién de la intensidad de captacion, las variaciones en los pardmetros
de los escaneres PET podrian afectar significativamente las decisiones de tratamiento.
El andlisis ha subrallado que diferentes sistemas PET producen valores de captacion
estandarizados (SUV) variables, lo que podria generar discrepancias en las recomenda-
ciones terapéuticas.

Para abordar este problema, el estudio ha empleado la armonizaciéon con Com-
Bat para alinear los valores SUV entre los escdneres PET/CT y PET/MR. Antes de
la armonizacion, el 23% de las lesiones se clasificaban de manera diferente segtn el sis-
tema de imagen utilizado, reflejando un acuerdo moderado (coeficiente kappa de 0,54).
Después de la armonizacion, el acuerdo mejoré significativamente (coeficiente kappa de
0,60 para PET/MR, de 0.74 para PET/CT y de 0,65 para el sistema arbitrario como
referencias), demostrando la efectividad de los métodos de armonizacién para garantizar
recomendaciones terapéuticas consistentes en diferentes plataformas de imagen.

Los hallazgos del estudio confirman que la imagen PET puede mejorarse me-
diante métodos computacionales avanzados, lo que conduce a una mayor precision di-
agnoéstica y una planificacion del tratamiento més fiable. Sin embargo, persisten varios
desafios, incluida la necesidad de conjuntos de datos méas grandes para refinar el anélisis
estadistico y la validacion adicional de las técnicas de armonizacién en estudios mul-
ticéntricos.

Este estudio proporciona evidencia sélida de que la imagen PET cuantitativa
juega un papel crucial en la toma de decisiones clinicas para la demencia y los tumores
neuroendocrinos. Extrayendo informacion 1til de la cuantificaciéon de imagenes PET,
se puede optimizar y mejorar la precision y consistencia del diagnostico. Los hallazgos
respaldan el avance continuo de la imagen PET cuantitativa en medicina nuclear y
enfatizan la necesidad de estandarizacion para garantizar que las decisiones clinicas sean
solidas en diferentes plataformas de imagen. La investigacion futura deberia basarse en
estos conocimientos para seguir mejorando el papel de la imagen PET en la medicina
de precision.
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Chapter 1

INTRODUCTION

1.1 Medical imaging

According to the U.S. Food and Drug Administration (FDA), “medical imaging
refers to several different technologies that are used to view the human body in order to
diagnose, monitor, or treat medical conditions. Each type of technology gives different
information about the area of the body being studied or treated, related to possible
disease, injury, or the effectiveness of medical treatment” [1]. This definition highlights
the main purpose of medical imaging: to non-invasively reveal the inner structures
hidden behind the skin and bones in order to identify abnormalities and guide the
treatment of diseases.

All imaging systems and techniques are based on the fundamental principle of
mapping, which states that every object property that can be detected and localized
in space and time may be mapped into image space. These properties may then be
examined using visible light [2].

The spatial map of light, which is a visual image, has no inherent intellectual
importance. The intellectual worth of such an image is mostly determined by the mental
comparison of the image to the library of images stored inside the brain, followed by
an assessment of the image’s meaning. The overwhelming majority of medical imaging
is a pattern recognition procedure that consists of comparing visual patterns to other
ones or surrogating them to known biological or pathological features. FEvaluating
similarities and contrasts with established patterns leads to a “best fit” or “most likely”
diagnosis [3].

Understanding the image relies on the physical interpretation of its intensity.

Consequently, this means that the information stored in the image differs significantly
between imaging modalities and sometimes even within the same modality (as in mag-

1
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netic resonance (MR)). The image is assessed by a qualified specialist, often a radiologist
or a nuclear medicine physician. The professional combines the information captured
in the images along with their knowledge of the patient’s symptoms, history, anatomy,
and pathology to develop a diagnosis. Moreover, computerized image processing can im-
prove the image by reducing noise, highlighting edges, boosting contrast, or obtaining
measurements, among other functions [4].

Medical images can be considered representational because the pixel character
does not seek to replicate the tissue’s visible light characteristic, but rather another
physical parameter that has been measured and can be translated into the image. The
character of a pixel may be used to represent almost any measurable quantity that can
be spatially defined [3].

Some form of energy is required for medical imaging of the human body (Fig-
ure 1). The energy used to generate the image in the nuclear medicine and radiology
areas needs to be able to penetrate tissues. Visible light images have applications
in pathology (light microscopy), dermatology (skin photography), and gastroenterol-
ogy and obstetrics (endoscopy). However, visible light is mostly employed outside the
radiology and nuclear medicine department for medical imaging due to its limited ca-
pacity to penetrate tissues at a deep level.
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Figure 1: The electromagnetic spectrum displaying ranges of energy, frequency, and wave-
length for medical imaging.

The electromagnetic spectrum outside of the visible light range is utilized in
diagnostic radiology and nuclear medicine for medical imaging. This includes the use of
radiofrequency (RF) in magnetic resonance imaging, gamma rays in nuclear medicine,
X-rays in mammography and computed tomography (CT) and positrons in positron
emission tomography (PET). Mechanical energy, in the form of high-frequency sound
waves, is used in ultrasound imaging [5]. These medical imaging techniques are being
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used to diagnose a wide range of critical medical diseases, including congenital heart
disease, neurological disorders, complicated bone fractures, cardiac diseases, and cancers
of different tissues [6].

Ionizing radiation has enough energy to take knock electrons free from atoms,
resulting in positive ions. This applies to high-energy electromagnetic radiation (X and
~ radiation). Non-ionizing electromagnetic radiation includes light, radio waves, and
microwaves [7].

The ability of medical images to be used for diagnosis depends on both the
image’s technical quality and the specific conditions surrounding its acquisition. As
a result, technical evaluation is essential to assess image quality in medical imaging.
Usually, obtaining better images from medical imaging devices requires making acquisi-
tion protocol adjustments. For instance, higher radiation doses to patients might result
in better X-ray images; longer image acquisition times can produce better magnetic
resonance images; and higher ultrasound power levels can produce better images. It
goes without saying that patient comfort and safety must be considered while obtain-
ing medical images; as such, overdosing on patients in an attempt to obtain the ideal
image is unacceptable. Instead, patient safety and image quality must be balanced to
obtain medical images [5].

There is a wide range of characteristics that can be used to describe the quality
of an image. Some of the most common are spatial resolution, contrast and noise. All
three of these characteristics can be used to characterize distinct aspects of the image’s
quality, but they cannot be treated as fully independent parameters since gains in one
sometimes come at the cost of or deterioration of one or more of the others [8].

Spatial resolution represents the capacity to perceive very small details. When
an imaging system can clearly show the existence of small parts in the image, it has
a high spatial resolution. The minimal object size that an imaging system is able to
resolve is known as the limiting spatial resolution [5]. Sometimes, the spatial resolu-
tion has been used to describe the smallest image element of a digital image. That
being said, is only an upper constraint on the resolution. The resolution decreases with
increasing blurring. An image’s lack of sharpness can be caused by three factors: the
imaging system’s features (such as the focal spot and detector blur amount); the scene’s
geometry and characteristics (such as the subject’s shape, position, and motion); and
the viewing conditions. A tiny, but intense spot on a dark background will typically
not look as sharp in the image as it does in real life. After smoothing it, the resulting
distribution is known as the point spread function (PSF). The full width at half max-
imum (FWHM) of the PSF is a useful indicator of resolution. Two such distributions
will become indistinguishable from one another as two different objects when positioned
at this distance or less from one another [9].

The contrast in an image refers to the variation in intensity between neighbour-
ing areas. Image contrast manifests the variations in the greyscale values within an
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image. An image with sharp and large transitions between light and dark grey illus-
trates significant contrast, while an image with uniform grey indicates little contrast at
all [5]. Contrast is, more precisely, the amplitude of the image’s Fourier transforma-
tion as a function of spatial frequency. The image is divided into sinusoidal patterns
with corresponding amplitudes using the Fourier transform; these amplitudes reflect
the contrast at different spatial frequencies. The imaging process, (which includes the
source intensity and the capturing device’s absorption efficiency or sensitivity), as well
as the scene characteristics, (which include the object’s size, shape, and physical at-
tributes) and the viewing conditions (which involve the amount of illumination in the
room and the display equipment) all contribute to the definition of contrast. The spatial
resolution will also affect the contrast of very tiny objects [9].

The third measure of quality is image noise. There is always noise in imaging
due to its statistical nature. It is the image’s random element. When the amount of
noise exceeds the intensity of an object’s image, significant information becomes masked
by the noise. A crucial metric derived from signal theory is the signal-to-noise ratio,
known as SNR [9]. Another important metric related to the noise is contrast-to-noise
ratio (CNR). For a lesion or other object to be identified in an image, the observer must
be capable of differentiating it from noise-generated contrast patterns in background
areas of the same size [8].

Finally, artefacts are visual elements that can reduce the quality of medical
images. Metal streak artefacts in computed tomography (CT) and geometric distortions
in MR images are two examples of medical image artefacts. Digital image processing
can potentially produce artefacts, including edge enhancement. It is crucial to prevent
artefacts and to understand where they came from, as they can impair diagnosis or
provide inaccurate readings [9].

All things considered, proper diagnosis and treatment planning rely heavily on
the quality of medical imaging. However, it is likewise essential to prioritize patient
safety and comfort throughout the imaging procedure. By ensuring high image quality
standards while also considering the well-being of the patient, healthcare professionals
can provide optimal care.

1.1.1 Types of tomographic medical imaging

With developments in computer power and algorithms, the impact of technology
on medicine has increased and will keep growing in the future. Tomographic three-
dimesional 3D medical images, including CT, MR, and PET, are the backbone of mod-
ern medical practices and research. [10]

The relevance of anomalous voxel brightness in terms of tissue features is directly
proportional to the imaging acquisition method, which in MR images, for example, is
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the use of different RF pulses and gradient magnetic fields. Therefore, for each imaging
modality, the interpreter must know which pathophysiologic changes modify the pixel
brightness, leading to increased or decreased pixel values [3].

In this subsection, we will discuss the modalities of CT and MR, including their
applications, advantages, and limitations. Particular attention will be given to PET,
as it is the focus of this thesis on quantitative PET data extraction for precise clinical
decisions. We will dive deeper into its principles, corrections, and the hybrid and
dedicated PET scanners for medical imaging. By exploring these imaging techniques,
we aim to highlight PET’s vital role in enhancing diagnostic accuracy and optimizing
treatment planning through quantitative data analysis.

1.1.1.1 Computed Tomography

Computed tomography is a volumetric imaging method that became clinically
available in the early 1970s, and was the first medical imaging modality enabled by
computers. Tomography refers to a picture (graph) of a slice (tomo). CT scans are
created by sending X-rays through the body at a variety of angles while rotating the
x-ray tube around it. Unlike projection X-ray imaging, CT can reconstruct a two- or
three-dimensional attenuation map. The projection data from different orientations is
combined and 3D images of an object are reconstructed (see Figure 2) [4].

The aim of CT is to obtain a spatial map of attenuation coefficients u(zx,y).
Studies have demonstrated that there is a linear relationship between the grey levels in
CT images and the linear attenuation coefficients of the materials being imaged. This
relationship allows for the derivation of Hounsfield units from the measured grey levels
in CT images [11, 12]. Hounsfield advocated expressing attenuation in terms of water,
and the normalized attenuation values are named after him as Hounsfield units (HU).
Water is the reference point with 0 HU, while air has —1000 HU [4]. Table 1 depicts
the typical values in HU for diverse tissues [13].

The equation below can be employed to translate reconstructed values u(x,y)

into Hounsfield units:

/L(l‘, y) — Hwater

,uwater

HU (z,y) = 1000 (1.1.1)

CT produces a greyscale image where tissue density is represented by varying
shades of grey. Since bones are significantly denser than surrounding soft tissues, they
appear distinctly in CT scans, as illustrated in Figure 2. This makes CT a valuable tool
for examining structural anatomy. Likewise, the substantial density contrast between
soft tissues and air enables clear visualization of features such as the nasal airways.



Page 6 Chapter 1. INTRODUCTION

However, soft tissues and organs have similar Hounsfield value ranges, making it chal-
lenging to distinguish adjacent structures like fat and muscle in CT images. To enhance
visibility artificial contrast agents can be introduced into the body, highlighting specific
structures more effectively [14].

Table 1: Typical values in Hounsfield Units for diverse tissues.

Tissue Hounsfield Units (HU)
Fat -500 to -55
Liver 40 to 60
Brain tissue 37 to 45 (grey matter) to 20 to 30 (white matter)
Blood 30 to 45
Kidney 30
Contrast agents 100 to 300

Figure 2: Example of a coronal reconstruction of CT images acquired at Hospital La Fe.

1.1.1.1.1 Sectional images

Conventional chest X-rays reveal anatomical features based on the varying at-
tenuation of X-ray beams by different tissues, with bones appearing more intense and
air-filled lungs less intense. However, soft tissues like blood vessels and heart structures
are not easily distinguishable without contrast media, such as iodine-based solutions
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that enhance visibility. Additionally, X-ray images lose depth information by collaps-
ing 3D structures onto a 2D plane, making it difficult to resolve spatial relationships.
These limitations necessitate alternative imaging techniques, such as tomosynthesis or
tomography, to improve contrast and depth resolution [15].

With CT, a planar reconstruction slice of the body is defined from a helical
acquisition, and X-rays are transmitted in directions that are parallel to and contained
inside the slice’s plane. The X-ray beam doesn’t explore any area of the body outside
the slice. With a density (linear attenuation coefficient) discrimination of better than
1% and a spatial resolution of roughly 1 mm, the generated images display the human
anatomy in a section. A CT scanner appears as a machine with a central opening where
the head or body is positioned for imaging. However, behind the covers of the machine
lies a complex system that has undergone multiple advancements since its development.
Figure 3 shows a representation of four different source—detector geometries [15].

The evolution of CT scanners has progressed through several generations to
improve speed and image quality. The first-generation scanner used a single X-ray
beam and detector, capturing one projection at a time by stepping linearly across the
patient, which provided high scatter rejection but was slow, taking about 4 minutes
per section. The second generation, introduced in 1974, used a fan-shaped X-ray beam
and multiple detectors, significantly reducing scan time to around 20 seconds. By
1975, third-generation scanners expanded the fan beam to cover the entire field of
view, allowing continuous rotation and reducing scan time to under 5 seconds. Fourth-
generation scanners followed, featuring a stationary detector ring with only the X-
ray source rotating, achieving similar speeds. Ultimately, third-generation geometry
became the standard due to its efficiency and widespread adoption [15].

Line integrals and projection sets

In CT, image reconstruction relies on transmission measurements of X-rays pass-
ing through the patient. These measurements follow an integral relationship where the
X-ray intensity decreases according to the tissue’s attenuation properties. The fun-
damental equation describing this process extends Beer’s Law to account for spatial
variations in attenuation:

(@) = 18 exp (= [ plo.oldy) (11.2)

where [z, y] represents the 2D distribution of the linear attenuation coefficient, ¢
and 2’ define the position of the measurement, and I(z') is the unattenuated intensity.
This integral equation forms the mathematical foundation for reconstructing cross-
sectional images from projection data (see Figure 4) [15].

A complete set of projections is necessary to reconstruct an accurate image (see
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Figure 3). In CT, multiple X-ray beams capture projections at different angles. These
projections must be collected over a full 180° range to ensure sufficient data coverage.
Each projection provides information about the internal structure of the scanned region,
and overlapping projections improve the accuracy of the final image [15].

a) First-generation CT scanner b) Second-generation CT scanner
. 60th scan Multiple degree increments
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c) Third-generation CT scanner d) Fourth-generation' CT scanner

«

360° Continuous scan 360° stationary detector ring

Figure 3: Schematic representation of four different Source—Detector Geometries. From
“Webb’s Physics of Medical Imaging” by M. A. Flower. 2016. Pages 102-104. Copyright 2016
by The Taylor & Francis Group.

The Central-Section Theorem (also called the Fourier Slice Theorem) states that
the one-dimensional Fourier transform of a projection corresponds to a single slice of the
two-dimensional Fourier transform of the object being imaged. This theorem is critical
because it links projection data to Fourier space, allowing for an efficient mathematical
framework for CT image reconstruction. It implies that if projections are acquired
from multiple angles, they provide a full representation of the object in the frequency
domain [15].
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*.

Parallel projection

Figure 4: Schematic representation of projection data from a sectional image.

CT Image Reconstruction

The problem of reconstructing images from projections was first analyzed by
Radon in 1917 and later rediscovered in various fields, including radioastronomy and
electron microscopy. CT reconstruction techniques fall into two main categories: con-
volution and backprojection methods and iterative methods. For a long time, there was
debate about the superiority of one method over the other. However, it is now recog-
nized that different techniques suit different imaging modalities. Iterative methods, for
instance, have found applications in emission CT due to their ability to handle poor
photon statistics [15].

Filtered backprojection is the standard algorithm used in most CT scanners. It
involves two steps: filtering (the projection data is filtered using specific mathematical
functions) and backprojecting (the filtered projections are summed to reconstruct the
final image). The method is efficient and widely used because it provides rapid image
reconstruction, making it clinically practical [15].

Regarding the iterative reconstruction methods, initially, they were commonly
used in CT but were later abandoned in favor of faster analytical methods like filtered
backprojection. However, iterative techniques have recently regained attention due
to advancements in computing power. Iterative reconstruction refines the estimated
image by repeatedly comparing calculated projections with measured projections and
adjusting the estimate accordingly. The key equation in iterative reconstruction involves
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a large, sparse matrix that represents projection paths through the object. Because
direct matrix inversion is impractical, iterative adjustments are used instead [15].

Several iterative techniques exist, including Algebraic Reconstruction Technique
(ART), Simultaneous Iterative Reconstruction Technique (SIRT), and Iterative Least
Squares Technique (ILST). These methods were originally abandoned for X-ray CT due
to their high computational demands but are still used in applications where data are
noisy or incomplete, such as emission CT. Modern iterative reconstruction techniques
can use an initial estimate from filtered backprojection to reduce computation time.
While these methods significantly improve image quality and noise reduction, they are
computationally intensive and not always practical for routine clinical use. However,
all major CT manufacturers have now incorporated iterative reconstruction techniques
into their systems [15].

1.1.1.2 Magnetic Resonance

A clinical MR image is essentially a map of the magnetic properties of hydrogen
nuclei within atoms in the body [3]. It is based on the interaction of the 'H nuclei within
a powerful external magnetic field, the magnet, and radiofrequency pulses [16]. MR is
an imaging method that allows to investigate the anatomy and function of organs and
tissues throughout the human body in vivo. Its superior contrast resolution in observing
and characterizing soft tissues distinguishes it from other tomographic methods such
as computed tomography. Furthermore, it employs non-ionizing radiation (in the radio
frequency spectrum), making it a safe and harmless approach under typical conditions
of use. In the current clinical context, almost all medium-sized hospital centers are
equipped with MR equipment [17]. The key advantages of magnetic resonance imaging
might be highlighted as follows:

o Non-ionizing radiation.

o High contrast between soft tissues.

o Multi-planar acquisition.

o Extensive information for each anatomical level, allowing for improved differential
diagnosis.

o Excellent balance of spatial and temporal resolution for dynamic and functional
studies.

The primary drawbacks are:

o Longer acquisition time compared to other procedures.

o Claustrophobia.

o Absolute value scales are not feasible since image intensity levels are relative.
» Sequences are challenging to optimize.

o Higher cost than other imaging techniques.

o Acoustic noise.
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MR places the patient in an intense magnetic field that aligns the hydrogen
protons in the body, and generates a pulse of radio waves using antennas (“coils”)
positioned around the subject. The protons of the 'H nuclei in the patient absorb the
radio waves and then reemit the energy after a time period determined by the tissue’s
spatially dependent magnetic characteristics. The protons in the patient generate radio
waves, which are detected by the coils around the patient. Since frequency is related
to magnetic field intensity, applying magnetic field gradients to gradually change the
intensity of the magnetic field as a function of position in the patient causes the proton
resonance frequency to vary. The MR system determines the position of each patient
signal by analyzing the frequency and phase of the returned radio waves [5].

MR generates a series of tomographic pictures displaying slices through the body,
with each point in the image dependent on the micromagnetic characteristics of the
tissue at that location. Since many types of tissue, such as fat, white and grey matter
in the brain, cerebral spinal fluid, and cancer, have differing local magnetic properties,
MR images are very sensitive to anatomical differences and hence high contrast. MR
has showed remarkable value in neurological imaging (Figure 5) and musculoskeletal
applications, such as imaging the knee after a sports injury (Figure 6) [5].
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Figure 5: Example of a T1 MR brain image of a healthy subject acquired in Plataforma de
Radiologia Experimental y Biomarcadores de Imagen (PREBI).

The physical properties of the voxels in an MR image are diverse, and images
can reflect a combination of several tissue characteristics. The numerical value of an
MR voxel is primarily controlled by the following MR parameters: proton density (PD),
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spin lattice relaxation time (T1), and spin-spin relaxation time (T2). Chemical shift,
magnetic susceptibility, and motion flow are secondary factors influencing MR voxel
values. The weighting assigned to each of these factors varies substantially depending
on the timing of the RF pulses and the applied gradient magnetic fields [3].

Figure 6: Example of an MR knee image of a person after a sports injury acquired at
Hospital La Fe.

Relaxation is the process by which protons return to their original state be-
fore the administration of a radiofrequency excitation pulse. T1 relaxation occurs when
protons return energy to the molecular environment, which varies by tissue and there-
fore affects the relaxation process. Because free water molecules move at greater natural
frequency than precession frequencies, the energy exchange is less effective; as a result,
the T1 is long, and the tissue seems hypointense in the images. On the contrary, bound
water has a frequency near the frequencies of precession; hence, the relaxation occurs
quicker, with a short T1 and hyperintense tissue. Pathological tissues often have a
larger fraction of free water [16].

T2 relaxation occurs when protons dephase based on two causes: interaction with
the oscillatory magnetic fields of the protons in their surroundings and heterogeneities
in the magnetic field. When both factors contribute to relaxation, the result is known as
T2*. If the heterogeneities of the magnetic field are adjusted, as with the re-phase pulses
in the spin echo sequence, and the relaxation is solely due to protons’ interactions, we
refer to relaxation T2, which is slower than T2*. T2 is also known as spin-spin relaxation
and it additionally depends on the distance between molecules. The interaction between
the magnetic fields generated by protons decreases as their distance from one other
increases. As a result, free water exhibits a slower T2 relaxation (long T2). In bound
water, dephasing is favored, leading to a short T2 [16].

Although magnetic resonance imaging generates tomographic images, meaning
in slices, there are two main ways to acquire them: 2D and 3D. Two-dimensional
MR acquires images slice by slice, with each slice representing a thin section of the
anatomy. This method is traditionally used due to its simplicity and robustness, but it
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has limitations such as longer acquisition times for multiple planes, potential issues with
slice misregistration, and partial volume effects. Three-dimensional MR, on the other
hand, acquires volumetric data in a single acquisition, allowing for isotropic resolution.
This means that the voxel dimensions are equal in all three spatial directions, enabling
high-quality multiplanar reformation and reducing the need for multiple acquisitions
in different planes. 3D MR offers several advantages over 2D MR, including improved
spatial resolution, higher signal-to-noise ratio, and shorter overall scan times due to the
ability to cover larger volumes more efficiently [18-20].

1.1.1.2.1 Sequences in MR imaging

Sequences are a succession of RF pulses and gradients controlled by a computer
to produce an image. In principle, each sequence adds a particular level of contrast to
the image. The sequences have two essential characteristics that determine the image’s
contrast: repetition time (TR) and echo time (TE). The TR is the time between two
consecutive pulses of excitation. The TE is the period between the excitation pulse and
echo generation. Both are measured in milliseconds. The TR parameter controls the
amount of longitudinal magnetization that recovers between pulses, thereby influencing
T1 weighting [16].

The TE parameter determines the extent of transverse magnetization decay, thus
affecting T2 weighting. When a sequence is described as T1-weighted, it means that the
resulting contrast between tissues primarily reflects differences in their T1 relaxation
times. Similarly, T2-weighted sequences emphasize differences in T2 relaxation. A
proton density (PD)-weighted sequence is designed to highlight variations in the number
of protons within different tissues. However, image contrast is rarely purely dependent
on a single parameter; while one factor may dominate, others also contribute to the
final image appearance. [16].

Pulse sequences are essentially split into two types: spin echo and gradient
echo sequences. In general, both families can benefit from inversion recovery and echo
planar imaging. In practice, however, spin-echo sequences are linked with inversion
recovery pulses, whereas echo planar imaging trajectories are used with gradient echo
sequences [21]. For practical reasons, we can consider the three groups of sequences
listed below:

 Spin-echo sequence (SE)
« Gradient Echo Sequence (GRE)
« Inversion Recovery Sequences (IR)

Spin echo sequence

A conventional spin-echo sequence produces one or more spin-echoes by using a
90° RF excitation pulse followed by one or more 180° RF rephasing pulses. Each 180° RF
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rephasing pulse produces a distinct spin-echo, which is received by a coil and utilized to
form an image. Although any number of echoes may be generated, spin-echo sequences
generally produce one or two echoes. The spin-echo is primarily responsible for contrast,
but negative polarity applications of the slice select and frequency-encoding gradients
also contribute to it. Furthermore, spoiler gradients are applied at the conclusion of
each TR period to ensure that there is no coherent transverse magnetization at the
start of the next repetition [22].

Spin-echo pulse sequences are regarded as the gold standard since the contrast
they generate is understandable and predictable. They yield high-quality T1-, T2-, and
PD-weighted images across the body. However, one downside is that the scan times are
rather long [22].

Gradient Echo Sequence

There are three main distinctions between SE and GRE sequences [21].

o There is no 180-degree pulse in GRE. Gradients are used to rephase transverse
magnetization (TM) in GRE, specifically the reversal of the frequency encoding
gradient. Gradient echo sequence is named for the fact that gradient rephasing
produces a signal.

o The flip angle in GRE is frequently less than 90 degrees. Because the flip angle is
narrower, longitudinal magnetization will recover more quickly, allowing TR and
hence scanning time to be minimized.

o Transverse relaxation can be generated by two mechanisms: irreversible dephasing
of the TM due to nuclear, molecule, and macromolecular magnetic interactions
with the proton. Alternatively, magnetic field inhomogeneity causes dephasing.

In the SE sequence, the 180-degree pulse eliminates dephasing produced by mag-
netic field inhomogeneity. Hence, there is “true” transverse relaxation in SE sequence.
There is no 180-degree pulse in the GRE sequence to compensate for the dephasing
effects of magnetic field inhomogeneity. T2 relaxation in GRE is referred to as T2*
relaxation [21].

Gradient-echo sequences are categorized based on which of these signals they
employ. They are often referred to as follows:

o Coherent or rewound gradient-echo: Coherent or rewound gradient-echo pulse se-
quences are commonly employed to provide T2*-weighted images in a short scan
duration. Because water is hyperintense, it is frequently described as having a
myelographic, lymphographic or arthrographic effect. They can be used to assess
if a vessel is patent or if fluid is present in a particular location. They can be
obtained slice by slice or as a 3D volume acquisition. Because the TR is short,
slices may be obtained in a single breath-hold.
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o Incoherent or spoiled gradient-echo: Because the stimulated echo comprises pri-
marily T2* and T2 information, which is spoiled, these pulse sequences provide
T1- or PD-weighted images. Flowing water (blood and cerebrospinal fluid (CSF))
may have a relatively large signal due to gradient rephasing. These sequences
are employed for 2D and volume acquisitions, with 2D acquisitions providing
T1-weighted breath-hold images because to their short TR. Incoherent or spoiled
gradient-echo sequences show acceptable T1 anatomy and pathology after gadolin-
ium contrast enhancement.

o Reverse-echo gradient-echo: These sequences were employed to acquire images
with proper T2 weighting. They were particularly effective in the brain and
joints, using both 2D and 3D volumetric scans. Turbo Spin Echo (TSE) has
essentially annulled this sequence, resulting in superior T2 weighting in shorter
scan durations. Shifting the stimulated echo is employed in sequences that require
rapid data collection and extended time to echo. An example of this is in perfusion
imaging.

» Balanced gradient-echo: Balanced GRE was originally created to image the heart
and major vessels, but it is now employed in spinal imaging, particularly the
cervical spine and internal auditory meatus, where CSF flow is restricted. It is
also employed to image the abdomen.

o Fast gradient-echo: The echo planar imaging pulse sequence reduces physiological
motion in MR images, making it useful for studying the heart and coronary veins,
as well as performing interventional methods. Rapid imaging also allows for the
visualization of physiological processes including perfusion and blood oxygenation.
Nerve stimulation may occur as a result of this pulse sequence’s fast flipping of
gradient polarity, particularly in the frequency encoding axis [22].

Inversion Recovery Sequences

The IR sequence begins with an inverted 180-degree pulse followed by the stan-
dard spin-echo or gradient echo sequence. In practice, it is frequently used with SE
sequences. The inverting 180-degree pulse switches longitudinal magnetization (LM)
from the positive to negative side of the Z-axis. This saturates all of the tissues. LM
then progressively recovers and rebuilds along the positive side of the Z-axis. The LM
recovery varies per tissue, depending on its T1 value. After a while, the standard series
of 90-180 degree pulses is applied. Tissues will exhibit varying degrees of LM recovery
based on their T1 values. This can be noticed in the enhanced T1 contrast in the im-
ages. The period between inversion 180 degree and excitatory 90 degree pulses is known
as “time to invert” and it is the main determinant of contrast in IR sequences [21].

IR is commonly used to generate substantially T1-weighted images that depict
anatomy. Because the fat and water vectors are fully saturated at the start of each
TR, the 180° RF inverting pulse causes a significant contrast difference between them.
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Tissues begin to recover from complete inversion rather than from the transverse plane,
as in traditional spin-echo. This gives more time for variations in T1 recovery peri-
ods between tissues to become apparent, hence IR pulse sequences provide higher T'1
weighting than traditional spin-echo. Furthermore, because gadolinium preferentially
shortens the T1 recovery periods of certain tissues, IR pulse sequences boost signal
from contrast-enhanced structures [22].

The two main sequences in this category are Short Tau Inversion Recovery
(STIR) and Fluid Attenuated Inversion Recovery (FLAIR). STIR is an extremely sig-
nificant sequence in musculoskeletal imaging because it suppresses normal bone, which
includes fatty marrow, allowing lesions inside bone, such as bone bruises and tumours,
to be seen more clearly. It is also a very helpful sequence for lowering fat in general
MR imaging [22].

FLAIR images are employed in brain and spine imaging to better reveal periven-
tricular and cord lesions since it cancels out the strong signal from nearby CSF. It is
highly effective for detecting multiple sclerosis plaques, acute subarachnoid hemorrhage,
and meningitis. Another variation on this pattern in brain imaging is choosing an in-
version time (TI) that corresponds to the null point of white matter. This TI value
suppresses signal from normal white matter, making lesions inside it look significantly
brighter in contrast. This sequence (with a TT of around 300 ms) is effective for detect-
ing white matter lesions such as periventricular leukomalacia and congenital grey/white
matter abnormalities [22].

1.1.1.3 Positron Emission Tomography

PET is a noninvasive imaging modality that provides physiological information
by administering radioactive compounds (radiopharmaceuticals) containing a positron-
emitting radioisotope. As the radioisotope decays, emitted positrons annihilate with
electrons, generating gamma photon pairs. PET scanners detect these photons and
reconstruct the radiotracer’s 3D distribution, enabling functional imaging of metabolic
and biochemical processes [23] (see Figure 7).

Figure 8 illustrates the sequential steps involved in a PET examination. The
first stage in a PET exam is the production of a radiopharmaceutical suitable for imag-
ing the condition in question. Then, the radiopharmaceutical is then administered into
the body, normally by an injection but occasionally through inhalation. The period
between radiopharmaceutical injection and data acquisition is determined by the spe-
cific pharmacokinetics of the drug and is based on the goal of the imaging investigation
and the specific type of tracer used. In some studies, the acquisition begins imme-
diately, whereas in others it may take hours or days after the radiopharmaceutical is
administered [2].
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When the radioisotope undergoes positron (87) disintegration, a positron is
emitted that travels a distance of up to a few millimeters before annihilating itself with
an electron of the tissue-forming materials. The annihilation generates a pair of photons
that move in almost opposite directions. The pairs of photons of annihilation that leave
the human body and are detected in coincidence by the PET scanner are the basis of the
image of this mode. These emissions travel in all directions from within the patient’s
body at a rate in proportion to the local concentration of radiopharmaceutical [24].

Pair of annihilation
photons (511 keV)

gamma ray
detectors

Radiopharmaceutical
administration

Figure 7: Graphical representation of Positron Emission Tomography. Source: Created by
the author.

Imaging equipment detects photons, and coincident events form a line of response
to identify the isotope of origin within the patient. Each position, energy and direction
of each photon pair are measured and stored for subsequent 3D reconstruction [2].

In the past, image analysis in medicine primarily relied on clinicians visually
inspecting and evaluating images, although some quantitative assessments (such as
ratios and other simple metrics) were also extracted. However, with the advent of
advanced instrumentation and the ability of PET imaging to accurately reproduce
activity concentration, image quantification has significantly evolved. Nowadays, com-
puterized analysis of medical images plays a crucial role in modern medicine, offering
physicians additional information to guide decision-making processes.

As previously stated, PET imaging provides insights into the physiological and
metabolic processes that occur within the body. At this point we’ll look at the un-
derlying concepts that motivate PET imaging, providing an overview of the complex
processes that enable this technique. Radiopharmaceuticals are an important compo-
nent of PET imaging because they help to visualize and measure biological activities.
We will look at PET’s numerous medical uses, ranging from cancer to neurology, and
demonstrate its versatility in clinical practice. Furthermore, integrating PET with
complementary and structural imaging modalities like CT or MR has considerably



Page 18 Chapter 1. INTRODUCTION

improved diagnostic accuracy, while dedicated PET scanners have optimized imaging
performance. This detailed review is intended to offer an understanding of the com-
plexities and improvements in PET imaging technology.

Production of
Radiopharmaceuticals

Radiopharmaceutical
administration

Acquisition
of data

Image
reconstruction

Image
analysis

Figure 8: Steps involved in a typical Positron Emission Tomography examination.

1.1.1.3.1 PET Imaging Basics

To begin with, we will cover the general concepts of PET, followed by an explo-
ration of the data acquisition process, the degradation phenomena and its corrections
and techniques used for image reconstruction. This will provide a concise understanding
of how PET works and how it generates detailed images for medical diagnosis.

1.1.1.3.1.1 General concepts

The following paragraphs go into the fundamental principles necessary for un-
derstanding PET imaging. We will begin looking into the nuclear structure and nu-
clide excited states. The radioactive processes will also be described. Furthermore,
relevant photon interaction with matter will be explored, including the photoelectric
effect, Compton scattering, and pair production. These interactions are critical in the
detection, which is the first step for imaging.
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Nuclear structure, excited states and stability of nuclides

At present, matter is considered to be composed of compounds, which in turn are
made up of elements. Elements are defined by the atoms that compose them. Atoms
consist of a nucleus containing protons and neutrons, with electrons orbiting in the outer
shell. The different types of atomic nuclei are referred to as nuclides. An element is
defined by its atomic number (Z), while a nuclide is identified by both its atomic number
(Z) and its mass number (A). The mass number (A) represents the total sum of protons
(Z) and neutrons (NN) in the nucleus, expressed as A = Z + N. A general notation for
a nuclide is 4X, where X is the element to which this nuclide belongs. Nuclides are
classified based on their mass number, neutron number, and atomic (proton) number.
Nuclides with the same mass number are referred to as isobars, those with the same
number of protons are known as isotopes, and those with the same number of neutrons,
isotones [25].

Regarding the structure of a nucleus, it is postulated that nucleons are ar-
ranged in energetic levels within the nucleus, similar to electrons in an atom. Nu-
cleons can be excited to higher unoccupied energetic levels through the absorption of
energy from outside the nucleus. The ground state of a nuclide refers to the lowest
energy arrangement of its nucleons. When nucleons move to higher energy levels, these
are called excited states or energy levels. However, nucleons are strongly bound within
the nucleus, with binding energies ranging from 5 to 8 MeV, which is about 1,000 times
greater than the energy required to remove electrons from an atom. Therefore, remov-
ing a proton or neutron from the nucleus requires a considerable amount of energy,
which can only be achieved in nuclear reactors, particle accelerators, or cyclotrons [25].

Excited states of a nucleus are highly unstable and typically last for less than
10~ seconds before they decay to the ground state or a lower energy state by emitting
high-energy radiation. Since excited nuclei have the same mass number, atomic number,
and number of neutrons as their ground state, they are referred to as isomers. How-
ever, many nuclides remain unstable even in their lowest energy state. These unstable
nuclides are called radionuclides. To become more stable, they release energy by emit-
ting either electromagnetic radiation (such as gamma rays) or charged particles (such
as alpha or beta particles). This process is known as radioactive decay. The stability
of a nuclide depends on the interaction of two fundamental forces: the strong nuclear
force and the electromagnetic force. The balance between these attractive (strong force)
and repulsive (electromagnetic force) interactions determines whether a nuclide remains
stable or undergoes radioactive decay [25].

Radioactive Processes

The three three most common radioactive decay processes by which a radionu-
clide achieves stability are called alpha, beta, and gamma decay.

A radionuclide emits a heavy, charged particle known as the «a particle during
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alpha decay. An «a particle carries twice the electric charge of a proton and is four
times heavier than a proton or neutron. With atomic mass number A = 4 and atomic
number Z = 2, the « particle is indeed a stable nuclide. This happens to be the
nucleus of a helium atom. According to the principles of conservation of mass number
and electric charge, when a nucleus undergoes alpha decay, it loses four units from its
mass number (A) and two units from its atomic number (Z). This means the new
nucleus formed, called the daughter nucleus, is lighter and has a lower atomic number.
Alpha decay mainly occurs in heavy radioactive elements with a mass number greater
than 150. The kinetic energy of the emitted alpha particle is always specific and fixed
for each type of decay [25]. The process can be represented using the following equation:

24X = 473Y + 3He (o particle) (1.1.3)

During beta decay, a neutron or a proton inside the nucleus of a radionuclide
is converted to a proton or a neutron, respectively. Weak forces govern the transfor-
mation of a neutron into a proton or a proton into a neutron. One of three processes
(electron emission (57), positron emission (57), or electron capture (EC)) occurs in
this phenomena. Following any of these three processes, the mass number A stays con-
stant, and is hence known as an isobaric transition, whereas the Z number changes in
+ 1 [25].

Electron emission: In beta decay by electron emission, a neutron inside the ra-
dionuclide is converted into a proton, and the excess energy is released as a pair of
particles, an electron (e~) and an antineutrino (7). When radioactive decay occurs,
extra energy is converted into these. The antineutrino has no biological significance
given that it rarely interacts with matter [25]. The process of = can be represented
using the following equation:

IX=,40Y +e +v (1.1.4)

Positron emission: In beta decay by positron emission, a proton in the nucleus is
transformed into a neutron and emits extra energy as a pair of particles: a positron (e™)
and a neutrino (v) [26]. The process can be represented using the following equation:

X =, e+ (1.1.5)

Image formation of PET is based on radioactive decay via positron emission.
The positron is the antiparticle of the electron. Following its ejection from the nucleus,
it collides with atoms in the surrounding matter, losing kinetic energy and coming to
rest typically a few millimeters from where it originated in the body’s tissues. To be
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more precise, the positron and an electron combine to create the positronium, a tran-
sient “atom” with a lifetime of around 107! seconds with the positron operating as
its “nucleus”. Then, in an annihilation reaction, the positron and the negative electron
unite, converting their masses into energy. Each particle has a mass-energy equivalence
of 511 keV. Two 511 keV annihilation photons are produced, which depart the annihi-
lation event site in almost opposite directions (180 degrees apart) [26]. Figure 9 shows
a schematic representation of the process.

For a stationary electron-positron pair, momentum conservation requires the
“back-to-back” emission of annihilation photons. The annihilation photons, however,
may be emitted in directions that deviate from the ideal by only a few tenths of a degree
since both particles are in fact moving. A positron is ejected from the nucleus during 5%
decay, and since the atomic number decreased by one, the daughter atom also releases
an extra electron to return to its ground state. To conserve total energy, the mass of
nuclide X must exceed that of nuclide Y by at least 1.02 MeV, which corresponds to
twice the mass of an electron. This requirement arises because a nuclide’s mass includes
the mass of the nucleus and the electrons associated with it. Nuclide X contains the
mass of Z electrons, while nuclide Y has only (Z - 1) electrons. Additionally, a positron
is produced using the nuclear energy of nuclide X. Therefore, nuclide X must have a
mass greater than that of nuclide Y plus the mass equivalent of two electrons. The
extra transition energy over 1.022 MeV in 7 decay is shared by the neutrino and the
positron (kinetic energy).

511 keV

511 keV

Figure 9: Annihilation process between a positron (87) and an electron (e™). A pair of
511 keV annihilation photons are emitted at 180 degrees from one another.

Given that each nuclear decay event produces two photons, positron emitters are
useful in nuclear medicine because they produce two simultaneous photons traveling in
opposite directions, allowing for their detection in coincidence. Furthermore, innova-
tive “coincidence-counting” techniques may be applied owing the accurate directional
connection between the annihilation photons [26].

Electron Capture: In beta decay by electron capture, a proton within the nucleus
converts into a neutron by capturing an electron from one of the atom’s shells. The only
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particle released is a neutrino, with no emission of an electron or positron. Electron
capture is one of the rare cases where a nucleus directly interacts with an atom’s orbital
electrons. The process can be represented using the following equation:

AX + e (orbital) = , 1Y 4+ v (1.1.6)

Finally, gamma decay is a type of radioactive decay where an excited atomic
nucleus releases excess energy in the form of gamma rays (high-energy photons). Unlike
alpha or beta decay, gamma decay does not change the number of protons or neutrons
in the nucleus, instead, it allows the nucleus to transition to a lower energy state.

This process often follows alpha or beta decay when the nucleus remains in an excited
state [27, 28].

Radioactivity

Radioactivity, also referred to as the activity of a radionuclide, is the number
of disintegrations of a sample of nuclei (atoms) per unit of time (decay rate) [25].
The parameter known as the radionuclide’s half-life describes the rate at which nuclei
spontaneously undergo radioactive decay. The half-life is the time required for half of
the unstable nuclei to decay. The number of atoms decaying at a given time is governed
by the number of unstable nuclei present and the nuclide’s decay constant (), which is
expressed as an exponential function. The activity of a radionuclide refers to the rate
at which unstable nuclei decay at any given time [7]. The activity of the nuclide after
a time ¢ is given by the next equation:

Ay = Age™ (1.1.7)

where Ag corresponds to the amount of activity at the initial time. The decay
constant can be expressed as:

(1.1.8)

The units for (\) are time™!. The SI unit for radioactivity is the becquerel (Bq),
and one Becquerel equals to one disintegration per second.

Interaction of Photons with Matter

Energy may be transferred to a material through interactions between ionizing
radiation and the matter. One frequent result is the ionization or excitation of the
atoms in the absorbing material, however other processes could also occur. Generally
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speaking, a particle’s likelihood of being absorbed by a material increases with its mass.
While beta particles are more penetrating, large particles like alpha particles have a
comparatively short range in matter. The neutrino interacts poorly with matter due to
its relatively small mass and lack of charge, making it difficult to stop or detect. Since
photons have no mass, they are highly penetrating. In the energetic range for the
medical applications that we are interested, the photons interact with matter by three
main mechanisms: the photoelectric effect, the Compton effect, and pair production [7].

These interactions allow us to detect the gamma photons, which contributes
valuable information for image formation. However, as a consequence of this interac-
tions, gamma rays may be scattered outside the field of view and lost during imaging,
or they may be absorbed inside the object. The impact is depth-dependent because
gamma rays emitted from deep within the object have a higher possibility of being
absorbed. Attenuation makes the reconstructed image look dark inside the object if
it is not taken into consideration [2]. This aspect will be discussed later in the image
reconstruction subsection.

Photoelectric effect: The interaction of photons with an atom’s orbital electrons
where the electron receives all of the energy from the photon is known as the photo-
electric effect. It receives the remaining energy as kinetic energy after part of it has
been used to overcome the electron’s binding energy. An inner shell electron is often
involved in the photoelectric effect. A more loosely bound electron from the outer or-
bital descends to fill the vacancy left by the electron’s ejection from the atom, ionizing
the atom. When this occurs, the changes in the binding energies of the various electron
levels will lead to radiation emission. This is a characteristic X-ray. A photoelectron is
the name given to the released electron. Figure 10 represents this effect. Alternately,
an Auger electron is the name for the second electron that the atom may release in
place of an X-ray in order to remove the energy. The atom is now doubly charged as a
result. Based on the characteristics of the released particles, spectroscopic techniques
are employed to identify materials using characteristic X-rays and Auger electrons [7].

ejected
photoelectron

Figure 10: Schematic representation of the photoelectric effect.
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In human tissue, for elements with low Z, the photoelectric effect predominates
at energies lower than around 100 keV. It is especially important for low-energy ra-
dionuclide imaging and X-ray imaging. At the energy of annihilation radiation (511
keV), it has little effect; however, with the development of combined PET /CT systems,
in which the CT system is used for attenuation correction of the PET data, understand-
ing the physics of interaction through the photoelectric effect is crucial for determining
the appropriate values of the attenuation factors from the X-ray CT [7]. Moreover,the
photoelectric effect becomes relevant in the instrumental detection of these photons.
Detectors are typically made of materials with high Z to enhance photoelectric inter-
actions and improve the efficiency of photon detection at this energy.

Compton scattering: The interaction of a photon with a loosely bound orbital
electron, and there is a change in the direction, is known as Compton scattering. Since
the electron and atom are so loosely connected, the electron is basically free. In human
tissue, this impact is most prominent at energies greater than 100 keV and lower than
2 MeV. When weighed against the photon’s energy, the electron’s binding potential to
the atom is so minimal that it might be insignificant in the calculation. Following the
interaction, the electron is ejected from the atom and the photon changes direction.
The photon’s energy loss is split between the electron’s kinetic energy imparted to
the Compton recoil and the energy level’s small binding energy. Figure 11 represents
Compton scattering. The material’s characteristics or electron density have no effect
on the energy transmitted [7].

Scattered photon
14 14
Incident ph
O Scattering angle

Ejected Compton
recoil Electron

Figure 11: Schematic representation of Compton scattering.

The Compton equation may be used to determine the photon’s energy following
Compton scattering:

E = b,
714+ (1 - cos(6,))

moc?

(1.1.9)

Most (> 80%) of detected scattered events have only experienced one scattering
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interaction, according to several Monte Carlo computer simulation studies of annihila-
tion radiation interaction with tissue-equivalent material in PET [7].

Pair production: In order to preserve charge, photons with energies larger than
1.022 MeV (twice the energy of an electron at rest) may spontaneously be converted into
a positron-electron pair when they pass close to a nucleus. This process is represented
in Figure 12. At high energies, direct pair production in the Coulomb field of a nu-
cleus dominates the interaction process. The probability of pair production increases
with energy over the threshold of 1.022 MeV. The probability of this happening is
around 60% at 10 MeV [7].

Figure 12: Schematic representation of pair production.

1.1.1.3.1.2 Data acquisition

The data acquisition process in PET imaging is critical for acquiring high spatial-
resolution images. The next paragraphs explore the PET system architecture for accu-
rate gamma ray detection, with a focus on scintillation crystals and photosensors. It
will also go over the basics of list mode data acquisition, which allows for the recording
of events as they take place, as well as the coincidence detection, which assures that
only true simultaneous gamma ray events are analyzed. Finally, we’ll read about the
advantages of having time-of-flight (TOF) information, which improves image qual-
ity by increasing photon localization accuracy, resulting in clearer and more detailed
images.

PET system architecture for the detection of gamma rays

As previously pointed out, PET imaging involves the detection of 511 keV pho-
tons, which are produced when an electron and a positron annihilate. The scintillation
detector is the key component of most PET detector systems. The detector is comprised
of a scintillation crystal and a photodetector, such as a photomultiplier tube (PMT)
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and recently a SiPM. When the annihilation photon interacts with the scintillator ma-
terial, the released energy is converted in optical photons. A portion of these photons
is converted in an electric signal proportional to the number of light photons produced
within the scintillation crystal and the energy of the incident annihilation photon. The
photon’s original energy of 511 keV may decrease because of Compton scattering as it
travels through the patient’s body to the scintillation crystal surface. Additionally, the
annihilation photon may not completely lose its energy in the initial crystal and instead
scattered to a nearby crystal, where it is absorbed. As a result, the two crystals receive
only a portion of the original 511 keV energy [29]. Figure 13 shows the general design

of a PET system.
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Figure 13: PET system design. Left scheme represents PET scanner. On the right, a com-
bined PET/CT scanner is represented. From “Hybrid MR-PET Imaging: Systems, Methods
and Applications” by C.W. Lerche, U. Pietrzyk, and M. Lenz. 2019. Page 158. Copyright
2019 by The Royal Society of Chemistry.

Scintillation crystals: Scintillation is the process by which light is emitted from
crystals when they are irradiated with ionizing radiation. In the past, bismuth ger-
manate (BGO) and thallium-doped sodium iodide (NaI(T1)) were frequently employed
because of their appropriate scintillation qualities. But thanks to developments in scin-
tillator materials, cerium-doped lutetium oxyorthosilicate (LSO) and lutetium-yttrium
oxyorthosilicate (LYSO), which have better performance characteristics, have been de-
veloped and adopted. The state-of-the-art scintillator for PET is LYSO, which is pre-
ferred for its high light yield, fast decay time, and high stopping power [30, 31].

The conversion of gamma rays to light is a complicated process that may be
summarized as the crystal absorbing gamma ray energy and leaving its electrons in an
excited state. The gamma photon’s energy is transferred to the crystal via one or more
Compton or photoelectric interactions. Each of the energetic electrons produced by
these gamma ray interactions distributes its energy to electrons in the crystal, leaving
them in an excited state. As they return to their previous states, part of their energy
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is released as optical photons [32]. Thicker crystals have better sensitivity because
they attenuate more of the original and dispersed gamma rays, but thinner crystals
have lower sensitivity because they let more photons out. However, thinner crystals
have better spatial resolution. After absorbing energy, excited electrons return to their
original state. As a result, light photons are emitted [32].

Photosensors: In order to detect the gamma photons generated by positron
annihilation, PET uses advanced photosensor technologies. Photomultiplier tubes have
historically been used largely because of their fast temporal response, low noise, and
high gain. However, they are less appropriate for current multimodal imaging systems
due to their size, fragility, high voltage requirements, and magnetic field susceptibility.
Although they are smaller and have less magnetic field resistance than PMTs, avalanche
photodiodes (APDs) were a solid-state substituted that lacks PMTs in terms of gain
and timing accuracy.

Around the mid-2010s, silicon photomultipliers (SiPMs) began gaining signifi-
cant traction in PET imaging. They have been positioned as the leading technology
for PET imaging. SiPMs combine the compactness and magnetic insensitivity of APDs
with the high gain and timing performance of PMTs, making them ideal for appli-
cations such as time-of-flight PET and hybrid PET/MRI systems. Cadmium zinc
telluride (CZT) detectors, which convert gamma photons directly into electrical sig-
nals, offer excellent energy resolution but are still undergoing research for widespread
PET adoption. To satisfy the requirements of high-performance, multi-modal medical
imaging, the field is gradually moving away from conventional PMTs and towards more
sophisticated solid-state detectors like SiPMs and CZTs.

In Figure 13, an implementation of a PET scanner is displayed on the left.
An integrated PET/CT scanner is illustrated on the right. The emission data and
transmission data will be obtained sequentially in both scenarios. The PET and CT
rings are positioned in a close, in-line arrangement in the PET/CT scanner. To reduce
the number of detection events scattered between both modalities, additional v ray
shields, may be positioned between the CT and PET components [29].

List mode data acquisition

The main design and crucial performance parameter of PET scanners are de-
termined by the need to stop and detect both annihilation photons. Both photons are
emitted in opposite directions during the positron annihilation process, and their flight
directions create a straight line between the two scintillation pixels where the v rays
were detected. This line, known as the line-of-response (LOR), establishes the ~ rays’
flight direction (see Figure 14). Since the pair of photons are emitted simultaneously,
coincidence detection is used in this technology [29].

The total amount of tracer in the LOR will determine the number of coincidence
events observed, assuming that physical factors like attenuation, random and scattered
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coincidences, and detector efficiency changes are not present. Image reconstruction is
the process of estimating, from the measured data, the distribution of radiopharmaceu-
tical activity inside the body.

Currently, list mode is commonly employed in PET imaging due to its ability to
record each detected event with precise timing and spatial information. This detailed
data allows for list mode reconstruction, where images are generated directly from
individual events. List mode reconstruction enables greater flexibility and accuracy,
particularly in advanced applications like dynamic imaging, motion correction, and
time-of-flight PET, leading to improved image quality and temporal resolution [2].

Figure 14: Line of response of pair photon detection in coincidence. (LOR = Line of
Response). Source: Created by the author.

In this mode, a time stamp indicating the moment when the coincidence event
happened is sequentially stored. The outcome of the scan is a single file with a list of
coincidence events arranged chronologically. After a scan is finished, the events in this
list can be integrated across any time interval, enabling the number and duration of
frames to be selected and changed as needed. This may, for instance, make it possible to
remove data points if a patient relocated. Following the organization of the projection
data into frames, each representing a distinct time interval, the frames are separately
reconstructed into tomographic images [26].

Coincidence Detection

As previously mentioned, PET imaging is based on pairs of annihilation photons
that leave the human body and are detected by the PET scanner simultaneously. The
patient is surrounded by ring-shaped detectors that detect the annihilation photons.
These photons may be detected individually and are referred to as single events. The
single event rate is the total number of events that each detector processes. We are
able to distinguish true coincidence from scattered coincidence and random or multiple
coincidence [24]. These different forms of matching that occur in a traditional PET
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scanner are shown in Figure 15.

a) True coincidence b) Scatter coincidence

Figure 15: Different event types of photon detection of annihilation coincidence. (LOR =
Line of Response). Source: Created by the author.

The first are the ones that are desired (a), as it suggests that the coincidence
detection is the result of a single annihilation in which the photons have maintained
their original direction. When one of the annihilation photons is scattered and fails to
travel in the original direction, scattered coincidences (b) happen. Two photons that
were originally detected in coincidence from two different annihilations are the subject of
random or multiple coincidences (c, d). Reconstructing the original distribution of the
radioactive substance throughout the body from the detections is the primary goal of
the PET image, which corresponds with the true coincidences. Consequently, they must
be minimized, estimated and corrected by scattered and random coincidences. It should
be known that although the patient’s activity increases true and scattered coincidences
linearly, the rise in random coincidences is squarely related to the patient’s activity,
and the latter occur more frequently when the patient’s activity level is high [24].



Page 30 Chapter 1. INTRODUCTION

Time-of-Flight PET

The disparity in arrival timings can only be used to approximate the annihilation
position along this LOR. We refer to this method as TOF PET [29].

TOF information on a PET scanner involves knowing exactly when each annihi-
lation photon was detected. Because the annihilation photons are released at the same
moment, the difference in detection timings of the photons during the coincidence pro-
vides an understanding of the difference in photon pathways. This enables for greater
annihilation localization throughout the LOR, as well as improved image quality [24].
Figure 16 shows a schematic representation of TOF.

a) No TOF

Figure 16: Time of Flight (TOF) reconstruction. a) The No TOF reconstruction increments
all pixels along the LOR by the same amount. b) TOF reconstruction increments each pixel
on the LOR based on the probability of the source’s location. Source: Created by the author.

Prior to the development of PET, it was discovered that monitoring the difference
in arrival times of annihilation photons could correctly establish the three-dimensional
position of each positron. By constraining the positron’s location to a point instead
of a line, three-dimensional images may be generated without using a reconstruction
algorithm. The measured location along the line has an accuracy of

Az = gAt (1.1.10)

where Ax is the position error, c¢ is the speed of light, and At is the timing mea-
surement error. Obtaining subcentimeter position resolution requires timing resolution
of less than 50 ps, which is currently difficult to achieve [33].

The first generation of TOF PET scanners, developed in the 1980s, employed
CsF or BaF, scintillators connected to photomultiplier tubes to achieve TOF resolu-
tions of 400-600 ps. However, these scintillators showed low system sensitivity and
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poor spatial and energy resolution. The introduction of increased light output and
dense lutetium-based scintillators in the 1990s prompted the introduction of a second
generation of TOF PET scanners in the mid-2000s, with significantly higher system
sensitivity and spatial resolution [34].

The last few years have seen a lot of activity in TOF PET hardware technology,
particularly in photosensor development, which has led to the widespread commercial
introduction of silicon photomultiplier (SiPM)-based (digital) whole-body TOF PET
systems (third-generation TOF PET systems) by all major manufacturers. These new
scanners offer significantly higher TOF resolution, sensitivity, and spatial resolution
than the second generation of TOF PET devices. The majority of these advancements
were made possible by the development of smaller SiPM photodetectors, which give
better intrinsic timing and detector performance due to decreased or no signal mul-
tiplexing. The most recent digital TOF PET system provides another generational
advancement in PET image quality, potentially leading to reduced imaging times and
increased diagnostic performance [34].

Reconstruction approaches that use TOF data minimize statistical noise in PET.
No TOF reconstruction uses coincident events measured in a single chord to contribute
to all image pixels along that chord, rather than simply the pixel from where the source
originated. The reconstruction filter reduces the mean contribution to other pixels,
but statistical fluctuations in the measurement data cannot be eliminated, resulting
in noise across all pixels. TOF reconstruction limits the statistical fluctuations of
the measurement data to a smaller number of image pixels. This may be used to
generate the variance reduction formula, which can help to decrease noise amplification
in PET [33].

The noise reduction is easily predicted for simple, uniform distributions, but
the improvement is determined by the radioisotope distribution, which is not often
homogenous. The variance reduction applies not just to “true” events, but also to
those that experience Compton scatter in the patient and random coincidences. When
TOF reconstruction is employed, the noise due to randoms decreases as the timing
precision increases, despite the fact that the hardware coincidence window is restricted
by the TOF measurement resolution [33].

1.1.1.3.1.3 Image reconstruction

Reconstruction of PET scans is a key step in transforming raw data into clinically
relevant images. The following paragraphs discuss important data corrections such as
normalization, random coincidence correction, scattered radiation correction, attenu-
ation correction, partial volume correction and dead time correction. Each of these
corrections tackles a distinct distortion or inefficiency in the data, ensuring that the
images generated are precise and reliable. This part will also cover a short overview of
the reconstruction methods used to integrate corrected data into coherent images.
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Data corrections

PET imaging aims to match the intensity of the reconstructed image to the
amount of activity at the exact location of the object. This allows for precise compar-
isons of activity levels in different voxels. To make this possible, some corrections are
needed.

Normalization: For a variety of factors, such as differences in detector efficiency,
solid angle subtended, and summing of neighbouring data elements, lines of response
in a PET dataset exhibit varying sensitivity. Reconstructing quantitative and artifact-
free images requires knowledge of these variances, in fact, the majority of algorithms
demand that these fluctuations be removed before reconstruction can begin. The inde-
pendent correction factors for each LOR are referred to as normalization coefficients.
The technique of taking into consideration these effects is called normalization [7].

Conceptually, the simplest way to normalize would be measuring the counts that
each coincidence detector pair detects while exposing all pairs to the same radiation
source. However, doing so would take several hours of scanning. To decrease the num-
ber of counts needed without raising statistical noise, this strategy must be modified.
Instead of estimating the efficiency of every conceivable detector pair, the majority of
the updated approaches rely on calculating the efficiencies of each individual detector
element and then combining them to estimate the efficiency of the detector pairs [26].

Correction for Random Coincidences: Random coincidences, often known as “ac-
cidental” or “chance” coincidences, occur due to the limited electronic time window used
to identify true coincidences. Due to the finite width, two uncorrelated single detection
events that occur near together in time may be mistaken for a coincidence event caused
by a single annihilation [7].

Random coincidences provide a homogenous background in reconstructed im-
ages, reducing contrast and confusing the relationship between image intensity and
actual amount of activity [26].

To adjust for random coincidences, the most popular approach is to remove a
delayed coincidence channel in real-time. This method does not introduce bias but does
increase noise. An alternative approach is the postacquisition subtraction of a low-noise
random coincidence estimate, derived by a smoothed delayed coincidence sinogram, cal-
ibration scan, or direct estimation, can be subtracted after acquisition. Each technique
takes distinct decisions regarding noise amplification, bias, and data processing needs.
The choices depend on the activity injected, the imaging environment, and the recon-
struction algorithm [35].

Correction for Scattered Radiation: The impact of scatter detection on recon-
structed PET images was initially perceived as a loss of contrast, but later scientists
recognized the complexity of artefacts caused by Compton scatter detection, which af-
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fect visual interpretation and the accuracy of quantitative analysis of PET data. In
PET, scattered LORs can occur outside the body and/or outside of the imaging field
of view [36].

Scattered radiation can lead to errors in the relationship between image inten-
sity and object activity as well as a loss in contrast. Particularly in 3D imaging of
the abdomen, the percentage of scattered events in PET can be considerable, ranging
from 60% to 70%. This is mostly due to three factors: the energy resolution of dense
scintillators, the need that only one of the two annihilation photons be scattered, and

Compton scattering, which is the major mechanism of interaction in scintillators at 511
keV [26].

Scatter correction in PET includes two main approaches. The first method
includes calculating the correction using information from both the original scatter-
contaminated image and the transmitted image. The emission image reflects the distri-
bution of activity in the patient, whereas the transmission image represents the tissue’s
attenuation coefficient. Computer simulations of photon interaction physics may esti-
mate the underlying distribution of scattered events and their contribution to individual
profiles. Hybrid PET/CT scanners can compute scatter distribution from registered CT
images, but it is computationally expensive. The second technique studies projection
profiles outside the object, accounting for random coincidences and assessing events that
are misplaced owing to scattering. This approach is quick and compensates for disper-
sion from radioactivity outside the FOV, but it may produce considerable inaccuracies
in complicated circumstances [26].

Partial Volume Correction: PET imaging resolution is limited by factors such
as positron range, photon noncollinearity, crystal size, acquisition method, and recon-
struction process. To minimise excessive noise or sampling artefacts, functional imaging
uses relatively large voxels. The tissue-fraction effect, which integrates contributions
from many tissues inside a single voxel, is a challenge in higher-resolution structural
imaging modalities like CT and MR imaging. This phenomenon is called partial vol-
ume effects (PVE), and it is also known as scanner blurring or point spread. It occurs
when activity within one zone “spills over” into other regions. PVE result from PET
imaging’s limited resolution capabilities [37].

The PVE causes intensity values in images to deviate from their ideal values.
It is produced by two phenomena: the imaging system’s limited spatial resolution and
the image sampling. The PET scanner’s detector design and reconstruction process
limit spatial resolution, resulting in 3D blurring and spillover between areas. This
causes a tiny source to look bigger but dimmer, as seen in Figure 17. This effect is
technically defined as a 3D convolution process that combines the real source with
the imaging system’s 3D point spread function [38]. Another phenomenon is image
sampling, which occurs when the sampled radiotracer distribution does not match the
tracer distribution’s real contours (see Figure 18).
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Actual object Measured image

Figure 17: A circular source (10 mm in diameter) with uniform activity (100 arbitrary
units) in a nonradioactive background generates a measured image with a portion of the
signal visible outside the source. Maximum activity in the measured picture is lowered to 85.
From “Partial-volume effect in pet tumour imaging” by Marine Soret, Stephen L. Bacharach,
and Irene Buvat. 2019. Page 933. Copyright 2007 by The Journal of Nuclear Medicine.

Actual object with pixel Measured image Spill-out
grid overlapped

Figure 18: Impact of image sampling on PVE. Pixels near the periphery of the source include
both the source and background tissues. The signal intensity in these pixels is the mean of the
signal intensities in underlying tissues. Signal spilling occurs when a portion of the source’s
signal is visible outside of the object. From “Partial-volume effect in pet tumour imaging” by
Marine Soret, Stephen L. Bacharach, and Irene Buvat. 2019. Page 933. Copyright 2007 by
The Journal of Nuclear Medicine

This effect is seen not just in emission tomography, which has lower spatial
resolution than other imaging modalities, but also in high-resolution imaging, such as
MR or CT. Compensation for PVE should consider both the limited resolution impact
and the tissue fraction effect [38].

The partial volume effect can be minimized or corrected using a variety of tech-
niques. These include techniques which use additional information from anatomical
imaging modalities like CT and MR, as well as techniques that try to recover resolution
losses before or during image reconstruction [7].

Dead Time Correction: PET scanners require a minimum period of time between
successive events in order to register them as distinct. Radioactive decay is a random
process, and at high count rates, the percentage of events falling into this group can be
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substantial. This decreases the total number of coincidence occurrences detected by the
scanner, and as photon flux increases, the system’s linear response becomes degraded.
The metric that defines counting behaviour at high event rates is known as “dead time,”
which is the ratio of the measured count rate to the expected count rate if the system
behaved linearly [7].

Dead time corrections in PET scanners are critical for avoiding underestimating
radioactivity concentrations at high counting rates. Most scanners employ empirical
dead time models to calculate the observed counting rate for different object sizes and
energy thresholds. These data are then analyzed using paralyzable or nonparalyzable
dead time models. Some systems use a global dead time correction factor, whilst others
use corrections for particular detector modules [26].

Attenuation Correction:

The natural interaction between photons emitted by radiopharmaceuticals and
tissue during their path through the body is the basis for the attenuation phenomenon.
Photoelectric interactions are possible for photon intensities comparable to those used in
nuclear medicine, in which the incident photon is totally absorbed. In other situations,
the primary radionuclide photon scatters as a result of interactions with loosely bound
electrons in the surrounding material. The scattered photon’s energy might be less
than or equal to the incident photon’s [39].

Given that a coincident event occurs when both photons produced by positron
annihilation are detected at the same time, this cannot occur if a photon is absorbed
by the body or scattered outside the field of view. The probability of detection is
based on the combined path of both photons. Because all sources on a line connecting
two detectors have the same total route length, the probability of attenuation remains
constant regardless of source position [7].

Attenuation correction is the most crucial correction in PET. Image noise, ar-
tifacts, and distortion are increased when counts are lost as a result of attenuation.
Important artifacts on whole-body PET scans without attenuation correction include:
significant activity at body surface edges due to relative lack of attenuation at the sur-
faces compared to deeper structures; distorted appearance of areas of intense activity
due to varying degrees of attenuation in different directions of activity originating from
these areas; and diffuse, relatively increased activity in tissues of relatively low atten-
uation [40]. Figure 19 shows an example of an image with and without attenuation
correction.

Fortunately, the correction is simple to determine. Consider a source at depth z
within an object with thickness T (as shown in Figure 20). A true annihilation event
requires detection of both photons from the source. The probability of both photons
reaching the detector is equal to the product of their individual probabilities, provided
they are emitted in the correct directions [26]. The probability follows the equation:
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Py = e7H% x e #I=2) — =T (1.1.11)

where g is the linear attenuation coefficient of tissue at 511 keV. It should be
noted that regardless of the source position along the line connecting the two detectors,
the probability that both photons will reach the detector remains constant [26].

Figure 19: Example of brain (a, b) and whole-body (c, d) images without (a, ¢) and with
(b, d) attenuation correction. Images acquired at Hospital La Fe.

Transmission measurements can help for attenuation correction in PET. It in-
volves taking two measurements using a source positioned on a line connecting each
pair of coincidence detectors. The initial measurement, known as the blank scan, is
taken without the person in the scanner. Then, the individual is positioned in the
scanner, and measurements are repeated. This is known as a transmission scan [26].
The attenuation correction factor (A) for a detector pair (,7) is:
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(1.1.12)

Figure 20: Parameters involved in PET attenuation correction. (LOR = Line of Response).
Source: Created by the author.

Conceptually, the simplest approach involves obtaining the scan before injecting
the radiotracer in order to avoid interference between the scans. A second approach,
known as postinjection transmission scanning, takes place immediately after the emis-
sion scan but while the patient is still active. This saves time and decreases patient
motion and misalignment between scans. However, this approach requires the capacity
to discriminate between transmission and emission events generated by leftover radio-
tracer in the body. At any one moment, the transmission source irradiates a small
fraction of detector pairs, and the counting rate in those pairs is significantly larger
than the counting rate in the same detectors generated by emission radiations [26].

Despite the effectiveness of these methods, the use of transmission scans with
external radionuclide sources for attenuation correction has been greatly decreased due
to the widespread adoption of hybrid PET scanners. Attenuation correction is instead
carried out using data from the anatomical imaging scan. This will be discussed later
in the subsection “1.1.1.3.4 Hybrid equipment”.

Reconstruction Algorithms

Reconstruction techniques may be divided into two basic groups: iterative and
analytical methods. The analytical methods use a linear detection model and are
fast. Filtered backprojection (FBP) is the most widely used analytical reconstruction
technique. On the other hand, iterative techniques are nonlinear and slower. Despite
this, its usage has become routine in the majority of clinical scanners, since it can include
more extensive models of the physics of the detection process and the distribution
of radiopharmaceuticals, as well as simulate the statistical distribution of raw data.
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Furthermore, the ability to rebuild the image at a time suitable for clinical realities is
made possible by the advancements in processing capabilities of modern systems [24].

An approach that provides a less noisy and more accurate substitute for FBP
is iterative reconstruction. It involves estimating an initial guess of the 3D object that
could have led to the set of acquired projections, and assuming a model of the imaging
process that may include assumptions about photon attenuation, Compton scatter, and
device spatial resolution. Using this model and the object’s current estimate, a new set
of projections is simulated and compared to the real acquired set. To generate a new
estimate of the object, variations between the two sets are backprojected and added
to the current estimate based on pixel value ratios or differences. These stages are
iterated until an acceptable version of the object is obtained. Statistical criteria, such
as maximum likelihood, are commonly used to assess the quality of a current estimate.
The procedure determines which object is most likely to have resulted in the collected
projection data [41].

[terative reconstruction consists of an approach that outperforms filtered back-
projection. However, reconstruction time may be 50 times longer than for a single
filtered backprojection. To decrease iterations, projection data can be divided into or-
dered groups of equally spaced projections and updated between each subset. This
method can lead to faster reconstructions and comparable image quality results [41].

Maximum Likelihood Estimation (MLE) is the most used iterative technique.
When used for image reconstruction, this conventional statistical technique maximizes
the verosimilitude function and generates an image that with high probability would
produce the measured raw data. The image’s noise ratio is improved by iterative
reconstruction techniques based in statistical principles. The expectation maximization
(EM) algorithm, which finds the estimator of maximum probability with great efficiency,
is one of the most helpful iterative techniques [24].

Maximum-likelihood expectation maximization (MLEM) is the technique that
finds the optimal solution by combining the algorithm for maximising the expected value
with maximum probability as an optimization criterion. However, in clinical settings,
an accelerated version of this technique called ordered subset expectation maximization
(OSEM), which arranges the measured data into ordered subsets, is more frequently
employed. It is now possible to employ iterative approaches in clinical routines due to
the 20-30% reduction in reconstruction time achieved by this technique, as well as the
enhanced processing capabilities and numerical projection algorithms [24].

1.1.1.3.2 Radiopharmaceuticals for PET imaging

PET radiopharmaceuticals are made up of two components: a molecular struc-
ture (vector, vehicle, ligand) and a positron emitting radionuclide. The vehicle specifies
biological properties and regulates chemical and biochemical interactions in vivo. The
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positron emitting radionuclide generates a measurable signal, allowing for coincident
measurements of annihilation radiation within a specific PET device, such as a PET/CT
scanner [42].

The vehicular molecules must be highly specific and selective towards the target
site, which can be selected according to receptor systems, antigens, enzymes, trans-
porters, metabolic alterations, up-regulated conditions, tissue hypo-oxygenation, dif-
fering cellular energy demands, changes in gene and protein expression, and differences
in vascularization and perfusion. A molecule is labelled with a radionuclide to form
a radiotracer. All extensively utilized PET nuclides have short half-lives and limited
availability. However, the radionuclide’s widespread and feasible availability is required
for successful everyday use [42].

Radiopharmaceuticals are chemically indistinguishable from non-radioactive equiv-
alents, therefore the organism uses them as surrogates in all metabolic processes. Radio-
pharmaceuticals provide direct visualization of functional processes in vivo. Pathological
changes that cause aberrant function at the molecular level can be detected before mor-
phological symptoms appear [42]. Figure 21 illustrates the enormous potential of PET
scans, demonstrating that using the same radioisotope along with different molecules
can provide an incredible variety of images on the same equipment.

The most commonly used PET radiopharmaceutical in the world is ['8F]Fluorode-
oxyglucose (['®*F]FDQG), a radiolabeled analogue of glucose. When it comes to identifying
malignant tumours with elevated glucose metabolism, ["*F]FDG is helpful. ["*F]FDG is
still a non-specific tracer, though, and absorption of the substance has also been shown
in a number of benign diseases, including inflammatory and infectious processes. As a
result, during the past decade, there has been an an increasing interest in novel radio-
pharmaceuticals that can target particular biomarkers to investigate molecular path-
ways in tumour biology, such as oxygen delivery, protein synthesis, metabolism, prolif-
eration, receptor and gene expression, and choline and radiolabelled amino acids [43].

All of the radionuclides employed in modern nuclear medicine are synthetic or
“artificial” in nature. They are created by bombarding the stable atoms’ nuclei with
subnuclear particles like protons and neutrons, which activate nuclear processes that
change the stable atoms’ nuclei into unstable (radioactive) ones. The methods used to
produce radionuclides for nuclear medicine are: reactors, accelerators and generators
[26]. For PET imaging, the radionuclides most used are produced on generators and
on accelerators (cyclotrons).

A radionuclide generator requires a parent-daughter radionuclide pair in an appa-
ratus enabling separation and extraction. The daughter product activity is continually
replenished by the decay of the parent and can be extracted several times [26]. Ta-
ble 2 highlights a few radionuclide generators with significance in nuclear medicine.
They are an essential source of metastable radionuclides.
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a) ['8F] FDG b) ['FIFCH  ¢)['8F] DOPA
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d) ['8F] Fluociclovine e) [18F] NaF f) ['8F] FES

Figure 21: Biodistribution of ['®F] PET radiopharmaceuticals. From “Evidence-based
Positron Emission Tomography Summary of Recent Meta-analyses on PET: Summary of
Recent Meta-analyses on PET” by Giorgio Treglia and Luca Giovanella. 2020. Page 14.
Copyright by Springer.

The most popular form of particle accelerator for producing radionuclides of
medicinal significance is the cyclotron. Larger institutions produce the shorter-lived,
positron-emitting radionuclides on-site using compact biomedical cyclotrons. Figure 22
shows an schematic representation of a cyclotron. Because cyclotron products have
high photon/particle emission ratios in 7 and EC decay, they have great potential
for applications in nuclear medicine imaging studies. Table 3 depicts some cyclotron-
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produced radionuclides with significance in PET imaging [26].

A cyclotron is made up of two hollow electrodes, known as ‘Dees’, connected
by an AC current to create a potential difference between them. The whole structure
is set up inside a magnetic field. An ion source in the gap emits charged particles
that are attracted to the oppositely charged dee. The charged particle has a curved
trajectory due to its acceleration in the magnetic field. The alternating current supply
switches when charged particles arrive at the gap between the dees, accelerating them
with an increasing radius of trajectory. As the current switches, the charged particle
will always arrive in the gap due to the increasing radius and corresponding change in
speed. When a charged particle is fully accelerated, it may be fired at a target material,
causing nuclear reactions and producing desired radioisotopes [44].

Table 2: Example of radionuclide generators with significance in PET imaging. From Physics
in Nuclear Medicine. Simon R. Cherry, James A. Sorenson, and Michael E. Phelps. Elsevier,
2012.

Parent | T, Daughter T/
627n 9.3 h 62Cu | 9.7 min
e 271 d 68Ga | 68 min
82Gr 25 d 82Rb | 1.3 min
“Dees”
Vacuum

Electrostatic l
deflector k Magney
-
[e]

(N o

\_/

14— Target “Dees”

Figure 22: Schematic representation of a cyclotron. The left drawing corresponds to the
top view, and the right, to the side view. From “Physics in Nuclear Medicine” by Simon R.
Cherry, James A. Sorenson, and Michael E. Phelps. 2012. Page 48. Copyright by Elsevier

PET radionuclide selection is determined by availability, physical properties, ra-
diochemical concerns, and radiopharmacological properties. Because radionuclides with
short half-lives, such as 'O (2 min) and N (10 min), have limited clinical applica-
tion, only a few PET centres worldwide employ them on a regular basis. Overall, the
radionuclide’s half-life should be sufficient for effective radiolabelling within the time
frame of the imaging process [42].
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Table 3: Example of cyclotron-produced radionuclides with significance in PET imaging.
From Physics in Nuclear Medicine. Simon R. Cherry, James A. Sorenson, and Michael E.
Phelps. Elsevier, 2012.

Product Common | Natural abundance Energy Ty
production reaction | of targeted isotope | threshold

1c N (p, a)lIC 99.6 31| 20 min
19B(d, n)!C 19.9 0

13N 10 (p, a)'®N 99.8 5.5 | 10 min
2C(d, n)3N 98.9 0.35

150 14N(d n)*0 99.6 0 2 min
“N(p, )50 0.37 -

18 180(p, n)¥F 0.20 2.57 | 110 min
Ne(d, a)®F 90.5 0

The introduction of new radiopharmaceuticals has enhanced PET molecular
imaging in recent decades. Some tracers are well-established, while others show promis-
ing early findings. Amino acid tracers, radiolabelled choline, amyloid tracers, and other
radiopharmaceuticals are becoming a viable alternative to ["*F]FDG in some therapeu-
tic contexts [45]. PET tracers are essential for molecular imaging as they give life to
PET/CT scans. PET radiopharmaceuticals are still in their early stages, but the future
of the field is promising [42].

An example of the great relevance of research in this field is the following. Ac-
cording to a research communication presented at the Society of Nuclear Medicine and
Molecular Imaging (SNMMI) 2019 Annual Meeting, a single radiotracer, [®®*Ga]FAPI
revealed significant uptake and image contrast for several highly prevalent cancers on
PET/CT images. Figure 23, which shows the great potential of this radiopharmaceuti-
cal for many applications, has been named the 2019 SNMMI Image of the Year [46].

1.1.1.3.3 Clinical applications of PET imaging

The emergence of molecular medicine is the consequence of close cooperation
among scientists, physicists, and clinicians. Numerous new molecules offer promise
for personalized care, newer drugs, and disease response evaluation, as well as the
potential for individualized therapies for specific patients based on disease behavior.
With radiomics and theranostics preparing for the future of oncology, this would be
particularly relevant to the field of oncological imaging [47].

PET was created in the early 1970s, shortly after CT and about the same time
as MR. PET was first used to diagnose brain and heart disorders by quantitatively
imaging biologically important molecules labelled with short-lived positron emitting
radionuclides. The radiopharmaceutical ['**F]FDG, initially developed in the late 1970s,
has had the most significant influence on clinical PET imaging [48].
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Figure 23: Maximum-intensity projections of [*®Ga]FAPI PET/CT in 15 patients with
distinct confirmed tumor entities. From “/f8Ga/FAPI PET/CT: Tracer uptake in 28 different
kinds of cancer” by Clemens Kratochwil, Paul Flechsig, et al. 2019. Page 803. Copyright
by Journal of Nuclear Medicine. Note: Medullary thyroid cancer (MTC), cholangiocellular
carcinoma (CCC), neuroendocrine tumour (NET), carcinoma of unknown source (CUP), and

cancer (Ca).
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PET is a powerful metabolic imaging technique that provides images of out-
standing quality, which even non-nuclear medicine specialists recognise as important,
and has a significant clinical impact. Any oncologist very quickly appreciates its value.
Clinical PET is an imaging method in Nuclear Medicine that has become an integral
aspect of patient treatment, particularly in Oncology, Cardiology, and Neurology [23].

PET’s applications in oncology have advanced since the 1980s. In 1998, the
Health Care Financing Administration (now the Centres for Medicare and Medicaid
Services) authorized PET for coverage. The first two indications were evaluating the
indeterminate solitary pulmonary nodule and initial staging of lung cancer. Coverage
has increased to encompass diagnosis, staging, and restaging for cancers including lung,
colon, esophageal, head and neck, lymphoma, and melanoma. Additionally, breast
cancer is addressed for staging, restaging, and treatment monitoring. Future coverage
will include other malignancies [48].

In oncology, ["®F]FDG is a very effective tracer for assessing metabolic activ-
ity. This molecule follows the metabolism of glucose. In contrast to glucose, ["*F]FDG
remains trapped within the cell and is only partially metabolized. As a result, ['*F|[FDG
accumulates proportionally to glucose uptake. In a PET image, a tumor is shown as an
active region or “hot spot” since the majority of tumors have glucose metabolisms that
are significantly greater than those of the surrounding tissue. Whole-body ['*F|FDG
has established itself as a routine procedure for both the therapeutic assessment of
chemotherapy and radiotherapy and the staging of cancer patients [9].

Within the field of oncology, in this work we will focus on applications of PET
in rare neuroendocrine tumors. It will also cover applications in the field of neurology.

In the case of rare neuroendocrine tumors, in the context of theragnosis it is
crucial to precisely measure the uptake intensity of the lesions in addition to detecting
them. Specific uptake is required if Peptide Receptor Radionuclide Therapy is to be
considered. A PET scan is essential for this condition because determining the level of
somatostatin receptor expression may have therapeutic consequences [49].

Regarding the field of neurology, PET-based neuroimaging using suitable ra-
diotracers plays a leading role in the detection of neurodegeneration, abnormal pro-
tein deposition in the brain, neuroinflammatory responses, and other biochemical and
molecular alterations in vivo. PET methods help distinguish between neuropathology,
brain dysfunction, and clinical characteristics. Combining brain metabolism, AS, and
tau imaging investigations is likely to provide significant results. Pathophysiological
processes have been linked to neurodegeneration (measured by ["*F]FDG PET) and
cognitive impairment. Future therapies for neuropathological processes may require a
combined brain neuroimaging assessment due to their complexity [50].
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1.1.1.3.4 Hybrid equipment

Combining PET imaging with anatomical imaging provided by CT or MR results
in a synergistic combination of information regarding what (from PET) and where
(from CT or MR). Furthermore, anatomical information from CT and MR is frequently
employed to predict the quantitative corrections required for accurate PET imaging.
These synergies, together with advancements in PET technology, have created an ideal
environment for the development of novel imaging methods and applications [23].

1.1.1.3.4.1 PET/CT

The development of integrated PET /CT device represents a substantial advance-
ment in imaging technology. Tomographic imaging has made substantial improvements
to disease diagnosis and staging since the early 1970s, when the first prototype computed
tomography scanner was introduced. The first CT scanner became commercially avail-
able in 1972, and within three years, over a dozen companies were offering or planning
to commercialize CT scanners. After the development of magnetic resonance imaging in
the early 1980s, CT was expected to survive another 5 years before being supplanted by
MR for anatomical imaging. However, CT continues to advance and serve an important
role in clinical imaging, particularly for anatomic areas beyond the brain [51].

Since the early 1950s, nuclear medicine has focused on functional imaging as a
complement to anatomic imaging. Initially, planar imaging using a scintillation cam-
era was the primary method of nuclear medicine. Functional imaging using positron-
emitting isotopes was initially proposed in the early 1950s as an imaging technology
with more sensitivity than traditional nuclear medicine procedures. The first commer-
cial PET scanners were introduced in 1980, at the same time as MR became com-
mercially accessible. The first combined PET/CT prototype scanner was developed in
1998, with clinical evaluations beginning in June [51].

A PET/CT scanner includes three elements: a PET scanner, a CT scanner, and
a patient bed. Most commercial systems include a PET, which contains detectors, elec-
tronics, and a procurement system separate from the CT’s own modules. PET/CT de-
sign has been influenced by its use in oncology, which requires large-open devices with
great sensitivity and spatial resolution. The bed had to be adapted for the combined
system since it needed to minimize the vertical deflection caused by the patient’s weight
traverse the bore. Because the two fields of view are separated, if not rectified, the PET
and CT images will be poorly aligned vertically, resulting in poor recording [24]. Fig-
ure 24 depicts a schematic representation of a PET/CT device.

Accuracy in PET and CT image recording is critical for properly visualizing
combined images and performing attenuation correction. The discrepancy in PET and
CT fields of view requires resampling to represent both integrated images as a single
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square. Alpha mixing, a method that averages pixels to pixels and has a variable
transparency factor ranging from 0 to 1, is widely used to depict recorded images
on display monitors. However, this approach is ineffective when merging PET and
CT greyscale images. The design of beds might cause misalignment; thus calibration
is required for proper positioning and volume adjustment [24].
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Figure 24: Representation of a PET/CT scanner. Source: Created by the author.

PET/CT devices provide multiple benefits over PET scanners alone, including
improved image quality due to CT attenuation correction, automated registration of
anatomic and metabolic information, and faster imaging times. In these devices, atten-
uation correction technology combines data from a CT system and PET scanning. CT
X-rays have different attenuation properties than 511 keV radiation, however adjust-
ments may be made to the attenuation map to calculate attenuation factors for each
line of response. CT images offer greater anatomical information than radionuclide
attenuation maps, making them useful for interpreting PET images. Moreover, CT
offers faster acquisition time for attenuation correction compared to rotating positron
emitting sources [48].

The combined PET/CT scanner used for attenuation correction of PET emis-
sion data avoids the requirement for a separate PET transmission scan. This approach
reduces whole-body scan durations by at least 40% compared to traditional PET trans-
mission measures. The attenuation values are energy dependent, thus the correction
factors must be scaled to the PET energy of 511 keV. Scaling algorithms generally em-
ploy a bilinear function to transform attenuation values above and below a threshold
using various factors. Because of its calcium and phosphorus concentration, bone tis-
sue requires a distinct scale factor that reflects a water-cortical bone combination. The
breakpoint between these two mixture types is 300 HU and 0 HU. The scale factor for
air-water mixes below 100 HU is unaffected by the tube’s kVp, but not for water-bone
mixing. Scaled CT images are resampled from CT to PET voxel size, scaled pixel by
pixel, and attenuation correction factors are generated by reprojection [51].

Finally, several factors, including dental plasters, metal implants, and contrast
agents used in CT to emphasize anatomical features, can produce artefacts in PET
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imaging. Discordance between CT and PET resulting from intentional and involuntary
movements of the patient, such as breathing and movements of the myocardium and
intestine wings, can also produce artefacts. It is advised to use certain breathing pro-
tocols with external signals to reduce these artefacts. Due to the absence of values for
attenuation correction at the boundaries of PET’s axial field of view, truncation arte-
facts are also produced by the disparity in axial fields of view between PET and CT.
The PET scan shows these artefacts as an underestimate of the activity concentration
in the afflicted region [24].

1.1.1.3.4.2 PET/MR

In the year 1990, PET /MR was introduced along with the proposal of PET/CT.
PET/CT was more successful than PET /MR due to technological problems associated
with merging the two technologies [52]. The technology of PET and CT imaging re-
mains largely unchanged, with only the PET component modified to no longer offer
a transmission scan. PET and MR scanners, however, cannot be combined in a single
device. The primary challenge comes from the fact that conventional PET detectors are
delicate to magnetic fields. Scintillation light is converted into electrical signals using
photomultipliers; however, because of the intense magnetic field present in magnetic
resonance imaging, these electronics need to be properly protected. Large forces would
affect the homogeneity of the magnetic field, rendering MR imaging unfeasible even
in the case of ferromagnetic shielding. The electronics used in PET signal processing
are another problem that could negatively impact MR images. It is necessary to take
additional measures to protect the PET electronics [29].

PET and MR data integration has been a source of debate for more than three
decades, with the earliest practical implementations being independent systems linked
by a shared rail system. These methods put the MR far enough away from the tradi-
tional PET to prevent interference. The truly integrated technique was first tested with
avalanche photodiodes (APDs), which were unaffected by magnetic fields even at high
field strengths. Siemens was the first to deploy APDs with lutetium oxyorthosilicate
(LSO) crystals, initially as a “slide-in” PET insert for a standalone 3 T MR system, and
then as a fully integrated device. General Electric followed with the SIGNA PET/MR
system, which employs SiPM-based PET detectors to enable time-of-flight PET imaging
with a time resolution of less than 400 picoseconds [53]. Figure 25 depicts a schematic
representation of an integrated PET /MR device.

However, both vendors used a conventional 70-cm bore MR to surround a PET
ring, decreasing the inner bore diameter to 60 cm and lengthening the scanner’s length.
This caused discomfort for patients and reduced the number of elegible patients for
PET/MR scans. The greater part of PET/MR research has concentrated on PET
inserts, such as the BrainPET insert for a 3T MAGNETOM Trio MR system and the
brain PET/MR insert, which uses monolithic cerium-doped lutetium-based (LYSO)
scintillation crystals and a retroreflector [53].
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PET/MR has better soft tissue contrast than PET/CT, requires less radiation,
and may be used on any area of the body. Low dose is potentially useful in small animal
imaging for serial and longitudinal studies. PET/CT is limited by its sequential imaging
design. The process includes acquiring CT data from two systems and correcting for
attenuation using software modules. However, mistakes may occur owing to patient
mobility between acquisitions. In contrast, PET/MR uses MR data to account for
motion. As a result, the PET /MR proves to be effective in a variety of clinical and pre-
clinical applications with strong benefits. Clinical applications in the fields of neurology,
cardiology, cancer, and musculoskeletal disorders have advanced significantly [54].
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Figure 25: Representation of an integrated PET/MR scanner. Source: Created by the
author.

Compared to PET/CT, PET/MR is a newer system that has several benefits.
Because it lacks ionizing radiation, it may be used for pediatric imaging, which makes it
suitable for ongoing therapy progress monitoring. With its superior soft-tissue contrast
and ability to control tissue contrast using different imaging sequences, MR, provides
a superior method of imaging complex heterogeneous tissue environments, such as the
liver and brain, without the need for a contrast substance. With its superior functional
and molecular imaging capabilities, both MR and PET can provide more thorough phys-
iological and pathological data at the cellular and molecular levels. Furthermore, simul-
taneous data acquisition by PET /MR enables the observation of anatomical, metabolic,
and molecular information at the same time [55].

Attenuation correction is critical for producing reliable PET data. However,
concerns regarding PET/MR’s clinical effectiveness emerged with the introduction of
PET/CT. To generate an estimated attenuation map, an MR-image-based technique
was designed involving the use of the Dixon sequence and segmentation. The Dixon
sequence differentiates between fat and water signals, which are then used to create
attenuation maps of four compartments: fat, soft tissue, background air, and lungs.
Bone is excluded from this notion because of its difficult segmentation from MR data.
Dixon-based AC established the basis for PET/MR AC methods. Dixon AC, on the
other hand, has enabled faster data collection, increased spatial resolution, and respi-
ratory gating. Hardware modifications were necessary for the new PET /MR systems.
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Examples include the patient bed and stationary coils, which have been adjusted to
reduce their attenuating properties. Unfortunately, the added hardware contributes
negatively to the PET image quality [53].

Another drawback of PET/MR regarding attenuation correction is that it faces
limitations for clinical acceptance and inclusion in trials. They cannot be validated
in the same way as PET/CT scanners, which are typically performed by scanning
standardized phantoms filled with a radioactive mixture with water. This method
works well for PET/CT scanners because the linear attenuation coefficient of water
is close to that of soft tissue. However, PET /MR scanners cannot accurately acquire
these phantoms due to the difficulty of converting MR images of physical structures
into electron density maps. The transverse relaxation time of protons in phantom
materials is too short to capture conventionally, leading to little measurable signal in
almost all types of MR pulse sequences. Despite progress in manufacturing phantoms
capable of mimicking electron density and contrast characteristics of human tissue, there
are currently no phantoms available to evaluate the performance of multiple MRAC
techniques. Additionally, water-filled phantoms, a key pillar in the accreditation of
PET scanners, produce resonance artifacts in MR images, meaning that while standard
phantoms accurately replicate PET and CT imaging physics for patients, the same is
not true for MR [56].

Recent improvements and the clinical application of PET /MR, indicate that it
will most likely find a role in hybrid imaging. Current MR technology has matured,
but more research is needed to examine the possibility of multiparametric imaging,
such as combining DCE, DWI, and MRS with PET to determine therapeutic response
in malignant diseases. Hyperpolarized MR and specific MR contrast agents, such as
ultrasmall iron oxide particles, provide additional possibilities. PET/MR might poten-
tially improve imaging of moving tissues like the liver and heart, with more options for
MR-based motion correction of PET data. However, developing PET /MR techniques
based on radiotracers is critical for novel applications, particularly in oncologic and
neurologic imaging. Translational research should be a significant focus of development
in laboratories across the world to prove beneficial for daily patient care [57].

1.1.1.3.5 Dedicated PET scanners

Over the last 70 years, there has been a substantial evolution in PET technology,
with advances in sensitivity and spatial resolution resulting in a wider clinical applica-
tion. On the other hand, fabrication costs determine accessibility and worldwide avail-
ability. Only 109 nations have access to PET technology, according to the International
Atomic Energy Agency, and at least 96 nations must install more PET/CT scanners
in order to treat prevalent cancer types. Dedicated or organ-specific PET scanners are
suitable for small clinics in high-income countries as well as low- and middle-income
nations due to their satisfactory performance and low production costs [58, 59].
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The demand for detecting and measuring changes in metabolic pathways is grow-
ing, especially for evaluating neurological conditions. There is also a need to improve
whole-body PET systems, particularly in spatial resolution and sensitivity to image
small structures. As a result, dedicated PET devices have been developed. These sys-
tems are much smaller and less expensive than traditional whole-body PET scanners.
These systems are also significantly smaller and less expensive than traditional whole-
body PET devices. Thus, dedicated systems appear to be a good fit for PET clinical
practice [60].

Conventional or multipurpose PET scanners are designed for nearly all clinical
uses, including as brain, heart, prostate, breast, and static wholebody scans, as well as
absorbed dose verification for heavy-ion radiation treatment [61, 62].

A brief history of the development of dedicated and irregular PET scanners is
shown in Figure 26. The history of dedicated PET systems began in 1953, when Dr.
Brownell and Dr. Aronow designed and developed the first dual-head PET scanner.
In 1969, Dr. Brownell developed the first PET scanner featuring two planar arrays
of crystals. In this innovative design, the patient was positioned between the two
detectors, marking a significant improvement in imaging technology. By 1974, Dr.
Ter-Pogossian had built the first positron emission tomography (PETT) scanner. This
scanner employed a hexagonal array of Nal scintillation detectors arranged around a
single transaxial plane, further advancing the field of medical imaging. The year 1979
saw the development of the first commercial emission computerized axial tomograph
(ECAT), which also utilized a hexagonal array of detectors. In 1990, the University
of Geneva in Switzerland developed the PRT-1, a rotating PET scanner. This low-
cost design used two opposing BGO block detectors that rotated around the patient to
acquire a full 3D image, reducing the number of detectors by 40% compared to a full
ring scanner [59].

By 2006, a dedicated prostate PET scanner had been introduced, featuring a
pair of external curved detector modules. These modules could adjust their distance
to position the detectors as closely as possible to the patient, enhancing sensitivity for
patients of various sizes. In 2007, the HOTPET scanner was developed. This versatile
PET system could change its axial field of view (AFOV) and transverse field of view
(TFOV), allowing it to transform from whole-body mode to brain or breast mode.
The PEMi, a dedicated breast PET scanner with a polygonal structure and LYSO
crystal arrays mounted on a position-sensitive photomultiplier, was developed in 2009.
In 2011, the PET-HAT was introduced as a low-cost, wearable brain PET scanner.
Its mechanical supports allowed the detector ring to scan subjects with freedom of
motion. 2016 saw the development of the helmet-chin PET geometry, which consisted
of a hemispheric-shaped detector and a chin detector. This design increased sensitivity,
improving the quality of brain imaging [59].

By 2018, a dedicated brain PET system with a dodecahedral geometry and 11
regular pentagon detectors was introduced. This system increased overall sensitivity
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by a factor of 4.91 compared to cylindrical brain PET systems. Additionally, Dr.
Cherry and Dr. Badawi created the first clinical total body PET scanner, marking
a significant milestone in PET technology. In 2019, the CareMiBrain, a dedicated
cylindrical brain PET based on monolithic crystals, was developed. This design aimed
to enhance imaging for neurological applications. The ProsPET scanner, introduced
in 2020, was dedicated to prostate imaging. It featured monolithic LYSO and two
movable parts that could open and close. Finally, in 2022, the Active-PET scanner was
developed. This multifunctional PET scanner included two different types of detector
modules and a mechanical jack for repositioning the detectors. This flexibility allowed
the implementation of various geometries and configurations [59].

The History of Dedicated and Irregular PET Scanners
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Figure 26: The history of dedicated and irregular PET scanners. From “The quest for
multifunctional and dedicated PET instrumentation with irreqular geometries” by Amirhossein
Sanaat, Mehdi Amini, Hossein Arabi, and Habib Zaidi. 2023. Page 22. Copyright by Springer.

Regarding attenuation correction in these devices, a major issue is that dedi-
cated PET systems do not often incorporate a C'T scanner that can generate attenuation
maps. The non-use of the CT, along with a considerable improvement in sensitivity,
can result in a reduction in the radiation dose received by patients. Nonetheless, the
effect of attenuation not being corrected is visible in the final images as a systematic
distortion that leads to an overestimation of peripheral structures in comparison to
internal ones if attenuation is present. It also causes considerable problems in areas of
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varying density, where the existence of lesions might be ignored [60].

Consequently, AC is crucial for both quantitative accuracy and image quality in
PET. Thus, developing a viable and stable approach for accurate AC is a special issue
for brain-dedicated PET that lacks C'T or an emission source system. As a result, several
research projects have presented methods for estimating attenuation maps [63-65]. In
the next subsection (1.2.2), more information about brain-dedicated PET scanners is
provided.

1.1.2 Medical Data Communication

Hospitals are becoming more digitalized, with the goal of achieving a paperless
environment to streamline processes and workflows. A hospital’s fundamental com-
ponents include the hospital information system (HIS), radiology information system
(RIS), picture archiving communication system (PACS), clinical information system
(CIS), cardiovascular information systems (CVIS), and electronic health record (EHR).
These systems are supposedly integrated within the hospital to guarantee that the
patient’s health records are accurate, correct, and up to date [66].

However, the imaging procedures in the radiology and nuclear medicine depart-
ments require a comprehensive system since medical images cannot be handled in the
same way that other hospital data can. Furthermore, medical images require rout-
ing, storage, and access, demanding the development of a specialized system such as a
PACS to locate, archive, and process images from one or more sources. The primary
goal of the system is to improve image routing, retrieval, and display capabilities inside
a healthcare facility [66].

PACS and DICOM

PACS stands for picture archiving communication system are image repositories
designed to allocate digital medical imaging [67]. It consists of:

« Connections to modalities: integrates several imaging modalities, including X-ray,
MR, CT, ultrasound, PET, SPECT, and other comparable technologies.

o Digital image archives: where the acquired images are stored.

» Workstations: where radiologists and nuclear medicine physicians view (“read”)
images.

Almost every professional who works with images in the healthcare industry is
currently employing or will soon make use of Digital Imaging and Communications in
Medicine (DICOM), which is an international standard for all medical imaging modal-
ities. This imaging standard easily addresses the integration of data connected by
multiple speciality applications into the patient’s EHR, which stores patient’s medical
history, treatment data, and health status. It replaces traditional paper-based medical
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records, allowing for more effective coordination of healthcare service providers, better
patient care, and fewer medical mistakes and expenses [68].

The DICOM Standards Committee is in charge of maintaining worldwide stan-
dards for communicating biological diagnostic and therapeutic information in fields that
rely on digital images and related data [69]. Tt emerged quickly in answer to a specific
demand. Historically, medical physicists and computer scientists in radiology focused
on complex image processing techniques. The scientific community had expressed a
strong interest in automated analysis of medical images to improve diagnosis [70].

In response to the development of computer-aided imaging in the 1970s, the
American College of Radiology (ACR) and the National Electrical Manufacturers As-
sociation (NEMA) formed a joint committee to establish the standard. They originally
released an ACR-NEMA standard in 1985, which was modified in 1988. Version 3 was
launched in 1993, with the name changed to DICOM. The standard currently incorpo-
rates all types of medical images as well as other data such as patient name, reference
number, study number, dates, and reports. Most manufacturers follow the standard,
and data transmission issues are far less common than in the past. The DICOM stan-
dard (ISO 12052) allows medical images to be transferred to and from software and
scanners by different manufacturers, and it has facilitated the development of image
archiving and communication systems that can be integrated with larger medical infor-
mation or records systems [71].

Contrary to common misconception, DICOM is not only an image or file format.
It is an all-encompassing data transfer, storage, and display protocol meant to cover
all functional elements of modern medicine [67]. The goal of DICOM is to facilitate
compatibility and increase workflow efficiency between imaging equipment and other
information systems in healthcare settings worldwide. Currently, nearly all diagnostic
medical imaging manufacturers have implemented the standard into their product de-
sign, and the majority are actively working to improve the standard. Every member
has the ability to suggest modifications to the standard, which are then considered for
inclusion in future versions [69)].

Without a doubt, DICOM controls actual digital medicine. Taking everything
into consideration, DICOM revolutionized modern medicine by defining a universal
standard for digital medicine, ensuring high image quality, supporting multiple image
acquisition parameters and data types, encoding medical data, and clearly describing
digital imaging devices and their functionality which is the backbone of any medical
imaging project [67].

Clinical data comes in a wide range of formats. The standard provides 27 funda-
mental data types, known as value representations (VRs), which are intended to cover
all potential clinical data types. Anything written (encoded) in DICOM must be one
of these 27 types. Each VR has an abbreviated two-letter name, a definition of what it
represents, a description of the characters that can be used in its data, and a specified
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data length [67]. Tables 4 and 5 list the 27 DICOM VRs.

The DICOM Data Dictionary uses these data types to encode all standard DI-
COM attributes. The DICOM Data Dictionary is a registry of standard data items
(attributes) employed in digital medicine, formatted into the 27 VR types. In addition
to the standard dictionary, DICOM vendors can create their own dictionaries for pro-
prietary data attributes. In any instance, the dictionary construction will follow the
same standards [67]. Table 6 depicts some of the most used DICOM Data Dictionary
items in PET imaging.

Every item in the DICOM Data Dictionary is identified by its own (Group,
Element) number, commonly known as an element tag. These tagged items are also
known as attributes or DICOM data elements. The column “Attribute name” describes
the real-world data that should be stored in the element. All DICOM applications relate
to data elements using (Group, Element) tags rather than descriptive attribute names.
The “Keyword” column contains descriptive element tags, which are textual equivalents
to the (Group, Element) pairs used in XML, HTTP, and other text-based standards.
Finally, the Value Multiplicity (VM) of a data element specifies whether it may contain
only one or many values of its type. DICOM concatenates many values into one single
multi-value value, which can be binary (with binary VRs) or text (without set sizes).
The backslash (\) in DICOM represents “or” in multi-value attributes [67].

Standardization is an important concept in the digital image field. The lack of
a standard limits the use and sharing of images. It demands users to deal with a wide
range of data types and transform them from one to another. In addition to pixel data,
every image file contains metadata, which describes an image and has a non-secondary
purpose in digital imaging. Metadata, in scientific formats can describe the subject, the
instrumentation setup, the image acquisition parameters, and any other aspect of the
imaging workflow that is relevant. Beyond revolutionizing clinical practice, the DICOM
standard has fostered and enabled data exchange among researchers, adding value to
research [72].
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Table 4: Value Representations (VR) of DICOM (part I). From Digital Imaging and Com-

munications in Medicine (DICOM). Oleg S.

Pianykh. Springer, 2012.

Short VRs | Full VRs Description

CS Code String A string of characters with leading or trail-
ing spaces being non significant.

Example: “CD123.4"

SH Short String A short character string 16 maximum.
Example: telephone numbers, IDs

LO Long String A character string that may be padded with
leading and /or trailing spaces 64 maximum.
Example: “Introduction to DICOM”

ST Short Text A character string that may contain one or
more paragraphs.

LT Long Text A character string that may contain one or
more paragraphs — same as LO, but can be
much longer.

uT Unlimited Text A character string that may contain one or
more paragraphs, similar to LT.

AE Application Entity A string of characters that identifies a de-
vice name with leading and trailing spaces
being non-significant 16 maximum.
Example: “MyPC01”

PN Person Name Person’s name, with a caret character (")
used as name delimiter 64 maximum.
Example: “SMITH"JOHN”

Ul Unique Identifier (UID) | A character string containing a UID that is
used to uniquely identify a wide variety of
items.

Example: “1.2.840.10008.1.1”

DA Date A string of characters of the format
YYYYMMDD; where YYYY shall contain
year, MM shall contain the month, and DD
shall contain the day.

Example: “20050822”
™ Time A string of characters of the format HH-

MMSS.FFFFFF; where HH contains hours
(range “00"—¢23”), MM minutes (range
“007-<597), SS seconds (range “00”—“59"),
and FFFFFF contains a fractional part of a
second as small as 1 millionth of a second.
Example: “183200.00” stands for 6:32 PM
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Table 5: Value Representations (VR) of DICOM (part II). From Digital Imaging and Com-
munications in Medicine (DICOM). Oleg S. Pianykh. Springer, 2012.

Short VRs

Full VRs

Description

DT

AS

IS

DS

SS
US
SL
UL
AT

FL
FD
OB

OW
OF

SQ
UN

Date Time

Age String

Integer String

Decimal String

Signed Short
Unsigned Short
Signed Long
Unsigned Long
Attribute Tag

Floating Point Single
Floating Point Double
Other Byte String

Other Word String
Other Float String

Sequence of Items
Unknown

Concatenated date-time string in the format:
YYYYMMDDHHMMSS. FFFFFF&ZZXX.
The components of this string, from left to
right, are YYYY = Year, MM = Month,
DD = Day, HH = Hour, MM = Minute,
SS = Second, FFFFFF = Fractional Second;
&77XX is an optional suffix for offset from
Coordinated Universal Time (UTC), where
& is either “+” or “—”, and ZZ = Hours and
XX = Minutes of offset.

Example: “20050812183000.00” stands for
6:30 PM, August 12, 2005

A string of characters with one of the fol-
lowing formats: nnnD, nnnW, nnnM, nnnY;
where nnn contains the number of days for
D, weeks for W, months for M, or years for
Y.

Example: “018 M” would represent an age of
18 months.

A string of characters representing an inte-
ger.

A string of characters representing either a
fixed point number or a floating point num-
ber.

Signed binary integer 16 bits long

Unsigned binary integer 16 bits long

Signed binary integer

Unsigned binary integer 32 bits long
Ordered pair of 16-bit (2-byte) unsigned in-
tegers that is the value of a Data Element
Tag

Single precision binary floating point number
Double precision binary floating point num-
ber

A string of bytes (“other” means not defi ned
in any other VR)

A string of 16-bit (2-byte) words

A string of 32-bit (4-byte) floating point
words.

Sequence of items.

A string of bytes where the encoding of the
contents is unknown.
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Table 6: Example of some DICOM Data Dictionary items.
Tag Attribute name Keyword VR| VM
(0008,0020) | Study Date StudyDate DA 1
(0008,0021) | Series Date SeriesDate DA 1
(0008,0022) | Acquisition Date AcquisitionDate DA 1
(0008,0030) | Study Time StudyTime ™ 1
(0008,0031) | Series Time SeriesTime ™ 1
(0008,0032) | Acquisition Time AcquisitionTime ™ 1
(0008,0033) | Content Time ContentTime ™ 1
(0008,0050) | Accession Number AccessionNumber SH 1
(0008,0060) | Modality Modality CS 1
(0008,103E) | Series Description SeriesDescription LO 1
(0010,0010) | Patient’s Name PatientName PN 1
(0010,0020) | Patient ID PatientID LO 1
(0010,0030) | Patient’s Birth Date | PatientBirthDate DA 1
(0010,0040) | Patient’s Sex PatientSex CS 1
(0010,1030) | Patient’s Weight Patient Weight DS 1
(0018,0050) | Slice Thickness SliceThickness DS 1
(0018,1071) | Radiopharmaceutical | RadiopharmaceuticalVolume DS 1
Volume
(0018,1072) | Radiopharmaceutical | RadiopharmaceuticalStartTime | DS 1
Start Time
(0018,1074) | Radionuclide = Total | RadionuclideTotalDose DS 1
Dose
(0018,1075) | Radionuclide Half Life | RadionuclideHalfLife DS 1
(0018,9758) | Decay Corrected DecayCorrected CS 1
(0018,9759) | Attenuation Cor- | AttenuationCorrected CS 1
rected
(0018,9760) | Scatter Corrected ScatterCorrected CS 1
(0018,9761) | Dead Time Corrected | DeadTimeCorrected CS 1
(0018,9765) | Randoms Corrected RandomsCorrected CS 1
(0028,0030) | Pixel Spacing PixelSpacing DS 1
(0028,1052) | Rescale Intercept Rescalelntercept DS 1
(0028,1053) | Rescale Slope RescaleSlope DS 1
(7FE0,0010) | Pixel Data PixelData OB 1
or
oW
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1.2 Dementia

Dementia presents as a global epidemic caused by a growing elderly population.
It has been defined by persistent deterioration of brain functions, including memory,
orientation, calculation, language, and spatial perception. This degeneration results in
a loss of autonomy for the patient as well as a negative impact on their social, work,
and leisure activities. Dementia is an important cause of dependency and incapacity
among the elderly, resulting in enormous economic, social, and health costs for family
members. Globally, over 50 million people suffer with dementia. According to a 2016
Alzheimer’s Disease International report, this figure continues to grow and without
appropriate treatment, the number is expected to rise to 131 million by 2050 [73].

Dementia is widely recognized as a major public health issue that requires early
detection, effective treatment, and prognosis assessment [74]. Given this urgent ne-
cessity, brain-dedicated devices are crucial for addressing neurodegenerative diseases.
Dedicated brain PET scanners aim to outperform whole-body scanners by improving
spatial resolution and sensitivity, enabling imaging of smaller brain regions. Dedicated
PET scanners improve device portability, mobility, and cost efficiency [75].

Most common neurodegenerative diseases

Approximately 70% of dementia cases are linked to Alzheimer’s disease. The
most common causes of dementia after Alzheimer’s disease are Dementia with Lewy
Bodies (DLB) and Frontotemporal Degeneration (FTD) [76].

Alzheimer’s disease is a progressive neurodegenerative disease most typically
characterized by initial memory impairment and cognitive decline that can progressively
impact behavior, speech, visuospatial orientation, and the motor system. It is the most
prevalent form of dementia [77].

The preclinical and prodromal phases of Alzheimer’s disease can last up to 20
years, with an average clinical course of 8-10 years. There are currently no treatments
available to reverse the disease’s course. The risk of developing Alzheimer’s disease
is varied. Preventable risk factors include type 2 diabetes, hypertension, smoking,
sedentary lifestyle, obesity, and head injuries. Nonpreventable risk factors include age
and genetics. The e4 allele for apolipoprotein E (ApoE), detected in 60% of individuals
with Alzheimer’s disease, is the leading genetic cause. One e4 allele triples the risk
of Alzheimer’s disease compared to non-carriers, whereas homozygous for the e4 allele
raises the risk sevenfold [78].

AD is mainly characterized by the pathological accumulation of amyloid-5 (AS)
plaques and tau neurofibrillary tangles [77]. Plaques begin to accumulate 10-20 years
before clinical impairment [79]. These changes cause neuronal dysfunction and death,
followed by atrophy of selectively sensitive brain networks and the emergence of clin-
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ical symptoms such as cognitive impairment. Depending on which brain regions and
networks are compromised, AD can manifest as a variety of clinical syndromes, includ-
ing the typical amnestic syndrome, posterior cortical atrophy, a frontal/dysexecutive
syndrome, and the logopenic variation of primary progressive aphasia [80].

Frontotemporal Dementia is a group of neurodegenerative illnesses charac-
terized by altered conduct and language, as well as a progressive decline in executive
function. FTD is the second most prevalent form of younger-onset dementia after
Alzheimer’s disease, with most cases occurring before the age of 65 [81, 82].

FTD can be defined by focal cerebral atrophy, primarily affecting the frontal,
front parietal, and temporal regions. To varying degrees, all of the clinical and patho-
logical phenotypes share a non-Alzheimer-type histological profile. Approximately 25-
50% of FTD is familial, indicating a significant hereditary contribution to these diseases.
Three important genetic loci have been identified: two on chromosome 17, one associ-
ated to the tau gene and the other to progranulin, and one on chromosome 9, linked to
RNA regulation [83].

FTD is clinically classified into three subtypes: behavioral-variant frontotempo-
ral dementia and two language variants, semantic dementia (also known as semantic
variant primary progressive aphasia) and progressive non-fluent aphasia. FTD overlaps
with two additional categories of movement disorders: progressive supranuclear palsy
and corticobasal degeneration. Behavioral-variant frontotemporal dementia is the most
frequent form of FTD, characterized by a variety of symptoms such as disinhibited
behavior, apathy, increased consumption of sweet foods and alcohol, loss of empathy
and emotional processing, and impairment of executive function. Semantic dementia is
defined by a loss of semantic knowledge, which usually manifests as progressive anomia
in the setting of fluent expressive speech. Progressive nonfluent aphasia, on the other
hand, is distinguished by effortful and distorted speech, with or without agrammatism,
yet preserving comprehension [84].

Individuals with Dementia with Lewy bodies exhibit Lewy bodies in both
the cortical and subcortical areas. Lewy bodies are intracellular structures made up
mostly of a-synuclein and ubiquitin. Patients with DLB also have different levels of
amyloid plaque pathology and, to a lesser extent, tau pathology. DLB, like Alzheimer’s
disease, is identified by widespread neurone degeneration. However, unlike Alzheimer’s
disease, DLB also causes neuronal death in the substantia nigra [83].

Parkinson’s disease dementia and dementia with Lewy bodies overlap similar
symptoms, and many people consider they are on the same spectrum, however some
claim that they involve different anatomical circuits.DLB and Parkinson’s disease are
caused by a-synuclein Lewy body inclusions in neurons in the cortex, brainstem, and
substantia nigra. The fundamental distinction between Parkinson’s disease and DLB
is the the period of symptom emergence: development of cognitive symptoms before
or within the same year as the onset of motor symptoms. Requires a diagnosis of
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DLB, and motor symptoms that occur at least a year before cognitive decline suggest a
Parkinson’s disease diagnosis. DLB is characterized by increasing decline in executive
and visuospatial abilities, as well as memory, which typically occurs later in the disease.
Other fundamental and associated characteristics include cognitive fluctuations, visual
hallucinations, neuroleptic sensitivity, and REM sleep behavior disorder [80].

Mild Cognitive Impairment

Mild cognitive impairment (MCI) can be described as cognitive impairment that
exceeds that seen with normal age-related cognitive decline but is not severe enough to
seriously limit daily function. Clinically, age-related cognitive decline refers to memory
and cognition changes associated with normal ageing. While learning and memory;,
social functioning, language, visuospatial function, complex attention, and executive
functioning are the six primary cognitive domains that may be affected, MCI typically
refers to a decline in the capacity to learn new information or retrieve previously learnt
information [85].

Mild cognitive impairment is considered a transitory state between ageing and
dementia. Since memory loss is a common complaint in MCI and an essential feature
of AD, MCI research aims to identify individuals who are likely to develop Alzheimer’s
disease and those who will not. The potential for pharmacologic intervention to slow or
prevent development to Alzheimer’s disease has generated interest in MCI. Patients with
MCI may remain stable or progress to dementia. MCI is diagnosed based on memory
impairment, general cognitive and functional abilities, and absence of dementia [86, 87].

1.2.1 Diagnosis of neurodegenerative diseases

It is frequently clinically difficult to identify dementia patients who present with
MCI on an early stage. An accurate diagnosis might not be determined until after
the individual’s health has clear signs of deterioration. Due to the huge amount of
patients with MCI, being able to identify and categorise dementia in its early stages
would help lower the cost of long-term care by enabling more knowledgeable decisions
regarding clinical interventions and treatment planning [88].

Recent advancements in diagnostic testing have improved the detection of de-
mentia patients in the MCI stage. Currently, MCI is diagnosed with a complete neu-
ropsychological evaluation (cognition and function) and imaging (FDG-PET, MR). If
objective cognitive impairment is identified, the amyloid status shall be determined. To
find out whether MCI patients are at risk for Alzheimer’s disease, biomarkers in cere-
brospinal fluid (CSF) or fibrillary amyloid retention using amyloid PET can be mea-
sured. AD is the leading cause of dementia and patients with impaired CSF biomarkers
have an increased risk of developing AD. CSF sample has some drawbacks, including
being invasive, causing discomfort for patients, and having probable side effects. There-
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fore, combining imaging diagnosis with neuropsychological examination may offer a
minimally invasive method for detecting MCI caused by AD or other neurodegenera-
tive diseases, such as frontotemporal dementia or dementia with Lewy Bodies [89-92].

Neuropsychological evaluation

The neuropsychological evaluation usually includes a global dementia rating
(CDR), a general mental state (MMSE), and a battery of different cognitive domains
(RBANS), functionality and emotion recognition.

The Clinical Dementia Rating is a global rating test that accurately distinguishes
between older individuals with different degrees of cognitive function, from healthy to
severely impaired [93]. CDR evaluates the severity of dementia. Experienced neuropsy-
chologists use a semi-structured interview protocol with patients and proper informants.
The CDR assesses cognitive and functional performance in six categories (memory, ori-
entation, judgement and problem-solving, community affairs, home and hobbies, and
personal care). The global score categorises dementia symptoms into five levels: normal
cognition (CDR=0), very mild (CDR=0.5), mild (CDR=1), moderate (CDR=2), and
severe (CDR=3) [94, 95].

The Repeatable Battery for Assessment of Neuropsychological Status (RBANS)
assesses five cognitive domains. The RBANS is a structured battery of 12 subtests that
examine five domains: immediate memory (RBANS.IM), visuospatial/constructional
(RBANS.V/C), language (RBANS.L), attention (RBANS.A), and delayed memory
(RBANS.DM). The domain scores are based on typical scores (<85 indicates a de-
ficiency). The total score is calculated by adding the five index scores (RBANS.SI) [95,
96].

The Mini-Mental State Examination (MMSE) evaluates cognitive impairment
and severity. The MMSE has a total score range of 0 to 30, with higher scores indicating
greater cognitive function. A total score of 21-26 on the MMSE indicates MCI, while a
score of 27 or higher indicates normal cognition [95, 97].

Cerebrospinal fluid biomarkers

CSF biomarkers include A and Tau levels. Findings can be detected 15-20
years before symptoms appear. The AD CSF profile (low AS-42 and high T-tau and
P-tau) is 85% to 90% sensitive and specific for AD. Ap-42 is an amyloid-5 marker,
while T-tau is a neuronal damage marker. Low A3-42 levels can signal future cognitive
deterioration. High T-tau levels indicate severe neuronal damage. High P-tau levels
are linked to rapid clinical deterioration and hippocampus shrinkage [98].

However, for individuals with MCI who have a low risk of developing neurodegen-
erative dementia, CSF, which is acquired via lumbar puncture, is an invasive procedure
that should not be used [78, 99].
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Use of PET

Functional neuroimaging is a valuable method for diagnosing Alzheimer’s disease
and other non-Alzheimer’s dementias. It aids in differential diagnosis and personalized
treatment [100]. Brain metabolism can be measured noninvasively using Positron Emis-
sion Tomography. Even in the early stages, when the patient only exhibits MCI, it has
been used in the identification and diagnosis of neurodegenerative diseases [101].

Substantial research initiatives aimed at studying AD biomarkers, such as the
large-scale Alzheimer’s Disease Neuroimaging Initiative (ADNI) and the Imaging De-
mentia Evidence for Amyloid Scanning (IDEAS) research, have revealed that neu-
roimaging biomarkers improve clinical diagnosis in AD. In fact, current AD diagnostic
criteria use neuroimaging as a biomarker, which improves the degree of diagnostic cer-
tainty that the clinical manifestation stands for underlying AD pathology [80].

Molecular imaging can identify biomarkers in vivo: amyloid PET can identify A
plaques and tau PET, NFT aggregates. MR and FDG-PET can detect neurodegener-
ation through volume loss and hypometabolism, respectively [102]. Amyloid PET and
FDG-PET give complementing information in Alzheimer’s disease, as the former mea-
sures the amount of amyloid plaques and the latter identifies metabolic disruption [100].
In this work FDG and Amyloid PET images were employed.

Amyloid PET imaging can quantify the abnormal accumulation of amyloid.
Numerous multisite cohort studies have evaluated the clinical benefit of amyloid PET [103—
105]. In the past, postmortem analysis of a person’s brain tissue for A plaques and
neurofibrillary tangles, which consist primarily of hyperphosphorylated tau protein, was
the only reliable method of diagnosing AD. Since the development of A PET tracers,
an important biomarker of AD can now be measured in vivo and quantified, potentially
enabling a diagnosis to be made significantly earlier [106].

Amyloid PET has been extensively used in clinical research over the last decade
to screen for treatment eligibility and assess target engagement for drugs that are in-
tended for reducing amyloid plaques. This diagnostic imaging approach reliably reveals
cerebral AS deposition and is highly specific for AD neuropathology. In clinical set-
tings, it can aid in early differential diagnosis and patient selection for disease-specific
treatment [107].

Pittsburgh compound B (PiB) labelled with C-11 was the first AS-specific PET
tracer to be introduced to offer precise imaging data of AS pathology. Although
[M'C]PiB can be useful in research settings, its broad applicability is constrained by
C-11’s brief half-life, which calls for radiochemistry and a local cyclotron [108, 109]. To
facilitate clinical use, an F-18 (110-min half-life)-based Aj tracer was developed, which
can be given via an off-site cyclotron. Currently, the FDA and EMA have approved
three F-18-labelled A3 PET tracers for clinical use. These include [**F]flutemetamol,
['8F]florbetapir, and [*®F]florbetaben [110, 111].
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The recent FDA’s approval of two drugs for Alzheimer’s disease (aducanumab
and lecanemab), which may be approved by EMA soon, has increased the need for
amyloid brain PET-CT. The number of amyloid brain PET/CT studies is expected
to increase by 20-fold [112]. PET/CT studies will be used not only to select patients
for treatments, but also to guide therapy (e.g., determining treatment duration and
dose, identifying participants who do not respond). Despite being acknowledged as the
preferred tracer, amyloid PET’s cost and accessibility may be an issue [113].

['®*F]FDG is the most widely used and accessible PET radiopharmaceutical.
The potential of [**F]FDG PET to identify neurodegenerative processes and provide
information on the location and degree of neuronal dysfunction at an early stage sup-
ported its clinical use in the diagnosis of prodromal and dementia stages of the majority
of neurodegenerative diseases [114]. Even while magnetic resonance imaging can be used
to diagnose dementia, it is often limited because brain alterations may be too small to
detect, particularly in the early stages of the disease [115].

The brain uses glucose as its primary energy source. It circulates in the blood
and can pass the blood-brain barrier. Glucose is phosphorylated to release energy when
needed. FDG, an artificial analogue of glucose, replicates its activity until phosphoryla-
tion. Phosphorylated FDG remains in tissue and is not metabolized further. The rate
of FDG trapping is associated with glucose metabolism. Regional glucose consump-
tion correlates with synaptic activity, while reduced FDG trapping (hypometabolism)
indicates neuronal damage [106, 116].

The EANM-EAN (European Association of Nuclear Medicine and European
Academy of Neurology) recommends using brain ["*F]FDG PET to identify the un-
derlying neurodegenerative disorder in MCI conditions. This includes AD, FTD, and
DLB [114].

In Alzheimer’s disease, hypometabolism can occur prior to apparent atrophy.
The temporoparietal, posterior cingulate, and medial temporal cortices are typically
symmetrically hypometabolic. Frontotemporal dementia affects hypometabolic regions
such as the frontal and front temporal lobes, cingulate gyrus, uncus, insula, basal
ganglia, and medial thalamus. Hypometabolism is commonly asymmetric. Dopamine
transporter imaging can distinguish between occipital hypometabolism in AD and de-
mentia with Lewy bodies, as dopamine transport is reduced in Dementia with Lewi
Bodies [106].

['8F]FDG PET stands out because it is widely accessible, less costly, and useful
for identifying different patterns of cortical hypometabolism in the early stages of neu-
rological disorders. It has demonstrated diagnostic and prognostic utility in evaluating
patients with cognitive impairment, and distinguishing between primary neurodegen-
erative diseases and other forms of cognitive impairment [117-119].
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1.2.2 Brain-dedicated PET scanners

In the field of neurological science, the requirement for increased performance
in comparison to whole-body devices, notably greater spatial resolution and higher
sensitivity for imaging small brain regions, motivated the development of dedicated
brain PET hardware. Physics limitations, detection systems, and image reconstruction
methods can all be reduced in a dedicated brain scanner. The scanner’s sensitivity
is determined by solid-angle coverage and photon detection efficiency; decreasing the
scanner’s diameter and increasing the detector area can enhance sensitivity. Additional
goals include increased portability, mobility, and wearability, as well as a lower cost
of the scanner when compared to whole-body systems. The most obvious trade-off is
between sensitivity and spatial resolution, as employing longer crystals might reduce

the latter owing to parallax error unless detectors support depth-of-interaction (DOT)
encoding [75].

Brain-dedicated scanners are needed, given the pressing for reducing the huge
burden caused by neurological psychiatric diseases [112]. Several scanners designed
specifically for studying the brain have been recently developed. The High-Resolution
Research Tomograph (HRRT) [120], the jPET-D4 prototype scanner [121], the Neu-
roPET/CT scanner [122], the Hamamatsu [123], the BBX, PET-Hat [124], Helmet-
PET [125], Mind-Tracker [126], NeuroLF [127], and CareMiBrain [128] are some of the
brain-dedicated PET devices that have been developed in recent years. Figure 27 shows
the progress in image quality for the 3D brain phantom from 1975 to 2022.
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Figure 27: PET images of people or 3D Hoffman brain phantoms were obtained using various
simulated or actual PET scanners, including conventional and irregular systems. From “The
quest for multifunctional and dedicated PET instrumentation with irreqular geometries” by
Amirhossein Sanaat, Mehdi Amini, et al. 2023. Page 22. Copyright by Springer.

The figure illustrates how varied data acquisition and reconstruction techniques
affected the images produced by these systems. Scanners with limited geometrical
coverage, such as helmets and PET-hats, result in worse quality and fewer anatomical
information. Insert PET scanners, such as RF-penetrable, can provide images that are
blurred because to incorrect attenuation correction [59].

Brain PET scanners have shown improved performance compared to whole-body
systems and provide more flexible designs for neuroimaging investigations. However, the
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majority of these scanners were created in academic settings and are not commercially
available. PET has been used to image neurodegeneration and has the potential to
extend into other areas, such as imaging neurotransmitter function with high temporal
resolution or metabolic processes. The development of machine learning approaches
for artificially raising PET performance may move the attention away from improving
dedicated brain PET hardware and towards overcoming some of PET’s weaknesses [75].

1.3 Neuroendocrine tumors

Neuroendocrine tumors (NETS) represent a diverse group of neoplasms that
primarily originate from endocrine cells found in the gastrointestinal tract, pancreas,
and bronchial tree [129]. NETs are classified according to their level of differentiation
and tumor grade. Well-differentiated NETs are further categorized into three groups:
low-grade (G1), intermediate-grade (G2), and high-grade (G3), based on their mitotic
rate and Ki-67 proliferation index. In contrast, poorly differentiated neuroendocrine
carcinomas are always classified as high-grade (G3). The World Health Organization
classification system is widely used for grading these tumors [130].

Paragangliomas (PGLs) and pheochromocytomas (PHEOs), collectively abbre-
viated as PGGLs, are rare neuroendocrine tumors originating from chromaffin cells
of the adrenal medulla as well as from extra-adrenal sympathetic or parasympathetic
ganglia, spanning from the skull base to the sacral region. Within this classification,
the term PHEO specifically refers to a PGL arising from the adrenal medulla. Among
PGGLs, approximately 80%—85% are PHEOs, while about 15%—20% are PGLs [131].
The majority (85%) of PGGLs associated with the sympathetic nervous system produce
catecholamines, whereas parasympathetic PGGLs are largely non-secretory [132].

The annual incidence of PGGLs ranges between 1 and 2 cases per million, with
5%-20% of PHEOs and 15%-35% of PGLs presenting at an advanced stage. Around
5%-10% of cases are isolated, while the occurrence of metachronous or synchronous
extra-adrenal PGLs is linked to either germline or somatic mutations. PGGLs exhibit
a significant hereditary component, with 30%-40% of cases being associated with au-
tosomal dominant germline mutations. The mutation type influences the phenotypic
characteristics observed in imaging studies [132]. To date, 32 genes have been identi-
fied in relation to PGGLs. Among metastatic PGGLs, SDHx mutations are the most
prevalent, appearing in 43%-71% of adults and 70%-82% of children, followed by VHL
mutations (1%—13%). The combined occurrence of RET, NF1, TMEM127, and MAX
mutations is reported to range between 1% and 11% [133].

The treatment of NETs typically involves a multidisciplinary approach. Surgery
remains the preferred option for localized disease, offering the highest potential for a
cure. However, for metastatic or inoperable cases, therapeutic options include somato-
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statin analogs, peptide receptor radionuclide therapy (PRRT), targeted agents such as
everolimus and sunitinib, as well as chemotherapy [134, 135]. The National Comprehen-
sive Cancer Network (NCCN) guidelines provide a framework for NET management,
emphasizing the necessity of an individualized treatment plan based on tumor charac-
teristics, grade, and stage [130].

For patients with advanced disease, treatment aims to reduce tumor burden
and manage symptoms. In this context, theranostic radiopharmaceuticals in nuclear
medicine play a crucial role in personalized healthcare, enabling tailored diagnostic and
therapeutic approaches. This advancement introduces a clinical challenge in selecting
the most appropriate radionuclide therapy [136, 137]. To address this issue, nuclear
medicine imaging techniques can provide phenotypic insights into tumor characteristics
at the molecular and genetic levels, revealing the expression of specific receptors or
transporters [138].

1.3.1 Theranostics

The term theranostics is a blend of the words therapeutics and diagnostics, denot-
ing agents or techniques that integrate diagnostic imaging with targeted therapy [139].
This systematic fusion of targeted diagnostics and therapeutics aligns with the princi-
ples of personalized precision medicine, aiming to enhance patient outcomes [140, 141].
The diagnostic component of a theranostic compound serves to determine the pres-
ence and extent of a specific biological target within a given disease, including cancer,
thereby identifying patients who are most likely to benefit from the associated ther-
apeutic agent. This concept is particularly crucial due to the significant molecular
heterogeneity observed within individual tumors, among cancers of the same type, and
between primary tumors and their metastatic counterparts [142].

Nuclear medicine plays a crucial role in theranostics, particularly in oncology,
where it is a key component in both clinical and research applications. Theranostics
in nuclear medicine refers to the use of radioactive compounds for imaging biological
processes based on the expression of specific disease-associated targets, such as cell sur-
face receptors or membrane transporters. Subsequently, targeted agents are employed
to deliver ionizing radiation precisely to tissues expressing these markers [143].

The foundation of nuclear medicine theranostics lies in combining radioisotopes
with molecules that selectively bind to critical cellular pathways. This approach allows
for both diagnostic imaging and therapeutic intervention using radiopharmaceuticals
that interact with the same cellular structures and biological processes. Such paired
diagnostic and therapeutic agents are termed theranostic pairs. Figure 28 shows a
diagram of the theranostic strategy in nuclear medicine, highlighting both diagnostic
and therapeutic components along with their corresponding radioisotopes and benefits.
A well-established example of theranostic pairing in nuclear medicine is the management
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of neuroendocrine tumors. In this context, ®*Ga-DOTA-based agents serve as the
diagnostic component, while "' Lu-octreotate functions as the therapeutic agent, both
targeting somatostatin receptors (SSTR) [143].
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Figure 28: Diagram of the diagnostic and therapeutic components along with their cor-
responding radioisotopes and benefits. The radioisotopes include ?2Ac (actinium-225), ¥F
(fluorine-18), 47 Ga (gallium-67), %®Ga (gallium-68), 231 (iodine-123), *'I (iodine-131), ?*>Ra
(radium-223), 1%3Sm (samarium-153), %™ Tc (technetium-99m), and °Y (yttrium-90). Fre-
quently targeted biological structures include NET (norepinephrine transporter), NIS (sodium
iodide co-transporter), PSMA (prostate-specific membrane antigen), and SSTR (somatostatin
receptor). From “Theranostics in nuclear medicine: Emerging and re-emerging integrated
tmaging and therapies in the era of precision oncology” by Marin, J. F. G., Nunes, R. F. et
al. 2020. Copyright by RadioGraphics.

Theranostics has played a fundamental role in the field of nuclear medicine for
many years, and the growing interest in theranostic pairings continues to expand as
our understanding of relevant biological markers deepens and as advancements are
made in the synthesis of targeted agents [144]. Since its inception with the use of
radioiodine in thyroid disease, theranostics research and clinical applications have seen
a remarkable increase. This progress is largely attributed to significant advancements
in our comprehension of cancer biology and the refinement of strategies for designing
and synthesizing targeted theranostic agents.

Radiotheranostics specifically refers to the application of radioactive substances
within the theranostic paradigm [145]. Beyond radiotheranostics, which involves the
use of radioactive materials, several alternative theranostic platforms exist, including
nanotheranostics, optotheranostics, and magnetotheranostics [146, 147].
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Somatostatin analog radioligands

In the past, the diagnosis and treatment options for neuroendocrine tumors were
extremely limited. This was largely due to the rarity of these malignancies, which re-
sulted in minimal market demand for targeted therapies and diagnostic tools. However,
towards the end of the 20th century, significant advancements were made in understand-
ing the biological and molecular properties of somatostatins. Over the last few decades,
there has been a noticeable rise in the incidence of NETs, particularly gastroenteropan-
creatic neuroendocrine neoplasms, with cases increasing from 10.9 to 52.4 per million
in the United States [148].

Somatostatin is an oligopeptide hormone naturally present in the hypothalamus,
nervous system, pancreas, and gastrointestinal tract [149]. Somatostatin receptors,
particularly the somatostatin subtype 2a receptor, belong to the G-protein coupled
receptor family and are significantly overexpressed in neuroendocrine tumors, whereas
their expression remains relatively low in most other tissues and organs [129]. SSTRs are
found on various neuroendocrine-derived cells, including tumors, where somatostatin
plays a crucial role in inhibiting cellular growth. The discovery that certain tumors
overexpress SSTRs led to the development of radiolabeled somatostatin analogs for
theranostic applications [145].

For SSTR imaging, %Ga, a positron-emitting radiometal, has been widely adopted
due to its superior resolution and quantitative capabilities compared to In [150, 151].
The early 2000s saw the introduction of %Ga-labelled SSTR analogs such as ®*Ga-
DOTATOC, %Ga-DOTATATE, and %Ga-DOTANOC for PET imaging [151]. This
innovation revolutionized the diagnosis, staging, and monitoring of neuroendocrine tu-
mors. Compared to conventional imaging and scintigraphy, ®®Ga-labelled SSTR analogs
provide superior image resolution, greater sensitivity, and improved specificity. These
advantages have significantly enhanced clinical practice by increasing diagnostic con-
fidence, reducing costs, shortening imaging times, expediting results, and minimizing
radiation exposure for patients. As a result, the body of evidence supporting the superi-
ority of SSTR PET imaging has grown exponentially [152], driving increased physician
adoption and patient interest in this modality [153].

SSTR PET imaging is now recommended by multiple clinical guidelines and
appropriate-use criteria established by multidisciplinary panels [154-156]. Clinical sce-
narios where SSTR PET is considered appropriate include:

o Initial staging of neuroendocrine tumors.
o Identification of unknown primary tumors.
o Evaluation of lesions suspected to be neuroendocrine but not suitable for biopsy.

o Assessment of patients with biochemical markers and symptoms suggestive of
neuroendocrine tumors.
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» Investigation of patients with biochemical evidence of neuroendocrine tumors but
no detectable lesions on conventional imaging and no prior histologic confirmation.

The development of somatostatin analog radioligands has dramatically improved
the diagnosis and treatment of neuroendocrine tumors. The introduction of ®*Ga-
labelled PET tracers has particularly transformed imaging methodologies, improving
accuracy and clinical efficiency. Among functional imaging techniques, PET scans uti-
lizing somatostatin receptor (SSR)-targeting radiopharmaceuticals, such as [*®*Ga]Ga-
DOTA-TATE, DOTA-NOC, and DOTA-TOC, exhibit superior diagnostic accuracy
compared to conventional imaging methods. This advantage arises from their strong
affinity for SSRs and the high spatial resolution of PET imaging, which also enables the
quantification of SSR expression [157, 158]. As research continues to refine these ap-
proaches, theranostic applications in nuclear medicine are expected to further enhance
personalized oncology treatments [145].

Peptide receptor radionuclide therapy

Peptide receptor radionuclide therapy (PRRT) is an established theranostic ap-
proach, particularly for neuroendocrine tumors, which often express high levels of so-
matostatin receptors (SSTR) [159]. Initially, imaging of these receptors began in the
late 1980s using radioiodine and later with ''In [160]. PRRT with beta emitters was
introduced in the 1990s, with subsequent studies confirming its efficacy [161].

A major breakthrough occurred in 1994 when the U.S. Food and Drug Ad-
ministration (FDA) approved OctreoScan for imaging. It demonstrated significantly
higher sensitivity and specificity for evaluating gastroenteropancreatic neuroendocrine
tumors compared to conventional imaging techniques. In 1997, peptide receptor ra-
dionuclide therapy (PRRT) was first investigated using *°Y-labelled DOTA, specifically
PY_-DOTATOC. This study demonstrated the eradication of pancreatic neuroendocrine
tumors in experimental rats [162].

Peptides offer several advantages as diagnostic and therapeutic agents, including
ease of production, rapid clearance, efficient tissue penetration, and minimal antigenic-
ity. These benefits supported the development of radiolabeled peptides, particularly
somatostatin analogs, for oncologic applications [163, 164]. This progress facilitated
the emergence of new imaging radiotracers and targeted PRRT strategies.

Today, PRRT has evolved into a well-accepted treatment paradigm for NETs
affecting various organs, including the small bowel, pancreas, and lungs. The most
commonly used therapeutic radionuclides for PRRT are Y (half-life: 62.4 hours) and
" u (half-life: 6.73 days). Both are beta emitters, with °°Y offering a longer range for
treating larger metastases and ""Lu providing a shorter range to minimize off-target
radiation. These agents allow direct dosimetry assessment by pairing diagnostic %Ga
imaging with therapeutic beta emitters [145, 165].
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The first-line pharmacological treatment for well-differentiated metastatic or in-
operable neuroendocrine tumors that express somatostatin receptors consists of so-
matostatin analogs. These reduce the symptoms derived from hormonal hypersecretion
and also have an antiproliferative effect. When the disease progresses under somato-
statin analogs treatment, other systemic therapies are available, such as everolimus,
sunitinib, cytotoxic chemotherapy, and peptide receptor radionuclide therapy. Among
these, PRRT with ['""Lu/Lu-DOTA-TATE allows the selective administration of high
doses of radiation to tissues that overexpress SSTR with minimal systemic toxicity [166].

In Spain, PRRT has been authorized since January 2018 by the Spanish Agency
of Medicines and Medical Devices (AEMPS) under the name [*""Lu]Lu-DOTA-TATE
(Lutathera®). It is indicated for patients with metastatic or inoperable gastroenteropan-
creatic neuroendocrine tumors that overexpress SSTR and are well-differentiated (G1
and G2) [166].

In the context of theragnosis, it is essential not only to detect lesions but also to
accurately quantify their uptake intensity. The necessary condition for administering
PRRT is the confirmation of a high expression of SSTR in functional imaging studies.
To characterize uptake intensity in both SPECT/CT and PET/CT scans, the qualita-
tive Krenning scale, with numerical values ranging from 0 to 4, is commonly used. This
scale was initially described for planar SSTR scintigraphy but has later been validated
for SSTR PET/CT. In the latter, uptake levels on the Krenning scale have been ob-
served to be significantly higher than in planar imaging and SPECT /CT, especially for
lesions smaller than 2 cm. The uptake intensity in functional SSTR imaging should be
integrated with tumor size and extent to optimize candidate selection for PRRT [167].

Therefore, as with other tumors, a structured reporting system called the SSTR
Reporting and Data System (SSTR-RADS) has been proposed for the theragnosis of
NETs. This report correlates uptake intensity in functional SSTR imaging with lesion
location (typical or atypical), findings from conventional imaging, and the presence or
absence of prior biopsy. Patients with a Krenning scale score > 3 and an SSTR-RADS
score > 4 are considered candidates for PRRT (see Table 7) [168].
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Table 7: Krenning Scale for Uptake Intensity and Integrated SSTR-RADS Evaluation. Pa-
tients in the shaded region are candidates for PRRT based on SSTR expression. PRRT:
peptide receptor radionuclide therapy; SSTR: somatostatin transmembrane receptors; SSTR-
RADS: Somatostatin Receptor Reporting and Data System; NET: neuroendocrine tumors.
From “Terapia con péptidos radiomarcados con [''7Lu/Lu-DOTA-TATE.” by S. Prado-
Wohlwend, J.C. Bernal-Vergara et al. 2022. Copyright by Revista Espafiola de Medicina

Nuclear e Imagen Molecular.

Krenning | Uptake SSTR- | Findings
Score RADS
0 Absent 1 Benign lesion confirmed by biopsy
or imaging
1 Very low 2 Atypical soft tissue or bone lesion
for metastatic NET
2 Slightly lower than or | 3 Lesion with uncertain malignancy
equal to hepatic up- in soft tissue or bone (due to ei-
take ther questionable uptake, intense
uptake in an atypical location, or
a lesion suggestive of malignancy
but without uptake)
3 Greater than hepatic | 4 Intense uptake in a typical NET
uptake location without findings in con-
ventional imaging
4 Greater than splenic | 5 Intense uptake in a typical NET

uptake

location with findings in conven-
tional imaging







Chapter 2

HYPOTHESIS AND
OBJECTIVES

The hypothesis of this Thesis is that the extraction and analysis of quantitative
data from different PET image strategies provide meaningful information that impacts
clinical decisions. This hypothesis will be tested in two clinical studies (dementia and
neuroendocrine tumors).

The aim of this work is to improve clinical decision-making in the management
of dementia and neuroendocrine tumors by extracting relevant data from quantitative
PET images and analyzing their clinically useful information. This objective will be
achieved through the use of harmonization methods, artificial intelligence with neural
networks, and the comparison of image quality metrics.

Dementia is widely recognized as a major public health issue that requires early
detection, effective treatment, and prognosis assessment. The dementia clinical study
will cover two applications. The first will focus on improving the early diagnosis of
neurodegenerative diseases, while the second will focus on reducing of the neurological
burden of conventional PET/CT with a brain-dedicated PET scanner, ensuring that
both systems provide similar image quality and diagnostic capability.

Regarding neuroendocrine tumors, in the context of theragnosis it is critical not
only to detect the lesions, but also to accurately quantify their uptake intensity. If
Peptide Receptor Radionuclide Therapy is contemplated, a sufficient level of uptake is
necessary. Nowadays, different PET systems provide varying quantitative values de-
pending on a variety of scanner parameters. Due to the increasing number of PET
procedures, several hospitals house different PET devices in the same center. As the
detection of the intensity in the expression of somatostatin receptors may have ther-
apeutic implications, the purpose of this analysis will focus on ensuring consis- tent
treatment recommendations for each lesion, irrespective of the image acquisition device
after the variable harmonization between PET/CT and PET/MR scanners.
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Chapter 3

MATERIALS AND METHODS

This section describes both the materials as well as the procedures, techniques,
and analyses employed to achieve the objectives of this thesis. To this end, since this
thesis involves distinct interventions, the organization of this section, as well as the
subsequent Results and Discussion sections, will follow a structured framework based
on the following points:

« Dementia

— Diagnosis of neurodegenerative diseases

x Relationship between quantitative neuroimaging and emotion recogni-
tion
x Neural Network validation for Alzheimer’s Disease prediction

— Brain-dedicated PET scanner evaluation

x Objective PET image quality evaluation
x Evaluation of brain-dedicated PET diagnostic capability

¢ Neuroendocrine tumors
+ Harmonization for consistent treatment recommendations

3.1 Materials

3.1.1 Dementia

The dementia study will explore two main applications. The first aims to enhance
the early detection of neurodegenerative diseases. The second focuses on minimizing
the neurological impact of traditional PET/CT scans by using a brain-dedicated PET
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scanner, while ensuring that both imaging systems deliver comparable image quality
and diagnostic accuracy. The next paragraphs detail the materials employed to achieve
these expected outcomes.

3.1.1.1 Diagnosis of neurodegenerative diseases

For the former application focused on the early diagnosis of neurodegenerative
diseases, the retrospectively recruited population was splitted in 2 groups. The first
group comprises 124 patients with normal cognition, very mild, and mild cognitive im-
pairment which undergone a ['®F]FDG PET acquisition on a PET/CT and the Reading
the Mind in the Eyes Test. For this patients, the intervention consisted of analysing
the relationship between brain ["*F]FDG PET imaging and cognitive status in patients
with Mild Cognitive Impairment. This was supported by correlation studies to deter-
mine the potential of social cognition in early dementia detection. The second group
comprises 90 patients with mild cognitive impairment which undergone a ["*F]FDG
PET acquisition on a PET/CT. For this group of patients, the intervention consisted
of validating a deep learning artificial intelligence algorithm using only ["*F|FDG PET
images to identify neurodegenerative diseases within this cohort.

3.1.1.1.1 Relationship between neuroimaging and emotion recognition

All patients who participated in this analysis were retrospectively selected from
the Hospital Universitari i Politecnic La Fe (HULAFE) in Valencia, Spain. The initial
cohort included 310 individuals presenting with memory loss and other cognitive symp-
toms, who were evaluated in the Cognitive Disorders Unit of the Neurology Service.
Diagnosis was based on neuropsychological assessments conducted over three years by
certified neuropsychologists using tools such as the Clinical Dementia Rating Scale,
Mini-Mental State Examination, Repeatable Battery for the Assessment of Neuropsy-
chological Status, and RMET. Additionally, patients underwent brain imaging with
['F]FDG PET scans within 12 months of the neuropsychological evaluation and were
tested for cerebrospinal fluid biomarkers. At the time of performing CSF biomarkers
and PET/CT imaging, all patients demonstrated mild cognitive impairment, defined
according to the CDR evaluation criteria, with cognitive decline lasting at least six
months and confirmed as objective.

MCI status was further characterized by impairments in two or more cognitive
domains, representing a decline from previous levels of functioning as defined by the
CIE-11 criteria for dementia. From the initial 310 individuals, 148 individuals without
[18F|FDG PET scans were excluded. An additional 18 patients were also excluded
because the time interval between their imaging and RMET testing exceeded one year,
and another 18 individuals were excluded due to the absence of CSF molecular analysis.
Two more patients with tumors or other brain abnormalities, such as basal ganglia cal-
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cification, hemorrhages, or arteriovenous malformations, were removed from the study
to avoid inaccuracies in brain image quantification.

Ultimately, the final dataset consisted of 124 participants. Figure 29 outlines the
inclusion and exclusion criteria. This dataset comprised medical imaging data (SUVr
from ["*F]FDG PET scans), CSF biomarker results, and neuropsychological test scores
(CDR, MMSE, RBANS, RMET). Based on clinical classifications, all MCI patients had
CDR scores of 0.5 or CDR 0 with impairments in other cognitive domains. Approxi-
mately half of the MCI cases were attributed to neurodegenerative diseases, indicated
by abnormal CSF biomarkers or neuroimaging findings that met diagnostic criteria for
neurodegeneration. The remaining cases did not meet such criteria, showing normal
CSF biomarkers and neuroimaging results. Table 8 provides detailed information about
the sample, including the distribution of clinical diagnoses, age, sex, and neuropsycho-
logical test results.

Patients with RMET and CDR € [0.5, 1]

N =310
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I« NoPETimages (N = 148) y
): o tbetween RMET and image scan > 12 months (N = 18) |
: e No CSF (N =18) 1
{ o Patients with tumours (N = 2) 1
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Patients with CSF, RMET, CDR € [0.5, 1] and
PET (t < 12 months)
N=124

Figure 29: Inclusion and exclusion criteria for the study. RMET: Reading the Mind in
the Eyes Test; CDR: Clinical Dementia Rating; PET: Positron Emission Tomography; CSF:
Cerebrospinal Fluid.

Table 8: Demographical description of enrolled patients.

Clinical diagnosis N | Age Sex (fe-  MMSE RMET | RBANS
(years, | male, N | (mean | total (sum of in-
mean £ | (%)) + sd) | (mean | dex, mean
sd) + sd) + sd)

MCI due to neurode- | 58 | 68 + 7 34 (59%) | 22+4 |16 +5 | 326 £ 57
generative disease
MCI not due to neu- | 66 | 64 £ 8 37 (56%) |26 £3 |18 £ 5 | 395 £ 69
rodegenerative disease

Demographic and clinical data were retrieved from hospital clinical records and
supplemented with the neuropsychological assessments. The study protocol was ap-
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proved by the Ethics Committee (CEIC) at the Health Research Institute La Fe (refer-
ence: 2021-854-1, dated 22/12/2021), and all participants provided informed consent.

Regarding the ["®F]FDG image acquisitions, the protocol followed the European
Association of Nuclear Medicine’s ['*F|FDG procedural guidelines for brain PET imag-
ing (version 2) [169]. Subjects fasted for at least 4 hours. Patients were positioned in
a calm, dimly lit room for 20-30 minutes before ["*F]FDG administration and uptake
phase. A 20-minute scan was acquired 20-30 minutes after injection. The injection dose
was 155 + 25 MBq [*®*F]FDG. Prior to ['8F|FDG injection, glucose levels were tested
and all subjects had less than 200 mg/dL.

Images with a resolution of 128 x 128 x 90 matrix and voxel dimensions of 2 x
2 x 2 mm were obtained in DICOM format from the PACS system. These images were
acquired using a Philips Gemini TF 64 PET/CT scanner, which uses Ordered Subset
Expectation Maximization (OSEM), a time-of-flight algorithm for 3D imaging. After
image reconstruction, a nuclear medicine physician guaranteed the quality checks on
the images.

Regarding the neuropsychological and emotion recognition evaluation, patients
completed various neuropsychological assessments, which included an global dementia
rating, an evaluation of general mental state, and a of different cognitive domains,
functionality, and emotion recognition. The assessment began with the determination
of the CDR scale to assess the severity of dementia. This was followed by the RBANS,
which evaluated five cognitive domains for psychometric analysis. The MMSE was used
to assess the general mental state of the patients.

Emotion recognition was assessed using the Spanish version of the RMET. In
general, it’s used to assess Theory of Mind. To understand another person’s mental
state, it’s necessary to first recognize and integrate their emotions. The RMET includes
36 images of the eyes zone expressing various complicated emotions. The 36 pictures
were divided into three valences: 8 positives (e.g., friendly), 12 negative (e.g., upset),
and 16 neutral (e.g., reflecting). Participants selected the most appropriate adjective
from four options (three incorrect and one correct) for each picture. Adjective defini-
tions were provided as needed. The total score reflects the sum of right answers [95].

3.1.1.1.2 Neural Network validation for Alzheimer’s Disease prediction

For this intervention, patients with MCI, identified through neuropsychologi-
cal evaluations without functional impairment in daily activities, were retrospectively
recruited. All cases were collected from the Cognitive Disorders Consultation of the
Neurology Service of La Fe University and Polytechnic Hospital between 2013 and 2020.
Patient data were sourced from the hospital’s electronic clinical records, while imaging
data were obtained from the PACS. The study initially included patients experiencing
cognitive decline, primarily affecting memory, without impairments in daily function-
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ing. However, those without a CDR score of 0.5 (MCI diagnosis), a final diagnosis,
or FDG PET imaging were excluded. Figure 30 outlines the inclusion and exclusion
criteria.

Eligible participants: People assessed in the Consultation from

2013 through 2020 who presented symptoms that suggested

deterioration in their cognitive functions, mainly memory, in the

absence of functional impairment for activities of daily living. (MCI)
n = 558

Excluded:
n =468

- Patients without definitive diagnosis (n = 217).

- Patients who did not meet the definition of mild
cognitive impairment (n = 101).

- Patients without a FDG-PET imaging (n = 150).

\ 4
Participants: Patients who meet the definition of mild
cognitive impairment and had a FDG-PET scan.

n=90
I
\2 v
Diagnostic group: AD Diagnostic group: MCI without
AD n=64 neurodegenerative disease
n=71~|:FTD n=4 n=19
DLB n=3

Figure 30: Eligibility criteria for the participants. From the 558 people assessed in the
Consultation 90 participants who met the eligibility criteria were included (71 MCI with
neurodegenerative disease and 19 MCI without neurodegenerative disease). All of them met
the definition of MCI (Clinical Dementia Rating = 0.5) and had an FDG-PET scan. MCI =
Mild Cognitive Impairment, AD = Alzheimer Disease, FTD = Frontotemporal Degeneration,
DLB = Dementia with Lewy Bodies. From “Artificial intelligence on fdg pet images identifies
mild cognitive impairment patients with neurodegenerative disease.” by Joan Prats-Climent,
Maria Teresa Gandia-Ferrero et al. 2022. Copyright by Journal of Medical Systems.

The study was approved by the Ethics Committee of La Fe University and
Polytechnic Hospital, and informed consent was waived due to its retrospective, non-
interventional observational design. A total of 90 subjects who met the eligibility criteria
were included in the study. The final diagnosis was determined including physical and
neuropsychological evaluations, FDG PET imaging, structural MR, and CSF molecular
analysis from lumbar puncture.

After selecting patients retrospectively according to the inclusion criteria, the
database was further reviewed to ensure greater precision in clinical diagnoses. Partic-
ipants were categorized into two groups: 71 MCI cases associated with a neurodegen-
erative disease (64 with AD, 4 with FTD, and 3 with DLB) and 19 MCI cases without
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an associated neurodegenerative disease (see Figure 30). The study included 52 women
and 38 men, aged between 46 and 78 years. Regarding education levels, 14 had univer-
sity degrees, 21 had secondary education, 54 had primary education, and one had no
formal education. Table 9 presents the demographic and neuropsychological data [99].

Table 9: Demographical neuropsychological and cerebrospinal fluid characteristics of the
independent sample. MCI: Mild Cognitive Impairment, US: university studies, SS: secondary
studies, PS: primary studies, NS: no studies, MMSE: Mini-Mental State Examination, FAQ:
Functional Activities Questionnaire, RBANs: Repeatable Battery for the Assessment of Neu-
ropsychological Status, CSF: cerebrospinal fluid. * Values are presented as mean + standard
deviation. From “Artificial intelligence on fdg pet images identifies mild cognitive impairment
patients with neurodegenerative disease.” by Joan Prats-Climent, Maria Teresa Gandia-Ferrero
et al. 2022. Copyright by Journal of Medical Systems.

Groups MCI with MCI without
neurodegenerative disease neurodegenerative disease
N subjects 71 19
Female/Male 41/3 11/8
Agex 71 19
US/SS/PS/NS 12/16/42/1 2/5/12/0
MMSEx 24 +5 25 + 2
RBANSsx 338 £ 61 357 £ 65
ApB4e CSFx 559 + 267 1003 + 384
p-tau CSFx 110 &+ 65 43 £ 17
t-tau CSFx 735 + 506 286 + 113

Regarding the ["®*F]FDG PET image acquisition, the protocol adhered to the
European Association of Nuclear Medicine’s ['**F|FDG procedural guidelines for brain
PET imaging (version 2) [169]. Patients were comfortably positioned in a quiet, dimly
lit room approximately 20-30 minutes before and during the uptake phase of 135-165
MBq [®F]FDG administration. Imaging was conducted between 20 and 35 minutes
post-injection, with scan durations ranging from 10 to 20 minutes. Three-dimensional
images were reconstructed using the Ordered Subset Expectation Maximization algo-
rithm with time-of-flight technology.

All scans were acquired using a Philips Gemini TF 64 PET/CT scanner and
were assessed by a nuclear medicine physician to ensure quality. The images were
downloaded in DICOM format with a matrix resolution of 128 x 128 x 90 and a voxel
size of 2 X 2 x 2 mm.
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3.1.1.2 Brain-dedicated PET scanner evaluation

For the latter application in dementia, which aimed to address the need to reduce
the neurological burden of conventional PET /CT through a brain-dedicated PET scan-
ner, the population was also divided into two groups. Both groups consisted of patients
who attended the hospital for a diagnostic PET/CT scan and voluntarily participated
in the validation of the brain-dedicated PET scanner. All patients were prospectively
recruited. The first group comprised 80 patients with ["*F]FDG PET images. Here,
the interventions involved comparing image quality between the two scanners using ob-
jective image quality metrics and assessing diagnostic prediction performance using a
deep learning neural network. The second group consisted of 26 patients with amyloid
PET images. For these patients, the intervention focused on evaluating the diagnostic
capability of the brain-dedicated PET scanner using four different reconstructions and
the Centiloid Scale.

PET systems

These two interventions are part of the clinical validation process for a a brain-
dedicated PET (dPET) system named CareMiBrain (CMB). The CMB scanner aims
to facilitate the early diagnosis of neurodegenerative diseases. It is designed to maximize
both spatial resolution and sensitivity by incorporating depth-of-interaction technology,
reducing the scanner’s diameter, and utilizing monolithic crystals. Patient comfort was
a primary focus during development. Additionally, the scanner significantly reduces
radiation exposure due to its high sensitivity and the absence of CT for attenuation
correction. Instead, it generates an emission-based attenuation map for AC during each
scan [60].

The CareMiBrain (Oncovision, Spain) scanner consists of three detector rings,
each containing 16 detector modules, for a total of 48 modules. Each module is made
up of a 12x12 array of silicon photomultipliers (SiPM) paired with continuous LYSO
crystals measuring 50x50 mm?2. These monolithic crystals allow for precise depth-of-
interaction (DOI) determination of gamma rays within the scintillation crystal, enhanc-
ing resolution. The scanner has a detector ring diameter of 260 mm, with an effective
field of view of 220 mm in diameter and 150 mm axially. The spatial resolution (full-
width at half maximum) for radial, tangential, and axial directions was measured using
FBP reconstruction at distances of 10 mm and 100 mm from the center. The results
were 1.87 x 1.68 x 1.39 mm? and 1.86 x 1.91 x 1.40 mm?3 (NU 2-2012) and 1.58 x
1.45 x 1.40 mm? and 1.64 x 1.66 x 1.44 mm?® (NU 4-2008), respectively [128].

The emission-based attenuation map used in the CMB scanner is created during
the reconstruction process from an estimated emission image. The different stages of

this process are illustrated in Figure 31.

This image is generated using a single OSEM iteration with 12 subsets, without
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applying attenuation or scatter corrections. To reduce noise near the detectors, the
uncorrected image is radially cropped to a radius of 110 mm. A k-means clustering
algorithm with four levels is then used for segmentation, where voxels in the lowest
level are identified as noise and set to zero, while the remaining voxels are assigned
a uniform value. Further mathematical processing is applied to fill internal gaps and
smooth the contours, retaining only the largest connected component. Figure 31 shows
the initial uncorrected emission image, the intermediate k-means segmented image,
and the final volume used for attenuation correction. In the final attenuation map, all
non-zero voxels are assigned the attenuation coefficient of grey matter [60].
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Figure 31: Generation of the emission-based attenuation map. The process consists of
several steps: the uncorrected emission image (left), the k-means segmented image (middle),
and the final attenuation map (right). The images are displayed in transversal, sagittal,
and coronal views from top to bottom. From “Objective image quality comparison between
brain-dedicated PET and PET/CT scanners.” by Maria Teresa Gandia-Ferrero, Irene Torres-
Espallardo et al. 2023. Copyright by Journal of Medical Systems.

The PET/CT scanner used for the comparison was Philips Gemini TF 64
PET /CT. This scanner features 28 flat detector modules, each consisting of a 23x44
array of discrete LYSO crystals measuring 4x4x22 mm?3. These crystals are arranged
in an Anger-logic detector design to ensure uniform light distribution. The scanner has
a detector ring diameter of 903.4 mm, with an active transverse field of view of 576 mm
and an axial field of view of 180 mm. It is designed to function as a high-performance
conventional PET scanner while also offering good timing resolution for time-of-flight
PET imaging. The transverse and axial resolution near the center is 4.8 mm [170].

3.1.1.2.1 Objective PET image quality evaluation

For this application, both Hoffman Phantoms and patient acquisitions have been
performed:
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Dataset description for Hoffman Phantoms

During the validation study, three phantom scans of 20 minutes each were per-
formed on separate days using both the CMB and PET/CT scanners. At the time of
acquisition, the activity levels for the three Hoffman phantom scans on the PET/CT
scanner were 9, 16, and 113 MBq of ['®F|FDG, while for the CMB scanner, they were
12, 13, and 22 MBq of [®®F]FDG. Additionally, a CT scan of the phantom was con-
ducted using the PET/CT device. A total of 24 image sets were obtained to assess
image quality, considering two scanners, three 20-minute acquisitions per scanner, and
four different time frame reconstructions [60]. Since both systems recorded data in list
mode, each 20-minute scan was divided into three sets of 10-minute images:

Total 20-minute reconstruction (t, = 00 : 00 : 00, ¢; = 00 : 20 : 00)

Initial 10-minute reconstruction (¢, = 00 : 00 : 00, t; = 00 : 10 : 00)

Central 10-minute reconstruction (¢, = 00 : 05 : 00, ¢t; = 00 : 15 : 00)

Final 10-minute reconstruction (¢, = 00 : 10 : 00, ¢; = 00 : 20 : 00)

These reconstructions were performed for both scanners, with three 20-minute
scans on the CMB and three on the PET/CT. Figure 32 illustrates an example of a
Hoffman phantom scan on both scanners. It is important to note that for the CMB
scanner, a uniform cylindrical attenuation map was used during image reconstruction,
whereas for the PET/CT scanner, a CT-based attenuation map was applied.

Figure 32: Reconstructed image of the Hoffman phantom on PET/CT (left) and on CMB
(right). From “Objective image quality comparison between brain-dedicated PET and PET/CT
scanners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright
by Journal of Medical Systems.

Dataset description for patients

The clinical validation of the CMB scanner at La Fe University and Polytechnic
Hospital aimed to demonstrate that the image quality of CMB dPET is comparable
to, or not inferior to, that of PET/CT. Patients scheduled for a diagnostic PET/CT
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scan were invited to voluntarily participate in the validation study. The study received
approval from the hospital’s Ethics Committee (registration number: 2021-345-1). Once
a patient agreed to participate, they underwent an additional scan using the CMB
system with no additional radiopharmaceutical injection [60].

Between August 2021 and August 2022, a total of 127 FDG PET scans were
performed on both scanners. The CMB scan was conducted for a total duration of 12
minutes, with images reconstructed for the full acquisition time. To maintain consis-
tency in the evaluation, 16 patients who had PET scans for oncological purposes were
excluded from the study. Additionally, due to the CMB scanner’s axial field of view
of 150 mm and the use of external anatomical references for patient positioning, the
cerebellum was not always fully captured in the dedicated brain PET scan. As a result,
31 scans were excluded. Figure 33 presents the flowchart outlining the inclusion and
exclusion criteria used for dataset selection [60].

The average age of the participants was 65 years, with a standard deviation of
13 years, and approximately 54% of them were female. Table 10 provides a summary
of the clinical diagnoses of the 80 patients included in the study. For a comprehensive
quantitative assessment of image quality, all CMB patient images were reconstructed
using both the emission-based attenuation map generated by the device and the CT-
based attenuation map derived from the PET/CT scan. Figure 34 illustrates an example
of a patient scan acquired on both PET/CT and CMB.

FDG PET scans on both PET/CT and dPET
N =127

\
)n N = 16 oncology :
¢ I PET scans 1

! 1

Not oncology FDG PET scans
on both PET/CT and dPET
N=111

)n N = 31 cerebellum
I not fully included

\ 4 . L T S

Not oncology FDG PET scans
on both PET/CT and dPET
and cerebellum included
N =380

- o -

Figure 33: Flowchart of patient selection based on the inclusion and exclusion criteria for the
image quality evaluation. From “Objective image quality comparison between brain-dedicated
PET and PET/CT scanners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et
al. 2023. Copyright by Journal of Medical Systems.
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Figure 34: Example of a reconstructed image of a patient acquired on both scanners. Image
acquired on PET/CT (left), on CMB reconstructed with emission-based attenuation map
(middle) and on CMB reconstructed with CT-based attenuation map (right). From “Objective
image quality comparison between brain-dedicated PET and PET/CT scanners.” by Maria
Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal of Medical
Systems.

Table 10: Clinical diagnosis summary of the 80 enrolled patients in the study. From “Ob-
jective image quality comparison between brain-dedicated PET and PET/CT scanners.” by
Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal of
Medical Systems.

Clinical diagnosis N
Mild cognitive impairment | 55
Parkinsonism 9
Epilepsy 10
Others 6

The brain study acquisition protocol for patients followed the guidelines set by
the European Association of Nuclear Medicine [169]. Patients were comfortably posi-
tioned in a quiet, dimly lit room approximately 20 minutes before the administration
of [®8F]FDG and remained there during the uptake phase of 133-167 MBq [**F]FDG.
Image acquisition on the PET/CT scanner was performed around 20 minutes post-
injection, lasting 20 minutes in a single bed position, with reconstruction covering the
entire acquisition period. All images were reviewed and validated by a nuclear medicine
physician.

For the CMB device, both phantom and patient images were reconstructed using
the OSEM algorithm with 12 subsets and 4 iterations. The images were generated in
DICOM format with a matrix size of 220 x 220 x 152 and a voxel size of 1 x 1 X
1 mm?3. For the PET/CT scanner, all images were reconstructed using the line-of-
response row-action maximum likelihood algorithm (LOR-RAMLA). PET/CT images
were generated in DICOM format with a matrix resolution of 128x128x90 and a voxel
size of 2x2x2 mm3. CT scans were also produced in DICOM format, with a matrix

resolution of 512x512x179 and a voxel size of 1.17x1.17x2 mm?.
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3.1.1.2.2 Evaluation of brain-dedicated PET diagnostic capability

A comparative diagnosis analysis was conducted between PET/CT and CMB
devices. This intervention, was divided into 2 subinterventions regarding the type of
radiopharmaceutical employed for brain PET imaging (FDG and amyloid imaging).

For the former, the subintervention consisted of assessing the level of agreement
in diagnosing a group of patients using the deep learning algorithm based on ['*F|FDG
PET imaging that was previously validated on images from Hospital La Fe [99]. The
initial database for this diagnostic comparison consisted of the same 80 patients ana-
lyzed in the previous image quality evaluation intervention. However, only 55 of these
80 patients were ultimately included in the analysis. These 55 patients were selected
due to their cognitive impairment, as shown in Table 10, which aligned with the type
of data on which the model was trained. Consequently, the deep learning model was
tested on the images of these 55 patients from both devices.

As mentioned earlier, the brain study acquisition protocol for patients followed
the guidelines outlined by the European Association of Nuclear Medicine [169]. For the
CMB device, image reconstruction was performed using the OSEM algorithm with 12
subsets and 4 iterations. The images were produced in DICOM format, with a matrix
size of 220 x 220 x 152 and a voxel size of 1 x 1 x 1 mm3. In contrast, the PET/CT
scanner employed the line-of-response row-action maximum likelihood algorithm (LOR-

RAMLA) for image reconstruction. The PET/CT images were generated in DICOM

format, with a matrix resolution of 128 x 128 x 90 and a voxel size of 2 x 2 x 2 mm?.

For the latter, the subintervention consisted of assessing the level of agreement
in diagnosing a group of patients using the Centiloid Scale. The hospital’s Ethics
Committee approved the study (registration number 2021-345-1), and all participants
provided written informed consent. The patient recruitment process followed a struc-
tured approach: individuals with a possible AD diagnosis who visited the hospital
for a diagnostic amyloid PET/CT were invited to participate in the validation of the
brain-dedicated PET scanner. Those who consented to participate signed a formal
agreement.

All enrolled patients underwent both a standard diagnostic PET /CT scan and an
additional scan using the brain-dedicated CareMiBrain system. A total of 28 patients
were scanned using amyloid tracers in both modalities. However, due to the 150 mm
axial field of view and reliance on external anatomical references for patient positioning,
the cerebellum was not fully captured in two CMB PET scans. These two cases were
excluded from further analysis. Finally, amyloid PET images were successfully acquired
for 26 patients, using the following tracers: 17 patients with ["®F]Flutemetamol, 5 with
['8F]Florbetaben, and 4 with ['*F]Florbetapir. Based on established criteria, patients
were classified into two groups: those with Alzheimer’s disease pathology (AD) and
those without (No AD). All participants were assessed at the Cognitive Disorders Unit
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within the Neurology Service due to symptoms of memory loss and other cognitive
impairments. The diagnosis was determined using cerebrospinal fluid biomarkers, neu-
ropsychological evaluations, and imaging studies, including [**F|FDG PET/CT or MR
brain scans.

In cases where lumbar puncture was contraindicated, such as in anticoagulated
patients, or unavailable at referring hospitals, amyloid PET interpretation by nuclear
medicine specialists was used as an alternative to CSF biomarker analysis. This sub-
stitution is a recognized and validated practice, as demonstrated in prior research by
Palmqvist et al. [171]. The classification of patients into AD and No AD groups was
based on these combined assessments. Table 11 presents the demographic and clinical
characteristics of both groups.

Table 11: Demographic and clinical information in terms of the mean and standard deviation
of participants in our study (number of patients (N), gender, age and Mini Mental State
Examination (MMSE)). From “Amyloid brain-dedicated PET images can diagnose Alzheimer’s
pathology with centiloid scale.” by Maria Teresa (Gandia-Ferrero, Irene Torres-Espallardo et
al. 2024. Copyright by Physica Medica.

N | Gender (F-M) | Age | MMSE
AD 14 8-6 69 £ 7| 24+4
No AD | 12 7-3 68 £ 8| 27+4

Regarding the Mini-Mental State Examination (MMSE), while various cutoff
values have been applied in cognitive research, scores of < 23 are generally considered
indicative of cognitive impairment. Patients scoring between 23 and 26 are typically
classified as having Mild Cognitive Impairment (MCI). However, for individuals with
near-normal scores (28-30) and otherwise intact neurocognitive function, there is no
clear clinical criterion for diagnosing MCI, particularly in elderly patients [172].

All images were acquired following the standardized procedures outlined in the
SNMMI Procedure Standard and the EANM Practice Guideline for Amyloid PET brain
imaging [173]. The waiting period before image acquisition adhered to these guidelines,
except for four patients whose [*®F|Florbetapir PET images were obtained using the
CMB scanner with an extended waiting period.

Although the guidelines recommend for [*F]Florbetapir a waiting period of
30-50 minutes, its pharmacodynamics indicate that the time-activity curve increases
steadily until 30 minutes post-injection and then stabilizes for at least 90 minutes there-
after [174]. This ensures that all acquisition times fall within the acceptable range. The
specific waiting times and image acquisition durations for each of the three amyloid ra-
diotracers are summarized in Table 12.

Initially, PET images were obtained using a Philips Gemini TF 64 PET/CT
scanner. The PET/CT images were reconstructed following the standard brain imag-
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ing protocol and saved in DICOM format with a matrix resolution of 128 x 128 x 90
and a voxel size of 2 x 2 x 2 mm?®. After PET/CT acquisition, additional PET images
were collected using the CMB brain-dedicated PET scanner. All 3D images were recon-
structed using the Ordered Subset Expectation Maximization (OSEM) algorithm with
12 subsets and 4 iterations, generating images in DICOM format with four different
reconstruction settings:

e 110 x 110 x 76 matrix size, 2 x 2 x 2 mm? voxel size with Point Spread Function
(2mmPSF).

e 110 x 110 x 76 matrix size, 2 x 2 x 2 mm? voxel size without PSF (2mmNoPSF).

e 220 x 220 x 152 matrix size, 1 x 1 x 1 mm? voxel size with PSF (1mmPSF).

o 220 x 220 x 152 matrix size, 1 x 1 x 1 mm3 voxel size without PSF (1mmNoPSF).

Table 12: Waiting period after injection (mean + standard deviation) and image acquisition
duration for each PET scanner and radiotracer in minutes. From “Amyloid brain-dedicated
PET images can diagnose Alzheimer’s pathology with centiloid scale.” by Maria Teresa Gandia-
Ferrero, Irene Torres-Espallardo et al. 2024. Copyright by Physica Medica.

Scanner Radiotracer Waiting period | Image acquisition duration
['8F|Flutemetamol 91 + 8 20
PET/CT | [®F]Florbetaben 90 + 1 20
['8F]Florbetapir 49 + 2 10
['8F]Flutemetamol 123+ 9 10
CMB ['*F|Florbetaben 118 + 13 20
['8F|Florbetapir 82 + 2 10

3.1.2 Neuroendocrine tumors

In the context of neuroendocrine tumors, where precise quantification of lesion
uptake is crucial for therapeutic decision-making, the analysis aims to guarantee uni-
form treatment recommendations for each lesion, regardless of the imaging device used,
by the harmonization of variables between PET/CT and PET/MR scanners.

3.1.2.1 Harmonization for consistent treatment recommendations

PET systems

The PET/CT scanner used for the variables harmonization was Philips Gemini
TF 64 PET /CT,which was described previously.
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The PET /MR scanner used for the variables harmonization was General Elec-
tric SIGNA™ PET/MR. This system is a time-of-flight capable PET/MR scanner
designed for simultaneous PET and MRI imaging. It features silicon photomultiplier
(SiPM)-based detectors with lutetium-based scintillator crystals, optimized for high
sensitivity and spatial resolution. The system has an axial field of view of 25 cm and
a transverse FOV of 60 cm. The PET resolution near the center is approximately 4.2
mm, and the TOF capability enhances image quality and quantification by improving
signal-to-noise ratio. The system is designed to ensure mutual compatibility between
PET and MRI, minimizing interference and optimizing imaging performance.

Figure 35 presents an example of a reconstructed image from a patient scanned
using both PET/CT and PET/MR scanners.

A - B

Figure 35: Example of a reconstructed image of a patient acquired on both scanners. (A)
Maximum intensity projection (MIP) in PET/CT. (B) MIP in PET/MR. PET /MR revealed
a new bone lesion (involvement of a new organ) and a new hepatic lesion (organ already
affected). From “Same-day comparative protocol PET/CT-PET/MRI [8 Ga]Ga-DOTA-TOC
in paragangliomas and pheochromocytomas: an approach to personalized medicine” by Prado-
Wohlwend, S., Ballesta-Moratalla, M. et al. 2023. Copyright by Cancer Imaging.

Dataset description

This prospective study included patients diagnosed with locally advanced
or metastatic histologically confirmed paragangliomas or pheochromocytomas. These
patients were referred to our neuroendocrine tumors-accredited tertiary care center, of-
ficially recognized by the regional administration, for staging, follow-up, or therapeutic
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decision-making between September 2020 and June 2022. The study was conducted
with approval from the local ethics committee.

Exclusion criteria included pregnancy, age under 18, contraindications to MR,
and an inability to comprehend the study protocol or provide informed consent. A
same-day imaging protocol was carried out in 25 patients with metastatic or unre-
sectable paragangliomas. PET/CT and PET/MR scans were performed consecutively
following a single intravenous injection of approximately 185 MBq of [®®*Ga]Ga-DOTA-
TOC, without the use of radiological contrast. The whole-body PET/CT scan, covering
the area from the skull to the upper thigh, was conducted first, immediately followed by
a PET/MRI scan of the same region. The characteristics of the patients are summarized
in Table 13.

Table 13: Overall characteristics of the study patients. From “Same-day comparative protocol
PET/CT-PET/MRI [8Ga]Ga-DOTA-TOC in paragangliomas and pheochromocytomas: an
approach to personalized medicine” by Prado-Wohlwend, S., Ballesta-Moratalla, M. et al.
2023. Copyright by Cancer Imaging.

Gender Female 12

Male 13
Age 47.52 years (20-71)
Primary location Pheochromocytoma 6

Paraganglioma 17
Synchronous pheochromo-
cytoma and paraganglioma 2

Multifocality Multifocal or metastatic 17

Unifocal 8

Genetic syndrome Sporadic 8
SDHB 4
SDHD 9
SDHA 2

FH 2

Scan purpose Staging-initial diagnosis 4

Follow-up 18
Therapeutic decision 3

Number of patients with lesions located in | Cervical 15
Bone 6

Nodal 5
Mediastinal 5

Abdominal extra adrenal 4
Liver 3

Lung 2
Adrenal 1
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On average, 183.52 MBq of [®*Ga]Ga-DOTA-TOC was administered, with a
range of 165.76 to 203.13 MBq. The mean interval between radiotracer injection and
imaging was 65 minutes (ranging from 45 to 101 minutes) for PET/CT and 109 minutes
(ranging from 81 to 165 minutes) for PET/MRI. After accounting for radioactive decay,
the activity at the start of imaging was 93.61 MBq for PET/CT and 59.57 MBq for
PET/MRIL

Figure 35 presents an example of a reconstructed image from a patient scanned
using both imaging systems, PET/CT and PET/MR. Subfigure A shows the maximum
intensity projection (MIP) in PET/CT while B shows MIP in PET/MR. The PET/MR
scan identified an additional bone lesion in this patien, indicating the involvement of
a previously unaffected organ, as well as a new hepatic lesion in an organ that was
already affected.

3.2 Quantification of PET images

Recent improvements in digital computer technology allow to treat any image
as an array of numbers representing the local values of the object property that was
imaged, as well as to make quantitative measurements of body features based on their
images [2].

In nuclear medicine, quantitative imaging is used either before or during cer-
tain radiopharmaceutical therapies. Quantification of activity throughout a scan after
injecting a tracer amount of radioactivity is generally achieved by calibrating results
using data from time zero, when whole-body activity matches injected activity [39].

Quantitative PET can range from simple to complex and laborious. This is sig-
nificantly dependent on the objective of the imaging task. Static and dynamic PET
are two distinct modalities of acquiring data from which relevant data is extracted and
physiologically analyzed. Static images are typically acquired after the tracer is admin-
istered, and enough time is allowed for tracer clearance from plasma and accumulation
in the tissue to increase the target-to-nontarget ratio. However, dynamic imaging cap-
tures metabolic information in real time, allowing one to infer useful physiological
quantitative parameters [175]. All PET images analyzed in this work come from static
acquisitions.

A primary goal of these quantitative or semiquantitative measures in PET im-
age interpretation is to eliminate interreader variability. Another goal of having such
a method of measurement is to allow for comparisons between different patient stud-
ies, which are often used in monitoring and assessing response to therapy. A strong,
dependable, and distinct cutoff value of the response is suitable for supporting the
decision-making process for a specific treatment line [176].
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Additionally, it would be highly useful in predicting which therapy will be more
successful than others, particularly in the early stages of a given therapeutic regimen.
Conversely, an analysis of this kind can offer additional information on the spectrum
and biological variability of a given illness, especially when comparing patients. The
production of innovative targeted tracers demands the employment of a suitable or op-
timum quantitative approach, as traditional measurements are not always appropriate
for extracting useful information [177].

Standardized imaging procedures and quantification techniques would also make
it simple to compare data from various PET clinics and create a knowledge base with
the least amount of observer variation and methodological bias. This can be possible
if the procedure is well specified and imaging potential risks and technological error
causes are identified and removed. Standardized quantification therefore assists the
path towards personalized medicine and makes multicenter studies easier to compare
across various PET centers [178, 179].

3.2.1 Dementia: data preprocessing and data extraction

Data preprocessing for dementia applications

Images from the same patient taken with different scanners might not necessarily
be in the same reference space since patients are not positioned precisely the same.
Therefore, it is frequently required to use mathematical transformations that can rewrite
every image in the same reference space in order to create a point-to-point (voxel-to-
voxel) correspondence between patients in order to compare them. Mathematical
transformations are used to ensure that the same voxel in each image corresponds to
the same anatomical area, as if the images were taken with the patient in the exact
same position [180].

There are many different mathematical transformations that can be applied to
medical images:

« Rotation: is an affine transformation that turns an image by a certain angle
around its origin or centre. This transformation alters an image’s orientation
according on the angle it has been set to, while keeping the same shape and size.

o Translation: is an affine transformation that moves an image by a given number
of pixels along the x and y axes. This process translates the image in such a way
that each pixel is relocated to a new position while keeping the image’s shape and
size.

o Resampling: is a transformation that changes the spatial resolution of an image by
interpolating pixel values to create a new image grid. This can involve upscaling
(increasing resolution) or downscaling (decreasing resolution)

o Shearing: is an affine transformation that moves points that face a fixed direction
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by a factor equal to their signed distance from a line that moves parallel to the
direction in question.

o Warping: is a geometric transformation that alters the spatial configuration of an
image, allowing for distortion or deformation to fit a desired shape or mapping.

These mathematical transformations of images (see Figure 36) can be grouped
into different types of techniques according to the characteristics of the images to be
processed: realignment, co-registration and spatial normalization.

Rotation Original image Warping

Translation Resampling Shear

Figure 36: Geometric transformations in image processing. Images acquired at Hospital La
Fe.

Realignment techniques are those mathematical transformations that rewrite
many images of the same patient and modality in a single reference space. An example of
a realignment of two amyloid brain PET images from different subjects can be observed
in Figure 37. Realignment procedures should be used when comparing two PET images
of the same patient acquired before and after therapy. In this situation, realigning
the two PET images would allow for a pixel-by-pixel comparison to identify changes.
A realignment procedure involves affine transformations of three-dimensional rotations
and translations [180]. In order to minimize the disparities between a reference scan and
each subsequent scan, parameters of an affine “rigid-body” transformation are estimated
during the realignment process. The data is then resampled using an interpolation
approach to apply the transformation. PET data analysis is often simpler since it does
not have to deal with connected errors from one scan to the next [181].
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Original PET images (1st acquisition) from Subject 1
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Figure 37: Example of a realignment of two amyloid brain PET images from 2 different
subjects. Images acquired at Hospital La Fe.

Co-registration techniques involve mathematical modifications that employ
the same reference space to rewrite images of the same patient from different modalities.
The integration of different imaging modalities can give additional information that is
not immediately obvious when studying individual image modalities. For research on
a single subject, regions of activation can be precisely localized by superimposing them
on a high resolution structural image of the subject. This involves the matching of
functional images with structural images. Another possible use for this registration is
to compute more exact spatial normalization from a more detailed structural image.
Registration techniques can be used when integrating a PET scan with an MR image
of the same subject. It is a similar technique to realignment. The difference between
both procedures is that an MR image has smaller pixels than a PET image, requiring
the addition of resampling transformations [180, 181]. Figure 38 illustrates an example
of a co-registration of 2 brain images from the same subject but different modalities:
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an amyloid PET image and a MR image.

Original MR images

CO-REGISTRATION

PET images co-registered to MR images

Figure 38: Example of a co-registration of 2 brain images from the same subject but different
modalities: an amyloid PET image and a MR image. Images acquired at Hospital La Fe.

Spatial normalization is a technique that rewrites images from different sub-
jects in the same reference space, from the same or different image modality. Figure 39
is an example of a spatial normalization of an MR and an amyloid brain PET image
to Montreal Neurological Institute (MNI) space.

Spatial normalization is critical when comparing a patient’s PET image to a
reference PET image, such as an average from a database of normal patients. In re-
alignment, the generative model for within-subject movements is a rigid-body displace-
ment of the initial image. The generative model for spatial normalization is a canonical
image or template that is altered to create a subject-specific image. Spatial normal-
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ization inverts this model by undoing the warp using a template matching technique.
This process includes rotations, three-dimensional translations, and deformations such
as shear and warping [180, 181].

Original MRimages

S

SPATIAL
NORMALIZATION

MR images spatially normalized to MNI space

A s s

Figure 39: Example of a spatial normalization of an MR and a amyloid brain PET image
to MNI space. Images acquired at Hospital La Fe.
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Spatial normalization of PET images can be accomplished directly by identifying
the mathematical transformation that rewrites the patient’s PET image in the reference
PET image space. However, the most suggested way is to estimate this transformation
using the patient’s MR scan, which gives more anatomical information and is more
exact [180, 181].

For all the explained mathematical transformations, in this work, Statistical
Parametric Mapping (SPM) was used. It is a well-documented software, freely available
and strongly supported by many brain imaging researchers.

Apart form mathematical transformations, intensity normalization (or scal-
ing) is required to account for biological and technological non-disease-related variables
that might influence regional ['**F]FDG concentrations. Intensity normalization, in the
field of brain imaging for example, can thus be achieved by normalising to the entire
brain or to established reference regions that are known to be preserved in certain
clinical contexts (for example, the cerebellum, brainstem, or pons). The fundamental
premise is that the reference region has been unaffected by disease or method, which
must be thoroughly evaluated. Intensity normalization is especially important when as-
sessing individuals who may exhibit both hypermetabolism and hypometabolism [182].

PET can accurately quantify glucose metabolic rates due to the closeness to
FDG. Glucose metabolic rates are not employed in clinical settings. The standard-
ized uptake value (SUV) is a semiquantitative indicator of glucose metabolism that
may be used to characterise lesions and monitor glucose metabolism [48]. The SUV
represents the ["*F|FDG uptake within a volume normalized to the dose of ["*F]FDG
administered and a factor (such as body weight) that accounts for distribution through-
out the body [178]. The SUV normalized to body weight may be calculated using the
equation below:

_ ACVOI<kBq/mL)
SUV o Aadm(MBQ)
V(Kg)

(3.2.1)

where Ac,,, represents the average activity concentration, in kBq/mL, in the
specified volume of interest, Augy, is the activity of [**F]FDG administered in megabec-
querels (corrected for physical decay); and V is the total volume (which is normally
considered as the body weight), in kilograms.

However, this measurement is affected by a number of variables, including the pa-
tient’s weight, the dose administered, the acquisition duration, and the plasma glucose
level at the moment of the radiotracer injection. This leads to a significant degree of va-
riety, even within the same subject. Evaluating the SUV ratio (SUVr) in this situation
becomes particularly interesting since it facilitates the adjustment of this variability
by normalizing the count values to, depending on the situation, the average uptake
value of a particular organ. This will make the values that are acquired related to the
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reference location and enable trustworthy comparisons across patients or within the
same patient. However, it is important to remember that this index does not provide
information on the absolute value of FDG uptake [180].

Data extraction from images for dementia applications

After obtaining preprocessed data, in the field of brain imaging, there
are several ways to extract relevant patient data for the comparison with control (or
normal) data. This comparison may be carried out using volumes of interest (VOIs),
which can be defined in a standardized space to sample activity or parametric distribu-
tions automatically. Also, voxel-based techniques are frequently utilized for analysing
functional (activation) images and are integrated into several software applications [39].

The voxel-based quantification compares a patient’s PET image statistically
to a set of PET images from control subjects. In this procedure, spatial normalization
is needed in order to transform both images to the standard MNI space. The resultant
parametric image shows the p-values, or statistical significance values, derived from the
comparison of individual voxels. However, interpretation of this image requires two
types of thresholding: defining a statistical significance threshold (usually set between
0.05 and 0.001) and applying spatial thresholding [180].

The goal of VOI-based quantification is to estimate the average concentration
of radiopharmaceuticals in different brain volumes of interest. The indices obtained are
frequently relative indices, such as the ratio of the average radiopharmaceutical in the
VOI to a stable reference VOI, such as the cerebellum. The main advantage of these
approaches is that the VOIs can be automatically delineated for each patient, since
manual segmentation would be too time-consuming and operator-dependent. Since the
VOI atlas is referenced to the MNI space, it can fit all PET images that are spatially
normalized [180]. In the dementia applications of this study, VOI-based quantification
will be performed in order to extract relevant information from PET images.

The state-of-the-art offers many different atlases. The Brodmann Atlas, Atlas
Automated Anatomical Labelling (AAL), Desikan-Killiany Atlas, and Hammers Atlas
are among the best-known and most extensively used atlases for quantifying PET scans.
The Hammers Atlas is a probabilistic segmentation of the brain into 95 volumes of
interest based on 30 MRI scans that were manually segmented [183, 184].

The dementia applications in this study employed a modified version of Ham-
mers’ VOI atlas in the MNI space. The modification consisted of combining some of
the 95 brain areas contained in Hammer’s VOI atlas, resulting in a new atlas (La Fe
atlas) with 28 regions. This modification is consistent with the brain volumes of inter-
est employed in CortexID Suite, a commercial clinical practice software (GE Healthcare,
Marlborough, Massachusetts, USA). A nuclear medicine physician with over ten years of
experience identified these volumes of interest [60]. Tables 14 and 15 depicts the name
equivalence of the modified regions between Hammers and La Fe atlas, and Figure 40
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shows this adjustment.
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Figure 40: Modification of the Hammers VOI atlas (left) to La Fe atlas (right). From
“Objective image quality comparison between brain-dedicated PET and PET/CT scanners.”
by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal
of Medical Systems.
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Apart from brain atlases that can be used for measuring activity at different
brain areas, segmenting the brain into grey matter (GM) and white matter (WM) is
useful for assessing image quality in PET imaging. In the present research, grey matter
and white matter were segmented using SPM, which divides the brain into distinct
tissue classes using a modified Gaussian mixture model. Knowing the prior spatial
probability of each voxel, that is grey matter, white matter or cerebrospinal fluid, it is
possible to obtain quite robust classifications. The SPM algorithm selects voxels with
a high probability of belonging to each class [181]. Figure 41 shows an example of a
grey matter and white matter segmentation of a brain PET image.

—
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Original PET images PET images segmented
into grey matter and white matter

Figure 41: Example of a grey matter and white matter segmentation of a brain PET image.
Table 14: Modification of the Hammers VOI atlas to La Fe atlas (I).

La Fe Atlas VOI Hammer Atlas VOIs correspondence
Anterior_Cingulate_L CG anterior cingulate gyrus L
Anterior_Cingulate R CG anterior cingulate gyrus R
Cerebellum_Whole cerebellum R + cerebellum L

Occipital _Lateral L OL lateral remainder occipital lobe L
Occipital_Lateral R OL lateral remainder occipital lobe R
Parietal_Inferior_L PL angular gyrus L + PL supramarginal gyrus L
Parietal_Inferior_R PL angular gyrus R + PL supramarginal gyrus R

Parietal Superior_and_Precuneus_L| PL superior parietal gyrus L
Parietal_Superior_and_Precuneus_R PL superior parietal gyrus R

Pons brainstem excluding substantia nigra + substantia
nigra L. 4+ substantia nigra R

Posterior_Cingulate_L CG posterior cingulate gyrus L

Posterior_Cingulate_R CG posterior cingulate gyrus R

Prefrontal Lateral L FL middle frontal gyrus L + FL inferior frontal

gyrus L + FL superior frontal gyrus L 4+ FL lateral
orbital gyrus L. + FL posterior orbital gyrus L

It is important to remember that all of the image preprocessing and information
extraction described above is applied on the image matrix. However, as mentioned in
the earlier section (Medical Data Communication), images can include more information
than just pixel data (DICOM tag: (7FEO0, 0010)). DICOM images can additionally
provide information about the equipment, acquisition date and time, the patient’s sex
and weight, the radionuclide administered for the acquisition, or additional acquisition
and reconstruction parameters such as attenuation correction.
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Table 15: Modification of the Hammers VOI atlas to La Fe atlas (II).

La Fe Atlas VOI

Hammer Atlas VOIs correspondence

Prefrontal _Lateral R

Prefrontal Medial L

Prefrontal_Medial R

Primary_Visual L
Primary_Visual R
Sensorimotor_L
Sensorimotor_R
Temporal_Lateral L

Temporal Lateral R

FL middle frontal gyrus R + FL inferior frontal
gyrus R + FL superior frontal gyrus R + FL lateral
orbital gyrus R + FL posterior orbital gyrus R
FL straight gyrus L + FL anterior orbital gyrus
L + FL medial orbital gyrus L + FL subgenual
frontal cortex L. + FL subcallosal area L. + FL
pre-subgenual frontal cortex L

FL straight gyrus R 4+ FL anterior orbital gyrus
R + FL medial orbital gyrus R + FL subgenual
frontal cortex R + FL subcallosal area R + FL
pre-subgenual frontal cortex R

OL lingual gyrus L + OL cuneus L

OL lingual gyrus R 4+ OL cuneus R

FL precentral gyrus L + PL postcentral gyrus L
FL precentral gyrus R + PL postcentral gyrus R
TL anterior temporal lobe lateral part L + TL su-
perior temporal gyrus middle part L + TL middle
and inferior temporal gyrus L + TL fusiform gyrus
L + TL posterior temporal lobe L. + TL superior
temporal gyrus anterior part L

TL anterior temporal lobe lateral part R + TL su-
perior temporal gyrus middle part R + TL middle
and inferior temporal gyrus R + TL fusiform gyrus
R + TL posterior temporal lobe R + TL superior
temporal gyrus anterior part R

Temporal _Mesial L

Temporal Mesial R

Basal_ganglia_L
Basal_ganglia_R

Insula_LL

Insula_R

TL hippocampus L. + TL amygdala L. + TL an-
terior temporal lobe medial part L. + TL parahip-
pocampal and ambient gyrus L

TL hippocampus R + TL amygdala R + TL an-
terior temporal lobe medial part R + TL parahip-
pocampal and ambient gyrus R

caudate nucleus L + nucleus accumbens L + puta-
men L + thalamus L 4+ pallidum L

caudate nucleus R + nucleus accumbens R + puta-
men R + thalamus R + pallidum R

insula posterior long gyrus L + insula anterior
short gyrus L + insula middle short gyrus L +
insula posterior short gyrus L. 4 insula anterior in-
ferior cortex L + insula anterior long gyrus L
insula posterior long gyrus R + insula anterior
short gyrus R + insula middle short gyrus R +
insula posterior short gyrus R + insula anterior
inferior cortex R + insula anterior long gyrus R
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3.2.2 Neuroendocrine tumors: data extraction

Experienced nuclear medicine physicians evaluated the imaging results. They
assessed the Standard Uptake Value maximum and the target-to-liver ratio for all de-
tected lesions. Additionally, SUVmax and SUVmean values were measured in both the
liver and spleen. SUVmax was determined by generating isocontour volumes of interest,
including all voxels exceeding 40% of the maximum uptake, both in lesions and in nor-
mal liver tissue. All these measurements were performed in software Philips IntelliSpace
Portal and in GE Advantage Workstation (AW) with PET Volume Computer-Assisted
Reading (VCAR) software.

Lesions were classified based on PET/CT and PET/MRI findings. Focal non-
physiological uptakes on PET that correlated with abnormalities on CT or MR were
identified as tumor lesions. Uptakes with confirmed benign features on CT or MR, as
well as physiological uptakes without corresponding lesions, were classified as negative.
Focal bone uptakes that could not be attributed to insertional or inflammatory processes
were considered malignant. Non-physiological PET uptakes without corresponding CT
or MR findings were interpreted on a case-by-case basis, particularly in patients with
known small lesions. Lesion confirmation was based on prior and follow-up imaging
studies, as well as histological data obtained from surgery or biopsy.

3.3 Data analysis

After quantification of PET images, different techniques have been employed
for both dementia and neuroendocrine tumors applications. In this subsection, it will
be discussed how raw data is converted into meaningful insights using modelling tools,
allowing us to discover patterns, predict outcomes, and improve decision-making. A va-
riety of methods will be introduced, starting with neural networks, which have trans-
formed fields such as medical imaging and predictive modelling. Image quality metrics,
which are critical for evaluating and enhancing the clarity and accuracy of visual data,
will also be discussed. Additionally, harmonization techniques will be explored, with an
emphasis on how they create uniformity across different PET scanner devices. Finally,
statistical analysis will provide the basis for interpreting findings, verifying models, and
making reliable conclusions.

3.3.1 Neural Networks

In this part of the Thesis, a validation of a Convolutional Neural Network (CNN)
trained in order to classify patients who presented mild cognitive impairment with
an associated neurodegenerative disease from those without it, was used. However,
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before mentioning Convolutional Neural Networks, it is important to cover the basis
by introducing many basic ideas in machine learning and neural networks. Therefore,
this point includes a review of supervised and unsupervised learning, neural network
structure and training, and the relevance of activation functions. Furthermore, the
limitations of fully linked networks, notably in managing complicated image data, will
be mentioned. All these points will give the framework for understanding CNNs and
their importance in image processing applications.

3.3.1.1 Basic Concepts of Artificial intelligence

In today’s rapidly advancing tech landscape, terms like artificial intelligence (AI),
machine learning (ML), neural networks (NN), and deep learning (DL) are often used
interchangeably, leading to confusion. While these concepts are closely related, each
represents a distinct aspect of the field of Al, with unique characteristics and appli-
cations. Figure 42 represents the relationship between artificial intelligence, machine
learning, neural networks, and deep learning.

Artificial intelligence is a word used to describe technologies or systems that
simulate human intelligence when performing activities like problem solving, learning,
and decision-making. Al capable of processing massive volumes of data and identifying
trends that would be highly difficult for people to detect. It includes anything from basic
decision-making systems to cutting-edge technology like self-driving automobiles [185].

Machine learning is a subset of Al that learns from data with minimal human
interaction to classify categories or predict future or unknown conditions. Since ML is
data-driven, it falls under the category of nonsymbolic Al and can predict from previ-
ously unseen data. ML tasks include regression, classification, detection, segmentation,
and so forth. In general, machine learning data sets are made up of training, valida-
tion, and test sets. It learns data properties using the training dataset and validates
them using the validation dataset. Finally, the test data set may be used to verify the
accuracy of machine learning [186, 187].

Neural Networks are ML models inspired by the structure of the human brain.
They are made up of interconnected “neurons” or nodes. Neural networks can pro-
cess and classify data, and they are commonly employed for tasks such as image or
speech recognition. Neural networks are essential for more complex ML models, but
they require more data and computing than simple ML techniques [185, 188|.

Deep Learning is a subset of neural networks that has a multi-layered structure
that enables it to learn features from raw data without the need for manual input.
This is what allows applications such as image recognition, language translation, and
self-driving vehicles. Deep learning is more difficult than ordinary machine learning,
requiring greater processing power and huge datasets [185, 187-189].
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Figure 42: Relationship between artificial intelligence, machine learning, neural networks,
and deep learning.

ML approaches are classified as supervised, unsupervised, and reinforcement
learning. Reinforcement learning is not suitable for medical applications because to the
impact on patients’ health and treatment alternatives. As a result, long-term effects are
difficult to predict [186]. Before differentiating between supervised and unsupervised
learning is important to define the terms features and labels. The variables that a
supervised model uses to predict the label are called features. The value we want the
model to predict, or the answer, is the label.

The primary distinction between supervised and unsupervised learning is whether
the training data set includes labelled outputs that match to input data. Supervised
learning establishes a mathematical link between inputs and labelled outputs, whereas
unsupervised learning infers a function to describe hidden qualities in input data.
Supervised learning outputs might be categorised or numerical, depending on the job.
When the output data is categorical, it becomes a classification or pattern recognition
issue. For continuous numerical data, it becomes a regression problem. The classifi-
cation task might be binary, multiclass, or multilabeled, with multilabeled indicating
more than one class in each input data. Unsupervised learning involves clustering,
principal component analysis, and generative adversarial networks (GANs) [186].

A supervised learning method, for instance, begins with PET images that have
been classified as either normal or diseased. Machine learning will then generate a
mathematical model that might associate PET images to diagnosis in both training and
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test data. Clustering is an example of unsupervised learning in which the algorithm
identifies subgroups within a given set of patients with the same condition [190].

3.3.1.2 Introduction to Neural Networks

Neural networks are a statistical machine learning approach based on brain mech-
anisms from neuroscience. Researchers developed a learning system that mimics how
the brain processes information. A neuron is the basic element of the brain mechanism.
Neurons are electrically excitable cells that receive, process, and transfer messages to
other neurons. They activate and transfer signals when their input signal exceeds a
specific threshold and constitute a network that controls the brain’s process [190-192].
A perceptron represents the simplest type of neural network (Figure 43). It takes mul-
tiple input values, applies a set of weights, sums them, adds a bias, and passes the
result through an activation function to produce a single output. The mathematical
processing of the output can be described by the following equation:

§ = p(wo + zn:xzwz) (3.3.1)

=1

where 1 ... x, is the vector of inputs passed to the algorithm, wy ... w, represent
the set of weights, wy is the bias, and ¢ the activation function.

An activation function in a neural network introduces non-linearity to the model,
enabling it to learn and represent complex patterns. It transforms the weighted sum
of inputs into an output for each neuron, determining whether the neuron should be
activated or not. Some of the most common activation functions are the following:

1
i id: = 3.2
sigmoid: ¢(z) Ty (3.3.2)
ReLU: ¢(z) = max(0, z) (3.3.3)
tanh: p(z) = = (3.3.4)

e+ e %
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Figure 43: Example of a perceptron.

Figure 44 represents an example of a multilayer perceptron. An input layer that
aggregates input signals from other linked neurons, a hidden layer that handles training,
and an output layer make up an artificial neural network, which is an abstraction of an
interconnected network of neurons with layers of nodes. Every node takes the activation
function using the input from nodes in the preceding layer using different weights, and
then relays the results to the nodes in the next layer. The activation function mimics
a neuron’s non-linear regulation of output strength [190-192].

Inputs ( Outputs

Figure 44: Example of a multilayer perceptron.

Since neural network includes ’hidden’ layers between the input and output lay-
ers, the units of the neighbouring layers are fully connected to each other. Feedforward
in neural networks is the process where data moves in one direction through the net-
work, from input to output, without any loops or cycles. Each layer passes its output
to the next layer until the final output is generated. This is the basic architecture for
tasks like classification or regression [193].
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Neural network training process involves updating weights across nodes to ex-
plain training data and minimise loss values. Backpropagation is a training algorithm
for neural networks that adjusts the weights and biases by calculating the gradient of
the loss function with respect to each parameter. It works by propagating the error
backward from the output layer to the input layer, allowing the network to learn by
minimizing the error through gradient descent. Back-propagation of losses modifies
weights and biases in the network. As a consequence, NN components are updated to
better represent target values [194, 195].

The fundamental concepts of neural network training are easy to comprehend:
when training data is input into the network, perform the chain rule to calculate the
gradient of the loss function relative to each weight, and use gradient descent to lower
the loss by varying these weights. A neural network’s weights are updated throughout
training in order to optimise the network’s outputs. This is accomplished by applying
an optimization algorithm known as gradient descent to a cost function or loss function
that measures how accurate the outputs are [196]. Some of the most common loss
functions, which measure the error between the predicted output (§) and the true
target (y), are the following:

Mean Squared Error: MSE = 1 > (yi — 9:)° (3.3.5)

ni4

n

1
Cross Entropy Loss: CE = - > (yilog(9:) + (1 — y;)log(1 — §;)) (3.3.6)
i=1

Training neural networks is truly an art. The model is sometimes overparametrized,
making the optimization problem nonconvex and unstable unless specific rules are fol-
lowed. Some of the most popular issues include overfitting, the number of hidden units
and layers, and input scaling.

Overfitting in neural networks happens when a model learns the training data
too well, accumulating noise as well as specific patterns that are not relevant to new,
unseen data. This occurs when the model gets excessively complex, with too many
parameters compared to the quantity of training data, causing it to “memorise” rather
than learn general patterns. As a result, the model performs well on the training set
but fails on validation or test data. Regularization, dropout, and the use of extra data
can all assist to prevent overfitting and increase generalization [197].

Regarding the number of hidden units and layers, it is typically preferable to have
too many than too few. Using too few hidden units may limit the model’s ability to
capture nonlinearities in data, while using too many might reduce excess weights to zero
with proper regularization. Typically, the number of hidden units ranges from 5 to 100,
growing with inputs and training cases. Typically, a large number of units are put down
and trained using regularization methods. The number of hidden layers is determined
by background knowledge and experimentation. Each layer extracts features from the
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input for regression or classification. Using multiple hidden layers allows construction
of hierarchical features with different levels of resolution [198].

Finally, scaling inputs has a substantial impact on the quality of the final result.
Standardizing all inputs to have a mean of zero and a standard deviation of one provides
equal treatment in the regularization process while also providing a reasonable range
for the random starting weights [198].

3.3.1.3 Convolutional neural networks

Convolutional neural networks are a state-of-the-art technique for computer vi-
sion applications, having notably profited from the recent development and availability
of high-performance computing systems as well as large-scale data repositories. They
are especially effective in image classification [199].

CNN is a network architecture composed of many stacked convolutional layers.
Convolution is a mathematical process involving addition and multiplication. Convolu-
tion is ideal for image identification as it considers local information, such as neighbour-
ing voxels or pixels. CNN was the initial driver for broad use of deep learning. LeNet-5
and other well-known designs, such as AlexNet, GoogLeNet, VGG-Net, and ResNET,
have significantly advanced machine learning algorithms for recognizing handwritten
digits. Convolutional neural networks (CNNs) are being used in computer vision for
both supervised and unsupervised learning tasks as part of deep learning techniques.
CNN has broken all-time records for traditional vision tasks [186, 190]. CNNs consist
of the following building blocks [196]:

e Convolutional layers in neural networks involve convolving previous layers’
actions with small parameterized filters, often of size 3 x 3, to achieve transla-
tional equivariance and reduce the number of weights needed for learning. This
is because features appearing in one part of the image likely also appear in other
parts. Applying all convolutional filters at all input locations produces a tensor
of feature maps.

o The activation layer feeds feature maps from a convolutional layer through
nonlinear activation functions, allowing the entire neural network to approximate
almost any nonlinear function. These functions are typically simple regularized
linear units (ReLUs) or variants like leaky ReL.Us or parametric ReLUs.

» A pooling layer is used to reduce the spatial dimensions (width and height)
of feature maps, making the network more computationally efficient and helping
prevent overfitting. It works by summarizing regions of the input, typically using
operations like max pooling or average pooling. Max pooling selects the maximum
value from a patch of the feature map, while average pooling calculates the average
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value. Pooling layers help retain important features while reducing the overall size
of the data as it moves through the network.

« Dropout regularization is another common element in CNNs, which averaging
several models in an ensemble leads to better performance than using single mod-
els. By randomly removing neurons during training one ends up using slightly
different networks for each batch of training data, and the weights of the trained
network are tuned based on optimization of multiple variations of the network.

o Batch normalization is a technique where layers are placed after activation lay-
ers, producing normalized activation maps by subtracting the mean and dividing
by the standard deviation for each training batch. This forces the network to peri-
odically change its activations to zero mean and unit standard deviation, speeding
up training and making it less dependent on careful parameter initialization.

o Fully Connected (Dense) Layers are used in the final stages of the CNN.
These layers connect all neurons from the previous layer to every neuron in the
next, often leading to a classification output.

In the design of new and improved CNN architectures, these components are
combined in increasingly complicated and interconnected ways, or even replaced by
other more convenient operations. When architecting a CNN for a particular task
there are multiple factors to consider, including under-standing the task to be solved
and the requirements to be met figuring out how to best feed the data to the network,
and optimally utilizing one’s budget for computation and memory consumption [196].

The CNN design may include millions of training parameters because to its
many layers. Acquiring adequate accuracy requires a significant amount of data during
training. The amount of data collected depends on the task and image attributes. Data
gathering can be challenging, especially when labelling is required. To address this issue,
data augmentation can build graphics from limited data using image manipulation
techniques including rotation, translation, scaling, and flipping [190].

3.3.2 Image Quality metrics

The past few decades have seen significant advancements in image research and
development, leading to improved image quality performance. Therefore, there is a
need for a good standard of image quality evaluation for assessing any newly designed
hardware, software, higher field strength (in MR) or radiation (in CT, X-ray or PET),
image reconstruction techniques and image processing algorithm, among others. A high-
quality image will boost diagnostic confidence and help determine the best strategy for
treatment [200].
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For the PET image quality evaluation in this work, the following metrics were
employed:

o Contrast: The contrast of an image represents the difference in signal intensity
that differentiates objects from one another. High contrast images show strong
differences between light and dark areas, whilst low contrast images indicate more
gradual transitions and less differentiation between tones. The following equation
can be used to calculate the contrast between GM and WM:

Mean(GM) — Mean(W M)

Contrast = Mean(W ) (3.3.7)
where A (i
Mean(VOT) = Zicvor Aeon(l) (3.3.8)
Nvor

i is a voxel that belongs to the VOI and N is the total number of voxels.

» Recovery coefficient (RC): The recovery coefficient in PET imaging measures
the accuracy of the detected radioactivity in a region of interest compared to the
actual radioactivity present. It reflects how successfully the imaging system re-
trieves the true signal, with 1 representing complete recovery and values less than
1 suggesting some degree of underestimating. It isdefined as the ratio between
the measured activity and the theoretical activity.

Acony (GM)

ROWGA) = 5 (G

(3.3.9)

where Acon,, is the measured Aq, and Agopn, is the theoretical Acoy.

» Signal to noise ratio (SNR): An image’s signal-to-noise ratio measures the
quantity of desirable signal in comparison to the level of background noise. A
higher SNR indicates a better image quality with less noise, whereas a lower SNR
indicates more noise, which could mask important details of the image. This
metric can be calculated for both GM and WM VOlIs, separately.

Mean(VOI)

SNR(VOI) = = VoD (3.3.10)
where
SDVOT) = J Sievor ACOI;\(IZ()V_O%%”(VOI) (33.11)

« Contrast to noise ratio (CNR): The contrast-to-noise ratio in an image evalu-
ates the clarity of the signal (contrast) compared to background noise. A higher
CNR means that features are more visible, whereas a lower CNR implies that
noise could hide important details.

Mean(GM) — Mean(W M)

N pu—
CNER SD(WM)

(3.3.12)
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o Coefficient of variation (COViguim): The coefficient of variation is another
metric that allows the description of the image noise. It quantifies the relative
variability of pixel intensity values. A higher COV indicates greater noise rela-
tive to the signal, while a lower COV suggests more uniformity in pixel values,

reflecting less noise in the image. This metric can be calculated for both GM and
WM VOlIs, separately.

MeanSDlOmin (VO[>
M eanmeanygpi (VOI)

CO‘/l()min = (3313)

» Standardized Uptake Value ratio (SUV'r): Since the potential of PET is the
capability to reproduce the image activity concentration, image quantification is
crucial. Consequently, SUVr comparison between the same brain areas in two
different devices could be an important image quality metric, considering that
SUVr it is an essential parameter employed in the brain imaging studies. In this
work, for the SUVr calculation the cerebellum whole was selected as the region of
reference. Therefore, this metric was calculated for the remaining 27 VOIs of La

Fe atlas [60].
SUWyor
SUVr = 3.3.14
" S U‘/referenceregion ( )
where
A
SUWor = 22 (3.3.15)

con

and A%™ is the administered activity concentration.

3.3.3 Harmonization methods

One of the advantages of PET imaging, as discussed previously, is its high quan-
titative accuracy [201]. Depending on the goal of each PET imaging, different quan-
titative metrics are adopted. In treatment response evaluation studies, quantitative
metrics like SUVs and their percentage change can be used as an a surrogate marker to
evaluate the therapeutic response [202-204]. Many studies and trials have used changes
in tumor SUVs as primary and secondary endpoints for evaluating the treatment re-
sponse using pre-therapy and follow-up PET [203, 205, 206]. SUVs would be one of the
most significant biomarkers for clinical decision-making in such situations [207].

Nevertheless, technological variables (such as quality control and quality as-
surance for a PET system and other instruments, cross calibration between a PET
system and dose calibrator; residual radioactivity in syringes and tubes; synchroniza-
tion of clocks between a PET system and dose calibrator; or decay correction of in-
jected radioactivity), biological variables (such as uptake duration; patient motion and
breathing; patient preparation; or blood glucose level), and physical variables (such as
acquisition duration; image reconstruction parameters; VOI definition; normalization
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factors for SUV; or attenuation correction position mismatch) might affect the quan-
titative data obtained from PET [178, 207-209]. Moreover, when quantitative metrics
are used in multicenter research, the metrics’ variability might significantly affect the
study outcomes [210, 211].

All these effects are detrimental to the design and validation of predictive or
prognostic models, limiting their potential for use with large multicenter cohorts. Har-
monising image acquisition and reconstruction processes is crucial to decrease multi-
center variability when pooling data from many sites, as many quantitative biomarkers
and radiomic characteristics are sensitive to scanner or protocol effects, often known
as the site effect [212-216]. Similarly, when a novel radiomic or quantitative image
analysis approach is established at one site and used to images from another, it must
first be verified that the images from both locations are comparable. Harmonization
strategies are an urgent need to mitigate the effects of this variability.

In this work, two methods are employed to both harmonize quantitative variables
(ComBat) and to standardize quantitative estimations from PET images (Centiloid
Scale) across different PET scanners.

3.3.3.1 ComBat

ComBat harmonization is a statistical method designed to reduce batch ef-
fects and other undesired variations in data. It was first proposed in the field of ge-
nomics [217], and nowadays is widely used in neuroimaging, and many other clinical
investigations [218-222].

When datasets gather information from multiple sources or scanners, they may
have inherent biases that might mask truly biological or experimental signals. ComBat
corrects these biases by adjusting for known batch factors, allowing data from many
different sources to be compared more directly and meaningfully. The method models
and adjusts data using an empirical Bayesian framework while preserving important
biological variations across groups. ComBat directly applies to quantitative values de-
rived from PET images. Therefore, additional image data processing and any phantom
data acquisition are not mandatory [207].

An example of ComBat harmonization can be observed in Figure 45. This
example shows the distribution of the SUVr in the right basal ganglia of a group of
patients acquired on a PET/CT device and a brain-dedicated scanner (CMB) before
(on the left) and after (on the right) ComBat harmonization.

ComBat assumes that:
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Yij = o+ i + 0i€ij (3.3.16)

where j represents the specific measurement of feature y, ¢ denotes the setting,
« is the average value of the feature of interest y, ¢;; is an error term, and ~; and ¢;
represent an additive and multiplicative batch effect, respectively.

Before Harmonisation After Harmonisation

PET/CT
CMB

1.00 1.25 1:75 2.00 1.00 d+25 1.75 2.00

1.50
Basal_ganglia_R

1.50
Basal_ganglia_R

Figure 45: Example of ComBat harmonization of right basal ganglia SUVr between 2 dif-
ferent scanners: PET/CT (green) and CMB (red).

In medical imaging, y represents an image feature (e.g., SUV'), i represents the
scanner, protocol effect, or observer effect (sometimes known as the site effect), and
j represents the measurement, usually the volume of interest. The model therefore
considers that the value of measurement 7 of a particular feature y in volume of interest
J may be influenced by additive and multiplicative effects that vary depending on the
scanner, procedure, or even observer who took the measurement. These effects apply to
all measurements j of the same amount y obtained with the same scanner, methodology,
or observer [223]. Multiple measurements y;; of the same feature y made in volume of
interest j in different images acquired from independent scanners i, the site effects ~;
and 0; may be assessed using conditional posterior means and then corrected using the
following equation:

yComPpat _ % +a (3.3.17)

where &, 4; and 0; are estimators of «, v; and §; and y&°omBat

i is the transformed
y;; measurement without the site ¢ effect [223].
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In neuroimaging, for example, ComBat harmonization has been modified to
address site-specific effects across imaging centers, allowing for more consistent brain
imaging measures across different datasets. ComBat harmonization improves data com-
parability, which is important for large-scale research when collecting data from several
different sources is required for reliable outcomes. In this work, neuroCombat package
in R was used for the harmonization methods [224].

3.3.3.2 Centiloid Scale

The centiloid scale (CL) is a widely used data-driven harmonization technique. It
was proposed by Klunk et al., as a standardized metric for assessing amyloid plaque lev-
els in the brain that is frequently related with Alzheimer’s disease [225]. The Centiloid
scale measures amyloid levels from 0 to 100, with 0 representing a healthy, amyloid-
negative brain without Alzheimer’s disease, and 100 reflects the typical amyloid level
found in Alzheimer’s disease individuals with severe plaque accumulation [207].

The Centiloid Project developed a standardized amyloid measurement scale us-
ing two key subject groups. The first group, the Young Control 0-Anchor (YC-0),
consisted of 34 cognitively normal adults under 45 years old, with an average age of
31.5 years. These individuals were chosen to be amyloid-negative, as they rarely ex-
hibit amyloid buildup. The data from these subjects provided a baseline amyloid level
of 0 on the Centiloid scale. The second group, the Alzheimer’s Disease 100-Anchor
(AD-100), consisted of 45 individuals diagnosed with Alzheimer’s disease, with an up-
per reference point of 100 on the scale. These two anchor groups provided a reliable
scale that ranged from no detectable amyloid to high levels of amyloid plaque, pro-
viding a robust reference framework for amyloid pathology across cognitive health and
Alzheimer’s disease [225].

The standard SPM8-based processing system as well as the volumes of interest,
PiB PET, and T1 3D MRI imaging datasets, all of which are available for download,
are described by Klunk et al [225]. Additionally, they offer the standard uptake value
ratios that their data should generate. Before using this method, users need to develop
their own code by following the instructions provided by Klunk et al. and test it
employing the original data in order to use the Centiloid scale.

First, the software must be validated employing the GAAIN dataset (https://ww-
w.gaain.org/centiloid-project) and using the pipeline created by Klunk et al. (replica-
tion of the Level-1 analysis). All MR images must be coregistered and spatially nor-
malized to the Montreal Neurosciences Institute-152 template using MATLAB’s SPM
unified segmentation method. All PET scans are then coregistered to each patient’s
MR images and spatially normalized to Montreal Neurosciences Institute space using
transformation parameters that were computed from the MR images. SUVr values were
used to calculate CL values. The global cortical target (CTX) is the VOI employed in
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the present study (see Figure 46). According to the original study, the four VOIs that
corresponded to the reference VOIs were Cerebellum Gray, Pons, Whole Cerebellum,
and Whole Cerebellum plus Brainstem (see Figure 47).

Figure 46: The global cortical target (CTX) VOI (red). From “The centiloid project: Stan-
dardizing quantitative amyloid plaque estimation by PET.” by William E. Klunk et al. 2015.
Copyright by Alzheimer’s and Dementia.

Figure 47: The reference VOIs: Cerebellum Gray (blue), Pons (green), Whole Cerebellum
(blue + yellow), and Whole Cerebellum plus Brainstem (which would be represented by all col-
ors combined where the red area represents that part of the Whole Cerebellum plus Brainstem
that does not overlap either the WC or the Pons). From “The centiloid project: Standardizing
quantitative amyloid plaque estimation by PET.” by William E. Klunk et al. 2015. Copyright
by Alzheimer’s and Dementia.

It is required to calculate the normalized PET image CL values and establish a
linear correlation with the original CL values. This analysis must be done by comparing
the original results provided by Klunk et al. with the obtained results on the analysis
of the 34 YC-0 and 45 AD-100 subject data. The expectations of Klunk et al. must be



Page 116 Chapter 3. MATERIALS AND METHODS

satisfied (slope between 0.98 and 1.02, intercept between -2 and 2 CL and R? > (0.98)
in order to validate the replication of the Level-1 analysis.

Once the replication of the Level-1 analysis is validated, the equations to convert
SUVr into CL units can be applied to the images of the centers themselves. Since the
Cerebellum Whole (CW) it is the reference region employed in the previously calibrated
methods [19,20,21], it was chosen as the reference region. Based on the previously
calibrated procedures [19,20,21], the standard equations to convert SUVr data into CL
units applied to each individual for the three amyloid radiotracers used in this study was
as follows:

(" F|Flutemetamol : CL = 121.42 - SUV, — 121.16 (3.3.18)
["®F|Florbetaben : CL = 153.4 - SUV, — 154.9 (3.3.19)
["* F]Florbetapir : CL = 183 - SUV, — 177 (3.3.20)

3.3.4 Statistical analysis

In this subsection of the methodology, we will describe the methods that were
used to analyze, validate, and interpret data in this study. These approaches give an
appropriate basis for evaluating reliability, agreement, and diagnostic accuracy, with
each addressing a distinct analytical need throughout the case study. Agreement mea-
surements, such as the kappa index and Youden’s index, determine the reliability and
usefulness of diagnostic classifications, whereas distribution tests and comparative stud-
ies evaluate group differences. Correlation, regression, and agreement analyses, such as
Spearman’s rank correlation, Passing-Bablok regression and Bland-Altman plots, pro-
vide insights into variable relationships and are powerful tools for evaluating bias and
agreement. Furthermore, classification metrics generated from confusion matrices and
ROC curves aid in the evaluation of prediction accuracy, while neural network attention
maps improve interpretability for image-based models. This variety of methods guar-
antees both statistical consistency and a full understanding of the data’s relationships
and patterns.

3.3.4.1 Comparative analysis of groups

For the comparison analysis of different groups, parametric and non-parametric
tests can be used depending on the samples distribution. Parametric tests are those
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that make assumptions about the parameters of the population distribution from which
the sample is drawn. The parametric statistical inference assumes that the data are a
random sample from a population with a known probability distribution, which is often
dependent on unknown parameters. This type of inference is valid only if the probabil-
ity distribution used accurately describes the probabilistic behavior of the data. The
literature has a wide range of goodness-of-fit tests that address the issue of determin-
ing if a parametric family of distributions provides an adequate fit to the data. The
normal distribution, commonly known as the Gaussian distribution, is one of the most
often used distributions because of its simplicity. It is suitable for modelling symmetric
data sets. Non-parametric tests are “distribution-free” and, as such, can be used for
non-normal variables [226].

Shapiro-Wilk Test is a robust method for testing data normality. It was pub-
lished in 1965 by Samuel Sanford Shapiro and Martin Wilk. The test calculates a
W statistic based on how closely the data points follow a theoretical normal distribu-
tion [227]. The W statistic formula is:

(X, aiX(i))?

W = Z
Z?:l(X(i) - X)2

(3.3.21)

where X(;) are the ordered statistics corresponding to the random sample Xy,
X(2), -y X(n), X is the sample mean, and a; are the Shapiro-Wilk coefficients, based
on expected values from a normal distribution [226].

The null hypothesis for this test is that the population is normaly distributed.
Thus, if the p-value is smaller than the chosen alpha level, the null hypothesis is rejected,
indicating that the data studied are not normally distributed. On the other hand, if
the p value is greater than the chosen alpha level, then the null hypothesis (that the
data came from a normally distributed population) cannot be rejected.

In this study, for the comparative analysis between groups, two statistical tests
have been used depending on the distribution of the analyzed samples: the t-test (para-
metric test) and the Mann-Whitney-Wilcoxon test (non-parametric test).

The t-test, additionally referred to as the student’s t-test, is a popular statistical
hypothesis test that assesses whether two sets of data differ significantly by comparing
the means of two groups while accounting for possible variability. It is a method
applied to basic and clinical science research in all areas of medicine. Clinicians and
researchers can benefit from a basic understanding of the t-test in order to conduct
relevant experiments and interpret data accurately. The one-sample t-test, two-sample
t-test, and two-sample paired t-test are the three types of the t-test [228].

Understanding the assumptions and limitations for each variation of the t-test
is essential to avoid major errors due to the incorrect use of statistical tests in medical
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research, particularly when using the commonly employed t-test analysis. In order
to produce valuable findings, the t-test depends on a number of assumptions on the
sample under analysis. In t-tests, the sample standard deviation is used to compare
the difference in means since the population standard deviation is unknown [229-231].
Being a parametric procedure, t-tests are often applicable when the sample meets the
assumptions of data independence, normality and equal variances.

To determine whether a sample mean deviates significantly from the popula-
tion mean or a specified constant, one sample t-test is employed. In contrast to
the independent samples t-test, which compares the means of two defined samples,
the one-sample t-test is based on a reference mean. When evaluating the impact of
a novel treatment on a single patient group, the one sample t-test is frequently em-
ployed [232, 233].

The null (Hy) and alternative H; hypothesis for the one sample t-test are: Hy:
the population mean is equal to some value (p). Hp: the mean is greater or less than

Ho-
The t-statistic for the one sample t-test is calculated as [228]:
T — o

t=—
=

(3.3.22)

where 7 is the sample mean, pg is the reference mean, n is the sample size, and
s is the standard deviation calculated as:

\/Z’ 1(#i = (3.3.23)

n—1

When the dependent variable is continuous and normally distributed and the
two independent variables are discrete levels or groups, the independent sample t-
test, additionally known as an unpaired two-sample t-test, is frequently used. The
purpose of this test is to determine whether the means of the two distinct populations
under comparison are identical. The main difference is that the one-sample t-test is
used to test whether the mean of a normally distributed population is different from
a specified value, whereas the two-sample t-test is used in toder to test whether the
means of two populations are significantly different from one another. In this work, the
two-sample t-test was used. Unless the samples are large enough to satisfy the central
limit theorem, this t-test assumes that samples were independently chosen from their
population and that the populations have a normal distribution. It does not assume
that the population has equal variance [234, 235].

The null (Hy) and alternative H; hypothesis for the independent sample t-test
are:
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Hy: the means of the two populations are equal (y1 = p2). Hp: the means of
the two populations are unequal (p; < pg or g > pa).

The t-statistic for the independent sample t-test is calculated as [228]:

(21 — Z2) — (1 — p2)
S +35)

t =

(3.3.24)

where 27 is the mean of sample 1, x5 is the mean of sample 2, p; and py are
the mean of populations 1 and 2, n; and ny are the sample sizes, and Sz is the pooled
variance which is calculated as:

ny —1)S? + (ng — 1)52
ny + ng — 2

(
§2=

(3.3.25)

The paired t-test is employed when data in a sample assumes the form of
matched pairs, as opposed to the independent sample t-test, which evaluates the means
of two statistically independent samples. The paired t-test basically assumes that the
data is normally distributed, as compared to a two-sample t-test that makes the as-
sumptions that the data from both samples are independent, normally distributed, and
do not assume equal variances [234].

The null (Hy) and alternative H; hypothesis for the paired sample t-test are:

Hy: the average of the differences between the paired observations in the two
samples is zero. Hi: the average of the differences between the paired observations in
the two samples is not zero.

The t-statistic for the paired sample t-test is calculated as [228]:

d— (p1 — p2)

Sd

/n

t= (3.3.26)

where d is the mean of difference in scores, p11 and j» are the means of populations
1 and 2, n is the sample size, and s, is the standard deviation of difference in scores.

Non-parametric statistics are often known as “distribution-free statistical pro-
cedures.” This indicates that, in contrast to parametric tests, which assume a normal
distribution, no assumptions are made on the data’s distribution. A non-parametric
test alternative to independent t-test is Mann-Whitney-Wilcoxon test, ant to paired
t-test is Wilcoxon Signed-Rank.
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Mann-Whitney-Wilcoxon test, also called the Mann—Whitney U test or
the Wilcoxon rank-sum test, is a non-parametric alternative to the independent
t-test for comparing medians when data does not meet normality assumptions. This
test assumes that both groups’ observations are independent, and responses are at least
ordinal (i.e., one can at least say, which is the larger between two observations), and he

distributions of the two groups are similar in shape (although they can differ in location
or spread) [236, 237].

The null (Hy) and alternative H; hypothesis for the Mann-Whitney-Wilcoxon
test are:

Hy: the two groups have the same distribution. This implies that the likelihood
of an observation from one group being greater than an observation from the other
group is equal.

Hy: The distributions of the two groups are different.

The U-statistic for the Mann-Whitney U test is defined as the smaller of [238]:

1 1
M — RiandU, = nanM

U, =
1 ning B 5

~ R, (3.3.27)

where Ry and R, are the sum of the ranks in groups 1 and 2, after ranking all
samples from both groups such that the smallest value obtains rank 1 and the largest,
rank ny + ns.

The Wilcoxon Signed-Rank test is a non-parametric statistical test that
compares two related or paired samples. It is a nonparametric alternative to the paired

t-test for data that are not normally distributed or have an ordinal scale of measure-
ment [239)].

The null (Hy) and alternative H; hypothesis for the Wilcoxon Signed-Rank test
are:

Hy: The median difference between paired observations is zero. Hy: The median
difference between paired observations is not equal zero.

The statistic for the Wilcoxon Signed-Rank test is defined as the smaller between
T (the sum of the ranks for the positive differences) and T~ (the sum of the ranks for
the negative differences).
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3.3.4.2 Correlation analysis

Correlation refers to a statistical relationship between two variables, indicating
the strength and direction of their association. It helps to quantify how changes in
one variable are related to changes in another. When both variables are continuous
and follow a linear relationship, the Pearson correlation coefficient is typically used.
However, when the data are ordinal, or when the relationship between the variables
is not linear, Spearman’s rank correlation coefficient is often more appropriate. This
nonparametric measure assesses the strength and direction of the association between
two variables by evaluating the ranks of the data rather than the actual values, making
it particularly useful for ordinal data or data that does not meet the assumptions of
normality [240]. In this work, the Spearman’s rank correlation coefficient was used to
evaluate the relationship between two variables.

Spearman’s rank correlation coefficient is a nonparametric statistic used to
assess the strength of an association between two variables. Spearman’s coefficient does
not measure the linear relationship between two variables. This test evaluates the ability
of an arbitrary monotonic function to accurately explain the relationship between two
variables without relying on their frequency distribution. Unlike Pearson’s correlation
coefficient, this method does not require a linear relationship between variables or
interval scales. It can be applied to variables measured at the ordinal level [240, 241].

The Spearman rank correlation coefficient is calculated as [242]:

657, d2
g=1— ==t 3.2
r o (3.3.28)

where 37, d? represents the sum of the squared rank differences, and n is the
number of paired observations.

The sign of the Spearman correlation provides the direction of the association
between X (the independent variable) and Y (the dependent variable). If Y tends to
increase when X does, the Spearman correlation coefficient is positive. If Y tends to drop
as X increases, the Spearman correlation coefficient is negative. A Spearman correlation
of 0 means that Y has no tendency to increase or decrease as X increases. When X

and Y are exactly monotonically associated, the Spearman correlation coefficient equals
1 [241].

3.3.4.3 Classification and Performance Evaluation

In the following part, classification and performance evaluation methods will
be covered, which are critical for determining how effectively a prediction model or
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classifier is doing.

The Confusion Matrix is an important tool for performance evaluation since
it gives a detailed breakdown of the model’s predictions vs the actual results. The
confusion matrix, as displayed in Table 16, can be used to describe the discrimination
evaluation of the optimal solution during classification training for binary classification
problems. The predicted class is shown in the table’s row, while the actual class is shown
in the column. The number of correctly identified positive and negative examples is
shown by the symbols TP and TN in this confusion matrix, whereas the numbers of
incorrectly identified positive and negative cases are shown by FP and FN, respectively.
The confusion matrix can be used to calculate a variety of performance metrics, which
provide information about the model’s strengths and weaknesses [243].

Table 16: Confusion matrix for classification.

True diagnosis

Positive Negative Total
Predicted class Positive TP FN TP+ FN
Negative FpP TN FP+TN
Total TP+ FP FN+TN N

Some of the most widely used performance metrics are the following [243]:

e Accuracy: is a metric that measures the ratio of correct predictions over the
total number of instances evaluated.

TP+ TN
TP+ FP+TN+ FN

o Error Rate: misclassification error measures the ratio of incorrect predictions
over the total number of instances evaluated.

Accuracy = (3.3.29)

FP+FN
ErrorRate = 3.3.30
O = TP Y FP+ TN + FN (3:3.30)

o Sensitivity: is a metric used to measure the fraction of positive patterns that
are correctly classified

TP
TP+ FN

o Specificity: is a metric used to measure the fraction of negative patterns that
are correctly classified

(3.3.31)

Sensitivity =

TN
TN+ FP

o Precision: is a metric used to measure the positive patterns that are correctly
predicted from the total predicted patterns in a positive class.

Speci ficity = (3.3.32)
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TP+ T
Precision = TP++FP (3.3.33)

e Recall: is a metric that measures the fraction of positive patterns that are cor-
rectly classified.

TP

o Area Under the Curve (AUC): is one of the popular ranking type metrics.
It represents the area under the Receiver Operating Characteristic (ROC) curve,
which is a graph that plots the True Positive Rate (sensitivity) against the False
Positive Rate (1-specificity) to illustrate how well a classification model performs
at different threshold values. For two-class problem, the AUC can be calculated
using the following equation:

Sp —ny(n, +1)/2
N,

AUC =

(3.3.35)

where S, is the sum of all positive observations ranked, while n, and n,, refer to
the number of positive and negative observations respectively.

3.3.4.4 Diagnostic effectiveness metrics

One metric for assessing a diagnostic test’s efficacy is the Youden’s Index,
sometimes referred to as Youden’s J statistic. It can be defined as: J = sensitivity +
speci ficity — 1. In a classification model, the Youden Index is particularly useful for
determining the cutoffs that maximise a diagnostic test’s overall accuracy while balanc-
ing sensitivity and specificity. The Youden Index ranges from -1 to 1, with a negative
value indicating a poor test with performance inferior to random guessing, a value of 0
indicating a test with no discriminatory power, and a higher J value indicating that the
model performs more successfully in distinguishing between positive and negative cases.
It is widely employed in medical diagnostics to determine a threshold that provides a
reasonable balance between false positives and false negatives [244, 245].

3.3.4.5 Agreement and Bias Assessment

Next, statistical approaches for determining agreement and bias among various
measurements or raters will be covered. These approaches are critical for determining
the consistency and reliability of measures in medical diagnostics. The Cohen’s Kappa
coefficient will be dicussed, which measures the level of agreement between categorical
data, as well as the Bland-Altman plot, which evaluates the agreement between two
continuous variables. In addition, we will go over the Passing-Bablok regression, which
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is a graphical tool for assessing the relationship and potential bias between two mea-
surements. And finally, it will be explained how neural networks could help on the
diagnosis comparison between two devices.

Cohen’s kappa Index, represented by the Greek letter k, is a reliable statistic
for both inter- and intra- rater reliability assessment. It can be calculated as [246]:

observedagreement — chanceagreement
K= (3.3.36)
1 — chanceagreement

Similar to correlation coefficients, it can range from —1 to 41, with 0 indicating
random chance and 1 indicating perfect agreement between raters. Cohen suggests
that kappa values below 0 are unlikely to occur in practice. The kappa coefficient, like
all correlation statistics, is standardized and may be interpreted consistently across re-
search. Cohen recommended interpreting Kappa results as follows: values < 0 indicate
no agreement, 0.01 — 0.20 indicate none to minor agreement, 0.21 — 0.40 indicate fair
agreement, 0.41 — 0.60 indicate moderate agreement, 0.61 — 0.80 indicate substantial
agreement, and 0.81 — 1.00 indicate nearly perfect agreement [247].

The comparison of method experiments is a crucial step in the validation of an-
alytical methods and devices. Passing-Bablok regression analysis is an algorithm
of statistics that allows for the accurate evaluation of analytical method agreement
and any systematic bias between them. It is robust, non-parametric, and non sensi-
tive to error distributions and data outliers. The effective implementation of Passing-
Bablok regression assumes constantly distributed data and a linear relationship between
data evaluated using two analytical approaches. The results are shown as a scatter plot,
a regression line, and a regression equation in which the intercept represents constant
and the slope proportional measurement error. Confidence intervals of 95% of inter-
cept and slope explain if their values deviate from zero (intercept) and one (slope)
merely by chance, allowing the conclusion of method agreement and correction action
if necessary [248].

Figure 48 represents an example of Passing-Bablok regression analysis between
scanner A and scanner B. The blue points represent the data measured in scanner A
and B, the red dotted line represents the case where the two methods perfectly agree,
(the points would align along a 45 degree line passing through the origin, representing
x = y), the blue line represents the Passing-Bablock regression adjustment. The slope
of this line reflects proportional bias between the methods (values of slope = 1 indicate
that there is no bias; if slope < 1, scanner B tends to have greater values than scanner

A).

The intercept reflects any constant bias between the two methods (if the intercept
= 0, there is no constant bias, if the intercept < 0, scanner B gives consistently lower
results than scanner A). The grey-shaded areas surrounding the regression line reflect
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the slope and intercept confidence intervals. These ranges give insight into the estimated
parameters uncertainty, allowing to evaluate the reliability of the observed bias.

Parietal_Sup+precuneus_L
2 y=1.02x+ 0.01

Scanner B
=

8.0 0.5 1.0 1.5 2
Scanner A

Figure 48: Passing-Bablock regression example.

To sum up, the slope and intercept of the Passing-Bablock regression line re-
flect the level of agreement between two methods.. If it’s close to the equality line,
there is minimal bias, showing excellent agreement. If it diverges, it means there is a
proportional or constant bias, as shown by the slope and intercept.

The best statistical methodology for determining the degree of agreement be-
tween two quantitative methods of measurement is not evident. Altman and Bland
provided an alternate technique in 1983 that quantified the agreement between two
quantitative measurements using the mean difference and limits of agreement. The
Bland-Altman plot analysis is a straightforward approach for evaluating a bias in
mean differences and estimating an agreement interval within which 95% of the differ-
ences between the second and first methods lie. The Bland-Altman plot just defines
the intervals of agreement; it does not specify whether such limits are acceptable or
not. Acceptable limits must be established beforehand, based on clinical necessity, bi-
ological factors, or other goals. Data can be analyzed both as unit differences plot and

as percentage differences plot. In this study, the Bland-Altman percentage plots are
used [249].

Figure 49 depicts 5 examples of Bland-Altman percentage plots. The position of
each point on the x-axis represents the average of the two techniques measurements for
a specific sample. It allows find out whether the discrepancies between the two methods
vary over the measurement range. The y-axis shows the percentage difference between
the two methods for each sample. A difference of 0 indicates complete agreement for
that specific measurement. This plot has three lines: a horizontal line at the mean of
all differences, known as the bias line. This line depicts the average difference between
both methods, which may be used to measure overall bias. If this line is near to 0, it
indicates that there is no systematic bias. The 95% limits of agreement are represented
by two extra horizontal lines at mean + 1.96 SD of thestandard deviations (SD) .
If the differences are normally distributed, about 95% of the data points should fall
between these ranges. Each point on the plot shows a single sample measure comparing



Page 126 Chapter 3. MATERIALS AND METHODS

both methods. Outliers, or points that fall beyond the range of agreement, represent
measurements where the two methods disagree considerably [250-252].

In this figure, there are 5 examples which could represent general behaviors
of agreement analysis. The first example, case in point A, compares strongly corre-
lated measurements. The Bland-Altman figure highlights differences between the two
measurements.The bias decreases as concentration increases. Furthermore, the discrep-
ancies appear to be continuous. The bias is -0.5%, and the agreement range is + 11%
(from -11.5% to 10.5%), mainly due to lower measurements. Above 500 units, the agree-
ment range appears to be under 5%. If the variability of the differences between the two
measuring procedures is constant, the plot will look like in example B: the spread of the
differences grows significantly as concentration decreases on the percentage difference
plot [249].
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Figure 49: Different Bland-Altman percentage plot cases example. From “Understanding
Bland Altman analysis” by Davide Giavarina. 2015. Copyright by Biochemia Medica.

When there is a proportional difference variability between measurements, i.e.
constant coefficient of variation across the range of concentration, the Bland-Altman
percentage plot shows a parallel trend with the x axis (example C). Additional errors
can overlap these sources of variability adding their effects to the previous one. For
example, in example D, we hypothesized a constant error plus 15 units with the same
proportional variability of 5% as in case C. The percentage difference plot shows how
this error had a greater impact on measurements of low concentrations, whereas higher
concentrations showed no bias. Finally, case E, hypothesizes a proportional constant
error, overlapped with the same proportional variability (CV%) of 5%, as in case C. An
example could be a calibration error in one method, or a problem in some constants in
an equation when computing the final results. [249].
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Another technique employed in this work is the use of neural networks for the
diagnosis comparison between two devices. In order to evaluate and compare the
diagnostic performance of two imaging devices, an analysis could be performed using a
deep learning algorithm. The goal is to assess the degree of agreement between the two
devices in predicting the diagnosis for a cohort of patients. In this study, this approach
was proposed since the accuracy of diagnosis is an essential factor when validating new
imaging devices [60].

The proposed method consists of employing a neural network model to process
the PET images produced by both scanners. The neural network model employed
needs to be trained previously to classify the images into categories based on the pa-
tient’s diagnosis, with the ground truth labels provided by clinical diagnosis, with its
performance previously validated. The neural network’s outputs, which represent the
diagnostic predictions, can then be compared across the two device modalities. The
degree of agreement between the device-based predictions can be evaluated using the
Cohen’s kappa coefficient. This allows for an objective assessment of the concordance
between the predictions made by the two devices. By using this neural network-based
approach, an unbiased, data-driven evaluation of the diagnostic performance of the two
devices can be provided [60].

3.3.4.6 Interpretability in Neural Network Models

Deep neural networks have made significant advances in numerous computer
vision tasks, including image classification. However, DNNs are hard to understand
and behave like black boxes. When constructing a deep neural network model, most
researchers focus on the model’s framework and the model’s many internal parameters,
but they are unable to offer a clear explanation of the model’s output when errors
occur. This also prevents users from trusting the network’s decisions. It is essential
that models are transparent so that users understand their reasoning. This will aid in
analyzing errors, troubleshooting, and detecting potential biases in training data [253].

Therefore, neural network attention maps in Convolutional Neural Networks
for image classification are critical for improving model interpretability by graphically
showing which regions of an image contribute the most to the network’s predictions.
These maps can implement spatial attention, which focusses on critical visual areas,
or channel attention, which prioritizes feature channels depending on their importance.
These techniques significantly enhanced CNN interpretability, making model decisions
clearer and more actionable in computer vision applications [254].

In this work, three neural network attention maps have been used: Saliency
maps, Grad-CAM and SmoothGrad. Saliency maps compute the gradient of the out-
put with respect to the input pixels, emphasizing critical pixels by intensity [255].
SmoothGrad improves saliency maps by averaging gradients across several noisy input
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samples, resulting in a cleaner and denoised visualization [256]. Grad-CAM improves
interpretability by using gradients to weight feature maps in the final convolutional
layer, resulting in a class-discriminative heatmap that emphasizes key regions for a
given prediction [257].



Chapter 4

RESULTS

4.1 Dementia

PET imaging has become an essential technique in the study of neurological dis-
eases, providing novel insights into the brain’s metabolism and function. This section
looks into two essential aspects of PET applications in brain imaging: the PET vital
role in the early diagnosis of neurodegenerative diseases and the evaluation of a new
brain-dedicated PET scanner. These approaches not only improve the trustworthi-
ness of imaging data but also lead to early strategies that may influence the course of
degenerative neurological diseases.

4.1.1 Diagnosis of neurodegenerative diseases

For the early diagnosis of neurodegenerative diseases application two interven-
tions were proposed:

« To analyze the relationship between brain ["*F]FDG PET imaging and cognitive
status in Mild Cognitive Impairment patients, to explore if social cognition may
be useful in early detection of dementia.

« To validate a Deep Learning algorithm based on [®F]FDG PET images that
can detect patients with a neurodegenerative disease among patients with Mild
Cognitive Impairment.

129
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4.1.1.1 Relationship between neuroimaging and emotion recognition

This analysis assessed the correlation between brain ["*F|FDG PET imaging
and a sensitive neuropsychological evaluation based on emotion recognition to iden-
tify potential physiopathological mechanisms associated with MCI, which could aid in
understanding dementia development. This could help determine whether including
RMET in the neuropsychological test battery improves the accuracy of AD diagnosis
or not.

In this analysis, the PET images were spatially normalized to the Montreal Neu-
rological Institute space. As part of this process, all scans were resized to a resolution of
121 x 145 x 121 and voxel size of 1.5 x 1.5 x 1.5 mm to align with the resolution and
voxel size of the probability map. The voxel values of the PET images were converted
into standardized uptake values. To calculate the mean SUV for different PET volumes
of interest, La Fe atlas was employed. The SUVr was then determined by using the
brainstem as the reference region [95].

The statistical analysis was performed using the software R. Correlations be-
tween various variables were explored using Spearman’s rank correlation coefficient.
These correlation coefficients were visualized using correlogram plots, organized by the
variables of interest. The original plots included a color bar to indicate the actual
correlation values.

To simplify interpretation, the correlation coefficients were grouped based on
their strength: values between 0.5 and 1 were categorized as strong (assigned a value of
1), those between 0.3 and 0.5 as moderate (assigned a value of 0.5), and those between
0 and 0.3 as weak or negligible (assigned a value of 0). Even though correlograms
examine straightforward correlations and do not require adjustments for Type I errors,
only correlations with a statistical significance of p < 0.001 were included in the report.
Figure 50 shows the correlogram plot of this analysis.

The study found strong relationships between standard neuropsychological eval-
uations (RBANS, CDR, MMSE) and CSF biomarker values (A2, Tau, and p-Tau).
RMET scores did not correlate with CSF biomarkers, but did show some correlations
with other cognitive tests (CDR, MMSE, and RBANS).

The ["®F]FDG PET SUVr revealed significant correlations with CSF biomark-
ers and cognitive tests. Correlation analysis between ['"*F]JFDG PET and RMET data
also revealed some correlations. There was a positive correlation between RMET (total
score and negative group) and SUVr in the following areas: prefrontal medial L and R
(r = 0.36), posterior cingulate L and R (r = 0.34), parietal inferior L and R (r = 0.31),
anterior cingulate L and R (r = 0.33), prefrontal lateral L and R (r = 0.33), temporal
lateral R (r = 0.33), insula R (r = 0.31), and basal ganglia R (r = 0.30). Therefore, re-
duced metabolic activity in these areas was found to be linked to disfunction in emotion
detection in MCI patients.
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Figure 50: Correlogram plot of the CSF, neuropsychological and FDG-PET SUVr data with
categorized coeflicients according to the magnitude of the correlation. From “Relationship
between meuroimaging and emotion recognition in mild cognitive impairment patients.” by
Maria Teresa Gandia-Ferrero, Jestis Adridn-Ventura et al. 2024. Copyright by Elsevier.

4.1.1.2 Neural Network validation for Alzheimer’s Disease prediction

As mentioned, subjective differentiating between MCI and neurodegenerative
diseases can sometimes be challenging. To enhance the accuracy and predictive power
of ['"®F]FDG PET in this context, a Deep Neural Network model was validated with
images from Hospital La Fe to identify patients with neurodegenerative disease among
those diagnosed with MCI.

For this analysis, images were co-registered to a Dementia-Specific FDG PET

Corr,
1.0

0.5

0.0
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template from the Montreal Neurological Institute and smoothed using a 4 mm FWHM
filter. To align with the template’s resolution and voxel size, all scans were resized to
110 x 92 x 92, maintaining a 2 X 2 x 2 mm voxel size. Additionally, two extra voxels
with a zero value were added at the borders of the z-axis [99].

The Deep Learning neural network used in this analysis had already been trained
on FDG PET brain images from 822 patients (472 AD, 350 MCI), acquired at the base-
line visit of each subject and downloaded from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) database (http://adni.loni.usc.edu).

The goal of the 3D CNN was to distinguish between MCI cases with and without
an associated neurodegenerative disease. The network architecture includes three con-
volutional and pooling blocks, followed by a fully connected layer with rectified linear
unit (ReLU) activation functions.

A convolutional filter size of 3 x 3 x 3 was used, along with the Adam optimizer
set to a learning rate of 1.5107% and a binary cross-entropy loss function. The batch
size was set to 8, and dropout layers were incorporated after both the convolutional
blocks and the fully connected layer. ADNI test dataset achieved a sensitivity of 88%
and specificity of 71% with an accuracy of 79% in classifying AD from MCI patients.
The neural network architecture is illustrated in Figure 51, and additional details on
its training and design can be found in [99]. In this study, the network was not trained
but rather validated to assess its reproducibility using external images from La Fe
University and Polytechnic Hospital.

@ InputLayer . Conv3D ' MaxPooling3D . Dropout . Flatten @ Dense

Figure 51: Neural network architecture. The CNN consists of 3 convolutional and pooling
blocks (Conv3D + Max-Pooling3D + Dropout) attached to a fully connected layer after a flat-
ten layer. From “Artificial intelligence on fdg pet images identifies mild cognitive impairment
patients with neurodegenerative disease.” by Joan Prats-Climent, Maria Teresa Gandia-Ferrero
et al. 2022. Copyright by Journal of Medical Systems.

The model was applied to the hospital independent set of images to perform the
external validation of the CNN performance. To assess its performance, various clas-
sification metrics were analyzed, including Sensitivity, Specificity, Balanced Accuracy,
and the Area Under the Receiver Operating Characteristic curve (AUC). This analysis
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was performed using the software Python. The receiver operating characteristic curve
and the confusion matrix for the validation dataset are shown in Figures 52 and 53,
respectively.

Receiver operating characteristic
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Figure 52: ROC curves for La Fe dataset. The model performance can be evaluated from
the area under the receiver operating characteristic curve (AUC). For La Fe dataset the AUC
obtained is 0.897. From “Artificial intelligence on fdg pet images identifies mild cognitive
impairment patients with neurodegenerative disease.” by Joan Prats-Climent, Maria Teresa
Gandia-Ferrero et al. 2022. Copyright by Journal of Medical Systems.
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Figure 53: Confusion matrix for La Fe dataset. From “Artificial intelligence on fdg pet
images identifies mild cognitive impairment patients with neurodegenerative disease.” by Joan
Prats-Climent, Maria Teresa Gandia-Ferrero et al. 2022. Copyright by Journal of Medical
Systems.
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The model achieved a sensitivity of 75% (correctly identifying 53 out of 71 MCI
cases with an associated neurodegenerative disease) and a specificity of 84% (correctly
identifying 16 out of 19 MCI cases without an associated neurodegenerative disease).
This resulted in a balanced accuracy of 80% and an AUC of 0.8599. Specifically,
within the MCI group with an associated neurodegenerative disease, the model correctly
classified 48 out of 64 AD cases, all 4 FTD cases, and 1 out of 3 DLB cases.

Additionally, to assess the interpretability of the developed model, various vi-
sualization techniques were explored to generate network attention maps. These maps
highlight key features of the input image that the model considers in its final pre-
diction. Saliency maps, SmoothGrad, and Grad-CAM visualization algorithms were
applied. These visualization algorithms are depicted in Figures 54 - 56. Both Saliency
maps and SmoothGrad seem to highlight the posterior cingulate and superior parietal
regions. These brain areas align with the FDG endophenotype of AD [258]. However,
the Grad-CAM method focuses on the right prefrontal brain area, which is not typically
associated with AD. This suggests that SmoothGrad might be the most reliable method
for this study, as it aligns with the FDG endophenotype of AD.

AVERAGE SALIENCY MAP -10

Figure 54: Saliency maps visualization algorithm computed and averaged on the external
validation dataset. From “Artificial intelligence on fdg pet images identifies mild cognitive
impairment patients with neurodegenerative disease.” by Joan Prats-Climent, Maria Teresa
Gandia-Ferrero et al. 2022. Copyright by Journal of Medical Systems.
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Figure 55: SmoothGrad visualization algorithm computed and averaged on the external
validation dataset. From “Artificial intelligence on fdg pet images identifies mild cognitive
impairment patients with neurodegenerative disease.” by Joan Prats-Climent, Maria Teresa
Gandia-Ferrero et al. 2022. Copyright by Journal of Medical Systems.
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Figure 56: Grad-CAM visualization algorithm computed and averaged on the external
validation dataset. From “Artificial intelligence on fdg pet images identifies mild cognitive
impairment patients with neurodegenerative disease.” by Joan Prats-Climent, Maria Teresa
Gandia-Ferrero et al. 2022. Copyright by Journal of Medical Systems.
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4.1.2 Brain-dedicated PET scanner evaluation

In order to reduce the neurological burden of conventional PET/CT, a brain-
dedicated PET scanner could be an alternative. However, it is crucial to ensure that
both systems provide similar image quality and diagnostic capability. For this rea-
son, for the brain-dedicated PET scanner evaluation application two interventions are
proposed:

» To compare PET image quality evaluation between PET/CT and brain-dedicated
PET scanners.

» To compare the diagnostic capability of the brain-dedicated PET against PET/CT.

4.1.2.1 Objective PET image quality evaluation

The first purpose of this intervention is to evaluate the image quality of a novel
brain-dedicated PET system in comparison to a whole-body PET/CT scanner using
objective metrics derived from both Hoffman phantom and patient data.

Since this new scanner does not use a CT for attenuation correction, a key part
of the image quality evaluation will focus on evaluating how the emission-based AC
impacts the quality of CMB PET images. This will be done by comparing the PET
images produced by the CMB scanner using emission-based AC with the images that
would have been obtained if the scanner had a CT for AC. To achieve this, patient
PET images from a PET/CT system and the CMB scanner will be compared using
both emission-based and CT-based attenuation maps [60].

To evaluate image quality, both for phantom and patient FDG images of a
PET/CT and a dPET device, two different sets of volume-of-interest (VOI) regions
were defined. The first set, which included gray matter (GM) and white matter (WM),
was used to assess contrast, noise, and other metrics related to signal properties within
the images. The second set, consisting of 28 brain regions from the La Fe atlas, was
used to validate the accuracy of the quantitative data. Figures 57 and 58 illustrate the
analysis for the Hoffman phantom and patient data, respectively [60].

For the GM and WM segmentation in the Hoffman phantom, the CT image was
co-registered with each reconstructed PET image to ensure matching resolution and

voxel size. This co-registered CT was then used for GM and WM segmentation using
the SPM software.

Although SPM12 is optimized for segmenting MR T1 weighted images, it was
necessary to use the CT image because the plastic materials of the Hoffman phantom
do not accurately represent GM and WM. As a result, probability maps for GM and
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WM were obtained.
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Figure 57: Flowchart of the imaging acquisition and analysis for the Hoffman phantom.
From “Objective image quality comparison between brain-dedicated PET and PET/CT scan-
ners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by
Journal of Medical Systems.

For patient data, the GM and WM segmentation probability maps were gener-
ated directly from the PET images rather than the CT scan. This was because the
PET/CT scans were acquired using a low-dose CT protocol, making it difficult to dis-
tinguish between GM and WM. Additionally, not all patients included in the study had
MR scans available for segmentation. However, all segmentations, both for the Hoffman
phantom and patient data, were supervised by a nuclear medicine physicist.

Using these probability maps as masks, the mean and standard deviation of
GM and WM values were calculated for each reconstructed PET image. These values
were then used to compute several image quality metrics, including: contrast, recovery
coefficient, signal to noise ratio, contrast to noise ratio and coefficient of variation.

For the segmentation of 28 brain regions, all reconstructed PET images were
spatially normalized to a dementia-specific FDG PET template from the MNI using
SPM12. To ensure consistency, all images were resized to a voxel resolution of 1.5 X
1.5 x 1.5 mm?, matching the template dimensions.
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Figure 58: Flowchart of the imaging acquisition and analysis for patients. From “Objective
image quality comparison between brain-dedicated PET and PET/CT scanners.” by Maria
Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal of Medical
Systems.
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After spatial normalization, the La Fe atlas was used to extract the mean SUV
for different brain regions. Since PET imaging is primarily used to measure activity
concentration, quantification is critical. A key quality metric in this study was the
comparison of SUVr between corresponding brain regions in the two different scanners.
SUVr is an essential parameter in neurological imaging studies, as it allows for a relative
assessment of metabolic activity across brain regions. For this analysis, the whole
cerebellum was chosen as the reference region. The SUVr was then calculated for the
remaining 27 brain regions in the La Fe atlas.

In this intervention, three different sets of comparisons were used to evaluate the
image quality of PET scans from the new brain-dedicated scanner. The first comparison
set included PET images from both the PET/CT scanner and the new CMB scanner,
analyzed for both Hoffman phantom images and patient scans to assess the overall
image quality of the new device.

Since the new scanner does not use a CT-based attenuation correction and this
correction is crucial for PET image quality, a second comparison was performed. This
set included patient PET images from PET/CT and CMB, both reconstructed using
CT-based attenuation correction to analize the impact of using a standard CT AC
method. The third set focused on comparing different attenuation correction methods
within the CMB scanner itself, including patient PET images from CMB reconstructed
with both emission-based AC and CT-based AC to evaluate the differences between
these two correction techniques. The Hoffman phantom was excluded from the atten-
uation correction comparisons because, unlike human tissue, its material composition
does not significantly affect attenuation. While patients have different tissues with dis-
tinct attenuation coefficients such as cortical bone, gray matter, white matter, and air,
the plastic and water materials in the Hoffman phantom have very similar attenuation
properties.

For the first seven image quality metrics, including contrast, recovery coefficient,
signal-to-noise ratio in white matter, signal-to-noise ratio in gray matter, contrast-to-
noise ratio, and coefficient of variation for 10-minute scans in both white and gray
matter, the mean and standard deviation were calculated.

For the 27 SUV ratio metrics, the relative differences between PET/CT and
CMB images were analized. A statistical analysis was conducted to determine whether
there were significant differences in SUVr across brain regions. The Shapiro-Wilk test
was used to check if the data followed a normal distribution, and depending on the
result, either a paired t-test for normally distributed data or the Wilcoxon signed-rank
test for non-normally distributed data was applied. A p-value of 0.05 was set as the
significance threshold.

Additionally, the Passing-Bablok regression analysis was applied to the 27 SUVr
metrics to evaluate the agreement between PET images from both scanners, PET/CT
and CMB. The Bland-Altman analysis was also used to assess whether there were
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systematic differences, or bias, between the two devices and to define the limits of
agreement for SUVr measurements in patients. Finally, ComBat method was performed
to harmonise SUVr results between PET/CT and CMB images.

A total of 34 metrics were taken to assess image quality in the Hoffman phantom,
including contrast, recovery coefficient, signal to noise ratio in white and gray matter,
contrast to noise ratio, coefficient of variation over 10 minutes in both tissues, and
SUVr across 27 specific regions. For patient images, 31 image quality metrics were
calculated, including contrast, signal to noise ratio in white and gray matter, contrast
to noise ratio, and SUVr of the 27 VOlIs.

When evaluating image quality based on the segmentation of gray and white
matter, absolute values might change slightly depending on the segmented area, but
the overall trend remains consistent. Since this study aims to compare two imaging
devices, the main goal is to determine whether PET images maintain equal or not
inferior quality.

The evaluation of image quality for the Hoffman phantom is detailed below.
Figure 59 presents a box-plot distribution of several image quality metrics, including
CNR of GM, contrast, SNR of GM and WM, RC of GM, and COVig,;, for GM
and WM in PET images. The distributions are categorized based on the imaging
device, where the blue distribution corresponds to PET/CT images and the green
distribution represents CMB images. Table 17 summarizes the mean and standard
deviation (mean £ SD) of these four metrics. The results indicate that while CMB
images exhibit higher contrast between GM and WM and a higher RC of GM compared
to PET/CT, they also have lower SNR and higher COV1g,,i,. This increased variability
in CMB images is primarily due to the higher noise levels.

Table 17: Image quality metrics evaluated on Hoffman phantom (I). Mean + standard
deviation of contrast to noise ratio of grey matter: CNR(GM), contrast, signal to noise ratio of
grey matter: SNR(GM), signal to noise ratio of white matter: SNR(WM), recovery coefficient
of grey matter RC(GM), and coefficients of variation of grey matter: COVigmin(GM) and
white matter: COVipmin(WM) distributions of PET/CT images and CMB PET images on
Hoffman phantom. From “Objective image quality comparison between brain-dedicated PET
and PET/CT scanners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023.
Copyright by Journal of Medical Systems.

PET/CT CMB
CNR (GM) 214 +£0.04 | 2.92 + 0.12
contrast 0.78 & 0.00 | 1.53 £ 0.06
SNR (GM) 5.39 &+ 0.14 | 3.32 &= 0.19
SNR (WM) 2.74 £ 0.05 | 1.92 £+ 0.09
RC (GM) 0.74 £ 0.03 | 0.94 + 0.03
COViomin(GM) | 0.19 + 0.01 | 0.31 £ 0.02
COV1omin (WM) | 0.37 £ 0.01 | 0.53 £+ 0.03




Chapter 4. RESULTS Page 141

1 OPET_CT
— % OPET_CMB
0.9 T
5
0.8
0.7 4
m T &
$0.6 B
= — s
0.5 | S—
0.4 =

03 [ —

0.2
— —

COV_GM COV_WM RC_GM CNR_GM contrast SNR_GM SNR_WM

Figure 59: Image quality metrics evaluated on Hoffman phantom (I). Contrast to noise ratio
of grey matter: CNR(GM), contrast, signal to noise ratio of grey matter: SNR(GM) and
signal to noise ratio of white matter; SNR(WM), recovery coefficient of grey matter RC(GM),
and coefficients of variation of grey matter COV10min(GM) and white matter distributions:
COV10min(WM) of PET/CT images (blue) CMB PET images (green) on Hoffman. From
“Objective image quality comparison between brain-dedicated PET and PET/CT scanners.”
by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal
of Medical Systems.

Figure 60 shows the distributions of the 27 SUVr metrics for all brain regions.
These distributions are also grouped by device, with PET /CT images shown in blue and
CMB images in green. Relative differences between PET images from both scanners
were computed for all PET scans. The mean relative difference across acquisitions
for these 27 metrics is presented in Table 18, where metrics that show statistically
significant differences between both imaging modalities are marked with an *.

Statistical analysis revealed that nearly all SUVr metrics demonstrated signif-
icant differences when comparing PET images from PET/CT and CMB. However,
despite these differences, the mean relative differences between both devices remained
below 10%.
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Image quality metrics evaluated on Hoffman phantom (II). Hoffman SUVr dis-

tribution of PET/CT images (blue) CMB PET images (green) for each brain region. From

Figure 60

“Objective image quality comparison between brain-dedicated PET and PET/CT scanners.”
by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal

of Medical Systems.
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Table 18: Image quality metrics evaluated on Hoffman phantom (II). Relative differences
of mean SUVr across all the Hoffman phantom measurements between PET/CT and CMB.
Values with * correspond to brain regions that presented statistically significant differences.
From “Objective image quality comparison between brain-dedicated PET and PET/CT scan-
ners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by
Journal of Medical Systems.

Region Relative difference
Anterior_Cingulate_L 0.06*
Anterior_Cingulate_R 0.05*

Basal_ganglia_L 0.04
Basal_ganglia_ R 0.04
Brainstem 0.06*
Insula_L 0.07*
Insula_R 0.02
Occipital_Lateral L 0.04*
Occipital_Lateral R 0.02*
Parietal_Inferior_L 0.03*
Parietal _Inferior_R 0.04*
Parietal_Sup+precuneus_L 0.08*
Parietal_Sup+precuneus_R 0.06*
Posterior_Cingulate_L 0.05*
Posterior_Cingulate R 0.04*
Prefrontal_Lateral L 0.04*
Prefrontal Lateral R 0.04*
Prefrontal Medial L 0.10*
Prefrontal Medial R 0.08*
Primary_Visual L 0.05*
Primary_Visual R 0.00
Sensorimotor_L 0.06*
Sensorimotor_R 0.07*
Temporal _Lateral L 0.01
Temporal_Lateral R 0.04*
Temporal Mesial L 0.06*
Temporal Mesial R 0.07*
MEAN 0.05

The evaluation of image quality for the Patients is detailed below. Figure 61
presents the distribution of several image quality metrics, including CNR of GM, con-
trast, SNR of GM, and SNR of WM. These distributions are visualized using three
separate box plots: one representing images acquired on PET/CT (blue), another for
images acquired on CMB reconstructed using the emission attenuation map (green),
and a third for images acquired on CMB reconstructed using the CT attenuation map
(pink). The mean and standard deviation (mean £ SD) for these metrics are summa-
rized in Table 19. The results indicate that, while CMB images exhibit higher contrast
between GM and WM compared to PET/CT, they also have lower SNR values.
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Figure 61: Image quality metrics evaluated on patients (I). Contrast to noise ratio of grey
matter: CNR(GM), contrast, signal to noise ratio of grey matter: SNR(GM) and signal
to noise ratio of white matter; SNR(WM) distributions of PET/CT images (blue), CMB
PET images reconstructed using Emission-based attenuation map (green) and CMB PET
images reconstructed using CT-based attenuation map (pink) on patients. From “Objective
image quality comparison between brain-dedicated PET and PET/CT scanners.” by Maria
Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal of Medical
Systems.

Table 19: Image quality metrics evaluated on patients (I). Mean + standard deviation of
contrast to noise ratio of grey matter: CNR(GM), contrast, signal to noise ratio of grey
matter: SNR(GM) and signal to noise ratio of white matter: SNR(WM) distributions of
PET/CT images, CMB PET images reconstructed using Emission-based attenuation map
and CMB PET images reconstructed using CT-based attenuation map on patients. From
“Objective image quality comparison between brain-dedicated PET and PET/CT scanners.”
by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal
of Medical Systems.

PET/CT CMB Emis- CMB CT-
sion-based AC | based AC
CNR(GM) | 3.03 + 1.17 2.49 £+ 1.00 2.65 £+ 1.08

contrast 0.60 £ 0.24 0.70 & 0.26 0.75 &£ 0.29
SNR(GM) | 7.04 + 1.78 3.95 + 0.49 3.95 £+ 0.49
SNR(WM) | 5.39 + 1.35 3.56 + 0.47 3.51 +0.49
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Table 20: Image quality metrics evaluated on patients (II). Relative differences of mean
SUVr across all the patients measurements between PET/CT and CMB. Values with * corre-
spond to brain regions that presented statistically significant differences. CTAC: Computed
Tomography Attenuation Correction; EmissionAC: Emission-based Attenuation Correction.
From “Objective image quality comparison between brain-dedicated PET and PET/CT scan-
ners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by
Journal of Medical Systems.

Region CMB: CTAC - | PET/CT — PET/CT -

EmissionAC CMB CTAC | CMB EmissionAC
Anterior_Cingulate_L 0.04 0.04* 0.04
Anterior_Cingulate R 0.04 0.04 0.04
Basal _ganglia_L 0.05* 0.09* 0.14*
Basal _ganglia_R 0.04* 0.12* 0.16*
Brainstem 0.07* 0.05* 0.13*
Insula_L 0.05* 0.06* 0.04
Insula_R 0.04* 0.03 0.04
Occipital_Lateral _L 0.07* 0.05* 0.11*
Occipital_Lateral R 0.06* 0.03 0.05*
Parietal _Inferior_L 0.06* 0.06* 0.11*
Parietal _Inferior R 0.06* 0.03 0.06*
Pariet_Sup-+precun_L 0.03 0.04* 0.03
Pariet_Sup-+precun_R 0.03 0.06* 0.05
Posterior_Cingulate_L 0.03 0.05 0.06*
Posterior_Cingulate_R 0.03 0.04 0.06*
Prefrontal Lateral L 0.03 0.09* 0.10*
Prefrontal_Lateral _R 0.04 0.05* 0.08*
Prefrontal_Medial _L 0.03 0.04 0.05
Prefrontal_Medial_R 0.04 0.04 0.05*
Primary_Visual L 0.02 0.03 0.03
Primary_Visual R 0.02 0.03 0.04
Sensorimotor_L 0.04* 0.04* 0.08*
Sensorimotor_R 0.04* 0.03 0.05*
Temporal Lateral L 0.03 0.07* 0.10*
Temporal Lateral R 0.02 0.02 0.02
Temporal Mesial L 0.04 0.04 0.04
Temporal Mesial R 0.03 0.05* 0.08*
MEAN 0.04 0.05 0.07

Figure 62 displays the distributions of the 27 SUVr quality metrics, correspond-
ing to different brain regions. Similar to Figure 61, these distributions are grouped into
three box plots: blue for PET/CT, green for CMB reconstructed with the emission
attenuation map, and pink for CMB reconstructed with the CT attenuation map. Rel-
ative differences between these three PET image sets were computed for all patients.
Table 20 provides the mean relative differences across all patients for each of the 27
SUVr quality metrics. Metrics that show statistically significant differences between
image types are marked with an asterisk (*).
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Image quality metrics evaluated on patients (IT). SUVr distribution of PET/CT

images (blue) CMB PET images reconstructed using Emission-based attenuation map (green)

region. From “Objective image quality comparison between brain-dedicated PET and PET/CT

scanners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright

and CMB PET images reconstructed using CT-based attenuation map (pink) for each brain
by Journal of Medical Systems.

Figure 62
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The box-plot distributions indicate that images acquired on CMB reconstructed
using the CT attenuation map are generally more similar to PET/CT images across
almost all 27 SUVr metrics than images reconstructed using the emission attenuation
map. Statistical analysis revealed that 11 out of the 27 SUVr metrics exhibited statisti-
cally significant differences when comparing CMB images reconstructed with CT-based
and emission-based AC.

Additionally, when comparing CMB to PET/CT, more SUVr metrics showed
statistically significant differences for CMB reconstructed with CT AC (16 out of 27)
than for CMB reconstructed with emission AC (14 out of 27). These relative differ-
ences align with the statistical results, as the differences between PET/CT and CMB
with CT-based AC are generally smaller than those between PET/CT and CMB with
emission-based AC (see Table 20). Despite these statistically significant differences,
most relative differences between groups remain below 10%.

The Passing-Bablok regression results for SUVr values across different brain re-
gions are presented in Figures 63 and 64. These results are visualized using scatter plots,
along with the corresponding regression line and equation, which includes an intercept
and a slope that account for measurement error. The 95% confidence intervals for both
the intercept and slope are also provided to determine whether their values deviate
from zero (intercept) and one (slope) due to random variation. These regression plots
assess the agreement in SUVr values between PET/CT and CMB and help identify any
systematic bias between the two imaging modalities. Since this is a non-parametric
method, it remains unaffected by error distribution or data outliers. A stronger agree-
ment between devices is indicated when the slope approaches 1 and the intercept nears
0. Results demonstrate that, for almost all brain regions, the SUVr regression between
PET/CT and CMB images reconstructed with CT-based attenuation correction shows
a better fit (slope ~ 1, intercept ~ 0) compared to the regression between PET/CT
and CMB images reconstructed with emission-based attenuation correction.

Results of the Bland-Altman analysis of the 27 SUVr quality metrics measured
in patient images are shown in Figures 65, 67, and 69. Specifically, Figure 65 compares
PET/CT and CMB with emission-based AC, Figure 67, CMB images reconstructed
with CT-based AC and emission-based AC, and Figure 69, PET/CT and CMB with
CT-based AC. The results indicate that systematic differences across all brain regions
remain below 15%, and nearly all data points fall within the limits of agreement. For
improved visual representation, Figures 66, 68, and 70 depict the percentage difference
between measurements by coloring the different brain regions of the Atlas La Fe.

The findings of the Bland-Altman analysis reveal that when comparing PET /CT
and CMB, there is an observable asymmetry between the left and right hemispheres
(see Figures 66 and 70). However, this asymmetry is not present when comparing CMB

images alone, as shown in Figure 68. Despite this asymmetry, the overall differences
between PET/CT and CMB remain small.
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SUVr Passing-Bablok regression plots between images from PET/CT and CMB

Figure 63

“Objective image quality

comparison between brain-dedicated PET and PET/CT scanners.” by Maria Teresa Gandia-
Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal of Medical Systems.

with emission-based attenuation map grouped by brain regions. From



Page 149

Chapter 4. RESULTS

6T°0- +XbTT =A €0°0- +X20T =4,

T71eisaW |edodwial Y |esa3e |edodwial

-0

T
e 80°0- +X66°0 =A 60°0- +XS0°T TIT°0- +X€0'T =A $0°0- +XG0'T =A 20°0- +X20°T z %
77 1es3e jedodwial ¥ J1ojowliosuas 7 l0jowlIoSuls Yy |ensin Adewlid 77 1ensin Adewlid —
0O
7 7 g Z 0=
7 w
0]
3
TH
z
3
. =
4 9€°'0- +XGE'T =A4A TT°0- +X$0'T =4 8T°0- +X /0T =4 25 p0- +XLTT =4 €0°0- +XGS0'T =4, &
T |RIPON ™ [RIUOISDId ¥ |eloie |ejuodsRld T |eloje |ejuodyald 7 93eInbul) U0RISO0d 4 snaundaud+dns |eISle: W
o

A~ b00 +Xx98°0 =4

9z°0- +Xx871 =4,

de|nsug

Z G0°0- +XT =A e 0 +x880 =A A 20°0- +X/60 =4
1-snaundaid+dns|ejanec Y Jouaur|eIsLed qJouauT T |eIaled Y jeso3e7 jendnoo 9742307 |eNdIP20

9T°'0- +XST'T =4
¥ 23e|nbui)uouuy

T0- +X€'T =4
el bueb|eseg

70:0- +X€7T =A
Y el bueb”|eseg

TC0- +X8T'T =4
7 e|nsul

T°0- +X601
wajsulelg

TCo- +xTT =4,
J793eInbul) JoURIUY

SUVr Passing-Bablok regression plots between images from PET/CT and CMB

Figure 64

From “Objective image quality

comparison between brain-dedicated PET and PET/CT scanners.” by Maria Teresa Gandia-
Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal of Medical Systems.

with CT-based attenuation map grouped by brain regions.
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Figure 65: Bland-Altman plot of the 27 SUVr quality metrics evaluated in patients for
the comparison of PET images between PET/CT and CMB with emission-based AC. From
“Objective image quality comparison between brain-dedicated PET and PET/CT scanners.”
by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal
of Medical Systems.
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Figure 66: Atlas La Fe plot with its regions colored by the Bland-Altman percentage dif-
ferences of the 27 SUVr quality metrics evaluated in patients between PET/CT and CMB
with emission-based AC. From “Objective image quality comparison between brain-dedicated
PET and PET/CT scanners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et
al. 2023. Copyright by Journal of Medical Systems.
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Figure 67: Bland-Altman plot of the 27 SUVr quality metrics evaluated in patients for the
comparison of PET images between CMB with CT-based AC and CMB with emission-based
AC. From “Objective image quality comparison between brain-dedicated PET and PET/CT
scanners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright
by Journal of Medical Systems.
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Figure 68: Atlas La Fe plot with its regions colored by the Bland-Altman percentage dif-
ferences of the 27 SUVr quality metrics evaluated in patients between CMB with CT-based
AC and CMB with emission-based AC. From “Objective image quality comparison between
brain-dedicated PET and PET/CT scanners.” by Maria Teresa Gandia-Ferrero, Irene Torres-
Espallardo et al. 2023. Copyright by Journal of Medical Systems.
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Figure 69: Bland-Altman plot of the 27 SUVr quality metrics evaluated in patients for the
comparison of PET images between PET/CT and CMB with CT-based AC. From “Objective
image quality comparison between brain-dedicated PET and PET/CT scanners.” by Maria
Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal of Medical
Systems.
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Figure 70: Atlas La Fe plot with its regions colored by the Bland-Altman percentage differ-
ences of the 27 SUVr quality metrics evaluated in patients between PET/CT and CMB with
CT-based AC. From “Objective image quality comparison between brain-dedicated PET and
PET/CT scanners.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023.
Copyright by Journal of Medical Systems.
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The harmonization results of the 27 VOI SUVr values between PET/CT and
CMB using emission-based attenuation correction, are illustrated in Figures 71 and 72.
Figure 71 presents a density plot for a specific VOI, the left and right basal ganglia,
before and after harmonization. In this plot, PET/CT data is shown in green, while
CMB data is represented in red. Before harmonization, the distributions of both devices
were noticeably different. However, after harmonization, the distributions became much
more similar, indicating improved alignment between the systems.
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Figure 71: Density plot of the left (on the left) and right basal ganglia (on the right) be-
fore (up) and after (down) harmonization for images from PET/CT (green) and CMB with

emission-based AC (red).

Figure 72 displays the Bland-Altman analysis for PET /CT and CMB after apply-
ing ComBat harmonization. Prior to harmonization (as seen in Figure 65), the analysis
revealed differences between the two devices, such as a 15% difference in the right basal
ganglia. However, after harmonization, results improved significantly, with an average
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difference of 0%, demonstrating the effectiveness of the harmonization process.
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Figure 72: Bland-Altman plot of the 27 SUVr VOIs evaluated in patients for the comparison
of PET images between PET/CT and CMB with emission-based AC after harmonization.

4.1.2.2 Evaluation of brain-dedicated PET diagnostic capability

The second purpose of this intervention is to evaluate the diagnostic capability
of CMB, in comparison to Philips Gemini TF 64 PET/CT scanner on both FDG and
amyloid PET images. For the former evaluation, a prevalidated neural network will be
used, and for the latter, the Centiloid Scale will be performed.

4.1.2.2.1 Based on neural networks for FDG images

Since accurate patient diagnosis is crucial when validating a new device, a com-
parative analysis was conducted between PET/CT and CMB devices. This analysis
assessed the level of agreement in diagnosing a group of patients using the deep learn-
ing algorithm based on ["*F]FDG PET imaging that was previously validated on images
from Hospital La Fe which demonstrated strong accuracy [99].
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All scans were co-registered to a Dementia-Specific FDG PET template from
the MNI and smoothed using a 4 mm FWHM filter. To match the resolution and voxel
size of the template, the scans were resized to 110 x 92 x 92, preserving the 2 x 2 x
2 mm voxel size. Additionally, two extra voxels with zero values were included at the
edges of the z-axis [99)].

The Deep Learning neural network used in this analysis was described earlier
(see section 1.1.1.2 Neural Network validation for Alzheimer’s Disease prediction). The
model was applied to images from both the PET/CT and CMB, reconstructed with
the two attenuation correction methods.

To compare the diagnostic predictions between the two different scanners, con-
fusion matrices generated as a result of the neural network predictions were used. The
neural network classified patients with MCI as 0 and those with a neurodegenerative
disease as 1. The level of agreement between the PET/CT and CMB images (with
both AC methods) was evaluated using the kappa coefficient. Table 21 presents the
confusion matrices for the neural network predictions based on PET images.

The matrix on the left compares the predictions between PET/CT and CMB
with emission-based AC, while the matrix on the right shows the comparison between
PET/CT and CMB with CT-based AC. Results indicate that the agreement between
PET/CT and CMB with emission-based AC has a kappa coefficient of & = 0.34. How-
ever, when comparing PET/CT with CMB using CT-based AC, kappa coefficient im-
proves substantially & = 0.60.

Table 21: Confusion matrices of the PET images predicted by the deep learning model
between predictions from PET/CT images and from CMB images with emission-based AC
(left) and with CT-based AC (right) and the resulting Cohen’s kappa coefficients. From
“Objective image quality comparison between brain-dedicated PET and PET/CT scanners.”
by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2023. Copyright by Journal
of Medical Systems.

PET/CT - CMB Emission-based AC PET/CT - CMB CT-based AC
PET/CT | PET/CT PET/CT | PET/CT
0 1 0 1
CMB Emiss- CMB CT-
based AC 12 0 based AC 19 0
0 0
CMB Emiss- CMB CT-
based AC 15 28 based AC 8 28
1 1
k= 0.34 k = 0.60
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4.1.2.2.2 Based on the Centiloid Scale for Amyloid images

The following data analysis aims to demonstrate that the Centiloid scale, with-
out the requirement for other imaging modalities other than amyloid PET from a
brain-dedicated PET scanner, is a suitable method for diagnosing Alzheimer’s Disease
pathology.

The GAAIN dataset was utilized to validate the developed software by replicat-
ing the Level-1 analysis, as proposed by Klunk et al. The validation process involved
analyzing data from 34 YC-0 and 45 AD-100 subjects, following the methodology de-
scribed by Klunk et al. Figure 73 illustrates the correlation between the original Pitts-
burgh analysis and the locally calculated analysis at La Fe hospital.
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Figure 73: Replication of the Centiloid Scale Level-1 analysis. Correlation of the Pittsburgh
(original) and La Fe (calculated) analysis of the 34 YC-0 and 45 AD-100 subject data using 4
reference VOIs: (A) Cerebellum Gray, (B) Pons, (C) Whole Cerebellum and (D) Whole Cere-
bellum plus brainstem. From “Amyloid brain-dedicated PET images can diagnose Alzheimer’s
pathology with centiloid scale.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et
al. 2024. Copyright by Physica Medica.



Chapter 4. RESULTS Page 157

Additionally, a boxplot distribution of the scaled data grouped by diagnosis is
shown in Figure 74. The results indicate that for all reference VOIs (Cerebellum Gray,
Pons, Whole Cerebellum, and Whole Cerebellum plus Brainstem), the expected criteria
were met (slope between 0.98 and 1.02, intercept between -2 and 2 CL, and R? > 0.98).
Consequently, the validation process for the Centiloid Scale Level-1 replication was
successfully completed.
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Figure 74: Replication of the Centiloid Scale Level-1 analysis. Boxplots distribution of
Scaled data for each reference VOI of La Fe analysis of the 34 YC-0 and 45 AD-100 subject
data (from Klunk et al.) for the 4 reference VOIs grouped by diagnosis (blue: Alzheimer’s
Disease and green: Young Controls). From “Amyloid brain-dedicated PET images can di-
agnose Alzheimer’s pathology with centiloid scale.” by Maria Teresa Gandia-Ferrero, Irene
Torres-Espallardo et al. 2024. Copyright by Physica Medica.

The original pipeline included the use of MR images; however, not all patients
undergoing amyloid PET scans have corresponding MR scans. In this study, only 21
out of 26 patients had available MR exams, with 2 patients not undergoing MR scans
and 3 scans inaccessible due to being performed at different hospitals. To develop
a more general approach, the pipeline was modified to exclude MR images. Instead
of coregistering PET to MR images, PET images were directly coregistered and spa-
tially normalized to the Montreal Neurosciences Institute-152 template. This PET-only
pipeline was validated by ensuring compliance with the predefined criteria established
by Klunk et al. and comparing its results to the standard pipeline. No statistically
significant differences were observed between the two methods [259].

Figure 75 presents the correlation results between the PET-only pipeline and
the original Centiloid analysis for the Whole Cerebellum reference region. Figure 76
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displays the scaled data distribution for the 34 YC-0 and 45 AD-100 subjects, grouped
by diagnosis. The statistical comparison (t-test) between the distributions showed p-
values greater than 0.05, confirming no significant differences between the pipelines.
This validated the elimination of MR image dependency.
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Figure 75: Replication of the Centiloid Scale Level-1 analysis. Correlation of the Pittsburgh
(original) and La Fe (calculated) analysis only with PET images of the 34 YC-0 and 45 AD-
100 subject data using the Whole Cerebellum as the reference VOI. From “Amyloid brain-
dedicated PET images can diagnose Alzheimer’s pathology with centiloid scale.” by Maria
Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2024. Copyright by Physica Medica.
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Figure 76: Replication of the Centiloid Scale Level-1 analysis. Boxplots distribution of
Scaled data of the Pittsburgh (Original pipeline) and La Fe analysis of the 34 YC-0 and 45
AD-100 subject data for the pipeline with only PET images (Pipeline only PET) grouped
by diagnosis (blue: Alzheimer’s Disease and green: Young Controls). From “Amyloid brain-
dedicated PET images can diagnose Alzheimer’s pathology with centiloid scale.” by Maria
Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2024. Copyright by Physica Medica.
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Although the PET-only pipeline met the expected validation criteria, a Bland-
Altman analysis was performed on the subset of patients with available MR images.
Figure 77 presents the comparison between the original Pittsburgh pipeline and the La
Fe PET-only pipeline.
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Figure 77: Bland Altman plots of the Centiloid Scale comparing the Pittsburgh (Original
pipeline) and La Fe (Pipeline only PET') analysis of the subgroup of subjects that had an MR.
From “Amyloid brain-dedicated PET images can diagnose Alzheimer’s pathology with centiloid
scale.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2024. Copyright by
Physica Medica.
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Results demonstrated that for PET/CT, no systematic differences were found
between the two pipelines. However, for CMB reconstructions, a bias was detected,
particularly in No-PSF reconstructions. The observed bias was more pronounced at the
extreme Centiloid values. To further investigate this, a Bland-Altman plot excluding
values outside the 0-100 CL range was created (Figure 78).
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Figure 78: Bland Altman plots of the Centiloid Scale (only values from 0 to 100 CL)
comparing the Pittsburgh (Original pipeline) and La Fe (Pipeline only PET) analysis of
the subgroup of subjects that had an MR. From “Amyloid brain-dedicated PET images can
diagnose Alzheimer’s pathology with centiloid scale.” by Maria Teresa Gandia-Ferrero, Irene
Torres-Espallardo et al. 2024. Copyright by Physica Medica.
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The exclusion of these extreme values reduced the bias significantly, confirming
that it does not impact the clinical interpretation of AD pathology.

Following pipeline validation, PET images from 26 patients acquired on both
PET/CT and CMB scanners were processed using the validated PET-only pipeline.
The standard equations (refer to Materials and Methods) were applied to convert the
acquired data into CL units for three amyloid radiotracers.

Figure 79 illustrates the CL distributions for AD and No-AD patients using
different CMB image reconstruction methods (1mmNoPSF, 1mmPSF, 2mmNoPSF,
and 2mmPSF) and the PET/CT device. Table 22 presents the confusion matrices
for AD diagnosis, determined using the optimal cutoff maximizing the Youden Index.
All performance metrics (AUC, accuracy, precision, and recall) were equal to 1 for
PET/CT and CMB (1mmNoPSF, 2mmNoPSF, and 2mmPSF). For CMB 1mmPSF,
precision remained 1, but recall was 0.93, and AUC and accuracy were 0.96.
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Figure 79: Boxplots distribution of La Fe Scaled data for the PET/CT and the four differ-
ent reconstructions of CMB scanners grouped by diagnosis (blue: AD and green: No AD).
From “Amyloid brain-dedicated PET images can diagnose Alzheimer’s pathology with centiloid
scale.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2024. Copyright by
Physica Medica.

Although the primary goal was to validate the Centiloid Scale for PET images
from a brain-dedicated PET scanner, a comparison between PET /CT and CMB recon-
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structions was also performed. Figure 80 displays an example of PET/CT and PET
CMB images with different reconstruction methods. Notably, the ImmNoPSF recon-
struction appears noisier, with less differentiation between brain structures. Excluding
this reconstruction, CMB images were visually comparable to PET/CT images. How-
ever, higher amyloid accumulation near the ventricles was observed in CMB images,
potentially due to attenuation correction artifacts since CMB does not include a CT
component. Despite minor distributional differences, the Centiloid Scale effectively
diagnosed AD pathology from CMB dPET images.

Additionally, a nuclear medicine physician with 18 years of experience visually
assessed the 26 amyloid brain-dedicated PET images. Table 23 presents the confu-
sion matrices comparing visual assessment with ground truth diagnoses. The kappa
coefficient (k = 0.7) indicated substantial agreement.

Table 22: Confusion matrices of the diagnosis predicted by the Centiloid Scale. From “Amy-
loid brain-dedicated PET images can diagnose Alzheimer’s pathology with centiloid scale.” by
Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2024. Copyright by Physica

Medica.
PET/CT CMB - 1mmNoPSF CMB - 1mmPSF
Cutoff (CL): 34.4 £+ 2.2 Cutoff (CL): 43.5 £+ 3.5 Cutoff (CL): 51.9 £+ 12.5
AD | No AD AD | No AD AD | No AD
AD 14 0 AD 14 0 AD 13 0
No AD 0 12 No AD 0 12 No AD 1 12
CMB - 2mmNoPSF CMB - 2mmPSF
Cutoff (CL): 57.5 £ 6.8 Cutoff (CL): 41.8 £ 1.2
AD | No AD AD | No AD
AD 14 0 AD 14 0
No AD| 0 12 No AD| 0 12

Figure 80: Example of a patient with AD pathology acquired on (A) PET/CT, (B)
CMB with 2mmPSF, (C) CMB with 2mmNoPSF, (D) CMB with 1lmmPSF, (E) CMB with
1mmNoPSF. The Centiloid values were equal to: (A) 106, (B) 103, (C) 111, (D) 94, (E) 105.
From “Amyloid brain-dedicated PET images can diagnose Alzheimer’s pathology with centiloid
scale.” by Maria Teresa Gandia-Ferrero, Irene Torres-Espallardo et al. 2024. Copyright by
Physica Medica.
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Table 23: Confusion matrices of the AD diagnosis of brain-dedicated PET images between
predictions from the visual assessment and the true diagnosis. From “Amyloid brain-dedicated
PET images can diagnose Alzheimer’s pathology with centiloid scale.” by Maria Teresa Gandia-
Ferrero, Irene Torres-Espallardo et al. 2024. Copyright by Physica Medica.

True diagnosis

AD | No AD
CMB visual assessment | AD 11 1
No AD 3 11

Figure 81 presents the Passing-Bablok regression analysis comparing SUVr values
between PET/CT and different CMB reconstructions. While SUVr values were similar
across all reconstructions, the regression was more accurate for PSF-based CMB recon-
structions (slope = 1, intercept = 0) than for No-PSF reconstructions. This suggests
that PSF reconstructions better align with PET/CT results.
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Figure 81: Passing-Bablok regression plots comparing the SUVr values of the 4 different re-
constructions of CMB vs PET/CT. From “Amyloid brain-dedicated PET images can diagnose
Alzheimer’s pathology with centiloid scale.” by Maria Teresa Gandia-Ferrero, Irene Torres-
Espallardo et al. 2024. Copyright by Physica Medica.
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4.2 Neuroendocrine tumors

This section looks into the PET vital role in the therapeutical decisions for
neuroendocrine tumors. When considering Peptide Receptor Radionuclide Therapy, a
sufficient uptake intensity is required, typically corresponding to a Krenning Score >
3. Consequently, improved detection of SSR expression intensity may have significant
therapeutic implications. Given that different PET scanners produce varying quanti-
tative values, harmonization between different devices is a must. This work will adress
the harmonization application between a PET/CT and a PET/MR scanner to achieve
reliable results regardless of the device.

4.2.1 Harmonization for consistent treatment recommenda-
tions

To assess the impact of harmonization on SUV ., values, we first examined the
differences between PET/CT and PET /MR measurements. Before harmonization, key
observations from [*¥Ga]Ga-DOTA-TOC PET images of 25 patients acquired on both
devices revealed notable scanner-dependent variations. PET/CT identified 109 lesions,
whereas PET /MR detected 125. Additionally, tumor SUV ., values were consistently
higher in PET /MR than in PET/CT. In 29 out of 125 lesions, the KS > 3 classification
differed between imaging systems, highlighting the potential influence of these discrep-
ancies on treatment decisions. Table 24 represents the characteristics of each of the
patients included in the study along with the results of the total number of detected
lesions in both PET/CT and PET/MR devices.

In this intervention, the ComBat harmonization method was implemented to
harmonise variables between PET/CT and PET/MR scanners. Three different refer-
ence systems were used for harmonization: PET/MR as the reference system, PET/CT
as the reference system, an arbitrarily chosen reference system. Figure 82 shows a 3D
scatter plot of the SUV ., values before and after harmonization.
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Figure 82: 3D scatter plot where each point represents the SUVy,.x of the liver, spleen and
tumor for the PET/CT (blue) and the PET/MR (purple) before harmonization (left) and
after harmonization (right) selecting the PET/CT scanner as the reference system.
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The figure, shows SUV .. values of the liver, spleen, and tumor, with each
point representing measurements from PET/CT (blue) and PET/MR (purple). The
left side of the figure represents the data before harmonization, highlighting differences
between the two imaging systems. The right side displays the data after harmonization,
where PET/CT was used as the reference, illustrating how the harmonization reduces
discrepancies between PET/CT and PET/MR measurements.

Table 24: Characteristics of each patient included in the series. MF = Multifocality, PHEO =
Pheochromocytoma, PGL = Paraganglioma. From “Same-day comparative protocol PET/CT-
PET/MRI 8 Ga]Ga-DOTA-TOC in paragangliomas and pheochromocytomas: an approach to
personalized medicine” by Prado-Wohlwend, S., Ballesta-Moratalla, M. et al. 2023. Copyright
by Cancer Imaging.

Patient | Gender Initial MF | PET/CT | PET/MR
- Age diagnosis lesions lesions
1 M - 48 PHEO Yes 16 16
2 F-71 Cervical PGL Yes 4 5
3 F-38 Cervical PGL No 1 1
4 M - 38 Retroperitoneal PGL Yes 5) 5)
5 M - 54 Cervical PGL Yes 4 4
6 F - 53 Cervical PGL Yes 8 8
7 M - 60 Sella Turcica PGL No 1 1
8 M - 46 PHEO Yes 11 16
9 F - 50 Cervical PGL Yes 4 4
10 M - 53 PHEO Yes 14 19
11 M - 46 | PHEO and cervical PGL | Yes 2 2
12 M - 58 | PHEO and cervical PGL | Yes 5 5
13 M - 38 Mediastinal PGL No 1 1
14 M - 59 Cervical PGL Yes 3 4
15 F-54 Cervical PGL Yes 5 7
16 M - 31 Retroperitoneal PGL Yes 3 4
17 F-52 Cervical PGL No 1 1
18 M - 51 PHEO Yes 3 3
19 M - 44 PHEO No 1 1
20 M - 51 Cervical PGL Yes 7 8
21 M - 20 PHEO No 1 1
22 M - 25 Retroperitoneal PGL Yes 4 4
23 F-27 Cervical PGL No 1 1
24 M - 36 PHEO Yes 3 3
25 F - 56 Cervical PGL No 1 1

Table 25 depicts the concordance matrices between PET/CT and PET /MR of
the tumors classification based on KS > 3 or not before and after harmonization using
the 3 different reference systems. The impact of harmonization on treatment decisions
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was then assessed through kappa coefficient. Before harmonization, SUV ., values
varied between PET /CT and PET /MR for certain lesions, leading to a kappa coefficient
of 0.54, which indicates moderate agreement between the two imaging modalities. After
harmonization, the level of agreement depended on the reference system used. When
PET/MR was set as the reference, the kappa value dropped to 0.04, and when an
arbitrary system was used, it was 0.19, both of which indicate insignificant agreement.
However, when PET /CT was chosen as the reference system, the kappa value increased
to 0.68, reflecting substantial agreement between the measurements.

Table 25: Concordance matrices between PET/CT and PET /MR of the tumors classification
based on KS > 3 or not before and after harmonization for the three different reference
systems.

Before After harmonization
harmonization PET /MR reference
PET/CT | PET/CT PET/CT | PET/CT
(KS<3) | (KS>3) (KS<3) | (KS>23)
PET/MR PET/MR
(KS < 3) 35 0 (KS < 3) L 3
PET/MR PET/MR
(KS > 3) 29 61 (KS > 3) 0 90
k = 0.54 k = 0.04

After harmonization
PET/CT reference

After harmonization
Standard reference

PET/CT | PET/CT PET/CT | PET/CT
(KS < 3) | (KS > 3) (KS < 3) | (KS > 3)
PET/MR PET/MR
(KS < 3) 57 13 (KS < 3) 11 33
PET/MR PET/MR
(KS > 3) 7 48 (KS > 3) 2 69
k = 0.68 k= 0.19

Since the results after harmonization did not align with the expectations, we an-
alyzed the distribution plots of the variables before and after harmonization to better
understand the underlying discrepancies. This analysis yielded the following results:
Figure 83 displays density plots of SUV .. values for the liver and lesion, and target
to liver ratio (TLR), with each row representing the distribution of one of these vari-
ables, respectively. The columns illustrate how these distributions change before and
after harmonization across the three different reference systems. TLR, calculated as
the ratio between lesion SUV ., and liver SUV .., is particularly relevant as it deter-
mines whether KS > 3. The vertical red dotted line (TLR > 1) marks the threshold
for KS > 3, highlighting shifts in classification after harmonization. To further ex-
plore these changes, we deeply analyzed the distributions of the TLR before and after
harmonization, which is represented in Figure 84.
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Density plot of the distribution of the SUV . of the liver, the SUV .y of the

tumor and the TLR before and after harmonization for the three different reference systems.

PET/CT distributions are colored in blue while PET /MR, in purple.

Figure 83
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A closer look at the TLR distribution in Figure 84 revealed that, after harmoniza-
tion, except in the case where PET/CT was the reference system, the blue distribution
(PET/CT) shifts noticeably to the right, causing nearly all lesions to be classified as
KS > 3. This explains the poor agreement observed when the PET/MR or the stan-
dard reference systems were chosen. Additionally, the Mann—Whitney—Wilcoxon test
confirmed that these distributions showed statistically significant differences.

Before harmonization After harmonization (Ref: PET/MR)
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Figure 84: Density plot of the distribution of the TLR before and after harmonization for the
three different reference systems. PET/CT distributions are colored in blue while PET /MR,
in purple.

A particularly interesting finding was that SUV,,,, values for lesions did not
harmonise well using the standard ComBat method. While SUV . values for the liver
and spleen aligned well after harmonization, SUV ., for lesions remained problematic.
Since this variable followed an inverse gamma distribution, a logarithmic transformation
was applied before harmonization, followed by an inverse transformation afterward. An
example of this process for the PET/CT reference is described in Figure 85.

This step significantly improved the results: Figure 86 illustrates the distribu-
tions of the target to liver ratio after applying the transformation, both before and after
harmonization, across the three reference systems.
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Figure 85: Distributions of the logarithmic transformation of the tumor SUV,,.x before
harmonization and exponential transformation after harmonization.
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Figure 86: Density plot of the distribution of the TLR before and after harmonization for
the three different reference systems after logarithmic transformation of the tumor SUV .
PET/CT distributions are colored in blue while PET/MR, in purple.
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In comparison to Figure 84, Figure 86 shows that the harmonization process
resulted in significantly better alignment of the distributions between the two devices.
The statistical analysis confirmed that, after applying this correction, there were no
longer significant differences between the two distributions, meaning that the harmo-
nization process had worked effectively.

Table 26 depicts the concordance matrices, following the log transformation of
tumor SUV .x, comparing PET/CT and PET/MR for tumor classification based on
whether KS > 3, both before and after harmonization across three different reference
systems. Similarly, Table 27 displays the concordance matrices, also after log transfor-
mation of tumor SUV .y, assessing the agreement between PET/CT and PET/MR in
PRRT treatment decisions for patients, before and after harmonization across the three
reference systems.

Table 26: Concordance matrices (after the log transformation for the tumor SUV ,ax) be-
tween PET/CT and PET /MR of the tumors classification based on KS > 3 or not before and
after harmonization for the three different reference systems.

Before After harmonization
harmonization PET/MR reference
PET/CT | PET/CT PET/CT | PET/CT
(KS<3) | (KS>23) (KS<3) | (KS>23)
PET/MR PET/MR
(KS < 3) 3 0 (KS < 3) 29 10
PET/MR PET/MR
(KS > 3) 29 61 (KS > 3) 10 80
k = 0.54 k = 0.60

After harmonization
PET/CT reference

After harmonization
Standard reference

PET/CT | PET/CT PET/CT | PET/CT
(KS<3) | (KS>3) (KS<3) | (KS>23)
PET/MR PET/MR
(KS < 3) o2 1 (KS < 3) 39 3
PET/MR PET/MR
(KS'> 3) 12 57 (KS'> 3) 18 65
k=0.74 k = 0.65

As previously mentioned, prior to harmonization, SUV ., values varied between
PET/CT and PET/MR for certain lesions, resulting in a kappa coefficient of 0.54,
indicating moderate agreement between the two imaging modalities. Following har-
monization, which included log transformation of tumor SUV ., the kappa coefficient
increased to 0.60 when PET /MR was used as the reference system, 0.74 when PET/CT
was the reference system, and 0.65 for the arbitrary reference system. These findings
demonstrate an improvement in agreement, reaching a substantial level regardless of
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the PET system used.

With regard to the therapeutic implications, as shown in Table 27, before harmo-
nization, PET /MR would have altered the therapeutic decision in 8 out of 25 patients
(32%), resulting in a kappa coefficient of 0.40, indicating fair agreement between the
two PET scanners. Following harmonization, the kappa coefficient increased to 0.53
when either PET/MR or PET/CT was used as the reference system and to 0.51 for
the arbitrary reference system. These findings highlight an improvement in patient
management, with therapeutic agreement reaching a moderate level regardless of the
PET system used.

Table 27: Concordance matrices (after the log transformation for the tumor SUV ,ax) be-
tween PET/CT and PET/MR of the patient’s PRRT treatment decision before and after
harmonization for the three different reference systems.

Before After harmonization
harmonization PET/CT reference
PET/CT | PET/CT PET/CT | PET/CT
No PRRT PRRT No PRRT PRRT
PET/MR 6 0 PET/MR 5 1
No PRRT No PRRT
PET/MR PET/MR
PRRT 8 1 PRRT 4 15
k = 0.40 k = 0.53

After harmonization
PET/MR reference

After harmonization
Standard reference

PET/CT | PET/CT PET/CT | PET/CT
No PRRT | PRRT No PRRT | PRRT
PET/MR : 1 PET/MR i ;
No PRRT No PRRT
PET/MR PET/MR
PRRT 0 H PRRT 6 13
k=053 k= 0.51







Chapter 5

DISCUSSION

5.1 Dementia

5.1.1 Diagnosis of neurodegenerative diseases
5.1.1.1 Relationship between neuroimaging and emotion recognition

Recent neuropsychology research in dementia has centered on social cognition
impairment, which impacts social relationships [260]. Research indicates that FDT is
associated with more severe impairment in social cognition compared to AD [261]. A
recent study found that social cognition deficiencies may be more significant in AD than
other types of dementia [262]. Assessing social cognition may aid in the differential
diagnosis of AD [263]. A recent meta-analysis found that emotion recognition may be
impaired in early AD stages [264, 265], even if overall cognition remains unaltered [266].
However, there is some debate in this field. The Reading the Mind in the Eyes Test
(RMET) [267, 268] can assess dysfunction in recognizing complex social emotions.

The RMET, originally designed to detect subtle impairments in positive, neg-
ative, and neutral emotion recognition in autism, is frequently used [269, 270]. Neu-
roanatomical alterations in MCI and AD, including the anterior medial frontal cortex,
medial temporal cortex, and amygdala, have been linked to social and cognitive prob-
lems in patients [271]. DLB and AD patients have shown higher atrophy in the medial
temporal lobes and regions associated with Theory of Mind (ToM), such as the pre-
frontal and orbitofrontal cortex, temporoparietal junction, precuneus, and insula [272].

Future research should combine social cognitive indicators such as RMET with
brain structure and function parameters to improve AD prediction accuracy [273] and

173
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evaluate its relationship with MCI. Using emotion recognition tests like the RMET can
help increase the understanding of this subject.

This intervention investigated the correlation between brain ["*F]FDG PET
imaging and cognitive tests. By analyzing clinical markers like cerebrospinal fluid
biomarkers and neuropsychological tests, this analysis helped to understand the un-
derlying mechanisms of MCI. Importantly, the potential of exploring socio-cognitive
abilities, such as emotion recognition and Theory of Mind, areas often overlooked in
MCT and PET imaging research were highlighted. To address this gap, the study exam-
ined the connection between ["*F|FDG PET findings and socio-cognitive performance,
specifically using the Reading the Mind in the Eyes Test, in a group of MCI patients
aged 50-80 years. This appears to be the first large-scale study involving MCI from
different causes, both neurodegenerative and non-neurodegenerative.

Socio-cognitive abilities underlying individual differences in ToM are a key area
of focus in AD continuum research [261, 265], highlighting domain-specific deficits dur-
ing the MCI stage. In this context, findings in this study demonstrated a consistent
relationship between RMET scores and neuropsychological tests assessing cognitive sta-
tus in MCI, such as the CDR, MMSE, and RBANS using a correlational methodology.

Recent analyses have further suggested that AD patients exhibit impaired abil-
ities to recognize facial expressions [274]. However, no association between RMET
performance and cerebrospinal fluid (CSF) biomarkers of Alzheimer’s disease was ob-
served in this investigation. As a result, the social cognitive deficit reported in MCI was
not specific to AD. Thus, the RMET could show that an early significant impairment in
emotion recognition is not particular to Alzheimer’s disease. All of these findings give
additional evidence and underline the significance of social cognitive assessment in neu-
ropsychological evaluations regarding individuals at risk of dementia [275, 276].

['8F|FDG PET imaging results showed that MCI patients with low RMET scores
had reduced glucose metabolism (lower SUVr values) in key brain areas, including
medial and lateral prefrontal regions, anterior and posterior cingulate cortices, lateral
parietal and temporal regions, the insula, and basal ganglia. These results align with
earlier research by Orso et al. [277], which found hypometabolism in some of these areas
in AD and frontotemporal dementia patients. Additionally, the negative relationship
between Tau protein levels in CSF and glucose metabolism in certain brain regions
supports existing findings [278].

The study, however, had some limitations. For instance, primary emotion recog-
nition was not evaluated, and traumatic brain injuries were not systematically recorded.
Furthermore, while the study explores correlations between ['*F|FDG PET and social
cognition, more in-depth studies are needed to delineate neuropathological pathways in
specific conditions, such as distinguishing between MCI due to AD and non-AD causes.
Larger subgroup samples would be required for these analyses. Despite these limita-
tions, the study provides valuable insights into the role of social cognition in MCI and



Chapter 5. DISCUSSION Page 175

it paves the way for future research.

To sum up, the findings from this study showed a correlation between social
cognition impairment and changes in the brain’s function, particularly in regions im-
portant for cognitive and emotional processing, such as the prefrontal cortex, insula,
and anterior cingulate cortex. The study identified brain patterns associated with dif-
ferences in social cognitive abilities among MCI patients, highlight an important step in
understanding neurodegeneration. However, it it was found that this early significant
impairment in emotion recognition is not particular to Alzheimer’s disease.

5.1.1.2 Neural Network validation for Alzheimer’s Disease prediction

Our study externally validated a Deep Learning algorithm designed to classify
patients with mild cognitive impairment into two diagnostic categories based on FDG
PET imaging. The validation was conducted using a dataset of 90 patients whose scans
were acquired at Hospital La Fe. The classification differentiates between patients with
an underlying neurodegenerative disease and those without. Out of the 90 patients in
the validation dataset, 71 were diagnosed with MCI without an associated neurode-
generative disease. Results indicate that the model trained using the ADNI dataset
can be effectively applied to hospital images, maintaining 80% balanced accuracy in
diagnosing patients. This validation confirms that the network, which was trained on
ADNI data, can produce consistent results when tested on an external dataset. The
model performs well on both datasets, demonstrating its ability to recognize the key
features in brain images for classification.

It must be mentioned that for the external validation of this model, cognitively
unimpaired participants were excluded, as they can be more easily identified through
other assessments, making an imaging scan unnecessary. Similarly, patients with a
higher clinical dementia rating, indicating moderate to severe dementia, were also ex-
cluded. While other studies may include them, it was felt that the most challenging
classification in clinical practice is distinguishing patients with MCI who have an asso-
ciated neurodegenerative disease from those in the early stages of cognitive impairment.

This selection bias could have been one potential source of error. Specifically,
all ADNI subjects did not have a CDR of 0.5, meaning their cognitive impairment
may not have been in the early stages, whereas all patients in the validation dataset
had a CDR of 0.5. Additionally, the ADNI dataset only included patients with AD,
while the validation dataset included DLB and FTD patients in the MCI group with an
associated neurodegenerative disease. Although 100% of FTD patients were correctly
identified as distinct from those without a neurodegenerative disease, DLB patients
were not identified as accurately. While the model was not trained on images from
these other conditions, this study aimed to reflect real world hospital scenarios, where
DLB and FTD patients are often together with AD patients in the MCI group [99].
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A major limitation of this study is the relatively small dataset size compared to
other research, which often involves thousands of images. The dataset was constrained
by selection criteria and data availability, considering only the first scan at baseline
for each patient. Despite this limitation, the model exhibited reasonable performance.
Visualization techniques such as Saliency maps and SmoothGrad highlighted the pos-
terior cingulate and superior parietal areas, aligning with the FDG endophenotype of
AD. However, Grad-CAM focused on the right prefrontal cortex, which is not typical of
AD. This suggests that SmoothGrad may be the most reliable method in this context.
Nonetheless, these visualization techniques for interpreting the neural network should
be used cautiously, as they can be highly sensitive to small changes in the input im-
age [279]. Other studies have reported similar findings. For example, Ding et al. [280]
observed that the Saliency map indicated their model was considering the entire brain
when making predictions. Further research is needed to improve the reliability and
interpretation of neural network results.

Several Al studies aim to classify neurodegenerative diseases [63, 88, 280-284].
While some achieve higher accuracy, specificity, or sensitivity, few rely solely on PET
imaging; most incorporate MRI and other biomarkers. Furthermore, many studies do
not focus on classifying patients with CDR = 0.5, which presents a significant clinical
challenge. For instance, Manhua et al. [284] achieved higher balanced accuracy using
FDG PET for differentiating AD/MCI from healthy controls (HC). However, their
dataset allowed perfect classification based on CDR values alone, unlike this study,
where all patients had CDR = 0.5.

Moreover, external validation is uncommonly done. Ding et al. [280] validated an
ADNI-trained deep learning model on an independent dataset but included cognitively
unimpaired individuals, performing a three-class classification. Unlike their study, our
research excluded patients with advanced dementia, focusing solely on MCI classifica-
tion. While their model achieved 59% balanced accuracy on an independent dataset,
our study reached 80%. Additionally, Ding et al. compared model performance to ra-
diologists, showing that their deep learning model outperformed human readers. This
study, however, took a step further by validating the algorithm against the final clinical
diagnosis, incorporating neuropsychological assessments and CSF biomarker analysis,
which provides a more stringent ground truth.

To sum up, the external validation results of the binary classifier model, which
was based on a 3D Convolutional Neural Network using FDG PET images, reinforce
the value of deep learning models as effective tools for assisting nuclear medicine physi-
cians in classifying neurodegenerative diseases. Unlike simply comparing the model’s
performance with radiologists’ interpretations, this study evaluated the Deep Learning
algorithm against the final diagnosis, which was determined through a combination of
radiologists’ reports, neuropsychological assessments, and CSF molecular analysis. Us-
ing the final diagnosis as the reference for comparison is a more rigorous and dependable
approach, making it a more robust objective for the study.
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The model shows potential in aiding the early, non-invasive detection of neu-
rodegenerative diseases in patients with MCI. While it is not yet implemented in the
hospital, it could serve as an experimental decision-support tool for nuclear medicine
physicians in daily clinical settings. To enhance the model for future use, new neural
network architectures should be explored to improve performance. Incorporating ad-
ditional non-image variables, such as biometric data, could also lead to more accurate
classification results by enhance the model’s performance.

5.1.2 Brain-dedicated PET scanner evaluation

In order to reduce the neurological burden of conventional PET/CT, a brain-
dedicated PET scanner could be an alternative. However, it is crucial to ensure that
both systems provide similar image quality and diagnostic capability. For this rea-
son, for the brain-dedicated PET scanner evaluation application two interventions were
proposed, comparing PET/CT and dPET image quality and diagnostic capability.

5.1.2.1 Objective PET image quality evaluation

The analysis of the Hoffman phantom results indicates that CMB images exhibit
higher contrast and RC but also lower SNR and higher COV compared to PET/CT
images. These trends observed in the phantom reconstructions are also seen in patient
data, with the exception that contrast values between CMB and PET/CT images are
similar (slightly higher for CMB, but within the error bars).

The lower SNR in CMB images suggests greater variability among voxels in
uniform image regions, which can be attributed to the smaller voxel size used in CMB
imaging (1x 1x 1 mm?). CMB reconstruction settings are optimized for high-resolution
imaging, with a measured spatial resolution of 1.5 mm at the center of the field of
view (FOV) [128], whereas the Philips Gemini TF PET/CT system reports a spatial
resolution of 4.8 mm [170]. The smaller voxel size results in sharper images but also
more heterogeneous activity distributions. The CNR and SNR values measured in this
study align with these expected characteristics. Overall, the analysis confirms that
CMB images do not exhibit lower quality metrics than conventional PET/CT images.

When comparing SUVr between CMB images reconstructed using emission-based
AC and those using CT-based AC, significant differences were observed. These differ-
ences are largely due to the simplified assumption in the emission-based approach,
which models the head as a homogeneous volume. Although statistically significant
differences were detected in various brain regions when comparing PET/CT images
with CT-based AC CMB images, the relative differences remained small, with a mean
of 4% across all 27 regions and a maximum difference of 7% in the occipital lateral
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region.

These values are lower than those reported in similar studies evaluating attenu-
ation correction techniques on commercial PET /MR systems. For instance, an analysis
of MR-based AC accuracy in the Philips Ingenuity TF whole-body PET/MR found
differences of up to 20% [285], whereas the values in this study align with those ob-
tained using Atlas-based correction techniques such as the Mean Atlas approach [286].
Ongoing research is focusing on improving emission-based attenuation maps through
convolutional neural networks, which have previously demonstrated superior perfor-
mance compared to Atlas-based techniques [127, 287].

Relative SUVr differences remain within a similar range (5% mean) when com-
paring CMB images reconstructed with CT-based AC to PET/CT images. These dis-
crepancies could be attributed to differences in system specifications, including FOV,
detector proximity, and reconstruction algorithms. However, the observed variations
are consistent with the expected scanner-to-scanner variability [288]. In contrast, when
comparing emission-based CMB images with PET/CT, the number of regions showing
statistically significant differences increases, and the mean relative difference exceeds
5%, with some regions exceeding 10%.

The results of the Passing-Bablok regression analysis further support the ob-
served differences, providing a measure of agreement between the two imaging devices.
The findings indicate that PET /CT images are more closely aligned with CMB images
using CT-based AC than with CMB images using emission-based AC. These results
highlight the importance of improving attenuation correction maps to enhance image
consistency across different devices.

The Bland-Altman analysis revealed an asymmetry between the left and right
hemispheres when comparing images from the two devices. However, this asymmetry
was not present when comparing CMB images reconstructed using different attenuation
correction methods. Despite this asymmetry, the differences between PET/CT and
CMB remain minimal.

Finally, it is well known that different PET systems provide varying quantitative
values due to differences in scanner parameters. This variability has been demonstrated
in Bland-Altman plots comparing PET/CT and CMB dPET systems. Since standard-
ized uptake value ratios are crucial for diagnosing neurological diseases, it is essential
to harmonize SUVr measurements across both devices to ensure consistency. The re-
sults of ComBat harmonization between PET/CT and CMB indicate that this method
is highly effective in aligning data from different scanners. Using harmonization tech-
niques like ComBat allows for more reliable and reproducible analyses, making scanner
comparisons more accurate.

It is worth noting that due to the current system design (an inclined cylinder),
the device requires a stabilization mechanism when acquiring phantom images. Addi-
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tionally, 28% of the patients were excluded from this study because their cerebellum
was not fully captured within the axial field of view. Although not addressed in this
study, an extended axial FOV is recommended to resolve this limitation.

It is also worth mentioning that a clinical comparison of CMB images and brain
PET/CT was previously conducted by Cabrera-Martin et al. [289]. In that study, nu-
clear medicine specialists visually assessed image quality by classifying scans as normal
or abnormal and ranked CMB images into five categories based on quality relative
to brain PET/CT images. The ranking scale ranged from Category 1 (CMB image
quality significantly lower than PET/CT) to Category 5 (CMB image quality signif-
icantly higher than PET/CT). The first analysis demonstrated complete agreement
(kappa coefficient = 1), while the second analysis showed a good level of agreement
(kappa coefficient = 0.70). Most cases (19 out of 40) were classified as having image
quality similar to PET/CT. The authors concluded that CMB images are qualitatively
comparable to brain PET/CT images.

5.1.2.2 Evaluation of brain-dedicated PET diagnostic capability

5.1.2.2.1 Based on neural networks for FDG images

Considering results from the previous intervention regarding image quality evalu-
ation, clinical assessment was necessary to determine whether small differences between
the devices impact the final diagnosis. Since a patient’s diagnosis is the key factor in
validating a new medical device, the comparison was conducted between PET/CT and
CMB by analyzing the consistency of diagnosis predictions made using this previously
explained deep learning algorithm. This algorithm was applied to the ["* F]JFDG PET
images of the 55 patients with cognitive impairment acquired on both PET scanners.

The kappa coefficient findings indicate that the agreement between PET/CT
and CMB with emission-based attenuation correction is fair, whereas the agreement
improves to a substantial level when comparing PET/CT with CMB using CT-based
AC. This confirms that CMB images using CT-based attenuation correction closely
resemble conventional PET/CT images compared to CMB images that use emission-
based attenuation correction.

On the other hand, a clinical comparison of CMB images and brain PET /CT was
previously conducted by Cabrera-Martin et al. [289]. In that study, nuclear medicine
specialists visually assessed image quality by classifying scans as normal or abnormal
relative to brain PET/CT images. The analysis demonstrated complete agreement
(kappa coefficient = 1) between normal and abnormal brain PET images, thus con-
cluding that CMB images are qualitatively comparable to brain PET/CT images.
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5.1.2.2.2 Based on the Centiloid Scale for Amyloid images

The recent authorization of two drugs for AD by the FDA (aducanumab and
lecanemab), which may also receive approval from the EMA in the near future, has
brought attention to a significant rise in the demand for amyloid brain PET/CT scans
within the nuclear medicine community. Estimates suggest that the number of amyloid
brain PET-CT studies could increase by approximately 20 times [112]. This surge is
attributed to the fact that PET/CT scans will not only be utilized for patient selec-
tion in treatment but may also play a role in therapy guidance, including determining
treatment duration, adjusting doses, and identifying non-responders [113].

Given this pressing need to manage the burden of neurodegenerative diseases,
the development of brain-dedicated imaging devices has become essential. Compared to
whole-body PET scanners, dedicated brain PET systems aim to enhance performance
by improving spatial resolution and increasing sensitivity, which facilitates the imaging
of small brain regions. Additionally, dedicated PET scanners offer advantages such as
enhanced portability, mobility, and cost-effectiveness [75].

Furthermore, there is an urgent necessity for a standardized approach to diag-
nosing AD pathology through amyloid imaging across different medical centers. Vari-
ability in amyloid PET results arises due to differences in factors such as the specific
amyloid tracer used, acquisition duration, attenuation correction techniques, analysis
methods, target and reference regions, partial volume correction strategies, and varia-
tions in scanners, imaging protocols, and reconstruction algorithms. Standardization of
these aspects is crucial to ensuring consistency and reliability in amyloid PET imaging
outcomes.

To achieve standardized measurements across different medical centers, Klunk
et al. [225] introduced the Centiloid method. This approach linearly scales the mea-
surements of a specific tracer to standard Centiloid units (CL). The CL scale ranges
from 0 to 100, where a value of 0 corresponds to the average uptake in young con-
trol patients, while a value of 100 represents the average uptake observed in typical
Alzheimer’s Disease (AD) patients at the dementia stage.

The objective of this intervention was to demonstrate that the Centiloid scale,
when applied using only PET imaging from a brain-dedicated PET scanner, serves as
a reliable and effective method for diagnosing AD pathology without the necessity of
additional imaging modalities.

This study confirmed the suitability of the Centiloid methodology for predict-
ing Alzheimer’s disease pathology using a brain-dedicated PET scanner, even without
requiring MR images for spatial normalization. The optimal Centiloid cutoff values,
determined as those maximizing the Youden Index, yielded excellent performance in
identifying patients with AD pathology. The only CMB reconstruction where perfor-
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mance metrics did not reach their maximum was the 1mmPSF configuration. This
discrepancy was due to one patient, predicted as not having AD, who was later diag-
nosed with AD. This particular case corresponds to the lowest blue data point among
all AD (blue) distributions (see Fig. 79). The patient had preclinical AD, which is char-
acterized by neuropathological lesions preceding clinical symptoms [290]. The patient
scored 28 on the MMSE neuropsychological test, and the nuclear medicine physician’s
evaluation was inconclusive regarding A plaque accumulation. However, cerebrospinal
fluid analysis confirmed abnormal Aj levels.

Several studies have reported optimal Centiloid cutoff values for AS positivity.
Salvadé et al. [291] suggested that a cutoff around 12 CL indicates the transition from no
pathology to subtle pathology, while a value of approximately 30 CL marks established
pathology. Bullich et al. [292] identified cutoffs at 13.5 CL for early amyloid pathology
and 35.7 CL for established pathology. Amadoru et al. [293] found that values below
10 CL accurately reflected an absence of neuritic plaques, values above 20 CL indicated
moderate plaque density, and values of 50 CL or more confirmed neuropathological and
clinicopathological diagnoses of AD. The cutoff values obtained in this study for the 26
patient PET images align with these established values.

Nevertheless, differences in cutoff values were observed between PET/CT (34.4 +
2.2) and the four CMB reconstructions (2mmPSF: 41.8 £ 1.2, 2mmNoPSF: 57.5 £+ 6.8,
ImmPSF: 51.9 + 12.5, and ImmNoPSF: 43.5 + 3.5). It is well known that different PET
systems produce variations in quantitative values due to scanner parameters, affecting
objective threshold values. Therefore, standardization across centers is crucial to ensure
consistent results, irrespective of the equipment used. Klunk et al. [225] introduced the
Centiloid scale to provide a standardized method for diagnosing AD pathology via
amyloid imaging. Despite slight differences in AD pathology thresholds due to scanner
parameters, the ability to identify AD pathology remains intact. Among the CMB
reconstructions, the 2mmPSF reconstruction yielded the most comparable cutoff to the
PET/CT scanner.

It is noteworthy that the RSNA QIBA Profile for Amyloid PET as an Imaging
Biomarker for Cerebral Amyloid Quantification [294] does not recommend the use of
the PSF filter for amyloid image quantification when employing SUVr as a biomarker.
However, our study demonstrates that reconstructions with and without PSF produce
equivalent results in confusion matrices, validating the use of PSF reconstruction with
the Centiloid Scale.

To our knowledge, no previous studies have compared the Centiloid scale on PET
images acquired from the same patient cohort using two different scanners. However,
given the variability of AD pathology in the population, the relatively small sample size
(26 patients) represents a limitation. Future studies with larger sample sizes are nec-
essary to further investigate the impact of scanner parameters and improve confidence
in Centiloid cutoff values. Despite recognizing that Centiloid cutoffs may slightly vary
depending on the scanner, the Centiloid scale remains a valuable clinical tool, provided



Page 182 Chapter 5. DISCUSSION

that appropriate cutoffs are established for specific scanner protocols.

Another limitation of this study was the exclusion of two patients due to incom-
plete cerebellum coverage in the PET scan, preventing the application of the Centiloid
Scale methodology. In clinical practice, it is essential to ensure that the cerebellum is
fully captured in PET images. Additionally, the CMB device is expected to be upgraded
with an extra detection ring to enhance axial field-of-view coverage.

Finally, based on both quantitative analysis and visual assessment, the 2mmPSF
reconstruction appears to be the most suitable configuration for amyloid imaging using
the CMB device. Overall, the Centiloid Scale proved to be a reliable method for di-
agnosing AD pathology using brain-dedicated PET imaging, independent of additional
imaging modalities.

5.2 Neuroendocrine tumors

5.2.1 Harmonization for consistent treatment recommenda-
tions

In the context of of metastatic or unresectable paragangliomas and phaeochro-
mocytomas, [®*Ga]Ga-DOTA-TOC PET imaging plays a crucial role in both diagnosis
and treatment planning (theranostics). Patient eligibility for peptide receptor radionu-
clide therapy with [7 Lu]Lu-DOTA-TATE is determined by assessing uptake intensity,
which is quantified using the Krenning Score. A KS value of > 3, indicating that lesion
uptake exceeds that of the liver, is required for therapy consideration. However, vari-
ations in PET systems may result in differing quantitative values due to differences in
hardware, reconstruction algorithms, and correction methodologies.

Owing to inherent discrepancies in SUV measurements across PET/CT and
PET /MR systems, these lesions would change from being unsuitable for SSR-targeted
therapies to being appropriate for them from a theragnostic perspective. Before harmo-
nization, 29 out of 125 lesions (23%) were classified differently depending on whether
the scan was done with PET/CT or PET/MR. This lack of agreement between scan-
ners was reflected in a kappa coefficient of 0.54, indicating only a moderate level of
agreement.

This variation highlights the necessity for harmonization to ensure consistency in
clinical decision-making, regardless of the imaging system. In this study, the ComBat
harmonization method was applied to SUV . values obtained from PET/CT and
PET/MR and evaluated its impact on lesion classification.
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Following the implementation of the ComBat harmonization method, three dif-
ferent reference systems were evaluated: PET/MR as the reference, PET/CT as the
reference, and an arbitrary reference system. The results indicated that harmoniza-
tion significantly reduced scanner-dependent variability when PET/CT was used as
the reference, achieving a kappa coefficient of 0.68, indicating substantial agreement.
However, when PET /MR was the reference or an arbitrary system was used, agreement
levels were significantly lower, with kappa values of 0.04 and 0.19, respectively.

Despite successful harmonization of SUV ., values for liver and spleen tissues, le-
sion SUV . values remained problematic. The observed discrepancies were attributed
to the non-Gaussian distribution of lesion SUV .., which followed an inverse gamma
distribution. To address this, a logarithmic transformation was applied before harmo-
nization, followed by an inverse transformation afterward.

After this adjustment, following harmonization, the agreement improved across
all reference systems, with kappa values increasing to 0.60 for PET /MR reference, 0.74
choosing PET/CT as references and 0.65 for the arbitrary system. These findings
suggest that harmonization enhances the consistency of PRRT eligibility assessments,
potentially reducing variability in clinical decision-making.

A limitation of this study is the small sample size. A validation in larger, multi-
center cohorts will be needed to confirm the generalizability of these findings. Inves-
tigating the integration of deep-learning-based harmonization methods could further
enhance standardization across imaging modalities.

To sum up, these results emphasize the importance of verifying harmonization
outcomes variable by variable. Although ComBat provides a valuable tool for har-
monization, its application requires careful validation to avoid misclassifications. With
careful selection of the reference system and appropriate data transformations, the Com-
Bat method can successfully harmonize PET data across different scanners, reducing
equipment-based variability. This approach facilitates reliable cross-system compar-
isons, ensuring that patients receive consistent and accurate theragnostic evaluations
regardless of the PET imaging system used.






Chapter 6

GENERAL CONCLUSIONS

Impact of Advanced PET Imaging Analysis on Clinical Decision-Making:

« Quantitative PET image analysis enhances diagnostic precision and reliability in
treatment decisions for patients with dementia and neuroendocrine tumors.

« Optimizing imaging technology is essential for improving clinical outcomes.

Applications in Dementia Diagnosis:

o The combination of FDG PET with social cognition assessment ( Reading the Mind
in the Eyes Test) provides additional insights for early diagnosis of MCI since
emotional recognition deficits are present in MCI patients. However, these are
not exclusive to Alzheimer’s disease, and therefore, it does not improve accuracy
in identifying Alzheimer’s disease.

e An externally validated deep learning-based classification algorithm achieved 80%
accuracy in identifying mild cognitive impairment (MCI) associated with neurode-
generative diseases.

» A comparison between dedicated brain PET scanners and conventional PET/CT
systems demonstrated that brain-dedicated scanners can reduce the burden on
general PET/CT scanners while maintaining image quality and diagnostic relia-
bility.

Applications in Neuroendocrine Tumours:
« Differences in PET scanner parameters significantly impact SUV measurements,

directly affecting patient eligibility for peptide receptor radionuclide therapy, high-
lighting the need for data harmonization to standardize clinical practice.
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« ComBat harmonization aligns SUV values between PET/CT and PET /MR scan-
ners, reducing variability in lesion classification and improving consistency in
treatment recommendations.

Challenges and Future Perspectives:

o While advanced computational methods have demonstrated improved diagnostic
accuracy and treatment planning, challenges remain, including the need for larger
datasets and multicenter studies to validate harmonization techniques.

» Standardizing PET imaging techniques in nuclear medicine is crucial to ensure
consistent clinical decisions across different imaging devices.

o The findings of this study support the continued development of quantitative PET
imaging tools and reinforce their role in precision medicine.
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Resum extens en valencia

INTRODUCCIO:

Fins fa poc, en medicina nuclear i particularment en els estudis PET, la inter-
pretacié d’imatges es basava principalment en la inspeccié i avaluacio visual o quali-
tativa, encara que també s’extreien algunes avaluacions quantitatives (com ara ratios
i altres metriques simples), la qual cosa introduia una alta variabilitat entre obser-
vadors i limitava la precisié en el seguiment i comparacié d’estudis. Aquesta falta
d’estandarditzacié impedia obtenir dades fiables per a avaluar la progressié6 de malal-
ties o la resposta als tractaments.

Davant aquesta limitacié, la quantificacié d’imatges PET es presenta com una
necessitat essencial. Amb l'arribada d’instrumentacié avancada i la capacitat de la
imatge PET per reproduir amb precisié la concentracié d’activitat, la quantificacié
d’imatges ha evolucionat significativament. Convertir les imatges en dades numeriques
permet realitzar analisis objectius, comparables i reproduibles, proporcionant una base
solida per a les decisions cliniques.

Avui en dia, I'analisi informatitzada d’imatges mediques juga un paper fona-
mental en la medicina moderna, oferint als metges informaci6 addicional per a guiar els
processos de presa de decisions. A més, la quantificacié millora la precisié diagnostica,
impulsa la medicina personalitzada i facilita la realitzacié d’estudis multicéntrics amb
menor variabilitat, contribuint aixi a una practica medica més rigorosa i efectiva.

La hipotesi d’aquesta tesi és que l'extracci6 i I’analisi de dades quantitatives a
partir de diferents imatges PET proporciona informacié significativa que té un impacte
en les decisions cliniques. Per tant, els objectius consisteixen a millorar aquesta presa de
decisions gracies a la quantificacié de les imatges PET en dos casos d’is: en demencia
i en tumors neuroendocrins.

En la part de demencia, explorarem dues aplicacions principals. La primera té

com a objectiu millorar la deteccio preco¢ de malalties neurodegeneratives. La segona se
centra en 'avaluacié d'un escanner PET dedicat al cervell, assegurant al mateix temps

233



Page 234 Resum extens en valencia

que oferisca una qualitat d’imatge i una precisié diagnostica comparables a les d'un
PET/TC convencional. En la part de tumors neuroendocrins, 'aplicacié consisteix en
I’harmonitzaci6é de variables per a recomanacions de tractaments consistents.

La demeéncia és una epidemia global impulsada per I'envelliment de la poblacio,
amb més de 50 milions de casos actuals i projeccions que superen els 130 milions per
a I'any 2050. Les malalties més comunes inclouen I’Alzheimer, la demencia frontotem-
poral i la demeéncia amb cossos de Lewy. L’Alzheimer representa el 70% dels casos i
presenta una llarga fase preclinica. Davant aquesta realitat, els escanners PET dedicats
al cervell ofereixen millores en el diagnostic precog.

A més, el deteriorament cognitiu lleu (DCL) és una alteracié cognitiva que su-
pera el declivi normal associat a I'envelliment, pero que no és prou greu per a limitar
de manera significativa el funcionament diari. Es considera un estat transitori entre
I’envelliment i la demencia.

El diagnostic preco¢ de les malalties neurodegeneratives és una prioritat clinica,
especialment en persones amb deteriorament cognitiu lleu, ja que els simptomes inicials
poden confondre’s amb els propis de ’envelliment fisiologic. En aquest context, la com-
binacié6 d’una avaluacié neuropsicologica, mitjancant eines com el “Clinical Dementia
Rating” (CDR), el “Mini-Mental State Examination” (MMSE) i la bateria “Repeatable
Battery for the Assessment of Neuropsychological Status” (RBANS), juntament amb
la quantificaci6é de biomarcadors en liquid cefaloraquidi (com ara Af,,, T-Tau i P-Tau)
i les teécniques de neuroimatge, constitueix I’enfocament més solid.

La quantificacié de biomarcadors en liquid cefaloraquidi permet identificar al-
teracions bioquimiques associades a la malaltia d’Alzheimer, amb una sensibilitat i
especificitat elevades. Tanmateix, per la seva naturalesa invasiva, aquests metodes es
complementen cada vegada més amb tecniques d’imatge molecular.

En aquest sentit, la imatge PET ha adquirit un paper fonamental. El ['*F|FDG
PET avalua el metabolisme cerebral de la glucosa, revelant hipometabolisme regional
fins i tot abans que l'atrofia sigui detectable per ressonancia magnetica. El PET
amb tracadors amiloides permet la visualitzacid directa i quantitativa de plaques de
[B-amiloide in vivo, la qual cosa suposa una revolucié diagnostica respecte al diagnostic
post mortem tradicional.

Aquestes eines no sols milloren la precisié diagnostica, siné que també permeten
Iestratificacié de pacients, la monitoritzacié de tractaments modificadors de la malaltia
i la implementacié d’estrategies terapeutiques personalitzades. Amb 'aprovacié recent
de tractaments antiamiloide, s’espera un augment exponencial en la demanda d’estudis
PET, que es consoliden com un pilar clau en la gestié clinica de les demencies.

Els escanners dedicats al cervell sén necessaris davant la urgencia de reduir la
gran carrega que representen les malalties neurologiques i psiquiatriques al PET/CT
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convencional. Aquests dispositius naixen amb 1’objectiu de superar les limitacions dels
sistemes de cos sencer, oferint una major resolucio i sensibilitat, especialment tutils per
a l'estudi de regions cerebrals de xicotet tamany. A més, son més portatils i assequibles
en comparaci6 amb els escanners PET/TC convencionals, encara que presenten certes
limitacions, com la cobertura geometrica i les dificultats associades a la correccidé de
I’atenuacio.

Per altra banda, els tumors neuroendocrins (TNE) sén un grup heterogeni de
neoplasies que s’originen en cel - lules endocrines del tub digestiu, pancrees i arbre
bronquial. Es classifiquen segons el seu grau i nivell de diferenciacié, amb els tumors
ben diferenciats subdividits en G1, G2 i G3 (alt grau). Dins dels TNE, destaquen
els PGGL —és a dir, els paragangliomes i feocromocitomes—, que sén tumors poc
freqiients amb una elevada carrega genetica: fins a un 40% dels casos estan associats a
mutacions germinals.

A més, el deteriorament cognitiu lleu (DCL) és una alteraci6 cognitiva que su-
pera el declivi normal associat a I’envelliment, perd que no és prou greu per a limitar
de manera significativa el funcionament diari. Es considera un estat transitori entre
I’envelliment i la demencia.

El diagnostic preco¢ de les malalties neurodegeneratives és una prioritat clinica,
especialment en persones amb deteriorament cognitiu lleu, ja que els simptomes inicials
poden confondre’s amb els propis de I’envelliment fisiologic. En aquest context, la com-
binacié d’'una avaluacié neuropsicologica, mitjancant eines com el “Clinical Dementia
Rating” (CDR), el “Mini-Mental State Examination” (MMSE) i la bateria “Repeatable
Battery for the Assessment of Neuropsychological Status” (RBANS), juntament amb
la quantificaci6é de biomarcadors en liquid cefaloraquidi (com ara Ay, T-Tau i P-Tau)
i les técniques de neuroimatge, constitueix I’enfocament més solid.

La quantificacié de biomarcadors en liquid cefaloraquidi permet identificar al-
teracions bioquimiques associades a la malaltia d’Alzheimer, amb una sensibilitat i
especificitat elevades. Tanmateix, per la seva naturalesa invasiva, aquests metodes es
complementen cada vegada més amb técniques d’imatge molecular.

En aquest sentit, la imatge PET ha adquirit un paper fonamental. El ['®*F][FDG
PET avalua el metabolisme cerebral de la glucosa, revelant hipometabolisme regional
fins i tot abans que l'atrofia sigui detectable per ressonancia magnetica. El PET
amb tracadors amiloides permet la visualitzacié directa i quantitativa de plaques de
[B-amiloide in vivo, la qual cosa suposa una revolucié diagnostica respecte al diagnostic
post mortem tradicional.

Aquestes eines no sols milloren la precisié diagnostica, sind que també permeten
Iestratificacié de pacients, la monitoritzacié de tractaments modificadors de la malaltia
i la implementacié d’estrategies terapeutiques personalitzades. Amb 'aprovacié recent
de tractaments antiamiloide, s’espera un augment exponencial en la demanda d’estudis
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PET, que es consoliden com un pilar clau en la gestié clinica de les demencies.

Els escanners dedicats al cervell sén necessaris davant la urgencia de reduir la
gran carrega que representen les malalties neurologiques i psiquiatriques al PET/CT
convencional. Aquests dispositius naixen amb 'objectiu de superar les limitacions dels
sistemes de cos sencer, oferint una major resolucié i sensibilitat, especialment tutils per
a 'estudi de regions cerebrals de xicotet tamany. A més, sébn més portatils i assequibles
en comparaci6 amb els escanners PET/TC convencionals, encara que presenten certes
limitacions, com la cobertura geometrica i les dificultats associades a la correccié de
I’atenuacio.

Per altra banda, els tumors neuroendocrins (TNE) sén un grup heterogeni de
neoplasies que s’originen en cel - lules endocrines del tub digestiu, pancrees i arbre
bronquial. Es classifiquen segons el seu grau i nivell de diferenciacié, amb els tumors
ben diferenciats subdividits en G1, G2 i G3 (alt grau). Dins dels TNE, destaquen
els PGGL —és a dir, els paragangliomes i feocromocitomes—, que sén tumors poc
freqiients amb una elevada carrega genetica: fins a un 40% dels casos estan associats a
mutacions germinals.

MATERIALS I METODES:

Amb l'objectiu de millorar la deteccié preco¢ de malalties neurodegeneratives,
s’han dut a terme dos estudis. El primer consisteix en l'analisi de la relaci6é entre la
imatge cerebral amb ['F]FDG PET i l'estat cognitiu en casos de deteriorament cognitiu
lleu, amb la finalitat d’avaluar el potencial de la cognicié social en la deteccid precog
de la malaltia d’Alzheimer.

Aquest estudi inclou 124 pacients seleccionats retrospectivament a 1'Hospital
Universitari i Politecnic La Fe, amb cognicié normal, deteriorament cognitiu molt lleu
i lleu, que es van sotmetre a una prova d’imatge ['F|FDG PET en un equip PET/TC,
aixi com a un test de reconeixement d’emocions.

El diagnostic final es va establir tenint en compte avaluacions fisiques i neurop-
sicologiques, proves de neuroimatge realitzades dins dels 12 mesos segiients a ’avaluacié
neuropsicologica, i analisis moleculars del liquid cefaloraquidi obtingut mitjancant puncié
lumbar. En el moment de la realitzacié de les proves de biomarcadors en LCR i de les
imatges PET/TC, tots els pacients presentaven un deteriorament cognitiu lleu, segons
els criteris del CDR, amb un declivi cognitiu de com a minim sis mesos de duracio6 i
confirmat de manera objectiva.

El reconeixement emocional es va avaluar mitjancant el test Reading the Mind
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in the Eyes (RMET). Aquest test inclou 36 imatges de la zona ocular que expressen
emocions complexes. Les 36 imatges es divideixen en tres categories emocionals: 8
de caracter positiu (per exemple, amist6s), 12 negatives (per exemple, molest), i 16
neutres (per exemple, reflexiu). Els participants havien de seleccionar I'adjectiu més
adequat entre quatre opcions (tres incorrectes i una correcta) per a cada imatge. En
cas necessari, se’ls oferien definicions dels adjectius per facilitar la comprensio.

El segon estudi orientat a millorar la deteccié preco¢ de malalties neurodegen-
eratives es va centrar en la validacié d’un algoritme d’aprenentatge profund capag de
classificar si els pacients amb deteriorament cognitiu lleu presentaven o no una malaltia
neurodegenerativa.

Per a aquesta intervencid, es van reclutar retrospectivament pacients diagnosti-
cats de DCL mitjancant el mateix procediment emprat en ’estudi anterior. Inicialment,
es van incloure pacients amb deteriorament cognitiu, principalment de tipus amnesic,
pero sense afectacié significativa de la funcionalitat en les activitats quotidianes. Es
van excloure del grup d’estudi aquells participants que no presentaven una puntuacié
de 0,5 en I'escala CDR, que no tenien un diagnostic definitiu, o que no comptaven amb
una imatge de ["*F]JFDG PET.

En total, es van incloure 90 pacients que complien amb els criteris d’elegibilitat.
Aquests es van dividir en dos grups: 71 casos de DCL associat a una malaltia neu-
rodegenerativa, dels quals 64 corresponien a malaltia d’Alzheimer, 4 a degeneracid
frontotemporal i 3 a demencia amb cossos de Lewy. L’altre grup estava compost per
19 casos de DCL no associat a cap malaltia neurodegenerativa.

Aquest estudi representa un pas important cap a I’aplicacié d’eines d’intel - ligencia
artificial en el diagnostic preco¢ de trastorns neurodegeneratius, amb potencial per
complementar ’avaluacié clinica i millorar 1'estratificacié dels pacients. Per a aquesta
primera aplicacié, totes les imatges ['*F|FDG PET es van adquirir amb l'equip PET/TC
Philips Gemini TF 64.

La segona aplicacio en 'ambit de la demencia tenia com a objectiu avaluar la
qualitat d’imatge i la fiabilitat diagnostica d’un escanner PET dedicat exclusivament al
cervell, amb la finalitat de reduir la carrega neurologica associada a I'is del PET/TC
convencional. Els equips PET utilitzats en aquest estudi van ser el PET/TC Philips
Gemini TF 64 i el PET cerebral dedicat CareMiBrain (CMB).

El Philips Gemini TF 64 ofereix una resolucié de 4,8 mm proxima al centre i
compta amb un camp de visié transversal de 576 mm i un d’axial de 180 mm. A més,
esta dissenyat per oferir una bona resolucié temporal gracies a la informaci6é de temps
de vol (TOF), essencial per a I'exactitud diagnostica.

Per altra banda, el CareMiBrain incorpora 48 moduls amb fotomultiplicadors
de silici combinats amb cristalls LYSO, que permeten una millor resolucié espacial i
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una major precisio en la determinacié de la profunditat d’interaccié dels raigs gamma.
Aquest sistema aconsegueix una resoluci6 de fins a 1,87 mm en les direccions radials i
tangencials a només 10 mm del centre, oferint una imatge cerebral d’alta definicio.

En I'escanner CMB, el mapa d’atenuaci6 es genera a partir de la propia imatge
d’emissi6. Primer, es realitza una iteraci6 OSEM sense correccié d’atenuacié ni de
dispersi6 i es retalla la imatge per reduir el soroll. A continuacié, s’aplica un algoritme
k-means amb quatre nivells per segmentar la imatge: els voxels del nivell més baix
s’identifiquen com a soroll i s’estableixen a zero, mentre que la resta s’assignen a un
valor uniforme. Finalment, al mapa d’atenuacié resultant s’assigna el coeficient de la
substancia grisa a tots els voxels no nuls, millorant aixi la precisié de 1’escaneig.

Pel que fa a I'avaluacio de la qualitat d’imatge del PET cerebral dedicat, 1'estudi
es va dur a terme tant en imatges ['*F|FDG PET d'un maniqui Hoffmann com en
pacients. En el cas del maniqui, es van fer tres adquisicions de 20 minuts en dies
diferents, tant amb el PET/TC com amb el CMB. A partir de cada adquisici6 es
van generar quatre reconstruccions: una utilitzant els 20 minuts complets i tres amb
fragments de 10 minuts.

Respecte als pacients, aquells que acudiren a I’hospital per a una exploracié di-
agnostica amb el PET/TC van ser convidats a participar voluntariament en la validacid
del PET cerebral dedicat. Tots els participants van ser reclutats de manera prospectiva.
Les imatges es poden dividir en dos grups.

El primer grup esta format per 80 pacients amb imatges ["*F][FDG PET cerebrals
no oncologiques. Aquestes dades s’utilitzaren tant per a 'avaluacié objectiva de la
qualitat d’imatge com per a l'analisi del rendiment diagnostic mitjancant una xarxa
neuronal d’aprenentatge profund. Les adquisicions es van fer amb 20 minuts al PET/TC
i 12 minuts al CMB. Les imatges del CMB es reconstruiren tant amb el mapa d’atenuacio
basat en emissié com amb el basat en TC. Cal esmentar que es van excloure 31 pacients
en els quals el cerebel no apareixia completament en la imatge, a causa de les limitacions
del camp de visi6 axial del CMB (15 cm) i a 1'is de referéncies anatomiques externes
per al posicionament.

El segon grup esta integrat per 26 pacients amb imatges PET amiloide, adquiri-
des amb tres radiofarmacs diferents ("*F-Flutemetamol, '®F-Florbetaben i '8F-Florbetapir),
també reclutats prospectivament. D’aquests, 14 van ser diagnosticats amb malaltia
d’Alzheimer i 12 sense. En aquest cas, la intervencié se centra en avaluar la capaci-
tat diagnostica del PET dedicat mitjancant quatre reconstruccions diferents i I'as de
I’escala Centiloide.

Per altra banda, amb l'objectiu d’harmonitzar variables per a recomanacions
de tractaments consistents de pacients amb tumors neuroendocrins, I'estudi prospectiu
va incloure pacients diagnosticats amb paragangliomes o feocromocitomes localment
avancats o metastatics, confirmats histologicament. Els pacients van ser derivats al
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nostre centre de referéncia acreditat en tumors neuroendocrins entre setembre de 2020
i juny de 2022 per a estadificacid, seguiment o presa de decisions terapeutiques.

Els criteris d’exclusi6 foren: embaras, edat inferior a 18 anys, contraindicacions
per a la ressonancia magnetica i la incapacitat per comprendre el protocol de I'estudi
o per proporcionar consentiment informat. Les exploracions PET/TC i PET/RM es
van realitzar consecutivament després d’una tinica injeccié intravenosa de [%*Ga]Ga-
DOTATOC, sense ts de contrast radiologic. Primer es va efectuar I'exploracié PET /TC,
seguida immediatament per una exploracié PET/RM. Els escaners utilitzats van ser el
Philips Gemini TF 64 PET/TC i el General Electric SIGNA™ PET/RM.

L’escaner General Electric SIGNA™ PET/RM utilitza fotomultiplicadors de
silici combinats amb cristalls de luteci per aconseguir una alta resolucié espacial, amb
una resolucié PET propera al centre de 4,2 mm. El seu camp de visi6 axial és de 25 cm
i el transversal de 60 cm. A més, la seva capacitat TOF millora la relacié senyal soroll
i la qualitat de la imatge. Aquest sistema esta dissenyat per assegurar una integracié
optima entre PET i RM, optimitzant el rendiment de les imatges sense interferéncies.

L’objectiu principal de les mesures quantitatives o semiquantitatives en la in-
terpretacié d’imatges PET és eliminar la variabilitat entre diferents lectors. La quan-
tificacio de la imatge PET permet realitzar comparacions entre estudis de diferents
pacients, que s’utilitzen sovint per al diagnostic o per monitoritzar i avaluar la resposta
al tractament.

Les imatges de diferents pacients, o fins i tot d’un mateix pacient obtingudes amb
escaners diferents, no sempre estaran en el mateix espai de referencia, ja que els pacients
no es col - loquen exactament a la mateixa posici6. Per tant, per a la quantificacié
d’imatges PET en demeéncia és necessari utilitzar transformacions matematiques que
reescriguin cada imatge dins d’un mateix espai de referéncia, creant una correspondencia
punt a punt (voxel a voxel) entre pacients per tal de poder comparar-les. Existeixen
diverses transformacions matematiques aplicables a les imatges mediques. Les més
utilitzades sén: rotacid, translacid, remostrage, cisallament i deformacio.

La rotaci6 és una transformacié afi que gira una imatge un cert angle al voltant
del seu origen o centre. Aquesta transformacié modifica 'orientacié de la imatge segons
I’angle establert, perdo manté la mateixa forma i grandaria. La translaci6 és una trans-
formaci6 afi que desplaga una imatge una quantitat determinada de pixels al llarg dels
eixos = i y. Aquest procés reubica cada pixel en una nova posicio sense alterar la forma
ni la mida de la imatge. El remostrage és una transformacié que modifica la resolucié
espacial d’una imatge interpolant els valors dels pixels per crear una nova graella. Aixo
pot implicar augmentar la resolucié o disminuir-la. El cisallament és una transformacié
afi que desplaca els punts en una direccié fixa segons un factor proporcional a la seva
distancia signada respecte a una linia que es mou paral - lela a aquesta direcci6. Final-
ment, la deformacio és una transformaci6é geometrica que altera la configuracié espacial
d’una imatge, permetent la seva distorsié o deformacié per ajustar-la a una forma o
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mapeig desitjat.

Aquestes transformacions matematiques es poden agrupar en diferents tipus de
tecniques segons les caracteristiques de les imatges a processar: realineament, correg-
istre i normalitzacié espacial.

Les tecniques de realineament son transformacions matematiques que reescriuen
diverses imatges del mateix pacient i modalitat dins d’un tinic espai de referencia. Els
procediments de realineament s’utilitzen, per exemple, quan es comparen dues imatges
PET del mateix pacient obtingudes abans i després d’un tractament. En aquest cas,
realinear ambdues imatges PET permetria una comparacié pixel a pixel per identificar
canvis. Un procediment de realineament implica transformacions afins de “cos rigid”
que inclouen rotacions i translacions tridimensionals.

Les tecniques de corregistre s’utilitzen per reescriure imatges del mateix pacient
provinents de diferents modalitats. La integracié de diferents modalitats d’imatge pot
proporcionar informacié addicional que no és evident quan s’analitzen les imatges de
manera individual. L’emparellament d’imatges funcionals amb imatges estructurals
permet localitzar amb més precisié la regié anatomica on es detecta captacié en la
imatge PET. Aquesta tecnica és similar al realineament, pero la diferencia principal
entre ambdues és que una imatge per RM té pixels més petits que una imatge PET, fet
que requereix afegir transformacions de remostrage. Un altre s possible d’aquest reg-
istre és calcular una normalitzacié espacial més precisa a partir d’una imatge estructural
més detallada.

La normalitzacié espacial és una tecnica que reescriu imatges de diferents sub-
jectes dins d’un mateix espai de referencia, ja siga de la mateixa modalitat o de modal-
itats diferents. La normalitzacié espacial és fonamental per comparar la imatge PET
d’un pacient amb una imatge PET de referencia. Durant la normalitzacié espacial es
disposa d’una imatge canonica o plantilla que es modifica per crear una imatge especifica
del subjecte. La normalitzacié espacial inverteix aquest procés desfent la deformacio
mitjancant una técnica d’emparellament amb la plantilla. Aquest procés inclou rota-
cions, translacions tridimensionals i deformacions com la cisalladura i la distorsio.

A més de les transformacions matematiques, es requereix la normalitzacié de
la intensitat per eliminar variables biologiques i tecnologiques no relacionades amb la
malaltia que podrien influir en les concentracions de ["*F]FDG. El valor estandard
de captacié (SUV, per les seves sigles en anglés) és un indicador semiquantitatiu del
metabolisme de la glucosa que pot utilitzar-se per caracteritzar lesions. El SUV rep-
resenta la captacié de ["®F]FDG dins d’un volum, normalitzada respecte a lactivitat
administrada i a un factor (com el pes corporal) que tingui en compte la distribuci6 en
tot el cos.

No obstant aixo, aquesta mesura esta afectada per diverses variables, com ara el
pes del pacient, la durada de ’adquisicio i el nivell de glucosa plasmatica en el moment
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de la injeccié del radiofarmac. Aixo genera un grau important de variabilitat, fins i tot
dins d’un mateix subjecte. En aquesta situaci6, avaluar el SUV relatiu (SUVr) esdevé
especialment interessant. En demencia, per exemple, la normalitzacié de la intensitat
es pot dur a terme normalitzant respecte al cervell sencer o a regions de referencia
establertes, que es sap que no estan afectades per la malaltia ni pel metode (com el
cerebel). Aixo fa que els valors obtinguts estiguin relacionats amb la regi6 de referéncia
i permet comparacions fiables entre pacients o dins del mateix pacient.

Un cop obtingudes les dades preprocessades, en neuroimatge existeixen diverses
maneres d’extraure informacio rellevant del pacient per a la seua comparativa. La
quantificacié basada en voxels compara estadisticament, voxel a voxel, la imatge PET
d’un pacient amb un conjunt d’imatges PET de subjectes control. La quantificacio
basada en volums d’Interes (VOIs) estima la concentracié mitjana del radiofarmac en
diferents volums cerebrals d’interes. Sovint s’utilitzen valors relatius, com el SUVr. En
les aplicacions de demencia d’aquesta tesi, s’ha emprat la quantificacié basada en VOIs
per extreure informacié rellevant de les imatges PET.

Actualment, existeixen nombrosos atles diferents. En les aplicacions de demencia
d’aquesta tesi, s’ha utilitzat una versié modificada de D'atles de VOIs de Hammers
en l'espai de I'Institut Neurologic de Montreal (MNI). La modificacié va consistir a
combinar algunes de les 95 arees cerebrals incloses en l'atles de Hammers, creant un
nou atles (La Fe atles) amb 28 regions. Aquesta modificaci6 és coherent amb els volums
cerebrals d’interes utilitzats en CortexID Suite, un programa comercial d’is clinic. Un
metge especialista en medicina nuclear amb més de deu anys d’experiencia va ser qui
va identificar aquests volums d’interes. Per altra banda, a més dels atles cerebrals,
segmentar el cervell en substancia grisa i substancia blanca és 1til per avaluar la qualitat
de la imatge.

Pel que fa a la quantificacié d’imatges PET per a l'aplicacié en tumors neu-
roendocrins, metges especialistes en medicina nuclear amb experiencia van avaluar els
resultats de les imatges. Van analitzar el valor SUV ., 1 la relacié lesio-fetge per a totes
les lesions detectades. A més, es van mesurar els valors SUV . i SUV ean tant en el
fetge com en la melsa. El SUV . es va determinar generant volums d’interes amb iso-
contorns que incloien tots els voxels que superaven el 40% de la captacié maxima, tant
en les lesions com en el teixit hepatic normal. Totes aquestes mesures es van realitzar
utilitzant el programa Philips IntelliSpace Portal i 1'estacié de treball GE Advantage
Workstation amb el programa PET VCAR (Computer-Assisted Reading). Les lesions
es van classificar segons els resultats obtinguts en les exploracions PET/CT i PET/RM.

Pel que fa a I’analisi de dades, en una de les aplicacions en demencia d’aquest
treball, per a distingir entre casos de deteriorament cognitiu lleu amb i sense malaltia
neurodegenerativa associada, es va utilitzar una xarxa neuronal convolucional. Aquesta
xarxa va ser dissenyada per un grup de la Universitat Politécnica de Valencia i entrenada
amb imatges cerebrals ["®F]FDG PET de 822 pacients provinents d’un repositori ptiblic
d’imatges.



Page 242 Resum extens en valencia

Cal destacar que, en aquest estudi, la xarxa no es va entrenar de nou, siné que es
va validar per avaluar la seva reproductibilitat utilitzant imatges externes del nostre hos-
pital. En resum, 'arquitectura de la xarxa inclou tres blocs de capes convolucionals, de
pooling i de dropout. Les capes convolucionals s’encarreguen d’extreure caracteristiques
rellevants de la imatge; les capes de pooling redueixen la dimensionalitat de les imatges;
i les capes de dropout ajuden a prevenir el sobreajustament desactivant aleatoriament
algunes neurones durant ’entrenament. A continuacid, s’afegeix una capa completa-
ment connectada que uneix totes les neurones de la capa anterior i aplica una funcié
d’activacié ReLLU per introduir no linealitat al model.

Les metriques de qualitat d’imatge calculades inclouen el contrast entre la substancia

grisa i la substancia blanca, aixi com el coeficient de recuperacio de la substancia grisa en
el maniqui Hoffman, definit com la ratio entre I'activitat mesurada i 'activitat teorica.
També s’ha avaluat la relacié senyal-soroll (SNR) tant de la substancia grisa com de la
substancia blanca, i la relacié contrast-soroll (CNR) de la substancia grisa en relaci6
amb la blanca. A més, s’ha calculat el coeficient de variacié de les mesures de 10 minuts
del maniqui Hoffman, una metrica que descriu el soroll de la imatge. Finalment, s’ha
determinat el SUVr per a cadascuna de les 27 VOIs seleccionades, prenent el cerebel
com a regio de referencia per a la normalitzacio.

Per a I’harmonitzacié de variables, hem emprat el metode ComBat, una tecnica
estadistica dissenyada per harmonitzar dades procedents de diferents fonts o centres,
eliminant 1'efecte de lot o batch (variabilitat no biologica) en conjunts de dades mul-
tidimensionals. ComBat originalment va ser desenvolupat per a dades genomiques, i
ajusta les variables mitjancant un model bayesia que separa els efectes biologics reals
de les diferencies introduides per la variabilitat técnica o metodologica, permetent aixi
comparar dades de forma fiable entre estudis o equips diferents. Es ampliament util-
itzat en neuroimatge i altres camps per garantir la coheréncia i robustesa dels analisis
quan es treballa amb dades heterogenies.

Per a 'analisi de la imatge PET d’amiloide s’ha emprat el metode Centiloide.
Es sap que diversos factors generen certa heterogeneitat en els resultats, com ara el ra-
diofarmac utilitzat, la durada de ’adquisicié, els diferents parametres de reconstruccié o
el tipus d’analisi realitzat. Per aixo, és imprescindible disposar d’un metode estandard-
itzat per al diagnostic de la malaltia d’Alzheimer basat en la imatge PET d’amiloide,
valid per a tots els centres.

Per a uniformitzar les mesures entre diferents centres, Klunk et al. van proposar
el metode Centiloide, que escala linealment la informaci6 obtinguda de les imatges PET
d’amiloide a unitats centiloides estandard que oscil - len entre 0 i 100, on “0” correspon
a la captacié mitjana dels pacients controls i “100” a la dels pacients amb malaltia
d’Alzheimer.

En el seu article, Klunk descriu el procediment per aplicar I'escala Centiloide i
els usuaris han de desenvolupar el seu propi codi seguint els passos indicats, a més de



Resum extens en valencia Page 243

validar-lo amb les dades originals. Aquest primer pas de validaci6 del codi implementat
s’anomena replicacié de l'analisi de nivell 1. Utilitzant el metode proposat, totes les
imatges de ressonancia magnetica es van coregistrar i normalitzar espacialment a 1’espai
MNI. Mitjancant ’aplicacié dels parametres de transformacio calculats a partir de les
imatges de RM, les imatges PET es van coregistrar a les imatges RM de cada pacient i
es van normalitzar espacialment a ’espai MNI. Posteriorment, es van calcular els valors
Centiloide a partir dels valors SUVr de la imatge PET i es van correlacionar linealment
amb els valors originals de Centiloide.

No obstant aixo, aquest procés requereix 1'is d’imatges de RM, i no tots els
pacients que realitzen un PET d’amiloide disposen de ressonancia magnetica. Per
tant, per oferir un metode més generalista, es va modificar la pipeline per prescindir
de les imatges de RM (Pipeline Only PET). Un cop validada aquesta pipeline només
PET mitjancant la replicacié de I'analisi de nivell 1, vam poder aplicar les equacions
calibrades préviament per convertir les nostres imatges obtingudes amb PET/CT i
CMB a l'escala Centiloide.

En quant a I'analisi estadistic, en aquesta tesi s’han utilitzat diversos metodes
per al tractament de les dades. Per a la comparacié entre grups s’han aplicat el test
de normalitat de Shapiro-Wilk, el test parametric de Student i el test no parametric
de Mann-Whitney-Wilcoxon. La correlacié entre variables s’ha avaluat mitjancant el
coeficient de correlacié de rang de Spearman. Per a la classificaci6 i I'avaluacié del
rendiment dels models, s’han calculat indicadors com l'exactitud, la taxa d’error i la
sensibilitat, aixi com I'index de Youden. La concordanca i el biaix es van analitzar amb
I'index kappa de Cohen, la regressié Passing-Bablok i ’analisi de Bland-Altman. També
s’han emprat xarxes neuronals per a la classificacié, complementades amb tecniques
d’interpretabilitat com els mapes d’atencié (Saliency, Grad-CAM i SmoothGrad) per
comprendre millor el funcionament dels models.

RESULTATS I CONCLUSIONS:

En el primer estudi es va explorar la relacié entre la cognici6 social i la neu-
roimatge en pacients amb deteriorament cognitiu lleu. Es va utilitzar el test RMET
per avaluar el reconeixement emocional. Els resultats van mostrar que les alteracions
emocionals s’associen amb un hipometabolisme en arees cerebrals clau. El més relle-
vant és que aquests deficits no es van relacionar amb biomarcadors de I’Alzheimer, la
qual cosa suggereix que no soén exclusius d’aquesta malaltia. Per tant, la incorporacié
d’aquest test pot permetre la deteccid preco¢ de deficits en pacients amb DCL, pero no
especifics de I’Alzheimer.

En el segon estudi es va validar externament una xarxa neuronal entrenada
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per classificar la presencia de malalties neurodegeneratives a partir d’imatges PET de
pacients amb DCL. El model va assolir una precisié equilibrada del 80% amb dades
reals, un resultat rellevant, sobretot tenint en compte que es va centrar en pacients
amb DCL, una poblacié dificil de classificar. A diferencia d’altres estudis, aci no es van
incloure pacients sans ni amb demencia avancada. Tot i algunes limitacions, com la mida
del conjunt de dades, aquests resultats donen suport a 1I'as futur de la intel - ligencia
artificial com a eina d’ajuda en el diagnostic clinic.

Pel que fa a l'estudi comparatiu de la qualitat d’imatge entre el PET dedicat
CMB i el PET/TC convencional, s’ha observat que, tot i presentar una menor relacié
senyal-soroll, les imatges CMB mostren un major contrast i resolucié espacial. Quan
es va aplicar la correccié per atenuacié basada en TC, les diferencies en els valors
SUVr respecte al PET/TC van ser minimes, al voltant del 4%. No obstant aixo, amb
la correccié per emissio, aquestes diferencies van augmentar, especialment en algunes
regions cerebrals. També es va demostrar que la técnica d’harmonitzacié ComBat és
molt efectiva per armonitzar les dades entre dispositius, fet essencial per a analisis
cliniques comparatives. Tot i que el sistema CMB presenta certes limitacions, com un
camp de visi6 reduit que va impedir incloure el 28% dels pacients, en general es conclou
que les imatges CMB s6n comparables a les del PET/TC.

Per avaluar la capacitat diagnostica del sistema PET dedicat al cervell, es van
dur a terme dos estudis. En el primer, s’aplica una xarxa neuronal a imatges ["*F]FDG
PET de 55 pacients amb deteriorament cognitiu, i es va observar que el diagnostic amb
CMB té una alta concordanca amb el PET /TC quan s’utilitza la correcci6 per atenuacio
basada en TC. En canvi, amb la correcci6 per emissio, la concordanca és un poc menor.
En el segon estudi, amb imatges PET amiloide, es va demostrar que el CMB, fins i
tot sense imatges de RM, pot classificar adequadament els pacients. Els valors de tall
obtinguts van ser coherents amb els reportats en la literatura, i la reconstruccié amb
2mmPSF va mostrar els resultats més similars al PET/TC. Tot i les diferéncies entre
escaners, ’estandarditzacié mitjancant I'escala Centiloide permet comparacions fiables.
Aquest enfocament es considera prometedor, especialment davant ’'augment esperat en
la demanda d’estudis PET degut a la introduccié de nous farmacs per a 1’Alzheimer.

En I’ambit dels tumors neuroendocrins, en pacients amb paragangliomes i feocro-
mocitomes, la imatge PET amb [%¥Ga|Ga-DOTA-TOC és fonamental per a la presa de
decisions sobre el tractament amb terapia dirigida, com ara ['""Lu]Lu-DOTA-TATE.
Aquesta decisi6 es basa en 'escala Krenning, que avalua la captacié tumoral en relaci
amb el fetge. No obstant aixo, les diferéncies entre escaners PET/TC i PET/RM
generen discrepancies que poden influir en la decisio terapeutica.

En aquest estudi, abans de I'harmonitzacié, un 23% de les lesions es classificaven
de manera diferent entre ambdods sistemes, amb una concordanca moderada. Després
de T'harmonitzacié, la concordanca va millorar de manera significativa, especialment
quan es va utilitzar el PET/TC com a referéncia, assolint un valor kappa de 0,74. Tot
i la mostra reduida, els resultats sén prometedors i suggereixen que 1’harmonitzaci
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de dades permet prendre decisions terapeutiques més coherents, independentment de
I’escaner utilitzat.

Finalment, es conclou que 'analisi quantitatiu d’imatges PET millora significa-
tivament la presa de decisions cliniques, ja que permet diagnostics més precisos i trac-
taments personalitzats, especialment en casos de demencia i tumors neuroendocrins,
ressaltant aixi la importancia de continuar optimitzant aquesta tecnologia. En el di-
agnostic de la demencia, s’ha observat que la combinacié de ["*F][FDG PET amb proves
de cognicié social no augmenta la precisioé per al diagnostic de la malaltia d’Alzheimer.
D’altra banda, I'tis de xarxes neuronals permet identificar malalties neurodegeneratives
amb un 80% de precisio, i pel que fa als escaners PET dedicats al cervell, aquests
podrien alleugerir la carrega dels sistemes generals sense perdre qualitat. En tumors
neuroendocrins, les diferencies entre escaners afecten directament els valors de SUV,
fet que pot modificar I'elegibilitat per a certs tractaments; per aixo, harmonitzar aque-
stes dades és clau per alinear els resultats entre diferents tipus d’escaner i millorar la
coherencia en les decisions cliniques. De cara al futur, el repte sera validar aquests
metodes amb més dades i en diversos centres, a més d’estandarditzar les tecniques per
assegurar la fiabilitat en la presa de decisions i reforcar el paper de les imatges PET
com a eina clau en la medicina de precisio.
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