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PARTE |

Na Parte |, sdo descritos o resumo, a lista de abreviaturas, a introdugcao e os

objetivos desta tese de doutorado.



RESUMO

A deposicao cerebral de placas de beta-amiloide (AB) e emaranhados
neurofibrilares de tau hiperfosforilada sdo caracteristicas patolégicas da doenca de
Alzheimer (DA) que acabam por levar ao declinio cognitivo e, consequentemente, a
neurodegeneragao. Recentemente, foi proposto pelo National Institute on Aging and
Alzheimer's Association um critério de pesquisa clinica onde imagens [ressonancia
nuclear magnética estrutural (RM) e tomografia por emissado de pdésitrons (PET)] e
medidas baseadas no liquido cefalorraquidiano (LCR) sao utilizadas para classificar
o paciente no sistema A, T e (N), que indica respectivamente positividade para
amiloide, tau e neurodegeneragdo. A imagem PET pode ser usada para identificar e
quantificar os agregados de AB e tau, enquanto a redugao dos niveis de AB;.4o/AB1.40
e aumento de tau [tanto tau total (t-tau) quanto tau fosforilada (p-tau)] podem ser
medidos no LCR. No entanto, se os niveis de AB podem predizer caracteristicas
patolégicas da DA em individuos cognitivamente saudaveis (CU) permanece incerto.
Acredita-se que esses biomarcadores sigam uma cascata temporal onde as
anormalidades seguem o modelo a seguir: A — T — N. Recentes avangos no campo
da neuroinformatica, possibilitaram a expansdo de estratégias analiticas e
computacionais para estudar dados multimodais na DA. A integracdo de imagens
PET e dados 6micos pode fornecer novos insights sobre a fisiopatologia da DA.
Assim, nesta tese, primeiro investigamos o papel das isoformas soluveis de AB na
predicdo de T e (N), usando modelos de aprendizado de maquina (ML). Em segundo
lugar, usamos a biologia de sistemas para ajudar a elucidar os fundamentos
biolégicos e destacar novos biomarcadores potenciais da fisiopatologia da DA
usando um método de integragcdo de imagens de PET com fluordeoxiglicose
(FDG-PET), um marcador de atividade sinaptica, e dados de transcriptdmica no
sangue. Em resumo, mostramos que as isoformas de AP, especialmente as
espécies menores, podem predizer T e (N) com alta acuracia em individuos CU.
Além disso, a integragao de imagens mostrou uma forte associagao entre um cluster
relacionado a regulacédo da atividade da proteina serina/treonina cinase e a unidade
reguladora ZNF653 com o sinal do PET-FDG cerebral. Para finalizar, mostramos o
potencial das assinaturas génicas associadas ao metabolismo cerebral como novos
biomarcadores de DA e que a combinacédo de metodologias utilizadas neste trabalho
pode ajudar a entender melhor a heterogeneidade da patologia da DA.



RESUMO EM INGLES (ABSTRACT)

Brain deposition of beta-amyloid (AB) plagues and neurofibrillary tangles of
hyperphosphorylated tau are pathological features of Alzheimer's disease (AD) that
ultimately lead to cognitive decline and, consequently, to neurodegeneration.
Recently, a clinical research criterion was proposed by the National Institute on Aging
and Alzheimer's Association where imaging [structural magnetic resonance imaging
(MRI) and positron emission tomography (PET)] and measurements based on
cerebrospinal fluid (CSF) are used to classify the patient in the A, T and (N) system,
which respectively indicate positivity for amyloid, tau and neurodegeneration. PET
imaging can be used to identify and quantify AB and tau aggregates, while reducing
AB142/AB14 levels and increasing tau [both total tau (t-tau) and phosphorylated tau
(p-tau)] can be measured in the CSF. However, whether AB levels can predict
pathological features of AD in cognitively healthy individuals (CU) remains unclear.
These biomarkers are believed to follow a temporal cascade where the abnormalities
follow the following pattern: A — T — N. Recent advances in the field of
neuroinformatics have enabled the expansion of analytical and computational
strategies to study multimodal data in AD. The integration of PET images and omics
data may provide new insights into the pathophysiology of AD. Thus, in this thesis,
we first investigate the role of soluble AR isoforms in the prediction of T and (N),
using machine learning (ML) models. Second, we use systems biology to help
elucidate the biological underpinnings and highlight potential new biomarkers of AD
pathophysiology using a method of integrating PET images with fluorodeoxyglucose
(FDG-PET), a marker of synaptic activity, and transcriptomics data in blood. In
summary, we show that AB isoforms, especially the smaller species, can predict T
and (N) with high accuracy in CU individuals. Furthermore, image integration showed
a strong association between a cluster related to the regulation of protein
serine/threonine kinase activity and the regulatory unit ZNF653 with the brain
PET-FDG signal. Finally, we show the potential of gene signatures associated with
brain metabolism as new biomarkers of AD and that the combination of
methodologies used in this work can help to better understand the heterogeneity of
AD pathology.



LISTA DE ABREVIAGOES

A - Amiloide

A+ - Positividade de AB

APP - Proteina precursora de amiloide

ApB - Beta-amiloide

BACE - Enzima de clivagem beta-amiloide

DA - Doenga de Alzheimer

DP - Doenca de Parkinson

ELA - Esclerose Lateral Amiotrofica

FDG - ["®F]-fluorodesoxiglicose

GFAP - Proteina glial fibrilar acida

IP-MS - Imunoprecipitagdo acoplada a espectrometria de massa
LCR - Liquido Cefalorraquidiano

ML - Aprendizado de Maquina

N - Neurodegeneragao

(N)+ - Positividade de neurodegeneragao

NFT - Emaranhados neurofibrilares

NIA-AA - National Institute on Aging-Alzheimer’s Association
NfL - Neurofilamento de cadeia leve

PET - Tomografia por emissao de positrons

RM - Ressonancia Magnética

SNC - Sistema Nervoso Central

SPECT - Tomografia computadorizada por emissao de féton unico
T-Tau

T+ - Positividade de tau



TC - Tomografia Computadorizada

fMRI - Ressonancia magnética funcional

p-tau - Tau fosforilada

p-tau181 - Tau hiperfosforilada em treonina 181
p-tau217 - Tau hiperfosforilada em treonina 217
p-tau231 - Tau hiperfosforilada em treonina 231

t-tau - Tau total



1.  INTRODUGAO

O crescimento da populagdo mundial tem sido acompanhado por um aumento
progressivo do numero de idosos. Em paises desenvolvidos, a expectativa de vida ja
atinge valores acima dos 80 anos. Embora as causas de morte predominantes em
pessoas idosas ainda sejam as doengas cardiovasculares e diferentes tipo de
cancer, a ocorréncia de doengas neurodegenerativas esta fortemente relacionada
com a idade e estdo entre as dez principais doengas que ocasionam obito (G7,

2017, p. 7).

No entanto, as mortes causadas por doengas cardiovasculares e cancer tém
decrescido anualmente (ALZHEIMER’S & DEMENTIA, 2019) o que contribuiu ainda
mais para o crescimento no numero de cidadaos idosos, provocando um aumento
expressivo no numero de pessoas afetadas por doengas neurodegenerativas

(GOOCH; PRACHT, BORENSTEIN, 2017).

Doengas neurodegenerativas sédo definidas por condi¢des nas quais ha
disfungdo neuronal progressiva e atrofia cerebral. Essas doengas sdo condig¢des,
até o momento, incuraveis e debilitantes que resultam em degeneragao progressiva,
o que refletem em disfungbes motoras e/ou cognitivas. Temos como doengas
neurodegenerativas classicas, em que a neurodegeneragdo € a principal marca
registrada, a doenga de Alzheimer (DA), a doenga de Parkinson (DP) e a esclerose
lateral amiotréfica (ELA) (DUGGER; DICKSON, 2017; GBD 2017 US

NEUROLOGICAL DISORDERS COLLABORATORS et al., 2021).



1.1. A Doenca de Alzheimer

A DA é a doenga neurodegenerativa mais prevalente no mundo (GBD 2017
US NEUROLOGICAL DISORDERS COLLABORATORS et al.,, 2021). Suas
principais caracteristicas neuropatoldgicas envolvem a deposi¢cao de duas proteinas,
beta-amiloide (AB) e tau, em agregados insoluveis no cérebro (PERL, 2010;

SERRANO-PQOZO et al., 2011).

A proteina AB denota peptideos de 36 a 43 aminoacidos que séo o principal
componente das placas amiloides encontradas no cérebro de pessoas com DA. As
placas amiloides sdo depdsitos extracelulares da proteina AB principalmente na
substancia cinzenta do cérebro (CRAS et al., 1991; DICKSON, 1997). Os peptideos
de AB s&o produzidos pela clivagem proteolitica da proteina precursora de amiloide
(APP) (HAMLEY, 2012). A APP é uma proteina transmembrana e é produzida por
muitos tipos de células do corpo, mas € especialmente abundante nos neurdnios
(HAASS et al., 2012). Para liberacdo de AB, a APP é clivada sequencialmente por
duas enzimas: pela beta secretase [ou enzima de clivagem beta-amiloide (BACE)]
fora da membrana, e pela gama secretase (y-secretase), um complexo enzimatico
dentro da membrana celular (HAASS et al., 2012). Sdo as a¢des sequenciais dessas
secretases que fazem com que fragmentos da proteina AB sejam liberados no
espaco extracelular (HAASS et al., 2012; SUH; CHECLER, 2002). Esses fragmentos
geralmente sdo compostos por peptideos de AR com 40 ou 42 aminoacidos. Porém,
varios fragmentos AB de outros tamanhos e menos abundantes também s&o
gerados (DUNYS; VALVERDE; CHECLER, 2018; KUMMER; HENEKA, 2014). O
comprimento desses peptideos e modificagbes quimicas aplicadas a eles podem

influenciar tanto sua tendéncia de agregacdo quanto sua toxicidade (WALKER,



2020). O segundo componente da patologia da DA s&o os emaranhados
neurofibrilares (NFT), derivados do acumulo anormal da proteina tau. Neurénios
saudaveis, em parte, sdo sustentados internamente por estruturas chamadas
microtubulos, que ajudam a guiar nutrientes e moléculas do corpo celular para o
axbénio e os dendritos. Em neurbnios saudaveis, normalmente a tau se liga e
estabiliza os microtubulos. Na DA, no entanto, excesso de fosforilagdo em sitios
aceptores de fosfato faz com que a tau se desestabilize e se separe dos
microtubulos, se agregando intracelularmente. Esses emaranhados bloqueiam o
sistema de transporte neuronal, o que prejudica a comunicagao sinaptica entre os
neurbnios, que mais tarde, acabam sofrendo morte celular (CHUN; JOHNSON,

2007; LAKHAN, 2016).

1.2. O Sistema AT(N)

O modelo tedrico de DA mais aceito sugere que o dismetabolismo do AB
desencadeia uma cascata de eventos patologicos, incluindo a patologia de tau,
disfungdo sinaptica e neurodegeneragdo, que leva ao declinio cognitivo e,
finalmente, a deméncia. Ou seja, uma cadeia linear que leva a positividade de A
(A+) — positividade de tau (T+) — positividade de neurodegeneragao [(N)+] —
sintomas cognitivos (HARDY; HIGGINS, 1992; SELKOE, 1991). Essa cascata
previamente proposta baseada em estudos em cérebros post mortem, mais
recentemente passou a poder ser identificada in vivo gragas aos avangos no area
de biomarcadores. Os biomarcadores sao medidas objetivas de um processo
bioldégico ou patogénico que podem ser usados para avaliar o risco ou prognostico
da doenga, para orientar o diagndéstico clinico ou para monitorar as intervengdes

terapéuticas (BLENNOW et al., 2010).



A compreensdo da progressao longitudinal desses biomarcadores serviram
como base para a definigdo biolégica da DA e constituem a base do National
Institute on Aging-Alzheimer’s Association (NIA-AA) Research Framework proposto
para estudos clinicos, que adotou o sistema AT(N) para biomarcadores amiloide (A),
tau (T) e neurodegeneracdo (N). Em cada categoria, os biomarcadores sé&o
dicotomizados para indicar um estado normal (negativo para biomarcadores) ou
anormal (positivo para biomarcadores) (JACK et al., 2016). Esse modelo tedrico
baseia-se em dados derivados de estudos multicéntricos transversais e longitudinais
usando varios biomarcadores. Atualmente, os biomarcadores de DA s&o divididos
em duas classes principais: medida em Dbiofluidos [sangue e liquido
cefalorraquidiano (LCR)] e medida por neuroimagem [ressonéncia magnética (RM) e

tomografia por emiss&o de positrons (PET)] (BLENNOW; ZETTERBERG, 2018).

1.3. Biomarcadores de imagem

Biomarcadores de neuroimagem tém um papel importante tanto no
diagndstico precoce, bem como no acompanhamento periodico da DA (VARGHESE
et al.,, 2013). Podemos classificar as técnicas de neuroimagem em duas grandes

categorias: estruturais e funcionais.

As principais técnicas de imagem estrutural sdo a tomografia
computadorizada (TC) e a RM. A TC permite distinguir estruturas diferentes. A RM,
devido a sua alta resolugdo espacial, pode ser usada para distinguir a diferenca
entre dois tecidos arbitrariamente semelhantes, mas nado idénticos (PERRIN;

FAGAN; HOLTZMAN, 2009; WOLZ et al., 2011).

No contexto de técnicas funcionais, temos o PET, tomografia

computadorizada por emissdo de féton unico (SPECT) e ressonédncia magnética
9



funcional (fMRI) (WALHOVD et al., 2010). Embora a técnica de imagem funcional
fornega algumas informagdes estruturais, sua resolugao espacial € menor do que a
técnica de imagem estrutural. No campo da DA, a RM é uma das técnicas de
imagem n&o invasivas para a analise estrutural de cérebros (JACK et al., 2008),
utilizada para a identificagdo de neurodegeneragao, ou seja, para a classificagdo da

positividade de N no sistema AT(N).

1.4. Tomografia por emissao de pésitrons (PET)

O PET, por outro lado, tem sido amplamente utilizado para investigar
alteragdes funcionais do cérebro tanto em individuos saudaveis como no contexto
patolégico. O PET é uma técnica de imagem molecular que permite obter imagens
tridimensionais do que esta acontecendo no cérebro de um paciente em nivel
molecular e celular (ELLIS et al., 2011). Estudos do metabolismo cerebral com PET
utilizam ['®F]-fluorodesoxiglicose (FDG) como marcador metabdlico no diagndstico
diferencial da da DA. Com o FDG-PET é possivel avaliar o metabolismo da glicose
em diferentes regides cerebrais, 0 que permite, em ultima instancia, assim como a
RM, medir a positividade para a neurodegeneragédo no sistema AT(N) (YANASE et

al., 2005).

No entanto, diferentes radiotracadores podem ser utilizados com a técnica de
imagem por PET. Com isso, € possivel visualizar o acumulo de placa AB em um
cérebro com DA e monitorar a progressao da doenga através de imagens PET de AB
(HAMEED et al., 2020). Dentre os radiotragadores de A, os mais conhecidos s&o
Florbetapir, Flutemetamol e Florbetaben. Estes, por sua vez, podem ser utilizados

para classificar a categoria A do sistema AT(N).

10



Também temos diversos estudos utilizando radiotracadores de tau,
possibilitando identificar pacientes com acumulo de NFT. A imagem por tau PET
demonstrou ser sensivel e detecta alteragdes cognitivas precoces (pré-clinica) na
DA (BRIER et al.,, 2016). Atualmente, os radiotragadores de tau ainda n&o estéo
disponiveis para uso clinico. Imagens obtidas por tau PET podem ser utilizados para

classificar a categoria T do sistema AT(N)

1.5. Biomarcadores de fluido

Alternativamente aos biomarcadores de imagens, os biomarcadores de
fluidos podem ser utilizados como critério diagnostico de cada categoria de
biomarcadores do sistema AT(N). Atualmente, sdo aceitos, para indicar a
positividade de cada categoria, dentre os biomarcadores de fluidos, aqueles obtidos

a partir do LCR (JACK et al., 2016).

1.5.1. Liquido cefalorraquidiano (LCR)

O LCR estda em contato direto com o espaco extracelular do cérebro e,
portanto, as alteragcdes bioquimicas no cérebro sio refletidas nele, fazendo com que
ele seja uma das fontes ideais para biomarcadores da DA (BLENNOW et al., 2010).
Atualmente sabe-se que os sistemas de clearance das proteinas classicas da
patologia da DA, AB e tau, envolvem a liberagdo dessas proteinas para o LCR com
posterior absor¢cédo para o sistema linfatico (TARASOFF-CONWAY et al., 2015). No
LCR, podemos medir inumeros biomarcadores com significado clinico para a DA. Os
mais utilizados, mas nao limitados a eles, incluem a razdo AB;4/ABi4 tau
hiperfosforilada em treonina 181 (p-tau181) e neurofilamento de cadeia leve (NfL)

(BLENNOW; ZETTERBERG; FAGAN, 2012; JACK et al., 2016).
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O AB;.4, e tau demonstraram ser componentes primarios de placas amiloides
e NFT, respectivamente. Por isso, os niveis dessas proteinas no LCR foram
avaliados como potenciais biomarcadores dessas caracteristicas patologicas

(BLENNOW; ZETTERBERG; FAGAN, 2012).

1.5.2. Sangue

No entanto, em busca de exames com menor custo e maior acessibilidade,
vem sendo aplicado um grande esfor¢go na descoberta de exames sanguineos no
campo de pesquisa em biomarcadores de fluidos para a DA. A otimizacdo de
ferramentas analiticas permitindo uma sensibilidade na magnitude de picogramas na
deteccdo de biomarcadores sanguineos, incluindo a razdo AR /ABi4o, tau
fosforilada em diversos sitios aceptores (p-tau) e NfL (CULLEN et al., 2021) trouxe

expectativas promissoras para a area.

1.6. Técnicas neurocomputacionais na Doenga de Alzheimer

Quando consideramos o0s avangos obtidos na medicina nas ultimas décadas,
€ inegavel que a computacdo foi uma grande contribuinte para que esses pudessem
ser atingidos. Ademais, a computagdo se mostra uma grande aliada para ajudar no
diagndstico de doengas, uma vez que a Inteligéncia Artificial (IA) tem sido cada vez

mais aplicada na area médica (HAMET, TREMBLAY, 2017).

Além disso, € crescente a preocupacdo na medicina para obter a maior
quantidade possivel de dados sobre a saude ou doenca dos pacientes e tomar
decisbes com base nisso. Antes, os médicos tinham a necessidade de confiar em
sua experiéncia, capacidade de julgamento e habilidade de resolugédo de problemas

enquanto usavam ferramentas rudimentares e recursos limitados. No entanto, nos

12



dias de hoje, as tecnologias disruptivas comegaram a disponibilizar métodos
avancgados nao so para profissionais da medicina, mas também para seus pacientes.
Dentre estas técnicas neurocomputacionais, temos a dmica, biotecnologia, sensores

portateis e a IA (MESKO, 2017).

Ao invés de desenvolver tratamentos para populacdes e tomar as mesmas
decisbes médicas com base em algumas caracteristicas fisicas semelhantes entre
os pacientes, a medicina tem avancado para a prevencgao, personalizagdo e
precisao, o que fara com que solugbes médicas tradicionais one-fits-all migrem para
tratamentos direcionados, terapias personalizadas e drogas exclusivas. Em outras
palavras: medicina de precisdo. Nesta mudanca e transformacéao cultural, técnicas
neurocomputacionais sdo uma tecnologia chave que pode trazer esta oportunidade

a pratica diaria (MESKO, 2017).

No aspecto da |IA, a sua aplicagdo na medicina se divide em dois ramos
principais: virtual e fisico. O ramo fisico envolve o uso de robés enquanto o ramo
virtual, representado pelo Aprendizado de Maquina (ML), utiliza algoritmos
matematicos que melhoram a aprendizagem através da experiéncia (HAMET;

TREMBLAY, 2017).

Os algoritmos de ML podem ser classificados em trés tipos: (i)
supervisionados, (ii) ndo supervisionados e (iii) aprendizagem de reforco (HAMET,
TREMBLAY, 2017). Dentre esses tipos, o mais comum e utilizado € o aprendizado
supervisionado (LECUN; BENGIO; HINTON, 2015). Os algoritmos de aprendizado
supervisionado constroem modelos a partir de um conjunto de dados que contém

tanto as entradas quantos as saidas desejadas (RUSSELL; NORVIG; DAVIS, 2010).

13



Dentre as principais abordagens de ML supervisionada podemos citar as arvores de

decisao, regressao logistica e redes neurais artificiais (RNA).
1.7. Biologia de Sistemas

A natureza multifacetada da DA exige a incorporagcdo de paradigmas
complexos para estudar suas origens, mecanismos, desenvolvimento e possiveis
tratamentos. Assim, o uso de métodos de biologia de sistemas se torna crucial na
pesquisa da DA (VILLOSLADA; STEINMAN; BARANZINI, 2009; WANG et al., 2019).
Uma visdo sistémica da biologia descreve uma abordagem multidisciplinar e
holistica para entender os fenbmenos bioldgicos, focando nas interagdes de muitos
elementos simultaneamente (KIRSCHNER, 2005; OLTVAI; BARABASI, 2002).
Nesse contexto, tecnologias dmicas, como a transcriptdmica, sdo os métodos de
escolha para avaliar propriedades e dindmicas de sistemas de forma rapida, ampla e
confidvel. A transcriptdmica € especialmente atraente porque os RNAs representam
um nivel intermediario entre um contexto gendmico estatico e a dinamica

espaco-temporal da complexidade proteédmica (VERHEIJEN; SLEEGERS, 2018).
1.8. Justificativa

No contexto deste trabalho, podemos considerar que esforgos realizados nas
pesquisas da area de biomarcadores da DA sejam divididos em dois grandes tipos:
i) identificacdo de biomarcadores em diferentes compartimentos biolégicos (cérebro,
LCR e sangue) para classificagcdo de cada uma das etapas do atual sistema AT(N) e
ii) descoberta de novos de biomarcadores capazes de predizer alteragdes biolégicas
na DA. Desta forma, propomos duas estratégias neste trabalho. A primeira,

apresentada no Capitulo 1, para a classificacdo de eventos patolégicos da DA

14



através do uso de técnicas de ML com a utilizagdo de diferentes isoformas de AB e a
segunda, exposta no Capitulo 2, com o objetivo de descobrir potenciais novos

biomarcadores sanguineos da DA.

15



2. OBJETIVOS

2.1. Objetivo principal

Aplicar estratégias neurocomputacionais para a identificagdo de alteragdes

patofisiolégicas na Doenga de Alzheimer.

2.2. Objetivos especificos

e Revisar a literatura de biomarcadores de fluidos e imagem para definir

potenciais biomarcadores de estagios iniciais da DA,

e Investigar se a combinagdo de isoformas soluveis de AR no LCR podem
predizer a positividade de patologia de tau e neurodegeneracdo utilizando

aprendizado de maquina;

e Desenvolver um método de integracdo de tecnologia émica e imagens PET

para descoberta de potenciais novos biomarcadores sanguineos da DA,

16



PARTE Il

Na Parte Il, sdo apresentados dois capitulos que representam artigos

cientificos que compdem esta tese de doutorado.
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Capitulo 1

Soluble amyloid-beta isoforms predict downstream Alzheimer’s disease pathology

No capitulo 1 apresentamos o artigo publicado no periddico Cell & Bioscience.

Sabe-se que alteragdes nos niveis de AB soluvel no LCR s&o detectaveis nos
estagios pré-clinicos da DA. No entanto, ndo se sabe se os niveis de AB podem
predizer os eventos patologicos seguintes na DA em individuos cognitivamente
saudaveis. Para isso, propusemos o uso de aprendizado de maquina para criar
modelos a partir da combinagao de isoformas soluveis de AR para predizer T+ e (N)+
nesses individuos. Além disso, utilizamos dados de protebmica do LCR para
investigar o enriquecimento funcional de processos bioldgicos alterados em
individuos T+ e (N)+. Com este trabalho, demonstramos que a combinagdo de
isoformas de AB pode prever T+ e (N)+ com alta AUC. A analise proteémica do LCR
destacou um grupo promissor de proteinas que podem ser exploradas para melhorar

a previsdo de T+ e (N)+.
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Abstract

Background: Changes in soluble amyloid-beta (AB) levels in cerebrospinal fluid
(CSF) are detectable at early preclinical stages of Alzheimer's disease (AD).
However, whether AB levels can predict downstream AD pathological features in
cognitively unimpaired (CU) individuals remains unclear. With this in mind, we aimed
at investigating whether a combination of soluble AB isoforms can predict tau

pathology (T+) and neurodegeneration (N+) positivity.

Methods: We used CSF measurements of three soluble AB peptides (AB+.3s, AB1-40
and AB;.4) in CU individuals (n = 318) as input features in machine learning (ML)
models aiming at predicting T+ and N+. Input data was used for building 2046 tuned
predictive ML models with a nested cross-validation technique. Additionally,
proteomics data was employed to investigate the functional enrichment of biological

processes altered in T+ and N+ individuals.

Results: Our findings indicate that Ap isoforms can predict T+ and N+ with an area
under the curve (AUC) of 0.929 and 0.936, respectively. Additionally, proteomics
analysis identified 17 differentially expressed proteins (DEPs) in individuals wrongly
classified by our ML algorithm. More specifically, enrichment analysis of gene
ontology biological processes revealed an upregulation in myelinization and glucose
metabolism-related processes in CU individuals wrongly predicted as T+. A
significant enrichment of DEPs in pathways including biosynthesis of amino acids,
glycolysis/gluconeogenesis, carbon metabolism, cell adhesion molecules and prion

disease was also observed.

Conclusions: Our results demonstrate that, by applying a refined ML analysis, a

combination of Ab isoforms can predict T+ and N+ with a high AUC. CSF proteomics
20



analysis highlighted a promising group of proteins that can be further explored for

improving T+ and N+ prediction.

Keywords: Alzheimer’s disease; amyloid-beta; tau pathology; neurodegeneration;

machine learning; proteomics.
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Background

Alzheimer's disease (AD) is the most prevalent neurodegenerative disease
worldwide (1). Its main neuropathological features involve the deposition of two
proteins, amyloid-B (AB) and tau, into insoluble aggregates in the brain (2, 3). Indeed,
the most accepted AD theoretical model suggests that AR dysmetabolism triggers a
cascade of downstream pathological events, including tau pathology, synaptic
dysfunction, and neurodegeneration, which leads to cognitive decline and, ultimately,

to dementia (4, 5).

This theoretical model relies on data derived from cross-sectional and
longitudinal multicentric studies using multiple biomarkers. Currently, AD biomarkers
are divided into two main classes: biofluid-based [blood and cerebrospinal fluid
(CSF)] and neuroimaging [magnetic resonance imaging (MRI) and positron emission
tomography (PET)] (6). These biomarkers constitute the basis of the National
Institute on Aging-Alzheimer's Association (NIA-AA) Research Framework proposed
for clinical studies, which adopted the A/T/(N) system for amyloid, tau, and
neurodegeneration biomarkers (7). In each category, biomarkers are dichotomized to

indicate a normal or abnormal status (7).

Importantly, this system relies on the amyloid cascade hypothesis, i.e., the
linear chain AR positivity (A+) a tau positivity (T+) a neurodegeneration positivity (N+)
a cognitive symptoms (4, 5). However, around 30% of cognitively unimpaired (CU)
individuals are A+ but do not present any other AD pathological features (8-10).
Thus, A+, usually indexed by CSF AB,.4, or PET, does not infer per se if an individual

presents or will develop tau pathology or neurodegeneration. Therefore, it is clear
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that other biological processes are also critical in the progression toward clinical

symptoms.

In this study, we asked (i) whether a combination of A3 isoforms, measured in
the CSF, would be capable of predicting downstream pathological biomarkers and (ii)
what biological processes are related to an increase in AB isoforms' prediction power
over downstream AD pathology. To answer these inquiries, we aimed at predicting T+
and N+ using a combination of demographics and AR isoforms levels in the CSF
(AB+-38, AB1-40, and AB.42) as input features in machine learning models (ML). We also
evaluated whether CSF proteomic analyses could reveal altered biological processes

heterogeneity in individuals wrongly classified in ML models.
Methods
ADNI description

Data used in this article are available at the Alzheimer's Disease
Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). ADNI is a longitudinal
multicentric study launched in 2004, as a result of a public-private partnership,
including the Foundation for the National Institutes of Health and the National
Institute on Aging alongside contributors from many other sources. The study is
currently in its 4™ phase (ADNI1, ADNI GO, ADNI2, and ADNI3) and has recruited
over 2300 participants in North America, to develop clinical, imaging, genetic, and
biochemical biomarkers for the early detection and tracking of AD. More information

on the study design can be found in adni.loni.esc.edu/about/.
Eligibility criteria

In this study, data from 318 CU subjects were collected from ADNI1 and

ADNI2 database. Specific criteria for inclusion in this study were the availability of
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CSF levels of ABias, AB14, and ARy, proteins measured by 2D-ultra-performance
liquid chromatography-tandem mass spectrometry (2D-UPLC-MS/MS). ADNI's

inclusion and diagnostic criteria have been described elsewhere (11).
CSF biomarker collection and analysis

CSF ABi_ss, ABi4o, and AR, peptide levels were measured using the
2D-UPLC-MS/MS method (Waters® XEVO-TQ-S), which had been previously
described (12) and has been recently revalidated. This updated technique has been
recognized as an accepted analytical reference by the Joint Committee for
Traceability in Laboratory Medicine (JCTLM), in whose database it was published
under the JCTLM lIdentification Number C12RMP1. For defining T+ and N+, p-tau
(Thr-181) and t-tau levels used in this study were measured by the Elecsys®
immunoassay, with T+ defined as CSF p-tau (181-Thr) > 19.2 pg/mL and N+ defined
as CSF t-tau > 242 pg/mL (13). Data for the 2D-UPLC-MS/MS and Elecsys® methods

are available, respectively, at the ADNI database under the file names

"UPENNMSMSABETA.csv" and "UPENNBIOMK9 04_19 17.csv".
Statistical analysis

All statistical analyses were performed in GraphPad Prism 8. Data are
expressed as mean = standard deviation (SD). Normality was evaluated using
histograms and quantile plots. Because samples did not have Gaussian distributions,
comparisons between groups were carried out using Mann-Whitney test. P-values of

less than 0.05 were reported as statistically significant.
Machine learning framework

We developed a ML framework that combines multiple techniques and models

to predict T+ and N+ with the use of CSF Af isoform levels, demographic information
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and APOE €4 status. The framework was coded in Python (version 3.6.8,
https://www.python.org/), using the scikit-learn (version 0.20.2,
https://scikit-learn.org/) and xgboost (version 0.81, https://xgboost.readthedocs.io/)
libraries. The supervised ML algorithms used in our framework are composed of
Logistic Regression, Naive Bayes, k-Nearest Neighbors (kNN), Support Vector
Classifier (SVC), Decision Trees, Random Forest, Gradient Boosting, XGBoost, and

AdaBoost.

As input features for our framework, we used AR peptide levels (AB+-3s, AB1-40
and AB,.,), demographic information (age, sex and years of education), and APOE
€4 status. For feature selection, we evaluated all possible feature combinations,
generating 1023 subsets. For each feature subset, we performed the nested
cross-validation (CV) technique. Here, we used the nested CV since we needed to
train different ML models together with its hyperparameter optimization. The nested
CV has an inner CV loop nested in outer CV. The inner loop is composed of a 2-fold
CV, and it is responsible for model selection and hyperparameter tuning, which is
similar to a validation set. The outer loop, however, is composed of a 5-fold CV and it
is used for error estimation, as a test set. The nested cross-validation uses the area
under de curve (AUC) metric to select the best hyperparameters and models. Then,
an independent test set is used to test the overall performance of the best model and
to generate the AUC result. The hyperparameters evaluated for each ML algorithm
used in this work are shown in Table 1. After obtaining the AUC results for tuned ML
algorithms with the nested cross-validation, only the model that presented the best
performance is chosen for each feature subset. Among all these models, we selected

the best one and then extracted the AUC for the independent test set.
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CSF proteomics analysis

Processed CSF proteomics data were collected from the ADNI database.
Samples were measured using the LC/MS-MRM method (12). Proteins and peptides
were selected based upon their previous detection in CSF, relevance to AD, and
previous results from the Rules Based Medicine (RBM) multiplex immunoassay
analysis of ADNI CSF. The final MRM panel consisted of 567 peptides representing
221 proteins. From these 567 peptides, 320 were detectable in > 10% of ADNI

samples and are available in the file “CSFMRM.csv”.

From the previously included CU individuals, only 76 presented CSF
proteomics data in the ADNI database and were included in further analyses. CSF
proteomics analysis was performed comparing T- (n = 55) and T+ (n = 21)
individuals and N- (n = 57) and N+ (n = 19). All proteomic analyses were
implemented in an R statistical environment. Differentially expressed analysis was
computed for T-/T+ and N-/N+ groups independently, using the LIMMA (version
3.46.0) package (14), and considering FDR-adjusted p-value < 0.05 as differentially
expressed proteins (DEP) criteria. Finally, functional enrichment analyses of gene
ontology (GO) biological processes and KEGG pathways were computed and
visualized using the clusterProfiler (version 3.18.1) and Goplot (version 1.0.2)

packages (15, 16).
Results
Sample characteristics

For this study, we included 318 CU individuals from ADNI, whose CSF had
been analyzed with 2D-UPLC-MS/MS. Characteristics of the ADNI cohort and the

different A, T, and N status of samples are provided in Table 2. Population
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characteristics were compared between positive and negative group status for each
of the above-mentioned biomarker categories. A+ and T+ showed significantly more
APOE ¢4 carriers than AB negative (A-) and tau negative (T-) groups. As already
observed in previous studies, APOE €4 carriers are associated with decreased AB;.4,
and elevated CSF p-tau in the CSF (14, 15). T+ and N+ presented elevated age,
when compared with T- and neurodegeneration negative (N-) groups, respectively.
No significant differences were observed in sex, years of education, Mini-Mental
State Examination (MMSE), and Alzheimer's Disease Assessment Scale-Cognitive

Subscale (ADAS-Cog) among groups.
Changes in AB soluble isoforms in T+ and N+ CU individuals

Fig. 1 compares AP isoform levels and their respective ratios between T+ and
T- (Fig. 1a), and N+ and N- (Fig. 1b). When comparing T status, T+ group presented
higher levels of AB,.53 (Fig. 1¢c, T- = 1764 £ 496.1 pg/mL, T+ = 2411 + 566.95 pg/mL,
p < 0.0001) and ARy, (Fig. 1d, T- = 7617 + 2052 pg/mL, T+ = 10424 + 2529 pg/mL,
p < 0.0001). Additionally, a decrease in AB;.4/AB1-4 (Fig. 1f, T- =0.1749 £ 0.05, T+ =
0.1381 £ 0.06, p < 0.0001) and AB4.4o/AB+-3s ratios (Fig. 1g, T- =0.7610 £ 0.22, T+ =
0.6014 + 0.25, p < 0.0001) was observed in T+ individuals. However, we did not
observe any significant difference in AB,.4; levels (Fig. 1e, T- = 1353 + 559.4 pg/mL,
T+ = 1492 1+ 784 pg/mL, p = 0.41) and AB.4/AB+.3s ratio (Fig. 1h, T- = 4.354 + 0.42,

T+ =4.329 £ 0.35, p = 0.60) between T+ and T- groups.

For N+ individuals, AByss (Fig. 1i, N- = 1760 + 469.6 pg/mL, N+ = 2503 +
567.2 pg/mL, p < 0.0001), ABy4 (Fig. 1j, N= = 7593 + 1945 pg/mL, N+ = 10838 +
2503 pg/mL, p < 0.0001), and AB,_4, (Fig. 1k, N- = 1328 # 565.1 pg/mL, N+ = 1575 +

778.8 pg/mL, p = 0.03) measures were significantly elevated when compared to N-,
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along with a decrease in AB1.4/AB+.4 ratio (Fig. 11, N- = 0.1720 + 0.05, N+ = 0.1411
1 0.05, p < 0.0001) and AB14/AB+3s ratio (Fig. 1m, N- =0.7483 + 0.23, N+ = 0.6146
1 0.25, p < 0.0001). By contrast, AB;.40/AB1.3s ratio (Fig. 1n, N— = 4.350 £ 0.41, N+ =

4.336 + 0.35, p = 0.78) does not differ between N+ and N- groups.

To test whether single AR isoforms or its ratios can predict downstream AD
pathological processes in CU individuals, we used logistic regression models. The
AUC results for predicting T+ and N+ individuals are shown in Table 3. Among all
results, AB_sg and AB,_, seem to be the most reliable features to predict T+, with an
AUC of 0.811 for both AR isoforms. For predicting N+, AB;.3s and AB;.4 showed
similar results, with AUCs of 0.847 and 0.855, respectively. On the other hand, AB;.4,

presented an AUC of 0.580 for predicting N+ and 0.529 for T+.
Machine learning framework

Aiming at better predictive models, we proposed a ML framework, which is
presented in Fig. 2. AB isoforms in the CSF (AB1.3s, AB1-40, and AB4.4,; measured by
2D-UPLC-MS/MS), APOE €4 carrier status, and demographic information (age, sex,
and years of education) were used as input features. Besides, for feature generation,
AB isoforms were used either alone or combined in ratios (Fig. 2a). In the feature
subset generation step (Fig. 2b), all possible combinations of features were created
(1023 different subsets). Then, for each subset, two models were selected using the
nested CV technique (Fig. 2c): one for T+ prediction and another to predict N+ (Fig.

2d).

In our ML framework, to choose the best model for each subset to classify T+
and N+, we evaluated the use of the following ML algorithms: Logistic Regression,
Naive Bayes, kNN, SVC, Decision Trees, Random Forest, Gradient Boosting,
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XGBoost, and AdaBoost within the nested CV technique. For each subset, the best
model was defined based on the model’s AUC obtained from the validation set. The
top 1 model among the 1023 models (one for each subset) was evaluated using an

independent test set and was defined as the best model to predict T+ or N+.
Tau pathology positivity prediction

From our proposed ML framework, 1023 tuned ML models were generated for
predicting T+ (Additional file 1). Fig. 3a shows the AUC results for predicting T+
horizontally ordered by AUC — SD. In Fig. 3b, the best 10 models are ranked. Among

the 10 models, all of them presented similar results, ranging from 0.877 to 0.887.

The top 1 model was a logistic regression model using ABi.42, AB1-42/AB1-40
AB1-42/AB1-38, AB1-40/AB1-3s, and years of education as input features. The AUC result
obtained for the validation set was 0.881 +/- 0.024. For the independent test set, we

achieved an AUC of 0.929 (Fig. 3c).
Neurodegeneration positivity prediction

For N+ prediction, we generated another 1023 models using the same method
(Additional file 2). The AUC results for the N+ predictions are shown in Fig. 3d
horizontally ordered by AUC — SD. The best 10 models were ranked and plotted on
the graph represented in Fig. 3e. The best 10 models presented similar results,

ranging from 0.909 to 0.915.

A kNN generated the best results, which had ABi4, ABi4o, AB1-42/AB1-40
AB14/AB13s, and AB440/AB+-3s as input features. The AUC result for the validation set
for this model was 0.915 +/- 0.018. The independent test set achieved an AUC of

0.936 (Fig. 3f).
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CSF proteomics of T+ and N+ CU individuals

To address T+ and N+ CU individuals’ functional changes in biological
processes, we performed CSF-based proteomics analyses. A total of 112 DEPs were
observed in the CSF of CU T+ compared to T—- subjects (Additional file 3). The
enrichment analysis of GO biological processes in T+ individuals evidenced
processes related to myelinization, synapse and neurogenesis regulation, immune
response, carbohydrate metabolism, memory and learning, and glial cell
differentiation (Fig. 4a). Fig. 4b depicts top 20 GO terms enriched in T+ subjects
compared to T-. To identify the most affected pathways related to changes in
proteomics profile of T+, we performed an enrichment analysis using canonical
pathways described in the KEGG pathway database (17). This revealed a significant
enrichment of 112 DEPs in 4 signaling pathways: “cell adhesion molecules”,
“biosynthesis of amino acids”, “carbon metabolism”, and “prion disease” (Fig. 4c-g).
Regarding proteomics analysis of N+, we identified 123 DEPs when compared to N-
individuals (Additional file 4). Of note, T+ and N+ subjects share 101 DEPs.
Functional enrichment analyses revealed an overlap of enriched GO terms in N+
individuals and T+ individuals (Fig. 5a). Synapse organization, learning and memory
processes, and APP metabolic processes are among the top 20 GO terms enriched
in N+ (Fig. 5b). Interestingly, the same 4 KEGG pathways enriched for T+ were

found enriched for N+ individuals (Fig. 5¢c-g).
CSF proteomics analysis for ML wrong predictions

Because AP isoforms predicted T+ and N+ outcomes with an AUC of up to
0.936, we next aimed, with a second proteomics analysis, at identifying differences in

biological processes occurring in CU individuals that were wrongly classified by our
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ML algorithm in the test set. First, we stratified the ML predictions for T+ in
false-positive (n = 17), false-negative (n = 23), true-positive (n = 51), and
true-negative (n = 147). Proteomic analyses for N+ prediction model was not carried

out, since few wrong predictions were generated, leading to a small sample size.

We identified 17 upregulated DEPs between true-positive and false-positive
(Fig. 6a) and 67 upregulated DEPs between true-negative and false-negatives for T+
individuals (Fig. 7a). Interestingly, enrichment analysis of GO biological processes
revealed that processes related to myelinization, and glucose metabolism are
enriched when comparing false-positive and true-positive predictions for T+ (Fig.
6a-b). When considering the false-negative and true-negative predictions for T+,
DEPs related to glucose metabolism, synapse transmission, gliogenesis, and
axogenesis appeared among the enriched GO terms (Fig. 7a-b). Finally, to recognize
the most affected pathways related to changes in proteomics profile of individuals
that were wrongly predicted, we performed an enrichment analysis using canonical
pathways described in the KEGG pathway database. This revealed a significant
enrichment of DEPs in pathways including “biosynthesis of amino acids’,

“glycolysis/gluconeogenesis”, “carbon metabolism”, “cell adhesion molecules”, and

“prion disease” (Fig. 6¢-g and 7c-l).
Discussion

In the present study, we demonstrated that ML models using combined AB
soluble isoforms can predict downstream AD pathological processes, T+ and N+, in
CU individuals with better results than AR isoforms independently. In the generated

models, a higher AUC was achieved for predicting N+ when comparing with the T+.

Our proteomics analysis identified several biological processes and signaling
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pathways altered at pre-symptomatic phase of AD. These findings are especially
relevant when considering that AD pathological processes initiate around 20-30
years before the occurrence of the first clinical symptoms (18-22). Finally, we
identified DEPs among individuals wrongly classified as T+ by ML that can be further

explored to improve prediction performance of the models.

The notion that AB triggers tau hyperphosphorylation and neurodegeneration
has been corroborated by multiple experimental studies (23-26). In fact, Hoglund and
colleagues demonstrated that CU individuals with amyloidosis presented increased
levels of p-tau181 and t-tau in the CSF (27). However, the diagnostic value of AB;.4,
has been explored in the literature delivering, though, only modest accuracy for AD
prediction (28, 29). Accordingly, here we demonstrated a poor AUC of 0.580 for N+
and 0.529 for T+ prediction modeled using the AB,.,, isoform by itself, the most used
CSF biomarker in the diagnosis of AD. Per se, the poorly explored isoform AB;.sg
(AUC of 0.847) along with AR, (AUC of 0.811) were the most accurate predictors for
both T+ and N+, respectively. In clinical studies, the AB;.,/AB;.3s ratio has been
capable of significantly discriminating AD from other forms of dementia (30-32) and
shown to be negatively correlated with CSF p-tau levels in AD patients (31).
Additionally, a slight increase in AB,_ss levels was found in a disease-specific manner
in the CSF of AD subjects (32, 33). Nevertheless, a meta-analysis pointed no
significant difference in ABi_s5 levels between AD individuals and control group after
comparing eight studies (34). Cullen and colleagues more recently demonstrated that
higher CSF AB,.35 levels are negatively associated with cognitive decline and risk of
developing AD (35). In this context, it is evident that the potential of this isoform to

add information in the preclinical stage of the disease remains under-explored.
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In this work, we showed that a logistic regression model could predict T+ using
multiple input features, with an AUC of 0.929. It has been demonstrated that Ap
dysmetabolism is capable of triggering the conversion from a normal to a toxic state
of tau-dependent synaptic (23). As well, a synergistic interaction between A3 and tau
pathology is likely to occur in AD, rather than the sum of their independent effects
(36-38). Bilgel and colleagues showed that a higher baseline amyloid load in CU
individuals was associated with steeper cognitive decline (39). In parallel, we hereby
demonstrated that amyloid isoforms levels can predict N+ in CU individuals with an
AUC of 0.936 using a kNN model. The combination of AR isoforms, especially those
including smaller AB isoforms, seems to help to deliver the best results to predict N+.
Indeed, we only found one in vivo study showing significant correlations between
AB;.4, levels in the CSF and neurodegeneration in CU individuals (27). On the other
hand, the importance of AB.4, isoform as a toxic amyloid specie has been extensively
demonstrated (23-26). In the context of isoform production, literature indicates that
AB,.35 is partially formed by cleavage of the AB,.4, isoform (40). Also, it seems that no
further cleavage of AR, occurs, resulting in a “more stable” isoform of A, easier to
detect (40). One could argue that a more prominent amyloid dysmetabolism, with
higher rates of cleavage of AB,.,, into AB.3s, might be a crucial process that seems to
drive tau pathology and neurodegeneration. However, the already described (41)
faster turnover of AB,.,, might be accounting for its poor predictive value in our model.
Accordingly, our model shows an important role for less explored AR isoforms as
indicators of emerging tau pathology and neurodegeneration. In addition to CSF,
plasma biomarkers have been gaining attention in the recent years for their valuable

contribution to AD diagnosis.
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AB isoforms used in combination seems key for predicting T+ and N+, but do
not completely explain all the aspects of AD downstream events. Thus, it is believed
that simultaneous phenomena, that account for AD heterogeneity, are taking place in
the brains of these individuals. In this context, CSF proteomics has been increasingly
applied in the attempt to discover novel biomarkers for AD. However, it is mainly
focused in comparing CU and AD individuals (42, 43). Here, we showed A
pathology-dependent changes at protein level occurring in the CSF of CU individuals.
Similarly, Whelan and colleagues performed a multiplex proteomics analysis in the
CSF of CU A+ and A- patients and found two DEPs significantly altered: Chitinase
3-like protein (YKL-40) and SPARC-related modular calcium binding protein 2
(SMOC2) (44). The great number of DEPs between CU T+ and T- subjects identified
in our study allowed the further determination of biological processes and signaling
pathways significantly enriched in these individuals. Additionally, significant
differences in DEPs and its associated biological processes and signaling pathways
were observed when comparing right and wrong ML predictions for T+. Interestingly,
DEPs identified in other studies comparing CU and AD were also found in our
analysis of ML wrong predictions for T+ (43). In specific, YKL-40, SOD1, PKM, and
glucose metabolism related proteins are among the DEPs found in both studies. The
degree of similarity between studies seems to highlight a robust pattern of change
rather than a cohort-specific effect. These results might shed light to key proteins that

can be further explored to improve ML performance for predicting T+ and N+.
Conclusions
Our findings indicate that the use of ML models with A isoforms as input

features might help to predict individuals with AD downstream pathology. In addition,
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CSF proteomics analysis highlighted a promising group of proteins potentially driving
tau pathology, which can be further explored for improving future T+ and N+
prediction. Finally, the combination of methodologies used here - ML and proteomics

- may help to further understand AD pathology heterogeneity.
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Figure legends

Fig. 1. AB isoforms levels discriminate tau pathology positivity (T+) and
neurodegeneration positivity (N+) in CU individuals. (A) T+ indicated by a high
level of p-tau in the CSF (p-tau > 19.2 pg/mL). (B) N+ indicated by a high level of
t-tau in the CSF (t-tau > 242 pg/mL). (C) AB13s, (D) ABs4o and (E) AB,.4, levels for T-
and T+ individuals. (F) AB1.42/AB140, (G) AB142/AB1.3s and (H) AB440/AB1.3s ratios for T-
and T+ individuals. (1) AB+.3s, (J) AB14 and (K) AB,., levels for N- and N+ individuals.
(L) AB142/AB1.40, (M) AB442/AB1.3s and (N) AB1.40o/AB+.3g ratios for N- and N+ individuals.
Boxplots are displayed as median (center line) and extend from the 25th to 75th
percentiles. The whiskers go down to the smallest value and up to the largest.
Statistical differences were tested using Mann-Whitney test (p < 0.05, “p < 0.001,

““b < 0.0001).

Fig. 2. Machine learning framework delivers models that predict tau pathology
and neurodegeneration. (A) cognitively unimpaired (CU) individual’s cerebrospinal
fluid (CSF) levels of ABi_ss, AB14o and ABi4,, demographics data and APOE ¢4
status were used for feature generation. (B) All possible combinations of features
were generated using the feature set. (C) The subsets were used for generating
tuned machine learning models validated with nested cross-validation aiming to (D)

identify tau pathology (T+) and neurodegeneration (N+) positivity.

Fig. 3. Results for predicting tau pathology (T) and neurodegeneration (N)
status. (A) Area under the ROC curve (AUC) results (vertical axis) for all 1023
subsets to predict T status ordered by AUC — standard deviation (SD). (B) AUC
results (horizontal axis) for the top 10 models (vertical axis) to predict T status. (C)

ROC curve for the best model to predict T status using the independent test set. (D)
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AUC results (vertical axis) for all 1023 subsets to predict N status ordered by AUC —
SD. (E) AUC results (horizontal axis) for the top 10 models (vertical axis) to predict N
status. (F) ROC curve for the best model to predict N status using the independent

test set.

Fig. 4. Proteome analyses results of cerebrospinal fluid (CSF) cells between T-
and T+ cognitively unimpaired (CU) patients. (A) Gene ontology (GO) network of
enriched terms were constructed from differentially expressed proteins mapping the
node sizes to GO term significance and edge width to shared protein proportions
(Jaccard coefficient). (B) Radial plot of top 20 enriched GO terms. (C) Enriched
pathways obtained from functional enrichment of KEGG terms. (D-G) Pie charts of
enriched KEGG pathways showing the proportion of proteins upregulated in T+ vs T-

comparison.

Fig. 5. Proteome analyses results of cerebrospinal fluid (CSF) cells between N-
and N+ cognitively unimpaired (CU) patients. (A) Gene ontology (GO) network of
enriched terms were constructed from differentially expressed proteins mapping the
node sizes to GO term significance and edge width to shared protein proportions
(Jaccard coefficient). (B) Radial plot of top 20 enriched GO terms. (C) Enriched
pathways obtained from functional enrichment of KEGG terms. (D-G) Pie charts of
enriched KEGG pathways showing the proportion of proteins upregulated in N+ vs N-

comparison.

Fig. 6. Proteome analyses results of cerebrospinal fluid (CSF) cells between
true positive (TP) and false positive (FP) predictions for tau pathology
positivity (T+) in cognitively unimpaired (CU) individuals. (A) Gene ontology

(GO) network of enriched terms were constructed from differentially expressed
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proteins mapping the node sizes to GO term significance and edge width to shared
protein proportions (Jaccard coefficient). (B) Radial plot of top 15 enriched GO terms.
(C) Enriched pathways obtained from functional enrichment of KEGG terms. (D-G)
Pie charts of enriched KEGG pathways showing the proportion of proteins

upregulated in TP vs FP comparison.

Fig. 7. Proteome analyses results of cerebrospinal fluid (CSF) cells between
true negative (TN) and false negative (FN) predictions for tau pathology
positivity (T+) in cognitively unimpaired (CU) individuals. (A) Gene ontology
(GO) network of enriched terms were constructed from differentially expressed
proteins mapping the node sizes to GO term significance and edge width to shared
protein proportions (Jaccard coefficient). (B) Radial plot of top 15 enriched GO terms.
(C) Enriched pathways obtained from functional enrichment of KEGG terms. (D-L)
Pie charts of enriched KEGG pathways showing the proportion of proteins

upregulated in TN vs FN comparison.
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Additional files

Additional file 1

File format: .docx

Title of data: Machine learning results for predicting tau pathology positivity (T+).

Description of data: Table containing features, AUC and standard deviation results for

all 1023 models for predicting tau pathology positivity.
Additional file 2
File format: .docx

Title of data: Machine learning results for predicting neurodegeneration positivity

(N+).

Description of data: Table containing features, AUC and standard deviation results for
all 1023 models for predicting neurodegeneration positivity.

Additional file 3

File format: .docx

Title of data: Differentially expressed proteins (DEPS) in the cerebrospinal fluid (CSF)
of cognitively unimpaired (CU) tau pathology positive (T+) compared to negative (T-)

subjects.

Description of data: Table containing Protein ID, p-value, adjusted p-value, t-value
and logFC for differentially expressed proteins in the cerebrospinal fluid of cognitively

unimpaired tau pathology positive compared to negative subjects.
Additional file 4

File format: .docx
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Title of data: Differentially expressed proteins (DEPSs) in the cerebrospinal fluid (CSF)
of cognitively unimpaired (CU) neurodegeneration positive (N+) compared to

negative (N-) subjects.

Description of data: Table containing Protein ID, p-value, adjusted p-value, t-value
and logFC for differentially expressed proteins in the cerebrospinal fluid of cognitively

unimpaired neurodegeneration positive compared to negative subjects.
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Figure 2
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Figure 3
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Figure 5
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Figure 6
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Figure 7
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Table 1. Hyperparameters evaluated for the Machine Learning models used in the

proposed framework.

Algorithm

Fixed Parameters

Iterated Parameters

Logistic Regression

Naive Bayes

kNN

SvC

Decision Trees

Random Forest

Gradient Boosting

XGBoost

AdaBoost

solver: Ibfgs
max_iter: 250
penalty: 12

algorithm: ball_tree
leaf size: 50

C: [0.0001, 0.001, 0.01, 0.1, 1, 10, 100,
1000]

n_neighbors: [1, 2, 3, 4, 5,6, 7, 8, 9]
p:[1,2]

for kernels: [rbf, poly, sigmoid]
C:[4,-3,-2,-1,0,1, 2, 3]
for kernel: linear
gamma: [0.00001, 0.0001, 0.001,
0.01, 0.1]
C: [0.0001, 0.001, 0.01, 0.1, 1, 10,
100, 1000]

max_depth: [1, 2, 3,4, 5,6, 7, 8, 9]
criterion: [gini, entropy]

max_depth: [3, 4, 5, 8, 10]
n_estimators: [5, 20, 50, 100, 200, 500,
1000]

max_depth: [3, 4, 5, 8, 10]

leargning_rate: [0.01, 0.05, 0.1, 0.2]
n_estimators: [5, 20, 50, 100, 200, 500,
1000]

max_depth: [6, 7, 8]

leargning_rate: [0.01, 0.025, 0.05, 0.075, 0.1]
n_estimators: [5, 20, 50, 100, 200, 500,
1000]

learning_rate: [0.25, 0.5, 1.0, 1.25, 1.5]
n_estimators: [20, 50, 100, 150, 200]

kNN: k-Nearest Neighbors; SVC: Support Vector Classifier
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Table 2. Sample characteristics.

Characteristic CU A- A+ T- T+ N- N+

# of individuals 318 60 50 52 58 67 43

Sex (% female) 50% 51.67% 48% 50% 50% 50.75% 48.84%

Age (y) 7566 + 7537 + 76.01 + 7387 + 7726 + 7446 + 7752 %
522 5.67 4.67 4.54 5,320 4.66 5.55¢"

Education (y) 1573 + 1542 + 16.1 + 1577 + 1569 + 1557 + 1598 +
2.83 2.68 2.99 2.77 2.91 3.1 2.37

MMSE 2908 + 2898 + 292 + 2913 + 2903 + 2901 + 2919 +
1.03 1.1 0.95 0.93 1.12 1.05 1.01

ADAS-cog11 642 + 6.09 + 6.81 + 618 + 664 + 622 + 673 o+
2.92 2.91 2.92 2.85 2.99 2.69 3.27

APOE e4 carriers | 24.55% 11.67% 40%:=" 15.38% 32.76%  19.40% 32.56%

(%)

CU: Cognitively Unimpaired; A+: Amyloid-beta positive; A-: Amyloid-beta negative; T+: tau positive; T-:
tau negative; N+: neurodegeneration positive; N-: neurodegeneration negative; y: year; MMSE:
Mini-Mental State Exam; ADAS-cog: Alzheimer's Disease Assessment Scale-cognitive subscale.
Statistical differences for numerical characteristics were tested using t test. Statistical differences for
sex and APOE status were tested using Fisher’'s exact test. (p < 0.05, “p < 0.01, “p < 0.001). @
significantly different from A-, ° significantly different from T-, ¢ significantly different from N-.
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Table 3. AUC results for predicting T+ and N+ CU individuals using single AR

isoforms or its ratios.

Predictio  ABi_ss ABi_4 ABisz  AB12/ABiao  AB1_so/AB1zs

AB1—4O/AB1—38

n
T+ 0.811 0.811 0.529 0.693 0.682 0.484
N+ 0.847 0.855 0.580 0.663 0.652 0.479

T+: tau positive; N+: neurodegeneration positive; AB: Amyloid-beta.
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Additional file 1
Machine learning results for predicting tau pathology positivity (T+).

@ Additional file 1.docx

Additional file 2
Machine learning results for predicting neurodegeneration positivity (N+).

@ Additional file 2.docx

Additional file 3

Differentially expressed proteins (DEPs) in the cerebrospinal fluid (CSF) of
cognitively unimpaired (CU) tau pathology positive (T+) compared to negative (T-)
subjects.

[0 Additional file 3.docx

Additional file 4

Differentially expressed proteins (DEPs) in the cerebrospinal fluid (CSF) of
cognitively unimpaired (CU) neurodegeneration positive (N+) compared to negative
(T-) subjects.

@ Additional file 4.docx
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Capitulo 2

Serine/threonine kinase activity regulates brain glucose metabolism in Alzheimer's

Disease

No capitulo 2 apresentamos 0 manuscrito a ser submetido ao periédico eLife.

O diagnéstico e o monitoramento da DA melhoraram muito devido ao papel
fundamental da imagem PET. Desta forma, integrar imagens PET e dados dmicos
pode fornecer novos insights sobre a fisiopatologia da DA. Para isso, neste trabalho
utilizamos genes diferencialmente expressos (DEGs) para implementar uma
abordagem de redugao de dimens&o baseada em Gene Ontology (GO) e engenharia
reversa de redes transcricionais centradas em fatores de transcricdo (TF). A partir
disso, selecionamos clusters de GOs e unidades reguladoras de TF para serem
integrados com imagens de FDG-PET utilizando modelos de regresséo linear a nivel
de voxel. A partir deste trabalho, identificamos processos biologicos periféricos
associados ao metabolismo de FDG-PET no cérebro de individuos em todo o
espectro clinico da DA. Além disso, destacamos o potencial das assinaturas génicas

como novos biomarcadores da DA.
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ABSTRACT

Background

Positron emission tomography (PET) imaging has greatly improved the diagnosis
and monitoring of Alzheimer’'s disease (AD). Now, the recently developed
neuroinformatic field is expanding analytical and computational strategies to study
multimodal neuroscience data. One such strategy is integrating PET imaging and

omics data to provide new insights into AD pathophysiology.

Methods

Hippocampal and blood transcriptomic data of cognitively unimpaired (CU) and
cognitively impaired (Cl) individuals were obtained from Gene Expression Omnibus
(GEO) databases and the Alzheimer’s Disease Neuroimaging Initiative (ADNI). We
used the differentially expressed genes (DEGs) from these datasets to implement a
modular dimension reduction approach based on Gene Ontology (GO) and reverse
engineering of transcriptional networks centered on transcription factors (TF). GO
clusters and regulatory units of TF were selected to undergo integration with ADNI
['®F]Fluorodeoxyglucose (['®F]FDG)-PET images using voxel-wise linear regression

models adjusted for age, gender, years of education, and APOE €4 status.

Results

The GO semantic similarity resulted in 16 GO clusters enriched with overlapping
DEGs present in blood and the brain. Voxel-wise analysis revealed a strong
association between the cluster related to the regulation of protein serine/threonine

kinase activity and the ['®*F]JFDG-PET signal in the brain. The master regulator
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analysis showed 61 regulatory units of TF significantly enriched with DEGs. The
voxel-wise analysis of these regulons showed that zinc-finger-related regulatory units

had the closest association with brain glucose metabolism.

Conclusion

We identified multiple biological processes and regulatory units of TF associated with
['®F]FDG-PET metabolism in the brain of individuals across the aging and AD clinical
spectrum. Furthermore, the prominent enrichment of protein serine/threonine kinase
activity-related GO cluster and the zinc-finger-related regulatory units highlight the

potential of the gene signatures associated with AD pathology.

Keywords

Alzheimer’s disease; transcriptomics; PET imaging; regulatory unit; gene ontology.
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INTRODUCTION

Alzheimer's disease (AD) is in the spotlight among neurodegenerative
diseases affecting the elderly (1). In recent decades, a vital concept shift has led to
AD being recognized as a clinical-biological entity. High-resolution magnetic
resonance imaging (MRI) and positron emission tomography (PET) currently allow for
the visualization of AD pathological changes in living individuals and have
enormously contributed to an improved understanding of AD (2). Indeed, these
technologies boosted a new era of enormous imaging data collection in multiple

centers worldwide and collaborative initiatives.

The multifaceted nature of AD requires the incorporation of complex
paradigms to study its origins, mechanisms, development, and possible treatments.
In this context, systems biology methods can be extremely useful to unravel disease
complexity and better understand AD etiology and progression (3,4). A systems view
of biology describes a multidisciplinary and holistic approach to understanding
biological phenomena, focusing on the interactions of many elements simultaneously
(5,6). Among many possibilities, omics technologies, such as transcriptomics, are the
methods of choice to quickly, broadly, and reliably evaluate systems properties and
dynamics. Transcriptomics is especially attractive because RNAs represent an
intermediate level between a static genomics context and the spatio-temporal

dynamic of proteomics complexity (7).

There has been an ever-increasing call for data integration in recent years.
The systems biology field culminated in current trends toward multi-omics
approaches to generate models of hierarchical biological networks and changes in
the system as it moves from a normal to a pathological condition (8-11). In
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neurosciences, these concepts and ideas resulted in the neuroinformatic subfield
devoted to developing analytical and computational models for sharing, integrating,
and analyzing multimodal neuroscience data. In this context, strategies to integrate
neuroimaging data with transcriptomics started to emerge at the gene level (12-14).
However, genes rarely dictate phenotypes alone, acting in concert to modulate

phenotypic transitions.

In the present study, we sought to implement two modular, systems-based
strategies to integrate the transcriptomics information of groups of genes with PET
neuroimaging data in AD. In the first, clusters of Gene Ontology (GO) terms grouped
by semantic similarity were associated with ["*F]JFDG-PET images, highlighting a GO
cluster significantly associated with AD. The second strategy used reverse
engineering of transcriptional networks to integrate regulatory units of transcription

factors with ["®F]JFDG-PET images.

METHODS

Blood Expression Data Acquisition

Blood microarray data of 743 individuals were obtained from the Alzheimer’s

Disease Neuroimaging Initiative (ADNI) (http://adni.loni.usc.edu/). Samples with RNA

integrity (RIN) scores above seven were included in the study. After RIN and quality
control filters, the resulting ADNI dataset retained 317 samples [218 cognitively
impaired (Cl) and 99 cognitively unimpaired (CU) individuals]. Additional processed
blood microarray datasets were obtained from Gene Expression Omnibus (GEO)

repository (https://www.ncbi.nlm.nih.gov/geo/). GSE63063 (15) contains 433 Cl and

223 CU samples from AddneuroMed Cohort, and GSE97760 (16) includes 8 Cl and
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7 CU controls (Figure 1A). Metadata from these datasets are shown in

Supplemental Table 1.

Healthy human blood samples from two large microarray datasets were
obtained from the GEO repository [GSE48348 (17) and GSE99039 (18)],
downloaded using the GEOquery package (v2.56.0) (19), and combined under
common gene symbol annotations using the virtualArray package (v1.8.0) (20). The
resulting dataset retained 967 healthy blood samples used for transcriptional network

inference.

Brain Expression Data Acquisition

Human AD hippocampal microarray data of six studies were obtained from
GEO repository [GSE5281 (21), GSE28146 (22), GSE29378 (23), GSE36980 (24),
GSE48350 (25) and GSEB84422 (26)], downloaded using the GEOquery package
(v2.56.0) (19) and combined under common gene symbol annotations using the
virtualArray package (v1.8.0) (20) (Figure 1A). Raw CEL data was processed using
the affy package (v1.70.0) (27), and RMA was corrected using the vsn package
(v3.60.0) (28). Afterward, a batch correction was implemented using the sva package
(v3.40.0) (29). The combined dataset contained 90 Cl and 116 CU individuals
(Supplemental Table 1). Sample demographics can be found in Supplemental

Table 2.

Differential Expression Analyses

Differential expression analyses were computed on microarray data using the
limma package (v3.48.3) (30) ImFit function to fit multiple linear models by

generalized least squares. In addition, eBayes function was used to compute
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moderated t-statistics, moderated F-statistics, and log-odds of differential expression
by empirical Bayes moderation of the standard errors towards a common value

(Figure 1B).

We reasoned that brain expression would be more sensitive to alterations than
blood expression in AD. Thus, genes with an unadjusted p-value < 0.05 in at least %
of the tested datasets were considered differentially expressed genes (DEGs) for
blood samples. While, for brain samples, genes with FDR adjusted p-value < 0.01
from the merged dataset were considered DEGs. The final list of genes used for
further analyses was obtained from the intersection between blood and brain DEGs.
Venn diagrams were constructed using the VennDiagram package (v1.6.20) (31).
Details about differentially expressed genes from datasets are shown in

Supplemental Tables 3 and 4.

Functional Enrichment Analyses and Gene Ontology Semantic Similarity

DEGs intersecting blood between brain datasets were submitted to Gene
Ontology (GO) enrichment analysis using the clusterProfiler package (v4.0.5) (32)
enrichGO function. The GO biological process terms were clustered by semantic
similarity using the mgoSim function from the GOSemSim (v2.18.1) package (33)
(arguments measure = "Wang" and combine = NULL). Semantic comparisons of
Gene Ontology (GO) annotations provide quantitative ways to compute similarities
between genes and gene groups. The resulting similarity matrices were represented
as GO networks using the RedeR (v1.40.0) package (34) for interactive visualization
and manipulation of nested networks. We retained only similarity scores above the

80th percentile of score distribution for building the network. Clusters of GO terms
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obtained from the GOSemSim algorithm were manually named for their biological

interpretation (Figure 1C).

Reverse Engineering of Transcriptional Network and Master Regulator Analysis

The transcriptional network (TN) centered on transcription factors (TF), and
their predicted target genes were inferred using a large cohort of healthy blood
samples and merged as described in Blood Expression Data Acquisition. Herein,
the terms “regulatory unit” or “regulon” are used to describe the groups of inferred
genes and their associated TFs. RTN (v2.16.1) package was used to reconstruct and
analyze TNs based on the mutual information (MI) using the Algorithm for the
Reconstruction of Accurate Cellular Networks (ARACNe) method (35-37). In
summary, the regulatory structure of the network is derived by mapping significant
associations between known TFs and all potential targets. A curated list of genes
obtained from (38) was used to annotate TF eligibility for TN inference input. To
create a consensus bootstrap network, the interactions below a minimum Ml
threshold were eliminated by a permutation step, and unstable interactions were
additionally removed by bootstrap. Finally, the data processing inequality algorithm is
applied with null tolerance to eliminate interactions likely to be mediated by a third TF.
The reference blood TN was built using the package’s default number of 5000

permutations and 100 bootstraps (p-value < 0.001).

We conducted the master regulator analysis (MRA) described by Carro and
colleagues (39) on the regulatory units with more than 100 targets using the RTN
package. For each regulatory unit in the blood TN, the algorithm computes the
statistical overrepresentation (calculated by Fisher's exact test) of genes obtained

from differential expression analyses (unadjusted p-value < 0.05). Master regulator
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candidates altered in at least % of the three case-control studies (ADNI, GSE63063,
and GSE99039) were selected for gene set variation analysis and neuroimaging

integration (Figure 1D).

Gene Set Variation Analysis

The enrichment scores (ES) obtained from the gene set variation analysis
(GSVA) method were used to collapse the activity of groups of genes into a single
value for each sample. This gene set enrichment method estimates group gene
activity variation over a sample population in an unsupervised manner. Briefly, genes
contained in the clusters of GO terms obtained from GOSemSim or in the regulatory
units obtained from master regulator analysis were submitted to the gsva function
(kcdf="Gaussian") of the GSVA package in R (40). The resulting ES was used for

further association with neuroimaging data and correlation analyses.

Imaging pre-processing and integration

Imaging data were acquired from ADNI (Figure 1A). ["®F]FDG-PET images
were downloaded in the “Co-reg, avg, std img and vox size, uniform resolution”
pre-processed format. MPRAGE MRI images were downloaded with “gradwarp, B1
non-uniformity, and N3 image” pre-processing correction steps. [®F]FDG-PET
images were linearly registered to the T1-weighted image space. T1-weighted
images were linearly and nonlinearly registered to the MNI template space.
Subsequently, an ['®F]JFDG-PET nonlinear registration was performed using the linear
and nonlinear transformations from the T1-weighted image to the MNI space and the
['®F]FDG-PET to T1-weighted image registration. These transformations were

performed using the scripts antsRegistrationSyNQuick and antsApplyTransforms
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from advanced normalization tools (ANTs) (41). The ['®*F]JFDG-PET images were
spatially smoothed to achieve a final resolution of 8mm full width at half maximum

using mincblur from MINC Tools (http://bic-mni.github.io/).

The ["F]JFDG-PET standardized uptake ratio (SUVr) maps were generated
using the cerebellum as a reference region. GO clusters and regulons obtained in the
previous step were selected to undergo integration with ['"®F]JFDG-PET images using
voxel-wise linear regression models adjusted for age, gender, and years of education

(RMINC package) (https://github.com/Mouse-Imaging-Centre/RMINC) (Figure 1E).

The voxel-wise correlations resulted in t-statistical maps. Afterwards, only statistically

significant correlated voxels (| t-value | > 2.6 [p-value of 0.01]) were retained.

RESULTS

The dimension reduction strategy proposed in this work is represented by the
Sankey flow diagram in Figure 2. Specifically, the union between blood and
hippocampus transcriptomic data resulted in 16972 unique genes. When comparing
CU and CI individuals from the 16126 blood genes, the differential expression
analysis showed 2875 DEGs (unadjusted p-value < 0.05 present in at least % of
datasets). From the 10845 hippocampus genes, 1979 DEGs were found (FDR
adjusted p-value < 0.01 from the merged dataset) in the comparison between CU
and CI individuals. Considering the DEGs from blood and hippocampus, 428 were
consistently altered between tissues. FEA of Gene Ontology using these genes
revealed 89 terms significantly enriched with altered elements (Supplemental
Tables 5 and 6). These results showed consistent modifications in functional terms
associated with oxidative phosphorylation in mitochondria and cell cycle and

response to stress.
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Next, we used semantic similarity to group GO biological process terms into
clusters of similar functional relevance. This dimension reduction strategy resulted in
16 clusters (Figure 2). Figure 3A shows these clusters in a network mapping node
sizes to cluster size (number of terms in the cluster) and edge width to the similarity
score returned by the GOSemSim algorithm (see Methods; network average degree
[sd] = 3 [2.07]). We observed that the clusters associated with ‘regulation of
serine/threonine kinase activity' and 'DNA repair and metabolism' had the highest
connectivity metric (degree = 6) and degree/size ratio (degree/size = 2). Thus, albeit
containing fewer terms than other clusters, these two clusters had the largest
influence over the network. Figure 3B shows the heatmap of the semantic similarity
matrix based on the GO terms and the resulting clusters of terms obtained from
GOSemSim. Details about the clusters are reported in Supplementary Table 7. For
the blood datasets, we also used reverse engineering of transcriptional networks to
infer groups of regulatory units under the control of transcription factors. Similar to
GO functional enrichment analysis and semantic similarity, the aim was to collapse
groups of altered genes into biological modules. The MRA accomplishes this by
identifying the regulatory units of transcription factors most enriched with DEGs. We
observed 34, 92, and 41 regulatory units statistically altered in ADNI, GSE63063, and
GSE97760 blood datasets, respectively (Supplementary Table 8). Sixty-one
regulatory units were significantly enriched with DEGs in at least %4 of the datasets
explored, and 12 were altered in all three. Figure 4A shows gene set enrichment
analyses indicating the phenotypic associations (Cl versus CU) of the top 10
regulons altered in brain imaging. We also evaluated the GO functional enrichment of
each top 10 regulons and mapped the results in Figure 4B as a network. This result

showed that the genes inferred for most regulons are associated with biological
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processes. However, the regulatory units of GATA1 and ZNF358, for example, had
mixed terms and were mainly related to cellular component terms. Interestingly, the
ZNF653 regulatory unit is more connected with GOs related to energetic metabolism
and protein kinase activity. Finally, we did not observe significant enrichment of GO

terms for the ZZZ3 regulatory unit.

With the 16 GO clusters obtained from semantic similarity analysis, we
performed voxel-wise correlations testing the topographical associations between
['®FJFDG-PET and each GO cluster enrichment score. Out of the 16 t-statistical maps
obtained, one showed significant associations (t-value > 2.6, peak-t = 4.86, p-value =
0.01]) between the GO cluster enrichment score and cerebral glucose metabolism
measured with ['®*FJFDG-PET (Figure 5A). Interestingly, this cluster showed a
positive correlation, indicating that the alterations of the investigated GO cluster are
related to brain glucose hypermetabolism. This GO cluster is involved in the
regulation of protein serine/threonine kinase activity, and the increase in the brain
['®F]FDG-PET signal was more prominent in the precuneus’ gray matter (59.25% left,
68.63% right), medial frontal gyrus (52.76% left, 14.01% right), medial frontal-orbital
gyrus (51.39% left, 11.58% right) and cingulate region (46.60% left, 18.46% right)

(Figure 5B).

Similarly, we also performed voxel-wise linear regressions to investigate the
spatial association between ['®F]JFDG-PET and the regulatory units enriched with
DEGs. Among the 61 regulatory units, we analyzed the regulatory unit most closely
associated with brain glucose metabolism (t-value > 2.6, peak-t = 3.90, p-value =
0.01]) (Figure 6A). In general, the association of regulatory unit ZNF653 with
['®F]FDG-PET signal was most observed in the precuneus’ gray matter (24.24% left,
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39.51% right), medial frontal gyrus (17.26% left), medial frontal-orbital gyrus (12.50%

left) and precentral gyrus (9.08% left, 8.28% right) (Figure 6B).

DISCUSSION

Modularity is a recurrent theme in biology, permitting the development of
emergent properties and hierarchical functions (52-54). In the present study, we
developed a pipeline composed of two modules that integrates omics data with PET
imaging. This method has a straightforward use in identifying altered peripheral
biological pathways and novel biomarker candidates representative of specific
biological abnormalities in AD. The first module involves omics analysis, composed of
dimension reduction through the differential expression analysis, followed by
functional enrichment analysis using the GO semantic similarity, or transcriptional
network analysis, responsible for altered regulatory unit selection. The second
module is imaging integration, where PET imaging is associated with statistically
altered GO clusters and regulatory units. Aiming to validate the proposed method, we

integrated blood transcriptomic data with ['*F]JFDG-PET imaging.

Semantic similarity analysis of the GO biological processes revealed clusters
of terms altered in the blood that are significantly associated with ["*F]JFDG-PET.
Finally, applying a reverse engineering strategy, we identified ten transcription factors
and their regulatory units potentially acting as master regulators in our analysis and
significantly associated with cerebral glucose metabolism. [®FJFDG-PET is an
essential modality for detecting functional changes in AD, clinically useful for
identifying changes in early AD and differentiating AD from other causes of dementia.
The ['®F]FDG-PET signal has been claimed to be derived from neurons, astrocytes,

and, more recently, microglia (42—44). This newly proposed integration method can
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help in the biological interpretation of imaging biomarkers such as the ["*F]FDG-PET,

providing important insights into understanding AD pathology.

Our newly proposed integration method revealed that the GO cluster
representing serine/threonine protein kinase activity was the most closely associated
with ["®F]JFDG-PET hypermetabolism. By adding phosphate groups quickly and
dynamically, kinases can coordinate and control complex cellular functions, such as
energy production, cell growth, and survival. Our brain is composed of hundreds of
protein kinases, with a few already shown to lead to the spread of aberrant signaling
in AD (45-47). In this sense, kinases such as Akt, extracellular signal-regulated
kinase 1 and 2 (ERK1/2), cAMP-dependent protein kinase (PKA), glycogen synthase
kinase-3p (GSK-3B), p70S6 kinase, and cyclin-dependent protein kinases 5 (Cdk5)
were found with increased expression or activity in the AD brain. The hyperactivation
of these kinases can lead to abnormal tau phosphorylation, amyloid production,
apoptosis, and neuroinflammation. For instance, an increase in GSK-3 activity was
observed in individuals with familial AD mutation of amyloid precursor protein

(Swedish751) (46).

Our findings showed glucose hypermetabolism correlating ["*F]JFDG-PET
imaging and TF related to zinc-finger proteins. Specifically, among the top 10
regulatory units with the most association with ['®F]FDG-PET, seven of them are from
the zinc-finger family. The zinc-finger units regulate gene expression at the
transcriptional and translational levels and are highly expressed in the brain (48). It
has already been demonstrated that zinc-finger genes are associated with
pathological changes in AD and regulate the expression of AD-related genes that are

upstream in the production of hyperphosphorylated tau (49). Altogether, this could
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explain the positive association when integrating ['®FJFDG-PET and

zinc-finger-related regulatory units enriched with DEGs.

When comparing the cluster representing serine/threonine protein kinase
activity with the top 10 enriched regulatory units, we did not find any shared GO
between them. However, the brain regions that showed significant correlations with
zinc-finger genes are included in the regions that correlate with the serine/threonine
protein kinase activity cluster. Even without sharing the same GO terms, this overlap
could be interpreted as the presence of more than one altered function related to
glucose hypermetabolism. Interestingly, the zinc-finger ZNF653 has 52
phosphorylation sites, 9 of which are confirmed in humans, and 5 of them are
serine/threonine. This way, one could argue that the serine/threonine kinase may be

modulating the activity of these TFs.

A biological definition of AD has recently been proposed solely based on AD
biomarkers (50). Although it reflects fundamental advances in the development of
neuroimaging and fluid biomarkers in AD research, a significant limitation of
implementing this framework in clinical practices is the low predictive accuracy of this
system (51). For instance, many AP and tau-positive CU individuals remain
cognitively stable for their entire lifetime (51), suggesting that pathophysiological
processes beyond AB and tau pathologies must be considered. Here, we detected
abnormalities in critical peripheral biological pathways in AD patients, which has the
potential to provide insights for developing novel biomarkers. Additionally, here we
presented the integration of blood transcriptomic data and brain imaging as a novel

tool that can be applied using multiple PET imaging tracers (e.g., AR PET, tau PET,
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TSPO PET), as well as adapted and used in the context of different neurological

diseases and different omics modalities.

CONCLUSION

We developed a strategy to integrate modular structures obtained from
transcriptomic data, e.g., clusters of GO biological processes terms and regulatory
units of TF, with ["®F]JFDG-PET imaging. Our results identified associations between
protein serine/threonine kinase activity-related GO cluster and zinc-finger-related
regulatory units with ["®F]JFDG-PET brain metabolism in AD. Finally, given the
multifactorial nature of AD, additional studies are required to further validate these

findings.
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Figure legends

Figure 1. Omics-imaging integration pipeline. (A) Data collection of blood and
hippocampus samples and imaging data from multiple datasets. (B) Transcriptomics
dimension reduction using differential expression analysis. (C) Functional enrichment
analysis using the Gene Ontology (GO) semantic similarity. (D) Transcriptional
network analysis, responsible for selecting altered regulatory units. (E) Imaging
integration using voxel-wise generalized linear regression between PET images and

statistically altered GO clusters and regulatory units.

Figure 2. Sankey Flow Diagram representing the Dimension Reduction Strategy. (A)
Blood and hippocampus transcriptomic data were obtained from the available
cohorts. For each tissue, the Differential Expression Analysis (DEA) was performed
comparing Cognitively Unimpaired (CU) and Cognitively Impaired (Cl) individuals to
generate Differentially Expressed Genes (DEGs). Considering the DEGs from blood
and hippocampus, the ones that were consistently altered between tissues were
selected (overlapping DEGs). The Gene Ontology (GO) Biological Processes were
generated through the Functional Enrichment Analysis (FEA) of GOs using
overlapping DEGs between blood and hippocampus. The semantic similarity method
was used to group GO biological process terms into clusters of similar functional
relevance (GO clusters). Regulatory Units of transcriptional factors (regulons) were
generated using the same overlapping DEGs. (B) The Sunburst plot of Regulatory
Units shows the number of genes for 12 regulons selected considering the tail-end
quartiles (10% and 90%) of the enrichment score. (C) Given that the GO clusters are
composed of multiple GOs, each segment in the Sunburst plot of GO clusters shows

the number of genes for each GO that comprise the specific cluster.
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Figure 3. Functional Enrichment of Gene Ontology Biological Processes. (A) Gene
Ontology (GO) semantic similarity network. GO biological process (GOBP) terms
were clustered by semantic similarity and networked mapping cluster sizes to nodes
and cluster similarity coefficients to edges. (B) Semantic similarity matrix heatmap of

GOBP terms.

Figure 4. Enrichment of Regulatory Units of Transcription Factors. (A) Gene set
enrichment analysis of top 10 regulatory units associated with brain imaging
alterations. For each regulon, the gene set association was evaluated against
Cognitively Impaired (CI) versus Cognitively Unimpaired (CU) phenotypes. (B) Gene
Ontology (GO) functional enrichment of the top 10 regulons associated with brain
modification. Each altered regulon was evaluated for GO enrichment and networked
mapping of the nodes to different edges to the gene overlap between GO terms
(Jaccard Coefficient). TF = transcription factors; MF = molecular function; CC =

cellular component; BP = biological process.

Figure 5. Voxel-wise correlation between the enrichment score of the Gene Ontology
cluster related to the regulation of protein serine/threonine kinase activity and
['®F]FDG-PET. (A) T-statistical map from the generalized linear regression model and
(B) the top 20 brain regions with more statistically correlated voxels in the gray

matter. t-value=2.0, DF=220, p-value=0.05; * tvalue=2.6, DF=220, p-value=0.01.

Figure 6. VVoxel-wise correlation between the enrichment score of the regulatory unit
ZNF653 and ['®F]FDG-PET. (A) T-statistical map from the generalized linear
regression model and (B) the top 20 brain regions with more statistically correlated
voxels in the gray matter. t-value=2.0, DF=220, p-value=0.05; * tvalue=2.6, DF=220,

p-value=0.01.
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Figure 3
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Figura 5
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Supplemental Table 1. Dataset information and characteristics

Tissue
Blood

Blood

Blood

Blood

Blood

Hippocampus

Hippocampus

Hippocampus

Hippocampus

Hippocampus

Hippocampus

Database

ADNI

GEO

GEO

GEO

GEO

GEO

GEO

GEO

GEO

GEO

GEO

Identifier
ADNI

GSE63063

GSE97760

GSE48348

GSE99039

GSE28146

GSE29378

GSE36980

GSE48350

GSE5281

GSEB84422

Samples Used

218 Cl and 99
CU samples

433 Cl and 223
CU samples
from
AddneuroMed
Cohort

8Cland 7 CU
samples

734 whole-blood
RNA samples
from healthy
individuals

Whole blood
samples of 233
healthy
individuals

6 Cland 7 CU
samples

31 Cl and 32
CU samples

7 Cland 10 CU
individuals

19 Cl and 43
CU samples

9Cland 13 CU
samples

18 Cl and 11
CU samples

Usage

Dimension Reduction, Functional
Enrichment, Transcription Network
and Master Regulator analysis,
Neuroimaging Integration

Dimension Reduction, Functional
Enrichment, Transcription Network
and Master Regulator analysis

Dimension Reduction, Functional
Enrichment, Transcription Network
and Master Regulator analysis

Transcription Network and Master
Regulator analysis

Transcription Network and Master
Regulator analysis

Dimension Reduction, Functional
Enrichment

Dimension Reduction, Functional
Enrichment

Dimension Reduction, Functional
Enrichment

Dimension Reduction, Functional
Enrichment

Dimension Reduction, Functional
Enrichment

Dimension Reduction, Functional
Enrichment
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Supplemental Table 2. Datasets Demographics

Tissue
Blood
Blood
Blood
Blood

Blood

Hippocampus
Hippocampus
Hippocampus
Hippocampus
Hippocampus

Hippocampus

Database
ADNI
GEO
GEO
GEO

GEO

GEO
GEO
GEO
GEO
GEO
GEO

Identifier
ADNI
GSE63063
GSE97760
GSE48348

GSE99039

GSE28146
GSE29378
GSE36980
GSE48350
GSE5281

GSE84422

Samples Used
218 Cl/99 CU

433 Cl /223 CU
8Cl/7CU

734 healthy
individuals

233 healthy
individuals

6Cl/7CU

31Cl/32CU
7Cl/10CU
19 Cl/43 CU
9Cl/13CU
18 Cl/11CU

Age - mean(sd)
72.4(6.95)
75.77(6.85)

NA

NA

NA

85.4(8.87)
79.12(8.26)
83.52(11.13)
68.8(23.59)
79.13(7.94)
84.62(9.8)

Sex (F/M)
145/172
399/257
15/0

NA

142/70*

6/7
25/38
9/8
30/32
7/15
16/13

Notes

*21 NA
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Supplemental Table 3. Differentially expressed genes from blood datasets
SupplementalTable03_BloodDEA .xIsx

Supplemental Table 4. Differentially expressed genes from hippocampus datasets
SupplementalTable04 BrainDEA.xlIsx

Supplemental Table 5. Functional enrichment analysis of Gene Ontology terms
using DEGs intersecting blood and hippocampus

SupplementalTable05 FEAGO.xlIsx

Supplemental Table 6. Functional enrichment analysis of KEGG terms using DEGs
intersecting blood and hippocampus

SupplementalTable06 FEAKEGG.xIsx

Supplemental Table 7. Master Retulator Analysis (MRA) using DEGs (unadjusted
pvalue < 0.05)

SupplementalTable07.xlsx
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https://docs.google.com/spreadsheets/d/1C1XBpcAjT0TMSL1m0fCgEZ1Vy7gZ96dp/edit?usp=sharing&ouid=116601776113970657074&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1vo4cz40SQYhkkm0L0lEjz7dyBM3N-uBI/edit?usp=sharing&ouid=116601776113970657074&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1sCKAZQV4BQgKIsUG7lOs1G3H90-pwTE6/edit?usp=sharing&ouid=116601776113970657074&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1vifPATYvjRJHEa5QFgMIlrL8NmI5ibiP/edit?usp=sharing&ouid=116601776113970657074&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1j8rPl7jwYdg-yygnhbr-ktspEg_rx02w/edit?usp=sharing&ouid=116601776113970657074&rtpof=true&sd=true

PARTE IlI

Na Parte lll, sdo apresentadas a discussao e as conclusdes finais desta tese.

Além disso, sdo descritas as referéncias utilizadas no corpo principal do texto.
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3. DISCUSSAO

A DA é uma doenga neurodegenerativa progressiva que nao possui cura. A
primeira alteragcdo patoldgica detectavel por biomarcadores é a diminuigdo dos
niveis da proteina AB,.4, no compartimento liquorico, indicativo de seu acumulo em
placas extracelulares no cérebro, que ocorre décadas antes da fase clinica da
doenga (DETURE; DICKSON, 2019). Estudos sugerem que o acumulo de AB é
seguido por disfungdo sinaptica e o aumento da fosforilagdo e secregao de tau, uma
proteina axonal que estabiliza os microtubulos (PALMQVIST et al.,, 2019).
Consequentemente, desenvolvem-se os NFTs intracelulares que sdo compostos de
proteinas tau hiperfosforiladas (JACK; HOLTZMAN, 2013). Esta descricdo define a
hipotese da cascata amiloide (HARDY; HIGGINS, 1992), que € o modelo mais aceito

da cascata fisiopatologica na DA.

A deposicado extracelular de AP, gerada através da clivagem da APP por
BACE1 e y-secretase, em placas é a principal caracteristica patologica da DA, e tem
sido proposto como um dos principais eventos patogénicos da doenca (SELKOE;
HARDY, 2016). Atualmente, podemos medir a patologia AB in vivo por meio de
biomarcadores no LCR e de imagem PET. No entanto, os biomarcadores de
amiloide, geralmente indexados pelo AB,.,, ndo inferem per se se um individuo
apresenta ou desenvolvera patologia de tau ou neurodegeneracdo. Tanto é que
cerca de 30% dos individuos considerados positivos para amiloide ndo apresentam
essas outras caracteristicas patologicas da DA (AIZENSTEIN et al., 2008; JACK et

al., 2009; PIKE et al., 2007).

A agregacao da proteina tau hiperfosforilada é outra caracteristica patolégica
chave na DA. Os marcadores tau total (t-tau) e p-tau foram propostos, juntamente
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com a razéo AB4.4,/AB14 N0 LCR, como biomarcadores para definir biologicamente a
DA (JACK et al.,, 2018). As concentragbes de t-tau e p-tau no LCR refletem a
neurodegeneracédo e patologia de tau na DA (ITOH et al., 2001; SKILLBACK et al.,

2015).

A RM e niveis de t-tau no LCR tém sido comumente utilizados como
biomarcadores para neurodegeneragdo relacionada a DA (FRISONI et al., 2010;
JACK et al., 2018). A medida de t-tau no LCR foi proposta como um biomarcador de
neurodegeneracdo, e pode ser utilizada como um marcador de intensidade da
doenca na DA, indicando que quanto mais alta sua concentracdo, mais rapida a

progresséo clinica do individuo na doenca (ZETTERBERG, 2017).

Uma consequéncia esperada da hipotese da cascata amiloide é que a
modulacdo da produgdo de niveis de AB no cérebro deve prevenir os efeitos
subsequentes na DA, retardando o curso da doenca (CULLEN et al., 2022). No
entanto, apesar das evidéncias que falam do papel do amiloide como condutor da
doenga, terapias anti amiloides s&o altamente questionaveis e dividem a
comunidade cientifica, fato elucidado pela aprovacdo controversa do anticorpo
monoclonal Aducanumab. Associados, esses fatores fazem com que o papel do
amiloide na cadeia de eventos que culmina na DA se torne uma questao ainda sem
resposta (CULLEN et al., 2022). Uma das possiveis explicagdes para isso, € que
grande parte das pesquisas envolvendo amiloide utilizam apenas a isoforma AR;_4,.
Cada vez mais temos evidéncias que mostram que diferentes isoformas de A,
especialmente aquelas com cadeias mais curtas que o AR, podem desempenhar
um papel mais decisivo na patogénese da DA do que inicialmente se pensava

(DUNYS; VALVERDE; CHECLER, 2018; WIRTHS; ZAMPAR, 2019). Nesse contexto,
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mutacdes na presenilina podem perturbar a relagcdo entre AB,4, € espécies mais
curtas de AB ao invés de afetarem apenas os niveis de AB,4, no cérebro
(KELLEHER; SHEN, 2010; KUMAR-SINGH et al., 2006, p. 40; XIA et al., 2015, p.).
Assim, fica evidente que atacar o processo amiloidogénico apenas na producéo de
AB.4, - ou a isoforma AB,,, diretamente - ndo é suficiente para interromper a
trajetéria da DA. E por conta disso que estudos mais recentes tém investigado a
associacao entre peptideos de A3 de cadeia mais curta e as alteragdes relacionadas
a DA, tentando entender o acumulo de amiloide, particularmente no que se refere a

terapias que alteram o curso da doenga (CULLEN et al., 2022).

Desta forma, considerando que a deposigao de placas de AB seja o primeiro
evento patolégico da DA, ao invés de utilizarmos apenas o AB.4,, propusemos que a
combinagao de isoformas de AP com cadeias mais curtas (38, 40 e 42 aminoacidos),
medidas no LCR, seriam capazes de predizer os eventos subsequentes na DA. De
fato, em nosso estudo, demonstramos que utilizando modelos de ML com a
combinagcdo de isoformas soluveis de AR podemos prever a positividade de tau e
neurodegeneragcdo em individuos cognitivamente saudaveis. Ao considerarmos as
isoformas isoladamente, o valor diagndstico da AB;_, apresentou o menor poder
preditivo. Ja as isoformas com tamanho menor, apresentaram um desempenho
consideravelmente superior. Interessantemente, a isoforma AB,_s;s foi a que teve a

melhor performance para predizer a positividade de tau e neurodegeneragéo.

Evidéncias recentes sugerem que niveis mais baixos de peptideos AR mais
curtos ou uma proporgdo mais baixa de peptideos AB mais curtos para mais longos
podem ser um fator importante na toxicidade de AB (BLAIN et al., 2016; DUNYS;

VALVERDE; CHECLER, 2018; MOORE et al., 2018). Em nosso estudo, mostramos
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que pacientes cognitivamente saudaveis apresentam niveis de AB_s/AB1_40
diminuidos no LCR (esperado para individuos no continuum biolégico da DA)
quando positivos para tau e neurodegeneracao. Por outro lado, os niveis de AB,_4 €
AB._35 estdo aumentados nesses individuos. No trabalho de Cullen, foi demonstrado
que niveis mais elevados de AB;.;3 no LCR de individuos no continuum da DA estao
negativamente associados ao declinio cognitivo e ao risco de desenvolver a DA
(CULLEN et al., 2022). Desta forma, nossos resultados podem levar a interpretagéo
de que, se niveis mais altos de APBi3;s sdo neuroprotetores, e os individuos
cognitivamente  saudaveis, mas considerados positivos para tau e
neurodegeneracdo indexados por p-tau e t-tau, apresentam valores maiores de
ABi3s no LCR, taxas mais altas da clivagem de AB,4, em AB;_3s (OKOCHI et al.,
2013, p. 43), podem indicar um processo crucial que parece conduzir a patologia da
tau e a neurodegeneragéao. Alternativamente, podemos hipotetizar a presenga de um
mecanismo de autodefesa do organismo que esteja tentando processar a isoforma
AB,_4, na tentativa de retardar os efeitos causados pela toxicidade ja conhecida da
formacédo de placas de AB. Nesse contexto, fica evidente que o potencial dessa
isoforma para agregar informagdes na fase pré-clinica da doenga permanece pouco
explorado. De qualquer forma, ndo esta claro se os niveis de AB,.3;; modulam, de
fato, o desenvolvimento da patologia de tau em individuos que ja atingiram os

limiares para a positividade da patologia de AR (CULLEN et al., 2022).

Em meio a tantos questionamentos relacionados a hipdétese amiloide, cada
vez fica mais evidente que outros processos bioldgicos também sado criticos na
progressdo em diregcdo aos sintomas clinicos da DA. Portanto, técnicas 6micas,
como a protedmica, pode ser uma das escolhas para avaliar de forma rapida,

extensiva e confiavel as propriedades e a dinamica do sistema. Neste contexto,
93



avaliamos quais processos bioldgicos poderiam estar relacionados a um aumento no
poder de predigao das isoformas de A3 sobre os eventos patologicos da DA através
de analises protedmicas do LCR. Com a analise protedmica, encontramos muitas
proteinas diferencialmente expressas entre os individuos T+ ou (N)+, o que permitiu
a determinagdo de processos bioldgicos e vias de sinalizagdo significativamente
enriquecidas nesses individuos. Com isso, em um estudo futuro, podemos utilizar
essas proteinas diferencialmente expressas para melhorar o poder preditivo dos

modelos de ML na detecc¢do da positividade de tau e neurodegeneracgéo.

Neste ambito, identificamos a partir da rede de ontologia genética de termos
enriquecidos construidos a partir de proteinas diferencialmente expressas de
individuos cognitivamente saudaveis, que aqueles que s&o T+ apresentam um
cluster de termos superregulados relacionados a resposta imune. Isso se torna ainda
mais interessante uma vez que espécies patoldgicas de tau hiperfosforiladas podem
ser secretadas extracelularmente, levando a disseminag&o progressiva da tauopatia.
Esse evento € capaz de promover tanto uma ativagdo microglial quanto promover a
reatividade astrocitaria. Essas células gliais, por sua vez, liberam citocinas e/ou
moderadores inflamatorios neurotoxicos, incluindo IL18 ou TNFa. Além disso, por
uma modulagdo das cinases de tau, a ativagdo microglial pode levar a uma
exacerbacédo da patologia de tau. Por fim, ainda temos o envolvimento da microglia
na propagacdo de tau pela liberagdo de tau exosomal uma vez que a tau é

fagocitada por essas células (LAURENT: BUEE; BLUM, 2018).

Ainda no contexto da resposta imune, além das patologias amiloide e tau,
outra caracteristica histolégica da DA € a presencga de astrécitos reativos e microglia

ativada na proximidade das placas de amiloide. No cérebro saudavel, os astrocitos
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fornecem energia aos neurdnios, participam da fungédo sinaptica (como parte da
sinapse tripartite), induzem a poda sinaptica e a liberagcdo de fatores neurotréficos,
dentre outras fungdes que em conjunto garantem a homeostase do sistema nervoso
central (SNC) (LIDDELOW; BARRES, 2015; PELLERIN et al., 1998; STOBART,
ANDERSON, 2013). Durante condi¢cdes neuroinflamatérias, fatores inflamatérios
liberados pela microglia ativada, parecem favorecer a formagao de um subconjunto
neurotoxico de astrocitos reativos que perdem suas funcdes normais e sua
capacidade de promover a formacdo de sinapses, causando a morte neuronal
através da secrecdo de fatores prejudiciais (LIDDELOW et al., 2017; LIDDELOW;
BARRES, 2017). Atualmente acredita-se que os astrocitos possam desenvolver
diversos fendtipos de acordo com o microambiente ao qual eles estdo inseridos,
portanto, a presenga de um ou outro evento patologico da DA (tau, amiloide e/ou
neurodegeneragdo) pode ativar diferentes aspectos da resposta astrocitaria (DE
BASTIANI et al., 2022; ESCARTIN et al., 2021; FERRARI-SOUZA et al., 2022). No
que diz respeito as tauopatias, o mal dobramento neuronal da tau é suficiente para
induzir alteragdes morfolégicas nos astrécitos impactando seu papel fisiologico.
Essas células mudam para um perfil pro-inflamatério, conforme indicado pela
regulacdo positiva da proteina glial fibrilar acida (GFAP) acompanhado pela
secrecdo de fatores pro-inflamatorios, que contribuem para a patogénese da DA
(LAURENT et al., 2017; RODRIGUEZ-ARELLANO et al., 2016). Desta forma, um
ponto chave que pode ser explorado para melhorar o poder de modelos para
predicdo da positividade de tau € a utilizagdo de biomarcadores relacionados com
neuroinflamacdo, como a GFAP, que esta, inclusive, dentre as proteinas

diferencialmente expressas que encontramos em nosso estudo.
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Por outro lado, a rede de ontologia genética para individuos (N)+ em
comparagao com os (N)- ndo mostrou alteragdo em termos relacionados a resposta
imune. De forma interessante, termos relacionados com a memoaria, aprendizagem e
cognigdo apresentaram-se suprarregulados tanto em individuos T+ e (N)+, ainda
que todos sejam cognitivamente saudaveis. Isso demonstra que, conforme
esperado, alteragdes bioldgicas importantes - e mensuraveis - ja estdo em agéo no
cérebro antes da fase clinica da DA. Inclusive, os termos mais enriquecidos estao
relacionados com organizagao sinaptica, desenvolvimento axonal e axonogénese, o
que significa que tanto a tau quanto a neurodegeneragdo acabam levando a
alteracbes da fungao cerebral, o fenbmeno mais tipico da DA. Esses achados
demonstram a importancia da definigdo biolégica da DA quando se visa o
desenvolvimento de estratégias terapéuticas que previnam o processo de

neurodegeneragao e consequente perda cognitiva.

De fato, muitas doengas neurodegenerativas, dentre elas a DA, produzem
alteragdes significativas na fungcédo cerebral, mesmo quando exames de imagem
estrutural como TC ou RM n&o revelam anormalidades especificas (SILVERMAN,
2004). Neste sentido, uma ferramenta de neuroimagem promissora no diagndéstico
da DA é o FDG-PET, pois com ele, € possivel observar o consumo cerebral de
glicose em estado de repouso ou durante uma tarefa. Essa medida vem sendo
utilizada como um indicador da atividade sinaptica e varios estudos tém
demonstrado que as alteracbes metabdlicas cerebrais precedem a manifestacao
clinica dos sintomas da DA (MARCUS; MENA; SUBRAMANIAM, 2014). Estudos
utilizando FDG-PET fornecem nao apenas evidéncias do processo de deméncia,

mas também permitem a diferenciacdo dos tipos de transtornos demenciais e seu
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estadiamento, uma vez que essas patologias apresentam padrdes metabdlicos

regionais diferentes (BROWN et al., 2014).

De forma geral, a imagem PET permite a quantificagdo in vivo de processos
metabdlicos, receptores, transportadores e alteragbes patoldgicas, de forma né&o
invasiva (ZIMMER et al., 2014). A imagem PET pode ser utilizada para identificar e
quantificar placas de AR (KLUNK et al., 2004), tau (VILLEMAGNE et al., 2015), e
neurodegeneracdo a partir do hipometabolismo de glicose (BRIER et al., 2016;
JACK et al., 2018), enquanto a redugao da razao AB;.4,/AB1.40 € 0 aumento dos niveis
de t-tau e p-tau podem ser medidos no LCR. Apesar de exames de imagem e as
medidas em LCR terem uma maior acuracia e permitirem uma visualizag&o regional
(no caso do PET), principalmente no contexto da DA, eles tém um custo
relativamente alto e/ou exigem a necessidade de pessoal e instalagdes
especializadas para sua obtencdo, o que limita seu uso na pratica clinica
(WITTENBERG et al., 2019). Assim, ha uma necessidade de métodos mais
acessiveis e econdbmicos para identificar com precisdo esses processos-chave da
DA. Baseado nisso, o campo de biomarcadores nos ultimos anos tem voltado os
seus esforgos para explorar exames sanguineos como potencial valor para
diagnostico e estadiamento da DA. Com menor custo e maior acessibilidade, os
biomarcadores sanguineos da DA podem contornar as limitagdes dos exames de

imagem e baseados em LCR.

Com base nisso, € de grande interesse encontrar biomarcadores sanguineos
capazes de refletir alteracées metabdlicas cerebrais. Por esse motivo, propusemos a
implementacédo de duas estratégias baseadas em biologia de sistemas para integrar

informagdes transcriptdmicas (genes que estéo alterados tanto no cérebro quanto no
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sangue de pacientes com a DA) de grupos de genes com dados de neuroimagem.
Primeiramente, clusters de termos de ontologia génica agrupados por similaridade
semantica foram associados a imagens FDG-PET. Apds, utilizamos engenharia
reversa de redes transcricionais para integrar unidades reguladoras de fatores de
transcricdo com imagens FDG-PET. O objetivo dessa nova metodologia de
integracdo € ajudar a elucidar as bases bioldgicas e destacar novos biomarcadores
potenciais da patologia da DA com o uso da biologia de sistemas. De fato, como
resultado da aplicagdo dessa metodologia identificamos uma forte associagao entre
um cluster relacionado a regulacdo da atividade da proteina serina/treonina cinase e
o sinal FDG-PET no cérebro. E importante mencionar que essa técnica de
integracéo oferece informacéo de topografia, ou seja, indica quais areas do cérebro
temos uma melhor associagao entre FDG-PET e os genes identificados. Também,
mostramos que a unidade reguladora mais intimamente associada ao metabolismo

da glicose no cérebro é a ZNF653.

Neste sentido, essa metodologia é uma nova ferramenta para integrar dados
periféricos com imagem, permitindo a identificacdo de novos biomarcadores
sanguineos que se correlacionam com o metabolismo cerebral. Além disso, a
integracdo de dados transcriptdbmicos do sangue e imagens cerebrais podem ser
aplicadas usando varias modalidades de imagem, bem como adaptadas e usadas

no contexto de diferentes doengas neuroldgicas.

Como mencionado anteriormente, o sistema AT(N) dicotomiza individuos
usando biomarcadores que mapeiam as principais caracteristicas fisiopatolégicas da
DA, ou seja, AB, tau e neurodegeneragao. Esse sistema é flexivel e adaptavel e,

consequentemente, aberto a evoluir dinamicamente a medida que nosso
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conhecimento dos mecanismos fisiopatolégicos subjacentes ao continuum DA se
expande. Por conta disso, conforme evidéncias emergirem no futuro, novos
biomarcadores, que refltam aspectos complementares da DA, podem ser
descobertos e fornecer um componente 'X' para expandir o sistema AT(N) para
ATX(N), onde X tem sido proposto como novos biomarcadores para mecanismos
fisiopatoldgicos adicionais (HAMPEL et al., 2021). Levando isso em consideracao,
nossa metodologia tem o poder de auxiliar na descoberta desses novos
componentes, com isso, permitindo detectar anormalidades em vias bioldgicas
criticas em pacientes com DA e que se manifestem também em compartimentos
periféricos, o que tem o potencial de fornecer insights para o desenvolvimento de
novos biomarcadores, inclusive sanguineos, que quando apropriadamente validados

podem ser uteis na pratica clinica.
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4, CONCLUSAO

Esta tese destacou a potencial utilizacdo de técnicas neurocomputacionais
para a identificacdo de alteragdes funcionais na DA. Utilizando aprendizado de
maquina, demonstramos que diferentes isoformas de AP predizem tanto a
positividade para patologia de tau quanto para neurodegeneragdo em curso em
individuos cognitivamente saudaveis. Também, mostramos que aqueles individuos
positivos para patologia de tau apresentaram superregulagdo de proteinas
relacionadas a resposta imune, o que nos levou a discussdo sobre resposta
neuro-inflamatéria e a relagdo da patologia de tau com a microglia e astrocitos,
reforcado pela proteina GFAP que se apresentou diferencialmente expressa no
estudo. Subsequentemente, propusemos um método de integracdo de imagem PET
e tecnologias dmicas, em especifico, FDG-PET e transcriptdmica do sangue. Nesse
estudo, usamos genes diferencialmente expressos para implementar uma
abordagem de redugao de dimens&o baseada em Gene Ontology (GO) e engenharia
reversa de redes transcricionais centradas em fatores de transcricdo (TF).
Agrupamentos GO e unidades reguladoras de TF foram selecionados para serem
integrados com imagens FDG-PET usando modelos de regresséo linear. Com isso,
identificamos processos biologicos periféricos associados ao metabolismo de
FDG-PET no cérebro de individuos em todo o espectro clinico da DA. Por fim, o
enriquecimento do cluster relacionado a atividade da proteina serina/treonina
quinase e a unidade reguladora sob o TF ZNF653 destacam o potencial das

assinaturas génicas associadas a eles como novos biomarcadores da DA.
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5. PERSPECTIVAS

Embora diferentes estudos tenham mostrado uma associacdo entre os
marcadores sanguineos e a DA até agora, nenhum estudo utilizou ML para
determinar qual biomarcador de plasma melhor prevé a positividade de AT(N) em
todo o espectro da DA. Desta forma, como proposta para trabalhos futuros,
usaremos ML para determinar o desempenho de biomarcadores plasmaticos de AR,
diferentes isoformas de p-tau, GFAP e NfL para identificar a patologia cerebral de

AB, tau e neurodegeneragao em todo o espectro da DA.
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