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CAPÍTOL 1 

 

Introducció 

 

 

 

1.1 IMPACTE GLOBAL DE LES DEMÈNCIES 

 

El deteriorament cognitiu i la demència són un problema de salut freqüent 

poblacionalment i generen un alt grau de discapacitat i mortalitat. Actualment, 

en tot el món hi ha aproximadament 50 milions de persones diagnosticades amb 

demència i s’espera que aquesta xifra augmenti fins als 131 milions el 2050. El 

cost de les demències pels sistemes de salut és elevat, en 2015 eren 818 bilions de 

dòlars a escala mundial, i cada cop ho serà més, s’esperà que en 2050 sigui 1 bilió 

de dòlars (1).  
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Clínicament, les demències es caracteritzen per un deteriorament cognitiu i 

conductual prou greu per afectar l’activitat habitual de les persones que la 

pateixen. La demència no forma part de l’envelliment normal de les persones, 

però l’edat és el factor de risc més important per patir una demència, aquest fet 

fa que la demència sigui un repte global del nostre segle.  A mes de l’edat, ser del 

sexe femení és també un factor no modificable de risc per patir una demència. Les 

demències neurodegeneratives es consideren malalties altament heretables. Tot 

i això, només una minoria dels casos es poden considerar que presenten una 

causa genètica. En aquests casos, la presència d’una mutació és un factor 

determinant i la malaltia s’hereta amb un patró de transmissió autosòmic 

dominant. 

 

La paraula demència, no defineix una única malaltia, és una síndrome que  

engloba diverses malalties, tot i que els símptomes i les comorbiditats se 

superposen amb freqüència (2). Les malalties neurodegeneratives més comunes 

que causen demència són la malaltia d’Alzheimer (MA), la demència amb cossos 

de Lewy, i la demència frontotemporal (DFT) entre d'altres. En molts casos, les 

característiques clíniques d’aquestes malalties se superposen dificultant el seu 

diagnòstic, podent conduir a un diagnòstic erroni (3–5). En aquest sentit, es 

necessiten biomarcadors diagnòstics, és a dir, característiques bioquímiques, de 

neuroimatge o d’un altre tipus que siguin mesurables i capaces d’identificar el 

procés patològic.  

 

Biològicament, les demències neurodegeneratives es desenvolupen lentament 

durant molts anys abans que siguin diagnosticades i fins i tot abans que apareguin 
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els primers símptomes (6), durant el que s’anomena la fase preclínica. Poder 

detectar que les desencadena ens pot ajudar a desenvolupar intervencions per 

prevenir-les o endarrerir l’aparició dels símptomes. Durant molts anys es va 

considerar que la demència no era tractable ni prevenible, però un cop s’ha deixat 

enrere aquesta creença, s’estan posant molts esforços per trobar tractaments 

efectius (1). Per aquest motiu, és cada vegada més necessari, identificar 

biomarcadors que siguin capaços de traçar la seva evolució i la resposta als 

fàrmacs. 

 

 

1.2  MALALTIA D’ALZHEIMER 

 

La MA és la demència més freqüent, englobant el 60-70% dels casos de demència 

al món (6,7). Es tracta d’una malaltia molt llarga, on els canvis histopatològics 

comencen dècades abans de l’aparició dels primers símptomes (8). La MA es 

caracteritza clínicament per un deteriorament cognitiu progressiu, on la pèrdua 

de la memòria és un dels trets principals, però també afecta el llenguatge,  les 

funcions executives i les capacitats visuoespacials (9,10). Aquestes alteracions 

cognitives s’acompanyen de trastorns conductuals com l’apatia o la irritabilitat 

entre d’altres. Les alteracions cognitives i conductuals condueixin a una pèrdua 

de funcionalitat i autonomia progressives i irreversibles actualment.  
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Figura 1: Mostra les fases clíniques que presenta la malaltia d’Alzheimer, s’observa una 

primera fase preclínica, procedida per una fase amb deteriorament cognitiu lleu (DCL) i 

finalment la demència. Figura adaptada de (11).  

 

El nom de MA honora el nom del Dr. Alois Alzheimer que en 1906 va descriure  

el  cas, d’Auguste D, una dona de 51 anys, que presentava pèrdua de memòria 

progressiva, desorientació i al·lucinacions, que la portarà a morir amb 55 anys 

(12). En aquell moment va ser descrita com una malaltia específica de l’escorça 

cerebral, ja que era més prima del normal (presentava el que es coneix avui en dia 

com atròfia). També mostrava una  pèrdua neuronal i uns cúmuls anòmals 

intraneuronals que es van nomenar cabdells neurofibril·lars. Actualment, la MA 

es defineix pels dipòsits de plaques extracel·lulars d’amiloide i dipòsits 

intracel·lulars de la proteïna tau hiperfosforilada. L’anomenada “hipòtesi 

amiloide”, encara que discutida per alguns autors, és la teoria més acceptada per 

explicar el procés fisiopatològic de la malaltia. Aquesta teoria  posa com fet clau 

la  diferència  entre les formes amiloidogèniques i no amiloidogèniques de la 

proteïna amiloide que desencadenaria una sèrie de processos que conduirien a la 

disfunció sinàptica i mort neuronal, entre altres efectes.  Seria aquesta disfunció 
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sinàptica i especialment la mort neuronal la que acabarà provocant el 

deteriorament cognitiu i conductual característic de les persones que pateixen  

MA.  

 

Els dipòsits de proteïna amiloide i tau hiperfosforilada podrien  començar més de  

20 anys abans dels primers símptomes, aquesta etapa de la malaltia es coneix 

com a fase asimptomàtica o preclínica de la malaltia. L’inici dels símptomes, o 

fase prodròmica de la malaltia es correspon amb  un deteriorament cognitiu lleu 

(DCL),  que evolucionarà  amb el pas dels anys, a la fase de demència  de la 

malaltia,  com es pot observar en la Figura 1 (11,13).  

 

La majoria dels casos de MA tenen una etiologia multifactorial, i no són 

determinats per alteracions genètiques concretes, i es consideren formes  

esporàdiques. Tanmateix, hi ha un petit grup de casos, menys de l’1%, que tenen 

un origen genètic, i per tant es consideren malalties minoritàries. En aquests 

casos, els pacients amb MA d’origen genètic presenten una mutació genètica que 

és el factor determinant per desenvolupar la malaltia, aquesta mutació s’hereta 

amb transmissió autosòmica dominant. Les mutacions més freqüents tenen lloc 

en el gen presenilina 1 (PSEN1), el gen presenilina 2 (PSEN2) i el gen de la 

proteïna precursora d’amiloide. L’estudi d’aquestes formes genèticament 

determinades suposa un model biològic excepcional per estudiar en l’humà les 

fases més inicials de la malaltia, especialment les fases preclíniques.  

 

Els primers criteris pel diagnòstic clínic de la MA van ser publicats en 1984 (14). 

El diagnòstic definitiu de la MA restava a l'estudi neuropatològic i el diagnòstic 

clínic en vida se sostenia amb un quadre clínic compatible i l'exclusió d'altres 
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potencials causes dels símptomes. L’ús d’aquests criteris diagnòstics clínics 

presentava fins a un 30% d’errors diagnòstics quan es comparaven amb dades 

neuropatològiques, posant de manifest la necessitat de biomarcadors per donar 

suport al diagnòstic clínic.  Els avenços en el coneixement de la malaltia i el 

desenvolupament tecnològic en les últimes dècades han canviat la manera de fer 

el diagnòstic clínic, especialment en les fases primerenques de la malaltia per la  

incorporació de biomarcadors, ja no d’exclusió d’altres processos sinó amb 

biomarcadors específics per la MA. En el context del descobriment i identificació 

de nous biomarcadors, cal tenir en compte que el 1998 es va establir per consens 

que els biomarcadors específics de la MA ha de tenir una sensibilitat major al 80% 

per distingir la MA de les persones sanes, i una especificitat superior al 80% 

també per diferenciar-la d’altres (15). De la mateixa manera, la conceptualització 

de la MA va canviar des d’una entitat clínica a una entitat clinicobiològica. El 

2011, 100 anys aproximadament després de la descripció del primer cas de MA, 

es van publicar els nous criteris de la MA que inclouen la diferenciació entre la 

fase DCL i la demència (16,17)  i inclouen també per primera vegada la fase 

preclínica com una part de la MA, encara en absència de símptomes (11). Als 

últims anys s’han publicat diversos sets de criteris que tenen en comú la inclusió 

de biomarcadors d’amiloïdosi, de taupatia i de neurodegeneració.  Els marcadors 

actuals acceptats d’amiloïdosi són: els nivells baixos d’Aβ42 o ràtio Aβ42/Aβ4o 

en líquid cefalorraquidi (LCR), la detecció de plaques d’amiloide amb les imatges 

de tomografia per emissió de positrons (PET) cerebrals amb traçadors 

d’amiloide, i més recentment la ràtio Aβ42/Aβ4o o els nivells de ptau181 en 

plasma.  Per altra banda, com marcadors de neurodegeneració s’accepten els 

nivells elevats de proteïna tau total en LCR, un patró d’atròfia característic en RM 
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o un patró d’hipometabolisme característic en PET con 18F-fluorodexoxiglucosa 

(8). A més d’aquests biomarcadors ben establerts, altres biomarcadors s’estan 

estudiant com complementaris per estudiar aspectes com la degeneració de la 

substància blanca (ex. nivells de cadenes lleugeres de neurofilaments (NfL)), la 

neuroinflamació i activació astròglial (ex. nivells de la proteïna quitinasa-3-

similar-1 (YKL-40)), la pèrdua sinàptica (ex. nivells de proteïna 14-3-3 (14-3-3)), 

l’activació i proliferació astrocítica (ex. nivells proteïna acídica fibrilar glial 

(GFAP)), la degradació de proteïnes al proteasoma (ex. nivells d’Ubiquitin 

carboxy-terminal hydrolase L1 (UCH-L1)), etc. Com es pot veure en la Figura 2, 

cadascú dels biomarcadors segueix un curs diferent al llarg de la MA, amb 

diferent utilitat en cadascuna de les fases de la malaltia.  

 

 

Figura 2: Mostra la trajectòria temporal dels biomarcadors claus de la malaltia d’Alzheimer, 

per cada una de les fases d’evolució de la malaltia. Figura adaptada de (11,18).  

 

En aquesta tesi, de les diferents tècniques de diagnòstic de la MA, ens centrarem 

especialment en la RM estructural, que és una tècnica per detectar i avaluar la 
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presència d'atròfia en diferents estructures cerebrals. L'hipocamp és una de les 

estructures més afectades a conseqüència de la MA, tant precoçment com en 

estadis més avançats, actualment l'atròfia de l'hipocamp està inclosa en els 

criteris de diagnòstic de la MA acceptats i prèviament mencionats. Més enllà de 

l'hipocamp, hi ha uns patrons d'atròfia de substància grisa de les regions corticals 

ben definits per la MA. Els pacients amb MA presenten una atròfia 

majoritàriament temporal i parietal posterior en la RM (19–21). Les imatges de 

RM permeten la detecció dels canvis en la substància grisa en les àrees corticals i 

subcorticals associades a la MA, fins i tot en etapes prodròmiques (22). A més a 

més, cal destacar que les imatges de RM permeten fer un seguiment de la 

progressió de la malaltia, per exemple, les regions com l'hipocamp, 

l'escorça entorrinal i el precúneus presenten una atròfia que permet fer aquest 

seguiment amb precisió (23,24). Aquests patrons d’atròfia característics de la MA 

mostren la utilitat d’ajudar en el seguiment de la malaltia i podrien ser de gran 

utilitat en el diagnòstic clínic dels diferents subtipus de MA. Tot i això, la seva 

utilitat en detectar els pacients amb MA en fase preclínica està menys establerta 

(22). En la Figura 3, es pot observar l’atròfia característica per les persones amb 

MA i s’observa que és diferent  les persones sanes.  
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Figura 3: Mostra la ressonància magnètica de cervell de dues persones adultes per observar 

l’atrofia cerebral causada per la malaltia d’Alzheimer. D’esquerra a dreta, primer trobem un 

adult sa sense atrofia cerebral, en canvi el segon adult està diagnosticat amb malaltia 

d’Alzheimer, i mostra atrofia cerebral. Figura adaptada de (18). 

 

 

1.3 DEMÈNCIA FRONTOTEMPORAL 

 

La DFT és la segona demència neurodegenerativa més freqüent en menors de 65 

anys, darrere de la MA, englobant aproximadament el 10% en aquest rang de 

població dels casos de demència (28–30). Actualment, es considera una malaltia 

amb una prevalença aproximada entre 15-22 per 100.000 persones, tot i que es 

creu que podria estar infradiagnosticada i els números podrien ser més elevats 

(29,31). La DFT és un terme paraigües que engloba un conjunt d’entitats 

neurodegeneratives que provoquen la pèrdua progressiva de neurones que té lloc 

principalment en els lòbuls frontal i temporal. La DFT, que ha tingut diversos 

noms en el transcurs de la història, va ser descrita per primer cop per Arnold Pick 

en 1892 (32), per això també és coneguda com a Malaltia de Pick. Arnold Pick va 

descriure diversos pacients que presentaven trastorns de llenguatge i alteracions 
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conductuals amb una marcada atrofia frontal i temporal en el cervell en les seves 

autòpsies. 

 

La DFT és un trastorn progressiu que es caracteritza a clínicament per canvis 

conductuals i disfunció cognitiva en què predomina la disfunció executiva i els 

problemes de llenguatge. És un grup de trastorns clínicament, 

neuropatològicament i genèticament heterogeni. La DFT d’origen genètic suposa 

aproximadament un 15% dels casos (5-30% segons les sèries)  (33,34). La majoria 

d’aquests casos són deguts a l’herència autosòmica dominant d’expansions 

patològiques en el chromosome 9 open reading frame 72 (C9orf72), mutacions 

en el gen de granulina (GRN) o de la proteïna tau associada a microtúbuls 

(MAPT) (30). Les formes genètiques de DFT permeten estudiar els canvis que 

tenen lloc al cervell dels portadors de mutacions patogèniques anys abans de 

l’inici dels símptomes. En el cas de la DFT d’origen genètic el diagnòstic es pot fer 

a través d’un test genètic per detectar si la persona és portadora d’algunes de les 

mutacions que origina la DFT. En el cas de la DFT esporàdica el diagnòstic 

definitiu requereix l’estudi neuropatològic, que habitualment només es fa post 

mortem. Pel diagnòstic en vida s’estableixen dues categories diagnòstiques: 

probable o possible (36). El diagnòstic possible es basa en elements clínics. Un 

perfil d’atròfia característic amb afectació predominant dels lòbuls frontal i/o 

temporal en la neuroimatge estructural o bé un hipometabolisme o hipofunció 

d’aquestes àrees en neuroimatge nuclear dona suport al diagnòstic de DFT 

probable. Actualment, no hi ha biomarcadors validats del procés neuropatològic 

subjacent. Bioquímicament,  els nivells de NfL en LCR i sang, marcadors de lesió 

axonal podrien ser útils en la DFT per diferenciar-la de processos psiquiàtrics i 
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per avaluar la seva progressió (37–39). De manera similar a la MA, en la DFT s’ha 

definit un ordre temporal teòric segons el qual els diferents biomarcadors 

s’alterarien durant el transcurs de la malaltia, incloent-hi també la fase preclínica, 

es poden observar en la Figura 4. 

 

 

Figura 4: Mostra la trajectòria temporal dels biomarcadors claus de la demència frontotemporal, 

per cada una de les fases d’evolució de la malaltia. Figura adaptada de (40)  

 

Clínicament, existeixen dos grans subtipus de DFT: la variant conductual 

(vcDFT), que principalment afecta la conducta i la personalitat de les persones 

que la pateixen, i les afàsies progressives primàries (APP), en aquesta la principal 

afectació acostuma a ser una alteració del llenguatge. Les APP es poden dividir en 

4 subtips: la variant semàntica (vsAPP), on les persones que la pateixen presenten 

un llenguatge fluent, una anòmia severa i una pèrdua de la capacitat per 

identificar el significat de les paraules; la variant no fluent (vnfAPP), en aquest 

cas es caracteritza per presentar dificultats en l’emissió del llenguatge, 

agramatisme i apràxia de la parla; la variant logopèdica (vlAPP), que presenta 

com a característica principal les pauses constant en la parla, la dificultat per 

trobar les paraules i dificultats per repetir frases, habitualment amb una MA 
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subjacent. Finalment, hi ha alguns pacients amb APP que no es poden classificar 

en algun dels grups mencionats anteriorment i s’anomenen APP inclassificables 

o mixtes. En aquesta tesi, a causa de les característiques de la mostra, s’estudien 

les variants vcDFT, vsAPP i vnfAPP. En la Figura 5, es pot observar l’atròfia 

característica de cada una de les variants mencionades (30,41).  

 

 

Figura 5: Mostra la ressonància magnètica de cervell de tres persones adultes per observar 

l’atròfia cerebral causada per la demència frontotemporal i com es diferencia en cada una de les 

variants clíniques. A) Pacient amb demència frontotemporal amb la variant conductual que 

presenta atròfia frontal B) Pacient amb demència frontotemporal amb la  variant semàntica que 

presenta atròfia al temporal a l’hemisferi esquerre C) Pacient amb demència frontotemporal 

amb la variant no fluent que presenta atròfia frontal inferior de l’hemisferi esquerre i temporal 

superior. Figura adaptada de (30). 

 

 

1.4  DIAGNÒSTIC DIFERENCIAL ENTRE LA DEMÈNCIA 

FRONTOTEMPORAL I LA MALALTIA D’ALZHEIMER 

 

La superposició de símptomes amb altres malalties, especialment psiquiàtriques 

i la manca de marcadors de procés fisiopatològic, com s’ha mencionat abans, fa 

que amb freqüència pacients amb DFT pateixen un retard diagnòstic notable. 
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També persones amb MA sobretot menors de 65 anys, arriben a les consultes 

especialitzades aproximadament 3 anys després de l’inici dels símptomes (3). Així 

mateix, és freqüent la confusió entre la DFT i la MA, especialment en formes de 

presentació atípiques de la MA (42–44). És per això que hi ha una necessitat 

d’identificar biomarcadors específics de la DFT, per poder facilitar el seu 

diagnòstic. Ja s’ha vist que en el diagnòstic diferencial entre la DFT i la MA, els 

biomarcadors químics poden ser de gran ajuda (45), però no sempre estan 

disponibles o la presència de patologia concomitant podria fer-los resultar no 

concloents.  

 

La combinació de neuroimatge, proves cognitives, i biomarcadors bioquímics 

podria millorar el diagnòstic  de la DFT i de les seves diferents expressions 

clíniques. Els nivells de NfL en LCR i sang, són possibles biomarcadors de DFT 

molt prometedors, ja que indiquen dany neuroaxonal. Tot i això, podrien ser 

marcadors de neurodegeneració inespecífics, que també poden estar alterats amb 

pacients amb MA o en altres malalties neurodegeneratives (46–50). Així, tot i 

presentar resultats prometedors amb diferenciar la DFT de persones sanes, a 

l’hora de fer un diagnòstic diferencial amb la MA podrien no ser els més adequats. 

Els pacients amb DFT presenten nivells més alts de NfL respecte als pacients amb 

MA, tot i que hi ha un grau de superposició destacable (51,52). Per aquest motiu, 

biomarcadors de neuroimatge podrien ser d’ajuda a l’hora de realitzar un 

diagnòstic diferencial entre la DFT i la MA (53–55). 

 

Els estudis de neuroimatge, especialment de RM estructural, poden millorar la 

precisió diagnòstica diferencial de la DFT i la MA quan els biomarcadors 

bioquímics no donen resultats concloents, ja que permeten identificar patrons 



 
Agnès Pérez Millan  

 

 
36 

anatòmics característics de cada una de les demències (41) on la MA presenta una 

atròfia majoritàriament temporal i parietal posterior, i la DFT es presenta 

essencialment alteracions temporals i frontals (30,50). Tot i això, és necessari 

estudiar la RM a escala individual, ja que aquests patrons característics de cada 

una de les demències, poden ser patrons en l’àmbit grupal, però no sempre són 

certs per a tots els pacients, pel fet que sobretot la DFT és molt heterogènia. Per 

una altra part, l’estudi de l’heterogeneïtat que s’observa clínicament podria donar 

pistes sobre els condicionants tant del fenotip, com de la progressió de la malaltia 

i podria ser clau per fer una avaluació personalitzada del cas.  Finalment, 

actualment tant per la MA com per la  DFT no disposem de marcadors de 

progressió o pronòstic a la DFT, cosa que limita la informació personalitzada al 

pacient i el desenvolupament d’eines terapèutiques.  

 

 

1.5  RESSONÀNCIA MAGNÈTICA EN L’ESTUDI DE LA MALALTIA 

D’ALZHEIMER I LA DEMÈNCIA FRONTOTEMPORAL  

 

La RM és una tècnica no invasiva que utilitza el magnetisme per crear imatges de 

les estructures del cos. És una tècnica molt habitual per obtenir imatges del 

cervell. Aquesta tècnica és no ionitzant, ja que no fa servir radiació com podria 

ser en el TC o el PET, i la majoria dels hospitals tenen accés a un sistema 

d’adquisició de RM. Dins d’un escàner de RM, s’emeten polsos de radiofreqüència 

en presència d’un camp magnètic molt fort (d’entre 1,5 i 7 Tesla) i aquests 

provoquen moviments d’excitació i relaxació en els nuclis d’hidrogen que es 

poden mesurar com a corbes de relaxació en el temps a les antenes receptores, 
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anomenades T1 i T2. Els diferents teixits tenen diferents propietats magnètiques 

i això ens permet generar imatges de l’anatomia i la funcionalitat de l’estructura 

o l’òrgan estudiat. Hi ha diverses modalitats de ressonància magnètica cerebral, 

que depenen de la programació de la seqüència de polsos i de les mesures de T1 

i/o T2. Les més importants són: la RM estructural que proporciona una imatge 

d’alta qualitat que permet observar detalls de l’anatomia del cervell i que és la que 

s’estudia en aquesta tesi; la RM funcional, que permet estudiar l’activitat 

cerebral; i finalment, la RM de difusió que  mesura l’anisotropia de les molècules 

d’aigua, això ens permet estimar els tractes de les fibres cerebrals. 

 

La física que hi ha darrere és que la RM estructural cerebral és  que la 

magnetització dels teixits fa que varin de direcció, amb el camp magnètic que 

genera l’imant que envolta el tub de l’escàner. Quan es deixa de tenir camp 

magnètic es produeix la relaxació magnètica, és a dir, retornar al seu estat inicial 

abans d’haver estat alterat. Aquesta fase és la que ens permet obtenir realment 

les imatges que ens permeten estudiar el cervell. Cada teixit torna al seu estat en 

una velocitat diferent i aquesta informació és recollida, ja que es genera una ona 

magnètica que ens permet aconseguir aquesta informació que un cop es 

reconstrueixi ens permetrà identificar els diferents teixits en la imatge. En les 

imatges T1 (Figures 3 i 5), la substància grisa es correspon a la tonalitat de gris 

fort, mentre que la substància blanca al gris fluix. Finalment, el negre correspon 

al LCR i el blanc al crani. Depèn de la seqüència en què estigui potenciada la 

imatge la correspondència de colors i teixits serà diferent. Actualment, s’estan 

utilitzant cada cop més els escàners de RM de 3T (abans s’utilitzaven més el 1,5T 

que tenen una resolució menor) que permeten diferenciar la substància grisa, la 
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blanca i el LCR sense dificultats, permeten obtenir valors d’aquestes imatges 

cerebrals. 

 

Per poder avaluar l’atròfia cerebral (és una prova de la neurodegeneració), i fer-

la servir com una eina complementària pel diagnòstic diferencial de la MA i la 

DFT, és necessari tenir uns valors numèrics que permetin quantificar els aspectes 

visuals que s’observen. L’atròfia es pot mesurar visualment, amb escales que 

permeten categoritzar segons el rang d’atròfia que es presenta, o amb 

procediments de processament d’imatges semiautomàtics. Aquests procediments 

semiautomàtics que són els que fem servir per a la present tesi, es poden realitzar 

amb diversos softwares (FreeSurfer (https://surfer.nmr.mgh.harvard.edu), FSL 

(https://fsl.fmrib.ox.ac.uk), SPM (www.fil.ion.ucl.ac.uk/spm)) i s’ha demostrat 

que les mesures quantitatives que proporcionen tenen una correlació alta amb les 

mesures histològiques (56). Per poder estudiar l’atròfia en detall, aquests 

programes fan el processament semiautomàtic de les imatges de RM estructural 

per estimar el volum de substància grisa i el gruix cortical i obtenir valors globals 

i regionals, mitjançant atles que ens permetin identificar cada una de les regions. 

Per regions corticals, és habitual dividir l’escorça cerebral segons l’atles Desikan 

(57), que ens proporciona un mapa de 68 regions corticals de cervell (Figura 6). 

Mentre que per estudiar les regions subcorticals l’atles Aseg (58), és el més comú 

i ens permet tenir un mapa de 37 regions subcorticals. Hi ha altres atles que ens 

permeten segmentar el cervell en diferents granularitats, utilitzar un atles o un 

altre dependrà de l’objectiu de l’estudi.  
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Figura 6: Representacions de les regions corticals segons de l’atles Desikan amb vista medial. 

Esquerra mostra la representació pial i la dreta mostra el cervell inflat conjuntament amb els 

noms de les regions que es veuen en aquesta vista. Figura adaptada de (57) 

 

L’atròfia de l’hipocamp és una característica diagnòstica de la MA acceptada, que 

es pot avaluar amb mètodes semiautomàtics que ens permetin calcular el volum 

de l’hipocamp per poder estudiar si hi ha una disminució del seu volum, que ens 

estaria indicant la presència d’atròfia en aquesta regió. Tot i ser una mesura 

acceptada en el diagnòstic de la MA, pot ser que serveixi per diferència persones 

amb MA respecte persones sanes, però no suficient per fer un diagnòstic 

diferencial amb DFT o un diagnòstic de la MA amb un estadi precoç (59). Per 

aquest motiu necessitem estudiar totes les regions del cervell, ja que ens aportarà 

la informació necessària que podria fer realitzar el diagnòstic diferencial. Quan 

es vol estudiar totes les regions del cervell com un conjunt i estudiar les seves 

relacions i com interaccionen entre elles per poder explicar les dues demències o 

estudiar la progressió que presenten al llarg del temps conjuntament la seva 

variabilitat es necessiten eines matemàtiques avançades. Per poder aconseguir 

aquest diagnòstic diferencial de la DFT i la MA, hi ha un creixement d’eines 

estadístiques avançades i models d’intel·ligència artificial que permeten l’estudi 

detallat de tota la informació que aporten les imatges o la combinació d’aquestes 

amb altres proves accessibles (30,60–62). 
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1.6 MODELS PREDICTIUS 

 

El 1993 Geisser defineix els models predictius o models de predicció com “el 

procés pel qual un model es crea o es tria per intentar predir millor la probabilitat 

d’un resultat” (63). Aquesta definició es pot interpretar com que els models 

predictius són processos de desenvolupament d’una eina o model matemàtic que 

genera una predicció precisa per englobar els més actuals (64). En els fons els 

models predictius són un conjunt de tècniques matemàtiques i estadístiques que 

permeten predir el comportament de certa variable en funció d’un o uns 

esdeveniments coneguts. Analitzant les dades històriques i les actuals i generant 

un model matemàtic es poden predir resultats del futur. Fet que fa que estiguin 

molt presents en el nostre dia a dia i siguin de rellevància per la ciència. Són 

d’utilitat pel cercador Google, les xarxes socials, i en context clínic ens podrien 

ajudar a respondre la pregunta de si una persona patirà una malaltia concreta. 

Poden ser de gran utilitat per estudiar malalties i ens poden guiar cap a una 

medicina personalitzada en permetre definir quins tractaments mèdics poden ser 

més adients segons les característiques del pacient, estudiar la variabilitat, o 

predir quina evolució pot tenir un pacient en funció de les seves característiques. 

Ara bé,  aquests models també poden generar prediccions inexactes o donar 

respostes incorrectes. Quan els models predictius fallen acostuma a ser per algun 

d’aquests motius (1) un preprocessament incorrecte de les dades, (2) una 

validació inadequada de les dades, (3) una extrapolació injustificada, per 

exemple, portar les dades en un espai que no és el correcte, o (4) el 

sobreajustament del model (64). Per tant, moltes de les vegades que fallen els 

models recau en les dades, és per això, que és molt important conèixer les dades 
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i saber quines són les limitacions que comporten si volem obtenir models 

predictius fiables. Pel context d’aquesta tesi, ens centrarem en els models 

predictius aplicats en casos clínics. 

 

Els models predictius engloben des de la regressió lineal fins a la intel·ligència 

artificial. Segons el disseny de l’estudi, es poden crear models amb dades 

transversals, és a dir, quan es disposa d’una única visita per participant, o amb 

dades longitudinals, quan per cada un dels participants tenim una visita inicial i 

d’altres successives que ens permeten estudiar la seva evolució al llarg del temps. 

Depèn de l’estudi, serà més adient fer estudis transversals o longitudinals segons 

la hipòtesi que es tingui. Tot i això, els estudis longitudinals recullen dades en 

diversos moments de múltiples participants, per tant, són difícils i costosos, però 

són àmpliament reconeguts com a recursos necessaris per entendre les malalties 

neurodegeneratives (65). En comparació amb els enfocaments transversals, els 

estudis longitudinals proporcionen una potència estadística més gran reduint 

l'efecte de confusió de la variabilitat entre subjectes (66). Per estudiar dades 

longitudinals la tècnica més establerta és el model d’efectes mixtos lineals (EML), 

aquests models ofereixen un marc potent i versàtil per analitzar les dades 

longitudinals. És més adequada que altres tècniques més clàssiques com podrien 

ser l’anàlisi de mesures repetides de la variància (ANOVA) o l’anàlisi transversal 

dels canvis percentuals (60,67,68).  

 

Un cop tenim les dades modelitzades, se segueix amb un estudi de la interferència 

dels resultats, que permeten avaluar les hipòtesis que es tenen per analitzar si es 

compleixen o no. Estadísticament, es pot estudiar la mateixa hipòtesi des de dos 

enfocaments diferents: (1) l’enfocament freqüentista, el més utilitzat  
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històricament que estableix el llindar del p valor de 0,05 per saber si és 

estadísticament significatiu i (2) l’enfocament bayesià que en aquest cas estudia 

les distribucions de probabilitat de les mostres amb probabilitats condicionals de 

valors coneguts. L’enfocament freqüentista en termes generals es basa en les 

distribucions de mostreig i en el Teorema Central del Límit (69,70). En aquest 

cas, els paràmetres poblacionals d’interès són tractats com valors fixos. 

Contràriament, l’enfocament bayesià estima els paràmetres a partir de la 

distribució de la població un cop es dona l’evidència amb les dades observades 

(69,71). Per tant, es tracten els paràmetres d’interès com variables aleatòries que 

es poden descriure amb distribucions de probabilitat. L’enfocament bayesià es 

basa en el Teorema de Bayes i es basa en l’estudi de la distribució de les dades ja 

existents, nomenades “prior”, per poder predir el comportament futur de dades 

noves (72). Cada opció té els seus punts forts i febles, però les diferències en 

aplicacions en el camp de les malalties neurodegeneratives no ha estat molt 

estudiat. En termes generals, la virtut més gran de l’enfocament freqüentista és 

el rigor i precisió extrema en  la hipòtesi concreta que s’està estudiant. I la virtut 

més gran de l’enfocament bayesià és que permet una interpretació realment 

probabilística, ja que proporciona respostes directes a preguntes sobre la 

magnitud probable dels efectes d'interès i, per tant, permet comparar hipòtesis 

d'una manera senzilla i intuïtiva (72,73). 

 

Els models predictius no solament ens permeten predir com evolucionaran els 

pacients amb els anys o en funció d’alguna altra variable. Tot i que aquesta és una 

de les principals utilitats d’aquests models. Ens permeten portar un seguiment de 

l’evolució de les malalties, amb tots els beneficis que comporta. Aquest 
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seguiment, avui en dia, és més necessari que mai, ja que permet avaluar l’eficàcia 

de fàrmacs o proporcionar un pronòstic precís. Per exemple, ens podria ajudar a 

identificar el moment idoni per iniciar el tractament i controlar la seva resposta 

(74). Els models predictius, que permeten realitzar estimacions en funció del 

temps són de gran importància per entendre la progressió de la malaltia i 

comparar l'estat del cervell (o altres variables, però en aquesta tesi ens centrem 

en les RM) entre pacients en diferents estadis de la malaltia (75–77). Tanmateix, 

aquests models poden generar prediccions imprecises, ja que suposen que tots 

els grups clínics (per aquesta tesi pacients amb MA, pacients amb DFT i persones 

sanes) estan ben definits i són iguals, quan biològicament sovint són molt 

heterogenis. Aquest enfocament ha permès detectar efectes de grups clínics, 

sobretot entre pacients i persones sanes, però quan es volen estudiar diferències 

entre grups, aquesta filosofia pot suposar tot un repte i un problema, ja que no té 

en compte que hi pot haver superposició de símptomes o patrons (78–80). La 

Figura 7 representa la base teòrica d’aquesta filosofia (Figura 7A) i alhora el que 

es troba en la pràctica clínica (Figura 7D), on hi ha superposicions de símptomes 

i patrons, co-patologies, etc. El que sembla un impediment per estimar aquests 

models amb precisió, actualment s’ha convertit en un gran avantatge per avançar 

cap a la medicina personalitzada. Podem assumir que els grups clínics no són 

homogenis, i estudiar aquesta heterogeneïtat que pot ser deguda a: (1) 

heterogeneïtat clínica, heterogeneïtat a conseqüència de diferents perfils de 

símptomes que es classifiquen sota el mateix trastorn.  Un clar exemple és la DFT, 

ja sigui per les seves expressions clíniques (vcDFT, vsAPP, vnfAPP, vlAPP) com 

per les seves diferents causes genètiques (C9orf72, GRN, MAPT). (2) 

Heterogeneïtat biològica, heterogeneïtat induïda per diferents predisposicions 

biològiques que convergeixen en els mateixos símptomes, per exemple podrien 
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ser les diferents mutacions que causen MA o DFT. Finalment,  (3) heterogeneïtat 

ambiental, diferents esdeveniments ambientals que causen (o eviten) els 

mateixos símptomes. Estudiar les desviacions que presenten els pacients de la 

norma, ens pot permetre avaluar la gravetat de la malaltia, la variabilitat cognitiva 

i obtenir un estudi personalitzat de l’evolució de cada pacient. En el cas de la MA 

i la DFT, aquestes mostren una heterogeneïtat individual relativament alta en la 

presentació i la taxa de progressió que és rellevant per entendre millor la 

patogènesi d'aquestes malalties, i predir-ne la progressió i, potencialment, 

l'efecte dels tractaments (81).  

 

 

Figura 7: Representació dels diferents enfocaments dels grups clínics, en aquest cas entre 

persones sanes i pacients, però és extrapolable a més grups. A) Enfocament clàssic de casos i 

persones sanes on se suposa que cada grup clínic està ben definit. B) La població clínica pot 

estar formada per múltiples grups, cadascun amb una patologia diferent. C) La variació 

relacionada amb la malaltia es pot relacionar amb variació de les persones sanes. D) El grup 

clínic pot ser difús i heterogeni a conseqüència d'un diagnòstic erroni, de comorbiditats o de co-

patologies. Figura adaptada de (78).  
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1.7 APRENENTATGE AUTOMÀTIC 

 

Els inicis de la ciència computacional daten de 1950 quan Alan Turing va fer  

pública la següent pregunta "Les màquines poden pensar?" en un seminari on 

presentava la seva investigació (82). En aquell moment encara no s’havia 

desenvolupat la intel·ligència artificial, però sí que es considera un punt d'inflexió 

o, per molts, el seu naixement. Malgrat els anys que han passat, la pregunta 

continua sent vigent. Actualment, la intel·ligència artificial es podria definir com 

una ciència que permet imitar les capacitats humanes per resoldre problemes i la 

presa de decisions. És una definició volàtil, ja que en les últimes dècades han 

sorgit diferents definicions o han anat evolucionant. El terme intel·ligència 

artificial és molt ampli, engloba diferents branques dins d’aquesta disciplina, com 

l'aprenentatge automàtic –conegut també en anglès com machine learning–, i 

l'aprenentatge profund –conegut com a deep learning en anglès. Aquestes dues 

disciplines estan formades per algorismes d'intel·ligència artificial que permeten 

realitzar prediccions o classificacions basades en un conjunt de dades. En aquesta 

tesi ens centrem en l’aprenentatge automàtic. 

 

L’aprenentatge automàtic va ser definit l’any 1959 pel científic Arthur Samuel 

com "el subcamp de la informàtica que dona als ordinadors la capacitat 

d'aprendre sense ser programats explícitament" (83). L'aprenentatge automàtic 

es basa en aquest concepte, ja que és una disciplina científica que desenvolupa 

models estadístics i algorismes que utilitzen els sistemes computacionals per dur 

a terme de manera eficaç una tasca específica basant-se en patrons i inferència de 

les dades, i millorant progressivament la seva precisió. L'objectiu principal és 

permetre que els ordinadors aprenguin automàticament, sense fer ús 
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d’instruccions humanes explícites. I per aconseguir-ho se segueixen normalment 

3 passos estàndards: (1) Procés de decisió, les dades que s'introdueixen a 

l'algorisme permeten dur a terme una estimació de quin patró segueixen, amb 

aquesta informació l’algorisme és capaç de fer una classificació o predicció. (2) 

Funció d'error, s'avalua l'error de la predicció que ha dut a terme l'algorisme fent 

servir les dades introduïdes. Finalment, (3) optimització del model, s'analitza la 

qualitat de les prediccions, és a dir, si el model és capaç d'ajustar-se a les dades 

introduïdes. El que es pretén en aquest pas és reduir la discrepància entre 

l'exemple conegut (les dades introduïdes inicialment) i l'estimació feta. Aquest 

pas s’acostuma a repetir fins que s’obté la millor precisió possible. 

 

Si es vol avaluar el model d'intel·ligència artificial, es necessita realitzar dues 

fases, una primera fase que és el que s’anomena entrenament i la segona fase que 

és el testatge. Això ens permetrà avaluar el model amb unes dades diferents de 

les que s’han fet servir per establir els paràmetres del model. Així, les dades es 

divideixen en dues parts. Una part de les dades es farà servir per entrenar el 

model i l’altra per avaluar-ne la fiabilitat o precisió. En cas de no procedir a fer la 

divisió dels dos conjunts de dades, ens podem trobar amb el problema de sobre 

ajust, que és un problema metodològic greu en els algoritmes d’intel·ligència 

artificial. Si s’avalua el model amb les mateixes dades que s’han utilitzat per 

calcular els paràmetres, s’obté una puntuació sobre optimista, ja que repeteix les 

etiquetes ja vistes, però no es podria avaluar si el model és útil per predir futures 

dades (84,85). Tanmateix, en molts casos, la divisió de les dades en dos grups no 

és suficient, ja que molts models necessiten avaluar quins són els paràmetres de 

les funcions internes del model pel conjunt de dades estudiades. És per això que 



Utilitat dels models matemàtics amb neuroimatge pel diagnòstic i  
l’estudi de la variabilitat en la malaltia d’Alzheimer i la demència frontotemporal 

 

 
47 

en molts casos es recomana realitzar una tercera divisió de les dades, el que 

s’anomena conjunt de dades de validació per resoldre el problema. El conjunt de 

dades de validació avalua els paràmetres òptims que ha de tenir la funció i les 

dades del testatge avaluen el model. Naturalment, en dividir les dades disponibles 

en tres conjunts, reduïm dràsticament el nombre de mostres que es poden 

utilitzar per entrenar el model, i els resultats poden dependre d'una elecció 

aleatòria particular pel conjunt de les dades estudiades. Per solucionar aquest 

problema, es du a terme l’estratègia del procediment de validació creuada (Figura 

8), aquesta estratègia consisteix a eliminar el conjunt de dades de validació, però 

no la seva funció. L’enfocament més bàsic (Figura 8),  és l’anomenat “k-fold” 

validació creuada, on el conjunt d’entrenament es divideix en k conjunts més 

petits (on k depèn de les dimensions dels conjunts). Aquest procediment 

consisteix a entrenar el model emprant els k-1 conjunts de les dades, i l’avaluació 

del model es realitza en les dades del conjunt restant. Per tant, les dades que 

entren el model en cap cas són les que es fan servir per a la validació. Aquesta 

divisió de les dades es fa repetides vegades, fent que totes les dades formin part 

de les dades d’entrenament i del conjunt de testatge, com s’observa en la Figura 

8, i la mesura del rendiment que s’informa del model és la mitjana de tots els 

valors calculats. Aquest enfocament pot ser computacionalment costós, però 

permet fer l’entrenament sense reduir el conjunt de dades disponibles i fa que els 

models siguin precisos, extrapolables i vàlids (84,86,87).  
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Figura 8: Esquema del procediment de la validació creuada “k-fold”. S’observa que el conjunt de 
dades es divideix en k conjunts que es distribueixen segons conjunt entrenament i testatge 

aleatòriament. Figura adaptada de (85).  

 

Els algorismes d’aprenentatge automàtic es poden classificar en 3 grups: 

aprenentatge supervisat, no supervisat, i semi supervisat, que és la combinació 

dels dos (88,89). En tots els casos es disposa d’una sèrie d’exemples o mostres, 

cada un amb unes determinades característiques. En l’aprenentatge supervisat, 

el conjunt de dades de l’entrenament estan etiquetades, per tant, l'algoritme 

aprèn d'exemples etiquetats. A nivell pràctic, el conjunt de dades s’estructura amb 

una matriu X (que no té definides les dimensions) on s’introdueixen les dades 

numèriques de les característiques que es necessiten per la predicció i el vector 

de Y on s’introdueixen les etiquetes. Els algoritmes de classificació supervisats 

engloben alhora dues categories principals: la regressió i la classificació. En el cas 

dels algoritmes de regressió, les dades que retorna l’algorisme poden tenir 

qualsevol valor numèric dins d'un interval, mentre que, en els algorismes de 

classificació, les prediccions es restringeixen a un conjunt limitat de valors (88). 

Posem un exemple pels dos casos, si suposem que en tots dos la matriu X són 

característiques mèdiques de MA o DFT, en un algorisme de classificació, podem 

intentar predir si aquests pacients tenen la malaltia o no. D’altra banda, en el cas 

de la regressió, el model avalua els valors continus per realitzar una predicció 

segons aquests valors continus, per exemple el valor individual de substància 
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grisa en funció dels anys de malaltia. Els algoritmes de classificació automàtica 

supervisats més coneguts i utilitzats en conjunts de dades clíniques són la 

màquina vectorial de suport (MVS) – coneguda com support vector machine en 

anglès –,  la regressió lineal i logística o els arbres de decisió, entre d'altres. En 

l’aprenentatge no supervisat, s’utilitzen dades no etiquetades i la finalitat és 

trobar similituds o diferències entre les característiques que ens permetin 

identificar patrons o grups de dades sense cap mena d’interferència humana. 

Seguint la notació algebraica de l’exemple anterior, el vector Y en aquest cas no 

existeix i les úniques dades són les característiques que formen la matriu  X, no 

hi ha cap mena de variable que pugui etiquetar les dades en grups predefinits 

(84). Un exemple és agrupar els pacients en subgrups segons les seves 

característiques biològiques, cognitives o clíniques. Posteriorment, podem 

intentar interpretar si aquests subgrups es poden relacionar, per exemple, en si 

respondran a un medicament o no, en aquest cas tindríem la finalitat de predir si 

necessiten el medicament o no. Els algoritmes de classificació automàtica no 

supervisats més coneguts i utilitzats per dades clíniques són anàlisi de clústers o 

l’anàlisi de components principals. Finalment, l’aprenentatge semi supervisat és 

la combinació de les dues metodologies anteriorment explicades. En aquesta 

metodologia, en la fase d’entrenament part de les dades estan etiquetades mentre 

que les altres no. Així que les dades etiquetades serveixen per guiar la classificació 

de les no etiquetades. Aquest mètode acostuma a ser l’opció escollida si etiquetar 

totes les dades (agrupar-les en grups) té un cost molt elevat. 
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1.8  UTILITAT DE L’APRENENTATGE AUTOMÀTIC EN LA CLÍNICA 

 

L'aprenentatge automàtic ha revolucionat molts camps i poden ser de gran utilitat 

en el desenvolupament de la cura de la MA, la DFT i altres afeccions cròniques. 

Aquestes tècniques es beneficien de l’accés a grans quantitats d’informació sobre 

els pacients, i són capaces d’aprendre i construir models robustos i d’alt 

rendiment, que poden ajudar a identificar marcadors de risc, identificar patrons 

amb utilitat diagnòstica, modelar la progressió de les malalties i fins i tot suggerir 

intervencions de medicina de precisió per a pacients a escala individual de 

manera ràpida (50). Tots i els prometedors avantatges, la metodologia està en un 

estat inicial, i s’han de crear algoritmes interpretables perquè siguin transferibles 

a la clínica i que millorin les eines disponibles.   

 

Els algoritmes d’aprenentatge automàtic presenten molts avantatges per les 

malalties neurodegeneratives, en conseqüència per la MA i la DFT (90). Tot i això, 

els treballs publicats en aquesta àrea no es distribueixen uniformement, s’ha 

investigat molt en mètodes per la classificació entre pacients de MA i persones 

sanes, però no hi ha gaires estudis que se centrin a aprofundir en els avantatges 

d’aquests mètodes per estudiar el diagnòstic diferencial en les diferents 

demències, que és un problema clínicament rellevant (91). Els estudis recents 

proporcionen una evidència que sosté el paper de les tècniques d'aprenentatge 

automàtic que utilitzen la RM estructural (62,92,93) per donar suport al 

diagnòstic clínic de demències neurodegeneratives  (61,94–96).  
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Les tècniques d’aprenentatge automàtic també ens poden ajudar a entendre la 

variabilitat fenotípica que presenten aquestes malalties tant en variabilitat de 

símptomes com d’edat d’inici o progressió  i possiblement també de variabilitat 

en resposta terapèutica (90). En aquest sentit,  l’aprenentatge automàtic no 

supervisat podria ser d’utilitat analitzant dades clíniques i de neuroimatge, podria 

identificar subtipus de MA, de DFT o caracteritzar la variabilitat individual. Així, 

els models d’aprenentatge automàtic ofereixen una oportunitat única per 

disseccionar aquestes malalties amb detall i des d’un enfocament objectiu, sense 

premisses clíniques preestablertes, ja que ens basem en dades recopilades sense 

intervenció humana (91).  

 

En aquest context, el diagnòstic, l’anàlisi de la variabilitat i la predicció de 

l’evolució i la resposta terapèutica de les malalties neurodegeneratives  a través 

dels models matemàtics és una branca d’investigació creixent, que requereix tant 

innovació metodològica com de models d’avaluació per l’aplicació clínica,  amb 

una gran varietat d’aplicacions potencials. En aquest sentit, la recerca en el  camp 

de l’aprenentatge automàtic ha d’adaptar-se a investigar els reptes clínics reals 

actuals; per l’altre costat la investigació clínica ha d’estar oberta als potencials 

beneficis de l’ús de models matemàtics, i especialment de l’aprenentatge 

automàtic.  
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CAPÍTOL 2 

 

Hipòtesis i Objectius 

 

 

 

2.1 HIPÒTESIS 

 

1. La consistència dels resultats de l'anàlisi estadística segons 

l'aproximació freqüentista o bayesiana en bases de dades clíniques 

i paraclíniques de malaltia d’Alzheimer, especialment en dades 

longitudinals, dependrà de l'homogeneïtat de les dades. 

2. Es podrà avaluar la variabilitat individual de les persones amb malaltia 

d'Alzheimer i demència frontotemporal amb models de predicció grupal 

del gruix cortical. Aquesta variabilitat es podrà relacionar amb variables 

clíniques i biomarcadors.    
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3. Les dades de ressonància magnètica estructural ens permetran classificar 

de forma automàtica els pacients amb malaltia d’Alzheimer i demència 

frontotemporal, i alhora proporcionaran mapes cerebrals que permetin la 

interpretació de les decisions de l’algoritme. Els estudis longitudinals 

milloraran el rendiment diagnòstic diferencial de la malaltia d’Alzheimer 

i la demència frontotemporal amb algoritmes de classificació automàtica. 

4. Serà possible obtenir les probabilitats individuals de diagnòstic de la 

malaltia d’Alzheimer o la demència frontotemporal, i aquestes permetran 

identificar subjectes en  la zona de baixa confiança del diagnòstic i 

planificar quins pacients es beneficiarien de proves addicionals.  

5. Una mesura precisa de l'asimetria cerebral ens permetrà diferenciar  els 

pacients amb demència frontotemporal respecte a pacients amb malaltia 

d’Alzheimer i diferenciar-ne les variants clíniques. 

6. Estudis quantitatius de ressonància magnètica en algunes variants 

genètiques de demència frontotemporal, podrien identificar canvis 

d’utilitat clínica. Portadors de la mutació C9orf72, podrien presentar una 

pèrdua de substància blanca al tronc encefàlic per l’afectació de vies 

motores. 

 

 

2.2 OBJECTIUS 

 

L’objectiu general d’aquesta tesi és avaluar l’aportació dels models matemàtics 

avançats en les eines de diagnòstic, d’estudi de variabilitat i de progressió  actuals 
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en la malaltia d’Alzheimer i la demència frontotemporal. Els objectius específics 

són: 

 

1. Avaluar l’impacte de l’ús dels diferents enfocaments estadístics en estudis 

longitudinals de dades clíniques i paraclíniques de ressonància magnètica 

de la malaltia d’Alzheimer. 

2. Caracteritzar models de gruix cortical en termes que a) permetin estudiar 

la variabilitat individual dels pacients amb malaltia d’Alzheimer i 

demència frontotemporal, b) permetin predir l’evolució dels pacients amb 

malaltia d’Alzheimer i demència frontotemporal amb relació al temps 

d’evolució. 

3. Explorar i comparar la utilitat diagnòstica dels algoritmes de classificació 

automàtica en estudis transversals i estudis longitudinals de pacients amb 

malaltia d’Alzheimer i demència frontotemporal.  

4. Establir la probabilitat individual per la classificació entre pacients amb 

malaltia d’Alzheimer, demència frontotemporal, i persones sanes per 

estudiar la zona de baixa confiança diagnòstica de persones amb malaltia 

d’Alzheimer i demència frontotemporal.  

5. Definir  un índex d’asimetria cerebral  a partir dels valors del gruix cortical 

que permeti identificar persones amb demència frontotemporal i les seves 

variants clíniques.  

6. Avaluar la pèrdua de substància blanca del tronc encefàlic en portadors 

simptomàtics i asimptomàtics de la mutació C9orf72 comparat amb no 

portadors i la seva relació amb la presència de malaltia de motoneurona 

clínica. 
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CAPÍTOL 3 

 

Mètodes 

 

 

 

El mètode de cadascun dels estudis es detalla en el manuscrit corresponent.  Tot 

seguit es descriuen breument de manera general les dades utilitzades, els criteris 

de diagnòstic dels participants i les principals tècniques utilitzades, ja que són 

factors comuns en els articles que formen aquesta tesi.   

 

 

3.1 PARTICIPANTS 

 

Pel primer treball es fa servir la base de dades pública Alzheimer's Disease 

Neuroimaging Initiative (ADNI) (https://adni.loni.usc.edu), que és una base de 
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dades pública multicèntrica dissenyada per estudiar la MA. Les dades dels 

escàners de ressonància magnètica estructural de pacients amb MA, 

deteriorament cognitiu lleu (DCL) i persones sanes (CTR) de diverses visites són 

descarregades. Els criteris de diagnòstic (97) per cada un dels pacients és el 

següent: 

a) MA: Persones adultes amb queixes cognitives amb Mini-Examen d'estat 

mental (MMSE) entre 20 i 26 i Escala de classificació clínica de demència 

(CDR) entre 0,5 i 1. 

b) DCL: Persones adultes amb queixes cognitives amb MMSE entre 24 i 30 i 

CDR 0,5. 

c) CTR: Persones adultes sanes sense queixes cognitives amb MMSE entre 

24 i 30 i CDR 0. 

 

Pel segon, tercer, quart i cinquè treball es fa servir dades de pacients MA, DFT, i 

CTR, visitats a la Unitat d’Alzheimer i altres trastorns cognitius del Servei de 

Neurologia de l’Hospital Clínic de Barcelona. El Comitè ètic de l’Hospital Clínic 

de Barcelona ha aprovat els estudis (HCB 2019/0105)  i tots els pacients han 

signat el consentiment informat per participar. Per aquests estudis s’han fet servir 

les imatges de RM estructural, en els estudis segon, tercer i cinquè s’ha fet servir 

més d’una visita dels pacients, per tant, un estudi longitudinal, mentre que en el 

quart estudi solament es va fer servir la primera visita d’aquests pacients. En els 

estudis segon, quart i cinquè també s’han fet servir dades de biomarcadors de 

LCR i sang i proves cognitives d’aquests pacients. Els criteris de diagnòstic per 

aquests pacients ha estat: 
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a) MA: Pacients que complien els criteris clínics de demència lleu a causa de 

MA (16,17) confirmats per un perfil de biomarcadors de LCR que suggereix 

la neuropatologia subjacent de la MA segons National Institute on 

Aging/Alzheimer's Association Research Framework 2018 (13). 

b) DFT: Pacients que complien els criteris clínics pel diagnòstic de diferents 

variants de DFT, exactament la variant conductual o els fenotips de l’afàsia 

primària progressiva semàntica o no fluent (36,98). 

c) CTR: Persones adultes sanes amb rendiment cognitiu dins del rang 

normatiu. 

 

Finalment, el sisè article solament ha estat centrat en DFT de causa genètica, per 

això s’ha fet servir les dades de RM i de proves cognitives del consorci Genetic 

Frontotemporal dementia Initiative (GENFI) (https://www.genfi.org/)  que és un 

consorci que engloba diferents grups de centres de recerca d’Europa i el Canadà. 

L’Hospital Clínic de Barcelona en forma part a través d’una de les directores 

d’aquesta tesi la Dra. Raquel Sánchez-Valle com IP en el centre.  Els comitès ètics 

de cada centre han aprovat els procediments i tots els pacients han firmat el 

consentiment corresponent. En aquest cas solament han format part de l’estudi 

els pacients amb la mutació del gen C9orf72, els criteris de diagnòstic dels 

pacients són els següents: 

a) DFT: Portadors de l’expansió patogènica a C9orf72,  asimptomàtics o 

simptomàtics amb diagnòstic clínic de DFT o esclerosi lateral amiotròfica. 

b) CTR: Participants familiars de primer grau de portadors de la mutació 

C9orf72, no portadors de l’alteració genètica.  
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3.2 ADQUISISCIÓ DE LA RESSONÀNCIA MAGNÈTICA 

 

Les dades de RM estructural del primer treball es van adquirir en diferents 

escàners 1,5T i 3T, dels fabricants Philips Healthcare (Koninklijke Philips NV, 

Amsterdam, Països Baixos), GE Healthcare Life Sciences (General Electric, 

Boston, MA, EUA) i Siemens Healthcare Diagnostics. (Siemens, Erlangen, 

Alemanya). 

 

Pels treballs segon, tercer, quart i cinquè les imatges de ressonància magnètica es 

van adquirir en els escàners 3T Magnetom Trio Tim (Siemens Medical Systems, 

Alemanya) i la seva actualització el Prisma 3T (Siemens Medical Systems, 

Alemanya) de la Plataforma d’imatge per Ressonància magnètica de FRCB-

IDIBAPS. Es va utilitzar les imatges de RM estructurals 3D d’alta resolució 

(ponderat en T1, MP-RAGE, temps de repetició = 2,30ms, temps d'eco = 2,98ms, 

240 llesques, camp de visió = 256 mm, mida del vòxel = 1 ×1 x 1mm). 

 

Finalment per l’últim treball les dades de RM estructural es van adquirir en 19 

escàners de tres fabricants diferents: Philips Healthcare (Koninklijke Philips NV, 

Amsterdam, Països Baixos), GE Healthcare Life Sciences (General Electric, 

Boston, MA, EUA) i Siemens Healthcare Diagnostics. (Siemens, Erlangen, 

Alemanya). Els protocols d’adquisició van ser sotmesos a controls de qualitat per 

la seva harmonització.  
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3.3 PROCESSAMENT DE LES IMATGES DE RESSONÀNCIA 

MAGNÈTICA 

 

El primer treball és l’únic que les dades de ressonància magnètica van estar ja 

processades externament, pel consorci ADNI  (99).  

 

Per la resta de treballs que formen aquesta tesi el processament de les imatges ha 

estat realitzat íntegrament per l’autora d’aquesta tesi. Es va utilitzar el 

processament disponible amb el software FreeSurfer 

(http://surfer.nmr.mgh.harvard.edu.sire.ub.edu/) versió 6.0 per dur a terme la 

reconstrucció cortical i la segmentació volumètrica de les adquisicions 

ponderades en T1. FreeSurfer ens permet obtenir mapes de gruix cortical i 

segmentar les estructures subcorticals (100,101). Amb les imatges reconstruïdes 

s’aconsegueixen les mesures resumides de volums mitjans del gruix cortical i la 

substància grisa dels dos hemisferis. Els valors per regions corticals i subcorticals 

que fem servir per a aquesta tesi són els dels atles disponibles a FreeSurfer 

(57,102). Totes les imatges i les segmentacions individuals es van inspeccionar 

visualment i es van corregir manualment en cas de ser necessari. 

 

 

3.4 BIOMARCDORES DE LÍQUID CEFALORRAQUIDI i SANG 

 

Els estudis segon, quart i cinquè inclouen biomarcadors de LCR i sang, els nivells 

d’aquests biomarcadors es van obtenir al laboratori del grup d’Alzheimer i altres 

trastorns cognitius de FRCB-IDIBAPS (Cellex) o al Centre de diagnòstic biomèdic 

de l’Hospital Clínic de Barcelona.  

http://surfer.nmr.mgh.harvard.edu.sire.ub.edu/
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Pels biomarcadors de LCR, la seva extracció va ser amb una punció lumbar, 

posteriorment l’anàlisi dels diferents biomarcadors va ser utilitzat kits d'assaig 

immunosorbent lligat a enzims (ELISA) disponibles comercialment per 

determinar els nivells d’Aβ42, t-tau i p-tau (INNOTEST, Fujirebio Europe N.V., 

Gent, Bèlgica), NfL (IBL International, Hamburg, Alemanya) i 14-3-3 (CircuLex, 

MBL International Corporation, Woburn, MA).  

 

En el cas dels biomarcadors de sang, la seva anàlisi va ser mitjançant Quanterix 

Simoa Neurology 4-Plex A (incloent-hi t-tau, GFAP, NfL i UCH-L1) i Quanterix 

Simoa p-tau181 Advantage V2 i V2.1 seguint el protocol del fabricant (Quanterix, 

Billerica, MA) i s’harmonitza els valors dels dos kits. 

 

 

3.5 IMPLEMENTACIÓ DELS MODELS MATEMÀTICS 

 

Els models matemàtics, els models d’intel·ligència artificial i les anàlisis 

estadístiques de la present tesi han estat dissenyats per l’autora d’aquesta tesi i 

implementats en els llenguatges de programació Pyhton (www.python.org) o R 

(https://www.r-project.org) principalment. Les versions dels programaris 

s’indiquen en els diferents treballs, ja que hi ha hagut actualitzacions al llarg de 

la tesi.  

 

El primer i sisè treball tenen una base principalment estadística, i per això s’han 

dut a terme únicament amb el llenguatge de programació R, i en el cas del primer 

https://www.r-project.org/
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treballa una part també amb el llenguatge Stan (https://mc-stan.org/). Pel 

primer treball hi ha el codi per reproduir l’estudi en obert a Github 

(https://github.com/Agnes2/LME-with-a-Bayesian-and-Frequentist-

Approaches.git), ja que és amb dades públiques. 

 

El segon, tercer i quart article els models d’intel·ligència artificials han estat 

implementats en Python amb la llibreria Scikit-learn (103), una llibreria 

àmpliament utilitzada i acceptada per realitzar models d’intel·ligència artificial 

en diversos àmbits i contextos. Es caracteritza per tenir eines simples i eficients 

per l’anàlisi predictiva de les dades. Per altra banda, la part més estadística i de 

gràfics dels treballs ha estat desenvolupada en R. 

 

Finalment, en el treball cinquè també s’ha fet servir la combinació dels dos 

llenguatges de programació (Python i R). Per desenvolupar l’índex que es 

presenta s’ha fet amb el llenguatge Python sense fer ús de llibreries on ja havia 

estat implementat. Finalment, per l’estudi estadístic i de visualització s’ha fet 

servir funcions de llibreries ja implementades de R. 

 

 

 

 

 

 

 

 

 

https://mc-stan.org/
https://github.com/Agnes2/LME-with-a-Bayesian-and-Frequentist-Approaches.git
https://github.com/Agnes2/LME-with-a-Bayesian-and-Frequentist-Approaches.git
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Evaluating the performance 
of Bayesian and frequentist 
approaches for longitudinal 
modeling: application 
to Alzheimer’s disease
Agnès Pérez‑Millan1,2, José Contador1, Raúl Tudela3, Aida Niñerola‑Baizán3,4, 
Xavier Setoain3,4, Albert Lladó1,5, Raquel Sánchez‑Valle1 & Roser Sala‑Llonch2,3*

Linear mixed effects (LME) modelling under both frequentist and Bayesian frameworks can be used 
to study longitudinal trajectories. We studied the performance of both frameworks on different 
dataset configurations using hippocampal volumes from longitudinal MRI data across groups—healthy 
controls (HC), mild cognitive impairment (MCI) and Alzheimer’s disease (AD) patients, including 
subjects that converted from MCI to AD. We started from a big database of 1250 subjects from the 
Alzheimer’s disease neuroimaging initiative (ADNI), and we created different reduced datasets 
simulating real‑life situations using a random‑removal permutation‑based approach. The number of 
subjects needed to differentiate groups and to detect conversion to AD was 147 and 115 respectively. 
The Bayesian approach allowed estimating the LME model even with very sparse databases, with high 
number of missing points, which was not possible with the frequentist approach. Our results indicate 
that the frequentist approach is computationally simpler, but it fails in modelling data with high 
number of missing values.

!e availability of longitudinal data-repeated measures of the same subjects over time-provides the opportunity to 
study trajectories of disease biomarkers. !is o"ers an unquestionable value, as measures of change and evolution 
can complement cross-sectional analyses—mainly based on group di"erences at a speci#c time point—into the 
understanding of neurological diseases and the evaluation of disease-modifying treatments. However, real-life 
longitudinal databases are o$en characterized by high levels of noise, high variability, and missing points that 
lead to unbalanced data. All these factors represent a challenge when creating the models and o$en limit their 
interpretability. In this context, the use of linear mixed e"ects (LME) models o"ers a powerful and versatile 
framework for analysing longitudinal data, being more adequate than classical approaches such as repeated 
measures analysis of variance (ANOVA) or cross-sectional analysis of percent  changes1–3.

In addition, when these biomarkers are obtained from neuroimaging data, there are additional challenges, 
as there are strong dependencies within subjects and timepoints. In this sense, besides the clear dependencies 
between the di"erent measures of one subject, there are also dependencies between subjects that need to be 
modelled. LME models attempt to reconcile these schemes by combining #xed and random e"ects, where #xed 
e"ects are assumed to represent those parameters that are the same for the whole population, while random 
e"ects are group dependent variables assumed to consider the variance in the data explained over time and 
subject. In our case, the random e"ects will take into account the variability of the non-independent measures 
from di"erent  subjects4–6 ⁠.
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A$er data modelling, LME models are usually followed by statistical inference procedures, which allow the 
researcher to generate questions about the model and to further evaluate their statistical signi#cance and clini-
cal relevance. In this sense, while statistical signi#cance is well established to p-values < 0.05, or equivalent, the 
assessment of clinical relevance has not yet a standard  analysis7. It has been suggested that clinical relevance 
can never be determined form p-values  alone8, and complementary statistics should emerge to overcome this 
limitation in interpretability.

Historically, the dominant approach for performing the full procedure of LME modelling + statistical inference 
has been the Frequentist LME (FLME) approach. However, di"erent methods using a Bayesian LME (BLME) 
approach have been  suggested3,9. As suggested in the editorial of Anna G.M. Temp et al.10, Bayesian statistics can 
be used jointly with frequentist approaches to draw clinically relevant conclusions that can complement classical 
studies based uniquely on statistical signi#cance.

In general words, the FLME approach is based on sampling distributions and on the Central Limit 
 !eorem11,12, and it treats the population parameters of interest as #xed  values11. While in BLME, parameters 
are estimated from the population distribution, given the evidence provided by the observed  data11. BLME is con-
sidered a more natural approach to answer a question, since it estimates the parameters of interest directly from 
the population distribution instead of estimating them from the sampling  distribution13. !e Bayesian approach 
treats the parameters of interest as random variables that can be described with probability  distributions11 ⁠. 
!ese posterior distributions can be compared directly without referring to statistical results of multiple tests. 
Overall, the di"erences in comparing frequentist vs Bayesian approaches in di"erent #elds have opened a debate 
in several  #elds14–17.

Alzheimer’s disease (AD) is clearly one of the research #elds that will bene#t from the development of lon-
gitudinal statistical methods. It is believed that AD is a slowly evolving process that likely begins years before 
the clinical symptoms are  manifested18,19 ⁠. !erefore, there is a strong interest in identifying subjects at high risk 
before the full clinical criteria for AD dementia are  met20,21 ⁠, as well as in giving reliable prognosis at the sub-
ject’s level. !e existence of public available databases, such as the Alzheimer’s disease neuroimaging initiative 
(ADNI) has facilitated the de#nition and validation of neuroimaging biomarkers for  AD22 ⁠. In this sense, the 
hippocampal volume (HV), derived from structural Magnetic Resonance Imaging (MRI) data, has become one 
of the most widely used biomarkers. Compared with healthy aging, HV is progressively a"ected in AD, being 
already reduced in patients with Mild Cognitive Impairment (MCI) due to AD and more strongly a"ected in 
advanced AD  stages23–25.

In the recent years, the longitudinal trajectories of some AD biomarkers using frequentist approaches have 
been widely  described1,9,26. On the other hand, the attempts to incorporate Bayesian statistics have shown prom-
ising  results2,3,9. Even if frequentist and Bayesian schools represent two di"erent schools of thinking, they o$en 
complement to each other. In the present work we analysed longitudinal MRI data from the ADNI dataset, 
using both FLME and BLME approaches. We performed simulations of real-life datasets derived from a public 
big database to explore the robustness of the methods with limited sample sizes and missing data using both 
approaches. Our goal was to evaluate the pros and cons of these approaches in real-life scenarios. For this, we 
create (simulate) datasets that incorporate the common handicaps found in clinical studies, e.g., low number of 
participants, missing data points or unbalanced sets with the aim to provide recommendations for further studies 
as regards the use of frequentist and Bayesian approaches, whilst illustrating the limitations of both approaches 
and bringing attention to statistical signi#cance and clinical relevance.

Materials and methods
Data. We used longitudinal brain MRI data (T1-weighted scans, combining 1.5 and 3.0 Tesla) from the ADNI 
database (adni.loni.usc.edu). !e ADNI was launched in 2003 as a public–private partnership, led by Principal 
Investigator Michael W. Weiner, MD. Including participants from ADNI-1, ADNI-GO, ADNI-2 and ADNI-3. 
Scans had been previously preprocessed with the FreeSurfer Longitudinal  stream27⁠, as explained  elsewhere28. 
We focus our analyses on the HV, as it is a common AD biomarker and we include the total intracranial volume 
(ICV), as a known confound in neuroimaging studies. !erefore, we downloaded HV, ICV and demographics 
from the data server.

We included AD dementia and MCI patients, as well as Healthy control (HC) participants, as labelled by the 
ADNI  consortium21. According to their clinical evolution, we further created the following groups:

1. Stable HC (sHC) subjects who were diagnosed as HC throughout the follow-up period.
2. Converter HC (cHC) subjects who were diagnosed as HC at baseline and progressed to MCI or AD dementia.
3. Stable MCI (sMCI) subjects who were diagnosed as MCI throughout the follow-up period.
4. Converter MCI (cMCI) subjects who were diagnosed as MCI at baseline and progressed to AD dementia.
5. AD subjects who were diagnosed as AD at baseline.

We initially selected subjects having at least two acquisitions and we created several datasets as starting points. 
Tables 1 and 2 provide descriptive statistics of our initially selected longitudinal samples.

!e datasets used for the di"erent analyses were:

1. Dataset 1 consisted of all the available data from the 4 timepoints, as described in Tables 1 and 2 (N = 1250 
subjects).

2. Dataset 2 was a reduced version of dataset 1 containing only sMCI and cMCI subjects (N = 680 subjects).
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3. Dataset 3 was a homogeneous balanced database. We selected from dataset 1, subjects with 4 timepoints 
available. Demographics for this database are summarized in Table 3 (N = 670 subjects).

4. Dataset 4 is a reduced version of dataset 3 containing only sMCI and cMCI subjects (N = 373 subjects).

Implementation of LME models. As there is not a #xed rule for choosing the number of random e"ects 
in LME, we evaluated two di"erent models. Both models included the Intercept term, or group-mean, as a ran-
dom e"ect. For the #rst LME model, the #xed e"ects were: time from baseline, group, group-by-time interac-
tion, baseline age, sex, APOE status, APOE-by-time interaction and ICV. For the second LME model, the slope 
(measured as time from baseline) was also included as a random e"ect and the rest of variables were le$ as #xed 
e"ects (see Supplementary Material for details). !e selection of the variables to be included in the models was 
done mimicking the analysis performed by Bernal-Rusiel et al. and according to previous AD  literature29,30. HV 
(the outcome variable of our model) and ICV (a #xed e"ect variable of the model) variables were standardized 
to zero mean and standard deviation of one, using Fisher’s Z norm, to ensure that the estimated coe&cients are 
all on the same scale and therefore the corresponding e"ect sizes are comparable.

Statistical inference. We #rst studied which of the two proposed LME models were more appropriate for 
our sample using the frequentist approach with ANOVA and the Akaike Information Criteria (AIC). We used 
an ANOVA with χ2 test on the model parameters and coe&cients estimated for both models and we assessed the 
signi#cance with the likelihood ratio  test31.

We then used frequentist statistical inference to test some of the well-known research questions in the AD 
#eld. For that, we created a set of contrasts using F-tests and using Satterthwaite’s  method32 to compute the 
degrees of freedom. !e contrasts studied were:

1. Are there di"erences across the 5 groups? (i.e., ANOVA main e"ect).
2. Are there di"erences between sMCI and cMCI?
3. Are there di"erences between cMCI and AD?

Table 1.  Characteristics of the longitudinal ADNI sample used. Baseline age values are in mean ± standard 
deviation. M = male, F = female, nc = non-carriers, c = carriers. p-values indicate di"erences between group. We 
used ANOVA for baseline age, and Fisher’s exact test for the other data.

Variable sHC cHC sMCI cMCI AD p-value
N 273 78 361 319 219
Baseline age (years) 74.3 ± 5.7 76.2 ± 5.1 72.9 ± 7.4 72.4 ± 7.5 74.7 ± 7.9 0.19
Sex (M/F) 142/131 40/38 212/149 184/135 123/96 0.41
APOE-e4 (nc/c) 207/66 52/26 203/158 121/198 64/155  < 0.0005

Table 2.  Number of scans per time point by clinical group and time between scans. Time from baseline values 
are in mean ± standard deviation.

Time point sHC (N) cHC (N) sMCI (N) cMCI (N) AD (N) Time from baseline (years)
Baseline 273 78 361 319 219 0.00
Year 0.5 243 71 326 274 187 0.51 ± 0.05
Year 1 234 70 294 275 173 1.01 ± 0.06
Year 2 206 61 233 240 97 2.02 ± 0.08

Table 3.  Characteristics of the balanced longitudinal ADNI sample used. Baseline age values are in 
mean ± standard deviation. M = male, F = female, nc = non-carriers, c=carriers. p-values indicate di"erences 
between group. We used ANOVA for baseline age, and Fisher’s exact test for the other data.

Variable sHC cHC sMCI cMCI AD p-value
N 172 53 187 186 72
Baseline age (years) 74.2 ± 5.6 76.1 ± 5.4 72.0 ± 6.9 71.6 ± 7.6 74.2 ± 7.9 0.004
Sex (M/F) 96/76 24/29 104/83 107/79 40/32 0.62
APOE-ɛ4 (nc/c) 133/39 33/20 116/71 72/114 21/51  < 0.0005
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4. Are there di"erences between sHC and sMCI?
5. Are there di"erences between sHC and AD?
6. Are there di"erences between sHC and cMCI?
7. Are there di"erences between sHC and cHC?

We evaluated the LME model and tested these 7 contrasts in the datasets described previously (note that with 
dataset 2 or 4 we could only test contrast 1).

For the BLME approach, we also used the LME model with two random factors (the intercept and the slope). 
Posterior distribution measures regression parameters ß and contains all the information for statistical inference. 
We used the Credible Intervals (CrI) of this posterior distribution to study group di"erences. !e CrI di"er 
from the well-known Con#dence Intervals (CI) in the fact that they are based in the uses of prior information 
and allow direct inferences about plausibility. !us, CrI need the use of prior information to be estimated and 
can be interpreted as the probability in terms of  plausibility33. We considered the four datasets and the same 7 
contrasts described above.

All analyses were implemented in so$ware R (https:// www.r- proje ct. org), version 3.6.2. For the LME model 
we used the lme4  package34 and the rstan  package35, so we combined R and Stan (https:// mc- stan. org/) languages. 
!e code for these analyses is available at https:// github. com/ Agnes2/ LME- with-a- Bayes ian- and- Frequ entist- 
Appro aches. git.

Simulation of real‑life databases. Firstly, with the aim to provide a recommendation of the minimum N 
needed in these studies, we performed sequential simulations on the databases. We followed the scheme shown 
in Fig. 1a. We started from either dataset 1 (all groups) or dataset 2 (only MCI). We randomly selected one sub-
ject and we removed it (all its time points) from the dataset. !en we re-estimated the LME model, and we calcu-
lated the contrast of interest. !is was repeated until the stopping criterion was met. At this point, we stored the 
last signi#cant database, as a borderline signi#cant dataset. Here, the stopping criterion was set at p-value > 0.05. 
!is procedure was performed with dataset 1 (i.e., minimum N to di"erentiate across the 5 groups) and dataset 
2 (i.e., minimum N to di"erentiate between sMCI and cMCI).

Further, with the aim to evaluate another typical situation in these studies, we also tested the e"ect of missing 
timepoints. We started from dataset 3 (full balanced data) or dataset 4 (MCI balanced data), and we proceeded 
as shown in Fig. 1b. First, we randomly selected one subject’s time point of the sample and we removed it. We 
then estimated the FLME model, and we performed the corresponding statistical inference. We progressively 
removed time points from di"erent subjects until the stopping criterion was met, and, as above, the last data-
base was kept as a borderline signi#cant database. !e stopping criterion was set at p-value > 0.05. However, it 
should be mentioned that the FLME model cannot handle having more subjects’ samples than random e"ects. 
!erefore, this restriction was added as an additional stopping criterion. !e random e"ects were measured as 
N × 2 subjects’ samples, as we had a FLME model with randomly varying intercept and slope.

All the simulations were repeated over 500 iterations to account for the random selection of the subjects/
timepoints to be removed at each step, leading to 500 borderline signi!cant databases.

We applied BLME to the most compromised datasets found with FLME and we studied its behavior. Here, we 
performed a descriptive analysis in the borderline situations found with FLME. For that, we studied the obtained 
borderline datasets with the BLME model to estimate if they remained signi#cant in the Bayesian framework 
and to evaluate the potential clinical interpretations that could be derived from them in terms of relevance.

Figure 1.  Simulations’ scheme (a) Strategy for minimum N simulations. !e initial data is dataset 1 or dataset 
2. (b) Strategy of the simulation of missing time points. RE= random e"ects.

https://www.r-project.org
https://mc-stan.org/
https://github.com/Agnes2/LME-with-a-Bayesian-and-Frequentist-Approaches.git
https://github.com/Agnes2/LME-with-a-Bayesian-and-Frequentist-Approaches.git
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Results
Statistics on ADNI longitudinal databases. Of the two possible LME models to #t our data—one with 
the intercept as a random e"ect and another with intercept and slope as random e"ects—we found that the second 
one performed better for explaining our data. !is was veri#ed by the results of the ANOVA (p-value <<< 0.001) 
and by comparing their AIC values (1546.2 vs 1411.7). !erefore, all further analyses were performed with this 
model. To obtain comparable results, we also used intercept and slope as random e"ects in the BLME model.

We applied the FLME model followed by a set of F-tests to evaluate the contrasts of interest in the four data-
bases described above. Results are shown in Table 4, and they reproduce previous reports on the #eld (as those 
presented in Ref.1 ⁠). Mainly, we found signi#cant di"erences in HV (p-value < 0.05) between all the #ve clinical 
groups, between sMCI and cMCI, between sHC and AD and between sHC and cMCI for the four initial data-
sets con#gurations. All these di"erences remained signi#cant a$er correcting for multiple comparisons using 
Bonferroni (n = 7 tests, p-value < 0.05/7).

A$er #tting the BLME model, we obtained the joint posterior probability of the parameters. Here, we were 
interested in the posterior probability distribution for the ßs, and we used the interval from 2.5th to 97.5th per-
centiles to obtain the 95%  CrI36. We focused on the ßs that represented change over time for the di"erent groups 
(with sHC being the reference group). Results for dataset 1 are shown in Table 5. We found that the e"ect of 
time was signi#cant (i.e., the 95% CrIs did not contain zero) for cMCI and for AD, while it was not signi#cant 
for cHC and sMCI. When comparing groups, which not contain the reference group, we considered that there 
were di"erences when the corresponding CrI did not overlap. !e contrasts with signi#cant di"erences are the 
same as those depicted by the FLME approach.

Finding compromised datasets with FLME. Minimum N simulations. By evaluating the 500 data-
bases obtained from the procedure described in Fig. 1a and starting from dataset 1, we found that the minimum 
N needed to di"erentiate the #ve clinical groups (with p-value < 0.05) using the HV measure was N = 147 ± 73 
overall. As the removal process followed a random order, the number of subjects within each group was not #xed 
by the algorithm. !e group distribution resulting from the 500 databases is shown in Fig. 2a.

Similarly, with the same procedure and starting from database 2, we found that the minimum N needed to 
di"erentiate cMCI and sMCI using HV measures was N = 115 ± 64 overall. !e distribution of the groups within 
the 500 obtained databases is shown in Fig. 2b.

Missing points simulations. For these simulations, in both cases (starting from database 3 and database 4), we 
rapidly encountered that the limitation of number of samples < number of random e"ects. !us, evidencing the 
low robustness of FLME approaches with highly unbalanced data.

Table 4.  Summary of the null hypotheses tested and results of the statistical inference. *Indicates 
p-value < 0.05 (Bonferroni corrected).

Contrast
Dataset 1
F, p

Dataset 2
F, p

Dataset 3
F, p

Dataset 4
F, p

sMCI vs cMCI 39.2
5.6 ×  10–10 *

36.1
3.2 ×  10–9*

31.8
2.5 ×  10–8*

24.2
1.3 ×  10–6*

All groups 22.8
4.1 ×  10–18 * – 15.1

8.5 ×  10–12* –

AD vs cMCI 2.0
0.2 – 0.2

0.6 –

sHC vs sMCI 2.3
0.1 – 1.0

0.3 –

sHC vs AD 53.8
4.1 ×  10–13* – 27.7

1.9 ×  10–7* –

sHC vs cMCI 53.4
5.7 ×  10–13* – 40.4

3.8 ×  10–10* –

sHC vs cHC 2.3
0.1 – 2.7

0.1 –

Table 5.  Estimation and 95% Credible Intervals (CrI) of the ßs of interest LME model #tted with a Bayesian 
approach. CrI borders are expressed as the 2.5% and 97.5% percentiles. *Indicates that the e"ect is signi#cant 
(i.e., CrI does not contain zero).

Parameter Interpretation Estimate 95% CrI
ß11 cHC × time  − 0.03  − 0.06 0.01
ß12 sMCI × time  − 0.02  − 0.04 0.01
ß13 cMCI × time  − 0.08  − 0.11  − 0.06*
ß14 AD × time  − 0.11  − 0.13  − 0.08*
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By analysing the database 3 (initial N = 670 with 4 time points per subject), with the process described in 
Fig. 1b, the simulations stopped at N = 612 ± 9 subjects (with di"erent number of time points per subject), except 
from 3 iterations that did not converge into a failing database considered as outliers. At the moment that it was 
impossible to estimate the FLME model we had a mean of 2 missing time points per subject.

Similarly, with the same procedure and starting from database 4 (initial N = 373 with 4 time points per subject) 
we found that the simulations stopped at N = 341 ± 7 except from 45 databases that did not stop. At the point 
that it was impossible to estimate the FLME model we had again a mean of 2 missing time point per subject.

Evaluating compromised datasets with BLME. Minimum N simulations. We studied the behaviour 
of BLME approach on di"erent datasets obtained from the frequentist simulations of the minimum N. We #rst 
picked 10 di"erent databases depicting di"erences across the 5 clinical groups, but that were at the limit for 
signi#cance. !ese were randomly selected from the 500 iterations of the FLME experiments (the full character-
istics of these databases are described in Supplementary Material). When studied with a BLME approach, 9 of 
them showed di"erences across the 5 groups. Figure 3a represents two of the datasets obtained in the simulation 
of the minimum N. !en, we selected 10 databases obtained from the simulations with dataset 2 (i.e., minimum 
N to #nd di"erences between sMCI and cMC). In this case, only 2 datasets remained signi#cant when studied 
with the BLME approach. Figure 3b shows an example of the datasets obtained with the simulation of the mini-
mum N.

Missing points simulations. To estimate the FLME model with a frequentist approach we encountered a practi-
cal limitation inherent to the model: the need to have more samples than random e"ects. Here, we selected 10 
databases, from the FLME simulations, at the point that they no longer met the requirement. !us, with these 
databases it was impossible to estimate a FLME model. !e full characteristics of these databases are described 
in Supplementary Material. We studied with a BLME model these 10 databases. We found that the model can be 
estimated, and that all the databases depicted di"erences across the 5 groups (see Supplementary Material). For 
the 10 stopping databases created from the simulations with dataset 4 we found similar results (see Supplemen-
tary Material), we could estimate the model and present di"erences for sMCI vs cMCI. Figure 3c,d represents 
Dataset 3 and 4 with one example of the datasets obtained a$er the missing points simulations for each situation.

Discussion
In this study, we explored large longitudinal neuroimage datasets obtained from ADNI to study trajectories of 
hippocampal volume change in AD. For that, we created LME models under the frequentist and the Bayesian 
frameworks. We found that both approaches have similar behavior in #nding di"erences with the entire data-
base. In the minimum N simulations, the Bayesian approach was slightly stricter to signi#cance when reducing 
data size. In addition, our results indicated that the Bayesian approach is more robust to unbalanced and sparse 
databases with di"erent number of measurements across subjects.

Firstly, our investigation supports the use of LME approaches to model longitudinal data. !e results of our 
null hypotheses testing agreed with those reported previously in AD for the  hippocampus1,2. Additionally, we 
provide evidence of the utility of these apparently more complex analyses to study compromised datasets with 
di"erent time points for across subjects.

!e frequentist approach allowed us to implement a method for testing the relationship between the sample 
characteristics (size and missing points) and the expected group di"erences. Even considering that the statisti-
cal threshold (here p < 0.05) may be rather arbitrary  (see37,38), it is important to note that this was chosen as a 
controlled systematic approach to study the behavior of the databases when removing subjects, with the ultimate 

Figure 2.  Distribution of subjects within each group for all the obtained databases (a) minimum N simulation 
across #ve clinical groups (b) minimum N simulation across MCI group.
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goal to evaluate the behavior of both approaches in di"erent scenarios. To our knowledge, there are no previous 
studies addressing similar questions with neuroimaging data.

In a further step, we aimed to explore the utility of Bayesian statistics combined with LME modelling. It has 
been suggested that Bayesian approaches could complement the #ndings obtained with frequentist analyses, 
as they provide a more interpretable framework. Bayesian models are based on the direct estimation from the 
population distribution represented by the posterior distribution, instead of estimating from the hypotheti-
cal sampling distribution as it happens in the frequentist  approach13. In this context, our BLME model can be 
interpreted in a probabilistic way and may o"er a more direct interpretation in clinical settings than  FLME13,14. 
Contrarily, the FLME approach does not accept probabilistic interpretation although many researchers use them 
to interpret their  results39. As we observed when testing large databases, the two approximations of LME model 
o$en led to similar conclusions. Indeed, our results in terms of statistical signi#cance support previous research 
on the role of HV as a biomarker for AD, being highly signi#cant across groups and between converters and 
non-converters. However, when repeating all comparisons with BLME, we aimed to add clinical relevance to the 
above signi#cance statement. !is was more evidenced when studying compromised datasets. !at is, by using 

Figure 3.  Hippocampus volume versus age. Top plots (a,b) represent dataset 1 (a) and 2 (b) with initial N. 
Bottom plots (a,b) represent four di"erent databases obtained a$er the simulation of minimum N, resulting 
signi#cant for frequentist and Bayesian approaches and only for frequentist approach. Top plots (c,d) represent 
dataset 3 (c) and 4 (d). Bottom plots (c,d) represent di"erent databases obtained a$er the simulation of missing 
time points, being only estimable for Bayesian approach.
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posterior distributions, longitudinal analyses can be better adapted to real-life datasets with clinical relevance. 
Overall, we emphasize the need of knowing the characteristics of the sample to be able to infer the correct 
interpretation of the results. For example, it is known that with a non-informative prior, Bayesian approaches 
tend to mimic frequentist results from the numerical point of  view11. Little by little more studies use Bayesian 
approaches in the context of neuroimaging and dementia. In a similar context, Cespedes et al. demonstrated that 
the use of BLME can be useful for estimating atrophy rates in !e Australian Imaging, Biomarker & Lifestyle 
Flagship Study of Ageing cohort (AIBL) (https:// aibl. csiro. au). Bayesian statistics were used in the ADNI data-
base in a latent time joint mixed-e"ects model to provide a continuous alternative to clinical  diagnosis40. And, 
in a more complex approach, the authors implemented a multi-task Bayesian learning algorithm on the ADNI 
database to model trajectories of biomarkers at the individual  level9. Although these studies clearly di"er from 
ours, they support the use of Bayesian approaches in clinical contexts. In addition, Bayesian statistics appear as 
a good framework to solve clinically relevant questions that cannot be addressed with frequentist approaches. 
For example, the absence of  e"ects10.

We calculated the minimum sample size that led to signi#cant group di"erences with FLME, and we obtained 
values (overall values for the studied groups) of 147 and 115 for all groups and for MCI conversion to dementia 
respectively. It should be mentioned that the main goal of this study was not sample size estimation and thus, 
these values are rather indicative, in the sense that they are restricted to the research questions and the measure 
used in this study. However, we believe that they can be of interest in the context of clinical trials. In a study with 
frontotemporal dementia, Sta"aroni et al. calculated the estimated sample size using bootstrapping techniques 
for di"erent cognitive and imaging measures and they obtained values from < 100 to > 500 depending on the 
measure or combination of measures  chosen41.

By studying highly compromised datasets (those at the border classical frequentist significance at 
p-value < 0.05), we were able to compare the two approaches. Notably, not all the borderline databases identi-
#ed with FLME (i.e., p-value nearly 0.05) remained signi#cant with the BLME approach. !is may be due to 
the fact that accurate modelling of the variances in the Bayesian framework led to more restrictive statistics. It 
should be mentioned that the ADNI database is quite heterogeneous as do not have the same time point for each 
subject and that our analyses did not control for some external covariates such as di"erent centers and scanners 
that might add variability.

In addition, it should be noted that our strategy for comparing approaches was based on selecting the datasets 
with FLME followed by the evaluation of signi#cance with BLME. !is strategy allowed us to obtain important 
insights as regards signi#cance and interpretability for longitudinal modelling. However, the above conclusions 
are restricted to this and should not be generalized to any dataset.

!e other group of simulations that we implemented was related to databases with missing points. In this 
sense, an important drawback for FLME modelling is the need of having more subjects’ samples than random 
e"ects for the model to be estimated. In practice, this was the main reason for stopping in these simulations. 
Instead, the Bayesian approach allowed estimating the LME model even with high number of missing points in 
the database. More speci#cally, our results show that the BLME model is feasible in a 4-timepoint database that 
has approximately 2 missing values for each subject, suggesting that the Bayesian framework should be chosen 
for longitudinal modelling in sparse databases. Other studies have demonstrated that Bayesian statistics overcome 
some of the limitations of classical statistical inference in non-homogeneous  databases3.

Our study has several limitations. First, one di&culty of using the Bayesian approach is its complexity in 
computing posterior distributions used to estimate the CrI. !is has historically imposed an important  barrier13. 
Although so$ware solutions have improved in the last years, the frequentist approach is still computationally 
easier. Further studies should explore the utilization of Markov Chain Monte Carlo approaches to overcome 
this limitation. Due to this high computational cost of the BLME, the implementation of a method for testing 
sequential data removal with BLME was out of reach of this study. Second, the current study is based on the HV 
measure, and the conclusions are speci#c for this. To be able to generalize our conclusions to broader contexts, 
other MRI biomarkers for AD, and eventually other databases, should be studied. !ird, in the ADNI dataset, 
there are acquisition di"erences (i.e., di"erent scanners) which were not included in the analyses. !is could 
have an impact on the HV measurements. Finally, the clinical diagnosis available in the ADNI dataset does not 
systematically include CSF validation, which, according to the latest MCI diagnostic  criteria42,43, may result in 
some subjects wrongly labelled as HC or MCI. Other sources of misclassi#cation (or confusing diagnosis) refer 
to the fact that other pathologies may coexist in subjects diagnosed with AD and that di"erent AD subtypes 
show di"erent biomarker trajectories. Our results did not account for misdiagnosis nor subgrouping, as ground 
truth labels were not available. We believe that further studies, possibly using unsupervised machine learning, 
could account for these factors.

Data availability
Publicly available datasets were analyzed in this study. !is data can be found at: adni.loni.usc.edu.

Code availability
Analyses code is available at https:// github. com/ Agnes2/ LME- with-a- Bayes ian- and- Frequ entist- Appro aches. git.
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Supplementary Material 
1 Supplementary Figures and Tables 

1.1 Supplementary Tables 

 

Supplementary Table 1: Number of subjects and scans per time point for databases studied with the 
BLME. The databases were obtained from the frequentist simulations of the minimum N for all the 
groups. 

  N sHC 
(N) 

cHC 
(N) 

sMCI 
(N) 

cMCI 
(N) 

AD 
(N) 

Year 
0 (N) 

Year 
0.5 
(N) 

Year 
1 (N) 

Year 
2 (N) 

Databa
se 1 

92 19 7 25 14 27 92 65 66 36 

Databa
se 2 

189 31 12 55 51 40 189 154 128 96 

Databa
se 3 

177 39 10 53 46 29 177 150 126 90 

Databa
se 4 

161 35 8 43 40 35 161 128 115 87 

Databa
se 5 

127 26 7 33 37 24 127 101 84 58 

Databa
se 6 

182 41 9 51 45 36 182 146 130 89 

Databa
se 7 

175 34 10 53 37 41 175 138 120 88 

Databa
se 8 

97 22 6 24 23 22 97 73 71 44 

Databa
se 9 

91 15 5 28 22 21 91 73 55 43 

Databa
se 10 

156 29 5 47 43 32 156 127 110 64 
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Supplementary Table 2: Number of subjects and scans per time point for databases studied with the 
BLME. The databases were obtained from the frequentist simulations of the minimum N for MCI 
group. 

  N sMCI (N) cMCI (N) Year 0 
(N) 

Year 0.5 
(N) 

Year 1 
(N) 

Year 2 
(N) 

Database 
1 

60 39 21 60 45 38 33 

Database 
2 

123 62 61 123 102 92 65 

Database 
3 

152 86 66 152 124 108 85 

Database 
4 

128 68 60 128 107 92 77 

Database 
5 

65 33 32 65 50 48 29 

Database 
6 

96 53 43 96 81 70 47 

Database 
7 

135 66 69 135 109 89 76 

Database 
8 

74 38 36 74 54 43 38 

Database 
9 

166 93 71 166 143 124 89 

Database 
10 

133 78 55 133 107 92 71 
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Supplementary Table 3: Number of subjects and scans per time point for the stopping databases. 
95% CrI of the ßs of interest (ß11: cHC x time, ß12: sMCI x time, ß13: cMCI x time and ß14: AD x 
time) LME model fitted with a Bayesian approach. CrI borders are expressed as the 2.5% and 97.5% 
percentiles. * Indicates that the effect is significant (i.e., CrI does not contain zero).  

Stoppi
ng 

Datab
ases 

s
H
C 
(
N
) 

cH
C 
(N
) 

sM
CI 
(N) 

cM
CI 
(N) 

A
D 
(
N
) 

Y
ea
r 
0 
(
N
) 

Ye
ar 
0.5 
(N) 

Y
ea
r 
1 
(
N
) 

Y
ea
r 
2 
(
N
) 

95% 
CrI ß11 

95% 
CrI ß12 

95% 
CrI ß13 

95% 
CrI ß14 

Datab
ase 1 

15
8 

45 173 178 6
7 

30
9 

298 31
4 

32
1 

-0.10  
0.03 

-0.04  
0.04 

-0.09 -
0.01 * 

-0.15 -
0.04 * 

Datab
ase 2 

16
1 

44 173 167 6
6 

30
5 

297 30
2 

31
8 

-0.15 -
0.03 * 

-0.08  
0.00 

-0.18 -
0.10 * 

-0.20 -
0.08 * 

Datab
ase 3 

15
2 

42 167 166 6
4 

30
4 

307 28
6 

28
5 

-0.10  
0.04 

-0.07   
0.03 

-0.13 -
0.04 * 

-0.13  
0.01 

Datab
ase 4 

16
1 

50 170 175 6
5 

31
8 

314 29
9 

31
1 

-0.10  
0.01 

-0.08  
0.00 

-0.12 -
0.04 * 

-0.15 -
0.04 * 

Datab
ase 5 

16
6 

46 169 170 6
7 

33
8 

302 29
5 

30
1 

-0.11  
0.02 

-0.06  
0.02 

-0.14 -
0.06 * 

-0.14 -
0.06 * 

Datab
ase 6 

15
8 

46 170 169 7
0 

31
8 

321 29
4 

29
3 

-0.14 -
0.02 * 

-0.08  
0.00 

-0.13 -
0.04 * 

-0.17 -
0.06 * 

Datab
ase 7 

16
5 

47 169 173 6
5 

32
3 

302 29
9 

31
4 

-0.09  
0.03 

-0.05  
0.03 

-0.12 -
0.04 * 

-0.15 -
0.05 * 

Datab
ase 8 

16
0 

49 174 169 6
8 

31
4 

306 32
9 

29
1 

-0.15 -
0.02 * 

-0.06  
0.03 

-0.15 -
0.06 * 

-0.19 -
0.06 * 

Datab
ase 9 

15
7 

47 174 172 6
7 

32
3 

303 30
6 

30
2 

-0.11  
0.02 

-0.04  
0.04 

-0.12 -
0.03 * 

-0.12 -
0.01 * 

Datab
ase 10 

15
0 

49 171 168 7
1 

29
8 

299 30
2 

31
9 

-0.06 
0.07 

-0.04  
0.04 

-0.09  
0.00 

-0.12 -
0.01 * 
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Supplementary Table 4: Number of MCI subjects and scans per time point for the stopping 
databases. 95% CrI of the ß of interest (cMCI x time) fitted with a Bayesian approach. CrI borders 
are expressed as the 2.5% and 97.5% percentiles. * Indicates that the effect is significant if the CrI 
does not contain zero. 

Stopping 
Databas

es 

sMCI 
(N) 

cMCI 
(N) 

Year 0 
(N) 

Year 0.5 
(N) 

Year 1 
(N) 

Year 2 
(N) 

95% CrI  

Databas
e 1 

177 167 172 162 182 172 -0.12   -
0.03 * 

Databas
e 2 

169 175 174 163 173 178 -0.13   -
0.02 *  

Databas
e 3 

178 173 166 188 171 177 -0.15   -
0.05 * 

Databas
e 4 

172 172 181 164 171 172 -0.14   -
0.04 * 

Databas
e 5 

169 169 169 157 170 180 -0.14   -
0.05 *  

Databas
e 6 

176 172 170 156 188 182 -0.13   -
0.03 *  

Databas
e 7 

174 174 163 172 191 170 -0.10   -
0.01 * 

Databas
e 8 

179 173 161 194 185 164 -0.10   -
0.02 * 

Databas
e 9 

170 178 176 175 156 189 -0.09   -
0.01 * 

Databas
e 10 

172 168 157 167 179 177 -0.14   -
0.03 * 
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2 Supplementary Methods 

Exact expression for the models of the LME models of the Section 2.2 

The model with only intercept as random effect can be written as follows, where i indicates the subject 
and j indicates the time point: 

 

!!" = ## + #$%&'! + #%()*+!" + #&,-'.! + #'%-'.! + #(/0! + #)/1234! + #*536! 

+#+/73! + ##,.'8! + ###%&'!()*+!" + ##$,-'.!()*+!" + ##%%-'.!()*+!" + ##&/0!()*+!" 

+##'/1234!()*+!" + 9#! + +!"                     

While the model with intercept and slope as random effects can be written as: 

!!" = ## + #$%&'! + #%()*+!" + #&,-'.! + #'%-'.! + #(/0! + #)/1234! + #*536! 

+#+/73! + ##,.'8! + ###%&'!()*+!" + ##$,-'.!()*+!" + ##%%-'.!()*+!" + ##&/0!()*+!" 

+##'/1234!()*+!" + 9#! + 9$!()*+!" + +!"      

 

With the following variables: 

Yij: The variable to predicted. Here, HV. 

timeij: time from baseline (in years). 

cHCi=1: if subject is cHC and 0 otherwise. 

sMCIi=1: if subject is sMCI and 0 otherwise. 

cMCIi=1: if subject is cMCI and 0 otherwise. 

ADi=1: if subject is AD and 0 otherwise. 

APOE4i=1: if subject has at least one e4 allele and 0 otherwise. 

SEXi=1: if subject female and 0 otherwise. 

AGEi: age at baseline (in years). 
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ICVi: total intracranial volume (in litres). 

b1i: random effect for the intercept term. 

b2i: random effect for the slope term. 

eij: error term 

 



Utilitat dels models matemàtics amb neuroimatge pel diagnòstic i  
l’estudi de la variabilitat en la malaltia d’Alzheimer i la demència frontotemporal 
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ABSTRACT 

Background and objectives: Alzheimer’s disease (AD) and frontotemporal dementia (FTD) show 

different patterns of cortical thickness (CTh) loss compared with healthy controls (HC), even though there 

is relevant heterogeneity between individuals suffering from each of these diseases. Thus, we developed 

CTh models to study individual variability in AD, FTD, and HC. 

 

Methods: We used the baseline CTh measures of 374 participants obtained from the structural MRI 

processed with FreeSurfer. A total of 169 AD patients (63 ± 9 years, 65 men), 88 FTD patients 

(64 ± 9 years, 43 men), and 122 HC (62 ± 10 years, 47 men) were studied. We fitted region-wise temporal 

models of CTh using Support Vector Regression. Then, we studied associations of individual deviations 

from the model with cerebrospinal fluid levels of neurofilament light chain (NfL) and 14-3-3 protein and 

Mini-Mental State Examination (MMSE). Furthermore, we used real longitudinal data from 144 

participants to test model predictivity.   

 

Results: We defined CTh spatiotemporal models for each group with a reliable fit. Individual deviation 

correlated with MMSE for AD and with NfL for FTD. AD patients with higher deviations from the trend 

presented higher MMSE values. In FTD, lower NfL levels were associated with higher deviations from 

the CTh prediction. For AD and HC, we could predict longitudinal visits with the presented model trained 

with baseline data. For FTD, the longitudinal visits had more variability. 

 

Conclusion: We highlight the value of CTh models for studying AD and FTD longitudinal changes and 

variability and their relationships with cognitive features and biomarkers. 

 

Keywords 

Alzheimer's disease, frontotemporal dementia, magnetic resonance imaging, cortical thickness, predictive 

modeling 
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1. INTRODUCTION 

During the last two decades, the study of several biomarkers, including neuroimaging, has substantially 

improved the diagnosis of neurodegenerative dementias. However, there’s still a need for reliable 

biomarkers to track disease, evaluate the effect of experimental drugs, or provide an accurate prognosis.  

Both Alzheimer’s disease (AD) and frontotemporal dementia (FTD) are characterized by prototypical 

clinical features and patterns of progressive brain atrophy that constitute the disease's fingerprint or 

signature. However, both diseases show relatively high individual heterogeneity in presentation and 

progression rate. The study of this variability is relevant to better understanding these diseases' 

pathogenesis and predicting disease progression and potentially the effect of treatments [1]. Previous 

studies also suggest that the age of onset might influence the longitudinal evolution of AD patients [2, 3], 

emphasizing the need to model age and time from symptoms onset.   

 

Quantitative neuroimaging studies with Magnetic Resonance Imaging (MRI) have been widely used to 

detect brain changes across these neurodegenerative disorders, using measures such as the cortical 

thickness (CTh) [4–6], but mostly in research studies. Cerebrospinal fluid (CSF) biomarkers, such as the 

amyloid-beta protein 42 (Aβ42), the total tau (t-tau), and phosphorylated tau (p-tau) have been included 

in the current criteria for AD diagnosis [7, 8]. Other CSF-biomarkers, such as neurofilament light chain 

(NfL) levels, a marker of neuroaxonal damage, and 14-3-3 protein levels, a marker of synaptic-neuronal 

loss, have been both proposed as nonspecific neurodegeneration markers [9–12].  

 

Modeling approaches that account for time are of paramount importance to understanding disease 

progression and comparing brain status across subjects at different disease stages [13–16]. Using 

structural MRI, some authors described CTh loss with time, providing valuable information on the 

characterization of disease trajectories and validation of prognostic biomarkers [17, 18]. 

 

We hypothesized that dementia is characterized by high variability in atrophy patterns reflecting clinical 

and biological differences across subjects. In this prospective study with 379 subjects, we aimed to 

develop CTh models for each diagnosis group (AD, FTD, and healthy controls (HC)), considering time 

from disease onset. We further aimed to study individual variability with respect to the model and 

evaluate the effect of the time from disease onset, cognition, and biochemical markers in the individual 
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deviations from the model. Finally, we aimed to test these pseudo-longitudinal models in predicting the 

real longitudinal CTh evolution of a subsample of subjects.  

 

2. MATERIALS AND METHODS 

2.1. Participants 

The prospective study includes 379 participants recruited from the Alzheimer's disease and other 

cognitive disorders group of the Hospital Clínic de Barcelona (HCB), Barcelona, Spain. The study was 

approved by the HCB Ethics Committee (HCB 2019/0105), complied with the Declaration of Helsinki, 

and all participants gave written informed consent. All participants underwent a complete clinical and 

cognitive evaluation [3, 19] and at least one 3T high-resolution structural MRI scan. A subset of these 

participants had novel CSF measures. A total of 309 participants had available CSF-NfL levels, and 160 

participants had available CSF-14-3-3 measures. Additionally, a subset of 144 subjects underwent a 

second MRI scan 2 years after the baseline and 58 subjects with 4 years after the baseline scan. 

Participants with a history of stroke, traumatic brain injury, major psychiatric disorder, or alcohol abuse 

were excluded. Participants were classified into three groups: 

 

• AD: participants meeting criteria for MCI or mild dementia due to AD [7, 8] supported by CSF-

biomarkers profile suggesting underlying AD neuropathology according to National Institute on 

Aging/Alzheimer's Association Research Framework 2018 [20]. 

• FTD: patients who met diagnostic criteria for either behavioral variant frontotemporal dementia 

(bvFTD) or FTD-related primary progressive aphasia (PPA) phenotypes, including Semantic 

Variant Primary Progressive Aphasia (svPPA) and Nonfluent Variant Primary Progressive 

Aphasia (nfvPPA) [21, 22]. All FTD patients included here showed a CSF profile not suggestive 

of AD. 

• HC: healthy adults having cognitive performance within the normative range (cutoff 1.5 SD 

from the normative mean). 

2.2 CSF-biomarkers 
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Commercially available single-analyte enzyme-linked immunosorbent assay (ELISA) kits were used to 

determine levels of CSF-NfL (IBL International, Hamburg, Germany) and 14-3-3 (CircuLex, MBL 

International Corporation, Woburn, MA) at the Alzheimer's disease and other cognitive disorders group 

laboratory, Barcelona, Spain.  

 

2.3 MRI acquisition 

A high-resolution 3D structural dataset (T1-weighted, MP-RAGE, repetition time = 2.300 ms, echo 

time = 2.98 ms, 240 slices, field-of-view = 256 mm, voxel size = 1 × 1 × 1 mm) was acquired for everyone 

at each time point in a 3T Magnetom Trio Tim scanner (Siemens Medical Systems, Germany) upgraded 

to a 3T Prisma scanner (Siemens Medical Systems, Germany) during the study.  

 

2.4 MRI processing 

We used FreeSurfer version 6.0 (http://surfer.nmr.mgh.harvard.edu.sire.ub.edu/) to perform cortical 

reconstruction of the T1-weighted acquisitions [23–25]. FreeSurfer allowed us to generate automated CTh 

maps for the left and the right hemispheres and to obtain summary measures within regions. We used the 

68 cortical parcellations derived from the Desikan atlas available in FreeSurfer [26].  

 

2.5 CTh models  

We used the CTh values at baseline to generate three CTh models over time using Support Vector 

Regression (SVR). For the time variable, we used the chronological age of the subjects for HC subjects 

and years of disease duration (YDD) for patients. YDD were calculated as the difference between the age 

at MRI acquisition and the age of disease onset for each patient. All groups were modeled separately. To 

train the three CTh models, we used the following strategy: the HC model was trained with HC 

participants, the AD model was trained with AD patients, and the FTD model was trained with FTD 

patients. We introduced regional measures of both hemispheres leading to a total of 68 CTh values per 

subject together with time (chronological age or YDD) to train the SVR model. The overall performance 

of each model was assessed using the root-mean-square error (RMSE) for each CTh region (i.e., the error 
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between estimated and real values), averaged across individuals. During training, the following SVR 

hyperparameters were introduced with a Grid Search, and we used a cross-validation of 5 folds with the 

train set (all the cross-sectional data). Models were implemented in Python version 3.10.6 

(www.python.org) with the scikit-learn library [27]. 

 

2.6. Correlation with CSF-biomarkers and cognition 

We calculated the individual residuals of the model for each region and disease (Figure 1A). We obtained 

deviations from the HC-derived model for each patient, and we computed the correlation between these 

residuals and Mini-Mental State Examination (MMSE) scores and YDD. Then, we estimated the 

deviations from its own disease model and computed the correlation between the obtained residuals and 

available CSF-biomarkers levels (NfL and 14-3-3) and MMSE scores. The FTD group was first studied 

as a whole and further divided into subgroups (bvFTD, svPPA, and nfvPPA). A p-value<0.05 was set as 

the threshold for significance in the correlations after applying the correction for multiple comparisons for 

the number of regions with Benjamini-Hochberg for all the analyses. Correlations were implemented in R 

language, version 4.2.1 (https://www.r-project.org). 

 

2.7 Prediction of longitudinal changes in CTh maps  

The longitudinal data were used as unseen test samples to obtain individual predictions using the group-

specific CTh models. Then, we calculated the mean absolute error (MAE) between predicted and real 

measures for each region (Figure 1B). We also studied the different subgroups of FTD patients (bvFTD, 

nfvPPA, and svPPA). These comparisons were also implemented in R version 4.2.1.  

 

3. RESULTS 

3.1. Sample demographics 

Of the 379 subjects included in the analyses, 169 were AD patients (n=29, 2 years follow-up), 88 were 

FTD (n=27, with 2 years follow-up, and n=9, with 4 years follow-up), and 122 were HC (n=88, with 2 

years follow-up, and n=49, with 4 years follow-up). The FTD group included 47 bvFTD patients (n=11, 

with 2 years follow-up, and n=4, with 4 years follow-up), 22 svPPA patients (n=9, with 2 years follow-

https://www.r-project.org/
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up, and n=3, with 4 years follow-up), 17 nfvPPA patients (n=6, 2 years follow-up), and 2 unspecified 

PPA patients (n=1, 2 years follow-up). Of the 309 subjects with available NfL levels, 144 were AD 

patients, 63 were FTD patients, and 102 were healthy controls. For the 14-3-3 samples, we had 66 AD 

patients, 54 FTD patients, and 40 healthy controls with available data for our analysis. Figure 2 shows a 

schema of the samples available for each analysis. Demographic information and group statistics are 

shown in Table 1 and in Supplementary Material. In summary, as expected, CSF-biomarkers levels and 

MMSE scores showed significant differences between groups (corrected p-value<0.05). Notably, the time 

between scans was modeled inside the models to control the potential differences between individuals.  

 

3.2. CTh models with time and correlations with disease duration and cognition  

We obtained a CTh model for HC with chronological age. The mean RMSE of the model was 0.024. 

Then, we obtained individual deviations for HC, AD, and FTD subjects from this HC model using the 

residuals (Figure 3A). HC subjects showed values around zero, meaning that the observed and estimated 

values are closer for most subjects, indicating a good fit. We obtained high residual values (absolute 

values between 0.01 and 0.77) for the AD and FTD, indicating high deviations from the HC-defined 

model (Figure 3A). The negative residuals indicate that the real CTh values of AD and FTD subjects were 

lower than those estimated by the HC model. In AD, higher deviations from the HC model were only 

associated with higher YDD in the regions: right bankssts, right transverse temporal, right lateral 

orbitofrontal, and right frontal pole and with MMSE in temporal and parietal regions (corrected p-

value<0.05, Figure 3B). No significant correlations were identified in FTD.  

 

3.3. CTh models with years of disease duration and correlations with CSF-biomarkers and 

cognition 

We estimated CTh models for AD and FTD using YDD in the temporal axis. We obtained estimations of 

CTh in a span from 0 to 9 YDD, and we calculated the individual variations between each individual 

point and the estimation. The maps of variability across regions and time are shown in Figure 4. The 

mean individual deviation from the model (RMSE values) for these models was: 0.08 for FTD and 0.04 

for AD. We also calculated the mean values by YDD subgroups (see Supplementary Material). We 

studied the correlation between individual residuals from their disease model and individual CSF-NfL and 

CSF-14-3-3 levels and MMSE scores. In AD, the residuals of the right precentral and right entorhinal 
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regions had a significant negative correlation with NfL levels (corrected p-value<0.05, Figure 5A). The 

residuals of the temporal and parietal lobes positively correlated with MMSE scores, so participants with 

higher residual values correspond to participants with higher MMSE scores (corrected p-value<0.05, 

Figure 5A). We did not find any correlation between 14-3-3 levels and the residuals for AD patients. In 

FTD, we found significant negative correlations (p-value<0.05, corrected) between NfL values and the 

residuals of the model in regions of the frontal, temporal, and parietal lobes (Figure 5B). For 14-3-3 levels 

and MMSE scores, we did not find significant results. When we studied the different FTD variants, we 

found a negative correlation between NfL and individual residuals for bvFTD in frontal, temporal, and 

parietal regions (corrected p-value<0.05, see Supplementary Material). For the other variants (svPPA and 

nfvPPA), we did not find any correlation with NfL. However, high caudal middle frontal right region 

deviations were associated with high MMSE scores for the nfvPPA patients (corrected p-value<0.05, see 

Supplementary Material). As before, 14-3-3 levels showed no significant correlation for bvFTD, svPPA, 

or nfvPPA. These correlations remained significant when age was included as a covariate. 

 

3.4. CTh prediction of follow-up visits 

 

Finally, we explored whether the predictive CTh models trained with the baseline data could be used to 

predict future real CTh values. For that, we calculated the mean absolute error (MAE) values contrasting 

the real values (Figure 6) at each longitudinal timepoint with their predicted disease model values. Also, 

we estimated the MAE (computed internally within the model data) for the baseline visit to use as a 

reference. For HC and AD (Figure 6A), the predictive model trained with baseline data allows the 

prediction of future visits with low error, as the mean MAE were 0.12 and 0.15, respectively, for all the 

timepoints. For FTD (Figure 6A), the 2 years follow-up visit could be predicted reasonably well (mean 

MAE 0.20 at baseline and 0.22 at 2 years), however, the model could not present an optimal prediction 

for the 4 years follow-up visit (mean MAE 0.25). We repeated the analysis with FTD data divided into 

subgroups (Figure 6B), (bvFTD, nfvPPA, and svPPA). Despite the limited sample size, we found results 

like the whole FTD group for bvFTD and svPPA. For the nfvPPA patients (only data at 2 years follow-

up), we find the worst results in terms of predictive accuracy. In the Supplementary Material, we specify 

the mean MAE for each group and subgroup.  
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4. DISCUSSION 

 

In this work, we implemented group-specific models of whole brain CTh according to chronological age 

for HC and YDD for AD and FTD patients using SVR. We modeled CTh changes with time, and we 

demonstrated these models’ capability to identify individual variations as deviations from the norm. We 

studied individual deviations from the model defined for HC and from the disease-specific models. In 

AD, individual deviations from the HC-defined model correlated with YDD and MMSE scores. Using the 

disease-specific models, we found a significant inverse correlation between CSF-NfL levels and the 

deviation from the model in most of the brain regions for FTD patients, providing additional evidence of 

the relationship between imaging and fluid biomarkers in FTD. Furthermore, we found a positive 

correlation for AD between the MMSE scores and the deviation from the model in multiple regions. 

Finally, using real longitudinal data, we performed an exploratory study to evaluate the ability of the 

models described above to obtain individual predictions of future CTh values.  

 

In healthy subjects, our model estimated whole-brain CTh using the chronological age of the subjects 

with residual values near zero, indicating a good fit. Several studies and multi-centric initiatives have 

recently focused on studying normative models with age in healthy samples [15]. Even if our healthy 

sample is limited compared to these studies, our results align with what has been described. In addition, 

we offer the applicability of such models with longitudinal data with satisfactory results. Furthermore, as 

deviations from normality have been widely used to assess disease severity and cognitive variability in 

youth [28] and in psychiatric disorders [29], we study if AD and FTD patients could be described with the 

previous HC model. As expected, individual AD and FTD CTh data diverged from the model defined 

with HC subjects. In AD, this divergence was significantly correlated with YDD and MMSE but not in 

FTD, suggesting that both time and general cognition impact more consistently in CTh changes compared 

to HC in AD. In AD, the regions of the temporal, parietal, and occipital lobes were the ones with the 

highest deviations from the HC model. These regions have been reported to be the most affected in 

patients with AD [30–33]. Therefore, our study can identify meaningful atrophy patterns using estimation 

models. On the other hand, the temporal and frontal lobes were the ones with the highest deviations for 

the FTD patients compared to the HC trend. In addition, temporal regions presented higher deviation than 

the AD group, depicting higher structural alterations in  FTD [11, 32, 34, 35]. 
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Given that models derived from the HC group that used chronological age showed high variability for 

these groups, we expected that modeling disease duration could better capture these variations. In this 

sense, we described CTh models in AD and FTD using YDD instead of the chronological age. Even 

though both AD and FTD individual values evidence the existence of variability within these diseases. 

These results complement other research highlighting these models to assess heterogeneity in 

neurodegenerative disorders [1, 36, 37].  

 

We found that the individual AD deviations from the AD CTh model in the right precentral and right 

entorhinal inversely correlated with the NfL levels. At the regional level, the correlations between MMSE 

scores and the deviations from the model in AD were in the temporal and parietal lobes. In AD, MMSE 

has been associated with CTh [4, 33, 38]. In our case, the AD patients who deviated more from the model 

trend had high MMSE scores. Previous studies such as Valtteri et al. 2010 [38] showed that less CTh in 

frontal and temporal lobes is associated with lower MMSE scores in the AD group, which coincides with 

our regions and the direction of the correlation. Even if we study variability and not direct CTh measures, 

the regions that appear significant in the correlation analysis have high coincidence with the AD cortical 

pattern, which includes the temporal and parietal lobes appear [30, 31, 33, 34].  

 

The deviations of the FTD patients from their own model presented correlations with CSF-NfL levels in 

the frontal, temporal, and parietal lobes. The frontal and temporal areas are known to be the most affected 

in patients with FTD compared to HC [32, 34, 39]. In FTD, NfL levels have been suggested as a maker of 

the disease severity [40, 41]. We found that higher levels of NfL corresponded to lower residual values. 

Thus, patients with CTh patterns that adjusted well to the model had higher CSF-NfL levels, suggesting 

that the model captures the trend of neurodegeneration. Instead, lower NfL levels could correspond to 

patients that move further away from the FTD model, as has been described for slowly progressive FTD 

or non-progressors FTD [42]. Indeed, when studying the different FTD variants, we found that the main 

pattern was mainly driven by bvFTD, as other variants, such as PPA, showed much higher deviation. In 

addition, the fact that the parietal lobule emerged, which has not been reported previously, could be due 

to the high presence of bvFTD patients in the FTD sample. At the same time, the individual deviations in 

PPA patients did not present any significant correlation with NfL, suggesting that the heterogeneity in 
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these patients' CTh pattern is not related to CSF-NfL levels. These results might provide additional 

support to the use of NfL levels as a marker of neurodegeneration and disease severity in FTD, paving the 

way for its future use as an outcome measure for clinical practice. In addition, the inexistent correlation 

with MMSE scores in FTD patients could be due to the fact that MMSE is not a sensitive cognitive 

measure in these patients, contrary to AD patients. 

 

At the longitudinal level, we explored the application of these predictive models, trained at a cross-

sectional level, to predict CTh patterns for future visits. We used the longitudinal data to know if the 

pseudo-longitudinal models developed with baseline data could predict the CTh values of future visits of 

these patients. We compared the predicted values of the longitudinal data with the real values of those 

visits. For healthy subjects and AD, we found that the model could predict well the CTh values at future 

visits. For FTD patients, the variability observed at baseline was reproduced for the longitudinal data and 

increased at each visit. Then, we focus on the FTD variants; the bvFTD patients fit best in the future 

prediction model, and the nfvPPA patients were the worst. Our results align with previous studies 

showing that FTD is phenotypically heterogeneous [21, 22]. and support that an independent predictive 

model should be created for each FTD phenotypic variant. Similarly, in a recent study of genetic FTD, 

Poos et al. [43], identified differences between the three major FTD gene mutation carriers' trajectories, 

suggesting that each genetic FTD subtype should also be modeled separately. The fit showed more FTD 

heterogeneity than AD at baseline and longitudinal levels. Overall, the proposed models could be the 

starting point to be able to differentiate different subtypes or dementias through the estimation of their 

CTh values or variabilities. Thus, further studies with a bigger cohort should study this point in detail. 

 

Our study has some limitations. One of the major limitations of the study is the sample size. The sample 

size limited the generation of different CTh models for each FTD variant, especially all models at the 

third visit. However, the unicentric nature of the study, even if limited in the sample size, also provided 

homogeneity to the data acquisition. We only tested the effect of two selected neurodegeneration 

biomarkers in the individual residuals from their disease model. The selection of these two biomarkers 

was, at a certain point, arbitrary. Future studies could evaluate whether other markers could better explain 

the individual variability.  
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In conclusion, SVR provides the opportunity to generate CTh disease models to predict longitudinal 

changes and to study individual variability in AD, FTD, and healthy individuals and their relationships 

with cognitive features and biomarkers.  
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Figures & Tables 

 

Table 1: Group summaries are given as each measure's mean and standard deviation. Differences 

between groups are calculated using Fisher’s Test for sex or the ANOVA Test for the rest of the 

variables. Significant group differences are highlighted in bold, and pairwise differences were measured 

with a Benjamini-Hochberg correction p-value. HC: healthy controls, AD: Alzheimer’s disease, FTD: 

frontotemporal dementia, MMSE: Mini-Mental State Examination, NfL: neurofilament light chain. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 HC FTD AD HC-FTD 

p-value 

HC-AD 

p-value 

FTD-AD  
p-values 

N at first 
MRI 

122 88 169 ------ ------ ------ 

N at second 
MRI 

88 27 29 ------ ------ ------ 

N at third 
MRI 

49 9 ------ ------ ------ ------ 

Sex at first 
MRI, 

Men/Women 

47/75 43/45 65/104 0.24 1.0 0.24 

Sex at second 
MRI, 

Men/Women 

29/59 14/13 12/17 0.33 0.59 0.59 

Sex at third 
MRI, 

Men/Women 

15/34 5/4 ------ 0.25 ------ ------ 

Age at first 

MRI, 

years (SD) 

61.9  
(9.8) 

63.6  
(8.6) 

63.3 
(9.4) 

0.29 0.29 0.79 

Years of 

Disease at 

first MRI, 

years (SD) 

------ 3.3  
(2.1) 

2.9 
(1.8) 

------ ------ 0.10 

N MMSE 107 67 140 ------ ------ ------ 
Mean MMSE 

(SD) 
28.7  
(1.2) 

24.5  
(4.5) 

22.3 
(4.5) 

5.4e-12 <2.0e-16 7.9e-5 

N NfL 102 63 144 ------ ------ ------ 
Mean Nfl, 

pg/mL 

(SD) 

564.3 

(312.7) 

2358.9 

(1765.9) 

1122.8 
(616.9) 

<2.0e-16 3.9e-6 <2.0e-16 

N 14-3-3 40 54 66 ------ ------ ------ 
Mean 14-3-3, 

pg/mL 

(SD) 

2637.3 

(734.7) 

4381.4 

(1931.6) 

6458.4 
(591.3) 

0.037 1.2e-5 0.0076 
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Figure 1: Cartoon representation of the methodology used. A) CTh model (green line) and estimation of a 

sample individual’s deviation from the model. B) Methodology used to test the model with real follow-up 

visits. YDD: years of disease duration, SVR: Support Vector Regression, MAE: mean absolute error. 

 

 
 
 
 
Figure 2. Study workflow, including the number of subjects for each group and biomarker. 
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Figure 3: A) Maps of the residual values for each group against the proposed healthy subjects’ model for 

cortical thickness. B) Maps of correlations between residuals against the HC model of cortical thickness 

and clinical biomarkers in HC, AD, and FTD subjects. Only significant regions are shown, the threshold 

was set at 0.05 with a p-value adjusted with multiple comparisons of all the CTh regions. HC: healthy 

controls, AD: Alzheimer’s disease, FTD: frontotemporal dementia, MMSE: Mini-Mental State 

Examination. 

 

 
Figure 4: Pattern of variability of the cortical thickness estimation for each brain region according to 

years of disease (0 to 9 years) for each disease group.  AD: Alzheimer’s disease, FTD: frontotemporal 

dementia, CTh: cortical thickness, YDD: years of disease duration. 
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Figure 5: Maps of correlations between individual residuals for the group-spectific cortical thickness 

model and cerebrospinal fluid-biomarkers and MMSE scores for AD and FTD participants. Only 

significant regions are shown. The threshold was set at 0.05 with a p-value adjusted with multiple 

comparisons of all the CTh regions. A) Correlations within the AD group. B) Correlations within the FTD 

group.  AD: Alzheimer’s disease, FTD: frontotemporal dementia, MMSE: Mini-Mental State 

Examination, NfL: neurofilament light chain. 
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Figure 6: A) Maps of the mean absolute error values of the predictions for the longitudinal data for each 

region for the HC, AD, and FTD groups. B) Maps of the mean absolute error values of the predictions for 

the longitudinal data for the different FTD variants predicted with the FTD model.  HC: healthy controls, 

AD: Alzheimer’s disease, FTD: frontotemporal dementia, bvFTD: behavior frontotemporal dementia, 

svPPA: semantic variant primary progressive aphasia, nfvPPA: nonfluent variant primary progressive 

aphasia, MAE: mean absolute error. 
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Supplementary Material  

Sample demographics 

We present the sample demographics for the different variants of frontotemporal 

dementia (FTD) participants in Table 1. 

 

Table 1: Group summaries are given as each measure's mean and standard deviation. Differences 

between groups are calculated using Fisher Test for sex or the ANOVA Test for the rest of the 

variables. Significant group differences are highlighted in bold, pairwise differences were 

measured with a Benjamini-Hochberg correction p-value). bvFTD: behavior frontotemporal 

dementia, svPPA: semantic variant primary progressive aphasia, nfvPPA: nonfluent variant 

primary progressive aphasia, MMSE: Mini-Mental State Examination, NfL: neurofilament light 

chain. 

 bvFTD svPPA nfvPPA bvFTD-

svPPA 

p-value 

bvFTD-

nfvPPA 

p-value 

svPPA-

nfvPPA 

p-value 

N at first 

MRI 

47 22 17 ------ ------ ------ 

N at second 

MRI 

11 9 6 ------ ------ ------ 

N at third 

MRI 

4 3 0 ------ ------ ------ 



 2 

Sex at first 

MRI, 

Men/Women 

23/24 13/9 7/10 0.68 0.78 0.68 

Sex at 

second MRI, 

Men/Women 

6/5 6/3 2/4 0.67 0.67 0.67 

Sex at third 

MRI, 

Men/Women 

2/2 ------ 2/1 1.0 ------ ------ 

Age at first 

MRI, 

years (SD) 

63.6 

(9.1) 

64.0 

(8.0) 

64.0 

(8.8) 

0.99 0.99 0.99 

Years of 

Disease at 

first MRI, 

years (SD) 

3.4 

(2.1) 

3.0 

(2.4) 

3.6 

(1.8) 

0.77 0.75 0.75 

N MMSE 37 17 11 ------ ------ ------ 

Mean 

MMSE (SD) 

24.3 

(5.0) 

24.4 

(3.3) 

25.9 

(4.4) 

0.93 0.60 0.60 

N NfL 32 18 12 ------ ------ ------ 

Mean Nfl, 

pg/mL 

(SD) 

2215.2 

(1988.6) 

2167.9 

(1146.1) 

2976.9 

(1957.1) 

0.93 0.34 0.34 

N 14-3-3 29 15 10 ------ ------ ------ 



 3 

Mean 14-3-

3, pg/mL 

(SD) 

4534.2 

(2143.3) 

4585.7 

(1710.2) 

3632.1 

(1536.7) 

0.93 0.35 0.35 

 

CTh models with years of disease duration and correlations with CSF-biomarkers 

and cognition 

 
We present the results of the mean residuals of the model grouped by baseline YDD in 

Table 2. 

 
 
Table 2: Mean of the CTh residuals across all regions for each model and separated by years of 
disease duration. AD: Alzheimer’s disease, FTD: frontotemporal dementia, and YDD: Years of 
disease duration. 
 

 FTD AD 

0 YDD, mean residual 
(SD) 

0.04 (0.08) 0.02 (0.10) 

1 YDD, mean residual 
(SD) 

0.01 (0.14) 0.02 (0.13) 

2 YDD, mean residual 
(SD) 

0.01 (0.13) 0.01 (0.12) 

3 YDD, mean residual 
(SD) 

0.04 (0.14) 0.01 (0.08) 

4 YDD, mean residual 
(SD) 

0.05 (0.16) 0.00 (0.10) 

5 YDD, mean residual 
(SD) 

0.02 (0.21) 0.03 (0.11) 

6 YDD, mean residual 
(SD) 

0.13 (0.07) 0.00 (0.11) 

7 YDD, mean residual 
(SD) 

0.12 (0.26) 0.06 (0.07) 

8 YDD, mean residual 
(SD) 

0.04 (0.10) 0.08 (0.02) 

9 YDD, mean residual 
(SD) 

0.03 (0.25) 0.06 (0.02) 

 

 



 4 

Correlation with CSF-biomarkers and cognition 

 
We studied the correlation between individual residuals from the FTD disease model and 

individual CSF-NfL and CSF-14-3-3 levels and MMSE scores for the FTD variants. 

(Figure 1). 

 

 

Figure 1: Maps of correlations between residuals for the cortical thickness model and 

cerebrospinal fluid-biomarkers and MMSE scores for the FTD variants. Only significant regions 

are shown. The threshold was set at 0.05 with a p-value adjusted with multiple comparisons of 

all the CTh regions. bvFTD: behavior frontotemporal dementia, svPPA: semantic variant 

primary progressive aphasia, nfvPPA: nonfluent variant primary progressive aphasia, MMSE: 

Mini-Mental State Examination, NfL: neurofilament light chain. 

 

Prediction of Cortical Thickness for the follow-up visits 

We estimated the mean absolute error (MAE) for all the visits (Table 3). 



 5 

 

Table 3: The mean absolute error for each group. We estimated the mean for all the regions. HC: 

healthy controls, AD: Alzheimer’s disease, FTD: frontotemporal dementia, bvFTD: behavior 

frontotemporal dementia, svPPA: semantic variant primary progressive aphasia, nfvPPA: 

nonfluent variant primary progressive aphasia. 

 Baseline Timepoint 2 Timepoint 3 

HC 0.12 0.12 0.12 

AD 0.15 0.15 ------ 

FTD 0.20 0.22 0.25 

bvFTD 0.20 0.20 0.23 

svPPA 0.20 0.22 0.23 

nfvPPA 0.20 0.26 ------ 
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Abstract

Alzheimer's disease (AD) and frontotemporal dementia (FTD) are common causes of

dementia with partly overlapping, symptoms and brain signatures. There is a need to

establish an accurate diagnosis and to obtain markers for disease tracking. We com-

bined unsupervised and supervised machine learning to discriminate between AD

and FTD using brain magnetic resonance imaging (MRI). We included baseline 3T-T1

MRI data from 339 subjects: 99 healthy controls (CTR), 153 AD and 87 FTD patients;

and 2-year follow-up data from 114 subjects. We obtained subcortical gray matter

volumes and cortical thickness measures using FreeSurfer. We used dimensionality

reduction to obtain a single feature that was later used in a support vector machine

for classification. Discrimination patterns were obtained with the contribution of each

region to the single feature. Our algorithm differentiated CTR versus AD and CTR

versus FTD at the cross-sectional level with 83.3% and 82.1% of accuracy. These

increased up to 90.0% and 88.0% with longitudinal data. When we studied the

classification between AD versus FTD we obtained an accuracy of 63.3% at the

cross-sectional level and 75.0% for longitudinal data. The AD versus FTD versus CTR

classification has reached an accuracy of 60.7%, and 71.3% for cross-sectional and

longitudinal data respectively. Disease discrimination brain maps are in concordance
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with previous results obtained with classical approaches. By using a single feature,

we were capable to classify CTR, AD, and FTD with good accuracy, considering the

inherent overlap between diseases. Importantly, the algorithm can be used with

cross-sectional and longitudinal data.

K E YWORD S

Alzheimer's disease, frontotemporal dementia, machine learning, magnetic resonance imaging,
neuroimaging markers

1 | INTRODUCTION

Alzheimer's disease (AD) and frontotemporal dementia (FTD) are com-

mon forms of dementia, with different, but partly overlapping, symp-

toms, and brain signatures. This complicates the differential diagnosis

and might lead to misdiagnosis (Balasa et al., 2011; Mendez, 2006).

On the other hand, accurate characterization of longitudinal trajecto-

ries is needed for prognosis and disease tracking purposes. In recent

years, clinical studies have been complemented with automated or

semiautomated algorithms, which hold promise toward computer-

aided diagnosis. In this line, machine learning (ML) techniques use clin-

ical and biomarker data to learn patterns that can be used as an aid

for differential disease diagnosis and tracking.

Magnetic resonance imaging (MRI) has been widely used to

detect disease-specific brain changes across different neurodegenera-

tive disorders. Concretely, using structural MRI, studies have

described patterns of cortical thickness (CTh) and gray matter

(GM) volume loss both in AD and FTD when compared separately

with healthy populations (Bocchetta et al., 2021; Canu et al., 2017;

Contador et al., 2021; Möller et al., 2013). In addition, in a previous

study including both diseases, we showed that distinct brain atrophy

patterns could potentially help in differentiating AD and FTD (Falgàs

et al., 2020). More recently, measures derived from MRI have been

used within ML algorithms to differentiate these diseases (Bron

et al., 2017; Li et al., 2021; Möller et al., 2016; Penny et al., 2007).

These approaches have shown good results. However, the large num-

ber of features needed can result in computationally expensive

methods that are difficult to implement in a clinical setting. In addi-

tion, obtaining spatial patterns of the features driving classification

can be challenging in some cases. These two issues limit the applica-

bility and interpretability of the algorithms.

Besides the description of atrophy patterns at a specific time

point, longitudinal neuroimaging studies have gained popularity in AD

and FTD (Bejanin et al., 2020; Irish et al., 2018; Sintini et al., 2020).

Using structural MRI, studies have described the trajectories of GM

volume and CTh loss with time, providing valuable information on the

characterization of disease trajectories and validation of prognostic

biomarkers (Risacher et al., 2010; Storsve et al., 2014). When com-

pared with cross-sectional studies, longitudinal designs can explore

the large heterogeneity of the effect of between-subject brain

changes which requires repeated measures and longitudinal designs

(Bernal-Rusiel et al., 2013; Thompson et al., 2011). Thus, while cross-

sectional studies depict patterns of differential or overlapping brain

atrophy, longitudinal studies are needed to understand the differences

in disease trajectories. In the context of ML, although longitudinal

data are sometimes used for diagnostic confirmation and/or for

exploring the predictive values of baseline acquisitions, few

approaches include longitudinal data in the training to improve the

models.

In this study, we developed a classification algorithm using cross-

sectional and longitudinal MRI data from 399 subjects, including AD

and FTD patients and healthy controls (CTR). We implemented a fea-

ture reduction algorithm using unsupervised techniques followed by a

widely used classifier, namely the support vector machine (SVM).

Besides maximizing classification performance, by studying the

weights of the features from the unsupervised part, we aimed to

investigate the brain patterns that collected a higher amount of vari-

ance for the different classification settings, thus providing interpret-

ability to our results.

2 | MATERIALS AND METHODS

2.1 | Participants

We selected 339 subjects prospectively recruited from the Alzhei-

mer's disease and other cognitive disorders unit of the Hospital Clínic

de Barcelona (HCB), all having a complete clinical work-up and at least

one 3T high-resolution structural MRI scan. Additionally, a subset of

subjects underwent a second acquisition after !2 years. Participants

were classified into three groups:

• AD: patients who presented AD biomarker profiles suggesting

underlying AD neuropathology (abnormal amyloid and tau, A + T+)

with neurodegeneration (N+) according to National Institute on

Aging/Alzheimer Association Research Framework 2018 (Jack

et al., 2018) and Mini-Mental State Examination (MMSE) ≥ 18.

They also fulfilled diagnostic criteria for mild cognitive impairment

due to AD or AD mild dementia (Albert et al., 2011; McKhann

et al., 2011).

• FTD: patients who met diagnostic criteria for either behavioral var-

iant frontotemporal dementia (bvFTD) or primary progressive

aphasia (PPA), including semantic variant PPA (svPPA), and nonflu-

ent variant PPA (nfvPPA) (Gorno-Tempini et al., 2011; Rascovsky

2 P!EREZ-MILLAN ET AL.
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et al., 2011). FTD showed normal values for AD cerebrospinal fluid

(CSF) biomarkers.

• CTR: healthy adults having cognitive performance within the nor-

mative range (cutoff 1.5 SD from the normative mean) and normal

levels of AD CSF biomarkers.

Subjects were collected as part of other ongoing and past studies

within the HCB. All were approved by the HCB Ethics Committee and

all participants gave written informed consent.

2.2 | MRI acquisition

A high-resolution 3D structural data set (T1-weighted, MP-RAGE, rep-

etition time = 2.300 ms, echo time = 2.98 ms, 240 slices, field-of-

view = 256 mm, voxel size = 1 " 1 " 1 mm) was acquired for each

individual at each time point in a 3T Magnetom Trio Tim scanner

(Siemens Medical Systems, Germany) or in a 3T Prisma scanner

(Siemens Medical Systems, Germany) at HCB using equivalent acquisi-

tion protocols. Before these analyses, we performed tests to evaluate

the interscanner variability (results can be found in Supplementary

Material S1), and we found low variability induced by the scanner.

2.3 | MRI processing

We used the processing stream available in FreeSurfer version 6.0

(http://surfer.nmr.mgh.harvard.edu.sire.ub.edu/) to perform cortical

reconstruction and volumetric segmentation of the T1-weighted

acquisitions. For longitudinal data, we used the longitudinal stream in

FreeSurfer. All FreeSurfer preprocessing steps are reported in detail

elsewhere (Fischl & Dale, 2000; Fischl et al., 2004; Reuter

et al., 2012). Briefly, FreeSurfer allowed us to generate automated

CTh maps and segmentation of the subcortical structures. From

reconstructed data, we obtained global measures of mean CTh and

GM volumes of the left and right hemispheres (lh and rh). In addition,

we used the summary measures of mean CTh in 68 cortical parcella-

tions and GM volumes of 17 subcortical structures, all derived from

atlases available in FreeSurfer (Desikan et al., 2006; Seidman

et al., 1997). Volume measures were normalized by the estimated

intracranial volume. All images and individual segmentations were

visually inspected and manually corrected if needed.

2.4 | Cross-sectional study: Brain signatures and
classification performance

We used all the CTh values and subcortical volumes at baseline

obtained with FreeSurfer to create our ML pipeline. We introduced

the global and regional measures of both hemispheres (rh and lh) sep-

arately leading to a total of 103 values per subject. Subcortical regions

were normalized using the intracranial volume and then all values

(subcortical volumes and CTh measures) were converted to z-score.

Therefore, the features of our ML algorithm were the subcortical vol-

umes and the CTh measures transformed to z-scores obtained after

processing the T1-weighed MRI images.

Firstly, we performed a principal component analysis (PCA) to

reduce the number of regional measures (all CTh measures and all vol-

umetric values) to a single feature, by keeping only the first principal

component (PC). The first PC is the one with the highest value of

explained variance, so it is the best choice to study the weights used

in the transformation while keeping good classification accuracy. The

weights to obtain this first PC will be used to provide a regional inter-

pretation of the classification results. Second, this feature was intro-

duced into a SVM algorithm to perform classifications between the

three groups and between pairs of groups. Eventually, the weights of

the PCA were used to create disease-specific patterns. These pat-

terns, allow having an interpretable ML algorithm that returns the

accuracy and the associated patterns of the classification between

groups. So, the proposed pipeline is not only focused on obtaining the

best accuracy, but it also focuses on giving explainability to the ML

algorithm.

To address circularity in the PCA and to avoid overfitting, we

implemented all the steps in a cross-validated setting, in which train

data was used in the entire PCA + SVM, and a group of subjects was

hold-out to be used as test data. For testing, original data were pro-

jected into the PCA space to obtain the unique feature and this was

used in the SVM classification. Overall performance was assessed

using k-fold cross-validation with 20 iterations of the procedure

explained above. Figure 1 shows a schematic representation of the

algorithm. Additionally, the SVM hyperparameters: kernel (options:

linear, rbf, and polynomial), C (values = [0.1,1, 10, 100, and 1000]),

and gamma (values = [1, 0.1, 0.01, and 0.001]) were introduced with a

Grid Search using an additional cross-validation of 10, with the train

set. The algorithm was implemented in Python version 3.8 (www.

python.org), and we used the library scikit-learn (Pedregosa

et al., 2011) for PCA, Grid Search, and SVM.

To assess the effect of age in the classification, we performed

two complementary analyses: (1) we evaluated if age itself was able to

classify the different groups; (2) We repeated all analyses by adding

age as a feature together with all the regions. To assess the effect of

sex in the classification we repeated all analyses by adding sex as a

feature together with all the regions.

2.5 | Longitudinal study: Brain signatures and
classification

We used all global and regional volumes and CTh measures derived

from the FreeSurfer longitudinal stream for the longitudinal classifica-

tion analysis. As in the cross-sectional analysis, we introduced the

measures of both hemispheres (rh and lh) separately, subcortical

regions were divided by intracranial volume, and all values were con-

verted to z-score.

Here, the overall pipeline also consisted of an unsupervised algo-

rithm followed by an SVM classification. For the unsupervised part,

P!EREZ-MILLAN ET AL. 3
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we performed a multiple factor analysis (MFA), which is a generaliza-

tion of PCA. MFA allows implementing a factor analysis with repeated

samples (i.e., the same measures for different time points for each

subject; Abdi et al., 2013). As before, we only kept the first compo-

nent. We kept the first component with the same objective as we did

with the PCA in the cross-sectional analyses. The weights to obtain

this first component will give us the interpretability of the classifica-

tion results of the algorithm. Then, this first component was intro-

duced to the SVM algorithm. Here, the use of MFA facilitates the

creation of a longitudinal ML in the SVM context, while keeping the

interpretability of results. As before, overall performance was

assessed using k-fold cross-validation with k = 20, in which test data

was not included in any of the procedures within the pipeline (MFA

and SVM). As an internal quality control, we revised the number of

subjects included in the train/test set for each iteration, and we

observed that they were equally distributed across iterations. Figure 2

shows a scheme of the algorithm.

With the objective to study how the longitudinal data can help to

improve the classification in ML algorithms and how should be intro-

duced to the algorithm, different settings were considered for the lon-

gitudinal analysis: (1) including all regional measures from time point

1 and time point 2 as different observations for each subject in the

MFA decomposition. (2) including all measures from each time point

together with a change variable (computed as time point2–time

point1) for each region in the MFA decomposition. (3) using only the

change variable in a standard PCA analysis. So, this setting will be the

equivalent of a study with longitudinal data but analyzed at a cross-

sectional level. In addition, to allow comparison with the cross-

F IGURE 1 Machine Learning Algorithm scheme

F IGURE 2 Longitudinal Machine Learning Algorithm scheme

4 P!EREZ-MILLAN ET AL.
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sectional analysis we performed a PCA decomposition of the data

from time point 1 with the subsample having a longitudinal

acquisition.

Finally, for each of the four decomposition settings mentioned

above, we used the weights of the obtained component from the

MFA/PCA to create disease-specific patterns. The SVM optimal

parameters were obtained with a Grid Search with cross-validation of

10, with the train set.

The algorithm was implemented in Python version 3.8 we used

the libraries prince (https://pypi.org/project/prince/) for MFA and

scikit-learn (Pedregosa et al., 2011) for PCA, Grid Search, and SVM.

3 | RESULTS

3.1 | Sample demographics

Of the 339 subjects included in the analyses, 153 were AD patients

(n = 20 with longitudinal data); 87 were FTD (n = 26 with longitudinal

data), and 99 were CTR (n = 68 longitudinal). The FTD group included

subjects with 49 bvFTD patients (n = 14 longitudinal data), 20 svPPA

patients (n = 7 longitudinal data), 17 nfvPPA patients (n = 4 longitudi-

nal data), and 1 unspecified PPA patient (n = 1 longitudinal data).

Demographic information and group statistics are shown in Table 1. In

summary, there was a significantly greater proportion of men in the

FTD group compared with the AD and CTR groups. In addition, CTR

subjects were slightly younger than AD and FTD groups (p < 0.05) at

the first visit. However, there were no differences in age for the sec-

ond visit. The time between scanners was lower in the FTD group

compared with AD and CTR (p < .0001) but did not differ between

AD and CTR.

3.2 | Cross-sectional analyses: Classification

Our algorithm had an accuracy of 83.3% ± 12.7% in the CTR versus

AD classification, 82.1% ± 14.7% for CTR versus FTD, 63.3% ± 9.1%

for AD versus FTD, and 60.7% ± 12.7% when discriminating the three

groups. Including age or sex in the algorithm led to similar results (see

Supplementary Material S1)

3.3 | Cross-sectional analyses: Brain patterns and
relevant features

The weights of each of the regional measures (CTh cortical regions

and GM volumes for subcortical regions) were obtained as their con-

tribution to the main feature (i.e., the first component). Figure 3 shows

these PCA weights for the separate analysis of CTR versus AD and

CTR versus FTD. As all algorithms were cross-validated using k-fold,

these patterns show the mean weights obtained with all the train sets

across iterations.

As can be seen in Figure 3, for AD, the three most important

regions were rh supramarginal, lh supramarginal, and rh precuneus.

For the FTD group, these were rh supramarginal, rh superior frontal,

and rh inferior parietal. The complete list of regions with their associ-

ated weights for each setting is shown in Supplementary Material S1.

3.4 | Longitudinal analyses: Classification

First, when using the two time points separately for each subject in

the MFA, we obtained an accuracy of 90.0% ± 14.7% in the CTR ver-

sus AD classification, 88.0% ± 16.4% for CTR versus FTD, 75.0%

± 36.9% for AD versus FTD, and 71.3% ± 13.1% for the three-group

classification (Table 2)

Including change as an additional measure for each subject and

region led to higher classification scores for CTR versus AD and the

three-group classification. The accuracies were 94.5% ± 11.8% in the

CTR versus AD classification, 87.8% ± 17.8% for CTR versus FTD,

60.8% ± 33.4% for AD versus FTD, and 77.7% ± 19.0% when dis-

criminating the three groups. Interestingly, including change in the

algorithm increased the accuracy for CTR versus AD and decreased

the accuracy for CTR versus FTD. Including age or sex in all the longi-

tudinal analyses led to similar results (see Supplementary

Material S1)

TABLE 1 Group summaries are given as the mean and the SD of each measure.

CTR AD FTD

CTR–AD CTR–FTD AD–FTD

p-value p-value p-value

N at first MRI 99 153 87 — — —

N at second MRI 68 20 26 — — —

Sex at first MRI, men/women 30/69 59/94 47/40 .22 .005 .03

Sex at second MRI, men/women 18/50 10/10 15/11 .09 .02 .77

Age at first MRI, years (SD) 60.2 (10.5) 64.3 (9.7) 63.6 (8.3) .003 .03 .5

Age at second MRI, years (SD) 65.0 (7.2) 62.1 (4.5) 63.8 (5.9) .3 .5 .5

Time between MRIs, years (SD) 2.1 (0.4) 1.9 (0.3) 1.4 (0.5) .3 2.5 e-9 4.7 e-5

Note: Differences between groups are calculated using Fisher test for sex and the ANOVA test for the rest of the variables. Significant group differences
are highlighted in bold, and pairwise differences were measured with Benjamini–Hochberg correction (p-values threshold .05).
Abbreviations: AD, Alzheimer's disease; CTR, controls; FTD, frontotemporal dementia; MRI, magnetic resonance imaging.
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When including only change as a feature for each region

(i.e., without the individual time point data), we obtained lower classi-

fication scores compared with the full-longitudinal setting. The classi-

fication scores were: 86.5% ± 13.2% in the CTR versus AD

classification, 80.0% ± 15.4% for CTR versus FTD, 58.3% ± 32.2% for

AD versus FTD, and 46.7% ± 21.2% for the three-class classification.

This result indicates that this variable is not the unique source of dis-

crimination power across groups. However, we observed that includ-

ing it in the longitudinal study together with the measures at each

time point was beneficial for classification

Finally, to be able to directly compare the two approaches, we

repeated the cross-sectional analyses for the baseline data of the

subjects that had longitudinal data available. We obtained a cross-

sectional accuracy of 79.5% ± 9.8% in the CTR versus AD classifica-

tion, 81.0% ± 16.0% for CTR versus FTD, 67.5% ± 32.2% for AD

versus FTD, and 59.7 ± 10.4% for the three-class classification. These

results highlight the increase in performance for the longitudinal

approach when compared with a cross-sectional approach with an

equivalent sample. Table 2 shows a summary of all the accuracies for

each analysis and comparison

F IGURE 3 Subcortical and cortical patterns of the first principal component's weights associated with Alzheimer's disease (AD) and
frontotemporal dementia (FTD). Top: Cortical regions of interest (ROIs) included in the component. Bottom: subcortical ROIs of the component.
The cool color scale represents negative weights, and the warm scale represents positive weights within the component

TABLE 2 Classification performance of the different approaches.

Longitudinal reduced sample

Cross-sectional all
subjects (%) Tp1, Tp2 (%) Tp1, Tp2, change (%) Only change (%)

Baseline of the
longitudinal sample

CTR vs. AD 83.3 ± 12.7 90.0 ± 14.7 94.5 ± 11.8 86.5 ± 13.2 79.5 ± 9.8

CTR vs. FTD 82.1 ± 14.7 88.0 ± 16.4 87.8 ± 17.8 80.0 ± 15.4 81.0 ± 16.0

AD vs. FTD 63.3 ± 9.1 75.0 ± 36.9 60.8 ± 33.4 58.3 ± 32.2 67.5 ± 32.2

CTR vs. AD vs. FTD 60.7 ± 12.7 71.3 ± 13.1 77.7 ± 19.0 46.7 ± 21.2 59.7 ± 10.4

Note: The best accuracy for each group is highlighted in bold.
Abbreviations: AD, Alzheimer's disease; CTR, controls; FTD, frontotemporal dementia, Tp1, timepoint 1; Tp2, timepoint 2.
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3.5 | Longitudinal analyses: Brain patterns and
relevant structures

The contributions of each brain region (CTh cortical regions and GM

volumes for subcortical regions) to the first MFA component are

shown in Figure 4. Using these weights, we created a pattern for each

comparison and visit: CTR versus AD and CTR versus FTD. As before,

patterns were obtained with the mean weights obtained with all train

sets across iterations.

As can be seen in Figure 4, for the longitudinal analysis the most

important regions for differentiating AD were rh pars triangularis, rh

entorhinal, and lh transverse temporal from Visit 1, and rh paracentral,

rh inferior temporal, and rh amygdala from Visit 2. For FTD, these

were rh pars triangularis, lh pars orbitalis, and lh rostral anterior cingu-

late from Visit 1 and rh temporal pole, rh inferior temporal, and rh

bankssts from Visit 2. The complete list of features and associated

weights for each comparison can be found in Supplementary

Material S1.

4 | DISCUSSION

In this study, we show the utility of machine learning approaches for

the differential diagnosis of AD and FTD. We used a combination of

unsupervised and supervised techniques that allowed (1) reducing all

subcortical GM volumes and CTh measures from MRI into a single

feature and (2) obtaining blind classifications from MRI data while pro-

viding meaningful atrophy patterns at the group level using the

weights of the unsupervised part of the algorithm. We implemented

two equivalent algorithms for cross-sectional and longitudinal data,

and we observed that longitudinal approaches outperformed cross-

sectional analyses in differentiating AD and FTD.

At the cross-sectional level, we demonstrated that ML can be

used to support clinical diagnosis using a method that is not computa-

tionally expensive. Previous ML neuroimaging studies with cross-

sectional structural MRI data have shown accuracies between 80%

and 95% for AD versus CTR, 72%–88% for FTD versus CTR, and

69%–89% for AD versus FTD (Bron et al., 2017; Klöppel et al., 2008;

Möller et al., 2016). In the case of the three-class classification, Bron

et al. (2017) reported an accuracy of 70%. In our cohort, we obtained

accuracy scores that are in agreement with these studies. Our study

has a higher sample size than those mentioned above and differs in

two important methodological aspects: first, we used a feature reduc-

tion algorithm that results in a single component being fed into the

classification stage. This component encompasses information from

all CTh values and GM volume measures. Even if there is an obvious

risk of losing information in this step, we demonstrated that it is still

useful for discrimination, while reducing the computational cost. Sec-

ond, our FTD group included patients with both PPA and bvFTD vari-

ants, not only bvFTD patients as in some of the abovementioned

F IGURE 4 Subcortical and cortical patterns of the contributions of the first component associated with Alzheimer's disease (AD) and
frontotemporal dementia (FTD) for both visits. The cool color scale represents negative weights, and the warm scale represents positive weights
within the component
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studies. Even if further studies with similar algorithms should attempt

to differentiate disease subtypes, we believe that our approach can be

very useful to support differential diagnosis across diseases. Notewor-

thy, the wide range of misclassified subjects both in ours in previous

studies suggests that some heterogeneities and overlaps need to be

further explored (Habes et al., 2020).

We developed an algorithm that used longitudinal data for train-

ing the classification models, which resulted in a noticeable increase in

classification accuracy for all comparisons, increasing up to 15% of

the overall accuracy score. Only a few studies have used longitudinal

data in ML algorithms. For example, previous studies reported accura-

cies between 80% and 94% for AD versus CTR (Gavidia-Bovadilla

et al., 2017; Guo et al., 2020; Zhang et al., 2017). In our cohort, we

obtain accuracy scores of 90% and 95% for this specific comparison,

outperforming previous approaches. To our knowledge, no previous

studies have used longitudinal data to differentiate FTD versus CTR

or AD versus FTD. Our approach uses the MFA decomposition, which

captures the variance of the data while modeling intra-subject

variability.

The accuracy obtained in all the longitudinal experiments sug-

gests that the proposed methodology is useful to support the diagno-

sis problem of distinguishing AD from FTD. Longitudinal analyses

allowed studying disease change and disease trajectories. Here, we

first applied the ML algorithm combining all longitudinal data in a

repeated measures fashion (Visit 1 plus Visit 2). We then tested the

algorithm using the longitudinal data (Visit 1 and Visit 2) in combina-

tion with the variable change that was the difference between both

visits. We observed that including the change variable in the algorithm

boosted the accuracy for CTR versus AD and worsened the accuracy

for CTR versus FTD. This could indicate that in AD patients the

change variable has higher discriminative power. On the contrary, in

FTD the change variable did not add discriminative power (indeed,

there is a slight decrease in accuracy), indicating that the patterns

themselves provide more discriminability than the change. This finding

could be associated with the fact that FTD patients could show floor

effect in atrophy rates due to an advanced stage of disease, while AD

patients included in this study might be in a less advanced stage

(Pankov et al., 2016). Finally, as regards the abovementioned results,

we acknowledge that the change variable, computed as a difference,

might add collinearity to the algorithm. However, by including it, we

were able to make guesses about the different spatial patterns being

important for classification.

Besides maximizing performance, we were interested in depicting

the spatial patterns that drive accuracy for each classification setting.

In ML, this represents a crucial step for developing algorithms that are

interpretable at the biological and pathological levels (Stiglic

et al., 2020). Here, we used the weights of the PCA/MFA components

to identify the regions that contributed the most to the group vari-

ances. To add explainability to our algorithm, we studied the most

important regions providing classification between pathologies. In

general, we found widespread brain patterns of variance, with com-

mon AD/FTD regions appearing within the ones on the top of the

lists, depicting pathological patterns in concordance with the literature

(Möller et al., 2016; Rabinovici et al., 2008). However, our classifica-

tion feature was obtained from the PCA, and therefore it includes

contributions across all brain regions, accounting for both overlapping

and differential patterns across disorders. ML techniques search for

robust interactions between features (in our case the brain regions),

so it is plausible that AD and FTD patterns present both differential

and overlapping regions. Previous works (Davatzikos et al., 2008;

Falgàs et al., 2020; Laakso et al., 2000) have also found some overlap-

ping patterns of degeneration across disorders. Overall, we believe

that the joint analysis of overlapping patterns (i.e., indicating common

neurodegeneration) and specific regional alterations will be crucial in

future works investigating differential diagnosis.

We developed an ML algorithm for differential diagnosis of FTD

and AD with good to excellent accuracy. Our algorithm combines

unsupervised and supervised methodologies. In addition, we adapted

our algorithms to longitudinal data, which was not included in previ-

ous works in the field (Bron et al., 2017; Chagué et al., 2021; Klöppel

et al., 2008; Möller et al., 2016). Therefore, the main novelty is the

combination of advanced methods (PCA/MFA and SVM) together

with the use of longitudinal data, a key point to understanding neuro-

degenerative diseases (Clifford et al., 1999). Moreover, the PCA was

not only used for the feature reduction step, as in previous studies

(Bachli et al., 2020; Davatzikos et al., 2008; Kim et al., 2019), but also

for obtaining the weights of the features for interpreting the findings.

Our study has some limitations. Regarding the sample size: First,

it is important to consider that our sample size at baseline, is lower

compared with the sample size which can be obtained in a multi-

centric study. However, all the data has been acquired in the same

center, allowing us to have the same MRI scanner protocol and the

same clinical criteria for the diagnosis. Another limitation is the rela-

tively small sample size at the follow-up visit, in some analyses, espe-

cially for the comparison between AD and FTD, the number of

subjects was low, due to the difficulty of obtaining longitudinal sam-

ples in these dementias. Regarding the MRI data, it is known that the

combination of different modalities of MRI, such as diffusion tensor

imaging (DTI), resting-state, amyloid positron emission tomography, or

arterial spin labeling could improve the accuracy scores (Agostinho

et al., 2022; Bron et al., 2014, 2017), while in our case we only used

structural MRI. Thus, as future work, we could include some of these

image modalities in our algorithm. Finally, the different clinical variants

in the FTD group (bvFTD and PPA) were studied as a single group and

there is the possibility that our results are biased by the different FTD

atrophy patterns. Due to sample size limitations, it was impossible to

subdivide the FTD group to study in detail the different variants of

the pathology. Future studies taking into consideration this point

should be considered.

In our study, we focused on differentiating AD and FTD using ML

on MRI data. Other studies have reported differences between these

pathologies using a wide range of methods and MRI sequences. For

example, the work of Du et al. (2007) used structural MRI to compare

regional CTh between AD and FTD and their relationship with neuro-

psychological scores at a vertex-wise level. They found that FTD

patients, compared with AD patients, had a thinner cortex in parts of
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the bilateral parietal and precuneus regions. Similarly, Steketee et al.

(2016) used perfusion and structural MRI to differentiate AD and

FTD. They studied the sensitivity, specificity, and diagnostic perfor-

mance of the different regions and found that AD patients, compared

with FTD patients, showed hypoperfusion in the posterior cingulate

cortex. However, they also found that regional atrophy did not differ

between AD and FTD. In this sense, we could differentiate AD and

FTD with atrophy values, suggesting that ML techniques, that incor-

porate information across the whole brain, might be more sensitive.

Finally, Avants et al. (2010) used sparse canonical correlation analysis

with DTI and T1-weighed MRI data to identify patterns of reduced

white matter (WM) integrity for AD and FTD. They found that, in

FTD, frontal and temporal degeneration is correlated across modali-

ties. In AD, they reported a significant association between CTh and

WM in parietal and temporal regions. Considering all these studies, in

future work, we aim to add different MRI modalities and other clinical

variables to our algorithm.

5 | CONCLUSION

In conclusion, our study leads to three important points: First, the

combination of PCA or MFA and SVM successfully separates patients

with AD or FTD from CTR subjects. Second, they perform well in the

differential diagnosis of two pathologies (AD vs FTD). Thirdly, the

follow-up visits are beneficial in ML algorithms to distinguish these

pathologies, especially AD. All these points suggest an important

breakthrough in computer-aided diagnostic image analysis for clinical

research and practice.
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Supplementary Material  

Intra-Scanner Variability 

We studied 3 MRI-longitudinal datasets with 2 time-points, separated 2 years, all having 

available T1-weighted scans, with equal or equivalent acquisition protocols before and 

after a scanner upgrade. Being ‘scanner 1’ a 3T Siemens TrioTim MRI scanner and 

‘scanner 2’ a 3T Siemens Prisma scanner, the groups were as follows: (1) A group of 14 

healthy controls (median and IQR age: 58.4 [54.7, 61.4]) scanned with scanner 1 at both 

time points (CTR); (2) a group of 17 healthy controls (median and IQR age: 59.7 [49.0, 

60.9]) scanned at baseline with scanner 1 and after 2 years with scanner 2 (CTRc), and 

(3) a group of 12 AD patients (median and IQR age: 60.4 [58.0, 65.8]), scanned with 

scanner 1 at both time points. We used the longitudinal processing stream of FreeSurfer 

to obtain summary measures, including subcortical GM volume and cortical thickness 

(CTh) using the same atlases as the main manuscript. We studied the intra-class 

correlation coefficient (ICC) to assess the reliability of the metrics for CTR and CTRc 

groups. We calculated the percent difference (PcD) to obtain the relative difference of 

GM measures between time points, for all groups. With the PcD measure, we aimed to 

study the magnitude of the changes due to the scanner in comparison with the effect of 

AD in atrophy. We further focused on hippocampal atrophy to provide a practical 

example, as it is considered a biomarker for AD. 

 

We found that the ROI-CTh measures were the most affected by the scanner upgrade, 

with a mean ICC across regions of 0.8 and 0.92 for the CTRc and CTR groups 

respectively (36 out of 68 regions were significantly different). However, mean ICC 

values were close to 1 for both datasets for these metrics, indicating good reliability. As 

regards PcD, we consistently observed that longitudinal differences were stronger in AD 

than in CTR or CTRc groups (Figure 1). Mean PcD values for CTh (across parcellations) 

were: -0.20% for CTR, -1.53% for CTRc and -4.57% for AD. And mean PcD for 

subcortical GM volumes were (across atlas regions): -3.11% for CTR, -2.76% for CTRc 

and -10% for AD. Hippocampal atrophy was similar between CTR and CTRc with values 

close to zero, with no significant differences between them. In AD, hippocampal volume 

loss was stronger, showing significant differences between CTR and CTRc (Figure 2). 
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Figure 1: Mean PcD values for CTR, CTRc, and AD. Only significant regions are shown. The cool color 
scale represents Visit 1 > Visit 2 and the warm scale represents Visit 2 > Visit 1 within the PcD 

 

 
Figure 2: Boxplot of the HV normalized by the intracranial volume (ICV) for each visit. Pairwise 
comparisons show significant differences in some comparisons. 

 

Disease Classification with Age: Cross-sectional study 
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The ML algorithm, which combines all cortical CTh values and the subcortical GM 

volumes (obtained with FreeSurfer) including age, had the following accuracy: 81.8 ± 

13.2 % in the CTR vs AD classification, 82.6 ± 14.8 % for CTR vs FTD, 62.1 ± 7.8 % 

for AD vs FTD and 61.9 ± 10.5 % when discriminating the 3 groups.  

 

Disease Classification with Sex: Cross-sectional study 

The ML algorithm, which combines all cortical CTh values and the subcortical GM 

volumes (obtained with FreeSurfer) including the sex variable, had the following 

accuracy: 81.8 ± 14.2 % in the CTR vs AD classification, 82.6 ± 14.8 % for CTR vs FTD, 

61.3 ± 11.6 % for AD vs FTD and 61.1 ± 8.5 % when discriminating the 3 groups.  

 

Cross-sectional analyses: Brain patterns and relevant regions 

The complete list of regions ordered from most to least important for AD and CTR is 

shown in Table 1. 

 

Table 1: Relevant regions for the AD and CTR classification. 

Region Weight (absolute value) 
right supramarginal 0.132398024 
left supramarginal 0.131250765 

right precuneus 0.129766071 
right superior temporal 0.129413757 

left superior frontal 0.128659062 
right middle temporal 0.125845316 
right superior frontal 0.124020465 

right caudal middle frontal 0.123852731 
right inferior parietal 0.123621522 

left caudal middle frontal 0.123231611 
left middle temporal 0.122663053 

right fusiform 0.120213889 
left superior temporal 0.120048274 
right superior parietal 0.118839236 

right insula 0.118765178 
left precuneus 0.118004610 

left inferior parietal 0.115784908 
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left rostral middle frontal 0.115510007 
right rostral middle frontal 0.114876770 

left superior parietal 0.114797351 
left fusiform 0.114594705 
right bankssts 0.113284782 

right postcentral 0.109881772 
left pars opercularis 0.109683926 
left inferior temporal 0.108852163 

right inferior temporal 0.107537313 
left postcentral 0.107362484 

right pars opercularis 0.106304893 
left amygdala 0.104860639 
left bankssts 0.104428045 

right entorhinal 0.103358363 
right precentral 0.102994215 

left insula 0.102988526 
right putamen 0.102658807 

left pars triangularis 0.101768935 
right lateral ventricle 0.101735621 
right hippocampus 0.100563834 

left precentral 0.100517210 
right pars triangularis 0.100163562 

right amygdala 0.100078512 
left hippocampus 0.099910649 

left putamen 0.099615513 
left lateral occipital 0.097343502 

left posterior cingulate 0.096700975 
right posterior cingulate 0.096259173 

right lateral occipital 0.095844236 
left entorhinal 0.094493914 

left lateral ventricle 0.092100142 
right lingual 0.090868299 

right paracentral 0.089423868 
right temporal pole 0.088178150 
left thalamus proper 0.087852884 

left medial orbitofrontal 0.087723867 
right parahippocampal 0.087467138 

left temporal pole 0.085780580 
right thalamus proper 0.084828698 

left lateral orbitofrontal 0.083730125 
right pars orbitalis 0.083725304 

left isthmus cingulate 0.082190575 
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left paracentral 0.082091817 
left lingual 0.080314217 
left caudate 0.079843286 

left pars orbitalis 0.079370561 
right transverse temporal 0.078883607 

right cuneus 0.078698332 
right lateral orbitofrontal 0.076470462 

left parahippocampal 0.076362321 
right isthmus cingulate 0.075751401 

right caudate 0.072829449 
right medial orbitofrontal 0.069739841 

left frontal pole 0.068055185 
left cuneus 0.065380244 

right pericalcarine 0.063486021 
left transverse temporal 0.063066450 

left pericalcarine 0.061865656 
right frontal pole 0.053554998 

left rostral anterior cingulate 0.048428281 
right caudal anterior cingulate 0.046019643 

right cerebellum cortex 0.043014358 
left caudal anterior cingulate 0.039211475 

left cerebellum cortex 0.038275172 
right rostral anterior cingulate 0.032349503 

left pallidum 0.011922263 
right pallidum 0.003399224 

 

The complete list of regions ordered from most to least important for FTD and CTR is 

shown in Table 2. 

 

Table 2: Relevant regions for the FTD and CTR classification. 

Region Weight (absolute value) 
right supramarginal 0.12619778 
right superior frontal 0.12332762 
right inferior parietal 0.12161832 

right superior temporal 0.12083992 
left superior frontal 0.11887638 

right middle temporal 0.11872332 
right precuneus 0.11845395 

left supramarginal 0.11843901 
right insula 0.11704590 
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right precentral 0.11701397 
right caudal middle frontal 0.11673290 

left precuneus 0.11561300 
left middle temporal 0.11526148 
left superior temporal 0.11500142 

left rostral middle frontal 0.11475845 
left inferior parietal 0.11467779 

left insula 0.11401137 
left lateral orbitofrontal 0.11376168 

right bankssts 0.11361550 
right fusiform 0.11165565 

right superior parietal 0.11154816 
left medial orbitofrontal 0.11091987 

right pars opercularis 0.11069583 
left superior parietal 0.11067223 

right inferior temporal 0.10994370 
left precentral 0.10761547 
right putamen 0.10754690 
left fusiform 0.10590622 

left caudal middle frontal 0.10558708 
left inferior temporal 0.10462069 

Left putamen 0.10385312 
right lateral orbitofrontal 0.10299590 

right rostral middle frontal 0.10284533 
Left hippocampus 0.10214976 
right postcentral 0.10201190 

right lateral ventricle 0.10122240 
left temporal pole 0.10118039 
right entorhinal 0.10117219 

right temporal pole 0.10074654 
right medial orbitofrontal 0.09983957 

left pars opercularis 0.09925066 
left pars triangularis 0.09922243 
left lateral ventricle 0.09883158 

right pars triangularis 0.09867895 
left postcentral 0.09709643 
left entorhinal 0.09616336 

left pars orbitalis 0.09606334 
right lateral occipital 0.09568428 
right pars orbitalis 0.09518599 

right parahippocampal 0.09420009 
left posterior cingulate 0.09401839 
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left amygdala 0.09372896 
left bankssts 0.09369281 

left paracentral 0.09330762 
right hippocampus 0.09330148 

right thalamus proper 0.09304978 
right amygdala 0.09242262 

right paracentral 0.09135317 
right posterior cingulate 0.09069424 

left thalamus proper 0.08921889 
left lateral occipital 0.08871286 

right transverse temporal 0.08668020 
right caudate 0.08429756 

left rostral anterior cingulate 0.08214760 
Left caudate 0.08184923 
right cuneus 0.08122028 
right lingual 0.08062650 

left parahippocampal 0.07943174 
left frontal pole 0.07608782 

right isthmus cingulate 0.07415441 
right rostral anterior cingulate 0.07143054 

left lingual 0.06932710 
left pericalcarine 0.06840119 

left cuneus 0.06686781 
right pericalcarine 0.06636366 

left isthmus cingulate 0.06569378 
left transverse temporal 0.06448232 

right frontal pole 0.05999339 
right caudal anterior cingulate 0.04743249 

right cerebellum cortex 0.03503372 
left cerebellum cortex 0.03419993 

left caudal anterior cingulate 0.03183794 
right pallidum 0.02479197 
left pallidum 0.01180515 

 

Longitudinal Classification with Age  

The ML longitudinal algorithm, combining all cortical CTh values and the subcortical 

GM volumes (obtained with FreeSurfer) including age, had the following accuracy: 90.0 

± 14.7 % in the CTR vs AD classification, 88.0 ± 16.4 % for CTR vs FTD, 72.5 ± 40.2 

% for AD vs FTD and 70.5 ± 13.9 % when discriminating the 3 groups.  
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The ML longitudinal algorithm combining all cortical CTh values and the subcortical GM 

volumes at each visit, the difference between both visits for each measure, and age, had 

the following accuracy: 93.5 ± 12.2 % in the CTR vs AD classification, 85.5 ± 18.7 % for 

CTR vs FTD, 60.8 ± 33.4 % for AD vs FTD and 79.3 ± 19.4 % when discriminating the 

3 groups. 

 

Disease Classification with Sex: Longitudinal 

The ML longitudinal algorithm, which combines all cortical CTh values and the 

subcortical GM volumes (obtained with FreeSurfer) including the sex variable, had the 

following accuracy: 90.0 ± 14.7 % in the CTR vs AD classification, 88.0 ± 16.4 % for 

CTR vs FTD, 75.0 ± 36.9 % for AD vs FTD and 70.5 ± 13.9 % when discriminating the 

3 groups.  

 

Longitudinal analyses: Brain patterns and relevant regions 

The complete list of regions ordered from most to least important for AD and CTR for 

visit 1 is shown in Table 3. 

 

Table 3: Relevant regions for the AD and CTR classification for visit 1. 

Hemisphere Region Weight (absolute value) 
right pars triangularis 0.118172 
right entorhinal 0.110376 
left transverse temporal 0.108773 
left pars orbitalis 0.105024 
left supramarginal 0.102022 
left rostral anterior cingulate 0.101265 
left cuneus 0.100044 
left temporal pole 0.099950 
left postcentral 0.097928 
left precentral 0.093428 
left posterior cingulate 0.092619 

right caudal middle frontal 0.091058 
right caudal anterior cingulate 0.090806 
right parahippocampal 0.090057 
right frontal pole 0.089258 
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left parahippocampal 0.088595 
right insula 0.088363 
right thalamus proper 0.087210 
right amygdala 0.086191 
right lateral ventricle 0.083690 
right rostral anterior cingulate 0.083240 
left bankssts 0.081812 
left pallidum 0.081781 

right paracentral 0.081355 
right transverse temporal 0.081115 
left caudal anterior cingulate 0.077248 

right pericalcarine 0.076638 
right temporal pole 0.076573 
left frontal pole 0.076310 

right bankssts 0.076241 
left caudate 0.074540 

right precentral 0.073781 
left caudal middle frontal 0.073628 
left middle temporal 0.073518 
left putamen 0.072987 
left inferior temporal 0.071299 

right supramarginal 0.070180 
right lingual 0.069422 
left superior temporal 0.068992 
left lateral ventricle 0.068276 

right superior temporal 0.067320 
right postcentral 0.065620 
right cuneus 0.065499 
left insula 0.065208 
left lateral orbitofrontal 0.064892 
left rostral middle frontal 0.059575 

right inferior temporal 0.055750 
left entorhinal 0.055531 
left lingual 0.055197 

right isthmus cingulate 0.054670 
right caudate 0.054669 
right putamen 0.054669 
right precuneus 0.050482 
left lateral occipital 0.050000 

right fusiform 0.049660 
right medial orbitofrontal 0.049584 
left precuneus 0.048811 
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right lateral orbitofrontal 0.046896 
right superior frontal 0.046674 
left isthmus cingulate 0.046614 
left pericalcarine 0.045486 

right posterior cingulate 0.044347 
left amygdala 0.043514 

right hippocampus 0.042535 
left hippocampus 0.042131 
left superior frontal 0.035765 

right lateral occipital 0.035728 
left fusiform 0.031348 

right rostral middle frontal 0.030046 
right inferior parietal 0.029368 
right pars opercularis 0.028268 
left superior parietal 0.024416 

right middle temporal 0.020374 
left inferior parietal 0.017754 

right pallidum 0.017304 
left pars opercularis 0.012286 
left thalamus proper 0.011450 
left medial orbitofrontal 0.010741 
left pars triangularis 0.009616 

right superior parietal 0.008360 
right pars orbitalis 0.007793 
left paracentral 0.006384 

 

 

The complete list of regions ordered from most to least important for AD and CTR for 

visit 2 is shown in Table 4. 

 

Table 4: Relevant regions for the AD and CTR classification for visit 2. 

Hemisphere Region Weight (absolute value) 
right paracentral 0.113792 
right inferior temporal 0.108894 
right amygdala 0.108818 
right parahippocampal 0.107927 
right bankssts 0.107347 
right medial orbitofrontal 0.106943 
right cuneus 0.106709 
right temporal pole 0.103368 
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right fusiform 0.099968 
left postcentral 0.099282 
left lingual 0.097540 

right entorhinal 0.096164 
left middle temporal 0.094651 
left inferior parietal 0.094532 
left parahippocampal 0.094078 
left temporal pole 0.093919 
left pars triangularis 0.093051 

right putamen 0.092860 
left pars orbitalis 0.089565 

right lateral ventricle 0.089344 
right frontal pole 0.089172 
left caudal middle frontal 0.089151 

right transverse temporal 0.087917 
right thalamus proper 0.087723 
left cuneus 0.086478 
left frontal pole 0.084532 

right supramarginal 0.083918 
right caudate 0.083690 
left superior parietal 0.083148 

right pallidum 0.081741 
right rostral anterior cingulate 0.081133 
left entorhinal 0.079680 
left putamen 0.078981 

right precentral 0.078617 
left thalamus proper 0.075900 

right superior parietal 0.074704 
left pars opercularis 0.074513 

right pars triangularis 0.073674 
right middle temporal 0.073556 
right hippocampus 0.072210 
left lateral ventricle 0.071315 

right superior temporal 0.071017 
right precuneus 0.069748 
right pars opercularis 0.065132 
right lingual 0.064493 
left pericalcarine 0.063289 

right rostral middle frontal 0.061189 
left superior temporal 0.060877 
left posterior cingulate 0.059678 
left rostral anterior cingulate 0.058585 



 12 

right pars orbitalis 0.058152 
left medial orbitofrontal 0.057767 
left fusiform 0.056820 
left paracentral 0.055976 
left inferior temporal 0.055475 
left lateral orbitofrontal 0.054304 
left caudal anterior cingulate 0.052900 
left superior frontal 0.052121 
left rostral middle frontal 0.052115 

right postcentral 0.048481 
right insula 0.047640 
right caudal middle frontal 0.047179 
right superior frontal 0.045793 
left caudate 0.045378 

right inferior parietal 0.045032 
left isthmus cingulate 0.045026 
left hippocampus 0.044391 
left precuneus 0.042913 
left precentral 0.042860 

right isthmus cingulate 0.040560 
left lateral occipital 0.034668 

right pericalcarine 0.032705 
left pallidum 0.028913 

right lateral occipital 0.028649 
right lateral orbitofrontal 0.023552 
left transverse temporal 0.019127 

right caudal anterior cingulate 0.019027 
left supramarginal 0.018742 
left bankssts 0.006251 
left insula 0.005267 
left amygdala 0.004162 

right posterior cingulate 0.001359 

 

 

The complete list of regions ordered from most to least important for FTD and CTR for 

visit 1 is shown in Table 5. 

 

Table 5: Relevant regions for the FTD and CTR classification for visit 1. 

Hemisphere Region Weight (absolute value) 
right pars triangularis 0.105423 
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left pars orbitalis 0.102475 
left rostral anterior cingulate 0.097304 

right paracentral 0.095766 
left insula 0.091756 
left posterior cingulate 0.091293 

right thalamus proper 0.090531 
left postcentral 0.088563 

right frontal pole 0.088454 
right temporal pole 0.088353 
right insula 0.087168 
right precentral 0.086933 
left parahippocampal 0.086874 
left caudate 0.086819 
left inferior temporal 0.086419 
left caudal middle frontal 0.085461 

right bankssts 0.085295 
right rostral anterior cingulate 0.085151 
left transverse temporal 0.084872 
left middle temporal 0.084822 

right amygdala 0.083502 
left lateral ventricle 0.082818 

right lateral ventricle 0.082746 
right cuneus 0.082366 
left cuneus 0.081553 

right pericalcarine 0.081429 
right isthmus cingulate 0.081139 
right precuneus 0.080997 
right postcentral 0.080438 
right inferior temporal 0.079328 
left bankssts 0.077580 

right entorhinal 0.077305 
right parahippocampal 0.077143 
left supramarginal 0.077142 

right inferior parietal 0.077078 
left pallidum 0.076968 
left inferior parietal 0.073785 
left putamen 0.071318 
left frontal pole 0.070684 

right transverse temporal 0.070083 
left fusiform 0.068111 

right supramarginal 0.067212 
right caudal anterior cingulate 0.066970 
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left superior temporal 0.066159 
left caudal anterior cingulate 0.065228 

right posterior cingulate 0.065010 
left temporal pole 0.063964 
left lingual 0.063639 

right middle temporal 0.063611 
left hippocampus 0.062493 
left lateral occipital 0.061538 

right caudate 0.060309 
right putamen 0.060309 
right caudal middle frontal 0.060267 
left amygdala 0.059806 

right superior temporal 0.059646 
left isthmus cingulate 0.058942 

right lateral orbitofrontal 0.058269 
left precentral 0.054454 

right medial orbitofrontal 0.052517 
left superior frontal 0.052147 

right superior frontal 0.050172 
left lateral orbitofrontal 0.047253 
left rostral middle frontal 0.046318 
left pars opercularis 0.043936 
left entorhinal 0.042194 

right lateral occipital 0.041520 
left precuneus 0.038030 

right lingual 0.037376 
left medial orbitofrontal 0.036232 

right hippocampus 0.032376 
right pallidum 0.031284 
right pars opercularis 0.031156 
right rostral middle frontal 0.028339 
left thalamus proper 0.023958 
left superior parietal 0.023169 
left pericalcarine 0.021973 

right fusiform 0.020885 
left paracentral 0.018195 

right pars orbitalis 0.013612 
left pars triangularis 0.012474 

right superior parietal 0.000610 
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The complete list of regions ordered from most to least important for FTD and CTR for 

visit 2 is shown in Table 6. 

 

Table 6: Relevant regions for the FTD and CTR classification for visit 2. 

Hemisphere Region Weight (absolute value) 
right temporal pole 0.105374 
right inferior temporal 0.103468 
right bankssts 0.099943 
right cuneus 0.096823 
right entorhinal 0.096567 
right pars opercularis 0.094847 
right lateral ventricle 0.093809 
right pars orbitalis 0.091971 
left temporal pole 0.091373 

right thalamus proper 0.091193 
left inferior parietal 0.089250 
left pars opercularis 0.088880 

right precentral 0.088848 
left thalamus proper 0.088363 

right frontal pole 0.088288 
left cuneus 0.087542 

right hippocampus 0.087128 
left paracentral 0.087083 
left putamen 0.086956 
left parahippocampal 0.086598 

right transverse temporal 0.086444 
right superior temporal 0.086016 
left precuneus 0.085628 
left lateral ventricle 0.084933 
left precentral 0.083897 

right pars triangularis 0.083271 
right caudate 0.082746 
left caudal middle frontal 0.082737 

right rostral anterior cingulate 0.081898 
left postcentral 0.081469 
left frontal pole 0.080682 
left pericalcarine 0.079441 

right amygdala 0.078945 
left rostral anterior cingulate 0.078445 

right paracentral 0.077605 
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left caudate 0.077212 
right supramarginal 0.074233 
left pars orbitalis 0.072481 
left supramarginal 0.072293 

right precuneus 0.071317 
right rostral middle frontal 0.070820 
left lingual 0.070494 

right putamen 0.069779 
right superior parietal 0.068416 
right medial orbitofrontal 0.067916 
right pallidum 0.067289 
right parahippocampal 0.066909 
right middle temporal 0.066576 
left pars triangularis 0.064636 

right lingual 0.064115 
left superior frontal 0.063180 
left medial orbitofrontal 0.061147 
left lateral orbitofrontal 0.059321 

right superior frontal 0.058516 
right postcentral 0.057398 
left entorhinal 0.056978 
left isthmus cingulate 0.054416 
left middle temporal 0.053484 
left rostral middle frontal 0.053454 

right isthmus cingulate 0.052028 
right insula 0.051652 
left superior temporal 0.051070 

right fusiform 0.050336 
left pallidum 0.048768 

right lateral occipital 0.048630 
left hippocampus 0.047515 
left inferior temporal 0.045986 
left superior parietal 0.042554 
left lateral occipital 0.039869 
left transverse temporal 0.038380 
left bankssts 0.035047 
left fusiform 0.035022 
left posterior cingulate 0.034307 

right inferior parietal 0.032824 
right pericalcarine 0.032559 
left caudal anterior cingulate 0.032013 

right caudal middle frontal 0.023647 
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right lateral orbitofrontal 0.021188 
right caudal anterior cingulate 0.011242 
left amygdala 0.006234 

right posterior cingulate 0.004857 
left insula 0.004029 
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Key points 

- The classification between Alzheimer’s disease and Frontotemporal dementia should 

account for probabilities.  

- There is a gray zone of subjects with non-confident or unclear diagnoses that should be 

studied deeper. 

- The availability of multimodal data contributes to improving diagnosis.  
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ABSTRACT 

 
Introduction: Neuroimaging and fluid biomarkers are used in clinics to differentiate 

frontotemporal dementia (FTD) from Alzheimer’s disease (AD) and other 

neurodegenerative and non-neurodegenerative disorders. We implemented a machine 

learning (ML) algorithm that provides individual probabilistic scores for these patients 

based on magnetic resonance imaging (MRI).   

 

Methods: We used a calibrated classifier with a Support Vector Machine with MRI data. 

We obtained group classifications and individual probabilities associated with group 

correspondence. We used the individual probabilities to address the clinical problem of 

confidence in the diagnosis. We investigated whether combining MRI and cerebrospinal 

fluid (CSF) levels of Neurofilament light (NfL) and 14-3-3 could improve the diagnosis 

confidence.  

 

Results: 215 AD patients (65 ± 10 years, 137 women), 103 FTD patients (64 ± 8 years, 

49 women), and 173 CTR (59 ± 15 years, 106 women) were studied. With MRI data only, 

we obtained accuracies of 88% in the AD vs. healthy controls (CTR) classification, 87% 

for FTD vs. CTR, 82% for AD vs. FTD, and 80% when differentiating the three groups. 

A total of 74% of FTD and 73% of AD participants have a high (≥0.8) probability of 

accurate diagnosis in the FTD vs. AD comparison. Adding CSF-NfL and 14-3-3 levels 

did not improve the accuracy or the number of patients in the high diagnosis confidence 

group.  

 

Conclusion: Our approach, using ML algorithms that provide individual probabilities, 

holds promise towards individual diagnoses, especially in doubtful cases as support to 

clinical findings or in settings with limited access to expert diagnoses.  
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1. INTRODUCTION 

Alzheimer's Disease (AD) is the most frequent neurodegenerative disorder.  

Frontotemporal dementia (FTD) is also frequent in people younger than 65 years old and 

is the main differential diagnosis with AD in this age group. AD and FTD are 

characterized by prototypical clinical features and patterns of progressive brain atrophy 

that constitute the disease's fingerprint or signature. An early and accurate diagnosis is 

essential for treatment, prognosis, and genetic counseling. However, there is considerable 

individual variability in the clinical features, especially in the early stages. This limits the 

accuracy of the clinical diagnosis at this stage.  

 

During the last two decades, fluid biomarker studies have substantially improved the 

diagnosis of neurodegenerative dementias. The current clinical criteria for AD diagnosis 

include cerebrospinal fluid (CSF) biomarkers, such as the amyloid-beta protein 42 

(Aβ42), the total tau (t-tau), and phosphorylated tau (p-tau) [1, 2]. However, currently, 

FTD criteria do not include biochemical markers. Neurofilament light chain (NfL) levels, 

a marker of neuroaxonal damage, and 14-3-3 protein levels, a marker of synaptic-

neuronal loss, have been both proposed as nonspecific neurodegeneration markers that 

could support the diagnosis of FTD, although their levels are also increased in AD 

compared to controls [3–6].   

 

Magnetic Resonance Imaging (MRI) is broadly used in the study of AD and FTD, both 

at the research and the clinical levels. Visual evaluation of the atrophy pattern is mainly 

used in the clinical setting [7, 8]. Quantitative MRI studies have described patterns of 

cortical thickness and gray matter (GM) volume loss in AD and FTD at the group level 

when compared separately with healthy populations [9–14].  However, quantitative MRI 

studies are only scarcely used in clinics due to technical difficulties and limited accuracy 

in performing the diagnosis at the individual level.  

 

A growing body of evidence supports the role of machine learning (ML) techniques using 

brain MRI [15–17] to support the clinical diagnosis of these two dementias [18–22]. 

Many studies have shown that a support vector machine (SVM) with neuroimaging data 
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differentiates AD or FTD patients from healthy controls [22–27]. However, fewer studies 

exist on the differential diagnosis of these two dementias, even though the clinical 

symptoms of FTD and AD can display a substantial overlap between them [28–30].  

 

In this study, we aimed to develop a probabilistic computer-aided diagnosis of FTD and 

AD with MRI data to study the overlapping and differential brain patterns of these two 

neurodegenerative disorders. Then, we addressed the clinical problem of diagnosis 

confidence using individual prediction probabilities. We proposed investigating whether 

combining MRI and CSF biomarkers could help differentiate these two dementias and 

gain more confidence in the diagnosis. 

 

2. MATERIALS AND METHODS 

2.1. Participants 

We recruited the participants from the Alzheimer's disease and other cognitive disorders 

unit of the Hospital Clínic de Barcelona (HCB), Barcelona, Spain. All participants 

underwent a complete clinical and cognitive evaluation and a 3T high-resolution 

structural MRI scan.  

All AD participants fulfilled the criteria for mild dementia due to AD [1, 2] supported by 

the CSF biomarkers profile suggesting underlying AD neuropathology according to 

National Institute on Aging/Alzheimer's Association Research Framework 2018 [31]. 

The FTD participants fulfilled the diagnostic criteria for either behavioral variant 

frontotemporal dementia (bvFTD) or FTD-related primary progressive aphasia (PPA) 

phenotypes, including Semantic Variant Primary Progressive Aphasia (svPPA) and 

Nonfluent Variant Primary Progressive Aphasia (nfvPPA) [32, 33]. Healthy adults (CTR) 

had cognitive performance within the normative range. 

The HCB Ethics Committee approved the study (HCB 2019/0105), and all participants 

gave written informed consent.  

 

2.2 Biochemical markers 
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We used commercially available single-analyte enzyme-linked immunosorbent assay 

(ELISA) kits to determine levels of CSF NfL (IBL International, Hamburg, Germany) 

and CSF 14-3-3 (CircuLex, MBL International Corporation, Woburn, MA) at the 

Alzheimer's disease and other cognitive disorders unit laboratory, Barcelona, Spain.   

 

2.3 MRI acquisition 

We acquired a high-resolution 3D structural dataset (T1-weighted, MP-RAGE, repetition 

time = 2.300 ms, echo time = 2.98 ms, 240 slices, field-of-view = 256 mm, voxel 

size = 1 × 1 × 1 mm) for everyone at each time point in a 3T Magnetom Trio Tim scanner 

(Siemens Medical Systems, Germany) upgraded to a 3T Prisma scanner (Siemens 

Medical Systems, Germany) during the study. 

 

2.4 MRI processing 

We used the processing stream available in FreeSurfer version 6.0 

(http://surfer.nmr.mgh.harvard.edu.sire.ub.edu/) to perform cortical reconstruction and 

volumetric segmentation of the T1-weighted acquisitions. FreeSurfer allowed us to obtain 

cortical thickness (CTh) maps and segment the subcortical structures [34, 35]. From 

reconstructed data, we got summary measures of mean CTh and GM volumes across the 

left and right hemispheres and summary measures of mean CTh in 68 cortical regions and 

GM volumes of 16 subcortical structures, all derived from atlases available in FreeSurfer 

[36, 37]. The estimated intracranial volume was used to normalize volume measures. All 

images and individual segmentations were visually inspected and manually corrected if 

needed. 

2.5 MRI-based individual probabilistic classification algorithm  

We used all CTh values, GM subcortical volumes, and the age of the participants to create 

our ML algorithm. We introduced the regional measures of both hemispheres separately, 

leading to a total of 84 features per subject (see Supplementary Material). 

 

We first converted MRI data to z-scores. We implemented a calibrated classifier with an 

SVM as a base estimator to predict these values. For each classifier, we fitted a regression 
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that distributes the classifier's output to calibrate the probability between 0 and 1. We 

created classifiers for each pair of diagnostic groups (AD vs. CTR, FTD vs. CTR, and 

AD vs. FTD) and across the three groups (AD vs. FTD vs. CTR). Then, we subdivided 

the FTD group into bvFTD and PPA, and we used them as independent groups in a new 

set (AD vs. bvFTD, AD vs. PPA, CTR vs. bvFTD, CTR vs. PPA, and bvFTD vs. PPA). 

All the comparisons were performed with a 5-fold cross-validation to evaluate the 

performance of the classification. Then, we analyzed the importance of each region for 

the decision of the classification through a permutation feature importance estimation 

[38] using the test data of each run. The higher the weight, the larger the importance of 

the feature in the classification. 

 

We obtained individual probabilities associated with group correspondences as output 

values for each test data point given by the calibrated SVM. Notably, they had 

complementary values (i.e., the probability of one group is equal to 1 minus the 

probability of the other in the classification between two diagnostics), and they were 

directly associated with the output category (i.e., the final classification was the one with 

probability >0.5). We conventionally set two levels of diagnosis confidence: an individual 

probability ≥ 0.8 (or ≤ 0.2) was considered to provide high diagnosis confidence, while 

probabilities between 0.2 and 0.8 were considered a “gray zone”, with lower or 

insufficient diagnosis confidence for the clinical decision. Thus, we estimated the 

accuracy and the number of individuals with a high probability of being from the group 

for each classification.  

 

Finally, we aimed to explore if NfL and 14-3-3 levels could help diagnose the individuals 

of the gray zone of the MRI diagnosis for the following comparisons due to the available 

data: AD vs. CTR, FTD vs. CTR, and AD vs. FTD. Thus, we created a reduced dataset 

with subjects having MRI data, NfL, and 14-3-3 levels. We trained and tested the 

proposed algorithm in 3 situations: MRI-based algorithm, CSF-based algorithm, and MRI 

and CSF-based algorithm to study if the individual probabilities towards the actual class 

increased. We did not include Aβ42, t-tau, and p-tau levels to avoid circularity, as these 

markers were used in the clinical diagnosis according to current criteria.  

 

We implemented the ML algorithm in Python version 3.10.6 (www.python.org) with the 

Scikit-learn library [39].  



8 
 

 

3. RESULTS 

3.1. Sample demographics 

The prospective study includes 491 subjects: 215 AD, 103 FTD (56 bvFTD, 24 svPPA, 

21 nfvPPA, and 2 PPA), and 173 cognitively normal control (CTR) participants. A subset 

of the study participants had CSF measures available: NfL (N=365) and 14-3-3 (N=182). 

Table 1 shows demographic information, group statistics, and biomarker levels. As 

expected, CSF biomarkers levels showed significant differences between groups 

(corrected p-value<0.05). There were differences in age and sex. As expected, based on 

previous studies, AD and CTR groups had more women than men; meanwhile, the FTD 

groups were more harmonized. Regarding age, healthy controls were younger than AD 

and FTD participants. 

 

3.2.  MRI-based probabilistic classification algorithm 

We estimated the accuracy performance of our algorithm as the mean accuracy obtained 

in each k-fold of the test data. We got an accuracy of 88 ± 8% when discriminating AD 

patients from CTR, and 87 ± 4% when determining FTD patients from CTR. When we 

tried classifying AD vs. FTD patients, the accuracy was 82 ± 6%. Finally, we obtained an 

accuracy of 77 ± 6% when discriminating between the three groups (AD vs. FTD vs. 

CTR) (Table 2). 

 

As can be seen in Figure 1, the resulting algorithms were well-calibrated, which allowed 

us to create confidence ranges in the algorithm classification. The comparison of AD vs. 

CTR showed that 73% of AD participants and 65% of CTR participants presented a 

probability higher than 0.8. In the FTD vs. CTR comparison, we found 74% FTD 

participants and 73% CTR participants with a probability ≥ 0.8. Finally, when 

discriminating AD vs. FTD, we found 73% AD participants and 74% FTD participants 

with probabilities above 0.8 for being classified as AD or FTD, respectively. Figure 2 

shows the density of the individual probabilities and how the distribution between the 

clinical and the algorithm diagnosis is distributed within the group with an individual 

probability ≥ 0.8. Notably, the algorithm diagnosis and the clinical algorithm did not 

always coincide, also inside the higher probability of 0.8 (high confidence).  
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Then, we aimed to study the FTD clinical subtypes separately. Due to limitations in 

sample size, we merged svPPA and nfvPPA in the same group-PPA. We obtained 91 ± 

2% accuracy for classifying bvFTD patients vs. CTR and 93 ± 4% when discriminating 

PPA patients from CTR. In both cases, the accuracy increased compared to the accuracy 

reported for all FTD together (87 ± 4%). Compared with AD, we obtained 85 ± 3% for 

the bvFTD vs. AD comparison and 91 ± 3% for the PPA vs AD. Finally, we obtained an 

accuracy of 68 ± 6% discriminating bvFTD from PPA. 

 

3.3. Important MRI regions for classification 

Figure 3 shows the region weights associated with each comparison. In summary, when 

comparing AD versus CTR, the GM volume of the hippocampus, putamen, and amygdala 

played the most crucial role. For FTD vs. CTR, we found that occipital, parietal, and 

frontal regions emerged as the top regions for the classification. Finally, when 

discriminating both dementias (AD vs. FTD), we found a widespread pattern in which 

the CTh measures were generally more important than subcortical GM volumes, 

especially those in the frontal lobe. 

 

The results of the most crucial regions in the classifications considering bvFTD and PPA 

participants are shown in Figure 4. When discriminating bvFTD from CTR, the frontal 

and temporal lobes and the GM volume of the ventricles were the most important areas. 

In contrast, when differentiating between CTR and PPA participants, the top regions were 

GM volumes of the hippocampus, amygdala, and temporal lobe. When discriminating 

AD from bvFTD, the most important areas were the temporal, parietal, and occipital 

lobes. The frontal, parietal, and occipital lobes emerged in the PPA vs. AD discrimination. 

Finally, when discriminating bvFTD vs. PPA, the regions which contributed the most 

were the frontal, temporal, and occipital lobes. 

 

3.4. Individual probabilities using MRI and CSF data 

The group classification performance of the algorithm and the percentage of participants 

with an individual probability≥80% using MRI-only, CSF-only, and combined MRI and 

CSF data are presented in Table 2. Adding NfL and 14-3-3 data to the MRI data did not 

improve the results. However, some conclusions could be derived from the results.  
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For comparing AD vs. CTR, adding CSF data to the MRI did not increase the 

classification rate (Table 2, Figure 5). However, CSF data (NfL and 14-3-3) alone was 

enough to discriminate between AD and CTR participants. 

Contrarily, in the comparison between FTD and CTR having MRI and CSF, more 

participants were classified with high confidence, with a probability ≥ 0.8 (see Table 2 

and Figure 5). The accuracy with only CSF data and that of MRI + CSF data was very 

similar, 87 ± 8% and 86 ± 9%, respectively; however, when adding CSF data, CTR 

subjects with a CTR-probability higher than 0.8 increased from 23% to 53%. Thus, in this 

case, combining the MRI and CSF data reduced the participants in the gray zone of the 

diagnosis. 

Finally, when we compared AD and FTD participants, combining MRI and CSF data 

increased both the accuracy and the number of subjects with a probability≥ 0.8 (see Table 

2 and Figure 5).  

 

4. DISCUSSION 

In this study, we implemented a machine learning algorithm that discriminates FTD and 

AD subjects using data from structural MRI. In addition, our algorithm was able to 

differentiate subtypes of FTD with good accuracy. Clinical diagnosis requires decisions 

at the individual level, and the degree of confidence in the diagnosis is key in managing 

the patient. We approach the clinical question of diagnosis confidence using individual 

probabilities. Among our key results, we found that 74% FTD and 73% AD participants 

showed an individual probability≥0.8 of being well-classified by the algorithm in the FTD 

vs. AD comparison. Adding CSF neurodegeneration markers (NfL and 14-3-3) levels did 

not significantly improve the diagnosis classification or the number of patients with high 

individual probability for the diagnosis.  

 

Previous ML algorithms using structural MRI data have reported accuracies between 76 

and 97% for AD vs. CTR, 72-88% for FTD versus CTR, 51-90% for AD versus FTD, 

and 54-70% in discriminating between AD, FTD, and CTR [7, 11, 18, 21, 22, 40–47]. 

These studies used different algorithms, with the SVM being the most common.  
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We obtained accuracies that are in accordance with, or even outperformed, previously 

reported algorithms, especially for AD vs. FTD [16, 17, 48–50]. We have differentiated 

FTD expressions (bvFTD and PPA) against AD or CTR, outperforming previously 

published works [11, 21, 46]. First, regarding the comparisons with CTR, for bvFTD, we 

obtained a 91% accuracy, and in the case of the PPA participants, an accuracy of 93%. 

When classifying bvFTD and PPA separately against AD, we obtained accuracies up to 

90% for both cases. However, when we tried to classify bvFTD vs. PPA, we obtained an 

accuracy of 68%, which is lower than the accuracy reported by Kim et al. [41], probably 

due to differences in the algorithm.  

 

We depicted the patterns that drive accuracy for each classification setting, to obtain a 

comprehensive explanation of structural changes in both dementias. The GM volume of 

the hippocampus, putamen, and amygdala were essential in differentiating AD from CTR. 

By contrast, when differentiating FTD from CTR, the cortical regions were the most 

important, especially the CTh of occipital, parietal, and frontal regions. According to this, 

GM volumes of subcortical areas could help to identify AD patients, and the thickness of 

the cortex could be the key to identify FTD participants. This is in agreement with 

findings obtained with more classical analysis methods [12, 51–57]. Finally, regarding 

the FTD variants, frontal brain regions emerged for the bvFTD, and hippocampus and 

temporal regions were the most important in PPA, as reported before [51]. 

 

Besides reaching good accuracies, one of the main novelties of our work is that we 

obtained the individual probabilities for each diagnosis in all comparisons. Notably, as 

we built our first set of algorithms uniquely with MRI data, these probabilities might 

reflect each individual's brain atrophy severity. Using these values, we could identify the 

participants with high diagnosis confidence (with a probability upper to 80%) and those 

who do not have that high confidence that could be a candidate for further evaluations. 

Notably, more than 70% of AD and FTD participants were classified with high diagnosis 

confidence in the FTD vs. AD comparison.  

 

Other studies using multimodal information also reported high classification accuracy 

combining data from different imaging modalities or other biological and clinical 

measures [24, 40, 49, 58]. Even so, in some cases, our scores with only structural MRI 

data showed better accuracy [18, 46, 59, 60]. Here, we evaluated if adding CSF data to 
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the MRI could improve the accuracy or the number of participants with a high diagnosis 

confidence.  In our cohort, adding NfL and 14-3-3 CSF data to the MRI data provided 

low benefit for the accuracy of the group classification or the number of participants with 

high individual diagnosis probability. The fact that both, NfL and 14-3-3 levels and MRI 

data reflect neurodegeneration and no other aspects of the pathophysiological processes 

in these diseases could explain the lack of improvement by adding CSF data. We did not 

use Aβ42, t-tau, and p-tau to avoid circularity, as they were used for the AD clinical 

diagnosis.  

 

Overall, our study has several strengths. First, its good performance makes it suitable for 

potential implementation in a clinical setting, especially in doubtful cases or locations 

with limited access to expert opinion or additional biomarkers. The key to individual 

probabilities thanks to the calibrated algorithm, also might represent a step toward 

personalized medicine. In addition, at the level of explainable ML, we identified the most 

critical regions for classification, contributing to the definition of structural atrophy 

patterns, and may be used for identifying target regions in further studies. 

 

Our study also presents several limitations. First, it is unicentric. It has the advantage that 

all the participants had the same MRI scanner protocol and clinical criteria for the 

diagnosis. In the case of using the algorithm in other centers, the increased heterogeneity 

of the data could worsen the algorithm's performance. Another limitation regarding the 

FTD participants is that, when looking at the different clinical expressions, we reduced 

the sample size to approximately 50 participants for each group, and svPPA and nfvPPA 

had to be studied together. This means that the results are subject to large sampling 

variability. Future studies could further explore the subanalyses with the FTD phenotype 

subtypes in more detail.  Finally, only some participants had NfL and 14-3-3 data 

available, and the smaller sample size might have impacted the results.   

  

In conclusion, the proposed diagnosis algorithm has shown high accuracy classification 

scores with structural MRI data to discriminate AD, FTD, and CTR. This approach also 

provided individual MRI-based classification probability scores as an ancillary tool for 

studying the overlapping results between FTD and AD and a surrogate estimation for the 

confidence in the ML diagnosis.  
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FIGURES & TABLES 

Table 1: Group summaries written as each measure's mean and standard deviation. We calculated differences 

between groups using Fisher Test for sex or the Anova Test for the rest of the variables. We highlighted the 

significant group differences in bold. We measured pairwise differences with a Benjamini-Hochberg correction p-

value). CTR: healthy subjects, AD: Alzheimer’s disease, FTD: frontotemporal dementia, NfL: neurofilament light 

chain. 

 CTR AD FTD CTR-AD 

p-values 

CTR-

FTD 

p-values 

AD-FTD 

p-values 

N MRI 173 215 103 --- --- --- 

Sex at MRI, 

Men/Women 

67/106 78/137 54/49 0.67 0.049 0.022 

Age at MRI, 

years (SD) 

59.4 (15.0) 65.0 (9.9) 63.7 (8.3) 1.3e-5 0.0045 0.39 

N CSF NfL 112 175 78 --- --- --- 
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CSF NfL, 

pg/mL 

(SD) 

536.1 

(312.6) 

1134.7 

(587.1) 

2340.6 

(1736.3) 

1.2e-07 < 2e-16 5.9e-06 

N CSF 14-3-3 50 68 64 --- --- --- 

CSF 14-3-3, 

pg/mL 

(SD) 

2531.9 

(748.2) 

5727.3 

(2303.5) 

4234.9 

(1869.1) 

< 2e-16 3.0e-06 5.9e-06 

 
 
 
Table 2: Classification performance of the different approaches and the percentage of participants with a higher 

probability of 80% in the diagnosis grouped by diagnosis. 

 AD vs CTR FTD vs CTR AD vs FTD 

MRI all data 

(N=491) 

Accuracy: 87.7% 

AD: 73.4% 

CTR: 64.5% 

Accuracy: 86.9% 

FTD: 74.2% 

CTR: 73.3% 

Accuracy: 81.8% 

AD: 73.3% 

FTD: 74.2% 

MRI reduced data 

(N=178) 

Accuracy: 88.5% 

AD: 67.2% 

CTR: 55.3% 

Accuracy: 85.6% 

FTD: 68.1% 

CTR: 54.3% 

Accuracy: 84.6% 

AD: 53.2% 

FTD: 54.4% 

CSF data 

(N=178) 

Accuracy: 93.0% 

AD: 72.1% 

CTR: 71.7% 

Accuracy: 86.6% 

FTD: 72.1% 

CTR: 23.5% 

Accuracy: 83.8% 

AD: 40.6% 

FTD: 45.9% 

MRI and CSF data 

(N=178) 

Accuracy: 90.3% 

AD: 68.1% 

CTR: 64.4% 

Accuracy: 86.5% 

FTD: 70.8% 

CTR: 53.2% 

Accuracy: 88.5% 

AD: 60.7% 

FTD: 55.1% 

 
 
 

 
 
Figure 1: We plot the calibrated probabilities versus the uncalibrated probabilities. Each point represents the 

individual probability for each classification obtained with calibration and without calibration step. We represent the 

test data together. 
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Figure 2: Density plot to study the obtained individual probabilities with the MRI-based algorithm. The clinical 

diagnosis is identified with triangles or circles, and the algorithm’s diagnoses are plotted with different colors. CTR: 

healthy subjects, AD: Alzheimer’s disease, FTD: frontotemporal dementia.  

 
 

 
 
 
Figure 3: Cortical (top) and subcortical (bottom) patterns of the feature importance of each region associated with 

AD and FTD. At a higher value major importance of that region for the classification. 
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Figure 4: Cortical (top) and subcortical (bottom) patterns of the feature importance of each region associated with 

bvFTD and PPA. At a higher value major importance of that region for the classification. 

 
 
 

 
 
Figure 5: Density plot to study the obtained individual probabilities with the MRI-based, CSF-based, and MRI- and 

CSF-based algorithms. It can be seen in the clinical diagnosis with triangles or circles and the algorithm’s diagnosis, 

plotted with different colors. CTR: healthy subjects, 
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Supplementary Material  

MRI Features 

The complete list of regions used for all the classifications. 

 

Region 

left amygdala 
left bankssts 

left caudal anterior cingulate 
left caudal middle frontal 

left caudate 
left cerebellum cortex 

left cuneus 
left entorhinal 

left frontal pole 
left fusiform 

left hippocampus 
left inferior parietal 

left inferior temporal 
left insula 

left isthmus cingulate 
left lateral occipital 

left lateral orbitofrontal 
left lateral ventricle 

left lingual 
left medial orbitofrontal 

left middle temporal 
left pallidum 

left paracentral 
left parahippocampal 
left pars opercularis 

left pars orbitalis 
left pars triangularis 

left pericalcarine 
left postcentral 

left posterior cingulate 
left precentral 
left precuneus 
left putamen 



 2 

left rostral anterior cingulate 
left rostral middle frontal 

left superior frontal 
left superior parietal 

left superior temporal 
left supramarginal 
left temporal pole 

left thalamus proper 
left transverse temporal 

right amygdala 
right bankssts 

right caudal anterior cingulate 
right caudal middle frontal 

right caudate 
right cerebellum cortex 

right cuneus 
right entorhinal 

right frontal pole 
right fusiform 

right hippocampus 
right inferior parietal 

right inferior temporal 
right insula 

right isthmus cingulate 
right lateral occipital 

right lateral orbitofrontal 
right lateral ventricle 

right lingual 
right medial orbitofrontal 

right middle temporal 
right pallidum 

right paracentral 
right parahippocampal 
right pars opercularis 

right pars orbitalis 
right pars triangularis 

right pericalcarine 
right postcentral 

right posterior cingulate 
right precentral 
right precuneus 
right putamen 
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right rostral anterior cingulate 
right rostral middle frontal 

right superior frontal 
right superior parietal 

right superior temporal 
right superior temporal 

right supramarginal 
right thalamus proper 

right transverse temporal 
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Keywords: asymmetry index, the Jensen-Shannon distance, MRI, Alzheimer's 

Disease, frontotemporal dementia, CSF, plasma, longitudinal study 

 
 

ABSTRACT 

Introduction: Frontotemporal dementia (FTD) patients usually show more asymmetric 

atrophy patterns than Alzheimer’s Disease (AD). Here, we define the individual 

Cortical Asymmetry Index (CAI) and explore its diagnostic utility. 

 

Methods: We collected structural T1-MRI scans from 554 participants, including FTD 

(all variants), AD, and healthy controls, and processed them using Freesurfer. We 

defined the CAI using measures based on a metric derived from information theory with 

the cortical thickness measures. A subset of the study participants had additional follow-

up MRIs, cerebrospinal fluid (CSF), or plasma measures. We analyzed differences at 

cross-sectional and longitudinal levels. We then clustered FTD and AD subjects based 

on the CAI values and studied the fluid biomarkers characteristics within each cluster.  

 

Results: CAI differentiated FTD, AD, and healthy controls. It also distinguished the 

semantic variant Primary Progressive Aphasia (svPPA) from the other FTD phenotypes. 

In FTD, the CAI increased over time. The cluster analysis identified two subgroups 

within FTD, characterized by different CSF and plasma neurofilament-light (NfL) 

levels, and two subgroups within AD, with different plasma Glial fibrillary acidic 

protein (GFAP) levels. In AD, CAI correlated with plasma-GFAP and Mini-Mental 

State Examination (MMSE); in FTD, the CAI was associated with NfL levels (CSF and 

plasma). 

 

Conclusions: The method proposed here for the CAI at the individual level could 

quantify asymmetries previously described visually. The CAI could define clinically 

and biologically meaningful disease subgroups.  
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1. INTRODUCTION 

 

Frontotemporal dementia (FTD) is a clinically, pathologically, and genetically 

heterogeneous neurodegenerative disorder associated with frontal and temporal 

atrophy. FTD patients tend to be misdiagnosed with Alzheimer’s Disease (AD), 

especially at relatively young ages, although early behavioral and personality changes 

typical of FTD are not common in initial AD (Harris et al., 2015; Koedam et al., 2010; 

Mendez et al., 2013). However, AD is the most frequent dementia and sometimes is the 

first choice for many non-specialist clinicians. For this reason, there is a need to identify 

tools to help accurately diagnose dementia's underlying etiologies and their subtypes. 

Cortical asymmetry has been associated with characteristically clinical features in 

psychiatric and neurological conditions (Kong et al., 2018; Toga and Thompson, 2003). 

In this sense, compared with AD, FTD subjects show a more asymmetrical pattern at 

visual inspection (Gordon et al., 2016; Rabinovici and Miller, 2010; Seelaar et al., 2011; 

Whitwell, 2019).  

 

Within the FTD phenotypes, the semantic variant of Primary Progressive Aphasia 

(svPPA) is the most asymmetric (Gordon et al., 2016; Rohrer and Rosen, 2013; 

Thompson et al., 2003). In this sense, the study of brain asymmetry could help in the 

diagnosis of the different phenotypes of FTD: behavioral variant frontotemporal 

dementia (bvFTD) or FTD-related primary progressive aphasia (PPA) phenotypes, 

including svPPA and Nonfluent Variant Primary Progressive Aphasia (nfvPPA) 

(Gorno-Tempini et al., 2011; Rascovsky et al., 2011). A measure of cortical asymmetry 

could help in the early differential diagnosis or monitoring the progress of 

neurodegeneration (Herzog and Magoulas, 2021; Toga and Thompson, 2003). 

 

The differences between measures from the left and right hemispheres can be detected 

in the structural magnetic resonance imaging (MRI) (Guadalupe et al., 2017; Kong et 

al., 2018; Toga and Thompson, 2003). There is no established way to calculate the 

asymmetry, and different approaches have been used in multiple works on various brain 

diseases (Douglas et al., 2018; Herzog and Magoulas, 2021; Kalavathi et al., 2017; 

Kong et al., 2020; Maingault et al., 2016; Sarica et al., 2018; Schijven et al., 2023). 
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Then, computational algorithms can obtain measures of cortical asymmetry from the 

global and regional cortical thickness (CTh), surface area, or subcortical volumes. The 

most common method estimates the asymmetry as (L-R)/[(L+R)/2], being L for the left 

hemisphere measure and R for the right hemisphere measure. However, previously 

published works indicate that approaches using the probability distribution to obtain an 

asymmetric index could get better results and are currently being used in other 

biological areas (Estrada et al., 2022; Newton et al., 2014; Ramakrishnan and Bose, 

2017).  

 

In this study, first, we defined the Cortical Asymmetry Index (CAI) using measures 

derived from the information theory with CTh measures. Secondly, we aimed to study if 

the CAI might help in the differential diagnosis of FTD vs. AD and if it had a 

differential effect across the FTD clinical expressions. Then, we wanted to study 

cortical asymmetry changes at the longitudinal level. Finally, we explored the capability 

of the CAI to identify subgroups and its correlation with fluid biomarkers and cognitive 

measures. 

 

2. METHODS 

2.1. Participants 

Participants were recruited from the Alzheimer's disease and other cognitive disorders 

unit of the Hospital Clínic de Barcelona (HCB), Barcelona, Spain. All participants 

underwent a complete clinical and cognitive evaluation and a 3T high-resolution 

structural MRI scan. A subset of the study participants had available follow-up visits, 

cerebrospinal fluid (CSF), or plasma measures. 

 

All AD participants fulfilled the criteria for mild cognitive impairment due to AD or 

mild dementia due to AD (Albert et al., 2011; McKhann et al., 2011) supported by the 

CSF biomarkers results according to the National Institute on Aging/Alzheimer's 

Association Research Framework 2018 (Jack et al., 2018). We included amnesic and 

non-amnesic participants in the study. The FTD participants fulfilled the diagnostic 

criteria for bvFTD, svPPA, or nfvPPA (Gorno-Tempini et al., 2011; Rascovsky et al., 

2011).  
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The study was approved by the HCB Ethics Committee (HCB 2019/0105), and all the 

participants signed the informed consent. 

 

2.2 Biochemical markers 

We used commercially available single-analyte enzyme-linked immunosorbent assay 

(ELISA) kits to determine levels of CSF neurofilament-light chain (NfL) (IBL 

International, Hamburg, Germany) and CSF 14-3-3 (CircuLex, MBL International 

Corporation, Woburn, MA) at the Alzheimer’s disease and other cognitive disorders 

group laboratory, Barcelona, Spain.  

 

Plasma biomarkers concentrations were measured using single molecule array 

(SIMOA), Quanterix Neurology 4-Plex A including total tau (t-tau), glial fibrillary 

acidic protein (GFAP), NfL, and Ubiquitin C-terminal hydrolase L1 (UCH-L1) and the 

Quanterix p-tau181 Advantage V2 and V2.1 assays following the manufacturer's 

protocol (Quanterix, Billerica, MA), we harmonized the values of the two kits. 

 

2.3 MRI acquisition 

We acquired a high-resolution 3D structural dataset (T1-weighted, MP-RAGE, 

repetition time = 2.300 ms, echo time = 2.98 ms, 240 slices, field-of-view = 256 mm, 

voxel size = 1 × 1 × 1 mm) for everyone at each time point in a 3T Magnetom Trio Tim 

scanner (Siemens Medical Systems, Germany) upgraded to a 3T Prisma scanner 

(Siemens Medical Systems, Germany) during the study. 

 

2.4 MRI processing 

We used the processing stream available in FreeSurfer version 6.0 

(http://surfer.nmr.mgh.harvard.edu.sire.ub.edu/) to perform cortical reconstruction and 

volumetric segmentation of the T1-weighted acquisitions. FreeSurfer allowed us to 

generate automated CTh maps; steps are reported in detail elsewhere (Fischl et al., 

2004; Fischl and Dale, 2000). This study used the mean CTh measures in 68 cortical 
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parcellations (34 per hemisphere) derived from atlases available in FreeSurfer (Desikan 

et al., 2006). All images and individual segmentations were visually inspected and 

manually corrected if needed. 

 

2.5 Cortical Asymmetry Index (CAI) 

We obtained the CAI by calculating the Jensen-Shannon distance (JSD), a methodology 

based on a metric derived from information theory (Lin, 1991). The JSD measures the 

difference between two probability distributions (P1 and P2) using the square root of the 

Jensen-Shannon divergence, which is based on the Kullback-Leibler divergence (KLD). 

The KLD is also referred to as relative entropy between two distributions. It is 

calculated as the negative sum of the probability of each event in P1 multiplied by the 

logarithm of the probability of the same event in P2 divided by the probability of the 

event in P1. The JSD is the symmetric and normalized version of KLD, so the JSD from 

one probability P1 to another probability P2 is the same as the JSD of P2 from P1. We 

obtained the CAI using the distribution of CTh measures of each brain hemisphere 

(previously obtained with the software FreeSurfer) that represents the difference in CTh 

distribution between brain hemispheres. Thus, the CAI allows us to quantify brain 

structural asymmetry at the individual level. CAI is a non-dimensional measure with 

higher values indicating a more asymmetric brain. 

 

The CAI was calculated using in-house methods implemented in Python version 3.10.6 

(www.python.org). 

 

2.6 Statistical Analysis 

We first compared the CAI between all groups, including healthy controls, AD, and 

FTD patients. Then, we performed comparisons across the different FTD phenotypes. In 

both cases, we used the ANOVA test, corrected by age when needed, and a post hoc 

analysis with the Tukey test to assess multiple comparisons. Finally, we performed 

longitudinal analyses with Linear Mixed Effects Models (LME) to study changes 

between visits; we added age at MRI, sex, and age of onset (for AD and FTD) as fixed 

effects.  
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We then analyzed the CAI using cluster analyses for FTD and AD participants 

separately to evaluate whether subgroups emerged within each disease. We used 

hierarchical clustering, precisely agglomerative nesting cluster with Ward's method and 

Manhattan metric. We determined the optimal number of clusters in each case with the 

Silhouette strategy. Then, with the cluster groups obtained, we studied differences in 

fluid biomarkers across subgroups with non-parametric tests such as the Kruskal Wallis 

or Wilcoxon tests. All biomarkers’ levels were converted to z-score before these 

calculations.  

 

Finally, we evaluated the association between CAI and the CSF and plasma biomarkers 

that emerged in the cluster analysis. In addition, we studied the correlation of CAI with 

age and Mini-Mental State Examination (MMSE). We used Spearman’s rank 

correlation coefficient due to the limited samples. 

 
We implemented the statistical analysis and the cluster analysis (with cluster and 

factoextra packages) in R version 4.2.1 

 

3. RESULTS 

3.1. Demographics 

We included 554 participants: 230 AD (30 with follow-up MRI scans with two years 

approximately between scans), 101 FTD (30 with follow-up MRI scans with one year 

and a half approximately between scans), and 173 healthy controls (96 with follow-up 

MRI scans with two years approximately between scans). The 101 FTD participants 

were distributed as follows: 55 bvFTD (14 follow-up MRI scans), 21 nfvPPA (7 follow-

up MRI scans), and 24 svPPA (9 follow-up MRI scans). AD participants were 64% 

women, and the mean age was 65.3 ± 9.7; FTD participants were 48% women, the 

mean age was 63.7 ± 8.4, and healthy control participants were 61% women, and the 

mean age was 59.4 ± 15.0. Healthy controls were younger than AD and FTD 

participants (p<0.05). As expected, CSF and plasma biomarkers levels showed 

significant differences between groups, except for plasma t-tau and UCH-L1 (Table 1). 

 

3.2. Cross-sectional CAI differences  
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AD participants had a CAI of 0.40 ± 0.28, FTD participants 0.59 ± 0.52, and healthy 

controls 0.16 ± 0.10. We found higher CAI in AD and FTD patients than healthy 

controls (adjusted p-value < 0.0001), meaning a more asymmetric brain structure. FTD 

participants also presented a higher CAI than AD patients (adjusted p-value<0.0001) 

(Figure 1).  

 

Then, we studied the CAI across FTD clinical phenotypes. The bvFTD patients had a 

mean CAI of 0.46 ± 0.46, nfvPPA patients 0.62 ± 0.62, and svPPA patients 0.83 ± 0.48. 

When studying the differences between FTD clinical phenotypes, svPPA presented 

higher CAI values than bvFTD (adjusted p-value<0.01) (Figure 2).  

 

3.3.  Longitudinal changes in CAI  

The mean CAI for the follow-up visits was 0.42 ± 0.31 for AD patients, 0.80 ± 0.77 for 

FTD patients, and 0.16 ± 0.12 for healthy controls. At the longitudinal level (Figure 3), 

we found that CAI significantly increased in FTD, indicating a significantly more 

asymmetric brain over time (p-value=0.012 between baseline and follow-up, measured 

as the interaction with age). We did not find changes between visits in AD patients and 

healthy controls.   

 

3.4. Cluster Group 

The cluster analysis was used to identify subgroups based on their CAI. Then, we 

compared biomarker values between clusters. This method could divide the FTD group 

into Cluster 1 (N=41) and Cluster 2 (N=58). Cluster 1 presented a more asymmetric 

brain with 62.5% svPPA, 35.2% bvFTD, and 33.3% nfvPPA of the total cohort 

participants. In contrast, Cluster 2 showed a less asymmetric brain and grouped as 

37.5% svPPA, 64.8% bvFTD, and 66.7% nfvPPA of the total cohort participants. CSF 

and plasma levels of NfL were increased in Cluster 1 compared to Cluster 2 (p-

value=0.0059 and p-value=0.042, respectively) (Figure 4a).  

 

Within AD participants, the cluster analysis also yielded two groups, presenting 

differences in plasma GFAP levels (p-value=0.035) (Figure 4b). Then, we tried to find 

an explanation based on the clinical profile to explain the clusters. However, we did not 
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find any difference between clusters at a clinical level. The distribution of the 

participants in the two clusters was not grouped due to sex, age of onset (early-onset 

AD vs. late-onset AD), age of disease duration, AD phenotypes (amnesic vs. non-

amnesic), MMSE, APOE status, or the combination of these variables. 

 

3.5. Relation between CAI, fluid biomarkers, and global cognition measures 

We assessed whether CAI values correlated with the levels of the fluid biomarkers that 

emerged in the cluster analysis, in addition to MMSE and age (Figure 5). We found a 

weak positive correlation in AD for plasma-GFAP (r = 0.20, p-value < 0.05) and a weak 

negative correlation with MMSE (r = -0.26, p-value < 0.001). For FTD patients, we 

found a significant positive correlation of CAI values with NfL levels; both CSF-NfL (r 

= 0.27, p-value < 0.05) and plasma-NfL (r = 0.41, p-value < 0.05).  We found no 

correlation between CAI and fluid biomarkers in the different FTD clinical phenotypes. 

Healthy controls did not present any correlation between the CAI and age either. Age 

did not correlate with CAI in any of the groups. 

 

4. DISCUSSION 

 

In this study, we propose a methodology to estimate the brain structural asymmetries, 

namely the CAI, for neurodegenerative diseases, especially FTD and AD. We used an 

information theory method to calculate each individual's CAI. CAI mean values 

differentiate healthy controls from dementia participants, and FTD from AD, and 

between FTD phenotypes. We studied the brain asymmetries over time and found an 

increase in asymmetry for FTD. Cluster analysis using the CAI values for both FTD and 

AD enabled us to identify disease subgroups and study the relationship between brain 

asymmetry and the levels of fluid biomarkers.  

 

Our first finding, the increased asymmetry for FTD, aligns with what has been 

described in the literature using a mix of non-standardized measures and visual 

inspection. The svPPA is the most asymmetrical clinical phenotype of FTD, usually 

showing greater left than right atrophy of the temporal lobes (Bruun et al., 2019; 
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Gordon et al., 2016; Gorno-Tempini et al., 2011, 2004; Mesulam et al., 2014; Rohrer 

and Rosen, 2013; Schroeter et al., 2007; Seelaar et al., 2011; Whitwell et al., 2015). 

Also, in agreement with our findings, the FTD brain asymmetry has been reported to 

increase over time (Rohrer and Rosen, 2013; Whitwell et al., 2015). In contrast, AD is 

commonly described as symmetric dementia: the atrophy presented in one hemisphere 

of the brain, usually, is similar in the other.  However, some studies reported 

asymmetric patterns in AD (Derflinger et al., 2011; Low et al., 2019; Mesulam et al., 

2014; Roe et al., 2021; Rombouts et al., 2000). In our study, AD patients present lower 

CAI when compared with FTD patients, meaning less asymmetry. However, if 

compared to healthy controls, they present an asymmetrical brain.  

 

Previous works studying brain asymmetries in FTD and AD usually report these 

asymmetries at the visual level. Still, further studies are needed that present a 

methodology to evaluate and quantify this phenomenon systematically. Although some 

studies have been done to quantify asymmetries (Boccardi et al., 2002; Bocchetta et al., 

2018; Bruun et al., 2019; Low et al., 2019; Schroeter et al., 2007), we chose a more 

complex methodology based on information theory to obtain the estimation of an 

asymmetric index. For this reason, we proposed to estimate the asymmetric index with 

the JSD measure. This novel measure based on entropy has recently been used to study 

similarities in different biological and clinical areas. For example, it has been used to 

help in the detection of ischemic stroke, to study long-term surgical outcomes in the 

brain for epilepsy patients, to study cancer cells to find link cells with near-identical 

gene expression, or to study the individual metabolic network in patients with type 2 

diabetes (Estrada et al., 2022; La Manno et al., 2021; Li et al., 2022; Zhu et al., 2022). 

We demonstrated that the CAI defined here could be of help for the differentiation of 

the clinical expressions or dementias, to study the progression of the disease, or to 

identify subgroups. 

 

Other studies have explored quantification strategies for brain symmetries to 

differentiate between different dementias successfully (Bruun et al., 2019; Kitagaki et 

al., 1998). However, there is currently no standard and accurate methodology for this, 

and the CAI presented here showed promising results. Also, it was helpful in identifying 

FTD clinical phenotypes. For example, svPPA presented different levels compared to 

bvFTD. We found that the svPPA is the most asymmetric clinical expression of FTD, 
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which is in accordance with previous literature, using visual scales (Seelaar et al., 2011; 

Whitwell, 2019). We replicated the previous results in this study and quantified these 

differences using the CAI.  

 

Our cluster analysis yielded FTD and AD participants into two subgroups according to 

their asymmetry indexes. As cluster analysis is a no supervised statistical approach, we 

aimed to find an explanation using clinical and biomarker data. Among the two 

subgroups for FTD patients, the more asymmetric cluster was enriched with svPPA 

participants and the other cluster with nfvPPA and bvFTD. The cluster analysis was in 

accordance with the differences studied between FTD clinical phenotypes using 

ANOVAs, where we found a significant difference between svPPA and bvFTD. 

Overall, we observed that svPPA presented the highest CAI compared to nfvPPA and 

bvFTD. AD participants were also subdivided into two subgroups; however, we could 

not find an explanation based on the clinical profile of the subjects. We analyzed its 

association with fluid biomarkers to study further implications of cortical brain 

asymmetry. We found that in the FTD Cluster 1, CAI values were associated with 

higher levels of NfL in both CSF and plasma with respect to the bvFTD and nfvPPA 

and that higher CAI predicted higher NfL (CSF and plasma) in FTD patients. This 

suggests that NfL (CSF and plasma) is directly associated with brain asymmetry. 

Previous studies reported that NfL levels in CSF and plasma were associated with brain 

atrophy (Illán-Gala et al., 2021; Meeter et al., 2016; Rohrer et al., 2016). However, the 

association between NfL and brain asymmetries was not investigated. When studying 

AD, we found that different CAI groups were associated with plasma GFAP levels. The 

AD-less asymmetric cluster presented higher GFAP levels. This biomarker has been 

previously associated with brain atrophy due to aging or disease severity (Ebenau et al., 

2022; Traub et al., 2022). However, its association with brain asymmetry has not been 

studied before. Then, we examined the correlation between GFAP levels and CAI in 

AD patients and obtained a positive correlation. Overall, these associations between 

brain asymmetries and fluid biomarkers suggest that both contribute to defining AD 

subgroups.  

 

Finally, FTD participants presented higher levels of brain asymmetry over time, 

suggesting that the CAI could indicate FTD progression. Previous studies have shown 

that FTD's different genetic or clinical expressions behave differently in becoming more 
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asymmetric over follow-up visits (Mahoney et al., 2012; Meeter et al., 2017; Whitwell 

et al., 2012). Regarding AD, no differences in CAI over time were found for AD 

patients.  

 

In conclusion, the proposed CAI measure might identify differences between AD and 

FTD and between FTD phenotypes. It might be a sensitive measure to determine the 

disease progression of the FTD participants. Cortical asymmetry drives subgrouping 

inside FTD and AD, associated with various fluid biomarker levels. Overall, this 

highlights the potential relevance of quantifying cortical asymmetry.  Further studies 

deepening into the genetic expressions of FTD or investigating the predictive value of 

the CAI towards clinical progression might be of interest.  
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FIGURES & TABLES 

 
 
Table 1: Group summaries written as each measure's mean and standard deviation. We calculated differences 

between groups using Fisher Test for sex or the Anova Test for the rest of the variables. We highlighted the 

significant group differences in bold. We measured pairwise differences with a Benjamini-Hochberg correction p-

value).  

 CTR AD FTD CTR-AD 

p-values 

CTR-

FTD 

p-values 

AD-FTD 

p-values 

N MRI 173 230 101 --- --- --- 

Sex at MRI, 

Men/Women 

67/106 84/146 53/48 0.68 0.048 0.023 

Age at MRI, 

years (SD) 

59.4 (15.0) 65.3 (9.9) 63.7 (8.3) 1.6e-6 0.0049 0.24 

CSF NfL, 

pg/mL 

(SD) 

536.1 

(312.6) 

1106.9 

(570.4) 

2340.6 

(1736.3) 

1.6e-7 < 2e-16 < 2e-16 

CSF 14-3-3, 

pg/mL 

(SD) 

2531.9 

(748.2) 

5727.3 

(2303.5) 

4234.9 

(1869.1) 

< 2e-16 3.0e-6 5.9e-6 

CSF YKL-40, 

pg/mL 

(SD) 

270.1 

(123.0) 

328.6 

(132.9) 

315.3 

(127.0) 

0.0028 0.15 0.62 

Plasma t-tau, 

pg/mL 

(SD) 

4.4 (4.4) 4.2 (1.7) 3.7 (1.3) 0.65 0.65 0.65 

Plasma p-tau, 2.4 (2.6) 5.4 (7.7) 1.3 (1.0) 0.0011 0.37 0.0019 
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pg/mL 

(SD) 

Plasma NfL, 

pg/mL 

(SD) 

9.2 (6.6) 15.0 (6.5) 21.2 (15.9) 1.7e-6 2.2e-9 8.0e-4 

Plasma GFAP, 

pg/mL 

(SD) 

96.5 (64.9) 252.6 

(154.6) 

154.6 

(101.7) 

1.0e-15 0.041 0.00066 

Plasma UCH-L1, 

pg/mL 

(SD) 

35.1 (76.7) 17.5 (17.6) 22.1 (14.4) 0.15 0.71 0.44 

 
 

 
 

Figure 1: Asymmetric index significant differences between AD and FTD patients and healthy controls. The symbol 
represents **** p<0.0001. 
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Figure 2: Asymmetric index significant differences FTD variants. The symbol represents **p<0.01. 

 

 
Figure 3: Boxplot for Alzheimer's Disease patients (AD), frontotemporal dementia patients (FTD), and healthy 
controls (CTR) for three different visits. The symbol represents * p<0.05. 
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Figure 4: Mean z-scores of each biomarker level within each group. A) Represents the FTD participants, and B) 
Represents the AD participants. Cluster 1, in both cases, is the most asymmetric. The symbol represents * p<0.05 
and ** p<0.01. 

 
 

 
Figure 5: Correlation plots between the Cortical Asymmetric Index and biomarkers levels for the significant 
biomarkers (p-value<0.05). A) FTD participants and B) AD patients. 
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Abstract
Background and objectives The C9orf72 expansion is the most common genetic cause of frontotemporal dementia (FTD) 
and/or motor neuron disease (MND). Corticospinal degeneration has been described in post-mortem neuropathological 
studies in these patients, especially in those with MND. We used MRI to analyze white matter (WM) volumes in presymp-
tomatic and symptomatic C9orf72 expansion carriers and investigated whether its measure may be helpful in predicting the 
onset of symptoms.
Methods We studied 102 presymptomatic C9orf72 mutation carriers, 52 symptomatic carriers: 42 suffering from FTD and 
11 from MND, and 75 non-carriers from the Genetic Frontotemporal dementia Initiative (GENFI). All subjects underwent 
T1-MRI acquisition. We used FreeSurfer to estimate the volume proportion of WM in the brainstem regions (midbrain, pons, 
and medulla oblongata). We calculated group differences with ANOVA tests and performed linear and non-linear regressions 
to assess group-by-age interactions.
Results A reduced WM ratio was found in all brainstem subregions in symptomatic carriers compared to both noncarriers 
and pre-symptomatic carriers. Within symptomatic carriers, MND patients presented a lower ratio in pons and medulla 
oblongata compared with FTD patients. No differences were found between presymptomatic carriers and non-carriers. 
Clinical severity was negatively associated with the WM ratio. C9orf72 carriers presented greater age-related WM loss than 
non-carriers, with MND patients showing significantly more atrophy in pons and medulla oblongata.
Discussion We find consistent brainstem WM loss in C9orf72 symptomatic carriers with differences related to the clinical 
phenotype supporting the use of brainstem measures as neuroimaging biomarkers for disease tracking.

Keywords Frontotemporal dementia · C9orf72 · GENFI · Brainstem

Introduction

Frontotemporal dementia (FTD) refers to a heterogeneous 
group of neurodegenerative disorders that mainly affects the 
frontal and temporal lobes of the brain producing behavioral 
and language impairment [1]. Amyotrophic lateral sclero-
sis (ALS) is the most frequent motor neuron disease. It is 
caused by the neurodegeneration of motor neurons and the 
corticospinal and corticobulbar tracts leading to progres-
sive weakness and muscular atrophy [2]. Due to the scien-
tific advances in the last decades, it is now recognized that 
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FTD and ALS are part of a clinical, neuropathological, and 
genetic continuum [3–6].

Although frequency varies geographically, the pathological 
hexanucleotide expansion in the chromosome 9 open read-
ing frame 72 (C9orf72) gene is the most common genetic 
cause of FTD, and ALS [7, 8]. The C9orf72 repeat expan-
sion is inherited with an autosomal dominant pattern with 
almost full penetrance leading to disease onset at a mean age 
of 58 years, although a wide range of age of onset (20–90 s) 
has been described [9]. The correlation between parental age 
at onset and individual age at onset for C9orf72 expansion 
carriers is weak (r = 0.32), and thus, not useful for individual 
predictions [9]. In the same way, whether the symptom onset 
would appear in form of FTD, or ALS remains unpredictable. 
However, future disease-modifying drugs might be useful for 
both clinical phenotypes and treatments might be more use-
ful when used in early or even presymptomatic phases of the 
disease. For that reason, there is a need for biomarkers that are 
able to provide information about the proximity of onset and 
track disease progression in both phenotypes. In this sense, 
cohorts of mutation carriers, such as the genetic frontotem-
poral initiative (GENFI), provide the opportunity to study the 
first stages of the disease and to identify markers of symptom 
onset and progression [10].

Previous studies have described structural changes in 
presymptomatic FTD subjects using brain MRI [11–15]. 
Concerning C9orf72 carriers, previous studies have shown 
presymptomatic brain changes in the thalamus, cerebellum, 
hippocampus, amygdala, and hypothalamus [16, 17]. Most 
of these studies have focused on grey matter. In contrast, 
white matter (WM) degeneration has received comparatively 
less attention but demonstrates early and widespread WM 
integrity loss in C9orf72 carriers [18].

The neuropathological examination of ALS patients 
reveals loss of motor neurons and the consequent degenera-
tion of the corticospinal and corticobulbar tracts [19, 20]. 
This degeneration leads to lateral sclerosis of the spinal cord 
which gives the name to the disease. In addition to spinal 
cord changes, ALS patients also present relevant atrophy 
of the white matter areas that contain the corticospinal and 
corticobulbar tracts at the brainstem, especially the pyramids 
in the medulla oblongata. Previous work has demonstrated 
that changes in the spinal cord and brainstem in ALS can be 
detected in vivo using structural MRI [21, 22]. In a recent 
study, Querin et al. reported significant WM reduction in the 
spinal cord of presymptomatic C9orf72 carriers using cervi-
cal cord MRI [23]. Assessing WM changes in the brainstem 
presents some potential benefits from cervical spinal cord 
evaluation, as the possibility of being measured with other 
brain changes in the brain MRI.

In this work, we investigate the utility of brainstem WM 
loss as a biomarker for C9orf72 patients. We hypothesize 
that symptomatic C9orf72 carriers would present more WM 

loss in the brainstem compared to non-carriers, especially 
in those patients with motor neuron symptoms. We also aim 
to study whether WM loss is identifiable in presymptomatic 
C9orf72 carriers.

Materials and methods

Participants

Two hundred thirty five participants’ data were obtained 
from the data freeze 4 (DF4) of the GENFI, an international 
multicenter study of known carriers of a pathogenic muta-
tion or at risk of carrying a mutation because a first-degree 
relative was a known symptomatic carrier [11]. Symp-
tomatic subjects were FTD or ALS patients carrying the 
C9orf72 pathogenic expansion. Presymptomatic and noncar-
riers subjects were all first-degree relatives of C9orf72 muta-
tion carriers who consent to be tested for their genetic status.

All participants’ imaging data were acquired at each time 
point using 3 T on scanners from three different manufactur-
ers: Philips Healthcare (Koninklijke Philips NV, Amsterdam, 
Netherlands), GE Healthcare Life Sciences (General Elec-
tric, Boston, MA, USA) and Siemens Healthcare Diagnos-
tics (Siemens, Erlangen, Germany). Protocols were designed 
to harmonize across scanners and sites as much as possible 
[11]. Subjects were classified into four groups according to 
their genetic status (carriers or non-carriers) and their clini-
cal diagnosis as follows: (a) non-carriers; (b) presymptomatic 
C9orf72 carriers if no diagnostic criteria were fulfilled, (c) 
symptomatic C9orf72 carriers with FTD presentations in the 
form of behavioral variant FTD [24] or primary progressive 
aphasia [25] and (d) symptomatic C9orf72 carriers with MND 
presentation in form of ALS or ALS-FTD [26, 27]. The dis-
ease stage of all participants was scored following the global 
and sum of boxes Clinical Dementia Rating adapted to FTD 
patients (CDR® + NACC-FTLD) rating scale [28]. The sever-
ity of motor neuron symptoms was scored with the ALS Func-
tional Rating Scale-Revised (ALSFRS-R), a validated rating 
instrument for monitoring the progression of disability in ALS 
patients [29]. The ALSFRS-R obtains a final index of disabil-
ity by scoring 12 different motor and respiratory items from 4 
(no disability) to 0 (marked disability). Written informed con-
sent was obtained from all participants. All procedures were 
approved by local ethics committees at each site.

MRI acquisition and processing

Participants underwent a 1.1-mm isotropic resolution volu-
metric T1 MRI imaging on a 3T scan using the sequences 
defined within the GENFI consortium. Nineteen scanners 
were used across different sites. MRIs of all subjects were 
downloaded from GENFI database and processed using 
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FreeSurfer version 6.0 (http:// surfer. nmr. mgh. harva rd. edu/) 
in the same center.

After the standard FreeSurfer segmentation and parcel-
lation [30–32], we used an additional FreeSurfer pipeline to 
segment the brainstem region and its three main structures 
(midbrain, pons, and medulla oblongata) [33]. Figure 1 repre-
sents the imaging methodology to obtain the brainstem region 
segmentation. We assessed the WM parcel for the brainstem 
structures by multiplying each of the regions by the WM mask. 
To remove the effect of brain size, we calculated the ratio of 
WM for each of its structures (midbrain, pons, and medulla 
oblongata) using the total volume of the corresponding region 
(region-WM volume/region-whole volume). All images were 
visually inspected and manually corrected when needed.

Statistical analysis

Differences in demographic data between groups were 
assessed using ANOVA test for continuous variables and 
Fisher test for dichotomous data. Post-hoc studies were 
assessed for both cases to identify the pair-wise group dif-
ferences, using T-tests or Fisher test accordingly. Statistical 
significance was set at p < 0.05, with corrections for multiple 
comparisons using the Benjamini–Hochberg procedure.

We used ANOVA test to study group differences in 
the WM ratio for the brainstem subregions. Age at base-
line, sex and scanner were used as covariates. Then, Tuk-
ey’s HSD test was used to identify pairwise differences 
between groups with Benjamini–Hochberg corrections for 
multiple comparisons. We compared the non-carriers, the 
presymptomatic carriers, carriers with FTD, and carriers 
with MND with the same procedure. Differences in the 
WM ratio between CDR® + NACC-FTLD global stages 
were assessed using Kruskal–Wallis test for all carriers, 
while Spearman’s rank correlation coefficient was used 
to study the relationship between the WM ratio and the 
CDR® + NACC-FTLD sum of boxes and the ALSFRS-R. 
We evaluated multiple linear and non-linear regressions 

(logarithmic, polynomial to the second, third and fourth 
order) to test the association between the WM ratio 
(dependent variable) and the genetic status, age, and their 
interaction. For these analyses we added scanner and sex 
as covariates. Models were compared using R2 and the 
Akaike information criterion (AIC). R (https:// www.r- 
proje ct. org/) version 4.0.5 was used for all analyses.

Results

Demographic and clinical characteristics 
of participants

After the data quality assessment the sample was reduced 
to 229 participants due to the segmentation problems 
identified. The final sample used in the analyses included: 
102 presymptomatic carriers, 52 symptomatic carriers 
(41 FTD and 11 ALS or ALS-FTD), and 75 non-carriers 
(Table 1). Some of the acquisitions (N = 43 subjects) had 
a limited Field of View, so it was not possible to meas-
ure the entire medulla oblongata ROI. Thus, these images 
were not included in the sub-analyses of this region (21 
presymptomatic, 7 symptomatic, and 15 non-carriers).

We found significant differences between the four groups 
(non-carriers, presymptomatic, symptomatic-FTD, sympto-
matic-ALS) in sex and age. Both symptomatic groups were 
older than the non-carriers and presymptomatic groups 
(p < 0.0001). Therefore, these variables were included as 
covariates in all further analyses. No significant differences 
were found in any demographic or clinical variables between 
non-carriers and presymptomatic carriers (Table 1).

Group differences in brainstem WM ratio

Non-carriers showed WM ratios very close to 1 (0.96 for the 
midbrain, 0.99 for the pons, and 0.97 for the medulla). No 
differences were found in any region between the presymp-
tomatic and the non-carrier groups. The C9orf72 FTD group 

Fig. 1  The brainstem segmenta-
tion for all the matters for two 
different views. Orange repre-
sents the midbrain region, yel-
low represents the pons region 
and blue represents the medulla 
oblongata region. In this case, 
this subject is a healthy control

http://surfer.nmr.mgh.harvard.edu/
https://www.r-project.org/
https://www.r-project.org/
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showed a lower WM ratio than non-carriers and presymp-
tomatic carriers in all regions (p < 0.01 in the medulla, and 
p < 0.0001 in the midbrain and pons). The C9orf72 MND 
group showed a lower WM ratio than the non-carriers and 
the presymptomatic carriers in all regions (p < 0.0001 in all 
comparisons). The MND group also showed a lower WM 
ratio than the FTD group in the medulla (p < 0.0001), and 
pons (p < 0.0001; (Fig. 2).

WM ratio across the severity of cognitive and motor 
symptoms

When studying the relationship between the WM ratio with 
the global CDR® + NACC-FTLD rating scale for all carriers 
subjects, we observed that higher clinical scores were sig-
nificatively associated with lower WM ratios in all brainstem 
regions (Kruskal–Wallis p < 0.001 for all regions; Fig. 3A). 
Pairwise comparisons between CDR® + NACC-FTLD 
stages were performed for consecutive stages, depicting 
significant differences between the CDR = 0.5 and CDR = 1 

Table 1  Baseline demographics 
for controls, presymptomatic 
and both symptomatic carriers 
groups

Brainstem subregions volumes and WM ratio. Show the group differences for the whole volume/WM ratio
EYO estimated years to onset, FTD frontotemporal dementia, f female, m male, MND motor neuron dis-
ease, sd standard deviation
*Statistical differences (p < 0.05) compared with non-carriers and presymptomatic carriers
**Statistical differences (p < 0.0001) compared with non-carriers and presymptomatic carriers

Non-carriers C9orf72 
presymptomatic 
carriers

C9orf72
FTD carriers

C9orf72
MND carriers

Number of participants 75 102 41 11
Sex (f/m) 48/27 63/39 16/25* 4/7*
Age, years
Mean (sd)

45.2 (12.6) 44.9 (11.8) 62.8 (8.4)** 62.6 (6.4)**

Age at onset, years
Mean (sd)

– – 57.2 (9.5) 59.5 (6.1)

EYO, years
Mean (sd)

− 15.0 (11.6) − 13.8 (11.9) 5.1 (6.1)** 1.4 (4.0)**

CDR® + NACC-FTLD Global
Median (range)

– – 2 (1–3) 2 (1–3)

CDR® + NACC-FTLD Sum of Boxes
Median (range)

– – 12.5 (1–22) 7.5 (1–18)

Fig. 2  Boxplot of the WM 
ratio volume of each brainstem 
region at baseline. Indicates 
*p < 0.05, **p < 0.01 and 
***p < 0.001, ****p < 0.0001
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stages in the midbrain (p < 0.05). Additionally, moderate 
significant negative correlations between the WM ratio and 
the CDR® + NACC FTLD sum of boxes were also found for 
all brainstem regions (midbrain r = − 0.57, pons r = − 0.49 
and medulla oblongata r = − 0.45; p < 0.0001 all; Fig. 3B).

To assess if the WM ratio was correlated to the severity 
of the motor neuron symptoms, we evaluate its relationship 
with the ALSFRS-R score in C9or72 carriers (Fig. 3C). 
We found a weak negative correlation in pons (r =− 0.37, 

p < 0.05), but a moderate negative correlation in midbrain 
(r = − 0.45; p < 0.001) and medulla (r =− 0.46, p < 0.01).

Brainstem WM ratio and age trajectories according 
to the genetic status

When comparing the relationship between the WM ratio 
and age, we found that carriers and non-carriers showed 
similar trajectories until the 6th decade of life. After this 

Fig. 3  A Boxplot of WM ratio 
across the CDR® + NACC-
FTLD Global stages for the 
carriers’ participants. Pair-
wise comparisons between 
stages were performed only 
for consecutive stages, finding 
significant differences between 
the 0.5 and the 1 stages in the 
midbrain: *p < 0.05, B Scat-
ter plots of WM ratio by the 
CDR® + NACC-FTLD Sum 
Of Boxes. Red lines represent 
the correlation analyses, C 
Scatter plots of WM ratio by 
the ALSFRS-R in the different 
regions for the carriers’ partici-
pants. Red lines represent the 
correlation analyses
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age, carriers presented a greater loss of WM ratio than non-
carriers, especially in the midbrain (Fig. 4A). The multi-
ple linear regression comparing carriers and non-carriers 
showed similar results (Table 2). For both groups, age was 
related to lower WM ratios in the midbrain (p < 0.001). 

Carriers showed a greater loss of WM ratio by age than 
non-carriers in the midbrain (p < 0.05), suggesting a further 
loss of WM due to neurodegeneration. No other statistical 
differences were found between carriers and non-carriers. 
Due to the distribution of the trajectories, we also explored 

Fig. 4  Scatter plot showing the 
correlation between the WM 
ratio and age for each of the 
studied groups: the whole brain-
stem, the midbrain, the pons, 
and the medulla oblongata

Table 2  Multiple linear regression coefficients for comparing carriers and non-carriers

Significant group differences (p<0.05) are highlighted in bold

Midbrain Pons Medulla
β sd p β sd p β sd p

Intercept 1.0121 0.0146  < 0.0001 1.0149 0.0126  < 0.0001 1.0284 0.0319  < 0.0001
Age − 0.0010 0.0003  < 0.001 − 0.0003 0.0002 0.183 − 0.0007 0.0006 0.282
Scanner − 0.0004 0.0004 0.257 − 0.0006 0.0003 0.076 − 0.0010 0.0009 0.261
Sex
 Female vs male − 0.0056 0.0042 0.196 − 0.0050 0.0037 0.177 − 0.0159 0.0095 0.096

Genetic status
 Carriers vs noncarriers 0.02865 0.0172 0.098 0.0194 0.0148 0.192 0.0247 0.0368 0.502

Age × genetic status
 Carriers vs noncarriers − 0.0008 0.0004 0.019 − 0.0005 0.0003 0.080 − 0.0007 0.0007 0.342
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non-linear regressions, but they did not improve the linear 
model significatively.

Brainstem WM ratio and age trajectories according 
to the clinical status

Finally, we assessed the brainstem WM trajectories by age 
according to the clinical status to evaluate if subjects with 
different clinical diagnoses present different trajectories of 
brainstem WM during the disease. In that sense, the MND 
group showed a greater loss of WM by age in all regions 
compared to FTD patients, the medulla being the region 
with the highest effect of age in WM loss for this group of 
patients (Fig. 4B; Table 3).

Discussion

In the present study, we used brain MRI scans from the 
GENFI consortium to investigate whether corticospinal 
and corticobulbar tracts neurodegeneration is measurable 
in the brainstem structures of C9orf72 carriers. Symptomatic 
C9orf72 expansion carriers showed consistent alterations in 
brainstem WM that correlated with clinical severity. Sub-
jects with motor neuron symptoms presented more WM loss 
in the brainstem than those without motor symptoms.

Brainstem neuroimaging abnormalities have been inves-
tigated by means of semi-automated volumetry methods, 
especially in progressive supranuclear palsy [21, 34]. Con-
cerning C9orf72 expansion carriers, previous work found 
no structural volumetric gray matter (GM) impairment in 
the brainstem [16, 35]. However, the evaluation of brain-
stem WM in C9of72 was lacking. Here, we developed a 
measure of WM degeneration consisting of the proportion 
of the brainstem volume occupied by WM. We chose the 

proportion of WM instead of its whole volume to avoid dif-
ferences due to different brain sizes. Assessed in the non-
carriers as controls, this WM ratio showed values close to 1, 
reflecting that, in normal conditions, the relative GM volume 
in the brainstem is scarce. However, these high values might 
reflect an overestimation of the WM volumes. Previous neu-
roimaging studies have shown that small brainstem pathways 
might be artificially enlarged due to the inclusion of crossing 
fibers [36, 37]. Despite this limitation, our work found differ-
ences between groups, reflecting the utility of this measure 
as a neuroimaging biomarker.

We found a lower brainstem WM ratio in symptomatic 
C9orf72 carriers compared to non-carriers regardless of 
their clinical phenotype. These differences were found 
in the three sub-structures (midbrain, pons, and medulla 
oblongata), suggesting widespread neurodegeneration of 
the corticospinal tracts. No differences were found between 
presymptomatic carriers and controls. This finding would 
suggest that the neurodegeneration of the WM tracts appears 
near the onset of the symptoms, pointing to the brainstem 
WM ratio as a biomarker of conversion in C9orf72 carri-
ers. Whether the WM neurodegeneration occurs before or 
after the symptom’s onset remains unclear. Our study did not 
show WM changes in the presymptomatic carriers’ group. 
By contrast, Querin et al. recently observed spinal cord WM 
atrophy in presymptomatic C9orf72 carriers who were older 
than 40 years [23]. This could suggest that the spinal cord 
would show signs of WM alterations before the brainstem, or 
it could be the result of including participants who were far 
from the estimated year of onset in our study. The observed 
relationship between the brainstem WM ratio and age sheds 
light on this point. Overall, all subjects showed a mild loss 
of WM over the years with both groups, carriers, and non-
carriers, showing no differences until the 6th decade of life 

Table 3  Multiple linear regression coefficients for assessing the brainstem WM trajectories by age according to the clinical status

Significant group differences (p<0.05) are highlighted in bold

Midbrain Pons Medulla
β sd p β sd p β sd p

Intercept 1.0110 0.0137  < 0.0001 1.0110 0.0116  < 0.0001 1.0146 0.0271  < 0.0001
Age − 0.0010 0.0003  < 0.001 − 0.0003 0.0002 0.151 − 0.0006 0.0005 0.274
Scanner − 0.0005 0.0004 0.149 − 0.0003 0.0003 0.307 − 0.0002 0.0008 0.822
Sex
 Female vs male 0.0001 0.0004 0.998 − 0.0004 0.0034 0.895 − 0.0033 0.0084 0.691

Clinical group
 Presymptomatic vs control − 0.0083 0.0176 0.638 − 0.0056 0.0143 0.694 − 0.0175 0.0341 0.608
 FTD vs control − 0.0045 0.0380 0.905 − 0.0061 0.0308 0.841 − 0.1444 0.0730 0.049
 MND vs control 0.1992 0.0931 0.033 0.3871 0.0756  < 0.0001 0.6220 0.1735  < 0.001

Age × clinical group
 Presymptomatic vs control 0.0001 0.0004 0.729 0.0001 0.0003 0.773 0.0004 0.0007 0.553
 FTD vs control − 0.0005 0.0006 0.369 0.0003 0.0005 0.500 0.0019 0.0012 0.118
 MND vs control − 0.0037 0.0015 0.013 − 0.0070 0.0012  < 0.0001 − 0.0122 0.0028  < 0.0001
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when C9orf72 carriers suffer a greater WM loss, especially 
in the midbrain. Of note, this decade of life coincides with 
the onset of symptoms reported recently by Moore et al., 
reinforcing the idea of the brainstem WM ratio as a possible 
biomarker of conversion [9].

In consonance with neuropathological studies, patients 
with MND showed significantly more atrophy in the pons 
and especially in the medulla oblongata compared to FTD. 
Similar results were found in the multivariate analyses, 
where patients presenting in form of MND suffered fur-
ther loss of WM ratio than the other groups, particularly in 
the medulla oblongata (Fig. 4B). We hypothesize that this 
greater loss of WM in C9orf72 carriers is due to the neuro-
degeneration of the corticospinal and corticobulbar tracts 
in patients who develop motor neuron symptoms. These 
results suggest that the brainstem WM ratio, especially in 
the medulla oblongata, could be an interesting biomarker to 
predict motor neuron symptoms in C9orf72 carriers. This 
finding is particularly relevant because the form of onset in 
C9orf72 carriers is highly unpredictable, and patients with 
motor neuron symptoms have a worse overall prognosis. 
Moreover, most neuroimage biomarkers studied in C9orf72 
carriers have focused on cortical atrophy, but MND patients 
may present only subtle cortical atrophy, especially in those 
with bulbar onset where, theoretically, brainstem changes 
were supposed to be more remarkable.

Additionally, we evaluated if the WM ratio could moni-
tor the disease progression. For this purpose, we assessed the 
WM ratio across the different disease stages measured with 
the CDR® + NACC-FTLD scale. Here, a biological gradient 
was found, with patients in more advanced stages showing 
lower WM ratios. This loss of WM was greater in the mid-
brain with significant differences between the CDR = 0.5 and 
the CDR = 1 stages in the region. We also found a negative 
correlation between the CDR® + NACC-FTLD sum of boxes 
and the WM ratio in the brainstem. This correlation was, again, 
strongest in the midbrain (r = − 0.60). We also evaluated the 
correlation between the WM ratio and the severity of the motor 
neuron symptoms in C9orf72 carriers. A negative correlation 
between the WM ratio and the ALSFRS-R was found in all the 
brainstem regions. However, this correlation was highly influ-
enced by subjects without motor neuron symptoms.

Our study has some limitations. First, it is important to 
consider that the brainstem WM visualization is challeng-
ing due to the small size of the pathways, the high density 
of their distributions, lower contrast, and image distortions 
associated with in vivo acquisitions. As mentioned before, 
brain volumetry could overestimate WM volumes. Despite 
this possible limitation, we found that our methodology is 
valid to find differences between groups. To support and 
complement our results, other MRI modalities such as Dif-
fusion tensor imaging (DTI) may be studied in the future. 
Another limitation is the relatively small sample size. Even 

using data from a multicentric study, in some analyses, espe-
cially for the MND subgroup, the number of subjects was 
low, due to the low prevalence of the disease. This small 
number of MND patients did not allow us to study differ-
ences between subjects with bulbar or spinal onset.

In conclusion, our data suggest that WM loss in the brain-
stem might be a marker of clinical conversion and disease pro-
gression monitoring in C9orf72 carriers, especially in carriers 
presenting with motor neuron symptoms. Additional studies 
with extended follow-up data might be needed to confirm these 
findings.
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4.2 RESUM GLOBAL DELS RESULTATS 

 

Primer treball: 

 

En aquest treball explorem el volum de l'hipocamp amb pacients de la base de 

dades longitudinals ADNI (adni.loni.usc.edu). Avaluem quina aproximació 

estadística, la freqüentista o la bayesiana, és l'òptima per estudiar models 

longitudinals tant en bases de dades homogènies (tots els pacients tenen el mateix 

nombre de vistes) com heterogènies (manquen visites d’alguns pacients). Per 

això, creem models d'efectes lineals mixts (ELM) en els dos marcs estadístics. En 

una base heterogènia en què no tots els pacients tenen el mateix nombre de 

visites, però amb un nombre molt elevat de pacients (1250 participants), trobem 

que els dos enfocaments són capaços d'identificar els mateixos grups de pacients. 

Així, el comportament que presenten les dues aproximacions és molt similar. Tot 

i això, l'enfocament bayesià necessita molt més poder computacional per poder 

estudiar les trajectòries d'aquests pacients. 

 

Tanmateix, si la base de dades no és tan extensa, les dues aproximacions 

estadístiques ja no es comporten de la mateixa manera. Per estudiar aquest fet 

partim d’una base de dades homogènia extensa (N=670 participants, 4 visites 

cada un). Posteriorment, realitzem dues simulacions mitjançant l’eliminació 

progressiva de dades. En la primera, per estudiar el mínim nombre de subjectes 

que permeti separar els grups, trobem que l'enfocament bayesià va ser 

lleugerament més estricte. En la segona, per avaluar l’efecte de la manca de punts, 

l'aproximació bayesiana presenta un poder estadístic superior a la freqüentista, 

ja que a mesura que es redueixen el nombre de visites de forma aleatòria, arriba 
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un punt que l'aproximació freqüentista no pot estimar el model. En canvi, 

l'aproximació bayesiana, no té aquesta limitació. Així, l'enfocament bayesià és 

més robust per a bases de dades desequilibrades i disperses amb un nombre 

diferent de mesures entre subjectes. En canvi, l'aproximació freqüentista és 

computacionalment més senzilla, però falla en la modelització de dades amb un 

gran nombre de valors que falten. 

 

 

Segon treball: 

 

En aquest treball hem implementat models d’estimació del gruix cortical segons 

l’edat cronològica per persones sanes, i segons els anys de durada de la malaltia 

per pacients amb MA i DFT. Els models han estat creats amb una regressió de 

suport vectorial (RSV) i amb dades de RM estructural de la Unitat d'Alzheimer i 

altres trastorns cognitius de l'Hospital Clínic de Barcelona (379 pacients amb una 

visita i 144 pacients amb 2-3 visites). Amb aquests models podem identificar les 

variacions individuals com a desviacions de la norma, utilitzant models específics 

per persones sanes, MA i DFT. Amb el model generat amb persones sanes, veiem 

que el model s’adapta al seu propi grup, però que els pacients amb MA i DFT 

presenten una variabilitat molt elevada. A més, les desviacions segons aquest 

model per pacients amb MA correlacionen amb les puntuacions dels anys de 

durada de la malaltia i MMSE, mentre que els pacients amb DFT no presenten 

correlacions. 
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Posteriorment, usem els models específics per la MA i la DFT per estudiar les 

desviacions del model dins de cada grup en relació amb biomarcadors bioquímics 

i les puntuacions del MMSE. Per als pacients amb DFT, trobem una correlació 

inversa significativa entre els nivells de  LCR-NfL i la desviació del model a la 

majoria de les regions del cervell, proporcionant evidències addicionals de la 

relació entre la imatge i els biomarcadors bioquímics en DFT. A més, trobem una 

correlació positiva per als pacients amb MA entre les puntuacions MMSE i la 

desviació del model en diverses regions. 

 

Finalment, utilitzem les dades longitudinals per avaluar la capacitat dels models 

per obtenir prediccions individuals dels valors futurs del gruix cortical. Trobem 

que els models de persones sanes i MA, són capaços de predir les futures vistes, 

en canvi, el model de DFT mostra una elevada variabilitat. 

 

 

Tercer treball: 

 

En aquest treball hem implementat un algoritme de classificació automàtica per 

diferenciar pacients amb MA i DFT i persones sanes amb RM estructural. La 

combinació d'un primer algoritme on es redueixen el nombre de les variables 

segons una aproximació no supervisada i posteriorment un algoritme de 

classificació automàtic supervisat ens permet classificar els grups amb dades 

transversals i longitudinals. L'algoritme ha estat entrenat i testejat amb dades de 

la Unitat d'Alzheimer i altres trastorns cognitius de l'Hospital Clínic de Barcelona 

(339 pacients amb una visita i 114 pacients amb 2 visites).  
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L’algorisme implementat classifica a nivell transversal els pacients sans versus 

MA i versus DFT amb un 83,3% i un 82,1% de precisió respectivament. Aquesta 

precisió augmenta fins a un 90,0% i un 88,0% respectivament amb dades 

longitudinals. Quan estudiem la classificació entre MA versus DFT aconseguim 

una precisió del 63,3% a nivell transversal i del 75,0% a nivell longitudinal. 

Finalment, la classificació MA versus DFT versus persones sanes assoleix una 

precisió del 60,7% i del 71,3% per a les dades transversals i longitudinals, 

respectivament. Per tant, observem que l'enfocament longitudinal proporciona 

un rendiment superior al transversal, assolim millors precisions en el diagnòstic 

automàtic per tots els casos. 

 

 

Quart treball: 

 

Aquest treball consisteix a implementar un algoritme de classificació automàtica 

que retorna el diagnòstic i les probabilitats individuals associades a cada grup. El 

treball s’ha fet amb dades transversals de RM estructural i biomarcadors de LCR 

de la base de dades de la Unitat d'Alzheimer i altres trastorns cognitius de 

l'Hospital Clínic de Barcelona que inclou 491 pacients (persones amb MA, 

persones amb DFT i persones sanes). L’algoritme és capaç de discriminar amb 

èxit els pacients amb DFT i MA amb bona precisió, i permet identificar els 

subtipus de variants clíniques de la DFT. Només amb dades de RM, obtenim 

precisions del 88% en la classificació MA versus persones sanes, 87% per DFT 

versus persones sanes, 82% per MA versus DFT i 80% en diferenciar els tres grups 

clínics. Un total del 74% dels participants amb DFT i el 73% dels participants amb 
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MA tenen una probabilitat alta (≥80%) de tenir un diagnòstic precís en la 

comparació de DFT versus MA.  

 

Les dades dels nivells de  NfL i 14-3-3  en LCR s'estudien primer de forma 

independent i en combinació amb dades de RM. Els resultats que s'extreuen 

d'aquesta informació depenen de cada una de les comparacions. Quan es 

comparen els pacients amb MA respecte persones sanes, els nivells de LCR són 

suficients per assolir un diagnòstic precís. En el cas dels pacients amb DFT versus 

les persones sanes, tant les dades solament de RM o LCR, com la combinació 

d’ambdues modalitats donen resultats similars. Finalment, per diferenciar 

pacients amb MA versus DFT, la combinació de les dades de RM i LCR, és la que 

aconsegueix el diagnòstic més precís i el nombre més nombrós de pacients amb 

una probabilitat major del 80% de tenir un encert en el diagnòstic. 

 

 

Cinquè treball: 

 

En aquest treball mesurem les asimetries del còrtex cerebral amb un índex que 

nomenem Índex d'Asimetria Cortical (CAI). L'estudi es realitza amb dades de la 

Unitat d'Alzheimer i altres trastorns cognitius de l'Hospital Clínic de Barcelona 

que inclou 554 pacients (persones amb DFT, persones amb MA i persones sanes). 

El CAI és una mesura derivada de la teoria de la informació que ens permet 

obtenir com és d'asimètric el cervell de manera individual. El CAI ens permet 

diferenciar les persones sanes dels participants amb demència, seguidament 

la DFT de la MA, i finalment els diferents fenotips de la DFT. A més a més, 

longitudinalment permet identificar els canvis en l'asimetria cerebral al llarg del 
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temps pels pacients amb DFT. Finalment, duem a terme unes anàlisis de clústers 

amb els valors del CAI pels pacients amb DFT i per MA. Identifiquem dos clústers 

per cada demència, que presenten diferències significatives amb nivells de 

biomarcadors de líquid cefalorraquidi i de sang. Els pacients amb DFT s'agrupen 

en dos clústers, un estaria format principalment pels pacients amb la variant 

semàntica i l'altre per la variant no fluent i la conductual. Els dos clústers 

presenten diferències en els nivells de NfL tant en LCR com en sang. Els pacients 

amb MA mostren dos clústers també, que a priori no hem sigut capaços 

d'interpretar des de la clínica, però que es diferencien amb els nivells de GFAP en 

sang. 

 

 

Sisè treball: 

 

En aquest treball utilitzem la RM estructural per mesurar la substància blanca de 

les estructures del tronc encefàlic dels portadors de la mutació C9orf72. Les dades 

d'aquest estudi de  DFT genètica són del consorci internacional i 

multicèntric GENFI (https://www.genfi.org/), i formen part de l'estudi 102 

portadors asimptomàtics de la mutació C9orf72, 72 portadors simptomàtics de la 

mutació C9orf72 i 75 no portadors. Estudiem les diferències que puguin 

presentar les diferents estructures del tronc encefàlic per aquests pacients i 

trobem que amb aquestes estructures podem diferenciar els diferents pacients, 

però no les persones sanes de les asimptomàtiques, però sí que es diferencien els 

pacients amb DFT i els pacients amb DFT que presenten símptomes de neurones 

motores. També realitzem regressions lineals per avaluar les interaccions entre 
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els diferents grups clínics i l'edat. En aquest cas trobem que els pacients amb 

símptomes de neurones motores presenten més pèrdua de substància blanca al 

tronc cerebral que els que no tenien símptomes motors. Finalment, els portadors 

de l'expansió C9orf72 simptomàtics mostren alteracions consistents en la 

substància blanca del tronc cerebral que es correlaciona amb la gravetat clínica. 
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CAPÍTOL 5 

 

Discussió 

 

 

 

Els treballs que conformen la present tesi doctoral pretenen aportar informació 

de les possibilitats i limitacions dels models matemàtics amb dades de RM 

estructural per l’estudi de la MA i la DFT. També volen ampliar el coneixement 

sobre els marcadors útils pel diagnòstic diferencial d’aquestes demències i les 

seves variants clíniques, i estudiar la complementarietat entre els biomarcadors 

d’imatge i els biomarcadors bioquímics. Així mateix, la present tesi doctoral 

pretén aprofundir en l’heterogeneïtat clínica que presenten aquestes demències 

estudiant la variabilitat individual dels pacients amb MA i DFT respecte de la 

tendència grupal en funció del temps. 
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En el primer treball (104) vam avaluar si l’homogeneïtat o heterogeneïtat de les 

dades longitudinals en bases de dades extenses en neuroimatge té alguna 

implicació a l’hora de realitzar l’estudi estadístic de les trajectòries. Per aquest 

estudi ens vam centrar en la MA, tot i que els resultats es poden extrapolar a altres 

demències o malalties. Això ho vam fer, ja que teníem accés a una base de dades 

molt extensa com és ADNI amb 1250 pacients amb 5 visites. I alhora, podíem 

utilitzar el volum de l’hipocamp, que és un biomarcador de MA d’imatge en RM 

estructural que ha estat ben descrit i és acceptat en els actuals criteris de 

diagnòstic de la MA (16,17,105–107), així que ens permetia centrar-nos en 

l’aproximació estadística. Per això, vam crear models ELM segons l’aproximació 

freqüentista i la bayesiana per estudiar les diferències entre els grups al llarg del 

temps i explorar quina aproximació és la més recomanable en situacions diverses. 

En primer lloc, vam trobar que els dos enfocaments coincidien en els resultats de 

les proves d’hipòtesis nul·les amb tot el conjunt de dades amb els prèviament 

descrits en la literatura amb dades ADNI (60,67,108).  En aquest cas, la diferència 

que presentarien les dues aproximacions seria el cost computacional, ja que 

l'enfocament bayesià va necessitar molt més poder computacional i temps per 

poder estudiar les trajectòries respecte a l’aproximació freqüentista. Ara bé, s’ha 

de valorar la diferent interpretació que presenten  cada una de les aproximacions, 

no solament el cost de l’estimació del model. L’aproximació bayesiana 

proporciona un marc més interpretable, ja que es basa en l'estimació directa a 

partir de la distribució de la població representada per la distribució posterior, en 

lloc d'estimar a partir de la distribució mostral hipotètica com passa en 

l'enfocament freqüentista. Així que, en entorns clínics l’aproximació bayesiana 

pot oferir una interpretació més directa, perquè els resultats es poden interpretar 
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de manera probabilística, contràriament a l’aproximació freqüentista que no 

accepta aquesta interpretació encara que molts investigadors la utilitzen (71,73). 

Tanmateix, si la base de dades no és tan extensa i presenta molts pacients als 

quals els hi manquen visites, les dues aproximacions estadístiques ja no es 

comporten de la mateixa manera. En aquest sentit, un inconvenient important 

per al modelatge ELM segons un enfocament freqüentista és la necessitat de tenir 

més mostres de participants que efectes aleatoris per estimar el model. En canvi, 

l'enfocament bayesià permet estimar el model fins i tot amb un nombre elevat de 

punts que falten a la base de dades. Més concretament, els nostres resultats van 

mostrar que el model ELM segons un enfocament bayesià és possible en una base 

de dades de 4 punts de temps que té aproximadament 2 valors que falten per a 

cada participant, cosa que suggereix que per a la modelització longitudinal en 

bases de dades escasses s'hauria de triar el marc bayesià. Altres estudis han 

demostrat que l'estadística bayesiana supera algunes de les limitacions de la 

inferència estadística clàssica en bases de dades no homogènies (68,109). En 

conjunt, destaquem la necessitat de conèixer les característiques de la mostra de 

dades per poder inferir la correcta interpretació dels resultats. Així que, en 

l’estudi vam proposar que l'enfocament bayesià és més robust per a bases de 

dades desequilibrades i disperses amb un nombre diferent de mesures entre 

subjectes. 

 

En el segon treball (acceptat) ens vam centrar a  implementar models específics 

grupals per MA, DFT i persones sanes del gruix cortical segons l'edat cronològica 

per a persones sanes i segons els anys de malaltia per a pacients amb MA i DFT, 

per estudiar les desviacions que presenten respecte a les persones sanes i la 

tendència grupal. Donat que en el primer treball, havíem observat, igual que 
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altres autors (110–112) que un model basat en probabilitats presenta més 

avantatges,  en aquest segon treball vam seguir en aquesta línia i el model del 

gruix cortical és estimat amb una RSV, que deriva dels models d’aprenentatge 

automàtic d’intel·ligència artificial que té una base probabilística. 

 

Amb aquests models vam realitzar un estudi de la variabilitat que presenta cada 

individu respecte de la tendència grupal i vam associar aquestes desviacions amb 

els símptomes en el cas dels pacients. Pels pacients amb MA, vam trobar que les 

desviacions individuals del model correlacionaven amb les puntuacions del 

MMSE, sobretot en els lòbuls temporal i parietal, on les desviacions individuals 

més elevades del model s’associaven als individus amb puntuacions més elevades 

de MMSE. La relació entre el MMSE i el gruix cortical ha estat ben descrita 

prèviament (113–115). En el nostre treball, vam poder identificar que els pacients 

amb puntuacions més elevades de MMSE són aquells en els que el gruix cortical 

es desvia més de l’esperat segons els anys de malaltia. En el cas dels pacients amb 

DFT,  vam trobar una correlació inversa entre els nivells de NfL en LCR i la 

desviació del model, proporcionant evidències addicionals a les ja descrites per 

altres autors sobre la relació entre la imatge i els biomarcadors de fluids per 

aquests pacients. Per exemple, els nivells de NfL s'han suggerit com a factor de 

gravetat per la DFT (38,39). Els nivells alts de NfL van estar associats a les 

desviacions del model del gruix cortical més baixes. Per tant, els pacients amb 

patrons de gruix cortical que s'adapten bé al model tenen nivells més elevats de 

NfL en LCR, així que el model de gruix cortical pels pacients amb DFT va capturar 

la tendència de neurodegeneració. En canvi, els nivells més baixos de NfL 

corresponien a pacients que s'allunyaven més del model DFT, similar al que s'ha 
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descrit com una DFT no progressiva (116). En estudiar les diferents variants 

clíniques de la DFT, trobem que la vcDFT és la que tindria més contribució en el 

model, ja que les altres variants APP mostren una desviació més alta. Aquests 

resultats estan en la línia del que s’ha descrit prèviament, on la DFT és una 

demència heterogènia (30,36,98). A més, en altres estudis d'aquesta tesi, 

utilitzant algoritmes de classificació automàtica, també observem que la 

variant vcDFT té una contribució més important a l'hora de definir les tendències 

o patrons dels pacients amb DFT i on els patrons d’importància no coincideixen 

entre les diferents variants clíniques de la DFT. Tenint en compte les dues 

troballes, necessitaríem crear models específics per cada una de les variants per 

poder predir els canvis en el gruix cortical en detall per aquests pacients.  

 

Els resultats del segon treball, tot i que estava centrat en l’estudi de la variabilitat,  

també ens van permetre predir el gruix cortical en visites futures segons l’edat per 

persones sanes i segons els anys de malaltia per pacients amb MA. En canvi, pels 

pacients amb DFT, no vam poder assolir unes prediccions fiables de les seves 

futures vistes a causa de l’alta variabilitat que presentaven els resultats.  

 

Els resultats del segon estudi van mostrar  que els pacients amb DFT i MA 

mostren una  variabilitat individual tant a nivell transversal com longitudinal en 

les imatges de RM estructural que podrien ser útils per un diagnòstic  

personalitzat. Per això, en el tercer treball (117) que forma aquesta tesi ens vam 

centrar a estudiar la utilitat de l’aprenentatge automàtic per al diagnòstic 

diferencial de la DFT i la MA a nivell transversal i longitudinal amb dades de RM 

estructural, i alhora obtenir interpretabilitat dels resultats. Per realitzar aquesta 

classificació entre pacients vam utilitzar el classificador MVS, que és el model 
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d’aprenentatge automàtic supervisat àmpliament utilitzat amb dades de 

neuroimatge per pacients amb MA i DFT (53,94,96,118–121). Però, aquest model 

no permet les classificacions amb dades longitudinals, és per això, que vam 

aplicar tècniques no supervisades abans de realitzar la classificació amb el MVS. 

Aquestes tècniques van ser una anàlisi de components principals (ACP) per 

l’estudi transversal i el seu anàleg l’anàlisi de múltiples factors (AMF) per les 

dades longitudinals (122). Això, ens va permetre fer la classificació tant a nivell 

transversal com longitudinal i poder obtenir uns resultats interpretables, ja que 

solament ens vam quedar amb la primera component, així que amb les 

contribucions d’aquesta component vam poder estudiar quines són les variables 

més importants per la classificació. Aquesta combinació d’algoritmes supervisats 

i no supervisats ens va permetre assolir uns nivells de precisió tant a nivell 

transversal com longitudinal alts. L’algoritme va classificar a nivell transversal els 

pacients sans versus MA i versus DFT amb un 83% i un 82% de precisió 

respectivament. Aquesta precisió va augmentar fins a un 90% i un 88% amb 

dades longitudinals, per MA i DFT respectivament. Quan vam estudiar la 

classificació entre MA versus DFT vam aconseguir una precisió del 63% a nivell 

transversal i del 75% a nivell longitudinal. Finalment, la classificació MA versus 

DFT versus persones sanes va assolir una precisió del 61% i del 71% per a les dades 

transversals i longitudinals, respectivament. Aquestes precisions estan dins del 

rang dels estudis prèviament publicats, o són superiors (94–96,123–125). Les 

diferències entre aquest estudi i els prèviament publicats per altres grups són que 

vam poder classificar dades longitudinals amb un MVS  i millorar els resultats 

transversals, i que vam obtenir els patrons de les regions cerebrals més 

importants per la classificació. En aquest estudi, ens vam centrar a assolir un 
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algoritme d’aprenentatge automàtic amb una alta precisió que permetés 

diferenciar els pacients amb MA, DFT i les persones sanes, però donant molta 

importància a la seva interpretabilitat, no ens vam focalitzar solament en  

maximitzar el rendiment. L'algoritme ens va permetre aconseguir un patró 

d'atròfia diferent per cada una de les malalties, amb els pesos de les tècniques no 

supervisades, identificant les regions més rellevants per realitzar el diagnòstic 

automàtic. En general, vam trobar que les regions més importants per la 

classificació coincidien amb els patrons patològics d'acord amb la literatura de la 

MA i la DFT (96,126). Tanmateix, aquests algoritmes cerquen interaccions 

robustes entre les diferents variables que s’introdueixen (en el nostre cas les 

regions cerebrals), per la qual cosa és possible que apareguin regions que no 

coincideixen amb els patrons diferencials de MA o DFT o patrons superposats. 

Treballs anteriors (55,127,128) també han trobat alguns patrons de degeneració 

superposats entre les dues demències.  

 

La principal limitació del tercer treball és que no vam poder estudiar la fiabilitat 

amb què l’algoritme dona el resultat del diagnòstic. Vam observar que, més enllà 

del diagnòstic diferencial entre la MA i la DFT necessitem resultats per establir si 

els diagnòstics són fiables o aleatoris. Per això, en el quart estudi (no publicat) 

d’aquesta tesi, vam decidir implementar un altre algoritme, aquest cop a nivell 

transversal que ens permetés obtenir aquest diagnòstic diferencial de la MA i 

la DFT  conjuntament amb la fiabilitat dels resultats, i que fos interpretable, com 

ja ho era el creat anteriorment. Així, vam desenvolupar mètodes de classificació 

calibrada i vam considerar que els participants amb una probabilitat major al 

80% per algun dels diagnòstics tindrien una classificació fiable. Els pacients amb 

una probabilitat individual menor al 80%, estaven dins del que anomenem zona 
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de baixa confiança del diagnòstic. Vam identificar aquests pacients com els que 

necessitarien més proves clíniques per poder realitzar el seu diagnòstic 

diferencial. I, per això, vam anar un pas més enllà i vam decidir avaluar si la RM 

i els nivells de LCR (NfL i 14-3-3, biomarcadors de neurodegeneració) 

millorarien la classificació. En aquest estudi, com en l’anterior, vam assolir 

precisions de l’orde, o millors, que les prèviament descrites en la literatura per 

discriminar la MA i la DFT amb dades de RM estructural. En el nostre cas, tenim 

88% per MA versus persones sanes, 87% per DFT versus persones sanes, 82% per 

MA versus DFT i 80% per discriminar els tres grups clínics (53,62,93,96,127,129–

133). A més, en aquest segon estudi de classificació automàtica per pacients amb 

MA i DFT, vam ser capaços de millorar els nostres propis resultats, mantenint la 

interpretabilitat i, d'altra banda, obtenint un valor de la fiabilitat diagnòstica dels 

resultats que en l'estudi previ no teníem. Ara bé, en l'estudi previ, podíem 

classificar amb dades longitudinals i vam observar que aquestes aportaven una 

informació que ens permetia millorar el nostre diagnòstic. Queda per explorar, 

doncs, la combinació dels estudis longitudinals amb els algoritmes de 

classificació calibrada per assolir nivells de confiança diagnòstica en dades 

longitudinals.  

 

Entre els resultats clau d’aquest quart estudi, vam trobar que el 74% dels 

participants amb DFT i el 73% amb MA mostraven una probabilitat individual 

major al 80% d'estar ben classificats per l'algoritme en la comparació DFT versus 

MA. També, vam explorar la classificació automàtica per les variants clíniques de 

la DFT (vcDFT, vsAPP i vnfAPP) amb unes precisions superiors a les descrites 

prèviament (53,77,96). En primer lloc, pel que fa a les comparacions amb 
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persones sanes, per a vcDFT, vam obtenir una precisió del 91%, i en el cas dels 

participants APP, una precisió del 93%. Quan vam classificar vcDFT i APP per 

separat contra MA, vam aconseguir precisions de fins al 90% per als dos casos. 

Tanmateix, quan vam intentar classificar vcDFT versus APP, assolim una precisió 

del 68% que no seria acceptable des del punt de vista clínic.   

 

En aquest quart treball, com vam realitzar en el tercer treball d’aquesta tesi, 

obtenim uns patrons que ens indiquen la importància de cada regió en la 

classificació, tot i que en aquest cas han estat mesurats amb un test de 

permutacions, ja que és un algoritme diferent del descrit prèviament. El volum 

de la substància grisa de l'hipocamp, el putamen i l'amígdala van ser essencials 

per diferenciar MA de persones sanes. Per altra banda, les regions corticals van 

ser les més importants per diferenciar la DFT de persones sanes, especialment les 

regions occipitals, parietals i frontals. Aquests resultats estan d'acord amb les 

troballes amb mètodes d'anàlisi més clàssics (19,40,134–137) i amb els estudis 

previs que s’han realitzat en aquesta tesi. Finalment, pel que fa a les variants 

clíniques de la DFT, les regions frontals van ser les més destacades per la vcDFT 

i les temporals i l’hipocamp per la variant APP, també ha estat descrit prèviament 

(134,136,137). 

 

Finalment, en aquest quart treball vam observar que la combinació de la RM i els 

nivells de LCR, solament seria necessària per al diagnòstic diferencial de la MA 

i la DFT. En canvi, quan vam estudiar el diagnòstic versus una persona sana, per 

la MA, la RM no era necessària i per la DFT, amb una de les dues proves era 

suficient per obtenir la mateixa fiabilitat en el diagnòstic. Aquesta proposta 

d'algoritme ens permet no solament ajudar en el diagnòstic diferencial dels 
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pacients, sinó també en avaluar quines proves serien necessàries per a cada 

pacient individualment. 

 

En els treballs 3 i 4, vam crear uns algoritmes d’aprenentatge automàtic 

interpretables. En aquests, en estudiar les regions més importants, vam observar 

que no són patrons simètrics. Per tant, en el cinquè treball (no publicat), vam 

estudiar l’asimetria cerebral per avaluar si podia ajudar en el diagnòstic 

diferencial de la DFT i la MA o, fins i tot, en la diferenciació de les diferents 

variants de la DFT  (30,98,138–141). Hi ha treballs anteriors que estudien les 

asimetries cerebrals en DFT i MA, però majoritàriament avaluen l’asimetria de 

manera visual. Tot i que s'han fet alguns estudis per quantificar les asimetries de 

manera sistemàtica (138,142–144), són reduïts. Nosaltres vam escollir una 

metodologia més complexa basada en la teoria de la informació per obtenir 

l'estimació d'un índex asimètric. Aquest índex d'asimetria cerebral proposat es 

basa en l'entropia de les imatges de RM que nomenen Índex d'Asimetria Cortical 

(CAI). Aquesta mesura ens va permetre diferenciar les persones sanes de les que 

pateixen demència (MA i DFT), les dues demències i els fenotips de la DFT, 

mostrant que la vsAPP és la més asimètrica. Quan vam estudiar l’asimetria al llarg 

del temps, vam trobar un augment d’aquesta pels pacients amb DFT, en canvi, en 

la MA no vam detectar cap diferència al llarg del temps en aquesta mesura. 

 

Una anàlisi no supervisat de clústers, ens va permetre agrupar els pacients amb 

DFT i MA en dos subgrups segons la seva asimetria cerebral. Al ser un estudi no 

supervisat, vam voler donar una explicació interpretable dels resultats mitjançant 

dades clíniques i de biomarcadors. Entre els dos subgrups de pacients amb DFT, 
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el clúster més asimètric agrupava els pacients amb vsAPP i l’altre clúster amb els 

pacients amb vcDFT i vnfAPP. Aquests dos grups alhora es diferenciaven segons 

els nivells de NfL en LCR i sang. Això ens va fer suggerir que els nivells de NfL 

(en LCR i sang) s'associen directament amb l'asimetria cerebral. Treballs previs 

han demostrat l’associació dels nivells de NfL amb l’atròfia cerebral (37,38,49). 

No obstant això, no estudien l'associació entre els nivells de NfL i l’asimetria 

cerebral. A l’estudiar els dos clústers de MA, no vam ser capaços de trobar una 

explicació basada en el perfil clínic dels participants. Tanmateix, quan vam 

analitzar la seva associació amb biomarcadors de fluids vam observar que els 

nivells de GFAP en sang mostraven diferències significatives entre els dos 

clústers. Aquest biomarcador s'ha associat prèviament amb l'atròfia cerebral a 

causa de l'envelliment o la gravetat de la malaltia (145,146). Així i tot, la seva 

associació amb l'asimetria cerebral no s'ha estudiat abans. Així, en aquest cinquè 

estudi de la tesi vam demostrar que el CAI, definit en aquest mateix estudi, podria 

ser d'ajuda per a la diferenciació de les expressions clíniques o demències, per 

estudiar la progressió de la malaltia o per identificar subgrups.  

 

Finalment, en el sisè treball d’aquesta tesi (147), vam aplicar mesures d’avaluació 

de RM en una variant concreta de DFT:  la DFT genètica amb la mutació C9orf72. 

Les imatges de RM estructurals ens permeten mesurar la neurodegeneració del 

tronc encefàlic i estudiar si les anomalies que es mostren poden ser un 

biomarcador per la DFT amb la mutació C9orf72. Per això, primer vam utilitzar 

mètodes de volumetria semiautomatitzats per obtenir les diferents regions del 

tronc encefàlic i obtenir el volum de substància blanca. En aquest treball, vam 

trobar una proporció de la substància blanca del tronc encefàlic menor pels 

portadors simptomàtics en comparació als no portadors i les persones sanes, 
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aquests resultats són per les tres subestructures del tronc encefàlic (mesencèfal, 

pons i bulb raquidi), així que ens podria suggerir una neurodegeneració 

generalitzada en aquesta zona del cervell. Tanmateix, no vam identificar 

diferències entre les persones sanes i els portadors asimptomàtics de la 

mutació  C9orf72, així que la neurodegeneració en aquesta zona, probablement 

apareix prop de l’inici dels símptomes de la malaltia. Els pacients amb DFT amb 

símptomes de neurones motores van mostrar una atròfia significativament 

major, sobretot en el bulb raquidi, que els pacients que solament presenten DFT. 

Aquests resultats proposen que la relació de la substància blanca del tronc 

encefàlic, especialment al bulb raquidi, podria ser un biomarcador interessant 

per predir els símptomes de la neurona motora en els portadors de la mutació 

C9orf72. Aquesta troballa és especialment rellevant perquè la forma d'inici en els 

portadors de la mutació C9orf72 és altament impredictible i els pacients amb 

símptomes de neurones motores tenen un pitjor pronòstic general.  
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Conclusions 

 

 

 

1. L’aproximació freqüentista i la bayesiana tenen comportaments similars, 

per l’anàlisi de dades longitudinals de ressonància magnètica en la 

malaltia d’Alzheimer, si les dades són homogènies, sent la freqüentista 

computacionalment més simple. En canvi, quan les dades són 

heterogènies i amb un elevat nombre de visites que manquen, només 

l’aproximació bayesiana permet modelar les dades. 

2. Els models predictius basats en gruix cortical permeten a) mesurar i 

relacionar la variabilitat del gruix cortical que presenten a escala 

individual els pacients amb malaltia d’Alzheimer i demència 

frontotemporal amb marcadors clínics i biomarcadors bioquímics, b) 
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predir la morfologia cerebral en l’evolució de pacients amb malaltia 

d’Alzheimer i demència frontotemporal.  

3. La combinació d'algoritmes d’aprenentatge automàtic no supervisat i 

supervisat permet diferenciar la malaltia d’Alzheimer i  la demència 

frontotemporal amb una única característica derivada de la ressonància 

magnètica estructural, alhora que proporciona mapes d’interpretabilitat. 

Les dades longitudinals permeten una millora en el diagnòstic diferencial 

entre malalties respecte als estudis transversals. 

4. L’algoritme proposat amb dades de ressonància magnètica estructural i els 

nivells de líquid cefalorraquidi de cadenes lleugeres de neurofilaments 

(NfL) i proteïna 14-3-3 proporciona un diagnòstic vàlid per la malaltia 

d’Alzheimer i la demència frontotemporal. A més, permet obtenir 

probabilitats individuals per estudiar zones de baixa confiança del 

diagnòstic. La contribució diferencial de la ressonància magnètica 

estructural i els biomarcadors en líquid cefalorraquidi depèn dels grups 

clínics a classificar, així, pel diagnòstic diferencial entre malaltia 

d’Alzheimer i  demència frontotemporal, la combinació de les dues  

modalitats és la que assoleix la millor classificació. 

5. L'índex d'asimetria cerebral suggerit, estimat amb les mesures regionals 

del gruix cortical i derivat de l’entropia, és capaç de diferenciar 

la demència frontotemporal de la malaltia d’Alzheimer, i la variant 

semàntica respecte a la variant no fluent i la variant conductual.  

6. Els portadors simptomàtics de la mutació C9orf72 presenten una pèrdua 

de substància blanca del tronc encefàlic que podria ser un marcador  pel 
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seguiment de la malaltia, indicant els pacients amb afectació de neurones 

motores. 
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