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Prefaci

PREFACI

El meu interes per la recerca en neuroimatge aplicada als trastorns mentals va apareixer en
acabar el master en Intel-ligéncia Artificial (1A). Tenia clara la gran potencialitat de les
tecniques en IA i també que allo al qual volia dedicar-me fos algun camp de la IA que pogués
repercutir en millorar la vida de les persones. No obstant aixd, ningl em va advertir com de
dificil pot ser treballar amb dades de neuroimatge cerebral. Aixo fa que sigui un repte diari

intentar entendre que podria explicar-nos el cervell respecte la nostra salut.

La recerca en salut mental no s’entén ja sense un enfocament multidisciplinari. La combinacié
de diferents disciplines com ara psicolegs, psiquiatres, fisics, enginyers de camps diversos o
informatics poden donar una comprensié més completa i efectiva als trastorns mentals. Les
diferents experiéncies personals amb familiars o coneguts que han viscut algun problema de
salut mental en algun moment de la seva vida han servit per fer-me veure que no hi pot haver
res més valuds que intentar ajudar perqué en un futur els trastorns mentals puguin ser més

facilment tractables o predictibles.

Aquesta tesi és el meu primer pas per intentar contribuir a fer que cada dia un nombre menor
de persones hagi d’enfrontar-se a les dificultats derivades d’un trastorn mental. Espero que
aquelles persones que la llegiu, hi trobeu alguna cosa que us faci gaudir-la ni que sigui la

meitat del que m’ha costat fer-la.



Introduccio

Els tres objectius principals en la terapia en pacients amb trastorn mental sén aconseguir una
remissid simptomatica, la recuperacid social i reduir el risc de futures recaigudes. Poder
estimar el risc que succeeixin aquests objectius sera, per tant, de maxima importancia. Crear
eines que permetin realitzar aquesta estimacio podra ajudar de moltes formes diferents als
pacients: ajustar els farmacs implicaria als pacients amb major risc de pobra remissio
simptomatica poder beneficiar-se d’intervencions psicologiques !, als pacients amb major risc
de disfuncid social rebre tractaments de rehabilitacié funcional 2, als pacients amb risc de
discontinuacid de la medicacio ser inclosos en iniciatives destinades a reduir la no adherencia
al tractament 3, o als pacients amb risc de recaiguda depressiva poder beneficiar-se de terapia
cognitiva-conductual, terapia centrada en la familia o psicoeducacid 4. | si bé, és important
millorar els simptomes de I'episodi actual per tal d’aconseguir la remissié simptomatica, és
igualment important preveure el risc de recaiguda, ja que al voltant del 30% dels pacients
amb un primer brot psicotic recauran abans del primer any, i fins a un 80% ho faran en els

propers 5 anys>.

Tradicionalment, la majoria dels estudis de neuroimatge en psiquiatria s’han basat en
enfocaments estadistics univariats. Per exemple, técniques com la morfometria basada en
voxel (VBM) permeten avaluar les diferencies entre pacients i controls en el volum regional o
la composicié tissular a partir d'estimacions de probabilitat de teixits. Aquests enfocaments
son utils per detectar diferéncies de grup com poden ser les anomalies associades a certs
trastorns. Aixi i tot, no permeten fer prediccions individualitzades (com ara de I’evolucié de la
malaltia). En els ultims anys, l'interés pels metodes d'intel-ligéncia artificial en neuroimatge
ha augmentat a causa de la seva capacitat per manejar dades amb una alta dimensionalitat i

de realitzar prediccions a nivell individual.

L'Us d'algorismes d'aprenentatge automatic com les maquines de vectors de suport (Support
Vector Machines (SVM)) ¢, la regressié regularitzada 78, els Boscos Aleatoris (Random Forests
(RF)) ? o, més recentment, |'aprenentatge profund (Deep Learning (DL)) '0 a diferents
modalitats de neuroimatge ha ampliat les possibilitats d’analisi en imatges cerebrals molt més

enlla de les tradicionals comparacions de grups cas-control.



Introduccio

Com a mostra d'en que s’esta utilitzant els metodes d’aprenentatge automatic, molts
investigadors han utilitzat dades basades en ressonancia magnética (RM) cerebral per
detectar trastorns mentals. La majoria d’estudis s’han centrat a classificar controls sans i
pacients 1113, Alguns altres estudis han fet servir imatges de ressonancia magnética per a
discriminar el diagnostic en diferents trastorns mentals 14-1¢, En una revisio sistematica recent
s’ha resumit la capacitat de prediccid reportada en diferents estudis, concretament en
classificar fent Us solament dades de RM cerebrals a pacients amb esquizofrenia respecte
controls sans. D’entre 41 estudis, en 40 han reportat un rendiment dels models superior al
70% (percentatge d’encerts en el diagnostic). D’aquests 40, en 35 s’havia fet servir RM
funcional (fMRI) i, en 5, imatges de RM del tensor de difusié (DTI) 7. Tot i que aquestes taxes
de prediccid poden semblar impressionants, la majoria d'aquestes eines de diagnostic no
s'han integrat encara a la practica clinica, ja que de moment la visita clinica ofereix un

diagnostic més acurat i fiable per I'especialista.

S'ha fet menys recerca en aprenentatge automatic aplicat a I'estimacié del risc de
desenvolupar episodis futurs de psicosi (és a dir, recaigudes) 1817, Aixo és una llastima perquée
la deteccid precog podria endarrerir o fins i tot prevenir conseqiéncies futures greus 20, Com
a possibles variables predictores, alguns estudis han inclos dades cliniques, com ara la
preséncia de simptomes maniacs i negatius 21-23, el diagnostic a l'inici juntament amb altra
informacio sociodemografica i d’escales cliniques 2425, 0 el consum de drogues 242627, Altres
han analitzat el poder predictiu de la informacié biologica, com ara biomarcadors basats en

la sang 28.2%, dades genétiques 30-32, o la combinacid de dades cliniques i biologiques 33.

Finalment, s'ha explorat encara menys I'iUs de dades de RM per estimar quin pot ser el
desenvolupament futur de la malaltia en un pacient, com poden ser els pacients en
esquizofrenia. Només uns pocs estudis han pres aquest cami, utilitzant com a variables
predictores els canvis en el volum cerebral durant el primer any després d'un primer episodi
de psicosi (FEP) 34, anomalies anatomiques cerebrals com ara el cavum septum pellucidum o
hiperintensitats de matéria blanca 3°3¢, o dades basades en superficie cerebral o gruix cortical
36, En tots aquests estudis han pres les variables, i han intentat estimar quina seria I'evolucio

del pacient, amb un encert d’entre el 60 i el 70%.



Introduccio

Tot i que els resultats encara sdn humils, aquests esforcos de segur estan construint una pinya
sobre la qual les futures investigacions aniran pujant pisos i crearan eines valuoses que podran
ajudar al metge. Per exemple, aquestes eines podrien ajudar a detectar subjectes en risc de
patir alguna malaltia o complicacié o predir el grau de resposta a diferents tractaments amb

I'objectiu final de millorar el benestar del pacient37-38,

Finalment, fer aquestes estimacions a nivell individual permetria adaptar cada tractament a
cada pacient, el que se sol anomenar medicina personalitzada o psiquiatria de precisid, i aixi

III

sortir del paradigma de “one size fits all”. Es podrien detectar, per exemple, grups de poblacié
amb necessitats especials per aconseguir una reduccié més eficac de simptomes, disfuncié i
recaigudes de pacients, aconseguint aixi una millora en la seva qualitat de vida. A més, aixo
podria reduir el nombre d’hospitalitzacions relacionades amb les recaigudes (amb el
conseglent estalvi economic pel sistema nacional de salut) i podria evitar la inclusio de

pacients de baix risc en terapies que sén innecessaries per a ells (evitant, per tant, la

iatrogenia farmacologica que malauradament encara és important en alguns contexts).

En els propers apartats d’aquesta introduccid, explicaré alguns dels temes clau de la tesi.
Primer explicaré breument el concepte de primers episodis psicotics, ja que els pacients de
I'estudi principal eren persones que havien patit un primer episodi psicotic i I'objectiu era
predir-ne el risc de recaiguda. A continuacié introduiré en queé consisteix la neuroimatge
cerebral, perqué juntament amb certes dades cliniques, van ser les variables predictores
utilitzades per estimar el risc de recaiguda. Seguidament, situaré en context els metodes més
usats en neuroimatge i com s’ubiquen dins el mén de la intel-ligéncia artificial, un tema en
boca de tots, perd que molta gent desconeix. Per ultim, dins d’aquesta introduccié parlaré
d’alguns punts critics a evitar quan es treballa amb aquest tipus d’algorismes i dades, com a

mostra de la cura i estima que hem tingut per a realitzar aquest treball.
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1.1. PRIMERS EPISODIS PSICOTICS

Un episodi psicotic es defineix per la presencia de simptomes com poden ser les idees
delirants (ex., manté fermament creences infundades i considerades falses per la resta de
persones de la seva subcultura), al-lucinacions (ex., la persona sent veus inexistents com a
reals), llenguatge desorganitzat (ex., la seva parla és incoherent), i comportament catatonic o
greument desorganitzat (ex., manté postures estranyes) durant un periode de temps,
generalment de setmanes o mesos. La psicosi és, per tant, una condicié que afecta la forma
en que el cervell processa la informacié. Concretament, fa que es perdi el contacte amb la
realitat, i es puguin percebre estimuls imaginaris com a reals. Els simptomes psicotics solen
classificar-se en positius o negatius. Els positius son aquells que s’afegeixen o distorsionen el
funcionament normal de la persona, com poden ser els deliris, les al-lucinacions, o el
pensament, llenguatge o comportament desorganitzat. Per contra, els simptomes negatius
impliquen una reduccié o pérdua en el funcionament normal de la persona, com ara la falta

d’interés o planificacio, I'apatia, la manca de resposta emocional o I'aillament social *.

El primer episodi psicotic sol venir acompanyat de la por, la confusid i I'angoixa, ja que el
contingut dels deliris i les veus sovint és negatiu (ex., amenacen i insulten a la persona), i a
més és una situacid desconeguda per la persona que ho pateix. Aixd no només suposa un
estressor per al mateix pacient, que pot viure I'episodi com a un fet traumatic *°, siné que sol
implicar problemes mentals tals com I'angoixa en els seus familiars o cuidadors més propers
41 Els primers episodis solen aparéeixer sobretot durant les tltimes etapes de I’adolescéncia o

durant els 20-30 anys “?%3,

Després d’un primer episodi psicotic (PEP) I'evolucié pot variar des d’'una remissié dels
simptomes amb recuperacié sostinguda, fins al desenvolupament de trastorns resistents al
tractament antipsicotic *. La psicosi es pot veure en diferents trastorns mentals, com pot ser
I’esquizofrenia o altres condicions de I'espectre esquizofrénic, el trastorn bipolar, o el trastorn

depressiu major *°.
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1.1.1. POSSIBLES DIAGNOSTICS DESPRES D’UN PRIMER EPISODI
PSICOTIC

Després d’un primer episodi psicotic, aquest pot acabar derivant en futurs diagnostics. Els

possibles diagnostics després d’un primer episodi psicotic poden incloure:

e Trastorn psicotic breu, trastorn esquizofreniform, i esquizofrénia: aguests trastorns es
caracteritzen per la preséncia de simptomes psicotics persistents (com ara
al-lucinacions, deliris, pensament desorganitzat, discurs desorganitzat), que
especialment en I'esquizofrénia també poden ser negatius (com ara aplanament
afectiu o la perdua de motivacid). Si hi ha simptomes afectius, no sén clinicament
significatius o sén breus. Si el trastorn dura més d’un mes es parla de trastorn

esquizofreniform, i si dura més de sis mesos, es parla d’esquizofrenia.

e Trastorn delirant: aquest trastorn es caracteritza per la presencia de deliris persistents
i no bizarres, sense altres simptomes psicotics com al-lucinacions. Si hi ha simptomes

afectius, no sén clinicament significatius o sén breus.

e Trastorns afectius (depressiu major o bipolar) amb simptomes psicotics: quan també
existeixen simptomes afectius clinicament significatius que compleixen totalment els

criteris per un episodi d’alteracié animica.

e Trastorn esquizoafectiu: quan hi ha simptomes psicotics i afectius i, contrari a
I’esquizofrenia, els simptomes psicotics son clinicament significatius i no breus, i
contrari als trastorns afectius amb simptomes psicotics, els simptomes psicotics no

apareixen només en el context dels episodis afectius.

e Trastorn psicotic no especificat: aquest trastorn es dona quan els simptomes psicotics

no compleixen els criteris per a cap altre trastorn psicotic especific.
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e Trastorn psicotic secundari a causa d’un altre trastorn medic o de substancia: aquest
trastorn es dona quan els simptomes psicotics sén causats per una condicié médica o

I'Us de substancies.

1.1.2. IMPORTANCIA DE LA PREDICCIO DE LES RECAIGUDES

Si es parla de “primer” episodi psicotic, és perqué és possible que no sigui I’tnic. De fet, més
de la meitat de persones que experimenten un primer episodi psicotic n’experimentaran un

5,46 ;

altre abans de 3 anys ># i fins a un 80% en els 5 anys vinents °.

El desenvolupament posterior d’aquests primers episodis és molt important, ja que s’ha
demostrat que les recaigudes durant els primers anys després del primer episodi sén un factor
important per predir I’evolucié clinica i funcional a llarg-termini del pacient *’. A més, cal tenir
en compte que el fet de no tractar a temps la psicosi esta associat amb una mala evolucié tant
dels simptomes negatius com dels positius, una reduccié de les opcions que pugui remetre, i

un empitjorament del funcionament social #34°.

Per tal de poder considerar que hi ha una recaiguda en un pacient, primer ha d’haver-hi hagut
un periode de remissid sense simptomes. En aquesta tesi, seguint el criteri d’Andreasen et al.
2005, s’ha definit la remissié com I'abséncia de puntuacions superiors a 3 en els items de la
Positive and Negative Syndrome Scale (PANSS)*° P1, P2, P3, N1, N4, N6, PG5 i PG9 durant com
a minim 6 mesos; i recaiguda com la preséncia d’una puntuacié superior a 3 en un d’aquests
items durant com a minim una setmana>'. Aquests items corresponen a la preséncia de deliris
(P1), desorganitzacio conceptual (P2), conducta al-lucinatoria (P3), embotiment afectiu (N1),
retraiment social (N4), falta d’espontaneitat/fluidesa a la conversa (N6), manierismes

(moviments o postures artificials, PG5), i continguts inusuals del pensament (PG6).
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1.2. LA RESSONANCIA MAGNETICA

La ressonancia magneética (RM) és una técnica d'imatge medica no invasiva que utilitza ones
de radio i un camp magnétic per produir imatges detallades dels teixits del cos. Utilitza
propietats magnétiques dels teixits del cos per produir imatges que poden mostrar diferents
tipus de teixits, com els ossos, els musculs, els tendons i els teixits del cervell. Aquestes
imatges es poden utilitzar per diagnosticar i monitoritzar moltes condicions médiques, com
ara tumors, malalties del cervell, malalties dels ossos i dels musculs, i malalties dels vasos

sanguinis.

La RM funciona basant-se en els principis fisics de la ressonancia magnética nuclear (RMN). El
funcionament basic de la RM implica I'is d'un gran camp magneétic per alinear els protons dels
teixits del cos, especialment els protons d’hidrogen. Aquesta alineacid es pot alterar aplicant
una ona de radio de freqliencia especifica, que fa que els protons es desplacin fora de
I'alineacid. Quan els protons es tornen a alinear, emeten una senyal electromagnética que es
pot capturar i processar per produir imatges. La RM és capag¢ de produir imatges de diferents
tipus de teixits del cos, ja que els teixits tenen diferents nivells de protons d’hidrogen i
diferents temps de relaxacid, el que fa que les imatges siguin diferents. Aixo permet que els
metges puguin veure detalls precisos en una gran varietat de teixits i aixi ajudar en el

diagnostic de moltes malalties.

La informacié provinent d’una imatge de ressonancia magnética es pot estructurar en voxels.
Un voxel és una unitat tridimensional de dades en una imatge de volum, com ara una imatge
de ressonancia magneética (MRI). Els voxels sén els elements basics d'una imatge
tridimensional i sén similars als pixels en una imatge bidimensional, de fet la paraula voxel és
una combinacid de “volum” i de “pixel”. Cada voxel té una intensitat de senyal associada, que
pot ser utilitzada per representar diferents caracteristiques de |'estructura o la funcié del
cervell. Els voxels es poden utilitzar per analitzar les dades de neuroimatge i permeten

quantificar les diferencies en la intensitat de la senyal en diferents regions del cervell.
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Figura 1. Concepte de voxel. Cervell representat en voxels.

1.3. NEUROIMATGE CEREBRAL

La neuroimatge és un terme genéric que es refereix a qualsevol metodologia que permet tenir
una visualitzacio estructural, funcional o farmacologica del sistema nervids. En aquesta tesi
em centraré en |'exploracié cerebral mitjangant ressonancia magnetica (RM). De forma
general, podem classificar les técniques de neuroimatge en dades de RM en dos tipus:

estructural i funcional.

La RM cerebral estructural és una técnica especialitzada en I'analisi i visualitzacié de les
caracteristiques anatomiques del cervell. Es pot utilitzar per exemple per a detectar dany
cerebral o anomalies anatomiques. En canvi, la RM funcional permet mesurar |'activitat

cerebral detectant els canvis associats al flux de sang durant un periode de temps.

Per aquesta tesi ens centrarem en les imatges de ressonancia magnetica estructural.
Concretament, plantejarem que les caracteristiques anatomiques del cervell podrien aportar
informacid rellevant sobre el desenvolupament futur d’'una malaltia, en aquest cas el risc de

recaure després d’un primer episodi psicotic.

A continuaciod presentaré alguns dels principals passos de preprocessat estandard que s’han

de realitzar previament a utilitzar les imatges de ressonancia magnetica estructural. En les
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dades utilitzades a la tesi, aguest processat ha estat realitzat utilitzant el software Statistical

Parametric Mapping 12 (SPM12) (https://www.fil.ion.ucl.ac.uk/spm/).

1.3.1. PREPROCESSAT DE LES IMATGES DE RESSONANCIA
MAGNETICA ESTRUCTURAL

Inspeccié visual (control de qualitat)

El primer pas, abans de prosseguir amb altres etapes del processament, consisteix a fer un
control de qualitat de les imatges crues obtingudes de I'escaner. Aixi podrem detectar
imatges que serien inutils pels nostres interessos posteriors. Cal comprovar que les imatges
s’hagin guardat bé (a vegades només es guarda una part de la imatge), detectar artefactes de
moviment (deguts al fet que la persona mogui excessivament el cap durant I'adquisicio de la
imatge), o comprovar que les imatges estan correctament orientades (ex., el Iobul frontal a

davant i I'occipital a darrere).

Figura 2. Imatge de RM cerebral previ al preprocessat.

Segmentacio

La segmentacid consisteix a classificar els voxels cerebrals en diferents grups que representen
diversos tipus de teixit: substancia grisa, substancia blanca, liquid cefalorraquidi (LCR), i altres
no cerebrals (crani, tendons/teixit tou i aire/fons). Aquesta classificacio es fa mirant el senyal
de cada voxel en la seqliencia T1 original. El procés pot incorporar alguns factors de correccié
gue milloren el resultat final, com pot ser tenir en compte la seva localitzacid o els voxels veins

per tal d’assignar un tipus de teixit o un altre. Com que els diferents teixits tenen uns valors


https://www.fil.ion.ucl.ac.uk/spm/
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d’intensitat diferents, al final obtindrem sis imatges corresponents a cadascun dels teixits
cerebrals (substancia grisa, blanca, i LCR) i als no cerebrals (crani, tendons/teixit tou i

aire/fons).

Es important esmentar que en la majoria de casos els algoritmes de segmentacié no
classifiquen cada voxel de manera excloent en una sola categoria de teixit cerebral. De fet,
els algoritmes de segmentacié assignen una probabilitat a cada voxel de pertanyer a cadascun
dels teixits, per la qual cosa cada voxel (i, per tant, cada regid cerebral) estara representat

mitjangant un valor probabilistic en les imatges corresponents als diferents teixits cerebrals.

Figura 3. Exemples d’imatges cerebrals segmentades: imatge de matéria grisa (superior) i de materia blanca (inferior).
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Normalitzacio espacial

La forma i la mida global dels cervells de les persones sén diferents, per aixo, per fer
comparacions estadistiques entre grups de subjectes, s'han d’eliminar aquestes diferencies
abans de I'analisi estadistica. Els algoritmes de normalitzacié ho fan deformant cada cervell
per portar-los a un espai estereotactic comu, aixi les diferencies en forma i mida global

desapareixen, perd es mantenen les diferéncies interindividuals de cada teixit cerebral.

Els atles més usats per realitzar aquesta normalitzacié sén I'atles de Talairach, basat en un sol
cas, i I'atles de I'Institut Neurologic de Mont-real (MNI) basat en 305 cervells. La normalitzacié
permet generalitzar la localitzacié anatomica dels resultats, aixi només cal reportar les

coordenades x, y i z i I'atles utilitzat per saber la zona cerebral de la qual es parla.

Modulacio

El procés de normalitzacié, tanmateix, té un efecte no desitjat sobre la interpretacid de les
dades. Quan es deformen les imatges a un espai comu, si bé es mantenen els valors de
probabilitat per a cadascun dels teixits cerebrals derivats de la segmentaci6, es perd
informacid sobre les diferéncies volumeétriques regionals dels individus. Com que aquesta
informacid pot ser rellevant, es pot afegir al processament de dades un apartat de modulacid,
gue consisteix a multiplicar cada voxel per un valor que representa la deformacié que ha patit
el voxel en questid durant la normalitzacié. Aixi les regions que s’han expandit en la
normalitzacié veuen el seu valor reduit, i els voxels que s’han empetitit veuen el seu valor
augmentat. D’aquesta forma reincorporem la informacié volumeétrica perduda durant la
normalitzacié espacial, i en aquest moment, el valor ja no només indica la probabilitat de

pertanyer a un teixit o un altre, sind el volum original del teixit (ex., ml de substancia grisa).
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Figura 4. Imatge sense modular (esquerra) i imatge un cop aplicada la modulacié (dreta).

Suavitzat

Després de la segmentacid, normalitzacidé i modulacio, les imatges sén finalment suavitzades.
Aquest suavitzat (o smoothing) s'aconsegueix fent una mitjana ponderada del valor de cada
voxel amb els dels seus voxels més proxims. Aixi obtenim uns valors més coherents al llarg de
I'estructura en questio, i a més desapareixen els valors que podrien ser soroll o artefactes i
només apareixen en un sol voxel. Aixdo a més implica que el valor del voxel ja no solament
representa aquest voxel de forma singular, sind que incorpora informacié dels voxels veins i,
per tant, és representatiu del volum d’una esfera al voltant del voxel inicial. Després d'aplicar
el suavitzat, les imatges podran ser analitzades estadisticament. Normalment, per fer el
suavitzat es fa servir un kernel Gaussia amb una amplitud maxima en el punt central (o en
angles full width at half maximum -FWHM-) d'entre 4 i 12 mm. Per conseglient, aquest
suavitzat contribueix a fer que les dades tinguin una distribucié normal de les dades, cosa que

facilita la seva analisi estadistica.
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Figura 5. Imatges amb tot el preprocessat aplicat de mateéria grisa (superior) i matéria blanca (inferior).
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1.4. APRENENTATGE AUTOMATIC
L’Aprenentatge Automatic (AA), o Machine Learning en angles, és un dels principals subcamps

de l'especialitat anomenada Intel-ligéncia Artificial (I1A). Abans d’entrar en termes més

concrets, ubiquem breument com es relacionen.

La Intel-ligéncia Artificial és un terme que fa referéncia a la capacitat d’'un sistema a
interpretar dades externes, aprendre d’aquestes dades, i posteriorment utilitzar aquest
aprenentatge per aconseguir un objectiu final, ja sigui predir un valor, classificar en categories

o interpretar dades no estructurades.

Intel-ligéncia Artificial Regressio

Lineal
Simple

Aprenentatge Automatic ﬂ

(Machine Learning)

SVM

LDA
Aprenentatge Profund
(Deep Learning)
RF
Xarxes
neuronals

multicapa

Xarxes
neuronals
classiques

Figura 6. Esquema de la familia de la Intel-ligéncia Artificial. Representacié amb alguns dels principals algoritmes en relacié a la IA.

Hi ha tres principals categories d’aprenentatge automatic: |’aprenentatge supervisat,

I’'aprenentatge no supervisat i I'aprenentatge per reforg.

En I'aprenentatge supervisat el model aprén basant-se en la informacié que li passem. Es
com si a un nen petit li volem ensenyar a distingir gossos de gats. Primer li ensenyarem un

gos i li direm que allo és un gos. Seguidament, també li ensenyarem un gat i li direm que allo
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gue veu és un gat. El nen (que en aquesta analogia faria el paper de model, ja que ell apren
partint d’unes dades, igual que un model) acabaria podent dir-nos si aquell animal que veu és

un gos o un gat.

En I'aprenentatge no supervisat el model intenta entendre les dades pel seu compte amb
una intervencié minima de la persona que dissenya I'algorisme. Seguint amb |'exemple dels
gats i els gossos, aqui seria com si li ensenyéssim diferents animals al nen i ell entengués pel
seu compte que hi ha dos tipus d’animals diferents i creés les seves normes internes per a
diferenciar-los. Al final el nen (que ja he dit que fa el paper de model) ens podria dir que ell
veu dos tipus diferents d’animals i ens diria quins sén quins, tot i que no sabria dir-nos quin

nom té cadascun.

En I'aprenentatge per reforg tal com diu el nom el model rep informacié només sobre si el
gue esta fent és correcte o incorrecte. Per enésima vegada, seguint amb el nen i els animals,
aqui el procés seria que el nen, mirant els animals, anés dient “aixd és un gos”, “aixo és un
gat”, i un agent li aniria dient si aquell seguit de decisions i afirmacions que va fent estan bé
o no, i lidonaria un “premi”. El nen en aquest cas intentaria optimitzar els beneficis d’aquest
premi, anant reajustant les caracteristiques del model que |i permeten aconseguir una

resposta per tal de maximitzar els beneficis finals.

A continuacié en veurem alguns dels principals, centrant-nos en la seva aplicabilitat a la
neuroimatge en psiquiatria, i més concretament a trastorns relacionats amb els primers

episodis psicotics i I'esquizofrenia.

1.5. APRENENTATGE AUTOMATIC EN NEUROIMATGE

El camp de I'aprenentatge automatic engloba una extensa llista d'algorismes, cadascun amb
els seus punts forts i febles. Cadascun d'aquests algorismes s'hauria d'ajustar per obtenir una
compensacido entre el model que no s'ajusta prou bé a les dades, el que s'anomena
infraajustament (underfitting), i I'ajust excessiu de les dades d'entrenament, anomenat

sobreajustament (overfitting). Un model poc adaptat no aconsegueix capturar la relacié entre
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les dades de ressonancia magnetica i la resposta, per la qual cosa funciona malament fins i
tot en les dades d'entrenament. El sobreajustament es produeix quan el model troba
relacions entre les dades de la ressonancia magnetica i el resultat que només es basen en
detalls aleatoris i particulars de les dades d'entrenament i, per tant, el seu rendiment és pobre
en noves dades. Sobre la gran seleccié d'algorismes, revisarem només els més comuns en

neuroimatge.

Infraajustament Ajustament optim Sobreajustament

(massa simple) (massa bo per ser cert)
@®Classe A N / @Classe A N / @Classe A
[ ] ® Classes // PS ® ClasseB / PS ®  (ceB
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Classificacio 0 *Ce e ® L97
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Regressio e © e ®
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Aprenentatge
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(Deep
Learning)

Error
®
Error
Error

Entrenament

Iteracions Iteracions Iteracions

Figura 7. Els diferents tipus d'ajustaments dels models a les dades. Infraajustament, ajustament optim i sobreajustament.

1.5.1. REGRESSIO DE LASSO

La regressié de Lasso (acronim de Least Absolute Shrinkage and Selection Operator) és un
tipus de regressio regularitzada que en els seus models tendeix a contreure els coeficients

d’aquelles variables que no contribueixen gaire en la prediccid, fins i tot fent que es descartin

|52

completament algunes variables en el model final >*. Aixd implica que els models que s’acaben
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obtenint solen ser senzills i amb menys parametres que els que obtindriem amb una regressié
lineal normal per exemple. Aquest tipus de model, és especialment util per dades que
mostren alts nivells de multicol-linealitat o també en processos on ens interessa poder
seleccionar aquelles variables més utils (un procés anomenat seleccid de variables o feature

selection en anglés).

Tot i ser un algorisme senzill, ha donat resultats positius per detectar subjectes amb risc molt
alt de desenvolupar episodis psicotics o esquizofrenia i fins i tot ha funcionat millor que
algorismes més complexos 33. En una comparativa entre models en prediccié utilitzant dades
de neuroimatge, Salvador et al. van avaluar el poder discriminador d'alguns dels algorismes
més utilitzats en I'ISR per a la prediccid en psicosi. Van comparar sistematicament els diferents
algorismes i, entre ells, els classificadors Ridge, LASSO i Elastic Net van tenir un rendiment

similar, si no lleugerament millor, que altres classificadors 4.

1.5.2. SUPPORT VECTOR MACHINES

La maquina de vector de suport (SVM) és un métode de classificacié discriminatori supervisat
qgue crea hiperplans que fan de frontera i permeten separar optimament les dades en
diferents grups, és a dir que intenta que la distancia entre les dades d’entrada i I'hiperpla
frontera siguin tan grans com sigui possible. Es poden utilitzar tant per a tasques de
classificacid com de regressié. Un punt fort de l'algorisme és la capacitat de realitzar
classificacions no lineals. Aix0 es fa convertint les dades de I’espai d’entrada, que tenien una
dimensio baixa, i es converteixen a un espai de dimensid superior per tal que I'hiperpla pugui
separar les classes de forma optima. Per millorar la generalitzacié del model i evitar el
sobreajustament, s'ha de considerar una compensacié entre maximitzar el marge entre les

classes i minimitzar el nombre de classificacions erronies.

Els algorismes SVM s’han establert com a poderoses eines per a trobar biomarcadors
neuroanatomics objectius, ja que poden manejar dades d'alta dimensionalitat de manera
molt eficag, considerar correlacions interregionals entre diferents regions cerebrals i fer

inferéncies a un nivell d'un sol subjecte amb un resultat de classificacié decent °.
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Probablement, és un dels algorismes de classificacié d'aprenentatge automatic més utilitzats
en dades de neuroimatge. Un enfocament comu ha estat I'is de SVM per a classificar els
subjectes amb risc ultra alt de psicosi respecte de controls sans 96-58, A causa de la seva
capacitat per a tractar dades d'alta dimensionalitat, també s'ha aplicat per a classificar entre
depressid d'inici recent i psicosi d'inici recent fent servir tant informacié neuroanatomica com
dades cliniques %%, per a trobar subtipus neurocognitius basats en el rendiment cognitiu i
alteracions neurocognitives en la psicosi d’aparicid recent 60.61, per identificar pacients amb
esquizofrénia en funcid de regions subcorticals 42 o dades de connectivitat funcional de xarxes
63, Es va provar un enfocament multimodal que combinava ressonancia magnética
estructural, imatges de tensors de difusié i dades de ressonancia magnetica funcional en estat
de repos per classificar pacients amb esquizofrénia cronica vs. pacients amb PEP comparant
diferents algorismes com Random Forest (RF), regressié logistica, Linear Discriminant Analysis
(LDA), K-Nearest Neighbor classification (KNN) i SVM, resultant aquest ultim com el model
amb millor rendiment 64. Steardo et al. en una revisié sistematica recent, van analitzar 22
estudis que utilitzaven SVM sobre RM funcional fent servir diferents biomarcadors per
classificar entre pacients amb esquizofréenia i controls sans, on 19 dels 22 estudis van reportar

una prometedora precisio >70% ¢°.

La popularitat de les SVM i la compensacié entre rendiment i simplicitat sén els seus principals
punts forts. Es fonamental tenir en compte que el seu rendiment depén en gran manera dels
hiperparametres escollits, i aquests solen ajustar-se mitjangcant un métode de cerca en

quadricula (grid search) 6.

1.5.3. LINEAR DISCRIMINANT ANALYSIS

De manera similar a SVM, l'analisi discriminant lineal (LDA) implica transformar la
dimensionalitat de les dades. Pero contrariament a SVM, en els LDA, les dades es projecten
en un espai de dimensions inferiors on els diferents grups de dades es poden separar

optimament utilitzant un nucli (o kernel) no lineal ¢7.

S'ha utilitzat en tasques de classificacid com |'esquizofrénia d'inici recent (ROS) vs. HC ¢8,

pacients amb PEP vs. HC ¢-71 o pacients amb esquizofrénia (SZ) vs. HC 72-75 amb precisions
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superiors al 70%. Winterburn et al. van utilitzar tres conjunts de dades independents per
validar el poder discriminador de I'LDA per classificar els pacients amb SZ de HC, utilitzant
diferents dades de neuroimatge. Van comparar dades de grossor cortical, mapes de corbes i
VBM modulades, i van resultar que, utilitzant el seu conjunt de dades més gran, la precisid va
ser lleugerament inferior en comparacié amb articles anteriors, on hi havia conjunts de dades

més petits /6.

La principal fortalesa de I'LDA és que no és tan propens a patir sobreajustament i que sol tenir
cost computacional baix, mitjancant la reduccié de I'espai dimensional. Malgrat aixo, el seu
principal inconvenient és que requereix assumir que la matriu de covariancia en els grups de

dades és identica, cosa poc freqlient en dades del mén real.

1.5.4. ARBRES DE DECISIO | BOSC ALEATORI

Els arbres de decisié son metodes d'aprenentatge supervisat no parametrics que s'utilitzen
tant per a la classificacié com per a la regressié. Poden predir valors mitjancant I'aprenentatge
de regles de decisid senzilles inferides a partir de les caracteristiques de les dades. Aquests
algorismes tendeixen a sobreajustar-se i, per tant, a no generalitzar-se bé a noves dades. Per
superar aquesta limitacid, existeix una variacidé sobre aquest algorisme anomenada Bosc
Aleatori (Random forest, RF). Es tracta simplement d'una col-leccié d'arbres de decisio els
resultats dels quals s'agreguen en un Unic resultat al final. Els RF incorporen interaccions entre

predictors en el model, detectant relacions tant lineals com no lineals.

S'ha utilitzat per a classificar grups, com ara pacients amb esquizofrenia d'inici infantil i

controls sans 77 o esquizofrénia, trastorn bipolar i controls sans 7879,

Es un algorisme que generalment proporciona una alta precisié i un equilibri entre la
compensacid biaix-variancia. Els seus principals inconvenients sén que tendeix a ser
computacionalment intens en grans conjunts de dades. A més, pot ser dificil interpretar-ne

els resultats, ja que és dificil analitzar-ne tots els coeficients.
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1.5.5. XARXES NEURONALS | APRENENTATGE PROFUND

Les Xarxes Neuronals Artificials (ANN) sén una familia d'algorismes d'aprenentatge automatic
inspirats en el funcionament biologic del cervell. De forma aproximada al que fa el nostre
cervell, aquests algoritmes tenen neurones que reben un senyal, el processen, envien un
senyal a la seglient neurona connectada, etc. fins a obtenir un resultat final. Per ajustar les
capacitats d'aprenentatge del model, cada neurona i sinapsi pot tenir pesos per augmentar o
disminuir la forca del senyal. Les neurones s'agreguen en capes i, quan augmenta el nombre
de capes, l'algorisme es coneix com a Deep Learning. Aquests models avancats poden
extreure caracteristiques latents complexes de dades originals minimament preprocessades
mitjangant transformacions no lineals. Per evitar el sobreajustament, existeix un metode
anomenat Dropout. El Dropout és un metode de regularitzacié que ignora o "deixa caure"
aleatoriament alguns nodes de la capa, cosa que és similar a afegir soroll al procés

d'entrenament. Aixo millora la generalitzacié del model i redueix el sobreajustament.

L'aprenentatge profund s'utilitza sovint per classificar, predir valors o fins i tot detectar o

segmentar regions del cervell.

L'aprenentatge profund (o Deep Learning) és un camp molt ampli, que ha augmentat el
rendiment en alguns problemes de classificacid/prediccid a causa de trobar patrons
complexos en dades altament complexes. Tot i ser ampliament utilitzat per a detectar
automaticament tumors 80 o detectar lesions d'esclerosi multiple 8! en imatges d'RM cerebral,
encara no s'utilitza ampliament en la deteccid de trastorns de salut mental o en I'estimacié

de riscos d’una futura evolucio de la malaltia en salut mental.

Un dels problemes que té I'aprenentatge profund sol ser la interpretabilitat dels models, o el
gue se sol anomenar el problema de la caixa negra. Per a superar aquesta problematica en
xarxes neuronals artificials, s'estan desenvolupant diferents enfocaments, com la creacié de
mapes de calor utilitzant Layer-Wise Propagation per a identificar les caracteristiques més

importants implicades en les decisions que pren I'algorisme 8283,
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1.5.6. ANALISI DE SUPERVIVENCIA

L'analisi de supervivencia és un conjunt de tecniques que permeten estudiar el temps que
passa fins a un esdeveniment. En la recerca medica, originariament, aquest esdeveniment
solia ser la mort d’un subjecte, i d’aqui n’hi ve el nom. Pero a la practica, aquest tipus d’analisi
es pot aplicar a qualsevol esdeveniment, tal com pot ser I'objectiu d’aquesta tesi, la recaiguda
d’un pacient que havia remés els simptomes d’'un primer episodi psicotic. Aquest tipus
d’estudi és especialment util en situacions en qué hi poden haver censures, per exemple quan
tenim subjectes que I'Unic que sabem és que passat un temps no ha desenvolupat
I’esdeveniment estudiat (ja sigui perque hi ha hagut una pérdua de seguiment o perque s'ha

arribat al final de I'estudi i el pacient no ha recaigut).

Un model d’especial interes dins de I’analisi de supervivéncia, i que és el que hem utilitzat en
I'article principal de la tesi, és el model de regressio de Cox, altrament conegut com a model
de riscos proporcionals. Es un model que permet tenir en compte diferents variables a la
vegada i que analitza la relaci6 entre la distribucié de supervivéncia i aquestes variables 8. Ha
estat utilitzat, per exemple, per investigar si els trastorns del son prediuen la conversié a

psicosi en els dos anys vinents des que es diagnostica el trastorn 2.

1.6. ERRORS COMUNS

Ara que hem vist els principals fonaments de la tesi, permeteu-me que expliqui alguns dels
punts especialment importants que hem tingut en compte a I'hora de realitzar I'article
principal, i que permeten entendre millor el procés en la presa de decisions metodologiques

de I'estudi.

1.6.1. REPRODUCTIBILITAT | REPLICABILITAT

La reproductibilitat (reproducibility en anglés) usualment es refereix al fet d’obtenir
(aproximadament) els mateixos resultats d’un article si utilitzem els mateixos procediments

gue en l'article sobre les mateixes dades. En canvi, la replicabilitat (replicability) sol implicar
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que usant els mateixos procediments que en el meétode original, es puguin aconseguir

resultats consistents sobre noves dades.

En els estudis de neuroimatge normalment s’han de prendre moltes decisions durant els
processos de control de qualitat de les imatges, el preprocessat o les analisis estadistiques. A
més, en els metodes d’aprenentatge automatic, cada algorisme té diferents parametres que

els autors han de definir per tal de trobar la millor aproximacid a les seves analisis.

Per aconseguir la reproductibilitat, totes les decisions preses amb relacié al processament de
les imatges i els parametres dels models han de ser detallades i compartides pels autors.
Idealment, els articles haurien de reportar totes aquestes dades. Addicionalment, fer publics
els models, codi i dades hauria de ser una practica comuna per tal de permetre a terceres
parts examinar tot el procés de I'analisi a fons i aixi facilitar reproduir tot el procés que s’hagi
aplicat en un estudi. Tot i aix0, les dades, especialment quan parlem de dades mediques, solen

no poder-se compartir per motius de privacitat.

En canvi, per aconseguir la replicabilitat, s’hauria d’encoratjar la realitzacié d’estudis
independents de replicacié. Desafortunadament, una limitaci6 comuna que prevén
I'aplicabilitat de molts algorismes reportats en estudis és la seva baixa replicabilitat, la baixa
generalitzacié dels metodes. Molts models solen ser desenvolupats en mostres petites o en
dades provinents d’un sol centre a causa de la dificultat tant en temps com en diners d’obtenir
mostres més grans. De fet, per molt que aquests models fets amb mostres petites o d’un sol
centre tinguin un bon rendiment sobre la mateixa mostra, el sobreajustament al que ha estat
exposat el model fa que aquest rendiment baixi quan s’apliquen les técniques a noves dades.
Com en l'aprenentatge huma, com més exemples vegi un algorisme, més sera capag
d’extrapolar el seu aprenentatge a noves dades 2°. Per exemple, recentment, alguns autors
han provat d’avaluar alguns models publicats utilitzant dades neuropsicologiques i cliniques
per tal de predir la transicié a psicosi en diferents subjectes en alt risc clinic de psicosi. Quan
aquests models van ser aplicats sobre mostres noves, els models que havien estat publicats
amb alts index d’exit, sobre les noves dades han estat incapacos de predir o han mostrat

nivells insuficients de prediccio &7:28,

No és infreqlient en I'aprenentatge automatic de fer una bateria de tests classificadors o

regressors i acabar reportant aquell que ha tingut un millor rendiment. Tanmateix, la ciéncia
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hauria d’intentar evitar basar els resultats en 'anomenada “fal-lacia de prova incompleta” o
“cherry Picking” en anglés, és a dir evitar escollir només aquells resultats profitosos pel mateix
estudi. Hi poden haver excepcions i en alguns casos pot ser la millor forma de procedir, pero

en general aix0 pot portar facilment a un sobreanalisi de les dades.

1.6.2. BIAIX

Qualsevol model o representacié6 de dades és susceptible de tenir algun biaix, ja que
aconseguir. En crear o validar models d’aprenentatge automatic hi ha diferents passos que

poden ser fonts de biaix 8°.

Per exemple, molts estudis utilitzen un enfocament dividit en dues parts. La primera part
consisteix a crear un model (per exemple seleccionar quines variables prediuen millor una
resposta). La segona part sol ser la validacié d’aquest model (com pot ser aplicar el model per
estimar com de bé funciona el model creat). Desgraciadament, si els investigadors fan servir
les mateixes dades per crear el model i validar-lo, el rendiment estimat estara inflat °. Es per
aix0 que per a fer la validacié i la creacié del model (fins i tot en I'etapa de la seleccié de

variables) sol ser molt recomanable fer servir unes dades diferents.

Un altre exemple, important per a aquesta tesi, és I'Us de dades multicéntriques. Donada la
dificultat d’obtenir grans bases de dades mediques, és habitual la col-laboracié entre centres.
Cada centre pot tenir certs biaixos en les seves dades, en el cas de ressonancies magnetiques
la mateixa maquina pot tenir diferencies entre un centre i un altre, entre un model de
maquina i una altra, les actualitzacions de programari que tinguin, els parametres... Es per
aixd que si no es tenen en compte aquestes diferencies entre centres, els models
d’aprenentatge automatic podrien utilitzar de forma “fraudulenta” les diferencies que troba
entre centres per a predir una resposta. Aquests potencials efectes del centre s’han de
controlar cautament, ja que ignorar-los podria produir un rendiment inflat, fins i tot encara

que els models no prediguin de forma correcta %2,

Una forma de controlar els efectes derivats del centre en neuroimatge és utilitzar alguna

tecnica d’harmonitzacié de les dades. Un dels metodes que es poden fer servir, i el qual ha
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estat utilitzat en aquesta tesi, és el ComBat!. Tot i no formar part de I’estructura formal de la
tesi, com a coautor I'explicaré de forma breu a I'apartat de metodes per tal d’aclarir com hem

gestionat el fet de tenir dades de diferents centres.

1.6.3. UTILITAT CLINICA

Una preocupacié comuna entre professionals clinics és la dubtosa utilitat clinica de molts
models d'aprenentatge automatic recentment desenvolupats °3°% D'una banda,
I'aprenentatge automatic en dades meédiques ha demostrat ser una eina impressionant per
replicar i automatitzar processos humans, com ara la detecciéd automatica per ordinador
(CAD) de lesions en exploracions cerebrals, exploracions corporals o mamografies *. No
obstant aix0, estudis consistents en detectar si una imatge d'RM pertany a un pacient o a un
control sa poden tenir una utilitat clinica limitada 7°. Si bé, s’ha de reconéixer que aquests
estudis sén realment valuosos com a prova de concepte, hem d'assegurar-nos
progressivament que els metges puguin trobar-los utils, és a dir, que la pregunta a la qual

dona resposta el model estigui en linia amb les necessitats cliniques.

En aquest sentit, és essencial mantenir una distincid entre el que és un "model" i el que és
una "eina". Un model pot ser necessari per a una investigacid posterior o amb finalitats
metodologiques. Per contra, una eina hauria de ser util, factible i segura per a la presa de

decisions cliniques en entorns del mén real °*.

! ’article de I'adaptacié del métode per a dades de neuroimatge estructural es pot trobar
com a article adjunt a aquesta tesi.
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2. OBJECTIUS

L’objectiu general d’aquesta tesi va ser la creacié i validacié d’'un model d’estimacié del risc
de recaiguda després d’un primer episodi psicotic a partir de dades cliniques i de ressonancia

magneética cerebral estructural, usant dades de diferents centres de I'estat.

Abans d’abordar aquest objectiu, perd, vam decidir resoldre dues qliestions metodologiques
importants: a) vam voler analitzar si, quan es crea un model de prediccié usant dades
multicéntriques, el fet de combinar dades de diferents centres pot esbiaixar I’estimacié de la
precisio del model, encara que s’hagin usat métodes per eliminar les diferéncies entre
centres; i b) vam voler determinar quines sén les caracteristiques de la ressonancia magnetica
cerebral estructural i els parametres de les analisis que poden optimitzar la precisié d’un

model de prediccid.
Per aquests motius, els principals objectius d’aquesta tesi han estat els seglients:

1. Comprovar si, quan es crea un model de prediccié usant dades multicentriques,
existeixen efectes del centre que poden esbiaixar I'estimacié de la precisié del
model, encara que s’hagin usat métodes per eliminar les diferéncies entre centres.

[article 1] °2
2. Sifosaquest el cas, trobar métodes perqué puguin evitar aquest biaix. [article 1]°?

3. Trobar les caracteristiques de la ressonancia magnética cerebral estructural i els
parametres de les analisis que millorin la precisié d’'un model de prediccié. [article

2]96

4. Crearivalidar un model de prediccié per estimar el risc de recaiguda després d’un
primer episodi psicotic a partir de les dades de ressonancia magnética cerebral

estructural i les dades cliniques. [article 2] *°

5. Observar si la combinacié de dades de ressonancia magnética cerebral estructural

i dades cliniques augmenta la precisio de les prediccions, en comparacié a models
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basats només en dades de ressonancia magnetica o basats només en dades

cliniques. [article 2] %¢

A més a més, també teniem com a objectius proporcionar obertament a la comunitat

cientifica:

6. Un software per estimar de forma facil la precisié d’'un model de prediccié amb
dades multicentriques evitant el possible biaix relacionat amb els efectes del

centre. [article 1] 2

7. Un software per crear de forma facil un model de prediccié per estimar el risc de
recaiguda (o altres variables d’interés clinic) a partir de les dades de ressonancia
magneética cerebral estructural i les dades cliniques amb les possibles

optimitzacions trobades durant la tesi. [article 2] °°

8. El model de prediccid per estimar el risc de recaiguda després d’un primer episodi
psicotic creat a aquesta tesi, per tal de facilitar-ne la validacio externa, és a dir, que

pugui ser validat per tercers en noves mostres de pacients. [article 1] °?
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3. HIPOTESIS

Les hipotesis principals que hem seguit sén:

1. Quan es creen models de predicci6 amb dades de diferents centres, existeixen
efectes del centre que esbiaixen I'estimacid de la precisié del model, encara que

s’hagin usat métodes per eliminar les diferéncies entre centres. [article 1]%2
2. Existeixen métodes que eviten aquest biaix. [article 1]%?

3. Durant la creacié d’'un model de prediccié basant en dades de ressonancia
magneética cerebral estructural, existeixen caracteristiques de les dades i

parametres de les analisis que milloren la precisié del model. [article 2]°®

4. Es pot crear un model de prediccié que estimi exitosament el risc de recaiguda
després d’un primer episodi psicotic a partir de les dades de ressonancia

magnética cerebral estructural i les dades cliniques [ article 2]°°

5. La precisid de les prediccions és major en aquest model, que combina dades de
ressonancia magnetica cerebral estructural i dades cliniques augmenta la precisié
de les prediccions, que en els models basats només en dades de ressonancia

magneética o basats només en dades cliniques.

Els objectius 5-7 no tenen hipotesis associades ja que consistien en proporcionar resultats del

treball a la comunitat cientifica.
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4. METODES | RESULTATS: RESUM | DISCUSSIO GLOBAL DELS

RESULTATS

Aquesta tesi esta formada formalment per un article adjunt del que n’he sigut coautor, sobre
els metodes per eliminar els efectes del centre en estudis de ressonancia magnetica
multicéntrics, i que per tant guarda una forta relacié amb els articles principals i 'enfocament

general de la tesi:

e Increased power by harmonizing structural MRI site differences with the ComBat

batch adjustment method in ENIGMA. Neuroimage 218, (2020) °!
| per dos articles principals:

e Article 1: Biased accuracy in multisite machine-learning studies due to incomplete

removal of the effects of the site. Psychiatry Res. Neuroimaging 314, 111313 (2021) *?
e Article 2: Combining MRI and clinical data to detect high relapse risk after the first
episode of psychosis. Schizophr. Heidelb. Ger. 8, 100 (2022) ¢

A continuacio en faré un breu resum de cadascun dels tres. Els dos articles de la tesi estan
adjunts estan adjunts a la seccié 5. L'article adjunt es troba a la seccié Material adjunt al final

de la tesi.
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4.1. ARTICLE ADJUNT: INCREASED POWER BY HARMONIZING
STRUCTURAL MRI SITE DIFFERENCES WITH THE COMBAT BATCH
ADJUSTMENT METHOD IN ENIGMA

4.1.1. INTRODUCCIO

Es comu, que en els estudis de neuroimatge s’ utilitzin dades de diferents centres per intentar
solucionar la problematica que té obtenir mostres grans. Una de les opcions que han sortit
darrerament per tal de facilitar aquesta col-laboracié entre centres sén els consorcis, com ara
el “Enhancing Neuro Imaging Genetics through Meta-Analysis” (ENIGMA) Consortium. No
obstant aix0, aquesta comparticié de moltes dades provinents de molts centres diferents
implica un augment de I'heterogeneitat deguda a les diferéncies dels dispositius i les

seqlencies emprades.

En I'estudi, varem comparar el métode ComBat-Mega respecte a I’Us de dues altres técniques
molt utilitzades pel mateix fi, el metaanalisis d’efectes mixtos (RE-Meta) i utilitzar el centre

com a un factor aleatori dins un model lineal d’efectes mixtos (ME-Mega).

L'ds de dades agregades per centre en |'estimacio i control de I'heterogeneitat pot ser
suboptim en el RE-Meta °’. | en el ME-Mega, com també al RE-Meta s’assumeix que 'error
segueix una distribucié normal igual en tots els centres, cosa que no acostuma a passar, ja
gue solen tenir diferents errors de variancies. A més, aquests dos metodes estimen
I’heterogeneitat de les diferents regions d’interés de forma separada, mentre que és probable
gue totes les regions comparteixin algun nivell d’heterogeneitat. Per intentar millorar les
limitacions dels métodes esmentats vam provar I'is del ComBat %%, un meétode utilitzat
originariament en dades gendmiques i que ja havia estat provat amb exit en mostres petites

de centres (<7 centres) %°.

En aquest article, hem provat I'Us del metode d’ajustament per lots (batch adjustment
method), ComBat, en una gran mostra de dades del consorci ENIGMA per tal de reduir

I’heterogeneitat relativa al centre i com a conseqiiéncia augmentar-ne el poder estadistic.
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4.1.2. METODES

Dades

Per aquest estudi es van utilitzar dades de grossor cortical, area superficial i volums
subcorticals de 33 centres de I'ENIGMA Schizophrenia Working Group. Concretament, vam
usar dades individuals de 2897 pacients diagnosticats amb esquizofrénia (mitjana d’edat de
34 anys, i un 34% de sexe femeni) i 3141 controls sans (mitjana d’edat de 33 anys, i un 49%

de sexe femeni).

100

Les dades van ser processades amb el programari FreeSurfer'®™ seguint els protocols

establerts pel consorci ENIGMA, disponibles a https://enigma.ini.usc.edu/protocols/imaging-

protocols/ . Per a les regions d’interés corticals, aquests protocols suposaven estimar
estadistiques corticals a nivell de vértex (cortical vertex-wise statistics), I'extraccio dela
grossor cortical i I'area superficial de 70 regions de I’atles Desikan-Killiany (DK) % i els
respectius controls de qualitat. Per les regions d’interés subcorticals, es van haver de fer

estimacions de volum subcortical i controls de qualitat 192,
Metodologia

Varem realitzar comparacions de dades de RM entre individuals amb esquizofrénia i controls
sans per tal de trobar la significacié estadistica, el poder estadistic i el familywise error rate
(FWER) dels metodes RE-Meta, ME-Mega i ComBat-Mega. Concretament, varem mirar si el
métode ComBat-Mega augmenta la significacid estadistica (utilitzant un test de
permutacions) i el poder (utilitzant una estrategia de petits subgrups, és a dir repetint varies
vegades les analisis amb un nombre petit de centres) en les diferéncies entre persones amb

esquizofrenia i controls sans atenuant els efectes del centre.

Comparacid de les dades MRI entre subjectes diagnosticats amb esquizofrénia i controls:
Per a RE-Meta primer vam comparar els valors de cada ROl entre pacients i controls
mitjancant models lineals estandard amb edat i sexe com a covariables separadament per
cada centre. Llavors vam convertir la diferéncia trobada a efectes Hedges G i la seva variancia.
A continuacié vam fer un metaanalisi d’efectes aleatoris per cada efecte Hedges G i vam

corregir els valors p amb un metode de multiples comparacions de Holm.


https://enigma.ini.usc.edu/protocols/imaging-protocols/
https://enigma.ini.usc.edu/protocols/imaging-protocols/
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Per ME-Mega, vam comparar els valors de les ROl entre grups mitjangcant models lineals
d’efectes mixtos, amb I’edat i el sexe com a covariables i amb el centre com a factor aleatori.
Llavors vam dividir la diferéncia per la desviacié estandard i vam corregir pel biaix de mostres
petites fins a obtenir un efecte Hedges G i la seva variancia, i vam corregir també els valors p

mitjangant multiples comparacions de Holm.

Pel ComBat-Mega, primer vam extreure els efectes del centre utilitzant funcions de ComBat
(modelant els efectes del diagnostic, el sexe i I'edat) i comparant els valors de cada ROl entre
grups mitjangcant un model lineal amb edat i sexe com a covariables. Encara que el métode
ComBat faci servir covariables per estimar millor els efectes del centre, aquest no n’extreu els
efectes de les covariables de les dades. Finalment, vam seguir els mateixos passos que pels
dos anteriors, vam convertir les diferéncies a efectes Hedges G i la seva variancia, vam corregir

els valors p amb el métode de multiples comparacions de Holm.

Comparacio de la significacio estadistica: Per fer la comparacié estadistica, vam fer un test
de permutacions basat en el metode de Draper-Stoneman, ja que és un dels metodes que
millor controla el FWER 193, Concretament, varem assignar aleatoriament els subjectes a
pacient o control aleatoriament 1000 vegades, i després vam mirar les diferéncies entre els

p-valors (transformada logit perqué sigui més sensible a p-valors petits).

Avaluacio del poder estadistic: Per mirar si el ComBat-Mega incrementava el poder estadistic
vam utilitzar una estratégia de petites submostres. Concretament, vam repetir 500 vegades
les analisis incloent cada vegada només les dades de 10 centres. Llavors vam comptar el
nombre de vegades que aquestes analisis amb la submostra de 10 centres eren capaces de

detectar diferéncies entre pacients i controls.

Determinacié empirica del FWER: utilitzant les dades del test de permutacions anterior, vam

comptar la proporcio de permutacions en qué com a minim una ROl tenia un p-valor <0,05.
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4.1.3. RESULTATS

Comparacioé de les dades MRI entre subjectes diagnosticats amb esquizofrénia i controls:

De mitjana, amb el ComBat-Mega, els subjectes amb diagnostic esquizofrénia van mostrar un
cortex més prim i una area superficial més petita en quasi totes les ROIs. Aquest grup de
pacients també van mostrar de mitjana volums més petits de talem bilateral més petit,
I’"hipocamp, I"'amigdala i I'acumbent dret. Volums més grans bilateralment en el ventricle

lateral, el putamen i el pal-lidum.

Comparacié de la significacié estadistica: L'estimacido de la mida de I'efecte, calculat en
Hedges g, per les diferencies va ser similar entre els diferents métodes, pero la significacio

estadistica va ser millor en el ComBat-Mega.

Avaluacié del poder estadistic: Fent servir el métode de petites submostres, el poder
estadistic pel ComBat-Mega va ser de 83,5%, superior al RE-Meta (poder estadistic del 53,7%
amb Wilcoxon p-valor < 0.001) i al ME-Mega (poder estadistic del 80,4% amb Wilcoxon p-
valor <0.001).

Determinacié empirica del FWER: El FWER va ser <=0,05 en tots els métodes (RE-Meta: 0.024;
ME-Mega: 0.027; ComBat-Mega: 0.025).

4.1.4. CONCLUSIO

En aquest estudi vam testar I'Us del ComBat-Mega en dades del consorci ENIGMA
Schizophrenia Working Group. En la comparacié entre grups de les dades de MR els resultats
van ser similars a estudis anteriors realitzats amb altres metodes diferents. L’ds del ComBat
va augmentar la significacio estadistica, amb intervals de confianca més estrets i valors p
inferiors, en les diferéncies entre pacients diagnosticats amb esquizofrenia i controls. Els
resultats en el FWER van ser similars en tots els métodes, i els resultats de I'avaluacié de poder

estadistic també van ser superiors en el ComBat.
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4.2. ARTICLE 1: BIASED ACCURACY IN MULTISITE MACHINE-LEARNING
STUDIES DUE TO INCOMPLETE REMOVAL OF THE EFFECTS OF THE
SITE

4.2.1. INTRODUCCIO

Tal com he mencionat anteriorment, en estudis multicentrics és comu tenir en compte la
procedencia del centre per tal d’extreure’n els efectes durant la fase d’entrenament dels
models, per exemple amb I'is del ComBat, que treu |'efecte de les diferéncies en la mitjanai
la variancia relatives a les imatges de RM de diferents dispositius o centres. El que no és tan
freqlent i que també s’ha de tenir en compte, és que en estimar el rendiment d’'un model,
encara queden efectes que potencialment poden esbiaixar els resultats, normalment inflant-

los, tot i que en algun cas pot reduir-ne falsament I'eficacia.

En aquest estudi posem alguns exemples per demostrar que és un problema real, i alhora

proposem una metodologia per a poder extreure aquests efectes de forma senzilla.

A més, proporcionem un paquet d’R (“multisite.accuracy”) per tal de poder extreure aquests

efectes de forma facil.

4.2.2. METODES

Hem provat dos metodes diferents de controlar aquests efectes, i que ambdds es troben en

el paquet: un métode basat en metaanalisis i un altre covariant pel centre.
Un estudi diferent per cada centre (métode basat en meta-analisis)

Aqguest primer metode consisteix a crear un algorisme d’aprenentatge automatic diferent per
cada centre. Aquest enfocament implica tenir suficients dades per cada centre per a poder
ajustar correctament un model d’aprenentatge automatic, cosa dificil en la majoria d’estudis

de neuroimatge.
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Per a estimar el rendiment els autors només han d’utilitzar les métriques comunes en estudis

d’un sol centre:

e Resposta binaria: rendiment balancejat (Balanced Accuracy), sensitivitat i
especificitat, I'’Area sota la curva ROC...

e Resposta continua: correlacié entre la prediccio del model i el valor real, I'error mitja
al quadrat (MSE) entre variable predita i valor real..

e Estudis de supervivencia: Un model de cox per tal d’extreure el perill relatiu (HR), que
es pot interpretar com la correlacié entre el valor predit de supervivéncia i el real. HR

=1 vol dir que no hi hauria correlacié.

Un cop calculades les metriques per cada estudi, les combinem utilitzant metaanalisis per
obtenir una sola meétrica conjunta. Per meta-analitzar estimacions de variables binaries entre
centres, els analistes primer hauran de convertir les proporcions de rendiment en sensitivitat
i I'especificitat, és a dir en variables continues. Per fer-ho poden usar la transformacio logit i

arcsin. Nosaltres incloem la transformacio logit.

Per a meta-analitzar MSE hem adaptat les férmules de Nakagawa et al., 2015 %% Per a
correlacions es pot utilitzar la transformacié de Fisher. | per HR es pot transformar amb la

funcid log.
Estimar el rendiment del model afegint el centre com a covariable (métode de la covariable)

Aquest metode, estima una sola meétrica de rendiment per tota la mostra, incloent-hi el centre
com a covariable en la férmula. Els passos detallats per diferents metriques es poden trobar
a I'article original a la propera seccid. Per fer simple el resum d’aguest metode mencionaré

de forma breu tres exemples de com n’hem calculat les métriques:
Sensitivitat:
Se = logistic([f, inm]) on m = Firth([V,reqira == 1] ~ factor(centre) )
Error mitja al quadrat:
MSE = mitjana([e inm]?) on m =LM (y ~ offset(Ypreqita) + factor(centre))

Correlacio:
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1 — on m=LM (_'y ~ Ypredita + ’ actor (cent1 e))
1+
[t1 inm]2

Firth: Regressio logistica de biaix reduit de Firth
LM: model lineal

Se: sensitivitat

Y: resposta real

Ypredita : resposta predita
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4.2.3. RESULTATS

Dades simulades

Per provar els métodes hem utilitzat dos grups de dades, el primer consisteix en unes dades
simulades. En el cas en que no hi ha efectes reals a les dades, tots els models van retornar un
rendiment balancejat al voltant de 0,5 si tampoc no hi havia efectes del centre o era un efecte
petit (Figura 8 a I'esquerra). Quan l'efecte del centre era gran, només el metode de la
covariable i del metaanalisi seguia mostrant un rendiment proper al 0,5, mentre que si no es

controlava aquest efecte, s’obtenia un rendiment inflat proper a 0,7.

En el cas en qué I'efecte real era molt gran en tots els centres (Figura 8 a la dreta), tots els
metodes van retornar un rendiment al voltant de 0,84 si no hi havia efectes del centre o si
eren petits. Quan I'efecte del centre era molt gran, els metodes seguien amb un rendiment

similar, mentre que I'abséncia de control portava a una reduccié del rendiment.

Per tant els métodes eren capacos de controlar correctament els efectes del centre en les

situacions provades.

Absence of real effects Very strong real effects in both sites
B No EoS
08 B Small EoS 08 —
W Large EoS
e - — —_. Expected
accuracy
08 0.8
0.7 07
06 — 0.6
_ _ _ _  Expected |
Covariate Meta-analysis  No control Covariate  Meta-analysis  No control

Figura 8. Resultats d'aplicar els diferents métodes en dades simulades. A I’esquerra un grafic en el cas que a les dades no hi hagi efectes

reals; a la dreta en el cas que hi hagi efectes reals grans en els dos centres.

Dades reals de RM

Per comprovar el comportament dels metodes en dades reals de RM, vam utilitzar dues bases

de dades publiques (OASIS i IXI,  https://www.oasis-brains.org/ i https://brain-

development.org/)!?). Després de preprocessar les dades vam definir una resposta que no
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fos substancialment diferent entre centres i fortament correlacionada amb les diferencies de
la RM entre centres. També vam assegurar-nos que no tingués cap relacié amb I'edat o el
sexe dins de cada centre perqué aquestes variables no eren d’interés aqui. Es a dir que en

aquestes dades els efectes provenien fortament de les propies diferencies entre centres.

Seguint un enfocament d’aprenentatge automatic de validacié creuada de 10 folds, vam
treure en la fase d’entrenament efectes d’edat, sexe i centre de les dades de RM, i després
aplicar aquests estimats a les mostres de test. La resposta va ser calculada com a error mitja

al quadrat.

En aquestes dades, sense controlar I'efecte del centre en estimar el rendiment del model, el
model de Machine learning va obtenir un MSE=5.3, estadisticament millor que per atzar

(MSE=6.8 i wilcoxon test p = 0.004).

Controlant I'efecte del centre, el MSE del model va ser de 1.5, estadisticament pijtor que per
atzar (MSE=0.5, wilcoxon test p = 0<0.001). Per tant aquest model no era capac de predir, tal

com era esperable, i només afegia soroll.

4.2.4. CONCLUSIO

En aquest article, vam mostrar com controlar els efectes del centre en el moment d’estimar
el rendiment d’'un model. Vam provar dos méetodes diferents, un basat a fer un estudi per
separat per cada centre i tractar-ho com un metaanalisi, i I'altre basat a afegir el centre com
a covariable. A més, facilitem un paquet d'R per tal de facilitar-ne el seu Us. També proveim

el codi i totes les instruccions per tal de replicar tots els calculs.

Aqguest estudi demostra que utilitzant qualsevol dels dos métodes els biaixos del centre eren
menors i substancialment més petits que els biaixos observats quan no es controlaven els
efectes. Per tant, podem concloure que el control dels efectes del centre en estudis

d’aprenentatge automatic pren importancia també en I'estimacio del rendiment dels models.
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4.3. ARTICLE 2: COMBINING MRI AND CLINICAL DATA TO DETECT HIGH
RELAPSE RISK AFTER THE FIRST EPISODE OF PSYCHOSIS

4.3.1. INTRODUCCIO

S’han demostrat associacions entre algunes mesures de RM i trastorns mentals, i aixo obre la
porta a la cerca de biomarcadors basats en la RM 1%, Les noves técniques d’aprenentatge
automatic han incrementat les possibilitats d’obtenir eines que puguin ajudar al clinic, tot i
que de moment estiguin lluny de ser perfectes 8’. Aquestes eines podrien ser Utils per ajudar
en el diagnostic, la prediccié de resposta a un tractament o estimar el risc de tenir una mala

evolucid, permetent un ajustament de la intervencid segons cada subjecte.

En aquest estudi, hem investigat si les dades estructurals cerebrals de RM podrien ajudar a
detectar els pacients amb un primer episodi de psicosi en alt risc de recaiguda (HRR-FEP). Per
dur a terme aquesta tasca, hem creat una eina que permet detectar de forma senzilla aquells
pacients en HRR-FEP. A més, reportem també els métodes que hem utilitzat per tal de trobar
la configuracié optima de parametres d’aprenentatge automatic relatius a la RM. Per a
I'optimitzacid de parametres ho hem fet en dues mostres independents exclusives per

aquesta tasca.

Finalment, també proporcionem de forma lliure i gratuita un programari basat en técniques
d’aprenentatge automatic per tal que altres grups puguin desenvolupar els seus propis
metodes de deteccid, i a més proporcionem una pagina web on poder estimar de forma
senzilla el risc HRR-FEP per tal d’ajudar a altres grups a replicar independentment els nostres

metodes.

4.3.2. METODES

Participants

La cohort incloia 227 pacients amb un primer episodi psicotic (PEP) de 7 hospitals diferents

d’Espanya, alguns provinents d’un estudi multicéntric anterior, seguits prospectivament



Meétodes i resultats: Resum i discussio global dels resultats

durant 2 anys. Vam estimar el grandaria mostral fent servir una meta-analisi anterior en quée
la ratio de recaiguda a dos anys era d’un 37%. Amb aquesta estimacid, la mostra necessaria
per poder detectar un risc de perill (hazard ratio (HR)) de 2 entre pacients amb HRR-FEP i
pacients en un risc baix de recaiguda eren 190 subjectes. Per compensar possibles perdues

de seguiment prematures vam incloure un 20% més de subjectes.
La mitjana d’edat era de 24,2 anys (SD 7.4), 78 eren dones (34,4%).

Varem definir una recaiguda com un empitjorament dels simptomes durant com a minim una
setmana i amb almenys un d’entre 8 items de I'escala PANSS (P1, P2, P3, N1, N4, N6, G5 | G9)
puntuant per sobre de 3 °%, Per contra, la remissio va ser definida com a puntuar per sota de
3 en tots els 8 items abans mencionats. La recaiguda només va ser considerada després de 6

mesos des de la remissio.

Per cada participant vam obtenir una seqiéncia T1 de RM. Vam utilitzar un pipeline de
preprocessat basat en morfometria basada en voxels (VBM), ja que en un estudi previ haviem

detectat millors resultats de rendiment utilitzant dades de VBM %,

Preprocessat de les dades

Extraccio dels efectes del centre: Aquest estudi contenia dades provinents de diferents
centres, i aix0 pot incrementar el soroll o donar resultats confusos. Aixo pot ser per exemple
per culpa de les diferencies en I'obtencié de les dades de RM entre diferents maquines. Per
tal de treure aquests efectes, varem utilitzar el métode ComBat, detallat com a article adjunt

de la tesi.

Els parametres del métode ComBat van ser calculats exclusivament utilitzant la mostra

d’entrenament, i posteriorment van ser aplicats a la mostra de test.

A més, els efectes del centre d’obtencié també van ser controlats en estimar el rendiment del
model (utilitzant el mencionat a “Article 1: Biased accuracy in multisite machine-learning

studies due to incomplete removal of the effects of the site”).

Optimitzacidé dels parametres dels métodes d’aprenentatge automatic basats en RM: Els

parametres dels metodes d’aprenentatge automatics van ser calculats utilitzant dos mostres
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de dades independents. La principal rad va ser que voliem evitar qualsevol mena de filtracio

de dades entre les dades principals de I'estudi i el calcul dels parametres.

La primera mostra contenia 120 subjectes sans, i vam utilitzar la seva RM per predir una
variable continua, I'edat. La segona mostra contenia 255 subjectes, la meitat amb diagnostic
d’esquizofrenia i I'altra meitat controls sans, i vam fer servir la seva RM per predir una variable

binaria, entre si tenien diagnostic d’esquizofrenia o no.

Els parametres per defecte que vam considerar van ser: 0 =4 mm (que correspon a un FWHM
=9,5 mm) i una mida de voxel de 3 x 3 x 3 mm?3. A partir d’aquests parametres vam provar si

el rendiment dels models depenia de:

o Afegir més informacié:
o Dades de RM de materia grisa i blanca
o Imatges modulades i no modulades, ja que aporten més informacio
volumetrica
o Elvolum global de materia grisa i el volum global cerebral
o Anomalies cerebrals centrals (el cavum septum pellucidum i I'abséncia de
adhesion inthertalamica) reportats préviament com a bons predictors en PEP
e Modificar la mida del kernel de suavitzat (entre 0 = 2 i 6 mm, corresponent a FWHM =
5.3-15.8 mm)
e Utilitzar métodes d’aprenentatge per conjunt (ensemble learning), que s6n métodes
qgue pretenen millorar el rendiment combinant diferents models.
e Augmentar la mida del voxel, per tal de reduir el cost computacional (3x3x3 mm?3,
6x6x6mm3 i 12x12x12mm?3)

e Limitar les analisis a només voxels estadisticament significatius

Creaci6 i validacid dels models de deteccié de HRR-FEP

Varem utilitzar un esquema de validacié creuada per a crear i validar els models. Aixo vol dir,
gue especificament vam dividir la mostra en 10 grups diferents (o folds) intentant preservar
un nombre similar de recaigudes a cada fold. Primer vam crear un model utilitzant dades de
subjectes dels grups 2 al 10 (la mostra d’entrenament), i vam estimar el risc de recaiguda

sobre els subjectes del grup 1 (la mostra de test). Successivament vam repetir el procediment
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posant com a mostra de test cada un dels diferents grups. D’aquesta manera mai varem

utilitzar els mateixos subjectes per a crear el model que per validar-lo.

Per crear els models, en els passos d’entrenament vam ajustar un model de regressid

multiple.
Variable dependent: temps fins a la recaiguda.

Variables independents: Dades cliniques (escales PANSS, GAF, MADRS, YMRS, el diagnostic i
si el pacient prenia un tractament d’antipsicotics injectables de llarga durada o no) i els valors

de les dades de RM pre-processades.

Abans de la regressié vam treure els efectes d’edat i sexe de les dades de RM utilitzant models
lineals estandard. Igual que tots els passos descrits anteriorment, I’efecte del sexe i I'edat va
ser estimat en la mostra d’entrenament i aplicat a la mostra de test de forma separada. Vam
escalar les variables cliniques a un rang de [0-1] per tenir una distribucié similar a la dels
voxels. Per evitar el sobreajustament vam utilitzar la regressié de Lasso (descrit a la
introduccid 1.5.1 Regressio de Lasso), que automaticament selecciona uns quants regressors
penalitzant la suma del valor absolut dels coeficients i que ha estat demostrat que és capacg
de manejar dades amb una alta dimensionalitat i tot i aixi aconseguir models amb un alt
rendiment 7. E| valor de regularitzacié defineix el grau de penalitzacid, entre 0 (cap
penalitzacid, com a una regressié lineal simple) i infinit (maxima penalitzacié). Aquest
parametre va ser trobat mitjancant una validacid creuada interna dins de la mostra
d’entrenament. Tots aquests parametres estimats en la mostra d’entrenament,

posteriorment han estat aplicats a la mostra de test per tal de validar el rendiment del model.

Resumint, varem trobar un model d’estimacié de risc en la mostra d’entrenament, i

posteriorment ho varem aplicar en una mostra de test per trobar el seu risc de recaiguda.

Per a determinar si un pacient estava considerat com a pacient de risc HRR-FEP vam
multiplicar cada coeficient del model de lasso pel valor de la variable del pacient en qliestid i
finalment vam sumar aquestes multiplicacions. Si la suma era >0 (corresponent a un HR > 1)
vam considerar que el pacient estava en alt risc de recaiguda (HRR-FEP). Per contra, sila suma
era igual o inferior a 0 (corresponent a un HR<=1) vam considerar el pacient en baix risc de

recaiguda.
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Finalment, per mirar si els pacients en risc de HRR-FEP tenien estadisticament més recaigudes
gue els pacients en baix risc, vam utilitzar el paquet d’R “multisite.accuracy” creat i publicat
arrel del primer article de la tesi (4.2 Article 1: Biased accuracy in multisite machine-learning
studies due to incomplete removal of the effects of the site). Aquest paquet té en compte
I'efecte dels diferents centres per a estimar el rendiment del model. Concretament vam
utilitzar un model de regressié de perills proporcionals de Cox d’efectes mixtos (mixed-effects
Cox proportional hazards regression). La variable dependent va ser el temps fins a la recaiguda
i la variable independent va ser el risc estimat (alt risc de recaiguda vs. Baix risc de recaiguda)

i el centre va ser considerat un efecte aleatori de no intereés.

Eines disponibles

Hem facilitat una web on altres centres poden afegir les dades dels seus pacients per tal de

calcular amb el nostre model el risc de recaiguda (https://www.mripredict.com/hrr-fep/).

També hem creat un software (un paquet d’R i una interficie grafica per facilitar-ne I’is) que
pot ser utilitzat per altres investigadors per a crear els seus models amb els seus subjectes i

les seves propies preguntes d’investigacio, disponible gratuitament a https://mripredict.com.

ﬁ’a'?‘ MRIPredict = ©ABOUT MRIPredict i Contact
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Figura 9. Software MRIPredict. Pagina on definir el model, les variables i les seves caracteristiques.
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Figura 10. Software MRIPredict. Pagina on veure els resultats d’una validacié creuada del model.
© ABOUT MRIPredict & Contact

Model information

Show 25 ¥ entries

Search:

mni_or_variable modality betas fold
s30 intercept intercept 0.0538894794622426 1
1 -42 24 -18 gm -3.33814343254844 1
2 -30_-6_-12 gm -5.98563200479955 1
3 -36_-6_-12 gm -1.48107562892573 1
4 42 -6 12 gm -3.206773394042394 1
5 -6_-12_24 gm -1.07042334224004 1
6 0_-72 42 gm -0.153897656444642 1
7 -48_-36_66 gm 0.515217302777174 1
MMSE MMSE predictor_variable -15.2846230345431 1
539 intercept intercept 0.142626986439254 2
110 36_-42_-24 gm 0.283163029487556 2
28 -36_-18_-18 gm 0.0860156317392952 2
31 -42 24 -18 gm -1.32654398702847 2
41 48_-42_-12 gm 2.30393655861492 2
51 -30_-6_-12 gm -0.472395327999526 2
61 -36_-6_-12 gm -8.48838564254249 2
71 -42_18 -12 gm -0.0161437338409539 2
8 12_-78_0 gm 1.96742776217642 2
9 48 00 gm -0.346443906123281 2
10 -54 00 gm -2.3634398883746 2
1 48_6_0 gm -0.0358753638344368 2

Figura 11. Software MRIPredict. Pagina on veure els models utilitzats junt amb quines variables s’han utilitzat.
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4.3.3. RESULTATS

Fase d’optimitzacié de parametres

En la fase d’optimitzacié vam trobar que la millor combinacié de dades i parametres per a la
prediccid era I'is de dades de RM de substancia grisa, blanca, modulada grisa, modulada
blanca i I'Gs de técniques d’ensemble learning. Els altres parametres provats no van millorar
respecte dels per defecte. Si que vam optar per incrementar la mida dels voxels a
12x12x12mm?3 per reduir el cost computacional i perqué el rendiment en les mostres

d’optimitzacid van donar resultats similars a la mida original de voxel.
Deteccié de pacients en risc de recaiguda

La regressio de Cox del temps de recaiguda comparant pacients classificats com a HRR-FEP vs.
baix risc de recaiguda va donar resultats clinicament rellevants (HR = 4,58), és a dir que els
pacients classificats com a HRR-FEP tenien vora 5 vegades més de risc de recaiguda que els
classificats amb risc baix, amb una significacié estadistica limit amb una p = 0.048, Z=1,98, HR

95% interval de confianca = 1,01-20,74.

En els 114 pacients classificats com a subjectes amb alt risc de recaiguda hi va haver 13
recaigudes reals, representant una ratio de recaigudes del 14,8% al cap de 24 mesos. En canvi,
entre els 113 subjectes classificats amb risc baix de recaiguda només hi va haver 3 recaigudes,

gue representa una ratio de recaigudes del 2,9% al cap de 24 mesos.

Vam calcular que el poder estadistic d’obtenir un HR de 4,58 amb 16 recaigudes a la mostra

era de 72%.

Les variables seleccionades automaticament per la regressié de Lasso per crear |'eina de
detecci6 HRR-FEP van ser: el diagnostic de trastorn esquizoafectiu, la dificultat en el
pensament abstracte i un mal control dels impulsos, i I'augment o disminucié de substancia
grisa i blanca no-modulada i modulada en diverses regions cerebrals (el model exacte es pot

trobar a I'article original adjuntat a la segiient seccid).
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4.3.4. CONCLUSIO

En aquest article vam crear una eina per tal de detectar els pacients amb un primer episodi
psicotic en alt risc de recaiguda utilitzant una cohort de 227 subjectes. El model va mostrar
index de rendiment satisfactori per detectar els subjectes HRR-FEP. El risc de recaiguda va ser

4,58 vegades superior en els individus classificats com a HRR-FEP.

Hem facilitat I’Gs del model creat en aquest estudi mitjangant una plataforma web, i hem
obert gratuitament el nostre codi en forma de paquet i interficie de facil Us sota la web

https://mripredict.com.

Aquesta eina, que en estudis posteriors hauria de ser validada i ampliada sobre una mostra
més gran de pacients, podria ser una eina util en un futur per al clinic, ja que per establir els
pacients que es troben en HRR-FEP els metges solen necessitar varies recaigudes. Aquesta
eina podria, per tant, ajudar a ajustar el tractament del pacient, sempre seguint el principi “el
primer és no perjudicar”, car en la nostra mostra el 85% dels pacients estimats com a HRR-
FEP no van recaure. No obstant aix0, aquest estudi pot servir per a demostrar la potencial
utilitat clinica d’una eina basada en aprenentatge automatic sobre dades de RM per tal

d’ajudar al clinic proveint-lo d’'una informacié addicional.
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Articles inclosos en la tesi

5. ARTICLES INCLOSOS EN LA TESI

Aquesta tesi esta composta per dos articles, i un article adjunt? els quals estan inclosos a

continuacio:

e Increased power by harmonizing structural MRI site differences with the ComBat
batch adjustment method in ENIGMA (Article adjunt) !
o DOI: 10.1016/j.neuroimage.2020.116956

o Publicat a Neurolmage; Factor d’impacte I'any 2020: 7

e Biased accuracy in multisite machine-learning studies due to incomplete removal of
the effects of the site 92

o DOI;10.1016/j.pscychresns.2021.111313

o Publicat a Psychiatry Research: Neuroimaging; Factor d’impacte I'lany 2021: 3.2

e Combining MRI and clinical data to detect High Relapse Risk after the First Episode of
Psychosis %

o DOI: 10.1038/s41537-022-00309-w

o Publicat a NPJ Schizophrenia; Factor d’impacte I'any 2021: 5.04

2 ’article adjunt (Increased power by harmonizing structural MRI site differences with the
ComBat batch adjustment method in ENIGMA?®?) no forma part dels articles estructurals de la
tesi per gliestions burocratiques. Pero es troba com a material adjunt per la seva estreta
relacié amb el contingut i 'importancia que té per a I'article principal (Combining MRI and
clinical data to detect High Relapse Risk after the First Episode of Psychosis®®).


https://doi.org/10.1016/j.neuroimage.2020.116956
https://doi.org/10.1016/j.pscychresns.2021.111313
https://doi.org/10.1038/s41537-022-00309-w
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ARTICLEINFO ABSTRACT

Keywords:
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Magnetic resonance imaging

Brain MRI researchers conducting multisite studies, such as within the ENIGMA Consortium, are very aware of
the importance of controlling the effects of the site (EoS) in the statistical analysis. Conversely, authors of the
novel machine-learning MRI studies may remove the EoS when training the machine-learning models but not
control them when estimating the models’ accuracy, potentially leading to severely biased estimates. We show
examples from a toy simulation study and real MRI data in which we remove the EoS from both the "training set”
and the "test set” during the training and application of the model. However, the accuracy is still inflated (or
occasionally shrunk) unless we further control the EoS during the estimation of the accuracy. We also provide
several methods for controlling the EoS during the estimation of the accuracy, and a simple R package ("multisite.
accuracy") that smoothly does this task for several accuracy estimates (e.g., sensitivity/specificity, area under the

curve, correlation, hazard ratio, etc.).

1. Introduction

When an individual undergoes MRI brain scanning in different MRI
devices, the resulting images differ (Focke et al., 2011). These effects of
the site (EoS) are relevant because, in many analyses, they may play a
critical confounding role. To put a simple example, we might consider a
two-site study investigating the effects of a disorder’s severity on gray
matter volume. Suppose that the sites are imbalanced: one site has in-
dividuals with mainly mild forms of the disease, and the other site has
individuals with severe forms of the illness. In that case, the observed
differences in gray matter volume between individuals with severe and
mild conditions in the overall study could indeed represent differences
between the two MRI scanning devices. Fortunately, researchers are

very aware of the importance of the site’s potentially confounding ef-
fects and the necessity of controlling them when conducting statistical
analyses with tools such as ComBat, which removes differences in mean
and variance related to the use of different MRI devices or sites (Radua
et al., 2020).

However, analysts do not always control the EoS when estimating the
accuracy in novel machine-learning multisite MRI studies (Beheshti
et al., 2017; Gill et al., 2020; Leger et al., 2020). For example, Archer
et al. (2019) removed the EoS from both the "training set" and the "test
set” when training the machine-learning model and using it to predict
the outcomes with the ComBat tool (Fortin et al,, 2017; Radua et al.,
2020). Still, they estimated the machine-learning model’s accuracy as
the area under the curve without controlling the EoS.

* Corresponding author. Institut d'Investigacions Biomediques August Pi i Sunyer (IDIBAPS), C/. Rossello, 149, 08036 Barcelona, Spain.
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Some readers might argue that such control is unnecessary in studies
aiming to classify patients vs. controls with balanced sample sizes.
Effectively, if the number of patients and controls is the same within
each site, the EoS cannot confound the accuracy’s estimation. However,
we would like to add that this perfect balance of the outcome across sites
is uncommon in multisite studies. The different sites usually include
individuals of different ages, varying severity of the disorder, and
etcetera.

Other readers might argue that there is no need to control the EoS
when estimating the machine-learning models’ accuracy if the modelers
have already removed these effects when training the machine-learning
models and using them to predict outcomes. This argument would be
correct if we could entirely remove all the EoS. Or at least any EoS
potentially usable by the subsequent machine-learning algorithm. Un-
fortunately, we should not make this assumption. Imagine, for example,
that the interaction between two adjacent voxels is different in different
sites due to the use of different scanner resolutions or the presence of
different spatially correlated noise. The removal of these EoS is not
straightforward, and the subsequent machine learning algorithm could
use them to "fraudulently” increase the accuracy of the predictions. Note
that many machine-learning algorithms are very sophisticated and may
potentially detect complex EoS that we may have failed to remove
before applying the machine learning algorithm. Glocker et al. (2019)
described that even after careful pre-processing with state-of-the-art
neuroimaging pipelines, machine learning algorithms easily detected
the site. At this point, some readers may wonder whether, as far as
machine learning models are so good at detecting the EoS, it would be
sensible to use a machine learning model to remove them. However,
detection and removal are not the same. The removal of complex EoS
may be substantially more complicated than its detection and may
distort the data preventing the detection of real effects. For example, the
detection of different correlations between adjacent voxels across sites is
straightforward using a linear model, while its removal is more
complicated and may distort the values of the voxels.

This brief report shows how to control these effects in different cir-
cumstances and provide an R package to do this task smoothly
("multisite.accuracy”). With this package freely available, we find no
reasons to rely on the strong assumption that a pre-processing pipeline
can entirely remove the EoS. We also conduct simulations with a toy
multisite machine-learning study and describe an example with real MRI
data. In these examples, we remove the EoS from both the "training set"

Table 1
Formulas for estimating accuracy.
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and the "test set." Still, the model’s accuracy is biased unless we control
the EoS during the estimation of the accuracy.

2. How to control the EoS when estimating the accuracy

This section will encompass two main methods to control the EoS for
several accuracy statistics, each with strengths and limitations. We have
incorporated both approaches in the new "multisite.accuracy" R package
and recommend the use of both to check that they return similar accu-
racy estimates.

2.1. Separate study for each site ("meta-analysis method")

One way to control the EoS is to create a separate machine-learning
model for each site. A strength of such an approach is that the manu-
script may report each site’s machine-learning model and its accuracy,
which may shed light on replicability. However, this method requires
that each site’s sample size must be large enough to appropriately fit a
machine-learning model, a luxury out of reach of most neuroimaging
studies.

To estimate a site’s machine-learning model’s accuracy, the analysts
can use simple standard formulas for single-study studies (Table 1, first
column).

When the outcome is binary (e.g., responder vs. non-responder), the
analysts may calculate the sensitivity as the proportion of responders
predicted to respond, the specificity as the proportion of non-responders
predicted not to respond, and the balanced accuracy (BAC) as the
average of sensitivity and specificity. Note that the BAC is more accurate
than simple accuracy (proportion of the overall sample correctly pre-
dicted to respond or not respond) if the numbers of responders and non-
responders are different in any site. They may also calculate the area
under the ROC curve (AUC), which summarizes sensitivity and speci-
ficity at different thresholds.

For continuous outcomes (e.g., the severity of the symptoms at
follow-up), the analysts may calculate the correlation between the
predicted outcome and the actual outcome, or the mean squared error
(MSE) between the outcomes (i.e., the average of the squared differences
between predicted and actual outcomes). For survival, time-to-event
data, they may conduct a simple Cox model (CM) to derive the hazard
ratio (HR), which one may interpret as the correlation between the
predicted survival and the actual survival (although exponentiated: HR

Single-site studies

Simple formulas Model-based formulas

Multi-site studies

Binary outcome
Sensitivity (for y = 1) SUM [Vpredicred == 1])

n

Se =

where: m = GLMuggiasi ([Ypredicees = = 1] ~ 1)

Specificity (for y = 0) o Sum[ypnedrcrnd ==10])

Sp n

where: m = GLMyugicic ([Ypredicwet = =0 ~ 1)

Area under the curve
Continuous outcome
Mean squared error

(no simple formula)

MSE = mean(e®)
where: ¢ =¥~ Ypredicted
= cOr( Ypredicted - ¥) e 1

f df

1 ;
lll'l * [t in m]*

Correlation

where: m = LMy ~ Yordicred)

Survival outcome

Cox regression (no simple formula) HR = exp([#; in m|)

where: m = CM{y ~ ¥prediceed)

Se = logistic([f; in m])

Sp = logistic([, in m])

Area under the ROC curve

MSE = mean([e in m)")

where: m = LM{y ~ offset(Ypruiicied))

Se = logistic([#, in m]}

where: m = Firth{[¥pregied = = 1] ~ factor(site) )
Sp = logistic([§, in m])

where: m = Firth([Vpedicred = = 0] ~ factor(site) )

Area under the ROC curve adjusted by site covariate

MSE = mean([e in m)*)
where: m = LM/LMM(y ~ offset(¥prdicea) + factor(site])
1
r = s
1+ -df 2
\u [ty in m)]
where: m = LM/LMM(y ~ Yurediced + factor(site) )

HR = exp(|¢; inm|)
where: m = CM/CMM(y ~ ¥praiciea -+ factor(site] )

AUC: area under the curve; BAC: balanced accuracy; CM: Cox model; CMM: Cox mixed model; Firth: Firth’s bias-reduced logistic regression with factor “site” coded to
sum zero; GLM: generalized linear model; HR: hazard ratio; LM: linear model; LMM: linear mixed model; MSE: mean squared error; ROC: receiver operating char-

acteristic; Se: sensitivity; Se: specificity.



A. Solanes et al.

= 1 means no correlation).

Afterward, he/she might combine these accuracy estimates in a
single overall accuracy using meta-analysis (Table 2). To meta-analyze
binary accuracy estimates of the different sites, the analysts must first
convert the proportions (sensitivity and specificity) into continuous
variables, using methods such as the logit, arcsine, and the Freeman-
Tukey double arcsine transformations. Schwarzer and colleagues do not
recommend the latter because the back-transformation of the meta-
analytic estimate into a proportion can lead to inconsistent results
(Schwarzer et al., 2019). We include the logit transformation because it
is also used in Firth's bias-reduced logistic regression described next.
Still, the arcsine transformation would be a good alternative. For
meta-analyses of MSE, we adapted the formulas provided by Nakagawa
et al. (2015). A standard method to meta-analyze correlations is the
Fisher transformation. Finally, one can combine HR by transforming
them with the log function.

2.2. Estimating accuracy covarying for the site ("covariate method")

The inclusion of a site-covariate makes estimating accuracy more
difficult but deriving the appropriate formulas may still be relatively
straightforward. We, for example, used the following trick (Table 1).
First, we converted the simple formulas to model-based formulas. We
used intercept-only models of the success or error for sensitivity and
specificity. In contrast, for MSE, correlation, and CM, we used models in
which the independent variable was the predicted outcome and the
dependent variable the actual outcome. For the correlation, we also used
the inverse of the standard function to derive the t statistic from r.
Second, we converted these models into linear models adding the site as
a factor.

Therefore, we propose using an intercept-only logistic regression for
sensitivity and specificity. The dependent variable is a successful pre-
diction of the event, and the site is a factor coded to sum zero. In the
simulations described in Section 3.1, we found that standard logistic

Table 2
Transformations to meta-analyze accuracy estimates from different sites.

Transformation Variance of the Back-transformation
transformed of the meta-analytic
outcome estimate

Binary
outcome
Sp&;lrﬁ;lt_ym logitSp = logit(Sp) var(logitSp) = Sp = logistic(logitSp)
1
: . Sp-(1—5Sp)n A
Sensitivity logitSe = logit{Se) - Se = logistic(logitSe)
var(logitSe) =
(fory =1)
1
Se-(1 — Sejn
Area the (not needed) (variance of the (not needed)
under AUC)
curve
Continuous
outcome
Mean logRMSE = 1 MSE = exp(2-logSF)
G N 2:n—-1
sawared log(v/MSE) + -
1
. 2(n—1) o -
Correlation zFisher = atanhir) var(sFisher) = r = tanh(zFisher)
1
n-3
Survival
outcome
Cox logHR = log{HR) (variance returned HR = exp(logHR)
regression by the cox
regression)

AUC: area under the curve; HR: hazard ratio; MSE: mean squared error; RMSE:
root mean square error; Se: sensitivity; Se: specificity.
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regression often yielded implausible accuracy estimates when the
machine-learning model had predicted that all patients of a site would
respond to the treatment or that none of them would. For this reason, we
suggest replacing standard logistic regression with Firth’s bias-reduced
logistic regression (Firth, 1993), which Heinze and Schemper (2002)
proposed as an ideal solution to the problem of separation in logistic
regression.

Several methods estimate the area under a ROC curve (ROC)
adjusted for covariates, such as the nonparametric kernel-based method
(Rodriguez-Alvarez et al., 2011) or the semiparametric approach(Janes
and Pepe, 2009). For the R package, we have used the latter because it
accepts the use of categorical covariates.

To estimate the error of predicting a continuous variable, we propose
using the residuals of a linear model (LM) or a linear mixed model
(LMM). The dependent variable is the actual outcome, the predicted
outcome is an offset, and the site is a fixed-effects factor for LM and a
random-effects factor for LMM. For correlations, we propose using an
LM in which the predicted outcome is the independent variable. Finally,
we suggest using a CM or Cox mixed model (CMM) for survival outcomes
in which the dependent variable is the survival curve. The independent
variable is the log predicted HR, and the site is a fixed-effects factor for
CM and a random-effects factor for CMM.

We cannot offer a definitive guide about choosing mixed- or fixed-
effects models. Mixed-effects models should estimate the intercept of
small sites better, but they sometimes fail to converge, and the ditference
between them is often negligible. In the R package, the function uses
fixed-effects models by default, but the user can ask a mixed-effects
model if he/she wishes. In the latter case, we have coded that the
function still uses a fixed-effects model if the mixed-effects model fails or
returns any warning. Besides, the user may ask the function to use the
"meta-analysis” method and check that the methods yield similar accu-
racy estimates.

2.3. Examples of these methods

In the Supplement, we include examples of accuracy estimation with
the methods presented here in the presence and absence of EoS and real
effects. The examples show that the methods efficiently avoid the EoS-
related bias in accuracy while not modifying the accuracy due to real
effects.

In the absence of real effects and EoS, all methods behaved similarly:
they return a BAC and AUC around 0.5 (i.e., as tossing a coin), a ratio of
MSE using the predictions to the MSE using the mean around 2 (i.e.,
predicting with the mean is twice more accurate than using the machine
learning predictions), a correlation around 0, and HR around 1 (i.e., no
relationship between the predictions and the outcome).

In the presence of real effects but not EoS, all methods behaved again
similarly: BAC around 0.75, AUC around 0.85, MSE ratio around 0.6,
correlation around 0.7, and HR about 2.5.

In the presence of EoS but not real effects, the covariate method
(Section 2.2) and the meta-analysis method (Section 2.1) behaved like if
there were no EoS. Simultaneously, the lack of control of the EoS led to
inflated accuracy: BAC around 0.75, AUC around 0.8, correlation
around 0.5, and HR about 1.7.

Finally, in the presence of both real effects and EoS, the covariate
method and the meta-analysis method mostly behaved as if there were
no EoS. At the same time, the lack of control of the EoS led again to
inflated accuracy.

3. A toy multisite machine-learning study
3.1. Simulations
We may imagine a multisite study in which we aim to use a patient

structural brain MRI to predict whether he/she will respond to a treat-
ment or not. For simplicity, we will imagine that we have only two
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equal-sized sites, that the brain MRI has only two voxels, and that the
machine-learning model is just a logistic regression.

We will simulate that the values of two voxels and their interaction
will always differ between sites, which is realistic given the devices’
known effects on the MRI signals and the massive number of voxels in
the brain. However, these differences in voxels’ values do not involve
EoS unless there are also imbalances in the outcome across sites. We will
simulate different levels of the following parameters:

a) The presence of EoS, creating imbalances in the outcome between
the two sites. We will simulate three scenarios. First, we will simulate
that the percentage of patients responding to the treatment is similar
across sites, specifically 50% in site 1 and 50% in site 2, thus pre-
venting any EoS. We will call this scenario "no EoS." Second, we will
simulate that the percentage of patients responding to the treatment
is slightly different across sites, specifically, 60% in site 1 and 40%
site 2, thus potentially creating slight EoS. We will call this scenario
"small EoS." Finally, we will simulate that the percentage of patients
responding to the treatment is substantially different across sites,
specifically, 80% in site 1 and 20% in site 2, potentially creating
severe EoS. We will call this scenario "large EoS."

b) The presence of real effects, adding the value of the outcome to the
voxels. We will simulate five scenarios. First, we will simulate that
there are no real effects, i.e., in neither site 1 nor site 2, there is any
relationship between the voxels and the response to the treatment.
Second, we will simulate real effects, either moderate or very strong,
and present in either both sites or only one site. We will thus have the
following scenarios: "absence of real effects," "moderate real effects
in both sites," "very strong real effects in both sites," "moderate real
effects in only one site," and "very strong real effects in only one site.”

We will simulate that the researchers train the machine-learning
model using conventional steps: a) they find the EoS in the "training
set" (linear regressions in which the dependent variables are the voxel
values and the independent variable is the site); b) they remove the EoS
from the "training set" (subtracting the EoS predicted by the regression
from the voxel values); and c) they adjust the machine learning model in
the "training set"” (logistic regression in which the dependent variable is
the outcome and the independent variables are the voxels values and
their interaction). We acknowledge that other methods may be more
efficient in removing the EoS in real data. However, we only wanted to
simulate the realistic scenario in which the removal of EoS from voxel
values is incomplete.

We will then simulate that the researchers predict the response in the
patients of an independent "test set" using conventional steps: a) they
remove the EoS from the "test set" (subtracting the EoS predicted by the
EoS regression fitted above from the voxel values); and b) they apply the
machine learning model in the "test set" to predict the response. The
reason to regress out the site in both the "training set" and the "test set" is
to show that removing EoS from both sets is insufficient to remove
possible inflation of model accuracy due to EoS.

Finally, we will estimate the BAC of the predictions using the three
site methods of the R package: "covar” (i.e., using covariates as described
in Section 2.2 and Table 1), "meta” (i.e., using meta-analysis as described
in Section 2.1 and Table 2), and "none" (i.e., not controlling for the EoS).

We conducted these simulations 5000 times. The reader can find the
code of the simulations in the Supplement.

3.2, Results

Figs. 1-3 show the median accuracy estimates across the 5000 sim-
ulations for each combination of settings.

In the absence of real effects, all methods returned a BAC of around
0.5 if there were no EoS or they were small (Fig. 1). If there were large
EoS, only the covariate and the meta-analysis methods still yielded a
BAC of about 0.5; the lack of control of the EoS yielded a severely
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Absence of real effects

B No EoS
0.9 - O Small EoS
B Large EoS

0.8 -
0.7
0.6

Covariate Meta-analysis  No control

Fig. 1. Estimating the accuracy of the toy multisite machine-learning study
using the covariate and meta-analysis methods for controlling for the effects of
the site (EoS) or not controlling them in the absence of real effects.

inflated BAC.

In the presence of moderate real effects in both sites, all methods
returned similar BACs around 0.71 independently of the existence of
EoS. In other words, the EoS did not significantly bias the estimation of
the accuracy (Fig. 2 top). In the presence of very strong real effects in
both sites, all methods returned a BAC around 0.84 if there were no EoS
or they were small (Fig. 2 bottom). If the EoS were large, the covariate
and the meta-analysis method returned a similar BAC, while the lack of
control of the EoS yielded a substantially shrunk BAC.

Finally, in the presence of real effects in only one site, all methods
returned similar BACs around 0.58 (for moderate real effects) or 0.67
(for very strong real effects) if there were no EoS or they were small
(Fig. 3). In the presence of large EoS, the covariate and the meta-analysis
methods still returned a BAC around 0.58 or 0.67. In contrast, the lack of
control of the EoS yielded severely inflated BACs.

4. An example with real MRI data

In this section, we exemplify the same issue using real MRI data. We
conducted a machine-learning study using data from two different sites
that have apparent differences.

4.1. MRI data

We retrieved the MRI data from two different internet-available
datasets (OASIS and IXI, https://www.oasis-brains.org/ and http
s://brain-development.org/, (Marcus et al., 2007)). To allow other re-
searchers to reproduce our results quickly, we only included 30 partic-
ipants from each dataset (see Supplement). Before the statistical
analyses, we used SPM12 to align the images with the MNI template,
segment them into gray matter, white matter, and cerebrospinal fluid,
and spatially normalize the segments to the MNI space. We subsampled
the images (voxel size: 32 x 32 x 32 mm) and discarded those voxels
with an average gray matter volume of 0.001 or less to reduce the
dimensionality.
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Fig. 2. Estimating the accuracy of the toy multisite machine-learning study
using the covariate and meta-analysis methods for controlling for the effects of
the site (EoS) or not controlling them in the presence of real effects in both sites.

4.2, Simulated outcome

To better exemplify the problem, we simulated a continuous
outcome (e.g., decrease in disorder severity after treatment) that was
substantially different between the sites and strongly correlated with the
between-site MRI differences. We forced the outcome to have a null
relationship with age or sex within each site because these variables are
of no interest here. Thus, we attempted to minimize any potential effect
of them. We detail the simulated outcome in the Supplement.

4.3. Machine-learning study

We conducted ten-fold cross-validation. Specifically, we iteratively
divided the overall sample into a large "training set” consisting of 54
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Fig. 3. Estimating the accuracy of the toy multisite machine-learning study
using the covariate and meta-analysis methods for controlling for the effects of
the site (EoS) or not controlling them in the presence of real effects in only
one site.

subjects and a small "test set" of 6 other individuals. Creation of the
model in the "training sets" included: a) separately for each voxel,
finding the effects of sex, age, and site by fitting a standard multiple
regression in which the dependent variable was the value of the voxel,
and the independent variables were sex, age, and site; b) separately for
each voxel, removing the effects of sex, age, and site by subtracting the
predicted value of the voxel according to the standard multiple regres-
sion; and ¢) estimating the machine-learning model by fitting a lasso
regression in which the dependent variable was the outcome, and the
independent variables were the values of the voxels and their in-
teractions. Note that we removed the effects of sex and age from voxel
values to mimic standard practice, but these variables are of no interest
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here. We used the package "glmnet" for R (Friedman et al., 2010; R Core
Team, 2020) to fit the machine-learning model. Application of the
model in the "test sets" included: a) separately for each voxel, removing
the effects of sex, age, and site by subtracting the predicted value of the
voxel; and b) predicting the outcome with the lasso regression.

We calculated the MSE of the predictions as the mean of the squared
differences between the predicted and the actual outcomes. To know
whether the predictions were better than chance, we also calculated the
MSE of a null model consisting of predicting the outcomes in the "test
set" as merely the mean of outcomes in the "training set." To statistically
compare whether the machine-learning models’ squared errors were
smaller than the null model’s squared errors, we used a paired Wilcoxon
test. Finally, we also calculated the MSE of the predictions controlling
the EoS.

4.5. Results

Without controlling the EoS when estimating the accuracy, the
machine-learning model’s MSE was 5.3, statistically significantly better
than the MSE of the null model (MSE=6.8, Wilcoxon test P = 0.004).
Therefore, our machine-learning model "fraudulently" used the EoS to
predict a random outcome.

Controlling the EoS when estimating the accuracy, the machine-
learning model’s MSE was 1.5, statistically significantly worse than
the MSE of the null model (MSE=0.5, Wilcoxon test P<0.001). Our
machine-learning could not use the MRI data to predict a random
outcome, and indeed it only added noise.

5. Discussion

This manuscript first shows how to control the EoS when estimating
accuracy - either conducting a separate study per site plus meta-analysis
or including site as a covariate. We provide formulas for different ac-
curacy measures and an R package to facilitate their application. Finally,
we offer simulations that the reader may run and an example with real
MRI data from internet-available repositories.

Interestingly, the simulations showed two unexpected results. First,
they showed that the EoS might shrink (rather than inflate) the accuracy
in some scenarios. We had initially considered this possibility at a
theoretical level, and the simulations proved it in a specific situation:
when there were very strong real effects in both sites. Second, the sim-
ulations showed that neither the covariate nor the meta-analysis
methods perfectly control the EoS. That said, their biases were minor
and substantially smaller than the biases observed when no controlling
the EoS.

A reviewer of the current paper noted that another group had indeed
reached very similar conclusions. Specifically, Dinga et al. (2020) re-
ported that regressing out the confounding variables separately from
each input variable before machine learning is insufficient, proposing a
method to estimate accuracy similar to our covariate approach. The fact
that two independent groups have noted a similar problem and have
suggested addressing it with similar tools adds validity to their and our
study. The papers also have several differences, e.g., we focus on the EoS
because we think they are likely more complex effects and therefore
more likely to be incompletely removed during the model’s training. We
may reasonably expect that differences between males and females, for
example, may be primarily represented by a relatively simple additive
factor in some voxels (males have a larger or smaller volume than fe-
males). Conversely, different MRI devices may create more complex
EoS, such as creating different intricate spatial covariance patterns (e.g.,
adjacent voxels may be more correlated in one site than in another).
Besides, the factor "site" may be on most occasions less representative
than, for instance, the factor "sex." For the latter, our sample may easily
include all groups present in the population. Thus, a prediction model
that uses "sex" to predict may apply to the whole population. Conversely,
our sample only includes a tiny subgroup of all potential sites. Thus, a
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prediction model that uses "site" to predict would apply to a tiny part of
the population. That said, we acknowledge that it may be desirable to
estimate the accuracy controlling variables other than the site in some
circumstances. For these cases, we refer the reader to work by Dinga
et al. Finally, we must acknowledge there is the possibility that the real
effects and the EoS are collinear, which would prevent a clear differ-
entiation of the real effects and the EoS.

To conclude, we hope that we have clearly shown the importance of
controlling the EoS when estimating machine-learning studies’ accuracy
and how to do it. We fully acknowledge that it is theoretically possible
that the method used to remove the EoS successfully removes all EoS in a
specific dataset. However, we recommend not relying on this assump-
tion because it may not hold. Indeed, there is no reason to rely on this
assumption when it is easy to control the EoS with the R package we
provide ("multisite.accuracy”).

Declaration of Competing Interest

Dr. Vieta has received grants and served as consultant, advisor, or
CME speaker for the following entities (work unrelated to the topic of
this manuscript): AB-Biotics, Abbott, Allergan, Angelini, Dainippon
Sumitomo Pharma, Galenica, Janssen, Lundbeck, Novartis, Otsuka,
Sage, Sanofi-Aventis, and Takeda.

Acknowledgement

This work was supported by the Spanish Ministry of Science, Inno-
vation and Universities / Economy and Competitiveness / Instituto de
Salud Carlos IIT (CPI119,/00009, P119,/00394, F120,/00047), co-financed
by ERDF Funds from the European Commission ("A Way of Making
Europe").

Supplementary materials

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.pscyvchresns. 2021.111313.

References

Archer, D.B., Bricker, J.T., Chu, W.T
ALF R., Barmpoutis, A., Cc
., Simuni, T., Parrisk
, M., Albin,

.., Lai, 5., Coombes, S.
hell, T., Black, M.L.,
K., Bohnen, N.I.,
Li, H.,

19. Development

), Seppi,
M.M., Huang

and validation of
multisite machine le:
Beheshti, 1., Demirel, H.,
Classification of Alzheimer
Alzheimer’s conversion f urce ima
ranking and a genetic algorithm. Comput. Biol. I 83, 109-119,
Dinga, R., Schmaal, L., Penninx, B.W.JL.H., Veltman, D.J., Marquand, A.F., 2020.
Controlling for effects of confounding variables on machine learning predictions,

liction of mild cognitive i

bioRxiv.org.

Firth, D., 1993, Bias reduction of maximum likelihood estimates. Biometrika 80, 27-38,

Focke, N.K., Helms, G., Kaspar, 5., Diederich, C., Toth, V., Dechent, P., Mohr, A.,
Paulus, W., 2011. Multi-site voxel-based morphometry-not quite there yet.
Neuroimage 56, 1164-1170.

Fortin, J.P., Parker, D., Tune, B., Watanabe, T., Elliott, M.A., Ruparel, K., Roalf, D.R.,
satterthwaite, T.D., Gur, R.C., Gur, R.E., Schultz, R.T., Verma, R., Shinohara, R.T.,
2017. Harmonization of multisite diffusion tensor imaging data. Neuroimage 161,
149-170,

Friedman, J., Hastie, T., Tibshirani, R., 2010, Regularization paths for generalized linear
maodels via coordinate descent. J Stat Soft 3, 1-22.

Gill, 5., Mouches, P., Hu, 5., Rajashekar, D., MacMaster, F.P., Smith, E.E., Forkert, N.D.,
Ismail, Z., Alzheimer's Disease Neuroimaging, 1., 2020. Using machine learning to
predict dementia from neuropsychiatric symptom and neurcimaging data.

J. Alzheimers Dis. 75, 277-288.

Glocker, B., Robinson, R., Castro, D.C., Dou, Q., Konukoglu, E., 2019. Machine learning
with multi-site imaging data: an empirical study on the impact of scanner effects,

arXiv.org.
Heinze, G., Schemper, M., 2002, A solution to the problem of separation in logistic
regression. Stat. Med. 21, 2409-2419.

53



Articles inclosos en la tesi

A, Solanes et al. Psychiatry Research: Neuroimaging 314 (2021) 111313
Janes, H., Pepe, M.5., 2009, Adjusting for covariate effects on classification accuracy Cropley, V., Loughland, C., Seott, R., Wolf, D., Satterthwaite, T.D., Tan, Y., Sim, K.,
using the covariate-adjusted receiver operating characteristic curve. Biometrika 96, Piras, F., Spalletta, G., Banaj, N., Pomarol-Clotet, E., Solanes, A., Albajes-
371-382, Eizagirre, A., Canales-Rodriguez, E.J., Sarro, S., Di Giorgio, A., Bertolino, A.,
Leger, C., Herbert, M., DeSouza, J.F.X., 2020. Non-motor clinical and biomarker Stablein, M., Oertel, V., Knochel, C., Borgwardt, S., du Plessis, 5., Yun, J.Y., Kwon, J.
predictors enable high cross-validated accuracy detection of early PD but lesser S., Dannlowski, U., Hahn, T., Grotegerd, ., Alloza, C., Arango, C., Janssen, J., Diaz-
cross-validated accuracy detection of scans without evidence of dopaminergic Caneja, C., Jiang, W., Calhoun, V., Ehrlich, S, Yang, K., Cascella, N.G.,
deficit. Front Neurol 11, 364. Takayanagi, Y., Sawa, A., Tomyshev, A., Lebedeva, L., Kaleda, V., Kirschner, M.,
Marcus, D.S., Wang, T.H., Parker, J., Csernansky. J.G., Morris, J.C., Buckner, R.L., 2007. Hoschl, C., Tomecek, D., Skoch, A., van Amelsvoort, T., Bakker, G., James, A.,
Open Access Series of Imaging Studies (OASIS): cross-sectional MRI data in young, Preda, A., Weideman, A., Stein, D.J., Howells, F., Uhlmann, A., Temmingh, H.,
middle aged, nondemented, and demented older adults. J Cogn Neurosci 19, Lopez-Jaramillo, C., Diaz-Zuluaga, A., Fortea, L., Martinez-Heras, E., Solana, E.,
1498-1507. Llufriu, §., Jahanshad, N., Thompson, P., Turner, J., van Erp, T., collaborators, E.C.,
Nakagawa, S., Poulin, R., Mengersen, K., Reinhold, K., Engqvist, L., Lagisz, M., Senior, A. 2020. Increased power by harmonizing structural MRI site differences with the
M., 2015. Meta-analysis of variation: ecological and evolutionary applications and ‘ComBat batch adjustment method in ENIGMA. Neuroimage 218, 116956.
beyond. Methods Eeol. Evol. 6, 143-152. Rodriguez-Alvarez, M.X., Roca-Pardinas, J., Cadarso-Suarez, C., 2011. ROC curve and
R Core Team, 2020. . R: A Language and Environment for Statistical Computing. R covariates: extending induced hodology to the noi ic k. Stat
Foundation for Statistical Computing, Vienna, Austria. Comput 21, 483-499.
Radua, J., Vieta, E., Shinohara, R., Kochunov, P., Quide, Y., Green, M.J., Weickert, C.5., Schwarzer, G., Chemairelly, H., Abu-Raddad, L.J., Rucker, G., 2019. Seriously misleading
‘Weickert, T., Bruggemann, J., Kircher, T., Nenadic, 1., Cairns, M.J., Seal, M., results using inverse of Freeman-Tukey double arcsine transformation in meta-
Schall, U., Henskens, F., Fullerton, J.M., Mowry, B., Pantelis, C., Lenroot, R., analysis of single proportions. Res Synth Methods 10, 476-483.

54



Articles inclosos en la tesi

5.2. ARTICLE 2: COMBINING MRl AND CLINICAL DATA TO DETECT HIGH
RELAPSE RISK AFTER THE FIRST EPISODE OF PSYCHOSIS



Schizophrenia

ARTICLE

'.) Check for updates

Combining MRI and clinical data to detect high relapse risk
after the first episode of psychosis
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Detecting patients at high relapse risk after the first episode of psychosis (HRR-FEP) could help the clinician adjust the preventive
treatment. To develop a tool to detect patients at HRR using their baseline clinical and structural MRI, we followed 227 patients with
FEP for 18-24 months and applied MRIPredict. We previously optimized the MRI-based machine-learning parameters (combining
unmodulated and modulated gray and white matter and using voxel-based ensemble) in two independent datasets. Patients
estimated to be at HRR-FEP showed a substantially increased risk of relapse (hazard ratio = 4.58, P < 0.05). Accuracy was poorer
when we only used clinical or MRI data. We thus show the potential of combining clinical and MRI data to detect which individuals
are more likely to relapse, who may benefit from increased frequency of visits, and which are unlikely, who may be currently
receiving unnecessary prophylactic treatments. We also provide an updated version of the MRIPredict software.

Schizophrenia (2022)8:100; https://doi.org/10.1038/541537-022-00309-w

INTRODUCTION

The discovery of associations between magnetic resonance
imaging (MRI) measures and mental disorders' led to an initial
enthusiasm about finding MRI-based biomarkers, but we have
failed so far. However, new machine-learning methods have
reopened the possibility of creating MRI-based tools that, while far
from perfect biomarkers, could still help the clinicians®. These
tools could help the clinicians diagnose, predict the response to
treatment, or estimate the risk of a bad outcome, adjusting the
overall intervention accordingly.

Up to the moment, most MRI-based machine-learning studies
have aimed to classify the individuals (e.g., patient vs. control, or
between two diagnoses), and some other research has been
devoted to creating models that estimate the risk of a bad
outcome. For instance, many studies have investigated whether it
is possible to use clinical data®, MRI data®, or their combination® to
detect healthy individuals at high risk for psychosis. These studies
have reported higher transition rates to psychosis in individuals
that are males, have brief limited intermittent psychotic symp-
toms, or show reduced cortical gray matter5”.

Conversely, very little research has focused on detecting those
patients with first episode of psychosis (FEP) at high relapse risk
(HRR). This lack of research is striking because FEP represents one
of the main challenges for mental health®, Without an appropriate
differential diagnosis and early intervention, clinical development
after FEP can lead to a chronic condition®. Detecting subjects at

HRR is crucial since relapse puts their psychosocial recovery at risk,
raises the chance of treatment resistance, and has been linked to
higher direct and indirect social and economic costs'®, A few
studies have created models to estimate this risk based on clinical
data'"'?, using variables such as the presence of manic and
negative symptoms'*~'%, the diagnosis'*'*, or cannabis use''"'®'7,
Fewer studies have created models to estimate the risk of
outcomes other than relapse (e.g, the severity of future
symptoms) based on brain MRI data'®'?, using volumetric brain
changes during the first year?® or voxel/surface-based data'®. And
to our knowledge, no studies have attempted to create MRI-based
relapse risk-estimation models.

This lack of research is unfortunate, given that a structural MRI-
based tool able to detect FEP-HRR would be clinically valuable and
feasible. It would be valuable because even if the accuracy of the
HRR-FEP detection was modest, it could help the clinician adjust the
follow-up and treatment of the patients as deemed beneficial®'. It
would be feasible since individuals with a FEP may undergo an MRI
to discard organic brain pathology, so that the structural MRI
required for this tool would serve both. This better clinical
management would reduce the number of relapse-related hospita-
lizations in patients at HRR-FEP and exclude patients at low relapse
risk from therapies unnecessary for them. Therefore, it would
improve the quality of life of individuals with a FEP and reduce the
burden on National Health System expenditure.
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Zaragoza, Zaragoza, Spain. "VInstituto de Investigacion Sanitaria Aragén (IS Aragén), Zaragoza, Spain. ' Universidad del Pais Vasco / EHU, Leioa, Bizkaia, Spain. Instituto de Investigacién
Sanitaria Bioaraba, Vitoria-Gasteiz, Alava, Spain. "*Psychiatric Department, Hospital Universitario de Alava, Vitoria-Gasteiz, Alava, Spain. "*Barcelona Clinic Bipolar and Depressive Disorders
Unit, Institute of Neurosciences, Hospital Clinic de Barcelona, Barcelona, Spain. "*Department of Child and Adolescent Psychiatry and Psychology, 2017SGR881. Institute of Neuroscience,
Hospital Clinic, Barcelona, Spain. "®Hospital del Mar Medical Research Institute, Barcelona, Spain. "Hospital de Matard, Barcelona, Spain. 18[‘.!s_'partr'r'-s_'r'nt of Psychosis Studies, Institute of
Psychiatry, Psychology & Meuroscience, King's College London, London, United Kingdom. '*Centre for Psychiatric Research and Education, Department of Clinical Neuroscience, Karolinska
Institutet, Stockholm, Sweden. **These authors jointly supervised this work: Edith Pomarol-Clotet, Joaquim Radua. *A list of authors and their affiliations appears at the end of the paper.
Hemail: epomarol-clotet@fidmag.org; radua@recerca.clinic.cat

Published in partnership with the Schizophrenia International Research Society



A. Solanes et al.

Prediction of age

Baseline data acquisition MR pre-processing

*Structural MRI
*N=120 healthy individuals

s\isual inspection
«Gray & white matter
segmentation

#MNI normalization

i

Prediction of schizophrenia

N

™,

Baseline data acquisition MR pre-processing

*Structural MRI

*N=128 patients with
schizophrenia

*N=127 healthy individuals

#Visual inspection

*Gray & white matter
segmentation

*WNI normalization

Detection of HRR-FEP

Baseline data acquisition MRI pre-processing

=

=Structural MRI
sClinical variables (PANSS, CGI-S,

| #Visual inspection
*Gray & white matter

ete]) segmentation
*MN=227 patients with FEP *MMNI normalization
*7 different sites +Addition of features

+Subsampling and smaothing
+Voxel-level ensemble

e A h.

Fig. 1 Main study steps. Overall steps followed in this study.

The current study investigated whether structural MRl might
help detect patients at HRR-FEP. To this end, we created an HRR-
FEP detection tool. Additionally, we report how we previously
optimized the MRI-based machine-learning parameters, using two
independent datasets to avoid data leakage or over-complexity
(see clarification later). We also freely provide the updated MRI-
based machine-learning software to allow other groups to
develop their own detection models and a website (see “Available
resources”) that estimates HRR-FEP quickly to help other groups
independently replicate our model’s accuracy assessment.

METHODS

See Fig. 1 for a view of the overall steps of the study. This study
complies with the Transparent Reporting of a multivariable
prediction model for Individual Prognosis or Diagnosis (TRIPOD,
see checklist in the Supplement).

Participants

The cohort included 227 adolescents/adults with a FEP from 7
different hospitals in Spain, including a previous multicenter
study?223, prospectively followed for two years. We invited all
patients who met the inclusion criteria during the recruitment
periods to join the study. We estimated the sample size based on a
previous meta-analysis?*, in which the relapse rate at two years was
around 37%. With this estimation, the overall sample size to detect a
hazard ratio (HR) = 2 between patients at HRR-FEP and patients at
low relapse risk had to be 190 according to R package powerSurvEpi
(https://CRAN.R-project.org/package=powerSurvEpi). We included
20% more to compensate for potential early drop-outs. The mean
age was 24.2 years (SD 7.4), and there were 78 females (34.4%) (Table
1). The sample included both young adolescents (12-14 years, n = 6)
and late adolescents/adults (15-59, n=221); as detailed later, to
ensure that the estimation of the model accuracy is not confounded
by mixing young adolescents with old adolescents/adults, we
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Table 1. Description of the cohort (n =227).

Age 24.2 (7.4)

Sex: female 78 (34.4%)

Familiar psychiatric history 110 (58.2%)
Affective” 54 (28.6%)
Suicide” 3 (1.4%)

Affective psychosis 48 (21.1%)

Baseline diagnosis
Schizophrenia 78 (34.4%)
Bipolar disarder 41 (18.1%)
Schizoaffective disorder 12 (5.3%)
Substance-induced psychosis 10 (4.4%)
Major depressive disorder 5 (2.2%)
Other™ 81 (35.7%)

Positive and Negative Syndrome Scale (PANSS)
Pasitive scale
Negative scale
General psychopathology scale
Global Assessment of Functioning scale (GAF)
Clinical Global Impression scale (CGI-S)
Young Mania Rating Scale (YMRS)
Montgomery Asberg Depression rating scale (MADRS)
Long-acting injectable antipsychotic

71.2 (SD 24.4)
17.6 (SD 7.9)
18.2 (SD 8.5)
35.9 (SD 12.7)
50.5 (SD 19.7)
4.4 (SD 1.1)
7.9 (SD 10.2)
0.2 (SD 9.9)
15 (6.6%)

“Familiar affective history included diagnoses such as bipolar disorder or
MDD. Familiar suicide history included consummated attempts.

“Other baseline diagnoses included brief psychotic disorder, schizophreni-
form disorder, delusional disorder, and psychotic disorder not otherwise

specified.
Data are presented as mean (SD) or number (%).
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repeated the validation of the model after excluding young
adolescents.

We defined relapses as exacerbations of symptoms during at
least one week with at least one of eight PANSS items (P1, P2, P3,
N1, N4, N6, G5, and G9) scoring above 3 (mild)?®. On the contrary,
remission was defined as scoring <3 in all eight PANSS items. We
only considered relapse after at least 6 months of remission.

We detail the inclusion/exclusion criteria and a more detailed
description of the cohort in the Supplement. The ethical
committees of all hospitals had approved the study, conducted
according to the Declaration of Helsinki. Furthermore, all
participants and parents/legal guardians for adolescents under
16 had given written informed consent.

Collection and processing of baseline structural MRI data

We acquired a high-resolution structural image from each
participant with a Tl-weighted gradient-echo sequence with
different devices (see Supplement for details). We used a voxel-
based morphometry (VBM) pre-processing pipeline because we
have previously found higher accuracy using VBM data®® (see
Supplement for details).

Removal of the effects of the site

The effects of the site (e.g., differences in MRl data due to using
different devices) might increase noise and confound the analyses.
To remove them, we used a recently developed method to control
for batch effects named ComBat, as several studies have shown its
superiority to simply adding “site” as a covariate in the linear
models?’28, We found the ComBat parameters (e, the MRI
differences between sites) using the processed images from
exclusively the training set (i.e., we did not use the test set to find
the parameters). We then removed the effects of the site from the
processed images of both the training and the test sets using
these parameters. We must highlight again that the effects of the
site were estimated only using individuals from the training set
(i.e, not a single piece of information from the test set), thus
preventing any information leak. We have previously modified the
ComBat functions to allow this separate estimation and applica-
tion of the ComBat parameters?®,

We also controlled the effects of the site when estimating the
model’s accuracy (see details later), which is important because
the effects of the site might bias the accuracy even when
researchers attempted to remove them during the creation of the
machine-learning model®®.

Optimization of MRI-based machine-learning parameters

We optimized the MRI-based machine-learning parameters using
two independent datasets. Our main reason for using indepen-
dent datasets was to avoid any data leakage. We reasoned that if
we used the same cohort to optimize the machine-learning
parameters and create the risk-estimation model, we could end up
validating this model in patients we had previously used to
optimize the parameters (based on the best relapse risk
estimations). We acknowledge that one strategy to prevent such
data leakage would be optimizing the parameters separately for
each fold via within-fold cross-validation using the training sets
exclusively. However, such a strategy could result in different MRI
parameters for the different folds, creating over-complexity in the
model. Rather, we looked for general MRI settings that would be
stable not only for the different folds but for different predictions
or studies.

One dataset included 120 healthy individuals®®, and we used
their MRI data to predict a continuous variable (their age). The
other dataset included 255 individuals, half of them with a
schizophrenia diagnosis?®*%3!, and we used their MRI data to
predict a binary variable (whether they had received the
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schizophrenia diagnosis or not). See the Supplement for details.
The creation of machine-learning models was analog to the one
described later.

We defined the default settings as unmodulated gray matter
images, smoothed with a kernel of =4 mm (corresponding to
FWHM = 9.5mm) and a voxel size of 3x3x3mm? We tested
whether the accuracy of MRI-based machine-learing models
depended on: the addition of features (gray and white matter
images, modulated and unmodulated images as they convey
complementary volumetric information®®, global gray matter
volume and global brain volume, and the midline abnormalities
cavum septum pellucidum and absence of adhesion interthala-
mica, previously reported as good predictors in FEP?'?2), the size of
the smoothing kernels (from o=2 to 6 mm, corresponding to
FWHM = 5.3-15.8 mm, i.e, encompassing the usual widths of
standard neuroimaging software) since the previous literature
differs in the optimal kernel size'®?%, or the use of ensemble
methods. Ensemble learning methods seek better prediction
performance and robustness by combining the predictions of
different models. We used two ensemble methods: (a) we
resampled the subjects with replacement 18 times and repeated
the creation of the risk-estimation model with each of the 18
resampled datasets, and (b) we selected half of the brain 18 times
(i.e., dividing the brain in different angles) and repeated the
creation of the risk-estimation model with each of the 18 half
brains. Any of these two ensemble methods resulted in 18 risk-
estimation models, which we applied to the test set, resulting in 18
risk estimations per patient. Finally, we calculated the mean of the
18 risk estimations to obtain a single risk-estimation per patient.

On another note, we tested two approaches to reduce the
computational  cost:  applying  additional  subsampling
(6x6x6mm3 or 12x12x12mm3, instead of 3x3x3mm?)
and limiting the analyses to statistically significant voxels
(P < 0.05 uncorrected at the univariate analysis).

We defined the accuracy of the age predictions as the mean
absolute error (MAE) between the predicted and the actual age
and the accuracy of the diagnostic predictions as the proportion
of correct predictions. Finally, we assessed whether differences in
accuracy between the analysis using a given parameter and the
reference analysis (unmodulated gray matter smoothed with
o=4mm) were statistically significant by conducting a paired-
sample Wilcoxon test of the absoclute errors of the two analyses.

Creation and validation of the HRR-FEP detection tool

We used a cross-validation scheme to create the tool using a set of
patients and validate it using a new set of patients. Specifically, we
randomly divided the overall cohort into ten groups or “folds” trying
to preserve a similar number of relapses in each fold. First, we
created the model using data from individuals from folds 2 to 10 (the
“training set”), and we estimated the relapse risk of individuals from
fold 1 (the “test set”) (Fig. 2). We then created the model using data
from individuals from folds 1 and 3-10, and we estimated the relapse
risk of individuals from fold 2. And so on. Therefore, we could
estimate the relapse risk of all individuals, but we never used the
same individuals for training and validating the model.

The creation of the HRR-FEP models in the training set consisted
of fitting a multiple regression. The dependent variable was the
time to relapse. The independent variables were the clinical data
(including the items from the symptom scales PANSS, GAF,
MADRS, YMRS, the diagnosis, and whether the patient was taking
long-acting injectable antipsychotic treatment) and the voxel
values of the pre-processed MRI. Before conducting the regres-
sion, we removed the effects of age and sex from the training MRI
data with standard linear models. We must highlight once more
that the effects of age and sex were estimated only using
individuals from the training set (i.e., not a single information from
the test set), thus preventing any information leak. We also scaled
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Fig. 2 MRIPredict flowchart. Creation of the high relapse risk after the first episode of psychosis (HRR-FEP) detection tool.

the clinical variables to the [0-1] range to have a distribution like
the MRI voxels. To avoid overfitting, we used a "lasso” regression,
which automatically selects a few regressors by penalizing the
sum of the absolute value of the coefficients and has been proven
to be able to deal with high-dimensional data and still achieve
high-performance models®*. A regularization parameter defines
the amount of penalization, ranging from null (no penalization, as
in a standard regression) to infinity (maximum penalization). This
regularization parameter is automatedly selected by the algorithm
via internal cross-validation within the training set. We chose the
lasso regression algorithm for its good performance?®, simplicity,
and adequacy for survival analyses. All these previous steps
estimated using the training set were applied later to the test set
to validate the performance of the model.

In other words, we found a risk-estimation model using the
patients of the training set exclusively, and afterward, we applied
the model to the patients of the test set to estimate their risk of
relapse. To estimate a patient’s risk, we multiplied each coefficient
of the lasso model (see Table 3) by the value of the variable in the
patient and added the results. If the sum was >0 (corresponding
to a HR>1), we considered that the patient was at HRR-FEP.
Conversely, if the sum was <0 (corresponding to HR<1), we
considered the patient at low relapse risk.

To test whether individuals estimated to be at HRR-FEP had
statistically more relapses than individuals at low relapse risk, we
used the “multisite.accuracy” package?”, which considers the site's
residual effects when estimating the accuracy. Specifically, we
conducted a mixed-effects Cox proportional hazards regression
(https://CRAN.R-project.org/package=coxme). The dependent
variable was the time to relapse. The independent variable was
the estimated risk group (HRR-FEP vs. low relapse risk), and the
site was a random factor of no interest.

Schizophrenia (2022) 100

To rule out whether the model's accuracy could mainly depend
on MRI data or clinical data, we also created HRR-FEP detection
tools exclusively based on MRI data or clinical data. Also, for
descriptive purposes, we mapped the brain regions univariately
associated with increased or decreased relapse risk after the FEP
using standard survival analyses (see Supplement).

We conducted the analyses with our freely available graphical
software MRIPredict (which we have updated for this work), based
on the “glmnet” package for R (https://glmnet.stanford.edu/).

Available resources

Groups interested in conducting similar analyses can download
our free graphical-user-interface MRIPredict software at https://
www.mripredict.com/.

We encourage independent groups to replicate our model's
accuracy assessment. To help them, we provide a website-based
version of the tool (https://www.mripredict.com/hrr-fep/) that
quickly estimates the HRR-FEP of an individual. For the website,
we fitted a model using the whole cohort and selected the
coefficients with an absolute value =0.05 (see Supplement); its risk
estimations seem perfect (all relapses are in HRR-FEP individuals).
However, this accuracy is inflated because it uses the same
individuals for training and testing; we obtained a more reliable
accuracy estimation with cross-validation (see next). In addition,
we only offer this tool to support replication by other researchers;
the tool estimations must be considered experimental.

RESULTS

Cohort description

There were 16 relapses, representing a 9.4% relapse rate at
24 months. Note that while the number of relapses was limited,
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Table 2. Optimization of MRI-based machine-learning parameters.
Adjustment Age predictions Diagnostic predictions
MAE Absolute Relative Accuracy Absolute Relative
P value®® P value® P value'® P value'™®™
Addition of features  No (reference) 7.4 years <0.001 - 70.8% <0.001 -
+ white matter and modulated images 6.2 years <0.001 0.006 68.6% <0.001 0.039
+ global volumes 7.4 years <0.001 n.s. 70.8% <0.001 n.s.
+ midline abnormalities - - - 70.7% <0.001 n.s.
<0.001
Varying smoothing o=2mm 7.8 years <0.001 n.s. 68.9% <0.001 n.s.
kernel width 6=3mm 7.2 years <0.001 ns. 69.4%  <0.001 ns.
o =4 mm (reference) 7.4 years <0.001 - 70.8% <0.001 -
o=5mm 7.5 years <0.001 n.s. 71.2% <0.001 n.s.
o=6mm 7.5 years <0.001 n.s. 70.8% <0.001 n.s.
<0.001
Subsampling Single (reference) 7.4 years <0.001 - 70.8% <0.001 -
Double subsampling 7.5 years <0.001 n.s. 70.6% <0.001 n.s.
Triple subsampling 7.3 years <0.001 n.s. 70.3% <0.001 n.s.
Only statistically significant 7.4 years <0.001 n.s. 71.0% <0.001 n.s.
<0.001
Ensemble Mo (reference) 7.4 years <0.001 - 70.8% =0.001 -
Subjects 8.5 years <0.001 <0.001 64.4% <0.001 0.001
Voxels (half brains) 7.1 years <0.001 0.002 73.2% =0.001 0.034
<0.001
Optimal parameters  + white matter and modulated images, 6.3 years <0.001 <0.001 74.4% <0,001 0.043
triple subsampling, the ensemble
of voxels
MAE mean absolute error.
(a) Wilcoxon test comparing the predictions obtained with these settings with the predictions obtained with a null model (i.e, predicting that all individuals
have the average age of the sample for age predictions, or to flipping a coin for diagnostic predictions).
(b) Wilcoxon test comparing the predictions obtained with these setting with the predictions obtained with the reference settings (unmodulated gray matter
smoothed with & =4 mm and no subsampling or ensemble).

it still yielded enough statistical power to detect meaningful
differences in relapse risk between groups (e.g., using the R
package powerSurvEpi, we estimated that we had 70%/80%/
90% power to detect a HR = 4.3/5.7/9.5). The median time from
scan to relapse (in patients who had a relapse during the follow-
up) was 7.4 months, and the median time from scan to the last
follow-up visit (in patients with no relapse during the follow-up)
was 23.7 months. We detected no statistically significant
differences in relapse risk between affective and non-affective
psychosis or between diagnoses, except increased risk in
patients with a schizoaffective disorder diagnosis (HR = 3.6,
P=0.046).

Optimal MRI-based machine-learning parameters

When optimizing the MRI-based machine-learning parameters,
we found that adding gray and white matter images,
unmodulated modulated images, and the use of a voxel-level
ensemble improved the accuracy (Table 2). Conversely, using
subject-level ensemble worsened the accuracy. The other
varying parameters did not influence accuracy. We thus
selected the addition of gray and white matter images,
unmodulated and modulated images, and the use of a voxel-
level ensemble for the HRR-FEP analyses. We also chose triple
subsampling because it makes all calculations substantially less
computationally expensive.
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Table 3.

Descriptive univariate analysis and machine-learning estimators of high relapse risk after the first episode of psychosis (HRR-FEP).

Descriptive univariate analysis

Machine learning

Clinical variables
Schizoaffective disorder
| Poor rapport (PANSS N3) -
| Difficulty in abstract thinking (PANSS N5)
| Conceptual disorganization (PANSS P2) -
| Poor attention (PANSS G11) -
1 Age in years
1 Long-acting injectable antipsychotic -

Gray matter increase
1t R Postcentral =

Gray matter decrease
| R middle temporal -
| R inferior frontal/precentral -

| R middle frontal -
| R/L rectus

| L superior frontal

| R medial frontal

1 R Angular -
White matter increase

T R precentral -

1 L Middle frontal -
White matter decrease

| R middle frontal -

| L inferior frontal -

| R Cuneus -
1 R superior frontal
1 L corpus callosum
| R corpus callosum -
1 L Middle frontal -
| R postcentral -

HR = 3.6, P=0.046

HR=0.6, P=0.044

p=-1024

p=-001

p=-0.074

p=-001

p=—004
HR = 1.1, P = 0.008 -

p =001

Unm, [-6, 30,

Unm, [-18, 66, —24], z=—2.8 -
Unm, [6, 78, —12], z=—-2.6 -

Unm, [6, 54, 24], z=29 -
Unm, [-18, 18, 24], z=27

Unm, [54, —6, 24], p = +0.93

Unm, [66, —6, —12], f = —0.43

Unm, [30, 6, 36], = —0.21
Mod, [42, 6, 36], p=—0.18

Unm, [30, 42, 36), p=-0.20

Mod, [6, 30, —24], p=-0.17
Unm, [6, 30, —24], p=-0.15

36),z=-26

Unm, [30, —54, 36], [ = —0.05
Unm, [42, 6, 36], p = +0.54
Unm, [—-42, 6, 36], p=+0.10

Unm, [30, 30, 36], p=-0.86

Mod, [-42, 18, 12], p=-0.73
Unm, [-42, 18, 12], p=-0.57

Mod, [18, —90, 12], p=—0.18

Unm, [—18, —30, 24], p = —0.05
Mod, [6, 30, 0], p = —0.05

Mod, [—30, 42, 121, p = —0.06
Mod, [54, —6, 24], p = —0.09

MRI voxels; see the entire model in the Supplement.

L left, Mod modulate, PANSS Positive and Negative Syndrome Scale, R right, Unm unmodulated.
In the descriptive univariate analysis, we only report the peaks of MRI clusters with voxel uncorrected P value <0.005 and the clinical variables with uncorrected
P value <0.05. For the sake of simplicity, we only report here the machine-learning coefficients with an absolute value =0.01 for clinical variables and =0.05 for

HRR-FEP detection

The Cox regression of the time to relapse comparing patients
estimated to be at HRR-FEP vs. low relapse risk was clinically
relevant (HR = 4.58, i.e., HRR-FEP patients had five times more risk
to relapse) and had a (borderline) statistical significance (HR 95%
confidence interval = 1.01-20.74, Z=1.98, P=0.048, Fig. 3). The
results were identical when we excluded young adolescents (i.e,
12-14-years-old). In the 114 individuals estimated to be at HRR-
FEP, there were 13 relapses, representing a 14.8% relapse rate at
24 months. Conversely, there were only three relapses in the 113
individuals estimated to not be at HRR-FEP, representing a 2.9%
relapse rate at 24 months. Using the R package powerSurvEpi, we
estimated that the power to detect a HR = 4.58 with 16 relapses is
72%. The variables automatedly selected by the lasso regression
to create the HRR-FEP detection tool were the diagnosis of
schizoaffective disorder, the lack of difficulty in abstract thinking
and poor impulse control, and the increase or decrease of
unmodulated and modulated gray and white matter in several
brain regions. Table 3 details the specific brain regions and clinical
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variables detected in the descriptive univariate analysis and the
machine-learning model. We report the entire machine-learning
model in the Supplement.

The HRR-FEP detection tools exclusively using MRI data or solely
based on clinical variables failed to detect patients at HRR-FEP.

DISCUSSION

In this work, we created an MRI-based machine-learning tool to
detect those patients at HRR-FEP using a cohort of 227 individuals
with a FEP. The model showed to detect HRR-FEP successfully. The
hazard of relapse was 4.5 larger in individuals estimated to be at
HRR-FEP than in low relapse risk individuals (14.8% vs. 2.9%
relapse rate at 2 years), and we estimated the power to detect
such a hazard ratio of 4.5 with 16 relapses is 72%.

The study thus achieved the aim of creating a tool that may
provide valuable information to the mental health professional.
Ideally, the clinician could input the tool with a few MRI and clinical
data to know if the patient is estimated to be at HRR-FEP or not,
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and thus adjust the prophylactic treatment. Knowing this
information early is important because currently, clinicians can
only know which patients are at HRR-FEP after several relapses.
And before that, patients at HRR-FEP may experience repeated
relapses if the prevention is too weak, while patients at low relapse
risk may experience increased adverse events if the prevention is
too strong. That said, any adjustment of the prophylactic treatment
should follow the “first, do no harm” principle because in our
cohort, most (85%) individuals estimated to be at HRR-FEP did
indeed not relapse. Not less important, the clinician could also
consider removing or reducing the prophylactic treatment in
individuals estimated to be unlikely to relapse. These patients
currently may be receiving treatments that, if the patient is truly
unlikely to relapse, may be little useful while harmful.

However, in any case, we want to highlight the need to validate
the HRR-FEP detection tool before recommending it. We have noted
previously that independent studies often fail to replicate the
accuracy reported in mental health machine-learning publications®*,
and our study may not be an exception. We cannot share participant
data for privacy reasons. However, we provide the trained classifiers
online so that independent researchers can still try to replicate our
study results. This approach has been stated to be one of the most
convincing forms of replication®®. However, without intending to
create hype, we also think that our work shows the potential clinical
utility of MRI-based machine-learning when understood as a source
of additional information for the psychiatrist.

We also want to highlight that this tool could be complemented
by other tools that update the relapse risk during the follow-up.
For example, we have reported for other disorders that the relapse
risk at 12 months substantially decreases in patients who have
been relapse-free for at least one year’®. Thus, some patients
initially at HRR-FEP may later be at low relapse risk. Similarly,
information about changes in the first months could also likely
offer valuable information for updating the risk estimation®’. In
this context, we would like to note that, as far as relapses also
depend on events that will happen during the follow-up, it is
unlikely that a machine-learning model that only uses baseline
data scan achieves high risk-estimation accuracy.

A particularity of our study is that, instead of focusing on
detecting those healthy individuals at high risk for FEP, it focuses
on detecting those FEP patients at HRR. Many studies have already
been published regarding predicting transition to psychosis, with
varied results**, Conversely, no studies have been conducted to
estimate HRR-FEP from MRI data to our knowledge. This lack of
research is striking because assessing the relapse risk is essential
to properly adjusting the preventive antipsychotic dose.

Our tool requires an MRI, but patients with a FEP may indeed
already undergo an MRI to discard organic brain pathology, so that
the structural MRI required for our tool would serve both. This fact
increases the feasibility of the HRR-FEP detection tool, given that for
many patients, it would only involve minor calculations on any
computer. The context is different, for instance, for the detection of
individuals with a higher risk of psychosis in the general population,
where screening detection tools should only require inputting a
small amount of available information. An example of such a
screening detection tool is the Psychosis Polyrisc Score (PSS)*®, which
only asks about the presence of a few risk factors*” and has shown
feasible in a real-world digital implementation®,

Interestingly, the accuracy of HRR-FEP detection tools was
poorer when we created machine-learning models that used only
clinical data or only MRI data. Ad hoc, it may seem evident that the
more information, the better the detection. However, many
previous studies only used MRI to find biomarkers that should
surpass clinical judgment. These may include serum component
protein 4 (C4)%, polygenic related Risk Score (PRS)*, neuroana-
tomical variables'®?°, Thus, poetically, we have found that, in the
fight between clinical-based and biomarker-based psychiatry,
joining efforts predicts better.
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One key variable selected by the lasso regression was the
diagnosis of schizoaffective disorder; this partly agrees with previous
studies reporting associations of diagnosis or manic symptoms with
increased relapse rate'>'*'*, In addition, we think that in the current
debate about the validity of DSM/ICD diagnoses, it is worth noting
that diagnostic labels more than clinical scales helped predict future
relapses. That said, this debate is entirely out of the scope of this
paper. On another note, the protective effects of the difficulty in
abstract thinking and poor impulse control are intriguing. We
speculate that these symptoms may be related to latent disorder
subtypes that might be clearer in subsequent phases of the illness.
Finally, we must acknowledge that the variables showing statistical
significance in the descriptive univariate analysis (see Supplement)
were primarily different from the variables selected by the lasso
regression. However, this disagreement is expectable because the
latter only aims to predict and thus discards brain regions that do not
add much to the prediction accuracy, even if they are statistically
significant when considered alone.

Before creating the HRR-FEP detection tool, we used two
independent datasets to find the optimal parameters for VBM-
based machine learning. Finding the optimal parameters in two
different datasets keeps the main study data unseen until we
create the model for the HRR -FEP detection tool. We acknowl-
edge that the accuracy of the age predictions was lower than that
reported elsewhere®'. This lower accuracy was probably related to
the limited sample size of the age prediction dataset. However, we
only aimed to compare the accuracy depending on different
parameters. We found that the optimal parameters were the
addition of gray and white matter images, the addition of
unmodulated and modulated images, and the use of voxel-level
ensemble. We encourage future studies to use these parameters.
Also, we found that even triple subsampling did not affect the
accuracy while substantially reducing computational costs.

We want to comment that, while previous work has searched
for gold biomarkers with little success, this work shows the
potential clinical use of MRI-based machine learning in risk
assessment. We speculate that such risk assessment will very
likely be far from perfect, i.e.,, we will not be able to know for
sure which patients will have a relapse and which will not, or
the date of the relapse. Indeed, such predictions may seem
unrealistic considering that relapses also depend on life events
and stressors after the assessment*?, However, the estimation
will be clinically valuable as far as we can estimate risk with
enough accuracy to help the physician, ie., so that the
information translates into in an effective improvement of the
care. Our study does not provide this level of accuracy yet, but
we hope to have made a step for future studies.

This work has some limitations. First, this sample does not
include the patients who did not meet the inclusion criteria or
refused to participate in the study, who may differ from those
included. It is a common limitation in many other studies. Second,
even if we included 227 patients and followed them for
18-24 months, representing one of the largest brain imaging
FEP cohorts worldwide, there were only 16 relapses. This relapse
rate is lower than those reported in some previous cohorts?**%4,
To check whether the difference in relapse rate was due to our
relapse criteria being only based on PANSS while others also
considered hospitalizations, we retrieved hospitalizations, and the
updated relapse rate (37%) was more in agreement with previous
cohorts. However, we could not successfully repeat the analyses
with hospitalizations because this information was unavailable on
some sites. Third, the statistical significance was weak, probably
due to our cohort’s limited number of relapses. In any case, the
power to detect a hazard of relapse of 4.5 with the sample size
and the number of relapses in this study was 72%, very close to
the conventional 80% required in sample size calculations. Fourth,
more complex machine-learning algorithms, such as neural
networks, might detect more patterns than the relatively simple
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algorithms used here. However, these algorithms usually require
substantially larger cohorts, which may be challenging to achieve.
Fifth, for simplicity, we considered patients estimated to have a
HR > 1 at HRR-FEP. However, the optimal division between groups
could be at another HR threshold. Future studies evaluating the
benefits and costs of the interventions at different HR levels may
provide more insights into this question. Sixth, we could not
evaluate medication adherence, DUP, and premorbid functioning
because data was missing in some sites. Due to its established role
in relapse, the use of these variables could improve model
accuracy. Finally, we could not report statistics such as sensitivity
and specificity. We could not estimate such statistics because our
data was not binary (relapse vs. not relapse). Note that 38% of
patients did not complete the follow-up, and thus we could not
classify them as relapse or not relapse - we knew that they had not
relapsed until the last visit, but we did not know if they had
relapsed afterward. However, even if there were no follow-up
losses, we would still report the Cox regression as the primary
validation statistic because it considers whether relapses occurred
earlier or later. In contrast, binary statistics do not.

To conclude, this study might represent a step towards a
translational application of neuroimaging to mental health. Up to
now, brain imaging prediction models have mainly aimed to imitate
clinical judgment, for example, by training a support vector machine
to differentiate between patients and controls based on their brain
images**. Conversely, we combined clinical and MRI data to improve
the accuracy of a tool that, instead of finding reliable biomarkers,
aims to help the clinician, ultimately paving the way toward more
personalized medicine in mental disorders.
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Reptes i futures vies de treball

En aquesta tesi he estat treballant en un metode per tal de poder estimar el risc de recaure
en pacients amb un primer episodi psicotic mitjancant certes dades cliniques i imatges de RM.
A més també he parlat de metodes per tal de poder manejar dades multicéntriques en aquest
tipus d’estudis, i d’aquesta forma possibilitar aconseguir mostres més grans, un dels grans

requisits per millorar els models actuals.

Vist aix0, en aquesta seccid introduiré algunes de les vies de futur treball per tal de poder
seguir millorant en els estudis d’aprenentatge automatic per tal de permetre’n algun dia la

seva translacio clinica.

6.1. ESTUDIS LONGITUDINALS

Els métodes basats en dades d'un sol punt de temps poden ser Utils. Tot i aix0, els canvis amb
el pas del temps poden proporcionar informacio rellevant per crear models del que pot passar
(per exemple, si el pacient respondra al tractament o tindra alguna complicacid). Per exemple,
se sap que els pacients amb un primer episodi de psicosi mostren una disminucié en el temps

de la substancia grisa cortical en comparacié amb els controls sans 108

, 0 que la reduccié
progressiva del volum de substancia grisa en el gir temporal superior s'associa a una baixa
millora dels simptomes de psicosi positiva 1%°. Tenir un conjunt de dades recollides de
centenars o milers de persones amb condicions similars durant un periode prolongat
permetra trobar patrons més complexos. Aquests patrons permetran una millor prediccié de

resultats futurs. Per tant, els estudis longitudinals seran crucials per millorar la fiabilitat i el

rendiment de les eines de suport a la presa de decisions en salut mental.

6.2. MOSTRES MES GRANS

Un dels primers passos habituals a I'hora de preprocessar dades de neuroimatge és la
reduccié de la dimensionalitat, mitjancant la seleccié de caracteristiques dissenyada per
experts o l'extraccié de caracteristiques. Aquest procés augmenta el rendiment dels

algorismes, pero elimina la informacid de les dades d'entrada. Per contra, algorismes



Reptes i futures vies de treball

moderns com |'aprenentatge profund poden utilitzar dades d'entrada minimament
preprocessades i aprofitar els patrons subtils que normalment es retiren durant el
preprocessament 119 No obstant aix0, tot i que ja s'usa en algunes tasques de deteccid
d'anomalies cerebrals, l'aprenentatge profund encara no s'ha aplicat ampliament per
detectar subjectes precogos amb risc de desenvolupar un trastorn o un resultat rellevant. Una
rad critica per no fer servir algorismes d'aprenentatge profund és que requereixen, en
general, conjunts de dades substancialment més grans que altres enfocaments

d'aprenentatge automatic.

Els conjunts de dades de neuroimatge solen ser dificils d'adquirir. Aixi i tot, consorcis
emergents, com el consorci ENIGMA (http://enigma.ini.usc.edu/), ja estan permetent fer
analisis sobre grans conjunts de dades d'una altra manera impossibles de reclutar °*. De fet,
una mostra multisite més gran no només millora la poténcia estadistica dels estudis i permet
I'is de I'aprenentatge profund, sind que també millora la generalitzabilitat dels models a

noves dades.

6.3. NOUS ALGORISMES

Els algoritmes i métodes evolucionen cada dia, aixi que potser la millor eina per detectar
subjectes en risc encara esta per apareixer. En aquesta seccid, només ratllarem la superficie i

revisarem alguns dels métodes més prometedors en aprenentatge automatic.

6.3.1. ALGORISMES AUTODEFINITS

Hi ha molts algorismes d'aprenentatge automatic possibles per aplicar a una pregunta
concreta. El problema és quin algorisme o hiperparametres son els millors per a cada
plantejament. Una nova metodologia anomenada AutoML consisteix en tecniques que poden
seleccionar automaticament el model adequat i els seus hiperparametres associats per

11 Que l'algoritme

optimitzar el rendiment i la fiabilitat de les prediccions resultants
s'autodefineixi, pot proporcionar un model huma-agnostic que no sigui propens als biaixos i

suposits lligats a cada decisié que ha de prendre I'expert a I'hora de definir un model. Ja s'ha
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provat amb éxit en la identificacié de mesures de fenotipat digital més rellevants per als

simptomes negatius en trastorns psicotics 112,

6.3.2. COMBINAR EL CONEIXEMENT D’ALTRES FONTS

En altres dominis, com en la visié per computador, existeixen grans conjunts de dades per a
proposits generals, com ara ImageNet 3, Perd en neuroimatge no és tan facil aconseguir un
conjunt de dades d’aquesta mida. Aqui és on apareix una técnica anomenada Aprenentatge
per Transferéncia. Aquest enfocament pot extreure informacié obtinguda de grans conjunts
de dades de proposit general i utilitzar aquesta informacié per millorar la creacié de petits
models sobre petites bases de dades °2. Aquesta técnica ja s'ha provat per millorar la
classificacid de la malaltia d'Alzheimer 4. Aixi i tot, ara com ara, practicament no s'ha fet

servir en molts altres dominis com pot ser |'estimacié de riscos.

6.3.3. INTEL-LIGENCIA ARTIFICIAL INTERPRETABLE

Algorismes nous com |’Aprenentatge profund (Deep Learning) se solen considerar "caixes
negres" perqueé les decisions de les xarxes no sén facilment interpretables pels humans. La
intel-ligéncia artificial Explicable (XAl) busca proporcionar una solucié facilment
comprensible. Per exemple, en xarxes neuronals altament complexes utilitzades per a la
classificacio basada en ressonancia magnetica, no és facil saber quins voxels s'han utilitzat per
classificar entre grups; XAl proporcionaria un mapa de calor indicant quines eren les zones o
voxels més rellevants utilitzats en la classificacid, proporcionant informacié sobre el
funcionament de la xarxa '°>. Un enfocament és la propagacié de la rellevancia per capes
(LRP), que produeix mapes de calor de la contribucid de cada voxel al resultat final de la
classificacid per cada subjecte. Quan es va provar en la malaltia d'Alzheimer, els voxels
reportats en el mapa de calor concordaven amb zones que se sap que solen tenir anomalies
en aquesta malaltia . També s'ha aplicat a I'esclerosi multiple, on les lesions es distribueixen
per tot el cervell. Els mapes de calor individuals corresponien a les mateixes lesions i a zones

de substancia grisa i blanca no lesionada com el talem, que sén marcadors de ressonancia
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8, En un estudi on els autors van fer servir mapes de

magnetica convencionals
caracteristiques de textura per classificar els participants amb SZ, pacients amb MD i HC, LRP
va mostrar quines zones van contribuir a la classificacié de l'algorisme d'aprenentatge
profund ', Un altre enfocament interessant per determinar quines regions contribueixen
més a la classificacié consisteix a substituir les regions cerebrals per altres sanes generades

mitjancant autoencodificadors variacionals i després veure com canvia el rendiment %/,

Disposar d'eines comprensibles per als humans facilitaria que els investigadors, els metges i

la poblacié general hi creguessin.

6.3.4. APRENENTATGE FEDERAT

Un obstacle en la comparticié de dades per crear conjunts de dades més grans de ressonancia
magneética és la preocupacioé per la privadesa i la confidencialitat. | una altra limitacié és que
tot i tenir grans bases de dades d'imatges, moltes imatges no estan etiquetades i, per tant,
limiten I'aprenentatge del model. Per a etiquetar les imatges, un radioleg format ha
d'inspeccionar les imatges, cosa que pot requerir molt de temps. Tots dos problemes es
poden resoldre mitjancant 'aprenentatge federat, ja que permet entrenar algoritmes sense
gue les dades hagin de sortir de cada centre. Es proporciona un algorisme a tots els centres i
s'aplica localment a cada lloc. Un cop l'algoritme extreu la informacid, aquest coneixement
s'ajunta. Mitjancant aquest enfocament, no es comparteixen dades privades i tots els centres
poden ajudar en el procés, fins i tot si la seva base de dades etiquetada és petita.
L'aprenentatge federat és una técnica prometedora que defensa la privacitat dels pacients i

facilita la cooperacio entre centres sanitaris 118,

6.3.5. UN ENFOCAMENT MULTIMODAL

Se sap que l'esquizofrénia i altres trastorns mentals son causats per una combinacid de factors
genetics, anatomics i ambientals. Per tant, les prediccions de resultats futurs o la deteccié
preco¢ de subjectes en risc poden beneficiar-se d'enfocaments multimodals, per exemple,

combinant factors geneétics i neuroanatomics. De fet, molts estudis ja utilitzen un enfocament
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multimodal '*°. No obstant aix0, el principal problema és que encara no esta clar quina

combinacid de factors prediuen millor el resultat i com combinar-los.
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Aquesta tesi esta centrada en un article principal (Article 2) °¢, que tenia per objectiu
desenvolupar un métode per poder combinar dades cliniques i dades de RM cerebral per
poder obtenir una estimacié del risc que pot tenir un pacient a recaure d'acord amb la
informacid basal. Com que I'obtencié de dades cliniques suposa un esforg tan de temps com
economic molt grans, s’ha de recérrer a col-laboracions multicentriques, i és per aixo que per
a aquest estudi les dades provenen de diferents centres. Les dades multicentriques tenen un
biaix potencial associat al centre, i és per aixd que l'altre article principal (Article 1) *?
juntament amb I’article adjunt °? pretenen reduir al maxim aquest biaix. El primer article de
la tesi (Article 1) °¢ se centra a reduir el biaix residual que pot quedar en calcular el rendiment
dels models, mentre que I'article adjunt °* pretén gestionar I’efecte multicéntric harmonitzant

les dades en el moment previ a la creacié dels models.

Article 1: Biased accuracy in multisite machine-learning studies due to incomplete removal

of the effects of the site

En aquest primer estudi °2, que complementa al segon °°, hem mostrat dues formes de
controlar I'efecte del centre en estudis multicentrics. En aquest cas, pero, no en I'etapa de la
creacio del model, sind en el moment d’estimar com de bé funciona. Hem inclos dos métodes
per a fer-ho, el primer que consisteix a tractar les dades de cada centre com si fossin estudis
diferents i llavors fer una metaanalisi o el segon, que és incloure la variable del centre com
una covariable. En I'estudi, també proporcionem diferents indicacions en funcié de la mesura

de rendiment utilitzada, i també facilitem un paquet d’R per a aplicar-ho de forma simple.

Per mostrar-ne la importancia i també com es pot utilitzar, hem ofert simulacions que altres
investigadors podrien utilitzar per comprovar-ne el funcionament, i també un exemple amb

dades de RM reals d’una base de dades disponible a internet.

En I'estudi, vam demostrar com utilitzant qualsevol dels dos métodes, els efectes del centre
eren menors i forca més petits que els biaixos observats en el cas on no es controlaven. En els
exemples en dades simulades, vam poder mostrar que treure aquest efecte pot tenir
comportaments diferents en funcié de com siguin les dades. En alguns casos podria ser que

I’efecte del centre condicioni la pregunta que pretenem respondre amb el model, i, per tant,
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podria ser que estiméssim un rendiment superior al real, pel simple fet que les principals
diferéncies vinguin de 'origen d’aquestes dades. També pot passar el cas contrari, que un
model tingui un rendiment correcte, pero el fet de no tenir en compte el centre, faci que el
rendiment estimat acabi essent inferior al que té realment. En I’article hem explicat pas a pas
i de forma pretesament practica com es poden produir aquests efectes i les diferents formes

de tractar-los.

Com a limitacid, podriem considerar que centrar 'efecte a només el centre, pot limitar la
representativitat del model a la poblacié general, ja que només tindra en compte les
diferéncies calculades en aquests centres. En alguns casos podria ser necessari controlar a
més per altres efectes. Una altra limitacio és que seria possible que els efectes del centrei els
efectes reals a les dades siguin col-lineals, cosa que faria que la separacié d’aquests efectes

seria impossible amb els nostres métodes mostrats.

Per acabar, voldria remarcar la importancia que pot tenir el fet de controlar els efectes del
centre en |'etapa d’estimacid del rendiment del model. | si bé en I'ambit teoric és impossible
extreure tots els efectes potencials que pot tenir el centre, si que és altament recomanable
extreure el maxim possible d’efecte per tal de poder proporcionar estimacions més realistes.
Precisament per aixo, per fer el pas més senzill, hem creat un paquet de molt facil Us i que
permet fer aquest ajustament de forma molt rapida, el paquet anomenat

“multisite.accuracy”.

Article 2: Combining MRI and clinical data to detect high relapse risk after the first episode

of psychosis

En aquest estudi, vam crear una eina d’aprenentatge automatic basada en imatges de RM
cerebral per tal de detectar aquells pacients amb un risc alt de recaiguda després de patir un
primer episodi psicotic. Per a fer-ho vam utilitzar una cohort de 227 subjectes que havien patit
un PEP. El model va ser capag¢ de detectar correctament els pacients en alt risc de recaiguda.
El perill de recaiguda va ser 4,58 vegades superior en subjectes estimats d’estar en alt risc en
comparacié als que havien estat detectats com a baix risc. Es per aixd que aquest estudi va

aconseguir I'objectiu de crear una eina que pugui ajudar al professional aportant-li una
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informacid extra que pot ser valuosa. Aquesta informacid és especialment util en les etapes
primerenques de la malaltia, ja que permet al professional clinic tenir una eina que li indiqui
una informacid que li permetria ajustar el tractament profilactic, que d’altra manera només
es podria ajustar després de diverses recaigudes del pacient. Si la prevencid previa a
I’'ajustament correcte del tractament és debil, aix0 podria implicar que els pacients en un risc
alt de recaiguda podrien experimentar diverses recaigudes; per contra, els pacients que
estiguin classificats com a baix risc podrien experimentar efectes adversos a la medicacid si
s’utilitzés un tractament preventiu massa fort. De totes maneres, qualsevol ajustament del
tractament sempre hauria de seguir el principi de “primer no perjudicar”, especialment tenint

en compte que en la nostra cohort el 85% dels pacients estimats com a alt risc, no van recaure.

Tot i que els resultats sén esperangadors, vull fer un incis, ja que aquesta eina desenvolupada
per a la tesi, caldria ser sotmesa a una validacié extensa préviament a qualsevol recomanacio
per ser utilitzada en la practica clinica. Desafortunadament, és comu que els resultats d’un
estudi no es puguin replicar quan es pretén aplicar a unes noves dades %, i el nostre estudi
podria patir el mateix problema. Per a poder facilitar aquesta replicacid i seguint les
recomanacions d’estudis previs **!, hem decidit proporcionar una eina en linia senzilla per a
facilitar a altres investigadors comprovar els resultats en les seves propies dades. Dit aixo,
crec que aquest estudi pot proporcionar un nou pas cap a una potencial aplicacié de les
tecnigues basades en I'aprenentatge automatic en la practica clinica, sempre entesa com a

una eina de suport a I'especialista.

També és important, tenir en compte que podria ser util complementar aquesta eina que
proporcionem amb altres técniques que permetin actualitzar el risc de recaiguda durant el
seguiment, ja que per exemple en un estudi previ ja s’ha demostrat que en altres trastorns,
com ara el trastorn bipolar, els subjectes en que en un any no han tingut cap recaiguda, el seu

risc de recaure a un any vista és molt inferior a altres subjectes 1%2.

Un fet diferencial d’aquest estudi que crec que cal tenir en compte, és que ens hem centrat a
detectar els pacients amb un primer episodi psicotic que es troben en un alt risc de recaiguda.
La majoria d’estudis fins ara s’havien centrat a trobar controls sans amb risc de tenir algun

episodi psicotic 88123, | més concretament, d’estudis centrats a utilitzar dades de RM cerebral
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per predir el risc de recaiguda en pacients amb un primer episodi psicotic no se n’han realitzat

que coneguem.

En la poblacié general, tal com he mencionat, si que s’han realitzat molts estudis per tal de
detectar aquells subjectes en risc incrementat de patir psicosi, i algunes eines requereixen
introduir poca informacié per tal de fer una avaluacid inicial. N'és un exemple I'eina de
deteccid Psychosis Polirisk Score (PSS) 1** que només demanant pocs factors de risc ja ha

demostrat en un estudi pilot de proporcionar un funcionament adequat per al mén real 12>,

En aquest estudi, varem seguir un pas previ per a escollir els parametres de I'algorisme
d’aprenentatge automatic. Per a fer-ho, vam optar per agafar dues bases de dades
completament separades de les dades on aplicariem el model final. D’aquesta manera
aconseguiem que la decisié dels parametres quedés completament al marge de les dades
usades finalment. Aquests parametres consistien en incorporar dades de substancia grisa i
blanca, conjuntament amb les seves imatges modulades, amb un suavitzat amb un nucli
o0=4 mm, i fer servir un procés d’“ensemble learning” a nivell de voxel. A més, vam considerar
augmentar la mida del voxel per reduir la complexitat dels calculs i aixi reduir el temps de
processat, i vam poder constatar que aquesta reduccid no afectava especialment el
rendiment dels models, perd si que contribuia a una millora important en el temps de
processament dels models. Aquest pas, també crec que és rellevant remarcar-lo, ja que els
parametres trobats son extrapolables a altres estudis centrats en la prediccié on s’utilitzin

tecniques d’aprenentatge automatic sobre dades de RM.

Tot i I'alegria que ens desperten els resultats trobats, aquest estudi no esta exempt de tenir
limitacions importants. Primer de tot, tot i que és comu de qualsevol estudi on s’hagi de fer
un mostreig de pacients, cal remarcar que la mostra obtinguda pot variar de la mostra de
pacients al mdn real, ja que no s’han inclds aquells pacients que no han volgut participar en
I’estudi o que no complien els requisits d’inclusié. Segon, per molt que tinguem una mostra
de 227 pacients seguits durant entre 18 i 24 mesos, només hi ha hagut 16 recaigudes. Aixo és
inferior a estudis anteriors 122126127, Hem pogut comprovar que la diferéncia en el
percentatge de recaigudes és degut al fet que el criteri que hem seguit per definir una
recaiguda és més estricte que els estudis anteriors, on consideraven com a recaiguda una

hospitalitzacié. Hem intentat replicar aquest criteri de recaiguda, perdo no ens ha estat
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possible aconseguir la informacié de les hospitalitzacions per a tots els centres de la nostra
mostra. Tercer, la significacidé estadistica és limitada, i aix0 ve probablement donat pel
nombre limitat de recaigudes en la mostra. Hem calculat, malgrat aix0, que el poder estadistic
per detectar un risc de recaiguda de 4,5 tal com hem assolit nosaltres seria d’un 72%, forca
propera al 80% que se sol requerir en el moment de calcular la mida de mostra. Quart,
algorismes més avangats com els basats en xarxes neuronals podrien detectar patrons més
complexos en les dades, pero aquests solen necessitar mostres més grans per tal de tenir un
rendiment acceptable. Cinque, el llindar que hem considerat per classificar pacients en alt o
baix risc ha estat tenir HR superior o inferior a 1 respectivament. Aquest llindar I’hem escollit
per simplicitat, perd podria variar en futurs estudis de validacio, i situar-se en un altre valor
més bo. Per uUltim, no hem pogut incloure alguna informacié que podria ser rellevant per a la
prediccid, com és I'adherencia a la medicacid, el funcionament premorbid o el temps que

passa entre els primers simptomes psicotics i I'inici del tractament (DUP).

Finalment, aquest estudi representa un pas més cap a I'aplicacid translacional dels metodes
de neuroimatge en salut mental. Contrariament a la tendencia majoritaria de fer servir els
models de prediccid en neuroimatge per classificar entre diagnostics, nosaltres ens hem
centrat més en la utilitat clinica que podria tenir un métode per estimar I'evolucié individual
d’un pacient, més concretament el risc que torni a patir un brot psicotic. Aquesta eina, en lloc
de trobar biomarcadors robustos, se centra principalment a ser util, és a dir en proporcionar
una eina al professional clinic que li pugui ser atil per als seus pacients. | tal com diu el titol de
la tesi, els resultats d’aquest treball poden permetre fer un pas més cap a la medicina

personalitzada en els trastorns mentals.
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8.CONCLUSIONS

1. Quan es crea un model de prediccié amb dades que provenen de diferents centres,

existeixen efectes del centre que esbiaixen I'estimacio de la precisié del model, encara

gue s’hagin usat metodes per eliminar les diferéncies entre centres.

2. Existeixen com a minim dos metodes per evitar aquest biaix: un basat a estimar la
precisio separadament per a cada centre i després meta-analitzar, i un altre basat a

incloure el centre com a covariable en I'estimacio de la precisié.

3. Proporcionem a la comunitat cientifica un paguet d'R amb aquests dos metodes per
tal que altres grups puguin estimar la precisié dels seus models de prediccié amb

dades multicentriques sense el biaix relacionat amb els efectes del centre.

4. Es pot aconseguir un augment de precisié dels models de prediccié basats en dades
de ressonancia magneética cerebral estructural mitjangant la combinacié de substancia
blanca i grisa modulada i no modulada, aixi com mitjancant I'ds de métodes de mitjana

de meitats del cervell (voxel-based ensemble).

5. En els models de prediccid basats en dades de ressonancia magneética cerebral
estructural, el submostreig de voxels disminueix substancialment el cost

computacional sense afectar la precisio.

6. Proporcionem a la comunitat cientifica un paquet d’R per a crear facilment models de
prediccid a partir de dades cliniques i de ressonancia magnética cerebral estructural

amb les optimitzacions descrites.

7. En aquesta tesi s’ha creat un model de prediccié que permet estimar el risc de
recaiguda després d’'un primer episodi psicotic a partir de dades cliniques i de

ressonancia magnetica cerebral estructural.



Conclusions

10.

11.

La precisié de les prediccions és major en aquest model, que combina dades de
ressonancia magnetica cerebral estructural i dades cliniques augmenta la precisio de
les prediccions, que en els models basats només en dades de ressonancia magnetica

o basats només en dades cliniques.

Per tant, I'anatomia cerebral i la clinica aporten informacié sobre I'evolucié futura

d’una persona que ha sofert un primer episodi psicotic.

Proporcionem a la comunitat cientifica les férmules i una web per facilitar la replicacié

del model de prediccio creat en aquesta tesi per altres grups.

En cas que el model de prediccié fos exitosament replicat, podria esdevenir una eina
util en la practica clinica en aportar de forma preco¢ informacié que podria ajudar a

individualitzar i optimitzar el tractament.

12. Aquesta tesi pretén, per tant, ser un pas més cap a la medicina personalitzada en salut

mental i la psiquiatria de precisid.
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ARTICLE INFO ABSTRACT
Keywords: A common limitation of neuroimaging studies is their small sample sizes. To overcome this hurdle, the Enhancing
Brain Neuro Imaging Genetics through Meta-Analysis (ENIGMA) Consortium combines neuroimaging data from many

Cortical thickness
Gray matter
Mega-analysis

institutions worldwide. However, this introduces heterogeneity due to different scanning devices and sequences.
ENIGMA projects commonly address this heterogeneity with random-effects meta-analysis or mixed-effects mega-
Neuroimaging analysis. Here we tested whether the batch adjustment method, ComBat, can further reduce site-related het-
Schizophrenia erogeneity and thus increase statistical power. We conducted random-effects meta-analyses, mixed-effects mega-
Volume analyses and ComBat mega-analyses to compare cortical thickness, surface area and subcortical volumes between
2897 individuals with a diagnosis of schizophrenia and 3141 healthy controls from 33 sites. Specifically, we
compared the imaging data between individuals with schizophrenia and healthy controls, covarying for age and
sex. The use of ComBat substantially increased the statistical significance of the findings as compared to random-
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effects meta-analyses. The findings were more similar when comparing ComBat with mixed-effects mega-analysis,
although ComBat still slightly increased the statistical significance. ComBat also showed increased statistical
power when we repeated the analyses with fewer sites. Results were nearly identical when we applied the ComBat
harmonization separately for cortical thickness, cortical surface area and subcortical volumes. Therefore, we
recommend applying the ComBat function to attenuate potential effects of site in ENIGMA projects and other
multi-site structural imaging work. We provide easy-to-use functions in R that work even if imaging data are
partially missing in some brain regions, and they can be trained with one data set and then applied to another (a
requirement for some analyses such as machine learning).

1. Introduction

After the early reporting of ventricular enlargement in patients with
schizophrenia (SCZ) using pneumoencephalography (Huber, 1957),
there has been an exponential increase in the number of studies that use
imaging techniques to detect brain differences in people with psychiatric
disorders. This increase is most evident for studies using magnetic
resonance imaging (MRI), probably due to its high resolution and its
wide availability around the globe. However, most MRI studies have
examined relatively small sample sizes, a limitation that may prevent the
detection of true differences (type II errors), and because of the use of
liberal thresholds, may even lead to increased detection of false differ-
ences (type I errors). Consequently, reports of unreliable, inconsistent
and even contradictory results are not uncommon (Radua and
Mataix-Cols, 2012).

Collaborative multi-site initiatives provide an opportunity to
assemble larger and more diverse groups of subjects, leading to increased
power and findings that may be more representative of the general
population. Among these initiatives, the ENIGMA (Enhancing Neuro
Imaging Genetics through Meta-Analysis; http://enigma.ini.usc.edu)
Consortium (Thompson et al., 2014) stands out for including hundreds of
groups worldwide and facilitating the sharing of tens of thousands of
neuroimages. One great advantage of this consortium is the harmoniza-
tion of the protocols to pre-process the MRI data, which has decreased the
heterogeneity between the sites related to methodological factors. All
sites apply the same pre-processing pipelines to obtain thickness and
surface area estimates for cortical regions of interest (ROI) and volume
estimates for subcortical ROIs; similar harmonized protocols are in use
for standardized analysis of diffusion MRI, resting state fMRI and EEG
data, as well as various kinds of omics data (GWAS and epigenetic data).

However, even though all sites participating in an ENIGMA project
apply the same pre-processing protocol, data from different sites still
show relevant methodological heterogeneity due to systematic differ-
ences in MRI scanning devices and acquisition sequences. Also, prior
studies have reported that the results of the FreeSurfer segmentation
process, for morphometric analysis of MRI, can be affected even by using
different FreeSurfer versions, workstations or operating systems (Chep-
koech et al., 2016; Gronenschild et al., 2012). Most ENIGMA projects
address this residual heterogeneity by random-effects meta-analysis
(RE-Meta), but estimation and control of heterogeneity in site-aggregated
meta-analyses may be suboptimal (Chen and Benedetti, 2017). It is worth
noting that a few ENIGMA studies have analyzed shared individual data
(rather than site-aggregated statistical data). These “mega-analyses™ of
individual data considered the “site” as a random factor within a linear
mixed-effects model (ME-Mega), and in several cases examined so far,
showed higher statistical power than RE-Meta (Boedhoe et al., 2017,
2018; Favre et al., 2019; van Rooij et al., 2018) (Table 1).

Here, we tested whether ME-Mega may be further improved using a
recently developed method to control for batch effects. Standard ME-
Mega assumes that the error terms follow the same normal distribution
at all sites, which is rarely the case as sites usually have different error
variances. In addition, both RE-Mega and ME-Meta estimate the het-
erogeneity of each ROI independently, while it is likely that all ROIs
share some heterogeneity. One method that overcomes these issues is
ComBat (Johnson et al., 2007), a batch adjustment method developed for

genomics data. Fortin and colleagues have shown that ComBat
mega-analysis (ComBat-Mega) outperformed other methods for
removing the effects of site from cortical thickness data obtained using
the ANTs cortical thickness pipeline (Tustison et al, 2014) from a
moderately small number of different sites (<7 sites). Specifically,
ComBat decreased scan-related heterogeneity and increased statistical
power and reproducibility (Fortin et al., 2018). The current study ex-
amines whether this harmonization result can be extended to ENIGMA
data obtained using a standardized FreeSurfer pipeline (Dale et al., 1999;
Fischl et al., 1999). Moreover, we did not know whether the use of a
larger number of sites could minimize the advantages of ComBat-Mega as
compared to ME-Mega. To answer these questions, we analyzed the main
structural MRI data from the ENIGMA Schizophrenia Working Group
using RE-Meta, ME-Mega and ComBat-Mega, and then compared the
findings. The RE-Meta of these data have been already published (van
Erp et al., 2016, 2018; Wong et al., 2019); in those analyses, individuals
with SCZ showed widespread thinner cortex and smaller surface area, as
well as smaller hippocampus, amygdala, thalamus and accumbens vol-
umes, and larger pallidum and lateral ventricle volumes.

We hypothesized that ComBat-Mega would show improvements over
RE-Meta and ME-Mega in detecting differences between groups of in-
dividuals with SCZ and healthy controls (CON), with standard errors of
these effects scaling by method: Combat-Mega < ME-Mega < RE-Meta.
We further provide the R code (http://enigma.ini.usc.edu/wp-content
/uploads/combat_for ENIGMA_sMRI/combat for ENIGMA sMRLR) for
the application of ComBat harmonization for other ENIGMA mega-
analyses or other multi-site structural imaging work even if the imag-
ing data are partially missing in some ROIs (the original ComBat function
did not accept missing data).

2. Methods
2.1. Methodological approaches

Before detailing the collection of data and analyses in the present
study, we will briefly explain the three methodological approaches. To
exemplify the explanation, we will refer to a simple comparison of
cortical thickness between groups of individuals with SCZ and CON, after

Table 1
Previous ENIGMA projects that included both mega-analyses and meta-analyses.

RE-Meta ME-Mega

| in 1ROl and t
in 1 ROI

Subcortical volumes in obsessive- lin1ROIand f in
compulsive disorder (Boedhoe et al., 1 ROI
2017)

Fractional anisotropy in bipolar disorder | in 23 out of 44 1in 29 out of 44
(Favre et al., 2019) ROIs ROIs

Cortical thickness in obsessive-compulsive No findings | in 2 ROIs
disorder (Boedhoe et al., 2018)

Surface area in obsessive-compulsive {in 1 ROI | in 1 ROI
disorder (Boedhoe et al., 2018)

Subcortical volumes in autism spectrum 1 in 3 ROIs | in 4 ROIs
disorder (van Rooij et al., 2018)

Cortical thickness in autism spectrum tin3ROIsand | 1 in 9 ROIs and
disorder (van Rooij et al., 2018) in 10 ROIs 1 in 7 ROIs

Footnote: ROL: region of interest. ME-Mega: mixed-effects mega-analysis; RE-
Meta: random-effects meta-analysis.
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covarying for effects of age and sex, but the concepts are applicable to
other measures and statistical contrasts. We also conducted an alternative
analysis covarying for age, sex, and intracranial volume (ICV).

2.1.1. The RE-Meta approach

In the random-effects meta-analysis (RE-Meta), a linear model esti-
mates the difference in cortical thickness between SCZ and CON for each
ROI at each site, covarying for age and sex:

Yrij=0ri+Xij B+ Erij

where y;;; is the measurement of cortical thickness of the rth ROI from
the jth individual of the ith site, a,; is the estimate overall cortical
thickness of the rth ROI from individuals of the ith site, X;; are the values
of the variables (disorder, age, and sex) of the jth individual of the ith site,
fr.i are the estimates of the coefficients of these variables for the rth ROI
from individuals of the ith site, and &.;; is the error term for the rth ROI in
the jth individual of the ith site.

Estimates of coefficients of interest (e.g., fr.i1, the difference between
SCZ and CON are then pooled to obtain a single estimate for each ROI
(Pr.meta,1)- A typical method to pool the coefficients is the weighted mean
of the coefficient of each site (Radua and Mataix-Cols, 2012):

Brmeta) = Z (WeiBrin)

icsites

where w;,; the weight of ith site for the rth ROI, and is calculated as the
inverse of the variance of f§,.; 1, plus the heterogeneity for the rth ROI (t2):

1
var(f, ;) + 7}

Frequently, the analyst does not use the coefficients but effect sizes,
such as Hedges' g (Radua and Mataix-Cols, 2012), but the concept is
similar.

Some problems of RE-Meta are that ff,; may be poorly estimated in
sites with small sample sizes, or that zZ may be poorly estimated in some
scenarios (Chen and Benedetti, 2017).

Wyi=

2.1.2. The ME-Mega approach

In the standard mixed effects mega-analysis (ME-Mega), a linear
mixed-effects model is performed on shared individual subject data to
estimate the overall difference in cortical thickness between SCZ and
CON, for each ROI, covarying for age and sex. This analysis is conducted
in a single step, with “site” included in the model as a random factor:

Yeij =0+ Xij B+ 7+ Eriy

where a; is the estimate overall cortical thickness of the rth ROI from all
individuals, j3, are the estimates of the coefficients of the variables for the
rth ROI from all individuals, and y;; are the additive effects of the ith site
in the rth ROL

This approach benefits from a more robust estimation of a, and f3, as it
is based on the data from all sites, as well as from a more precise esti-
mation of the heterogeneity. However, it still may have some minor is-
sues. It assumes that the error terms follow the same normal distribution
at all sites, which may seldom be the case. We acknowledge that it is
possible to create linear mixed-effects models that consider a different
variance for each site, but they involve the specification of variance
structures for each statistical test, which may substantially complicate
the analyses. In addition, the effects of site are estimated independently
for each ROI, which may be suboptimal because the effects of site, even if
different for each ROI, may still share some commonalities (e.g., an MRI
device may yield a better signal contrast than another across the brain).

2.1.3. The ComBat-mega approach
As compared to ME-Mega, the Combat mega-analysis (ComBat-Mega)
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assumes that the error terms may follow varying normal distributions at
different sites:

Veig =0 +Xij B+ ¥y + Oriv €riy

where &,; are the multiplicative effects of the ith site in the rth ROL

In addition, it assumes that the additive and multiplicative effects of
the sites are not completely independent across ROIs but, rather, they
share a common distribution. Such considerations prevent the use of
standard linear models, but ComBat uses an empirical Bayes framework
to estimate the distribution of the effects of site (Johnson et al., 2007).
Once estimated, it derives the additive error terms:

Yeii = O = Xij Br — V1
Ori

Erij=
These terms allow the derivation of harmonized data:

yComBar _ a,+Xi;- P, + &4y

Yrij

These simpler data can then be analyzed with standard linear models
to estimate the overall difference in cortical thickness between SCZ and
CON groups, for each ROL.

2.2. Modifications of the ComBat function

Fortin and colleagues modified the original “combat” function, in the
“sva” package for R (Leek et al., 2019), so that it could be applied to
imaging data (Fortin et al., 2017). However, Fortin's “combat” function
may not be easily applicable to ENIGMA projects as it requires that the
dataset has no missing data, which is seldom the case. In addition, it finds
the harmonization parameters and applies them to the data within the
same function, while some analyses - such as machine learning - require
that the parameters are found in a training set and later applied to an
independent test set (this is not the case here, but it might be the case in
future studies). We further modified the “combat” function to allow for
missing data and to separate the fitting and the application of the
harmonization.

First, we divided the function into two subfunctions: “combat _fit”,
which finds the harmonization parameters, and “combat_apply”, which
applies them to the same or to another set. The “combat _fit” function
automatically imputes missing data so that the function can find the
harmonization parameters without errors. These imputations are pre-
dictions based on linear models of the ROI values by the covariates,
separately for each ROI and each site:

Yrij =i +Xij- By,

The covariates are the variables introduced into the ‘“combat fit”
function, which in the present study were the diagnosis, age, and sex. The
“combat_fit” function also discards ROIs with no variance, which
returned errors in the previous “combat” function. Importantly, these
imputations are temporary and only aimed to avoid errors during the
fitting of the parameters, they are not saved. To apply the parameters, the
user must use the “combat_apply” function with the original data, and
missing values are not imputed.

The reader may download the adapted ComBat functions for R from
http://enigma.ini.usc.edu/wp-content/uploads/combat_for ENIGMA_
sMRI/combat_for ENIGMA_sMRI.R.

2.3. Collection of data

The data for this paper includes the cortical thickness, surface area
and subcortical volumes from 33 sites of the ENIGMA Schizophrenia
Working Group (van Erp et al., 2016, 2018; Wong et al., 2019) who
shared individual subject level FreeSurfer data for this project. The
overall sample included 2897 individuals with a diagnosis of SCZ (mean
age 34 years, 34% females) and 3141 CON (mean age 33 years, 49%
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Table 2
Description of the overall sample.
Sample Age (SD)  Females  Age of onset  Duration of PANSS SAPS SANS CDE
e (SD) illness (SD) Total Positive Negative D) (D) (5D
(SD) (SD) (SD)
Patients with 2897 33.9 34.2% 22.8(7.1) 121 (12.5) 60.5 15.5 (6.8) 16.6 (7.8) 20.2 23.0 426
schizophrenia (12.0) (25.3) (18.5) (16.9) (591)
Healthy controls 3141 333 49.0%
(13.2)

Footnote: CDE: chlorpromazine dose equivalent; PANSS: Positive and Negative Syndrome Scale; SANS: Scale for the Assessment of Negative Symptoms; SAPS: Scale for

the Assessment of Positive Symptoms; SD: standard deviation.

females). For SCZ, the mean age of onset was 23 years and their Positive
and Negative Syndrome Scale (PANSS) (Kay et al., 1987) scores for
total/positive/negative symptoms were 61,/16/17, respectively. The re-
searchers at each of the sites had collected the data after obtaining par-
ticipants’ written informed consent, with protocols that had been
approved by local institutional review boards. We provide a description
of the overall sample in Table 2 and a description of the sample from each
site in Supplementary Table S1.

All sites had processed the data with FreeSurfer (Fischl, 2012) ver-
sions 4.0 to 5.3, except for version 5.2 which was found to produce low
intra-class correlations compared to the other versions, and within site all
patients and controls were processed using the same FreeSurfer version
(van Erp et al., 2016, 2018) according to the ENIGMA protocols, which
are available at http://enigma.usc.edu/protocols/imaging-protocols. For
cortical ROIs, they involved the estimation of cortical vertex-wise sta-
tistics, the extraction of cortical thickness and surface area for 70
Desikan-Killiany (DK) atlas regions (Desikan et al., 2006), and quality
checks (van Erp et al., 2018). For subcortical ROIs, they involved the
estimation of subcortical volumes and quality checks (van Erp et al.,
2016).

2.4. Statistical analyses

We conducted comparisons of MRI data between individuals with
SCZ and CON to assess the statistical significance, power and familywise
error rate (FWER) using RE-Meta, ME-Mega and ComBat-Mega. We
formally tested whether ComBat-Mega increases the statistical signifi-
cance and power of the differences between individuals with SCZ and
CON by attenuating site-effects, using a permutation test and a small-
subset strategy respectively. We also used the data of the permutation
test to check the FWER.

2.4.1. Comparisons of MRI data between individuals with SCZ and CON

We conducted the RE-Meta in two steps. In the first step, we
compared the values of each ROI between SCZ and CON via a standard
linear model, with age and sex as covariates, separately for each site. We
then converted the difference to a Hedges' g and its variance for each site
and ROL In the second step, we conducted a random-effects meta-anal-
ysis of the Hedges' g of each ROI with the “metafor” package for R
(Viechtbauer, 2010), and we corrected the p-values for multiple com-
parisons with the Holm method.

For ME-Mega, we compared the values of each ROI between SCZ and
CON via a linear mixed-effects model, with age and sex as covariates and
site as a random factor, with the “lme4” and “ImerTest” packages for R
(Bates et al., 2015; Kuznetsova et al., 2017). We then divided the dif-
ference by the standard deviation (derived from the model) and cor-
rected it for small-sample bias to obtain a Hedges’ g and its variance, and
we corrected the p-values for multiple comparisons using the Holm
method (Holm, 1979).

Finally, for ComBat-Mega, we first removed the effects of site using
the ComBat functions (modelling the effects of diagnosis, age, and sex),
and then compared the values of each ROI (e.g., cortical thickness of the
frontal pole) between SCZ and CON via a standard linear model, with age

and sex as covariates. Note that the ComBat functions use covariates
(e.g., age and sex) to better estimate the effects of site, but they do not
remove the effects of these covariates; for this reason, we included these
covariates in the subsequent linear model. As for ME-Mega, we converted
the difference to a Hedges’ g and its variance, and we corrected the p-
values for multiple comparisons with the Holm method. Note that we
applied a single ComBat harmonization for different types of data
(cortical thickness, cortical surface area, and subcortical volume) because
we considered that they were related. We also conducted an alternative
analysis with a separate harmonization for each type of data.

2.4.2. Comparison of the statistical significance

To test whether ComBat-Mega had improved the statistical signifi-
cance we used a permutation approach. We followed the Draper-
Stoneman procedure, which according to results from a study
comparing different algorithms (Winkler et al., 2014), is one of the
procedures that best controls the FWER and that can be safely applied
here. Note that other algorithms such as Freedman Lane would produce
different permuted data for RE-Meta, ME-Mega and ComBat-Mega,
which would be problematic in our study because these unwanted dif-
ferences could confound other potential differences between the
methods. Specifically, we randomly permuted the diagnosis among the
individuals within each site and repeated all comparison analysis 1000
times.

To show the differences in statistical significance between methods
expected by chance, we plotted the histogram of the median difference in
the logit-transformed p-values between the methods across the permu-
tations (Fig. 1). For example, in one permutation we randomly assigned
study participants to patient or control status. We then compared these
randomly assigned patients and controls using RE-Meta, ME-Mega and
ComBat-Mega. We then calculated differences between logit-transformed
p-values of the ComBat-Mega comparison and logit-transformed p-values
of the RE-Meta (or ME-Mega) comparisons for each ROI. From these, we
only saved the median between logit-transformed p-value difference.
Note that this median difference should be very close to zero, given that
participant assignment was random, and there should therefore be no
patient-control group differences other than by chance. By conducting
multiple of these permutations, we were able plot the histogram of the
median differences expected by chance alone. Finally, we compared the
median difference of the original analysis (with correctly assigned pa-
tient and control status) with the histogram of the median differences
expected by chance. Only median differences were used in this analysis to
simplify the test as doing so avoids the need to correct for multiple
comparisons.

We must note that without the logit (or other) transforms, the
detection of differences in statistical significance would be too sensitive
for large p-values and too little sensitive for small p-values. For example,
if the (non-transformed) p-value using one approach was 0.6 and the
(non-transformed) p-value using another approach was 0.4, the differ-
ence in p-values would be very large (0.6-0.4 = 0.2) even if the two p-
values might be considered conceptually very similar, whereas if the
(non-transformed) p-value using one approach was 0.003 and the (non-
transformed) p-value using another approach was 0.001, the difference in
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For each permutation:

Permute Calculate logit Save median difference of logits

T f RE-Meta RE-Meta
; ; * 1 logitip)
() ) B
"n ’H‘ median(ComBat-Mega logit(p) - RE-Meta logit(p))
T ) ME-Mega ME-Mega

b P 1 logit(p)
|| 8
'l‘ ‘ﬁ‘ median(ComBat-Mega logit(p) - ME-Mega logit(p))
1‘ 'ﬁ‘ ComBat-Mega ComBat-Mega

-» .

1\ ‘i‘ p logit(p)

Fig. 1. Steps of each iteration of the permutation test used to compare the statistical significance between random-effects meta-analysis, mixed-effects mega-analysis
and ComBat mega-analysis.
Footnote: ComBat-Mega: ComBat mega-analysis; ME-Mega: mixed-effects mega-analysis; RE-Meta: random-effects meta-analysis.

difference of 1.1.

The use of a permutation test implied that both the estimated prob-
ability of obtaining the observed median difference in (logit-transform)
p-values was discrete, i.e., it could only be 0.001, or 0.002, or 0.003,

p-values would be very small (0.003-0.001 = 0.002) even if one p-value
is three times the size of the other. With the logit transform, the p-values
of the first example would be 0.4 and —0.4, with a difference of 0.8, and
the p-values of the second example would be —5.8 and —6.9, with a

Table 3

Effect sizes and confidence intervals derived from the ComBat mega-analysis.

Thickness

Surface area

Thickness

Surface area

Bankssts

Caudal anterior cingulate

~0.37 (-0.43,-0.32)
—0.39 (—-0.44,-0.33)
—-0.12 (-0.18,-0.07)
—-0.15 (-0.2,-0.1)

~0.2 (-0.25,-0.14)
—0.2 (-0.26,-0.15)
—0.16 (-0.21,-0.11)
—-0.2 (-0.26,-0.15)

Postcentral

Posterior cingulate

~0.3 (-0.36,-0.25)
—0.28 (-0.33,-0.23)
—0.24 (-0.3,-0.19)
—0.28 (-0.34,-0.23)

~0.24 (-0.29,-0.19)
—0.22 (-0.27,-0.16)
—0.13 (-0.19,-0.08)
—0.18 (-0.23,-0.13)

Caudal middle frontal —0.36 (—0.41,-0.3) —0.18 (-0.23,-0.13) Precentral —0.38 (-0.43,-0.32) —0.19 (-0.24,-0.14)
—0.33 (—0.38,-0.27) —0.18 (-0.23,-0.13) —0.38 (—0.43,-0.32) -0.2 (-0.26,-0.15)

Cuneus ~0.15 (-0.21,-0.1) ~0.19 (-0.24,-0.13) Precuneus ~0.31 (~0.36,-0.25) -0.17 (-0.23,-0.12)
~0.19 (-0.24,-0.14) ~0.14 (-0.19,-0.09) ~0.34 (-0.4,-0.29) ~0.17 (-0.22,-0.11)

Entorhinal -0.11 (-0.17,-0.06) -0.16 (-0.21,-0.1) Rostral anterior cingulate -0.11 (-0.17,-0.06) -0.17 (-0.22,-0.12)

Frontal pole
Fusiform

Inferior parietal
Inferior temporal
Insula

Isthmus cingulate

Lateral occipital

Lateral orbitofrontal

Lingual

PR N R B R BN R W R R B I R R R I R R R T R

—-0.07 (-0.12,-0.01)
—0.19 (-0.24,-0.13)
—0.2 (-0.25,-0.14)
—0.44 (-0.49,-0.38)
—0.45 (-0.5,-0.39)
0.41 (-0.47,-0.36)
~0.38 (-0.43,-0.33)
—0.39 (—0.44,-0.33)
—0.34 (-0.39,-0.29)
—0.37 (-0.43,-0.32)
—0.37 (-0.42,-0.32)
—0.25 (-0.3,-0.2)
0.25 (~0.3,-0.2)
-0.27 (-0.33,-0.22)
—0.29 (-0.35,-0.24)

—0.3 (-0.35,-0.24)
—0.34 (-0.39,-0.29)
—0.3 (-0.35,-0.24)
-0.32 (-0.37,-0.27)

—0.1 (-0.16,-0.05)
—0.18 (-0.23,-0.13)
—0.09 (-0.15,-0.04)
-0.22 (-0.27,-0.17)
—-0.26 (—0.32,-0.21)
0.22 (-0.27,-0.16)
~0.22 (-0.28,-0.17)
—0.25 (-0.31,-0.2)
—-0.22 (-0.27,-0.16)
-0.17 (-0.22,-0.11)
—-0.13 (-0.18,-0.07)
—0.06 (-0.12,-0.01)
~0.09 (~0.14,-0.04)
~0.19 (-0.24,-0.13)
—0.18 (-0.24,-0.13)

—-0.2 (-0.25,-0.14)

—0.19 (-0.24,-0.14)
—0.21 (-0.26,-0.16)
~0.18 (-0.23,-0.13)

Rostral middle frontal
Superior frontal
Superior parietal
Superior temporal
Supramarginal
Temporal pole

Transverse temporal

- ol M o - B - B o B - - B - - ol R R - R - W

—0.13 (-0.18,-0.08)
-0.26 (-0.32,-0.21)
—0.3 (-0.35,-0.24)
—-0.33 (-0.38,-0.28)
—-0.35 (-0.41,-0.3)
-0.28 (~0.33,-0.23)
~0.29 (-0.35,-0.24)
—0.36 (-0.41,-0.3)
—0.38 (-0.43,-0.32)
—0.42 (-0.47,-0.36)
—0.39 (-0.44,-0.34)
-0.17 (-0.22,-0.12)
0.17 (-0.22,-0.11)
-0.26 (-0.31,-0.2)
—0.29 (-0.34,-0.23)

—0.18 (-0.24,-0.13)
—0.24 (-0.29,-0.18)
-0.21 (-0.26,-0.16)
—-0.24 (-0.3,-0.19)
—0.24 (-0.29,-0.18)
0.2 (~0.25,-0.14)
-0.22 (-0.27,-0.17)
—-0.22 (-0.27,-0.17)
—-0.23 (-0.29,-0.18)
-0.17 (-0.23,-0.12)
—0.19 (-0.25,-0.14)
—0.09 (-0.14,-0.03)
-0.07 (-0.12,-0.01)
-0.15 (-0.21,-0.1)
—-0.19 (-0.24,-0.14)

Volume

Medial orbitofrontal —0.2 (-0.25,-0.14) ~0.19 (-0.25,-0.14) Accumbens L —0.06 (-0.11,-0.01)
—0.25 (-0.31,-0.2) —0.19 (-0.25,-0.14) R —0.14 (-0.19,-0.09)
Middle temporal —0.38 (—0.44,-0.33) —0.24 (-0.3,-0.19) Amygdala L —0.25 (-0.3,-0.2)
—0.36 (—0.41,-0.3) —0.26 (—-0.31,-0.2) R —0.24 (-0.3,-0.19)
Paracentral —0.33 (—0.38,-0.27) -0.11 (-0.17,-0.06) Caudate L 0.03 (—0.03,0.08)
—-0.31 (-0.37,-0.26) -0.12 (-0.18,-0.07) R 0.03 (-0.02,0.08)
Parahippocampal 0.21 (-0.26,-0.15) -0.12 (~0.17,-0.06) Hippocampus L -0.43 (~0.48,-0.38)
~0.21 (-0.26,-0.16) ~0.19 (-0.25,-0.14) R ~0.42 (-0.48,-0.37)
Pars opercularis —0.36 (—0.42,-0.31) —0.18 (-0.23,-0.13) Lateral Ventricle L 0.25 (0.19,0.3)
—0.38 (—0.44,-0.33) —-0.2 (-0.26,-0.15) R 0.2 (0.15,0.26)
Pars orbitalis —0.31 (—0.36,-0.26) —0.21 (-0.26,-0.15) Pallidum L 0.28 (0.23,0.33)
—0.3 (-0.35,-0.25) —0.17 (-0.23,-0.12) R 0.19 (0.14,0.24)
Pars triangularis -0.29 (-0.34,-0.23) -0.18 (-0.23,-0.12) Putamen L 0.09 (0.04,0.15)
0.36 (-0.41,-0.3) -0.16 (-0.22,-0.11) R 0.1 (0.05,0.15)
Pericalcarine 0 (-0.06,0.05) ~0.14 (-0.19,-0.08) Thalamus L ~0.33 (-0.39,-0.28)
R

-0.06 (-0.11,0)

—0.09 (-0.15,-0.04)

—0.35 (-0.4,-0.29)
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Fig. 2. Forest plot for random-effect meta-analysis (light red), mixed-effects mega-analysis (blue) and ComBat mega-analysis (dark green).
Footnote: The width of the confidence intervals in the legend corresponds to the mean width of the confidence intervals across the brain. ComBat-Mega: ComBat mega-

analysis; ME-Mega: mixed-effects mega-analysis; RE-Meta: random-effects meta-analysis.
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Fig. 3. Hedges' g and p-values of random-effect meta-analysis, mixed-effects mega-analysis and ComBat mega-analysis in the comparison of ENIGMA brain data

between 2897 patients with schizophrenia and 3141 healthy controls.

Footnote: Each cross represents an ROI. ComBat-Mega: ComBat mega-analysis; ME-Mega: mixed-effects mega-analysis; RE-Meta: random-effects meta-analysis. The top
plots show that ComBat-Mega effect sizes are similar to RE-Meta and ME-Mega effect sizes, as crosses are mostly distributed around the diagonal lines. The bottom
plots show that ComBat-Mega p-values are substantially smaller than RE-Meta p-values (crosses are clearly above the diagonal line), and slightly smaller than ME-Mega

p-values (crosses tend to be slightly above the diagonal line).

etcetera. However, we were only interested in assessing if this estimation
was <0.05, for what this level of precision should not pose any problems.

2.4.3. Evaluation of the statistical power

We also tested whether ComBat-Mega increases the statistical power
using a small-subset strategy. Specifically, we repeated 500 times the
analyses but including each time only a random sample of 10 sites. We
then counted the number of times that these analyses using only 10 sites
were able to detect differences between SCZ and CON. We only used ROIs
in which the differences between SCZ and CON were strongly statistically
significant in the main analyses using the 33 sites (FWER<0.001 for RE-
Meta, for ME-Mega, and for ComBat-Mega), as we assumed that they
have true differences. Finally, we conducted a Wilcoxon signed-ranked
test to compare the statistical power across ROIs between ComBat-
Mega and RE-Meta, as well as between ComBat-Mega and ME-Mega.

2.4.4. Determination of the empirical FWER

We also used the permutation data created above to check whether
the FWER for the three methods were appropriate, i.e., we counted the
proportion of permutations in which at least one ROI had a Holm-
corrected p-value < 0.05. Again, the use of a permutation test implied
that the estimated FWER was discrete, but we were only interested in

assessing whether it was <0.05.
3. Results

With ComBat-Mega, on average, individuals with a diagnosis of SCZ
showed thinner cortex and smaller surface area in nearly all cortical ROIs
(Table 3). The only exceptions were the bilateral pericalcarine fissures
and right entorhinal cortex (where between-group differences in thick-
ness did not reach statistical significance after correction for multiple
comparisons) and the left isthmus of the cingulate and right temporal
pole (where between-group differences in surface area did not reach
statistical significance after correction for multiple comparisons). The
SCZ group also showed, on average, smaller bilateral thalamus, hippo-
campus, amygdala, and right accumbens volumes, and larger bilateral
lateral ventricle, putamen, and pallidum volumes. Smaller left accum-
bens and larger bilateral caudate volumes were not statistically signifi-
cant after correction for multiple comparisons.

Results were in the same direction for the RE-Meta and ME-Mega,
though RE-Meta did not detect thinner cortex in three ROIs (bilateral
rostral anterior cingulate and left caudal anterior cingulate) and smaller
surface area in six ROIs (bilateral pericalcarine fissure, left posterior
cingulate and temporal pole, and right isthmus cingulate and insula).
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The Hedges' g estimates for the differences were similar across the
different analytic methods, but their statistical significance was greater in
ComBat-Mega as compared to RE-Meta and ME-Mega (Figs. 2 and 3). The
difference in statistical significance was relatively minor when
comparing ComBat-Mega to ME-Mega, whereas particularly relevant
when comparing ComBat-Mega to RE-Meta (Fig. 3).

The median difference between logit-transformed ComBat-Mega p-
values and logit-transformed RE-Meta p-values in the original data was
13.9. This was substantially larger than any of the median differences in
the permuted data (all < 0.61), indicating that the higher statistical sig-
nificance of ComBat-Mega findings was unlikely due to chance (proba-
bility 0.001) (Fig. 4). For the comparison between ComBat-Mega and ME-
Mega, the median difference was smaller (3.2), but still unlikely due to
chance (all median differences in the permuted data <0.52, probability
0.001).

Interestingly, a plot of the ComBat-Mega-related increase in statistical
significance as a function of the intra-site variance/total variance ratio,
showed that the increase in statistical significance was larger in those
ROIs in which intra-site variance was only ~50-70% of total variance
compared to those ROIs in which intra-site variance was ~90-100% of
total variance (p < 0.001, Fig. 5).

In the evaluation of statistical power using the small-subset strategy,
the statistical power was higher for ComBat-Mega (statistical
power = 83.5%) than for RE-Meta (statistical power = 53.7%; Wilcoxon
p-value < 0.001) or ME-Mega (statistical power = 80.4%; Wilcoxon p-
value < 0.001).

The empirical FWER was <0.05 for all analytic methods (RE-Meta:
0.024; ME-Mega: 0.027; ComBat-Mega: 0.025).

When we applied the ComBat harmonization separately for cortical
thickness data, cortical surface area data and subcortical volume data, we
found the same differences with nearly identical Hedges' g (Supple-
mentary Figure S1). The statistical significance was minimally lower
(median difference between single ComBat logit-transformed p-values
and separate ComBat logit-transformed p-values was 0.1), the statistical
power in the small-subset strategy was 83.5%, and the empirical FWER
was 0.026.

When we covaried ComBat-Mega by age, sex and ICV, results were
similar: The only differences were that the right frontal pole, isthmus of
the cingulate and pericalcarine and left parahippocampal and temporal
pole decreases in surface area were no longer statistically significant,
whereas the left pericalcarine decrease in surface area and the bilateral
caudate increases in volume reached statistical significance. Results were
again in the same direction for the RE-Meta and ME-Mega, though RE-
Meta did not detect statistically significant differences in 36 of the
ROIs showing differences with ComBat-Mega, and ME-Mega did not
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Fig. 5. Relationship between the intra-site variance/total variance ratio and ComBat mega-analysis-related increase of statistical significance.
Footnote: ComBat-Mega: ComBat mega-analysis; ME-Mega: mixed-effects mega-analysis; RE-Meta: random-effects meta-analysis. The ComBat-Mega-related increase of
statistical significance (negative values in the Y axis) is larger in regions with lower intra-site variance/variance ratio (around 50-70%).
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detect smaller right accumbens volume (and detected smaller surface
area in left parahippocampal and right pericalcarine but not in left par-
acentral and right entorhinal). The Hedges’ g estimates for the differences
were again similar across the different analytic methods, but their sta-
tistical significance was again greater in ComBat-Mega as compared to
RE-Meta and ME-Mega (Supplementary Figure S2).

4. Discussion

In this study, we analyzed individual subject level data pooled by the
ENIGMA Schizophrenia Working Group using three methods to account
for the effects of site: random-effects meta-analysis (RE-Meta), linear
mixed-effects models (ME-Mega), and ComBat harmonization followed
by standard linear models (ComBat-Mega). The results of the comparison
between SCZ and CON using ComBat-Mega were similar to the studies
already published by the ENIGMA Schizophrenia Working Group: SCZ
showed a widespread thinner cortex and smaller surface area (van Erp
et al., 2018), smaller hippocampus, amygdala, thalamus and accumbens,
and larger lateral ventricles, putamen and pallidum (van Erp et al., 2016)
than CON. The results of the same comparison using RE-Meta and
ME-Mega were in the same direction and had similar effect sizes,
although with a lower statistical significance (i.e. wider confidence in-
tervals, larger p-values), especially for RE-Meta. In other words, the use of
ComBat increased the statistical significance (i.e., narrower confidence
intervals, smaller p-values) of the differences between SCZ and CON. This
was specially apparent in those ROIs in which intra-site variance was
only ~50-70% of total variance. ComBat Mega also showed increased
statistical power when we repeated the analyses with fewer sites. All
approaches controlled well the FWER, even too strictly probably due to
the use of the Holm method, which is more powerful than the Bonferroni
method but still conservative (Blakesley et al., 2009). Findings were
similar when covarying by ICV.

Based on these findings, we recommend that ENIGMA mega-analysis
projects consider applying the ComBat function to reduce the effects of
site, followed by standard statistical analysis without including site as a
fixed or random effect in the statistical model. To apply ComBat
harmonization, we provide easy-to-use functions for R that work even if
there are missing data and they can be trained with data from one set and
then applied to data from another.

We must note that we conducted these analyses with the three main
types of data used in ENIGMA projects: thickness of cortical ROIs, surface
area of cortical ROIs, and volumes of subcortical nuclei. However, some
ENIGMA projects use other types of data, such as mean fractional anisot-
ropy of white matter tracts, and we have not explored whether the
application of ComBat would be beneficial for these projects. Two notions
suggest that ComBat should be broadly beneficial. On the one hand, the
ComBat algorithm is not specific for a given type of imaging data. Indeed,
while it was developed for genomics data (Johnson et al., 2007), we here
successfully applied it to three types of ENIGMA imaging data. Moreover,
Fortin and colleagues found that ComBat outperforms other harmonization
methods for voxel-based fractional anisotropy and mean diffusivity (Fortin
etal., 2017), and Yu et al. found similar results for resting-state functional
connectivity and network measures (Yu et al., 2018).

While our findings suggest that ComBat harmonization will be useful
for most ENIGMA mega-analyses and other multi-site structural imaging
work, we suggest caution when combining different types of data. We
conducted a single ComBat harmonization for different types of MRI data
because we considered that thickness, area, and volume are related, as
they are obtained from the same FreeSurfer output of the T1-weighted
image and all measure amounts of gray matter. Indeed, an alternative
analysis with separate ComBat harmonization for each type of data
yielded nearly identical results. However, we do not know whether the
application of a single ComBat harmonization on other combinations of
data would behave similarly.

Other popular approaches for pooling neuroimaging data are the
voxel-based meta-analytic methods, such as Seed-based d Mapping
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(SDM) (Albajes-Eizagirre et al., 2019; Radua et al., 2012) or Activation
Likelihood Estimation (ALE) (Eickhoff et al., 2009, 2012). These methods
can include imaging studies even if they only report the coordinates of
the peaks of the clusters of statistical significance. Therefore, a great
advantage of these methods is the exhaustive inclusion of studies. In
addition, the analyses are conducted at the voxel level (rather than using
ROIs). These methods traditionally tested whether the reported findings
tended to converge in a few brain voxels (Albajes-Eizagirre and Radua,
2018), but novel methods are able to directly test whether there are
differences — even if they are widespread and do not converge (Albaje-
s-Eizagirre et al., 2019). In view of the results of the present study, one
could wonder whether these voxel-based methods should also conduct
ComBat mega-analysis instead of meta-analysis. However, to use ComBat
they would need access to individual subject level data, which at present
are often not available. Another aspect to consider is whether we need
SDM or ALE meta-analyses after an ENIGMA ComBat mega-analysis is
published. Here, we must remember that SDM and ALE are voxel-based
and include virtually all published studies, whereas most ENIGMA
studies are ROI-based and include only the data that authors agree to
share. Therefore, these different approaches present interesting com-
plementary information.

Our study has some limitations. First, we already stated that we have
not explored whether the application of ComBat would be beneficial for
projects using other types of data, although several facts suggest that
ComBat should be broadly beneficial. Second, we also acknowledged that
we do not know whether the application of a single ComBat harmoni-
zation on other combinations of data would behave similarly. Third, our
analysis is focused on the differences between SCZ and CON, whose
distribution is roughly similar across sites. The effects of site and thus the
importance of their removal might be larger for conditions with few cases
in each site, where pooling data is more beneficial. Fourth, ComBat-Mega
addresses some issues but not others, which still need to be investigated,
such as site by nuisance confounds. For example, a site with poor quality
data may also be a site with a mean age higher than other sites. Future
studies addressing these questions could point to methods other than
ComBat. Finally, there is a conceptual difference in the effects of site that
are modeled in ComBat/ME-Mega and the effects of site that are modeled
in RE-Meta. The former effects are in (individual) raw data and refer to
site-specific constants that are added to or that multiply the measure-
ments. The latter effects, conversely, are in (group) effect sizes, and are
probably a mix of several factors such as site-specific constants that
multiply the measurements, heterogeneity in the differences between
SCZ and CON, or differences in precision between studies.

To conclude, this paper provides evidence of the superiority of
ComBat harmonization over standard mega-analyses and meta-analyses
in reducing site-related heterogeneity and thus increase statistical
power. We therefore recommend that ENIGMA mega-analysis projects
and other multi-site structural imaging work consider applying the
ComBat function, which we provide employing easy functions for R. The
provided code works with missing data and allows for harmonization of a
test set based on the training set (a requirement for machine learning and
possibly replication studies). We hope that future ENIGMA mega-analysis
projects will improve between-site harmonization using ComBat.
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