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“POZZO:

| am blind.

(Silence.)

ESTRAGON:

Perhaps he can see into the future.”

— Samuel Beckett, Waiting for Godot

“This is only a foretaste of what is to come,
and only the shadow of what is going to be.”

— Alan Turing, Times, 1949


https://www.goodreads.com/work/quotes/2635502
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RESUMO

Técnicas de machine learning ganharam tracéo nos ultimos anos devido ndo sé a
exponencial evolugdo na capacidade de processamento dos computadores, mas
também pela sua habilidade de solucionar problemas de alta complexidade.
Recentemente, estas técnicas comecaram a ser usadas para abordar limitacbes no
campo da psiquiatria e da saide mental, na tentativa de desenvolver abordagens mais
personalizadas e que integrem diferentes niveis de conhecimento. Em nosso primeiro
artigo, revisamos aplicagbes de machine learning no transtorno de humor bipolar,
incluindo classificacéo diagnostica, predicao de desfechos desfavoraveis, como suicidio,
recorréncia de episodios, e resposta ao tratamento, e a busca por fenotipos data-driven
para o transtorno. Foram incluidos um total de 51 artigos nesta revisdo sistematica. No
mesmo estudo, conduzimos uma meta-analise de estudos que usaram neuroimagem
para diferenciar transtorno de humor bipolar de controles saudaveis, obtendo areas sob
a curva (AUC) de 0.698, 0.754, e 0.712, para ressonancia magneética estrutural,
funcional, e ambas combinadas, respectivamente. No segundo artigo, focamos nas
aplicacdes de machine learning para predizer resposta ao tratamento farmacoldgico e
nao-farmacologico em transtornos psiquiatricos. Foram incluidos 61 estudos,
correspondendo a um pool de 46,957 pacientes, e nds discutimos o uso de diferentes
niveis de dados para predizer resposta a tratamento e as limitacbes metodologicas
desses estudos.

Um dos grandes desafios em psiquiatria é a heterogeneidade que os transtornos
psiquiatricos tem em sua apresentacao e trajetoria. Embora resultados a niveis de grupo
sejam conhecidos, ha uma escassez de dados na literatura sobre trajetérias individuais
destes transtornos, fato que cria obstaculos para intervencdes mais precoces e
personalizadas. Para tentar suprir essa lacuna, n6s conduzimos uma analise de machine
learning usando dados do Estudo Longitudinal de Saude do Adulto (ELSA-Brasil), uma
coorte ocupacional com 15,105 pacientes avaliados entre 2008-2010 (onda 1) e
reavaliados entre 2012-2014 (onda 2). Foram incluidos no ELSA-Brasil funcionarios de
seis instituicdes publicas de ensino brasileiras entre 35 e 74 anos de idade. Nos

definimos trés trajetorias distintas: (1) individuos sem depressdo em ambas ondas 1 e 2;



(2) individuos com depressao apenas na onda 2 (depressao incidente); e (3) pacientes
com depressdo em ambas as ondas (depressao persistente). Usando preditores clinicos
e sociodemogréficos, nds desenvolvemos trés modelos de machine learning com
embedded feature selection usando o algoritmo Elastic Net: (1) para diferenciar
individuos com depresséo daqueles sem depressao; (2) para diferenciar individuos com
depressao incidente daqueles sem depressao; e (3) para diferenciar pacientes com
depressao persistente daqueles sem depresséo. Foram obtidos para os trés modelos
AUCs de 0.90 (95% CI 0.85 - 0.95), 0.89 (95% CI 0.85 - 0.94), e 0.90 (95% CI 0.86 -
0.95), respectivamente. Variaveis clinicas, como presenca de comorbidades
psiquiatricas, foram consistentemente mais relevantes para os modelos preditivos,
sobretudo o transtorno de ansiedade generalizada e o transtorno obsessivo-compulsivo,
gue estiveram entre as trés variaveis mais relevantes em todos os modelos. Dentre as
variaveis sociodemograficas, a mais relevante foi o sexo biologico. Estes resultados
demonstram que é possivel prever o diagndstico e o progndéstico de depressao em nivel

individual integrando variaveis clinicas e sociodemograficas.

Palavras-chave: machine learning, modelos preditivos, big data, transtorno bipolar,

transtorno depressivo, meta-analise, diagnostico, progndstico, tratamento personalizado.



ABSTRACT

Machine learning techniques have gained traction in the last few years due not
only to the exponential advances in the processing power of computers but also for its
ability to solve highly complex problems. Recently, these techniques have been used to
address longstanding limitations in the field of psychiatry and mental health, in an attempt
to develop personalized approaches that can integrate different fields of knowledge. In
our first publication, we reviewed applications of machine learning in the study of bipolar
disorder, including diagnostic classification, prediction of poor outcomes, such as suicide,
mood episode recurrence, and treatment response, as well as the search for data-driven
phenotypes of bipolar disorder. We included 51 papers in this systematic review. In the
same study, we performed a meta-analysis of studies that used neuroimaging to
differentiate bipolar disorder from healthy controls, obtaining areas under the curve (AUC)
of 0.698, 0.754, and 0.712 for functional magnetic resonance, structural magnetic
resonance, and both combined, respectively. In the second paper, we focused on the
applications of machine learning to predict response to the pharmacologic and non-
pharmacologic treatment of psychiatric disorders. We included 61 studies, with a pool of
46,957 patients, and discussed the use of different levels of data to predict treatment
response, and the methodological limitations of these studies.

One critical challenge in psychiatry is the heterogeneity of the presentation and
trajectory of psychiatric disorders. Although results at the group-level are known, there is
a scarcity of data in the literature about the individual trajectory of these disorders, which
creates obstacles for more timely and personalized interventions. To address this gap,
we performed a machine learning analysis in the Longitudinal Study of Adult Health
(ELSA-Brasil), an occupational cohort with 15,105 patients assessed between 2008-2010
(wave 1), and reassessed between 2012-2014 (wave 2). Public servants between the
ages of 35 and 74 years of six Brazilian institutes were included in the ELSA-Brasil cohort.
We defined three distinct trajectories: (1) subjects without depression at both wave 1 and
2; (2) subjects with depression only at wave 2 (incident depression); and (3) subjects with
depression at both wave 1 and 2 (persistent depression). Using clinical and

sociodemographic predictors, we developed three machine learning models with



embedded feature selection using the Elastic Net algorithm: (1) to differentiate subjects
with depression from those without depression; (2) to differentiate subjects with incident
depression from those without depression; and (3) to differentiate subjects with persistent
depression from those without depression. We obtained AUCs of 0.90 (95% CI 0.85 -
0.95), 0.89 (95% CI 0.85 - 0.94), and 0.90 (95% CI 0.86 - 0.95, respectively). Clinical
variables, such as comorbidities, were consistently more relevant for the predictive
models. Generalized anxiety disorder and obsessive-compulsive disorder, especially,
were among the three most relevant features in all models. Among the sociodemographic
features, sex was the most relevant variable. Our results demonstrate that it is possible
to predict the diagnosis and prognosis of depression at an individual-level by integrating
clinical and sociodemographic variables.

Keywords: machine learning, predictive models, big data, bipolar disorder, depressive

disorder, meta-analysis, diagnosis, prognosis, personalized treatment.
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1. APRESENTACAO

Esta tese, intitulada "Psiquiatria Preditiva e Personalizada: Aplicacdes de técnicas
de machine learning em saude mental", foi apresentada ao Programa de Pés-Graduacao
em Psiquiatria e Ciéncias do Comportamento da Universidade Federal do Rio Grande do
Sul em 13 de setembro de 20109.

Apesar dos avancos proporcionados pela medicina baseada em evidéncias,
sobretudo na determinacao de fatores de risco e efeitos de tratamento a nivel de grupo,
criticas limitac6es permanecem na prética psiquiatrica e em saude mental. O tratamento
farmacoldgico, por exemplo, apesar de todas as evidéncias disponiveis, permanece um
exercicio de tentativa e erro. Ademais, ndo €& possivel prever quais sujeitos vao
desenvolver um transtorno psiquiatrico, ou apo0s desenvolver, quais terdo um pior
prognostico, incluindo tentativas de suicidio ou refratariedade ao tratamento. Em suma,
nosso conhecimento em psiquiatria se concentra na manifestacao coletiva de sintomas
e desfechos, com escassas ferramentas que possam ser aplicadas com acuracia para
auxiliar no curso clinico de cada individuo.

Machine learning € um campo do estudo de inteligéncia artificial focado em
algoritmos computacionais que possuem a habilidade de aprender com dados e melhorar
sua performance, sem serem explicitamente programados para tanto, e possui um amplo
campo de aplicacdo, que vai desde a criacdo de modelos preditivos até a busca de
padrdes e representacdes dentro de dados ndo-estruturados. Divide-se, de forma geral,
em dois ramos principais: aprendizado supervisionado e nao-supervisionado. No
aprendizado supervisionado, o algoritmo usa um banco de dados com desfecho
conhecido e treina para detectar este desfecho. Apds, € fornecido um novo banco de
dados ao algoritmo sem informar o desfecho, e predi¢cdes sao feitas com base nos
padrdes aprendidos durante a fase de treino. No aprendizado ndo-supervisionado, nao
h&a um desfecho definido, e o algoritmo busca padrées que possam ser usados para
agrupar estes dados em diferentes clusters de informacéo.

A presente tese se baseou na hipoétese de que técnicas de machine learning tém
o potencial de transformar o estudo dos transtornos psiquiatricos e melhorar desfechos
clinicos. No primeiro artigo, revisamos todas as aplicac6es da técnica em pacientes com
transtorno de humor bipolar. Este artigo foi submetido, aceito e publicado na
Neuroscience & Biobehavioral Reviews (fator de impacto: 8.299) sob o titulo The impact

of machine learning techniques in the study of bipolar disorder: a systematic



review. No segundo artigo, revisamos o uso de machine learning para predicdo do
tratamento em transtornos psiquiatricos. Este artigo foi revisado na Molecular Psychiatry
(fator de impacto: 11.973) e sera submetido novamente a mesma revista apos ser
reescrito de acordo com as sugestdes dos revisores, sob o titulo de Machine learning
guided intervention trials in mental health: a systematic review and methodological
recommendations. Finalmente, no terceiro artigo, desenvolvemos um modelo de
machine learning para predizer o curso do transtorno depressivo em uma grande coorte
ocupacional. Este artigo estd submetido e atualmente em revisdo na
Neuropsychopharmacology (fator de impacto: 7.160) sob o titulo de Prediction of
depression incidence, remission, and persistence in a large occupational cohort
using machine learning techniques: an analysis of the ELSA-Brasil study.



2. INTRODUCAO

2.1. Machine learning, big data e medicina baseada em evidéncia

A medicina baseada em evidéncia (MBE), através do uso de métodos estatisticos
tradicionais, nos ajudou a entender melhor os fatores de risco, tratamentos e
prognosticos em psiquiatria (1). Os estudos padrédo-ouro da MBE séo o ensaio clinico
randomizado e a metandlise, que, primariamente, nos fornecem resultados a nivel de
grupo (2). Recentemente, Greenhalg e colegas chamaram a atencdo para algumas
limitacdes destes estudos. Em primeiro lugar, resultados estatisticamente significativos
ndo necessariamente representam um beneficio clinico real. Segundo, os ensaios
clinicos ndo caracterizam o perfil de multimorbidade dos pacientes em cenarios reais,
bem como da heterogeneidade inerente ao diagnostico, tratamento e prognostico em
psiquiatria (3). Visto que os transtornos psiquiatricos, e em especial os transtornos de
humor, possuem significativa heterogeneidade clinica, existe uma necessidade de
ferramentas que possam melhor caracterizar estas populacdes e produzir resultados néo
s6 a nivel de grupo, mas também individual (4—6).

Big data € o termo usado para caracterizar bancos de dados que contém um
extenso volume de dados, criados a uma elevada velocidade, e contendo uma variedade
de formatos, que vao desde variaveis moleculares, como gendmica, protedmica e
metaboldomica, até dados clinicos, sociodemograficos, administrativos, ambientais, e
mesmo informacao proveniente de midias sociais (7—9). Dada a complexidade destes
massivos bancos de dados, métodos estatisticos tradicionais ndo sao capazes de lidar
com essa elevada complexidade. Data science (Ciéncia de dados) é um campo
multidisciplinar focado no uso de processos, algoritmos, métodos e sistemas que visam
extrair valor e gerar ferramentas aplicaveis a partir de dados estruturados e nao
estruturados (10). Um dos principais métodos em data science para analise de big data
€ 0 uso de técnicas de machine learning (11).

Machine learning € o estudo de algoritmos computacionais que possuem a
capacidade de aprender com os dados que lhe sdo fornecidos, extraindo padrées
relevantes que possam ou ser usados para inferéncia em novos casos, ou para descobrir
clusters relevantes dentro desta amostra (11,12). Assim, o estudo de machine learning
se divide em dois ramos principais: aprendizado supervisionado, onde o desfecho é
conhecido e o algoritmo é treinado para detectar este desfecho, e aprendizado nao-

supervisionado, método usado para encontrar padrées dentro de dados nédo estruturados



gue possam ser usados para estabelecer subgrupos dentro destes dados. Em outras
palavras, no aprendizado supervisionado nos temos um dado conjunto de dados com
desfecho conhecido (training dataset), e o algoritmo desenvolve um modelo matematico
que é capaz de predizer este desfecho para novos casos (testing dataset). Comparando
o desfecho predito pelo algoritmo com o desfecho conhecido da amostra (previamente,
ou apds seguimento dos pacientes), medidas de performance deste algoritmo, como
acuracia ou AUC, podem ser obtidas. Com esta técnica, é possivel predizer diagndstico
e progndstico, oportunizando a prevencao de desfechos e a instituicdo de intervencdes
individualizadas. No caso do aprendizado nao-supervisionado, ndo ha um desfecho
definido, e o algoritmo ira procurar padrdes que permitam dividir a amostra em subgrupos
gue diferem entre si, mas que possuem homogeneidade interna. O uso desta técnica é
especialmente util na determinacdo de fenotipos relevantes em psiquiatria (13). Em
fungéo das limitagbes citadas anteriormente a respeito dos métodos atuais usados em
psiquiatria, técnicas de machine learning tem ganho expressdo na psiquiatria e na
medicina como um todo, dado o potencial de auxiliar no desenvolvimento de

intervencdes psiquiatricas personalizadas, centradas no individuo (12,14).

2.2. Potenciais aplicacbes de machine learning em psiquiatria e saude mental

Existem inumeros desafios em psiquiatria e salude mental que carecem de
solucéo, tanto para melhor alocacéo de recursos pelos sistemas de saude, quanto para
promover intervencdes mais precoces que possam evitar prejuizos associados aos
transtornos psiquiatricos a curto e longo prazo. Técnicas de machine learning podem ser
usadas, entre outros: 1) como uma ferramenta diagndstica, tanto usando os diagndsticos
ja estabelecidos pelo DSM-V e CID-11, quanto para a descoberta de novos diagndsticos
data-driven (13); 2) para prevencdo de resposta ao tratamento, tanto farmacoldgico
guanto nao farmacoldgico, e de efeitos colaterais (15); e 3) para predicdo de desfechos
desfavoraveis, como suicidio, recorréncia de episddios, neuroprogressao, ou prejuizos
funcionais (16,17).

Mesmo com mais de um século de estudo em psiquiatria, o diagndstico
permanece sendo feito com base em sinais e sintomas, ignorando o complexo processo
patofisiol6gico que culmina no transtorno e em suas diferentes apresentacdes (18). Estes
incluem dados moleculares, genéticos, de neuroimagem, comportamentais, dentre

outros. Ademais, mesmo em ambientes de pesquisa, ha dificuldade em integrar estes



diferentes niveis de dados. Machine learning pode ser usado para classificar e diferenciar
transtornos psiquiatricos com base nestas informacdes (7). Por exemplo, a distincdo
entre depressdo unipolar e depressao bipolar € crucial para o progndéstico, visto que
estas condi¢Bes possuem tratamentos distintos, e a incorreta classificagdo pode levar a
instituicdo de um tratamento com potencial de piorar o curso e a apresentacdo da
doenca, ou de adicionar efeitos colaterais de uma medicacao ineficaz (16,19). O uso de
técnicas de neuroimagem, eletroencefalograma, e marcadores séricos, por exemplo,
podem ser explorados na busca de uma diferenciagdo mais objetiva entre classes
diagnésticas, fundamentada nas alteracbes neurofisiolégicas encontradas nos
individuos. Por outro lado, o aprendizado nédo-supervisionado também pode ser usado
para descobrir clusters diagndsticos mais relevantes. Fazendo uso de multiplos niveis
biologicos, um algoritmo poderia encontrar novos grupos de crescente complexidade,
mas também aplicabilidade, distintos daqueles sugeridos pelos manuais diagnosticos
(13).

Outra necessidade em psiquiatria e saude mental € saber qual tratamento é o
ideal para cada individuo. Machine learning pode ser usado para prever quais pacientes
irdo responder a uma medicacao, ou que pacientes vao desenvolver um efeito colateral
severo, ajudando a indicar e evitar a prescricdo de certos medicamentos (15). Como
ensaios clinicos em geral excluem pacientes com multimorbidades para maximizar o
tamanho de efeito e diminuir o nimero de confundidores, o tratamento na clinica acaba
sendo muito diferente daquele visto em pesquisa. Desta forma, guidelines e metanalises
nao sdo capazes de mapear a complexidade dos pacientes "reais"” (3). Além disso, saber
guais individuos responderdo a tratamentos como terapia cognitiva comportamental
(20,21) e eletroconvulsoterapia (22) pode otimizar o uso de recursos em saude publica.
Ao evitar a indicacdo de um paciente que nao vai responder a TCC, abrem-se mais vagas
para agueles que irdo se beneficiar do tratamento; ao evitar a indicacdo de um paciente
gue nao sera responsivo a ECT, estamos evitando ndo s6 gastos desnecessarios, mas
também a inducao de efeitos colaterais importantes provenientes de um tratamento que
nao seria efetivo.

Por ultimo, machine learning ainda pode ser usado para predi¢cdo do curso dos
transtornos psiquiatricos e de seus desfechos desfavoraveis. As possibilidades séo
muitas: predizer transtornos psiquiatricos antes deles se manifestarem; predizer novos
episddios de humor; predizer tentativas de suicidio antes que elas ocorram; predizer

guais sujeitos terdo depressao persistente e quais entrardo em remissao; e assim por
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diante. Prever estes eventos seria um grande passo em direcdo a uma psiquiatria
preventiva (12,23,24). Os impactos destas técnicas podem ser profundos para a
sociedade, diminuindo gastos com auxilio beneficio e tratamentos a nivel terciario, como
internacdes, e também para os individuos, evitando prejuizos funcionais e cognitivos, e

promovendo uma melhor qualidade vida.
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3. JUSTIFICATIVA

Embora a medicina baseada em evidéncia e métodos estatisticos tradicionais
tenham contribuido para o avanco da psiquiatria, existem limitacdes para ambas as
técnicas. Efeitos estatisticamente significativos ndo necessariamente se traduzem em
efeitos clinicos relevantes, enquanto ensaios clinicos falham em contemplar a
heterogeneidade dos transtornos psiquiatricos, especialmente o perfil de multimorbidade
associado a estes quadros. Ademais, o volume de informacdo disponivel, incluindo
estudos e guidelines, se tornou massivo demais para ser manejado de maneira pratica
por profissionais de saude, sendo que descobertas em pesquisa raramente sao
traduzidos para a pratica clinica. Existe, portanto, a necessidade de avancar para além
dos resultados de grupo, em direcdo a uma abordagem mais individualizada e
personalizada. Por fim, métodos estatisticos tradicionais ndo séo capazes analisar a
complexidade de extensos bancos de dados, em especial os ndo-estruturados. Técnicas
de machine learning, por outro lado, séo ideais para abordar estes desafios.

Diante disso, conduzimos duas revisdes sistematicas e um estudo original com
foco no uso de machine learning em saude mental. Na primeira revisdo e metanalise,
estudamos todas as possiveis aplicacdes do método no estudo do transtorno de humor
bipolar, e a acuracia do uso de neuroimagem para este diagnostico. Na segunda revisao,
focamos em uma dessas aplicacdes: a predicdo de resposta a tratamento em transtornos
psiquiatricos. No terceiro estudo, nés aplicamos estas técnicas em uma grande coorte
para predizer o curso do transtorno depressivo, incluindo predicdo de depressao,

depressao incidente, e depressao persistente.
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4. OBJETIVOS

4.1. Objetivo geral
Determinar aplicaces de técnicas de machine learning em psiquiatria e saude

mental.

4.2. Objetivos especificos

a) Revisar e metanalisar a literatura relacionada com aplicacdes de técnicas
de machine learning no transtorno de humor bipolar.

b) Revisar a literatura relacionada com o uso de técnicas de machine learning
na predicao de resposta ao tratamento em estudos com intervencdes para o tratamento
de transtornos psiquiatricos.

C) Utilizar técnicas de machine learning para predizer o curso do transtorno

depressivo em uma extensa coorte ocupacional.
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5. CONSIDERACOES ETICAS

O Estudo Longitudinal de Saude do Adulto (ELSA-Brasil) € uma coorte
multicéntrica composta por mais de 15 mil funcionarios publicos de seis instituicdes de
ensino superior brasileiras, cujo propdésito € investigar incidéncia e fatores de risco para
doencas cronicas.

O protocolo do estudo atendeu a Resolucéo 196/96a e a outras complementares
— a Resolugdo CNS 346/05 Projetos multicéntricos e a Resolucdo CNS 347/05
Armazenamento de materiais biolégicos. Foi aprovado nos comités de ética em pesquisa
das instituicdes envolvidas e na Comissdo Nacional de Etica em Pesquisa do Conselho
Nacional de Saude (Conep). Conta ainda com o Comité de Etica, Recrutamento e
Comunicagcdo Social, responsavel por assessorar e coordenar 0 cumprimento de
aspectos éticos e de comunicagcdo com as instituicbes e individuos participantes do
estudo. Este comité foi responsavel pela consolidacdo do protocolo e do Termo de
Consentimento Livre e Esclarecido (TCLE), e do “Manual de Recrutamento e

Arrolamento”.
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6. ARTIGOS
6.1. Artigo 1

Titulo: "The impact of machine learning techniques in the study of bipolar
disorder: a systematic review"

Publicado na Neuroscience & Biobehavioral Reviews, Volume 80, paginas 538-
554, em setembro de 2017. doi: 10.1016/j.neubiorev.2017.07.004.

Fator de impacto da revista: 8.299
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ARTICLE INFO ABSTRACT

Keywords: Machine learning techniques provide new methods to predict diagnosis and clinical outcomes at an individual
Machine learning level. We aim to review the existing literature on the use of machine learning techniques in the assessment of
Big data ) subjects with bipolar disorder. We systematically searched PubMed, Embase and Web of Science for articles
BlI.’Oilgr disorder published in any language up to January 2017. We found 757 abstracts and included 51 studies in our review.
Sl,nm . Most of the included studies used multiple levels of biological data to distinguish the diagnosis of bipolar dis-
Diagnosis N . P

Support vector machine order from other psychiatric disorders or healthy controls. We also found studies that assessed the prediction of
Prediction clinical outcomes and studies using unsupervised machine learning to build more consistent clinical phenotypes

of bipolar disorder. We concluded that given the clinical heterogeneity of samples of patients with BD, machine
learning techniques may provide clinicians and researchers with important insights in fields such as diagnosis,

Predictive analysis
Pattern recognition

Neuroimaging

personalized treatment and prognosis orientation.

1. Introduction

Bipolar disorder affects about 2% of the world’s population with
sub-threshold forms affecting an additional 2% of the population
(Merikangas et al., 2007). According to the World Health Organization,
bipolar disorder is among the 10 leading causes of disability-adjusted
life years in young adults (Mathers et al., 2006). Rates of completed
suicide in patients with bipolar disorder are 7.8% in men and 4.9% in
women (Nordentoft, 2011), and life expectancy has been reported to
decrease by 9 years in patients with bipolar disorder (Crump et al.,
2013). Although several types of interventions may be used in order to
prevent and treat mood episodes, they are frequently suboptimal, and
about 60% of the patients relapse into depression or mania within two
years of treatment initiation (Gitlin et al., 1995). In addition, current
approaches to diagnosing bipolar disorder may not be completely ef-
fective, having an average delay of ten years between the first symp-
toms and the formal diagnosis (Lish et al., 1994). This framework

illustrates important challenges in the current treatment approaches,
diagnosis, and prevention in bipolar disorder.

Evidence-based medicine has helped us understand risk factors,
optimal treatments and prognosis of bipolar disorder by using tradi-
tional statistical methods which primarily provide average group-level
results (Sackett et al., 1996). However, in a recent article, Greenhalg
and colleagues have called our attention to the fact that some statisti-
cally significant results may not represent a real benefit for an in-
dividual patient and that subjects in clinical trials may not always re-
flect the multimorbidity profile of real life patients (Greenhalgh et al.,
2014). This may be particularly true in the field of bipolar disorder,
where clinical heterogeneity is a very important factor. In light of these
findings, techniques that aim at developing tailor-made psychiatric care
to the individual, such as machine learning, have been gaining ground
in psychiatric research (Huys et al., 2016).

Big data is a broad term used to denote volumes of large and
complex measurements, as well as the velocity that data is created.
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Another crucial characteristic of big data is the variety of levels in
which data is created, from the molecular level, including genomics,
proteomics and metabolomics, to clinical, sociodemographic, adminis-
trative, environmental, and even social media information (Passos
et al.,, 2016b). In order to analyze big data, several machine learning
methods (also known as pattern recognition techniques) have been
developed during the last years. In short, one may say that first the
algorithm analyses a ‘training’ dataset to establish a function able to
distinguish individual subjects across groups. Once that has been done,
the model can be applied to a new dataset, and the accuracy of the
method can be measured in this new scenario. Later improvements of
the model can be acquired, either by changing the algorithm or by
performing additional feature reduction in the dataset (Lantz, 2015). As
a result, these algorithms are ideal for assessing multifactorial dis-
orders, and to estimate the probability of a particular outcome at an
individual level (Mwangi et al., 2012).

The present study aims to review data in which bipolar disorder
patients were assessed by using machine learning techniques regarding
different outcomes. Our focus was mainly on studies that assessed di-
agnosis. However, we also included studies that assessed treatment,
prognosis and development of data-driven phenotypes. We also pro-
vided a brief explanation about the most relevant principles of machine
learning and its limitations in the supplementary material, since these
techniques are relatively new in the field of psychiatry. Our overarching
goal was to show how these new techniques are likely to support im-
portant clinical decisions in the forthcoming years.

2. Methods
2.1. Search strategy

We searched PubMed, Embase and Web of Science for articles
published between January 1960, and January 2017 by using the fol-
lowing keywords: (“Big data” OR “Artificial Intelligence” OR “Machine
Learning” OR “Gaussian process” OR “Cross-validation” OR “Cross va-
lidation” OR “Crossvalidation” OR “Regularized logistic” OR “Linear
discriminant analysis” OR “LDA” OR “Random forest” OR “Naive
Bayes” OR “Least Absolute selection shrinkage operator” OR “elastic
net” OR “LASSO” OR “RVM” OR “relevance vector machine” OR
“pattern recognition” OR “Computational Intelligence” OR
“Computational Intelligences” OR “Machine Intelligence” OR
“Knowledge Representation” OR “Knowledge Representations” OR
“support vector” OR “SVM” OR “Pattern classification”) AND (“Bipolar
Disorder” OR “Bipolar Disorders” OR “Manic-Depressive Psychosis” OR
“Manic Depressive Psychosis” OR “Bipolar Affective Psychosis” OR
“Manic-Depressive Psychoses” OR “Mania” OR " OR “Manic State” OR
“Manic States” OR “Bipolar Depression” OR “Manic Disorder” OR
“Manic Disorders” OR “Bipolar euthymic”). We also searched the re-
ference lists to find potential articles to include. There were no lan-
guage restrictions.

2.2. Eligibility criteria

This systematic review was performed according to the PRISMA
statement (Liberati et al., 2009). Articles met the inclusion criteria if
they assessed bipolar disorder patients using machine learning techni-
ques. Technical and theoretical studies that used machine learning
techniques but did not assess bipolar disorder patients were excluded.
We also excluded studies that included only individuals below 18 years
of age.

2.3. Data collection, extraction and statistical analysis
Two researchers (DLG and LNPL) independently screened titles and

abstracts of the identified articles. They also obtained and read the full
texts of potential articles, supervised by ICP who made the final
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decision in cases of disagreement. Data extracted from the articles in-
cluded year of study publication, data used in the machine learning
model (i.e., neuroimaging, blood biomarkers, clinical and demo-
graphical characteristics, among others), sample size, diagnoses as-
sessed in the study, machine learning algorithm, and statistical measure
of performance (i.e., accuracy, sensitivity, specificity, area under the
curve, true positive, false positive, true negative and false negative).
When this data was not available, we requested it from the authors.

We performed a meta-analysis of diagnostic accuracy with the
classification studies. For this analysis, we included studies that used
neuroimaging data (either structural or functional) to assess patients
with bipolar disorder compared with healthy controls. Articles that
assessed patients with bipolar disorder compared to patients with other
psychiatric diagnosis were excluded. We also excluded studies per-
formed in subjects with less than 15-year-old. We used the package
mada from R (version number 3.3.1) to perform the analysis and to
build the Summary Receiver Operating Characteristic (SROC) curve of
sensitivity and specificity, as previously described (Reitsma et al.,
2005).

3. Results and discussion

We found 757 potential abstracts and included 51 articles in the
present review, being one of them added after reference screening
(Fig. 1). A list of the included articles as well as its most relevant
characteristics and findings is presented in Table 1 (classification stu-
dies) and tables S1 and S2 (clinical outcomes prediction and un-
supervised learning studies). Most of the studies focused on diagnostic
classification (38 studies) in order to distinguish bipolar disorder from
schizophrenia, unipolar depression, healthy controls and other condi-
tions. Of these, 11 used structural neuroimaging (Besga et al., 2012;
Chen et al., 2014; Fung et al., 2015; Hajek et al., 2015; Koutsouleris
et al.,, 2015; Mwangi et al., 2016; Redlich et al., 2014; Rocha-Rego
et al., 2014; Sacchet et al., 2015; Schnack et al., 2014; Serpa et al.,
2014), 13 used functional neuroimaging (Almeida et al., 2013;
Anticevic et al., 2014; Arribas et al., 2010; Costafreda et al., 2011; Du
et al., 2015; Frangou et al., 2017; Grotegerd et al., 2014, 2013; Jie
et al., 2015; Kaufmann et al., 2017; Mourao-Miranda et al., 2012; Rive
et al., 2016; Roberts et al., 2016), 5 used genetic analysis (Acikel et al.,
2016; Chuang and Kuo, 2017; Dmitrzak-Weglarz et al., 2015; Pirooznia
et al., 2012; Struyf et al., 2008), 4 used electroencephalographic mea-
sures (Erguzel et al., 2016, 2015; Johannesen et al., 2013; Khodayari-
Rostamabad et al., 2010), 3 used neuropsychological tests, either alone
or coupled with clinical observations and serum biomarkers (Akinci
et al., 2013; Besga et al., 2015; Wu et al., 2016b), and 2 used a panel of
serum biomarkers (Haenisch et al., 2016; Pinto et al., 2017). A total of 7
studies focused on predicting clinical outcomes, such as depression
relapse and suicide (Salvini et al., 2015), mood changes (Faurholt-
Jepsen et al., 2016; Gentili et al., 2017; Valenza et al., 2014, 2013) and
suicide (Levey et al., 2016; Niculescu et al., 2015; Passos et al., 2016a).
We found only 2 articles predicting treatment response or adverse ef-
fects (Castro et al., 2016; Wade et al., 2016), and 4 studies that used
unsupervised or semi-supervised machine learning to identify homo-
geneous groups of patients (Bansal et al., 2012; Hall et al., 2012;
Wahlund et al., 1998; Wu et al., 2016b).

3.1. Classification studies

Bipolar disorder particularly illustrates the dilemma of diagnostic
systems solely based on clinical judgment, which may lead to mis-
diagnosis or treatment delay. It is known that bipolar disorder has an
average delay of ten years between the first symptoms and formal di-
agnosis (Lish et al., 1994). It is also known that only 20% of patients
with bipolar disorder who are experiencing a depressive episode are
diagnosed with bipolar disorder within the first year of seeking treat-
ment (Goldberg et al., 2001).
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Fig. 1. Flowchart of review process and study se-
lection.

- 9 studies didn’t access bipolar disorder patients;

- 1 was a technical paper without an outcome of

Machine learning can aid clinicians by improving risk assessment
and by allowing early detection of those at risk for bipolar disorder. In
this systematic review, we included 24 studies that used structural or
functional neuroimaging coupled with classification algorithms in order
to distinguish between diagnostic classes or to predict diagnosis. For the
meta-analysis of diagnostic accuracy, we included 12 studies based on
our inclusion and exclusion criteria, comprising 16 different predictive
models. We obtained AUCs of 0.698 for structural magnetic resonange
imaging (sMRI), 0.754 for functional magnetic resonance imaging
(fMRI) and 0.712 for both combined. Fig. 2 shows the Summary Re-
ceiver Operating Characteristic curve of sensitivity and specificity for
classification studies that used neuroimaging data. Forest plots of the
included studies are available in the supplementary material (Figs. S3-
S5). Feature selection seems to play an important role on the final ac-
curacy of these models, as neuroimaging studies tend to have few
subjects but can produce a large number of features. The better is the
selection of the relevant features, the better the model will perform
(Erguzel et al., 2015; Guyon and Elisseeff, 2003; Mwangi et al., 2014;
Sun et al., 2010; Tohka et al., 2016). Another 14 included studies used a
variety of data, including clinical, sociodemographic, neuropsycholo-
gical tests, electroencephalographic measures, among others, in the
attempt to classify patients with bipolar disorder accurately.

3.1.1. Structural neuroimaging

We found 11 studies that used structural magnetic resonance ima-
ging (MRI) in order to distinguish patients with bipolar disorder from
patients with other psychiatric disorders or healthy controls (HC). In
particular, many of these studies focused on differences between gray
matter (GM) and white matter (WM). In a recent article, Mwangi et al.
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c —————3 | 135 duplicates removed
s
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< authors (DLG and
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) through
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used GM and WM density in a large cohort of 256 patients to distin-
guish bipolar disorder from HC subjects, using the relevance vector
machine (RVM) algorithm. Authors obtained accuracies of 70.3% for
WM only, 64.9% for GM only, and 64% when both were combined (y>
p < 0.005). Another interesting finding was that early-stage bipolar
disorder and HC were indistinguishable when RVM predicted prob-
ability scores were analyzed (p = 0.05), but intermediate-stage bipolar
disorder and late-stage bipolar disorder differed significantly from HC
(p = 0.01 and p < 0.01, respectively) (Mwangi et al., 2016). This
supports previous evidence suggesting that bipolar disorder is a neu-
roprogressive disorder (Berk et al., 2011; Kapczinski et al., 2016). An-
other article used whole-brain GM from two independent samples to
classify bipolar disorder, unipolar depression and HC subjects using
support vector machine (SVM) and Gaussian process classifier (GPC)
algorithms. Authors distinguished bipolar disorder from unipolar de-
pression with accuracies of 75.9% (SVM, p < 0.001) and 79.3% (GPC,
p < 0.001) in the first sample, and 65.5% (SVM, p = 0.006) and
65.5% (GPC, p = 0.006) in the second sample. When authors added
WM to the model, similar to what happened in the study by Mwangi
et al., there was no improvement in accuracy (Redlich et al., 2014).
Schnack et al. also used GM density, but to discriminate between
schizophrenia, bipolar disorder, and HC subjects. They trained an SVM
model in one sample and used another sample to validate the model. Of
note, the first sample was composed of bipolar disorder type I only
patients, while the second sample had 24.2% of patients with bipolar
disorder type II or not otherwise specified (NOS). The resulting ac-
curacies were 55% and 63% of bipolar disorder and HC subjects cor-
rectly classified, and 66% and 65% of bipolar disorder and schizo-
phrenia subjects correctly classified. The model was repeated excluding
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and 84.20% specificity (Fung et al., 2015). In another study, the authors
used feature-based morphometry combined with an SVM algorithm to
select regions of interest prior to classification and compared results to
voxel-based morphometry (VBM) and deformation-based morphometry
(DBM), two already established methods. The new method was applied
to identify bipolar disorder patients in the corresponding sample, re-
sulting in an accuracy of 57% (Chen et al., 2014). Koutsouleris et al.
aimed to classify individuals with schizophrenia, bipolar disorder, MDD
and at-risk mental states (ARMS). The authors hypothesized that their
neuroanatomical signatures varied on a continuum between schizo-
phrenia and MDD. They trained an SVM machine learning model using
a sample of schizophrenia and MDD patients, and then applied the
model to a sample containing bipolar disorder patients. The algorithm
classified 74% of bipolar disorder as MDD — suggesting proximity of
these disorders in this continuum. Individuals with first-episode psy-
chosis, ultra-high risk and low-risk for psychosis were mostly classified
in the schizophrenia group, suggesting these conditions are more re-
lated to this extreme end of the continuum (Koutsouleris et al., 2015).
Another study used SVM-based pattern classifier to distinguish between
first-episode psychotic mania (bipolar disorder type I), first-episode
psychotic MDD and HC. The authors achieved accuracies of 66.1%
when differentiating bipolar disorder type I versus HC and 54.76%
when distinguishing bipolar disorder type I from MDD. The low ac-
curacies obtained in this scenario limits its clinical application, but
unlike other studies in which subjects had greater illness duration, this
study tried to create a useful tool to detect early stages of the disease
(Serpa et al., 2014). Finally, one study used diffusion tensor imaging
(DTI) features coupled with WM integrity analysis to distinguish be-
tween late-onset bipolar disorder, Alzheimer’s Disease (AD) and HC.
Using an SVM algorithm trained and tested on fractional anisotropy
(FA), the authors achieved 100% accuracy in all discriminations tasks
(Besga et al., 2012).

Another study examined the feasibility of using pattern recognition
techniques to distinguish patients with bipolar disorder from HC in two
independent study populations (Rocha-Rego et al., 2014). The samples
consisted of two cohorts of remitted bipolar disorder type I patients.
The authors applied a GPC algorithm to GM and WM structural mag-
netic resonance imaging data. The diagnostic accuracy of the GPC for
GM was 73% in study population 1 and 72% in study population 2; the
sensitivity and specificity of the classification were respectively 69%
and 77% in study population 1 and 64% and 99% in study population 2.
The diagnostic accuracy of the GPC for WM was 69% in study popu-
lation 1 and 78% in study population 2; the sensitivity and specificity of
the WM classification were both 69% in study population 1 and 71%
and 86% in study population 2, respectively. Nevertheless, the two
cohorts differed in medication status, IQ, age and age of disease onset.
A different study used both SVM and GPC to identify changes in brain
structures using sMRI in unaffected and affected bipolar offspring.
Authors obtained 68.9% accuracy in distinguishing high-risk unaffected
subjects from controls and 59.7% accuracy in differentiating affected
offspring from controls. Results showed that WM from the inferior and
middle frontal gyrus, as well as from the temporal gyrus and the pre-
cuneus contributed the most to distinguish high genetic risk subjects
from low-risk ones. These results, however, were not repeated when
analyzing GM (Hajek et al., 2015).

3.1.2. Functional neuroimaging

Functional neuroimaging was also employed in some studies.
Grotegerd et al. used SVM and GPC coupled with functional neuroi-
maging to distinguish depressed bipolar from unipolar patients.
Subjects underwent neuroimaging acquisition while performing pas-
sive-viewing tasks on different facial expressions. Authors obtained
accuracies of 90% (happy versus neutral face), 75% (negative versus
neutral faces) and 80% (combining the previous ones) with the SVM
model. GPC, however, did not perform so well (respectively 70, 70 and
75% accuracy) (Grotegerd et al., 2013). In another study of the same
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group, patients with bipolar disorder and MDD were presented with a
rapid stimulus of either a happy, sad, or neutral face, then a neutral-
face mask, and asked to describe the emotion of the flashed face. The
fMRI activity in the amygdala obtained while identifying happy versus
sad faces was the most predictive in differentiating bipolar disorder
versus MDD, with an accuracy of 75% using SVM and 79.6% using GPC,
both statistically significant (p = 0.008 and 0.002, respectively). It is
important to state that the samples from these two studies did not
overlap (Grotegerd et al., 2014). Another study used fMRI to determine
differences in brain activity in patients with bipolar disorder, MDD and
HC while they were presented with intense happy, mild happy and
neutral faces and were asked to distinguish them. They trained a GPC
algorithm using whole-brain activity patterns and were able to distin-
guish bipolar disorder from unipolar depression using mild happy faces
task, obtaining 67% accuracy with 72% specificity and 61% sensitivity
(p = 0.018). However, this result did not remain statistically significant
after correcting for multiple comparisons (Mourao-Miranda et al.,
2012).

Frangou and colleagues used fMRI acquisition during the n-back
working memory task to differentiate between patients with bipolar
disorder from unrelated healthy controls, and their first-degree relatives
that were either healthy individuals or had a MDD diagnosis. The au-
thors achieved accuracies of 83.5 (bipolar disorder vs. unrelated HC),
73.1 (bipolar disorder vs. MDD relatives) and 81.8% (bipolar disorder
vs. related HC) using the data from the 3-back vs. 0-back contrast. Most
of the comparisons between the other contrast data, however, were not
statistically significant (Frangou et al., 2017). Kaufmann and colleagues
used functional network connectivity while participants performed five
different cognitive tasks during fMRI scans in bipolar disorder (n = 97),
schizophrenia (n = 90) and HC (136) subjects to identify these tasks
within each diagnosis class, aiming to correlate brain structure and
brain function. Using a regularized linear discriminant analysis to
create a 5-class classifier, authors obtained an accuracy of 91.74%
within bipolar disorder class to classify the 2-back test based on the
connectivity profile of fMRI data. Accuracies for classifying the other
four tasks ranged from 49.55-69.13%. Similar classification accuracies
were obtained for the three subjects groups, and three of the five tasks
could be classified with accuracies over 60% in all of them (Kaufmann
et al., 2017).

In another study, authors used blood-oxygen-level dependent
(BOLD) signals within the default-mode network and temporal lobe
measured by fMRI to differentiate between bipolar disorder, schizo-
phrenia and HC subjects while they performed two runs of an auditory
oddball (AOD) tasks. After dimensionality reduction of the fMRI data,
four different machine learning algorithms were applied to distinguish
bipolar disorder from non-bipolar disorder subjects, with area under the
curves (AUGCs) ranging from 0.878-0.890. The three-way correct clas-
sification rate (CCR) of the algorithms was between 70.1 and 70.9%
(Arribas et al., 2010). Costafreda et al. used fMRI to determine neural
responses in bipolar disorder, schizophrenia and healthy control sub-
jects while they performed a phonological verbal fluency task. The
authors were able to correctly identify patterns in neuronal responses in
patients with bipolar disorder with an accuracy of 79%, sensitivity of
56% and 89% specificity (p < 0.001). However, the prediction accu-
racy for patients with bipolar disorder was much lower than that for
patients with schizophrenia, which reached 92% accuracy (Costafreda
etal., 2011). Du et al. used resting state brain networks to build a model
to differentiate between bipolar disorder, schizophrenia, HC, and
schizoaffective disorder with manic episodes (SADM) or with depres-
sive episodes only (SADD). 93 subjects were used as the testing dataset,
and the model was validated in a new sample consisting of 16 subjects.
Using SVM to both the feature selection and the pattern classification
tasks, authors obtained a 68.75% overall accuracy in the validation
sample(Du et al., 2015). Another study used thalamus seed-based
connectivity analyses in order to distinguish between schizophrenia,
bipolar disorder and HC. The authors hypothesized that patients with
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bipolar disorder also experience thalamo-cortical communication dis-
turbances based on similar previous findings in patients with schizo-
phrenia. Using a linear SVM with leave-one-out cross-validation, the
authors distinguished bipolar disorder from HC with an accuracy of
61.7% (P < 0.038) (Anticevic et al., 2014).

Jie et al. combined anatomical and functional data in order to dis-
tinguish bipolar disorder patients from MDD and HC in three public
datasets. The authors first analyzed fractional amplitude of low-fre-
quency fluctuation (fALFF), obtained through fMRI, and the voxel-
based morphometry of voxel-wise gray matter (VBM-GM) volume, ob-
taining classification accuracies for each method. After that, they
combined both sets of data in a multimodal analysis in order to improve
accuracy. They obtained accuracies of 92.07% when discriminating
bipolar disorder from MDD and 80.78% when discriminating bipolar
disorder from HC, higher than those for fALFF or VBM-GM alone. Prior
to the multimodal analysis, the authors also developed a new algorithm
called SVM with forward-backward search strategy (SVM-FoBa) and
tested it against four already established methods of feature selection in
three public datasets (Jie et al., 2015).

Rive et al. used both sMRI (gray matter volume) and resting-state
fMRI to distinguish depressed and remitted patients with bipolar dis-
order or MDD using GPC and SVM models. Both GPC and SVM had poor
performances to differentiate remitted patients, although default mode
network (fMRI) was able to distinguish depressed patients with 69.1%
(GPC, p = 0.02) and 80.5% (SVM, p = 0.01). Results interpretation are
limited because the study had a small sample and included MDD, bi-
polar disorder type I, and bipolar disorder type II in the depressed
group. Also, the depressed group had statistically significant more de-
pressive episodes than the remitted group (Rive et al., 2016). Another
study used data from resting functional connectivity of the left inferior
frontal gyrus to create a SVM model capable of differentiate bipolar
disorder patients, at-risk subjects (defined as having at least one first-
degree relative with bipolar disorder), and healthy controls. Unlike
most of the studies, authors used a multi-class classifier, i.e., the model
was used to distinguish the three classes at once, instead of in a pairwise
fashion. They obtained an overall accuracy of 64.3%, with individual
accuracies of 58% (HC), 64.5% (AR) and 70.5% (bipolar disorder). Of
note, chance rate was 40.8% because of different size groups (Roberts
et al., 2016).

One article used arterial spin labelling (ASL) to analyze anterior
cingulate cortex (ACC) blood flow in order to distinguish between bi-
polar disorder, unipolar depression and HC. ASL is a non-invasive
perfusion magnetic resonance that quantifies cerebral blood flow
(Petcharunpaisan et al., 2010). Pattern recognition analysis with SVM
of the subgenual ACC subdivision differentiated bipolar disorder from
unipolar depression with 81% accuracy. No region was significant to
discriminate bipolar disorder from HC. However, it is important to note
that this study used only female subjects and had a small sample size
(18 patients in each group) (Almeida et al., 2013).

One critical issue while using neuroimaging is generalization. Most
of the studies had small samples and did not repeat the analysis in
unseen samples, which can limit the obtained results (Du et al., 2015).
Also, the main application of the classifiers using machine learning
coupled with neuroimaging may not be to detect already established
diagnosis, which remains a clinical decision, unless the diagnosis would
be data-driven. Instead, the great impact of this combined approach
would be to predict which individuals are at risk of progression to a
major psychiatric disorder, allowing early and precise interventions.

3.1.3. Genetic analysis

Five studies used machine learning algorithms coupled with ge-
netics in order to build models to differentiate patients with bipolar
disorder from patients with other disorders. Struyf et al. combined gene
expression data from the Stanley Neuropathology Consortium with
demographic and clinical data to build six algorithms for classifying
bipolar disorder and schizophrenia patients. Using genetic data only,
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the SVM model was able to distinguish bipolar disorder from controls
with an AUC of 0.92. However, after combining genetic data with de-
mographic and clinical data, the performance was improved to an AUC
of 0.97. The SVM model outperformed all other algorithms, all of which
obtained AUCs ranging from 0.60-0.73 (genetic only) and 0.60-0.90
(genetics plus clinical and demographic data). These results illustrate
the application and effectiveness of SVM in large datasets, as well as the
superiority of multimodal signatures using data from different biolo-
gical and clinical levels (Struyf et al., 2008). Pirooznia et al. compared
five machine learning algorithms to an established polygenic scoring
approach to classify patients with bipolar disorder and schizophrenia.
The model was built using the Bipolar Genome Study dataset and tested
using the Wellcome Trust Case Control Consortium dataset, both con-
taining large samples with thousands of single-nucleotide polymorph-
isms (SNP) available. The analysis was conducted in four parts: two
whole-genomes with 3514 SNPs (WG1) and 14364 SNPs (WG2) and
two brain-expressed SNPs with 1252 SNPs (BE1) and 5366 SNPs (BE2).
In WG1, the Bayesian networks (BN) algorithm was superior to the
polygenic scoring approach, with an AUC of 0.55 against 0.549. The
other four algorithms performed worse, with AUCs ranging from 0.482
to 0.545. In WG2, the polygenic scoring approach outperformed all
machine learning algorithms. Results were similar with BE1 and BE2
analysis, with BN slightly superior to the polygenic scoring approach
(Pirooznia et al., 2012).

One study used gene variants from four core period proteins in-
volved in circadian rhythm to differentiate unipolar depression, bipolar
disorder, and HC. Using a Classification and Regression Trees (CART)
algorithm, the authors classified unipolar depression from HC with an
accuracy of 61%. However, the authors did not find any significant
model for classifying bipolar disorder against unipolar depression and
HC (Dmitrzak-Weglarz et al., 2015). Acikel et al. used three data mining
methods (Random Forest, Naive Bayes and k-Nearest Neighbors) and
multifactorial dimensionality reduction (MDR) in data obtained from
the Whole-Genome Association Study of Bipolar Disorder with the
purpose of finding SNP associations implicated in bipolar disorder.
After cleaning and filtering the SNPs, the remaining 693 SNPs were
used to build four models, with accuracies of 73.4% (RF; 15 SNPs),
70.2% (NB; 13 SNPs), 73.3% (kNN; 10 SNPs), 64.7% (two-way MDR; 6
SNPs) and 72.1% (three-way MDR; 6 SNPs), based respectively in 16,
13, 10, 6 and 6 SNPs. Of note, while all the three data mining methods
found the same top six SNPs, MDR found different SNPs, probably due
to its ability to find associations between different SNPs (Acikel et al.,
2016).

Another study aimed to determine a genetic risk model in a
Caucasian sample using two genome-wide association datasets to
identify bipolar disorder and HC subjects, one for model construction
and another one for validation. They started with 1,992,730 intersec-
tion SNPs between the datasets, and obtained an AUC of 0.944
(0.935-0.953) in the training dataset and 0.702 (0.681-0.723) in the
validation dataset while using the 289 selected candidate markers, and
AUCs of 0.924 (0.913-0.935) and 0.639 (0.617-0.662) in training and
validation sets, respectively, with the 121 identified optimal markers.
Authors also created a risk model multiplying the numbers of risk allele
by the beta regression coefficient of each marker, with poor perfor-
mance in the validation step (Chuang and Kuo, 2017). While the results
are promising in comparison to genetic risk models previously proposed
for major psychiatric disorders, the model is still not feasible for clinical
use, with significant lower discrimination ability in the external data-
sets. Reasons for that may be the small sample size for a genome-wide
association study and the fact that bipolar disorder is a complex disease
in which environmental factors play a significant role, none of which
used in the present model.

3.1.4. EEG features
Four studies used electroencephalogram (EEG) biomarkers to assess
bipolar disorder diagnosis. Erguzel et al. performed two studies with
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different feature selection algorithms prior to the training model. In the
first, authors used EEG coherence, a quantitative EEG biomarker that
has the potential to reflect differing brain dynamics between bipolar
disorder and MDD patients, using Improved Ant Colony Optimization
(IACO) algorithm to perform feature selection. After this step, the se-
lected features were used to build different SVM models. They com-
pared traditional SVM to SVM coupled with four feature selection al-
gorithms, including SVM-IACO. When distinguishing between bipolar
disorder and MDD, SVM-IACO outperformed all other models with an
accuracy of 80.19% based on 22 features. Other models had accuracies
ranging from 62.37-78.21% with 25-48 features (Erguzel et al., 2015).
In another study, Erguzel et al. used Cordance, a quantitative electro-
encepalographic method, to differentiate bipolar disorder from uni-
polar depression subjects. After using the Particle Swarm Optimization
(PSO) algorithm for feature selection, authors create an Artificial
Neural Networks (ANN) model with the selected EEG alpha and theta
frequencies, representing an improvement of the model with no feature
selection (accuracies of 89.89 and 73.03%, respectively) (Erguzel et al.,
2016). These studies highlight the importance of improving models
through appropriate feature selection, thus removing variables that
may be causing noise in the model (Erguzel et al., 2015). IACO and PSO
algorithms are based on insects and animal’s social behavior, respec-
tively.

In another article of the same group, authors used event-related
potentials derived from EEG recordings and auditory-evoked responses
to select endophenotype candidates for schizophrenia. Using SVM and
these endophenotype candidates, the authors differentiated schizo-
phrenia from HC and bipolar disorder. The optimal model classification
of schizophrenia versus bipolar disorder had an accuracy of 72%, 74%
sensitivity and 70% specificity (Johannesen et al., 2013). Khodayari-
Rostamabad et al. used EEG data and a mixture of factor analysis (MFA)
model to classify bipolar disorder, MDD, schizophrenia and HC sub-
jects. The authors obtained 92.7% accuracy while differentiating be-
tween bipolar disorder and MDD. The analysis was repeated with an-
other three algorithms, including SVM, but MFA accuracy exceeded all
of them. Classification between bipolar disorder versus schizophrenia
and bipolar disorder versus HC was not performed in this study
(Khodayari-Rostamabad et al., 2010).

3.1.5. Neuropsychological tests

Similar to the studies using neuroimaging, several studies utilized
machine learning algorithms and neuropsychological measures to
identify patients with bipolar disorder. For instance, Wu and colleagues
studied whether neurocognitive abnormalities can objectively identify
individual patients with euthymic bipolar disorder from HC (Wu et al.,
2016b). The authors used the LASSO algorithm to identify individual
patients with bipolar disorder with an accuracy of 71% and an AUC of
0.714. In addition, each subject was assigned a probability score, esti-
mating whether the individual belonged to the bipolar disorder or the
HC group. Patients with rapid cycling were assigned increased prob-
ability scores to belong to bipolar disorder group compared to patients
without rapid cycling.

Another study used machine learning classification methods to
discriminate patients with late-onset bipolar disorder (LOBD) from
patients with Alzheimer’s disease (AD) and HC (Besga et al., 2015).
Authors combined clinical observations, neuropsychological tests, and
inflammatory markers to build three machine learning models using
different algorithms. They analyzed the accuracy of these variables
alone and combined, achieving a higher accuracy when using them
altogether. The discrimination of LOBD vs. AD patients had an accuracy
of 90.26%, and the discrimination of LOBD vs. HC had an accuracy of
95.76% with the combined data. It is interesting to note that blood
biomarkers alone poorly discriminated LOBD from HC (46.35-60.34%)
and LOBD from AD (46.38-71.01%) in all algorithms. In contrast,
neuropsychological tests achieved the greatest discrimination
(89.66-91.38 and 79.71-85.51% respectively). This highlights the
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importance of neurocognitive evaluation and the challenge of finding
clinically relevant, reliable biomarkers for psychiatric disorders.

Neuropsychological tests were also applied in another study, in
which the authors developed a non-invasive video-based technique to
diagnose bipolar disorder. The authors used an eye pupil detection
system to monitor and track the different positions of the pupil.
Additionally, the system tracked the time duration of the pupils when
looking in certain directions and making decisions. Using different
training and testing samples from the eye-pupil data, the authors built a
SVM algorithm which distinguished bipolar disorder from HC subjects
with an accuracy of 96.36%. Although these results are impressive, the
article focused on technical explanations and had some limitations. For
instance, the authors did not explain how the bipolar disorder diagnosis
was assessed or determined, and there was no sociodemographic in-
formation available to compare bipolar disorder and HC groups (Akinci
et al., 2013).

3.1.6. Serum biomarkers

Haenisch and colleagues used a proteomic based approach in order
to develop a potential biomarker blood panel for diagnosing bipolar
disorder. In the discovery stage, they meta-analyzed eight case-control
studies and used LASSO algorithm to obtain the most relevant bio-
markers. After that, they validated this panel in a new sample of bipolar
disorder patients and then applied the panel to bipolar disorder, MDD,
HC, schizophrenia and pre-diagnostic bipolar disorder patients from
three nested case-control studies using a logistic regression model. They
obtained AUCs of 0.84 when distinguishing first onset MDD from un-
diagnosed bipolar disorder, 0.79 when comparing bipolar disorder to
HC, and 0.91 when differentiating bipolar disorder from schizophrenia
subjects. We highlight that 11 out of the 20 protein analytes in the
panel were related to inflammatory processes. Seven of them were pro-
inflammatory, and the other four were anti-inflammatory (Haenisch
et al., 2016). These inflammatory proteins are consistent with recent
evidence suggesting that immune activation and inflammatory pro-
cesses are involved in the genesis and course of bipolar disorder (Réus
et al., 2015).

In a study of our group, peripheral biomarkers (inflammatory
markers, neurotrophins and oxidative stress markers) were used to
differentiate HC, bipolar disorder and schizophrenia patients, with
patients individually matched by age and gender. Using a SVM algo-
rithm, the model could distinguish schizophrenia patients from HC with
72.5% accuracy (p < 0.05) and bipolar disorder from HC with 77.5%
accuracy (p < 0.05). The model, however, failed to differentiate bi-
polar disorder from schizophrenia subjects, with an accuracy of 49%
(Pinto et al., 2017). We hypothesize that the inability to separate bi-
polar disorder from schizophrenia in the model may be due to shared
characteristics among the disorders, such as cytokines profiles and
immune-inflammatory related pathways (Goldsmith et al., 2016;
Goodkind et al., 2015).

3.1.7. Commentary

Regardless of the data included in the model, it is important to
notice that they can never outperform our current diagnosis system.
Nevertheless, they may be an important tool to predict progression to a
psychiatric disorder before its installment, improving care and pro-
phylaxis for subjects at risk. Another application would be in the for-
ensic setting, where neuroimaging coupled with clinical and demo-
graphic data could be helpful to identify malingering, providing more
reliable diagnosis.

When a model generates low accuracies, it is pertinent to ask oneself
if it was a problem of the model itself, or because the diagnosis, i.e., the
classes we feed the machine with do not reflect the real complexity of
the illness, and there are new potential labels that could be discovered
by a data-driven approach, with better integration of the multimodal
data. In this fashion, machine learning could help us realize if our
clinical diagnosis is consistent or not with the neurobiological
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characteristics of each affected individual (Mwangi et al., 2016).
3.2. Predicting clinical outcomes

Salvini and colleagues used demographic and clinical features, in-
cluding follow-up variables, to assess depression relapse in 108 bipolar
disorder patients, with a total of 86 relapse cases, achieving an accuracy
of 85%, and a sensitivity of 92% (Salvini et al., 2015). These are in-
teresting findings since if one can predict which patients will most
likely relapse, then early intervention could improve prognosis. Besides
episode relapse, three articles used monitoring systems for long and
short-term data acquisition of autonomic measures in patients with
mood disorders to predict mood changes. These measures included the
interbeat interval series (RR) extracted from electrocardiogram (ECG)
and respiration signals (Valenza et al., 2013); ECG, respirogram and
body posture data (Valenza et al., 2014); and a number of features of
heart rate variability in ECG recordings (Gentili et al., 2017). Ac-
curacies ranged from 88 to 97%, 70.8 to 96.25% and 68.57 to 99.25%,
respectively. Another study used voice features collected in phone calls
to classify patients’ affective states, achieving AUCs of 0.78 (depressed
vs. euthymic) and 0.89 (manic/mixed vs. euthymic). These proof-of-
concept and experimental protocols illustrate machine learning’s po-
tential to aid in the clinical assessment of bipolar disorder patients, as
models with sufficient accuracy to monitor mood states in real time
may help assess disease activity and early intervention. Although pro-
mising, most of these studies had small samples, and results, therefore,
need to be interpreted with caution until adequate model validation in
different settings and populations.

Two studies integrated blood gene expression data with clinical
information in order to predict suicidal ideation and future hospitali-
zations in patients with major psychiatric disorders in four different
cohorts of bipolar and other psychiatric disorders participants.
Niculescu and colleagues assessed male participants and reported that
the SLC4A4 biomarker predicted suicidal ideation and future hospita-
lization for suicidality in the first year in patients with bipolar disorder
with an AUC of 93% (P-value 0.45e-6) and 70% (P-value 0.08), re-
spectively. When using the 11 top biomarkers coupled with clinical
scores, an AUC of 98% (P-value 1.19e-6) was found for predicting
suicidal ideation and an AUC of 94% (P-value 0.0021) for predicting
future hospitalizations in the same population (Niculescu et al., 2015).
Levey and colleagues repeated the same methodology with female
participants, however with smaller samples, founding AUCs of 0.82 (p-
value 0.003) and 0.78 (p-value 0.032) to predict suicidal ideation and
future hospitalizations for suicidality while combining clinical scales
and biomarkers. Results are not discriminated to the bipolar disorder
subpopulation, presumably because of the smaller samples of partici-
pants. In a study of our group, we tested a set of machine learning
algorithms coupled with clinical and demographic variables in an at-
tempt to identify a clinical signature of suicidality in patients with
mood disorders, including those with bipolar disorder (Passos et al.,
2016a). The study presented an accuracy of 72% in predicting suicide
attempts. Prior hospitalizations for depression, comorbid post-trau-
matic stress disorder, cocaine dependence, and history of psychotic
symptoms were the most robust variables for the model.

Finally, two studies assessed treatment outcomes. In a case control-
study with more than 5700 patients undergoing lithium treatment,
authors achieved an AUC of 0.81 in a predictive tool for the risk de-
velopment of renal insufficiency among lithium-treated patients.
Nevertheless, due to the multifactorial basis of renal failure, some of the
identified risks were not explained by lithium intake alone. Another
important limitation was the relatively short follow-up duration (Castro
et al., 2016). Regardless of these limitations, these findings indicate the
possibility of stratifying risk of renal failure in this population. More-
over, it suggests that risk stratification can be expanded to other
treatments and interventions. We found only one study assessing
treatment response in bipolar disorder patients. Wade et al. developed a
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SVM model to predict electroconvulsive therapy (ECT) response in 53
patients with a major depressive episode, being 8 of them diagnosed
with bipolar depression. Data used was comprised of sMRI morpho-
metric features of caudate, putamen, pallidum and nucleus accumbens
combined with three mood scales. They obtained an 89% accuracy to
predict treatment response, although bipolar disorder patients were a
small part of the sample, thus limiting interpretation in this particular
group (Wade et al., 2016). The trajectory of bipolar disorder is largely
variable, and it seems that a subset of patients will develop a more
pernicious course associated with suicide attempts, relapse, and treat-
ment refractoriness (Costa et al., 2015; Passos et al., 2016c). Although
these outcomes are largely reported in the available literature, pre-
dicting them was, until recently, an elusive goal.

3.3. Data clustering using unsupervised and semi-supervised machine
learning

Five studies used unsupervised learning to find natural groupings or
clusters of patients that may correspond to biologically relevant phe-
notypes. Wahlund et al. used principle component analysis to cluster
patients with unipolar depression based on clinical and biological
characteristics. Five of the 28 patients initially included presented
manic or hypomanic symptoms in the 15 years follow-up. Most of these
manic patients belonged to a cluster with significantly higher levels of
MAO activity and melatonin, identified prior to the follow-up. The bi-
polar disorder patients differed from one of the unipolar depression
clusters in psychomotor symptoms, and from another unipolar depres-
sion cluster in post-dexamethasone serum cortisol level. This study
demonstrates the potential to identify patients with unipolar depression
who will convert to bipolar disorder by the use of biomarkers.
Unfortunately, these serum markers are highly variable and labor in-
tensive to acquire. Additionally, the follow-up time of 15 years may
have been insufficient to identify all patients who eventually converted
to bipolar disorder (Wahlund et al., 1998).

Three recent studies assessed patients with bipolar disorder using
unsupervised machine learning to address different questions. Hall and
colleagues used K-means algorithm to identify neurophysiologic pro-
files in subgroups of patients, relatives and controls in two independent
samples. In their first analysis, authors included all subjects obtaining
three groups: globally impaired, sensory processing, and high cognitive,
with most of the patients being classified in the globally impaired group
(p < 0.001). In the second analysis, however, schizophrenia and bi-
polar disorder patients did not have distinct neurophysiological pro-
files. The authors only included bipolar disorder patients with psychotic
symptoms, a profile that may be more related to patients with schizo-
phrenia than non-psychotic bipolar disorder, which can explain this
result (Hall et al., 2012).

Wu and colleagues identified two bipolar disorder phenotypes dis-
tinct from DSM-IV subtypes in a semi-supervised model using brain
diffusion weighted imaging and neurocognitive data from the compu-
terized Cambridge Neurocognitive Test Automated Battery (CANTAB)
(Wu et al., 2016a). These data driven phenotypes are in consonance
with the cognitive profiles of the RAOC constructs, suggesting that there
is enormous potential for these descriptive models to improve our di-
agnostic paradigm into a dimensional approach rather than a catego-
rical one. In another study, Bansal and colleagues created an algorithm
that identified different types of neuropsychiatric illnesses such as bi-
polar disorder, attention-deficit/hyperactivity disorder, schizophrenia,
and Tourette syndrome (Bansal et al., 2012), also using weighted
imaging in a semi-supervised model. This model identified neu-
ropsychiatric illnesses based on brain morphologic characteristics with
high sensitivity and specificity (100% and 96.4% respectively in bipolar
disorder vs. HC, and 99.99% and 100% respectively in bipolar disorder
vs. schizophrenia).
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4. Conclusion

The present study showed that neuroimaging studies, besides
helping us to understand better the pathophysiology of psychiatric
disorders, may also help differentiate bipolar disorder from healthy
controls and other psychiatric diagnosis. That holds the potential to
help in addressing the problem of misdiagnosis and diagnostic delay in
BD. In the present study, we also performed a meta-analysis of diag-
nostic accuracy neuroimaging studies that included articles comparing
subjects with bipolar disorder with healthy controls.

Machine learning techniques may also be used to assess individuals
at risk, such as bipolar offspring, transforming data into applicable in-
formation about the individual risk of having a future diagnosis. In this
sense, machine learning may allow to develop personalized interven-
tions to prevent the transition from prodromes to full-blown illness
among high-risk patients. Once diagnosis is established, machine
learning may help to predict to which treatment patients are more
likely to benefit from. Prediction of treatment response may potentially
reduce the duration of mood episodes and help to tailor the main-
tenance treatment.

In addition, the present study showed that outcomes, such as sui-
cide, hospitalizations and episode relapse could also be predicted with
reasonable accuracy by using machine learning models. Emerging data
also suggests that integration with mobile devices and social media
could prove a useful resource to recognize a subject mood state, al-
lowing the clinician to be advised prior to the onset of a mood episode
in real time.

However, most of the included studies are still in a proof-of-concept
phase, with small sample sizes and lack of adequate external validation.
For instance, structural neuroimaging studies are often performed in
subjects already diagnosed with a psychiatric disorder with years of
progress and medication use, two confounding factors. It is hard to
determine whether structural brain alterations are the result, risk fac-
tors or the cause of disease. Despite that, neuroimaging coupled with
machine learning may serve for multiple purposes. Not only it can be
used as a tool for predicting individuals at risk, but it can also be ap-
plied to patients with chronic disease to study cognitive impairments,
neuroprogression status and to establish disease phenotypes.

Another limitation is the lack of population studies to validate most
of the described machine learning algorithms. Future studies on big
data analytics and machine learning should focus on the following:
validation of the predictive algorithms using new and independent
datasets; proposal and implementation of new models to predict im-
portant clinical outcomes such as mood episode relapse and cognitive
impairment; and development of web-based calculators and medical
devices to allow translation of these predictive models into the clinical
practice. We postulate that highly accurate predictive models will
support important clinical decisions such as selection of treatment op-
tions, preventive strategies, and prognosis orientations.

Finally, preliminary findings and proof-of-concept studies, along
with future studies, may help us shift from diagnostic categories based
on patients’ subjective description of symptoms and clinical observa-
tions, to an intel-based integrative paradigm. Machine learning tech-
niques may help to define clusters of patients who share similar char-
acteristics in a more complex level than our current classification
systems allows for. This could contribute to generate better staging
systems, allowing us to detect subgroups of patients with similar out-
comes. Another great challenge for the future is to make these complex
features and algorithms available to clinicians in a practical and ap-
plicable manner, turning big data analytics and machine learning
models into real benefits for patients.
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Supplemental material

Brief overview of machine learning techniques and model validation

Machine learning algorithms can be used to build models to predict
treatment response or side effects, and to perform pattern classification tasks. In
supervised machine learning, the model is ‘trained’ using a labeled dataset (e.g.
healthy vs disease). Subsequently, the ‘learnt’ model is applied to a ‘new’ or ‘novel’
dataset - also known as testing or validation datasets (Gollapudi, 2016; Lantz,
2015). On the other hand, unsupervised machine learning algorithms are used to
discover biological groups or clusters within the sample without necessarily
requiring user defined disease labels. The identified clusters or groups may
correspond to new potentially homogeneous disease phenotypes or subtypes
(Mwangi, Soares, & Hasan, 2014). The identified phenotypes must then be
interpreted to give meaning to the resulting classes. These algorithms are
unsupervised as they are ‘trained’ without target labels. For an instance, a
supervised model may be used to distinguish between bipolar disorder and HC
based on existing labeled data, while an unsupervised algorithm can learn to
recognize and differentiate subtypes of bipolar disorder without any pre-defined
labels. Both supervised and unsupervised learning algorithms are depicted in
figure S1. Finally, it is also possible to use an unsupervised machine learning
algorithm followed by a supervised algorithm - also known as a semi-supervised
approach. Hence, the unsupervised algorithm may aid in dimensionality reduction
before the supervised algorithm analyze the data (Hall et al., 2012; Huys, Maia, &

Frank, 2016; Mwangi et al., 2014).
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Figure S1. Supervised and unsupervised learning

In a supervised machine learning algorithm, outcome is already labeled in the training test, and the model tries
to predict the outcome or class in the testing/validation set. In the example, model was already established in
another data set and now it is able to differentiate the two labeled classes. In an unsupervised algorithm, the
data has no outcome specified, so the algorithm will study the data set to find different groups with
homogeneous characteristic (e.g. clustering.). In the figure, the algorithm found three clusters from the

unlabeled data.

However, in both supervised and unsupervised approach a validation
method is required. The ideal validation in the scenario of prognostic or predictive
analysis using machine learning would be to perform a longitudinal study in which
the subjects are followed up and the model previously developed in another

sample is applied, allowing us to see how accurately the model can make its
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predictions. In regard of classification studies, testing the classifier in an
independent population would be preferable (Cao et al., 2015, 2016). As these
approaches are not always feasible, most of the studies use cross-validation
techniques. One way of doing so is to divide the data set into training and
validation sets, to be used in algorithm training and validation process (Gollapudi,
2016; Lantz, 2015). Typical methods of dividing training and testing sets include
K-fold (e.g. 10-fold), leave-one-out or hold-out/split-half cross-validation. For
example, in a 10-fold cross-validation approach, the data is divided into 10 folds
and is trained with 9-folds followed by a validation step using 1-fold. This process
is repeated until all data folds are used at least once (Lantz, 2015; Struyf, Dobrin, &
Page, 2008). Finally, leave-one-out cross-validation can be performed when the
data set has few examples and is too small to be divided using the hold-out or k-
fold approach. The leave-one-out cross-validation method leaves the data of one
subject out and uses the remaining ones to build the model. Then the model is
validated using the subject that was left out. This process is repeated until every
subject is used to validate the model (Passos et al.,, 2016). These methods are

illustrated in Figure S2.

Figure S2. Validation in a new sample

Training

Test sample
sample

In the ideal scenario, a model is developed on one

Model Trained sample and then tested in another one. The
Training Model

performance of the model is the result of the

algorithm performance in the test sample.
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There are a wide variety of machine learning algorithms available, and their
uses may depend on the purpose of the analysis, as well as intrinsic characteristics
of the data. In general, supervised machine learning algorithms can be divided into
two broad groups, namely Kernel-learning and penalized regression algorithms.
Briefly, kernel learning algorithms use a kernel learning function (e.g. linear,
polynomial) to project the data into a high-dimensional space where subjects’
classes’ are easily separable - an operation also known as the ‘kernel trick’
(Bishop, 2006). By far, Support Vector Machine (SVM) - which is a kernel learning
algorithm - was the most commonly used method in the included articles in this
review, followed by Gaussian Process Classifiers (GPC). An SVM algorithm
establishes an optimal hyperplane that separates different classes (e.g. health vs.
disease) through a sub-sample of the data also known as support vectors. Support
vectors are established from the closest points to the hyperplane of the data
(Cortes & Vapnik, 1995; Fung et al., 2015; Lantz, 2015). Gaussian process classifier
(GPC) is based on Bayesian probability theory and uses probabilistic classification

(Marquand et al.,, 2010; Rasmussen & Williams, 2006; Rocha-Rego et al., 2014).

In a clinical scenario, where diseases are heterogeneous among individuals,
GPC has the advantage of include predictive uncertainty in the results, instead of a
pure categorical classification, such as SVM (Mourdo-Miranda et al., 2012). Thus,
probabilistic classification may be in consonance with a dimensional view of
mental illness, and also quantify how close are the individuals of the studied
classes. On the other hand, SVM models tend to minimize the risk of overfitting,
thus generalizing well to unseen samples (Christopher, 1998). Other methods are

not discussed in this paper because they weren’t applied to the included studies.
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A number of limitations, however, must be taken into account when dealing
with machine learning algorithms. For example, the class imbalance problem
occurs when a large majority of the examples belong to a single class, which can
compromise the model performance. Any model trained using an imbalanced data
set may, therefore, assign new observations to the majority class (Lantz, 2015;
Passos et al., 2016). This could be corrected using two techniques. In random
oversampling, the examples of the minority class are replicated and added to the
data set, until an adequate balance is obtained. As data of the minority class is
replicated, we incur in the risk of overfitting. Undersampling, on the other hand,
removes data until a sample of the majority class is balanced with the minority
one. To avoid loss of information, we can build multiple models by taking random
samples of the majority class and comparing them to the minority class, thus
generating multiple classifiers that could be later combined (Haibo He & Garcia,
2009). Another problem occurs when the model performs well in the training data
set but has a poor performance in the testing data set. This may occur potentially
due to overfitting, when the model does not generalize well to previously unseen
subjects data (Gollapudi, 2016; Lantz, 2015). Solutions for these problems may

depend on the algorithm used and properties of the data.
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Figures S3. Descriptive statistics for sensitivity and specificity of machine learning

studies that used structural neuroimaging to differentiate bipolar patients from

healthy controls
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Figures S$4. Descriptive statistics for sensitivity and specificity of machine learning

studies that used functional neuroimaging to differentiate bipolar patients from

healthy controls

Forest plot
Costafreda, 2011 O 0.56 [0.39, 0.72]
Frangou, 2017 . 0.83[0.66, 0.93]
Mourao-Miranda, 2012 = i 0.56 [0.34, 0.75]
Kaufmann, 2017 Pom 0.66 [0.56, 0.75]
Roberts, 2016 N 0.80[0.69, 0.88]

| | | T |
0.34 0.63 0.93
Sensitivity

Forest plot
Costafreda, 2011 . 0.90[0.77, 0.96]
Frangou, 2017 o 0.93[0.79, 0.98]
Mourao-Miranda, 2012 o 0.72[0.49, 0.88]
Kaufmann, 2017 P 0.52 [0.44, 0.60]
Roberts, 2016 S 0.531[0.36, 0.70]

| | | | |
0.36 0.67 0.98

Specificity

Librenza-Garcia et al.

49



Figures S5. Descriptive statistics for sensitivity and specificity of machine learning
studies that used both structural and functional neuroimaging to differentiate

bipolar patients from healthy controls

Forest plot
Besga, 2012 [E— 0.96[0.72,1.00
Hajek, 2015 . = 0.75[0.61,0.85
Mwangi, 2016 (WM) b 0.66 [0.58, 0.74
Mwangi, 2016 (GM) b 0.59[0.50, 0.67
Rocha-Rego, 2014 (WMa) ] 0.69[0.50, 0.83
Rocha-Rego, 2014 (GMa) . 0.76 [0.57,0.88
Rocha-Rego, 2014 (WMb) }——=— 0.70[0.45,0.87
Rocha-Rego, 2014 (GMb) +—=— 0.63[0.39, 0.83
Sacchet, 2015 . 0.55[0.40, 0.69
Schnack, 2014 - 0.69[0.58,0.79
Serpa, 2014 I 0.40[0.23, 0.59
Costafreda, 2011 - 0.56 [0.39, 0.71
Frangou, 2017 oom 0.82[0.66, 0.92
Mourao-Miranda, 2012 - 0.55[0.34,0.75
Kaufmann, 2017 o 0.66 [0.56, 0.74
Roberts, 2016 —a—] 0.80[0.68, 0.88
I T T T 1
0.23 0.61 1.00
Sensitivity
Forest plot
Besga, 2012 —u 0.9810.84, 1.00
Hajek, 2015 [ 0.62[0.48,0.75
Mwangi, 2016 (WM) b 0.74[0.66, 0.81
Mwangi, 2016 (GM) - 0.71[0.63,0.78
Rocha-Rego, 2014 (WMa) +—a— 0.69[0.50, 0.83
Rocha-Rego, 2014 (GMa) }——a— 0.69[0.50, 0.83
Rocha-Rego, 2014 (WMb) b 0.83[0.58, 0.95
Rocha-Rego, 2014 (GMb) . 0.90 [0.66, 0.98
Sacchet, 2015 - 0.57[0.45, 0.69
Schnack, 2014 - 0.491[0.37,0.60
Serpa, 2014 ] 0.84[0.68, 0.93
Costafreda, 2011 - 0.89[0.76, 0.95
Frangou, 2017 b m 0.921[0.77,0.97
Mourao-Miranda, 2012 | 0.711[0.49, 0.86
Kaufmann, 2017 . 0.52[0.44, 0.60
Roberts, 2016 —a 0.53[0.36, 0.69

I | | 1 1
0.36 0.68 1.00

Specificity

Librenza-Garcia et al.



Bibliography

Bishop, M. C. (2006). Pattern Recognition and Machine Learning. Springer. Retrieved
from papers3://publication/uuid/576DFF89-1DD1-434D-8337-6954496F57C4

Cao, B., Mwangi, B., Hasan, K. M., Selvaraj, S., Zeni, C. P., Zunta-Soares, G. B., & Soares,
J. C. (2015). Development and validation of a brain maturation index using
longitudinal neuroanatomical scans. Neurolmage, 117, 311-318.
https://doi.org/10.1016/j.neuroimage.2015.05.071

Cao, B., Stanley, J. A., Selvaraj, S., Mwangi, B., Passos, |. C., Zunta-Soares, G. B., &
Soares, J. C. (2016). Evidence of altered membrane phospholipid metabolism in
the anterior cingulate cortex and striatum of patients with bipolar disorder I: A
multi-voxel 1H MRS study. Journal of Psychiatric Research, 81, 48-55.
https://doi.org/10.1016/j.jpsychires.2016.06.006

Christopher, J. C. B. (1998). A tutorial on support vector machines for pattern
recognition. Data Mining and Knowledge Discovery, 2(2), 121-167.
https://doi.org/10.1023/A:1009715923555

Cortes, C., & Vapnik, V. (1995). Support-Vector Networks. Machine Learning, 20(3),
273-297. https://doi.org/10.1023/A:1022627411411

Fung, G., Deng, Y., Zhao, Q., Li, Z., Qu, M., Li, K., ... Chan, R. C. K. (2015). Distinguishing
bipolar and major depressive disorders by brain structural morphometry: a pilot
study. BMC Psychiatry, 15(1), 298. https://doi.org/10.1186/s12888-015-0685-5

Gollapudi, S. (2016). Practical Machine Learning. (Intergovernmental Panel on Climate
Change, Ed.), Packt Publishing. Cambridge: Cambridge University Press.
https://doi.org/10.1088/1751-8113/44/8/085201

Haibo He, & Garcia, E. A. (2009). Learning from Imbalanced Data. IEEE Transactions on
Knowledge and Data Engineering, 21(9), 1263-1284.
https://doi.org/10.1109/TKDE.2008.239

Hall, M.-H., Smoller, J. W., Cook, N. R., Schulze, K., Hyoun Lee, P., Taylor, G,, ... Levy, D.
L. (2012). Patterns of deficits in brain function in bipolar disorder and
schizophrenia: A cluster analytic study. Psychiatry Research, 200(2-3), 272-280.
https://doi.org/10.1016/j.psychres.2012.07.052

Huys, Q. J. M., Maia, T. V, & Frank, M. J. (2016). Computational psychiatry as a bridge
from neuroscience to clinical applications. Nature Neuroscience, 19(3), 404—413.
https://doi.org/10.1038/nn.4238

Lantz, B. (2015). Machine Learning with R - Second Edition. (Intergovernmental Panel
on Climate Change, Ed.), Packt Publishing. Cambridge: Cambridge University
Press. Retrieved from
http://books.google.com/books?id=ZQuUS8AQAAQBAJ&printsec=frontcover&dqg=in
title:Machine+Learning+with+R&hl=&cd=1&source=gbs_api%5Cnpapers2://public
ation/uuid/46164A51-A282-4F67-8397-9FA79F39B5B7

Marquand, A., Howard, M., Brammer, M., Chu, C.,, Coen, S., & Mourao-Miranda, J.

Librenza-Garcia et al.

51



(2010). Quantitative prediction of subjective pain intensity from whole-brain fMRI
data using  Gaussian  processes. Neurolmage, 49(3), 2178-2189.
https://doi.org/10.1016/j.neuroimage.2009.10.072

Mourdo-Miranda, J., Oliveira, L., Ladouceur, C. D., Marquand, A., Brammer, M.,
Birmaher, B., ... Phillips, M. L. (2012). Pattern recognition and functional
neuroimaging help to discriminate healthy adolescents at risk for mood disorders
from low risk adolescents. PLoS ONE, 7(2).
https://doi.org/10.1371/journal.pone.0029482

Mwangi, B., Soares, J. C.,, & Hasan, K. M. (2014). Visualization and unsupervised
predictive clustering of high-dimensional multimodal neuroimaging data. Journal
of Neuroscience Methods, 236, 19-25.
https://doi.org/10.1016/j.jneumeth.2014.08.001

Passos, I. C., Mwangi, B., Cao, B., Hamilton, J. E., Wu, M.-J., Zhang, X. Y., ... Soares, J. C.
(2016). Identifying a clinical signature of suicidality among patients with mood
disorders: A pilot study using a machine learning approach. Journal of Affective
Disorders, 193, 109-116. https://doi.org/10.1016/j.jad.2015.12.066

Rasmussen, C. E., & Williams, C. K. I. (2006). Gaussian processes for machine learning.
MIT Press. https://doi.org/10.1142/S0129065704001899

Rocha-Rego, V., Jogia, J., Marquand, A. F., Mourao-Miranda, J., Simmons, A, &
Frangou, S. (2014). Examination of the predictive value of structural magnetic
resonance scans in bipolar disorder: a pattern classification approach.
Psychological Medicine, 44(3), 519-532.
https://doi.org/10.1017/50033291713001013

Struyf, J., Dobrin, S., & Page, D. (2008). Combining gene expression, demographic and
clinical data in modeling disease: a case study of bipolar disorder and
schizophrenia. BMC Genomics, 9(1), 531. https://doi.org/10.1186/1471-2164-9-
531

Librenza-Garcia et al.

52



€G

e 10 B1oIen-ezuaIqr|

(poxrwuyorueu) 941/ :AMAIISUOS (uorssaxdap) 2,89
(uorssaxdap) 94,6/ :Aory10adg Jopowr Juspuadopur 19s)
s[opowt o) 0440 - .
S2IMLAY 910A 3 10§ A[UO (uoissaxdap) %9 :ANADISUSS (poxiuwydruew) %19 SINA
QI UMOUS BIBp {[OpOoW B [opow-juapuadop 100} (uorssa1dop) 040 ‘woy-/ | QINVH ‘Aanoe ssauj|t
urer) 0) SaInjed) 9JI0A UO BJep ' papnjour a1m o1-dJ1 U0 BJEP PAIOJIUOW-J[OS BIEP 9102 &
ysnous pey syuaned ¢ AluQ SONV :[opow-juopuadop 1080 Id 03 Surp10doe 0g yum syuoned gz suoydirewss pue saInjed) 9010 A 10 udsdof-jjoyine,|
SHONVHO dOOIN
%56 -OUN
%665 -Dd
:Kyoryroadg
%€EL DN ydory
%26 ‘DY %16 dno1n asdejay-uoN STd
saInyedy (s1020)
...... :K)1AnISuUog ‘0468 :dnoin) asdeoy d1I syjuaned g 6¢€1 Teswur]o pue oydeiSowog ‘[e 39 TUIATRS
dSdVTdd NOISSHIddd
[Ppow
Surured| RGEY
Lrejuowiuio)) saanseaul JdYIQ £3BINIJY  AUIYIBIA (Sisouserp pue dz1s sjdweg pazinn ejeq ‘ioyne )saiy

Jap.osip Jejodiq Jo sawono [edrurd sundipatd sarpnis SuluIea] SUulydey - 1S 9[qe.L



12°]

-ordures
[TEWS ‘SUOTJBAIOSqO [BOTUI[O
[enwr uo spuadop opoNn-=~=~~ ==

"S0Je}S POOW WOopUel
pue ‘soyels poows jusnbasqns
pue snoraaid ‘oyels poowr
snoraaxd ‘ouore ayels dpowr
[oed 10§ J[Inq 9IOM S[OPON  =—=—-

(poxtu/otuew) 9,76 :AdYy100dg
(poxTuy/otuew) %/ 6 ANANISUDS
(uorssaxdap) 94,96 Ayoryroadg
(uorssaxdap) 9,18 ANARISUSS

‘[opow Juspuadapur Josn)

(poxtu/otuew) 9406 :Ady100dg

e 10 B1oIen-ezuaIqr|

%L6-88

(00'1=0s)
%ST 66 9eIs poows juanbasqns
pue snoraaxd Yam UOTJBZITEULION

(01°L=AS) %0E 6L Saels
._uOOE EOUCNQ Sﬁg COS.NN:.NCEOZ

($$°€1=A8) %9T'S8 :9eIs poowr
snoraald Yam UOTJBZITEULION

(10'8=AS) %LS'89
:uonjeoryIsseo yuapuadapuy

(poxrwyoruewr) %t/

DO
2d0
oat
vOd

dTN

WAS

syuared Qg OTWAYING ¢

syjuanred qg 8

'saInjedy uoneirdsal pue
[EAIOWUI Y ‘DO ®lIA S[eusisorg

"WdISAs Surioyruowr
d[qeream e Aq paxmnboe saInjesy
(AMH) Aiiqeriea ojer eop

(€102
‘Te 19 BZUd[B A

(L102)
Te 39 I[UdD



GG

(120070 dnea-d) Ayeproms

Joj suonezijeyidsoy oIy I0J 6°(

QI UMOYS JOU SIONJBWOIq
[enpIAIpUI 10} SISA[eue
‘orewr a1om syuedronred [y (sy0alqns dg) sONvV

(9-961°1 anjea-d) [S 10§ 86°0

(z€0°0 onrea

310U UMOYS -d) suonezifeydsoy a1y 10§ 8/°0

10U SIONJBWOIq [BNPIAIPUI (£00°0 2nea-d) IS 10§ 780

e 10 B1oIen-ezuaIqr|

LS1 :Aypeproms 10§
suonezijeydsoy aInny I0j 110409 IS,

801 ‘IS 10y 11040 1S9,

9 100D UOLEPI[EA 'S91008 SSV'S S91008 S-1.1D
payroads o ‘yoeordde 10 e Suisn sarpys
VN JON L€ 110709 KI19A00SI(] uo1ssa1dxd ouagd AelreoIory

siwaned ZOS pue VS ‘AN ‘dd

¢ :Aeproins 1oj
suonezifeydsoy aInny I0j 110409 IS ],

€€ IS 10§ 110400 1S9,

0 :11040J UONEpPITEA

($102)

‘& 30 NOSOINOIN

10] sisAteue ‘syuedronaed payroads '$9109S SSV'S PuB S-[D Yim 9102)
o[ewdy AJuo papnjouy :(s10pI0SIp [[B) SONV VN JON 21 110Y0d A10A00SI(]  Po]dnoo SIONIBWOIq PAjepI[eA 0G ‘Te 10 A9Ao]
PIOSIP [ q !
HdIdINS
s9Je)S poout (eruewodAy pue erwAyIng ‘are)s “eyep arysod #102)
.......... 9JeNUAIIJIP 03 %ST'96 03 8°0L WAS paxtw ‘uoissaidop) syuened (g § Apoq pue weidondsar ‘DHyg ‘[€ 19 BZUd[R A
‘NOSA



9G

e 10 B1oIen-ezuaIqr|

SLOHAdd HSYHAAYV ANV ASNOdSHd INHNLVHYL

€L°0-OSSV1
‘$9°0 ‘INAS
‘LLO TNAY

0Ny

%C°08 -OSSV1

%E L TNAS
%E L TNAY

:Kyoryroadg

%8°6S :OSSV1

“%1'8S TNAS
%L'TL TNAY

Kynanisuog

%89 ‘:OSSV'1 OSSV'1 ‘AdN ynm O¢ -
%L 79 TNAS WAS ‘agym yll -
“%CL TNAY INAY :$102[qns 4

siuwaned ZOS pue VS ‘AN ‘dd

"9pIoINS 10§ SI10308]
st orydeISowap pue [esruro
pajtodor yey sarpnys woy ere

(9102
.Mw 19 sossed



1S

syuanred Qg Jo ojdwes [[ews

060 -0NV

04,26 Aoy1oadg
%Sy ANADISUSS

108
Sunsay pue Sururen ur 18°0 DNV

e 10 B1oIen-ezuaIqr|

9e9S POOW PAUIqUIOD
pue samseaw srndwoydiow
QUI[osEQ PAUIQUIOD JOJ %68

VN

IWAS

UoISSaIFal
onsIso

OH €€ -

(A1uo aposido aarssaxdop) g § -

ansy-

:s)03[qns 98

"OH 90¢y-
T WM Sl -

1$000qns 162§

"$31008 YS-SAIO ‘SAAVIN
‘@-INVH ‘susqunooe snajonu

pue wnprjred ‘uoweind ‘ojepned
Jo samseow orawoydrow

IRIIAS 1usumean-aid (9107) ‘e 10 9pem

“Judwedn
w1y (jou 1o) 1oje syudned jo
(SYHH) SpI0921 3[eay] OIU0NIIH

(9102
‘Te 19 onse)



8G

"NSA oy ut pasodoxd ZOS pue g
ud9M39q uonounsIp ay) 11oddns jou soop
SYNsaY " 2An1u30d y3iy,, pue  Jurssaooid
K1osuss,, ¢, parredur A[eqoi3,, se

---- s1oyIne oy} Aq PAWEU ‘SIISN[O 9T} PUNo,

(DS sa dd) %001
“(OH sa ad) %196 “3[Se) UOTIBOIJISSR[D
) ) oy 03 Jo11d SI)SN[O INOJ PUEB OM] UI SUTEIq
(ZDs s ag) %66'66 PIISNO S[OPOJA “SUOIFAT UTRIq [BO1I0qNS
“(OH $A A€) %001 pue [8911100 JO saInjed) [eosr3ojoydiouwr
0

A} Uo paseq SIOpIOSIp JLneryoLsd parjisseo

:KoBINOOE UOT)RIIJISSE[D) sioyne — Surured] pasiaradns-ruog

e 10 B1oIen-ezuaIqr|

VS 0T -

VS onoyoAsd-uou 41 -
‘ZOS Pim 66 -

‘7DS onoydAsd-uou g7 -
‘ag ynm g9 -

‘ag onoyoAsd-uou ym gy -

SuLeIsn[o sueaW-Y :s309[qns 69¢

(V€ “O1€) QAN 10§ ySL MO 69-
(VS “OTT) QAN 10§ st ySIH 99-
ZOS S)NpE 69-

‘s)npe g 9¢-

UIP[IYO AHAYV 1~

‘S)npe S 9¢-

“WAIPIIYO ST 1L

“SINpV Ay[esH op-

Sur19)sNn[) [BOIYOILITH ‘uaIp[IyD AIeoH -

'soqiyoud TeordojorsAydomau g (Z102) 1€ ¥ [[eH

‘sndwreooddry
pue ‘e[ep3Awe ‘x03100 (2100
Yy woxj soewll YN PAYSIom-1L ‘Te 19 [esueg

Arejuowrwo)) punoj s1d)sn[)

[Ppoul SUIULILI] JUIYIBIAI

(Sisouserp pue dz1s sjdweg

RUETN

pazin eleq “xoyyne )sany

JapJosip 1ejodiq uo swyrLiod[e pasialadns-1uas 10 pasiatadnsun guisn sarpnis Surules] auIydep — ZS d[qeLl



6G

(OH sA 1D "%26
(IT 'SA D %6°SL
JON onse[q

(I

‘SA ) KoeInode 96 :0SSV'1
's[onuod Ayjeay woiy saiyod sy

:Sunoysnpo  SurysmIunsip udym ‘A[9Anoadsal ‘onz6 pue
1015 uonorpaid [9qeT 94/ G JO SarorINOdE YN ‘] pue | adKjousyd

‘II pue [ uey) A pue [] SIs0[d 03 I3SO[O
nq ‘1a1p3no ue sem syuaned rejodiq suo

pue ‘auo AT Ioisnpo ‘syuaned rejodiq ¢ pey

---- 111 Joisnyo ‘syuanyed JO SI9ISNO INOJ PUNO,]

e 10 B1oIen-ezuaIqr|

1N ohse[q
OSSV'1

vod

Suro)snyo suedw-y

vod

SON 0 [ ‘T 2dKy ag g (L~

:s309[qns (0

‘dn ypum 8T -

:5309[qns g7

"OH 0€C -

‘ejep
d3ewromau pue gy INV)D Woy
paure}qo ejep 9ARIUS000ININ

“KnAnoe QVA pue

(oreog Suney [erdojoyredoyoLksq
aarsuayardwo)))

SYdD s swopdwis [edrur|)y

(99107) T8 10 A\

(8661)
‘Te 30 punjyem



09

e 10 B1oIen-ezuaIqr|

"BLIOILIO ONSOUSRIP AJ103ds 1,UPIP ‘C1(T ‘[8 10 BZUS[BA "OSIMIIYIO PAIoads uaym 1daoxa ‘SISOUSRIp 10J BLINLID AT-INSC Pasn SaIpnis [,

"2Ip2S Sunvy PIUDI SUNOL ‘SYWA ‘A2pL0S1p Avjodiun ‘q[) duoIpuds 233240 ‘S 2utyovpy 10122, 1i0ddng ‘WAS
‘Druaaydoziyds ‘7HS 2|pos 2ivi§ aandaffy parfijduns ‘SSFS ‘AdPAOSIP 2AIIIDOZIYOS VS DUIYIDPY 10193 dIUDASJIY ‘WAY ‘SwdisAs Sutuiva] [puonpiay ‘ST Aoudioiffnsut [puad Ty 153.40,]
wopuvy ‘Y 340day fjag A3ojoipuorduids aaissaidaq Jo Liojuaaus yomp YS-SqIO ‘A21fissvo oupnipond) Q0 ‘sisdppuy juauoduio) (pdidutig ‘Yo ‘paifidads asiniayio jou ‘SON UDISSnvo
Jo amxipy ‘DO u0.3dosudg AdADIINN J'TN “42PA0SIp d41ssaudap dofvw ‘G 2]poS Sunvy uoissaidaq S.iaqSy-LiouoSIMOp SYAVIN WniL0suod vipp dusm3ury Dy ‘omw4ado
u112212S puv 23vyULIYS 2INjOSqY ISPIT ‘OSSYT “A0qy312u 3S2.0IN-Y ‘NN-Y ‘Sutuuv.i3o.d d130] aanonpuy ‘JIJ S]o43u00 Qyypay D ‘2jpo§ Suypy uoissaidoq UojuvE “QINVH -S4opL0SiJ
[PIUDINT JO [pNUDpY [POUSYDIS pUp dUSoUSVIT WS “MPPIONS A0f UOUDUWLIOLU] [PUOIUN] JUITI2AUO)) ‘S-[.])) ‘SONUOUIL) [DUOIUN,] JUISI2AU0)) ‘D)) ‘ALi21IDG pIPUIOINY 1S3 2AIUSOI0ANIN
a3priquiv) ‘gy.INVD ‘passaidop .top.osip avjodiq ‘pqq ‘opLosip avjodiq ‘qg ‘sasayjoddy Suisodo.d .iof auiSus Suimiva] Y ydojy ‘dopdosip Aiapoviadiy joifop uonudyy ‘qQHAV

1SUONRBIAIqQY



6.2. Artigo 2

Titulo: "Machine learning guided intervention trials in mental health: a
systematic review and methodological recommendations”

Atualmente sendo reescrito conforme sugestdo dos revisores da Molecular
Psychiatry para nova submissao nesta revista.

Fator de impacto da revista: 11.973
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Abstract

Clinical trials and meta-analyses in psychiatry yield group-level results, and usually do
not adequately model the heterogeneity and multimorbidity observed in patients.
There is a critical need for individualized predictive tools to promote personalized
interventions in mental health. The aim of the present study was to systematically
review intervention studies coupled with machine learning techniques to build
personalized predictive models of treatment outcome. We systematically reviewed
articles in PubMed, Web of Science and Embase published in any language up to July
2017. Articles were included if they assessed interventions in patients with psychiatric
disorders coupled with machine learning techniques to develop predictive tools of
treatment outcome. We included 61 studies that assessed predictive models of
pharmacological and non-pharmacological interventions among psychiatric patients
with any diagnosis (n = 47,957). Multiple types of data, including clinical assessments,
serum biomarkers, electroencephalography (EEG) and neuroimaging, such as
functional magnetic resonance imaging (fMRI), were used to build the predictive
models. Multimodal data and more complex measures, such as EEG and fMRI, are the
most promising predictors for personalized prediction of outcomes, which showed
consistently high and reliable performances. Clinical data seems to vyield
heterogeneous results, and the addition of clinical data to more complex models do
not consistently improve, and may even lower, algorithmic performance. Nevertheless,
several methodological issues and lack of external validation still hinder the use of
these models in clinical settings, and the scarcity of transparent methods make it

difficult to assess how reliable these models are. Predictive models using machine
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learning techniques can address some of the gaps of evidence-based medicine, shifting
the focus from group-level results to individualized models. It is also a potential way to
contemplate the heterogeneity and multi-morbidity profile of real clinical samples.
Although promising, external validation and studies with larger sample sizes should be
conducted to test the applicability of these techniques in clinical scenarios.
Additionally, methodological challenges, such as the absence of a uniform pipeline for

machine learning studies and lack of interpretability, need to be addressed.

Keywords
machine learning; big data; big data analytics; computational psychiatry; evidence-
based medicine; psychiatric disorders; treatment response; side effects; predictive

psychiatry; predictive analysis; pattern recognition
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Introduction

Evidence-based medicine (EBM) prompted a revolution in patient assessment and
prevention strategies since its introduction in research and clinical practice. Indeed,
EBM lead to several improvements in methodological research standards, as well as
clinical guidelines and knowledge translation . The gold-standard of EBM are meta-
analyses and randomized clinical trials, which assess the average group response to a
given intervention 3. Considering that individual patients may deviate from the
average group response, it can be expected that interventions demonstrating a high
degree of efficacy in clinical trials, such as lithium in bipolar disorder, may not work for
a subgroup of patients % Additionally, EBM cannot map the complexity of
multimorbidities that are often seen in real patients, and as a result, it is unable to
render tailor-made recommendations °. In fact, the very idiosyncrasies that
characterize most patients, such as multi-morbidity profiles, are often exclusion
criteria in clinical trials. Clinical trials are then performed in very controlled
populations, and as such, it is difficult to generalize these findings to patients that have

additional diagnoses ®’.

It is also important to mention that statistically significant results do not necessarily
translate into clinical benefit, and a frequently overlooked problem in psychiatry is the
potential harm of continually prescribing marginally effective interventions. For
instance, approximately 60% of patients with major depressive disorder (MDD) who
receive a US-FDA-approved antidepressant fail to achieve clinical remission &. Similarly,

approximately 30% of patients with schizophrenia do not respond to available
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treatment options %19, It is also known that non-response occurs in 40% of patients
with bipolar depression after eight weeks of treatment with quetiapine 1. Other first-
line treatments, such as lithium, lamotrigine, olanzapine, or olanzapine-fluoxetine
combination, have similar or even less favorable outcome 1714, Also, the addition of
antidepressants to an ongoing treatment with mood stabilizers will be helpful in only a
quarter of patients with bipolar depression °. As such, these major limitations in EBM

must be addressed in order to improve the quality of care.

A potential solution to these issues involves big data analytics and machine learning
techniques 6. Big data is defined as large volumes of data, created at high velocity, in a
wide variety of types 7. Considering this complexity, traditional statistical tools are
insufficient to analyze these massive datasets 8. Machine learning is a subfield of
artificial intelligence focused on algorithms that can extract relevant information from
complex datasets °. Such algorithms model patterns that can be used to create
individualized predictive models with different data modalities, such as neuroimaging,
genetics and clinical features 2°. Furthermore, by theoretically being able to model
complex functions, machines can find complex nonlinear patterns that can relate
predictors to their expected outcome. Incorporating these techniques into clinical
trials and observational studies will aid in the development of personalized psychiatry,

by enabling more precise interventions that include patient’s idiosyncrasies 2.
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In the present study, we aimed to systematically review studies that used machine
learning techniques to predict treatment response or side effects in patients with

psychiatric disorders.

Methods

Search strategy

Three electronic databases (PubMed, Embase, and Web of Science) were examined for
articles published between January 1960 and July 2017. To identify relevant studies,
the following structure for the search terms was used: (“Big data analytics” and more
frequently used machine learning algorithms) AND (intervention) AND (psychiatric
disorders). The complete filter is available in the supplementary material. We also
screened the references from the articles included to find potential missed articles.

There were no language restrictions.

Eligibility criteria

This systematic review was performed according to the PRISMA statement 22. We
selected original articles that assessed patients with a psychiatric disorder treated with
pharmacological or non-pharmacological interventions coupled with machine learning
models to predict treatment outcomes. Review articles and preclinical trials were

excluded.

Data collection and extraction
First, the potential articles were independently screened for title and abstract contents

by two researchers (DLG and BJK). Then, they also obtained and read the full text of



potential articles. A third author (ICP) provided a final decision in cases of
disagreement. Data extracted from the studies included publication year, sample size,
diagnosis, data inputted into the machine learning model, machine learning algorithm,
sampling method and data imputation, type of intervention, outcomes of interest, and
statistical performance of the models (i.e., accuracy, balanced accuracy, sensitivity,
specificity, area under the curve, true positive, false positive, true negative and false
negative). We developed a quality assessment instrument specific to machine learning
studies, since there is no tool for quality assessment in machine learning studies. This

instrument is further described in the supplementary methods.

Results

We found 6462 potential abstracts and included 61 articles in this review, six included
after reference screening (figure 1). A list of the included studies as well as their most
relevant characteristics and findings are detailed in table 1. Quality assessment can be

seen in table 2.

Of the included studies, 29 articles used social-demographic data and/or

52-

neuropsychological tests 231, 4 studies used serum biomarkers >, 8 studies used

electroencephalographic measures®®® , 11 studies used neuroimaging ®74 and 9

studies used multimodal data 7>,

Studies using clinical, sociodemographic and neuropsychological data
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There were 29 studies that used clinical and sociodemographic data, and/or
neurocognitive assessments as predictors. From these studies 14 assessed mood
disorders, five assessed substance use disorders (SUD), three assessed attention deficit
hyperactivity disorder (ADHD), two assessed psychotic disorders, two assessed eating
disorders, two assessed multiple psychiatric disorders, and one assessed patients with

obsessive compulsive disorder (OCD).

Studies assessing mood disorders

Most of the studies evaluated treatment response to selective serotonin reuptake
inhibitors (SSRI), including fluoxetine, sertraline, fluvoxamine and escitalopram. From
five studies assessing this class of medication, the best performance was obtained by
Franchini et al. with an accuracy of 97.35% in a sample of 416 patients with MDD using
an artificial neural network (ANN) algorithm °!. Nevertheless, two recent studies with
larger samples, involving a more detailed description of the methods used, obtained
lower accuracies. Chekroud and colleagues had an AUC of 0.7 in a sample of 4041
nonpsychotic MDD patients treated with a 12-week course of escitalopram %, while
Winterer et al, in a large observational study with 19738 depressed patients treated
with fluoxetine obtained an accuracy of 71.4% using ANN “3. Another study with a
naturalistic design assessed 1014 patients with MDD that were prescribed any
antidepressant (monotherapy or co-medication) by a psychiatrist, obtained AUCs
ranging from 0.63-0.72 ’. In two studies including 116 and 145 depressed patients
with either MDD or bipolar depression, Serretti and colleagues achieved accuracies of

77 and 69.17%, respectively. Both studies were open label trials of fluvoxamine 4941,
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Andreescu et al. used decision trees to develop two algorithms based on 0.3 and 0.7
sensitivity cut-offs. Although no overall performance was reported for these models,
the authors found that marked early improvement on the 17-item Hamilton Rating
Scale for Depression (HAMD-17), low baseline anxiety (first model), low baseline sleep
disturbance and at least moderate early improvement (second model), were

associated with a greater likelihood of response in follow-up 2.

A study with pooled data from 12 clinical trials, and a total sample size of 4987
patients, achieved AUCs of 0.6409, 0.6096 and 0.6387, in the best models, to predict
response to placebo, duloxetine, and five different SSRIs #2. Iniesta and colleagues
obtained AUCs of 0.60-0.72 (escitalopram), 0.63-0.70 (nortriptyline) and 0.61-0.72
(both combined) to predict treatment response in a sample of 793 patients with MDD.
The authors also developed a model to predict treatment completion, with an AUC of
0.63 for both interventions combined 2’. Similar results were obtained in another study
assessing 2555 MDD patients treated with citalopram or, when not responsive,
switched to a different antidepressant. The AUC for the validation stage was 0.719,
which was consistent with the performance in training (0.697-0.716) and testing stages
(0.693-0.712). As such, the model demonstrated adequate generalizability 33. Etkin and
colleagues used cognitive computerized batteries in 1008 subjects with MDD to predict
response to escitalopram, sertraline or venlafaxine, but only the model for
escitalopram was statistically significant, with an accuracy of 58%. When considering

dropouts as non-responsive, the accuracy of the model increased to 67% °°.
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Only two studies assessed non-pharmacological interventions. Stiles-Shields and
colleagues developed a model to predict response to CBT delivered face-to-face or by
phone in 325 patients with MDD, achieving 85.7% accuracy as the best classifier
performance #2. In another study, authors used neurocognitive batteries to predict
response to deep brain stimulation in 20 subjects with treatment resistant depression.
Using an ANN algorithm, the authors achieved an AUC of 0.93. The sample, however,
had only 20 patients and lacked external validation 3°. Finally, one study predicted
placebo response in a sample of 1017 patients with MDD, obtaining an AUC of 0.63

while using linear regression with feature selection 32,

Studies assessing other psychiatric disorders

Four studies assessed patients with alcohol use disorder (AUD). The interventions
included: internet-based therapy and internet self-help 24; cognitive behavioral therapy
with and without acamprosate 4’; medical management combined with naloxone
and/or acamprosate 2°; and inpatient psychosocial treatment including detoxification

31, The best classifier was obtained by Muller and

and motivational counseling
colleagues, which achieved an AUC of 0.93 using an ANN algorithm. However, the
study had a small sample (146 patients). The study with the largest sample (n=1646)
achieved an AUC of 0.61 and accuracy of 60%. The only study that assessed patients
with stimulant use disorder, had a sensitivity of 88.60% and specificity of 60.5% to

predict response to a combined intervention of group plus individual 12-step

facilitation intervention “°.

73



From three studies assessing patients with ADHD, 2 used methylphenidate (MPH) as
an intervention 2844 while one used 3. Wong et al. obtained 74.3 and 76.7%
accuracies, with the best models, to predict inattentiveness and hyperactivity,
respectively, while Johnston and colleagues obtained 77% accuracy to predict overall
treatment response. In the study that predicted response to atomoxetine, predictive
positive value (PPV) ranged between 73.3% and 88.9%, while negative predictive value

ranged from 46.3 to 77.5%.

Koutsouleris et al assessed 334 patients in an open-label clinical trial of 5 different
atypical antipsychotics, obtaining a model to predict response after 4 weeks with
71.7% accuracy using ten selected predictors in an independent sample %°. Ruberg et al
assessed 1494 patients with schizophrenia, schizoaffective disorder or
schizophreniform disorder treated with 4 different atypical antipsychotics. They
obtained PPV ranging from 4 to 85% and NPV of 60 to 95%. When considering the
response to each intervention, Olanzapine (PPV=81%, NPV=37%) and Ziprasidone
(PPV=82%, NPV=78%) showed the best results 3. Two studies included heterogeneous
samples. Politi et al obtained 97.12% accuracy to predict response in MDD patients
prescribed sertraline in a naturalistic design - with the success of the treatment being
defined by the clinician 3. Another study including 1843 patients with mood disorders,
psychotic disorders, generalized anxiety disorder, childhood disorder and AUD had

91% accuracy (k=0.59) to predict treatment noncompliance “°.
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One study with a small sample of patients with anorexia nervosa (n=39), obtained
initial accuracies ranging from 60 to 66%, but the performance of the predictive model
improved to 77-83% when using feature selection 3%, A study assessing patients with
bulimia in a sample of 647 patients, had 89% accuracy to predict poor response and
68% to predict treatment response, which consisted of multiple therapies in a
naturalistic design?®. Finally, one study assessed response to SSRI, either alone or
associated with risperidone, and CBT in 130 patients with OCD, obtaining an accuracy

of 93.3% and AUC of 0.945 using an ANN %,

Studies using serum biomarkers and genetics

Four studies developed predictive models using serum biological markers. Gupta et al.
used thirteen Single Nucleotide Polymorphisms (SNPs), as identified in previous
studies, to predict Atypical Antipsychotic (AAP) response in a sample of 371
Schizophrenic patients. This interaction model had an overall accuracy of 73.6%,
sensitivity of 71.2% and specificity of 76%. In a subgroup analysis, a model of three
genetic markers alongside the demographic variables of gender, age of onset and
duration and severity of illness, showed an accuracy of 72%, sensitivity of 66.4% and
specificity of 77.6% >*. Amminger et al. used data from a previous randomized clinical
trial, comparing long-chain omega-3 fatty acid supplementation (w-3 PUFAs) with
placebo, to predict functional improvement among 81 individuals at ultra-high risk of
developing psychosis. Functional improvement was defined as an increase of fifteen or
more points in the Global Assessment of Functioning (GAF) scale. Capillary gas

chromatography was used to examine baseline levels of phosphatidylethanolamine
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composition, a phospholipid commonly found in cell membranes within the brain, and
long-chain fatty acids thought to be relevant in schizophrenia. Fatty acid composition
was found to predict response to w-3 PUFAs with an overall accuracy of 86.7%,
sensitivity of 86.7% and specificity of 86.7%. Moreover, fatty acid composition
predicted response to placebo with an overall accuracy of 79.2%, sensitivity of 83.3%

and specificity of 75.0% °2.

Hou et al. examined the moderating effects of genetic variations on treatment
response among 251 individuals with alcohol dependence. Retrospectively collected
blood samples were analyzed for 21 genetic polymorphisms and three models were
used as data mining techniques to identify treatment response to ondansetron.
However, the accuracy of these models, and validation methods used, were not
reported *°. Guilloux et al. assessed whether baseline genetic expression could predict
remission and non-remission after treatment with citalopram. As such, they measured
large-scale blood transcriptome changes in 34 patients with MDD using data from an
ongoing 12-week citalopram and psychotherapy trial. Clinical and transcriptome data
from a previously published study was used as a validation cohort. The average cross-
validation accuracy between models was 79.4%. A 13-gene model showed a non-
corrected predictive value of 88%, while a 6-gene model achieved an accuracy of
76.2%, within the validation cohort. Interestingly, a model involving two genes (IFITM3
and TIMP1) and one clinical feature (QIDS score) showed an accuracy of 97%, after

correcting for model-selection bias °3. Conversely, clinical variables alone showed a
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corrected accuracy of 70.6%. Of note, baseline HRSD-17 scores were a relatively poor

predictor of non-remission, showing an accuracy of 57.1% within the validation cohort.

Studies using electroencephalographic measures

Three studies used EEG data to predict response to SSRI medication in MDD. A study
examined whether EEG measurements, in eyes-open and eyes-closed conditions, could
predict improvement in HAMD-17 scores among 22 MDD patients treated with SSRIs
for 6 weeks. The authors reported an accuracy of 86.60%, sensitivity of 87.50% and
specificity of 85.70% . In a second study, the same authors predicted response to
SSRI treatment, using pre-treatment EEG data among 22 treatment-resistant MDD

patients, with an accuracy of 87.90%, sensitivity of 94.86%, and 80.93% specificity °.

In another study, logistic regression was used to create a model of the multivariate
relationship between EEG-based features and clinical outcomes. Feature extraction
was performed using Wavelet-based technique (WT) and compared against both
empirical mode decomposition (EMD), and short-time Fourier transform (STFT)
methods. Furthermore, rank-based feature selection using relevant class labels of
responders, versus nonresponders, and patients versus healthy controls, was
compared to the minimum redundancy and maximum relevance (mMRMR) method. A
model comprising all decomposition methods, in a single feature space, showed the
highest classification efficiency with 91.6 % accuracy in distinguishing responders from
non-responders, and 90.5% accuracy in distinguishing MDD patients from healthy

controls, respectively. The Wavelet-based technique (WT) feature extraction method
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outperformed empirical mode decomposition (EMD) and short-time Fourier transform
(STFT) methods. WT was able to predict responders from non-responders with 87.5%

accuracy, and MDD from controls with 89.6% accuracy 3.

Two studies predicted treatment response to repetitive Transcranial Magnetic
Stimulation (rTMS) using EEG data. Arns et al. used linear and non-linear EEG analyses
to predict response to rTMS and concurrent psychotherapy in a sample of 90 patients
with MDD. While the authors did not report the accuracy of these models, a
combination of linear and nonlinear EEG achieved the AUC of 0.835 2. Erguzel et al.
used frontal quantitative EEG (QEEG) to assess response to adjunctive rTMS in 55
subjects with treatment-resistant MDD. The neural network-based classifier optimally
identified responders vs. non-responders using a 6-fold cross validation method with

89.09% accuracy, specificity of 0.909 and sensitivity of 0.9333 *°.

Two studies predicted treatment response to transcortical Direct Current Stimulation
(tDCS), using EEG data. The first study by Al-Kaysi et al. used three EEG sessions,
corresponding to before treatment, during active tDCS, and during sham tDCS,
respectively, to predict antidepressant response in 10 MDD patients. However, the
accuracy, sensitivity and specificity of the model were not reported °¢. Similarly, the
second study by Al-Kaysi et al. used baseline resting state EEG data to identify
treatment responders, according to improvements in mood and cognitive scores to

tDCS in 10 MDD patients but did not report the accuracy of their model 7.
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One study used pretreatment EEG data to retrospectively predict clozapine response
among 23 patients with chronic schizophrenia. Response to clozapine was defined as
>25% improvement between pre and post Quantitative Clinical Assessment (QCA). The
authors predicted responders and non-responders, in an independent dataset, with an

average accuracy of 87.12% and 89.7%, respectively 2.

Studies using neuroimaging

Three studies developed predictive models using sMRI data. Gong et al. used gray
matter (GM) and white matter (WM) regions to predict antidepressant treatment
response among drug-naive patients with MDD. GM and WM had 69.57% and 65.22%
accuracies, respectively, but combining both methods did not improve performance ¢’.
GM and WM performed better in another study which also assessed antidepressant
response, with accuracies ranging between 77.1-82.9% and 65.7-82.9%, respectively .
The latter study, however, included patients with treatment-resistant depression.
Redlich and colleagues used SVM and GPC algorithms to predict ECT response using
whole-brain sMRI. They included 23 patients with acute MDD treated thrice weekly for
an average of 9-12 sessions. SVM and GPC achieved, 78.3 and 73.9% accuracies,
respectively. Of note, both methods had 100% sensitivity, but low specificity (SVM =

50%, GPC = 40%) 72.

From eight studies using fMRI data, three used resting-state fMRI (rs-fMRI).
Specifically, rs-fMRI and diffusion-weighted imaging (DWI) were used to create a

predictive model in 26 patients with Social Anxiety Disorder treated with 12 weekly
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sessions of CBT. Authors obtained 81% accuracy and 84 and 78% sensitivity and
specificity, respectively 7°. Instead of using a classification procedure, two studies
assessed treatment response among patients with MDD using machine learning
regression models. Sikora et al. attempted to predict placebo response and obtained a
0.41 correlation coefficient (p=0.18) 73, while Qin and colleagues assessed patients
successfully treated with either SNRI or SSRI and reported a correlation coefficient of

only -0.19 71,

Most fMRI studies used data collected during cognitive task execution. For instance,
Sunderman and colleagues used an interoception task to predict treatment response
to exposure-based CBT among patients with panic disorder and agoraphobia. Authors
used feature selection with t-test and SVM-RFE but obtained models with low
performance (38-54.2% accuracy) 4. Similarly, Hahn et al. assessed patients with panic
disorder and agoraphobia using whole-brain fMRI during a differential fear-
conditioning task and was able to predict response with accuracies ranging from 73 to
82%, with 64-92% sensitivity and 67-83% specificity. The best results came from
combining acquisition and extinction phases . Using BOLD signal responses during
self-referential criticism, Mansson et al. developed a series of models to predict
response to internet-delivered CBT and Attention Bias Modification. A model using
data from the anterior cingulate cortex outperformed those using other regions,
achieving an AUC of 0.91. Of note, all other regions had AUCs lower than 0.5 7°. Using a
facial expression task involving depictions of sad faces, a study with 16 medication-free

MDD patients attempted to predict response to CBT. Authors used PCA for
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dimensionality reduction and created the model with an SVM algorithm, obtaining a
sensitivity of 71% and specificity of 85% for the lowest and higher intensities 4. Only
one study used fMRI data acquired during a task performance to predict
pharmacotherapy. Fleck and colleagues used fMRI and proton resonance spectroscopy
coupled with a continuous performance task with emotional and neutral distractors to
predict lithium response in 20 BD type | patients with first-episode mania. The authors
obtained 100% accuracy in predicting treatment response and 89.8% accuracy in

predicting symptom reduction ©°.

Studies assessing multimodal data

There were nine studies combining two or more levels of data. Ball and colleagues
used self-report clinical measures coupled with an fMRI emotion regulation task to
predict CBT response among 48 patients with generalized anxiety disorder or panic
disorder. Interestingly, fMRI alone showed the highest accuracy, while adding clinical
data lowered the performance of the model to 73%. Clinical data, alone, showed 69%
accuracy in predicting response 7°. Another study used clinical assessments with fMRI
during reward processing to predict response to a 28-day program treatment for
patients with primary dependence on MPH. Clinical data showed 74%, fMRI showed
72% accuracy, while the combination of both achieved 75% accuracy, with 75%
sensitivity and 81% specificity 6. On the other hand, a study predicting response to a
12-week contingency management intervention in cocaine-dependent subjects
showed decreased accuracy when assessing both clinical features and PET-scan data

(from 82 to 77% in the best models). When authors used an indirect measure of
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motivation (cumulative clinic attendance), in conjunction with neuroimaging, a 96%
accuracy was achieved at week 3, with an area under the curve (AUC) of 0.98 8. Patel
and colleagues achieved 89.47% accuracy, 88.89% sensitivity and 90% specificity to
predict treatment response in patients with late-life depression using either
duloxetine, venlafaxine, nimodipine, or escitalopram. The best model involved data
from the Mini Mental State Examination, rs-fMRI and sMRI, but removed all other
clinical and sociodemographic variables, which were not relevant for the predictive
analysis 82. From all included studies that used multimodal data, Kim et al. showcased a
greater variety of levels of data. Apart from clinical and neuroimaging data, this study
also included neuropsychological tests, genetic and environmental measures, such as
exposure to lead and cotinine, as quantified using serum levels. Authors used four
machine learning models to predict response in an 8-week open-label trial of MPH,
with SVM outperforming the other models with 84.6% and AUC of 0.84 when all data
available were included. Models which did not include all data levels showed

degradation in the performance of the algorithms 7°.

When using both clinical data and serum biomarkers (cytokines and neurotrophins) in
a model, a study showed an average AUC of 0.785 and 0.710 in predicting response to
two exercise dose groups in patients with MDD 2. Additionally, using serum
biomarkers coupled with clinical data, Hinton and colleagues used the LASSO algorithm
to predict acamprosate response among 120 patients with AUD. They included a panel
of amino acids and derivatives that were associated with treatment response in

previous studies. The models tended to classify non-responders as responders (31%
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specificity) and showed lower accuracies on the testing set (61.5%) than during the
training phase (71.3%), most likely due to overfitting 7. Using five clinical and five
pharmacogenetic variables, Lin et al. investigated a predictive model to clozapine
response in in-patients with schizophrenia. With ANN, the model had an AUC of 0.647
using clinical data alone. When authors used a model containing only genetic variables,
they obtained an AUC of 0.805, but adding clinical variables only increased the model
performance slightly, to 0.821 29, Only one study used text analysis coupled with
clinical data to assess treatment response. Hoogendorn and colleagues used attributes
extracted from e-mails that patients and therapist exchanged during an internet-based
guided self-help intervention for SAD. These attributes consisted of basic mailing
behavior, word usage, writing style, sentiment and topic of the messages. The best
models achieved 0.72 and 0.71 AUCs (RF and LR, respectively), but it is important to
mention that this model predicted outcomes using data created after the start of
treatment since the text attributes were collected during the first half of the

intervention ’8.

Discussion

The present study of machine-learning based models assessed the predictive
performance of several data modalities, including clinical variables, serum biomarkers,
EEG, and neuroimaging. For our purposes, we considered clinical assessments
(including questionnaires), sociodemographic data, and neuropsychological tests as
one level of data, given that they are all collected from clinical assessments and the
output is highly dependent on the patient.

Potential applications
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The findings of this review illustrate how machine learning techniques can address
gaps in our current approaches to clinical interventions. When a caregiver has a
patient requiring an intervention, it is uncertain whether the patient will respond
adequately, even if clinical trials suggest that the treatment will be effective.
Therapeutic decisions, even those based on the most updated evidence, remain a trial-
and-error effort. However, clinical decisions may be enhanced with more reliable and
objective predictors that could tell us, prior to treatment and with reasonable
accuracy, whether a patient will respond or develop severe side effects in follow-up.
Machine learning models have the potential to introduce drastic changes in clinical
settings by providing an objective tool to guide intervention that clinicians can rely on

to make decisions.

Although more complex measures usually result in better model performance, adding
complex and expensive measures can sacrifice applicability. Considering this, an
adequate model should present with enough accuracy for clinical use, with accessible
data that is time efficient to gather and analyze. Even if neuroimaging, EEG, or genetics
are more objective and reliable markers of treatment response, they present with
higher costs relative to clinical information. If a model with clinical data shows good
accuracy, and adding more expensive markers doesn’t improve performance, it is
logical to assume that a cost benefit analysis would not support the use of such
markers. For some interventions that have a higher cost, are less available or are more
invasive, such as ECT or TMS, the use of neuroimaging or EEG measures prior to the

treatment may help better allocate these resources to individuals who are likely to
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respond, rather than subjecting patients to aggressive treatments that they will
ultimately not benefit from. However, given the fundamental role of biological systems
in psychiatric disorders, such as gene-environment interaction, neuroinflammation,
changes in brain connectivity among others, it is unlikely that complex phenomena can

be modeled with clinical and sociodemographic information alone.

Data modalities

Given that most of these studies remain in proof-of-concept phases, or lack adequate
external validation, it is not clear which predictors are more reliable to prevent
treatment related outcomes. Furthermore, it is possible that different interventions
may benefit from different types of data. When evaluating responses to rTMS or ECT,
for instance, neuroimaging and EEG measures may be better candidates, while
genomic and metabolomics biomarkers may be more wuseful in predicting
pharmacological interventions. Clinical data appears to show reasonable performance
in some studies, although no study had adequate external validation in large samples.
Furthermore, there are several limitations in using clinical and sociodemographic data.
For instance, questionnaire scores based on clinical severity depends on a highly
complex interaction between patient ability to report symptoms, clinician
interpretation and an adequate patient-doctor relationship. In consequence, there is
always the risk of information being lost, or patients failing to disclose relevant
information. Additionally, self-report data may be difficult to access in some patients,

and when available, it may be affected by memory bias, especially regarding past
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symptomatology and events. Moreover, it requires a highly standardized system of

measures and assessment that needs to be consistently followed in different sites.

Some of the included studies in this review illustrate this point. For instance, four
studies found objective markers, such as gene expression and fMRI data, to
demonstrate greater predictive accuracy, relative to clinical models. Of note, one
found that an fMRI-based model outperformed both clinical and combined models.
Exceptions to this occurred in two studies, which found adding clinical variables slightly

improved model performance.

Methodological issues

It is a common practice in computer science research to share data and scripts used in
machine learning models through platforms such as GitHub, Dryad or the Harvard
Database Network. This enables other groups to reproduce results, replicate
experiments and even improve analysis performance or adapt models to different
scenarios. Ultimately, data sharing promotes a collective quality control of the
methodology and ensure the veracity of data collected by their peers. Among studies
included in this review, not one made either their data or analyses available. Several
other issues can also be reported. Frequently, studies do not mention how they dealt
with the class imbalance problem, how missing data was handled, or how the
algorithms parameters were tuned. Such information is relevant given that they may
create models with overfitting, with inflated accuracies and low ability to make

predictions outside of the study context. It appears that studies in this field focus
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either on the technical aspects of the algorithms, or primarily focus on the psychiatric
disorders themselves, without adequately handling both dimensions simultaneously. A
greater emphasis on addressing these issues is needed in the field, for the reader to

understand the procedures and to assess the quality of the analysis.

The optimal algorithm by which to model treatment response remains uncertain. It is
also difficult to know a priori which algorithm will be more appropriate, although some
particularities of the data may guide this choice. Studies using feature selection should
clarify if the selection was made in an embedded process, when both model and
feature selection are made simultaneously, or if they used different samples to select
and test the model. The use of the same dataset to select features and test the model
result in a problem known as circular analysis (double-dipping) that usually results in
inflated and biased accuracies. For studies to be reliable, they should address all these

points in their methodologies and how the authors solved or circumvent these issues.

Redesigning clinical trials

Novel drug development has recently shifted from a strict focus on overall efficacy
toward an interest in secondary outcomes, such as quality of life, cognitive
enhancement, pain relief, and functionality, since most new drugs do not show greater
efficacy than previously established therapeutics 88>, There is also a growing interest
in establishing interventions with fewer side effects, thus avoiding the harmful long-
term consequences of current pharmacological agents. This problem is illustrated by

the metabolic effects of some antipsychotic drugs, which can increase co-morbities
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and mortality among psychiatric patients. In order to achieve these goals, it is
important to move beyond controlled trials with strict inclusion and exclusion criteria
and group-level results, toward a model that can inform how each subject will respond
to an intervention &, This is important not only in terms of mitigating an acute episode
or preventing relapse, but also in avoiding patient harm. Another challenge for
individual treatment is the correct dosage - the use of standardized dosages may
ignore genetic and metabolic heterogeneity, and fast and ultrafast metabolizers may
be incorrectly classified as non-responders, hindering algorithm performance.
Analogously, slow metabolizers may respond with lower dosage and dropout

prematurely because of important side effects.

None of the included studies used digital phenotyping, a moment-by-moment
quantification of the interaction of an individual with an electronic device - most

commonly, a smartphone &

. The method by which patients interact with their
smartphones may be relevant markers of mood, behavior and cognition. In
consequence, these markers could also perhaps be used as predictors of treatment
response. An advantage of this method is that it cannot only collect active user inputs,
but also harvest passively collected data. This allows for a real-time analysis of the
data, instead of single point assessments such as neuroimaging or EEG, that lose all
information between two assessments. Regardless of the specific data assessed, it is

still unclear how much data is needed to predict clinical effect of interventions at an

individual-level. Nonetheless, large samples are needed, given that psychiatric
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disorders are very heterogeneous and learning algorithms improve as a result of more

examples.

Current challenges and critical needs to advance studies in the field

There is plenty of room for improvement in the field, given the current state of affairs
in interventional studies. Clinical trials and observational studies should be designed
with a greater focus on objective biomarkers that may show greater precision in
predicting individual response and side effect risk. There is also a critical need to
standardize relevant predictors, as well as their collection method, similarly to what
was previously achieved in the ENIGMA consortium 8. Indeed, one of the main
limitations in machine learning studies thus far is the lack of continuity between data
collection sites. Moving forward, standardized instruments with calibrated parameters
will allow us to adequately validate predictive models in independent samples, and
properly define and assess outcomes of interest. It is also important to mention that as
of now, most machine learning intervention studies in psychiatry have used
retrospectively collected data that was not originally designed for the purposes of

predicting outcomes.

There is also a concern that some models lack interpretability, given that we are
unable to know what mediating input and output in machine learning is - so-called
black-box methods. This may result in an important loss of knowledge of the
underlying mechanisms of psychiatric disorders. Thus, we may be limited in our ability

to apply new procedures and treatments given that we do not fully understand how
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these models works. However, a shift in this mentality may be required: if a model is
accurate and can promote positive change in patient care, an immediate
understanding of the underlying processes may not be necessary. Finally, another
challenge is to move away from proof-of-concept studies and develop algorithms that
can be tested in real clinical scenarios, with risk calculators and smartphone
applications to predict response, supporting clinicians to select the best available

intervention for each individual patient.

Conclusion

Although it is undeniable that RCTs brought significant advancements to patient care,
personalized interventions remain a critical need in mental health 27. Machine learning
oriented interventions may help us move away from the “one size fits all” assumption
of current trials by including patient heterogeneity in individualized models. Having
objective tools that can enable early interventions and prevent unfavorable outcomes,
such as suicide, can reduce the acute side effects and long-term impairments that are
caused by available pharmacological agents &°. Although promising, most studies in the
field are still limited to research scenarios with low applicability and, frequently, they
lack external validation in independent samples. Importantly, most studies are not
dealing with big data, but are instead applying machine learning analysis to small
samples. There is also need for more standardized assessments and greater
transparency in the methods used, to guarantee that the created models are reliable

outside of research contexts.
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Despite these limitations, machine learning based studies are promising venues to
explore that can incorporate individual features through the assessment of multiple
levels of data, yielding integrative, applicable and personalized models to predict
interventions outcomes. Moreover, as technology becomes increasingly sophisticated
and ubiquitous in our daily lives, patient interactions with electronic devices
represents a promising avenue for clinically relevant data to improve intervention and
assessment strategies #’. The interface between patients, psychiatrists, and devices
may redefine mental health assessment, and address longstanding gaps in our

knowledge and treatments *°.
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Identification

Database Search:
-Pubmed: 2105 articles

-Web of Science: 2973
articles

-Embase: 1384 articles

6462 abstracts

1706 duplicates removed

Screening

The selected articles were
independently screened for
title and abstracts by two
researchers (DLG and
BJK). A third author (ICP)
supervised and made the
final decision in case of
disagreements.

4756 abstracts

4672 abstracts excluded after initial
screening of titles and abstracts

Eligibility

The manuscripts were
reviewed and selected
independently by two
researchers (DLG and
BJK). An eligibility criteria
determined the inclusion or
exclusion of original
studies.

84 manuscripts

29 full text studies excluded:

- 17 didn’t use machine learning
techniques;

- 4 have no intervention in the study;
- 2 didn’t predicted response to
treatment;

- 1 was a pattern classification study;
- 2 were conference abstracts;

- 2 were review articles;

- 1 was a supplementary material.

Inclusion

The decision of inclusion or
exclusion were made by
consensus of each author
(DLG and BJK). In case of
disagreements, a third
author (JY) made the final
decision.

61 (55+6*) total
studies included
in systematic
review

Figure 1. Flowchart of review process and study selection

*58 articles were included using the method described in this flowchart. 6 additional
articles were included by searching through the references from the 58 articles

included.
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1. Search Filter

("artificial intelligence" OR "machine learning" OR "learning machine" OR "machine
intelligence" OR "computational learning" OR "computational intelligence" OR "computational
psychiatry” OR "big data" OR "pattern recognition" OR "pattern classification" OR "predictive
analysis" OR "predictive model" OR "classification model" OR "supervised learning" OR "semi
supervised learning" OR "data science" OR "knowledge representation" OR "knowledge
representations"” OR "gaussian process" OR "regularized logistic" OR "linear discriminant
analysis" OR "LDA" OR "random forest" OR "random forests" OR "naive bayes" OR "least
absolute selection shrinkage operator” OR "elastic net" OR "LASSO" OR "support vector" OR
"support vectors" OR "SVM" OR "RVM" OR "relevance vector machine" OR "neural network" OR
"neural networks" OR "decision tree" OR "decision trees" OR "rule learner" OR "rule learners"
OR "rule learning" OR "classification tree" OR "classification trees" OR "regression tree" OR
"regression trees" OR "CART" OR "k-nn" OR "nearest neighbor" OR "nearest neighbour" OR
"nearest neighbors" OR "nearest neighbours" OR "logistic regression" OR "multiple regression")
AND (“mental disorder” OR "mental disorders" OR "psychiatric disorder" OR "psychiatric
disorders" OR "anxiety disorder" OR "anxiety disorders" OR "obsessive compulsive" OR "panic
disorder" OR "phobic disorder” OR "social phobia" OR "social anxiety" OR "generalized anxiety
disorder" OR "GAD" OR "specific phobia" OR "post traumatic stress disorder” OR "PTSD" OR
"gambling" OR "anorexia" OR "bulimia" OR "binge eating" OR "mood disorder" OR "mood
disorders" OR "affective disorder" OR "affective disorders" OR "major depressive disorder" OR
"depressive disorder" OR "bipolar disorder" OR "schizoaffective" OR "schizophrenia" OR
"psychotic disorder" OR "psychotic disorders" OR "attention deficit" OR "suicide" OR
"substance use disorder" OR "alcohol" OR "heroin" OR "cocaine" OR "personality disorder")
AND (treatment OR intervention OR therapeutic OR therapy OR "side effects" OR "undesirable
effects" OR "injurious effects" OR "adverse effects")

2. Quality assessment instrument development

We formed a group of multidisciplinary researchers from the fields of Neuroscience, Psychiatry,
and Computer Sciences, to develop a time efficient and practical assessment strategy for
evaluating machine learning based healthcare research. For that purpose, we attempted to
capture the reliability of presented results in a given study, and identify relevant components of
performance or methodology that may be improved.

We considered the methodological features comprising sample representativeness,
confounding variables, and outcome assessments, as the most clinically relevant aspects
among machine learning based healthcare research. Relevant considerations of each
methodological feature are discussed in further detail within the table. The six remaining
dimensions assess the quality and specific components of the machine learning approach that
were used in a given study. In summary, this entails the algorithm or framework used, evidence
that results were optimized using hyper-parameter optimization and feature selection
procedures, whether authors provided details on how missing data and class imbalance
problems were handled, the accuracy of a given model, and finally whether the model accuracy
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was tested in unseen data.

3. Quality assessment instrument domains

Methodological Feature

Considerations

. Representativeness of
the sample

Was the study truly representative of the target population
heterogeneity? If not, was this related to the selected sampling
method, insufficient sample size or inclusion/exclusion criteria?

. Confounding variables

Did the study control for the most relevant confounding
variables? If so, were covariates assessed using subjective or
objective measures?

. Outcome Assessment

How were outcome measures assessed:
A. Independent blind assessment (v)

B. Secure record (e.g. surgical records) (v)

C. Interview not blinded, self-report or medical record
D. No description

. Machine Learning Approach

Was the machine learning algorithm used to analyze data
clearly described and appropriate?

. Feature Selection

Did the study describe both feature selection and
hyperparameter tuning? Which metrics were used?

. Class Imbalance

Did the authors address the class imbalance problem? Which
method was utilized?

. Missing Data Did the study describe how the authors handled missing data,
including if they were inputted or removed?
. Performance/Accuracy Were the following performance metrics included:

Accuracy
Sensitivity
Specificity
AUC
PPVINPV

mo o>

. Testing/Validation

Was the test dataset "unseen” in regard to model training? Was
the model tested on a hold-out or an external dataset?
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6.3. Artigo 3

Titulo: "Prediction of depression incidence, remission, and persistence in a
large occupational cohort using machine learning techniques: an analysis of the
ELSA-Brasil study"

Submetido a Neuropsychopharmacology em agosto de 2019, atualmente em
revisao.

Fator de impacto da revista: 7.160

124



8/18/2019 Gmail - NPP-19-0943 Receipt of New Paper by Neuropsychopharmacology

M Gma" Diego Librenza Garcia <librenzagarcia@gmail.com>

NPP-19-0943 Receipt of New Paper by Neuropsychopharmacology

journal@acnp.org <journal@acnp.org> 6 August 2019 at 09:32
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Abstract

Depression is highly prevalent and marked by a chronic and recurrent course.
Despite being a major cause of disability worldwide, little is known regarding
determinants of its heterogeneous course. Machine learning techniques present an
opportunity to develop tools to predict diagnosis and prognosis at an individual level.
In the present study, we examined baseline (2008-2010) and follow-up (2012-2014)
data of the Brazilian Longitudinal Study of Adult Health (ELSA-Brasil), a large
occupational cohort study. We implemented an elastic net regularization analysis
using socioeconomic and clinical factors as predictors to distinguish: (1) depressed
from non-depressed participants, (2) participants with incident depression from those
who did not develop depression, and (3) participants with persistent depression from
those without depression. At wave 1 and 2, we assessed 15,105 and 13,922
participants, respectively. The elastic net regularization model distinguished outcome
levels in the test dataset with an area under the curve of 0.90 (95% CI 0.85 - 0.95),
0.89 (95% CI 0.85 - 0.94), 0.90 (95% CI 0.86 - 0.95) for analyses 1, 2, and 3,
respectively. We conclude that diagnosis and prognosis related to depression can be
predicted at an individual subject level by integrating demographic and clinical
variables, such as psychiatric comorbidities. Future studies should assess longer
follow-up periods and combine biological predictors, such as genetics and blood

biomarkers, to build more accurate tools to predict depression course.

Keywords: major depressive disorder; prognosis; machine learning; incident

depression.
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1. Introduction

Mood disorders account for almost 50% of the burden of mental disorders [1].
Among them, major depression has a chronic, recurrent course and is highly
prevalent. In fact, its chronicity is especially difficult to tackle, as research is usually
focused on the management of acute depressive episodes [2]. In addition,
depression has a heterogeneous development, varying from a single or a few
episodes to an intermittent course that can persist over the lifespan [3].

However, relatively little is known on the sociodemographic and clinical
predictors associated with depression recurrence and incidence, as most available
cohort data present limitations. For instance, several cohort studies investigated
specific subgroup of patients (e.g., perinatal depression, geriatric depression, and
depression in children and adolescents), enrolled only those already depressed at
baseline, performed a short-term follow-up, or presented high attrition rates [3-6]. An
additional issue is that most studies have been conducted in developed countries [3].
It is reasonable to assume that the course of depression is different in low- and
middle-income countries that present substantial economic disparity and low social
support for the poorest people.

Importantly, standard investigation has focused on traditional statistical
approaches that explore a linear relationship between variables at group-level data
[7]. In this context, machine learning approaches can be advantageous and have
increasingly been used in prognostic psychiatry, as they can assume a complex
relationship between variables, including non-linear patterns, and are focused at an
individual patient level [8]. For example, there is supporting evidence for the
influence of socioeconomic inequality in the association between depression and
gender [9].

Considering these issues, we evaluated, using a machine learning approach,
predictors of depression incidence, persistence, and remission in a large Brazilian
occupational cohort. This study has the potential of influencing mental health
policies. Additionally, our findings could be employed in other low- and middle-

income countries that present populations with similar characteristics.
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2. Methods

2.1. Study design and participants

ELSA-Brasil is a prospective, occupational cohort study of 15,105 civil
servants from six public institutions in major Brazilian cities (Sao Paulo, Rio de
Janeiro, Salvador, Porto Alegre, Belo Horizonte and Vitdria) [10]. All active or retired
employees of these institutions aged 35-74 years were eligible for the study.
Exclusion criteria were current or recent pregnancy (4 months prior to the first
interview), intention to quit working at the institution in the near future, severe
cognitive or communication impairments, and, if retired, residence outside of a study
center's corresponding metropolitan area. All local ethics committees approved the
study and all participants provided written, informed consent prior to assessment.

The first wave (n=15,105 participants) of ELSA took place from August 2008
to December 2010 and the second wave (n=13,922 participants) took place from
September 2012 to December 2014.

2.2. Predictor variables

As predictors, we selected variables that are easily accessible to clinicians
and that can be collected in a single clinic visit. In consequence, the models created
can be used in large populations without significative increase in the cost of
assistance.

The following baseline variables were investigated as predictors:

a) for sociodemographic variables, information was collected regarding sex,
age, educational level (presence or absence of a university degree), self-reported
race (white vs. non-white), marital status (married vs. other), and familial monthly
income.

b) regarding clinical variables, we assessed obesity (defined as a body mass
index > 30 kg/m? and obtained by measured weight and height) and smoking status
(never a smoker vs. past or present smoker). To evaluate general health status,
participants were asked to judge their health according to a Likert scale. The
answers were categorized into very good/good health status vs. moderate/poor/very
poor health. Finally, we used dietary information to identify those who presented a
heavy alcohol consumption [11], defined as more than 210 (men) or 140 (women)

grams of alcohol consumed per week [12].
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c) regarding mental disorders, we used the Portuguese version of the Clinical
Interview Schedule-Revised (CIS-R) [13], which is a structured interview for
measurement and diagnosis of non-psychotic psychiatric morbidity in the community
[14]. The questionnaire includes 14 sections covering common psychiatric symptoms
and assessing the following ICD-10 diagnosis: general anxiety disorder (GAD,
F41.1), panic disorder (PD, F41.0), social anxiety disorder (SAD, F40.1), and
obsessive-compulsive disorder (F42).

d) for psychotropic use, all participants were asked regarding use of
prescription and nonprescription medicines, and continuous and non-continuous use
of medication taken in the past two weeks. All participants were instructed to bring to
the study clinic all medications and prescription forms for examination. We assessed
whether participants were using antidepressants and/or benzodiazepines. A
complete review on psychotropic use in the ELSA-Brasil study can be found
elsewhere [15].

e) finally, we assessed the presence or absence of at least one of the
following negative life events in the past 12 months: being assaulted or robbed,
being hospitalized, bereavement/mourning of a relative, severe financial problems,

or ending an intimate relationship.

2.3. Outcome variables

At follow-up (wave 2), a shortened version of the CIS-R was applied to
diagnose depression. Therefore, we could define the following clinical courses: no
depression (absence of depression at both waves), incident depression (depression
only at wave 2), remitted depression (depression only at wave 1), and persistent

depression (depression at both waves).

2.4. Data Analysis

Descriptive analyses were reported as means (with standard deviations) or
absolute and relative frequencies. We divided participants into four groups based on
the outcomes. We used chi-squared (x2) or Student t-tests to analyze demographic
and clinical variables among these groups.

The machine learning analysis was performed with R software (Version R
3.3.1) and R Studio (Version 0.99.902) using the R package caret (Version 6. 0-73)

[16]. Machine learning approaches are superior to traditional multiple regression
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analyses because: 1) coefficients are unstable when high correlations exist among
predictors, which leads to low replication of predictions in independent samples [17];
2) traditional regression assumes additivity, whereas the predictors considered here

might have non-additive effects.

2.5. Machine learning analysis

The elastic net is a machine learning method that uses regularization with an
embedded feature selection procedure. Through a cost function composed of both L4
(Lasso regression) and L, (Ridge regression) weight magnitude penalties, the
method is able to remove predictors with low impact to the outcome while
regularizing for improved generalization. The coefficients of the non relevant features
are shrunk towards zero, eliminating correlated variables, simplifying the model, and
reducing overfitting. As our dataset is composed of several attributes, identifying the
most important ones enables a wider applicability and more practical use of our
predictive models. We performed bivariate elastic net regularization to explore the
association of the predictive variables and the outcome. The following outcomes at
wave 2 were considered: 1) no depression vs. any type of depressive course
(incident or persistent or remitted); 2) no depression vs. incident depression; and 3)
no depression vs. persistent depression. We performed the missing data imputation
by using median for numeric variables and mode for categorical variables, using the
training dataset [18].

Individual-level predicted probabilities based on the elastic net algorithm were
created, as well as the receiver operating characteristic (ROC) curves, and the area
under the curve (AUC) was calculated to evaluate the predictive performance.
Additionally, we calculated sensitivity, specificity, balanced accuracy, positive
predictive value (PPV), and negative predictive value (NPV). We used a cut-off of 0.5
as the boundary for class decision, i.e., the algorithm will classify probabilities above
50% as belonging to the positive outcome level and below to the negative outcome
level. Finally, we plotted how PPV and NPV changes vis-a-vis different cut-offs for

class boundary decision.

Cross-validation
For each analysis, we randomly split our baseline data into training (75% of

the whole sample) and test datasets (25%). We deployed a standard machine
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learning protocol with 10-fold cross-validation, feature selection, hyperparameter
tuning, and class imbalance correction in the training dataset (Figure 1). We

repeated 10-fold cross-validation ten times to improve tuning.

Class imbalance

Class imbalance introduces a bias towards classifying all the data as the
majority class, which usually leads to poor detection of the infrequent class. The
class imbalance problem was addressed through a resampling step, which entailed
under-sampling the majority class in each analysis followed by algorithm training.
This process was repeated in 1000 iterations to allow us to use all instances in the
training set. The algorithm predicted probabilities were averaged over the resampling
iterations. When dealing with imbalanced datasets, AUC and balanced accuracies

are the best performance metrics to represent the results.
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3. Results

Out of the 15,105 participants included at wave 1, 1180 (7.8%) did not
complete the assessment at wave 2, the main reasons being death and moving
outside of the metropolitan area of the study after retiring. We found that 499
(3.58%) participants presented with a new depressive episode, 426 (3.06%)
remitted, 160 (1.15%) persisted in a depressive episode, and 12,837 (92.21%)
presented no current depression at the follow-up. Descriptive analyses of
demographic and clinical variables are described in Table S1, and missing data
frequency and distribution for each variable is presented in Figure S1 of the
supplementary material.

Figure 2 shows the ROC curves and AUC values for the predictive models
regarding outcomes 1-3, and the selected variables with their relative relevance
weights to each model. Figure S2 of the supplementary material shows PPVs and
NPVs values for different cut-offs of class boundaries. Table 1 shows model

performance for each analysis when the cut-off is chosen as 0.5.

3.1. Classifying depressed and non depressed patients

Considering both baseline and follow-up, 1,085 participants presented with a
history of depression, while 12,387 participants have not experienced any
depressive episode. The elastic net model had an AUC of 0.90 (0.85-0.95) with a
balanced accuracy of 81%. The model retained all variables except past or present
history of smoking. In the five top features selected, there were four comorbidities
(SAD, OCD, GAD and PD) and the self-reported health evaluation.

3.2. Prediction of incident depression

There were a total of 499 participants with a new depressive episode at
follow-up. The model was trained to differentiate these incidents cases from the non
depressed patients at wave 2. The model had an AUC of 0.89 (0.85-0.94) and a
balanced accuracy of 79%. Among the five top variables, there were two
comorbidities (OCD and GAD), two clinical features (use of antidepressants and use
of benzodiazepines) and sex. Past or present history of smoking and having a

university degree were discarded by the model.

3.3. Distinguishing persistent depression from non depressed patients
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At wave 2, 160 patients that were depressed at wave 1 persisted in a
depressive episode. The model was trained to differentiate persistent depressed
participants from those without a depressive episode, and had an AUC of 0.90 (0.86-
0.95), with a balanced accuracy of 82%. OCD and GAD were the most relevant
features, with sex, self-report health and negative life events following. The only

variable discarded by the model was the self-reported race.

3.4. Sensitivity analyses

Since the use of antidepressants may be a confounder, we repeated the
analysis for outcomes 1 and 3 without this variable to check if the performance could
be inflated by its inclusion. The results can be seen in Figure 3 and Table 2. The
model to distinguish depressed from non depressed patients had a decrease in the
AUC from 0.90 (0.85-0.95) to 0.79 (0.78-0.81), while the model to distinguish non
depressed participants from those with persistent depression had an absolute
increase from 0.90 (0.86-0.95) to 0.91 (0.89-0.94), although there was a significant
overlap in the confidence intervals. The same two variables previously excluded
(history of smoking for model 1 and ethnicity for model 3) were also excluded in the

sensitivity analysis models.
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4. Discussion

The present study investigated three predictive models for incidence, remission, and
persistence of depression within the ELSA-Brasil cohort, using baseline variables
from wave 1 (2008-2010) as predictors, and outcomes measured at wave 2 (2012-
2014). The present study is the first to assess depression prognosis in a large
sample using machine learning techniques. Particularly, we designed predictive
models to distinguish a) participants with depression from those without depression;
b) participants with incident depression from those without depression; and c)
participants with persistent depression from those without depression. We obtained

AUCs ranging from 0.89 to 0.90, and balanced accuracies ranging from 79 to 82%.

Predicting which individuals are at-risk to convert to depression can enable timely
and personalized preventive strategies to take place, shifting our focus from only
treating acute episodes to directly intervening in the course of the disorder. This may
yield a substantial impact to ease the burden directly associated with depression,
such as cognitive and functioning impairments [19], high risk for suicidal behavior
[20,21], and decreased quality of life [22]. In addition, it could impact also in mortality
and disability rates, as well as in the economic and family burden associated with the
disorder [23]. For example, depression is a risk factor for clinical diseases such as
diabetes [24], coronary heart disease [25,26], and autoimmune diseases[27], with
patients being twice as likely to die prematurely when compared to subjects without
depression [19]. Our findings show a potential application of machine learning in
predicting incidence, persistence and remission of depressive episodes at an
individual level. In addition, the models developed in this study are easy to
implement, since all variables can be accessed at any moment by a clinician, without
incurring in additional costs. Interventions focused on the course of the disorder can
be designed to target the relevant factors selected in the predictive models, since

from all included variables, only age, sex and ethnicity are not modifiable [27].

Comorbidities were between the most relevant predictive features in all models. This
is in accordance to a previous study by our group, that showed large effects sizes for
OCD and anxiety disorders to predict incident and persistent depression, using

traditional statistical methods [28]. The present study differs from our previous one
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as we employed more variables, tested more outcomes, and used a machine
learning approach. Our findings are also in accordance with a recent meta-analysis
of 66 prospective studies that showed that anxiety disorders predict depressive
disorder, with effect sizes of 2.58 [1.81, 5.2] for GAD, 2.06 [1.71, 3.97] for SAD, and
5.60 [4.21, 6.01] for OCD [29]. Some authors also consider the presence of high
anxiety traits as a phenotype with increased predisposition to stress-induced
depression [30]. While SAD was the most important feature to differentiate
depressed from non-depressed patients, it had an intermediate relevance for the

other outcomes.

Regarding medication use, the use of benzodiazepines had an intermediate
relevance for the three models. The use of antidepressants had an intermediate
relevance for most models, except for the one predicting incident depression, in
which it was the fourth more relevant feature. Of note, we decided to include use of
antidepressants in all our models because patients may be using these for other
reasons than being depressed, such as treatment of chronic pain, anxiety disorders
and obsessive compulsive disorder. For example, there is evidence that subjects
with  GAD not treated with antidepressants have a higher risk to develop a
depressive episode [31]. When performing a sensitivity analysis removing this
variable for models 1 and 3, the first model had a mild decrease in performance,

while the third remained at a similar value.

Among all sociodemographic features, the most relevant for all models was sex,
being the third most relevant feature to predict incident and persistent depression,
and the sixth more relevant to distinguish between depressed and non depressed
patients. The role of sex in depression is well-known, with women being twice as
likely to develop depression [32], although there is no conclusive evidence of its role
in remission, recurrence or persistence [33]. The difference in incidence seems to be
higher during adolescence, period which was not included in our population. Having
a university degree was the sixth more important variable to predict persistent
depression and to distinguish remitted from persistent course, although it was
discarded by the model of incident depression. Other sociodemographic variables
had an intermediate to small relevance in the models. Age, for example, was among

the five less relevant features in all models. This could be explained by the age
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range of our sample (35-74 years) and the fact the incidence is higher during

adolescence and early adulthood [34].

Our study had some limitations. Since this is an occupational cohort, it is uncertain if
the findings can be generalized to a community sample. Due to the nature of the
sample, unemployment, that is known as a risk factor for both depression and a
more pernicious course of depressive symptoms, could not be included as a
predictor. Although the lack of a large set of features can be considered a limitation,
since other variables could improve further the model performance, it can also be
seen as an advantage, since a small set of features that are easy and fast to collect
makes a more feasible tool, that can be used in large populations with small costs. In
addition, we had a large sample size available, which makes the machine learning
process more robust. Finally, an important limitation is the short follow-up period,
which may have influenced the high rates of false positives found, and the fact that
patients were only assessed in two points in time, while for a more reliable
determination of depressive trajectories, more evaluations and for longer periods of

time are required.
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5. Conclusion

In the present study, we developed three predictive models of depressive course in
an occupational cohort, using machine learning techniques. Using a small number of
clinical and sociodemographic predictors, we showed that it is possible to distinguish
non depressed participants from those with depression, including incident and
persistent cases, with high model performance. In addition, we also showed that
clinical variables seem to be, at least for this sample, more relevant than
sociodemographic variables. Knowing beforehand which individuals will have a
depressive episode, and within these, which will have a more chronic and debilitating
course, could help improve how we assess patients in clinical settings, shifting our

focus from treating acute episodes, to preventing them.
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Figure 1: Elastic net procedure for training and testing data.
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Figure 2: ROC curve and AUC value for the predictive models of depression courses

and variables selected by the elastic net model with relative relevance weights.
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Figure 3: ROC curves and selected variables with their relative relevance weights for

sensitivity analysis for outcomes 1 and 3.
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Table 1: Performance metrics for the elastic net models to predict the three clinical

outcomes.
Model  Sensitivit Specificity PPV~ NPV Balanced @ AUC
y Accuracy

A 0.83 0.78 0.05 1.00 0.81 0.90 (0.85 -
0.95)

B 0.85 0.74 0.05 1.00 0.79 0.89 (0.85 -
0.94)

C 0.81 0.84 0.07 1.00 0.82 0.90 (0.86 -
0.95)

A) depression versus non depression; B) incident depression versus non depression;
C) persistent depression versus non depression. AUC, area under the curve; NPV,

negative predictive value; PPV, predictive positive value.
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Table 2: Performance metrics for the sensitivity analysis for outcomes 1 and 3.

Sensitivity Analysis (SA)

Model  Sensitivit Specificity PPV~ NPV

Balanced AUC

y Accuracy

A-SA 0.67 0.78 0.21 0.96 0.72 0.79 (0.78 -
0.81)

C-SA 0.83 0.83 0.06 1.00 0.83 0.91 (0.89 -
0.94)

Comparison 1

No-depression Depression
No antidepressants 12143 921
Antidepressants 694 164

X-squared = 161.4 p-value < 2.2e-16

Comparison 3

No persistent depression

Persistent depression

No antidepressants 12143
Antidepressants 694

126
34

X-squared = 72.06 p-value < 2.2e-16
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Supplementary Material

Table S1: Descriptive analyses of demographic and clinical variables

All sample

(n=13922)

Non
depressed

(n=12837)

Incident

(n=499)

Remitted

(n=426)

Persistent

(n=160)

Age
(meantSD)

Sex (female)

Ethnicity

(Caucasian)

University
degree (yes)

Familial

Monthly

income
(meanzSD)

Marital status
(Living with
partner vs.

Other)

51.83 (+8.98)

7597 (54.6)

7220 (52.4)

7443 (53.5)

1748.00
(1437.9)

9239 (66.4)

51.94 (+9.02)

6805 (53.0)

6729 (53.0)

6992 (44.3)

1782.21
(1456.22)

8617 (57.1)

50.36 (+8.28)

352 (70.5)

226 (46.2)

221 (44.3)

1443.60
(1143.58)

303 (60.7)

50.61 (+ 8.30)

308 (72.3)

201 (47.4)

180 (42.3)

1297.85
(1110.44)

237 (55.6)

50.86 (+ 8.41)

132 (82.5)

64 (40.0)

50 (31.2)

1154.24
(1074.91)

82 (51.2)
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Figure S1: Missing data distribution in absolute instances missed and percentage of

missing data per variable.
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Percentage of missing instances
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Figure S2: PPVs and NPVs values for different cut-offs of class boundaries.
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7. CONSIDERACOES FINAIS

Esta tese de doutorado teve como resultado a produgédo de trés artigos: uma
revisdo sistematica e metandlise, publicada em setembro de 2017; uma segunda revisao
sistematica, que estd sendo reescrita conforme sugestdo dos revisores para nova

submissédo; e um terceiro artigo, submetido e atualmente em revisao.

No primeiro artigo, discutimos as multiplas aplicacbes de técnicas de machine
learning no contexto do transtorno de humor bipolar. N6s mostramos que técnicas de
neuroimagem podem ajudar a diferenciar entre transtornos psiquiatricos. Por exemplo,
diferenciar entre depressao unipolar e bipolar teria um grande impacto no que diz
respeito ao tratamento e prognéstico destes transtornos. Ademais, a predicdo do
tratamento mais adequado para cada individuo permitiria uma recuperacao mais rapida
dos episodios de humor e, consequentemente, menos prejuizos aos pacientes (25,26).
Além disso, a predicdo de desfechos desfavoraveis, como tentativas de suicidio,
hospitalizacdes e novos episodios de humor, pode ser integral para o desenvolvimento
de uma psiquiatria baseada em prevencéo e com intervenc¢des moldadas de acordo com
as necessidades e caracteristicas de cada individuo. Por ultimo, discutimos como o uso
de técnicas nao supervisionadas de machine learning podem ser essenciais para a
descoberta de novos fenotipos de transtorno de humor bipolar que possam ser mais

relevantes em relacdo a trajetéria e prognaostico do transtorno.

No segundo artigo, nos discutimos o uso de machine learning para prever resposta
em estudos com intervencdes farmacoldgicas e nao-farmacologicas. Nos discutimos
problemas atuais dos ensaios clinicos, como o fato destes apenas produzirem resultados
a nivel de grupo, e nao incluirem amostras representativas da heterogeneidade dos
transtornos psiquiatricos (27). NoOs identificamos 61 estudos que utilizaram diferentes
niveis de dados para predicdo de resposta a tratamento: dados clinicos e
sociodemogréficos, marcadores séricos, EEG e neuroimagem. Os estudos usando EEG
e neuroimagem oferecem vantagens, ndo s6 em termos de melhor performance dos
modelos, mas também por produzirem marcadores mais objetivos. Dados clinicos,
isoladamente ou em adicdo a outros niveis de dados, mostraram resultados
heterogéneos, inclusive com piora da performance em alguns modelos que combinaram
estes dados com biomarcadores. Por fim, discutimos limitacdes metodoldgicas destes

estudos e recomendacgdes sobre 0 uso de machine learning em ensaios clinicos. Novos
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estudos deveriam ser desenvolvidos com foco em big data e machine learning, incluindo
grandes amostras, e com critérios de exclusdo e inclusdo mais flexiveis.
Preferencialmente, estes ensaios deveriam ser multicéntricos, para possibilitar

adequados teste e validacado dos modelos preditivos em diferentes amostras (27).

Finalmente, no terceiro artigo, nés desenvolvemos um modelo para prever o curso
do transtorno depressivo, incluindo incidéncia e persisténcia de depressdao em uma
grande coorte ocupacional (ELSA-Brasil) (28). N6s demonstramos que € possivel
predizer com excelente performance a presenca, persisténcia e incidéncia de depresséo.
Além disso, também mostramos que os modelos conseguem diferenciar pacientes com
depressédo daqueles sem depressao utilizando dados clinicos e sociodemograficos. Em
especial, a presenca de outras comorbidades psiquiatricas, como transtorno de
ansiedade generalizada e transtorno obsessivo-compulsivo, estdo entre as variaveis

mais relevantes deste modelo preditivo.

O uso de machine learning na literatura ainda possui limitagbes e problemas
metodologicos. A maior parte dos estudos usa bancos de dados previamente
desenvolvidos para outros fins, e poucos estudos foram desenhados especificamente
para o uso de machine learning e big data. Boa parte dos estudos ainda usa amostras
peqguenas ou com um reduzido niumero de variaveis, enquanto a melhor aplicacéo desta
técnica seria com o maior numero de pacientes e variaveis possivel. Outro problema é o
nivel de interferéncia nos modelos, com as variaveis sendo manipuladas de diversas
formas pelos autores antes da analise, em detrimento de abordagens data-driven. A falta
de estudos validando estes modelos prospectivamente € outra importante limitacao.
Poucos estudos parecem ter ido além do ambiente de pesquisa e tentado aplicar estes
modelos como ferramentas clinicas. Em relacdo ao diagndstico psiquiatrico, ha que se
ressaltar que as atuais categorias diagnosticas sdo definidas apenas por sinais e
sintomas, e que seus critérios foram definidos por especialistas (13). Treinar modelos de
machine learning para prever diagnoésticos que foram definidos ignorando a
complexidade neurofisioldégica dos transtornos é uma limitacdo em si s6. O uso de outros
marcadores, como neuroimagem, eletroencefalograma, genética e etc., pode propiciar a
descoberta de novas categorias diagndésticas que incluam caracteristicas patofisioldgicas

dos transtornos e tenham maior validade para prever a trajetéria destas doencas.
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N&o obstante estas limitagdes, 0 uso da tecnologia deve se tornar cada vez mais
ubiquo em nosso dia-a-dia, com oportunidades ilimitadas para melhorar os sistemas de
saude e a prética clinica. O fenétipo digital, por exemplo, termo cunhado por Jukka-Pekka
Onnela para se referir a quantificacdo da interacao individual entre uma pessoa e seus
dispositivos eletrénicos, carrega um enorme potencial para a aquisicdo de dados e a
tomada de decisbes em tempo real. Avancos em técnicas de neuroimagem,
eletrofisiologia, sensores vestiveis, dentre outros, oportunizam a busca por marcadores
mais objetivos para caracterizar os transtornos psiquiatricos e colaborar para um manejo
mais adequado e preciso destes. No centro desta revolucdo, impulsionado pelo
exponencial avanc¢o na capacidade de processamento e efetividade dos computadores,
estd o campo de machine learning, capaz de analisar esses novos complexos sistemas
de dados. Em adicdo, o proprio campo de machine learning apresenta avancos
exponenciais, com técnicas como aprendizado profundo, aprendizado por reforco,
ensemble learning, redes antagbnicas geradoras, e neuroevolucdo sendo aprimoradas
e aplicadas para as mais diversas fungdes. O desenvolvimento de sistemas e processos
tecnoldgicos de crescente complexidade, e a constante evolugdo e aprimoramento de
técnicas avancadas que possam interpretar estes sistemas e processos, sdo dois
fendmenos sinergéticos que, em ultima analise, serdo promotores da maior revolucéo ja

vista ndo s6 em psiquiatria em saude mental, mas na ciéncia como um todo.

Esta tese traz como contribuicdo a relevancia e o impacto que as técnicas de
machine learning podem trazer a psiquiatria e a saude mental, em especial para os
sistemas de saude e os pacientes. Muitos dos desafios atualmente presentes nessas
areas podem ser solucionados com o uso destas técnicas, promovendo uma psiquiatria
preditiva e personalizada, centrada nas caracteristicas e necessidades de cada

individuo.
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8. ANEXOS

8.1. Anexo 1
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1. Pinto JV, Librenza-Garcia D, Baldez DP, Rosa AR, Kapczinski F, Kauer-
Sant’/Anna M, Passos IC. Predicting functional impairment in bipolar disorder: a
pilot study with a machine learning approach. Poster session, European Congress
of Neuropsychopharmacology, 2017.

2. Librenza-Garcia D, Noll G, Przybylski L, Costanzi M, de Azevedo Cardoso T,
Kapczisnki F, Passos IC. Rapid cycling prediction in bipolar disorder using clinical
variables: A machine learning, proof-of-concept study. Poster session, The
International Society of Bipolar Disorders (ISBD) conference, 2018. Doi:
10.1111/bdi.12619

3. de Aguiar BW, Librenza-Garcia D, Spanemberg L, Caldieraro MA, Watts D,
Boctor M, Fleck M, Passos IC, Kapczinski F. Differential biomarker signatures in
unipolar and bipolar depression: A machine learning approach. Poster session,
The International Society of Bipolar Disorders (ISBD) conference, 2018. Doi:
10.1111/bdi.12619

4. Pinto JV, Librenza-Garcia D, Przybylski L, Noll G, Kauer Sant'Anna M, Ribeiro
Rosa A, Kapczinski F, Passos IC. Cognitive functioning impairment prediction in
patients with bipolar disorder: a pilot study using machine learning techniques.
Poster session, The International Society of Bipolar Disorders (ISBD) conference,
2018. Doi: 10.1111/bdi.12619

Apresentacao oral:
1. Acosta JR, Librenza-Garcia D, Zortéa F, Tramontina S, Passos IC. Predicting
lifetime psychosis in bipolar disorder youths using machine learning techniques.

Rapid communication session, The International Society of Bipolar Disorders
(ISBD) conference, 2018. Doi: 10.1111/bdi.12618
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8.2. Anexo 2
Artigos originais e capitulos de livros produzidos durante o periodo que compreendeu
este doutorado.

Artigos publicados:
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Artigos aceitos:
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