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Background: Diagnosis of schizophrenia (SCZ) is made exclusively clinically, since spe-

cific biomarkers that can predict the disease accurately remain unknown. Machine learning

(ML) represents a promising approach that could support clinicians in the diagnosis of

mental disorders.

Objectives: A systematic review, according to the PRISMA statement, was conducted to

evaluate its accuracy to distinguish SCZ patients from healthy controls.

Methods: We systematically searched PubMed, Embase, MEDLINE, PsychINFO and the

Cochrane Library through December 2018 using generic terms for ML techniques and SCZ

without language or time restriction. Thirty-five studies were included in this review: eight of

them used structural neuroimaging, twenty-six used functional neuroimaging and one both,

with a minimum accuracy >60% (most of them 75–90%). Sensitivity, Specificity and

accuracy were extracted from each publication or obtained directly from authors.

Results: Support vector machine, the most frequent technique, if associated with other ML

techniques achieved accuracy close to 100%. The prefrontal and temporal cortices appeared

to be the most useful brain regions for the diagnosis of SCZ. ML analysis can efficiently

detect significantly altered brain connectivity in patients with SCZ (eg, default mode net-

work, visual network, sensorimotor network, frontoparietal network and salience network).

Conclusion: The greater accuracy demonstrated by these predictive models and the new

models resulting from the integration of multiple ML techniques will be increasingly

decisive for early diagnosis and evaluation of the treatment response and to establish the

prognosis of patients with SCZ. To achieve a real benefit for patients, the future challenge is

to reach an accurate diagnosis not only through clinical evaluation but also with the aid

of ML algorithms.

Keywords: machine learning, schizophrenia, support vector machine, resting-state fMRI,

sMRI, multivariate pattern analysis

Introduction
Schizophrenia (SCZ) is a major psychiatric disorder characterized by delusions and

hallucinations with a loss of contact with reality (so-called positive symptoms), flat

affect, anhedonia, loss of motivation (avolition), poor speech (alogia), social with-

drawal (so-called negative symptoms) and cognitive impairment, which have

a strong impact on the patient and society.1 The average incidence is 15.2 per

100,000 people, the lifetime prevalence is 0.40% and the pooled male–female rate

ratio is 1.4.2 A recent review estimated that approximately 1 in 200 individuals will
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be diagnosed with SCZ at some point during their lifetime,

with variations based on the geographic region.3 Diagnosis

is based on the Diagnostic and Statistical Manual of

Mental Disorders 5 (DSM-5)4 or on the ICD5 and is

exclusively clinical, since specific biomarkers that can

predict the illness accurately remain unknown.6 Pattern

recognition methods applied to neuroimaging data repre-

sent a new and promising approach that could support

clinicians in the diagnosis of mental disorders.7 Magnetic

resonance imaging (MRI) is today one of the most used

techniques for the study of the neurobiological bases of

SCZ. Computerized methods are necessary to analyze

large amounts of imaging data with great precision. The

most relevant information is extracted from the images,

and then a model classification method is able to process

this information in order to determine the probability of

disease.8 The new approach is exemplified by the applica-

tion of machine learning (ML) techniques such as support

vector machines (SVM), a high-dimensional, pattern

recognition, supervised learning algorithm9 or multivariate

pattern analysis (MVPA) or the random forest (RF). These

techniques are most useful when analyzing highly com-

plex datasets to enable the discovery of relationships that

are not evident from simple statistics and thus to make

accurate predictions based on these statistics.10

This research seeks to evaluate the evidence about the

role of ML techniques in making diagnostic discrimination

in SCZ during the last 30 years. To the best of our knowl-

edge, there are no systematic reviews investigating these

features. We aimed to provide a comprehensive systematic

review according to the PRISMA statement11 of

different ML techniques used to distinguish SCZ patients

from healthy controls (HC). It was not our goal to catalog

all methods of ML, to report on applications of ML in

psychiatry nor to explain or illustrate any particular

method in detail.

Materials and methods
Search strategy
We searched PubMed, Embase, MEDLINE, PsychINFO and

the Cochrane Library for articles published up to

December 31, 2018, without language and time restriction,

by using the following keywords: (“Big data” OR “Artificial

Intelligence” OR “Machine Learning” OR “Gaussian pro-

cess” OR “Cross-validation” OR “Cross validation” OR

“Crossvalidation” OR “Regularized logistic” OR “Linear

discriminant analysis” OR “LDA” OR “Random forest”

OR “Naïve 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 “Machine Intelligence”

OR “Knowledge Representation” OR “Knowledge

Representations” OR “support vector” OR “SVM” OR

“Pattern classification” OR “Deep learning”) AND

(“Schizophrenia”). Two authors reviewed all the selected

studies independently. The reference lists were screened to

find additional data. The eligible publications have been

included and cited in this review. This systematic review

was developed according to the PRISMA statement.11

Assessment of study quality
The Jadad rating system12 was applied to check the meth-

odological quality of studies in this systematic review.

Jadad’s procedure enables qualification of a study accord-

ing to the clarity in describing the randomization, the

double-blinding procedure and the withdrawal and dropout

reports. Score ranges from 0 to 5. For this systematic

review, the inclusion criteria was a Jadad score >3.

Selection criteria
We included studies using ML techniques with schizophre-

nic patients diagnosed according to the DSM-IV, DSM IV-

TR, DSM-5 or ICD-10 criteria. These patients could have

chronic SCZ or be diagnosed with a first episode of schizo-

phrenia (FES) and could be drug-naïve or under antipsycho-

tic treatment. We excluded studies with patients who

exhibited general medical, neurological or psychiatric

comorbidity, substance abuse or alcohol dependence, trau-

matic brain injuries with loss of consciousness or unclear or

unverified diagnoses according to the DSM or ICD criteria.

Studies without control groups were also excluded.

Data collection, extraction and statistical

analysis
Two researchers (EAC and RdF) independently screened

the titles and abstracts of the identified articles and read

the full texts of articles that met the eligibility criteria,

supervised by RG, who made the final decision in cases of

disagreement. Article data included year of

publication, ML model and algorithm (eg, SVM, MVPA,

RF), sample size, diagnoses assessed in the study and

statistical data (ie, accuracy, sensitivity, specificity, area

under the ROC curve [AUC]).
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Results
Initially, 2,386 items were identified, of which 2,215 articles

were excluded because they did not fulfill inclusion criteria.

The abstracts of the remaining 171 articles were reviewed.

In all, 60/171 articles were deleted because they were edi-

torials, letters to editors, reviews, meta-analyses, case reports

or different interventions. Then, 76 manuscripts of 111

papers were deleted because they did not fulfill the criteria

for inclusion, while the remaining 35 were included. Of the

latter, 8 used structural neuroimaging and 26 used functional

neuroimaging and 1 both (Figure 1).

Eight studies used structural magnetic resonance ima-

ging (sMRI) in order to distinguish patients with SCZ or

adolescent-onset schizophrenia (AOS) or FES from patients

with other psychiatric disorders (eg, bipolar disorder (BD),

major depressive disorder (MDD)) or HC (Table 1). In

particular, many of these studies focused on differences

between grey matter (GM) and white matter (WM).

Twenty-six studies used functional magnetic resonance

imaging (fMRI) to achieve the same goal (Table 2). They

evaluated abnormalities in brain functional connectivity

(FC) parameters (regional homogeneity (ReHo), density),

networks or the entire functional connectome.

Only one study used both structural and fMRI.

Structural neuroimaging
Salvador et al combined and compared the most

common ML methods (ridge, Least Absolute Shrinkage

and Selection Operator (LASSO), elastic net and L0norm

regularized logistic regression, a support vector classifier,

regularized discriminant analysis, RF and a Gaussian pro-

cess classifier) in a sample of 128 SCZ, 128 BD and 127

HC. They used different features: GM and WM voxel-

based morphometry (VBM), vertex-based cortical thick-

ness and volume, set as region of interest (ROI), and

volumetric measures and wavelet-based morphometry as

inputs for the techniques. VBM is the feature of choice for

sMRI and it shows the most accuracy in distinguishing

patients from HC, whilst the other ML methods (eg, ridge,

LASSO, a support vector classifier, RFs and a Gaussian

Number of records identified
via database search:

Number of records identified
through other sources:

Number of records after
duplicates removed:

Number of abstracts or full-
text articles assessed for
eligibility:

Number of studies included
in review:

Number of abstracts or full-text articles excluded,
with reasons:

Number of records excluded based on title irrelevance:

(Duplicates, editorials, letters, review, meta-analyses,
guidelines, different interventions)

Number of records screened:

N=2386 N=0

N=2386

N=171
N=60

N=111
N:14 studies not using ML techniques

N:27 studies considering different diagnosis of SCZ

N:8 studies evaluating clinical features of SCZ

N:7 studies considering ML in therapy

N:5 studies considering ML in outcome and costs

N:15 studies not using MRIN=35In
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Figure 1 PRISMA flow diagram of included studies.
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process classifier) have similar and lower performance

levels.13

The grey matter volume (GMV) and WM volume of 41

SCZ patients and 42 HC were compared through a ML

method providing both SVM and recursive feature elim-

ination. Important abnormalities in brain structures primar-

ily involved in cognitive functions (eg, memory,

emotionality) were identified with 88.4% accuracy (sensi-

tivity 91.9%, specificity 84.4%). The authors concluded

with the possibility of identifying specific brain neuroima-

ging profiles associated with SCZ as a potential biomarker

for disease diagnosis.14

The dorsolateral prefrontal cortex (DLPFC) was cho-

sen as the ROI in another study. The ROI-SVM approach

was used to classify 54 SCZ patients and 54 HC with

accuracy (left side 75%; right side 66.38%). The technique

showed better results among females and older subjects,

probably due to differences in GM distribution (left side

84.09%, right side 77.27% for females and left side

81.25%, right side 70.83% for seniors). According to the

authors, DLPFC can be used as a brain structural marker

for the disease, especially in older female chronic

patients.15

Patterns of illness-related grey matter changes could be

potential biomarker for identifying structural brain altera-

tions in individuals with SCZ. Xiao et al used SVM to

analyze cortical thickness and surface area measurements

in the differentiation of 163 FES patients and 163 HC.

Regions contributing to classification accuracy included

the grey matter in default mode network (DMN), central

executive network, salience network (SN) and visual net-

work: left fusiform, lingual, posterior cingulate, supramar-

ginal, insula and right isthmus cingulate, lateral occipital,

lingual and frontal pole cortex. The accuracy of correct

classification of patients and HC was 85.0% for surface

area and 81.8% for cortical thickness.16

The RF method with 74 anatomic brain MRI subre-

gions was used to classify 98 childhood-onset SCZ

patients and 99 HC. The association of copy number

variations and these 74 subregions in the RF produced

74% accuracy. The brain areas specifically involved were

the left temporal lobe, bilateral dorsolateral prefrontal

region and left medial parietal lobe.17

Pinaya et al developed a new deep learning model,

named the Deep Belief Network, used for extrapolating

and interpreting features from neuromorphometry data on

83 HC and 143 patients with SCZ. Deep Belief Network

accuracy, utilized as SVM was 68.1%, whereas as

a classifier it was 73.6%, detecting large differences

between classes, especially for frontal, temporal, parietal

and insular cortices and the corpus callosum, putamen and

cerebellum.18

In a later study, it was proposed an alternative concep-

tual and practical approach for investigating brain-based

disorders that not requires a large number of cases. They

used an artificial neural network known as “deep autoen-

coder” to create a normative model using sMRI data. The

model was able to generate different values of total neu-

roanatomical deviation and distinct patterns of neuroana-

tomical deviations.19

Finally, pathologic changes both in WM and GM (in

bilateral insula, anterior cingulate cortex, thalamus, super-

ior temporal cortex and parahippocampal gyrus) were

demonstrated though SVM. Changes were more evident

at 7T RMI rather than at 3T RMI; the accuracy was higher

with 7T in discriminating patients from controls (77% vs

66%) (20 HC vs 19 SCZ).20

Functional neuroimaging
Cabral et al applied MVPA to both structural and func-

tional magnetic resonance neuroimaging methods on 21

SCZ patients and 74 HC. The resting state fMRI (rs-fMRI)

reported similar accuracy to the structural classifier (70.5%

vs 69.7%, respectively). The combination of sMRI and rs-

fMRI outperformed single MRI modalities by reaching

75% accuracy. Subcortical short-range, in particular inter-

hemispheric connections, were the main aberrant connec-

tions identified in SCZ patients. Abnormalities found in

the frontotemporal area could explain cognitive impair-

ment (eg, reduced verbal fluency, negative symptoms).21

Chen et al used rs-fMRI to compare three groups (20

SCZ, 20MDD and 20 HC) through local FC density analysis

combined with MVPA. Based on this method, they could

differentiate MDD patients from SCZ patients according to

the local FC density value in the orbitofrontal cortex; in fact,

the connection in the prefrontal cortex was significantly

lower in patients with SCZ compared with other groups

(accuracy 85%). These findings emphasize the great impor-

tance the prefrontal cortex may have in future ML studies

attempting to improve the diagnosis of SCZ by differentiat-

ing it from other pathological conditions such as MDD.

A limitation of the study could be the enrolment of patients

who were in a chronic phase and receiving pharmacological

treatment, which could alter FC.22

Koch et al reached 93% accuracy in identifying SCZ

patients through the MPVA analysis of patterns of
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anticipation of a monetary reward. They studied the fron-

tal, temporal, occipital and midbrain regions, with a peak

in the right pallidum and claimed to predict the severity of

the negative symptoms of patients based on ventricular

striatal activation patterns. Therefore, they conclude that

such ML methods could bring significant benefits to diag-

nostic classification based on fMRI signal patterns.23

Yoon et al enrolled a sample of 19 SCZ and 15 HC and

tried to decode the specific neural networks activated in

the recognition and classification of stimuli. Two cycles of

stimuli including faces, scenes, objects and scrambled

images were presented to participants. Functional MRI

data were analyzed through MVPA. The authors’ hypoth-

esis about an alteration in brain connections in SCZ

patients was confirmed: patients were less accurate than

HC (59% vs 72%. respectively); moreover, the distributed

representations of visual objects were compromised in

SCZ. In both groups, the accuracy of the classification

was significantly correlated with behavioral measures.

This impairment was directly correlated with a decrease

in performance in the 1-back matching task. Patterns of

cortical activity (prefrontal, sensory and visual cortex) are

reflected in altered behavior. The authors pointed out that

the impairment emerging from fMRI data could reflect the

neural abnormalities at the basis of poor performance in

the matching task.24

Reavis et al showed four different objects and an outdoor

scene to 51 BD patients, 50 SCZ patients and 31 HC during

the execution of a fMRI and then performed a MVPA classi-

fication analysis to assess the distinctiveness of activity cor-

responding to the perception of each stimulus in the lateral

occipital complex. As the authors did not find differences

between groups (accuracy 41%), they hypothesized that if

a deficit exists, it is linked to specific categories of objects

(not between-group but within-group differences).25

In a recent paper, Wang et al explored long- and short-

range functional connectivity (lFC) (sFC) through rs-fMRI

in 48 first-episode, drug-naïve AOS patients and 31 HC

using SVM. They found abnormalities of lpFC and spFC

in some brain networks (both lpFC and spFC increased in

the anterior DMN and decreased in the posterior DMN and

lpFC only decreased in the SN). They were able to classify

patients and controls with high accuracy (up to 92.4%),

sensitivity (89.6%) and specificity (96.8%). This study was

the first to examine lFC and sFC in the whole brain in first-

episode drug-naïve AOS patients through rs-fMRI. The

authors concluded that the functional alterations could

point to a role of DMN and SN in the neurobiology of

SCZ that is already present in patients in the first episode,

hence their ability to discriminate AOS patients from HC

with great diagnostic accuracy.26

Another paper published by Guo et al27 also examined

the role of s-lFCs in fMRI in differentiating patients from

HC or their own relatives. Specifically, SCZ patients

showed an increase in spFC and lpFC in the DMN,

while, unlike in the previous manuscript, they both

decreased in sensorimotor circuits. In addition, the combi-

nation of spFC values in the right superior parietal lobule

and lpFC in the left fusiform cerebellum gyrus was able to

differentiate patients from their relatives with an adequate

level of sensitivity and specificity. Wang et al enrolled 49

drug-naïve AOS patients and 32 HC to investigate and

identify brain abnormalities using ReHo input in SVM

analysis through rs-fMRI. The study found that AOS

patients showed significantly increased ReHo values in

the bilateral superior medial prefrontal cortex and

decreased ReHo values in the left superior temporal

gyrus, right precentral lobule, right inferior parietal lobule,

and left paracentral lobule compared with HC.28

Liu et al used a similar sample with 48 AOS and 31

HC to analyze the coherence regional homogeneity

(CoHe-ReHo) through ML methods with rs-fMRI. The

Cohe-ReHo value was reduced in the left postcentral

gyrus, left superior temporal gyrus, left paracentral lobule,

right precentral gyrus, right IPL, right middle frontal gyrus

and bilateral praecuneus. It did not appear to increase in

any cerebral area in AOS patients compared with HC.29

Chyzhyk et al used the amplitude of low-frequency

fluctuations, fractional ALFF, voxel-mirrored homotopic

connectivity (VMHC) and ReHo as input data for voting-

ELM (v-ELM) (SVM+RF) analysis. The accuracy of this

method proved to be close to 90%. The study compared 72

SCZ patients and 75 HC. The anatomic brain regions with

major alterations were the inferior temporal gyrus, anterior

division of the parahippocampal gyrus, planum polare,

temporal fusiform cortex and left and right thalamus.30

Zhu et al developed a new method named the

“Adaptive Learning Algorithm” to distinguish 27 SCZ

patients from 28 HC using rs-fMRI data. They identified

23 ROI of the resting-state functional language network

that are considered important in language comprehension

and production (eg, Wernicke’s area, Broca’s area, inferior

parietal, inferior temporal). They reached an accuracy of

83.6%, a sensitivity of 81.5% and a specificity of 85.7%.31

Cao et al integrated fMRI data with single-nucleotide

polymorphisms (SNPs) in their research with 92 SCZ
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patients and 116 HC. This type of ML analysis represents

a challenge for the future, given the unique nature of the

data used. Therefore, the authors have specially developed

a new sparse-representation-based variable selection

(SRVS) algorithm, which can identify the most significant

biomarker elements associated with SCZ. The accuracy

obtained by the investigators through the SRVS algorithm

was significantly greater than those obtained by the single

methods with the traditional statistical methods: SNPs

alone can reach an identification accuracy of approxi-

mately 83.11%±1.32%, while the accuracy of top fMRI

voxels alone was 63.13%±0.74%. This demonstrates the

importance of an integrated analysis using biomarkers

from different types of biological sources (eg, fMRI,

SNP) to improve the capacity to distinguish SCZ patients

from HC.32

Yang et al used a hybrid ML model combining fMRI

and SNPs data (combined SNP-fMRI) with an accuracy of

87%. The study sample consisted of 20 SCZ patients and

20 HC. They identified 150 SNPs, 15 of which were

located in 14 important genes (eg, COMT, DISC1,

MTHFR, HTR3B, GAD2, SLC6A4, ABCB1 and

ABCC). The brain regions that better classified SCZ

patients and HC resulted to be the inferior, middle and

medial frontal gyri, cingulate gyrus, superior temporal

gyrus and praecuneus.33

Instead, Arbabshirani et al proposed another method to

discriminate 195 SCZ from 175 HC that provided extra-

polation data from rs-fMRI of two different types of fea-

tures: functional network connectivity (FNC) to capture

the internetwork connectivity pattern and autoconnectivity

to capture the temporal connectivity of each brain net-

work. The combination of these features (FNC+autocon-

nectivity) with the SVM method allowed them to achieve

a diagnostic and classification accuracy of 88.21% (83.7%

FNC alone and 80.2% autoconnectivity alone), a 86.7%

sensitivity (81.4% FNC alone and 78.1% autoconnectivity

alone) and an 89.5% specificity (85.9% FNC alone and

82.2% autoconnectivity alone).34

A recent study examined 35 FES teenagers, 31 HC and

22 people with autism spectrum disorder (ASD). The

SVM classification showed an accuracy of 83.33% (sensi-

tivity of 80%, specificity 87.1%, AUC 0.83). The authors

claimed that shared atypical brain connections in the DMN

and SN, useful for distinguishing SCZ patients from HC,

were also detected in the ASD group. Such functional

connections present in both groups of patients but not in

the HC may help us to better understand the pathogenetic

and etiological mechanisms of the disorders.35 A ML-

based method of diagnosing SCZ using a deep neural

generative model (DGM) of rs-fMRI images was proposed

by Matsubara et al. The proposed DGM achieved a good

diagnostic accuracy (76,6%), sensitivity (58,5%) and spe-

cificity (84,9%). It can also measure the contribution

weight of each brain region to the diagnosis: right and

left thalamus appeared to be the regions that can most

accurately differentiate patients from HC.36

Another study successfully demonstrated the feasibility

and the minimum error rate of the deep neural network-

classifier toward the automated diagnosis of SCZ patients

by using resting-state whole-brain FC patterns as input.37

They found different FC patterns useful for distinguishing

SCZ from HC. The whole-brain FC data suggest that such

approaches show improved ability to learn hidden patterns

in brain imaging data, which may be useful for a better

understanding of the neural basis and for developing diag-

nostic tools for SCZ identifying associated aberrant FC

patterns.

Watanabe et al produced a whole-brain resting-state

functional connectome. The final dataset included 67 HC

and 54 SCZ patients. They assessed three sets of net-

work-to-network connections (intra-frontoparietal, fron-

toparietal default, intra-cerebellar) as they were

considered to be of major importance in the psycho-

pathology of SCZ. The final accuracy rate ranged from

77% of LASSO to 88.2% of LASSO fused. This is one

of the first studies to evaluate the entire connectivity of

both HC and SCZ patients, identifying major network

alterations.38 Su L. et al rebuilt the entire functional

brain connectivity of SCZ patients by using fMRI and

matched it with that of HC. Pearson correlation coeffi-

cient, maximal information coefficient and extended

maximal information coefficient resulted in three main

FC types. They applied MVPA to discriminate these

three types of functional models evaluating the power

of nonlinear rather than linear FC in 32 SCZ patients and

32 HC and determined the spatial distribution of brain

regions related to symptomatology. They achieved >80%

accuracy and found that nonlinear FC was increased in

SCZ patients; this shows that this variable has an equal,

if not greater, impact on the diagnostic classification of

SCZ.39 On the other hand, Bae et al used a fMRI public

dataset and extrapolated the FC parameters. The results

showed a reduction in the global and local network

connectivity in subjects affected by SCZ (n=21) com-

pared with HC (n=54), particularly in the anterior right
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cingulate cortex, the superior right temporal region and

the inferior left parietal region. The accuracy was 92.1%

using SVM and 10-fold cross-validation (sensitivity

92%, specificity 92.1%, precision 94%); this suggests

important and significant differences regarding the regio-

nal brain activity through fMRI in both groups. The aim

of their work was to demonstrate that brain connectivity

was significantly altered in patients with SCZ compared

with HC and that these differences could be efficiently

and more easily detected by ML analysis.40

Pläschke et al used SVM classification and distin-

guished with 68% accuracy (AUC, 0.73) SCZ patients

from matched HC basing on resting-state FC. The net-

works that distinguished patients most accurately from

HC were emotional scenes and face processing, empathic

processing and cognitive action control. It was the first

study that took into account the age of the participants in

the classification: classification based on age was excellent

based on all networks. Resting-state FC could be used as

a marker of functional dysregulation in specific network

affected in SCZ; the age, in fact, affects network integrity

in a more global way.41

The alteration in FC in different brain region was also

studied by Liu et al in a sample of 48 drug-naïve, first-

episode, AOS and 31 HC. In order to discriminate patients

from controls, they combined the VMHC values in the

precentral gyrus and precuneus performing rs-fMRI. They

found that patients with AOS showed dysfunctional inter-

hemispheric cooperation within the sensorimotor network.

It was correlated with processing speed deficits, indicating

that this dysfunction may contribute to cognitive deficits in

patients. The SVM analysis showed sensitivity of 100%,

specificity of 87.09%, and accuracy of 94.93%.42

Castro et al aimed to develop an improved variant of

the algorithm of normal multiple kernel learning (MKL)

capable of analyzing a greater variety of brain region

patterns to improve the current SCZ diagnosis accuracy.

The participants followed a three-stimulus auditory odd-

ball discrimination task, in which two runs of 244 auditory

stimuli consisting of standard, target and novel stimuli

were presented to the subject. This technique (ν-MKL) is

able to find an automatic combination of kernel functions

that can be applied to multiple data sources (both magni-

tude and phase fMRI data) and adds an additional 5% to

the accuracy of the standard MKL (85%).43

Qureshi et al developed an extreme learning machine

(ELM), whose effectiveness was compared with that of

more known ML methods, reaching a maximum accuracy

of 99.3%. They enrolled 72 patients with SCZ and 72 HC

using a new hybrid weighted function concatenation

method to gain the highest precision that maintained

a high discriminatory power through the weight of the

individual characteristic type. The most interesting data

extrapolated from the acquisitions were cortical thickness

and surface area, total cerebral volume, WM volume,

intensity measures from the cortical parcellation, volume

and intensity from sub-cortical parcellation and overall

volume of cortex features. Then, a permutation test was

performed to evaluate the statistical weight of the results

obtained by the new method. The conclusion was that this

ELM technique can be used in clinical practice and offers

a concrete possibility of helping clinicians to diagnose

SCZ.44

The research of Orban et al, with nearly 200 patients

and 200 HC, represents one of the largest ML studies on

SCZ to date. The authors reported 84% diagnostic accu-

racy using data from multiple sites, while significantly

lower accuracy was achieved with the use of individual

sites. In fact, when data from all subjects and sites were

gathered together, an association analysis at the level of all

components revealed a decrease in connectivity in patients

with SCZ. Univariate mass analyses demonstrated

a cerebral disconnection through the entire brain with

identifiable alterations in over a third of brain connections

from cognitive to primary sensory networks.45

In a recent paper, Zeng et al collected data from seven

imaging resources (for a total of 357 SCZ patients and 377

controls) using a multi-atlas based whole-brain fcMRI in

the multivariate pattern analysis, which measures FC of

the same image in different spaces of multiple atlases. This

large multi-site fMRI study developed a deep discriminant

autoencoder network with sparsity constraint (DANS) net-

work with multi-atlas fcMRI to discriminate SCZ patients

from HC. The high accuracy achieved (81–85%) suggests

the potential of discriminant deep learning of multi-atlas

fcMRI in searching biomarkers to achieve clinical diag-

nosis of SCZ across multiple independent imaging sites.46

Finally, Amin et al proposed a novel translation-based

fusion model that learns “alignments” (or links) between

brain structure and function. The authors considered two

different imaging views of the same brain like two differ-

ent languages conveying some common facts that enable

finding linkages between dynamic functional connectivity

(dFNC) features from fMRI data and static GM patterns

from sMRI data. The dFNC states characterized by weakly

correlated intrinsic connectivity networks (ICNs) were
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found to have stronger association with putamen and insu-

lar GM pattern, while the dFNC states of profuse strongly

correlated ICNs exhibited stronger links with the GM

pattern in precuneus, posterior cingulate cortex and tem-

poral cortex.47

Discussion
ML techniques represent a promising approach that could

support clinicians in the diagnosis of mental disorders and

may be useful in classifying SCZ through MRI. All studies

included in the review achieved a minimum accuracy of

approximately 60%, most of them between 75% and 90%,

with differences between sMRI and fMRI, in favor of

the second one (with accuracy peaks above 90%).

SVM is the most used technique, both for sMRI and

fMRI, and could reach an accuracy close to 100% if

combined with other ML techniques42 and the recent

deep learning technique seems to be the most promising

technique especially if it is used with structural and func-

tional features together.46,48 Diverse inputs have been used

to improve the accuracy of the technique: alterations in

GM and WM (especially in sMRI studies), abnormalities

in brain FC parameters (such as ReHo or density) and

networks or the entire functional connectome. More brain

areas have been evaluated, in particular the prefrontal (eg,

DLPFC, orbitofrontal cortex), temporal and cingulate cor-

tices, which seem to be the most helpful in predicting the

diagnosis of SCZ, and insula that has been shown to have

strong connection with aberrant activities in default mode

in SCZ patients.

Significantly altered brain connectivity in patients with

SCZ compared with HC can be efficiently detected by ML

analysis (eg, DMN, visual network, sensorimotor network,

frontoparietal network, SN, etc.). An integrated analysis

using biomarkers from different types of biological

sources (eg, fMRI, SNP) should be considered in order

to improve the capacity to distinguish SCZ patients from

HC and to facilitate diagnosis.

This systematic review has some limits to consider.

Most studies had small sample sizes, and among these,

only four of them enrolled drug-naïve patients, while all

the others provided information about chronic patients

under antipsychotic treatment; the great heterogeneity

among the included studies may be a confounding element

when interpreting the results. Moreover, no study com-

pared drug-naïve SCZ patients with SCZ patients under

treatment using ML methods applied to neuroimaging.

This could be an interesting hint for future research. In

our systematic review, we only included papers about

diagnostic discrimination on the basis of structural and

functional neuroimaging features of HC vs SCZ patients,

but the possible application of ML techniques should be

considered in predicting individuals at risk, response to

treatment and cognitive impairment; establishing disease

phenotypes and in combining other data (ie, genetic ana-

lysis, EEG features, neuropsychological tests, serum bio-

markers) to improve the accuracy of diagnosis. The work

carried out by Guo et al27 is the only study included in the

review that also considered genetic susceptibility by com-

paring both patients with SCZ and their close relatives

with HC; further research could aim at early diagnosis

and reduction of confounding factors (eg, environmental

risk factors) as far as possible. Another important aspect

could be the high impact in terms of accuracy in discrimi-

nating chronic from acute patients. However, this applica-

tion still seems to have too little impact in real life. In fact,

it seems clear that it is easier to distinguish patients from

HC than to distinguish patients from high-risk groups.

Therefore, considering that all studies are based on

patients already diagnosed with SCZ, either chronic or at

their first episode, such applications still have a limited

role in the real clinical field but could be extremely useful

in distinguishing high-risk from low-risk patients in the

future. The aim will, therefore, be to make ML more

sophisticated in order to make not only categorical classi-

fications but also dimensional diagnoses (eg, patients with

prodromal symptoms of SCZ from HC).

Conclusion
In conclusion, the application of ML techniques will be

useful to automatically classify patients with SCZ on the

basis of structural and functional MRI. If systematically

included in the diagnostic process of patients with SCZ,

these techniques could help physicians to detect patients,

even in the early stage of the disorder, conferring an

important clinical advantage. We imagine that the greater

accuracy demonstrated by the various predictive models

illustrated in this systematic review and new models

resulting from the integration of multiple ML techniques

will be increasingly decisive in the future for the early

diagnosis and evaluation of the treatment response and

to establish the prognosis of patients with SCZ. To

achieve a real benefit for patients, the future challenge

is to reach an accurate diagnosis not only through the

clinical evaluation but also with the aid of ML

algorithms.
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Abbreviation list
AOS, adolescent-onset schizophrenia; ASD, autism spec-

trum disorder; AUC, area under the ROC curve; BD,

bipolar disorder; CoHe-ReHo, coherence regional homo-

geneity; DANS, discriminant autoencoder network with

sparsity constraint; FNC, dynamic functional connectiv-

ity; DGM, deep neural generative model; DLPFC, dorso-

lateral prefrontal cortex; DNN, deep neural network;

DSM, Diagnostic and Statistical Manual of Mental

Disorders; ELM, extreme learning machine ensembles;

FC, functional connectivity; FES, first episode

Schizophrenia; fMRI, functional magnetic resonance

imaging; FNC, functional network connectivity; GM,

grey matter; GMV, grey matter Volume; GPC, Gaussian

process classifiers; HC, healthy controls; ICNs, intrinsic

connectivity networks; L0 norm, L0 norm regularization;

LASSO, Least Absolute Shrinkage and

Selection Operator; LIBSVM, leave-one-out SVM;

LOOCV, leave one out cross validation; MDD, major

depressive disorder; ML, machine learning; MRI,

Magnetic resonance imaging; MVPA, multivariate pat-

tern analysis; N.A., not available; RFE, recursive feature

elimination; ReHo, regional homogeneity; RF, random

forest; LDA, linear discriminant analysis; ROC, receiver-

operating characteristic curve analysis; rs-fMRI, resting

state functional magnetic resonance imaging; ROI, region

of interest; RVM, relevance vector machine; SCZ, schi-

zophrenia; SN, salience network; SNPs, single-nucleotide

polymorphisms; SRVS, sparse-representation-based vari-

able selection; SVC, support vector classifier; SVM, sup-

port vector machine; VBM, voxel-based morfometry;

V-ELM, voting-ELM; ν-MKL, multiple kernel learning;

WM, white matter.
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