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1. Summary

Early diagnosis of schizophrenia could improve the outcomes and 
limit the negative effects of untreated illness. Although participants 
with  schizophrenia  show  structural/functional  alterations  on  the 
group level, these findings have a limited diagnostic utility. Novel 
methods,  such  as  machine  learning  (ML),  may  help  bring 
neuroimaging  from  bench  to  the  bedside.  We  used  ML  to 
differentiate  participants  with  a  first  episode  of  schizophrenia-
spectrum  disorder  (FES)  from  healthy  controls  based  on 
neuroimaging  data  and  compared  the  diagnostic  utility  of  such 
approach with the utility of classical between group comparisons. 

We performed  a  classical  fMRI  experiment  in  FES using  a  self-
agency task (SA) and compared FES (N=35) versus controls (N=35) 
using  conventional  statistics.  We then  classified  FES and  healthy 
controls  (HC)  using  linear  kernel  support  vector  machine  (SVM) 
from the resting-state functional connectivity (rsFC) and fractional 
anisotropy (FA) in 63/63 and 77/77 age- and sex-matched FES and 
HC participants. We also investigated the between-group differences 
in  rsFC and  FA using  classical  between-group  comparisons.  FES 
group  exhibited  a  decreased  activation  during  the  emergent  SA 
experience  within  the central  medial  structures  (CMS).  The SVM 
applied to the rsFC (insula/salience network) and FA distinguished 
the FES from the control  participants  with an accuracy of 73.0% 
(p=0.001)  and  62.3  %  (p=0.005),  respectively.  The  classification 
accuracy was not significantly affected by medication or symptoms. 
The between-group differences in rsFC and FA overlapped with the 
regions contributing to the SVM classification.

Unlike  classical  between-group  comparisons,  ML in  combination 
with rsFC and FA can be utilised for diagnostic classification, even 
early in the course of schizophrenia.  The classification was likely 
based on trait rather than state markers, as symptoms or medications 
were not  significantly  associated  with classification  accuracy. Our 
results support the role of anterior insula/salience network and CMS 
in the pathophysiology of FES. 
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2. Souhrn

Včasná diagnóza schizofrenie může omezit negativní dopad neléčené 
nemoci.  Progresivní funkční a strukturální  změny byly opakovaně 
detekovány  metodami  skupinové  statistiky,  avšak  kvůli  nízké 
senzitivitě a specificitě nenašly v klinické praxi dosud využití. Nové 
metody analýzy, jako například strojové učení, mají v kombinaci s 
neurozobrazovacími metodami v psychiatrii diagnostický potenciál. 
Provedli  jsme klasifikaci  pacientů s první epizodou schizofrenie a 
zdravých dobrovolníků založenou na neurozobrazovacích datech a 
srovnali  možnosti  jejího  klinického  využití  s přístupy  klasické 
skupinové statistiky. 

Nejdříve  jsme  analyzovali  klasický  fMRI  experiment  v blokovém 
designu s využitím self-agency paradigmatu (SA) pomocí klasické 
skupinové statistiky. Následně jsme klasifikovali  pacienty  s FES a 
zdravé dobrovolníky pomocí linear support vector machine (SVM) 
z dat klidové funkční konektivity (rsFC) a frakční anizotropie (FA) 
pomocí  strojového učení na souborech 63/63 (rsFC) a 77/77 (FA) 
pacientů/zdravých  dobrovolníků,  kteří  byli  jednotlivě  matchováni 
podle věku a pohlaví. U FES jsme detekovali nižší aktivaci během 
SA prožitku v centrálních mediálních strukturách (CMS). SVM byl 
schopen  rozlišit  pacienty  od  zdravých  dobrovolníků  s  přesností 
73.0% (p=0.001) (rsFC) a 62.34 % (p=0.005) (DTI). V případě rsFC 
byla  přesnost  klasifikace  statisticky  významná,  když jsme  použili 
konektivitu  přední  insuly/salience  network.  Výsledky  analýzy  pro 
obě  modality  nebyly  ovlivněny  medikací  ani  mírou  symptomů. 
Meziskupinové rozdíly v rsFC a FA se překrývaly s oblastmi které 
nejvíc přispívaly ke klasifikaci pomocí SVM. 

Na rozdíl od přístupu klasického meziskupinového srovnání dokáže 
strojové učení s využitím klidové funkční konektivity a DTI rozlišit 
pacienty  s  FES od zdravých dobrovolníků na individuální  úrovni. 
Klasifikace  reflektuje  spíše  trait  nežli  state  markery  onemocnění, 
protože  nebyla  ovlivněna  symptomy  ani  medikací.  Výsledky  na 
meziskupinové úrovni poukazují  na význam přední inzuly/salience 
network a CMS v patofyziologii FES.
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3. Introduction

Schizophrenia is often a life-long condition with an early onset and 
recurrent or chronic course 1,2. As the onset of illness starts typically 
in  the  beginning  of  the  productive  age  (20-30  years),  many 
individuals spend most of their lives in partial or total disability.  

The clinical course of the disorder is associated with the progression 
of functional/structural alterations in the brain. These are positively 
correlated with the level of cognitive impairment 1 and may not only 
complicate  the  treatment  3–6,  but  are  also  associated  with  poor 
clinical  and  social  outcome.  Therefore,  the  study  of  participants 
during their first episode of schizophrenia spectrum disorders is of 
high relevance, as it could improve early diagnosis. By limiting the 
effects of illness burden and medication exposure  7,8 this approach 
could also help identify biological signatures of the illness.

In spite  of the vast  amount  of neuroimaging discoveries  achieved 
over  several  decades  the  diagnostic  promise  of  neuroimaging  in 
psychiatry has not yet been fully realized. One of the reasons is the 
low sensitivity/specificity of brain imaging findings. Large number 
of  studies  have  shown  statistical  differences  between  groups  of 
patients  with  psychiatric  disorders  and  healthy  controls  using 
conventional between  group  statistical  comparisons,  aiming  at 
identifying  differences  at  a  minimum  significance  of  p<0.05  9. 
Unfortunately,  such  analyses  are  not  suitable  in  clinical  setting, 
where  the  focus  is  on  the  individual.  Machine  learning  may 
overcome  some  of  the  limitations  of  conventional  statistics,  by 
focusing on multivariate patterns of illness on the individual subject 
level. 

Machine  learning  is  a  computational  strategy  that  automatically 
learns  methods  and  parameters  to  reach  an  optimal  solution  to  a 
problem  rather  than  being  programmed  by  a  human  á  priori to 
deliver  a  fixed  solution  10.  An  important  characteristic  of  ML 
methods  is  that  they  improve  their  performance  with  training.  In 
principle, the ML methods model the relationship between a set of 
predictors, or features (e.g. voxels, biochemical parameters etc.) and 
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an outcome 11. The outcome can be categorical (e.g. a classification 
of patients and controls) or continuous (a regression problem, e.g. 
prediction of age from structural brain scans 12–14. 

We have  attempted  to  apply  the  ML methods  to  the  problem of 
clinical diagnosis in psychiatry. As this is a classification problem, 
two datasets are necessary. The fist dataset is used as the 'training 
set'. The algorithm 'sees' the labels and extracts a predictive model 
from  the  features  of  the  data.  The  classification  itself  is  then 
performed on the second dataset - the 'test set'. Here the labels are 
unknown to  the  algorithm.  The  algorithm is  able  to  estimate  the 
correct labels when the prediction accuracy is significantly greater 
than chance (i.e. bigger than 50 %). The classification performance 
is  measured  by  the  classification  accuracy,  i.e.  the  amount  of 
correctly classified subjects ((true positives + true negatives) / total 
number of subjects). Another typical measures are the sensitivity and 
specificity. 

Brain  imaging  applications  of  machine  learning  in  schizophrenia 
have mostly used gray-matter structural or functional MRI data 15. 
Most of them were performed in patients with the established disease 
rather  than  the  first  episode.  Previous  studies  in  first  episode  of 
psychosis  have  utilised  grey-matter  structure  16,17, or  task-based 
functional  MRI18.   Machine  learning  applied  to  resting  state 
functional  magnetic  resonance  imaging  (rsfMRI)  was  used  to 
classify  patients  with  an  established  illness19,  but  not  in  FES. 
Similarly,  other  modalities,  such  as  whole  brain  diffusion  tensor 
imaging (DTI) have not yet gained comparable attention.  Previous 
DTI  studies  in  FES  used  very  small  sample  sizes  up  to  23/23 
(FES/HC). As  ML benefits  from larger  samples,  more  and  larger 
studies are needed to investigate the diagnostic potential of DTI in 
early stages of schizophrenia 20. Driven by the lack of data (rsFC) or 
their  methodological  flaws (DTI)  in FES we decided to  focus  on 
these two modalities. 
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3.1. Objectives

Firstly, we performed a  task-fMRI experiment  using the self/other 
agency (SA/OA) judgement  paradigm in patients  with FES  21.  We 
interpreted the data in terms of classical between-group comparison 
and  illustrated  the  disadvantages  of  such  approach  regarding  its 
potential clinical utility. Secondly, to the best of our knowledge, we 
performed the first study using resting-state functional connectivity 
to  differentiate  participants  with FES from healthy  controls  using 
machine  learning  22.  Thirdly,  we  investigated  whether  machine 
learning applied to brain DTI data will differentiate between 77 FES 
and 77 control participants, which was the largest ML/DTI study in 
FES available at the time 23. Finally, to illustrate the low specificity 
and  sensitivity  of  classical  between  group  statistics,  we  also 
compared  the  results  obtained  by  machine  learning  with  those 
derived  from  traditional  between-group  analyses  using  the  same 
modalities (rsFC and DTI).
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4. Methods

4.1. Study design and subjects

We recruited patients with FES, who: 1) were undergoing their first 
psychiatric hospitalization, 2) had the diagnosis of schizophrenia, or 
acute and transient  psychotic  disorders,  as made by a psychiatrist 
according  to  the  ICD-10  criteria,  3)  had  less  than  24  months  of 
untreated  psychosis.  Patients  with  psychotic  mood  disorders, 
including  schizoaffective  disorder,  bipolar  disorder,  and  unipolar 
depression with psychotic symptoms, were excluded from the study. 
We rated the symptom severity  at  the time of scanning using the 
Positive  and  Negative  Syndrome  Scale  (PANSS)  24.  All  of  the 
patients were treated with antipsychotic drugs at the time of the MRI 
scanning. The healthy control subjects (HC) were recruited via an 
advertisement  from  a  similar  sociodemographic  background  and 
were matched to FES participants by age and sex on an individual 
basis. The exclusion criteria for the control subjects were a personal 
lifetime history of any psychiatric disorder, or any substance abuse, 
established  by  the  Mini  International  Neuropsychiatric  Interview 
(M.I.N.I.)  25.  We also excluded any family history of a  psychiatric 
illness in first or second degree relatives. Further exclusion criteria, 
for  both  the  patients  and  the  healthy  controls  included  current 
neurological disorders, a lifetime history of seizures, or a head injury 
with altered consciousness, an intracranial haemorrhage, a history of 
mental retardation, substance dependence, and any contraindications 
for MRI scanning. 

4.2. MRI data acquisition and analysis

The fMRI and DTI data was acquired by a 3T Siemens Trio MRI 
scanner  (Siemens,  Erlangen,  Germany).  Functional/structural  data 
was  pre-processed  and  analysed  using  tools  implemented  in  the 
MATLAB 7.14 (R2012a) software.   

We calculated the whole-brain rsFC for all of the subjects using 3 
regions of interest (ROIs), which correspond to the three networks 
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relevant  for  the  patophysiology  of  schizophrenia  (Spaniel  et  al., 
2016) i.e.  posterior  cingulate  gyrus  for  the default  mode network 
(DMN), dorsolateral  prefrontal cortex (DLPFC), as represented by 
the middle frontal gyrus for the central executive network (CEN) and 
anterior insula (aINS) for the salience network (SN). The first level, 
individual  subject  connectivity  maps  were  subjected  to  machine 
learning. 

W  preprocessed  the  DWI  data  using  FSL  tools  26.  To  foster 
compatibility with other studies, we chose an established method of 
FA  preprocessing  –  the  Tract  Based  Spatial  Statistics  (TBSS), 
implemented in the FMRIB's Software Library (FSL) 27. Briefly, we 
created  a  common  skeleton  representing  all  major  white  matter 
tracts. All FA data were projected onto this skeleton. As a result, each 
subject  was  represented  by  a  single  3D  skeletonized  FA image, 
which was subjected to the machine learning analysis. 

4.3. Between groups comparisons

The differences in the seed-based FC between the patients and the 
controls were tested using a two sample t-test (FWE corr. p<0.05 on 
a  cluster  level,  cluster  size  >  20  voxels).   We  compared  the 
skeletonized FA data between FES and HC with the threshold free 
cluster  enhancement  (TFCE)  for  the  family-wise  error  (FWE) 
correction at p<0.05 28. 

4.4. Machine learning classification

We examined the diagnostic utility of the most standard and widely 
used  ML  paradigm,  the  support  vector  machines  (SVM) 
implemented  in  the  PRONTO  toolbox  v  2.0  using  a  leave-one-
subject-per-group cross-validation.  The classification accuracy was 
expressed  as  the  total  number  of  correctly  classified  test  subjects 
divided by the total number of subjects. The statistical significance 
of the obtained classification accuracy was tested on 1,000 randomly 
permuted  datasets,  with  a  random assignment  of  the  group to  all 
subjects. 
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4.5. Analysis of the effects of medication and symptoms

Firstly,  we  compared  symptoms  and  medication  dose  between 
correctly  and  incorrectly  classified  subjects  using  an  independent 
sample T-test. Secondly, we used a linear  regression to assess the 
association between classification accuracy and medication dose or 
symptoms.  Finally,  we  modeled  the  effects  of  covariates  on 
functional connectivity using machine learning tools implemented in 
the PRONTO Toolbox.  

4.6. Task fMRI SA/OA agency paradigm  

We  elicited  the  self/other  agency  (SA/OA)  experience  using 
manipulation of incongruence between the subject’s motor intentions 
and  the  visual  feedback.  Participants  were  instructed  to  maintain 
steady  movements  of  a  cursor  using  a  MRI-compatible  joystick. 
Random angular distortions of subject’s own actions were generated 
throughout OA blocks. The design alternated between 12 blocks of 
OA  and  12  SA  blocks  with  an  absence  of  any  visual-feedback 
distortion. Each block lasted 20 seconds. 

The  task-related  BOLD  response  was  assessed  using  a  General 
Linear Model. For the between-group analysis, 2-sample  t  test was 
performed at the whole brain level (FWE corrected voxel-wise, P < .
05, minimal cluster size > 20 voxels). The anatomical localization 
was defined using the Talairach Daemon Atlas 29.
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5. Results

5.1. Demographics

We performed the SA/OA Task fMRI, the rsFC and the DTI analyses 
on the final samples of 35/35, 63/63 and 77/77 age-and-sex matched 
FES/HC  respectively.  For  a  detailed  description  of  the  samples 
please see table 1. 

5.2. Self-agency Task-fMRI

During the SA condition, HC showed greater activation than FES in 
2  significant  clusters  located  in  the  anterior  portion  of  the  CMS 
within the left medial frontal gyrus (BA 10) and the posterior part in 
the posterior cingulate gyrus (BA 31), respectively (FEW corrected, 
voxel-level, p < .05). There were no regions in which FES showed 
greater activation than HC. During the OA condition, there were no 
differences in activation/deactivation between the groups during OA 
experience.
 
To illustrate  the heterogeneity  of individual  differences  within the 
statistically significant clusters we plotted the average beta values in 
scatter plot graphs (figure 1).

There were no associations between the task-related activation and 
potential confounds (antipsychotic dose expressed as chlorpromazine 
equivalent  or  PANSS positive,  negative,  general  psychopathology 
and total scores) within ROI consisting of CMS (FWE corrected, P < 
.05). HC showed significantly higher overall response accuracy com-
pared to FES. There was no statistically significant correlation be-
tween the PANSS (positive, negative, general psychopathology and 
total) score and overall response accuracy. 
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Figure 1. Average beta values (mean, SD) of clusters that are different during self-
agency judgment in HC > FES contrast. Although being statistically significant, 
the individual differences among both groups overlapped substantially, thus lack-
ing clinical utility.  MFC, mediofrontal cortex. *P < .01, t test. PCC, posterior cin-
gulate cortex; *P < .01, t test.

5.3. Resting state functional connectivity

Machine learning applied to rsFC within the SN differentiated FES 
from the control participants with specificity of 71.4%, sensitivity of 
74.6%, and balanced accuracy of 73.0% (p=0.001).  In other words, 
among the 63 FES subjects, 16 individuals were mislabelled as being 
controls, whereas 18 out of 63 controls were incorrectly classified as 
FES. The  functional  connectivity  within  the  other  networks,  i.e. 
DMN, CEN, did not yield classifications above chance level.

The correctly classified patients did not differ from the misclassified 
ones in PANSS scores or medication dose. There was no association 
between classification accuracy and CPZ equivalents or symptoms. 
Lastly, ML (GPR) was unable to estimate the chlorpromazine dose or 
the  current  symptoms  as  measured  by the  PANSS total  scores  or 
subscales from the resting state  functional  connectivity  within the 
SN. 
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There were no significant differences in whole-brain rsFC between 
the FES and the control participants on a corrected level for either of 
the  seed  regions,  i.e.  PCC,  DLPFC,  and  SN.  The  uncorrected 
comparisons  yielded  between-group  connectivity  differences  in 
bilateral  angular  and  supramarginal  gyri.  These  regions  closely 
overlapped with the maximum weight vectors obtained from the ML 
classification model based on SN connectivity (figure 2A).

5.4. DTI

The SVM classification yielded statistically significant accuracy of 
62.3  %  (p=0.005)  and  specificity  of  64.9  %  (p=0.005).  The 
sensitivity of 59.7 % did not reach statistical significance (p=0.053). 
In  other  words,  46 out  of 77 patients  were correctly  classified  as 
cases, whereas 50 out of 77 healthy controls were correctly classified 
as controls. 

The  correctly  and  incorrectly  classified  patients  did  not  differ  in 
PANSS score, subscale scores or medication dose on the day of scan-
ning.  There was no association  between prediction  function  value 
and medication or symptoms. Kernel ridge regression failed to pre-
dict either of the clinical variables from the FA.

Participants with FES showed widespread FA reductions relative to 
controls  which  were  contained  in  a  single  cluster   (size=56647 
voxels,  maximum  differences  at  x=78,  y=84,  z=32,  corrected 
p=0.002)  (figure  2C).  We  identified  no  areas  where  FA  was 
significantly greater in patients than controls.  The localization of the 
between-group differences in FA overlapped with the regions, which 
contributed to differentiation of FES from control participants on the 
individual level (figure 2B,C).
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Figure 2.  Comparison of the regions contributing to the ML classification with 
differences  between  FES  and  HC on  the  group  level.   A.  Comparison  of  the 
regions contributing to the classification based on salience network connectivity 
obtained by machine learning (red) with differences between the patients with FES 
and controls in salience network connectivity (white).  Differences in functional 
connectivity  between the patients and the controls were obtained as  F-contrast, 
p=0.001, cluster-level uncorrected.  Relative contributions of white-matter regions 
to the SVM classification and localization of between group differences in FA. B. 
SVM weight maps for classification of FES and controls. Maximum weights were 
diffusely  distributed  across  the  main  white-matter  tracts.  C.  Significant  FA 
differences  between  FES  patients  and  controls  (patients<controls  test)  (p<0.05 
FWE corrected, MNI template). The between group differences in FA overlapped 
with regions which contributed to classification of FES and control participants on 
individual level.
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6. Discussion

In this study, the FES group exhibited a decreased cortical activation 
during the emergent SA experience within the CMS which is nor-
mally involved in SA processing. This yielded significant differences 
in activation during SA recognition using a classical between-group 
comparison, reflecting a biological correlate of FES. However, this 
finding lacks a potential  clinical utility, which is illustrated by the 
large  overlap  of  the  magnitudes  of  differences  between  the  FES 
group and the control group. On the other hand,  ML applied to the 
whole-brain rsFC maps of the anterior insula/SN differentiated FES 
participants  from  controls  on  the  individual  level  with  an  above 
chance accuracy of 73% (p=0.001). Similarly, whole brain FA maps 
differentiated  patients  with  FES  and  healthy  controls  with  above 
chance accuracy of 62.3 % (p=0.005).  In both analyses, the classifi-
cation was mostly based on voxels that overlapped with the between-
group  differences  obtained  by  conventional  statistics. The 
classification was not significantly affected by the medication dose, 
or by the presence of psychotic symptoms, and thus was likely based 
on trait rather than state markers.  

To illustrate  the differences in  methodological  and interpretational 
aspects between classical statistical  analysis and machine learning, 
we used a  block design  paradigm and analyzed it  using  classical 
between group comparisons (two-sample T-test). In the SA/OA task 
we identified significant differences in activations between patients 
and controls in the medial frontal gyrus and the posterior cingulate 
gyrus. These results were in accordance with previous literature that 
attributed  the  self-agency  processing  to  the  CMS structures.   The 
clusters were highly significant on the family-wise error corrected 
level (P value ≤ .05).  However, on the individual level there was a 
high overlap of the individual beta estimates within the clusters. This 
illustrates the common limitation of the neuroimaging studies. The 
statistical inference allowed us to identify the biological marker of 
FES on a group level,  however, due to the low effect size of the 
observed  differences  this  study  cannot  assist  in  clinical  decisions 
which have to be personalized on the level of individual subjects.
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Resting state fMRI and FA can be successfully used to differentiate 
participants with FES from healthy controls using ML.  Although it 
is  difficult  to  directly  compare  the  results  of  our  analyses  to  the 
previously published work due to the methodological differences, the 
classification  performance  obtained  using  rsFC  in  this  study  was 
comparable to the sensitivity and specificity obtained from structural 
MRI and rsfMRI in established schizophrenia and FES on a meta-
analytical level (sensitivity 76% and specificity 79% for structural 
MRI, sensitivity 84% and specificity 77% for rsfMRI)19. Individual 
studies  that  focused on FES exclusively  have  reported  accuracies 
ranging from 54% to 90%  for structural MRI 16,30. In the case of FA, 
although our results support the potential diagnostic utility in FES as 
well, the overall accuracy of classification was relatively low. This 
could be related to the type of MRI modality, i.e. the use of DTI, or 
the clinical population, i.e. FES, who may show a lower extent of 
abnormalities than participants with chronic,  long standing illness. 
Although direct comparison is not possible due to methodological 
heterogeneity, previous studies using ML and DTI suggest, that DTI 
gives  generally  lower  prediction  accuracies  in  FES  18,31.  Overall, 
there  seems  to  be  a  general  trend  towards  higher  prediction 
accuracies  in  chronic  stages  of  disease,  as  the  meta-analysis  by 
Kambeitz et al.19 shows, which might reflect the higher prevalence of 
structural/functional changes due to the disease progression. 

6.1. ML versus between-group statistics

While  the SVM was able  to extract  enough information from the 
rsFC to classify  patients  and controls  on the individual  level,  the 
between-group differences  in  the  aINS connectivity  did not  reach 
statistical  significance.  However,  on  an  uncorrected  level,  the 
localisation  of  between-group  differences  overlapped  with  the 
regions with a maximum contribution to the classification using ML. 
Due  to  the  multivariate  nature,  ML  is  more  sensitive  than 
conventional  mass  univariate  approaches  and  thus  allows  for 
classification on the individual level.  
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In the analysis  of DTI data,  there was a discrepancy between the 
high significance of between-group differences and a relatively low 
prediction accuracy obtained by machine learning. This may be re-
lated to the type of ML analyses, feature selection,  SVM settings, 
which may alter  the sensitivity  of the analyses.  As our  intentions 
were clinical,  we used a simple, standardized approach potentially 
suitable for clinical application. Perhaps DTI analyses require differ-
ent default settings or different machine learning algorithms. Testing 
this was beyond the scope of this work, but would be a rich topic for 
future methodological research. 

6.2. Implications for the neurobiology of FES

The classification of FES and HC using rsFC was significant when 
the connectivity of anterior insula/SN was used.  The disruption of 
aINS  and  SN  connectivity  has  been  well  documented  in 
schizophrenia  32–35.   Recent findings suggest that a general mapping 
exists  between  a  broad  range  of  psychiatric  symptoms  and  the 
integrity of an anterior insula-based network across a wide variety of 
neuropsychiatric illnesses 36.  

Although  DMN  and  CEN  exhibit  functional  abnormalities  in 
schizophrenia  21,37 we did not achieve above chance classifications 
when  we  focused  on  connectivity  within  these  networks.  One 
explanation  may  lie  in  the  dynamics  of  structural  brain  changes 
which may start in the SN at the early stages and than spread to other 
regions 38. 

We  replicated  previous  findings  showing  that  white  matter 
alterations in FES are diffuse and not localized 39–41. Lower FA may 
indicate  that  white  matter  tracts  are  less  organized,  have  lower 
density, lower degree of myelination, more crossing fibers or that the 
membranes are more  permeable 42. Overall, these findings support 
the  growing  evidence  suggesting  disruption  of  white  matter 
microstructure in FES, which could possibly be used diagnostically. 
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7. Conclusions 

To conclude, this study provides a proof of concept that ML applied 
both to the seed- based rsFC maps and whole brain FA values may 
help differentiate patients  early in the course of schizophrenia from 
healthy controls on an individual level, even when using a relatively 
simple, “out of the box” machine learning classifier. We were able to 
discriminate  patients  with  FES  from  healthy  controls  with  an 
accuracy of 73% (rsFC) and 62.3% (DTI).  The classification  was 
probably based on trait  rather than state markers, as symptoms or 
medications  were  not  significantly  associated  with  classification 
accuracy. Furthermore, our results emphasise the role of resting-state 
connectivity within the SN in the pathophysiology of FES. Although 
the classification based on the FA performed above the chance level, 
the  accuracy  was  relatively  low. Yet,  the  TBSS analyses  showed 
marked differences  in  FA between FES and controls.  Due to  this 
discrepancy,  it  is  possible  that  a  different  ML  algorithm  might 
improve the classification accuracy. 
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