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Background: Robust evidence shows that schizophrenia is associated with significant
cognitive impairments, including deficits in visuospatial abilities. While other cognitive
domains have sparked several functional neuroimaging studies in schizophrenia, only
a few brain activation studies have examined the neural correlates of visuospatial abilities
in schizophrenia.

Purpose: Here, we propose to perform a functional connectivity study on visuospatial
processing in schizophrenia, and to determine the classification accuracy of the observed
alterations.

Methods: Thirty-nine schizophrenia patients and 42 healthy controls were scanned using
functional magnetic resonance imaging while performing a mental rotation task. Task-based
functional connectivity was examined using a region-of-interest (ROI) to ROI approach, as
implemented in the CONN Toolbox. ROIs were selected from a previous meta-analysis on
mental rotation. Logistic regression with Lasso regularization was performed, using train-test
cross-validation.

Results: Schizophrenia was associated with a complex pattern of dysconnectivity between
the superior, middle and inferior frontal gyrus, the precentral gyrus, the superior parietal
lobule (SPL) and the inferior lateral occipital cortex. The classification accuracy was 86.1%.
Mental rotation performance was predicted by the dysconnectivity between the right and left
superior frontal gyrus (SFG), as well as between the left SFG and left SPL.

Conclusion: The results of the current study highlight that visuospatial processing is useful
for examining the widespread dysconnectivity between executive, motor and visual brain
regions in schizophrenia. We also demonstrate that very good classification accuracy can be
achieved using visuospatial-related functional connectivity data.
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Introduction

Schizophrenia is a complex psychiatric disorder characterized by positive (eg,
delusions and hallucinations) and negative (eg, blunted affect, alogia) symptoms.
The disorder is further associated with significant deficits in several cognitive
domains, including attention, executive functions, speed of processing, episodic
memory, working memory, as well as social cognition.' > Considering the fact that
cognitive deficits are amongst the strongest predictors of social and occupational

4,5

dysfunction in schizophrenia,” several functional neuroimaging studies have

examined the neural correlates of cognitive impairments in schizophrenia in order
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to elucidate the pathophysiology of the disorder.® While
several functional neuroimaging studies have used tasks
assessing working memory, episodic memory and emotion
recognition in this population,”” relatively little attention
has been paid to visuospatial abilities. However, large-
scale evidence demonstrates significant impairments in
visuospatial abilities of schizophrenia patients throughout
their lifespan.'®'2

In healthy subjects, several functional magnetic reso-
nance imaging (fMRI) studies have examined the neuro-
physiologic mechanisms involved in visuospatial abilities
using predominantly mental rotation tasks. Such tasks
typically require participants to mentally rotate representa-
tions of 2- or 3-dimensional objects and determine if the
objects are identical or not."* Due to its complexity, mental
rotation engages several cognitive abilities, including
attention, object orientation discrimination, visual imagery,
spatial transformation, action simulation, and ultimately,
decision-making.'*'> Reflecting this complexity, a meta-
analysis of 60 functional neuroimaging studies performed
in healthy volunteers has shown that mental rotation
engages widespread activations in brain regions involved
in executive functions (superior frontal gyrus, middle fron-
tal gyrus and inferior frontal gyrus), motor regions (pre-
central gyrus) and brain regions of the extended visual
system (superior parietal lobule, angular gyrus and inferior
occipital gyrus).'® In schizophrenia, visuospatial abilities
have been investigated in a few fMRI studies, which have
shown reduced activity in the lateral prefrontal cortex, the
superior parietal lobule, and occipital cortex.'”'® To the
best of our knowledge, no task-based functional connec-
tivity study has been performed on visuospatial abilities in
schizophrenia, even though mental rotation offers a rich
cognitive context for examining the functional connectiv-
ity between executive, motor and visual brain regions in
this population. In comparison to task-based functional
connectivity studies on working memory, the study of
visuospatial abilities in schizophrenia holds the promise
of revealing a more diffuse pattern of dysconnectivity.'**

Over the last two decades, a significant shift in the
neuroimaging literature has promoted the emergence of
research investigating the classification of psychiatric dis-
orders, in lieu of research examining solely their patho-
physiological bases. In 2015, Kambeitz and colleagues
conducted a meta-analysis of multivariate pattern recogni-
tion studies involving the classification of schizophrenia
patients.>’ On the basis of the 38 (structural and func-
tional) neuroimaging studies involving 1602 patients and

1637 controls, the authors determined that patients were
differentiated from controls with a sensitivity and
a specificity of approximately 80%. Greater sensitivity
was achieved in older patients, and in resting-state func-
tional connectivity studies. Since then, similar analyses
have been performed in larger samples of participants,
with levels of accuracy varying significantly across studies
(generally between 70% and 95%).>* % To date, however,
most neuroimaging studies involving schizophrenia classi-
fication have been performed using either structural ima-
ging or resting-state functional connectivity data, with
little attention being paid to task-based brain activity
and/or functional connectivity.

In light of the robust evidence regarding the significant
deficits in visuospatial abilities of schizophrenia patients,
and the relative lack of fMRI studies on this cognitive
domain, the primary objective of the current study was to
examine the potential differences between schizophrenia
patients and healthy controls in task-based functional con-
nectivity. We hypothesized that schizophrenia patients
would display widespread dysconnectivity between brain
regions involved in executive functions, motor regions and
brain regions of the extended visual system. As
a secondary objective, we sought to determine the classi-
fication accuracy of task-based dysconnectivity data in
schizophrenia.

Methods

Participants

Thirty-nine schizophrenia patients meeting the DSM-IV
criteria for schizophrenia in a stable phase of their illness
(defined as no relapse within the last two months and no
change in their antipsychotic treatment within the last
month) and 42 healthy controls participated in the study.
Severity of symptoms was evaluated using the Positive
and Negative Syndrome Scale.?® Patients were stabilized
on one or more of the following second-generation anti-
psychotics: clozapine (n=18), olanzapine (n=10), risperi-
done (n=15), quetiapine (n=8), and ziprasidone (n=2).
Antipsychotic dosage was compared between patients
using olanzapine equivalents.?” Healthy participants were
screened with the non-patient edition of the Structured
Clinical Interview for DSM-IV.?® All participants were
free of concomitant neurological disorders, substance use
disorders (lifetime for healthy controls; last 12 months for
patients), and magnetic resonance imaging (MRI) contra-
indications. No participant had an IQ lower than 70.%°
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Table | Characteristics of Participants

Schizophrenia (n=39) Controls (n=42) Statistics

Age, mean (SD) 32.5 (6.9) 30.5 (8.5) F=1.34; p=0.250
Sex 20M/19F 20M/22F ¥*=0.1; p=0.457
Handedness 36 right 38 right ¥*=0.09; p=0.542
Duration of illness (years) 9.8 (7.1) — —

Education (years) 1.6 (3.1) 17.9 (3.7) F=68.3; p<0.001
PANSS-Positive 18.9 (6.7) — —
PANSS-Negative 20.8 (6.9) — —
PANSS-General 41.2 (9.9) — —

Olanzapine equivalents (mg/d) 18.9 (10.4) — —

Mental rotation accuracy (%) 71.3 (17.8) 84.8 (14.9) F=13.1; p=0.001

Abbreviations: PANSS, Positive and Negative Syndrome Scale; SD, standard deviation.

Urine drug screenings were administered. Patients and
controls did not differ in age, sex ratio, and handedness
(Table 1).

In accord with the Declaration of Helsinki, written
informed consent was obtained from each participant
before any assessment. The study was approved by the
local ethics committees from the Centre de recherche de
I’Institut Universitaire en Santé Mentale de Montréal.

fMRI Task

The mental rotation task lasted 8 minutes and consisted of
alternating 38-second blocks of experimental and control
conditions. The blocks were separated from one another
with 20-second rest periods. Experimental and control
blocks were both repeated four times during the course
of the functional run. During the blocks were presented
pairs of black-and-white drawings of 3-D shapes, adopted
from Shepard and Metzler’s mental rotation task.'* In the
experimental condition, one shape was rotated along its
vertical axis relative to the other shape. In half of the trials,
the figures were identical to each other, whereas they were
mirror images of each other in the other half. In the control
condition, participants were presented with identical or
mirror 3-D drawings that were un-rotated. In both condi-
tions, participants had to determine whether the two
shapes were identical or mirror images of each other by
pressing a button. Each picture was presented for
a duration of 3 seconds, followed by a blank screen with

a fixation point for an average of 1.75 seconds.

fMRI Acquisition Parameters

Functional magnetic resonance imaging (fMRI) blood
oxygenation level dependent (BOLD) procedure was
used during the mental rotation task [1, 23, 24]. BOLD
signals were recorded using a T2-weighted gradient echo-
planar imaging (EPI) sequence [repetition time (TR)
=3000 ms, echo time (TE)=30 ms, flip angle=90°, matrix
64x64; voxel size=3.5mm’ ; 41 axial slices] on a 3.0
Tesla TRIO-TIM MRI system at the Functional
Neuroimaging Unit at the University of Montreal
Geriatric Institute. The functional slices were angled to
be parallel to the AC-PC line. An inline retrospective
motion correction algorithm was employed while the
EPI images were acquired. Individual high-resolution co-
planar anatomical images were also acquired using
a three-dimensional, spoiled gradient-echo sequence
(TR=19 ms; TE=4.92 ms; FA=25°; matrix size:
256x256; voxel size; lmm?®; 176 sagittal slices).

fMRI Data Pre-Processing
fMRI data was analyzed with the CONN v.18b functional
connectivity toolbox (http://www.nitrc.org/projects/conn).-

30 We used the default preprocessing pipeline, which is
based on SPM12 functions (The Wellcome Department of
Cognitive Neurology, London, UK).>! Functional images
were realigned, slice-time corrected, corrected for motion
artifacts (global signal Z-value threshold=5; subject-
motion threshold=0.9 mm) with the Artifact Detection
Toolbox,** and co-registered to the corresponding anato-
mical image. The anatomical images were segmented (into
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grey matter, white matter, and cerebrospinal fluid) and
normalized to the Montreal Neurological Institute (MNI)
stereotaxic space. Functional images were then normalized
to MNI stereotaxic space, and spatially smoothed with an
8-mm 3D isotropic Gaussian kernel.

Functional Connectivity Analyses

For functional connectivity analyses, we adopted
a region of interest (ROI)-to-ROI approach.’® The ana-
tomical component-based noise correction method
(aCompCor) was used to estimate the physiological
BOLD signal noise from the white matter and cerebrosp-
inal fluid*>* The aCompCor strategy was found to
increase sensitivity of analyses.** These physiological
noise processes, together with the 6 realignment para-
meters and the scans impacted by movement artifacts
(eg, scrubbing) were regressed out as first-level nuisance
covariates from the BOLD time-series at each voxel. To
avoid spurious effects due to task co-activation, the main
activation effects of the conditions were also accounted
for.?>> The residual BOLD time series were then weighted
by the appropriate predictor to derive condition-specific
time series for functional connectivity analyses. The
current investigation examined the mental rotation rela-
tive to the reference condition as the main contrast of
interest.

The ROIs were chosen from the default Harvard-Oxford
atlas (www.fmrib.ox.ac.uk/fsl/) available in the CONN tool-

box. The following 14 regions were included: the bilateral

superior frontal gyrus (SFG), the middle frontal gyrus
(MFG), the inferior frontal gyrus, opercularis (IFG), the
bilateral precentral gyrus (PrCG), the bilateral superior par-
ietal lobule (SPL), the bilateral angular gyrus (AG) and the
bilateral inferior lateral occipital gyrus (iLOC). ROIs were
chosen based on the meta-analysis of Tomasino et al of
fMRI brain activation studies involving mental rotations in
healthy volunteers,'® as well as a previous study in schizo-
phrenia patients from our research team.'®

In the first-level analyses, Pearson’s correlation coeffi-
cients were calculated between the time courses of each
pair of ROIs for each subject. These correlation coeffi-
cients were then converted to normally distributed z-scores
(using Fisher’s transform) in order to improve second-
(eg, General Linear Model).** In
the second-level analysis, a one-sample #-test was per-

level analyses
formed across groups (schizophrenia patients and con-
trols).
participant for each connection between the 14 brain

Fisher’s z-scores were extracted for each

regions (for a total of 91 connections), and were used to
perform machine learning analyses (see below). Prior to
the machine learning analyses, we verified that there was
no association between the connections of interest and
potential confounding factors, namely sex, antipsychotic
dosage and clozapine. Across and between groups (schizo-
phrenia and controls), there were no differences in ROI-to-
ROI connectivity between sexes (p>0.05, FDR corrected).
There were no significant differences in ROI-to-ROI con-
nectivity between patients on clozapine and those taking
other antipsychotics (p>0.05, FDR corrected). Finally,
there was no significant relationship between antipsychotic
dosage (ie, olanzapine equivalents) and the connections of
interest (p>0.05, FDR corrected).

Test/Training Samples and Validation

The 81 participants were split into two groups, the training
sample (n=60) and the test sample (n=21), regardless of
diagnosis. The two samples were randomly drawn from the
total sample. We verified that the percentage of controls and
patients were similar in the two subsamples, using a y* test,
and we could not reject the null hypothesis that the two
samples have a similar number of controls and patients
(p=0.76) (Table 2). Likewise, there was no significant differ-
ence in age between participants allocated to the training (30.9
+7.6) and the test samples (33.0 £8.5) (t=—1.02; p=0.31).

Machine Learning Analyses

In order to identify the pairs of regions predicting member-
ship in the schizophrenia group, we applied five machine-
learning algorithms to the data, namely logistic regression
with lasso and Ridge regularization, random forest, linear
discriminant analysis (LDA) and support vector machine
(SVM). Analyses were performed using R version 4.0.2.%
Each algorithm described below was optimized in the train-
ing sample using leave-one-out cross-validation. Finally,
a prediction was made for each algorithm using the test
sample and summarized with the percentage of good

Table 2 Number of Patients and Controls in Each Random

Sample
Controls Schizophrenia Total
Training sample 30 (37.0%) 30 (37.0%) 60 (74.1%)
Test sample 12 (14.8%) 9 (I11.1%) 21 (25.9%)
Total 42 (51.9%) 39 (48.1%) 81 (100%)

Notes: x*= 0.096; df = |; p=0.76.
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classification and the area under the curve (AUC) of
a receiver operating characteristic (ROC) curve. 95% con-
fidence intervals were computed using bootstrap resampling.
In the method displaying the greatest classification accuracy,
we ran two separate analyses, one with and one without
mental rotation accuracy being included in the list of pre-
dictors. Finally, we identified the connections between brain
regions that were the best predictors in the machine learning
algorithm with the greatest classification accuracy.

Because the number of pairs of regions was greater
than the number of subjects in this project, we completed
a pre-screening of pairs of brain regions for which the
p-value of a t-test between the two groups were below
0.20. This yielded the following 31 candidate pairs pre-
sented in Table 3. All 31 variables were scaled and cen-
tered before they were entered in the analyses.

Logistic Regression

Logistic regression was fitted to the data using lasso and
ridge regularization using the glmnet package.’’~® The
lasso regularization is a penalty function added to the
objective function that reduces the absolute value of the
sum of coefficients in the model to be under a certain
threshold. This threshold dependent on parameter A was
determined using leave-one-out cross-validation. In this
kind of regularization, some coefficients may be set at
a value of zero. Alternatively, Ridge regularization adopts
a similar concept, however, the objective function is pena-
lized using a quadratic function instead of the absolute
value. In the latter regularization, some coefficients may
be set to small values, yet are never set to zero.

Random Forest

A random forest was also used, whereby three hundred
trees were formed, and 5 variables were tried at each split.
The model was fitted using the randomForest package.*’

Linear Discriminant Analyses (LDA)

LDA was performed using the MASS package.*
A linear discriminant function assumes that each group
has a particular multinormal distribution, which is then
used to compute the probabilities of being in each
group. The LDA method is considered to be linear, as
by adding the constraint of homoscedasticity (equal
covariance across groups), the solution is linear and
has a closed form. As the method implies, LDA works
best if the input is normal.

Table 3 Connections Used in the Machine Learning Algorithms

Right superior frontal gyrus Left superior frontal gyrus
Right inferior frontal gyrus
Right superior parietal lobule
Left superior parietal lobule
Right angular gyrus

Left inferior lateral occipital cortex

Left superior frontal gyrus Right middle frontal gyrus
Right inferior frontal gyrus
Left inferior frontal gyrus
Left superior parietal lobule
Right angular gyrus

Left inferior lateral occipital cortex

Right middle frontal gyrus Left middle frontal gyrus
Left inferior frontal gyrus
Left precentral gyrus
Right angular gyrus

Left angular gyrus

Left middle frontal gyrus Left superior parietal lobule
Right angular gyrus

Left inferior lateral occipital cortex

Right inferior frontal gyrus Left precentral gyrus
Right angular gyrus

Right inferior lateral occipital cortex

Left inferior frontal gyrus Right superior parietal lobule

Left inferior lateral occipital cortex

Right precentral gyrus Left inferior lateral occipital cortex

Left precentral gyrus Right inferior lateral occipital cortex

Left inferior lateral occipital cortex

Left superior parietal lobule Left inferior lateral occipital cortex

Right angular gyrus Left angular gyrus

Left angular gyrus Left inferior lateral occipital cortex

Support Vector Machine (SVM)

The final adopted method, SVM, is an extension of the
linear classifier similar to LDA. Instead of a separation
defined by a single line, we used a margin defined by two
lines, which created a zone of uncertainty of being in the
control group or the schizophrenia group. This model was
adjusted using the e1071 package.*'

Inferential Statistics

For comparative purposes, we performed in the CONN
Toolbox a classic 2-sample #-test to examine potential
differences in functional connectivity between groups,
based on the Mental rotation minus Reference contrast.
For this analysis, we used the 91 connections of interest.

Neuropsychiatric Disease and Treatment 2021:17
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Table 4 Comparison of the Performance of the Five Machine Learning Algorithms (Training; n=60%)

Lasso

Ridge

Random Forest

LDA

SVM

% of good classification (95% CI)

81.7% (683, 91.7)

81.7% (71.7, 91.7)

88.3% (83.3, 95.0)

81.7% (69.1, 93)

81.7% (5.0, 95)

Sensibility

83.6% (58.8, 95.6)

85.2% (64.5, 97.1)

89.3% (71.1, 98.7)

84.8% (64.3, 93.8)

79.4% (2.9, 95.6)

Specificity

79.7% (55.5, 93.2)

80.3% (56.0, 96.0)

89.5% (69.7, 97.3)

80.7% (64.5, 95.9

77.5% (6.1, 97.0)

ROC curve AUC

0.871 (0.70, 0.95)

0.878 (0.79, 0.95)

0.962 (0.93, 0.99)

0.784 (0.62, 0.93)

0.907 (0.82, 0.98)

Note: *Leave-one-out cross-validation.

Abbreviations: AUC, area under the curve; LDA, linear discriminant analysis; ROC, receiving.

Table 5 Comparison of the Performance of the Five Machine Learning Algorithms (Test; n=21)

Lasso

Ridge

Random Forest

LDA

SVM

% of good classification (95% CI)

85.7% (71.4, 95.2)

81.0% (61.9, 95.2)

76.2% (52.4, 90.5)

81.0% (66.7, 95.2)

85.7% (68.9, 1.00)

Sensitivity

83.3% (60.7, 100)

83.3% (57.7, 100)

83.3% (61.5, 100)

83.3% (60.7, 100)

91.7% (72.0, 100)

Specificity

88.9% (65.1, 100)

77.8% (50.0, 100)

66.7% (26.7, 92.3)

77.8% (46.3, 100)

77.8% (46.3, 100)

ROC curve AUC

0.861 (0.64, 1.00)

0.806 (0.52, 0.98)

0.796 (0.50, 0.94)

0.870 (0.58, 1.00)

0.806 (0.56, 1.00)

Abbreviations: AUC, area under the curve; LDA, linear discriminant analysis; ROC, Receiving Operating Characteristic; SVM, support vector machine.

These second-level analyses were corrected for multiple
comparison using a p<0.05 threshold corrected for the
false discovery rate (FDR) applied at the analysis level.

Association with Mental Rotation

Performance

The relationship between the connections having the most
discriminative value and mental rotation performance was
examined using step-wise linear regression analyses with
motion parameters (eg, mean motion, max motion and num-
ber of valid scans) being entered as covariates of no interest.
The statistical threshold was set at p<0.05, FDR-corrected.

Results

Cognitive Performance
Mental rotation accuracy was lower in schizophrenia
patients relative to healthy controls (see Table 1).

Comparison of Predictions

Tables 4 and 5 show a comparison of the performance of
the 5 algorithms, including the AUC of the ROC curve,
which measures the discriminative power of the methods.
For the training data, random forest revealed to be the best
method, as it yielded an AUC of 0.96. As for the test data,
it appears that the best method was logistic regression with
Lasso regularization (A=0.065), which yielded an AUC of
0.861, a percentage of good classification of 85.7%,

a sensitivity of 83.3%, and a specificity of 88.9%. The
Lasso algorithm also had less variance, and its AUC was
similar for the training data (0.871).

The inclusion of mental rotation accuracy in the list of
predictors had only a marginal effect on the discriminative
power of the Lasso regression algorithm in both the train-
ing (JAUC=0.872 (0.725-0.957); percentage of good clas-
sification=81.7% (67.5-93.3); sensitivity=77.7%
(56.3-97.1); and specificity=86.7% (50.0-94.4)] and test
data [AUC=0.870 (0.708-1.00); percentage of good clas-
sification=81.0% (64.2-95.2); sensitivity=75.0% (54.2—
96.6); and specificity=88.9% (73.1-1.00)].

Predictive Connections

According to the logistic regression with lasso regulariza-
tion algorithm, the pairs of regions which are the most
predictive are the connections between the right and left
SFG; between the left SFG and left SPL; between the left
SFG and left iLOC; between the right and left MFG;
between the right IFG and left PrCG; as well as between
the left PrCG and left iLOC. Connectivity was reduced in
schizophrenia in all pairs of regions, apart from the con-
nectivity between the left SFG and left SPL, which was
actually increased in schizophrenia (Table 6) (Figure 1).
Noteworthy, the same connections emerged as being the
most predictive in the secondary analysis including mental
rotation accuracy in the list of potential predictors, apart
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Table 6 Coefficients from the Logistic Regression with Lasso Regularization

Connection Lasso Beta (No MR) Lasso Beta (with MR)
Intercept 0.019 0.16

Right and left superior frontal gyrus —0.055 —0.036

Left superior frontal gyrus and left superior parietal lobule 0.254 0.183

Left superior frontal gyrus and left inferior lateral occipital cortex —0.063 —0.016

Right and left middle frontal gyrus —0.196 —-0.172

Right inferior frontal gyrus and left precentral gyrus -0.019 —

Left precentral gyrus and left inferior lateral occipital cortex —0.199 —0.183

Abbreviation: MR, mental rotation accuracy.

from the connection between the right inferior frontal
gyrus and the left precentral gyrus (Table 6).

Inferential Statistics

Using a classic 2-sample #-test, we found that schizophrenia
was associated with reduced connectivity between the right
and left SFG; between the right and left MFG; between the
right IFG and left PrCG; and between the left PrCG and left
iLOC; as well as increased connectivity between the left SFG
and left SPL. In addition to these alterations that were also
detected using the Lasso regression algorithm, the 2 sample
t-test showed additional alterations, namely reduced connec-
tivity, in schizophrenia, between the left and right AG,
between the left PrCG and right MFG; and between the left
SFG and right IFG (Table 7).

Linear Regression Analysis

The stepwise linear regression analysis was performed
using the connections described in Table 6. Across groups,
the connectivity between the left and right SFG, and
between the left SFG and the left SPL, accounted for
15% (r%) of variance of MR accuracy (F=7.8; p=0.001).
More precisely, a positive association was found between
MR accuracy and the connectivity between the left and
right SFG (t=2.8; p=0.298; p=0.006), whereas a negative
association was found in the connexion between the left
SFG and the left SPL (t= —2.7; p= —0.287; p=0.008). For
both predictors, results remained significant after FDR
correction (p<0.05).

Discussion
The current task-based functional connectivity study sought to
better characterize the neurophysiologic mechanisms involved

in visuospatial impairments in schizophrenia, and determine
the classification accuracy of the functional connections found
to be altered in this disorder. Several machine algorithms were
implemented (Lasso and Ridge regression, random forest,
LDA and SVM). Among them, Lasso regression achieved
the greatest accuracy. This classification performance was
based on a complex pattern of decreased functional connectiv-
ity in schizophrenia patients between the right and left SFG, the
left SFG and left iLOC, the right and left MFG, the right [FG
and left PrCG, and the left PrCG and left iLOC, as well as
increased functional connectivity between the left SFG and left
SPL. Mental rotation accuracy was reduced in schizophrenia
patients, relative to healthy controls. Finally, mental rotation
performance was predicted, across groups, by the reduced
functional connectivity between the right and left SFG and
the increased connectivity between the left SFG and left SPL.

As previously noted, mental rotation requires several
sub-abilities and engages the activity of widespread brain
regions.'® Reflecting this complexity, we discovered that
during visuospatial processing, patients with schizophrenia
displayed reduced connectivity between executive (SFG,
MFG and IFG), motor (PrCG) and visual brain regions
(iLOC). These results are consistent with the findings of
several previous resting-state functional connectivity stu-
dies which consistently demonstrated that the connectivity
between frontoparietal (executive), sensorimotor and
visual networks is altered in schizophrenia.**** They are
also consistent with the contemporary notion that schizo-
phrenia is a disorder of global dysconnectivity.*’
Additional noteworthy findings of our study include
a reduced functional connectivity between the right and
left SFG, as well as between the right and left MFG, in
schizophrenia. These results show that alterations in inter-
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ROI-to-ROI effects:

Figure | Impaired connectivity in schizophrenia during visuospatial processing.
Figure | illustrates the complex pattern of dysconnectivity observed in schizophre-
nia during visuospatial processing. The figure was generated using a two-sample
t-test performed in CONN Toolbox.

Abbreviations: IFG, inferior frontal gyrus; iLOC, inferior lateral occipital gyrus;
MFG, middle frontal gyrus; PreCG, precentral gyrus; ROI, region-of-interest; SFG,
superior frontal gyrus; SPL, superior parietal lobule.

hemispheric connectivity may contribute to visuospatial
impairments in schizophrenia. The positive correlation
between bilateral SFG connectivity and mental rotation
accuracy is coherent with this interpretation. In the last
decade or so, several resting-state functional connectivity
studies have examined inter-hemispheric connectivity in
schizophrenia. Although the majority of these studies
yielded an association between inter-hemispheric dyscon-
nectivity in bilateral auditory cortices and verbal halluci-
nations in schizophrenia,*® a few studies have shown that
inter-hemispheric connectivity between frontal regions
(among others) also contribute to cognitive impairment
in the disorder.*”*® Finally, we observed that the connec-
tivity between the left SFG and left SPL was actually
increased in schizophrenia. In classic, task-based activity
fMRI studies, increased brain activations in frontal and

parietal regions have been regularly observed, and such
aberrant activations have been traditionally interpreted as
compensatory mechanisms.*’ Consistent with this inter-
pretation, a negative correlation was observed across
groups between the left SGF-SPL connectivity and mental
rotation performance. Overall, the pattern of dysconnec-
tivity observed here is more complex than the alterations
that have been observed in task-based functional connec-
tivity studies using visuospatial working memory para-
digms in schizophrenia, which have shown alterations
mostly in the frontoparietal executive network.'®>*>!

Using task-based functional connectivity data and
Lasso regularization, a very good classification accuracy
(AUC=0.861) was achieved, with a sensitivity of 83.3%
and a specificity of 88.9%. Lasso regularization forces
some of the coefficient estimates to be equal to zero, and
produces sparse models likely to be advantageous in stu-
dies involving small samples.’” When compared to the
results of pattern recognition neuroimaging studies pub-
lished prior to 2015, the classification performance of the
Lasso regression in the current study is relatively superior
(especially its specificity: 88.9% versus 80%).%'

It is in the same range, however, as the accuracies
achieved by most studies that have been performed since
then.> > This performance level suggests that the exam-
ination of task-based functional connectivity holds pro-
mise for future diagnostic classification investigations in
schizophrenia. However, this possibility must be consid-
ered cautiously. Indeed, in a similar study to ours,
Antonucci and colleagues (2020) examined functional
connectivity during an attentional control task in schizo-
phrenia. Using SVM, the study achieved only modest
accuracy (eg, 66.9%).>% Another potential explanation for
the very satisfactory classification performance of our
study is that it involved schizophrenia patients with
a mean age of 32.5 years. In their meta-analysis from
2015, Kambeitz and colleagues conducted a meta-
regression analysis which demonstrated a positive linear
association between the mean age of patients and classifi-
cation performance, with better accuracy being achieved in
studies involving schizophrenia patients older than 30
years of age.?' It must be acknowledged, however, that
age seemed to influence sensitivity more than specificity in
the meta-analysis. Finally, it is noteworthy that the Lasso
algorithm achieved the very same level of performance
even when including mental rotation accuracy in the list of
predictors. This attests to the robustness of results.
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Table 7 ROI-to-ROI Connectivity Between Schizophrenia Patients and Healthy Controls During Mental Rotation (Inferential

Statistics)
Connexion t-Value Schizophrenia Fischer’s-z Controls Fischer’s-z
Controls > schizophrenia
Left middle frontal gyrus - right middle frontal gyrus 4.17 * —0.060 (0.208) 0.133 (0.208)
Left superior frontal gyrus - right superior frontal gyrus 3.78 —0.050 (0.263) 0.143 (0.195)
Left precentral gyrus - left inferior lateral occipital cortex 3.62 —0.0630 (0.264) 0.114 (0.170)
Left angular gyrus - right angular gyrus 341 —0.090 (0.225) 0.073 (0.204)
Left precentral gyrus - right interior frontal gyrus (triangularis) 3.04 —0.058 (0.246) 0.109 (0.249)
Left precentral gyrus - right middle frontal gyrus 2.99 —0.024 (0.201) 0.125 (0.243)
Left superior frontal gyrus - right inferior frontal gyrus (triangularis) 2.94 —0.053 (0.213) 0.094 (0.237)

Schizophre

nia > controls

Left superior parietal gyrus - left superior frontal gyrus

3.68 0.084 (0.200) ~0.077 (0.194)

Note: *All ps<0.05, corrected for false discovery rate.

The main limitation of the current study is the relatively
small sample size. While a sample of 81 participants may be
sufficient to detect significant differences in functional con-
nectivity between schizophrenia patients and healthy
controls,” it may not be optimal for performing train-test
cross-validation.>® Here, the test was not performed on
a sample from an independent study, but rather on a sub-
sample of the same study. A second limitation of our study
relates to the fact that all patients were treated with antipsy-
chotics, which may have confounded results. The exact impact
of antipsychotics on cognition remains uncertain. The data of
several clinical trials suggests that some second-generation
antipsychotics may produce beneficial effects on cognition in
schizophrenia. However, these benefits seem rather small in
general, and in the specific case of visuospatial abilities, we are
unaware of any evidence showing significant (beneficial or
detrimental) effects of antipsychotics.”® In order to reduce the
variability of medication effects in the current study, we only
recruited patients taking second-generation antipsychotics.
Moreover, prior to the implementation of the machine learning
algorithms, we verified that antipsychotic dosage and cloza-
pine treatment had no impact on the connections of interest.

Conclusion

To the best of our knowledge, this is the first study to examine
functional connectivity in schizophrenia patients performing
a task assessing visuospatial abilities, despite the fact that these
abilities are significantly impaired in these patients. Our results
revealed a complex pattern of dysconnectivity in executive,
motor and visual regions in schizophrenia. Using Lasso regres-
sion, we observed that this pattern of task-related

dysconnectivity achieved very good classification accuracy.
Further neuroimaging studies on the neural alterations asso-
ciated with visuospatial impairments in schizophrenia are war-
ranted. Future studies in the field will need to involve larger
samples of patients, and incorporate other biological measures
to increase classification accuracy.
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