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Altered Brain-Behavior Association During Resting State is a
Potential Psychosis Risk Marker

Leonardo Fazio, Giuseppe Stolfa, Roberta Passiatore, Angelantonio Tavella,
Giuseppe Blasi, Madalina O. Buciuman, Aaron L. Goldman, Shalaila S. Haas,
Lana Kambeitz-Ilankovic, Nikolaos Koutsouleris, Monica Nicoli, Teresa Popolizio,
Antonio Rampino, Anne Ruef, Fabio Sambataro, Pierluigi Selvaggi, William Ulrich,
Daniel R. Weinberger, Apulian Network on Risk for Psychosis, PRONIA Consortium,
Alessandro Bertolino, Linda A. Antonucci,* and Giulio Pergola*

Alterations in cognitive and neuroimaging measures in psychosis may reflect
altered brain-behavior interactions patterns accompanying the symptomatic
manifestation of the disease. Using graph connectivity-based approaches, we
tested the brain-behavior association between cognitive functioning and
functional connectivity at different stages of psychosis. We collected
resting-state fMRI of 204 neurotypical controls (NC) in two independent
cohorts, 43 patients with chronic psychosis (PSY), and 22 subjects with
subthreshold psychotic symptoms (STPS). In NC, we calculated graph
connectivity metrics and tested their associations with neuropsychological
scores. Replicable associations were tested in PSY and STPS and externally
validated in three cohorts of 331, 371, and 232 individuals, respectively. NC
showed a positive correlation between the degree centrality of a right
prefrontal-cingulum-striatal circuit and total errors on Wisconsin Card Sorting
Test. Conversely, PSY and STPS showed negative correlations. External
replications confirmed both associations while highlighting the heterogeneity
of STPS. Group differences in either centrality or cognition alone were not
equally replicable. In four independent cohorts totaling 1,203 participants, we
identified a replicable alteration of the brain-behavior association in different
stages of psychosis. These results highlight the high replicability of
multimodal markers and suggest the opportunity for longitudinal
investigations that may test this marker for early risk identification.
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1. Introduction

Each human brain has unique structure,
activity, and connectivity patterns. These di-
mensions are so distinctive that they create
a neural “fingerprint” capable of differen-
tiating one individual from another.[1] This
remarkable variability in brain structural,
activity, and connectivity profiles not only
characterizes individuals, but also under-
lies differences in cognition and behavior,
in terms of intelligence, personality, or
emotional functioning.[1b,2] While brain
and cognitive/behavioral profiles have
often been associated with each other, the
relationship between them, i.e., patterns
emerging at the level of brain/cognition
correlations rather than in one or the
other modality, has been reported more
rarely in the context of understanding inter-
individual differences. Besides illuminating
the functional correlates of brain activity at
the group level, combined brain/cognitive
investigations are relevant to generating
individual patterns with potential marker
value in clinical applications.
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In nonclinical samples, individual profiles of functional con-
nectivity based on fMRI data predict scores on cognitive tasks that
measure working memory,[3] attention,[4] executive function,[5]

fluency,[5b,6] or intelligence,[7] as well as personality,[8] and deci-
sion impulsivity.[9] In clinical samples, overt performance deficits
usually dominate brain-behavior relationships, entangling the in-
terpretations of functional connectivity deficits. Indeed, chronic
patients with psychosis report not only impaired cognition, par-
ticularly in executive function,[10] attention,[10a,b,11] speed of infor-
mation processing,[11c,12] and working memory,[12b,13] but also al-
tered functional brain connectivity.[14] An intriguing perspective
is that brain alterations in the absence of deficits may predate
overt cognitive impairments. For example, the study of interme-
diate phenotypes of schizophrenia has revealed heritable brain
alterations in individuals at genetic risk for schizophrenia who
are otherwise healthy.[15]
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In this framework, brain connectivity is promising for
biomarker identification, as several studies have shown in rela-
tion to cognitive functions such as workingmemory, attention, or
processing speed in psychotic spectrum disorders.[3b,14c,16] Previ-
ous reports described alterations in functional connectivity esti-
mated via voxelwise coupling in associationwith cognition before
the onset of psychotic symptoms.[17] Independent component
analysis revealed early alterations in functional network connec-
tivity associated with cognition.[18] Such patterns might, there-
fore, serve to detect at risk individuals before their signs and
symptoms meet diagnostic criteria.
As interindividual variability in cognition reflects in part the

variability in brain connectivity,[19] it has been reported that even
resting state connectivity patterns predict the performance of
cognitive functions such as attention,[16b] processing speed,[16a,b]

working memory[16a] or episodic memory,[16c] as measured by
neuropsychological tasks performed outside the scanner. The
link between resting state and cognitive performance suggests
that intrinsic connectivity patterns, unrelated to task perfor-
mance, may be associated with cognitive, clinical, or genetic
variables.[18,20]

In this study, we set out to identify replicable brain-behavior
associations using resting state network features. Most studies
focused on seed-based or a priori-selected network connectivity
analyses.[14c,16a,c,17a,21] These approaches only capture a portion
of the system-level function.[22] Instead, approaches based on
graph theory consider the whole brain as a network composed
of nodes and edges, that is, brain regions and the relationships
between them.[22,23] These measures capture network properties
and interactions at the micro-, meso-, and macro-scale level, ac-
counting for both global signal and relationships among brain
regions.[23b,24] Unlike independent component analysis, graph
theory preserves region-specific attributes.
Several studies have reported alterations in graph properties

in patients with psychosis,[25] in subjects with subthreshold psy-
chotic symptoms,[25b,26] and in first-degree relatives of patients
with psychosis, such as unaffected siblings.[27] In more detail,
analyses based on graph theory allow the investigation of spe-
cific features of the topological organization of brain connectiv-
ity, such as degree centrality, i.e., the number of connections a
node makes with other nodes.[28] Using this analogy, the brain
can be viewed as a complex, hierarchical topological network
with interactions at the micro-, meso-, and macro-scale levels.
Measures derived from graph theory assess the efficiency and
integration of communication within this topological network,
by identifying hubs and interconnected brain structures.[29] This
serves to investigate disorders associated with alterations related
to how information is integrated and flows within the brain
network.[30]

Previous studies have revealed that brain measures of central-
ity vary between states associated with psychosis: they differ be-
tween individuals with chronic psychosis,[31] early episodes,[32]

subthreshold psychotic symptoms,[31e,33] and unaffected siblings
of patients.[34] Notably, alterations in measures of brain central-
ity have been associated with impairments in cognitive func-
tions, such as working memory or executive functions, in both
clinical[35] and nonclinical populations.[36] This evidence sug-
gests functional alterations in the way the brain processes infor-
mation, which could predict clinical symptomatology.
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Figure 1. Outline of the study. The main phases of the study are shown in the figure. For each cohort, the arrows between the brain and the cognitive
test indicate the directionality of the association (pFDR < 0.05) between the degree centrality of right prefrontal-cingulum-striatal brain regions and
cognitive functioning. Arrows pointing in the same direction represent a positive brain-behavior association, whereas arrows pointing in opposite di-
rections represent a negative brain-behavior relationship. Abbreviations: MI: Main investigation of the study using UNIBA dataset (n = 269); MI-NCD:
Neurotypical controls in discovery cohort of the main investigation (n= 117); MI-NCR: Neurotypical controls in within-site replication cohort of the main
investigation (n = 87); MI-PSY: Patients with psychosis of the main investigation (n = 43); MI-STPS: Individuals with subthreshold psychotic symptoms
of the main investigation (n = 22); PNC: Philadelphia Neurodevelopmental Cohort (n = 331); PNC-TD: Individuals with typical development in PNC
dataset (n = 57); PNC-STPS: Individuals with a developmental trajectory toward psychotic disorders in PNC dataset (n = 45); PNC-OD: Individuals with
a developmental trajectory toward other psychiatric disorders in PNC dataset (n = 229); PRONIA: Personalised Prognostic Tools for Early Psychosis
Management dataset (n = 371); PRONIA-NC: Neurotypical controls in PRONIA dataset (n = 202); PRONIA-PSY: Patients with psychosis in PRONIA
dataset (n = 80); PRONIA-STPS: Individuals with subthreshold psychotic symptoms in PRONIA dataset (n = 89); LIBD: Lieber Institute for Brain Devel-
opment (n = 232); LIBD-NC: Neurotypical controls in LIBD dataset (n = 149); LIBD-PSY: Patients with psychosis in LIBD dataset (n = 54); LIBD-SIB:
Unaffected siblings of patients with schizophrenia in LIBD dataset (n = 29).

Here, we employedmeasures of centrality and cognitive scores
to investigate brain-behavior relationships. This approach con-
siders brain-behavior relationships as the primary object of in-
vestigation, under the hypothesis that the relationships them-
selves, rather than their individual brain and/or behavioral
components,[25b,37] may represent potential illness markers. Af-
ter identifying robust patterns of brain-behavior associations be-
tween centrality measures and cognitive scores, we assessed the
replicability of the candidate associations in an independent sam-
ple of neurotypical controls (NC), as well as in three external val-
idation samples. We used the Philadelphia Neurodevelopmen-
tal Cohort (PNC), the multi-site European PRONIA study (Per-
sonalised Prognostic Tools Early Psychosis Management; www.
pronia.eu), and the NIH SIB-Study dataset available at the Lieber
Institute for Brain Development (LIBD). As secondary objectives,
the replicability of these correlations was investigated (i) in clin-
ical populations, to test whether neurotypical patterns of brain-
behavior association between centrality measures and cognitive
scores were altered both in patients (PSY) with a chronic diag-

nosis of schizophrenia or bipolar disorder with psychosis, and
(ii) in subjects carrying risk for psychosis. Specifically, we se-
lected a population of subjects carrying clinical risk, who man-
ifested subthreshold psychotic symptoms (STPS), and a popu-
lation of subjects carrying familial risk, i.e., unaffected siblings
of patients with psychosis (SIB). The rationale for this approach
was that an effect present only in the clinical population, with-
out a physiological correlate in controls, could be driven by con-
founding variables related to clinical status, such as pharmaco-
logical treatment. Instead, a replicable brain-behavior relation-
ship in controls was expected to reflect brain features support-
ing cognitive performance. Similar to what was done in NC,
we replicated in external validation the results of clinical sam-
ples, using PNC, PRONIA, and LIBD datasets. We hypothe-
sized that the detected brain-behavior relationships could be sen-
sible and replicable features for the identification of subjects
with subthreshold psychotic symptoms and the unaffected sib-
lings of patients with psychosis. The study design is depicted in
Figure 1.
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Figure 2. The 25 meta-ROIs obtained through cluster analysis in MI-NCD. Hierarchical Ward clustering analysis was performed using the coordinates
of 144 ROIs from the Dosenbach atlas (x, y, z based on the MNI atlas), along with the mean values of ROI-betweenness centrality and ROI-degree
centrality, calculated in MI-NCD cohort (n = 117). More details are reported for meta-ROI 3 of the right hemisphere, i.e., the prefrontal-cingulum-striatal
meta-ROI. Capital letters refer to brain regions included in the prefrontal-cingulum-striatal meta-ROI: A. Anterior cingulate cortex; B. Superior frontal
gyrus; C. Middle frontal gyrus; D. Cingulate gyrus; E. Caudate. Meta-ROIs displayed using BrainNet Viewer. Abbreviation: MI-NCD: Neurotypical controls
in discovery cohort of the main investigation.

2. Results

2.1. Identification of Meta-ROIs

The analysis of graph-based functional connectivity measures
was first carried out in non-clinical samples (both NC cohorts
of the main investigation) to identify normative brain-behavior
patterns. We focused our investigation on 144 distinct regions
of interest (ROIs), identified by the Dosenbach atlas,[38] and
for each ROI we calculated two global graph-based centrality
metrics, namely the degree centrality and betweenness cen-
trality. Adjacent ROIs displayed similar mean centrality values
throughout the brain, creating spatial clusters of centralities.
Therefore, we clustered the ROIs based on their functional
similarity and spatial proximity, resulting in the generation of
“meta-ROIs”. This procedure was performed using hierarchical
Ward clustering[39] analysis, which utilized the coordinates of
the ROIs (x, y, z according to the MNI atlas) and the mean
values of the ROI-betweenness centrality and ROI-degree
centrality previously calculated in NC subjects. The entire
procedure is detailed below in the Experimental Section. We
clustered ROIs separately for the left and right hemispheres
and cut the dendrogram at the lowest level.[40] We obtained
25 meta-ROIs (Figure 2), 12 in the left and 13 in the right
hemisphere.

2.2. Association between Meta-ROIs Centrality Measures and
Cognitive Functioning: Main Investigation

2.2.1. Identification of Neurotypical Patterns of Brain-Behavior
Association

Amongst the identified meta-ROIs, the NC discovery cohort
showed a significant positive correlation between the degree cen-
trality of a right prefrontal-cingulum-striatal meta-ROI (Figure 2)
and the total error number at the Wisconsin Card Sorting Test
(WCST-TE; r = 0.33; pFDR = 0.038). The prefrontal-cingulum-
striatal meta-ROI included five Dosenbach ROIs, specifically: an-
terior cingulate cortex (x,y,z = 9,39,20); superior frontal gyrus
(x,y,z = 29,57,18); middle frontal gyrus (x,y,z = 27,49,26); cingu-
late gyrus (x,y,z = 9,20,34); caudate nucleus (x,y,z = 14,6,7). The
same brain-behavior association was significant in the NC repli-
cation cohort (r = 0.27; P = 0.007). Correlation plots are shown in
Figure 3. Also, the slope comparison between correlations found
in both NC cohorts (Z = 0.49; P = 0.625) showed no significant
difference. No replicable associations were found between the
betweenness centrality of the meta-ROIs and neuropsychologi-
cal scores. Sex effects in the association between the degree cen-
trality of the prefrontal-cingulum-striatal meta-ROI and the exec-
utive performance are reported in the Section S2.4 (Supporting
Information). Validation analysis with the Automatic Anatomical
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Figure 3. Association between the degree centrality of the prefrontal-cingulum-striatal meta-ROI and the executive performance. A) Association between
the meta-ROI degree centrality and the standardized residuals WCST-TE in main investigation (pFDR < 0.05). B) Association between the meta-ROI
degree centrality and the standardized residuals PCET-IR in PNC dataset (P < 0.05). Individuals with typical development (PNC-TD) are plotted in the
first box on the left, in the NC column. Individuals with a developmental trajectory toward psychotic disorders (PNC-STPS) are plotted in the third box
on the left, in the STPS column. C) Association between the meta-ROI degree centrality and the standardized residuals DSST-ICM in PRONIA dataset
(P < 0.05). D) Association between the meta-ROI degree centrality and the standardized residuals of WCST-TE in LIBD dataset (P < 0.05). In graphs
are plotted the 95% confidence intervals. Abbreviations: NC: Neurotypical controls; PSY: Patients with psychosis; STPS: Individuals with subthreshold
psychotic symptoms; OD: Individuals with a developmental trajectory toward psychiatric disorders other than psychosis in PNC dataset (n = 229); SIB:
Unaffected siblings of patients with schizophrenia in LIBD dataset (n= 29); MI-NCD: Neurotypical controls in discovery cohort of the main investigation
(n = 117); MI-NCR: Neurotypical controls in within-site replication cohort of the main investigation (n = 87); SCZ: Patients with schizophrenia (n = 24);
BD: Patients with bipolar disorder (n = 19); PNC: Philadelphia Neurodevelopmental Cohort (n = 331); PNC-TD: Individuals with typical development in
PNC dataset (n= 57); PNC-STPS: Individuals with a developmental trajectory toward psychotic disorders in PNC dataset (n= 45); PRONIA: Personalised
Prognostic Tools for Early PsychosisManagement dataset (n= 371); LIBD: Lieber Institute for BrainDevelopment (n= 232); DC: Degree centrality;WCST-
TE: Number of total errors at Wisconsin Card Sorting Test; PCET-IR: Proportion of incorrect responses at Penn Conditional Exclusion Test; DSST-ICM:
Inverted T-score of correct symbol-number matching at Digit Symbol Substitution Test.

Labeling (AAL) atlas[41] identified a meta-ROI including areas in
the right cingulate and prefrontal cortices, which was the most
comparable with the prefrontal-cingulum-striatal meta-ROI de-
scribed above. This AAL meta-ROI confirmed the positive corre-
lation between degree centrality and WCST-TE based on an in-
dependent anatomical parcellation (r = 0.16; P = 0.046; Section
S2.1, Supporting Information).

2.2.2. Alteration of Brain-Behavior Association in Clinical
Populations

The replicable brain-behavior association, previously identified
in the NC cohorts, was tested in the clinical cohorts. The as-

sociation between the degree centrality of the right prefrontal-
cingulum-striatal meta-ROI and WCST-TE scores showed nega-
tive correlations in the PSY and STPS cohorts (r= -0.37;P= 0.019
and r = -0.59; P = 0.007, respectively). Figure 3 illustrates this re-
lationship. Fisher’s r to z test revealed no significant difference
between PSY and STPS correlations (Z = 1.07; P = 0.287), but
large differences between PSY and NC discovery / replication co-
horts (Z = -3.98; P = 0.001 and Z = -3.45; P = 0.001, respectively)
as well as STPS andNC discovery / replication cohorts (Z= -4.18;
P = 0.001 and Z = -3.81; P = 0.001, respectively). Sex effects in
the association between the degree centrality of the prefrontal-
cingulum-striatal meta-ROI and the executive performance are
reported in the Section S2.4 (Supporting Information). Validation
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analysis with the AAL atlas confirmed the negative correlation
between degree centrality and WCST-TE in both clinical groups
(PSY: r = -0.29; P = 0.033 and STPS: r = -0.41; P = 0.043; Section
S2.1, Supporting Information).
As a sanity check, we explored associations between centrality

measures of all 25 meta-ROIs and all neuropsychological scores
(see Sections S1.8 and S2.5, and Tables S2a–d, Supporting In-
formation) in the clinical cohorts, regardless of whether any re-
lationship was significant in NC cohorts. In the PSY cohort, we
found that the degree centrality of a right ventromedial prefrontal
meta-ROI (meta-ROI 2 in Figure 2) correlated negatively with
WCST-TE scores (r = -0.59; pFDR = 0.007) and positively with
the total Wechsler Memory Scale score (r = 0.53; pFDR = 0.029).
These effects were not significant in the STPS cohort (r = -0.17;
pFDR = 0.995 and r = 0.39; pFDR = 0.995). We successfully
replicated the latter correlation in the LIBD clinical cohort, as
described below, suggesting that this brain-behavior relationship
was replicable in chronic patients but did not characterize either
NC or STPS cohorts.

2.2.3. Investigations on Centrality Measure and Cognitive
Performance

The ANOVA exploring the difference between NC replication co-
hort, PSY, and individuals with STPS in the degree centrality of
the prefrontal-cingulum-striatal meta-ROI returned no signifi-
cant difference between samples (P > 0.05). However, the three
cohorts differed regarding WCST-TE scores (F(2,149) = 26; P
= 0.001). Bonferroni’s post-hoc results showed poorer executive
performance in PSY compared to NC replication cohort (t(128)
= -7.20; P = 0.001) and individuals with STPS (t(63) = -2.42; P
= 0.018). No difference between NC replication cohort and sub-
jects with STPSwas significant. To investigate the potential speci-
ficity of our brain-behavior potential marker compared with sin-
gle brain- or behavior-based measures, we analyzed group-level
differences in whole-brain centrality measures for all 25 meta-
ROIs, as well as group-level differences in neuropsychological in-
dices. All results are detailed in the Sections S1.8 and S2.5, and
Table S3 (Supporting Information). As concerns meta-ROIs, we
found primarily between-group differences in degree centrality,
such that degree centrality was lower in clinical samples com-
pared with neurotypical samples. However, only group differ-
ences in a right ventromedial prefrontal meta-ROI (meta-ROI 2
in Figure 2) were externally replicated in the PRONIA cohort, as
described below. Analyses on neuropsychological scores showed
group-level differences across all domains, with poorer perfor-
mance in PSY compared to NC for all scores, and poorer per-
formance of STPS compared with NC on the Wechsler Memory
Scale, N-Back, and Trail Making Test scores. We partially repli-
cated between-group differences at the Wechsler Memory Scale
(F(2,139) = 31.07; pFDR = 0.001) in the LIBD cohort, as well as
between-group differences at the N-Back test (F(2,368) = 14.91;
pFDR = 0.001) in the PRONIA cohort.

2.3. Association between Meta-ROIs Centrality Measures and
Cognitive Functioning: External Replication

In the external replication phase, we found, in the PNC cohort, a
positive correlation (r = 0.31; P = 0.011) between the proportion

of incorrect responses (PCET-IR) responses at Penn Conditional
Exclusion Test (PCET) and the degree centrality of the prefrontal-
cingulum-striatal meta-ROI in a group of individuals with typical
development (PNC-TD). Conversely, the same analysis in a group
of individuals with a developmental trajectory toward psychotic
disorders (PNC-STPS) indicated a negative correlation (r = -0.26;
P = 0.044; Figure 3). The association in a group of individuals
with a developmental trajectory toward other psychiatric disor-
ders (PNC-OD) was not significant despite the larger size of this
group (r= 0.07; P= 0.153; Figure 3). No difference was found be-
tween groups in terms of either degree centrality or performance
at PCET (P > 0.05).
Similarly, in the PRONIA cohort, we found a positive corre-

lation (r = 0.12; P = 0.047) between the inverse number of cor-
rect symbol-number correspondences (DSST-ICM) at Digit Sym-
bol Substitution Test and the degree centrality of the prefrontal-
cingulum-striatal meta-ROI in the PRONIA-NC group. Con-
versely, we found again a negative correlation between DSST-
ICM and degree centrality in the PRONIA-PSY group (r = -0.27;
P = 0.008). The association in the PRONIA-STPS group was not
significant (r = 0.14; P = 0.096; Figure 3). The two-sample t-test
exploring the difference in connectivity between PRONIA-NC
and PRONIA-PSY returned no significant difference in the de-
gree centrality of the prefrontal-cingulum-striatal meta-ROI (P >

0.05). However, the PRONIA-NC cohort revealed a lower DSST-
ICM (t(280) = -10.48; P = 0.001) compared to PRONIA-PSY in
the two-sample t-test performed on executive performance. In ad-
dition, we found group differences in the degree centrality of a
right ventromedial prefrontal meta-ROI (meta-ROI 2) (F(2,368)
= 5.98, pFDR = 0.035). Post-hoc results showed a greater degree
centrality in PRONIA-NC compared with PRONIA-PSY, and no
difference between these groups and PRONIA-STPS (Table S3,
Supporting Information).
Finally, in the LIBD cohort, we found again a positive corre-

lation (r = 0.19; P = 0.012) between the WCST-TE and the de-
gree centrality of the prefrontal-cingulum-striatal meta-ROI in
the LIBD-NC group. Conversely, we found again a negative cor-
relation between WCST-TE and degree centrality in the LIBD-
PSY group (r = -0.29; P = 0.019). The association in the LIBD-
SIB group was not significant (r = 0.09; P = 0.657; Figure 3).
The two-sample t-test exploring the difference between LIBD-NC
and LIBD-PSY in the connectivity of the meta-ROI returned no
significant difference between samples (P > 0.05). However, the
two-sample t-test performed on WCST-TE showed poorer execu-
tive performance in LIBD-PSY compared to LIBD-NC (t(201) =
-7.46; P= 0.001). Finally, we found a negative correlation between
the right ventromedial prefrontalmeta-ROI (meta-ROI 2) and the
Wechsler Memory Scale score (r = 0.29; P = 0.031). Sex effects in
the association between the degree centrality of the prefrontal-
cingulum-striatal meta-ROI and the executive performance are
reported in the Section S2.4 (Supporting Information).

3. Discussion

This study sought to identify a replicable pattern of altered brain–
behavior relationships in psychosis. The results showed a repli-
cable brain-behavior association between degree centrality and a
heterogeneous set of tests related to executive function. Between-
group differences in degree centrality or executive function on
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their own were not equally replicable. The results were also par-
tially replicated in the independent cohorts of PNC, PRONIA,
and LIBD, despite the differences between the executive function
measures considered.
In NC, lower degree centrality in this meta-ROI was associated

with better cognitive performance, while the opposite trend char-
acterized all three clinical psychosis groups and two of the three
subclinical psychosis groups. These relationships were statisti-
cally significant for certain cognitive measures associated with
psychosis, but not for others equally representative of cognitive
deficits in psychosis.
Our data can be interpreted in line with prior work that the

connectivity at resting state of regions included in this meta-
ROI stratifies individuals in terms of certain aspects of execu-
tive function performance. Indeed, the connectivity of the su-
perior and middle frontal gyrus,[42] cingulate gyrus,[43] and cau-
date nucleus,[44] has been associated with executive functioning
across diverse connectivity methods. These regions play a rel-
evant role in functional brain networks associated with cogni-
tive flexibility, working memory, attention, problem solving, and
reasoning, being part of the lateral frontal-parietal and frontal-
striatal circuits.[45]

Our findings on NC report better performance associated with
a lower degree centrality of the prefrontal-cingulum-striatalmeta-
ROI during the resting state across five independent samples.
Figure 5 shows that the degree centrality of this meta-ROI is rel-
atively low compared to other meta-ROIs, during resting state.
Thus, in the healthy samples, the connectivity of this meta-ROI
with the rest of the brain involves fewer nodes, or weaker connec-
tions with the same number of nodes compared to other meta-
ROIs. This is especially apparent in high-performing individu-
als than in the rest of the cohort. To interpret these results, we
need to consider that the prefrontal-cingulum-striatal meta-ROI
includes “task-active” regions that increase their activity during
task performance and decrease it during rest.[46] A possible inter-
pretation is that healthy individuals with higher executive per-
formance effectively disengage task-active regions during rest-
ing state. Low-performers in the healthy samples show less ef-
fective disengagement, thus higher connectivity in task-active re-
gions during resting state. Accordingly, previous reports show
that hypoconnected brain states during resting state are associ-
ated with superior Wisconsin Card Sorting Test scores.[45c,47]

Analyses conducted in clinical samples (PSY and individuals
with STPS) revealed an opposite pattern. In these groups, higher
degree centrality of the prefrontal-cingulum-striatal meta-ROI
was associated with better performance at the Wisconsin Card
Sorting Test. This reversal was replicable in all samples of chronic
patients across the datasets included in our study.
Several studies have reported in PSY, comparedwithNC, lower

global connectivity[48] during resting state, as well as lower con-
nectivity of prefrontal regions with the rest of the brain.[49] More-
over, a substantial body of evidence described deficits in executive
functions in PSY patients.[10c,d,50] Taken together, the literature
supports the idea that patients with higher connectivity are less
impaired and that this higher connectivity is functional to a better
cognitive performance. Patients with even lower connectivity are
more impaired and may instead make more errors, thus explain-
ing the negative relationship we found. This inverse correlation
may be indicative of impaired connectivity in patients, as we also

observed in other prefrontal meta-ROIs, such as the right meta-
ROI 2: here, lower degree centrality was associated with poorer
performance on theWechsler Memory Scale, in chronic patients.
A possible interpretation of these results is that in NC, the re-

duction in connectivity is a functional response to the rest condi-
tion and consists of an efficient disengagement of task-dependent
regions. In contrast, in clinical populations, reduced connectivity
may relate to pathological dysconnectivity of networks, so individ-
uals with less compromised brain networks will have more pre-
served performance than patients with global dysconnectivity. To
more comprehensively illustrate this interpretivemodel, Figure 4
presents a schematic graphical representation. The identification
of an optimal state of prefrontal-striatal networks in relation to
executive function is reminiscent of the inverted-U hypothesis
of dopaminergic transmission in this brain circuit,[51] which was
developed to explain task performance.
Notably, individuals with STPS exhibit patterns of brain-

behavior association similar to those of PSY. These findings are in
line with previous evidence indicating an alteration of connectiv-
ity patterns in individuals with STPS and early illness schizophre-
nia individuals.[52] Indeed, participants with STPS may already
experience inefficiency of the prefrontal-cingulum-striatal re-
gions essential for task performance.[53] This inefficiency is not
so pronounced as to impair executive function, which would ex-
plain the absence of performance differences compared to the
two NC cohorts of the main investigation. The fact that the re-
versal of the association pattern between degree centrality and
performance is detectable across multiple independent cohorts
confirms the value of multimodal markers in the context of early
identification. We speculate that, like PSY, individuals with STPS
also show a reduction of global connectivity during resting state:
these changes in connectivity are not severe enough to generate a
cognitive deficit but are nevertheless captured when jointly eval-
uating brain and behavior.
On the other hand, it should be expected that in the more

heterogeneous group of at-risk subjects, not all of them fit this
model. This is intrinsic to the definition of at-risk state, as only
a fraction of these patients will transition to chronic psychosis.
Such heterogeneity may explain why the brain-behavior associa-
tion has not been replicated in PRONIA-STPS (Section S2.3 and
Table S4, Supporting Information).
In summary, our work proposed a rigorous approach to iden-

tify a replicable brain-behavior association that is altered in psy-
chosis and has the potential to qualify as a marker of disease.
The brain-behavior pattern examined in this study was derived
from a selection process based on the presence of an association
between measures of centrality and cognitive scores in both co-
horts of neurotypical controls included in themain investigation,
which was then explored in the patient samples, revealing a con-
sistent alteration that may be tested in the future as a marker of
disease.
We identified a single neurotypical brain-behavior pattern.

However, this does not preclude the possibility that other brain-
behavior associations were present in both neurotypical controls
and clinical samples (Table S2, Supporting Information). Further-
more, the approach proposed offers a parsimonious method for
studying brain-behavior associations that may be relevant to psy-
chosis. Indeed, the measures employed in this study rely on sim-
ple and rapid paper-and-pencil neuropsychological tests, which
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Figure 4. Graphical representation of the interpretative model. In NC, the reduction in connectivity reflected a functional response to the rest condition,
indicating an efficient disengagement of task-dependent regions. In contrast, clinical populations exhibited reduced connectivity, suggesting patholog-
ical dysconnectivity of networks, where individuals with less compromised brain networks showed better performance compared to those with global
dysconnectivity.

are commonly administered in clinical practice, and a relatively
basic resting-state fMRI acquisition sequence. In addition, the
replicability of our results on different samples speaks in favor of
the robustness of the methodology employed, which thus consti-
tutes a parsimonious and reliable approach.
We hypothesize that future investigations of this candidate

marker may reveal prognostic value for transition to psychosis.
Importantly, the analyses on the PNC dataset did not support the
same pattern of association in subclinical psychiatric conditions
other than psychosis. The specificity of these findings should be
confirmed by further work, as it is a requirement for a potential
marker of psychosis risk occurring before the onset of a chronic
diagnosis. For this brain-behavior relationship to be considered
an actualmarker of psychosis, further evidence is required.[54] In-
deed, the retrospective nature of our data intrinsically limits the
full translation into an actual biomarker, whichmay require a pre-
registered analysis with clear clinical inclusion criteria, and the
use of the same neuroimaging sequence and neuropsychologi-
cal test administration across multiple sites. However, the cur-
rent study represents one prerequisite for future efforts to con-
sider the brain-behavior relationship we identified as a candidate
biomarker.
Future studies should also examine the approach proposed

in this paper in conjunction with additional graph-based meth-
ods for investigating functional brain connectivity. Besides large-
scale connectivity, which was employed in this study, it may
be beneficial to consider graph metrics focused on connectivity
within the sub-networks, for example, intrinsic connectivity.[55]

Intrinsic connectivity is reported to be altered in individuals with
psychosis.[55c,56] More in general, our work suggests that graph
measures during resting state could potentially represent sensi-
tive measures to characterize psychosis.
The findings of the present study come with limitations. Cog-

nitive and MRI measures may have been collected on different

days. Insufficient test-retest reliability of the neuropsychological
and resting statemeasuresmay havemasked further findings.[57]

This very feature is also a strength of these findings, however,
considering that the effects are not zeroed by testing time mis-
matches. Perhaps most importantly, the difference between the
neuropsychological instruments employed to evaluate executive
function across cohorts could be construed as a limitation. It cer-
tainly reduces the replication chances. For the same reason, how-
ever, these findings rule out instrument specificity. We suggest
the presence of a broader relationship between executive func-
tion and the connectivity of right prefrontal-striatal circuits. Fi-
nally, we have no evidence regarding the heritability and associ-
ation of this candidate marker with familial and genetic risk for
psychosis or schizophrenia, considering the negative results in
SIBs.

4. Conclusion

The results support the idea of a functional role of the prefrontal-
striatal circuitry in NC that is altered in psychosis. We contend
that some salient features of psychosis, such as alterations in
brain or in cognitive function, may be more relevant in the con-
text of brain-behavior coupling than on their own right. We con-
clude that the right prefrontal-striatal circuit we identified shows
alterations in chronic psychosis that extend into the early phase
of the disorder and may be further investigated as a potential
biomarker of psychosis risk.

5. Experimental Section
Participants: This study consists of two phases: the main investi-

gation and external replication, involving a total of 1,203 individuals.
For the main investigation, 269 individuals were enrolled in 4 inde-
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Table 1. Demographic and cognitive characteristics of the cohorts included in this study.

Phase Cohort Sample size
(male)

Age
(mean ± SD)

WCST-TE
(mean ± SD)

NB-EI
(mean ± SD)

WMS-TS
(mean ± SD)

TMT B-A
(mean ± SD)

CPT-FA
(mean ± SD)

Main investigation
UNIBA

MI-NCD 117 (57) 26.36 ± 6.96 23.66 ± 17.99 0.17 ± 0.10 101.79 ± 9.22 27.34 ± 18.53 0.05 ± 0.04

MI-NCR 87 (42) 25.60 ± 5.06 16.83 ± 10.82 0.14 ± 0.09 105.29 ± 13.36 26.35 ± 17.52 0.05 ± 0.06

MI-PSY 43 (32) 32.74 ± 10.15 41.02 ± 27.41 0.07 ± 0.06 88.51 ± 17.96 57.58 ± 38.03 0.10 ± 0.16

MI-STPS 22 (9) 20.64 ± 4.20 25.36 ± 17.89 0.09 ± 0.05 92.72 ± 21.75 60.18 ± 48.64 0.10 ± 0.11

TOTAL-UNIBA 269 (140) 26.67 ± 7.48 24.36 ± 19.59 0.14 ± 0.10 100.07 ± 14.74 34.54 ± 29.03 0.06 ± 0.08

External replication
PNC

PNC-TD 57 (34) 18.07 ± 1.68 PCET-IR
0.25 ± 0.16

– – – –

PNC-STPS 45 (17) 17.71 ± 1.52 PCET-IR
0.28 ± 0.14

– – – –

PNC-OD 229 (95) 18.29 ± 1.76 PCET-IR
0.28 ± 0.16

– – – –

TOTAL-PNC 331 (146) 18.17 ± 1.72 PCET-IR
0.27 ± 0.16

– – – –

External replication
PRONIA

PRONIA-NC 202 (72) 25.39
± 5.86

DSST-CM
66.75 ± 9.59

– – – –

PRONIA-PSY 80 (36) 26.23
± 6.21

DSST-CM
52.16 ± 12.63

– – – –

PRONIA-STPS 89 (43) 23.92
± 5.00

DSST-CM
58.87 ± 10.90

– – – –

TOTAL-PRONIA 371 (151) 25.22
± 5.79

DSST-CM
61.71 ± 12.16

– – – –

External replication
LIBD

LIBD-NC 149 (94) 29.14 ± 8.85 WCST-TE
14.25 ± 7.68

– – – –

LIBD-PSY 54 (34) 28.17 ± 7.56 WCST-TE
30.61 ± 23.63

– – – –

LIBD-SIB 29 (15) 30.93 ± 11.21 WCST-TE
11.48 ± 5.08

– – – –

TOTAL-LIBD 232 (143) 29.14 ± 8.89 WCST-TE
17.71 ± 14.85

– – – –

Abbreviations: MI-NCD: Neurotypical controls in discovery cohort of the main investigation; MI-NCR: Neurotypical controls in within-site replication cohort of the main inves-
tigation; MI-PSY: Patients with psychosis of the main investigation; MI-STPS: Individuals with subthreshold psychotic symptoms of the main investigation; PNC: Philadelphia
Neurodevelopmental Cohort; PNC-TD: Individuals with typical development; PNC-STPS: Individuals with a developmental trajectory toward psychotic disorders; PNC-OD:
Individuals with a developmental trajectory toward other psychiatric disorders; PRONIA: Personalised Prognostic Tools for Early Psychosis Management dataset; PRONIA-NC:
Neurotypical controls in PRONIA dataset; PRONIA-PSY: Patients with psychosis in PRONIA dataset; PRONIA-STPS: Individuals with subthreshold psychotic symptoms in
PRONIA dataset; LIBD: Lieber Institute for Brain Development; LIBD-NC: Neurotypical controls in LIBD dataset; LIBD-PSY: Patients with psychosis in LIBD dataset; LIBD-SIB:
Unaffected siblings of patients with schizophrenia in LIBD dataset; SD: Standard deviation; WCST-TE: Number of total errors at Wisconsin Card Sorting Test; NB-EI: N-Back
efficiency index; WMS-TS: Wechsler Memory Scale – Total score; TMT B-A: Trail Making Test – difference between Part B and part A; CPT-FA: Continuous Performance Test –
False alarms ratio; PCET-IR: Proportion of incorrect responses at Penn Conditional Exclusion Test; DSST-CM: Number of correct symbol-number matching at Digit Symbol
Substitution Test. Please note that in PNC and PRONIA replication samples, WCST-TE is replaced by PCET-IR and DSST-CM, respectively.

pendent samples: 117 NC in a discovery cohort, 87 NC in an inter-
nal replication cohort, 43 chronic patients with psychosis (PSY; 24 pa-
tients with schizophrenia and 19 with bipolar disorder with psychosis),
and 22 individuals with STPS. Sample demographics are shown in
Table 1.

In the external replication phase, the PNC dataset, the multi-site PRO-
NIA dataset, and the LIBD dataset were used. In PNC, participants were
differentiated based on different developmental trajectories (Section S1.1,
Supporting Information), deriving 57 individuals with typical development
(PNC-TD), 45 individuals with a developmental trajectory toward psy-
chotic disorders (PNC-STPS), and 229 with a developmental trajectory to-
ward other psychiatric disorders (PNC-OD). From the PRONIA dataset
202 NC (PRONIA-NC) were included, 89 individuals who met the criteria
for the STPS state (PRONIA-STPS), and 80 patients with recent-onset psy-
chosis (PRONIA-PSY). From the LIBD dataset 149 NC (LIBD-NC) were
included, 54 patients with schizophrenia (LIBD-PSY), and 29 unaffected
siblings of patients with schizophrenia (LIBD-SIB). Group classification

criteria as well as inclusion and exclusion criteria are described in Section
S1.1 (Supporting Information). Potential differences in the distribution of
clinical symptoms among groups consisting of individuals with STPS are
reported in Section S1.6 (Supporting Information).

Ethical Statement: The study was approved by the local Independent
Ethics Committee of Azienda Ospedaliero-Universitaria Consorziale Poli-
clinico di Bari (Project number: 4754). The written informed consents were
obtained from all the participants.

Neuropsychological Assessment: In the main investigation, a battery of
neuropsychological tests was used focusing on cognitive functions criti-
cally impaired in psychotic disorders, such as executive function, atten-
tion, information processing speed, and working memory (Table 1).[58]

More specifically, a set of cognitive functioning indices was derived pre-
viously found to be associated with psychosis,[58b,f,59] such as: the total
error number (WCST-TE) at the Wisconsin Card Sorting Test (WCST), the
N-Back efficiency index (NB-EI, i.e., the quotient between accuracy and
RT) from the N-Back task, the total score of the Wechsler Memory Scale
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Figure 5. Degree and betweenness centrality mean values for each Dosenbach’s ROIs within the MI-NCD cohort. A) Panel shows the average between-
ness centrality value of each ROI. B) Panel shows the average degree centrality value of each ROI. The color bars indicate the betweenness and degree of
each ROI in the whole brain. Two lateral and two axial views are showed. Abbreviations: MI-NCD: Neurotypical controls in discovery cohort of the main
investigation (n = 117); L: Left; R: Right.

(WMS-TS), the differential score between the part A and the part B of the
Trail Making Test (TMT-BA) and the false alarm rate at the Continuous
Performance Task (CPT-FA).

In the replication phase, the same or comparable cognitive tests were
used as those employed in the investigation phase. In particular, the
WCST-TE was considered in the LIBD dataset, while the WCST was re-
placed with the Penn Conditional Exclusion Test, calculating the propor-
tion of incorrect responses (PCET-IR), in the PNC dataset. Similarly, in the
PRONIA dataset, the Digit Symbol Substitution Test was considered, cal-
culating the inverse number of correct symbol-number correspondences
(DSST-ICM). Full descriptions of the neuropsychological tests used and
details about the calculation of indices can be found in Section S1.2 (Sup-
porting Information).

Statistical Analysis: Graph-Based Network Analysis and Meta-ROI Iden-
tification. To carry out the graph-based functional connectivity analy-
sis, each participant underwent structural magnetic resonance imaging
(sMRI) and resting state-based functional magnetic resonance imaging
(rs-fMRI) on a 3 Tesla scanner (Table S1, Supporting Information). The
MRI images were preprocessed using standard procedures, described in
detail in Section S1.3 (Supporting Information)

The analysis of graph-based functional connectivity measures was first
carried out in non-clinical samples (both NC cohorts of the main investi-
gation) to identify neurotypical brain-behavior patterns. To estimate cen-
trality measures, This investigation was focused on a set of 160 distinct
cortical, subcortical, and cerebellar ROIs, identified by the Dosenbach at-
las. This atlas was generated based on a meta-analysis of task-related
fMRI data. It was considered more reliable for the construction of func-
tional connectivity networks than anatomical atlases[60] and had been ex-
tensively used in rs-fMRI experiments.[61] Then, for each ROI, two global
graph-based centrality metrics were calculated, namely the degree central-
ity and the betweenness centrality, which provide different and comple-
mentary information about the structure and functionality of the graph and
were easily interpretable. Details about the ROIs selection and functional
connectivity methods are reported in Section S1.4 (Supporting Informa-
tion).

First, the twomeasures of centrality (betweenness centrality and degree
centrality) were calculated in each Dosenbach ROI and for each NC sub-
ject in the discovery cohort (n = 117). Subsequently, the mean values of

betweenness centrality and degree centrality were calculated for each ROI
among the subjects in the cohort. The spatial correlation structure of these
metrics was analyzed across contiguous regions, as signal correlation and
functional relatedness between nearby regions may justify reducing the
dimensionality of the whole-brain network to several local networks.[62]

To explore this possibility, the degree centrality and betweenness central-
ity mean values were plotted within the NC discovery cohort on a brain
template, using the BrainNet Viewer toolbox.[63] Indeed, a clustered dis-
tribution of the centrality measures was observed (Figure 5): neighbor-
ing ROIs had similar mean centrality values throughout the brain, effec-
tively forming spatial clusters of centralities. Accordingly, it was chose to
cluster the ROIs based on into functional similarity and spatial proximity,
therefore generating “meta-ROIs”. This procedure was performed through
hierarchical Ward clustering[39] analysis fed with the coordinates of the
ROIs (x, y, z according to the MNI atlas) and the mean values of the ROI-
betweenness centrality and ROI-degree centrality previously calculated in
NC subjects using SPSS (IBM Corp. Released 2011). This clustering ap-
proach was chose to obtain homogeneous clusters since thismethodmin-
imizes the within-cluster variance.[64] The analyses were performed sep-
arately for each hemisphere to minimize interhemispheric differences in
structural and functional connectivity.[65] To validate the main results us-
ing an alternative anatomical atlas, the same procedure was employed for
the 90 ROIs of the AAL atlas.[41] The detailed description of the procedure
is reported in the Section S2.1 (Supporting Information).

Identification of Neurotypical Pattern of Brain-Behavior Association in the
Main Investigation. In the main investigation, it was first pursued the goal
of identifying neurotypical patterns of association between graph-based
centrality measures and measures of cognition in these samples of NC.
To this aim, the centrality measures of the meta-ROIs was summarized by
averaging the betweenness centrality and degree centrality values of each
ROI included in the meta-ROI. Then, an outlier detection procedure was
performed on the following variables: age, neuropsychological scores, and
meta-ROI centrality measures (betweenness centrality and degree cen-
trality). Values were excluded beyond three times the interquartile range.
Then, two-side Pearson’s partial correlation analyses was used to test as-
sociations between meta-ROI measures of centrality (betweenness cen-
trality – degree centrality) and neuropsychological scores (P < 0.05, False
Discovery Rate – FDR – corrected)[66] in theNC discovery cohort (n= 117),
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covarying for age and sex. The FDR correction was applied separately for
betweenness centrality and degree centrality analyses. Results were cor-
rected for multiple comparisons performed on the 25 meta-ROIs for five
neuropsychological variables, i.e., 25 × 5 = 125 partial correlations for be-
tweenness centrality, and 125 for degree centrality.

To identify any replicable association between centrality measures and
neuropsychological scores, the meta-ROI betweenness centrality and de-
gree centrality measures were computed in the NC replication cohort
(n = 87; using the same ROI clustering of the NC discovery cohort) and
the one-side Pearson’s partial correlation analyses was replicated between
meta-ROI betweenness centrality and degree centrality values and neu-
ropsychological scores, using age, sex and theMRI parameter of repetition
time (TR) as covariates (P < 0.05). Finally, to test for differences in the two
neurotypical cohorts (NC discovery and NC replication), Fisher’s trans-
formation was used from r to z (P < 0.05) on replicable correlations.[67]

Themeta-ROIs showing a replicable brain-behavior association were com-
pared with literature evidence using NeuroMark[68] (see Sections S1.5 and
S2.2, Supporting Information). Also, in both NC cohorts (n= 117; n= 87),
the potential sex-related differences in the association between the central-
ity measures of replicable meta-ROIs and cognitive performance were in-
vestigated (Section S1.7, Supporting Information). The values of the neu-
ropsychological scores (mean ± SD) for both NC cohorts were reported
in Table 1.

Alteration of Brain-Behavior Association in Clinical Populations of theMain
Investigation. Then the second aim of the main investigation was pursued:
to test whether the neurotypical patterns of brain-behavior association be-
tween centrality measures and cognitive scores could be affected in PSY
(n = 43) and in individuals with STPS (n = 22). For this purpose, the
centrality measures of meta-ROIs was calculated that showed a replica-
ble brain-behavior association in the two samples of NC, and for these,
a two-side Pearson’s partial correlation were computed with neuropsy-
chological scores in both the clinical cohorts (PSY and individuals with
STPS) using age, sex, and TR as covariates (P < 0.05). Using Fisher’s r to
z transformation any differences between PSY and individuals were eval-
uated with STPS and between them and NC (P < 0.05).[67] Finally, in both
cohorts, the potential sex-related differences in the association between
the centrality measures of replicable meta-ROIs and the neuropsycholog-
ical scores were investigated (Section S1.7, Supporting Information). The
neuropsychological scores (mean ± SD) for both the clinical cohorts are
detailed in Table 1.

Investigations on Centrality Measure and Cognitive Performance in the
Main Investigation. It was focused on cognitive function and meta-ROI
centrality measures that showed an altered brain-behavior association in
the clinical samples performing, on these variables, additional analyses
to explore any pre-existing differences between the cohorts. By two-side
ANOVA (P < 0.05), any differences in centrality measures were assessed
among NC replication cohort (n = 87), PSY (n = 43), and STPS subjects
(n = 22). Another two-side ANOVA was performed on neuropsychologi-
cal scores (P < 0.05) among the three cohorts to explore any effects at-
tributable to differences at the cognitive level.

External Replication Phase. In the external replication phase, the repli-
cability of the associations found in the internal cohorts was studied in
each PNC group. Centrality values were extracted from the meta-ROIs
that showed replicable association with cognitive measures for each of
the three developmental cohorts (PNC-TD, n = 57; PNC-STPS, n = 45;
PNC-OD, n = 229). Then, in each cohort, a Pearson’s partial correlation
(one-side for PNC-TD and PNC-STPS; two-side for PNC-OD) was calcu-
lated between the centrality measure of the meta-ROIs identified in the
main investigation and the PCET-IR score (P < 0.05), using age and sex
as covariates. Potential differences in centrality values or cognitive per-
formance between the PNC-TD and PNC-STPS cohorts were explored by
two-sample t-test (P < 0.05).

Then, the replicability of the associations found in the main investi-
gation was studied in each PRONIA group. Once again, centrality val-
ues were extracted from the meta-ROIs that showed replicable associa-
tion with cognitive measures for each of the three cohorts (PRONIA-NC,
n = 202; PRONIA-PSY, n = 80; PRONIA-STPS, n = 89). It was then cal-
culated, in each group, the one-side partial Pearson correlation between

the meta-ROI centrality measure identified in the main survey and the
DSST-ICM score (P< 0.05), using age, sex, andMR scanner as covariates.
Through two-sample t-tests (P < 0.05), potential differences were inves-
tigated in centrality values or cognitive performance, among the cohorts
that showed a significant association between brain and behavior.

Finally, in each LIBD group the replicability of the associations discov-
ered in the main investigation was examined. Once again, centrality val-
ues were derived from the meta-ROIs that exhibited replicable association
with cognitive measures for the three cohorts (LIBD-NC, n = 149; LIBD-
PSY, n = 54; LIBD-SIB, n = 29). Subsequently, within each group, the par-
tial Pearson correlation (one-side for LIBD-NC and LIBD-PSY; two-side for
LIBD-SIB) was computed between the meta-ROI centrality measure iden-
tified in the main survey and the WCST-TE score (P < 0.05), controlling
for age and sex. Using two-sample t-tests (P < 0.05), potential differences
were explored in centrality values or cognitive performance among the co-
horts that showed a significant brain-behavior association. In all cohorts
of the external replication, potential sex-related differences were investi-
gated in the association between the degree centrality of the replicable
meta-ROIs and the cognitive performance (Section S1.7, Supporting In-
formation). The neuropsychological scores (mean ± SD) for all cohorts of
the external replication phase are reported in Table 1.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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[32] a) P. Krukow, K. Jonak, R. Karpiński, H. Karakuła-Juchnowicz, Sci. Rep.
2019, 9, 9594; b) Y. Wang, Y. Jiang, W. Su, L. Xu, Y. Wei, Y. Tang, T.
Zhang, X. Tang, Y. Hu, H. Cui, J. Wang, D. Yao, C. Luo, J. Wang, Neu-
ropsychiatr. Dis. Treat. 2021, 17, 1505.

[33] a) X. Chen, X. Li, T. Yan, Q. Dong, Z.Mao, Y.Wang, N. Yang, Q. Zhang,
W. Zhao, J. Zhai, Psychiatry Res. 2019, 290, 51; b) L.-D. Lord, P. Allen,
P. Expert, O. Howes, M. Broome, R. Lambiotte, P. Fusar-Poli, I. Valli,
P. McGuire, F. E. Turkheimer, Neuroimage Clin. 2012, 1, 91; c) E. van
Dellen, M. M. Bohlken, L. Draaisma, P. K. Tewarie, R. van Lutterveld,
R. Mandl, C. J. Stam, I. E. Sommer, Schizophr. Bull. 2016, 42, 782.

[34] Y. Tang, Q. Zhou, M. Chang, A. Chekroud, R. Gueorguieva, X. Jiang,
Y. Zhou, G. He, M. Rowland, D. Wang, Schizophr Res. 2019, 210, 172.

[35] a) W. Deng, B. Zhang, W. Zou, X. Zhang, X. Cheng, L. Guan, Y.
Lin, G. Lao, B. Ye, X. Li, Front. Psychiatry 2019, 10, 140; b) A. Dey,
K. Dempster, M. MacKinley, P. Jeon, T. Das, A. Khan, J. Gati, L.
Palaniyappan,NPJ Schizophr. 2021, 7, 4; c) M. Zhou, L. Zhuo, R. Ji, Y.
Gao, H. Yao, R. Feng, L. Zhang, G. Huang, X. Huang, Behavior 2022,
16, 316.

[36] a) S. Markett, M. Reuter, B. Heeren, B. Lachmann, B. Weber, C.
Montag, Behavior 2018, 12, 238; b) H. Takeuchi, Y. Taki, R. Nouchi,
A. Sekiguchi, H. Hashizume, Y. Sassa, Y. Kotozaki, C. M. Miyauchi, R.
Yokoyama, K. Iizuka, Neuroimage 2015, 119, 197.

[37] a) L. Del Fabro, A. Schmidt, L. Fortea, G. Delvecchio, A. D’Agostino,
J. Radua, S. Borgwardt, P. Brambilla, Neurosci. Biobehav. Rev. 2021,
128, 90; b) E. I. Ivleva, A. S. Bidesi, B. P. Thomas, S. A. Meda, A.
Francis, A. F. Moates, B. Witte, M. S. Keshavan, C. A. Tamminga, Psy-
chiatry Res. 2012, 204, 13; c) E. Mennigen, D. D. Jolles, C. E. Hegarty,
M. Gupta, M. Jalbrzikowski, L. M. Olde Loohuis, R. A. Ophoff, K.
H. Karlsgodt, C. E. Bearden, Schizophr. Bull. 2020, 46, 408; d) A. L.
Hoff, W. S. Kremen, Curr. Opin. Psychiatry 2002, 15, 43; e) I. Kelleher,
M. C. Clarke, C. Rawdon, J. Murphy, M. J. S. b. Cannon, Schizophr.
Bull. 2013, 39, 1018; f) J. M. Gold, G. K. Thaker, J. Nerv. Ment. Dis.
2002, 190, 638; g) T. Wobrock, U. K. Ecker, H. Scherk, T. Schneider-
Axmann, P. Falkai, O. Gruber, World J. Biol. Psychiatry 2009, 10, 442;
h) F. Carruzzo, S. Kaiser, P. N. Tobler, M. Kirschner, J. Simon, Neu-
roimage Clin. 2022, 33, 102944; i) P. Li, R.-X. Jing, R.-J. Zhao, L. Shi,

Adv. Sci. 2025, 12, 2405700 2405700 (13 of 14) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

H.-Q. Sun, Z. Ding, X. Lin, L. Lu, Y. Fan, Neuroscience 2020, 45, 395;
j) N. R. Karcher, B. P. Rogers, N. D. Woodward, Neuroimaging 2019,
4, 956; k) A. Anticevic, X. Hu, Y. Xiao, J. Hu, F. Li, F. Bi, M. W. Cole,
A. Savic, G. J. Yang, G. Repovs, J. Neurosci. 2015, 35, 267; l) A. Raio,
G. Pergola, A. Rampino, M. Russo, E. D’Ambrosio, P. Selvaggi, V. De
Chiara, M. Altamura, F. Brudaglio, A. Saponaro, Schizophrenia 2023,
9, 11.

[38] N. U. Dosenbach, B. Nardos, A. L. Cohen, D. A. Fair, J. D. Power, J. A.
Church, S. M. Nelson, G. S. Wig, A. C. Vogel, C. N. Lessov-Schlaggar,
Science 2010, 329, 1358.

[39] J. H. Ward Jr., J. Am. Stat. Assoc. 1963, 58, 236.
[40] A. Vogogias, J. Kennedy, D. Archaumbault, V. A. Smith, H. Currant,

in Computer Graphics and Visual Computing Conference (CGVC),
2016.

[41] N. Tzourio-Mazoyer, B. Landeau, D. Papathanassiou, F. Crivello, O.
Etard, N. Delcroix, B. Mazoyer, M. Joliot, NeuroImage 2002, 15, 273.

[42] a) N. P. Friedman, T. W. Robbins,Neuropsychopharmacology 2022, 47,
72; b) S. Funahashi, J. M. Andreau, J. Physiol. 2013, 107, 471; c) J. M.
Fuster, S. L. Bressler, J. Cogn. Neurosci. 2015, 27, 639.

[43] a) R. Cannon, J. Lubar, M. Congedo, K. Thornton, K. Towler, T.
Hutchens, Int. J. Neurosci. 2007, 117, 337; b) A. Fornito, M. Yücel,
S. Wood, G. W. Stuart, J. A. Buchanan, T. Proffitt, V. Anderson, D.
Velakoulis, C. Pantelis,Cereb. Cortex 2004, 14, 424; c) P. G. Gasquoine,
Neurosci. Biobehav. Rev. 2013, 37, 340.

[44] J. A. Grahn, J. A. Parkinson, A. M. Owen, Prog. Neurobiol. 2008, 86,
141.

[45] a) K.Martinez, A. B. Solana,M. Burgaleta, J. A. Hernández-Tamames,
J. Álvarez-Linera, F. J. Román, E. Alfayate, J. Privado, S. Escorial, M.
A. Quiroga, Hum. Brain Mapp. 2013, 34, 3143; b) T. A. Niendam, A.
R. Laird, K. L. Ray, Y. M. Dean, D. C. Glahn, C. S. Carter, Cogn. Affect
Behav. Neurosci. 2012, 12, 241; c) L. Q. Uddin, Nat. Rev. Neurosci.
2021, 22, 167; d) M. M. Vaghi, P. E. Vértes, M. G. Kitzbichler, A. M.
Apergis-Schoute, F. E. van der Flier, N. A. Fineberg, A. Sule, R. Zaman,
V. Voon, P. Kundu, Biol. Psychiatry 2017, 81, 708.

[46] M. D. Fox, A. Z. Snyder, J. L. Vincent, M. Corbetta, D. C. Van Essen,
M. E. Raichle, Proc. Natl. Acad. Sci. USA 2005, 102, 9673.

[47] J. S. Nomi, S. G. Vij, D. R. Dajani, R. Steimke, E. Damaraju, S.
Rachakonda, V. D. Calhoun, L. Q. Uddin,NeuroImage 2017, 147, 861.

[48] a) M. W. Cole, A. Anticevic, G. Repovs, D. Barch, Biol. Psychiatry 2011,
70, 43; b) E. Damaraju, E. A. Allen, A. Belger, J. M. Ford, S. McEwen,
D. H. Mathalon, B. A. Mueller, G. D. Pearlson, S. G. Potkin, A. Preda,
J. A. Turner, J. G. Vaidya, T. G. van Erp, V. D. Calhoun, NeuroImage.
Clin. 2014, 5, 298; c) D. Dong, Y. Wang, X. Chang, C. Luo, D. Yao,
Schizophr. Bull. 2018, 44, 168; d) M. Argyelan, T. Ikuta, P. DeRosse, R.
J. Braga, K. E. Burdick, M. John, P. B. Kingsley, A. K. Malhotra, P. R.
Szeszko, Schizophr. Bull. 2014, 40, 100; e) M. E. Lynall, D. S. Bassett,
R. Kerwin, P. J. McKenna, M. Kitzbichler, U. Muller, E. Bullmore, J.
Neurosci. 2010, 30, 9477; f) A. Sharma, A. Kumar, S. Singh, T. Bhatia,
R. P. Beniwal, S. Khushu, K. M. Prasad, S. N. Deshpande, Psychiatry
Res. Neuroimag. 2018, 271, 17.

[49] a) Y. He, S. Wu, C. Chen, L. Fan, K. Li, G. Wang, H. Wang, Y. Zhou,
Neuroscience 2020, 446, 14; b) C. Xi, Z. N. Liu, J. Yang, W. Zhang, M.
J. Deng, Y. Z. Pan, Y. Q. Cheng, W. D. Pu, Schizophr. Res. 2020, 222,
354; c) K. C. Yang, B. H. Yang, M. N. Liu, Y. J. Liou, Y. H. Chou, J.
Psychopharmacol. 2024, 38, 515.

[50] a) K. A. Hawkins, J. Addington, R. S. Keefe, B. Christensen, D. O.
Perkins, R. Zipurksy, S. W. Woods, T. J. Miller, E. Marquez, A. Breier,
T. H. McGlashan, Schizophr. Res. 2004, 67, 115; b) L. J. Seidman, D.
I. Shapiro, W. S. Stone, K. A. Woodberry, A. Ronzio, B. A. Cornblatt,
J. Addington, C. E. Bearden, K. S. Cadenhead, T. D. Cannon, D. H.
Mathalon, T. H. McGlashan, D. O. Perkins, M. T. Tsuang, E. F. Walker,
S. W. Woods, JAMA Psychiatry 2016, 73, 1239.

[51] a) R. Cools, M. D’Esposito, Biol. Psychiatry 2011, 69, 113; b) S. B.
Floresco, Front. Neurosci. 2013, 7, 62; c) G. Northoff, S. Tumati, Neu-
rosci. Biobehav. Rev. 2019, 104, 11.

[52] E. Mennigen, S. L. Fryer, B. Rashid, E. Damaraju, Y. Du, R. L. Loewy,
B. K. Stuart, V. D. Calhoun, D. H. Mathalon, Brain Connectivity 2019,
9, 60.

[53] a) O. Dandash, A. Fornito, J. Lee, R. S. Keefe, M. W. Chee, R. A.
Adcock, C. Pantelis, S. J. Wood, B. J. Harrison, Schizophr. Bull. 2014,
40, 904; b) P. Fusar-Poli, O. D. Howes, P. Allen, M. Broome, I. Valli,
M. C. Asselin, P. M. Grasby, P. K. McGuire, Arch. Gen. Psychiatry 2010,
67, 683.

[54] G. Ciprandi, M. Silvestri, A. Pistorio, Int. Forum Allergy Rhinol. 2017,
7, 632.

[55] a) X. Zhang, R. Xu, H. Ma, Y. Qian, J. Zhu, Biol. Psychiatry 2024, 95,
1091; b) F. Mo, H. Zhao, Y. Li, H. Cai, Y. Song, R. Wang, Y. Yu, J. Zhu,
Schizophr. Bull. 2024, 50, 1326; c) Y. Zhou, P. Zeidman, S. Wu, A. Razi,
C. Chen, L. Yang, J. Zou, G. Wang, H. Wang, K. J. Friston,NeuroImage.
Clin. 2018, 17, 704.

[56] a) M. Drakesmith, K. Caeyenberghs, A. Dutt, S. Zammit, C. J. Evans,
A. Reichenberg, G. Lewis, A. S. David, D. K. Jones, Hum. Brain Map-
ping 2015, 36, 2629; b)W. You, L. Luo, L. Yao, Y. Zhao, Q. Li, Y.Wang, Y.
Wang, Q. Zhang, F. Long, J. A. Sweeney, Q. Gong, F. Li, Schizophrenia
2022, 8, 90.

[57] a) C. Hedge, G. Powell, P. Sumner, Behavior Res. Methods 2018, 50,
1166; b) J.-H. Wang, X.-N. Zuo, S. Gohel, M. P. Milham, B. B. Biswal,
Y. He, PLoS One 2011, 6, 21976.

[58] a) J. Addington, D. Addington, E. Maticka-Tyndale, Schizophr. Res.
1991, 5, 123; b) L. A. Antonucci, G. Pergola, A. Pigoni, D. Dwyer,
L. Kambeitz-Ilankovic, N. Penzel, R. Romano, B. Gelao, S. Torretta,
A. Rampino, Biol. Psychiatry 2020, 87, 697; c) M. Battaglia, M.
Abbruzzese, S. Ferri, S. Scarone, L. Bellodi, E. Smeraldi, Schizophr.
Res. 1994, 14, 39; d) A. Bertolino, D. Sciota, F. Brudaglio,M. Altamura,
G. Blasi, A. Bellomo, N. Antonucci, J. H. Callicott, T. E. Goldberg,
T. Scarabino, D. R. Weinberger, M. Nardini, Am. J. Psychiatry 2003,
160, 483; e) P. Franke, W. Maier, C. Hain, T. Klingler, Schizophr.
Res. 1992, 6, 243; f) G. Pergola, P. Di Carlo, E. D’Ambrosio, B.
Gelao, L. Fazio, M. Papalino, A. Monda, G. Scozia, B. Pietrangelo, M.
Attrotto, J. A. Apud, Q. Chen, V. S. Mattay, A. Rampino, G. Caforio,
D. R. Weinberger, G. Blasi, A. Bertolino, Transl. Psychiatry 2017, 7,
1006.

[59] F. Yang, H. Ma, J. Yuan, Y. Wei, L. Xu, Y. Zhang, C. Kang, J. Yang,
Psychiatry Res. 2021, 299, 113862.

[60] Z. Yao, B. Hu, Y. Xie, P. Moore, J. Zheng, Brain Inf. 2015, 2,
45.

[61] a) S. Guo, N. He, Z. Liu, Z. Linli, H. Tao, L. Palaniyappan, Can. J. Psy-
chiatry 2020, 65, 21; b) S. S. Haas, L. A. Antonucci, J. Wenzel, A. Ruef,
B. Biagianti, M. Paolini, B.-S. Rauchmann, J. Weiske, J. Kambeitz,
S. Borgwardt, Neuropsychopharmacology 2021, 46, 828; c) P. Jain,
A. K. Sao, A. S. Minhas, in 2021 43rd Annual International Confer-
ence of the IEEE Engineering in Medicine & Biology Society (EMBC),
2021; d) R. Prajapati, I. A. Emerson, Int. J. Neurosci. 2021, 131,
105.

[62] O. Sporns, Dialogues Clin. Neurosci. 2013, 15, 247.
[63] M. Xia, J. Wang, Y. He, PLoS One 2013, 8, 68910.
[64] E. Segev, Google and the Digital Divide: The Bias of Online Knowledge,

Elsevier, Amsterdam 2010.
[65] S. Ocklenburg, O. Güntürkün, Front. Psychol. 2012, 3, 5.
[66] Y. Benjamini, Y. Hochberg, J. R. Stat. Soc. 1995, 57, 289.
[67] J. Cohen, P. Cohen, S. West, L. J. I. Aiken, 2003.
[68] Y. Du, Z. Fu, J. Sui, S. Gao, Y. Xing, D. Lin, M. Salman, A. Abrol, M. A.

Rahaman, J. Chen, L. E. Hong, P. Kochunov, E. A. Osuch, V. Calhoun,
NeuroImage Clin. 2020, 28, 102375.

Adv. Sci. 2025, 12, 2405700 2405700 (14 of 14) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com

	Altered Brain-Behavior Association During Resting State is a Potential Psychosis Risk Marker
	1. Introduction
	2. Results
	2.1. Identification of Meta-ROIs
	2.2. Association between Meta-ROIs Centrality Measures and Cognitive Functioning: Main Investigation
	2.2.1. Identification of Neurotypical Patterns of Brain-Behavior Association
	2.2.2. Alteration of Brain-Behavior Association in Clinical Populations
	2.2.3. Investigations on Centrality Measure and Cognitive Performance

	2.3. Association between Meta-ROIs Centrality Measures and Cognitive Functioning: External Replication

	3. Discussion
	4. Conclusion
	5. Experimental Section
	Supporting Information
	Acknowledgements
	Conflict of Interest
	Author Contributions
	Data Availability Statement

	Keywords


