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ABSTRACT
BACKGROUND: Schizophrenia is a highly disabling psychiatric disorder characterized by a range of positive “psychosis”
symptoms. However, the neurobiology of psychosis and associated systems-level disruptions in the brain remain poorly
understood. Here, we test an aberrant saliency model of psychosis, which posits that dysregulated dynamic cross-
network interactions among the salience network (SN), central executive network, and default mode network
contribute to positive symptoms in patients with schizophrenia.
METHODS: Using task-free functional magnetic resonance imaging data from two independent cohorts, we
examined 1) dynamic time-varying cross-network interactions among the SN, central executive network, and
default mode network in 130 patients with schizophrenia versus well-matched control subjects; 2) accuracy of a
saliency model–based classifier for distinguishing dynamic brain network interactions in patients versus control
subjects; and 3) the relation between SN-centered network dynamics and clinical symptoms.
RESULTS: In both cohorts, we found that dynamic SN-centered cross-network interactions were significantly
reduced, less persistent, and more variable in patients with schizophrenia compared with control subjects.
Multivariate classification analysis identified dynamic SN-centered cross-network interaction patterns as factors
that distinguish patients from control subjects, with accuracies of 78% and 80% in the two cohorts, respectively.
Crucially, in both cohorts, dynamic time-varying measures of SN-centered cross-network interactions were
correlated with positive, but not negative, symptoms.
CONCLUSIONS: Aberrations in time-varying engagement of the SN with the central executive network and default
mode network is a clinically relevant neurobiological signature of psychosis in schizophrenia. Our findings provide
strong evidence for dysregulated brain dynamics in a triple-network saliency model of schizophrenia and inform
theoretically motivated systems neuroscience approaches for characterizing aberrant brain dynamics associated
with psychosis.
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Schizophrenia is a severe and disabling psychiatric disorder
that affects an estimated 51 million individuals worldwide (1,2).
Psychosis, characterized by disorganized thought, delusions,
and hallucinations, is a prominent feature of the disorder that
necessitates clinical intervention in most cases. These positive
symptoms are typically self-referential, often persecutory, and
highly distressing and debilitating (3,4). The pathophysiology of
schizophrenia is largely unknown (5), and the complexity of its
symptoms has made it difficult to characterize the neurobi-
ology of psychosis in a principled and theory-driven manner.
Here, we apply a novel theoretically motivated systems
neuroscience framework and a specific large-scale brain
network model (6,7) to investigate dynamic functional circuits
in schizophrenia and their relation to psychosis.

The science of large-scale brain networks offers a powerful
paradigm for characterizing the neurobiology of psychiatric
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disorders (7,8). The goal of mapping the complex phenotypic
features of schizophrenia onto individual brain areas is now
widely considered implausible, and there is a growing consensus
that these features arise from aberrations of cognitive systems
(7,9,10). However, most extant studies have lacked a theoretical
framework for examining how aberrancies in neurocognitive
networks that are fundamental to human cognition contribute to
core psychotic symptoms of schizophrenia. Our investigation of
large-scale brain organization focuses on a triple-network model
(Figure 1A), which postulates that aberrant functional organiza-
tion of key frontoparietal-opercular neurocognitive networks may
underlie psychosis in schizophrenia (7). This model highlights the
role of three networks that play distinct roles in human cognition
and, specifically, cognitive control over external stimuli and in-
ternal mental processes. In particular, the triple-network model
posits a central role for the salience network (SN) in aberrant
Psychiatry.
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Figure 1. (A) Triple-network saliency model of
schizophrenia. The model proposes that aberrant
functional of organization of key frontoparietal-
opercular cognitive networks may contribute to
psychopathology in patients with schizophrenia.
Specifically, this model posits a key role for the
salience network (SN) in aberrant mapping of internal
and external salient events, leading to altered dy-
namic temporal interactions with the central execu-
tive network (CEN), and the default mode network
(DMN), resulting in clinical symptoms of psychosis.
(B) Overall analysis pipeline for examining dynamic
time-varying cross-network interactions within the
triple-network saliency model. Time-varying cross-
network interaction was measured using a dynamic
functional connectivity approach. 1) We estimated
dynamic functional interactions among the SN, CEN,
and DMN using an exponentially decaying sliding
window and a window length of 40 seconds
(20 repetition times ) and a sliding step of 2 seconds
(1 repetition time). Exponentially decaying weights
were applied to each time point within a window, as
described in previous studies. Within each time
window, we computed the z-transformed Pearson
correlation between the independent component
analysis time series taken pairwise. This resulted in a
time series of correlation matrices (T3C); here, T is
the number of time windows and C is number of
pairwise interactions among the SN, CEN, and DMN
at each time point. 2) To identify distinct group-
specific states associated with dynamic functional
connectivity, we applied groupwise k-means clus-
tering on the time series of correlation matrices in
each group separately. To quantify the dwelling time
of dynamic brain states, we computed mean lifetime
of each brain state for each participant, based on the
average time spent continuously in that state. Two-
sample t tests were conducted to evaluate the dif-
ference in mean lifetime between brain states in

control and schizophrenia groups. 3) A brain state–specific network interaction index (NII) was used to characterize cross-network interaction in each dynamic
brain state. The NII for each state k was computed by averaging NII across sliding-windows was labeled as state k. NII of a sliding window was computed as
the difference in correlation between the SN and CEN time series and the correlation between the SN and DMN. The correlation values were extracted from the
covariance matrix associated with that sliding window. The mean of the time-varying NII was calculated as the average of NII values across dynamics brain
states; variability of time-varying NIIs was calculated as the standard deviation of NII values across dynamic brain states. 4) Canonical correlation analysis was
used to examine the multivariate relation between dynamic time-varying cross-network interactions measures, including mean and variability of time-varying
NIIs, and item-level Positive and Negative Syndrome Scale scores were used to measure positive or negative symptoms. BOLD, blood oxygen level–
dependent; LCEN, left central executive network; RCEN, right central executive network.
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mapping of external and internal salient events, leading to altered
dynamic temporal interactions with the central executive network
(CEN) and the default mode network (DMN). The SN, anchored in
the anterior cingulate cortex and anterior insula, is crucial for
salience mapping: detection of salient external stimuli and in-
ternal mental events and, through its interactions with the CEN
and DMN, allocating attentional resources for additional pro-
cessing (11–14). The CEN, anchored in the dorsolateral fronto-
parietal cortex, is involved in active maintenance and
manipulation of information in working memory (11,15). In
contrast, the DMN, anchored in the posterior cingulate cortex
and ventromedial prefrontal cortex, is typically suppressed dur-
ing focused attention to external stimuli and plays an important
role in self-referential and autobiographical processes (11,16).
Dynamic interactions among these three networks are essential
for complex, goal-directed behaviors, and disturbances in these
interactions may lead to aberrant mapping of external stimuli and
Biologica
internal mental processes and may contribute to positive
symptoms observed in schizophrenia.

The SN is of particular interest here because of its central
role in generating causal control signals that initiate dynamic
switching between the CEN and DMN (11,15,17,18), thereby
facilitating engagement of the CEN and disengagement of the
DMN during cognitively demanding tasks (15). Recent research
suggests that deficits in access, engagement, and disen-
gagement of the SN, CEN, and DMN may underlie maladaptive
behaviors and cognitive deficits (7,11,19,20). Although atypical
patterns of intranetwork functional network organization have
been variously reported in patients with schizophrenia (21),
aberrancies in dynamic temporal interactions between these
networks and their links to clinical symptoms in affected in-
dividuals remains unknown. Crucially, time-averaged or static
connectivity provides limited information about the functional
organization of brain circuits because interactions among
l Psychiatry January 1, 2019; 85:60–69 www.sobp.org/journal 61
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large-scale brain systems are highly nonstationary (22,23).
Analysis of time-varying functional interactions among the SN,
CEN, and DMN may therefore provide a more appropriate
framework for investigating the psychopathology of schizo-
phrenia (6,7). Building on our systems-level model of SN
function, as well as our conceptualization of psychosis as
aberrant detection, monitoring, and signaling of salient external
stimuli and internal mental processes, we test the hypothesis
that abnormalities in dynamic SN-centered functional in-
teractions with the CEN and DMN may underlie psychosis in
schizophrenia (6,7). Using data from two independent cohorts,
we show that dynamic SN-centered cross-network functional
interactions reliably distinguish patients with schizophrenia
from healthy control subjects and predict positive symptoms in
patients.

METHODS AND MATERIALS

Participants

Primary Cohort. Thirty-five patients with schizophrenia and
35 age-, sex-, and IQ-matched control subjects participated in
this study after providing parental consent according to
guidelines of the University of New Mexico Institutional Review
Board. The patients with schizophrenia ranged from 18 to 62
years of age (mean age 34.4 years); the control subjects
ranged from 18 to 65 years of age (mean age 36 years)
(Table 1; see Supplement for details).

Replication Cohort. Thirty patients with schizophrenia and
30 age- and sex-matched control subjects participated in this
study after providing informed consent according to the
guidelines of the Hartford Hospital Institutional Review Board
Table 1. Descriptive Statistics for the Schizophrenia and
Control Groups

Schizophrenia
Group (n = 35)

Control
Group (n = 35) p Value

Age, Years 34.4 (12.6) 36.0 (12.2) .58

Female/Male 5/30 11/24 .15

Handedness
(Left/Both/Right)

5/0/30 0/0/35 .06

IQ 102 (14) 106 (15) .25

PANSS Positive
Symptoms Score

14.6 (4.3) NA NA

PANSS Negative
Symptoms Score

15.2 (5.8) NA NA

Range of Head Motion

X, mm 0.27 (0.22) 0.36 (0.29) .15

Y, mm 0.59 (0.27) 0.56 (0.25) .54

Z, mm 1.04 (0.63) 1.09 (0.62) .74

Pitch, mm 0.82 (0.66) 0.93 (0.59) .44

Roll, mm 0.30 (0.19) 0.37 (0.15) .08

Yaw, mm 0.28 (0.19) 0.39 (0.34) .13

Values are mean (SD) or n. The two groups were matched on age,
sex, handedness, IQ, and head motion during functional magnetic
resonance imaging. Two-sample t tests were used to compare age,
IQ, and head motion parameters between the two groups, and c2

test was used to compare sex distribution and handedness.
NA, not applicable; PANSS, Positive and Negative Syndrome Scale.
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(24). The patients with schizophrenia ranged from 19 to 64
years of age (mean age 31.47 years); the control subjects
ranged from 19 to 64 years of age (mean age 33.83 years)
(Supplemental Table S1; see Supplement for details).

Functional Magnetic Resonance Imaging

Each participant underwent a resting-state functional mag-
netic resonance imaging (fMRI) scan. The fMRI acquisition
protocol is described in detail in the Supplement. Below we
describe procedures used to analyze the primary cohort fMRI
data. Identical procedures were used to analyze the replication
cohort fMRI data.

Network Identification. Preprocessed resting-state fMRI
data from the schizophrenia and control participants were
concatenated and entered into a group independent
component analysis to identify the SN, left CEN, right CEN,
and DMN in the combined population (see Supplement for
details).

Dynamic Time-Varying Cross-Network Interactions.
Time-varying cross-network interaction was measured using a
dynamic functional connectivity approach (25–27). Our overall
analysis pipeline is illustrated in Figure 1B and described in
detail in the Supplement. Briefly, we first estimated dynamic
functional interactions among the SN, CEN, and DMN using an
exponentially decaying sliding window. Second, we identified
distinct group-specific states associated with dynamic func-
tional connectivity using a groupwise k-means clustering
approach. Third, we computed the mean lifetime of each brain
state for each participant based on the average time spent
continuously in that state. Fourth, we characterized cross-
network interaction in each dynamic brain state using a brain
state–specific network interaction index (NII). The NII measures
cross-network interactions among the three networks based
on the hypothesized role of the SN in switching interactions
with the CEN and DMN (11,28). The NII has the advantage of
capturing interactions simultaneously among all three net-
works. Specifically, the NII was computed as the difference in
correlation between the SN and CEN time series and correla-
tion between the SN and DMN. The NII thus captures the
extent to which the SN temporally engages with the CEN and
dissociates itself from the DMN (28,29). We computed an NII
for each sliding window and averaged NIIs for the windows
corresponding to the same dynamic brain state. We next
computed the mean and variability (measured by standard
deviation) of time-varying NIIs across all the dynamic brain
states for each participant and examined the difference be-
tween the mean and variability of time-varying NIIs between
the two groups.

Dynamic Time-Varying Cross-Network Interactions–
Based Classification of Schizophrenia. To further
investigate the robustness of differences in time-varying
cross-network interactions, we examined whether the
mean and variability of a dynamic time-varying NII could
distinguish between the two groups in each cohort individ-
ually. To address the possibility of overfitting owing to the
different number of clusters in the two groups, we also
rnal
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investigated whether classifier trained from one cohort
could be used to distinguish patients with schizophrenia
from control subjects in the other cohort. Within- and cross-
cohort classification procedures are described in detail in
the Supplement.

Relation of Dynamic Time-Varying Cross-Network
Interactions to Schizophrenia Symptoms. We used a
Pearson correlation analysis and canonical correlation analysis
(CCA) to examine the univariate and multivariate relation be-
tween the dynamic time-varying cross-network interaction
measures, including the mean and variability of time-varying
NIIs, and used item-level Positive and Negative Syndrome
Scale scores to measure positive or negative symptoms. CCA
is a statistical method for examining the relationships between
two multivariate sets of variables and has been shown to be a
powerful tool for investigating brain–behavior relationships
(30,31). CCA finds an optimal linear combination of multivariate
behavioral measures that maximize the relation between
behavioral and brain measures.
Biologica
RESULTS

Dynamic Time-Varying Cross-Network Interactions

We examined dynamic time-varying functional interactions
among the four independent component analysis–identified
brain networks (Supplemental Figure S1) and found seven
states (temporal clusters) in the schizophrenia group and two
in the control group (Figure 2A), reflecting variation in cross-
network interactions across time in both groups.

Next, we compared mean lifetime of dynamic brain states
between the two groups. The mean lifetime of state 1 in the
control group was significantly longer than the mean lifetime of
six of the seven states in the schizophrenia group (all p values
, .05, false discovery rate corrected) (Figure 2B). The mean
lifetime of state 2 in the control group was significantly longer
than the mean lifetime of any of the seven states in the
schizophrenia group (all p values , .05, false discovery rate
corrected). These results demonstrate that compared with
control subjects, individuals with schizophrenia show less
persistent and more volatile brain states.
Figure 2. Dynamic time-varying cross-network
interactions among the salience network, central
executive network, and default mode network in the
schizophrenia and control groups. (A) The schizo-
phrenia group showed seven states (S1 to S7),
significantly higher than the two states in the control
group. Color codes show distinct states in each
participant. (B) Mean lifetimes of dynamic brain
states were shorter in the schizophrenia group
compared with the control group. (C) The network
interaction index (NII) of dynamic brain states shows
intermittently reduced, and more variable, salience
network–centered cross-network interaction in the
schizophrenia group compared with the control
group.
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We then compared the NII of the dynamic brain states
between the two groups. The mean NII value, averaged
across all states, was significantly lower in the schizo-
phrenia group compared with the control group (p , .05,
Cohen’s d = 0.61) (Figures 2C and 3A), even after controlling
for confounds (Supplemental Table S5). These results
demonstrate an intermittent lack of integration of the SN
with the CEN and reduced decoupling of the SN from the
DMN in schizophrenia.

We next compared variability of dynamic time-varying
cross-network interactions between the two groups and
found that compared with control subjects, individuals with
schizophrenia showed greater variability in NII values across
states, suggesting that cross-network interactions are more
variable in the schizophrenia group than in the control group
(p , .0001; Cohen’s d = 1.27) (Figures 2C and 3A). Addi-
tional analyses further confirmed greater temporal variability
of NII values in the schizophrenia group than in the control
group after controlling for confounds (Supplemental
Table S6).

The aforementioned results were also observed for a
different sliding window length (50 seconds) as well as for a
different sliding window shape (rectangular), demonstrating
that the findings are robust against the length and shape of the
sliding window (see Supplement for details).
64 Biological Psychiatry January 1, 2019; 85:60–69 www.sobp.org/jou
Classification Based on Dynamic Time-Varying
Cross-Network Interactions

We next examined whether SN-centered time-varying cross-
network interactions could distinguish patients with schizo-
phrenia from control subjects, using a classifier along with
mean and variability of time-varying NII as features. SN-
centered time-varying cross-network interaction patterns
distinguished patients with schizophrenia from control sub-
jects with a leave-one-out cross-validation accuracy of 78%
(p , .001), sensitivity of 72%, and specificity of 83%.

Relationship Between Dynamic Time-Varying
Cross-Network Interactions and Schizophrenia
Symptoms

CCA revealed a significant relation between measures of SN-
centered time-varying cross-network interactions and Posi-
tive and Negative Syndrome Scale scores used to measure
positive symptoms (p , .05; Pillai’s trace = 0.69). Specifically,
CCA identified one significant pattern of interdependence be-
tween measures of time-varying interactions and positive
symptoms assessed using the Positive and Negative Syn-
drome Scale (p , .05; r = .67). The conventional positive
symptoms conceptual disorganization and hallucinatory
behavior had a strong positive loading. Notably, the four
Figure 3. Mean and variability of dynamic cross-
network interactions among the salience network,
central executive network, and default mode network
in the schizophrenia and control groups, and relation
to positive symptoms. (A) The temporal mean of
dynamic cross-network interactions, assessed using
the mean of the dynamic network interaction indices
(NIIs) across states, was significantly lower in the
schizophrenia group compared with the control
group. Additionally, the temporal variability of dy-
namic cross-network interaction, assessed using the
standard deviation of the dynamic NIIs across states,
was significantly higher in the schizophrenia group
compared with the control group. **p , .01; ***p ,

.001. (B) The temporal mean and variability of dy-
namic NIIs was strongly correlated with positive
symptoms of schizophrenia, as revealed by canoni-
cal correlation analysis (p , .05; canonical correla-
tion in first axis: r = .67). The Positive and Negative
Syndrome Scale (PANSS) was used to measure the
severity of symptoms.
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nonspecific symptoms suspiciousness, excitement, grandi-
osity, and hostility had weak, close-to-zero loading (Figure 3B).
The CCA model included both the mean and variability of
dynamic time-varying cross-network interactions, explaining
44% of the variance. Neither measure individually predicted
severity of positive symptoms (all p values . .05). Neither CCA
nor individual measures of time-varying cross-network in-
teractions predicted negative symptoms (all p values . .05).

To further examine the specificity of this brain–behavior
correlation in patients with schizophrenia, we examined the
relationship between dynamic time-varying cross-network in-
teractions and cognitive abilities. Neither CCA-based latent
variables nor individual measures of time-varying cross-
network interactions predicted cognitive abilities, as measured
by Measurement and Treatment Research to Improve Cogni-
tion Schizophrenia (MATRICS) scores (all p values . .05).

Dynamic Time-Varying Cross-Network Interactions
Versus Static Time-Averaged Cross-Network
Interactions

To demonstrate the specificity of our dynamic cross-network
interaction findings, we examined static time-averaged in-
teractions among the SN, CEN, and DMN (see Supplement for
details). The time-averaged SN-centered NII was significantly
lower in the schizophrenia group than in the control group (p ,

.05) (Supplemental Figure S2), albeit with an effect size
(Cohen’s d = 0.60) lower than that observed for variability in
dynamic cross-network interactions.

We next evaluated time-averaged cross-network interactions
for their ability to distinguish patients with schizophrenia from
control subjects, using a classifier. Time-averaged cross-
network interaction patterns distinguished patients with
schizophrenia from control subjects with an accuracy that was
not significantly different from the chance level (leave-one-out
cross-validation accuracy = 50%, sensitivity = 53%, speci-
ficity = 47%) and much lower than the values observed for dy-
namic cross-network interactions based classification (see
Supplement for details).

Last, we examined the relationship between time-averaged
cross-network interactions and schizophrenia symptoms or
cognitive abilities. Unlike measures of dynamic cross-network
interactions, we found no significant multivariate relation be-
tween measures of time-averaged cross-network and item-
level positive symptoms (see Supplement for details).

Reproducibility of Findings

In recent years, there has been increasing concern about
reproducibility of neuroscientific findings (32). To address this
concern and to determine the replicability of our findings, we
examined dynamic time-varying cross-network interactions
among the SN, CEN, and DMN in patients with schizophrenia
versus control subjects in an independent cohort (replication
cohort). Results were consistent with those observed in the
primary cohort: 1) dynamic SN-centered cross-network in-
teractions were significantly reduced, less persistent, and more
variable in patients with schizophrenia compared with control
subjects; 2) multivariate classification analysis corroborated
identified dynamic SN-centered cross-network interaction
patterns as factors that distinguish patients from control
Biologica
subjects, with an accuracy of 80%, sensitivity of 87%, and
specificity of 73%; 3) dynamic time-varying measures of SN-
centered cross-network interactions were correlated with
positive symptoms but not with negative symptoms; and 4)
time-averaged SN-centered cross-network interactions were
not significantly between the two groups. Detailed findings
from the replication cohort are in the Supplement.

To further evaluate the generalizability of our findings,
we used task-free fMRI data from the Human Connectome
Project (33) and compared the dynamics in this normative
control dataset against the schizophrenia group reported
for the primary and the replication cohorts. Here again, we
found that in both cohorts individuals with schizophrenia
showed greater variability in dynamic SN-centered cross-
network interactions than the Human Connectome Project
normative control subjects did (see Supplement for
details).

DISCUSSION

We investigated a triple-network model of aberrant salience
mapping in schizophrenia focusing on dynamic functional in-
teractions among the SN, CEN, and DMN, three large-scale
brain networks important for cognitive control and goal-
directed behavior. Consistent with our hypothesis, we found
that the dynamic SN-centered functional interactions were
aberrant in patients with schizophrenia. Notably, patients with
schizophrenia showed significantly reduced and more volatile
SN-centered cross-network interactions. Further, dynamic, but
not time-averaged, cross-network coupling measures could
distinguish patients from control subjects and predict psy-
chosis symptoms in patients. Neither dynamic nor static
connectivity measures associated with these networks pre-
dicted negative symptoms or cognitive abilities in the same
group of patients. Our findings suggest that dynamic functional
interactions of the SN with the CEN and DMN are impaired in
schizophrenia and that these aberrations contribute to psy-
chosis. Notably, our findings were replicated across two
different cohorts and data acquired across different MRI
scanners and sites.

Aberrant SN-Centered Cross-Triple-Network
Coupling in Schizophrenia

Dynamic connectivity measures associated with the SN, CEN,
and DMN differed between the groups in both cohorts. In
contrast, static connectivity measures were different between
the two groups only in one cohort, and with an effect size
smaller than in the dynamic connectivity measures. Although
considerable evidence for aberrant intrinsic functional con-
nectivity in schizophrenia has emerged in recent years, most
studies have focused on static measures of brain connectivity,
and a range of findings ranging from hypo- and hyper-
connectivity as well as normal connectivity between cortical
areas has been reported (16,34–40). Critically, these studies
have assumed that network interactions are stationary, and
thus there have been few investigations of dynamic functional
circuits and their relation to clinical symptoms in patients with
schizophrenia.

SN-centered NII measures of dynamic cross-network in-
teractions were significantly lower and more variable in the
l Psychiatry January 1, 2019; 85:60–69 www.sobp.org/journal 65
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schizophrenia group than in the control group in both cohorts.
These effects were specific to SN interactions, as alternative
models involving parallel constructs with CEN-centered and
DMN-centered networks showed no differences between
the groups. These findings demonstrate that reduced
interaction of the SN with the CEN and DMN is a prominent
feature of network level disorganization in schizophrenia
and likely reflects difficulties in simultaneously disengaging
the DMN and engaging the CEN (35,39). Given the central
role for the SN in detection of salient stimuli and orienting
attention to them, we suggest that dysfunction in cross-
network interactions may contribute to impaired ability of
patients to flexibly and dynamically allocate cognitively
relevant processing resources (7,11,15,17,41,42).

Dynamic Brain States Linking the SN, CEN, and
DMN Are More Volatile in Patients With
Schizophrenia Than in Control Subjects

Our analysis of dynamic connectivity further revealed that
interactions among the SN, CEN and DMN were less
persistent and short lived. Moreover, our results point to an
intermittent lack of integration of the SN with the CEN and
decoupling of the SN from the DMN in schizophrenia. This
pattern underlies the more variable and reduced SN-
centered dynamic interactions with the CEN and DMN that
we detected in the patient group. Crucially, our findings also
demonstrate that such time-varying properties of functional
interactions among the three networks provide a better
framework for investigating the underlying pathophysiology
of schizophrenia because they capture the dynamic
engagement as well as the disengagement of relevant brain
circuits.

SN-Centered Dynamic Connectivity Measures
Distinguish Patients With Schizophrenia From
Control Subjects

To determine the robustness of our findings, we used a
machine learning approach to examine the extent to which
dynamic and static measures associated with SN connec-
tivity were distinct in patients versus control subjects. We
found that SN-centered dynamic cross-network interactions
distinguished patients from control subjects with high
classification accuracy within each cohort as well as across
the two cohorts. Furthermore, when compared with CEN-
and DMN-centered NII measures, SN-centered dynamic
cross-network interactions showed the highest discrimina-
tion rates between patients and control subjects in both
cohorts, separately as well as across the two cohorts (see
Supplement for details). Again, these findings were specific
to dynamic NII measures, as static measures resulted in
classification accuracies that were not significantly different
from the chance level in both cohorts. Previous classifica-
tion studies of patients with schizophrenia using static,
time-averaged, intrinsic functional interaction patterns as
features have reported accuracies better than chance level
(43). This discrepancy could be attributed to the large
number of features and relatively small number of partici-
pants used in these previous studies, which can cause
overfitting and elevated, but biased, classification
66 Biological Psychiatry January 1, 2019; 85:60–69 www.sobp.org/jou
accuracies. Furthermore, there is no neurobiological model
to interpret findings based on such a large number of brain-
wide features. Our approach overcomes these limitations
and demonstrates high cross-cohort classification rates
using theoretically informed features from cognitive control
systems.

Our findings suggest that aberrant SN-centered con-
nectivity with the CEN and DMN is a robust distinguishing
feature of schizophrenia. While the goal of the present work
was not to develop predictive biomarkers of schizophrenia,
our findings suggest that incorporating dynamic connec-
tivity measures associated with the SN will be an important
direction for future work that seeks to develop robust,
clinically meaningful biomarkers of schizophrenia (44).
Critically, in the context of the present study, our classifi-
cation analysis of SN-related features provides evidence for
aberrant functional brain organization in schizophrenia
within the triple-network model.

Aberrant SN-Centered Dynamic, but Not Static,
Network Interactions Predict Positive, but Not
Negative, Symptoms or Cognitive Abilities

Within the SN-centered network model examined here, CCA
revealed a distinct pattern of association between dynamic
brain connectivity and severity of positive symptoms in
patients. In particular, this pattern captures a positive as-
sociation between lack of dynamic engagement of the SN
with the CEN and DMN, and disorganized thoughts—that is,
patients with the least persistent and most volatile time-
varying SN-centered cross-network interactions exhibited
the most severe conceptual disorganization, in both co-
horts. Again, these effects were specific to dynamic
SN-centered connectivity measures but not CEN- and
DMN-centered measures. Further, consistent with other
findings reported above, these effects were observed for
dynamic, but not static, connectivity measures. Critically, no
significant relationship was observed between SN-centered
dynamic connectivity and negative symptoms or cognitive
abilities. Thus, our dynamic internetwork connectivity
measures allowed us to capture a crucial link to psychosis in
ways that previous studies could not (7,20,35,45–48). We
and others have previously reported that variations in the
morphology, metabolism, and neural activity of the SN
nodes are specifically related to positive symptoms (49),
especially disorganized behavior that was observed in both
cohorts (50–52). These results are consistent with our hy-
pothesis that abnormal attribution of salience to external
and internal stimuli is a core feature of schizophrenia and
may explain the genesis of psychotic symptoms (6). Given
that patients with very severe negative symptoms and
cognitive dysfunction are often not available for neuro-
imaging studies, the possibility of insufficient power to
demonstrate an association with the severity of these
symptom domains cannot be ruled out. Furthermore, such
associations may depend on inclusion of other cortical and
subcortical structures, and other large-scale brain networks
that were not considered here and transdiagnostic ap-
proaches with larger samples could capture the depth of
variability in cognitive abilities in relation to SN dysfunction
rnal
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(19,53). In either case, our findings suggest that links to
cognitive deficits may be secondary to psychosis.

Our findings provide further evidence in support for the
aberrant salience model (6) of psychosis and identify aberrant
dynamic interactions of the SN as a major factor that con-
tributes to this core symptom of schizophrenia. Although
Kapur’s original aberrant salience model is largely based on
midbrain dopaminergic signaling of reward-based salience,
recent extensions of the model have highlighted the role of
aberrant cognitive control systems in the formation of de-
lusions (6). Specifically, it has been suggested that any event,
such as an external stimulus or an internal mental event, be-
comes salient when it generates transient neural activity within
the SN that is large enough to trigger changes in other brain
systems (6,46). In particular, switching mechanisms between
CEN and DMN mediated by the SN (15) are likely to be crucial
for appropriate allocation of attentional and working memory
resources (6). Attributing salience to external stimuli and in-
ternal mental events whose processing places competing
demands on the SN and its internetwork interactions may thus
underlie the physiological basis underlying psychosis. Aber-
rations in SN circuit dynamics may lead to impaired weighting
of saliency and perceptual priors, processes that have now
been hypothesized to underlie hallucinations and disorganized
thought (54,55). Furthermore, abnormalities in monitoring in-
ternal and external salient events extend beyond attentional
capture and can also hinder adaptive updating of beliefs and
knowledge in response to communicative cues (56). Consis-
tent with this view, aberrant activity in the insula during
ambiguous sentence processing has been previously reported
in patients with psychosis (57). Taken together, these findings
provide novel evidence that aberrations in the SN and the
resulting impairments in salience attribution may contribute to
psychosis.
Conclusions

Our study demonstrates that dynamic, but not static, time-
varying measures of cross-network interactions among the
SN, CEN, and DMN are a prominent and robust feature of
schizophrenia. We identify dynamic cross-network in-
teractions anchored on the SN as a locus of aberrant con-
nectivity that distinguishes patients from control subjects
and predicts individual differences in psychosis but not
negative symptoms. Dynamic variations in SN-centered
connectivity may provide a useful framework for differen-
tial characterization of positive symptoms in the disorder.
Our findings, replicated across the two independent co-
horts, provide novel support for a triple-network model of
schizophrenia and provide a template for advancing future
research on the neurobiological mechanisms and bio-
markers of psychosis. Further studies are needed to
examine the longitudinal stability of aberrant SN circuit dy-
namics during different stages of illness and to identify
whether differences in clinical outcomes map on to varying
levels of SN dysfunction. The effects of sex, exposure to
medications, and long-term treatment on SN and triple-
network model circuit dysfunction also warrant investiga-
tion. An important challenge for future work is to develop
Biologica
treatments that target SN dysfunction to ameliorate the
debilitating effects of psychosis.
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