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confidence intervals of group means, and independent t-tests
demonstrating significantly lower brain (t(349.4)=−5.18,
p < 0.001, pFDR < 0.001; d=−0.55, 95% CI [−0.76, −0.33]) and
behavior (t(326.6)=−12.0, p < 0.001, pFDR < 0.001; d=−1.23,
95% CI [−1.46, −1.00]) scores in the SSD group versus the control
group. EA LD1 brain (t(327.9)=−2.01, p= 0.045, pFDR= 0.091;
d=−0.21, 95% CI [−0.42, 0.01]) and behavior (t(319.3)= 1.60,
p= 0.110, pFDR= 0.110; d= 0.17, 95% CI [−0.05, 0.38]) scores did
not differ significantly based on sex. Across participants, lower
brain and behavior scores were associated with increasing age
(r=−0.20, p < 0.001, pFDR < 0.001; r=−0.17, p= 0.002, pFDR=
0.002) and higher mean FD (r=−0.35, p < 0.001, pFDR < 0.001;
r=−0.26, p < 0.001, pFDR < 0.001) for EA LD1. In the SSD group,
greater CPZE was associated with lower EA LD1 brain (r=−0.22,
p= 0.003, pFDR= 0.003) and behavior (r=−0.32, p < 0.001,
pFDR < 0.001) scores.
For EA LD2, brain and behavior scores were also significantly

correlated in both SSD (r= 0.299, p < 0.001, pFDR < 0.001) and
control (r= 0.281, p < 0.001, pFDR < 0.001) groups, but diagnostic
groups were not distinguishable based on this LD (Fig. 3b). SSD
and control groups showed overlapping 95% bootstrap con-
fidence intervals, and did not differ significantly in brain
(t(340.8)=−1.8, p= 0.075, pFDR= 0.149; d=−0.19, 95% CI
[−0.40, 0.02]) or behavior (t(350.0)=−1.41, p= 0.159, pFDR=
0.159; d=−0.15, 95% CI [−0.36, 0.06]) scores. Though behavior
scores did not differ significantly by sex (t(297.9)=−1.79,
p= 0.075, pFDR= 0.075; d=−0.19, 95% CI [−0.41, 0.02]), female
participants at birth had lower brain scores than males
(t(317.7)=−2.78, p= 0.006, pFDR= 0.011; d=−0.29, 95% CI
[−0.51, −0.08]) for EA LD2. Across participants, higher brain and
behavior scores (reflecting worse performance) were associated
with increasing age (r= 0.30, p < 0.001, pFDR < 0.001; r= 0.24,
p < 0.001, pFDR < 0.001) and higher mean FD (r= 0.32, p < 0.001,
pFDR < 0.001; r= 0.15, p= 0.005, pFDR= 0.005). EA LD2 brain
(r= 0.01, p= 0.901, pFDR= 0.955) and behavior (r= 0.00,
p= 0.955, pFDR= 0.955) scores were not significantly associated
with CPZE in the SSD group.

Resting-State results
One LD from the resting-state PLSC survived the permutation test.
Resting-state LD1 reflected a relationship between better perfor-
mance across cognitive measures and increased connectivity
across the somatomotor and visual networks, and decreased
connectivity between the thalamus and these networks (Fig. 4).
This LD explained 85.6% of brain-behavior covariance (p= 0.001),
with a significant association between brain and behavior latent
variable scores across groups (r= 0.385, p < 0.001). All social and
non-social cognitive metrics loaded positively onto LD1, with all
but TASIT 2 sincere showing significant and stable loadings

(Fig. 4b). Of these, TASIT 1, TASIT 2 simple and paradoxical
sarcasm, TASIT 3 sarcasm, processing speed, verbal and visual
learning, and reasoning and problem solving were important
contributors to resting-state LD1 (Fig. 4a). Higher scores on these
cognitive metrics were associated with increased positive
connectivity within the somatomotor, primary and secondary
visual, auditory, and posterior-multimodal networks, and between
the somatomotor and both visual networks, secondary visual-
dorsal attention networks, and language-auditory networks,
among others (positive loadings; Figs. 4c and 4e). The same
behavioral patterns were also associated with decreased positive
connectivity between the ventral and dorsal anterior thalamus
and the somatomotor, primary visual, auditory, and language
networks, as well as decreased negative connectivity between
these subcortical regions and the secondary visual network
(negative loadings; Figs. 4d and 4f). A second LD was identified
that showed a similar behavioral pattern to EA LD2, including
generally poorer social cognition and enhanced non-social
cognition in relation to connectivity patterns, but it was non-
significant and explained only 2.5% of the brain-behavior
covariance (p= 0.48).

Resting-State post-hoc analyses
Brain and behavior latent variable scores for resting-state LD1
were significantly correlated in the SSD (r= 0.312, p < 0.001,
pFDR < 0.001) but not the control group (r= 0.0152, p= 0.85,
pFDR= 0.85). SSD and control groups also differed significantly in
resting-state LD1 (Fig. 5a) according to non-overlapping group
mean 95% bootstrap confidence intervals, and t-tests showing
significantly lower brain (t(301.5)=−9.42, p < 0.001, pFDR < 0.001;
d=−1.03, 95% CI [−1.25, −0.81]) and behavior
(t(328.13)=−12.2, p < 0.001, pFDR < 0.001; d=−1.24, 95% CI
[−1.47, −1.01]) scores in the SSD group compared to controls.
There were no significant sex-based differences in resting-state
LD1 brain (t(273.6)=−0.262, p= 0.79, pFDR= 0.79; d=−0.03,
95% CI [−0.24, 0.19]) or behavior (t(317.15)= 1.57, p= 0.12,
pFDR= 0.23; d= 0.17, 95% CI [−0.05, 0.38]) scores. Across
participants, brain scores were positively correlated with resting-
state mean FD (r= 0.14, p= 0.0089, pFDR= 0.013) but not age
(r= 0.02, p= 0.71, pFDR= 0.71), whereas behavior scores were
significantly negatively associated with age (r=−0.16, p= 0.0032,
pFDR= 0.018) but not mean FD (r=−0.05, p= 0.34, pFDR= 0.45).
CPZEs were significantly negatively correlated with both brain
(r=−0.21, p= 0.005, pFDR= 0.005) and behavior (r=−0.31,
p < 0.001, pFDR < 0.001) scores in the SSD group.

Robustness and stability analyses
Both the 10-fold and 4-fold cross-validation analyses demon-
strated significant reliability via high correlations between

Fig. 1 EA Latent Dimension (LD) 1. EA LD1 (a) behavioral effect sizes (b) and loading stability. a Contributions of behavioral variables for EA LD1.
Contributions are calculated as the squared loadings and quantify the amount of variance contributed to the LD by each variable, indicating
the effect size. The direction of the contributions reflects the loading direction. Variables with contributions that exceed the dashed line,
which represents the average contribution, can be considered important [110]. Asterisks indicate those that were significant and stable
according to bootstrap ratios. b Bootstrap ratios of behavioral loadings for EA LD1. A bootstrap procedure was used to identify variables with
loadings significantly different from 0. The dashed line denotes our threshold of 2.6, corresponding to the critical value of Z at p= 0.01 (a
value of 2 corresponds to p= 0.05). Important variables that were also significant and stable included the RMET, TASIT 1, TASIT 2 simple
sarcasm, TASIT 2 paradoxical sarcasm, TASIT 3 sarcasm, processing speed, working memory, verbal learning, and visual learning. EA LD1
contributions of connectivity variables with significant and stable (c) positive and (d) negative loadings. c Positive loadings reflect increased
connectivity in relation to better cognitive performance, and d negative loadings reflect reduced connectivity in relation to better cognitive
performance. The regions of interest (ROIs) are organized according to the 12 Cole-Anticevic resting-state networks [60], and the subcortical
regions [59]. Positive and negative connections (based on original mean sample connectivity values) are shown in red and blue, respectively
(all significant and stable loadings were positive connections on average for EA LD1). EA LD1 mean within- and between-network contributions of
connectivity variables with significant and stable (e) positive and (f) negative loadings. Contributions depicted represent the sum of contributions
divided by the number of ROIs within each network and between each network for e positive loadings and f negative loadings. Positive and
negative connections are shown in red and blue, respectively (all significant and stable loadings were positive connections on average for
EA LD1).
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originally observed and predicted brain and behavior latent
variable scores (all r > 0.90, p < 0.001), and between the observed
and estimated brain and behavior loadings (all r >=0.90) for both
the EA and resting-state PLSC models (see Supplementary
Material). The proportion of variance explained by EA LD1, EA

LD2, and resting-state LD1 was also highly similar across folds for
both 10-fold and 4-fold analyses (see Supplementary Material).
PLSC results using only one EA run confirmed EA model stability,
with correlations of r > 0.90 between brain and behavior latent
variables across both significant LDs (see Supplementary Material).
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PLSC results for EA and resting-state after regressing out age, sex,
and mean FD also showed very similar patterns to the observed
results, with correlations of r > 0.80 between brain and behavior
latent variables across analyses for all significant LDs (see Supple-
mentary Material).

DISCUSSION
The present study used multivariate analyses to identify LDs
capturing relationships between social and non-social cognitive
performance and functional connectivity during social task-based
and resting-state fMRI, across a large sample of individuals with
SSDs and healthy controls. Though functional connectivity
patterns during social processing and at rest were both associated
with global cognition, our results suggest that social task-based
connectivity can delineate patterns and explain more of the
variance related to particular social cognitive functions than
resting-state connectivity. The first significant LD for both EA and
resting-state analyses distinguished between SSD and control
groups, and reflected a relationship between better overall
cognitive performance and some overlapping but largely diver-
gent functional connectivity patterns. Networks implicated in
processing dynamic multimodal and social stimuli preferentially
contributed during social processing, whereas somatomotor,
visual, and subcortical connectivity contributed most at rest. A
second LD was also significant for the EA task analysis, which did
not differentiate diagnostic groups, revealing an association
between worse EA performance and increased connectivity
between more socially relevant networks.
EA LD1 demonstrated a relationship between better cognition

and increased connectivity within and between networks involved
in processing dynamic multimodal stimuli (language, auditory,
somatomotor, and secondary visual networks) and socioemotional
processing, including the cingulo-opercular, frontoparietal, and
default networks that overlap with the simulation and mentalizing
networks [19]. This pattern likely reflects appropriate processing
and integration of the EA stimuli, including language, salient
sensory, and emotional information [76], in relation to better
overall cognitive performance. Despite distinguishing between
diagnostic groups, the significant correlation between brain and
behavior scores in both groups supports a continuous relationship
across participants, similar to the dimensional multivariate
relationship previously identified between white matter circuitry
and cognition (social and non-social) in the SPINS sample [77].
EA LD2 captured a relationship between worse EA performance

and increased connectivity between multiple socially relevant
networks, including the language, cingulo-opercular, default, and
frontoparietal networks, as well as dorsal attention and primary
visual networks, which may reflect social more than sensory
processing of the video stimuli. LD2 involved more between-

network connectivity compared to more within-network connec-
tivity observed in LD1, and did not differentiate between
diagnostic groups. These findings broadly align with previous
work from our group identifying greater positive functional
connectivity and reduced segregation between social cognitive
networks during the EA task [41], and inefficient network
activation patterns during an emotional imitation task [78], in
worse social cognitive performers across SSDs and healthy
controls. This increased connectivity between socially relevant
networks may indicate compensatory hyperconnectivity or
integration issues across these different networks in poorer social
cognitive performers [79, 80]. Such a pattern could represent
inefficient network activation and broader recruitment of regions
beyond those most relevant to the task, arising from increased
neural effort to achieve the same social cognitive process, or
engagement of qualitatively different processes [41, 78]. Aberrant
connectivity among the default, frontoparietal, and cingulo-
opercular (or salience) networks has also been linked to
depressive symptoms in schizophrenia [70, 81], which have been
associated with poorer social functioning [82]; however, relation-
ships between cognitive performance and depressive symptoms
in SSDs are complex and additional work is needed to clarify how
these processes interact, especially in the context of task-based
fMRI [83].
Interestingly, social cognitive metrics, and lower-level measures

in particular, were generally negatively associated with the
corresponding increased positive connectivity, whereas neuro-
cognitive measures were positively associated for EA LD2. These
findings align with evidence suggesting that social and non-social
cognition are at least partially dissociable constructs [6, 84, 85],
despite shared variance, which may differentially benefit from
network segregation for specialized social processing versus
integration for more cognitively demanding tasks [19, 86].
However, only EA scores exhibited significant and stable loadings
onto this LD, rather than robustly delineating lower- and higher-
level social cognitive and non-social cognitive constructs. These
results emphasize the utility of task-based paradigms to better
understand particular cognitive abilities, but could suggest that a
more hypothesis- versus data-driven approach may better
distinguish between connectivity profiles associated with corre-
lated cognitive domains.
Resting-state LD1 captured a relationship between better

general cognitive performance and increased somatomotor and
visual within- and between-network connectivity, as well as
decreased thalamo-cortical connectivity, which appeared to be
driven more by the SSD group. Prior resting-state fMRI findings in
SSDs versus healthy controls have highlighted somatomotor and
visual network dysconnectivity [87], including using functional
connectivity gradients in the SPINS sample [88], as well as
thalamic-somatomotor hyperconnectivity [89–92]. Lower-order

Fig. 2 EA Latent Dimension (LD) 2. EA LD2 (a) behavioral effect sizes (b) and loading stability. a Contributions of behavioral variables for EA LD2.
Contributions are calculated as the squared loadings and quantify the amount of variance contributed to the LD by each variable, indicating
the effect size. The direction of the contributions reflects the loading direction. Variables with contributions that exceed the dashed line,
which represents the average contribution, can be considered important [110]. Asterisks indicate those that were significant and stable
according to bootstrap ratios. b Bootstrap ratios of behavioral loadings for EA LD2. A bootstrap procedure was used to identify variables with
loadings significantly different from 0. The dashed line denotes our threshold of 2.6, corresponding to the critical value of Z at p= 0.01 (a
value of 2 corresponds to p= 0.05). EA was the only important contributing variable identified as significant and stable. EA LD2 contributions of
connectivity variables with significant and stable (c) positive and (d) negative loadings. c Positive loadings reflect increased connectivity and
d negative loadings reflect reduced connectivity in relation to decreased social cognitive and increased non-social cognitive performance. The
regions of interest (ROIs) are organized according to the 12 Cole-Anticevic resting-state networks [60], and the subcortical regions [59].
Positive and negative connections (based on original mean sample connectivity values) are shown in red and blue, respectively (all significant
and stable loadings were positive connections on average for EA LD2). EA LD2 mean within- and between-network contributions of connectivity
variables with significant and stable (e) positive and (f) negative loadings. Contributions depicted represent the sum of contributions divided by
the number of ROIs within each network and between each network for e positive loadings and f negative loadings. Positive and negative
connections are shown in red and blue, respectively (all significant and stable loadings were positive connections on average for EA LD2).
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sensory impairments are also common in SSDs and may broadly
influence downstream cognitive functions [93, 94]. A recent
transdiagnostic PLS analysis, including schizophrenia, also similarly
identified a LD characterized by broad non-social cognition and
resting-state somatomotor and visual network connectivity,
though they were negatively related [28]. Notably, our analyses
did not delineate significant relationships specific to social
cognition for the resting-state data, and though some default
network connectivity contributed to resting-state LD1, it did not
feature prominently. A review of studies examining non-social
cognition and resting-state functional connectivity in schizophre-
nia similarly provided evidence for shared neural correlates
underlying a generalized cognitive deficit, including aberrant
subcortical-cortical, as well as default and cingulo-opercular
connectivity [27]. More broadly, whole-brain resting-state func-
tional connectivity patterns have been associated with positive
versus negative traits [95] and used to predict fluid intelligence
[96], personality dimensions [97], and brain maturity/age [98, 99]
in large typically developing and/or community samples. Overall,
the resting-state LD appeared to involve network dysfunction
often implicated in SSDs and other psychiatric disorders, aligning
with this LD being driven by the SSD group, but did not
distinguish between aspects of cognition, suggesting that it is
generally informative but lacks cognitive specificity.
Across EA and rest, LD1 reflected associations between global

cognition and functional connectivity patterns across several
networks, with more secondary visual, somatomotor, dorsal
attention, and thalamic connectivity contributing at rest and EA
featuring more association networks. This suggests that general
social and non-social cognition are represented by widespread

brain connectivity, aligning with literature demonstrating associa-
tions between connectivity across the whole brain and overall
cognitive ability (the ‘g’ factor) [100, 101]. Interestingly, though
both EA and resting-state LD1 distinguished between diagnostic
groups, brain and behavior scores were not significantly correlated
for controls during rest. Thus, the EA task appears to reveal
dimensional functional connectivity-cognition relationships across
SSDs and controls, as well as case-control differences, whereas the
unconstrained nature of resting-state data may emphasize
broader diagnostic differences [38]. Further, the EA task PLSC
analysis identified two significant LDs, with the second reflecting
EA in particular, whereas the resting-state PLSC identified only
one. Naturalistic and task-based fMRI have been found to increase
sensitivity to behavioral differences and allow for greater
interpretability and experimental control [32–34]. Some work
has also suggested that resting-state connectivity may be less
congruent with task-evoked activation during social perception in
people with schizophrenia than healthy controls [102]. Taken
together, these results highlight the importance of selecting
imaging metrics and paradigms tailored to your research question,
where task-based imaging may be preferable for understanding
specific cognitive domains and behavioral metrics [103].
Though post-hoc analyses demonstrated relationships between

brain and behavior scores across the identified LDs and both age
and motion during scanning, it is reassuring that we see similar
patterns emerge when we regress out the effects of age, sex, and
mean FD prior to PLSC analyses. Regarding other potential
limitations, the significant association between EA and resting-
state LD1 brain and behavior scores and CPZEs in the SSD group
suggests that greater antipsychotic medication load is associated

Fig. 3 EA Behavior and Brain Scores by Diagnostic Group. EA (a) Latent Dimension (LD) 1 and (b) LD2 Behavior and Brain Scores by
Diagnostic Group. Scatterplots depict the association between behavior and brain connectivity latent variable scores, with individual
participant data points colored by diagnostic group. Triangles represent group means with ellipsoids showing 95% bootstrap confidence
intervals, where non-overlapping confidence intervals indicate a significant difference between groups. Boxplots depict brain (left) and
behavior (right) latent variable scores by diagnostic group.
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with worse general cognition, aligning with some evidence
suggesting that antipsychotic medication negatively impacts
cognition [104], though results are mixed and there may be
confounding factors [105, 106]. Additional work examining the
relationship between antipsychotic medication and both

cognition and functional connectivity is needed. We examined
cortical and subcortical connectivity in the present analyses given
the availability and integration of corresponding atlas parcella-
tions, but the role of the cerebellum in social cognition has
recently been highlighted [107, 108] and future work should
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incorporate this region [109]. Our PLSC results are also inherently
constrained by the input variables included in these analyses and
the inclusion of different variables or parcellations may have
produced different results. While reproducibility and reliability
remain challenges in brain-behavior research, the present study
mitigates these concerns through using validated performance-
based cognitive measures, models with and without covariate
adjustment, and both 10-fold and 4-fold cross-validation analyses
to support the robustness of our findings. It should also be noted
that our resting-state scan duration was 7min based on accepted
practices at the time of collection, though our EA model stability
analyses suggest that the EA findings are highly consistent and
differences between the EA and resting-state results are not due
to scan duration or the amount of fMRI data acquired. None-
theless, external replication in independent samples will be critical
to substantiate our findings and confirm generalizability, and
longitudinal investigations are needed to assess scan-rescan
reliability and understand how these relationships may change
over time.
Our results suggest that functional connectivity patterns during

social processing and at rest are associated with both social and
non-social cognitive performance across people with SSDs and
healthy controls. Some overlapping, but largely divergent,
connectivity patterns appear to covary with better cognitive
performance during social processing compared to rest. In
particular, increased connectivity in more socially relevant net-
works during the EA task was negatively associated with lower-
level social cognitive performance. Dimensional relationships

across SSDs and healthy controls were also identified using the
EA task, whereas the resting-state findings appeared to be driven
more by the SSD group. These results provide support for the
value of task-based fMRI to identify dimensional functional
connectivity patterns associated with particular cognitive func-
tions that may not be disorder-specific.
Supplementary information is available at Molecular Psychiatry’s

website.
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