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Exacerbated negativity bias, including in responses to ambiguity, represents a common phenotype of internalizing disorders. Individuals
differ in their propensity toward positive or negative appraisals of ambiguity. This variability constitutes one’s valence bias, a stable
construct linked to mental health. Evidence suggests an initial negativity in response to ambiguity that updates via regulatory processes
to support a more positive bias. Previous work implicates the amygdala and prefrontal cortex, and regions of the cingulo-opercular
system, in this regulatory process. Nonetheless, the neurodevelopmental origins of valence bias remain unclear. The current study tests
whether intrinsic brain organization predicts valence bias among 119 children and adolescents (6 to 17 years). Using whole-brain resting-
state functional connectivity, a machine-learning model predicted valence bias (r = 0.20, P = 0.03), as did a model restricted to amygdala
and cingulo-opercular system features (r = 0.19, P = 0.04). Disrupting connectivity revealed additional intra-system (e.g. fronto-parietal)
and inter-system (e.g. amygdala to cingulo-opercular) connectivity important for prediction. The results highlight top–down control
systems and bottom–up perceptual processes that influence valence bias in development. Thus, intrinsic brain organization informs
the neurodevelopmental origins of valence bias, and directs future work aimed at explicating related internalizing symptomology.
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Introduction
Internalizing disorders are prevalent and costly psychiatric
disorders (Greenberg et al. 2015; Weinberger et al. 2018), and
increasing rates in children and adolescents have culminated in a
national emergency (American Academy of Child and Adolescent
Psychiatry 2021). A shared cognitive–behavioral phenotype of
internalizing disorders is an exacerbated negativity bias (Beck
1976; Williams et al. 2007; Daniel-Watanabe et al. 2022). For
instance, individuals with major depressive disorder are more
likely to remember negative stimuli and show a stronger
negativity bias than individuals without a psychiatric diagnosis
(Hamilton and Gotlib 2008; Gollan et al. 2016), and the degree
of negativity scales with symptom severity (Daniel-Watanabe
et al. 2022). Likewise, individuals with anxiety are more likely
to remember negative information (Mitte 2008) and interpret
uncertain threats as threatening (Eysenck et al. 1991; Williams
et al. 2007). Thus, the characteristic negativity of internalizing
disorders is a transdiagnostic feature, perhaps representing
an early target for intervention or an affective risk factor
informing mental health trajectories through adolescence and
into emerging adulthood (Beck 1976; Silvers and Peris 2023).

Certainly, biased affective evaluations wreak havoc on ratio-
nal and adaptive decision-making behavior, particularly in con-
texts marred by uncertainty (e.g. risk, ambiguity; Tversky and
Kahneman 1971), and also adversely impact psychological well-

being (Norris et al. 2011; Gollan et al. 2016). For instance, overly
negative evaluations bias motivational behavior (e.g. approach–
avoidance decisions; Krieglmeyer et al. 2010), limiting opportuni-
ties for positive outcomes (e.g. strengthening social bonds, novel
experiences). Notably, circumstances in daily life, including social
signals like facial expressions or language, are often emotionally
ambiguous. That is, the same signal can convey either positive or
negative valence. For example, a surprised facial expression can
convey positive (e.g. unexpected party) and negative outcomes
(e.g. a car accident). As a result, individuals show a stable ten-
dency toward more positive or negative appraisals of such signals
(i.e. valence bias; Neta et al. 2009; Neta et al. 2013; Harp et al. 2021).

Mounting evidence links a more negative valence bias to
poorer well-being, including subclinical internalizing symptoms.
In adulthood, a more negative valence bias is associated with
more severe symptoms of depression and anxiety (Park et al. 2016;
Neta and Brock 2021). Likewise, individuals with a more negative
valence bias show heightened stress and emotional reactivity
in both self-report and physiological measures (e.g. neuroticism,
cortisol response; Brown et al. 2017; Raio et al. 2021; Brock et al.
2022). Further, feelings of loneliness (Harp and Neta 2023), lower
levels of physical activity (Neta et al. 2019), and higher levels
of daily negative affect (Puccetti et al. 2023)—all of which are
associated with depression (Cacioppo et al. 2006; Ströhle 2009;
Dunkley et al. 2017)—are linked to a more negative valence bias.
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Nonetheless, the neural mechanisms driving an individual to
have a more positive or negative valence bias remain unclear.

Individual differences in valence bias are thought to arise from
a two-stage process characterized by an initial negative appraisal
(Neta and Whalen 2010; Petro et al. 2021), which is subsequently
updated with a more positive appraisal in some individuals (Neta
and Whalen 2010; Neta et al. 2021). Evidence for this “initial
negativity hypothesis” (Petro et al. 2018) comes, in part, from
computer mouse-tracking (Freeman and Ambady 2010), in which
positive responses to ambiguous stimuli are initially attracted
to the competing (negative) response option (Brown et al. 2017;
Neta et al. 2021). The ability to update initially negative appraisals
with more positive, secondary appraisals in this way seems to
be linked with the use of cognitive reappraisal as a strategy for
emotion regulation (Neta et al. 2023; Harp et al. 2023). Given that
adolescence is a period of rich emotional development, perhaps
including the skills to override initial negativity (e.g. reappraisal;
Silvers and Peris 2023), it is a likely formative period for individual
differences in valence bias.

Prior work shows that children have a more negative valence
bias than adults (Tottenham et al. 2013; Marusak et al. 2017). That
said, negativity in early childhood is likely normative, whereas
persistent negativity in later stages of development seemingly
puts one at risk for internalizing disorders. For example, the link
between a more negative valence bias and depression symptoms
is evident after the onset of puberty (Petro et al. 2021), and
neurobiological changes during puberty seemingly underlie the
effect. The failure to develop a “mature” pattern of amygdala con-
nectivity—that is suggestive of emotion regulation (Andersen and
Teicher 2008; Gee et al. 2013)—confers a more negative valence
bias (Petro et al. 2021) and a heightened risk for internalizing
disorders (Phillips et al. 2008; Gee et al. 2013).

In adults, a task control (i.e. cingulo-opercular; Dosenbach
et al. 2007) system—including the anterior insula/frontal oper-
culum and the dorsal anterior cingulate cortex/medial superior
frontal cortex—plays a critical role in response to ambiguity
(Thompson-Schill et al. 1997; Sterzer et al. 2002; Neta et al. 2013,
2016). The cingulo-opercular system is crucial for the stable main-
tenance of the task set (Dosenbach et al. 2007) and for monitoring
ongoing task performance, particularly in challenging situations
(e.g. conflict, ambiguity; see Gratton et al. 2017; Neta et al. 2014,
2016). With relevance for valence bias, cingulo-opercular regions
show greater activity when judging the valence of emotionally
ambiguous stimuli (i.e. resolving the ambiguity) compared to
nonvalence judgments (i.e. ambiguity may not even be detected;
Neta et al. 2013). Thus, the cingulo-opercular system represents
another putative source of control or regulation that could shape
individual differences in valence bias.

Because each of these systems—(i) cortical regions function-
ally connected with the amygdala and (ii) the cingulo-opercular
system—could shape an individual’s valence bias, we consider
the intrinsic organization within each system, between the two
systems, and with other functional systems (e.g. the visual sys-
tem). Intrinsic organization is often characterized via resting-state
functional connectivity (RSFC; Bullmore and Sporns 2009; Power
et al. 2011), which captures the history of coactivation among
brain regions throughout an individual’s life (Fox and Raichle
2007), perhaps related to ongoing learning and memory process-
ing (i.e. offline plasticity; Laumann and Snyder 2021). That is, vari-
ation in RSFC has the potential to inform individual differences
in behavior, and, in concert with machine learning algorithms,
is showing increasing promise for identifying “connectome fin-
gerprints” (Finn et al. 2015). RSFC can be leveraged to predict

characteristics like age (Nielsen et al. 2019), sex (Casanova et al.
2012), IQ (Santarnecchi et al. 2014), and clinical outcomes (e.g.
depression status; Craddock et al. 2009). Because the organization
of both cortico-amygdala connectivity (Andersen and Teicher
2008; Gee et al. 2013) and the cingulo-opercular system (Nielsen
et al. 2019) undergo substantial changes throughout development,
there may be unique patterns of resting-state connectivity that
underpin age-related differences in valence bias (Petro et al. 2021).

Here, we evaluated the contributions of RSFC, particularly in
(i) cortical regions coupled with the amygdala and (ii) the cingulo-
opercular system, to the prediction of valence bias in a sample
of children and adolescents. We used a machine learning algo-
rithm to predict valence bias, using approaches that identified the
predictive utility of RSFC at several scales (e.g. intra-system, inter-
system, system-free regions). Although we had specific hypothe-
ses, we began with a whole-brain approach. Then, we used a
hypothesis-driven examination of RSFC among regions coupled
with the amygdala as well as the cingulo-opercular system, both
jointly and individually. Finally, we probed the role of functional
brain systems in a more exploratory, hypothesis-free fashion by
selectively disrupting the relationship between functional con-
nectivity (at the system-, block-, and region of interest [ROI]
level) and valence bias in permutation sensitivity analyses (PSAs).
Our results inform the neurodevelopmental origins of individual
differences in valence bias that may illuminate variability in
subclinical internalizing symptomology.

Materials and methods
Participants
We recruited 192 children from the Lincoln, Nebraska commu-
nity. Of these, 160 completed a prescanning session, including
an assessment of valence bias (described below) and a scanning
session approximately 1 week later. Of these 160 participants,
41 were excluded prior to analysis due to completing a different
version of the valence bias task (n = 11; i.e. only including faces),
having an inadequate amount of data retained after motion cen-
soring (n = 13; described below), failure of alignment and regis-
tration of the imaging data into the target atlas space (n = 13), or
inaccurate responses in the valence bias task (n = 4; see below).
The final sample included 119 participants [M(SD)age = 10.60(2.93),
range = 6 to 17; 63 female, 56 male; 2 Asian, 6 Black, 98 White, 12
more than one race, 1 unknown race; 12 Hispanic/Latino, 106 not
Hispanic/Latino, 1 unknown ethnicity]. All participants (and their
legal guardian) confirmed understanding of the procedures and
provided written informed consent. All procedures were approved
by the local institutional review board.

Procedure
In a prescanning session, participants completed the valence bias
task, followed by a series of questionnaires beyond the scope of
the present report (see Supplemental Materials, Table S1) and
then by a mock scan. The valence bias task was completed in
either E-Prime (Psychology Software Tools, Pittsburgh, PA, USA) or
MouseTracker (Freeman and Ambady 2010). As in previous work
(Neta et al. 2009, 2013), participants completed a two-alternative
forced choice task in which images were categorized as either
positive or negative. The task comprised four blocks (two faces,
two scenes), each with 12 ambiguous and 12 clear trials (6 positive,
6 negative), for a total of 96 trials (48 ambiguous, 48 clear). The
faces included 34 discrete identities taken from the NimStim
(14 identities, 7 females, age 21 to 30 years; Tottenham et al.
2009) and Karolinska Directed Emotional Faces (20 identities, 10
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females, age 20 to 30 years; Lundqvist et al. 1998) sets, displaying
happy, angry, or surprised expressions. The scenes were selected
from the International Affective Picture System (Bradley and
Lang 2007) and were previously validated as being emotionally
ambiguous (Neta et al. 2013; Harp et al. 2021). The clearly positive
and negative images were used as within-subjects controls, such
that accuracy falling below 60% resulted in exclusion from the
study (n = 1 for inaccurate responses to positive images, n = 3 for
inaccurate responses to negative images), as in prior work (Harp
et al. 2021; Neta et al. 2019, 2023). Valence bias was calculated as
the percentage of negative categorizations for ambiguous faces
and scenes, excluding omissions (Neta et al. 2009).

Approximately 1 week after the pre-scanning session, partici-
pants were invited to return for the scanning session. Functional
scans included a passive face viewing task, an emotion regulation
task, and a resting-state scan (see Petro et al. 2021 for task details),
during which participants passively viewed a white crosshair on
a black background.

Image acquisition
Data were collected on a Siemens 3T Skyra scanner housed
within the Center for Brain, Biology, and Behavior at University
of Nebraska—Lincoln. Structural images were collected using
a T1-weighted MP-RAGE sequence (TR = 2.2 s, TE = 3.37 ms,
slices = 192 interleaved, 1 mm isotropic voxel size, FOV = 256 mm,
flip angle = 7 degrees, total acquisition time = 5:07). Two sets
of imaging parameters were used for resting-state functional
scans [Cohort 1 (n = 30): TR = 2.5 s, TE = 30 ms, slices = 42
interleaved, voxel size = 2.5 × 2.5 × 2.8 mm, matrix = 88 ×
88 mm, FOV = 220 mm, flip angle = 80o; Cohort 2 (n = 89):
TR = 1.0 s, TE = 30 ms, slices = 51, voxel size = 2.5 mm isotropic,
matrix = 84 × 84 mm, FOV = 210 mm, flip angle = 41o, multiband
factor = 8]. Resting-state scans were collected over three runs,
each approximately 5 min in length for a total of approximately
15 min of resting-state scanning.

Image preprocessing
Structural and functional images were registered to a target atlas
in Talairach space (Talairach and Tournoux 1988) created from
MP-RAGE scans of thirteen 7- to 9-year-old children (7 males)
and twelve 21- to 30-year-old adults (6 males) scanned on a
Siemens 3T MAGNETOM Trio scanner (TRIO_KY_NDC). Coregis-
tration of functional to anatomical images was completed with
Freesurfer. In the event of alignment failures, Analysis of Func-
tional Neruoimaging’s (AFNI) align_epi_anat script was used with
big, giant, or ginormous moves. Subjects for which this failed
to resolve the alignment issue were removed (n = 13). After con-
forming the structural scans to the target atlas space, cortical
reconstruction was completed in Freesurfer with the recon-all
command (Dale et al. 1999); then, scans were registered to fs_LR
surface space (Van Essen et al. 2012) and aligned with functional
data for functional connectivity processing (Gordon et al. 2016).

Functional connectivity processing
Functional connectivity processing included demeaning and
detrending of each functional run, regression of nuisance
variables (i.e. global signal, cerebrospinal and white matter
nuisance masks derived from Freesurfer and six rigid-body
motion parameters, motion derivatives, and Volterra expansion
of motion estimate; Friston et al. 1996), frame censoring and
interpolation of data within runs (discussed below), a temporal
band-pass filter (0.009 Hz < f < 0.08 Hz), and spatial smoothing
(6 mm full width at half maximum). To reduce motion-related

artifacts, framewise motion censoring, and global signal regres-
sion, a well-validated procedure for reducing head motion–related
artifacts (Power et al. 2014), were implemented. More specifically,
preprocessing realignment estimates were used to determine
framewise displacement (FD), and frames with greater than
0.2 mm FD were censored (removed) prior to analysis (see Power
et al. 2014; Nielsen et al. 2019). After framewise censoring, data
segments with less than five contiguous frames were removed.
The remaining number of frames from any given functional run
needed to reach at least 50 frames to be included in the analysis.

ROIs
We extracted RSFC time series from 264 whole-brain ROIs (10 mm
diameter; Power et al. 2011). Then, we correlated the time series
from each ROI to produce a correlation matrix, normalized using
a Fisher z-transform, representing each individual’s RSFC. RSFC
from these ROIs revealed organization of separable functional sys-
tems, consistent with extensive previous research (e.g. Dworetsky
et al. 2021; Nielsen et al. 2019; Power et al. 2011; Yeo et al. 2011).
In addition to these ROIs, a task-based amygdala “system” that
included 26 additional ROIs (10 mm diameter) was defined using
a seed-based approach and added to the set of 264 ROIs (Power
et al. 2011). We defined this amygdala system to provide cov-
erage of bilateral amygdala and functionally connected regions
(i.e. “amygdala network”), given prior work linking amygdala–
prefrontal coactivity to individual differences in valence bias
(Petro et al. 2021).

The two seeds, one in left (Talairach: −20, −2, −13) and one
in right (Talairach: 32, 2, −16) amygdala, were identified based
on task activation in prior work (Petro et al. 2018). Resting-state
functional runs were concatenated using 3dTcat in AFNI, and
every remaining voxel in the brain (i.e. any voxel outside the
seed regions) was correlated with both seed regions. Group-level
statistics were completed using AFNI’s 3dttest++ and the clust-
sim option to correct for multiple comparison (Cox et al. 2017).
Cluster thresholds were then applied using AFNI’s 3dClusterize
(Cox et al. 2017), and spherical ROIs were created at the center
of mass coordinates of surviving clusters. The ROIs then signif-
icantly correlated—positively or negatively—with the amygdala
seed regions were plotted to the brain and examined for overlap
with the 264 ROIs described above. This resulted in 26 clusters
correlated with the left amygdala and 23 clusters correlated with
the right amygdala (49 clusters + 2 seeds = 51 total). Eleven of the
ROIs from either the left or right amygdala group were overlapping
with another amygdala-derived ROI (e.g. a cluster correlated with
the left amygdala overlapped with a cluster correlated with the
right amygdala); thus, we removed one of the overlapping ROIs
from each pair (left vs. right at random). Fourteen of the remaining
ROIs overlapped with one of the already existing 264 ROIs (Power
et al. 2011). After removing the 14 overlapping ROIs (see Table S2),
the remaining 26 ROIs (10 mm diameter) were combined with
the set of Power et al.’s (2011) 264 ROIs. Altogether, there were
290 ROIs.

Support vector regression
Support vector regression (SVR), an extension of support vector
machines, leverages multivariate (e.g. RSFC) patterns to optimize
a model for predicting continuous labels. Specifically, the patterns
among a set of features (here, 41,905 functional connections
among 290 ROIs—or some subset of these features) and labels
(here, observed valence bias) in a training sample are used to
build a model that is applied to a testing sample. To do this, 10-
fold cross-validation (CV) was used, such that in each fold, the
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SVR model was built using 90% of the sample and then patterns
identified in the training sample were tested on the remaining
10% of the sample, and this process is repeated 10 times. To
assess performance of the SVR models, we report the correlation
between observed and predicted valence bias in the full sample
using Spearman’s rho. We implemented two feature interrogation
approaches: (i) feature selection and (ii) feature permutation.

Feature interrogation
Because SVR models combine complex information across mul-
tiple features, it is challenging to directly interpret the relative
importance of single features without further interrogation. As
such, we implemented both targeted, hypothesis-driven (feature
selection) and brain-wide, hypothesis-free (feature permutation)
feature interrogation approaches that manipulate the features
available for SVR and measure the impact on prediction. More
specifically, a targeted, hypothesis-driven approach to feature
interrogation is feature selection, that is, selecting and testing
a model using only hypothesized features associated with ROIs
assigned to functional systems of a priori interest (e.g. connec-
tions shared with cingulo-opercular system ROIs). As such, one
can determine whether the connections associated with a sys-
tem of interest is sufficient for constructing a predictive model.
Conversely, a brain-wide, hypothesis-free approach to feature
interrogation might iteratively examine the importance of each
functional system by selectively permuting the data used for
testing to disrupt features associated with a given functional
system and measuring the impact on prediction. This approach
is known as feature permutation and can determine whether the
connections associated with a system are necessary for construct-
ing a predictive model.

Feature selection
First, we determined whether using only connections that
had at least one ROI in the two a priori systems of interest
(amygdala, cingulo-opercular)—either jointly or independently—
as features was sufficient for prediction of valence bias. To
determine whether the model built on the reduced feature set per-
formed well, we correlated observed and predicted valence bias
values.

Permutation sensitivity
Second, we implemented a more hypothesis-free brain-wide fea-
ture interrogation by testing the impact of selectively disrupting
connections on the prediction of valence bias. If a set of features is
important for predicting valence bias, permuting the true values
of these features would negatively impact prediction. We tested
whether the brain-wide patterns of functional connectivity that
predict valence bias were sensitive to disruptions at the level
of: (i) systems (i.e. inter- and intra-system connectivity for each
functional system), (ii) blocks (i.e. inter-system connectivity for
any single system or intra-system connectivity for any two sys-
tems), and (iii) ROIs (i.e. a system agnostic approach that assessed
connectivity involving a single ROI; Nielsen et al. 2022). See
Fig. 3C for a visual depiction of each level of permutation and the
Supplementary Materials for pseudocode.

In the first step, the relationship between the participants’
observed valence bias and the targeted features were permuted
for the test set in each fold of the cross-validation. Estimates of
valence bias were then generated using the SVR model for the
subjects in the test set with permuted features. This provides a
permuted R2 value (averaged across CV folds) which is subtracted
from the R2 value of the full, unpermuted model. This provides

Table 1. Covariate models.

Covariate Spearman’s rho P

Age 0.20 0.03
Motion (percent frames retained) 0.25 0.005
Experimental software 0.26 0.005
Sequence acquisition parameters 0.20 0.03
Full model (age, motion, sequence) 0.22 0.02

Note: Results of the SVR model when accounting for various covariates. The
full model could not include both the scanning parameters (sequence) and
experimental software given high levels of colinearity [r(117) = 0.90,
P < 0.001].

! R2. Negative ! R2 values represent worsened prediction after
disrupting the relationship between individuals’ valence bias and
their pattern of functional connectivity.

In the second step, in order to interpret differences in perfor-
mance between systems/blocks that are related to the different
number of features across different systems and blocks (Nielsen
et al. 2020), 1,000 size-matched, randomly selected feature sets
were generated as comparisons for each system-level and block-
level analysis. For example, the performance of the amygdala
system (26 ROIs and their connections) would be compared to
the performance of 1,000 size-matched sets of randomly selected
features (26 ROIs and their connections). This same strategy
was applied to the block-level analyses. Given that the ROI-level
includes only a single ROI and all its connections, a single set of
one thousand permutations were used for the null comparison.
The results of the ROI-level analysis are in the Supplemental
Material (Table S3, Table S4).

Results
Individual differences in valence bias are
associated with patterns of whole-brain RSFC
First, we tested whether 10-fold CV SVR could predict individual
differences in valence bias [M(SD) = 53.87 (18.49), range = 8.33 to
87.14; Fig. 1A] using patterns of whole-brain RSFC. That is, this
model used all 41,905 functional connections (edges) from the 290
ROIs (nodes; Fig. 1B and C). This whole-brain SVR captured a sig-
nificant proportion of the variance in valence bias [rs(117) = 0.20,
P = 0.03; R2 = 0.03].

We also tested for potential confounds, including age,
percentage of high motion frames, software, sequence acquisition
parameters, and a model accounting for several of these
covariates (experimental software and sequence acquisition
parameters were too colinear for inclusion in a single model);
none of these accounted for the model’s ability to predict valence
bias (see Table 1). We also attempted prediction of age (rs = 0.78,
P < 0.001) and percentage of correct negative categorizations
for the clearly positive (rs = 0.16, P = 0.07) and clearly negative
(rs = 0.25, P = 0.007) images. Although the model successfully
predicted categorizations of negative images, accounting for age
in the same model resulted in nonsignificant, inverted predictions
(rs = −0.09, P = 0.31). Altogether, the pattern of results indicate
that these potential confounding variables do not explain the
model’s ability to predict valence bias.

Using RSFC in the amygdala and
cingulo-opercular systems to predict valence bias
Next, we built models using a subset of connections with
at least one node in either of the two a priori systems of
interest: (i) combined amygdala and cingulo-opercular systems,
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Fig. 1. Whole-brain resting-state functional connectivity. A) Histogram of valence bias. B) 290 ROIs (nodes) distributed across the cortex. C) Average
correlation matrix (n = 119 children) depicting strength of connections (edges) among all 290 ROIs (nodes). The amygdala system is outlined in the
bottom right of the matrix.

Fig. 2. Hypothesis-driven feature selection. Visualization of feature selection and feature masking (gray) for analyses of the a priori systems of interest.
Because the RSFC matrix is symmetric, there are redundant features across the diagonal, in the upper and lower halves of the matrix.

(ii) amygdala system alone, and (iii) cingulo-opercular system
alone. The combined model predicted valence bias [rs(117) = 0.19,
P = 0.04, R2 = 0.04; Fig. 2A]. However, neither the amygdala
[rs(117) = 0.16, P = 0.08, R2 = 0.03; Fig. 2B] nor cingulo-opercular
system [rs(117) = 0.11, P = 0.22, R2 = 0.02; Fig. 2C] alone were
sufficient for predicting bias.

Multiple functional systems are important for
predicting valence bias
Next, we explored the impacts of perturbing connections of a
given functional system in a brain-wide, hypothesis-free manner.
Multiple functional systems predicted valence bias (see Table 2,
Fig. 3A. The cingulo-opercular (! R2 =−0.010, P < 0.001), fronto-
parietal (! R2 =−0.013, P < 0.001), visual (! R2 =−0.013, P = 0.02),
and subcortical systems (! R2 = −0.009, P < 0.001) emerged as
significant contributors, in that permuting their connections sig-
nificantly impaired predictive power. Disrupting the remaining
functional systems, however, including the amygdala system, did
not significantly impair prediction.

Neurobiological correlates of valence bias are
distributed across functional systems
To further specify the contribution of intra-system connectivity
(i.e. among ROIs within the same functional system) and
inter-system connectivity (i.e. among ROIs from two separate
functional systems), the connections among ROIs within a single
system or between two separate systems were tested against
random permutations of these connections. Interestingly, with the
exception of the fronto-parietal system (! R2 =−0.002, P < 0.001)
and unassigned system (! R2 = −0.002, P < 0.001), the functional
systems contributing to prediction at the system level appear
to be primarily driven by between-system connectivity (see
Fig. 3B). For example, connectivity between the cingulo-opercular
and the fronto-parietal (! R2 =−.001, P < 0.001), visual (! R2 =
−0.005, P < 0.001), and amygdala systems (! R2 = −.002, P < 0.001)
significantly contributed to prediction. The visual system also
showed effects of inter-system connectivity with the dorsal
attention (! R2 = −0.002, P < 0.001) and frontoparietal systems
(! R2 =−0.002, P < 0.001). See Table 3 for additional block-level
! R2 values.
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Fig. 3. System- and block-level PSAs. A) The diamonds represent the change in prediction when features of a given functional system are permuted.
Dots represent the distribution of 1,000 permutations for size-matched, randomly selected feature sets (i.e. the null comparison). The dashed line at 0
represents the R2 without permutation. Stars indicate systems for which permutation significantly impaired prediction (i.e. negative change in ! R2,
P < 0.05). B) Results of the block-level PSAs. Solid, filled blocks were significantly impacted following permutation (P < 0.05), whereas shaded blocks
(.05 < P < 0.10) and unfilled blocks (P > 0.10) did not. C) From left to right, depictions of the features selected for system-level, block-level, and ROI-level
PSAs. At the system level, all features associated with a single functional system are selected for permutation. At the block level, sets of features
within a single functional system (e.g. somatomotor dorsal to somatomotor dorsal) or between two functional systems (e.g. somatomotor dorsal to
visual) are selected for permutation. Lastly, at the system agnostic ROI level, the connections of a single ROI are selected for permutation. Note that,
because the matrix is symmetrical, SVR would only use the first instance of each feature (i.e. edge/connection), removing redundancy across the
matrix diagonal. SAL, salience; CO, cingulo-opercular; FP, fronto-parietal; VEN ATT, ventral attention; DOR ATT, dorsal attention; SM (D), somatomotor
(dorsal); SM (L), somatomotor (lateral); AUD, auditory; VIS, visual; MEM, memory; DM, default mode network; SUBCor, subcortical; CEREB, cerebellum;
UNASGN, unassigned; AMYG, amygdala.
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Table 2. Results of PSAs at the system level.

Functional system ! R2 P
(FDR-corrected)

Salience 0.011 > 0.99
Cingulo-opercular −0.010 < 0.001
Fronto-parietal −0.013 < 0.001
Ventral attention 0.002 > 0.99
Dorsal attention −0.005 0.13
Somatomotor (D) −0.002 > 0.99
Somatomotor (L) 0.003 > 0.99
Auditory −0.004 0.23
Visual −0.013 0.02
Memory −0.003 0.11
Default mode network −0.005 > 0.99
Subcortical −0.009 < 0.001
Cerebellar −0.001 0.67
Unassigned −0.010 0.08
Amygdala −0.009 0.11

Discussion
Exacerbated negativity is a common cognitive–behavioral pheno-
type of internalizing disorders (Beck 1976; Williams et al. 2007;
Daniel-Watanabe et al. 2022) and can be captured by variability
in response to ambiguity (i.e. valence bias; Park et al. 2016; Neta
and Brock 2021). Here, we show that intrinsic brain organization
can be used to predict this phenotype in a sample of healthy
children and adolescents. After using a whole-brain approach,
we tested a priori hypotheses that (i) regions functionally con-
nected to the amygdala and (ii) the cingulo-opercular system
would be sufficient for building a multivariate predictive model
of valence bias. Although the amygdala- and cingulo-opercular-
based models were insufficient, the joint amygdala and cingulo-
opercular model successfully predicted valence bias. In a series
of permutation analyses, we also found evidence for a role of
the cingulo-opercular system, in addition to the fronto-parietal,
visual, and subcortical systems (i.e. caudate nucleus, thalamus,
globus pallidus, putamen, and brainstem). Further, we identified
important “blocks” of inter-system connectivity, providing a more
fine-grained analysis of the connectivity across the whole brain.
The results further our understanding of the neural basis of
exacerbated negativity common to internalizing disorders, shed-
ding light on the neurodevelopmental origins of valence bias
and providing clinical insight into the neural basis of a common
phenotype of internalizing disorders.

Neurodevelopmental origins and the
mechanistic account of valence bias
As hypothesized, RSFC among regions functionally connected
to the amygdala and the cingulo-opercular system (Dosenbach
et al. 2007; Power et al. 2011) predicted individual differences in
valence bias. However, restricting the feature set to include only
connections with a node in either of the two systems was insuf-
ficient for prediction. That said, the cingulo-opercular system
emerged as a significant contributor to prediction in the system-
level PSAs, and cingulo-opercular to amygdala functional con-
nectivity emerged as important for prediction in the block-level
PSA. Previous findings implicate the cingulo-opercular system as
a key system for valence bias in adults (Neta et al. 2013), and
the resolution of ambiguity more broadly (Thompson-Schill et al.
1997; Sterzer et al. 2002; Neta et al. 2014, 2016; Gratton et al.

2017), but the present findings provide the first evidence that the
same task-control system is linked to valence bias in children.
Because patterns of cingulo-opercular connectivity are useful
for predicting age, even within the first month of life (Nielsen
et al. 2022), the predictive utility of the cingulo-opercular system
may, at least in part, be attributable to developmental changes
in cingulo-opercular connectivity (Nielsen et al. 2019). That said,
the model remained predictive of valence bias when controlling
for age, among other possible confounding variables. Though
the present findings are cross-sectional, future research could
characterize how cingulo-opercular connectivity and valence bias
change together throughout development.

Permutation analyses also indicated other functional systems
important for predicting valence bias, especially the visual
system, which emerged as a significant contributor in both
system- and block-level PSAs. This corroborates behavioral
evidence that manipulations of visual input modulate valence
bias (Neta et al. 2017; Neta and Dodd 2018). For example, a
visual spotlight paradigm, in which participants view faces
“through the eyes” of someone with a highly positive or negative
valence bias, revealed that the perceptual input associated with
a particular bias resulted in a congruent shift in the viewers’
own categorizations (e.g. more positive ratings when viewing
through the eyes of someone with a more positive bias; Neta
and Dodd 2018). The role of the visual system in prediction also
parallels recent findings of primary sensory cortices in prediction
of visual, auditory, and somatosensory domain-specific negative
affect (Čeko et al. 2022). Further, emotion category-specific visual
features are encoded in activity patterns distributed throughout
the human visual system; that is, emotional features can be
decoded both from emotional images themselves, as well as brain
activity measured during participants’ viewing of the images
(Kragel et al. 2019). Thus, visual system organization—especially
in conjunction with task-control systems—plays an important
role in shaping mental representations of emotional ambiguity.

Indeed, the block-level analysis revealed that the connectiv-
ity shared among the visual system with the cingulo-opercular,
fronto-parietal, and dorsal attention systems seem to be partic-
ularly important for prediction. The current mechanistic account
of valence bias—the initial negativity hypothesis (Petro et al. 2018;
Neta et al. 2021)—posits that regulatory processes override an ini-
tial negativity in response to emotional ambiguity. Interactions of
the visual system with the cingulo-opercular, fronto-parietal, and
dorsal attention systems might be the neural substrate through
which the regulatory process occurs, at least in childhood/adoles-
cence, as regions of the cingulo-opercular system communicate
with downstream processors in occipital cortex (e.g. fusiform and
extrastriate cortex) and the frontoparietal system exerts top–
down attentional control (Dosenbach et al. 2007, 2008). Thus,
the two control systems are well situated to contribute to indi-
vidual differences in valence bias via influence of the task set
and visual processing. Further, areal graphs of these functional
systems show that the cingulo-opercular, fronto-parietal, and
dorsal attention systems cluster relatively close together and
are centrally located in the network of brain systems relative
to more specialized processing systems (e.g. visual; Power et al.
2011). Altogether, these systems may collectively integrate the
regulatory processes that give rise to individual differences in
valence bias (i.e. orienting attention, generating (re)appraisals,
maintaining/choosing among appraisals; Neta and Dodd 2018;
Neta et al. 2023).

It is somewhat surprising that there was relatively little
evidence for involvement of the amygdala system, with the
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exception of the amygdala to cingulo-opercular block. For
example, one might expect the amygdala–visual system block
to emerge as a significant contributor to the models, given
evidence of feedback projections from the amygdala to occipital
cortex that modulate visual perception (Amaral et al. 2003). One
possibility is that, because the primary parcellation scheme used
here did not include amygdala (Power et al. 2011), our task-based
amygdala system could only include regions not already assigned
to another functional system. In other words, regions relevant
to regulating amygdala activity in the context of valence bias,
like the ventromedial prefrontal (Kim et al. 2003; Petro et al.
2021) or lateral prefrontal cortex (Petro et al. 2018), were not
considered if already assigned to other functional systems (i.e. the
default mode and fronto-parietal systems, respectively). Thus, it is
possible that regions functionally connected with the amygdala—
and relevant for prediction—were not assigned to the amygdala
system in the current parcellation, resulting in null PSA findings.
Alternatively, there may be redundancies in the information
encoded by amygdala–visual connections that are encoded in
other amygdala–prefrontal connections (e.g. amygdala-cingulo-
opercular), as valence-specific neural representations in visual
cortex appear to be influenced by anterior (prefrontal) signals (Bo
et al. 2021). That said, the nature of the null findings does not
provide confirmatory evidence against its involvement. Rather,
the results are inconclusive.

It is also worth noting the absence of evidence for a role of the
salience system. There remains confusion in the literature around
distinguishing the salience system (Seeley et al. 2007) from the
cingulo-opercular system (Dosenbach et al. 2007). Though both
systems are close anatomically, their patterns of RSFC are distinct
(see Dosenbach et al. 2007; Power et al. 2011) and there is a clear
distinction in the predictive power of the functional systems in the
present analyses. Although there is evidence that motivationally
salient stimuli—including external emotional signals (e.g. facial
expressions)—engage the salience system (Bartels and Zeki 2004;
Singer et al. 2004), it appears that the resolution of emotional
ambiguity is more related to variation in systems involved in task
control, maintenance, and orienting rather than systems relevant
for salience detection.

Clinical implications
The findings provide some clinical insight by informing the neural
basis of exacerbated negativity (Beck 1976; Williams et al. 2007;
Daniel-Watanabe et al. 2022). Because adults with a more negative
valence bias are at risk of elevated anxiety (Park et al. 2016) and
depression symptoms (Neta and Brock 2021), and adolescents who
fail to develop regulatory patterns of frontoamygdalar connectiv-
ity also show heightened depression symptoms (Petro et al. 2021),
a persistent negative valence bias may represent a transdiagnostic
feature. Our results suggest possible neurobiological targets for
intervention during the crucial developmental period of adoles-
cence into emerging adulthood (Silvers and Peris 2023).

Certainly, the developmental shift from negativity to greater
variation in adulthood could, in theory, arise from numerous
neurobiological sources, but our findings point toward specific
mechanisms. For example, it could be the case that valence bias is
entirely learned from observation of others via intergenerational
transmission of learned fear (e.g. seeing parents react negatively
to ambiguous situations; Silvers et al. 2021), a learning process
that would likely be amygdala-mediated (Schultz et al. 2012;
Hermans et al. 2017). Although our findings do not refute
such a possibility, and the involvement of the amygdala-
cingulo-opercular block provides some evidence of amygdala

involvement, the findings suggest that variation in valence bias
is more readily detectable via intrinsic brain organization of task-
control and visual systems (in the current parcellation scheme).

The implication of cingulo-opercular and fronto-parietal task-
control systems in predicting valence bias suggests that dysregu-
lated control systems underlie the transdiagnostic tendency for
individuals with internalizing disorders to remember or attend
to negative information (Hamilton and Gotlib 2008; Mitte 2008;
Gollan et al. 2016). Relatedly, others report links between cingulo-
opercular system connectivity patterns and pediatric anxiety dis-
orders (e.g. generalized anxiety disorder; Becker et al. 2023). As
such, future efforts should examine whether cingulo-opercular
system activity mediates the association between a more negative
valence bias and heightened internalizing symptoms (Park et al.
2016) and whether interventions that shift valence bias (e.g. mind-
fulness training; Harp et al. 2022; Neta et al. 2023) or disrupt the
cingulo-opercular system (e.g. via transcranial magnetic stimula-
tion; Yeager et al. 2021) may reduce persistent negativity.

Strengths, limitations, and future directions
Despite recent suggestions that reproducible associations of
between-person brain and behavior relationships require sample
sizes greater than 1,000 participants (Marek et al. 2022), we
built a cross-validated model in a sample of 119 children and
adolescents. As such, we provide evidence that coupling robust
and reliable measures that maximize individual differences in
behavior, like the valence bias task (Neta et al. 2009, 2013), with
rigorous statistical approaches (e.g. cross validation, permutation
analyses Nielsen et al. 2019, 2022) can provide sufficient data for
predictive models (Spisak et al. 2023).

That said, this work is not without its limitations. Although the
use of internal cross-validation maintains the independence of
training and testing data in model development, a more rigorous
test of the model’s generalizability is application to external
data (Scheinost et al. 2019). To facilitate this endeavor of future
research, we have shared the weights of our model on Open
Science Framework (https://osf.io/x8pmc/). In future work, we
intend to pursue prediction from task-based fMRI, too, which
may explain additional variance in valence bias (Elliott et al.
2019). Further, the role of primary sensory cortices in determining
bias could be addressed by delivering auditory presentations of
emotionally ambiguous words (Harp et al. 2021).

Conclusion
In brief, we provide a first step toward uncovering the origins of
valence bias in childhood and adolescence, a crucial period of
development that informs mental health trajectories for decades
to come. We show that variation in intrinsic brain organization
contributes to individual differences in valence bias, indicating
that intrinsic brain organization represents at least one source
of variability that explains why some individuals have a more
negative bias and others are more positive. Further, the findings
provide the first evidence for a role of the cingulo-opercular
system in valence bias in childhood and adolescence, an effect
that dovetails with research in adults (Neta et al. 2013). Lastly,
the results identify a group of functional systems (i.e. cingulo-
opercular, fronto-parietal, and visual) that appeared in both the
system- and block-level PSAs, and thus may be involved in the
regulatory processing that gives rise to individual differences in
valence bias. As such, the results provide novel insight into the
neural basis of a cognitive–behavioral phenotype of internalizing
disorders and directions for future research that will be crucial
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in reducing the prevalence and burden of internalizing disorders
(Greenberg et al. 2015; Weinberger et al. 2018; American Academy
of Child and Adolescent Psychiatry 2021).
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