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ABSTRACT

BACKGROUND: Conduct disorder (CD) is associated with deficits in the use of punishment for reinforcement learning
(RL) and subsequent decision making, contributing to reckless, antisocial, and aggressive behaviors. Here, we used
functional magnetic resonance imaging (fMRI) to examine whether differences in behavioral learning rates derived
from computational modeling, particularly for punishment, are reflected in aberrant neural responses in youths with
CD compared with typically developing control participants (TDCs).

METHODS: A total of 75 youths with CD and 99 TDCs (9-18 years, 47% girls) performed a probabilistic RL task with
punishment, reward, and neutral contingencies. Using fMRI data in conjunction with computational modeling indices
(learning rate o), we investigated group differences for the 3 learning conditions in whole-brain and region of interest
(RQI) analyses, including the ventral striatum and insula.

RESULTS: Whole-brain analysis revealed typical neural responses for RL in both groups. However, linear regression
models for the ROl analyses revealed that only the response pattern of the (anterior) insula during punishment learning
was different in participants with CD compared with TDCs.

CONCLUSIONS: Youths with CD have atypical neural responses to learning from punishment (but not from reward),
specifically in the insula. This suggests a selective dysfunction of RL mechanisms in CD that contributes to pun-
ishment insensitivity/hyposensitivity as a hallmark of the disorder. Because the (anterior) insula is involved in
avoidance behaviors related to negative affect or arousal, insula dysfunction in CD may contribute to inappropriate
behavioral decision making, which increases the risk for reckless, antisocial, and aggressive behaviors in affected

youth.
https://doi.org/10.1016/j.bpsc.2025.01.003

Conduct disorder (CD) is a common mental disorder in youth
characterized by severe and persistent antisocial and
aggressive behavior (1). It is hypothesized that the behaviors
characteristic of CD may result from deficits in learning
mechanisms such as reinforcement learning (RL), which lead to
unfavorable behavioral patterns that in turn contribute to
impaired social functioning and can have a negative impact on
quality of life (2,3). RL describes an individual’s ability to adapt
their behavior by comparing the expected and actual out-
comes of actions (e.g., receiving or not receiving an expected
reward or punishment). Behavior is more likely to change when
a prediction error (PE) occurs, which signals a discrepancy
between the expected and actual outcome. Research high-
lights that PE signals are essential for updating behavior (i.e.,
deciding for or against a particular action to obtain a reward or
avoid punishment), thereby facilitating RL (4). Growing evi-
dence suggests that impaired RL observed in CD may be due
to difficulties in accurately assessing the value of potential
behavioral outcomes, particularly the value of punishment.
Behavioral deficits in learning to avoid punishment as well as in
making decisions under risk (i.e., when potential losses are
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imminent) have consistently been shown in youth with CD,
reflecting punishment insensitivity or hyposensitivity (5-7).
The neuronal underpinnings of RL have been investigated
across various experimental tasks and study populations
(including CD), highlighting regions such as the (ventral) stria-
tum (VS), prefrontal areas, amygdala, and insular cortex as key
brain regions for RL (8). In the context of CD, functional mag-
netic resonance imaging (fMRI) studies by White et al. (9-11)
revealed reduced responses in the insula, ventromedial pre-
frontal cortex (vmPFC), anterior cingulate cortex (ACC), and
striatum in youths with pervasive conduct problems (including
those with CD and/or oppositional defiant disorder [ODD]),
particularly when processing expected values while making
choices to avoid punishment in a passive avoidance learning
task. The meta-analysis by Alegria et al. (12) that focused on a
variety of reinforcement-based decision-making paradigms
also revealed reduced responses in the vmPFC, ACC, and
insula among youths with CD and/or ODD [see also the review
by Blair et al. (13)]. According to Fairchild et al. (14), the
abovementioned regions (i.e., VS, vmPFC/orbitofrontal cortex
[OFC], ACC, and insula) that showed altered response patterns
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in youths with CD are important for outcome valuation. There-
fore, they are central for RL and decision making, particularly for
learning how to avoid punishment. However, a subsequent
review and meta-analysis by Dugré et al. (15) that focused on
conduct problems and antisocial behaviors more generally,
including fMRI studies with youth as well as adults, concluded
that the reviewed studies provide rather inconsistent results
regarding the directionality of response patterns in core regions
relevant to RL in affected individuals compared with healthy
controls. More crucially, their meta-analytic results on the few
studies of punishment and reward processing (i.e., not neces-
sarily RL paradigms alone) did not show statistically significant
response differences in RL-relevant regions of antisocial and
typically developing individuals, which underlines the need for
further systematic studies on reinforcement-based decision
making (including RL from punishment and reward) to clarify the
role of RL dysfunction in CD.

More recently, studies have started to utilize computational
modeling to better understand RL mechanisms and the
involved brain regions in typical and atypical populations.
Computational modeling allows researchers to fit theory-
informed RL models to behavioral learning data to explain
the behavioral and related neural responses that underlie trial-
by-trial learning from punishment and/or reward (16). A prev-
alent model used in the field is the Rescorla-Wagner model,
which is an RL model based on PEs (17). Interestingly, Hauser
et al. (18) used the Rescorla-Wagner model successfully in
typical youths to investigate RL from reward and punishment,
confirming the striatum, amygdala, vmPFC, and insula as
important regions for RL.

Building on this previous work, in the current study, we
aimed to further explore the differences in RL at the neural level
in youths with a confirmed CD diagnosis compared with typi-
cally developing control participants (TDCs). Participants per-
formed a probabilistic RL task with punishment, reward, and
neural contingencies during fMRI. Specifically, we examined
the VS, insula, ACC, amygdala, and vmPFC/OFC as regions of
interest (ROIs) using model-based fMRI with PEs as parametric
modulators derived from computational modeling. We ex-
pected that using PEs as parametric modulator would help to
best capture the blood oxygen level-dependent signal to
reveal group differences in the neural response patterns (19),
particularly in relation to RL from punishment, thus reflecting
punishment insensitivity/hyposensitivity as a hallmark of youth
with CD (5,20). However, in view of the mixed findings in the
relevant literature (15), we refrained from making any direc-
tional predictions. Because most of the previous research
studied predominantly male samples, less is known about
neural responses that underlie RL in girls with CD. Accordingly,
we explored the influence of participants’ sex on differential
brain responses in participants with CD versus TDCs in the a
priori ROls.

METHODS AND MATERIALS

Participants

For this study, 248 (fMRI-eligible participants between 9 and
18 years of age were recruited at Aachen, Germany and
Southampton, United Kingdom through community outreach,
youth offending services, mental health clinics, and welfare

institutions. This was a subsample of the European multisite
FemNAT-CD (Neurobiology and Treatment of Female Conduct
Disorder) cohort (21) and was investigated in a previous study
by Elster et al. (20). We excluded 11 participants with CD and
15 TDCs due to missing responses in the experimental task
(i.e., more than 5 missing trials in each run and condition) and
17 participants with CD and 31 TDCs due to various artifacts in
the imaging data (i.e., lack of quality in anatomical scans and/
or head movement during the task). This left a final sample of
174 participants (Aachen: n = 97, Southampton: n = 77)
including 75 participants with CD (29 girls) and 99 TDCs (53
girls). Overall exclusion criteria were autism spectrum disorder,
psychosis or schizophrenia, mania or bipolar disorder, genetic
syndromes, neurological disorders, and an IQ < 70. The study
protocol was approved by the local ethics committees, and
participants and their caregivers gave written informed con-
sent. Participants were compensated for their participation,
including the money that they gained during the RL task.

The 2 groups were specified as 1) CD (confirmed current
diagnosis of CD) and 2) TDC (no current psychiatric diagnoses
and no lifetime diagnoses of CD, ODD, or attention-deficit/
hyperactivity disorder). Diagnoses were based on DSM-IV-TR
criteria (22) assessed with the Kiddie-Schedule for Affective
Disorders and Schizophrenia for School-Age Children-Present
and Lifetime Version (K-SADS-PL) (23). The K-SADS-PL is a
semistructured clinical interview and was administered sepa-
rately to participants and their caregivers by trained staff
members. Total IQ was estimated with the Wechsler Intelli-
gence Scales (24). Callous/unemotional (CU) traits were
assessed by using the total score of the subscales remorse-
lessness, callousness, and unemotionality of the self-report
version of the Youth Psychopathic Traits Inventory (25). So-
cioeconomic status (SES) was estimated based on parental
income, education level, and occupation, normalized for the
participant’s country (26). There were no group differences in
sex distribution, but age, estimated 1Q, SES, and CU traits
differed between the 2 groups, with the CD group being slightly
older, having a lower IQ and lower SES, and higher CU traits
(Table 1).

Probabilistic RL Task

We used a probabilistic RL task during fMRI, which was
originally described by Kim et al. (27) and modified by Bau-
mann et al. (28), to measure neural RL responses based on
monetary punishment (PUN), monetary reward (REW), and
neutral (NEUT; i.e., nonreinforcing) contingencies (Figure S1).
Behavioral data collection and stimulus presentation were
controlled by MATLAB (version R2014a; The MathWorks, Inc.)
(29). The purpose of the task was for the participants to learn
from feedback which cues were associated with a higher
likelihood of reward or lower likelihood of punishment. By
learning these contingencies, participants could maximize their
monetary gains by choosing the more advantageous cue in
each condition.

Prior to performing the task, participants were told that in
each trial they would see one of the 3 different pairs of novel
cue stimuli (fractals), i.e., they were unknown to the partici-
pants at the beginning of the task. Each pair of cues marked
the onset of one of the 3 RL conditions (i.e., PUN, REW, and
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Table 1. Demographic and Clinical Characteristics of the
Sample

CD,n=75 TDC,n=99 Group Comparison

Sex
Female 29 53 ¥2y=321,p=.07
Male 46 46
Age, Years 14.9 2.4) 13.9(2.6) ti72=254,p <.05
Estimated 1Q 92.1 (10.8)  104.0 (10.8) t170=—7.07,p < .001
Socioeconomic —0.25 (0.87) 0.31 (0.98) ti7o=—-3.87,p <.001
Status
CU Traits, YPI 33.1(7.4) 28.9 (6.6) ti70 =3.98, p < .001
Subscale
CD Symptoms, 5.49 (2.28) 0.05 (0.22) t75 =19.8, p < .001
K-SADS-PL
Comorbidities
ODD 52 (69%) N/A -
ADHD 37 (49%) N/A -
MDD 24 (32%) N/A -
PTSD 11 (15%) N/A -
SUD 7 (9%) N/A -
GAD 5 (7%) N/A -
Psychotropic Medication
Methylphenidate 11 (14.7%) N/A -
Antidepressants 5 (6.7%) N/A -
Antipsychotics 3 (4%) N/A -
Atomoxetine 2 (2.7%) N/A -
Lisdexamfetamine 1(1.3%) N/A -

Values are presented as n, mean (SD), or n (%). All diagnoses are based on K-
SADS-PL.

ADHD, attention-deficit/hyperactivity disorder; CD, conduct disorder; CU,
callous/unemotional; GAD, generalized anxiety disorder; K-SADS-PL, Kiddie
Schedule for Affective Disorders and Schizophrenia for School-Age Children-
Present and Lifetime Version; MDD, major depressive disorder; N/A, not
applicable; ODD, oppositional defiant disorder; PTSD, posttraumatic stress
disorder; SUD, substance use disorder; TDC, typically developing control
participant; YPI, Youth Psychopathic Traits Inventory.

NEUT). The assignment of the cue pairs to the different con-
tingency conditions was counterbalanced across participants.
In each trial, participants were instructed to always choose by
button press (i.e., right or left) one of the 2 simultaneously
presented cues. Depending on their choices, participants then
received probabilistic feedback in the form of losing money
(PUN condition), winning money (REW condition), or obtaining
a neutral outcome (NEUT condition). It was stressed that,
based on the feedback, participants should learn to always
select the cue associated with the better outcome (i.e., 70%
[high] vs. 30% [low] probability of avoiding punishment in the
PUN condition or receiving a reward in the REW condition) to
win as much money as possible during the experiment. Each
participant started the experiment with €10 in Germany or £10
in the United Kingdom and was told that any wins or losses
would be added or subtracted, respectively, from this total. As
per instructions, participants were paid according to their
performance at the end of the experiment. The task lasted ~25
minutes (including short breaks of ~1 minute between runs)
and had 45 trials per contingency across 3 runs (i.e., 15 trials X
3 contingencies X 3 runs = 135 trials in total). The order of trials

was pseudorandomized to ensure that the same condition was
never presented twice or more consecutively and that there
were a similar number of trials in each condition. A more
detailed description of the task and task procedures can be
found in the Supplement and in Baumann et al. (28) and Elster
et al. (20).

Computational RL Modeling and Statistical
Analyses

We used the computational RL modeling parameters from our
previous study (20) to assess each participant’s individual
learning behavior in conjunction with fMRI data applying the
Rescorla-Wagner learning rule (17). The RL model that we used
belongs to the PE-based models and is able to estimate in-
dividual learning rates o and exploration parameters P. o rep-
resents the speed at which individuals update their expectation
of a certain outcome with newer information from trial to trial
(higher o = quicker and more efficient value updating), and
represents an individual’'s randomness in choice behavior
while learning (lower B = more consistent choices of the best
option) (16). Model fitting, comparison, and identifiability pro-
cedures revealed that 3 separate learning rates o and 3
separate exploration parameters 3, 1 for each of the 3 con-
tingencies, most accurately and parsimoniously captured the
learning behavior underlying the choices made by each
participant over the course of the experiment (i.e., this model
had best exceedance probability >.99, highest log model
evidence = —16,681, and lowest integrated Bayesian infor-
mation criterion = 33,164) (Figure S2). Information on param-
eter recovery can be found in Elster et al. (20).

First, we tested whether there were group differences
regarding o, using a repeated-measures analysis of variance
(ANOVA) with group (CD vs. TDC) and sex (male vs. female) as
between-subjects factors and condition (REW vs. PUN vs.
NEUT) as a within-subjects factor, followed by post hoc
comparisons in case of significant main or interaction effects.
The alpha level was set at .05. Effect sizes were calculated
using npz, where 0.01, 0.06, and 0.14 represent small, medium,
and large effects, respectively (30). Analyses were conducted
in R with RStudio (version 4.3.2) using the rstatix, emmeans,
and BayesFactor packages. Additionally, we calculated Bayes
factors (BFs) for post hoc comparisons using a BF that cor-
responds to how many times more likely the data are under the
alternative hypothesis than under the null hypothesis (i.e.,
BF40). A BF4o > 3 is considered substantial evidence in favor of
the alternative hypothesis. A BF o between 1/3 and 3 indicates
that the data cannot clearly differentiate between the 2 hy-
potheses, and a BF4g < 1/3 favors the null hypothesis (31).

fMRI Acquisition

T2*-weighted images were obtained with echo-planar imaging
using a 3T Siemens scanner (Aachen: Prisma, Southampton:
Trio) and a 20-channel head coil. Whole-brain volumes of 41,
3-mm thick transversal slices (TR/TE = 2500/30 ms; flip angle =
83°; FOV =192 X 192 mm2; matrix size = 64 X 64, and voxel
size = 3 X 3 X 3 mm®) were collected throughout 3 functional
runs. A total of 465 functional volumes (plus 5 dummy scans
per run allowing for T1 magnetic saturation) were acquired for
each participant. Prior to the functional runs, high-resolution
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T1-weighted structural images of the entire brain were ac-
quired using a magnetization prepared rapid acquisition
gradient echo (MPRAGE) sequence (TR = 1900 ms, TE
[Aachen/Southampton] = 3.4/4.1 ms; flip angle = 9°; FOV =
192 X 192 mm2; matrix size = 256 X 256, and voxel size =1 X
1 X 1 mm®). Each site underwent a site qualification procedure
before starting data collection to ensure comparability of MRI
data acquisition and quality [see Raschle et al. (32) for details].

Whole-Brain and ROl Data Analysis

fMRI preprocessing and analysis were conducted using
SPM12 (http://www.fil.ion.ucl.ac.uk/spm). Images were real-
igned to the first volume in the time series, anatomical scans
were coregistered to the mean image and spatially normalized
into a standard anatomical reference space, and spatial
smoothing was applied using a Gaussian kernel with a full
width at half maximum of 6 mm. To account for interscanner
variability and minimize site-related effects, ComBat harmoni-
zation was applied to preprocessed data features (i.e., aver-
aged beta weights from each ROI) prior to statistical analysis.
ComBat, which has been shown to be effective in multisite
imaging harmonization, adjusts for scanner differences while
preserving the biological variability relevant to the study (33).
Regression analysis was carried out on the preprocessed
functional time series of each participant using a general linear
model for an event-related design as implemented in SPM12.
For the whole-brain analysis, simple contrasts with model-
derived PEs (see Figure 1 and the Supplement for calcula-
tion) [see (16)] as parametric modulators at the time of outcome
were created for the REW, PUN, and NEUT conditions. Cue
onsets, choices, missing responses, and motion parameters
were entered as regressors of no interest.

At the second level, simple contrasts were entered into a
full-flexible ANOVA with group (CD vs. TDC) as the between-
subjects factor and condition (REW vs. PUN vs. NEUT) as
the within-subjects factor. We used a cluster extent threshold

e N
J\
+ +
‘ * ’ &7 12 v
You lost 20cent! )

Vi(t + 1) = V;(t) + a x PE;(t)
PE;(t) = r(t) — Vi(t)

Option Value:
Prediction error:

Figure 1. Punishment trial, option value, and prediction error (PE) calcu-
lation. An example trial of the reinforcement learning task for the punishment
condition is shown here. At trial onset, a pair of abstract cue stimuli is
presented. The participant then chooses one of them (the chosen cue is
subsequently shown brighter) and receives a probabilistically determined
outcome. Both of the cue stimuli have a specific option value V. For our task,
we have V; with i € [A, B] representing 2 possible options to choose from.
The value for a chosen option V; =t + 1 is updated with each new choice
and depends on the expected value V((t) that it had before and the PE(t)
combined with the learning rate o, where t represents the time point of
choice. PE{t) is derived from the comparison between the expected value
V(t) and the actual result of that choice r(t).

of k = 10 voxels in combination with a voxel-level threshold of
p < .001, which is a common approach for whole-brain ana-
lyses in the neuroimaging literature (34). This combination is
designed to balance sensitivity and specificity, ensuring robust
detection of significant clusters while maintaining a familywise
error—corrected significance level of p < .05, thereby effec-
tively controlling for multiple comparisons across the whole
brain (35).

Our a priori structurally defined ROIs comprised the right
and left VS, (anterior) insula, ACC, vimPFC/OFC, and amyg-
dala; we eventually used the bilateral masks because there
were no lateralization effects. They were analyzed using the
MarsBaR toolbox for SPM (36). MarsBaR extracts and aver-
ages time-series data within a predefined ROl and uses the
statistical tests implemented in SPM12 to evaluate the sig-
nificance of neural responses. By concentrating on specific
brain regions, ROl analyses enhance the sensitivity to detect
subtle effects. This is particularly useful when investigating
small or specific brain areas that often do not survive
correction for multiple comparisons at a whole-brain level.
Responses within ROIs were assessed using the standard
effects of interest F contrast in MarsBaR. This F contrast
tests for significant response patterns across groups and
conditions, as determined by our full-flexible ANOVA
approach at the second level in SPM12. Anatomical masks
for the ROl analyses were created in standard Montreal
Neurological Institute (MNI) space using the FSL Harvard-
Oxford atlas (37).

To better understand the influence of our model-derived
learning rates o on brain responses and to specifically test
our hypothesis of neural punishment insensitivity/hypo-
sensitivity in CD, we then fitted linear regression models for
each ROI that showed a significant effect in the ROl ANOVA
models. While ANOVA models are commonly used for
comparing group means, regression models allow for a more
flexible approach when dealing with a mix of categorical and
metric variables, especially when controlling for the effects of
other covariates. We analyzed the influence of the learning rate
o, on parameter estimates derived from the SPM ROI analysis
for each condition separately. The first model of each regres-
sion included the parameter estimates for the corresponding
RL condition (i.e., REW, PUN, or NEUT) as the dependent
variable and the corresponding « and group (i.e., CD, TDC) as
independent variables. To assess whether including sex as an
independent variable would improve model fit, we also tested
another regression model:

Regression model 1 : Parameter estimates; = «; = group (1)

Regression model 2 : Parameter estimates; = «; * group
+ sex x group

@

with ie [REW,PUN,NEUT]

We compared the regression models to determine which
model fit the data best using an ANOVA approach. We also
tested whether specific covariates, such as age, 1Q, SES, and
site of data collection, would further improve the model fit of
the regression models compared before. Below, we only report
the winning regression models, but all results can be found in
the Supplement.
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RESULTS

Learning Rates o

The repeated-measures ANOVA for the learning rates o
revealed a main effect of condition (F5 340 = 34.67, p < .001,
np2 = 0.17) but also significant interactions of group X sex
(F1.170 = 4.65, p < .05, 1,2 = 0.03), group X condition (Fzz40 =
5.30,p < .01, np2 = 0.08), and sex X condition (F2,340 =3.15, p
< .05, np? = 0.02). For the condition effect, the Bonferroni-
adjusted post hoc comparisons revealed that overall partici-
pants had a higher learning rate for PUN than REW and NEUT
(meanDiffe,ence [aREW - (lpUN] =-0.15;95% CI, —0.20 to —0.10;
p < .001; BFyo > 100; meanpiference [2pun — oneut] = 0.15;
95% Cl, 0.10 to 0.20; p < .001; BF4o > 100), while the learning
rates for reward and neutral did not differ significantly
(meanDiﬁerence [aREW - OcNEUT] < 0.01; 95% C|, —0.05 to 0.05;
p = .91; BF4o = 0.11). The post hoc comparisons for all inter-
action effects were nonsignificant (os > .15).

Whole-Brain Imaging Analyses

The whole-brain results are listed in the Supplement. We found
only a main effect of condition (Table S2), indicating different
brain response patterns in the insula, striatum, and ACC, as
well as in other regions that were not relevant to our hypoth-
eses (Tables S2-S5).

ROI Analyses

Subsequent ROI analyses were carried out on parameters
estimated from the 5 ROls to specifically test our hypothesis of
neural punishment insensitivity/hyposensitivity in participants
with CD compared with TDCs. Therefore, here we report only
the effect that was consistent with our hypothesis. The full
results of the ROl analyses, including the results for the reward
condition, which showed no relevant group effects (which
would indicate reward hyper- or hyposensitivity during reward
learning), can be found in the Supplement.

The response pattern of the insula was exclusively consis-
tent with the punishment insensitivity/hyposensitivity hypoth-
esis of CD: The linear model that best predicted the parameter
estimates in the punishment condition for the insula (which
showed a significant response in the F contrast: F =2.87, p <
.01) included the variables group, learning rate (apyn), s€x, and
site (but did not include the covariates age, |1Q, and SES):

PUNjpsya = group * apyn + group = sex + site 3)

This model explained a moderate proportion of the variance
(R? =14%, Fg 167 = 4.55, p < .001, R?gjustea = 11%). As shown
in Table 2, the individual predictors indicated that group, apyn;,
the interaction group X apyn (Figure 2), and the interaction
group X sex were significant predictors, while sex was not. It is
worth mentioning that this model showed a particularly large
effect size (doubled R? when only the anterior insula was
considered (Table S6).

DISCUSSION

In the current study, we aimed to test the punishment insen-
sitivity/hyposensitivity hypothesis of CD by examining differ-
ences in neural responses during RL between youths with CD
and TDCs through a combination of computational modeling

Table 2. Regression Coefficients From the Linear
Regression Model for Punishment Learning in the Insula

Explanatory Variables Estimate 95% ClI p Value
Group -3.82 -5.73 to —1.91 <.001
OpUN —-5.20 -8.83to —1.58 <.01
Sex -1.14 —2.76 to 0.48 A7
Site —-1.45 —2.51 to —0.40 <.01
Group X apyn 7.02 2.27 to 11.78 <.01
Group X Sex 2.90 0.77 to 5.03 <.01

apyN, punishment learning rate.

of RL behavior (i.e., the learning rate «) and fMRI responses in
core RL (i.e., PE-related) brain areas. Consistent with the
punishment insensitivity/hyposensitivity hypothesis, we found
that compared with TDCs, individuals with CD exhibited
altered neural responses to RL from punishment, particularly in
the (anterior) insula, while reward learning was unaffected.
Importantly, although some of the ROI analyses also revealed
interaction effects between sex and group, these effects were
unrelated to RL behavior, suggesting that girls and boys with

\F—values
0

Parameter estimates 03
punishment condition
S o
Qe
o
& o,
o "
L]
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o
o
o
o
0
o
®
° o2,
S0
®o o
00
oo
o
8cS%0
© 0o
OO @
038
%0
OO ©
° o

0.00 025 0.50 0.75 0.00 0.25 0.50 0.75
Learning rate o for punishment

cD TDC
* (N=75) ° (N=99)

Figure 2. The group X learning rate (a) interaction effect for the insula
response in the punishment condition. (A) The insula as region of interest
defined by the Harvard-Oxford atlas in blue with the neural response (in hot
colors) from the punishment > baseline contrast as indicated through the
color bar with peak response at [x = 39, y = 15, z = —3] Montreal Neuro-
logical Institute (MNI) coordinates. Response is thresholded at p < .001
uncorrected for display purposes, and the color bar indicates F values. (B)
The linear relationship between the response in the insula and the learning
rate for punishment (apyn) is reversed in participants with conduct disorder
(CD) vs. typically developing control participants (TDCs), suggesting that the
response pattern of the insula to learning from punishment is different in the
2 groups. The shaded areas around the regression line indicate the standard
error of the estimated response for the modeled linear relationship. A,
anterior; L, left; P, posterior; S, superior.
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CD show common alterations in the neural mechanisms of
punishment learning.

This larger-scale fMRI study of probabilistic RL in CD
considerably extends previous work by White et al. (9-11), who
also examined RL-based neural response patterns in smaller
samples of individuals with conduct problems (including in-
dividuals with CD and/or ODD). However, in contrast to our
study, White et al. applied a preset, generic learning rate for all
participants and RL conditions instead of individual learning
rates for each condition. This approach did not take 2 factors
into account: 1) that learning rates differ across individuals and
2) the so-called learning rate asymmetry, meaning that learning
rates in probabilistic RL tasks are typically higher for punish-
ment than reward (38); this was also observed here. Interest-
ingly, though, we could confirm a different PE-related insula
response in youths with CD compared with TDCs while
learning to avoid punishment [similar to White et al. (9)]. More
specifically, in the TDC group, we found greater (anterior)
insula responses to be associated with higher learning rates for
punishment. However, in the CD group this relationship was
reversed; in individuals with greater (anterior) insula responses,
punishment learning was worse. One could speculate that this
effect may reflect different styles of punishment learning that
characterize the 2 groups: when faced with punishment,
typical youth learn the value of it more quickly and efficiently
due to a stronger avoidance signal from the (anterior) insula
(39) and then adjust their behavior accordingly. In contrast,
youth with CD learn the value of punishment more slowly and
less efficiently in the context of enhanced (anterior) insula re-
sponses, which may contribute to a less risk-averse but more
harmful behavioral repertoire. Given the role of dopaminergic
signaling in the (anterior) insula when processing PEs that drive
RL, particularly from punishment (40), this insula finding may
suggest, at least in part, altered dopaminergic signaling in
youth with CD that potentially interferes with effective pun-
ishment learning and thus contributes to social norm violations
(41). However, correlating heterogeneity factors (such as indi-
vidual learning rates in CD vs. TDC groups) with task-related
fMRI parameter estimates should only be done with caution
and requires replication in follow-up studies to substantiate
conclusions based on such analyses (42).

Although the factor of group (i.e., CD vs. TDC) was a sig-
nificant predictor of differential ACC or amygdala responses in
the punishment learning condition, we did not find a significant
interaction effect with the behavioral learning rate for punish-
ment. The response patterns of the vmPFC/OFC and VS/nu-
cleus accumbens were also not consistent with our
hypotheses. These results underscore the complexity
(including heterogeneity) of the neural RL mechanisms that
underlie CD, as well as the challenge of replicating previous
study results using different methodologies [e.g., individual
learning rates in the current study vs. generic, nonindividual
learning rates as in (9)] and sample characteristics [e.g.,
confirmed CD diagnosis in the current study vs. a mixed
sample of youths with CD and/or ODD in (9)]. Therefore,
additional computational neuroimaging research that relates
individual learning behavior to PE-based neural response
patterns in youth with CD is warranted.

Our whole-brain analyses revealed a main effect of condi-
tion, indicating different response patterns in core RL brain

areas and in the occipital pole across the 3 conditions in the
entire sample. The activation in the occipital pole likely reflects
visual processing of feedback stimuli, which differs between
the 3 conditions. It is known that stimuli (such as rewards)
engage visual regions in reward-related tasks because par-
ticipants tend to process motivationally relevant outcomes
more extensively [e.g., (43,44)]. However, we found no signif-
icant group differences in this analysis, suggesting that neural
RL dysfunction in CD may be much more subtle (e.g., more
heterogeneous) and not as widespread in this population as
has been theorized (13). This idea fits well with the meta-
analytic results by Dugré et al. (15), who were unable to
reveal robust between-group response differences in core RL
circuits when they compared individuals with antisocial
behavior (including youths with CD) and TDCs who were per-
forming punishment and/or reward-processing tasks.

Our study has several strengths, including 1) a clinically
well-characterized and relatively large sample of female and
male youths with a reliable diagnosis of CD as well as TDCs
and 2) a rigorous methodological approach that combines
fMRI data and computational modeling of RL behavior to test
the punishment insensitivity/hyposensitivity hypothesis of CD.
However, the use of more advanced computational RL models
(45), modern statistical analysis approaches (46), and alterna-
tive experimental task designs (e.g., reversal RL tasks) in larger
samples (with sufficiently powered sex distributions) will likely
further deepen our understanding of aberrant punishment
learning in CD beyond the current status quo, including
possible sex-specific effects.

Conclusions

Our study provides new evidence that CD is associated with
atypical neural responses to learning from punishment, but not
from reward, specifically in the (anterior) insula. This suggests a
selective dysfunction of (neural) RL mechanisms in CD thereby
contributing to punishment insensitivity/hyposensitivity as a
hypothesized hallmark of both girls and boys with the disorder
(20). Because the (anterior) insula is critically involved in
avoidance behaviors (i.e., avoidance of harm, loss, or risk in
general) related to negative affective states or physiological
arousal, it can be speculated that (anterior) insula dysfunction
in CD leads to poor behavioral decision making, which in-
creases the risk for reckless, antisocial, and aggressive be-
haviors in affected youth (47). However, to substantiate such a
conclusion, additional studies are required that examine, for
example, physiological markers (such as heart rate and/or
electrodermal activity) in parallel with learning indices and brain
responses. More importantly, because CD is a disorder in
which interpersonal (i.e., social) functioning is impaired,
investigating the neural mechanisms of social RL mechanisms
will be crucial. This knowledge can then be incorporated into
new intervention approaches that are tailored to the specific
needs of individuals affected by CD [e.g., insula response
regulation during RL from punishment via neurofeedback (48)].
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