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Objective: Methods to determine integrity of integrated neural systems engaged in functional processes have proven elusive. This study sought to
determine the extent to which a machine learning retaliation classifier (retaliation vs unfair offer) developed from a sample of typically developing (TD)
adolescents could be applied to an independent sample of clinically concerning youth and the classifier-determined functional integrity for retaliation
was associated with antisocial behavior and proactive and reactive aggression.

Method: Blood oxygen level–dependent response data were collected from 82 TD and 120 clinically concerning adolescents while they performed a
retaliation task. The support vector machine algorithm was applied to the TD sample and tested on the clinically concerning sample (adolescents with
externalizing and internalizing diagnoses).

Results: The support vector machine algorithm was able to distinguish the offer from the retaliation phase after training in the TD sample (accuracy ¼
92.48%, sensitivity ¼ 89.47%, and specificity ¼ 93.18%) that was comparably successful in distinguishing function in the test sample. Increasing
retaliation distance from the hyperplane was associated with decreasing conduct problems and proactive aggression.

Conclusion: The current study provides preliminary data of the importance of a retaliation endophenotype whose functional integrity is associated
with reported levels of conduct problems and proactive aggression.

Plain language summary: This study used a machine learning retaliation classifier developed from a sample of typically developing adolescents and
applied it to data from an independent clinical sample. Goal directed aggression in the clinically concerning youth related to a failure to recruit the neural
systems implicated in retaliation. The current study suggests a marker of retaliation response for use as a treatment target.
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ggression can be seen in all mammals and results
in harm to others.1 It incurs significant costs for
victims, perpetrators, and society, and it peaks
during adolescence.2 Although aggressive behavior emerges
early in development and can be relatively commonly dis-
played, some individuals show aggression that is atypically
025
frequent and severe.3 Notably, aggression is a leading cause
of all child and adolescent referrals to mental health
clinicians.4

An important distinction has long been made between
reactive and instrumental aggression.5 Reactive aggression
describes a retaliatory form of aggression elicited in response
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RICHARD BLAIR et al.
to a perceived threat, frustration, or provocation6 that is
characterized by high levels of autonomic arousal and
negative emotions such as anger and fear.7,8 Instrumental
aggression is goal-directed behavior (ie, the person uses
aggression to achieve the their goals) and is not typically
associated with heightened negative emotion.6,7 One
complication to this dichotomy is that while retaliatory,
reactive aggression can be relatively planned6; the aggressor
chooses their weapon and when they are going to attack.
Indeed, common measures of reactive aggression such as the
Point Subtraction Aggression Paradigm,9 the Taylor
aggression paradigm,10 or our own retaliation paradigm11 all
assess this instrumental form of reactive aggression; the
participant is provoked by the paradigm and frequently
indicates anger/irritation at their treatment, but they choose
via button press whether they will retaliate and/or the de-
gree of retaliation.

Building on the work of animal researchers regarding
the role of acute threat circuitry mediating automatic
retaliatory aggression,12 Blair6,13 proposed a neurocognitive
account of this form of reactive aggression implicating 3 sets
of systems (see below). Others hold similar positions (eg, 14–
16), although some consider one of these sets of systems, the
acute threat circuitry, as less important in human aggres-
sion.17 Neural systems implicated include ventromedial
prefrontal cortex (vmPFC)/rostromedial PFC (rmPFC),
dorsomedial PFC (dmPFC), inferior frontal cortex (iFC),
anterior insular cortex (aIC), and amygdala.6,11,13,14,18,19

Suggestions are that vmPFC/rmPFC allow the representa-
tion of expected value20 and are involved in the instru-
mental components of response selection; dmPFC, aIC/
iFC, and caudate are implicated in response control
generally and thus response selection21; and systems acutely
responding to threat (amygdala, hypothalamus, peri-
aqueductal gray [PAG]) mediate the reactive aggression
response (for details, see 6,13).

Recent empirical work from Blair’s group used this
theoretical model to examine the association of atypical
responsiveness within the 3 components described above
and observed and recorded aggressive episodes in residential
care.22 The study used a functional magnetic resonance
imaging (fMRI) retaliation task paradigm previously used
with adolescent participants.11 Task-relevant neural systems
were identified from the data of an independent sample of
typically developing (TD) adolescents. These neural systems
were then interrogated in a group of participants in resi-
dential care during performance of the retaliation para-
digm.22 Results indicated that aggressive adolescents
showed reduced downregulation of activity within regions
involved in representing the expected value of choice op-
tions (left vmPFC) and reduced recruitment of regions
138 www.jaacapopen.org
implicated in response control (right iFC and bilateral aIC)
as a function of retaliation level. It was argued that this
indicated that individuals with a greater propensity for
aggression show reduced representation of the negative
consequences of retaliation and associated reduced recruit-
ment of regions potentially involved in overruling these
negative consequences to engage in retaliation.

While the analysis pathway of the Mathur et al. study22

was theoretically motivated, it was still at risk of a difficulty
with standard univariate analysis approaches that has been
termed blobology, ie, a lack of clarity with respect to
determining the extent to which a regional activation in one
study is replicated in another (eg, 23). Indeed, it is notable
that across studies purporting to examine the same neuro-
cognitive architecture there are differences in which precise
regions are regarded to be significantly implicated.11,14,18,19

It is likely that in many of these studies other portions of the
network would have been implicated, but not at a sufficient
level to satisfy current multiple comparison thresholds. This
concern with blobology comes at a time when there is
greater interest in potential endophenotypes (cf. 24) and,
more generally, the possibilities of the Research Domain
Criteria,25,26 ie, the development of neurobiology-based
biomarkers relevant to psychiatric disorders. Recently,
there have been suggestions that multivariate analyses might
provide greater hope with respect to endophenotype speci-
fication and the development of psychiatry-relevant neuro-
cognitive biomarkers.27,28 Specifically, it has been suggested
that machine learning could be used to determine neuro-
cognitive function classifiers—effectively markers of the
functional integrity of specific functional processes (for
additional details, see Supplemental 1.1, available online)
(cf. 29,30). The integrity of specific functions in individual
patients can then be examined with such classifiers.

The goals of the current study were to determine the
extent to which a retaliation classifier (retaliation vs unfair
offer) with reasonably high accuracy can be developed from
a sample of healthy TD adolescents and then applied to an
independent sample of clinically concerning youth and the
classifier-determined functional integrity for retaliation is
associated with aggression levels as indexed by the conduct
problems subscale of the Strengths and Difficulties Ques-
tionnaire Conduct Problems subscale (SDQ-CP)31 and the
Reactive Proactive Aggression Questionnaire (RPAQ).32 In
particular, we were interested in determining the association
of functional integrity (here defined as distance from hy-
perplane [DFH]) with levels of reactive and proactive
aggression, respectively. Our previous study examined
observed aggression in a partially overlapping sample.22

However, the aggressive episodes were not coded by ob-
servers with respect to whether they were reactive or
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RETALIATION CLASSIFIER AND AGGRESSION
proactive. The current study addresses this gap. We pre-
dicted that a classifier could be developed with reasonably
high accuracy and that classifier-determined functional
integrity (DFH) would be negatively associated with
aggression levels. Based on the existing literature, pre-
dictions with respect to reactive vs proactive aggression were
unclear. The retaliation task was developed to index a more
reactive form of aggression.11 As such, it is predicted that
exaggerated integrity might be associated with increased
reactive aggression. However, as noted above, the retaliation
paradigm involves considerable goal direction with respect
to response selection (cf. 6). Reduced retaliation-deci-
sionDFH might thus be associated with greater levels of
proactive aggression (see 6).
METHOD
Participants
The current study involves a reanalysis of previously pub-
lished data22 as well as new data. Thus, of the 82 TD
participants on whose data the support vector machine
(SVM) learning was conducted (TD training sample) (mean
[SD] age ¼ 13.97 [2.48] years, 39 TD females), the data of
49 were used in the earlier study.22 Similarly, of the 120
clinically concerning participants on whom the classifier was
tested (mean [SD] age ¼ 15.61 [2.09] years, 47 TD fe-
males), 43 (35.83%) had been previously involved in the
earlier study.22 Participants were recruited from a residential
care facility and the surrounding community. Participants
recruited from the residential facility had been referred for
severe behavioral and mental health problems. Participants
from the community were recruited through flyers or social
media. Clinical characterization of all participants was done
through psychiatric interviews by licensed and board-
certified child and adolescent psychiatrists with the partic-
ipants and their parents to adhere closely to common
clinical practice. Institutional review board approval was
acquired before data collection began. For details on
exclusion criteria and consent procedure, see Supplement
1.2, available online.

Study Design and Measures
fMRI Paradigm. Participants were presented with a version
of the retaliation task, which has been previously
described22 and which, in turn, is a version of the Ulti-
matum Game (Figure S1, available online). At the onset of
each trial, the partner had $20 and the participant had $3.
During the offer phase (3,000 ms), the partner offered to
divide their $20 with the participant either fairly (eg, $10 to
participant and $10 to partner) or unfairly (eg, $6, $4, $2 to
participant and $14, $16, $18 to partner). During the
JAACAP Open
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decision phase (4,000 ms), the participant used a button
press to indicate whether they wished (button 1) to accept
the partner’s offer and give up their $3 in exchange (eg,
receive $10 from the fair offer) or (buttons 2-4) to spend
some of their $3 to punish to the partner. Each decision
corresponded to a different button. Participants had the
option to spend $1, $2, or $3 and cost the partner $7, $14,
or $21, respectively. Participants were informed that they
would be playing with various partners and that their task
was simply to decide how to respond to their partner’s
behavior. They were not directed to maximize profit, and
they did not receive money from engaging in this task. For
details on fMRI parameters, fMRI data processing, and
individual-level analysis, see Supplement 1.4, available
online.

Questionnaires. Both the parent-report SDQ-CP31 and the
RPAQ32 were used to assess aggression. The Childhood
Trauma Questionnaire (CTQ)33 was used to assess severity
of exposure to abuse and neglect (for further details, see
Supplement 1.3, available online). IQ was assessed via the
Wechsler Abbreviated Scale of Intelligence II (WASI-II)
(perceptual reasoning and verbal comprehension subscales).34

Data Analysis
Behavioral data, correlation, and regression analyses were
conducted using IBM SPSS version 25 (IBM Corp.,
Armonk, New York).

Demographic and Clinical Data. Demographic (age, IQ,
and sex ratios) and clinical (self-report assessments) scores
are presented for the 82 TD training sample participants on
whom the SVM learning was conducted and the 120
clinically concerning participants.

Feature Creation. The whole brain was parcellated into
400 regional parcellations using Schaefer’s atlas35 (for
additional details, see Supplement 1.5, available online).
Subjectwise and hemispheric-wise blood oxygen level–
dependent (BOLD) responses during the offer and retalia-
tion phase were determined for each of the 400 regions.
BOLD responses were modulated by offer level (offer phase)
and retaliation level (retaliation phase). Subjectwise and
hemispheric-wise BOLD response during the offer and
retaliation phase were also determined for 10 bilateral
subcortical regions (caudate, putamen, nucleus accumbens,
hippocampus, and amygdala) as well as a unilateral 5-mm
sphere focused on the PAG coordinates (x, y, z ¼
10, �21, 4) taken from previous work using the retaliation
task.11 The whole-brain parcellation into 400 bilateral
cortical and 11 subcortical regions was performed using the
www.jaacapopen.org 139
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TABLE 1 Participant Characteristics

Typically
developing
training
sample
(n ¼ 82)

Clinical sample
(n ¼ 120)

F pMean (SD) Mean (SD)
Dimensional variables
Age, y 13.97 (2.48) 15.61 (2.09) 25.95 .000
IQ 107.51 (13.28) 101.67 (11.79) 1.80 .001
Abusea 16.69 (3.84) 23.60 (1.51) 32.07 .000
Neglectb 11.37 (2.38) 17.57 (7.84) 47.57 .000

Categorical variables
n (%) n (%) c2 p

Male sex 39 (48) 73 (61) 3.50 .063
CD 0 (0) 61 (51) 83.94 .000
ODD 0 (0) 76 (63) 14.23 .000
ADHD 0 (0) 74 (62) 13.61 .000
MDD 0 (0) 17 (35) 13.40 .000
GAD 0 (0) 42 (48) 43.72 .000
PTSD 0 (0) 21 (38) 17.22 .000

Note: ADHD ¼ attention-deficit/hyperactivity disorder; CD ¼ conduct
disorder; GAD ¼ generalized anxiety disorder; MDD ¼major depressive
disorder; ODD ¼ oppositional defiant disorder; PTSD ¼ Posttraumatic
stress disorder.
aAbuse determined by Childhood Trauma Questionnaire abuse score
(sexual þ physical þ emotional abuse scores).
bNeglect determined by Childhood Trauma Questionnaire neglect
score (physical þ emotional neglect scores).

RICHARD BLAIR et al.
mri_surf2surf, mris_anatomical_stats, and aparcstats2table
pipelines following the FreeSurfer recon-all pipeline.36

Feature Selection and Machine Learning Analysis. Feature
selection and SVM learning was conducted on the data from
the TD training sample. For details, see Supplement 1.5,
available online (cf. 37). The results of this training were then
applied to the clinically concerning participants to determine
its performance in an independent dataset.

Correlational Analyses. Correlation analyses were con-
ducted to examine associations between the aggression,
demographic, maltreatment, diagnostic category, and DFH
variables. These were conducted for the clinical test sample;
comparable analyses for the whole sample are included in
Supplement 1.6, available online.

Multiple Regression Analyses Examining Prediction for
Aggression. To determine the association between DFH
(decision and offer trials) and aggression history (as indexed
by the SDQ-CP subscale and reactive and proactive RPAQ
subscale scores), we employed 3 stepwise multiple regression
analyses with each of the 3 aggression history measures as
the outcome variables. Retaliation-decisionDFH and
offerDFH were entered as predictor variables as well as other
variables associated with aggression: IQ, sex, age, neglect,
and abuse (measured by CTQ).

Multiple Regression Analysis Predicting DFH for
Retaliation Decisions by Diagnostic Category. A fourth
exploratory multiple regression analysis sought to examine
the extent to which psychiatric diagnosis (conduct disorder
[CD], oppositional defiant disorder [ODD], attention-
deficit/hyperactivity disorder, posttraumatic stress disorder,
generalized anxiety disorder, and major depressive disorder),
as predictor variables, could predict DFH for retaliation
decision trials.
RESULTS
Demographic and Clinical Data
Demographic and clinical data for the sample are provided
in Table 1. As can be seen, there were significant differences
between the TD training set and the clinical sample in
demographic variables (age and IQ) and experience of
maltreatment.

Feature Identification
Of 27 features identified (Figure 1; Table S1, available
online), 19 features (including dmPFC and caudate)
showed significantly greater responses as a function of
140 www.jaacapopen.org
retaliation rather than offer level, while 8 (including rmPFC
and nucleus accumbens) showed significantly greater re-
sponses as a function of offer rather than retaliation level
(Figure 1).

Correlational Analyses
Table 2 shows the results of the correlation analyses (clinical
sample only). These analyses revealed significant positive
correlations between the aggression variables (SDQ-CP
subscale and scores on both the reactive and the proactive
RPQ subscales), externalizing diagnoses, IQ and age
(though not sex), maltreatment (abuse and neglect expo-
sure), as well as retaliation DFH (retaliation-decisionDFH)
(this was not significant for reactive aggression as indexed by
the RPQ). Retaliation-decisionDFH was not significantly
associated with demographic variables but was significantly
associated with ODD diagnostic status (but not attention-
deficit/hyperactivity disorder and only at trend levels for
CD). Table S2, available online, shows the results of the
same analysis but also including the TD training sample.
The majority of the findings seen with the clinical sample
were also seen in the data from the entire sample.
JAACAP Open
Volume 3 / Number 1 / March 2025

http://www.jaacapopen.org


FIGURE 1 Features Selected From the Typically Developing Training Sample

Note: The 27 features, identified via least absolute shrinkage and selection operator (see Supplement 1.5, available online) differentiating the blood oxygen level–
dependent response as a function of retaliation level vs offer level (nucleus accumbens, caudate, hippocampus, and periaqueductal gray are not depicted). Red regions
correspond to regions showing greater modulation as a function of retaliation level relative to offer level. Blue regions correspond to regions showing greater modulation
as a function of offer level relative to retaliation level. LH ¼ left hemisphere; RH ¼ right hemisphere.

RETALIATION CLASSIFIER AND AGGRESSION
Generalized Model Performance and Feature
Identification
With respect to the BOLD response data for responses
during retaliation vs offer, our SVM learning analysis
identified a hyperplane during training with accuracy of
92.48%, sensitivity of 89.47%, and specificity of 93.18%.
Notably, sensitivity (correct recognitions of retaliation data)
and specificity (correct recognitions of offer level) were high
for the independent clinical participant sample (accuracy ¼
83.33%, sensitivity ¼ 79.17%, and specificity ¼ 87.50%).

Multiple Regression Analyses Examining Prediction for
Aggression
The stepwise regression to predict SDQ-CP subscale score
was significant (F2,111 ¼ 7.08, p ¼ .001; R2 ¼ 0.113).
Participants’ predicted SDQ-CP subscale scores were equal
to 12.076 � (0.354 retaliation-decisionDFH þ 0.066 IQ);
for additional details see Supplement 1.6.1, available online.

The stepwise regression to predict the proactive RPQ
subscale score was significant (F1,82 ¼ 4.31, p ¼ .041; R2 ¼
0.05). Participants’ predicted proactive RPQ subscale scores
were equal to 7.206 � 0.464 retaliation-decisionDFH; for
additional details see Supplement 1.6.2, available online.

The stepwise regression to predict the reactive RPQ
subscale score was significant (F1,82 ¼ 4.30, p ¼ .041; R2 ¼
0.05). Participants predicted proactive RPQ subscale scores
JAACAP Open
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were equal to 8.309 þ 0.900 offerDFH; for additional details
see Supplement 1.6.3, available online.

Multiple Regression Analysis Predicting DFH for
Retaliation Decisions as a Function of Diagnostic
Category
The stepwise regression to predict retaliation-decisionDFH

was significant (F1,82 ¼ 4.304, p ¼ .041; R2 ¼ 0.050).
Participants’ predicted retaliation-decisionDFH level was
equal to 8.309 þ 0.900 ODD (with ODD diagnosed
scored as a 1, not scored as a 0); for additional details, see
Supplement 1.6.4, available online.

The results of all 4 multiple regressions performed on the
entire sample, not only the participants with externalizing/
internalizing diagnoses, are reported in Supplement 1.7,
available online. This second series of multiple regressions
largely mirrored the results of the main analyses (see detailed
description in Supplement 1.7, available online).
DISCUSSION
The current study aimed to determine the extent to which a
retaliation classifier could be developed and classifier-
determined functional integrity for retaliation (retaliation-
decisionDFH) would be associated with reactive and/or
proactive aggression. There were 2 main findings: First, a
www.jaacapopen.org 141
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TABLE 2 Results of Correlation Analyses (Clinical Sample Only)

Aggression scales Diagnostic categories Demographic variables Maltreatment
Distance from
hyperplane

SDQ-CP
RPAQ

Reactive
RPAQ

Proactive CD ODD ADHD MDD GAD PTSD Age Sex IQ Abusea Neglectb Offerc
Retaliation
decisiond

SDQ-CP 1 0.776*** 0.770*** 0.729*** 0.736*** 0.529*** 0.099 0.309*** 0.278*** 0.316*** 0.117 L0.306*** 0.345*** 0.420*** 0.087 L0.216*
RPAQ

Reactive
0.776*** 1 0.834*** 0.556*** 0.653*** 0.471*** 0.048 0.240*** 0.292*** 0.245*** 0.094 L0.238*** 0.268*** 0.321*** 0.223* L0.147

RPAQ
Proactive

0.770*** 0.834*** 1 0.509*** 0.604*** 0.443*** 0.057 0.285*** 0.325*** 0.227*** 0.064 L0.192* 0.333*** 0.332*** 0.086 L0.223*

CD 0.729*** 0.556*** 0.509*** 1 0.647*** 0.462*** 0.111 0.221*** 0.271*** 0.343*** 0.091 L0.233*** 0.339*** 0.400*** 0.080 L0.136
ODD 0.736*** 0.653*** 0.604*** 0.647*** 1 0.555*** 0.096 0.257*** 0.238*** 0.336*** 0.141* L0.188*** 0.345*** 0.437*** 0.158 L0.266***
ADHD 0.529*** 0.471*** 0.443*** 0.462*** 0.555*** 1 0.103 0.319*** 0.078 0.115 0.185*** L0.072 0.313*** 0.285*** 0.092 L0.094
MDD 0.099 0.048 0.057 0.111 0.096 0.103 1 0.328*** 0.423*** 0.202*** L0.195*** L0.014 0.429*** 0.413*** 0.124 0.114
GAD 0.309*** 0.240*** 0.285*** 0.221*** 0.257*** 0.319*** 0.328*** 1 0.505*** 0.232*** L0.105 L0.08 0.466*** 0.292*** L0.039 0.083
PTSD 0.278*** 0.292*** 0.325*** 0.271*** 0.238*** 0.078 0.423*** 0.505*** 1 0.208*** L0.119 L0.084 0.583*** 0.446*** 0.052 0.041
Age 0.316*** 0.245*** 0.227*** 0.343*** 0.336*** 0.115 0.202*** 0.232*** 0.208*** 1 0.078 L0.276*** 0.228*** 0.182*** 0.090 L0.020
Sex 0.117 0.094 0.064 0.091 0.141* 0.185*** L0.195*** L0.105 L0.119 0.078 1 L0.048 L0.086 0.073 0.008 0.009
IQ L0.306*** L0.238*** L0.192* L0.233*** L0.188*** L0.072 L0.014 L0.08 L0.084 L0.276*** L0.048 1 L0.220*** L0.200*** L0.115 0.060
Abusea 0.345*** 0.268*** 0.333*** 0.339*** 0.345*** 0.313*** 0.429*** 0.466*** 0.583*** 0.228*** L0.086 L0.220*** 1 0.655*** 0.039 L0.029
Neglectb 0.420*** 0.321*** 0.332*** 0.400*** 0.437*** 0.285*** 0.413*** 0.292*** 0.446*** 0.182*** 0.073 L0.200*** 0.655*** 1 0.054 L0.044

Note: ADHD ¼ attention-deficit/hyperactivity disorder; CD ¼ conduct disorder; GAD ¼ generalized anxiety disorder; MDD ¼ major depressive disorder; ODD ¼ oppositional defiant
disorder; PTSD ¼ Posttraumatic stress disorder; RPAQ Proactive ¼ Reactive Proactive Aggression Questionnaire Proactive subscale; RPAQ Reactive ¼ Reactive Proactive Aggression
Questionnaire Reactive subscale; SDQ¼CP ¼ Strengths and Difficulties Questionnaire Conduct Problems subscale.
aAbuse determined by Childhood Trauma Questionnaire abuse score (sexual þ physical þ emotional abuse scores).
bNeglect determined by Childhood Trauma Questionnaire neglect score (physical þ emotional neglect scores).
cOffer distance from hyperplane.
dRetaliation decision distance from hyperplane.
*p < .05; ***p < .001.
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RETALIATION CLASSIFIER AND AGGRESSION
high-accuracy hyperplane distinguishing the BOLD
response to retaliation decision level vs unfair offer level in a
sample of TD adolescents could be transferred to an inde-
pendent sample of clinically concerning adolescents to
accurately distinguish these 2 functional responses. Second,
there were significant negative associations between retali-
ation-decisionDFH and general conduct problems (SDQ-CP
subscale score) and level of proactive, rather than reactive,
aggression.

Our first aim was to determine the extent to which we
could use SVM learning to identify a hyperplane differen-
tiating the neural responses to retaliation decision level vs
unfair offer level in a TD sample that would successfully
identify these responses in an independent sample of clin-
ically concerning adolescents. This was clearly achieved.
While retaliation-decisionDFH was associated with individ-
ual differences in aggression in this clinically concerning
sample, the hyperplane was highly accurate at distinguishing
the functional responses in the group as a whole.

Related to our first aim was the extent to which the
features making up the hyperplane would mirror those
previously identified in the literature. Three sets of systems
have been implicated in previous work (eg, 6,11,13,14,18,19).
The first set includes vmPFC, which allows the represen-
tation of expected value.20 An rmPFC region consistent
with this was one of the features identified. Consistent with
previous work, activity within this region decreased as a
function of retaliation level in the current study (it showed
greater activity during the offer phase). Nucleus accumbens,
a region frequently implicated in reward value coding
(eg, 38), was identified as a feature and showed decreased
responding as a function of retaliation level. However,
previous work has not typically implicated nucleus accum-
bens in retaliation6,11,13,14,18,19 except for one study that
reported increased nucleus accumbens activity during
retaliation following provocation.39 The second set includes
dmPFC, iFC, and aIC. These regions are consistently
implicated in response control/selection.21 An additional
region implicated in response control, caudate, has received
relatively little attention in the previous retaliation literature
(though see 17,40). However, caudate was identified as a
feature in the current study (showing greater responses
during retaliation). The third set includes the acute threat
circuitry (amygdala, hypothalamus, and PAG) implicated in
animal aggression (eg, 12). Some have argued that these
regions are less implicated in human reactive aggression
(eg, 17), and certainly hypothalamus has not been well
documented in human fMRI work (though see 41). More-
over, amygdala findings may be more common in exami-
nations of retaliation in patient samples11,18 than such
studies in healthy participants.17,40 However, PAG has been
JAACAP Open
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relatively consistently documented particularly in work with
this paradigm11,22,40 and was a feature identified in the
current study. In short, the features making up the hyper-
plane largely showed consistency with the previous
literature.

Our second goal was to determine the extent to which
the DFH (ie, functional integrity) for retaliation decision
level might be associated with conduct problems and pro-
active aggression and/or reactive aggression. One view has
been that increased acute threat responsiveness accompa-
nied by dysfunctional representation of reinforcement value
and/or response control would be associated with an
increased risk for reactive aggression.6,13–16 Several studies
have shown that individuals at selective risk for reactive
aggression show this heightened responsiveness to
emotional stimuli and particularly social provoca-
tion.11,18,42,43 However, as noted, retaliation can be goal
directed—the weapon (or button press) is selected.6 As
such, the systems implicated in response selection (either via
representing value or via response control) may play a
disproportional role. The idea is that individuals showing
reduced representation of the negative consequences of
retaliation will show associated reduced recruitment of re-
gions potentially involved in overruling these negative
consequences to engage in retaliation (see 22). Notably,
previous work has suggested that individuals showing
reduced representation of the negative consequences of
aggression, particularly the distress of the victim, are at
particular risk of proactive aggression.6,44–46 In short, the
current findings are notably compatible with those of
Mathur et al.22 (there was also partial participant overlap;
see “Method”). Importantly, they extend the findings of
Mathur et al.22 to indicate that reduced expression of the
neural response during retaliation increased the risk for
conduct problems and particularly proactive aggression.

While this study has several strengths, including the use
of a well-established fMRI task assessing retaliation and a
novel approach to analysis, several limitations should be
considered. First, there were no indications that a height-
ened retaliation response—greater DFH—was associated
with reactive aggression as might have been ex-
pected.11,18,42,43 A heightened response to unfair offers was
associated with reactive aggression. If this is a robust
finding, it would be theoretically interesting. However, we
note that while the retaliation-decisionDFH–conduct prob-
lems/proactive aggression findings were maintained when
the whole sample was considered (ie, the TD training data
was added) (see Supplement 1.7, available online), the offer
response reactive aggression association was not. In short,
we are very cautious about interpreting this finding. Instead,
we believe that the retaliation-decisionDFH–conduct
www.jaacapopen.org 143
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problems/proactive aggression findings reflect the makeup
of our participant sample, in which more than 50% met the
criterion for a CD diagnosis. We believe that a clinical
sample in which there was a greater proportion of patients
with internalizing conditions, without CD, would provide
greater numbers of participants with a more selective pre-
sentation of reactive aggression (cf. reactive aggression
internalizing). We believe the application of the hyperplane
to data from such a sample would reveal an association
between increased retaliation-decisionDFH and reactive
aggression. Second, we did not implement a structured or
semistructured diagnostic interview. As such, our diagnostic
reliability can be challenged (cf. 47). Of course, while the use
of structured interviews such as the Schedule for Affective
Disorders and Schizophrenia for School-Age Children
(K-SADS)48 improve reliability scores, k values often
remain below 0.8 indicating nonoptimal reliability.49 As
such, there is always concern regarding the accuracy of as-
sociations between diagnosis and functional impairment.
Indeed, that concern led to the design of this study.
Importantly, here functional integrity (DFH) was related to
conduct problems and forms of aggression using assess-
ments of these behaviors of proven test-retest reliability (eg,
50,51). The predictive associations between diagnostic status
and retaliation-decisionDFH were purely exploratory. Third,
recent work has challenged the use of contrast-based data,
rather than individual regressor based analyses, in individual
differences research because of data reliability concerns. It is
important to note here, though: Group-based analyses are
relatively insensitive to the reliability concerns of contrast-
based analyses (see 28,52), and the determination of the
hyperplane was derived from a group-based analysis. Also,
all the individual difference analyses in this study were based
on a single condition—distance of the retaliation response
from the hyperplane (ie, not a contrast against another
condition). Fourth, increasing the size of the training
dataset has advantages in machine learning analyses (eg,
53), and the training set here (n ¼ 82) could be considered
small. However, it is important to note that training set
size is partly a function of data complexity,53 and the
critical question is applicability of the obtained hyper-
plane to independent datasets. In the current study, the
hyperplane allowed the functional characterization of a
heterogeneous group of patients. Fifth, it could be argued
that the current task indexes altruistic punishment rather
than retaliation (cf.54). Altruistic acts are engaged in for
the well-being of others (eg, 55), and altruistic punish-
ment refers to punishment to the perpetrator by the
victim, which incurs a cost to the victim,56 to reinforce
the social norm (cf.57). Notably, as documented in the
recent review by Boccadoro et al.,54 contrasts associated
144 www.jaacapopen.org
with altruistic punishment (eg, unfair vs fair offers and
rejected vs accepted offers on the Ultimatum Game)
induce activations within the second set of systems that
Blair6 implicates in reactive aggression, ie, dmPFC, iFC,
and aIC—the regions consistently implicated in response
control/selection.21 This altruistic punishment vs retali-
ation concern cannot be discounted. It rests on the
assumption that individuals punished in our task ac-
cording to a motivation to reinforce social norms (ie, for
the benefit of others) rather than as an angry retaliatory
response to provocation (the unfairness of the offer).
However, motivations are difficult to reliably determine.
Importantly, though, “studies consistently demonstrate
that unfair offers induce anger, and that rejecting such
offers relates to aggression.”58(p84) As such, the paradigm
remains highly relevant to understanding aggression.

With respect to clinical implications of the current
work, it is important to remember that currently in-
terventions designed to decrease aggression are not tailored
to the specific difficulties of the individual (eg, 59,60). Thus,
while we may be able to show biological-level differences
between children showing difference types of aggression
(reactive vs instrumental6), that information does not help
the clinician working with the individual child. Yet, the
treatment implications for a child with very high threat
responsiveness and reactive aggression are rather different
from the treatment implications for a child who retaliates
due to indifference to their victims.6 Critically, this article
demonstrates that it is possible to develop a classifier that
identifies the functional integrity of systems engaged during
retaliation. For potential clinical application, the next step
would be to determine percentile scores of this integrity
(based on training set DFH standard deviations from the
training set mean DFH) that can be applied to individual
participant data as treatment targets and indices of indi-
vidual treatment responsiveness. Of course, it is critical to
determine that this signal shows high test-retest reli-
ability.28,61 However, should such reliability be demon-
strable, functional classifiers such as that developed in this
study could lead to an individualized approach to inter-
vening with aggressive adolescents. Moreover, it will be
critical to determine that such functional classifiers apply
equally accurately across diverse populations or whether
optimization will require population-specific classifier
development.

In conclusion, we showed that SVM learning could
accurately distinguish responses during retaliation from re-
sponses to unfair offers that could be validated in an inde-
pendent patient sample. Patients showed a negative
association between the functional integrity of their retali-
ation response (retaliation-decisionDFH) and conduct
JAACAP Open
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problems, particularly proactive aggression. As such, the
distance from the hyperplane of neural response during
retaliation could be an important biomarker at the indi-
vidual level for treatment stratification and prediction of a
patient’s aggression propensity.
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