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ABSTRACT

Antisocial behaviours such as disobedience, lying, stealing, destruction of property, and aggression towards
others are common to multiple disorders of childhood and adulthood, including conduct disorder, oppositional
defiant disorder, psychopathy, and antisocial personality disorder. These disorders have a significant negative
impact for individuals and for society, but whether they represent clinically different phenomena, or simply
different approaches to diagnosing the same underlying psychopathology is highly debated. Computational
psychiatry, with its dual focus on identifying different classes of disorder and health (data-driven) and latent
cognitive and neurobiological mechanisms (theory-driven), is well placed to address these questions. The
elucidation of mechanisms that might characterise latent processes across different disorders of antisocial
behaviour can also provide important advances. In this review, we critically discuss the contribution of
computational research to our understanding of various antisocial behaviour disorders, and highlight suggestions
for how computational psychiatry can address important clinical and scientific questions about these disorders in

the future.

1. Introduction

Antisocial behaviours violate societal norms and the rights of others,
often with very serious social and economic consequences for victims
and wider society (Romeo et al., 2006). Severe antisocial behaviour
occurs in as many as 10% of children (Nock et al., 2006) and 2-3% of
adults (Moran, 1999). When these behaviours occur without obvious
explanation (e.g., due to substance abuse, psychosis, brain damage or
learning disability), they are recognised as symptoms of mental disorder,
but research into the causes has been beset by controversy (Crego and
Widiger, 2015; Millon et al., 2002; Shipley and Arrigo, 2001; Arrigo and
Shipley, 2001). There is general agreement that pathological antisocial
behaviour is usually accompanied by some combination of affective
disturbance and impulsive aggression, but the relative weight given to
these factors varies greatly (Crego and Widiger, 2015). Some researchers
and clinicians have emphasised the centrality of underlying affective
traits, such as lack of empathy and guilt, with antisocial behaviour being
merely a symptom (Cleckley, 1976). Others have argued that antisocial
behaviour is the core dysfunction, at least for pragmatic diagnostic
purposes (Crego and Widiger, 2015; American Psychiatric Association,

2013). Still others have viewed affective traits and antisocial behaviour
as co-occurring but separable facets of disorder, or as markers for
distinct subtypes of disorder (Crego and Widiger, 2015; Hare and Neu-
mann, 2008).

Furthermore, age-appropriate criteria are critical when diagnosing
children versus adults who exhibit antisocial behaviour. Unlike other
mental health disorders such as depression and anxiety, which can be
diagnosed with the same label across childhood to adolescence and
adulthood, antisocial behaviour has different diagnostic labels based on
the age of the individual. These different labels are necessary because
social norms are different for children and adults, and because of the
potential for stigma and psychological damage from diagnosing per-
sonality disorders in young children, whose personalities are still
developing. The end result of these debates about underlying psycho-
pathology, combined with age-specific diagnostic criteria, is a prolifer-
ation of disorders, such as psychopathy, antisocial personality disorder,
conduct disorder with or without limited prosocial emotions, and
oppositional defiant disorder, which all share some common ‘antisocial’
features but differ markedly in other respects (Fig. 1). Some of these
disorders originally reflected attempts to capture the same phenomenon
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within different frameworks (e.g., psychopathy and antisocial person-
ality disorder), while others are more conceptually distinct (Crego and
Widiger, 2015). Externalising disorders without an antisocial compo-
nent, such as attention deficit/hyperactivity disorder (ADHD), also share
some characteristics with these disorders and are often comorbid
(Bayard et al., 2020; Faraone et al., 1991; Hinshaw et al., 1993) (Fig. 1).
Among these disorders, the symptoms that overlap to varying degrees
include lack of remorse and guilt, lack of empathy, callousness, impul-
sivity, irritability and anger, irresponsibility, and criminal or
age-inappropriate defiant behaviours (Fig. 1). In childhood, conduct
disorder, ADHD, and oppositional defiant disorder (ODD) are often
grouped together as ‘disruptive behaviour disorders’ based on important
overlap in terms of aetiology and presentation (Latimer et al., 2012).
Such overlap hints that there may be transdiagnostic mechanisms that
can be identified across these disorders (Fig. 1). Finally, lack of affect
also overlaps with other clinical conditions such as apathy and anhe-
donia with and without depression (Husain and Roiser, 2018). Overall,
antisocial behaviour is linked to a plethora of diagnoses and symptoms
in children and adults, and while each diagnosis has distinctive char-
acteristics, it is unlikely that all these diagnoses map onto fully distinct
underlying psychopathologies. Uncovering the latent mechanisms that
drive these different component processes, and the extent to which
related disorders can be distinguished, will be essential for progress in
the field and ultimately for clinical treatment.

Computational psychiatry has the potential to move beyond the
current challenges of the diagnosis-based approach. Computational ap-
proaches take the position that mental disorders can be characterised at
multiple interdependent levels, such as cognition, behaviour and
neurobiology, using advanced statistical methods that capture latent
constructs (Huys et al., 2016; Adams et al., 2016; Hauser et al., 2019).
These different levels of explanation do not neatly delineate accepted
diagnostic categories (Huys et al., 2016). For example, two disorders
related to antisocial behaviour could share a common transdiagnostic
dysfunction, such as impulsivity or lack of empathy. This dysfunction
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could be quantified by a mathematical model of behaviour, for example
one that incorporates an impulsive bias to initiate actions regardless of
expected outcomes (Guitart-Masip et al., 2012; Pauli et al., 2022), which
is then implemented in a specific brain network or area (Lockwood et al.,
2020). According to this understanding, unique constellations of dys-
functions can be considered as distinct mental disorders, although the
dysfunctions themselves occur on spectrums that overlap both with
other diagnoses and with mental health. Computational psychiatry
shares part of its approach with other recent advances in classification of
psychiatric disorders, such as Research Domain Criteria (RDoC)
(Research Domain Criteria (RDoC), 2022), in that it considers
cross-disorder dimensional ‘domains’ of mental functions that can be
described at multiple levels of explanation. However, computational
psychiatry has a more specific focus than RDoC on the nature of
mechanistic links between different levels of explanation, from cogni-
tion and behaviour to neurobiology (Adams et al., 2016).

Within computational psychiatry, uncovering areas of commonality
and distinction between disorders can be approached from two angles.
First, a data-driven approach applies machine learning techniques to
large datasets, to identify features that can classify disorders accurately
and predict treatment outcomes. For example, a machine learning
classifier might be used to judge whether a diagnosis really does identify
a unique constellation of dysfunctions (hence high classification accu-
racy based on those dysfunctions), or to evaluate whether additional
features, outside of the accepted diagnostic criteria, could be useful
markers of disorder. This approach is agnostic to the causes or mecha-
nisms involved, relying instead on consistent and reliable patterns
emerging from sufficiently large datasets (Huys et al., 2016). Although
machine learning encompasses a very wide set of techniques, including
clustering and regression (Flach, 2012), we focus here on machine
learning classifiers because these are more obviously different from
traditional methods and are commonly used in the framework of
computational psychiatry (Huys et al., 2016; Adams et al., 2016). Sec-
ond, a theory-driven approach uses mathematical models to test explicit
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Psychopathy (based on Hare’s PCL-R)

Grandiose sense of self worth
Need for stimulation/proneness to boredom|
Pathological lying
Conning/manipulative
Lack of remorse or guilt

Antisocial Personality Disorder
A. Disregard for and violation of others’
rights since age 15, as indicated by one of the
seven sub features:

Failure to obey laws and norms by engaging
in behavior which results in criminal arrest,
or would warrant criminal arrest
Lying, deception, and manipulation, for profit|
or self-amusement
Impulsive behavior
Irritability and aggression, manifested as
frequently Its others, or in
fighting
Blatantly disregards safety of self and
others,

A pattern of irresponsibility and
Lack of remorse for actions
B. The person is at least age 18,

C. Conduct disorder was present by history
before age 15
D. and the antisocial behavior does not occur in
) kthe context of schizophrenia or bipolar disorder.‘

Parasitic lifestyle
Poor behavioral controls
Promiscuous sexual behavior
Early behavior problems
Lack of realistic, long-term goals
Impulsivity
Irresponsibility
Failure to accept responsibility for own
actions
Many short-term marital relationships
Juvenile delinquency
Revocation of conditional release
Criminal versatility

gag

\
p

Often runs about or climbs in situations where it
is not appropriate (adolescents or adults may be
limited to feeling restless)

Often unable to play or take part in leisure
activities quietly
Is often “on the go” acting as if “driven by a
motor”

Often talks excessively.

Often blurts out an answer before a question
has been completed
Often has trouble waiting their turn.

Often interrupts or intrudes on others (e.g., butts

Attention Deficit Hyperactivity Disorder
Hyperactivity and Impulsivity: Six or more
symptoms of hyperactivity-impulsivity for
children up to age 16 years, or five or more for
adolescents aged 17 years and older and adults;
symptoms of hyperactivity-impulsivity have been
present for at least 6 months to an extent that is
disruptive and inappropriate for the person’s
developmental level:

Often fidgets with or taps hands or feet, or
squirms in seat
Often leaves seat in situations when

L remaining seated is expected into conversations or games)

J

Oppositional Defiant Disorder
Angry and irritable mood:
Often and easily loses temper
Is frequently touchy and easily annoyed by
others
Is often angry and resentful
Argumentative and defiant behavior:
Often argues with adults or people in
authority
Often actively defies or refuses to comply
with adults' requests or rules
Often deliberately annoys or upsets people
Often blames others for his or her mistakes
or misbehavior
Vindictiveness:
Is often spiteful or vindictive
Has shown spiteful or vindictive behavior at least|
twice in the past six months. )

Conduct Disorder
Bullies, threatens, or intimidates others
Initiates physical fights
Used a weapon that can cause serious harm
to others

Stolen while confronting a victim
Forced someone into sexual activity
Deliberate fire setting
Deliberate destruction of others’ property
Broken into house, building, or car
Lies to obtain goods or favors or avoid
obligations
Has stolen without confronting a victim
Stays out at night without permission, before]
age 13 years
Has run away from home \_
Truants from school, before age 13 years

e )

The preceding criteria is accompanied by the
following:
1. The behaviors cause significantimpairmentin
functioning and
2. If the individual over age 18 the criteria for
APD is not met.

LACK OF

IRRITABILITY

REMORSE/ JANGER

GUILT

Further qualifiers are: IRRESPONSIBILITY
1. Child, Adolescent, or Unspecified onset.

2 Limited prosocial emotions, - lack of remorse|

or guilt,
unconcerned about performance, does not
put in effort and blames others for poor
performance
3. With mild, moderate, or severe levels

CRIMINAL

IMPULSIVITY BEHAVIORS

/DEFIANCE

Fig. 1. Diagnostic criteria for disorders associated with antisocial behaviour and related disorders. Psychopathy, antisocial personality disorder, conduct disorder,
oppositional defiant disorder, and ADHD share some overlapping features that could help to shed light on the component processes of each individual disorder.
Transdiagnostic features such as lack of remorse/guilt, irritability/anger, lack of empathy/callousness, irresponsibility, impulsivity, and criminal behaviours/defi-
ance could be particularly important for characterising computational and neurobiological mechanisms. The criteria listed here have been taken from the DSM-5
(with some rewording for brevity), except for psychopathy, which does not feature in DSM-5 and is instead captured by the Hare Psychopathy Checklist Revised

(PCL-R).
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hypotheses, commonly about cognitive-behavioural processes, but
potentially incorporating multiple levels of explanation (Huys et al.,
2016). Together, these two approaches can elucidate areas of overlap
and difference between disorders, and identify latent cognitive mecha-
nisms that drive behaviour at a transdiagnostic level. Although ‘anti-
social’ diagnoses are an obvious candidate, computational work with
these disorders is still at a stage of relative infancy (Brazil et al., 2018),
and the antisocial construct may be further subdivided into more basic
candidate mechanisms (Fig. 1). In this review, we aim to illustrate how
computational psychiatry can further our understanding of antisocial
behaviour and psychopathic traits across the lifespan. We first summa-
rise the different diagnoses used to capture antisocial behaviour, high-
lighting several transdiagnostic clinical features that tend to occur
across multiple disorders (Fig. 1). We then describe promising compu-
tational work in the field from both data-driven and theory-driven ap-
proaches, and conclude with suggested future directions for the field.

2. Diagnosing antisocial behaviour in children and adults

The psychiatry of antisocial behaviour has a long and complex his-
tory (Crego and Widiger, 2015; Millon et al., 2002; Shipley and Arrigo,
2001; Arrigo and Shipley, 2001; Bayard et al., 2020; Hervé, 2007). The
American Psychiatric Association’s Diagnostic and Statistical Manual of
Mental Disorders (5th edition; DSM-5 (American Psychiatric Associa-
tion, 2013)) currently includes two diagnoses for severe and persistent
antisocial behaviour. Conduct disorder is a behavioural disorder of
childhood or adolescent onset, characterised by antisocial behaviour
and violation of age-appropriate social norms (American Psychiatric
Association, 2013). Criteria for diagnosis include physical and sexual
violence, vandalism, and bullying (American Psychiatric Association,
2013). (Milder behavioural problems in children and adolescents, such
as rule-breaking, defiance, and spiteful or vindictive behaviour, can
instead be diagnosed as ODD (American Psychiatric Association, 2013)).
Antisocial personality disorder is diagnosed in adults (age 18 +), and
criteria include criminal antisocial behaviour with a history of conduct
disorder, as well as impulsivity, manipulativeness, irresponsibility, and
remorselessness (American Psychiatric Association, 2013) (Fig. 1).
Adults who do not meet the full criteria for antisocial personality dis-
order can be diagnosed with conduct disorder if they meet the criteria,
and if there is retrospective evidence for an onset before age 18 years. A
similar diagnosis, dissocial personality disorder, is recognised by the
World Health Organisation’s International Classification of Diseases
(World Health Organization, 2018).

Psychopathy is not included in the DSM-5, and it has sometimes,
especially historically, been regarded as synonymous with antisocial
personality disorder (Crego and Widiger, 2015; Buzina, 2012; Rogers
and Rogstad, 2010). However, compared to antisocial personality dis-
order, psychopathy as a disorder is more closely associated with affec-
tive traits such as lack of conscience, callousness, and shallow affect
(Cleckley, 1976; Hare and Neumann, 2008). It has therefore come to be
seen as a separate and more severe personality disorder (Crego and
Widiger, 2015; Millon et al., 2002; Buzina, 2012; Ogloff, 2006) (but see
(Rogers and Rogstad, 2010)). As well as these affective traits, some re-
searchers view fearlessness as an important feature of psychopathy, but
its centrality to the disorder is still debated (Crego and Widiger, 2015;
Lilienfeld et al., 2012; Lynam and Miller, 2012). In recent years there has
been increasing recognition that psychopathic traits are not binary
phenomena, and psychopathy can also refer to spectrums of affective
and antisocial psychopathic traits associated with the personality dis-
order, but present to a lesser degree across the population (Crego and
Widiger, 2015; Edens et al., 2006; Newman et al., 2005; Sellbom and
Drislane, 2021) (but see (Coid and Yang, 2008)). Finally, the core
callous-unemotional affective traits of psychopathy (low empathy,
shallow affect, remorselessness, and lack of concern about performance
in important activities) are now used to demarcate a more severe
‘limited prosocial emotions’ subtype of conduct disorder in the DSM-5
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(American Psychiatric Association, 2013; Rowe et al., 2010; Kahn
etal., 2012; Frick and White, 2008; Frick et al., 2003, 2005; Viding et al.,
2005), although callous-unemotional traits are not binary phenomena
and are typically somewhat elevated in conduct disorder regardless of
subtype (Kliem et al., 2022) (Fig. 1). Similar phenomena are therefore
described using different terminology in children and adults, a situation
that is perhaps compounded by the tendency for most researchers to
specialise in only one developmental period.

Overall, a number of transdiagnostic clinical features are present
across related disorders. As well as antisocial behaviour, these trans-
diagnostic features include the callous-unemotional affective traits of
psychopathy, lack of remorse or guilt, impulsive behaviour, aggression,
irritability, and criminal behaviour or age-inappropriate defiance
(Fig. 1). Some transdiagnostic features are essential diagnostic criteria
for multiple disorders (antisocial behaviour), others are central to some
disorders and more peripheral to others (e.g., callous-unemotional traits
and lack of remorse or guilt), and some are commonly observed but of
debated importance (e.g., fearlessness). Thus, there is a pressing need for
the ‘antisocial’ diagnoses to benefit from the emerging framework and
methods of computational psychiatry, as has already begun to happen
for disorders such as anxiety and depression (Pulcu and Browning, 2017;
Chen et al., 2015; Pike and Robinson, 2022; Brown et al., 2021). In this
review, we focus on conduct disorder, antisocial personality disorder,
and psychopathy, since computational work on ODD has, to our
knowledge, not begun and because other excellent reviews of compu-
tational approaches to ADHD already exist (Latimer et al., 2012).
However, because of the overlap between these different disorders, we
highlight important studies where these are relevant to understanding
common mechanisms.

3. Data-driven approaches

Machine learning classifiers use complex, multivariate data patterns
to distinguish between different categorical classes (Flach, 2012).
Classifiers are almost entirely data-driven in that, apart from selecting
the data itself, the researcher has no further input into what variables
the classifier should use. The advantage of this approach is that classi-
fiers can detect combinations of features that together are highly pre-
dictive of a disorder or clinical outcome, but would escape detection by
humans because of their complexity and the lack of a priori hypotheses
relating to them. Conversely, precisely because of this data-driven
flexibility, classifiers cannot distinguish between variables ‘of interest’
and variables that humans would regard as confounders in many con-
texts, such as age or ethnicity. Consequently, classifiers are most useful
where there is a practical need to distinguish between groups, but where
it is not essential to understand why groups differ.

Classifiers have been applied to antisocial behaviour disorders with
some success. For example, Sato et al (Sato et al., 2011) distinguished
between adults with antisocial personality disorder and psychopathy
(Cooke et al., 1999) versus healthy controls with 80% accuracy, using
voxel-level magnetic resonance imaging (MRI) grey matter volume data.
Other researchers have used social media content (Asghar et al., 2021;
Alotaibi et al., 2021; Wald et al., 2012; Henning, 2017; Sumner et al.,
2012; Mahmud et al.,, 2021), Near Infra-red Spectroscopy (NIRS)
(Dashtestani et al., 2019), speech patterns (Jain et al., 2019), videotaped
head motion (Gullapalli et al., 2021), electroencephalogram (EEG) fre-
quency data (Baumgartl et al., 2020), and histories of childhood abuse
and caregiving (Schorr et al., 2021) to distinguish adults with psy-
chopathy or antisocial personality disorder from healthy controls (see
also Cope et al., 2014). Psychopathic traits have also been used as suc-
cessful predictors of aggression (Suchting et al., 2018) and opiate and
stimulant abuse (Ahn and Vassileva, 2016). Interestingly, one
MRI-based classifier adopted a three-class approach based on severity of
psychopathy, and performed better when moderate psychopathy was
grouped with non-psychopathy rather than with severe psychopathy or
as a separate class from both (Pearce, 2015). However, the criteria used
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to define psychopathy were not explained. This is a common omission in
papers where the focus is on machine learning methods rather than
psychopathy, but given the complexity and debate surrounding psy-
chopathy diagnoses, inclusion of this information would greatly increase
the impact of computer science literature within computational
psychiatry.

More generally, MRI-based classifiers could potentially suffer from
low reliability, which was highlighted as a problem in the univariate
literature by a recent meta-analysis of 134 MRI psychopathy studies
(Deming et al., 2022). The reliability of multivariate MRI studies is
currently unknown due to a lack of literature, but if similar problems do
arise then these can be overcome with larger sample sizes and precise
anatomical labelling (Deming et al., 2022). One important factor is that
univariate and multivariate analysis can reveal unique findings and
therefore any conclusions about regional atypicalities can consider both
types of effect (Kriegeskorte et al., 2008). When working with functional
data, it could also be the case that multivariate approaches are inher-
ently more powerful as they can make use of multiple experimental
conditions in parallel (Kriegeskorte et al., 2008).

In youths, a series of studies have been conducted with a sample of
Chinese adolescent boys (aged 14-15) with ‘pure’ (non-comorbid)
conduct disorder, and healthy controls. Different classifiers have ach-
ieved maximum accuracies ranging from 78% to 85% (Zhang et al.,
2019, 2020a, 2018) using regional grey matter volumes from this
sample, while resting state functional MRI data from a similar sample
(‘non-comorbid’ Chinese adolescent boys aged 15-17) yielded accu-
racies of 75% (Lu et al., 2021) and 94% (Zhang et al., 2020b). These
studies highlight the power of the multivariate machine learning
approach. However, it should be noted that they were unusually ho-
mogenous in terms of age, sex, nationality, and lack of comorbid di-
agnoses, and therefore external validation on a separate dataset would
be helpful.

In an unrelated, longitudinal sample of youths aged 9-10 years at
baseline, a classification accuracy of 98% for predicting future conduct
disorder was achieved using a combination of social, psychological, and
biological predictors (Chan et al., 2022). These included age, sex, race,
measures of neighbourhood safety, family income, parenting, baseline
ADHD, oppositional defiant disorder, and conduct disorder diagnoses,
tests of memory, attention, cognitive control, language, and reading
ability, and global and local connectivity across multiple brain net-
works. Interestingly, the model was more accurate at identifying youths
without conduct disorder (true negative rate) than youths with conduct
disorder (true positive rate). This pattern has been observed with other
classifiers (Pauli et al., 2021a, 2021b), and suggests that across a broad
range of measures of psychological functioning, youths with conduct
disorder are more likely to resemble healthy youths than vice versa.
These findings highlight the importance of ensuring that diagnostic
criteria strike an appropriate balance between sensitivity and specificity
when diagnosing conduct disorder.

Perhaps more impressive, classifiers have also been able to distin-
guish between youths with closely related disorders. In a study of
incarcerated teenagers, those with high psychopathic traits could be
distinguished from those with low psychopathic traits with 69% accu-
racy using structural MRI data. This was much lower than when dis-
tinguishing either group from non-incarcerated controls, but still well
above chance performance (Steele et al., 2017). Notably, however, these
MRI-based classifiers were outperformed by an age-and-IQ-only classi-
fier in the same sample. Likewise, youths with conduct disorder have
been distinguished from youths with ADHD and youths with comorbid
ADHD and conduct disorder. One study achieved 80% accuracy using
electrocardiogram (ECG) data (Koh et al., 2022), and another achieved
98% accuracy using EEG data (Tor et al., 2021). Two studies have
attempted to distinguish between conduct disorder with and without
limited prosocial emotions. One study achieved 58% accuracy based on
experiences of parenting (Pauli et al., 2021b), while a second achieved
52% (chance-level) accuracy based on facial emotion recognition
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abilities (Pauli et al., 2021a). Both of these studies reported superior
performance (up to 75% accuracy) when distinguishing conduct disor-
der subtypes from healthy controls. Interestingly, in both papers, the
true negative rate exceeded the true positive rate, indicating that youths
with conduct disorder were more likely to be classified as controls than
vice versa. As noted previously, this pattern has also been observed
elsewhere (Chan et al., 2022).

Together, the data-driven literature concords with previous research
pointing to neurobiological differences, albeit not universal, in people
with antisocial behaviour disorders compared to healthy controls
(Fairchild et al., 2013; Sterzer et al., 2007; Sebastian et al., 2016; De
Brito et al., 2009, 2021a, 2021b). Although biology is an inextricable
part of the causal chain for all human behaviour, including mental
disorder, discussion of the biological correlates of antisocial behaviour
can be especially controversial. This is because biological explanations
for mental disorder are associated with reduced control and blame
(Loughman and Haslam, 2018), and in the context of antisocial behav-
iour, such explanations can be seen either as excusing criminality
(Morse, 1995) or unfairly stigmatising (Beltran et al., 2021). These
concerns are legitimate, but it is important that the degree of public
sympathy or antipathy for people with mental health disorders is not
allowed to override more objective interpretations of the literature.
Thus, machine learning classifiers make an important contribution by
demonstrating that biological differences can predict the presence of
antisocial behaviour disorders in individuals with a high degree of ac-
curacy. These findings, especially with further validation on external
datasets, will hopefully reduce the sentiment that disorders that do not
elicit sympathy are less ‘real’ than other disorders.

In summary, machine learning classifiers have demonstrated clear
potential for identifying antisocial behaviour disorders across a wide
range of data types, including some highly successful attempts to
distinguish between closely related disorders using biological data (Koh
etal., 2022; Tor et al., 2021). These successes raise the possibility of new
biomarkers and risk markers being used to predict and detect disorders
in the future. However, clinical use is still far from reality. First, an
inherent limitation of the data-driven approach is that it is difficult, if
not impossible, to understand the basis for successful classification. This
is highlighted by the finding that in one sample, age and IQ were driving
classification more strongly than regional grey matter volumes (Steele
et al., 2017). Most clinicians would presumably find it unacceptable to
diagnose based on age and IQ rather than disorder symptoms, but with
classifiers it is always possible that demographic differences of this kind
are actually the driving force behind classification success. This raises
sensitive ethical issues around the clinical use of classifiers, especially
regarding ethnic biases (Hitczenko et al., 2022). These ethical concerns
have been addressed in detail elsewhere (Chen et al., 2021; Jurjako
et al., 2019, 2020). Conversely, many researchers mitigate this issue by
using demographically well-matched, numerically balanced groups,
sometimes with variance associated with confounding factors already
regressed out (e.g., (Sato et al., 2011); Zhang et al., 2020b; Pauli et al.,
2021a; Steele et al., 2017). This increases interpretability and reduces
opportunities for confounding variables to drive classification, but it is
less data-driven and often results in samples that do not reflect the
real-world incidence of health and disorder. Ultimately, classifiers must
perform equally well on large, imbalanced, and messy real-world data
before they can be of practical clinical interest beyond specialised
research settings (Meeks, 2020).

Second, given the ongoing debate about the validity of the DSM-5
diagnostic approach (Casey et al., 2013), it is important to understand
the extent to which closely related disorders are truly differentiable.
Classifiers are ideally placed to address this debate because they can
quantify how separable disorders are using a multivariate approach
(Pauli et al., 2021a, 2021b; Steele et al., 2017; Koh et al., 2022; Tor
et al.,, 2021). They have been successfully applied to other disorders,
such as schizophrenia, with high accuracy (de Filippis et al., 2019), and
we hope that multi-class, multi-disorder classification will become more
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prevalent in the next few years. We also note that classifiers are only one
form of machine learning, and other multivariate computational ap-
proaches, such as clustering, can also make valuable contributions in
this area, although we have not focused on these techniques here (Coid
and Yang, 2008; Cox et al., 2013; Vassileva et al., 2005; Swogger and
Kosson, 2007; Hicks et al., 2004; Bronchain et al., 2020; Gong et al.,
2022; Morana et al., 2006).

Third, it is important not to lose sight of the clinical relevance of
research into antisocial behaviour disorders. At least for the foreseeable
future, clinicians will generally treat psychological and behavioural
symptoms directly, rather than intervening with biological correlates
such as resting state connectivity. Consequently, data-driven approaches
can only be the first step towards identifying relevant mechanisms for
targeted clinical interventions. Rather than simply focusing on overall
classification accuracy, researchers should use machine learning to
identify combinations of features that are most predictive of specific
disorders, or which can be reliably delineated across disorders. As pre-
viously described, different severities of psychopathic and callous-
unemotional traits have been distinguished using classifiers (Pauli
et al., 2021b; Steele et al., 2017). The other transdiagnostic features
outlined here (Fig. 1) could be candidates for future successful machine
learning approaches, especially regression-based methods that are more
suited to handling continuous rather than -categorical outcome
measures.

4. Theory-driven approaches

In contrast to data-driven approaches, theory-driven approaches,
such as computational modelling of behaviour, are strongly hypothesis-
driven (Adams et al., 2016). To engage in theory-driven approaches,
researchers must formulate precise mathematical models that are
hypothesised to capture specific cognitive or biological processes, design
experiments that engage these processes, and test how well the mathe-
matical models capture the experimentally observed data (Adams et al.,
2016; Lockwood and Klein-Fliigge, 2020). A particular strength of this
kind of modelling is its ability to capture latent or unobserved variables,
such as learning rates or response biases, which can only be captured
mathematically rather than through observing the data (Pauli et al.,
2022; Lockwood and Klein-Fliigge, 2020; Mars et al., 2012). Thus, while
theory-driven modelling does not necessarily speak directly to the
separability of different disorders, it can help to identify mechanisms
that occur transdiagnostically across related disorders, as well as
mechanisms that might distinguish between different disorders.

4.1. Reinforcement learning approaches to antisocial behaviour and
psychopathy

Reinforcement learning theory describes how the learned reward or
punishment value of an action influences the likelihood of repeating that
action in the future (Sutton and Barto, 2018). Learning occurs when the
outcome is unexpected, leading to a ‘prediction error’ that is then scaled
by a learning rate and used to update the expected value of the relevant
action for the future. Perhaps the clearest theoretical and empirical
evidence for a transdiagnostic marker in antisocial behaviour and psy-
chopathy is punishment learning. Deficits in learning from punishment
have long been central to theoretical accounts of psychopathy, as well as
related disorders such as conduct disorder (Newman and Kosson, 1986;
Lykken, 1957; Blair et al., 2004a; Finger et al., 2011). However, it is only
more recently that these learning processes have been modelled
computationally. Typically, participants complete a learning task in
which they must decide whether or not to respond to stimuli in order to
gain rewards (positive feedback, points, or money) and avoid punish-
ments. Responses are then modelled using a classic Rescorla-Wagner
type model (Lockwood and Klein-Fliigge, 2020; Rescorla and Wagner,
1972), in which possible actions are assigned expected values that are
then converted into probabilities for engaging in that action (Lockwood
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and Klein-Fliigge, 2020). The expected values are calculated from pre-
diction errors, which are discrepancies between the actual and expected
outcomes, and these in turn are scaled by learning rates, which deter-
mine how strongly the prediction errors affect the expected values
(Lockwood and Klein-Fliigge, 2020). In addition, these models contain a
temperature or noise parameter that captures choice stochasticity. This
is important for dissociating learning processes from behavioural vari-
ability in choosing the action with the highest expected value. A major
strength of these models is that they are biologically plausible. This was
demonstrated in the seminal work of Schultz and colleagues (Schultz
et al.,, 1997), who observed that dopamine neurons in the ventral
tegmental area carried a prediction error-like signal. The dopamine
neurons increased their firing rate to an unexpected reward (a positive
prediction error) and decreased their firing rate when expected rewards
did not occur (a negative prediction error). Armed with a plausible
biological basis and the ability to quantify latent learning processes,
these models can reveal quantitative differences in learning speed that
are associated with antisocial behaviour.

Using this approach, Oba and colleagues (Oba et al., 2019) investi-
gated associations between punishment learning and self-reported psy-
chopathic traits in Japanese undergraduates. The students completed a
probabilistic go/no-go learning task, in which they had to decide
whether or not to respond to stimuli to gain reward and avoid punish-
ment. The different stimuli required either an active response to gain
reward, an active response to avoid punishment, a lack of response to
gain reward, or a lack of response to avoid punishment (Guitart-Masip
et al., 2012). In the first of two studies using the probabilistic go/no-go
task, participants were divided into high and low affective psychopathy
groups. Compared to participants with low psychopathy scores, partic-
ipants with high psychopathy scores exhibited poorer learning from the
successful avoidance of punishment. Interestingly, when psychopathy
was treated as a continuous rather than binary measure in the second
study, this association was observed only for participants low in anti-
social traits (Oba et al., 2019). This study suggests that impaired
learning from punishment might be a cognitive computational process
that is specifically impaired in those with high psychopathic traits. This
fits with existing accounts of psychopathy, but had not been demon-
strated computationally. Similar learning models have also been applied
to learning about benefits for other people as well as for oneself. In a
study of aging (Cutler et al., 2020), self-reported psychopathic traits
were negatively associated with prosocial learning rates (i.e., learning
rates for outcomes that help other people) in older adults, but not
younger adults. These associations remained significant after controlling
for group differences in the temperature parameter, suggesting speci-
ficity to learning rates. Together, these findings suggest that at least in
healthy adults, psychopathic traits seem to be associated with learning
rate differences.

Interestingly, reduced learning rates have also been observed in
adults with ADHD, a disorder that shares impulsive features with psy-
chopathy and antisocial personality disorder (Fig. 1). In a functional
MRI (fMRI) study (Sethi et al., 2018), temporarily unmedicated adults
with ADHD exhibited lower learning rates than healthy controls, were
more likely to respond to novel stimuli, and exhibited heightened nov-
elty signalling in the substantia nigra/ventral tegmental area. These
group differences were much reduced when participants were given
stimulant medication. However, ADHD is not always associated with
reduced learning rates. Indeed, a review on computational approaches
to ADHD suggested that the weight of evidence supports lower choice
sensitivity in ADHD, but not lower learning rates (Ziegler et al., 2016).

Others have used different modelling approaches to investigate
learning in psychopathy. In one study (Brazil et al., 2013), female par-
ticipants had to decide which of two rectangles to select to gain rewards.
In addition to learning the probability of reward for each rectangle,
participants were given advice about which to choose on each trial. They
could therefore be guided by the probability of reward and the proba-
bility of correct advice. These two factors were weighted using
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computational parameters, which captured the relative influence of
each type of information on choices. The use of reward probability in
guiding decisions was positively associated with self-reported fearless-
ness and stress immunity, while the use of social information was
negatively associated with self-reported stress immunity and positively
associated with self-reported ability to manipulate others.

In another study using simulated data (Moul et al., 2021),
callous-unemotional traits were reported to be associated with a longer
‘learning window width’. This model differs from traditional rein-
forcement learning models (Lockwood and Klein-Fliigge, 2020; Rescorla
and Wagner, 1972) in that there is no calculation of a learning rate, or
temperature parameter capturing choice noisiness/inconsistency.
Instead, expected values are calculated by averaging across n previous
trials, where n is the learning window width. A longer learning window
is therefore roughly equivalent to a lower learning rate or slower
forgetting (Moul et al., 2021), but whether a longer learning window
directly reflects a lower learning rate, slower forgetting, or greater
choice inconsistency is not distinguishable. By simulating data from a
previously used learning task (Budhani et al.,, 2006), the authors
demonstrated that callous-unemotional traits were associated with
wider learning windows, and thus potentially (but not definitely) with
lower learning rates. Taken together, these modelling studies suggest
that psychopathic traits in adults are associated with poorer learning
from punishment avoidance (Oba et al., 2019), poorer learning to help
others (Cutler et al., 2020), and potentially slower learning in general
(Moul et al., 2021), and that the specific traits of fearlessness and
manipulativeness are associated with reward and social information use
during learning (Brazil et al., 2013).

A smaller number of studies have modelled learning or learning-
related processes in youths. One study investigated fMRI prediction
error and expected value signals in youths aged 10-18 years with
conduct disorder or oppositional defiant disorder (White et al., 2013).
Participants viewed pictures of animals and could respond by pressing a
button, or withhold responding. Some of the pictures were probabilis-
tically associated with rewards and others with punishments when a
response was made, while withholding responses resulted in neither
reward nor punishment. Expected values for responding were calculated
using prediction errors, with fixed learning rates across the whole
sample. In youths with disruptive behavioural disorders compared to
healthy controls, activity in the ventromedial prefrontal cortex was less
strongly associated with expected values when deciding to respond, and
activity in the anterior insula and caudate was less strongly associated
with expected values when deciding to withhold responses. Additional
associations were found for prediction errors during the outcome phase,
with weaker associations between caudate activity and reward predic-
tion errors relative to healthy controls, but stronger associations be-
tween caudate activity and punishment prediction errors (see also White
et al., 2016).

A second study reported on fMRI measures of representational un-
certainty in youths at high risk for antisocial personality disorder (Brazil
et al., 2017). The youths were considered high-risk because they had all
been arrested by the police for antisocial behaviour before age 12 years.
The youths completed a behavioural task in which male faces were
sometimes paired with electric shocks, but the punishment contin-
gencies were unstable, so that the probability of getting a shock with a
picture continually changed. The task was designed to capture contin-
gency uncertainty (i.e., uncertainty about punishment contingency
changes themselves) and change rate uncertainty (i.e., uncertainty
about the rate of contingency changes during the task). Both forms of
uncertainty were a challenge for successful learning, in which uncer-
tainty must be minimised to learn about outcomes successfully (Brazil
et al., 2017). In a factor analysis, activity in the left and right amygdala
loaded onto the same factor as contingency uncertainty, and this factor
was  positively  associated  with  callous-unemotional and
impulsive-irresponsible psychopathic traits. In addition, activity in the
left and right insula and the right amygdala loaded onto the same factor
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as change rate uncertainty, and this factor was positively associated with
impulsive-irresponsible psychopathic traits. These findings suggest that
both the affective and antisocial dimensions of psychopathy are related
to neural representations of uncertainty during learning.

Taken together, these studies indicate that learning differences could
underpin some of the latent constructs identified as contributing trans-
diagnostically to antisocial behaviour disorders. Reduced learning rates
for punishing or rewarding stimuli could be consistent with an affective
impairment that may be shared with other disorders. Although to our
knowledge not investigated so far in antisocial behaviours disorders,
models and tasks that capture a tendency to over-respond to stimuli
regardless of outcome could characterise a transdiagnostic concept of
impulsivity. Indeed, in typically developing children and adolescents,
the tendency to respond to stimuli regardless of outcome (an action
initiation bias) differs with age during the developmental period when
conduct disorder often first develops (Pauli et al., 2022). Thus, learning
models hold great promise for revealing latent component mechanisms
(Adams et al., 2016).

4.2. Value-based decision-making computational approaches to antisocial
behaviour and psychopathy

While fewer studies have focused on computational mechanisms
beyond learning, research is beginning to uncover non-learning deci-
sion-making mechanisms as well. One such study (Lockwood et al.,
2017a) tested people’s willingness to exert physical effort (squeezing a
hand grip) to obtain rewards for themselves and others. Participants
tended to be apathetic about obtaining rewards for others, choosing to
squeeze the grip less often than for themselves and exerting less force
when they did so. This ‘prosocial apathy’ was elevated in people with
the highest (subclinical) psychopathy scores. Indeed, prosocial apathy
has also been linked to lack of empathy more broadly (Lockwood et al.,
2017b). Another study compared sense of guilt and sense of fairness as
explanations for non-reciprocal behaviour in an economic ‘investor’
game (Driessen et al., 2021) (see also Vieira et al., 2014). Fairness and
guilt were modelled as weightings against decisions that were unfair
(giving the investor an unequal share of the payoff) and guilt-inducing
(giving the investor less than they would have expected from their in-
vestment). The fairness parameter and self-reported psychopathic traits
were both associated with non-reciprocal behaviour (failure to pay
dividends to an investor), although neither the fairness nor the guilt
parameters were directly associated with psychopathy scores. However,
in a similar study in adolescents (Yu et al., 2022), higher
callous-unemotional traits were associated with lower aversion to get-
ting more than one’s fair share, but not to getting less than one’s fair
share. Similar patterns were observed in young adults in the same study
(Yu et al., 2022), and another recent study with adults reported that
psychopathy scores were associated with less anticipated guilt in a
different economic investor (trust) game (Gong et al., 2019). Finally, one
study investigated harmful and helpful behaviour to self and others
(Contreras-Huerta et al., 2020). In this study, people with higher af-
fective reactivity scores (calculated from self-report psychopathy mea-
sures) were more averse to harming others for profit, and more willing to
exert effort to help others. Together, these studies suggest that, similar to
learning rate differences, basic aspects of value-based decision-making
might be altered in those with subclinical psychopathic traits. In
particular, prosocial effort discounting and computations of fairness and
harm could be important latent computational markers to focus on in
future research.

In summary, the theory-driven computational literature on antisocial
behaviour disorders currently resembles a ‘patchwork’, with numerous
studies addressing different hypotheses, using different modelling ap-
proaches, in different populations. The small number of studies and the
diversity of their approaches makes interpretation of the literature a
challenge. Despite this, some broad patterns can clearly be discerned.
First, computational modelling of reinforcement learning indicates that
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psychopathy (Moul et al., 2021) and conduct disorders (White et al.,
2013, 2016; Brazil et al., 2017) are associated with differences in latent
learning processes, and these differences might be specifically related to
punishment learning (Oba et al., 2019). Psychopathy is also associated
with specific difficulties in learning contingency reversals (Moul et al.,
2021; Budhani et al., 2006), which might reflect an impulsive difficulty
inhibiting responses in a potentially rewarding environment (O’Brien
and Frick, 1996) as well as punishment learning difficulties (Blair et al.,
2004Db). Previous computational work in healthy adolescents has sug-
gested that impulsive responding can mimic reward sensitivity in the
go/no-go learning contexts that are often used in psychopathy research
(Pauli et al., 2022). Second, computational studies point to differences
in how people with elevated psychopathy scores learn (Cutler et al.,
2020) and make decisions that impact other people (Lockwood et al.,
2017a; Contreras-Huerta et al., 2020), and suggest that insensitivity to
fairness as well as apathy might be driving some of these differences
(Lockwood et al., 2017a; Driessen et al., 2021; Yu et al., 2022). Third,
computational modelling has been combined with neuroimaging to
elucidate brain mechanisms connected with these learning and moral
behavioural differences (White et al., 2013, 2016; Brazil et al., 2017),
although this work is still in its infancy. Overall, however, the sparsity
and diversity of the literature mean that we cannot as yet identify
transdiagnostic markers of antisocial behaviour disorders with confi-
dence. We suggest that a focus on identifying latent cognitive mecha-
nisms linked to punishment learning and social processes could be
fruitful from a transdiagnostic perspective and perhaps contribute more
widely to understanding whether the various disorders associated with
antisocial behaviour should be interpreted in terms of symptom severity
or as distinct disorders. More broadly, from the common symptoms
across different antisocial behaviour disorders, there are clear candi-
dates for further investigation (Fig. 1).

Besides the general sparsity of the literature, there a few specific gaps
that prevent a transdiagnostic understanding of antisocial behaviour.
First, researchers have only very rarely tested people with antisocial
behaviour disorders or equivalently serious behaviour, and then usually
only in conduct disorder and oppositional defiant disorder (White et al.,
2013, 2016; Brazil et al., 2017). With these few exceptions, there is a
virtually exclusive focus on low-level, subclinical psychopathic traits in
healthy volunteers (Oba et al., 2019; Cutler et al., 2020; Driessen et al.,
2021; Yu et al., 2022; Contreras-Huerta et al., 2020). This contrasts
sharply with the data-driven literature (Sato et al., 2011; Pearce, 2015;
Zhang et al., 2019, 2020a, 2018, 2020b; Pauli et al., 2021a, 2021b) and
conventional psychopathy research (e.g., (Blair et al., 2006); Gregory
et al., 2015; Baskin-Sommers et al., 2010), where the focus is largely on
diagnosed individuals. While there are good arguments for treating
psychopathy as a set of traits rather than a category of disorder (Crego
and Widiger, 2015; Edens et al., 2006; Newman et al., 2005; Sellbom
and Drislane, 2021), a focus on purely subclinical phenomena may not
generate transdiagnostic markers across different clinical disorders.
Furthermore, these studies do not sufficiently address the more con-
ventional understanding of psychopathy as a severely disabling phe-
nomenon, whether or not it is regarded as a distinct disorder. Modelling
focused on diagnosed individuals is therefore needed, to allow a clearer
analysis of how computational work can elucidate cognitive mecha-
nisms in severe antisocial behaviour. In parallel, diagnostic criteria
could be revised to account for progress in capturing the basic mecha-
nisms that drive these disorders and explain pathology across psycho-
logical and neurobiological levels.

Second, much of the computational work that touches on psychop-
athy has not had psychopathy as its primary focus (Cutler et al., 2020;
Contreras-Huerta et al., 2020), and there are only a few examples of
computational work by researchers studying psychopathy (e.g., Brazil
et al., 2017). Perhaps as a result, differences in punishment and reward
learning, which have repeatedly been linked to antisocial behaviour
disorders (Blair et al., 2004b; Byrd et al., 2014), have rarely been
modelled (Oba et al., 2019). This is despite such studies being quite
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common in other populations (Guitart-Masip et al., 2012; Pauli et al.,
2022; Raab and Hartley, 2020; Palminteri et al., 2016, 2015). Thus,
computational work by researchers with expertise in antisocial behav-
iour disorders is very much needed; in particular, more extensive work is
needed on latent reward and punishment learning mechanisms in dis-
orders such as psychopathy and conduct disorder. Recent work suggests
that reward and punishment learning exhibit normative developmental
differences from childhood to adolescence, with reward learning
remaining stable while punishment learning rates increase (Pauli et al.,
2022). This difference could be developmentally relevant, given that
conduct disorder often emerges during adolescence, and could represent
an important target for intervention.

Third, and related, it will be important to demonstrate how these
latent mechanisms are linked to real-world behaviour. For example, it
would be helpful to understand whether punishment learning rates can
predict relevant real-world behaviour such as recidivism. Indeed, this
may be an area of fruitful overlap between theory-driven and data-
driven approaches, with latent mechanisms derived from computa-
tional models being used as predictors of disorder or outcome in ma-
chine learning classifiers.

5. Summary and conclusions

For many years, our understanding of antisocial behaviour disorders
has been beset by scientific, ethical, and terminological controversies,
resulting in a plethora of closely related disorders that are recognised
within different psychiatric traditions, in different age groups, and with
overlapping but non-identical diagnostic criteria (Crego and Widiger,
2015; Millon et al., 2002; Shipley and Arrigo, 2001; Arrigo and Shipley,
2001; Buzina, 2012). Debate continues as to how truly separable these
disorders are (Crego and Widiger, 2015; Millon et al., 2002; Shipley and
Arrigo, 2001; Arrigo and Shipley, 2001; Buzina, 2012), and computa-
tional psychiatry, with its focus on transdiagnostic mechanisms and
classification of disorders, is well placed to address many of these con-
troversies (Huys et al., 2016; Adams et al., 2016).

Data-driven approaches, with their ‘agnostic’ approach to dis-
tinguishing between different classes of disorder and health, have
demonstrated that psychopathy, antisocial personality disorder, and
conduct disorder can be reliably distinguished from health using a range
of neuroimaging, behavioural, and questionnaire-derived measures
(Sato et al., 2011; Zhang et al., 2019, 2020a, 2018, 2020b; Chan et al.,
2022; Pauli et al., 2021a, 2021b). The successful identification of these
disorders, based on criteria other than the diagnostic criteria (e.g.,
neuroimaging data), suggests that they all capture genuine psychopa-
thology to a large extent. However, attempts to distinguish between
closely related disorders or subtypes of disorders have been much rarer,
and often less successful (Pauli et al., 2021a, 2021b; Steele et al., 2017).
Whether or not closely related disorders, such as psychopathy and
antisocial personality disorder, can be reliably distinguished from each
other is an important empirical question, and one where data-driven
computational psychiatry has much potential. If classifiers are able to
distinguish between these disorders using their (hypothesised) key
dysfunctions, then there is a strong argument for continuing to treat
these disorders as genuinely clinically distinct phenomena. If this is ul-
timately not achievable, then these disorders should either be recon-
ceptualised as capturing the same psychopathology, or better diagnostic
criteria must be identified. Classifiers have also been used to distinguish
between different severity levels within a diagnostic category (Pearce,
2015). This is another area which could contribute fruitfully to the
clinical literature, by identifying ‘cut-off’ points where a set of dys-
functions become a disorder rather than ‘normal variation’ in the
healthy population (Coid and Yang, 2008; Kimonis et al., 2014). Such an
approach could also be adapted to investigate whether disorders such as
ODD and conduct disorder, or antisocial personality disorder and psy-
chopathy, are better conceptualised as distinct categories or variations
in severity of the same underlying psychopathology. Although early
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attempts at classification have naturally had to focus on methods
development and proof-of-concept to some extent, addressing clinically
relevant questions in an ethically appropriate way will become more
important in the future if data-driven computational psychiatry is to
have a real impact in mental health research.

Theory-driven approaches have generally focused on learning pro-
cesses, due to the well-established mathematical models in this area
(Lockwood and Klein-Fliigge, 2020; Rescorla and Wagner, 1972).
Although the literature is still quite sparse, psychopathic traits have
been associated with differences in learning about outcomes for oneself
(Brazil et al., 2013, 2017; Moul et al., 2021) and other people (Cutler
etal., 2020), specific difficulties in learning from successful avoidance of
punishment (Oba et al., 2019), and differences in moral cognition
(Driessen et al., 2021; Yu et al., 2022), apathy (Lockwood et al., 2017a;
Contreras-Huerta et al., 2020), and prosociality (Contreras-Huerta et al.,
2020). Differences in learning mechanisms have also been observed in
conduct disorder (White et al., 2013, 2016). Because the theory-driven
literature is in its infancy, it is not yet possible to identify many latent
cognitive mechanisms underlying transdiagnostic features of disorders
with confidence. However, it seems likely that punishment learning
deficits will be one such marker (Oba et al., 2019), and prosocial apathy
is another candidate based on empirical evidence (Lockwood et al.,
2017a, 2017b; Contreras-Huerta et al., 2020). Going forward, modelling
studies with a central focus on psychopathy and antisociality will be
important, as will research with more severely (and clinically) impaired
participants, and research that specifically addresses the transdiagnostic
nature of latent cognitive mechanisms in antisocial behaviour. More
broadly, computational approaches hold promise for informing theo-
retical accounts of antisocial behaviour and psychopathy, in addition to
uncovering core mechanisms (Moul et al., 2021; Prosser et al., 2018).

Finally, as the literature grows, there will be new potential to
combine data-driven and theory-driven computational approaches to
address questions that have not been answered by conventional research
methods. For example, latent cognitive mechanisms underlying reward
and punishment learning, moral reasoning, and prosocial apathy might
be common to all antisocial behaviour disorders (and other disorders
too), or occur in only a subset of these disorders. These mechanisms
could then be used with machine learning classifiers to learn more about
when disorders should be seen as separate phenomena, when they
should be collapsed into broader categories, and when they might be
better conceived of as a constellation of traits rather than as disorders in
the conventional sense. Relatedly, those common features already
established from current diagnostic criteria (Fig. 1) are also important
candidates to investigate empirically and theoretically across antisocial
disorders.

In conclusion, computational psychiatry has demonstrated the po-
tential to address important clinical and scientific questions about
antisocial behaviour and psychopathy. If this potential can be applied to
the most pressing questions in the field, then the integration of
computational expertise into antisocial behaviour research could pave
the way for genuinely innovative and exciting new research into these
disorders and the frequently transdiagnostic symptoms that comprise
them.
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