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Interpersonal dynamics have long been acknowledged as critical for the
development and treatment of mental health problems. While recent
computational approaches have been argued to be uniquely suited

for investigating such dynamics, no systematic assessment has been

made to scrutinize this claim. Here we conduct a systematic review to
assess the utility of computational modeling in the field of interpersonal
psychopathology. Candidate studies (k = 4,208), including preprints and
conference manuscripts, were derived from five databases (MEDLINE,
Embase, PsycINFO, Web of Science and Google Scholar) up to May 2025.
Atotal of 58 studies metinclusion criteria and were assessed in terms

of the validity, performance and transparency of their computational
modeling. Bayesian modeling was the most common approach (k=18),
followed by machine learning (k =17), dynamical systems modeling

(k=13) and reinforcement learning (k = 10). These approaches revealed
several interpersonal disruptions across various mental health conditions,
including rigid social learning in mood conditions, hypo- versus hyper-
mentalizing in autism versus psychotic conditions and polarized relational
dynamicsin personality conditions. Despite these insights, critical
challenges persist, with few studies reporting comprehensive performance
metrics (16%) or adopting open science practices (20%). We discuss these
challenges and conclude with more optimistic messages by suggesting that
whenrigorously and transparently conducted, computational approaches
have the potential to advance our understanding of psychopathology by
highlighting the social underpinnings of both mental health and disorder.

Interpersonal dynamics refer to the ways we relate to ourselves and
others. Theseinclude butare notlimited to attributional statements
(‘this is my fault’)!, mental inferences (‘you hate me’)* and social
strategies (‘l help you; you help me’)’>. When adaptive, interpersonal
dynamics can foster positivity, flexibility and mental wellbeing*>.
However, when maladaptive (for example, in the sense that they are
overly skewed or rigid), such dynamics can spiral downward into
various psychopathologies, including personality®, emotional’ and
psychotic pathologies®.

Although at face value elusive (given their intersubjective
nature), interpersonal dynamics can be experimentally examined,

particularly with the use of computational tools. For example, rein-
forcement learning and Bayesian modeling can be used to examine
whether participants hold rigid beliefs about themselves or others
(because they cannot update them in light of disconfirming evi-
dence)’. Moreover, dynamical systems can be used to examine how
patient-therapistinteractions evolve over time, converging in posi-
tiverelational states (for example, states wherein both parties are well
regulated)™. Finally, more exploratory, data-driven approaches can be
leveraged to uncover linguistic markers that predict successful psy-
chotherapy (for example, nonjudgemental communicating fromthe
clinician’s end)". Together, these advances are part of computational
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BOX1

BOX2

Dynamical systems

Reinforcement learning

Dynamical systems outline how sets of variables evolve over time
based on a set of ‘rules’. These rules are installed in systems of
equations: specifically, differential equations that define changes in
continuous time (dt=seconds) or difference equations that define
changes in discrete time (t=Monday, t+1=Tuesday and so on).

An example dynamical system from our review is the one from
Liebovitch et al.*'

dPa(;ltent = oy + myPatient + f;(Therapist)
dTherapist i i
% = ap + m,yTherapist + f,(Patient),

which outlines how the emotional state of a patient (dPatient) and a
therapist (dTherapist) evolve over continuous time (dt) based on
three influences: first, a parameter alpha (a), which denotes
someone’s baseline emotional state; second, a parameter mu (m),
which denotes the extent to which an emotion carries over from a
previous time point to the next; finally, an influence function (f),
which denotes how the therapist and patient emotionally influence
each other. The same system can be expressed in discrete terms,
that is, Patient,,; = oy + m;Patient, + f(Therapist,).

In our review, this dynamical system has been used, both
theoretically®® and empirically®, to identify attracting states (for
example, positive emotional states toward which the patient-
therapist dyad gravitate) and also repelling states (for example,
negative emotional states that the patient-therapist dyad avoid).
Moreover, other dynamical systems have been employed to
examine whether therapist-patient synchronicities (for example,
synchronizing breathing patterns) characterize effective
psychotherapy®.

Key strengths of this approach is that it can model bidirectional
influences between interacting agents and predict how their
relational system (that is, dyadic influences) will evolve over time
based on a set of starting conditions'®.

Key limitations of this approach include a potential
oversimplification of patient-therapist interactions (to keep the
model easily interpretable) and a difficulty fitting continuous
dynamical systems to psychological data (because such data need
to measure a process at a continuous scale, for instance, minutes or
even seconds).

psychiatry, a growing field that aims to empirically examine and
theoretically define mental disorders in terms of computational
dysfunctions, rather than verbal descriptions '>'® (Boxes 1-4).
Although the popularity of computational psychiatry is rising
rapidly, no systematic assessment has been conducted on its utility
and validity within the field of interpersonal dynamics. We see three
reasons why such asystematic assessment is necessary. First, existing
reviews on this topic have focused rather narrowly on famous compu-
tational paradigms (such as Bayesian modeling' and reinforcement
learning®®), not providing a systematic evaluation and integration
of most available paradigms in this field of inquiry. Second, recent
assessments have highlighted that computational studies in psychiatry
tend to exhibit poor psychometric properties (such as low reliability
and validity)”*?, underscoring the need of systematically examining,
rather than assuming, that computational modeling offers greater
insights over traditional statistical perspectives. Finally, although both
traditional®***** and recent theorists* > have emphasized the centrality

Reinforcement learning suggests that humans, other animals
and machines act so as to maximize long-term rewards. This idea
of reward maximization has its origins in traditional behaviorist
views in psychology (that is, operant conditioning) and can be
operationalized in two ways: model-free learning and model-based
learning.

An example of model-free learning is a modified Rescorla-
Wagner model”®

self _ pself self _ pself’
Bt - Btf1 Pl (th Bt—1)
other _ pother other _ pother
Bt - Br—1 w8 (Rt—'l Bt—1 )’

wherein beliefs about the self and others (B,) are updated based on
mismatches between prior expectations of the self and others (B;_;)
and real-life observations from them (R;_;) weighted by an alpha
parameter (a). For example, expecting a text from your friend

(B°ther = 10) but not hearing from them (R*r = —10) will make you
update your belief about them in a negative manner

(Rother _ pother — _20).

Model-based learning augments this simple associative learning
framework by enabling agents to learn an internal model of their
environment. This model allows agents to simulate future states
and evaluate the utility of different actions before choosing one of
them. Although more sophisticated than model-free learning, this
approach was not employed by any of our reviewed studies.

A key application of our reviewed studies included estimating
how patients with different diagnoses update their beliefs in the
simple model-free way shown above. These studies revealed
that learning parameters tend to be low (a=0) for patients with
borderline personality disorder, indicating that such patients
hold rigid beliefs about others that are not updated in light of
disconfirming evidence®.

A key strength of this approach is its simplicity: model-free
learning is one of the simplest algorithms to grasp, modify and fit in
experimental datasets, explaining why many researchers prefer to
model belief-updating in this way.

A key limitation of this approach is that it most likely does not
represent the true data-generating process: humans may not simply
learn in a model-free way as findings from probabilistic learning
suggest (see Box 3 and validity results).

ofinterpersonal dynamics in mental health difficulties, no systematic
attempt has been made to examine whether computational modeling
that focuses on such dynamics offers especially notable insights on
mental health difficulties (for example, more clinically applicable and
ecologically valid findings).

In this study, we aim to address these queries by systematically
reviewing extant computational modeling of interpersonal dynam-
ics in psychopathology. To cover the entire spectrum of computa-
tionalmethodologies, weinclude both theory-driven and data-driven
approaches (see Boxes1-4 foranaccessible introduction). Our primary
aimis to evaluate whether these computational approaches can offer
both theoretically notable and methodologically reliable insights
aboutinterpersonal psychopathology.

Results
Figure 1 presents our study selection process. From the 3,914 unique
records, 3,758 were excluded (based ontitle and abstract), leaving 156
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BOX3

BOX4

Bayesian inference

Machine learning

Bayesian inference suggests that human beings update their beliefs
in an (approximately) Bayesian way, using Bayes theorem

P (cause|observation) « P(cause)P (observation|cause).

Put as simply as possible, Bayes theorem suggests that your
prior belief about a given cause, P(cause)=probability that humans
are untrustworthy, combines with the likelihood that this cause
explains an observation, P(observation|cause)=likelihood that
my friend ignores me, given that humans are untrustworthy, to
form a posterior belief: P(cause|observation)=humans are very
untrustworthy.

Importantly, unlike reinforcement learning, beliefs here are
not point estimates (that is, single values) but entire distributions
that outline the probabilities of certain social states: for instance,
that there is an 80% probability that others harbor extremely
bad intentions, 10% probability that they harbor moderately
bad intentions and 10% probability that they harbor neutral
intentions. When these distributions are precise (that is, most
probability is concentrated in a particular state, such as a state of
untrustworthiness), beliefs are overconfident and rigid; however,
when they are imprecise (that is, probability is spread relatively
equally across states), beliefs are uncertain and readily amenable to
change.

Bayesian models can be used to examine how agents update
their beliefs in light of social evidence. For example, such models
have shown that people with different mental disorders have
difficulty updating beliefs about themselves and others®'. Moreover,
hierarchical approaches (that model beliefs about beliefs) have
shown that people with autism have difficulty engaging in deep
mental inferences (‘I think that you think that | think’ and so on)*®,
but people with paranoia are adept in doing so, explaining why they
usually converge in paranoid attributions™.

Key strengths of this modeling approach concern its flexibility
across study designs and ability to formalize belief-updating
mechanisms in a relatively intuitive way that appears to fit the
data better than other mechanisms (for example, model-free
learning)*®*°.

Key limitations include that complex, hierarchical models may
overfit datasets and be difficult to interpret in a clinically pragmatic
manner (for example, ‘beliefs about beliefs about beliefs about
beliefs’ and so on).

necessitating full-text assessments. From these 156 studies, 58 met our
inclusion criteria.

Study description

This section outlines a theoretical synthesis of our 58 included studies
(Table1), as well as two additional studies that were considered relevant
despite not meeting inclusion criteria. Please refer to Supplementary
Tables1and 2 for more details on these studies.

Random dynamical systems (k = 13)

Dynamical systems have been used to study how therapeutic relation-
ships evolve over time and how interpersonal asynchronies map on
different psychopathologies (Box 1). Some studies have applied these
systems to formalize novel relational patterns, such as the unstable
relationship dynamics of borderline personality disorder®®, the social
motives of autonomy versus mergence®” and the nonlinear interactions

Machine learning is a broad class of algorithms that aim to learn
from observed data to make predictions about unobserved data.
These learning algorithms can be grouped under at least three
categories: supervised learning, unsupervised learning and
reinforcement learning (as explained in Box 2).

Supervised learning includes learning how a set of well-defined
inputs, xeX, map onto a set of well-defined outputs, yeY. This
learning is achieved by using example {x;, y;} pairs in some data to
train a model that predicts Y from X. When Y outputs are numerical
(for example, symptom scores), this process is termed prediction;
when Y outputs are categorical (for example, diagnoses), this
process is termed classification.

Unsupervised learning includes identifying hidden patterns or
structures in data comprising only inputs: D = {x;}7.,. These patterns
may be clusters of patients who exhibit particular symptom profiles
(in quantitative data) or linguistic themes that distill the main
sentiments of various phrases (in qualitative data).

In our review, supervised learning was employed to either
classify the diagnostic status or predict the severity of various
mental disorders using social variables, revealing that social
isolation is among the strongest predictors of depression®’.
Unsupervised learning was instead mainly used in the domain of
natural language processing, revealing notable linguistic themes
that underpin therapeutic alliance (such as words reflecting
better ‘goal setting’ between patients and therapists)”’, as well as
meaningful psychotherapy (such as words from patients reflecting
improvements in ways of relating to oneself and others’)’*’.

The key strengths of machine learning approaches include
their ability to leverage large datasets, in a data-driven exploratory
manner, to reveal the most important features for the prediction or
classification of mental disorders, as well as novel linguistic themes
that underlie the lived experiences of patients (and therapists).

The key limitations include that machine learning models have
atendency to overfit datasets and not generalize to new contexts
(implying that they might capitalize the idiosyncrasies of particular
datasets rather than reveal universal patterns).

of seminal therapeutic constructs (for example, mentalizing with self-
efficacy)®. From these modeling attempts, the most noteworthy per-
haps was the dynamical system by Liebovitch and colleagues®, which
extended past work on marital interactions® by modeling how patients
and therapists emotionally influence each other. This modelis notewor-
thy because it was employed in both simulations (toillustrate cases of
influential psychotherapy)** and empirical investigations (toillustrate
that, regardless of theoretical orientation, influential therapists exhibit
strikingly similar relational dynamics'® because they tend to move
patients from negative to positive relational states)**.

Beyond therapeuticrelationships, three studies applied dynami-
cal systems to reveal various pathogenic coordination markers, such
as detached patterns in infants with autism*, motor incoordination
in those with psychosis* and misaligned coregulation in those with
borderline personality vis-a-vis their partners”. Finally, three other
studies applied dynamical systems on second-by-second data from
psychotherapy, showing that therapeutic success is based on both
deterministic elements (for example, the patient consistently being
focused on their therapist® or consistently returning to their baseline
arousal because their therapist regulates them™) and stochastic ele-
ments (for example, the patient shifting from their regular breathing
pattern when discussing emotionally notable matters)*’.
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Fig. 1| PRISMA flowchart. Out of 3,914 unique records, 58 met our inclusion criteria and were included in our study.

Reinforcement learning (k = 10)

Reinforcement learning has been used in a predominantly empirical
way to decipher both transdiagnostic and disorder-specific patterns of
sociallearning (Box 2). Transdiagnostically, studies have implicated low
self-esteemto blunted social learning (for example, difficulty updating
negative self-beliefs)***and adolescent experiences of relational trauma
to unstable and credulous social learning (for example, ‘This person
was untrustworthy but may now be trustworthy’)*. Disorder-specific
findings mirrored these patterns by showing that depressionis typified
by overly rigid social learning (the extreme of low self-esteem)**** while
paranoiais associated with overly uncertainsocial learning (the extreme
opposite of credulity)*®. Finally, two studies**** revealed that borderline
personality disorder is characterized by a paradoxical combination of
heightened social sensitivity and also rigid social learning: that is, an
over-reactiontosocial information yet also aresistance to update social
beliefs inlight of thatinformation. Interestingly, a third study* indicated
that this paradoxical combination of social sensitivity with rigidity might
be explained by a pattern of self-other mergence: people with borderline
personality disorder tend to assume that others hold the same beliefs as
them, implying that they may underestimate the need to update their
beliefs about others eveninlight of new information from them.

Approximate bayesian inference (k = 18)

Bayesian models have been used both empirically (to understand how
humans form social beliefs) and theoretically (to understand similar
dynamics in simulation studies) (Box 3). Empirically, many studies
converged in showing that various mental disorders (from anxiety*°
to borderline personality disorder® and psychotic disorders®**) are
typified by difficulties in updating beliefs about themselves and oth-
ers. Other studies have extended this line of research by investigating
meta-cognitive beliefs: thatis, beliefs about beliefs’. Such studies have
showcased that people with autism are typified by aninability to engage
in this form of ‘deep’ social reasoning™ (‘I think that you think that I

think’and so on), as well as that their social difficulties, emerge mainly
insituations that necessitate this form of reasoning (a problem known
as ‘double-empathy’)*. Conversely, people with paranoia exhibit the
exact opposite difficulties: thatis, they think too deeply about mental
states and tend to conclude that others have ulterior motives®. Finally,
peoplewith a diagnosis of ‘personality disorder’ were shown to exhibit
both overly deep™ (and polarized*’) and overly shallow®® (and reactive®)
mental inferences, which impair how they cooperate with others®.

Based on these and related findings, several simulation studies
have attempted to provide a more formal way of understanding these
psychopathologies. One simulation study, for instance, hasargued that
‘personality disorders’ canbe more specifically understood as ‘relational
disorders’ precisely because their mainimpairments include maladap-
tive ways of thinking about and relating to oneself and others®. By con-
trast, other studies have attempted to explain mental health problems by
appealingtothe free energy principle: thatis, theidea thathumansactso
astominimize the discrepancy between their subjective beliefs and their
perceived reality. These studies used computer simulations to show that
conditions such as depressionand psychopathy emerge when people fail
toupdatetheir beliefs about themselvesinlight of contradictory social
evidence, leading to overly deflated self-perceptionsin depression® and
overly inflated self-perceptions in psychopathy®.

Machine learning (k = 17)

Machine learning studies focused on three distinct topics: classify-
ing, predicting or linguistically exploring psychological phenotypes
(Box 4). Although classification studies revealed novel variables that
could classify attachment styles (for example, anxiety from posting
more emotional social media posts and avoidance fromreceiving more
likes on such posts)®® and psychosis (for example, from social and cogni-
tive functioning)®, they were generally deemed of low quality because
they were predicated on small sizes (for example, 30-90 participants
pergroup). By contrast, prediction studies were of higher quality and
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revealed, consistently, that relational difficulties are the strongest
predictors of disorders of emotion: for example, experiences of victimi-
zationwere the strongest predictors of adolescent suicide attempts®®,
social isolation was the strongest predictor of middle-age depression
(N=67,603)%, and parental support was the strongest predictor of
adolescent depression (N =2445)". Finally, studies analyzing natural
language revealed linguistic markers that index strong therapeutic
alliances (such as nonjudgemental communication from therapists"
orbetter goal setting between patients and therapists™) and illustrated
that these markers can beleveraged toidentify relational ruptures that
were missed by therapists’ (see also reliability results and another
study showing more modest performance’®). Importantly, one last
study applied natural language processing on the lived experiences of
2,908 patients, showing that most patients point to relational function-
ing as the most important aim of psychotherapy””.

Economic models (k = 2)

Although outside the scope of this review, two notable studies using
economic models were considered relevant. These studies examined
ways of navigating relationships, showing that acting ‘unfairly’ and
being ‘closed socially’ are common in those with psychopathy” and
borderline personality”’, respectively.

Study evaluation

This section reports key information on the risk of bias, validity, per-
formance and transparency of reviewed studies (Table 2). Refer to
Supplementary Tables 3-10 for more details.

Risk of bias. Of 48 empirical studies, 18 (38%) exhibited high risk, 15
(31%) moderaterisk and 15 low risk of bias. High risk included all super-
vised machine learning, 4/7 unsupervised machine learning"”"”>”® and
4/8 dynamical systems studies'******°; moderate risk 1/7 unsupervised
machinelearning’, 7/10 reinforcement learning**>*47487943 and 7/13
Bayesian studies®*>****~°*%; and low risk 2/7 unsupervised machine
learning”™*®'; 4/8 dynamical systems®*’, 3/10 reinforcement learn-
ing****%2and 6/13 Bayesian studies®*>**55¢2,

Validity. Our validity assessment revealed four types of model: (1)
data-driven models (5/9 dynamical systems® %4, 9/18 Bayesian mod-
els?054386280and notably all reinforcement learning models* %7952, (2)
theory-driven models (2/9 dynamical systems®**° and 3/19 Bayesian
models®>%), (3) theory-driven models with strong generative valid-
ity (2/19 Bayesian models®”®®) and (4) excellent models scoring high
on all types of validity (2/9 dynamical systems**' and 4/10 Bayesian
modelSSS,é(),61,84).

Performance. From the 31 empirical theory-driven studies, 19 (61%)
reported atleast one performance metric, with 5Sreporting only one met-
ric (highbias)**%*3%¢%° 9 only two metrics (moderate bias)***42°25561,62,7985
and5three or more metrics (low bias)**~***"*°, Critically, no theory-driven
study reportedreliability measures, and only three performed parameter
recoverability tests. From the 17 data-driven (machine learning) studies,
14 (87%) reported at least one performance metric, with only 6 report-
ing discrimination metrics®***¢*”*”>, While allmachine learning studies
performed internal validation, only one performed external validation®
and none assessed for calibration or clinical utility (net benefit).

Transparency. Of all 58 studies, only 12 (21%) made their code publicly
available?8444650-52346L637482 Of 48 empirical studies, only 9 (19%)
madetheir data publicly available (these alsoincluded their code)*****°-
5254617482 and only 2 (4%) preregistered their hypotheses****,

Discussion
Inthis systematic review, we evaluated the utility of 60 computational
studiesininforminginterpersonal dynamics of psychopathology. We

found that theory-driven models were able to formalize historically
elusive concepts (such as mentalizing), while data-driven models were
able to systematically map these concepts on various psychopathol-
ogy problems (Table 1). Despite this progress, several issues persisted
regarding the performance, transparency and commensurability
of computational approaches. In our discussion, we contextualize
these challenges and provide aroadmap for addressing themin future
research (Table 2).

Challenges faced by social computational psychiatry

Our analysis revealed three core challenges faced by social computa-
tional psychiatry (Table 2). First, inline with prior critiques®, reporting
practices were incomplete in theory-driven empirical studies (with
no studies reporting task reliability and only three studies reporting
parameter recoverability) and supervised machine learning studies
(with no studies conducting calibration or external validation, limit-
ing clinical application). Second, transparency was worryingly low,
with only two studies preregistering hypotheses and few studies shar-
ing their code (21%) and data (19%) online, pointing toward serious
concerns on the reproducibility and replicability of computational
patterns. Finally, method integration was low, with only two studies
combining computational approaches***®, suggesting that there may
be arisk of the field fragmenting into siloed research lines.

A roadmap forward

Although these challenges may paint a rather pessimistic view of the
field so far, we believe that there exist at least four ways in which our
field can productively move forward. A first way is to enhance trans-
parency by embracing open science practice. Although transparency
could be enforced in top-down ways (for example, funding agencies
mandating opendataandjournals requiring at least open code), amore
sustainable and arguably effective way may be to promote a culture of
openness in abottom-up manner®. We suggest that one tangible way
of achieving this end is by embracing tutorial papers. Indeed, tutorial
papers on Bayesian modeling already illustrate the transformative
power of transparency: by releasing open-source code, expert teams
on Bayesian methodologies (such as active inference®® and hierarchi-
cal Bayesian approaches®*®°) have lowered entry barriers and enabled
many researchers touse complex modelsindiverse research contexts.
Moreover, by detailing best research practicesin particular computa-
tional approaches, tutorial papers can also enhance reproducibility
by specifying precise reporting guidelines (for example, consistent
model performance metrics and documentation of methodological
pipelines). Importantly, these transparent research practices are not
simply altruistic but have tangible benefits: in particular, they correlate
with‘increased citations, mediaattention, potential collaborators, job
opportunities and funding opportunities. These patterns highlight
that open science practice is not a zero-sum game: it can benefit eve-
ryone by enabling researchers to come together and examine joint
research goals using each other’s computational frameworks.

A second way forward is to improve the reliability and validity
of computational tasks by standardizing them and tailoring them to
particular relational processes®. For instance, instead of having gen-
eral tasks that are used to examine various psychological concepts,
researchers could develop tasks that are specific to particular social
concepts, such as epistemic trust (for example, participants judging
trustworthiness) or mentalizing (for example, participants inferring
mental states)®”". In this way, computational modeling could be more
effectively applied to decipher various computational problems that
speak to well-defined psychological concepts. For instance, regarding
epistemic trust, Bayesian modeling could be used to quantify belief
rigidity (for example, rigidly expecting betrayal even after observing
benevolence)®, reinforcement learning could dissect maladaptive
learning (for example, learning to trust ‘bad agents’ in volatile social
contexts)* and dynamical systems could reveal unstable relational
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Table 1| Theoretical synthesis of reviewed studies

Theme

Illustrative examples

Theoretical implications

Dynamical systems

Reciprocal coupling

Mutual patient-therapist emotional influence marks strong
alliance; unidirectional dominance signals rupture'®®'

Alliance strength emerges when patient-therapist dyads
are mutually influential

Interpersonal synchrony

Schizophrenia involves intact spontaneous but impaired
intentional motor synchrony®. Personality pathology involves
impaired spontaneous heart-rate synchrony®’

Psychopathology can manifest as a lack of intentional or
spontaneous interpersonal coordination

Determinism versus
stochasticity

Effective therapy involves consistent affect stabilization
with occasional perturbations (for example, novel emotional
insights)***°

Successful interventions balance between stable
regulation and stochastic perturbation

Reinforcement learning

Transdiagnostic social learning

Low self-esteem is linked to slower, more volatile social learning
(as well as altered self-referential brain activity)***

Common interpersonal vulnerabilities emerge from a
difficulty in updating social beliefs

Blurred self-other boundaries
in borderline personality

People with borderline personality over-weigh social feedback yet
fail to update beliefs based on disconfirming evidence*®. Self-
other belief confusion might underpin this rigidity*®

Borderline pathology arises from a network of relational
difficulties including extreme social sensitivity, belief
rigidity and also blurred self-other boundaries

Blunted learning in depression

People with depression but not anxiety exhibit reduced social-
prediction-error learning*, which predicts real-world dwelling in
negative social settings*

Depressive rigidity stems from a difficulty in updating
beliefs, even in light of disconfirming evidence

Bayesian inference

Depth of mental inferences

Deep mental inferences of the sort ‘I think that you think that |
think, and so on’ are hypo-active in autism® but hyper-active in
paranoia®’

Various relational problems arise from either too little or
too much thinking about other’s mental states

Personality disorders as
relational disorders

Generative models of the social order are disrupted in those with
personality disorders®®, leading to polarized® and unstable®®
mental inferences

Personality disorders can be more specifically understood
as relational disorders because they disrupt ways of
relating to oneself and others

Free energy as a unifying
framework

Psychopathy®®, attachment insecurity® and depression®* can be
modeled as alterations in the process of minimizing free energy
(difference between perceived reality and personal beliefs)

Psychopathology can be viewed as a problem in the
way people minimize the difference between what they
perceive and what they believe

Machine learning

Classification of attachment
styles

Digital footprints such as emotional posts versus receiving likes or
comments can classify attachment anxiety versus avoidance®®

High-dimensional data contain latent relational signatures,
supporting a data-driven taxonomy of interpersonal styles
and vulnerabilities

Prediction of psychosocial
outcomes

Low social support and isolation emerge as the strongest
predictors of adolescent’® and mid-life depression®

Predictive models underscore the centrality of
interpersonal problems in mood disorders

Language as computational
phenotype

Therapist nonjudgmental language patterns index alliance
strength" and patient’s narratives suggest that relational

Natural language carries quantifiable markers of relational
processes, positioning linguistic analyses as windows into

functioning is more important than symptom relie

T therapeutic dynamics

patterns (for example, cyclical shifts of trusting/idealizing or distrust-
ing/devaluing others)*®, Crucially, machine learning could further
enhance the ecological validity of these mechanisms by systematically
linking them to real-life difficulties (for example, relational rupturesin
psychotherapy)”. To ensure, however, that this translational potential is
realized, computational tasks need to be modified to reflect, inastand-
ardized manner, real-life social problems that matter most to patients™.

Athird and related way forward is to embrace the complementary
nature of computational approaches and integrate themin both empiri-
cal and theoretical research. As mentioned earlier, only two studies in
our review applied multiple computational methods in their investiga-
tions*®*, Although this lack of cross-method integration reflects siloed
research traditions (whereby specific computational frameworks are
prioritized for specific benefits), we believe that these frameworks hold
untapped potential when applied in tandem to the same datasets. To
illustrate, we consider the study by Barnby, Mehta and Moutoussis*®,
which applied both reinforcement learning and Bayesian modeling to
assess various computational problems in paranoia*®. By jointly mod-
eling priors, learning rates and social volatility, the authors showed that
paranoiaemerges not fromasingle computational parameter but rather
fromapattern of parameters: specifically, a pattern that entailed negative
beliefs about other’sintentions, hypersensitivity to threatening behavior
and perceptions of the social world as unstable*®. These findingsillustrate
that social problems cannot be reduced to individual computational

parameters because they are likely governed by a network of many such
parameters’?. Accordingly, our recommendation for future research is
thatacomprehensive understanding of mental disorders lies precisely in
our capacity toapply diverse computational models to the same datasets
to map how their parameters jointly generate mental health problems.

Importantly, such anintegration could enable the construction of
formal theories that are not limited to single mathematical paradigms
but rather integrate concepts from various such paradigms. Indeed,
although existing theories have posited notable social processes,
including rigid beliefs, unstable learning rates and relational attrac-
tors (Table 1), a crucial limitation is that they do not formalize how
these processes areinterlinked-forinstance, do prior beliefs promote
learning asymmetries, which in turn stabilize rigid relational dynam-
ics? Encouragingly, some evidence from our review implies that such
an integration is possible: for example, both Bayesian and reinforce-
ment learning studies on social learning have converged empirically
to indicate that people with various ‘interpersonal disorders’ tend to
be closed socially because they cannot update their negative beliefs
in light of disconfirming evidence*3***%%7", Despite these advances,
however, no concepts beyond social learning have been tested using
diverse methodologies®**”**¢° implying that more work is necessary
to integrate diverse computational perspectives, assess how they
jointly predict mental health difficulties and build formal theories that
integrate theminatruly transtheoretical manner”.
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Table 2 | Systematic evaluation and agenda for future work

Evaluation

Suggestions

Make materials (at least code but also data) openly available®”

Lack of transparency and openness in methodology

Write tutorial papers that detail best research practices®’

Delineate exploratory from confirmatory research”

Focus on replicating and then extending existing findings®

Lack of sufficiently similar studies to enable meta-analysis

Conduct theory-driven, scoping reviews to integrate similar findings®

Harmonize theory with methods for specific research questions'®®

Report multiple performance metrics in machine learning research'*®

Incomplete psychometric reporting and weak validity and reliability

Report task reliability and recoverability metrics in experimental research?

Standardize tasks and tailor them to particular psychological processes?

Apply multiple computational methods on the same dataset*®

Lack of cross-method integration in empirical research and theory-building

Scrutinize research questions using diverse computational methods*®

Build formal theories that integrate different computational perspectives

Develop computational paradigms that reflect specific patient difficulties®

Absence of patient narratives in computational modeling

Use natural language processing to systematize patient narratives™

Build formal theories inspired by patient narratives®®

Finally, we wish to highlight that such theories should not be
limited to theory-driven computational processes but should also aim
to incorporate data-driven patterns reflecting patients’ actual lived
experiences”. Although historically qualitative research has been
perceived as subjective and anecdotal, recent advances in natural
language processing have been embraced by our field to system-
atically extract meaningful themes from a wealth of unstructured
narratives”™*. As our review illustrates, such approaches have
revealed several notable insights, including that patients value
relational functioning more than symptom relief”*”, as well as that
they build stronger alliances with therapists who understand them
more accurately”. These findings imply that social relatedness is
not a mere epiphenomenon of mental disorder but may instead be
constitutive of said disorder: it defines what it means to be human
and should perhaps have primacy in understanding both mental
health and illness®.

Implications, limitations and future directions

Our systematic analysis has anumber of implications for future work,
including the pressing need to address issues of reporting, transpar-
ency and theory-buildingin the field of social computational psychia-
try (see Table 2 for an outline). Beyond these implications, though,
at least two limitations must be noted. First, although we aimed to
cover all computational models in the social field of computational
psychiatry, we realized along the way that some under-represented
models (namely, economic models) were missed. Future reviews could
estimate the prevalence of these less widespread models and examine
whether they hold utility ininforming us about interpersonal psycho-
pathology problems. Second, although we qualitatively synthesized
findings from 58 studies, we could not meta-analyze them because
of their vast differences in task design, computational analyses and
reported effect size. As suggested earlier, studies need to converge in
their methodologies to enable researchers to meta-analyze specific
findings that speak about specific social difficulties (for example,
trust, reciprocity, mentalizing and so on).

Conclusion

Our review suggests that computational modeling has a potential
to advance our understanding of interpersonal psychopathology.
Although some challenges in methodology and transparency do
exist, we are hopeful that by systematically outlining this field, we can
inform readers about its key insights (Boxes 1-4 and Table 1), main

shortcomings (Table 2), as well as ways of productively engaging with
the field moving forward (Table 2).

Methods

Our systematic review was prospectively registered (PROSPERO
CRD42024488821) and adhered to the PRISMA guidelines”. Key meth-
odological details are outlined in the next sections and are further
elaborated in our preregistration.

Study search and selection

Five databases (MEDLINE, Embase, PsycINFO, Web of Science and
Google Scholar) were systematically searched for eligible studies
from their inception to 10 June 2025. Utilizing these databases for a
systematic search hasbeen shownto capture over 90% of psychological
research’. No geographical or publication type restrictions were set”.
Only public studies were searched. Relevant studies were inspected
for further references.

Studies qualified for inclusion if they: (1) were written in English,
(2) were either empirical or theoretical, (3) employed any of the fol-
lowing computational frameworks (Bayesian, reinforcement learning,
dynamical systems and machine learning), (4) examined interper-
sonal dynamics and (5) examined any psychopathology. Studies were
excluded ifthey: (1) did not examine any psychopathology (2) did not
assessinterpersonal dynamics or (3) did not employ any computational
methodologies (see preregistration).

Tworeviewers (0.Z.and C.F.) independently screened all retrieved
records against the inclusion criteria. The same reviewers extracted
datafromincluded papers and reported themin Supplementary Table
1. Any disagreements regarding the inclusion of astudy wereresolved
viafull-text review and discussion by all authors.

Study evaluation

Included studies were examined in terms of their overall risk of bias
and validity, performance and transparency in their computational
modeling.

Risk of bias. Risk of bias was examined using the NIH risk assessment
tool”® (for theory-driven empirical studies) and the PROBAST risk
assessment tool” (for data-driven empirical studies). Both instruments
examine biases in sampling, measurement and analysis and accom-
modate our diverse study designs (see Supplementary Information
3 for details).
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Validity. Validity was examined using the Validity Appraisal Guide
for Computational Models (VAG-CM)'°, a tool that quantifies three
types of validity in theory-driven modeling, namely, face, predictive
and construct validity types, which were hereby renamed (without
altering their meaning) as empirical, theoretical and generative types.
Empirical validity examines how well amodel fits on relevant datasets;
theoretical validity evaluates whether computer simulations canyield
patterns that resemble the outcomes of actual interventions; and gen-
erative validity tests whether data-generating processes are specific
enoughtoilluminate theinner workings of psychopathology. Together,
these validity types provide a thorough assessment of the validity of
theory-driven modeling. Importantly, although the VAG-CM does not
address the validity of data-driven modeling, it is worth noting that,
by definition, such modeling scores highly on only empirical validity
givenits focus on predictive potency.

Performance. Performance was examined by tracking key metrics
for theory-driven and data-driven models. For theory-driven models,
we evaluated test-retest reliability (the consistency of parameter
estimates across repeated assessments)'?, parameter recoverability
(the maximum reliability achievable under controlled experimental
conditions)'°> and model fit (for instance, the Bayesian and Akaike
Information Criteria)'®. For data-driven (machine learning) models,
we assessed internal validation (the extent to which a model over-
fits a dataset)'®, external validation (the extent to which a model
generalizes on external datasets)'” and predictive performance',
using established metrics that quantify discrimination (how well
the model differentiates clinical from nonclinical populations),
calibration (how well the predicted scores align with observed out-
comes) and net benefit (the potential benefits versus harms of using
the model)'"".

Transparency. Finally, the transparency of computational modeling
was examined by tracking whether our reviewed studies endorsed
three open science practices: (1) open data, (2) open code and (3)
preregistered protocols. The centrality of these practicesin trans-
parent reporting is supported by comprehensive reviews on the
tOpngl’wS.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data extracted from all included studies are contained in Sup-
plementary Table 1.

Code availability
Code availability isnot applicable, as this study is a systematic review.
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