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Abstract
Eating disorders (EDs) are complex and heterogeneous conditions, which are often not resolved with conventional, 
manualised treatments. Arguments for the development of holistic, person-centred treatments accounting for 
individual variability have been mounting amongst researchers, clinicians and people with lived experience alike. 
This review explores the transformative potential of personalised medicine in ED care, emphasising the integration 
of precision diagnostics and tailored interventions based on individual genetic, biological, psychological and 
environmental profiles. Building on advancements in genomics, neurobiology, and computational technologies, 
it advocates for a shift from categorical diagnostic frameworks to symptom-based and dimensional approaches. 
The paper summarises emerging evidence supporting precision psychiatry, including the development of 
biomarkers, patient-reported outcomes, predictive modelling, and staging models, and discusses their application 
in ED research and clinical care. It highlights the utility of machine learning and idiographic statistical methods 
in optimising therapeutic outcomes and identifies key challenges, such as ethical considerations, scalability and 
implementation.

Plain english summary
Traditional eating disorder (ED) treatment approaches often use a “one-size-fits-all” method, despite the fact EDs 
are complex and can vary greatly from person to person. This review discusses how personalised treatment can 
transform care for people with EDs. Personalised care tailors treatment to each person’s unique biology, mental 
health, and life circumstances, with the understanding that a more flexible and individualised approach could lead 
to better outcomes. We explore new discoveries in genetic research, machine learning, and advanced tracking 
methods to predict how someone might respond to specific treatments and identify what works best for them. We 
also emphasise the importance of addressing changes in the illness experience over time and including patients’ 
perspectives in their care. While these approaches show great promise, challenges remain, such as ensuring we 
have evidence to guide effective personalisation, and that treatments are ethical, widely available and easy for 
clinicians to use. The paper highlights a future where ED treatments are more precise, effective, and adapted to the 
individual, offering new hope for recovery.
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Introduction
Every person is a universe: such is the tenet of person-
alised medicine, which moves away from the tried and 
tested “one-size-fits-all” healthcare model, towards pre-
cision diagnosis and treatment based on an individual’s 
unique genetic, biological, and environmental profile. 
Personalised medicine (also referred to as ‘precision’ or 
‘individualised’ medicine) aims to optimise therapeutic 
outcomes, minimise adverse effects of unsuitable treat-
ments, and address the complex heterogeneity of dis-
ease. The approach can be traced back to the early 20th 
century and the 1990s Human Genome Project, which 
by mapping and sequencing the entire human genome 
allowed for the identification of genetic markers associ-
ated with various diseases [1–3]. However, personalised 
medicine has swiftly evolved in recent years. Advances 
in multi-omics data (including genomics, proteomics, 
metabolomics), the emergence of molecular diagnos-
tics, integration of computational technologies and the 
development of formal idiographic statistical models has 
enabled a more comprehensive understanding of disease 
mechanisms and the development of more precise diag-
nostic and therapeutic approaches [4]. The approach is 
now an integral part of many aspects of healthcare. In 
oncology, for instance, personalised medicine approaches 
have led to the development of numerous targeted ther-
apies and immunotherapies. Additionally, the use of 
genetic testing in routine clinical practice has become 
more common, allowing for more personalised treatment 
plans for a wide range of diseases, including cancer, car-
diovascular disease and rare genetic disorders.

The application of personalised medicine to psychiat-
ric disorders is a newer concept, complicated by limited 
objective measurements and a lack of understanding of 
illness mechanisms. Advancements in machine learn-
ing, computational technologies and big data has the 
potential to change the face of psychiatry, perhaps more 
than any other field of medicine. Psychiatry is the only 
medical speciality without reliable biomarkers and thus 
relies heavily on self-report and psychometric instru-
ments to furnish polythetic diagnostic classification sys-
tems, where an individual must meet a certain number 
of unweighted criteria in order to be categorised accord-
ing to a diagnosis [5]. The necessity of diagnoses based 
on clusters of symptoms that ostensibly share a common 
cause, rather than on an obvious biomarker, means indi-
vidual variability in illness profile is overlooked. Given 
that evidence does not support the categorical approach 
to psychopathology in terms of reliability, validity and 
clinical utility [6–9] and does not provide a clear-cut dis-
tinction between health and illness [8, 10], for some time 
researchers & clinicians have argued for a paradigm shift, 
where heterogenous symptoms that ‘quantitatively devi-
ate’ from a state of health should define mental illness.

Mental disorders are systems of many different pro-
cesses that interact across time to form a unique pat-
tern of symptoms experienced by each individual [11]. 
At an observational level the fit of the categorical model 
is poor: risk factors and symptoms are continuously dis-
tributed in the population [12] and mental disorders are 
experienced as highly comorbid – at least 50% of people 
with a mental health diagnosis have more than one [13–
18]. There may, therefore, be utility in thinking dimen-
sionally and symptom-based rather than categorically 
when it comes to illnesses which exist on a spectrum and 
are largely unresponsive to current treatments [6, 7, 9, 
19].

Eating disorders (EDs) is an illness group which may 
benefit substantially from this paradigm shift. Diagnos-
tic classification systems for EDs are complicated by the 
normalisation of disordered eating behaviour in Western 
cultures [20–22]; an illness continuum ranging from dis-
ordered to sub-clinical to clinical eating pathology; and 
‘gold-standard’ psychometric measures that lack specific-
ity, are unable to measure qualitatively distinct features 
of illness and are poorly validated in diverse popula-
tions. More heterogeneous than they are homogenous, 
EDs affect a spectrum of people with diverse biological 
and psychological phenotypes from a myriad of socio-
cultural, economic and environmental backgrounds who 
will naturally respond differently to different treatments. 
Poor to modest treatment outcomes with current manu-
alised treatments (only 31% of people with Anorexia Ner-
vosa and 68% of those with Bulimia Nervosa will recover 
within 9 years) [23] suggest we do not fully understand 
the mechanisms of illness in EDs, and arguments for 
the development of holistic, person-centred treatments 
accounting for individual variability have been mount-
ing amongst researchers, clinicians and people with lived 
experience alike. An individualised, precision medicine 
approach may be key to closing the translational gap 
currently facing psychiatric research. The individual-
ised approach is relatively new to psychiatry and has 
rarely been used in EDs. Recent research in other men-
tal illness groups including psychotic disorders, major 
depression and chronic pain has sought to develop client-
specific outcome measures and markers of treatment 
progress [24–26]; machine learning prediction models 
for future disability in people at high-risk of psychosis or 
with recent-onset depression [27]; models incorporating 
imaging, clinical, cognitive and biological data to predict 
psychosis onset and outcome [28]; individualised models 
to examine change during treatment [29–31]; as well as 
bespoke individualised treatments [32–34]. Fernandez et 
al. (2017) conceived a semiautomated process that both 
develops individualised models and generates sugges-
tions for best-fit interventions to target key symptoms of 
the internalising disorders (i.e., depression and anxiety) 
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[35]. The first trial to use this method [34] resulted in 
large average improvements but did not include a com-
parison group. Williams et al. (2016) has proposed the 
conceptualisation of mental disorders as disorders pri-
marily of brain circuit dysfunction, suggesting treatments 
should target an individual’s circuit signature (or bio-
type) in a granular fashion [36]. Marquand et al. (2016) 
introduce ‘normative modelling’ using Gaussian process 
regression to solve the wicked problem of heterogeneity 
in mental illness [37].

Researchers across mental health are calling for a shift 
in our approach [7, 38, 39] and specific methods and 
frameworks have been proposed. Wium-Andersen et al. 
(2017) identified six domains to stratify individual pre-
sentations of illness: Phenomenological features, Clini-
cal risk factors, Biomarkers, Molecular markers, Genetic 
markers and Neuroimaging markers [40]. We may also 
extend this to include social and interpersonal domains, 
such as functional impairment and social difficulties. 
Williams et al. 2022 suggest three strategies for develop-
ing an individualised/precision approach in psychiatry:

1) Precise classification: understand the pathophysi-
ology of each individual patient and develop subtype 
profiles that integrate biological, psychological, and expe-
riential factors;

2) Precise treatment planning: craft interventions that 
are specifically tailored to an individual’s unique clinical 
profile, reducing dependence on conventional trial-and-
error methods or broadly applied standard treatments; 
and.

3) Precise prevention: implement individualised strate-
gies to pre-empt the onset or progression of psychiatric 
disorders [41].

In this vein, the extant literature on individualised 
medicine in EDs can be broadly separated into four over-
arching categories: understanding the idiographic mani-
festation and maintenance of eating disorder symptoms; 
measuring heterogeneity in clinical presentation; char-
acterising heterogeneity using statistical modelling and 
methods; and treating heterogeneity in clinical treat-
ment trials. In this article we summarise the emerging 
evidence-base for personalised medicine in ED treatment 
and outline considerations for integrating idiographic 
methods in research, clinical case conceptualisation and 
clinical care.

Understanding heterogeneity – factors and 
processes
Eating disorders (EDs) have significant variability in 
their onset, course, and response to treatment. This 
variability arises from a complex interplay of biologi-
cal, psychological, socio-environmental and illness fac-
tors. Breaking down this heterogeneity is the first step 
to a more nuanced approach to conceptualisation and 

individualised intervention. Prognostic considerations, 
including illness chronicity, severity at onset, presence of 
psychiatric and medical comorbidities, and prior treat-
ment responsiveness, are critical in determining indi-
vidual pathways to recovery. Staging models provide a 
valuable heuristic for distinguishing between early stages 
of illness and entrenched, refractory forms, thereby 
informing phase-specific interventions. Furthermore, 
inter-individual differences in sociocultural context and 
in core psychopathological processes—such as cognitive 
rigidity, compulsivity, emotion dysregulation, and tem-
perament—contribute to differential treatment needs. 
Emerging evidence also implicates genetic predisposi-
tions, neurobiological dysregulation, metabolic altera-
tions, and gut-brain axis interactions in shaping illness 
expression and treatment response.

Staging & prognostic considerations
Staging defines the extent of progression of a disease 
and is a concept aligned with precision psychiatry [42]. 
It refers to the idea that clinical presentation evolves and 
changes over time, from prodrome to syndrome and then 
on a continuum of severity (mild to severe enduring). 
Processes in EDs such as neuroprogression, neuroadapta-
tion and social isolation contribute to the evolution of the 
disorder into the severe enduring stage [43, 44].

Understanding progression of illness is not only impor-
tant for early identification and early intervention but 
also to understand the complex illness factors impact-
ing treatment efficacy and acceptability, enable improve-
ments in case management and match treatments to 
stage of illness [42, 45]. Staging has been proposed as a 
way to overcome the challenges associated with conven-
tional diagnostic practice, in particular its poor capac-
ity to provide meaningful information about severity or 
prognosis [42]. A four stage model of illness severity has 
been proposed for a number of mental disorders, includ-
ing mood disorders [46], panic disorder [47], alcohol 
use disorder [48] and schizophrenia [49]. McGorry et 
al. (2006) suggest that the ideal staging model is clinico-
pathological, whereby clinical features are augmented by 
objective measures that link to pathophysiology (i.e., bio-
logical markers of illness) [42]. Provisional staging mod-
els have also been investigated for EDs. In accordance 
with other staging models in mental health, evidence 
supports a staging heuristic for AN, but has limited util-
ity in BN/BED [43]. Treasure, Stein & Maguire (2015) 
proposed a four-stage model for EDs (comprising high-
risk, early syndrome, full syndrome and severe enduring 
illness) for use in the management, treatment and prog-
nosis of EDs and Maguire et al. (2017) developed an ill-
ness-specific, four-stage model of severity for AN [43, 50] 
[50]. 



Page 4 of 15Bryant et al. Journal of Eating Disorders           (2025) 13:63 

Consideration of the course of an illness is integral to 
realising the full potential of an individualised approach. 
EDs almost always have a prodromal period, typically 
(but not always) in adolescence, with slower progres-
sion to more severe disorders (Treasure, Stein & Magu-
ire 2015) [43]. However, some sub-threshold disorders 
resolve on their own. Whether or not a person goes on to 
have a diagnosable ED, and what type of ED that is, might 
be influenced by genetic or other risk factors. It follows 
that certain biomarkers could help to predict level of 
intervention, type of intervention and likely treatment 
response for an individual at that earliest possible oppor-
tunity [43]. There is a need for further research to empiri-
cally validate clinical staging models across EDs [51].

Other illness factors
Some of the earliest treatment trials of psychotherapy 
for people with EDs demonstrated the relevance of ‘indi-
vidualised’ stratification, at that time commonly based 
on duration of illness. Russell et al. in 1987 [52] and 
then Eisler et al., 2007 [53] compared post-inpatient 
family-based therapy (FBT) and individual therapy at 
1- & 5-years following discharge and found differen-
tial response to family therapy based on illness duration 
(< vs. > 3 years). Research conducted since has consis-
tently shown that FBT is most effective when delivered 
to adolescents in the early stages of the illness, providing 
support for the tailoring of treatment to illness stage at a 
bare minimum, to optimise treatment outcome [43, 54, 
55]. However, a 2020 systematic review and meta-analy-
sis found that duration of illness did not influence treat-
ment outcome [56], therefore evidence for the prognostic 
value of illness duration is mixed.

Other researchers have explored predictors of treat-
ment outcome in EDs based on certain risk factors or 
illness features. Vall & Wade (2015) captured all types of 
treatment (n = 126 studies) in a meta-analysis and found 
baseline predictors such as higher BMI, fewer binge/
purge behaviours, fewer psychiatric comorbidities, bet-
ter interpersonal functioning, fewer familial problems, 
greater motivation to recover, lower depression, and 
lower shape/weight concern predicted better treatment 
outcome in people with EDs [57]. Linardon, Garcia & 
Brennan (2017) synthesised the results from 65 studies 
in their meta-analysis on predictors, moderators, and 
mediators of outcome following CBT [58]. Early treat-
ment response/change was found to be a consistent 
mediator of better outcomes across all EDs, however, 
there was no strong evidence for any moderators or pre-
dictors, leading the authors to suggest that it is ‘unclear 
how and for whom this treatment works.’ In more recent 
years and with aforementioned technological and mod-
elling advancements, there is a clear trend toward more 

granular, sophisticated personalised treatment and 
research approaches in the ED literature.

Sociocultural and environmental factors
Sociocultural factors significantly influence the onset, 
maintenance, and trajectory of EDs [59]. Western beauty 
ideals, social media, and family dynamics shape illness 
outcomes, with the internalisation of the thin ideal—
reinforced by media and peer environments—linked to 
disordered eating and greater illness severity [60, 61]. 
Systematic reviews indicate that sociocultural pressures 
around body image, particularly in Western societies, 
contribute to overvaluation of weight and shape, exacer-
bating psychopathology and prolonging illness chronicity 
[62, 63]. Social comparison processes further reinforce 
these cognitions, particularly among adolescents and 
young adults who are highly susceptible to media mes-
saging [64]. The rise of social media has intensified these 
effects, with platforms such as Instagram and TikTok 
amplifying appearance-based comparisons, normalising 
restrictive eating, and reinforcing perfectionism—fac-
tors directly linked to more entrenched symptomatology 
and poorer recovery outcomes [65, 66]. Beyond media 
and peer influences, family and cultural dynamics shape 
illness trajectory and recovery. While parental criticism, 
enmeshment, and weight-related teasing are associated 
with greater symptom severity and lower motivation for 
change [67–69] strong familial and social support pro-
mote treatment engagement and better psychological 
outcomes [70]. Sociocultural stigma further complicates 
help-seeking, particularly in groups where disordered 
eating is normalised within cultural or athletic subcul-
tures [71, 72]. Cross-cultural research also highlights 
variations in symptom presentation and risk factors, 
emphasising the need for culturally sensitive individual-
ised interventions [73].

Environmental factors, including trauma, bullying, 
school experiences, and weight stigma, further contrib-
ute to ED risk. Childhood trauma, including physical, 
emotional, and sexual abuse, is strongly associated with 
ED development, with meta-analyses showing significant 
links between early adversity and restrictive or binge-
purge behaviours [74]. Bullying, particularly weight-
related teasing, heightens body dissatisfaction and 
increases vulnerability to disordered eating [75]. School 
environments that emphasise academic or athletic 
achievement can reinforce perfectionistic tendencies, a 
known risk factor for EDs [76, 77]. Additionally, weight 
stigma—both interpersonal and institutional—has been 
linked to disordered eating, increased dietary restraint, 
and body image concerns, with longitudinal studies sug-
gesting that experiences of weight-based discrimination 
predict greater ED severity over time [78, 79].
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Biology and genomics
There is growing interest in integrating biological mark-
ers, such as genetic, neurobiological, and physiological 
factors, into treatment strategies, however while theo-
retical advancements in personalised medicine for EDs 
show promise, their clinical application in routine prac-
tice remains limited [80]. Most biologically-oriented per-
sonalised medicine studies in ED have focused on AN, 
with significant efforts directed towards understanding 
its genetic underpinnings [81, 82]. However, there is the 
potential of many other approaches including multi-omic 
approaches (including metabolomics and microbiome 
research), in identifying biomarkers that could inform 
more tailored treatments. These areas are still in the 
early stages of discovery, with more research needed to 
bridge the gap between bench and bedside [80, 83, 84]. 
Some large-scale studies using multi-omic approaches 
are currently underway including EDIFY (Eating Dis-
orders: Delineating Illness and Recovery Trajectories to 
Inform Personalised Prevention and Early Intervention in 
Young People) at Kings College London [85] and Holis-
tic Understanding at the Australian Eating Disorders 
Research & Translation Centre [86]. Both of these stud-
ies aim to collect a large suite of physiological and genetic 
data, neuroimaging, cognitive tests and psychological/
social data from individuals with EDs in order to better 
understand risk factors, illness mechanisms and trajecto-
ries, and targets for personalised intervention.

Recent advancements in neuroscience have the poten-
tial to enhance traditional diagnostic classification 
systems by considering how interactions between neu-
robiological substrates and psychosocial variables act 
to modulate symptomatology. These scientific develop-
ments offer new methods to address the heterogeneity 
observed within and across mental disorders, thereby 
facilitating more nuanced and precise therapeutic deci-
sion-making. By establishing connections between clini-
cal phenotypes and an individual’s unique biosignature 
(or biotype), these insights may allow for the customi-
sation and selection of therapeutic interventions that 
specifically target distinct clinical features and biotypes. 
Such interventions may encompass a diverse array of 
therapeutic options, including pharmacological agents, 
behavioural therapies, neuromodulation techniques, and 
innovative therapeutic approaches, all of which hold the 
potential to modify the underlying biological mecha-
nisms that give rise to symptoms and phenotypes [41].

There are multiple precision medicine approaches to 
EDs incorporating ongoing work in metabolic and psy-
chiatric genomics [82, 83, 87]. This includes application 
of Genome-Wide Association Study (GWAS) findings to 
clinical assessment and treatment targeting; the identifi-
cation of implicated biological pathways that may inform 
staging and other illness models; targeted prevention and 

tailored intervention; development of pharmacologic 
agents that target the core biology of the illnesses; and 
the use of polygenic risk scores to predict developmen-
tal phenotypic manifestations of illness and gene–envi-
ronment associations to inform risk assessment [82, 83]. 
Hubel et al. (2021) argue that the heterogeneity inherent 
in genetic profiles among individuals necessitates a more 
nuanced approach to treatment—one that tailors thera-
peutic interventions to the genetic and phenotypic idio-
syncrasies of each patient [88].

Adams et al. (2023) explored the genetic architecture 
of AN through an innovative multi-omic approach that 
prioritised risk genes by integrating different data modal-
ities across 14 tissue types [89]. Employing a combina-
tion of transcriptome-wide association studies (TWAS), 
proteome-wide association studies (PWAS), and splicing 
association analyses (spliceWAS), the research identified 
134 genes with genetically predicted mRNA expression 
associated with AN. Fine-mapping analysis highlighted 
an overrepresentation in the pathway associated with 
immune system regulation, specifically involving the 
genes MST1, TREX1, PRKAR2A and PROS1. WDR6, 
which is implicated in cell growth, proliferation and 
autophagy, emerged as a particularly salient candidate 
gene. This comprehensive analytical framework not only 
refines our understanding of AN’s genetic landscape but 
also illuminates the potential causal role of immune sys-
tem pathways in its pathogenesis, underscoring the utility 
of multi-omic data in disentangling the biological com-
plexity of EDs [89].

Burstein et al. (2023) undertook a genome-wide inves-
tigation into the genetic determinants of binge eating, 
employing a model derived from a binge eating pheno-
type [90]. They identified several loci associated with 
binge eating behaviours. The findings contribute to a 
more nuanced understanding of the genetic predisposi-
tions underlying these behaviours, suggesting a poten-
tial overlap in the genetic risk factors for binge eating 
and anorexia nervosa. Research in this area extends our 
understanding of the shared and unique genetic under-
pinnings of various eating disorder phenotypes [90]. By 
identifying the neurobiological pathways underlying 
genetic variations—such as reward system dysregula-
tion (dopaminergic pathways), impulsivity and executive 
dysfunction (serotonergic regulation), or metabolic and 
appetite control deficits (leptin and insulin signalling)—
genetic findings could facilitate a more refined clas-
sification of ED subtypes. This, in turn, has significant 
implications for treatment stratification, as pharmaco-
logical interventions could be tailored to specific neuro-
biological profiles, with dopaminergic agents addressing 
compulsive overeating, serotonergic medications target-
ing emotional dysregulation, and metabolic-targeting 
drugs modulating appetite dysregulation. Likewise, 
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psychological interventions could be personalised, with 
cognitive-behavioural therapies being prioritised for 
those with cognitive control deficits and metabolic-
focused interventions being more appropriate for indi-
viduals with genetically driven metabolic impairments.

Johnson et al. (2023) examined the translational 
potential of genetic findings in AN by mapping identi-
fied genetic variants to specific clinical phenotypes [91]. 
The study correlates these genetic markers with distinct 
clinical traits, such as body mass index (BMI), anxiety, 
and obsessive-compulsive behaviours, bridging the gap 
between genetic susceptibility and observable clinical 
presentations, and demonstrating the critical importance 
of elucidating the genotype-phenotype nexus in the pur-
suit of personalised therapeutic strategies [91].

Measuring heterogeneity – the importance of 
comprehensive data collection
The systematic collection and analysis of psychometric 
and outcome measures are essential for elucidating the 
heterogeneity of mental illness. Consistent assessments 
provide a means to systematically capture this complexity 
by identifying distinct symptom clusters through data-
driven clustering techniques. By leveraging advanced 
statistical and machine learning methods, researchers 
can move beyond homogenous diagnostic categories and 
delineate biologically or psychologically meaningful sub-
types that may respond differentially to treatment [92]. 
Such approaches also enable the distinction between 
core psychopathological features and more peripheral or 
co-occurring symptoms, refining theoretical models of 
illness and allowing for the identification of specific fac-
tors driving symptomatology. By providing empirically 
derived subtypes and treatment response profiles, data-
driven clustering enhances the precision of clinical deci-
sion-making, ensuring that interventions are tailored to 
the specific needs of individual patients. When integrated 
with biological, neurocognitive, and behavioural data, 
these measures further contribute to mechanism-based 
treatment approaches, supporting the broader aims of 
precision psychiatry. For instance, if interoceptive deficits 
emerge as a key factor influencing treatment response 
in AN, interventions targeting bodily awareness could 
be prioritised for individuals exhibiting this phenotype. 
Clinically, the longitudinal monitoring of psychometric 
and outcome measures may foster a more dynamic and 
responsive approach to care, moving away from rigid, 
one-size-fits-all treatment models toward individualised, 
empirically informed interventions that optimise thera-
peutic efficacy and improve patient outcomes.

Routine outcome measures
The International Consortium for Health Outcomes 
Measurement (ICHOM) has developed a comprehensive 

set of patient-centred outcome measures specifically for 
EDs [93]. This initiative involved collaboration among 
leading clinicians, researchers, and individuals with 
lived experience to identify outcomes that hold the 
greatest significance for patients. The standardised set 
encompasses various domains, including ED symptoms 
(assessed via instruments such as the Eating Disorder 
Examination Questionnaire for individuals aged 15 and 
above, and the Children’s Eating Attitudes Test for those 
aged 8–14), symptoms of avoidant/restrictive food intake 
disorder (ARFID), co-occurring mental health condi-
tions (such as depression, anxiety, and suicidal ideation), 
and quality of life and social functioning. By implement-
ing these standardised measures, healthcare providers 
can systematically evaluate treatment outcomes, thereby 
facilitating the identification of effective, personalised 
interventions for diverse patient populations.

In Australia, the absence of a nationally comprehensive 
and consistent dataset for EDs has historically impeded 
the ability to monitor treatment outcomes and inform 
service delivery [94]. To address this gap, the Inside-
Out Institute for Eating Disorders, with support from 
the Australian Government Department of Health, has 
developed a national minimum dataset (MDS) for EDs 
[94]. This MDS was established through a consensus-
driven process involving a diverse group of stakehold-
ers, including clinicians, researchers, and individuals 
with lived experience. The implementation of this stan-
dardised dataset aims to enhance the understanding of 
patient presentations and treatment outcomes across 
various healthcare settings, thereby supporting the devel-
opment of tailored interventions and improving the qual-
ity of care for individuals with EDs in Australia.

Personalised outcome measures
The Psychological Outcome Profiles (PSYCHLOPS) is the 
only patient-generated measure of psychological distress 
and therapeutic change that has been validated in EDs. 
Unlike standardised patient-reported outcome measures, 
PSYCHLOPS allows individuals to identify and rate their 
own key problems, providing a personalised and respon-
sive assessment of mental health outcomes. It is com-
monly used in therapy and research settings to capture 
subjective experiences of psychological well-being and 
treatment progress. The measure consists of three main 
sections: problems, functioning, and well-being, with an 
additional section for post-treatment reflection. Austin 
et al. (2021) tested the efficacy and validity of the per-
sonalised patient-reported outcome measure (PROM) 
in the context of ED treatment [95]. The study involved 
278 emerging adults with first episode eating disorders, 
using PSYCHLOPS alongside two standard ED PROMs, 
the Eating Disorder Examination Questionnaire (EDE-
Q) and the Clinical Impairment Assessment (CIA), over 
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a 12-month period. The authors found that PSYCHLOPS 
exhibited satisfactory psychometric properties, includ-
ing adequate internal reliability (Cronbach’s alpha rang-
ing between 0.73 and 0.84) and strong concurrent validity 
(Spearman’s coefficient of -0.69, p < 0.01) when compared 
to patient-reported recovery [95], echoing the findings of 
previous validations in primary care settings [96]. More 
than half the participants identified concerns not cap-
tured by the EDE-Q or CIA, particularly issues related to 
depression, anxiety, academic problems, and treatment 
concerns, highlighting the limitations of standardised 
PROMs in fully addressing nuance and underscoring the 
importance of personalised PROMs for providing a more 
comprehensive assessment of a person’s needs [95].

Characterising heterogeneity – data, models and 
methods
Multilevel models, which are currently the most common 
model used for the study of within-person processes in 
psychology, are not truly person specific or idiographic. 
While these models can capture within-person variations 
and account for individual differences through random 
effects, they rely on estimating an average fixed effect 
along with its variance. Individualised, or personalised 
models are truly idiographic as they allow each person’s 
parameter values to be entirely independent of those 
from other participants in the sample [97].

There are several idiographic modelling techniques 
designed to personalise the study of psychopathol-
ogy, most of which involve intensive longitudinal data 
(i.e., time-series data collected from a single individual). 
Among the most widely used are variations of vector 
autoregression models (VAR). Examples include Unified 
Structural Equation Modelling (uSEM), which integrates 
structural equation modelling with VAR, Graphical VAR, 
which merges VAR with Gaussian graphical models, and 
Dynamic Structural Equation Modelling (DSEM), which 
combines structural equation modelling, multilevel mod-
elling, and time-series analysis.

Other commonly used methods include the p-tech-
nique, which uncovers the dynamic structure (such as the 
number of factors and the pattern of factor loadings) of 
an individual’s multivariate time series data while keep-
ing factor associations contemporaneous rather than 
lagged. Dynamic Factor Analysis (DFA) expands on the 
p-technique by incorporating structural paths across 
waves. Lastly, network analysis treats the variables being 
studied as an interconnected system. Each of these meth-
ods increases the flexibility of the modelling process (e.g., 
contemporaneous associations, structured residuals) and 
enhances the potential informational yield from multi-
variate time series data [97]. Some of the more common 
models and methods employed thus far in ED treatment 
are discussed below.

The network approach
Complex network approaches, which are currently being 
developed at the crossroads of various scientific fields, 
have the potential to provide a way of thinking about dis-
orders that does justice to their complex organisation. In 
such approaches, disorders are conceptualised as systems 
of causally connected symptoms rather than as effects 
of a latent disorder. Using network analysis techniques, 
such systems can be represented, analysed and studied 
in their full complexity. The study of network structures 
thus yields several new possibilities to go beyond the 
conventional classification of psychiatric disorders. This 
may be especially helpful for the study of the interaction 
of phenotype, neural development, environmental input 
and behaviour [98].

Roefs et al. (2022) outline a network-based framework 
for understanding and treating mental disorders, rec-
ognising that they are constituted by dynamically inter-
acting symptoms and other relevant variables, which 
together form a complex network unique to each individ-
ual [7]. The framework is based on three interconnected 
pillars: mapping dynamic networks across a large popu-
lation with a variety of mental disorders (to capture the 
full spectrum of symptoms and their interactions) using 
methods like EMA (which allows for the capture of real-
time data on how symptoms fluctuate and interact over 
time); zooming into causal mechanisms that underlie the 
relationships between elements in these networks (using 
experimental and pre-clinical studies to identify trans-
diagnostic processes that drive the interactions within 
these networks); and targeting interventions, or develop-
ing and testing personalised, network-informed inter-
ventions, and then comparing the effectiveness of these 
network-based interventions against traditional, evi-
dence-based treatments to assess their efficacy [7].

There are of course challenges within the Network 
approach, including the selection of variables for EMA, 
considerations of statistical power in network analyses, 
and the practicalities of implementing network-informed 
interventions in clinical practice. There is also a need to 
train therapists in using these network models to guide 
treatment, which would be a significant shift from cur-
rent therapeutic practices. But researchers argue that 
this approach could lead to better long-term outcomes 
for patients and a more efficient allocation of resources 
within the mental health system [7].

Several researchers have used the network approach in 
EDs, typically to estimate centrality or the core features 
or symptoms of ED psychopathology using between-per-
son networks [99–104]. Christian et al., 2020, observed 
that even where ‘central’ symptoms were able to be iden-
tified, significant differences in network structure (i.e., 
how symptom pathways are connected) emerged across 
age groups. The authors suggested that even where 
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symptom severity does not increase over time, symptom 
interconnectivity might [105].

Levinson (2020, 2021) has conducted numerous stud-
ies examining idiographic networks using time-series 
data such as EMA (ecological momentary assessment). 
In 2020, her group conducted longitudinal group-level 
(addressing symptom interrelations across people and 
across time; between-subjects, contemporaneous, and 
temporal networks) and intra-individual (symptom inter-
relations within each person and across time; contempo-
raneous and temporal networks) network analyses using 
prospective 4-year data in at-risk adolescents and young 
adults, finding that individual networks were highly vari-
able across individuals [106].

Predictive modelling & machine learning
Predictive modelling in psychiatric research leverages 
advanced statistical and machine learning (ML) tech-
niques to forecast mental health outcomes, personalise 
treatment, and enhance clinical decision-making. Until 
now, predictions in psychiatry have been constrained 
by the limitations of linear models and subjective clini-
cal judgement, which often fall short in addressing the 
complexity and variability intrinsic to psychiatric dis-
orders [107]. With the advent of predictive modelling, 
researchers can now interrogate vast, multidimensional 
datasets—encompassing genetic, neuroimaging, ecologi-
cal momentary assessment (EMA), and electronic health 
records— allowing for the identification of intricate pat-
terns and individualised risk factors. This approach not 
only enhances the precision of predictions related to 
disease progression and therapeutic outcomes but also 
supports the development of personalised treatments tai-
lored to the specific needs of individual patients.

Researchers have begun to explore predictive model-
ling in EDs. With its ability to handle large datasets and 
complex variable interactions, ML could significantly 
improve predictions of long-term outcome in EDs [108]. 
Haynos et al. (2021) conducted a longitudinal analy-
sis of 415 females with full or subthreshold ED diagno-
ses, comparing ML-based elastic net regularised logistic 
regression to traditional logistic regression in predict-
ing ED outcome at one- and two-year follow-ups. The 
ML models demonstrated superior predictive accuracy 
(AUC = 0.78 vs. 0.67), with results remaining robust 
even when key predictors were removed or alternative 
ML techniques were applied. Key predictors included 
baseline ED diagnosis (especially bulimia nervosa), psy-
chological factors such as dietary restraint and shape 
concern, and clinical variables like psychiatric hospitali-
sation history and lower baseline BMI, which strongly 
predicted underweight status at follow-up. These find-
ings highlight the promise of ML in refining psychiatric 
prognosis, enabling more precise risk assessment and 

personalised intervention strategies. The study advocates 
for further research integrating multimodal and real-
time data to enhance predictive accuracy and clinical 
applicability.

Anderson et al. (2023) looked at the potential of causal 
discovery analysis (CDA) as a novel tool for advancing 
precision medicine in the treatment of EDs, arguing that 
CDA may provide fine-grained, individualised models of 
causal relations among symptoms and behaviours, gener-
ating person-specific models of psychopathology [109]. 
Unlike traditional statistical methods that often focus on 
correlations, CDA aims to uncover the underlying causal 
structures that govern relationships between variables. 
They presented a series of case studies where CDA was 
applied to real-world data, demonstrating its utility in 
developing personalised treatment models, and found 
that CDA could successfully identify individual-specific 
causal pathways that maintain ED psychopathology. For 
example, in one case study, CDA revealed that negative 
affect was a direct cause of binge eating in some individu-
als, suggesting that targeting emotion regulation could be 
particularly effective for these people [109].

Arend et al. 2023 employed a correlation-based ML 
approach using idiographic item subsets collected 
through Ecological Momentary Assessment to predict 
binge eating episodes on an individual level. EMA was 
used to gather real-time data on participants’ emotions, 
thoughts, and behaviours [110]. The idiographic item 
subsets demonstrated a high degree of predictive accu-
racy for binge-eating episodes, achieving a mean area 
under the curve (AUC) of 0.80 across a sample of 13 
patients. In several cases, sensitivity approached 100%, 
successfully identifying every reported binge episode 
while maintaining a relatively high level of specific-
ity—that is, accurately predicting the absence of binge 
episodes when none occurred. The authors noted that 
predicting binge-eating episodes based on psychologi-
cal and contextual states was very feasible and precise, 
underscoring the idiographic nature of these predictor 
sets and supporting a paradigmatic shift from exclusively 
nomothetic models toward idiographic approaches in 
both prediction models and theoretical conceptualisa-
tions [110].

ML has demonstrated considerable promise in psy-
chiatry, particularly for atheoretical prediction, enabling 
the identification of absolute risk (e.g., poor prognosis) 
and relative risk (e.g., momentary binge-eating vulner-
ability) with high accuracy. By leveraging complex, high-
dimensional patterns, ML can enhance early detection 
and intervention strategies, such as predicting chronicity 
in EDs or utilising digital phenotyping to monitor real-
time fluctuations in ED risk [111]. However, despite its 
predictive power, ML is inherently correlational rather 
than mechanistic, often functioning as a “black box” 
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that captures nonlinear associations without elucidating 
causal pathways [112]. This limitation is particularly rele-
vant for identifying individual mechanistic targets, as ML 
alone cannot disentangle whether observed risk markers 
are causal drivers of binge eating or merely downstream 
correlates of broader psychopathology. To address this, 
future research should integrate ML within multimodal 
frameworks that incorporate causal inference method-
ologies and theory-driven experimental approaches, such 
as computational psychiatry, to bridge the gap between 
predictive modelling and mechanistic understanding. 
Such an approach would optimise the clinical utility of 
ML, ensuring that its predictive capabilities translate into 
more precise, mechanistically informed interventions in 
eating disorders.

Espel-Huynh et al. (2021) examined whether ML mod-
els could better predict ED treatment response trajec-
tories than a simpler multinomial logistic regression 
approach. Researchers analysed data from 333 women 
in residential ED treatment, identifying three trajecto-
ries: Rapid Response (24%), Gradual Response (58%), and 
Low-Symptom Static Response (18%), using self-reported 
assessments from the first two weeks of treatment. The 
best ML model (radial support vector machine) achieved 
an AUC of 0.94, while logistic regression performed 
nearly identically (AUC of 0.93), indicating no meaning-
ful advantage of ML. The most predictive variables—
baseline symptom severity, percent change in symptoms, 
and early trajectory slope—suggest that simple early 
markers are sufficient for prediction. Given the negli-
gible performance difference, logistic regression may be 
preferable for its simplicity, interpretability, and lower 
computational burden. While early trajectory prediction 
could help tailor treatment, ML did not enhance predic-
tive accuracy in this context. The study is limited by its 
focus on female patients in a specific setting, but overall, 
it suggests that logistic regression remains a highly effec-
tive tool for predicting ED treatment response.

Krug et al. (2023) compared ML techniques to conven-
tional logistic regression in predicting ED onset and diag-
nostic differentiation between AN and bulimia nervosa 
(BN), finding that while ML approaches did not surpass 
logistic regression in predictive accuracy, they produced 
more parsimonious models that may refine screening 
and early intervention efforts [113]. Similarly, Forrest et 
al. (2023) investigated the predictive value of ML models 
in forecasting treatment outcomes for binge-eating disor-
der (BED), concluding that neither traditional regression 
nor ML approaches provided consistently robust predic-
tions, though ML models offered marginal improvements 
in handling complex data structures  [114]. In contrast, 
Svendsen et al. (2023) demonstrated the utility of ML in 
predicting non-response to ED treatment using privacy-
preserving synthetic data, showing that Random Forest 

models reduced classification errors by 31.3%, though 
additional data from later treatment stages yielded only 
minor gains in predictive accuracy [115] .

Monaco et al. (2024) have introduced an Artificial 
Intelligence Platform aimed at addressing the challenges 
in treating EDs [116]. The primary aim of the study is 
to develop a personalised treatment platform, referred 
to as the Master Data Platform (MDP), that leverages 
AI to improve patient outcomes and provide real-time, 
data-driven insights into ED treatment. The platform 
will integrate data from various sources—such as clini-
cal assessments, patient demographics, and physiological 
data—using AI algorithms to identify risk factors, plan 
treatment strategies, and predict relapse risks. Addi-
tionally, the platform includes a chatbot to engage with 
patients, providing educational support and guidance 
throughout the recovery process [116]. The platform uti-
lises a combination of machine learning algorithms and 
deep learning architectures to process large-scale data-
sets. These datasets include neuroimaging data, social 
and behavioural information, and patient self-reports. 
The use of Natural Language Processing (NLP) models 
allows the system to analyse patient diaries and social 
media interactions, which can reveal critical insights 
into a patient’s mental state, adherence to treatment, and 
potential relapse risks [116]. It also integrates sensors 
and smart devices (e.g., smartwatches) to collect physi-
ological data, such as heart rate and sleep patterns, which 
are then analysed by AI to monitor patient progress and 
adjust treatment plans accordingly. Furthermore, AI 
decision-support algorithms aid clinicians in making 
informed treatment decisions, reducing the likelihood of 
operator-dependent errors [116].

Treating heterogeneity – exploring personalised 
treatment
Existing clinical treatment trials
Traditional treatment models typically follow stan-
dardised protocols and manuals, which cannot account 
for the unique biological, psychological, and environ-
mental factors influencing a person’s illness. Some clini-
cal treatments incorporating basic personalisation have 
been trialled, providing early data on how the approach 
can improve patient engagement, symptom reduction, 
and recovery rates.

McFarlane et al. (2015) investigated the effectiveness 
of an individualised day hospital (DH) treatment pro-
gram for individuals at Toronto General Hospital. The 
study compared 655 patients (standard group treatment 
n = 446, individualised treatment n = 209) who were 
admitted between 2007 and 2014 [117]. The individual-
ised program incorporated two individualised therapy 
sessions per week alongside structured independent 
homework, aiming to better accommodate the unique 
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needs of participants. These one-on-one cognitive-
behavioural sessions were designed to address barriers 
impeding progress in symptom cessation as well as subtle 
maladaptive eating behaviours, and to facilitate in-depth 
exploration and resolution of body image disturbances. 
People were assigned to the individualised treatment on 
clinical recommendation. They were typically older, had 
a longer duration of illness and had engaged with treat-
ment more often than those in the standard treatment 
group. Individualised patients also had more severe 
psychopathology, including higher levels of depres-
sion, anxiety, and obsessive-compulsive symptoms. They 
were more likely to be diagnosed with AN-Binge Purge 
subtype (AN-BP) or Eating Disorders Not Otherwise 
Specified EDNOS (now Other Specified Feeding or Eat-
ing Disorder OSFED) [117]. Despite these challenges, 
individualised patients had comparable retention rates to 
standard patients, with no significant differences in pre-
mature discharge. The duration of treatment was slightly 
shorter for individualised patients, but the groups had 
similar rates of rapid response to treatment (defined as 
achieving significant symptom reduction within the first 
four weeks). This suggests even patients with more com-
plex presentations can respond well to treatment when 
individualised care is provided [117]. Both groups expe-
rienced substantial reductions in ED symptoms, includ-
ing binge eating and vomiting. However, patients in the 
individualised group were less likely to achieve complete 
abstinence from these symptoms by the end of treatment, 
particularly regarding vomiting. Additionally, patients 
in the individualised group who required weight gain 
were less likely to achieve a healthy post-treatment body 
mass index (BMI) compared to those undergoing stan-
dard treatment. Research shows that patients with more 
severe EDs and comorbid conditions often experience 
residual symptoms at the end of treatment, leaving them 
vulnerable to relapse, therefore this may not have been a 
result of the individualised protocol.

Haynos et al. (2016) compared standardised and indi-
vidualised caloric prescriptions in inpatient weight res-
toration for Anorexia Nervosa (AN) [118]. In a natural 
experiment (n = 70), they found that the standardised 
approach led to faster, curvilinear weight gain (peaking 
at ~ 4.5 lbs/week in week three) compared to the grad-
ual, linear gains of the individualised approach (~ 3.5 
lbs/week in week four). By one month, the standardised 
group had gained two additional pounds on average. 
While hospitalisation length and discharge BMI were 
similar, activity restriction (e.g., bedrest) was 30% lower 
in the standardised group, suggesting greater efficiency. 
No cases of refeeding syndrome requiring medical inter-
vention were observed, challenging the traditional “start 
low, advance slow” model. Thus, when it comes to nutri-
tional rehabilitation at least, a standardised approach 

may optimise weight restoration within the constraints of 
short inpatient stays. However, it is important to note the 
researchers did not assess biochemical markers of refeed-
ing syndrome nor did they collect qualitative data on tol-
erability [118].

The individualised treatment approach described by 
McFarlane et al. (2015) is distinct from the conventional 
use of clinical intuition in routine practice, as it is sys-
tematically guided by empirical principles and tailored 
to individual patient data. In their study, the research-
ers implemented an adaptive treatment strategy, wherein 
the therapeutic interventions were dynamically adjusted 
based on patient response, rather than relying on a fixed, 
standardised protocol. This approach aligns with a pre-
cision medicine framework, emphasising iterative deci-
sion-making informed by measurable clinical outcomes 
(DeRubeis et al., 2014). While it is true that individualised 
treatment is common in clinical settings, such practices 
are often based on heuristics and subjective judgment 
rather than structured, evidence-informed modifica-
tions. Indeed, research indicates that most individuals 
receiving treatment for psychological disorders do not 
benefit from empirically supported interventions, as cli-
nicians frequently deviate from best-practice guidelines 
in favour of intuitive decision-making (Waller & Turner, 
2016). The model described by McFarlane et al. (2015) 
differs by explicitly integrating empirical data into treat-
ment personalisation, ensuring that therapeutic adapta-
tions are systematically evaluated rather than based on 
clinician preference alone. This distinction is critical, as 
it underscores the contrast between the individualised, 
data-driven methodology under discussion and the pre-
vailing treatment-as-usual paradigm, which often lacks 
empirical grounding.

Levinson et al. (2021) collected data via ecological 
momentary assessment (5 times per day for 15 days – 
or 75 total measurement points) to investigate the best 
methods for informing the selection of personalised 
treatment targets using idiographic network analysis 
[119]. The research showed how symptom assessment, 
symptom selection, model type and statistic could influ-
ence which targets are selected for treatment, and how 
targets could influence treatment planning and ordering 
of interventions. Treatment targets and symptom profiles 
were highly heterogenous, with less than 50% of individu-
als endorsing central symptoms related to weight and 
shape. No single target was identified as most important, 
highlighting the need for individualised treatment meth-
ods. The heterogenous manifestation of symptoms within 
one construct (e.g., body dissatisfaction, drive for thin-
ness, fear of weight gain performing as different mani-
festations of overvaluation of weight and shape) found 
by the study demonstrates the need to tailor or focus 
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treatments on symptoms rather than global pathological 
constructs [119].

The same team is now conducting a pilot randomised 
controlled trial comparing 20 sessions of transdiagnos-
tic network-informed personalised treatment (T-NIPT-
ED) with 20 sessions of CBT-E over 20 weeks [120]. The 
study incorporates ecological momentary assessment 
(EMA) to gather intensive longitudinal data for NA and 
generate idiographic networks to identify and target core 
symptoms that maintain ED pathology within individuals 
[120].

Challenges inherent in the individualised approach
The personalised approach to the study of psychopa-
thology faces similar challenges to other intensive lon-
gitudinal research, including issues with low temporal 
resolution in our theories, making it difficult to identify 
the timescale on which the relevant processes occur; 
complications in linking variables that happen at differ-
ent times and on varying timescales throughout the day; 
and having to make decisions around the intensity and 
duration of assessments necessary to create a depend-
able individual model [97]. Homogenous psychometric 
instruments that lack specificity and lack of standardisa-
tion of these instruments in routine clinical practice, fur-
ther complicates matters.

Consideration of whether individualised psychopathol-
ogy models will capture idiosyncratic manifestations of 
the same pathology (‘surface personalisation’) or truly 
individualised processes (‘deep personalisation’) will be 
important [97]. These models need to be validated and 
directly tested against established approaches (e.g., cross-
sectional self-report) / TAU (comparator groups) [121, 
122]. Barriers to the widespread adoption of idiographic 
research include concerns over generalisability and the 
challenges associated with scaling such research to large 
participant samples. While personalised psychopathol-
ogy models lack generalisability by design, being tailored 
to an individual’s unique processes is precisely what 
makes them valuable. However, personalised models also 
offer a more direct and potentially accurate measurement 
of contextualised dynamic processes, which could serve 
as foundational components for constructing bottom-up 
models of psychopathology that are generalisable [97]. 
Ideally, this approach would enable the estimation of 
person-specific models across large participant groups to 
identify reliable, shared characteristics [97].

Use of self-reported data (as is most common in meth-
ods like EMA) can introduce biases, as participants may 
underreport or overreport their experiences, however 
this has long been a challenge in psychiatric research 
[123–125]. Additionally, generalisability of findings may 
be limited due to the small and specific sample sizes 
required for idiopathic research [110].

The complexity of developing and integrating indi-
vidualised care platforms into existing healthcare sys-
tems cannot be underestimated. Technical issues, such 
as data interoperability and cybersecurity concerns must 
be addressed to ensure successful implementation. This 
may be mitigated by the advancement of AI, which offers 
powerful tools for data analysis and decision-making, but 
equally, over-reliance on AI could introduce vulnerabili-
ties such as system failures or biases within algorithms. 
This may compromise patient care [116].

Further, there are ethical and safety challenges inherent 
in the individualised model/approach. Researchers and 
clinicians must hold responsibility for ensuring transpar-
ency and generalisability of individualised models; con-
sider the appropriate communication of risk estimates; 
ensure data protection and privacy; and foster the equita-
ble distribution of mental health care regardless of sever-
ity, risk, stage or phenotype [126].

In our eagerness to reconceptualise early or staged 
interventions, it will be essential to balance the tension 
between early intervention and safety. The development 
of individualised models must carefully consider both 
their potential applications and misapplications [45]. 
There’s a risk of misapplying models and treatments 
suited for more advanced stages to earlier stages of ill-
ness, and vice versa [126]. Additionally, the use of stag-
ing and individualised models may over-pathologise 
an already highly stigmatised mental disorder. People 
might face discrimination based on perceived “severity,” 
risk, biotype, or genetic profile. For example, individu-
als with Stage 1 anorexia nervosa (AN) could be denied 
treatment for being “too mild,” whilst those with Stage 4 
might be refused treatment due to their “intractability” 
or difficulty to treat. Ongoing work in this area will need 
to be approached with great care and sensitivity to these 
concerns.

Another critical issue is the ethical implications of 
using both AI and continuous psychophysiological mea-
surements in mental health care [110]. There is a need for 
strong data governance to protect patient privacy related 
to consent, data ownership, and the potential misuse of 
sensitive health information [116].

In sum, emerging individualised approaches to concep-
tualising and treating EDs while promising, remain in the 
early stages of development, and their superiority over 
existing methodologies has yet to be empirically estab-
lished. It is crucial to recognise that demonstrating incre-
mental improvements in predictive modelling, such as 
enhancements achieved through machine learning over 
traditional regression techniques, does not necessarily 
translate into meaningful advancements in clinical deci-
sion-making. Moreover, despite the data-driven nature 
of these approaches, human judgment remains inte-
gral to their development and application. Researchers 
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play a critical role in selecting variables for inclusion in 
machine learning, network and biological models, inher-
ently shaping the scope of analysis based on existing 
theoretical and empirical perspectives. This subjectivity 
raises the risk that clinically relevant factors lying out-
side of prevailing research paradigms may be overlooked. 
Additionally, the quality and completeness of input data 
vary significantly across studies, introducing further con-
straints on the reliability and generalisability of findings 
derived from these methodologies. Acknowledging these 
limitations is essential to ensuring that the enthusiasm 
for novel approaches is tempered with critical appraisal 
of their practical utility and epistemological constraints.

Conclusions and future research
The history of personalised medicine reflects a gradual 
but significant shift from a “one-size-fits-all” approach to 
a more nuanced understanding of individual variability in 
health and disease. From early discoveries in pharmaco-
genetics to the current era of genomics and big data, per-
sonalised medicine aims to provide more effective and 
tailored treatments for patients. This may be revolution-
ary in EDs, where current understandings and treatments 
are limited [38, 127, 128]. Deepening our understanding 
of illness and mechanisms of disease/change as well as 
developing more comprehensive multi-axial assessment 
measures will require detailed profiling, phenotyping and 
genotyping of illness using a mixed-methods approach 
marrying biological, neurological, genetic, psychological, 
social and environmental factors. Defining and measur-
ing constructs should be conducted through a co-pro-
duction process and treatment tailored in a data-driven 
way (development of novel measures and novel treat-
ments could occur in parallel, with adaptations made 
according to response). The study of critical transitions 
of illness can also be facilitated by longitudinal profiling 
of bio-psycho-social risk, prodromal factors and how fea-
tures of illness change/respond to treatment.

To advance precision ED research, it will be imperative 
to establish clinically relevant quantitative metrics, stan-
dardised psychometric instruments that reflect these and 
normative data. Concurrently, there is a pressing need for 
multisite, longitudinal cohort studies that adhere to stan-
dardised protocols within clinical settings, incorporating 
diverse measurement modalities. These studies should 
also provide the ability to assess the potential of precision 
psychiatry tools to guide prospective treatment assign-
ments [41]. Equally critical is the creation of an infra-
structure that supports the simultaneous investigation 
of a broader spectrum of therapeutic interventions using 
the same set of measures and precision psychometric 
instruments. The conventional research paradigm, which 
typically funds studies focusing on a single treatment in 
isolation, limits the ability to perform direct comparisons 

across different interventions. As a result, there remains 
a significant gap in identifying which measures and tools 
are uniquely tailored to specific treatments, indications, 
or biotypes [41]. Furthermore, rigorous examination of 
the impact of model specification decisions on inferen-
tial outcomes is required, alongside the development 
and dissemination of nonstationary models that do not 
presuppose uniformity over time [97]. The feasibility 
and acceptability of individualised modelling procedures 
will need to be assessed for both patients and clinicians, 
as this will play a crucial role in the successful imple-
mentation of health system change [97]. Funding model 
changes and a new strategic direction is required at a 
government level, evidenced so far by such initiatives as 
the National Institute of Mental Health launching of the 
Research Domain Criteria and Precision Medicine Initia-
tive in the US.

Individualised models, which demand substantial 
resources in terms of data, time, and analytical com-
plexity, must be rendered accessible and interpretable to 
clinicians who may not possess expertise in these special-
ised areas [129]. To achieve the widespread implementa-
tion of personalised treatments for ED, it is essential for 
idiographic researchers to collaborate closely with clini-
cians, software developers, and engineers. This interdis-
ciplinary effort should focus on designing an intuitive 
and practical system capable of translating idiographic 
models into a format that is easily comprehensible and 
seamlessly integrated into clinical practice, while also 
incorporating valuable input from clinicians to ensure its 
efficacy and relevance [35, 119].

Currently, no standard personalised treatments have 
been successfully implemented in clinical settings for 
EDs, reflecting a gap between theoretical models and 
practical application [80]. To ensure that innovative ED 
treatments addressing nutrition, metabolism, psycho-
pathology, pharmacology and related clinical areas are 
grounded in evidence rather than driven by unsubstan-
tiated novelty or hype [87, 126], it will be imperative to 
establish rigorous, standardised measures for methods. 
Additionally, we must look at the complexities of non-
linear dynamic interactions within network models and 
the like and continue to critically interrogate theoretical 
frameworks of EDs [119, 130].
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