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Abstract

Introduction: Heterogeneity in the clinical presentation and pathophysiology of schizophrenia presents challenges for
effective diagnostic and therapeutic practices. Machine learning (ML) methods have emerged as a promising tool for
addressing this, due to their ability to integrate neuroimaging and clinical data. This paper aims to review the literature on ML
and its uses for identifying subtypes based on structural and functional brain features. Additionally, the paper will discuss
how these insights can be used to target pathophysiological features and individualize treatment.

Methods: A literature search was conducted across various research databases for ML neuroimaging studies published in the
past 10 years that included only schizophrenia samples. From this search, 38 were screened; 18 met criteria for full-text
review and were included. Additionally, a secondary search was conducted to review potential clinical applications and
individualized treatments. From this search, 6 articles were added, resulting in a total of 24 papers.

Results: Evidence supported the existence of distinct neurobiological profiles amongst patients with schizophrenia. Across 7
studies, two recurring neurobiological subtypes were identified: one defined by widespread cortical gray matter loss and
greater cognitive and negative symptoms; and another marked by an intact cortical structure but subcortical enlargement,
associated with positive symptoms. Results across the remaining 11 studies varied, ranging from 2 to 6 subgroups. Several of
these neurobiological patterns corresponded to differences in symptom severity and cognitive performance. Further,
predictive-modelling studies demonstrated moderate to high accuracy in forecasting treatment response.

Discussion: ML can be used to identify neurobiological subtypes of schizophrenia that align with differences in symptoms
and potential treatment targets. Additional multimodal biomarkers further highlight substantial heterogeneity. While
multimodal ML approaches may help integrate this variability, current methods face challenges. These findings suggest that
ML can capture variability in schizophrenia, providing a basis for predicting treatment responses.

Conclusion: ML can be used to identify neurobiological subtypes of schizophrenia and additional multimodal biomarkers
which further highlight substantial heterogeneity and treatment targets. Hence, ML approaches may help integrate this
variability, but current methods face challenges which require further research.

Keywords: schizophrenia; machine learning; biomarkers; treatment; neuroimaging; functional connectivity; neuroanatomical
heterogeneity; predictive modeling; subtyping

Introduction

Schizophrenia encompasses a broad spectrum of
symptoms generally divided into three categories: positive
symptoms, such as hallucinations; disorganized symptoms,
including incoherent speech or behaviour; and negative
symptoms, like diminished emotional expression or social
engagement [1]. Furthermore, it is a highly heterogeneous
disorder in terms of clinical presentation, treatment response,
neurobiological factors, and degree of impairment [2-5].
Much of the literature trying to parse out this heterogeneity is
consistent with Crow’s conceptualization of schizophrenia as
a “two-syndrome” disorder, where one type is marked by
positive symptoms and greater response to antipsychotic
treatment, and the other is characterized by negative
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symptoms, a higher degree of impairment and associated
structural and functional brain changes [6]. In theory, the
specificity of treatment and etiology can be increased by
separating the disorder into two types, which may reveal
distinct intervention targets and trajectories. However,
evidence for the association between neurobiological features
and clinical presentations has been mixed, and variability in
structural features remains high across subtypes, which
provides limited clinical utility for patient stratification
beyond the existing diagnosis [7-10]. Additionally, the
variability in treatment response to both biological and
psychosocial interventions may reflect a lack of specificity
and individualized treatment targets, given the heterogeneous
etiological and pathological factors of the disorder [11].
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However, novel machine learning (ML) methods that
analyze and cluster Magnetic Resonance Imaging (MRI),
Diffusion Tensor Imaging (DTI) and functional MRI
(fMRI) data show promise for identifying neurobiologically
distinct subtypes for a broad range of brain-related
disorders, including schizophrenia [12]. Beyond identifying
neurobiological subtypes, ML has become increasingly
crucial for understanding and predicting treatment response
in schizophrenia. Although antipsychotic medications
remain the basis of care, they primarily improve positive
symptoms and show limited effects on negative and
cognitive symptoms, contributing to variability in
individual outcomes [13, 14]. Approximately one-third of
patients experience minimal benefit, highlighting the need
for approaches that can predict response pre-treatment [15].
Recent research has suggested that ML-based predictive
modelling has the potential to assist in personalizing
interventions to improve treatment response. [16].

Together, these findings reveal a shifting landscape in
which ML is increasingly used to organize heterogeneity,
predict treatment outcomes, and inform individualized
interventions. In addition, ML can integrate and process
diverse forms and large amounts of clinical data to: a.) Find
key neuroanatomical markers that differentiate certain
groups of patients, b.) Make broad predictions across a
range of outcomes, including treatment efficacy. Hence, this
paper aims to provide an overview of the current literature
on the utilization of ML to identify neurobiologically
distinct schizophrenia subtypes and to link this to clinical
applications for personalized interventions.

Methods

This study employed a narrative review approach. As
such, a targeted literature search was conducted through
various databases (ScienceDirect, PubMed and PsycInfo)
using Boolean operators (Schizophrenia) AND (Machine
Learning) AND (Functional) OR (Structural) AND
(Subtype). In addition, secondary searches were conducted
to broaden coverage. First, alternative search terms were
included (Neuroanatomical) AND  (Schizophrenia),
(Machine Learning) (Clustering) AND (Schizophrenia).
Moreover, a search was conducted to identify potential
clinical applications of ML-based schizophrenia subtypes.
The inclusion criteria consisted of studies published in or
after 2015, written in English, clinical samples composed
exclusively of patients with schizophrenia, papers that
classified schizophrenia subtypes based on structural and/or
functional differences, and neuroimaging methods
including MRI, fMRI, and/or DTI. Meta-analyses and
papers that did not discuss functional or structural
differences among schizophrenia subtypes were excluded.
The 2015 cutoff year was selected because of rapid
advancements in the field of ML, where studies older than
10 years may be using outdated methods. The
Schizophrenia-only sample was selected to reduce the
heterogeneity found in psychotic disorders, increasing the
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interpretability of the results by isolating neurobiological
features specific to schizophrenia. MRI and fMRI methods
were selected for their high spatial resolution, which
provides greater accuracy in displaying neuroanatomy;
whereas DTI was selected for its use in mapping functional
networks in the brain [20].

The primary search yielded 49,143 records. After
removal of 12 duplicates, database limits reflecting the
inclusion criteria (e.g., schizophrenia-only samples, English
language) were applied prior to manual screening. This
resulted in 38 records proceeding to title and abstract
review. Full texts were obtained for all 38 reports, of which
20 were excluded for the following reasons: non-
schizophrenia-only samples (n = 12), meta-analyses (n = 1),
not using machine learning (n = 1), overlapping samples (n
= 3), EEG methods (n = 2), and genetic markers only (n =
1). A total of 18 studies were included in the final review.
Secondary searched resulted in the inclusion of 6 additional
papers. In total, 24 papers were selected.

Results
Two Distinct Subgroups of Schizophrenia

A recurrent finding across the literature was the
distinction between two groups of schizophrenia patients,
where one group exhibits pronounced neuroanatomical
abnormalities in the cortex and the other demonstrates
primarily abnormalities in functional pathways and
subcortical structures, with a largely intact cortical structure
[7, 21-26]. Results from multiple studies indicate that the
key marker for identifying the first neural signature
(Signature 1), was widespread volumetric gray matter
volume (GMV) loss in cortical and some subcortical regions,
such as the hippocampus, thalamus, and nucleus accumbens
[7, 21-26]. Here, a neural signature refers to a reproducible
multivariate pattern of brain structure or function used to
differentiate individuals. In contrast, the second subgroup
(Signature 2) is characterized by structural enlargements in
subcortical regions, most consistently involving the basal
ganglia, all of which have been associated with the
dopaminergic system [7, 21, 22, 25]. A pattern of
abnormalities in functional connectivity was also found in
one study with patients that presented similar subcortical
enlargements, marked by heightened connectivity and white
matter loss in the occipital lobe, affecting pathways between
the somatomotor network (SMN), visuo-spatial network
(VSN) and the default mode network (DMN); with changes
to connectivity within the ventral attention network (VAN)
[25]. Dysregulated network interactions in this subgroup are
supported by evidence of enlargement in the internal capsule,
a white matter tract that serves as a pathway between
subcortical and cortical structures involved in sensory
processing [21, 22, 25]. Findings on the causal factors
underlying the enlargement of subcortical structures and the
dysregulation of functional pathways are mixed. Some
studies point to antipsychotic medications as a potential
cause, where enlargement in the pallidum was associated
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with antipsychotic dose [7, 25, 26]. However, a study
demonstrated that striatal abnormalities are present in drug-
naive First-Episode Schizophrenia patients, defined as
individuals experiencing their first psychotic episode whose
presentation meets diagnostic criteria for schizophrenia [27].
Multiple studies suggest that these subtypes are
associated with distinct symptomatic profiles. Here, a
subtype refers to the group of individuals characterized by a
given signature. Signature 1 has been associated with
marked cognitive deficits and neurodevelopmental
impairments [7, 25, 26]. Further, there is evidence of an
association between this pattern of atrophy and increased
negative symptoms compared with Signature 2 [21, 25].
Alternatively, patients in Signature 2 had lower levels of
cognitive deficits and negative symptoms, whilst presenting
higher levels of positive symptoms, as well as increased
associated improvements in positive symptoms with
antipsychotic medication use compared to Signature 1 [7,
25]. However, conflicting results suggest that, whilst there
are distinct neuroanatomical subtypes of schizophrenia, as
well as subgroup membership based on symptom
presentations, these are not associated [24, 28].

Table 1. Summary of alternative neurobiological markers.

Structural and Functional Biomarkers of Distinct
Subgroups of Schizophrenia

The literature employing ML to find subgroups in
schizophrenia reflects a wide array of biomarkers that can
be utilized to classify individuals based on structural and
functional abnormalities, alternative to Signature 1 and 2.
Across studies, evidence consistently supports the
existence of distinct neurobiological profiles amongst
patients with schizophrenia; however, the specific brain
regions, networks and patterns of atrophy used to
differentiate between these profiles vary considerably. In
total, the studies in this section implicated 14 brain
structures and 9 functional networks. Further, the number
of data-driven subtypes identified ranged from 2 (the most
common solution) to 6 [29-39]. The following tables
provide an overview of alternative biomarkers used in the
literature to identify subgroups of schizophrenia. Table 1
presents studies that focus solely on neuroanatomical
differentiation by wusing structural and functional
clustering. Table 2 summarizes research linking different
subtypes of schizophrenia to clinical and cognitive
features.

Study Method Results
Chen et al., | Resting state fMRI (rs- Resting-state functional connectivity patterns in the right ventromedial
2020 [29] fFMRI); Multivariate prefrontal cortex reliably distinguished subtypes.
classification analysis
Gao et al., MRI; multivariate pattern | Differences in abnormalities in the temporal lobe, inferior frontal gyrus and
2023 [30] analysis; Multivariate visual regions can distinguish between two symptomatic subtypes of

Relevance Vector

schizophrenia: Deficit Schizophrenia (DS) and No-deficit schizophrenia

[31]

Regression (NDS).
Honnorat et | fMRI; CHIMERA Identified three subgroups: (a) Gray matter atrophy in thalamus, anterior
al., 2019 (Clustering of cingulate and superior temporal gyrus (STG); (b) Frontal-Heavy Cerebral

Heterogeneous Disease
Effects) to cluster
subtypes

Spinal Fluid (CSF) expansion and reduced white matter; (c) A more
heterogeneous group, with mild CSF volume expansion

Lalousis et

MRI; blood samples

Identified five subgroups defined by distinctive neuroanatomical profiles.
Specific inflammatory profiles were associated with differential GMV loss.
Whilst all groups showed GMV loss in the temporal lobe and hippocampus
compared to healthy controls, Cluster 3 showed significantly greater atrophy

al., 2023 analyzed for inflammation
[32] markers
in these regions.
Xiao etal., | MRI; clustering using fast
2021 [33] search and find of density

peaks

Identified three distinct patterns of GMV loss: (a) Increased reduction of
cortical and subcortical GMV, with substantial decreases in cortical surface
area and thickness; (b) GMV loss localized to the left hippocampus only; (¢)
No marked alterations.

Note. Figure made using Microsoft Word
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Table 2: Summary of alternative neurobiological markers linked to clinical features.

Jiang et al.,
2024 [34]

MRI: Subtype and Stage
Inference Algorithm
(Clusters patients based on
disease progression stage)

Early Broca’s area GMV atrophy, compared with early hippocampal GMV
loss, predicted distinct disease progression. Early Broca’s GMV loss is
associated with the progression of negative and depressive symptoms, with
minimal change in positive symptoms.

Pan et al., 2020
[35]

MRI; Cognitive
assessment (Verbal
Fluency, N-back and
Contour Integration Test),
K-means clustering

Three subgroups were identified based on cortical thinning: (a) Higher
degree of cortical thinning with marked cognitive deficits; (b) Reduced
cortical thinning, illness duration, but increased positive symptoms; (c)
Intermediate degree of cortical thickness loss.

Sugihara et al.,
2017 [36]

MRI; Unsupervised K-
means clustering and self-
organizing map neural
network analysis

Found six subgroups from cortical thickness patterns. Cluster 1 had the
highest regional loss in prefrontal and temporal areas; Cluster 2 in the
medial frontal area; Cluster 4 in the temporal lobe. Clusters 3,5, and 6
showed less cortical thinning. Differences in negative symptom severity
were associated with high cortical thinning.

Talpalaru et al.,

MRI; hierarchical

Structural differences in the insula showed lateralized effects across

2019 [37] clustering and cluster subgroups: Right-sided alterations with higher symptom burden, bilateral
stability analysis abnormalities with higher positive symptoms, and left-sided alterations with
mild burden. Differences in the left anterior cingulate and paracingulate

gyrus were predictive of cognitive function.
Wei et al., 2025 | Structural MRI Subtypes were classified by MRI Composite Indicators (MRICIs), which
[38] (sMRI);Diffusivity MRI; | were robust predictors of symptom presentation in both first-episode and

rs-fMRI K-means
clustering analysis

schizophrenia patients. Subtype I presented milder symptoms, whereas
Subtype II presented more severe symptoms and cognitive impairments,
marked by elevated structural damage to the brain.

Sun et al., 2015
[39]

DTI,; hierarchical
clustering

Two white-matter abnormality patterns: (a) Reductions in fractional
anisotropy with increases in mean diffusivity across fibre, associated with
the presentation of negative symptoms; (b) Localized fractional anisotropy
reduction in the superior longitudinal fasciculus pathway.

Note. Figure made using Microsoft Word

Treatment Prediction and Clinical Applications of Machine

within superior longitudinal and cingulum fasciculi

Learning

predicted 12-week treatment outcomes [41]. Furthermore,

ML has achieved moderate to high predictive accuracy
regarding treatment outcomes/efficacy, and several studies
have demonstrated that baseline neuroimaging features can
predict treatment response in schizophrenia. A study using
rs-fMRI to identify superior temporal cortex (STC)
connectivity patterns predicted risperidone response,
achieving 78.6% diagnostic and 82.5% predictive accuracy
[17]. Functional dysconnectivity in STC networks was
associated with a reduction in positive symptoms following
treatment. A similar study used rs-fMRI and multivariate
pattern classification to examine treatment outcomes
following  electroconvulsive  therapy (ECT) [40].
Classification  scores derived from  pre-treatment
connectivity successfully predicted post-ECT symptom
improvement, and ECT induced greater normalization of
network connectivity than antipsychotics alone [40].
Additionally, a study reported that white matter integrity
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ML models were designed to predict treatment response in
repetitive transcranial magnetic stimulation (rTMS) using
sMRI. The findings from this paper showed that, when
responders and non-responders were classified based on
GM features, predictive patterns across brain regions were
robust [42]. Jiang et al. (2023) utilized the subtype and
stage inference algorithm to identify neurophysiological
subtypes with distinct illness trajectories. Findings
indicated that antipsychotic efficacy differed between
subtypes [42]. In-practice studies have shown that structural
MRI-derived grey matter patterns can reliably differentiate
responders from non-responders to rTMS in schizophrenia
[43]. Results show that accuracy ratings are around 76-81%
with ML models identifying distributed prefrontal,
temporal, and cerebellar features that contributed most
strongly to treatment-response classification [43].
Importantly, most papers reviewed were retrospective or
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cross-sectional in design, relying on previously collected
neuroimaging datasets to train and validate ML models [17,
40-43]. While these approaches demonstrate promising
predictive  accuracy, retrospective  analyses may
overestimate  performance due to sample-specific
optimization and limited external validity. Few studies
examined a prospective design in which models are tested
in real-time clinical decision-making contexts.

Discussion

The results of this review provide evidence that ML
can be used for classifying schizophrenia based on
neuroanatomical and functional differences [7, 21-39]. In
this case, novel methods have been used to demonstrate that
distinct neurobiological subgroups with divergent
progression characterize schizophrenia and that this has
important clinical applications.

Structural and Functional Differences

The differences in neuroanatomy and functional
pathways found in the literature have key implications in
understanding the symptomology and potential treatment
targets in schizophrenia. Signature 1 was found to have
widespread and increased loss of GMV in cortical and
subcortical regions [7, 21-26]. Further, this was found to be
associated with greater cognitive deficits and prevalence of
negative symptoms than Signature 2 [22, 25, 26]. The
underlying pattern of neural atrophy found in this subset of
patients appears to correspond to the symptom presentation.
The volumetric alterations of gray matter in the prefrontal—
thalamic—cerebellar network and temporo-frontal regions
present in this Signature have been associated with
impairments in executive functioning, working memory and
language learning [44—46]. This may explain why there
were pronounced cognitive deficits in Signature 1
compared to Signature 2, which has a more intact cortical
structure. Treatments specifically targeting neural atrophy
and cognitive impairments may benefit patients with more
generalized GMV loss, whereas Signature 2 patients seem
to have symptoms more related to dopaminergic structures
and pathways. For example, therapies such as cognitive
remediation have been shown to reduce cognitive
impairment whilst having positive effects on structural
changes, directly targeting the core deficits of this subtype
[47, 48]. This may be a significant target considering that
antipsychotic medication is ineffective in ameliorating
cognitive deficits in psychosis, sometimes even having
iatrogenic effects [13, 14].

The increased severity and presence of positive
symptoms in Signature 2 are also associated with the
subgroup’s neurobiology. Abnormalities in connectivity
between the occipital lobe, SMN, VSN, DMN and the VAN
characterized this cluster [25]. Dysregulation in these
circuits, particularly between the occipital lobe and higher-
order attention networks, has been linked to increased
sensitivity to external stimuli, which may in turn lead to
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increased hallucinations and delusions [25, 49]. Additionally,
the volumetric increases in structures associated with
dopaminergic activity in Signature 2 further implicate
abnormal dopamine signalling as a core feature [7, 21, 22].
Dysfunctions in dopamine-regulated regions, such as the
striatum and pallidum, have been associated with abnormal
salience attribution, in which neutral or irrelevant stimuli are
assigned exaggerated importance, and is implicated in the
underlying pathology of positive symptoms [50].

However, long-term antipsychotic medication use has
been associated with increased volumes in the basal ganglia
[51-54]. Evidence supports that the characteristics of this
subgroup arise as an effect of antipsychotic treatment [7].
This may suggest that the abnormalities found in this
subgroup are due to medication effects. Alternatively, this
could reflect differential brain response to antipsychotics
across the subgroups. Whilst there is evidence to suggest
individual differences in volumetric enlargement following
antipsychotic exposure, this possibility requires further
research [55]. Conversely, there is evidence suggesting that
such volumetric increases predate medication exposure, as
they have been observed in drug-naive schizophrenia patients
[27, 56]. These differences may indicate neurobiological
features are intrinsic to the specific patient subset.
Dysfunction in dopamine-regulated structures reveals a
potential treatment target, where dopamine-blocking
antipsychotics may be beneficial due to their effects on
functional connectivity and dopaminergic structures (e.g.,
increased responsiveness in patients with larger basal
ganglia) [21, 57, 58]. Ultimately, these features should be
interpreted with caution when considered as potential targets
for individualized treatment. More studies are needed to
disentangle medication effects from disease-related variation.

Collectively, these findings highlight that data-driven
neurobiological subtypes of schizophrenia can exhibit distinct
structural and functional profiles that map directly onto
symptomatology, suggesting that treatment strategies may be
optimized by tailoring interventions to the underlying neural
characteristics of each subtype. However, this should be
interpreted with caution, considering two studies suggest no
differences in symptom profiles between the two Signatures
[24, 28]. Notably, neither collected neurocognitive data,
lacking information on cognitive impairments. This limits the
extent to which the findings capture the patients' symptomatic
profile beyond negative or positive symptoms, especially
given that these deficits seem to be a differentiating feature
between patients [26]. Accordingly, the findings may reflect a
narrower symptom assessment rather than true equivalence
between groups. Alternatively, abnormalities in specific
structures, such as the thalamus, implicated in Signature 1
have previously been associated with positive symptoms;
while certain regions within Signature 2, such as the striatum,
have been linked to negative symptoms and cognitive deficits
[27, 59, 60]. This suggests that, although there may be overlap
in symptom presentations across subtypes, the underlying
neural mechanisms driving those symptoms may differ.
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Consequently, these subtype-specific neural alterations
remain important potential treatment targets, highlighting the
need for further research to clarify how interventions can be
individualized.

Heterogeneity of Subtypes

In this review, 11 studies found alternative
biomarkers to Signature 1 and 2 that can be used to
differentiate between subsets of patients, reflecting the
heterogeneity of neural alterations and overall
pathophysiology in schizophrenia, as well as the challenge
of linking this to specific symptom profiles [29-39].
Further, it reinforces the multidetermined nature of the
disorder, implicating numerous structures and pathways,
indicating there may not be a single dichotomous
paradigm to use for subtyping schizophrenia based on
neurobiological features. This variability could also reflect
the wide range of clustering methods used across studies,
as different algorithms, feature-selection approaches and
preprocessing pipelines can generate distinct subgroup
solutions, even when applied to similar neuroimaging data
[61]. Consensus clustering, a method that aggregates
multiple clustering solutions, can improve robustness to
said differences [61]. Another option is using MRI
Composite  Indicators (MRICIs) generated from
multimodal neuroimaging data that integrate structural,
diffusivity, and functional data [38]. Using multiple
imaging measures has been shown to improve
classification performance and sensitivity, whilst
accounting for the specific limitations of single
neuroimaging techniques [62, 63]. This could be used to
triangulate data to find clearer clustering solutions.
However, multimodal fusion methods can fail to capture
complex spatial-temporal relationships between imaging
modalities [64]. Future research should apply consensus
clustering or MRICIs to schizophrenia subtyping to clarify
whether the identified neurobiological differences are
between patients or a result of methodological differences.

At the same time, while these studies demonstrate
distinct subtypes differentiated by specific biomarkers,
some of the findings may reflect regional variations within
a larger, interconnected neural system rather than fully
independent markers. For example, rs-fMRI patterns in the
right vmPFC were found to be a stable predictor of
subgroup membership in schizophrenia patients, with
another study finding thalamic, anterior cingulate, and STG
atrophy as another potential marker for subtyping [29, 31].
The vmPFC has previously been implicated in affect
regulation and modulation of subcortical limbic activity
[66—67]. Similarly, the anterior cingulate, thalamus and
STG have been jointly implicated in large-scale cortico-
limbic regulatory networks involved in affective salience
processing and emotion regulation [68—70]. Both studies
implicate related circuitry central to affective modulation,
yet define different subtype boundaries, suggesting that
these subtyping frameworks may map regions of the same
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distributed regulatory network rather than isolate mutually
exclusive biomarkers.

Treatment and Machine Learning

ML literature has demonstrated moderate to high
accuracy in predicting response to antipsychotic and
neuromodulator interventions [17, 40, 41]. Across
modalities, predictive models consistently implicate
distributed neurobiological features rather than symptom
profiles alone, suggesting that treatment response reflects
underlying neurobiological heterogeneity [38, 42, 43].
Structural and functional markers have been used to
forecast outcomes for antipsychotic, ECT, and rTMS,
supporting the presence of transdiagnostic predictive
signatures that may inform individualized treatment
selection. Despite these promising showcases of ML
applications, most treatment-prediction studies were
retrospective or cross-sectional, limiting generalizability
and potentially inflating performance estimates. Sample
sizes were often modest, with limited external validity
across cohorts. In addition, substantial heterogeneity in
preprocessing and feature selection methods reduces
reproducibility and comparability across models. Finally,
few studies have tested ML-guided treatment selection
prospectively in real-world clinical settings. In the future
prospective, longitudinal validation and standardization
frameworks are necessary before ML tools can be reliably
integrated into clinical treatment planning.

Conclusions

This review highlights the potential of ML to clarify
the neurobiological heterogeneity of schizophrenia and its
implications for individualized treatment. Evidence
supports the existence of distinct structural and functional
subtypes, each associated with different symptom patterns
and potential therapeutic targets. Though promising,
challenges remain, such as inconsistent ML models, which
limits comparability across studies. Samples were cross-
sectional or done retrospectively from previously collected
datasets, which limits generalizability. Predictive models
varied widely in their preprocessing, feature selection, and
validation procedures, and often lacked clinical integration.
Finally, clinical interpretability and implementation remain
limited, highlighting the need for larger multimodal,
longitudinal, and clinically integrated approaches. Though
these are substantial limitations, ML is a tool for advancing
treatment, and future research should continue developing
clinically validated models that bridge the gap between
computational advances and practical clinical treatment.
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DTTI: diffusion tensor imaging

ECT: electroconvulsive therapy
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fMRI: functional tensor imaging

GMV: gray matter volume

ML: machine learning

MRI: magnetic resonance imaging

MRICIs: magnetic resonance imaging composite indicators
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rs-fMRI- resting state functional magnetic resonance
imaging
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sMRI: structural resonance imaging
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