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Abstract

Schizophrenia spectrum disorders (SSD) pose significant challenges in terms of functional impairment, disability, and economic
burden. The application of machine learning (ML) in mental health, particularly in SSD research, has grown rapidly in recent
years. ML techniques offer the potential to analyze complex datasets, identify subtle patterns, and make predictions that could
lead to more personalized and effective interventions for SSD. This scoping review aims to characterize how ML has been
applied to SSD research, with a focus on determining clinical and functional outcome trgjectories. We conducted a
comprehensive scoping review following the methodology adapted from Arksey and O'Malley, adhering to the PRISMA
extension for scoping reviews and following the five stages for scoping reviews. A health sciences librarian assisted in designing
a search strategy that was implemented across seven bibliographic databases. Two independent reviewers screened articles at the
title/abstract and full-text levels. Data extraction focused on study characteristics, machine learning techniques used, and key
findings related to SSD outcomes. In total, 88 studies were included in the review which illustrated a diverse range of ML
applications in SSD research, categorized into five primary outcome domains: clinical, treatment, functional, behavioral, and
provider outcomes. Clinical outcome studies utilized various data types, including electronic medical records, clinical assessment
scales, neuroimaging, and mobile sensing data, employing methods and algorithms such as support vector machines, random
forests, and neural networks to predict symptom burden, remission, and relapse. Treatment outcome research focused on
predicting response to specific interventions, treatment resistance, and adverse effects, primarily using supervised learning
techniques. Functional outcome studies employed advanced ML methods, including deep learning, to analyze socia cognition
and functioning. Behavioral outcome research applied ML to predict risks of self-harm, aggression, and offending. Provider
outcome studies mainly examined prescribing patterns using supervised learning approaches. Across all outcome domains, there
was a trend towards integrating multiple data sources and applying increasingly sophisticated ML technigues to address the
complex nature of SSD. Thereis agrowing potential of ML in SSD research across various outcome domains. The integration of
diverse data types and advanced ML techniques offers promising avenues for improving diagnosis, prognosis, and treatment
planning in SSD. However, methodological challenges, ethical considerations, and the need for robust validation remain
important issues to address. Future research should focus on refining ML models, addressing data quality and privacy concerns,
and trand ating these computational approachesinto clinical practice to enhance personalized care for individuals with SSD.
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TITLE
Machine Learning Methods and Schizophrenia Spectrum Disorders: A Scoping Review

ABSTRACT

Schizophrenia spectrum disorders (SSD) pose significant challenges in terms of functional
impairment, disability, and economic burden. The application of machine learning (ML) in mental
health, particularly in SSD research, has grown rapidly in recent years. ML techniques offer the
potential to analyze complex datasets, identify subtle patterns, and make predictions that could lead
to more personalized and effective interventions for SSD. This scoping review aims to characterize
how ML has been applied to SSD research, with a focus on determining clinical and functional
outcome trajectories. We conducted a comprehensive scoping review following the methodology
adapted from Arksey and O'Malley, adhering to the PRISMA extension for scoping reviews and
following the five stages for scoping reviews. A health sciences librarian assisted in designing a
search strategy that was implemented across seven bibliographic databases. Two independent
reviewers screened articles at the title/abstract and full-text levels. Data extraction focused on study
characteristics, machine learning techniques used, and key findings related to SSD outcomes. In
total, 88 studies were included in the review which illustrated a diverse range of ML applications in
SSD research, categorized into five primary outcome domains: clinical, treatment, functional,
behavioral, and provider outcomes. Clinical outcome studies utilized various data types, including
electronic medical records, clinical assessment scales, neuroimaging, and mobile sensing data,
employing methods and algorithms such as support vector machines, random forests, and neural
networks to predict symptom burden, remission, and relapse. Treatment outcome research focused
on predicting response to specific interventions, treatment resistance, and adverse effects, primarily
using supervised learning techniques. Functional outcome studies employed advanced ML
methods, including deep learning, to analyze social cognition and functioning. Behavioral outcome
research applied ML to predict risks of self-harm, aggression, and offending. Provider outcome
studies mainly examined prescribing patterns using supervised learning approaches. Across all
outcome domains, there was a trend towards integrating multiple data sources and applying
increasingly sophisticated ML techniques to address the complex nature of SSD. There is a growing
potential of ML in SSD research across various outcome domains. The integration of diverse data
types and advanced ML techniques offers promising avenues for improving diagnosis, prognosis,
and treatment planning in SSD. However, methodological challenges, ethical considerations, and
the need for robust validation remain important issues to address. Future research should focus on
refining ML models, addressing data quality and privacy concerns, and translating these
computational approaches into clinical practice to enhance personalized care for individuals with
SSD.

KEYWORDS
Schizophrenia; Psychotic Disorders; Machine Learning; Natural Language Processing

INTRODUCTION

Schizophrenia spectrum disorders (SSD) are associated with significant functional impairment,
disability, and low rates of personal recovery 2. These disorders pose an immense burden in terms
of economic costs, generally due to lost productivity and premature mortality **. These challenges
are compounded by societal stigma, leading to low rates of personal recovery and integration into
the community *¢. The heterogeneous nature of SSD, characterized by varying symptom profiles
and outcomes, underscores the urgent need to better understand long-term functional outcomes of
people affected by SSDs "2,

The use of artificial intelligence, specifically the application of machine learning (ML), has become
increasingly popular in mental health research and clinical practice, particularly concerning
schizophrenia *'°. ML, a subset of artificial intelligence, involves the development of algorithms that
can learn from and make predictions based on data'. In the context of schizophrenia, ML
techniques have been employed to analyze complex datasets, ranging from neuroimaging scans to
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genetic information and electronic health records '*'*. These advanced analytical methods enable
the identification of patterns and correlations that may not be evident through traditional statistical
approaches.

For instance, ML algorithms can predict disease onset, progression, and treatment response by
integrating diverse data sources, potentially leading to more personalized and effective interventions
for individuals with SSD . Recent studies have demonstrated the potential of ML in early detection
of psychosis risk ', prediction of treatment outcomes ', and identification of neuroimaging
biomarkers associated with SSD . Moreover, ML approaches have shown promise in analyzing

language patterns and social media data to detect early signs of relapse or symptom exacerbation
18,19

This scoping review aims to characterize how ML has been used for determining clinical and
functional outcome trajectories in individuals with SSD, including psychotic affective disorders. By
synthesizing the current state of ML applications in SSD research, this review seeks to identify
promising avenues for future investigation, highlight methodological challenges, and explore the
potential impact of ML on improving outcomes for individuals living with SSD.

METHODS

Given that ML applications within mental health are a novel and rapidly evolving field, few primary
studies were expected. For this reason, a scoping review was chosen from the available
methodologies to gain a comprehensive sense of existing evidence and to identify key knowledge
gaps. Typically, scoping review stages involve determination of the research question(s);
consultation with a librarian to identify key search terms; screening and abstracting identified
articles; discussing and synthesizing the results; and finally creating a scientific manuscript. The
proposed scoping review was conducted in five stages which have been adapted from Arksey and
O’Malley as described below 2. Additionally, the PRISMA extension for scoping reviews was used to
ensure reporting and synthesis of evidence met current standards for reporting on knowledge
synthesis research.

The primary question is: “How is ML being used for individuals with schizophrenia spectrum and
psychotic affective disorders toward determining treatment and functional outcome trajectories?”

Search strategy

A comprehensive search strategy was designed by a health sciences librarian (TR) in consultation
with the research team. The core strategy was designed, tested, and finalized in MEDLINE (Ovid),
and then translated and run in the following seven bibliographic databases: MEDLINE (Ovid), APA
Psycinfo (Ovid), Embase (Ovid), the Cumulative Index to Nursing & Allied Health (CINAHL)
(EBSCO), Web of Science (Clarivate), Education Resources Information Center (ERIC) (Ovid), and
Library, Information Science & Technology Abstracts (LISTA) (EBSCO). The search strategies used
database-specific subject headings, keywords in natural language, and advanced search operators
to capture two concepts: “artificial intelligence” and “schizophrenia spectrum disorders”. Publication
year limit for all original searches was 2023, with no earlier year limit; the initial search was
completed July 28, 2023, and re-run on March 10, 2025. The following publication types were
removed using the search strategy when possible: book chapters, dissertations, editorials, letters,
commentaries, and conference abstracts. To supplement the database searches, reference lists of
included studies were scanned for additional eligible articles.

Screening and selection

The authors discussed and determined the eligibility criteria which included: peer-reviewed studies
investigating any use (e.g. predictive tool, treatment algorithm) of ML in determining outcomes in
psychotic disorders. Exclusion criteria involved the following characteristics that disqualify
prospective articles from being included: non-English studies, grey literature, systematic reviews,
and conference abstracts. Two levels of screening took place: a title and abstract review for articles
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that fit predefined criteria and a full-text review of articles that meet those criteria. Two investigators
reviewed each article and extracted data using Covidence, a systematic review management
software. A 5-percent random sample of the results from the search strategy was used to calibrate
and establish the reliability of the screening process applied. The review team met to compare their
assessments and to modify the eligibility criteria as needed. There were two levels of screening: a
title and abstract review to identify articles meeting criteria and a full-text review of those passing
the first screen. For both levels, two independent reviewers (LR, KCD) performed the screen, met,
and compared results, and, where needed, discussed with a third reviewer to resolve any
differences.

Data extraction and synthesis

As with screening, two independent investigators (LR, KCD) reviewed and extracted data from the
selected articles. Data extraction was carried out using an extraction table developed by the authors
on Covidence. Information extracted from studies included: author, year of study publication, study
population and size, ML techniques used, study objectives, and summarized key findings. The
literature was extracted by LR and KCD and then analyzed based on the study outcomes of focus
(clinical VS behavioral VS treatment related outcomes).

RESULTS

Our scoping review revealed a diverse landscape of ML applications in the study of schizophrenia
spectrum disorders (SSD). In total, 88 studies were analyzed and included in the final study.
Included studies were cohort, cross-sectional, and evaluation studies. Sample sizes ranged
between n=18 to n=24,614 study participants. Figure 1 illustrates the complete study PRISMA
diagram. Further detailed descriptive information about included articles is contained in an
additional table in the multimedia appendix.

https://preprints.jmir.org/preprint/82492 [unpublished, non-peer-reviewed preprint]



JMIR Preprints

Table 1. PRISMA diagram.

Studies from databases/registers (H = 8950)
Embase (n = 4181)
PsycINFO (n = 2323)
MEDLINE (n = 2220)

Riveraet a

References removed (n = 2640)
| Duplicates identified manually (n = 2)
Duplicates identified by Covidence (n = 2638)
Marked as ineligible by automation tools (n = 0)
\
Studies screened (n = 6310) 21 Studies excluded (n = 5840)
4
Studies sought for retrieval (n = 470) | Studies not retrieved (n = 0)
A 4
Studies assessed for eligibility (n = 470) —>

l

The rese:

Studies included in review (n = 88)

prir

Studies excluded (n = 382)
Not English (n = 1)
Dissertation (n = 2)
Erratum Paper (n = 1)
Wrong outcomes (n = 154)
Editorial paper (n = 10)
Unable to access (n = 6)
Wrong study design (n = 29)
Does not involve Al (n = 14)
Conference publication (n = 85)
Wrong patient population (n = 80)

dTCIT Tarascape calm D€ CategoriZed Mo TIVE
focus: clinical, treatment, functional, behavioral, and provider outcomes (Table 2Z).

Table 2. Summary of types of outcomes and corresponding data types elicited via scoping review
for individuals with SSD.
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1) CLINICAL OUTCOMES
-symptom burden
--depression

--psychosis

--OCD

--sleep

-symptom severity
-symptom remission
-relapse prediction

Data types:
Electronic medical records
Clinical assessment scales (e.g., PANSS, BPRS, CGl)
Neuroimaging data (MRI, EEG)
Speech and language data
Mobile sensing data
Machine learning methods:
e Supervised Learning: Support Vector Machines (SVM),

-treatment discontinuation
-treatment adherence
-adverse treatment effects
including toxicity

e Random Forests, Gradient Boosting, Logistic
-suicide risk Regression
-dlseqse progression e Unsupervised Learning: Topic Modeling, Latent Class
-hospital readmission Growth Analysis
:::Bg:gtgf-;]SZEteasllzatlon e Deep Learning: Neural Networks

e Regularization Methods: LASSO

2) TREATMENT | Data types:
OUTCOMES e Electronic medical records
-treatment response e Clinical assessment scales
--clozapine e EEG data
—ECT _ Machine learning methods:
-treatment resistance e Supervised Learning: Support Vector Machines,

Random Forests, Artificial Neural Networks, Kernel
Partial Least Squares Regression

3) FUNCTIONAL
OUTCOMES

-social cognition

-social functioning

-social integration

-social isolation
-educational/academic

Data types:
e Clinical assessment scales
e Speech data
e Mobile sensing data
Machine learning methods:
e Supervised Learning: Random Forests
Deep Learning: Neural Network Analysis, Long Short-

-self injurious behaviour
-aggressive behaviours
-violent offending
-completed homicide
-recidivism

functioning Term Memory (LSTM) neural networks
-quality of life e Probabilistic Methods: Bayes Network
-resilience

4) BEHAVIOURAL | Data types:

OUTCOMES e Electronic medical records

e Clinical assessment scales
¢ Neuroimaging data
Machine learning methods:
e Supervised Machine Learning using various algorithms,
Support Vector Machines, Random Forests

5) PROVIDER OUTCOMES
-prescribing patterns

Data types:
e Electronic medical records
Machine learning methods:
e Supervised Machine Learning: Random Forests,
Support Vector Machines, Ordinary Least Square
Regression

Clinical outcomes

A wide range of data sources have been uses to investigate clinical outcomes. Electronic medical

https://preprints.jmir.org/preprint/82492
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records with both structured and unstructured data have been a rich source of information 2'22,
complemented by standardized clinical assessment scales such as Positive and Negative
Syndrome Scale (PANSS), Brief Psychiatric Rating Scale (BPRS), and Clinical Global Impression
(CGI) 2*2* Additionally, researchers have utilized neuroimaging data from magnetic resonance
imaging (MRI) %% electroencephalogram (EEG), and speech analysis and mobile sensing
technologies such as smartphones and videos ?*. This diverse data ecosystem has enabled the
application of sophisticated machine learning techniques, ranging from traditional supervised
learning methods like Support Vector Machines %3 and Random Forests 3 as well as
regularization techniques like LASSO *°**, to more advanced approaches such as deep learning.
These tools have been applied to a broad spectrum of clinical challenges, including predicting
symptom burden across various domains (depression, psychosis, OCD, sleep disturbances),
assessment and diagnostic aims, assessing symptom severity and remission, forecasting relapses,
evaluating suicide risk, modeling disease progression, and predicting hospital readmissions and
length of stay 38,

Treatment outcomes

There has been focused application of machine learning, primarily drawing from electronic medical
records, clinical assessment scales, and EEG data on treatment outcomes. Researchers have
employed supervised learning techniques, including Support Vector Machines, Random Forests,
Artificial Neural Networks, and Kernel Partial Least Squares Regression. These methods have been
used to predict treatment response, with particular attention to specific interventions such as
clozapine pharmacotherapy ***' and electroconvulsive therapy “**. Other important areas of
investigation include treatment resistance, factors influencing treatment discontinuation and
adherence, and the prediction of adverse treatment effects “~*’.

Functional outcomes

A combination of clinical assessment scales, speech data, and mobile sensing technologies have
been used to investigate functional outcomes. This domain has seen a particular emphasis on
advanced ML techniques, including deep learning approaches such as neural network analysis and
Long Short-Term Memory (LSTM) neural networks, as well as probabilistic methods like Bayes
Networks. These tools have been applied to study various aspects of social and cognitive
functioning, including social cognition, social integration, educational and academic performance,
and overall quality of life 3450,

Behavioral outcomes

Researchers have primarily relied on electronic medical records, clinical assessment scales, and
neuroimaging data to study behavioural outcomes. The ML approaches in this domain have largely
focused on supervised learning techniques, including Support Vector Machines and Random
Forests. These methods have been applied to study and predict a range of challenging behaviors
associated with SSD, including self-injurious behavior 3*°'%2 aggression, violent offending,
homicide, and recidivism %35,

Provider outcomes

A small but significant body of research has focused on provider outcomes, particularly prescribing
patterns °°°. This work has primarily utilized patient data from hospital visits and healthcare
encounters via electronic medical records and employed supervised machine learning methods
such as Random Forests, Support Vector Machines, and Ordinary Least Square Regression to
analyze and predict physician behavior in managing SSD.

Most studies either did not address generalizability at all or only mentioned it as a limitation without
substantive discussion. When generalizability was actively addressed, researchers typically used
cross-validation techniques, particularly leave-one-site-out and 10-fold cross-validation; testing
models on unseen data/test sets; and geographical validation across different recruiting centers. For
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studies that did address generalizability in their limitations, the common theme was acknowledging
uncertainty about the models' generalizability to broader populations or different clinical settings.

DISCUSSION

Our scoping review has revealed a diverse and rapidly evolving landscape of ML applications in
SSD research. The main areas where ML is being applied can be categorized into five primary
domains: clinical outcomes; treatment outcomes; functional outcomes; behavioural outcomes; and
provider outcomes. Across these categories, we observed a trend towards integrating multiple data
types, including electronic medical records, neuroimaging data, clinical assessment scales, and
novel data streams such as mobile sensing and speech analysis. The most common ML methods
used include supervised learning techniques like Support Vector Machines (SVM) and Random
Forests, as well as more advanced approaches such as deep learning neural networks. We also
noted a lack of standardization in how generalizability is addressed in this field.

The use of multiple data types and application of sophisticated ML techniques reflects the complex,
multifaceted nature of SSDs and highlights the potential of ML to uncover novel insights and
improve patient outcomes. Notably, there has been a shift towards more sophisticated ML
techniques, particularly in functional and clinical outcome prediction. For instance, deep learning
approaches have shown promise in analyzing complex, high-dimensional data such as
neuroimaging and speech patterns °’. This trend reflects the growing recognition of the complex,
multifaceted nature of SSD and the potential of ML to uncover novel insights that may not be
apparent through traditional statistical methods °.

The application of ML in SSD research holds significant potential for improving clinical practice
across several domains. Regarding diagnosis, ML algorithms have demonstrated the ability to
identify subtle patterns in text, neuroimaging, and clinical data that may aid in early detection and
differential diagnosis of SSD '>'*. Predictive models developed using ML techniques have shown
promise in forecasting disease trajectories, relapse risk, and long-term functional outcomes *°. In the
realm of treatment planning, ML-based approaches have been used to predict treatment response
and adverse effects, potentially enabling more personalized and effective treatment strategies ™.
These advancements offer opportunities for personalized medicine in SSD, moving towards a more
individualized approach to patient care. For example, ML models could potentially be used to
identify patients at high risk of treatment resistance, allowing for earlier intervention with clozapine
or other targeted therapies. Similarly, ML-driven prediction of functional outcomes could inform
rehabilitation strategies and social support interventions. However, it is crucial to note that while
these applications show promise, most are still in the development and research phase and require
further validation before widespread clinical implementation *.

While ML approaches offer powerful tools for analyzing complex datasets in SSD research, several
methodological considerations must be addressed. The performance of ML models is heavily
dependent on the quality and quantity of available data. Issues such as missing data, small sample
sizes, and lack of standardization across datasets pose significant challenges *. Many advanced
ML techniques, particularly deep learning models, operate as "black boxes," making it difficult to
understand the reasoning behind their predictions. This lack of interpretability can be a significant
barrier to clinical adoption . Regarding generalizability, ML models developed on specific patient
populations or datasets may not generalize well to other contexts or populations. More specifically,
performance disparities in ML predictions for socially marginalized and equity seeking groups
emerging in other areas of healthcare highlight the importance of considering the potential for ML to
contribute to health inequities®. Especially seeing as many patients with SSDs face social
disadvantages, barriers to accessing care, and concerns about inequity may be particularly
relevant in this context, since many patients with SSDs already face social and structural
disadvantages and barriers to accessing care. It is therefore critical to consider how biases in
training data could contribute to disproportionate negative impacts of ML deployment on specific
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populations, especially when it comes to prediction of behavioural outcomes, like violence or
recidivism.

Based on our review, there are several promising areas for future research and development in ML
applications for SSD. This includes potential advancements from combining diverse data types
(e.g., genomics, neuroimaging, clinical assessments, and real-world functioning data) to provide a
more comprehensive understanding of SSD %2. Developing ML approaches that can effectively
model the dynamic, time-varying nature of SSD symptoms and functioning can also be clinically
useful °. Finally, advancing techniques for making complex ML models more accessible and user
friendly could assist in promoting more inclusive and interdisciplinary research as well as trust
among care providers.

While this scoping review provides a comprehensive overview of ML applications in SSD research,
several limitations should be noted. Given the fast-evolving nature of ML research, some very
recent developments may not be captured in this review such as ongoing developments and use of
generative artificial intelligence tools (GenAl). This review primarily captured research applications
of ML in SSD, with limited information on real-world clinical implementation. Our review may be
influenced by publication bias, potentially overrepresenting positive findings, inclusion of only
English language studies, and no-grey literature. As a scoping review, we did not conduct a formal
quality assessment of included studies, which could be valuable for future systematic reviews in this
area.

ML applications in SSD research offer promising avenues for advancing our understanding of these
complex disorders and improving patient outcomes. The integration of diverse data types and
increasingly sophisticated ML techniques has the potential to enable more personalized and
effective approaches to diagnosis, prognosis, and treatment in SSD. However, realizing this
potential will require addressing significant methodological, ethical, and implementation challenges.
As the field continues to evolve, close collaboration between data scientists, clinicians, ethicists,
and individuals with lived experience of SSD will be crucial to ensure that ML-driven innovations
translate into meaningful improvements in clinical care and quality of life for individuals with SSD.
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