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Accumulating evidence suggests individuals with psychotic disorder show abnormalities in metabolic and inflammatory processes.
Recently, several studies have employed blood-based predictors in models predicting transition to psychotic disorder in risk-
enriched populations. A systematic review of the performance and methodology of prognostic models using blood-based
biomarkers in the prediction of psychotic disorder from risk-enriched populations is warranted. Databases (PubMed, EMBASE and
PsycINFO) were searched for eligible texts from 1998 to 15/05/2023, which detailed model development or validation studies. The
checklist for Critical Appraisal and Data Extraction for Systematic Reviews of Prediction Modelling Studies (CHARMS) was used to
guide data extraction from eligible texts and the Prediction Model Risk of Bias Assessment Tool (PROBAST) was used to assess the
risk of bias and applicability of the studies. A narrative synthesis of the included studies was performed. Seventeen eligible studies
were identified: 16 eligible model development studies and one eligible model validation study. A wide range of biomarkers were
assessed, including nucleic acids, proteins, metabolites, and lipids. The range of C-index (area under the curve) estimates reported
for the models was 0.67-1.00. No studies assessed model calibration. According to PROBAST criteria, all studies were at high risk of
bias in the analysis domain. While a wide range of potentially predictive biomarkers were identified in the included studies, most
studies did not account for overfitting in model performance estimates, no studies assessed calibration, and all models were at high
risk of bias according to PROBAST criteria. External validation of the models is needed to provide more accurate estimates of their
performance. Future studies which follow the latest available methodological and reporting guidelines and adopt strategies to
accommodate required sample sizes for model development or validation will clarify the value of including blood-based
biomarkers in models predicting psychosis.
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INTRODUCTION
Background and rationale
Recent research in the field of early intervention in psychosis has
focused on building models to predict the development of
psychotic disorder [1–3]. These models have largely been
developed in “clinical high-risk” populations, which include
individuals showing prodromal symptoms or genetic risk com-
bined with functional decline, as determined with validated
assessment tools such as the Comprehensive Assessment of At-
Risk Mental State (CAARMS) [4] and the Structured Interview for
Prodromal Symptoms (SIPS) [5, 6]. Meta-analytic estimates indicate
19% of individuals at clinical high-risk develop psychosis within
two years [7].
Accumulating evidence points towards abnormalities in meta-

bolic and inflammatory processes in individuals with psychosis
[8–10] and there is some evidence to suggest that these
abnormalities may precede medication use [9] or even the onset
of psychosis [11, 12]. The prognostic value of peripheral markers

over lifestyle or environmental factors, such as smoking and
exercise, is unclear [13, 14]. However, several studies have
employed a range of blood-based predictors in models predicting
transition to psychotic disorder, with several published since the
last systematic reviews of models in the field [15–19]. A recent
large-scale systematic review included all prediction models in
psychiatry, except those using biological predictors [20]. Biological
predictors have the advantage of often being more objective and
precise than, for example, scores given on symptom scales. Blood
biomarkers are among the least invasive biological parameters,
with relative low cost. There is a clear pathway for their integration
into clinical practice, as they could be measured along with
routine blood markers, or predictors could consist of routine blood
measures. As such, a systematic review of prognostic models
predicting transition to psychotic disorder using blood-based
biomarkers is warranted. Furthermore, the weak standard of a
prediction modelling methodology in psychiatry and medicine, in
general, has been highlighted previously, in particular regarding
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the need for validation and implementation of models [20–22].
Therefore, a review of methodology that takes into account the
interaction between the use of blood-based biomarkers and
prediction modelling may help future research in the field.

Objectives
To systematically review the performance and methodology of
models predicting transition to psychotic disorder from risk-
enriched populations, with a focus on those using blood-based
biomarkers, to determine their potential utility in predictive
models and to help guide future research in the field.

METHODS
This review was reported using the guidelines for transparent
reporting of multivariable prediction models for individual
prognosis or diagnosis: systematic reviews and meta-analyses
(TRIPOD-SRMA) [23].

Eligibility criteria
Studies were eligible for inclusion if they; 1) described the
development, validation or updating of a prognostic model of
transition to psychotic disorder in “at-risk” (or similar psychosis
risk-enriched populations) help-seeking individuals, 2) used blood-
based biomarkers in the prognostic model described, 3) were
published in peer-reviewed journals, 4) were published after 1998
(after the first prospective studies using clinical high-risk criteria
were published [24];) and 5) had full-texts available in English. The
PICOTS (Population, Intervention, Comparator, Outcome, Timing,
Setting) criteria were used to guide the development of eligibility
criteria and can be found in the Supplementary Material.
Studies were excluded if they focused on psychiatric disorders

other than psychotic disorders (for example, studies solely
focusing on the prediction of depression) and if they investigated
risk factors or longitudinal associations but did not report the
development and/or validation of a risk prediction model. Studies
that reported only on models including blood-based predictors in
combination with brain or cerebrospinal fluid biomarkers were
excluded as the predictive value of the blood-based biomarkers in
the models would be difficult to determine precisely, and as the
aim of the review was to identify models that required the
measurement of blood biomarkers only, without the requirement
for a further invasive and expensive procedure. Studies must have
had a binary outcome of transition to psychosis to be included in
the current study (studies predicting continuous outcomes were
excluded, for example, psychotic symptom scales). Studies of
continuous outcomes were excluded for several reasons, including
a) transition is the key outcome in the literature, b) the difficulty in
implementing a prediction model in clinical practice without a
clear diagnostic outcome, c) individual clinical scales (positive
symptoms or negative symptom scales) can’t define diagnosis
alone, d) potentially multiple different outcomes (functioning and
clinical symptom subscales) that may use multiple different non-
comparable scales (e.g. the Positive And Negative Symptom Scale
and the Community Assessment of Psychic Experiences).

Information sources and search strategy
PubMed, EMBASE and PsycINFO were searched from 01/01/1998
to 15/05/2023 using the following general search strategy:
psychosis risk-enrichment keywords AND transition to psychotic
disorder keywords AND prediction modelling keywords AND
blood-based biomarker keywords. The search strategy was
developed with the use of established strategies for searching
for predictive modelling studies [25]. The full search strategies, as
formatted for each database, are included in the Supplementary
Material.
In an attempt to find other references that may meet inclusion

criteria, reference lists of relevant reviews that appeared in the

databases searched were examined and forward citation search-
ing was carried out on Google Scholar for texts eligible for full-text
screening up to 01/06/2023. Where clearly eligible models were
detailed in conference abstracts and corresponding full-texts
could not be found, we contacted the corresponding authors for
information on potential unpublished full-texts.

Selection process
Duplicate records were identified with guidance from previous
recommendations [26] and removed. Abstracts identified by the
search strategy were screened independently by JFB, DM and JM.
Prediction modelling studies that clearly did not meet the
eligibility criteria were excluded and the full-texts of all other
studies were examined. Disagreements were resolved through
discussion and or by referral to a third author (DRC).

Data collection process
Data were extracted from studies using the CHARMS checklist for
Critical Appraisal and Data Extraction for Systematic Reviews of
Prediction Modelling Studies [27]. Data were extracted indepen-
dently by JFB, DM and JM. Disagreements were resolved through
discussion or referral to a third author (CH or MF). Where several
similar models were presented in studies (e.g. models with minor
differences in predictors included), data pertaining to the final
model as indicated by the study authors was extracted. Where
study authors did not indicate a final model, data pertaining to the
best performing model was extracted.
As part of the CHARMS, we extracted two main model

performance metrics: discrimination (how well the model differenti-
ates between individuals who do and do not develop the outcome;
the Concordance (C)-index [28], which is equivalent to the area-
under-the-curve in the case of a binary outcome) and calibration
(how well the predicted probabilities match the actual proportion of
outcomes) [29], where available. Where studies reported on the
added predictive value of blood-based biomarkers to models,
relevant metrics and tests (such as the likelihood ratio chi-square
test) of added predictive information were extracted, if available.

Risk of bias and applicability assessment
Risk of bias assessments were carried out using the prediction
model risk of bias assessment tool (PROBAST) [30, 31], which
assesses risk of bias in the selection of participants, measurement
of predictors or outcomes and in the analysis. Using the PROBAST
tool, concerns of applicability of the study to the review question
were also rated in the domains selection of participants,
measurement of predictors or measurement of outcomes.
PROBAST ratings for risk of bias and applicability assessments
can be either high, low or unclear. Assessments were carried out
independently by JFB, DM and JM. Disagreements were resolved
through discussion with a third author (CH). PROBAST figures were
generated using the robvis package [32] in R (https://github.com/
mcguinlu/robvis). Required sample sizes for precise estimates of
model performance on external validation were calculated in R
(https://github.com/c-qu/samplesize-validation) according to
guidelines from a previous publication [33].

Synthesis methods
We planned to use a narrative synthesis method [34]. Performance
estimates of the included model development studies were
stratified based on the PROBAST signalling question “Were model
overfitting and optimism in model performance accounted for?”.
As per PROBAST guidance, model overfitting and optimism in
model performance estimates were accounted for if both internal
validation and shrinkage techniques were applied, and if predictor
selection procedures (e.g. univariable screening or backwards
selection) were included in the internal validation framework [31].
Meta-analyses were to be carried out only if a particular model
had multiple external validation studies [35].
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RESULTS
Study selection
A PRISMA flow diagram is presented in Fig. 1. The database search
identified 2,565 records. Following removal of duplicates, 1,677
titles and abstracts were screened, and 45 articles were brought
forward for full-text screening. 13 records (relating to 13 studies)
were included, and 32 records were excluded. Reasons for
exclusion can be summarised in the following categories: not
predictive modelling, no blood-based predictors used, ineligible
study design (participants or outcome do meet eligibility criteria),
conference abstract only. We contacted authors of three con-
ference abstracts which detailed clearly eligible models for further
information on potential full-texts related to the abstracts. Authors
of two conference abstracts confirmed that both abstracts related
to a single study for which we had already obtained a peer-
reviewed full-text. No response was received from the authors of
one conference abstract which detailed a clearly eligible model.
Forward citation searching of the 45 full-texts identified eight

further potentially eligible full-texts, of which four were excluded
(not predictive modelling) and four records (relating to four
studies) were included (two of which were full-text reports of
conference abstracts identified in the database search). Therefore,
17 studies were included overall.

Study characteristics
Of the 17 included studies, 16 were prognostic model develop-
ment studies [15–19, 36–46] and one study was a prognostic
model external validation study [47]. All studies were conducted in
outpatients. There were five models developed in the Shanghai At
Risk for Psychosis (SHARP) study [18, 19] and the extension of that
study [44–46]. There were three model development studies each
for the North American Prodrome Longitudinal Study (NAPLS 2)
cohort [36, 38, 41] and for the EU Gene-Environment Interaction
(EU-GEI) study [15, 16, 42]. Two studies were developed models in
participants of the Vienna omega-3 randomised-controlled trial
[37, 39]. There was one model developed in the Personalised

Prognostic Tools for Early Psychosis Management (PRONIA) study
[17], one model developed in a Korean cohort study [40], one
model developed in participants recruited from the Outreach and
Support in South London high-risk service [43], and one validated
in the ICAAR (Influence of Cannabis in the emergence of
psychopathological symptoms in Adolescents and Adults at-Risk)
study [47].
Mean study participant ages ranged from 15.8 years to 24.6

years. The majority of studies (16/17) defined participants at
increased risk of psychosis through use of the SIPS (ten studies),
CAARMS (four studies) or CAARMS-equivalent (two studies)
criteria. A wide range of biomarkers were assessed including
cytokines (four studies), single-nucleotide polymorphisms (SNPs;
four studies), hormonal, inflammatory and metabolic-related
analytes (two studies), ribonucleic acids (two studies), lipids (two
studies), proteins (one study), metabolites (one study), and
glutathione (one study) (Table 1).
Of the 16 development studies, nine internally validated model

performance, of which five accounted for optimism in their
performance estimates [15, 17, 41–43]. Four studies which used
internal validation did not include the predictor selection process
within the internal validation procedure. The remaining seven
studies reported apparent performance (Table 1). Reported
C-indices for logistic regression models ranged from 0.67 to
1.00. Reported C-indices for cox models ranged from 0.82 to 0.88.
One study reported a balanced accuracy of 46.2%. None of the
studies reported calibration measures or assessed clinical utility of
their models. Further characteristics and performance metrics of
the included studies are detailed in the Supplementary Material.

Risk of bias and applicability assessments of included studies
All studies included in the systematic review were at high overall
risk of bias according to PROBAST criteria. This was related to risk
of bias in the analysis domain (Fig. 2; Supplementary Table 3).
The risk of bias due to the selection of participants was rated

unclear in ten out of 17 studies (58.8%). Generally, this related to

Fig. 1 PRISMA flowchart. PRISMA flow diagram of study selection.
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either a lack of reporting of exclusion criteria used, a lack of
comparison between included and excluded participants, or a lack
of reporting of how many exclusions were made due to
potentially inappropriate criteria (such as abnormal levels of
blood parameters). Regarding applicability concerns in this
domain, for the same reasons it was unclear in ten studies
(58.8%) whether participants matched the review question (Fig. 3).
Risk of bias due to the predictors or their assessment was

unclear for 12 out of 17 studies (70.6%) as they did not report
whether predictor assessments were made blind to the outcome
data. The method of predictor assessment used in four studies
(23.5%) may not match the review question, as it was unclear if
the biomarker measurement methods used provide absolute
quantification. A lack of standardised units for the biomarker
measurement could hinder the generalisability of models. There
were low applicability concerns for the remaining 13 studies in
this applicability domain.
Risk of bias introduced by the outcome or its determination was

low for 11 studies which used standard measures or structured
interviews. Risk of bias introduced by the outcome was unclear for
six studies (35.3%), largely because insufficient information on
how the outcome was determined was reported. There were

generally low concerns regarding the applicability of the outcome,
with one study rated unclear in this domain, as the timing of the
outcome determination relative to collection of the blood sample
was unclear.
All studies were at high risk of bias in the analysis domain. None

of the studies reported measures of model calibration. Generally,
studies did not have a sufficient number of participants with the
outcome or had a low number of events per candidate predictor.
9/16 development studies (56.3%) had less than one event per
candidate predictor, and 14/16 (87.5%) had less than three events
per candidate predictor. The one model validation study had a
sample size of 76. However, calculations indicated that with the
given study outcome prevalence of 0.237 and expected external
validation C-index of 0.80, the minimum recommended sample
size for precise estimation of model performance metrics on
external validation would be 709 [33, 48, 49]. 5/16 (31.3%)
development studies accounted for model overfitting and
optimism in performance estimates. Four of these studies used
cross-validation for internal validation and penalised regression
models to shrink coefficients. One of these studies used the
bootstrap for internal validation and shrinkage. Other limitations
included not accounting for subsampling of controls, not

Fig. 2 PROBAST risk of bias results. Summary of risk of bias assessments in each domain.
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reporting how missing data was handled or the use of univariable
analysis to select predictors for inclusion in the model.

Narrative synthesis
None of the included studies assessed model calibration, a key
metric for which a model must perform acceptably if it is to be
used to determine whether an intervention should be offered [29].
The logistic regression model C-indices in model development
studies which did not account for optimism in their performance
estimates ranged from 0.81 to 1 (with one study reporting a cox
model C-index of 0.82). Model development studies which
accounted for optimism in their performance estimates reported
C-indices from logistic regression models ranging from 0.67-0.95
(with one study reporting a cox model C-index of 0.88 and one
study reporting a balanced accuracy of 46.2%).
Three studies which adjusted their performance estimates for

optimism used polygenic risk scores (PRS) as a blood-based
predictors [17, 41, 43]. Perkins et al. [41] investigated adding PRS
to an established cox regression model comprised of clinical
predictors. When PRS was included as a variable together with the
clinical predictors, there was no evidence from a likelihood ratio
chi-square test that the PRS added prognostic value. Furthermore,

the C-index was unchanged for participants of non-European
descent and was similar for participants of European descent
(point estimate increase of 0.01; however, it should be noted that
the C-index is an insensitive measure of added prognostic value
from additional predictors). In line with this, Koutsouleris et al. [17]
found that a model based on PRS variables had a similar C-index
to that achieved by predictions from clinical raters, and Tavares
et al. [43] found no evidence that a PRS model could discriminate
between individuals who transitioned and did not transition
better than chance.
The final model presented by Chan et al. [47] and the “15-

analyte” model in Perkins et al. [36] had two overlapping
predictors, Interleukin-8 and Factor VII. While model coefficients
were not available in Perkins et al. [36], the two studies presented
the same direction of effect for IL-8 and opposite directions of
effect for Factor VII in univariate analyses. Zhang et al. [46] and
Mondelli et al. [42] did not find evidence for the predictive ability
of IL-8 for transition to psychotic disorder. Zhang et al. 2022 [44],
Zhang et al. 2023a [45] and Mondelli et al. [42] all included
different cytokine ratios in their models (IL-1β/IL-6, IL-2/IL-6 and IL-
10/IL-6 respectively) with the aim of capturing inflammatory
balance. Chan et al. [47] and Mongan et al. [15] both included

Fig. 3 PROBAST applicability results. Summary of applicability concerns in each domain.
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Alpha-2-Macroglobulin as a predictor in their final models, though
coefficients were in opposite directions. No other overlapping
predictors were noted between final models presented in studies.

DISCUSSION
We undertook a focused systematic review of models predicting
transition to psychosis with use of recent guidelines for system-
atically reviewing prognostic models [31, 50]. Models developed
with blood biomarkers require unique consideration, as any
predictive benefit of blood biomarkers over clinical predictors
must outweigh the disadvantages associated with their measure-
ment, namely the cost or potential lack of wide accessibility. While
studies included in this review described a wide range of blood
biomarkers that potentially have altered concentrations preceding
psychosis, the prognostic models including blood biomarkers
were not developed according to the latest methodological
recommendations, lacked calibration and lacked sufficient exter-
nal validation. Therefore, similar to recent systematic reviews of
prediction models in psychiatry [20, 51, 52], we did not find
evidence for a model suitable for implementation into clinical
practice [53].
As all the studies were rated at high risk of bias, we are unable

to recommend a particular model to be externally validated, and it
is unclear at the present time whether any specific blood
biomarkers could potentially contribute to improved prediction
of transition to psychosis in individuals at risk. However, evidence
from three studies suggested that models including polygenic risk
scores do not sufficiently outperform models based on clinical
variables or clinical rater predictions. A wide range of other
biomarkers were assessed in the included studies, however, going
forward, the field will need to externally validate models to truly
estimate their generalizability. Risk prediction models cannot be
recommended for clinical practice without sufficient external
validation.
In general, the reporting of study design and methods could be

improved in the field. We recommend that future studies follow
the transparent reporting of a multivariable prediction model for
individual prognosis or diagnosis (TRIPOD) reporting guidelines
[54] and explicitly report on participant exclusion criteria and
whether predictors were assessed blind to outcome status. Blood-
biomarkers in cohort studies are often assessed after the outcome
is determined and therefore studies involving blood-biomarkers
are at particular risk of bias in this domain. As well as blinding,
studies should report whether samples were randomised prior to
biomarker measurement. Recent guidance proposes block rando-
misation as a gold standard [55, 56].
Sixteen out of the 17 studies in this review defined their

participants to be at risk of psychosis through use of SIPS and
CAARMS interviews for prodromal symptoms or reduced function-
ing combined with genetic risk. While these established “clinical-
high risk” and “at-risk mental state” constructs are risk-enriched
populations with an estimated 2-year transition rate of 19% [7],
they may only capture a minority (4-14%) of the population who
present with a first episode of psychosis, indicating a relatively
poor predictive capacity [57–59]. There have been recent calls to
expand the clinical high risk paradigm such as to include
individuals attending child and adolescent mental health services
or presenting to emergency departments due to self-harm, as they
are at similar risk of psychosis [60–62]. This “systems approach”
may capture a greater proportion of first episode psychosis cases
than prodromal constructs. We recommend that future studies are
designed in populations with a higher predictive capacity for
psychosis [62], as this may help to mitigate issues with insufficient
sample sizes in the field and potential recruitment bias.
Some of the studies in this review excluded participants based

on established psychiatric diagnoses or when a participant’s
prodromal symptoms were caused by a mood or anxiety disorder.

In light of studies showing that psychotic symptoms are highly
prevalent in disorders of depression and anxiety [63] and that
psychosis can be predicted in individuals with non-psychotic
mental illnesses [64–66], these may be inappropriate exclusion
criteria. On the other hand, a more nuanced assessment of clinical
and biological risk factors associated with psychosis, such as
minimal self [67], circadian rhythms [68] or trait-like EEG signatures
[69], could be used to reduce biological heterogeneity. Reducing
biological heterogeneity could complement traditional risk-
enrichment approaches and allow for the identification of more
replicable blood biomarkers of psychosis risk.
Half of the studies included in this systematic review considered

over 100 candidate predictors. With the growing popularity of
“omics” methods, it must be highlighted that the latest research
does not suggest that data-driven methods of predictor selection
involving the outcome data can alleviate overfitting in situations
of high dimensionality and low sample size. Univariable screening
has long been highlighted as problematic [70]. Multivariable
selection methods such as LASSO have recently been shown to be
unstable in small sample sizes or with small numbers of events
[71]. Researchers should be aware that penalisation methods do
not solve the issue of a small ratio of events to predictors. Sample
size calculators for the development or validation of prediction
models with binary or time-to-event outcomes are now easily
accessible and should be utilised prior to designing studies to
ensure adequate power [49, 72, 73].
One of the main limitations of the studies in the analysis

domain was the lack of calibration of models. In the first instance,
clinical prediction models must produce predicted event prob-
abilities for each individual rather than binary event or non-event
predictions alone - for a model to be implemented into clinical
practice, a probability cut-off relating to maximum clinical benefit
is required to determine whether a specific intervention should be
offered or not [22, 30, 74]. Calibration measures how well the
predicted probabilities match the observed proportion of out-
comes, i.e. the accuracy of risk estimates, and models can have
poor calibration even when models show good discrimination. An
over- or underestimation of the probability of developing a
psychotic disorder is ethically unacceptable, and would lead to
inappropriately offered interventions or undertreatment [29].
Future studies in the field should assess model calibration to
improve the chances of models being implemented clinically.
The studies included in this review had further limitations in the

analysis domain. Some studies did not handle missing data to
PROBAST standards. Missing biomarker data is often related to
biomarker concentrations being below the limit of detection. In
this case, the data should be considered missing not-at-random.
PROBAST guidelines recommend multiple imputation as best
practice in prediction modelling [31], and solutions combining
multiple imputation with left-censored missing data have been
proposed [75]. Furthermore, participant subsampling was fre-
quent. When subsampling is necessary, researchers should weight
cases and controls by the inverse of their sampling fractions in
analyses [28].
This review has several strengths. The review has benefitted

from prospective registration and the use of recommended
reporting guidelines [23], search strategies [25], data extraction
tools [27] and risk of bias assessment tools [30]. However, there
are also several limitations to this review. We were unable to
perform meta-analyses as we did not identify any models that
were externally validated multiple times. Meta-analyses of models
with different predictors or validation approaches would not have
been readily interpretable. Due to limitations of the modelling
strategies in the studies and lack of external validation of models,
we were not able to perform a head-to-head comparison of the
performance of each of the prediction models as the performance
estimates were at high risk of bias. Finally, we acknowledge that
the concept of a binary “transition” to psychosis, even in the
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presence of assessment criteria, can be subjective or can
sometimes represent small increases in the severity or frequency
of symptoms [76]. This review did not examine the prediction of
positive symptoms as continuous outcomes, which may be worth
examining in future reviews in the field.
In conclusion, while there have been several studies developing

models using blood-based biomarkers for prediction of transition
to psychotic disorder, this review found no models that are ready
for implementation in clinical practice, and the value of including
blood-based biomarkers in models predicting transition to
psychosis is unclear due to the high risk of bias of the eligible
studies. The field of prediction modelling is rapidly progressing
and it should be noted that new methodological recommenda-
tions have been made since the majority of the studies in this
review were published [71, 72]. Future studies should aim to
follow the latest available reporting guidelines, assess model
calibration, internally and repeatedly externally validate models,
and adopt strategies to accommodate minimum required sample
sizes in order to maximise potential clinical benefits and outcomes
for patients.

Registration and protocol
This systematic review was prospectively registered with PROS-
PERO, CRD42022302047.
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