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Appendix 1. Search strategy and terms

Our broad literature search sought to capture any study that developed and/or validated a multivariable prediction model (i.e., at least two predictors) for a relevant clinical outcome for all non-organic psychiatric conditions (i.e., excluding neurodegenerative diseases such as dementia). This included studies where the outcome of interest was the current presence or future onset of a specific condition (e.g., categorical cut-offs based on established diagnostic criteria or validated psychometric screening tools), as well as any relevant future event or outcome related to the course of illness for a given psychiatric disorder (e.g., symptom remission or recurrence, poor psychosocial functioning, treatment response or resistance). Varying definitions and operationalisations of similar outcome domains were also permitted across reviewed studies.

All searches were performed as keyword searches. Four individual searches of the EMBASE (Ovid), MEDLINE (Ovid), PubMed, and PsycINFO (Ovid) databases were completed using the following search string:

(“risk prediction” OR “prediction model” OR “diagnostic model” OR “prognostic model” OR “predictive model” OR “risk calculator” OR “individualized risk” OR “machine learning”)
AND
(“substance use” OR “psychosis” OR “psychotic” OR “schizo*” OR “depressi*” OR “bipolar” OR “mania” OR “anxiety” OR “panic” OR “phobi*” OR “obsessive-compulsive” OR “post-traumatic” OR “eating disorder” OR “personality disorder” OR “autis*” OR “ADHD” OR “hyperkinetic” OR “conduct disorder” OR “oppositional”)

All searches were carried out (i) from inception to the fixed end-date of September 30, 2020, and further limited to studies that were (ii) published in English and (iii) classified as (Journal) Articles within the database.




Appendix 2. Inclusion and exclusion criteria

We selected English language, peer-reviewed articles up to September 30, 2020, including accepted articles available online pending print appearance. To reflect the methodological breadth of the published literature, both adult and paediatric populations were considered, with no restrictions regarding study setting (e.g., inpatient, outpatient, general population), design (e.g., cohort, case-control, randomised control studies) or timing (e.g., cross-sectional, retrospective, prospective). Although certain designs are preferable to minimise unwanted model bias, this was evaluated during quality assessment rather than applied as an exclusion criterion (see below). Of note however, for the subset of prognostic studies testing outcomes for course of illness, we only considered samples defined by specific psychiatric diagnoses, using diagnostic criteria or clinical symptoms, as opposed to more generalized operationalisations of ‘clinical’ samples (e.g., ‘history of mental illness’ or ‘current user of mental health services’). With most prediction models defined by allocation of individuals into discrete outcome-based groups, only studies reporting some estimate of classification-based predictive performance (e.g., discrimination, calibration) were included.

Abstracts, conference proceedings, correspondence, reviews, and meta-analyses were excluded, along with studies that: presented models with a single risk predictor; used inappropriate statistical methods (e.g., cluster analysis, principal components analysis) or an unspecified machine learning method; constructed a sample using meta-analysed individual patient data from across independent cohorts, or; sought to optimise the predictive value of an established psychometric or screening tool (e.g., shortening or sub-setting items).

We also excluded studies where all or most (i.e., >50%) candidate predictors were biomarkers or other biological indicators (e.g., neuroimaging, blood samples, genotyping). Where small numbers of biological variables were included among a larger pool of more readily available clinical or sociodemographic predictors, this was taken into account during quality assessment (see Appendix 4). In support of this decision, the specialised techniques required to collect and process these data, and the associated complexity and cost, may make the resulting models impractical for widespread clinical deployment [1]. Alongside pragmatic concerns, prediction studies based on neuroimaging or genetic data have, to date, been characterised by unrepresentative case-control designs and small sample sizes, particularly in relation to the large number of predictive features and use of complex machine learning approaches, all of which increases the risk of overestimated or unstable performance estimates [2,3]. For example, empirical evidence from neuroimaging-based machine learning studies for depression demonstrates deteriorating predictive performance as samples grow larger [4]. Different approaches to processing and analysing biological data across independent research teams can also introduce unwanted variations in statistical performance that may inhibit model reproducibility [5]. Recent reviews of published neuroimaging and genetic prediction studies in psychiatry include full discussions of these limitations [6,7]. However, we acknowledge that as methods for obtaining these data become more accessible, the pragmatic utility of these biological predictors is likely to improve.

Finally, regarding predictive models, recent lines of research have sought to support personalised or stratified medicine efforts by quantifying the relative advantage of one intervention over another for individual patients [8,9]. This is generally accomplished by comparing moderating and interaction effects for select pre-treatment characteristics across different treatment conditions. However, in their efforts to identify predictors of differential responding among several treatment options, these ‘treatment selection’ studies typically do not report the initial predictive ability observed within each individual treatment arm before comparing conditions using treatment modifiers. Consequently, unless information around the prediction of treatment response was available for a specific intervention, these studies were excluded from the current review.


Appendix 3. Criteria for prediction model evaluation

1. Bias and overfitting
Successful prediction models must minimise both bias (inclusion of systematic error) and overfitting (where risk coefficients incorporate sample-specific error variance alongside the ‘true’ effect), both of which can produce inaccurate or inflated estimates of predictive accuracy [10]. Addressing these challenges requires sufficiently large sample sizes and, in particular, an adequate number of outcome events relative to the number of parameters estimated among candidate predictors. For binary outcomes, a minimum ‘events per variable’ (EPV) ratio of 10 has been widely adopted as a criterion to mitigate overfitting within development samples, with recent work recommending an EPV≥20 [11].

Naïve or inappropriate predictor selection strategies – particularly those based on stepwise methods or univariate associations with the outcome – can also bias risk coefficients and, in turn, performance estimates [12]. In particular, the need to capture comprehensive, multivariate models for psychiatric disorders should be balanced against a need to support practical implementation via parsimonious models with minimal redundant information. Therefore, current methodological guidelines generally advocate a priori predictor selection guided by existing meta-analytic knowledge or clinical relevance as the optimal approach, with simulation studies suggesting that resulting model performance may be comparable to more sophisticated machine-learning (ML) methods [13]. For regression-based models, penalisation and shrinkage techniques that reduce variance in parameter estimates, and can support automated variable selection, have also been recommended to address bias and overfitting, although these methods may still yield unreliable performance where sample sizes or EPV are insufficient [14].


2. Generalizability
As a result of bias and overfitting (see above), a model’s apparent discrimination or calibration in an initial (development) sample invariably over-estimates its predictive ability in the wider population, such that its performance is unlikely to be replicated in an independent (validation) sample. To determine generalizability, or the model’s ability to produce consistent and reliable predictions in new individuals, various internal validation techniques are available, which simulate the process of independent validation within the development sample itself by resampling (e.g., bootstrapping, cross-validation) or, sub-optimally, randomly splitting the data [12,15]. 

Internal validation, however sophisticated, is still no substitute for external validation in wholly-independent data (e.g., new site/country, later time period), which should involve adequately-powered external samples (>100 participants with outcome) [16] and appropriate statistical adjustments to correct for between-sample differences in case-mix and predictor distributions [17]. ‘Internal-external’ validation is also recommended if data from several sites are available to demonstrate the prediction model’s external validity across each site, while also using all available data to develop the final model [18]. 


3. Clinical utility
Finally, even when a prediction model has demonstrated generalizability, with consistent predictive performance across several independent settings, its real-world clinical utility can only be evidenced by an ability to enhance actionable decision-making. This is typically evaluated using statistical approximations of its ‘net benefit’ over current practice or, ideally, randomized impact studies quantifying tangible changes in patient outcomes following model implementation [12,19].

Appendix 4. Data extraction

Extraction of key study and model characteristics to summarise and critically appraise this literature was informed by the CHecklist for critical Appraisal and data extraction for systematic Reviews of prediction Modelling Studies (CHARMS) [20]. For studies that reported several models – for example, where individual risk estimates were generated for several unique outcomes, or where all analyses were stratified based on key subsamples (e.g., sex, treatment group) – we extracted information for each individual model. These details are tabulated in Supplementary Table S2 under three main domains:

Study information
· Author(s) and publication year

· Country: Geographical location(s) of study participants (as opposed to the primary institution of authors or research team). For studies consolidating data from multiple countries, each individual country is listed.

· Study setting: Brief description of included participants and study design (e.g., adult vs paediatric; general-population vs clinical) along with any relevant selection criteria used to define the analytic sample (i.e., diagnosis, treatment condition). We also extracted or derived the mean age of each development sample, which is presented in brackets. Where this was unavailable, the overall age range is reported.

· Outcome: Description of outcome definition and timing. For studies estimating several models, each individual model’s outcome is specified. All outcomes are also categorised based on the wider psychiatric domain being considered, presented in brackets. These categories are as follows (in alphabetical order): ‘ADHD (attention-deficit/hyperactivity disorder)’; ‘Anxiety’; ‘ASD (autism spectrum disorder)’; ‘Bipolar’; ‘BPD (borderline personality disorder)’; ‘Depression’; ‘Eating Disorder’; ‘Mixed Affective’ (i.e., where a combination of anxiety, depressive, and/or other mood symptoms were consolidated in a single variable); ‘OCD (obsessive-compulsive disorder)’; ‘ODD (oppositional defiant disorder)’; ‘Psychosis’; ‘PTSD (post-traumatic stress disorder)’; ‘SUDs (substance use disorders)’; and ‘Transdiagnostic’ (i.e., where an outcome comprised several distinct diagnoses across externalizing and/or internalizing spectra).

Model characteristics
· Model type: Classification of each model based on an established taxonomy of diagnostic, prognostic, or predictive studies [21]. In brief, diagnostic models estimate risk for the current presence of a condition or illness-related event, typically based on cross-sectional or retrospective designs. Prognostic models, meanwhile, seek to predict future occurrence of a specific condition or event using prospective data. Finally, predictive models examine treatment-dependent outcomes (i.e., where treatment affects the outcome in one subgroup, or more in one subgroup than another); this distinguishes them from prognostic models, where the outcome reflects course of illness irrespective of treatment [22,23]. More specifically, if a model is developed in a single-arm trial without a comparison group, it is impossible to determine whether the identified predictors confer a different effect for treated vs non-treated individuals, or merely represent prognostic factors that would provide similar information about the outcome for those who receive no intervention [24]. Therefore, only treatment studies that included an appropriate comparison group (e.g., placebo or control condition) could be considered predictive, while any models that sought to predict treatment response among individuals all receiving the same intervention were classed as prognostic. Informed by these criteria, each prediction model was ultimately categorised as one of the following: ‘Diagnostic’; ‘Prognostic’ (with additional ‘onset’ or ‘course’ specifiers); or ‘Predictive’.

· Sample size (number of events): To better capture the outcome incidence rate, we extracted the size of the development cohort used to estimate the final prediction model (i.e., following missing data handling, and ignoring hold-out internal validation samples). The number of events, or participants with the outcome, is presented in brackets. Where the event incidence was reported as a proportion of the total sample, this was used to approximate the actual number of events.

· Events Per Variable (EPV): The ratio of the number of individuals with the outcome relative to the number of ‘predictor parameters’ among candidate predictors, including interactions and polynomials. Therefore, categorical predictors with k levels were counted as k–1 predictors here, in line with statistical conventions. As no reviewed study explicitly reported these estimates, we calculated approximate EPV values for all models where sufficient information was available, dividing the reported number of events by the reported or approximate number of candidate predictors – that is, predictors considered for inclusion in the model prior to any selection procedures. We note here that systematic criteria for calculating the minimum sample size for a prospective prediction model have recently been published to reduce reliance on a blanket ‘rule of thumb’ around sufficient EPV [25]. However, as these pre-dated the vast majority of reviewed studies, engagement with this method was not used as a quality criterion here.

· Predictor selection: List of all stated methods used to select an initial set of candidate predictors and/or the final predictor set, where sufficiently described.

· Prediction modelling method: Type of statistical analysis used to estimate model, ranging from traditional regression-based approaches (e.g., logistic or Cox regression) to unsupervised machine learning techniques (e.g., classification or decision trees, random forest, support vector machines, neural networks). For studies estimating and comparing several alternative methods to predict the same outcome, we list each approach and present the ‘best-performing’ method in italics – this was determined based on the authors’ own conclusions or, where no judgement was made, the model that yielded the best performance estimates (i.e., c-index/AUC). We note here that this procedure is distinct from ‘ensemble’ methods, where models generated by several distinct approaches are combined in a single omnibus model to optimise performance.

Model performance and validation
· Internal validation: Any stated method(s) of accounting or correcting for overfitting or optimism within the model development sample. To facilitate high-level comparison, internal validation methods were grouped into four categories, in descending order of preference within the current statistical literature: ‘Bootstrapping’; ‘Cross-validation’, ‘Non-random split sample’; ‘Random split-sample’.

In some cases, these methods were utilised without adhering to all of the necessary steps needed to ensure appropriate internal validation, in what has been termed ‘pseudo internal validation’ [26]. In particular, split-sample validation has consistently been shown to be an inefficient method of internal validation [15]. Although bootstrapping and cross-validation are preferred, these analyses should also encompass all stages of model development [27]. Studies that simply cross-validate or bootstrap a model to which variable selection has already been applied can inflate predictive accuracy estimates by introducing feature selection bias or other forms of unwanted circularity via ‘double dipping’, particularly where selection procedures in the full dataset are already based on associations with the outcome variable [28-30]. Therefore, studies combining feature selection or hyperparameter tuning with internal validation should ideally take place within a nested cross-validation or ‘double bootstrap’ framework, where an inner loop selects the optimal features before an outer loop tests whether that configuration generalizes to independent cases [31,32]. Similarly, use of bootstrapping or cross-validation solely for feature selection does not constitute internal validation, as likely performance in a new dataset is not evaluated. Guided by these statistical conventions, each model that utilised one of the above internal validation methods was rated based on whether they did [Y] or did not [N] meet criteria for sufficient internal validation (models were also rated ‘N’ where internal validation standards were unclear based on the detail provided).

· Discrimination: In the first instance, each model’s ability to distinguish individual cases with and without the outcome of interest was quantified using the concordance (c) index [33], which, for binary outcomes, is equivalent to the area under the curve (AUC) of the receiver operating characteristic (ROC) curve [34]. The c-index or AUC describes the probability that a randomly selected individual with the outcome will be assigned a higher risk probability than a random individual without the outcome. Values range from 0.5 (i.e., no discrimination [chance-level]) to 1 (perfect discrimination), with values of ≥0.7 and ≥0.8 generally denoting ‘acceptable’ and ‘good’ discrimination, respectively [35]. Where the c-index or AUC was not reported, particularly where the model tested a predefined or a priori risk threshold for the outcome, we extracted any key metrics of classification ability (e.g., sensitivity, specificity, accuracy, predictive values). Of note, where both ‘apparent’ and internally validated discrimination estimates were available, we extracted the internally validated estimate, given that it was more likely to reflect the model’s true predictive ability. Additionally, for studies comparing several modelling techniques (see Prediction modelling method above), the highest reported c-index/AUC was extracted. 

· Calibration: Description of method(s) used to evaluate overall agreement between a model’s predicted risks and observed relative outcome frequencies. The optimal approach is to visualise calibration by plotting the two against each other, with perfect calibration denoted by a 45° line, or an intercept (or ‘calibration-in-the-large’) of 1 and slope of 0. Previously, calibration was frequently assessed using the Hosmer-Lemeshow goodness-of-fit test; however, following emerging concerns around whether this test was sufficiently powered to reject poor calibration, and the fact that it does not indicate the direction or magnitude of miscalibration, its use is no longer recommended [36]. However, as many studies pre-date this change in practice, we included the Hosmer-Lemeshow test as a viable measure of calibration. Finally, the unreliability (U) statistic, which uses a chi-square test to determine whether a model’s intercept and slope significantly diverge from the ‘ideal’ line, has recently emerged as an alternative calibration test [32]. In summary, calibration efforts were described using the following response options, in descending order based on preference: ‘Calibration plot’; ‘Calibration statistics (i.e., intercept, slope)’; ‘U-statistic’; ‘Hosmer-Lemeshow’; and ‘Other’ (with brief description).

· External validation: The optimal test of predictive performance is to apply the model to wholly independent data, such as individuals from a different location (geographical validation) or time-point (temporal validation). Where external validity was tested, we summarise validation sample characteristics (i.e., setting, sample size) and report key performance metrics. Of note, eight of the 228 reviewed studies attempted external validation of a previously published prediction model. To maintain continuity between a model’s development and validation across separate publications, these studies are summarised and cited within the entry for the original development study, and also listed as separate entries at the end of Supplementary Table S2. Conversely, studies that sought to update a pre-existing model by evaluating the incremental value offered by an additional predictor or interaction term, and did not attempt to directly replicate the original model, were treated as unique model development studies.

Appendix 5. Quality assessment

For each individual development and validation analysis reported within an eligible study, risk of bias (ROB), which indicates the likelihood of systematic distortions in performance due to shortcomings in study design, was evaluated using the Prediction model Risk Of Bias ASsessment Tool (PROBAST) [36,37]. In brief, we first specified the systematic review question (see Introduction in main manuscript), before classifying each study as (i) development only; (ii) development and validation, or; (iii) validation only. ROB was then assessed using 20 signalling questions across four domains (participants, predictors, outcome, analysis), with possible responses of ‘yes’, ‘probably yes’, ‘probably no’, ‘no’, or ‘no information’ Once all constituent items were reviewed, overall ROB for each overarching domain was rated as ‘high’, ‘low’ or ‘unclear’ based on a ‘worst score counts’ principle – that is, if one item in a domain indicates high ROB (i.e., the response is ‘no’ or ‘probably no’), then the overall domain is ascribed that classification. Similarly, a model only receives an overall ‘low ROB’ rating when all four assessment domains are judged to be low-risk (i.e., all items rated ‘yes’ or ‘probably yes’), while a high ROB classification is attributed to the entire model if any one domain is deemed high-risk. Overall domain ratings for model development and validation analyses are presented separately in Supplementary Table S3.

We quantified agreement among individual PROBAST ratings (n = 378) using a random subset of reviewed analyses (20.6%; n = 78) completed by two independent reviewers (AJM and SJL). Inter-rater reliability was interpreted using Cohen’s weighted kappa (κ) statistic based on the following guidelines: 0–0.20 (none to slight); 0.21–0.40 (fair); 0.41–0.60 (moderate); 0.61–0.80 (substantial); and 0.80–1 (almost perfect) [38].  

The individual PROBAST items within each domain are as follows:

Participants
1.1 Were appropriate data sources used, e.g., cohort, RCT, or nested case-control study data?
1.2 Were all inclusions and exclusions of participants appropriate?


Predictors
2.1 Were predictors defined and assessed in a similar way for all participants?
2.2 Were predictor assessments made without knowledge of outcome data?
2.3 Are all predictors available at the time the model is intended to be used?


Outcomes
3.1 Was the outcome determined appropriately?
3.2 Was a pre-specified or standard outcome definition used?
3.3 Were predictors excluded from the outcome definition?
3.4 Was the outcome defined and determined in a similar way for all participants?
3.5 Was the outcome determined without knowledge of predictor information?
3.6 Was the time interval between predictor assessment and outcome determination appropriate?


Analysis
4.1 Were there a reasonable number of participants with the outcome?
4.2 Were continuous and categorical predictors handled appropriately?
4.3 Were all enrolled participants included in the analysis?
4.4 Were participants with missing data handled appropriately?
4.5 Was selection of predictors based on univariable analysis avoided?
(not applicable to validation analyses)
4.6 Were complexities in the data (e.g., censoring, competing risks, sampling of control participants) accounted for appropriately?
4.7 Were relevant model performance measures evaluated appropriately?
4.8 Were model overfitting, underfitting, and optimism in model performance accounted for?
(not applicable to validation analyses)
4.9 Do predictors and their assigned weights in the final model correspond to the results from the reported multivariable analysis?
(not applicable to validation analyses)
Supplementary Table S1. PRISMA checklist

	Section and Topic 
	Item #
	Checklist item 
	Location where item reported 

	TITLE 
	

	Title 
	1
	Identify the report as a systematic review.
	Title (p1) 

	ABSTRACT 
	

	Abstract 
	2
	See the PRISMA 2020 for Abstracts checklist.
	Abstract (p2)

	INTRODUCTION 
	

	Rationale 
	3
	Describe the rationale for the review in the context of existing knowledge.
	Intro (p3)

	Objectives 
	4
	Provide an explicit statement of the objective(s) or question(s) the review addresses.
	Intro (p3-4)

	METHODS 
	

	Eligibility criteria 
	5
	Specify the inclusion and exclusion criteria for the review and how studies were grouped for the syntheses.
	Methods (p4-5); Appendix 2

	Information sources 
	6
	Specify all databases, registers, websites, organisations, reference lists and other sources searched or consulted to identify studies. Specify the date when each source was last searched or consulted.
	Methods (p4); Appendix 2

	Search strategy
	7
	Present the full search strategies for all databases, registers and websites, including any filters and limits used.
	Appendix 2

	Selection process
	8
	Specify the methods used to decide whether a study met the inclusion criteria of the review, including how many reviewers screened each record and each report retrieved, whether they worked independently, and if applicable, details of automation tools used in the process.
	Methods (p4-5); Appendix 3

	Data collection process 
	9
	Specify the methods used to collect data from reports, including how many reviewers collected data from each report, whether they worked independently, any processes for obtaining or confirming data from study investigators, and if applicable, details of automation tools used in the process.
	Methods (p5); Appendix 3

	Data items 
	10a
	List and define all outcomes for which data were sought. Specify whether all results that were compatible with each outcome domain in each study were sought (e.g. for all measures, time points, analyses), and if not, the methods used to decide which results to collect.
	Appendix 4

	
	10b
	List and define all other variables for which data were sought (e.g. participant and intervention characteristics, funding sources). Describe any assumptions made about any missing or unclear information.
	Appendix 4

	Study risk of bias assessment
	11
	Specify the methods used to assess risk of bias in the included studies, including details of the tool(s) used, how many reviewers assessed each study and whether they worked independently, and if applicable, details of automation tools used in the process.
	Methods (p6); Appendix 5

	Effect measures 
	12
	Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in the synthesis or presentation of results.
	Methods (p6)

	Synthesis methods
	13a
	Describe the processes used to decide which studies were eligible for each synthesis (e.g. tabulating the study intervention characteristics and comparing against the planned groups for each synthesis (item #5)).
	Appendix 2

	
	13b
	Describe any methods required to prepare the data for presentation or synthesis, such as handling of missing summary statistics, or data conversions.
	Methods (p6); Appendix 4

	
	13c
	Describe any methods used to tabulate or visually display results of individual studies and syntheses.
	Results (p6-10)

	
	13d
	Describe any methods used to synthesize results and provide a rationale for the choice(s). If meta-analysis was performed, describe the model(s), method(s) to identify the presence and extent of statistical heterogeneity, and software package(s) used.
	Appendix 4

	
	13e
	Describe any methods used to explore possible causes of heterogeneity among study results (e.g. subgroup analysis, meta-regression).
	n/a

	
	13f
	Describe any sensitivity analyses conducted to assess robustness of the synthesized results.
	Results (p6)

	Reporting bias assessment
	14
	Describe any methods used to assess risk of bias due to missing results in a synthesis (arising from reporting biases).
	Appendix 5

	Certainty assessment
	15
	Describe any methods used to assess certainty (or confidence) in the body of evidence for an outcome.
	n/a

	RESULTS 
	

	Study selection 
	16a
	Describe the results of the search and selection process, from the number of records identified in the search to the number of studies included in the review, ideally using a flow diagram.
	Fig. 1

	
	16b
	Cite studies that might appear to meet the inclusion criteria, but which were excluded, and explain why they were excluded.
	Appendix 2

	Study characteristics 
	17
	Cite each included study and present its characteristics.
	Table S2

	Risk of bias in studies 
	18
	Present assessments of risk of bias for each included study.
	Table S3

	Results of individual studies 
	19
	For all outcomes, present, for each study: (a) summary statistics for each group (where appropriate) and (b) an effect estimate and its precision (e.g. confidence/credible interval), ideally using structured tables or plots.
	Fig. 3; Table S2

	Results of syntheses
	20a
	For each synthesis, briefly summarise the characteristics and risk of bias among contributing studies.
	Results (p6); Fig. 4

	
	20b
	Present results of all statistical syntheses conducted. If meta-analysis was done, present for each the summary estimate and its precision (e.g. confidence/credible interval) and measures of statistical heterogeneity. If comparing groups, describe the direction of the effect.
	Results (p6-10)

	
	20c
	Present results of all investigations of possible causes of heterogeneity among study results.
	Results (p6-10)

	
	20d
	Present results of all sensitivity analyses conducted to assess the robustness of the synthesized results.
	n/a

	Reporting biases
	21
	Present assessments of risk of bias due to missing results (arising from reporting biases) for each synthesis assessed.
	n/a

	Certainty of evidence 
	22
	Present assessments of certainty (or confidence) in the body of evidence for each outcome assessed.
	n/a

	DISCUSSION 
	

	Discussion 
	23a
	Provide a general interpretation of the results in the context of other evidence.
	Discuss. (p10-15)

	
	23b
	Discuss any limitations of the evidence included in the review.
	Discuss. (p14)

	
	23c
	Discuss any limitations of the review processes used.
	Discuss. (p14)

	
	23d
	Discuss implications of the results for practice, policy, and future research.
	Discuss. (p10-15)

	OTHER INFORMATION
	

	Registration and protocol
	24a
	Provide registration information for the review, including register name and registration number, or state that the review was not registered.
	Abstract (p2); Methods (p6)

	
	24b
	Indicate where the review protocol can be accessed, or state that a protocol was not prepared.
	Methods (p6)

	
	24c
	Describe and explain any amendments to information provided at registration or in the protocol.
	n/a

	Support
	25
	Describe sources of financial or non-financial support for the review, and the role of the funders or sponsors in the review.
	Acknowledgments

	Competing interests
	26
	Declare any competing interests of review authors.
	Author Info

	Availability of data, code and other materials
	27
	Report which of the following are publicly available and where they can be found: template data collection forms; data extracted from included studies; data used for all analyses; analytic code; any other materials used in the review.
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Checklist obtained from http://prisma-statement.org/PRISMAStatement/Checklist. n/a = not applicable. Page numbers based on accepted manuscript file. For detailed information on derivation and scoring, see elaboration by Page et al. [39]
Supplementary Table S2. Characteristics of included prediction modelling studies

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Abdullah-Koolmees et al (2018) [40]
	Netherlands
	Adult patients with psychotic or bipolar I disorder treated with antipsychotics upon hospital discharge (38.4)
	Psychiatric rehospitalisation within 6 months (Psychosis)4
	Prognostic (course)
	87 (29)
	0.67
	Univariable analyses; backward selection
	Cox proportional hazards regression
	–
	c = 0.82
	–
	–

	Acion et al (2017) [41]
	USA
	Hispanic outpatients undergoing treatment for substance use disorders (n.a.)
	Successful treatment discharge (SUDs)
	Prognostic (course)
	99,013 (44,748)
	113.86
	Inbuilt variable selection (various)
	Ensemble (Super Learner); Random forest; LASSO, elastic net and ridge logistic regression; Artificial neural network
	Random split sample [N]
	AUC = 0.82
	–
	–

	Addington et al (2010) [42]
	Canada
	Adult patients within first-episode psychosis programme (27)
	Hospital admission within 1 year of enrolment (Psychosis)
	Prognostic (course)
	297 (69)
	4.06
	Theory-driven (previous research; clinical expertise)
	Logistic regression
	–
	c = 0.72
	–
	Temporal validation using earlier admissions wave (n = 277; c = 0.72)

	
	
	“
	Hospital admission within 2 years of enrolment (Psychosis)
	Prognostic (course)
	297 (96)
	5.65
	“
	“
	–
	c = 0.73
	–
	Temporal validation using earlier admissions wave (n = 277; c = 0.68)

	
	
	“
	Hospital admission within 3 years of enrolment (Psychosis)
	Prognostic (course)
	297 (106)
	6.24
	“
	“
	–
	c = 0.74
	–
	Temporal validation using earlier admissions wave (n = 277; c = 0.67)

	Addington et al (2017) [43]
	USA
	CHR subjects within longitudinal study (19.8)
	Conversion to psychosis at follow-up (Psychosis)
	Prognostic (onset)
	145 (29)
	1.45
	Theory-driven (previous research); inbuilt variable selection (LASSO)
	LASSO cox regression
	Cross-validation [N]
	c = 0.73
	–
	–

	Agne et al (2020) [44]
	Brazil
	Outpatients with OCD (35)
	Reported lifetime suicide attempt (OCD)
	Diagnostic
	959 (104)
	0.49
	Theory-driven (previous research); inbuilt variable selection (elastic net)
	Elastic net logistic regression
	Random split sample [N]
	AUC = 0.95
	–
	–

	Ahn et al (2016) [45]
	USA
	Cross-sectional sample of cocaine dependent individuals and healthy controls (41.2)
	Current cocaine dependence classification (SUDs)
	Diagnostic
	54 (31)
	2.07
	Inbuilt variable selection (LASSO)
	LASSO logistic regression
	Random split sample [N]
	AUC = 0.91
	–
	–

	Ahn and Vassileva (2016) [46]
	Bulgaria
	Adult drug users within larger study of impulsivity (25.8)
	Current heroin dependence classification (SUDs)
	Diagnostic
	222 (70)
	1.30
	Inbuilt variable selection (elastic net)
	Elastic net logistic regression
	Random split sample, repeated [N]
	AUC = 0.86
	–
	–

	
	
	“
	Current amphetamine dependence classification (SUDs)
	Diagnostic
	222 (79)
	1.46
	“
	“
	“
	AUC = 0.71
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Amminger et al (2015) [47]
	Austria
	CHR patients within double-blind RCT who received long-chain omega-3 fatty acids
(16.9)
	≥15 point increase in global functioning at end of 12-week trial (Psychosis)
	Prognostic (course)
	40 (22)
	1.69
	Univariable analyses
	Gaussian process classification
	Cross-validation [Y]
	Acc. = 0.87
Sen. = 0.87
Spe. = 0.87

	–
	–

	
	
	CHR patients within double-blind RCT who received placebo
(16.1)
	≥15 point increase in global functioning at end of 12-week trial (Psychosis)
	Prognostic (course)
	40 (12)
	0.92
	“
	“
	“
	Acc. = 0.79
Sen. = 0.83
Spe. = 0.75

	–
	–

	Andrews et al (2017) [48]
	UK
	Older adults within retrospective study (n.a.)
	Depression status at 10-week follow-up (Depression)
	Prognostic (onset)
	37 (n.a.)
	–
	Inbuilt variable selection (LASSO)
	LASSO logistic regression
	Cross-validation [N]
	c = 0.88
	–
	–

	Askland et al (2015) [49]
	USA
	Adults with primary OCD diagnosis within longitudinal study
(40.4)
	At least one period of remittance (≥8 weeks) over follow-up up to 12 years (OCD)
	Prognostic (course)
	296 (158)
	0.2
	Inbuilt variable selection
(variable importance)
	Random forest
	–
	Acc. = 0.76
	–
	–

	Bares et al (2017) [50]
	Czech Republic
	Hospitalized patients with major depressive disorder treated with antidepressants (45.5)
	Treatment response at 6-week follow-up (Depression)
	Prognostic (course)
	38 (21)
	3.5
	Univariable analyses
	Logistic regression
	–
	c = 0.92
	–
	Geographic validation using independent dataset (n = 87; adjusted R2 = 0.74)

	Barnes et al (2019 )[51]
	USA
	Veterans with PTSD and elevated suicide risk in psychiatric unit (45)
	Suicide attempt during 6-month follow-up (PTSD)
	Prognostic (course)
	92 (17)
	1.06
	Univariable analyses; backward selection
	Logistic regression
	–
	c = 0.87
	–
	–

	Barros et al (2017) [52]
	Chile
	Individuals seeking inpatient or outpatient treatment for mood disorders at three health centres (39.7)
	Current presence of suicidal behaviour (Mixed Affective)
	Diagnostic
	707 (349)
	1.56
	Univariable analyses; correlation-based method
	Classification and regression trees; K-nearest neighbour; Random forest; AdaBoost; Support vector machine
	Cross-validation [N]
	Acc. = 0.78
Sen. = 0.77
Spe. = 0.79
	–
	–

	Bauer et al (2019) [53]
	USA
	Children and adolescents with bipolar disorder vs healthy controls (12.3)
	Bipolar disorder classification (Bipolar)
	Diagnostic
	168 (119)
	3.61
	Inbuilt variable selection
	Gradient boosting
	Cross-validation [N]
	AUC = 0.90
	–
	–

	
	
	Children and adolescents with bipolar disorder vs healthy controls and unaffected offspring (11.3)
	Bipolar disorder classification (Bipolar)
	Diagnostic
	227 (119)
	3.61
	“
	“
	“
	AUC = 0.80
	–
	–

	Bellón et al (2011) [54]


	Spain
	Prospective cohort of adult primary care patients without depression at baseline (49.2)
	Onset of major depression at 12-month follow-up (Depression)
	Prognostic (onset)
	2,787 (321)
	8.23
	Multivariate significance
	Logistic regression with shrinkage factor
	Random split sample [N]
	c = 0.82
	Calibration plot
	Geographic validation using samples from Chile (n = 1,844; c = 0.70), Estonia (n= 823; c = 0.73), Netherlands (n = 731; c = 0.83), Portugal (n = 844; c = 0.71), Slovenia (n = 866; c = 0.82), and the UK (n = 811; c = 0.76)

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Birmaher et al (2018) [55]
	USA
	Longitudinal study of youth with bipolar disorder not otherwise specified (11.9)
	Conversion to bipolar disorder I or II during 5-year follow-up (Bipolar)
	Prognostic (onset)
	140 (57)
	5.18
	Theory-driven (previous research)
	Cox proportional hazards regression
	Bootstrapping [Y]
	AUC = 0.71
	Calibration plot; Hosmer-Lemeshow
	Geographic validation using dataset of youth with bipolar disorder not otherwise specified (n=58; AUC=0.75)

	Birmaher et al (2020) [56]
	USA
	Longitudinal study of youth with bipolar disorder (24.5)
	Recurrence of any mood, depressive or hypo/manic episode during 5-year follow-up (Bipolar)
	Prognostic (course)
	363 (294)
	8.4
	Theory-driven (previous research)
	Classification trees
	Random split sample [N]
	AUC = 0.82
	Calibration plot; Hosmer-Lemeshow
	–

	Birnbaum et al (2019) [57]
	USA
	Inpatients and outpatients with recent-onset primary psychotic disorder (24)
	Relapse rehospitalisation within one month (Psychosis)
	Prognostic (course)
	51 (n.a.)
	–
	Variable selection based on coefficient of variance
	Support vector machine
	Random split sample [N]
	Sen. = 0.38
Spe. = 0.71
PPV = 0.66
NPV = 0.44
	–
	–

	Birnbaum et al (2020) [58]
	USA
	Inpatients and outpatients with schizophrenia spectrum disorder and healthy volunteers (24.4)
	Classification of individuals with schizophrenia spectrum disorder (Psychosis)
	Diagnostic
	116 (42)
	0.34
	Inbuilt variable selection (feature importance)
	Random forest; Support vector machine; Gradient boosting
	Cross-validation [N]
	AUC = 0.74
	–
	–

	
	
	“
	Classification of periods of ‘relative health’ vs ‘relative illness’ (Psychosis)
	Diagnostic
	116 (38)
	0.31
	“
	Random forest; Support vector machine; Gradient boosting
	“
	AUC = 0.71
	–
	–

	Bishop-Fitzpatrick et al (2018) [59]
	USA
	Matched sample of decedents with ASD and community controls, drawn from electronic health records (68)
	Correct classification of ASD decedents (ASD)
	Diagnostic
	6,277 (91)
	0.01
	Inbuilt variable selection
	Random forest
	Cross-validation [N]
	AUC = 0.88
	–
	–

	Bledsoe et al (2016) [60]
	USA
	Matched university sample of ADHD and control participants (n.a.)
	Current ADHD classification (ADHD)
	Diagnostic
	35 (23)
	1.52
	Forward selection
	Support vector machine
	Cross-validation [N]
	Acc. = 0.97
Sen. = 1
Spe. = 0.96

	–
	–

	Boer et al (2019) [61]
	Netherlands
	Adult patients with primary depressive disorder in naturalistic cohort study (41.2)
	Prolonged treatment course (≥2 years) (Depression)
	Prognostic (course)
	716 (301)
	35.8
	Univariable analyses; backward selection
	Logistic regression
	Bootstrapping [N]
	AUC = 0.65
	–
	–

	




	
	Adult patients with primary anxiety disorder in naturalistic cohort study (35.6)
	Prolonged treatment course (≥2 years) (Anxiety)
	Prognostic (course)
	509 (168)
	9.88
	“
	“
	“
	AUC = 0.68
	–
	–

	Bokma et al (2020) [62]
	Netherlands
	Patients with anxiety disorder at baseline within longitudinal cohort (41.9)

	Recovery at 2-year follow-up (Anxiety)
	Prognostic (course)
	887 (484)
	0.74
	A priori based on available data
	Random forest
	Cross-validation [N]
	AUC = 0.67
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Boscarino et al (2011) [63]
	USA
	New York residents interviewed 1 year after World Trade Center Disaster (43.1)
	PTSD diagnosis at 1-year follow-up (PTSD)
	Prognostic (onset)
	2,368 (174)
	–
	Stepwise selection
	Logistic regression
	Bootstrapping [N]
	AUC = 0.94
	–
	Geographic validation using independent chronic pain (n = 705; AUC = 0.97) and trauma centre patients (n = 225; AUC = 0.93)

	Breen et al (2019) [64]
	South Africa
	Adult women who had experienced a single sexual assault with and without PTSD diagnosis (25.1)
	Current PTSD classification (PTSD)
	Diagnostic
	40 (20)
	0.27
	Inbuilt variable selection (recursive feature elimination)
	Support vector machine
	Cross-validation [Y]
	AUC = 0.70
	–
	–

	Browning et al (2019) [65]
	UK
	Depressed primary care patients undergoing antidepressant treatment (41.1)
	Clinical response (≥50% symptom reduction) at 4-6 week follow-up (Depression)
	Prognostic (course)
	57 (22)
	0.34
	Inbuilt variable selection (ranking method)
	Support vector machine
	Cross-validation [N]
	Acc. = 0.77
Sen. = 0.73
Spe. = 0.80
PPV = 0.70
NPV = 0.82
	–
	Geographic validation using independent sample (n = 239; Acc. = 0.60; Sen. = 0.58; Spe. = 0.64; PPV = 0.74; NPV = 0.46)

	Bussu et al (2018) [66]
	UK
	Infants classed as high-risk siblings or low-risk controls within longitudinal study (6.4)
	ASD diagnosis among high-risk sibling group at 36 months (ASD)
	Prognostic (onset)
	161 (32)
	1.6
	Available data
	Support vector machine
	Cross-validation [N]
	AUC = 0.71
	–
	–

	Cannon et al (2008) [67]
	USA
	CHR patients within longitudinal study (18.1)
	Conversion to psychosis during 2-year follow-up (Psychosis)
	Prognostic (onset)
	291 (82)
	1.06
	Univariable analyses; backward selection
	Cox proportional hazards regression
	–
	Sen. = 0.08
Spe. = 0.98
PPV = 0.79
	–
	Geographic validation using independent sample of CHR patients (Thompson et al, 2011: n = 104)

	Cannon et al (2016) [68]
	USA
	CHR patients within longitudinal study (18.5)
	Conversion to psychosis during 2-year follow-up (Psychosis)
	Prognostic (onset)
	596 (84)
	10.5
	Theory-driven (previous research; EPV)
	Cox proportional hazards regression
	Bootstrapping [Y]
	c = 0.71
	Calibration plot
	Geographic validation in two CHR samples (Carrión et al, 2016: n = 176; AUC = 0.79; Osborne et al, 2019: n = 62; AUC = 0.71)

	Carrión et al (2013) [69]
	USA
	Treatment-seeking CHR patients (16)
	Poor social functioning at 3-5 year follow-up (Psychosis)

	Prognostic (course)
	92 (44)
	0.66
	Univariable analyses
	Logistic regression
	–
	AUC = 0.82
	–
	–

	
	
	“
	Poor role functioning at 3-5 year follow-up (Psychosis)
	Prognostic (course)
	92 (45)
	0.67
	“
	“
	–
	AUC = 0.77
	–
	–

	Carter et al (2002) [70]
	Denmark
	‘High-risk’ children of mothers with schizophrenia in longitudinal study (15.1)




	Lifetime schizophrenia diagnosis at 25-year follow-up (Psychosis)





	Prognostic (onset)
	293 (33)
	1.32
	Univariable analyses
	Discriminant function analysis
	–
	Sen. = 0.67
Spe. = 0.76
PPV = 0.26
NPV = 0.95
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Cattelani et al (2019) [71]
	UK
	Community-dwelling older adults within longitudinal cohort (60-75)
	Clinical depressive symptoms at 2-year follow-up (Depression)
	Prognostic (onset)
	7,920 (436)
	87.2
	Theory-driven (previous research)
	Probabilistic model based on meta-analytic odds ratios
	–
	AUC = 0.76
	–
	–

	
	Italy
	“
	Clinical depressive symptoms at 3-year follow-up (Depression)
	Prognostic (onset)
	660 (113)
	22.6
	“
	“
	–
	AUC = 0.74
	–
	–

	
	Ireland
	“
	Clinical depressive symptoms at 2-year follow-up (Depression)
	Prognostic (onset)
	3,124 (122)
	24.4
	“
	“
	–
	AUC = 0.77
	–
	–

	Caye et al (2020) [72]
	UK
	Children within prospective cohort without childhood ADHD symptoms (17)
	Adult-onset ADHD diagnosis (ADHD)
	Prognostic (onset)
	5,113 (486)
	34.7
	Theory-driven (previous research)
	Logistic regression; Random forest; Gradient boosting; Artificial neural network
	Bootstrapping [Y]
	AUC = 0.82
	Calibration plot
	Geographic validation in external samples from the UK (n = 2,040; AUC = 0.75), Brazil (n = 4,039; AUC = 0.57) and USA (n = 717; AUC = 0.76)

	Cearns et al (2019) [73]
	Germany
	Patients hospitalized for acute depressive episode (49.5)
	Rehospitalisation during 2-year follow-up (Depression)
	Prognostic (course)
	380 (102)
	0.49
	Inbuilt variable selection (elastic net)
	Support vector machine
	Cross-validation [Y]
	AUC = 0.68
	–
	–

	Cepeda et al (2018) [74]
	USA
	Adults from three health claims databases prescribed with at least one antidepressant in past year (48)
	Classification as treatment-resistant (Depression)
	Prognostic (course)
	22,057 (2,076)
	207.6
	Ranking-based method
	Decision tree analysis
	Random split sample [N]
	AUC = 0.81
	–
	Geographic validation in three independent claims databases (n = 9,069; AUC = 0.79; n = 1,899; AUC = 0.78; n = 3,877; AUC = 0.78)

	Chang et al (2006) [75]
	Taiwan
	Hospitalized patients with schizophrenia undergoing antipsychotic trial (34)
	Symptom reduction at 4-week follow-up (Psychosis)
	Prognostic (course)
	117 (60)
	5.46
	Multivariate significance
	Logistic regression (generalized estimating equation)
	–
	AUC = 0.85
	–
	–

	
	
	“
	Symptom reduction at 6-week follow-up (Psychosis)
	Prognostic (course)
	102 (58)
	5.27
	“
	“
	–
	AUC = 0.86
	–
	–

	Chekroud et al (2016) [76]
	USA
	Depressed adult patients allocated to multiple antidepressant treatments within trial (18-75)
	Symptom remission at 12-week follow-up (Depression)
	Predictive
	1,949 (949)
	5.79
	Inbuilt variable selection (elastic net)
	Gradient boosting machine
	Cross-validation [N]
	AUC = 0.70
	Calibration plot
	Geographic validation in three treatment groups from independent clinical trial (n = 134-151; Acc. = 0.51-0.60; Sen. = 0.39-0.56, Spe. = 0.63-0.71)

	Chekroud et al (2018) [77]
	USA
	Adults diagnosed with depression in past year (n.a.)
	Failure to initiate mental health treatment despite identified need (Depression)
	Diagnostic
	20,785 (6,271)
	73.8
	Theory-driven (previous research)
	Extreme gradient boosting
	Cross-validation [Y]
	AUC = 0.79
	–
	Temporal validation using subjects drawn from later cohort wave (n = 55,271; AUC = 0.78)

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Cho et al (2019) [78]
	South Korea
	Patients in prospective cohort with a major mood disorder (25.9)
	Biased vs neutral mood state during 3-day follow-up (Mixed Affective)
	Prognostic (course)
	55 (n.a.)

	–
	Inbuilt variable selection (variable importance)
	Random forest
	–
	AUC = 0.70
	–
	–

	
	
	Patients in prospective cohort with major depressive disorder (20.6)
	Biased vs neutral mood state during 3-day follow-up (Depression)
	Prognostic (course)
	18 (n.a.)
	–
	“
	“
	–
	AUC = 0.69
	–
	–

	
	
	Patients in prospective cohort with bipolar I disorder (20.3)
	Biased vs neutral mood state during 3-day follow-up (Bipolar)
	Prognostic (course)
	18 (n.a.)

	–
	“
	“
	–
	AUC = 0.67
	–
	–

	
	
	Patients in prospective cohort with bipolar II disorder (21.2)
	Biased vs neutral mood state during 3-day follow-up (Bipolar)
	Prognostic (course)
	19 (n.a.)
	–
	“
	“
	–
	AUC = 0.67
	–
	–

	Choi et al (2018) [79]
	USA
	Older adults within longitudinal study (n.a.)
	Self-reported depression at 5-6-year follow-up (Depression)
	Prognostic (onset)
	3,377 (n.a.)
	–
	Correlation-based feature selection
	Logistic regression; Ridge logistic regression; Random forest
	Cross-validation [N]
	AUC = 0.81
	–
	–

	Chondros et al (2018) [80]
	Australia
	Adult primary care patients with current depressive symptoms (47.7)
	Depressive symptoms at 3-month follow-up (Depression)
	Prognostic (course)
	511 (n.a.)
	–
	Multivariate significance
	Linear regression with heuristic shrinkage factor
	–
	c = 0.74
	Calibration plot
	–

	Christensen et al (2009) [81]
	USA
	Patients within RCT who had suffered intracerebral haemorrhage (63)
	Depressed mood at 90-day follow-up (Depression)
	Prognostic (onset)
	596 (120)
	5.46
	Univariable and multivariable analyses
	Logistic regression
	–
	c = 0.73
	–
	–

	Chua et al (2019) [82]
	Singapore
	First-episode psychosis patients within longitudinal study (27.5)
	Unemployment at 2-year follow-up (Psychosis)
	Prognostic (course)
	1177 (348)
	12
	–
	Logistic regression
	–
	AUC = 0.76
	–
	–

	Chung et al (2019) [83]
	USA
	CHR patients within longitudinal study (n.a.)
	Conversion to psychosis during 2-year follow-up (Psychosis)
	Prognostic (onset)
	476 (67)
	11.17
	Theory-driven (update of existing model)[68]
	Cox proportional hazards regression
	Bootstrapping [Y]
	c = 0.70
	–
	–

	Ciarleglio et al (2019) [84]
	USA
	Help-seeking CHR individuals within early detection programme (20.1)
	Conversion to psychosis during 2-year follow-up (Psychosis)
	Prognostic (onset)
	199 (64)
	1.6
	Inbuilt variable selection (LASSO)
	LASSO logistic regression
	Bootstrapping [N]
	c = 0.73
	–
	–

	Clark et al (2016) [85]
	Austria
	CHR subjects within placebo group of 12-week omega-3 trial (12.9-22.3)



	Conversion to psychosis during 1-year follow-up (Psychosis)



	Prognostic (onset)
	40 (11)
	0.55
	Univariable analyses
	Logistic regression
	Bootstrapping [N]
	AUC = 0.92
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Connor et al (2007) [86]
	Australia
	Alcohol dependent outpatients who completed abstinence-based programme of cognitive-behavioural therapy (n.a.)
	Abstinence at 12-week follow-up (SUDs)
	Prognostic (course)
	73 (n.a.)
	–
	Stepwise selection
	Discriminant analysis; Decision tree; Bayesian network
	Random split sample [N]
	Acc. = 0.77
	–
	–

	
	
	Alcohol-dependent outpatients who completed abstinence-based cognitive-behavioural therapy and prescribed additional relapse-prevention agent (n.a.)
	Abstinence at 12-week follow-up (SUDs)
	Prognostic (course)
	66 (n.a.)
	–
	“
	Discriminant analysis; Decision tree; Bayesian network
	“
	Acc. = 0.77
	–
	–

	Corcoran et al (2018) [87]
	USA
	CHR individuals (25.5)
	Conversion to psychosis during 2-year follow-up (Psychosis)
	Prognostic (onset)
	59 (19)
	1.36
	Factor analysis
	Logistic regression
	–
	AUC = 0.87
	–
	Geographic validation in CHR individuals at independent site (n = 34; AUC = 0.72)

	Cornblatt et al (2015) [88]
	USA
	Treatment-seeking CHR adolescents (16)
	Conversion to psychosis during 5-year follow-up (Psychosis)
	Prognostic (onset)
	92 (15)
	0.22
	Univariable analyses; backward selection
	Cox proportional hazards regression
	Bootstrapping [N]
	AUC = 0.92
	Hosmer-Lemeshow
	–

	Crippa et al (2017) [89]
	Italy
	Matched sample of ADHD-diagnosed children vs controls (11.5)
	Current ADHD diagnosis (ADHD)
	Diagnostic
	44 (22)
	–
	Inbuilt variable selection (wrapper approach)
	Support vector machine
	Cross-validation [Y]
	AUC = 0.80
	–
	–

	Davidson et al (1999) [90]
	Israel
	Matched sample of male adolescents assessed for military service who later developed schizophrenia vs non-patients (n.a.)
	Hospitalisation for schizophrenia during 4-10 year follow-up (Psychosis)
	Prognostic (onset)
	9,724 (509)
	29.94
	–
	Logistic regression
	Random split sample [N]
	Acc. = 0.88
Sen. = 0.75
Spe. = 0.97
PPV = 0.72
	–
	–

	de Man-van Ginkel et al (2013) [91]
	Netherlands
	Stroke patients from prospective multi-hospital study (68.2)
	Major depression diagnosis 6-8 weeks after stroke (Depression)
	Prognostic (onset)
	382 (54)
	1.8
	Backward selection
	Logistic regression
	Bootstrapping [N]
	AUC = 0.78
	U-statistic
	–

	Delgadillo et al (2017) [92]
	UK
	Patients accessing low and/or high-intensity psychological therapy (42)
	Post-treatment improvement in depressive symptoms (Depression)
	Predictive
	592 (281)
	23.42
	Inbuilt variable selection (LASSO)
	LASSO logistic regression
	Random split sample [N]
	AUC = 0.64
	–
	–

	
	
	“
	Post-treatment improvement in generalized anxiety symptoms (Anxiety)




	Predictive
	644 (306)
	25.5
	“
	“
	“
	AUC = 0.70
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Delgadillo et al (2020) [93]
	UK
	Clinical registry of patients accessing cognitive-behavioural therapy (39.2)
	Clinically-significant symptom improvement (Depression)
	Predictive
	929 (434)
	28.93
	Inbuilt variable selection (elastic net)
	Elastic net logistic regression; Random forest
	Random split sample [N]
	AUC = 0.59
	–
	–

	
	
	Clinical registry of patients accessing person-centred counselling for depression (41.2)
	Clinically-significant symptom improvement (Depression)
	Predictive
	156 (143)
	9.53
	“
	“
	“
	AUC = 0.65
	–
	–

	Demetriou et al (2020) [94]
	Australia
	Clinical referrals with social anxiety disorder, early psychosis, or autism spectrum disorder vs neurotypical controls (22.7)
	Classification of any of the three clinical disorders (Transdiagnostic)
	Diagnostic
	236 (193)
	3.78
	Inbuilt variable selection
	Random forest; Boruta; LASSO logistic regression; Elastic net logistic regression; Bayesian additive regression trees
	Cross-validation [N]
	AUC = 0.92
	–
	–

	
	
	Clinical referrals with social anxiety disorder vs early psychosis, or autism spectrum disorder (22.7)
	Classification of social anxiety disorder group (Anxiety)
	Diagnostic
	193 (83)
	1.63
	“
	“
	“
	AUC = 0.78
	–
	–

	
	
	Clinical referrals with autism spectrum disorder vs social anxiety disorder or early psychosis (22.7)
	Classification of autism spectrum disorder group (ASD)
	Diagnostic
	193 (62)
	1.22
	“
	“
	“
	AUC = 0.74
	–
	–

	
	
	Clinical referrals with early psychosis vs social anxiety disorder or autism spectrum disorder (22.7)
	Classification of early psychosis group (Psychosis)
	Diagnostic
	193 (48)
	0.94
	“
	“
	“
	AUC = 0.78
	–
	–

	Dennis et al (2004) [95]
	Canada
	Pregnant women within longitudinal study (28.5)
	Depressive symptoms at 1-week postpartum (Depression)
	Prognostic (onset)
	498 (144)
	–
	Univariable and multivariable analyses
	Logistic regression
	–
	Sen. = 0.44
Spe. = 0.90
	–
	–

	Denys et al (2003) [96]
	Netherlands
	Outpatients with OCD receiving paroxetine or venlafaxine XR within RCT (35.3)
	Treatment response following 12-week trial (OCD)
	Predictive
	144 (61)
	4.07
	Theory-driven (previous research); univariable analyses; backward selection
	Logistic regression
	–
	AUC = 0.71
	Hosmer-Lemeshow
	–

	Dinga et al (2018) [97]
	Netherlands
	Depressed patients within multi-centre study (42) 
	Presence of MDD diagnosis at 2-year follow-up (Depression)
	Prognostic (course)
	804 (397)
	7.22
	Inbuilt variable selection (elastic net)
	Elastic net logistic regression
	Cross-validation [N]
	AUC = 0.66
	–
	–

	Dipnall et al (2017) [98]
	USA
	Adults from cross-sectional community survey (42.6)
	Moderate-to-severe depression (Depression)

	Diagnostic
	5,546 (523)
	14.94
	Factor analysis
	Generalized structural equation model
	Random split sample [N]
	AUC = 0.85
	Hosmer-Lemeshow
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Edgcomb et al (2019) [99]
	USA
	Hospitalized adult patients with comorbid bipolar disorder and medical illness (n.a.)
	30-day psychiatric readmission (Bipolar)
	Prognostic (course)
	552 (47)
	0.19
	Ranking-based method
	Classification and regression trees
	Cross-validation [N]
	AUC = 0.87
	–
	–

	Fazel et al (2017) [100]
	Sweden
	Inpatients and outpatients diagnosed with schizophrenia-spectrum or bipolar disorder (44)
	Any violent offence within 1 year of patient episode (Psychosis/Bipolar)
	Prognostic (course)
	58,771 (830)
	28.62
	Theory-driven (previous research); backward selection
	Logistic regression
	Bootstrapping [N]
	c = 0.86
	Calibration plot
	Geographic validation in subsample of select regions (n = 16,387; c = 0.89) and independent patient sample (Negatsch et al, 2019: n = 474; AUC = 0.72)

	Fazel et al (2019) [101]
	Sweden
	Inpatients and outpatients diagnosed with schizophrenia-spectrum or bipolar disorder (44)
	1-year risk of suicide (Psychosis/Bipolar)
	Prognostic (course)
	58,771 (494)
	11.23
	Theory-driven (previous research); backward selection
	Logistic regression
	Bootstrapping [N]
	c = 0.75
	Calibration plot
	Geographic validation in subsample of regions (n = 16,387; c = 0.71)

	Flygare et al (2020) [102]
	Sweden
	Individuals with body dysmorphic disorder within randomised control trial (32.5)
	Post-treatment (12-week) remission (Eating Disorders)
	Prognostic (course)
	88 (27)
	0.55
	Correlation-based method; univariable analyses; inbuilt variable selection (feature importance)
	Random forest; Logistic regression
	Cross-validation [N]
	AUC = 0.78
	–
	–

	
	
	“
	Remission at 3-month follow-up (Eating Disorders)
	Prognostic (course)
	88 (37)
	0.76
	“
	“
	“
	AUC = 0.78
	–
	–

	
	
	“
	Remission at 12-month follow-up (Eating Disorders)
	Prognostic (course)
	88 (41)
	0.84
	“
	“
	“
	AUC = 0.73
	–
	–

	
	
	“
	Remission at 24-month follow-up (Eating Disorders)
	Prognostic (course)
	88 (53)
	1.08
	“
	“
	“
	AUC = 0.64
	–
	–

	Fond et al (2019) [103]
	France
	Patients with schizophrenia or schizoaffective disorder (32.7)
	Psychotic relapse during 2-year follow-up (Psychosis)
	Prognostic (course)
	315 (125)
	1.6
	Inbuilt variable selection
	Classification and regression trees
	Random split sample [N]
	Acc. = 0.64
Sen. = 0.71
Spe. = 0.45

	–
	–

	Francesconi et al (2017) [104]
	Italy
	Non-psychotic outpatients (24.3)
	Conversion to psychosis during 36-month follow-up (Psychosis)






	Prognostic (onset)
	138 (21)
	0.34
	Univariable analyses; backward selection
	Cox proportional hazards regression
	Bootstrapping [N]
	AUC = 0.88
	Hosmer-Lemeshow
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Furukawa et al (2019) [105]
	Japan
	Adults with unipolar major depression within multi-centre randomised trial (43)
	Remittance of depressive symptoms at 9-week follow-up, using data from Week 1 (Depression)
	Predictive
	1927 (717)
	51.21
	Backward selection
	Logistic regression
	–
	AUC = 0.75
	Hosmer-Lemeshow
	Temporal validation based on median enrolment date (n = 1,002; AUC = 0.73)

	
	
	“
	Remittance of depressive symptoms at 9-week follow-up, using data from Week 3 (Depression)
	Predictive
	1927 (717)
	39.83
	“
	“
	–
	AUC = 0.85
	“
	Temporal validation based on median enrolment date (n = 1,002; AUC = 0.82)

	Fusar-Poli et al (2016) [106]
	UK
	Clinical registry of non-psychotic individuals who underwent CHR assessment (23.7)
	6-year risk of developing psychosis (Psychosis)
	Prognostic (onset)
	321 (41)
	1.64
	Theory-driven (previous research); inbuilt variable selection (LASSO)
	LASSO cox regression
	Cross-validation [N]
	c = 0.66
	Calibration plot
	Geographic validation in patients from independent London health trusts (n = 389; c = 0.65)

	Fusar-Poli et al (2017) [107]
	UK
	Clinical registry of non-psychotic patients (34.4)
	6-year risk of developing psychosis (Psychosis)
	Prognostic (onset)
	33,820 (1,001)
	58.88
	Theory-driven (previous research)
	Cox proportional hazards regression
	–
	c = 0.80
	Calibration plot
	Geographic validation in patients from independent London health trusts (n = 54,716; c = 0.79; Fusar-Poli, Werbeloff, et al, 2019: n = 13,702; c = 0.73)
[see also note5]

	Fusar-Poli, Davies, et al (2019) [108]
	UK
	Clinical registry of non-psychotic patients (34.4)
	6-year risk of developing psychosis (Psychosis)
	Prognostic (onset)
	33,820 (1,001)
	52.68
	Theory-driven (update of existing model)[107]
	Cox proportional hazards regression
	–
	c = 0.81
	Calibration plot
	Geographic validation in patients from independent London health trusts (n = 54,716; c = 0.81)

	Galatzer-Levy et al (2014) [109]
	Israel
	Adults admitted to emergency department following potentially traumatic event (36.3)
	Membership of non-remitting PTSD trajectory over 15-month follow-up (PTSD)
	Prognostic (course)
	957 (163)
	2.4
	Inbuilt variable selection (Markov Boundary)
	Support vector machine; Random Forest; AdaBoost; Ridge regression; Bayesian binary regression
	Cross-validation [N]
	AUC = 0.77
	–
	–

	Galatzer-Levy et al (2017) [110]
	Israel
	Adults admitted to emergency department following potentially traumatic event (31.4)
	Membership of non-remitting PTSD trajectory over 15-month follow-up (PTSD)








	Prognostic (course)
	152 (26)
	–
	Inbuilt variable selection (recursive feature elimination)
	Support vector machine
	Cross-validation [N]
	AUC = 0.93
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Gan et al (2011) [111]
	China
	Patients initially treated for major depressive episode and later diagnosed with either bipolar disorder or unipolar depression (30.6)
	Differentiation of bipolar disorder I or II from unipolar depression at 1-year follow-up (Bipolar)
	Prognostic (onset)
	268 (169)
	8.89
	Univariable analyses; forward selection
	Logistic regression
	Bootstrapping [N]
	AUC = 0.82
	–
	–

	
	
	Patients initially treated for major depressive episode and later diagnosed with either bipolar disorder I or unipolar depression (30.2)
	Differentiation of bipolar disorder I from unipolar depression at 1-year follow-up (Bipolar)
	Prognostic (onset)
	135 (36)
	1.89
	“
	“
	“
	AUC = 0.93
	–
	–

	
	
	Patients initially treated for major depressive episode and later diagnosed with either bipolar disorder II or unipolar depression (30.7)
	Differentiation of bipolar disorder II from unipolar depression at 1-year follow-up (Bipolar)
	Prognostic (onset)
	232 (133)
	7
	“
	“
	“
	AUC = 0.82
	–
	–

	Ge, Jiang, et al (2020) [112]
	China
	Patients with major depressive disorder diagnosis within hospital electronic medical record (45.2)
	Classified as displaying suicidal ideation (Depression)
	Diagnostic
	1,916 (319)
	10.29
	–
	Neural network
	Random split sample [N]
	AUC = 0.74
	–
	–

	Ge, Li, et al (2020) [113]
	China
	Young people who experienced 2013 Lushan earthquake (12.1)
	Probable PTSD at 3-month follow-up (PTSD)
	Prognostic (onset)
	2,099 (803)
	33.46
	Iterative testing of specified predictor domains
	Extreme gradient boosting
	Cross-validation [N]
	AUC = 0.80
	–
	–

	Gilman et al (2012) [114]
	USA
	Adults within longitudinal household survey with lifetime major depressive disorder diagnosis (n.a.)
	Transition to bipolar I disorder during 3-year follow-up (Depression)
	Prognostic (course)
	6,214 (245)
	14.41
	A priori based on available data
	Logistic regression
	–
	AUC = 0.72
	–
	–

	Gonzalez-Gutierrez et al (2016) [115]
	Spain
	Outpatients with chronic obstructive pulmonary disease (66.2)
	Presence of anxiety or depression (Mixed Affective)
	Diagnostic
	204 (74)
	5.29
	Univariable analyses; forward selection
	Logistic regression
	–
	AUC = 0.77
	–
	–

	Gu et al (2020) [116]
	Austria; Australia; France; Germany; Greece; Israel;
Italy; Norway; Spain; UK; USA
	Drug-naïve Parkinson’s patients within multi-centre longitudinal study (64.8)
	Clinically-significant depressive symptoms at 2-year follow-up (Depression)
	Prognostic (onset)
	312 (66)
	2.64
	Theory-driven (previous research); univariable analyses; stepwise selection
	Extreme gradient boosting; Logistic regression
	Random split sample [N]
	AUC = 0.94
	Calibration plot; Hosmer-Lemeshow
	–

	Hafeman et al (2017) [117]
	USA
	Offspring of parents with bipolar disorder I or II who had not yet developed BPSD (11.9)
	5-year risk of developing BPSD (Bipolar)
	Prognostic (onset)
	412 (54)
	7.14
	Theory-driven (previous research)
	Cox proportional hazards regression
	Bootstrapping [Y]
	AUC = 0.76
	Calibration plot; Hosmer-Lemeshow
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Haidl et al (2018) [118]
	Germany, Finland, Netherlands,
Spain, UK
	CHR subjects within longitudinal study (23)
	Conversion to psychosis during 18-month follow-up (Psychosis)
	Prognostic (onset)
	235 (36)
	5.14
	Theory-driven (update of existing model) 
	Cox proportional hazards regression
	Bootstrapping [N]
	c = 0.77
	–
	–

	Han, Fang, et al (2020) [119]
	China
	School-aged children diagnosed with ADHD vs non-matched controls (8.3)
	ADHD group classification (ADHD)
	Diagnostic
	159 (95)
	1.9
	Univariable analyses
	Support vector machine
	Cross-validation [N]
	AUC = 0.82
	–
	–

	Han, Lee, et al (2020) [120]
	USA
	Adolescents within longitudinal survey
(12-17)
	Misuse of opioid pain relievers or heroin in past year (SUDs)
	Diagnostic
	41,579 (1,051)
	26.95
	Theory-driven (previous research); inbuilt variable selection
	Artificial neural networks; random forest; gradient boosting; penalised logistic regression
	Random split sample [N]
	AUC = 0.82
	–
	–

	Han, Tomasik, et al (2020) [121]
	UK
	Adults with current MDD diagnosis vs randomly selected low mood controls (25.9)
	Presence of current MDD diagnosis (Depression)
	Diagnostic
	140 (53)
	0.18
	Inbuilt variable selection (LASSO)
	LASSO logistic regression
	Random split sample [N]
	AUC = 0.94
	–
	–

	Hariman et al (2020) [122]
	Hong Kong
	Patients with psychotic spectrum disorders discharged from psychiatric units (41.1)
	Unplanned readmission within 28 days of discharge (Psychosis)
	Prognostic (course)
	30,707 (2,178)
	50.65
	Theory-driven (previous research); backward selection
	Logistic regression
	Random split sample [N]
	c = 0.68
	Hosmer-Lemeshow
	–

	Harrington et al (2019) [123]
	USA
	US veterans within electronic medical record (64)
	Lifetime ‘likely PTSD’ (PTSD)
	Diagnostic
	485 (198)
	7.92
	Inbuilt feature selection (LASSO)
	LASSO logistic regression
	Cross-validation [N]
	AUC = 0.95
	–
	–

	Hatton et al (2019) [124]
	UK
	Older primary care patients within control arm of previous RCT (77.7)
	Significant depressive symptoms at 12-month follow-up (Depression)
	Prognostic (onset)
	284 (n.a.)
	–
	Backward selection
	Extreme gradient boosting
	Random split sample, repeated [N]
	AUC = 0.72
	–
	–

	Haynos et al (2020) [125]
	USA
	Females with heterogenous eating disorder diagnoses within longitudinal study (32.4)
	Continued eating disorder diagnosis at 1-year follow-up (Eating Disorders)
	Prognostic (course)
	320 (299)
	5.64
	Theory-driven (previous research); inbuilt variable selection (elastic net)
	Elastic net logistic regression; Logistic regression; Random forest
	Cross-validation [N]
	AUC = 0.62
	–
	–

	
	
	“
	Continued eating disorder diagnosis at 2-year follow-up (Eating Disorders)
	Prognostic (course)
	277 (118)
	2.23
	“
	“
	“
	AUC = 0.61
	–
	–

	Hengartner et al (2017) [126]
	Switzerland
	CHR subjects referred to early recognition centre (20.5)
	3-year risk of conversion to psychosis (Psychosis)




	Prognostic (onset)
	188 (24)
	1.85
	Univariable analyses; stepwise selection
	Cox proportional hazards regression
	–
	AUC = 0.85
	Calibration statistics (slope); Hosmer-Lemeshow

	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Hettige et al (2017) [127]
	Canada
	Patients diagnosed with a schizophrenia spectrum disorder (41.7)
	Retrospectively-reported lifetime suicide attempt (Psychosis)
	Diagnostic
	345 (131)
	4.85
	Theory-driven (previous research); inbuilt variable selection
	LASSO regression; Elastic net regression; Random forest; Support vector machine
	Cross-validation [N]
	AUC = 0.71
	–
	–

	Higginson and Priest (1996) [128]
	UK
	Carers or significant others of patients receiving palliative care for cancer (n.a.)
	Severe vs mild/moderate anxiety during month before bereavement (Anxiety)
	Prognostic (onset)
	287 (84)
	16.8
	Available data
	Discriminant function analysis
	–
	Sen. = 0.75
Spe. = 0.51
	–
	–

	Hilbert et al (2020) [129]
	Germany
	Outpatients undergoing cognitive-behaviour therapy (39.3)
	Post-treatment remission (Depression)
	Prognostic (course)
	1,851 (1,079)
	3.18
	Inbuilt variable selection (recursive feature elimination)
	Random forest; Support vector machine; Neural network; Ensemble strategies
	Random split sample [N]
	BAC = 0.59
	–
	–

	Hirschfeld et al (1998) [130]
	USA
	Adults with chronic major depression treated with sertraline vs imipramine during double-blind RCT (41.1)
	Treatment response following 12-week trial (Depression)
	Predictive
	623 (324)
	11.57
	Univariable analyses
	Logistic regression
	–
	Acc. = 0.67
	–
	–

	Hoogendoorn et al (2017) [131]
	Netherlands
	Patients with social anxiety disorder within RCT for internet-based guided self-help intervention (n.a.)
	Reliable symptom improvement following 12-week trial (Anxiety)
	Prognostic (course)
	69 (48)
	–
	Ranking-based method
	Logistic regression; decision trees; Random forest
	Cross-validation [N]
	AUC = 0.83
	–
	–

	Huang et al (2010) [132]
	China
	Survey of individuals who experienced 1998 floods in Hunan province (n.a.)
	Probable PTSD diagnosis (PTSD)
	Diagnostic
	25,478 (2,236)
	122.95
	Forward selection
	Logistic regression
	Random split sample [N]
	AUC = 0.85
	–
	–

	Huang et al (2014) [133]
	USA
	Matched sample of depressed vs non-depressed patients within clinical registry (n.a.)
	Subsequent depression diagnosis
(Depression)
	Prognostic (onset)
	35,000 (5,000) 
	–
	Inbuilt variable selection (LASSO)
	LASSO logistic regression
	Random split sample [N]
	AUC = 0.80
	–
	–

	
	
	Adult patients treated for depression using medication or psychotherapy (n.a.)
	Symptom improvement after medication treatment (Depression)
	Predictive
	5,651 (1,576)
	–
	“
	“
	“
	AUC = 0.66
	–
	–

	
	
	Adult patients treated for depression using medication or psychotherapy (n.a.)
	Symptom improvement after psychotherapy treatment (Depression)
	Predictive
	5,651 (886)
	–
	“
	“
	“
	AUC = 0.75
	–
	–

	
	
	Adult patients treated for depression using medication or psychotherapy (n.a.)
	Severe vs minimal/mild depression (Depression)
	Diagnostic
	5,651 (1,301)
	–
	“
	“
	“
	AUC = 0.72
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Hughes et al (2020) [134]
	USA
	Adults with major depressive disorder who received psychiatric care, drawn from coded electronic health records (48.5)
	Stable treatment regimen, defined by use of same antidepressant prescription for at least 90 days (Depression)
	Prognostic (course)
	53,643 (25,141)
	2.72
	A priori based on available data; probabilistic topic modelling
	Ridge logistic regression; Extremely randomised trees
	Random split sample [N]
	AUC = 0.63
	–
	Geographic validation using patients from independent site (n = 26,176; AUC = 0.62)

	Iniesta et al (2016) [135]
	Belgium, Croatia, Denmark, Germany, Italy, Poland, Slovenia, UK
	Patients with major depressive disorder within 12-week comparative study of escitalopram vs nortriptyline (42.7)
	Remission of depressive symptoms 
(Depression)
	Predictive
	793 (326)
	2.34
	Inbuilt variable selection (elastic net)
	Elastic net logistic regression
	Cross-validation [N]
	AUC = 0.72
	–
	–

	
	
	“
	Adequate completion of treatment trial (Depression)
	Predictive
	793 (710)
	5.11
	“
	“
	“
	AUC = 0.63
	–
	–

	
	
	“
	Treatment resistance (lack of response following two trials) (Depression)
	Predictive
	793 (105)
	0.76
	“
	“
	“
	AUC = 0.67
	–
	–

	Ising et al (2016) [136]
	Netherlands
	Help-seeking CHR patients drawn from RCT (22.8)
	Conversion to psychosis during 18-month follow-up (Psychosis)
	Prognostic (onset)
	167 (32)
	–
	Univariable analyses; backward selection
	Cox proportional hazards regression
	Bootstrapping [N]
	AUC = 0.81
	–
	–

	Jimenez-Serrano et al (2015) [137]
	Spain
	Postpartum women within prospective hospital study (32)
	Major depressive episode during 8-month follow-up (Depression)
	Prognostic (onset)
	1,397 (160)
	10
	Theory-driven (practical utility or relevance); inbuilt variable selection
	Naïve Bayes; Logistic regression; Support vector machine; Artificial neural network
	Random split sample [N]
	AUC = 0.75
	–
	–

	Jin, Wu, and Di Capua (2015) [138]
	USA
	Diabetic patients within two clinical trials (53.4)
	Comorbid major depression (Depression)
	Prognostic (onset)
	1,793 (786)
	39.25
	Theory-driven (previous research and clinical utility); Correlation-based subset evaluation
	Ridge logistic regression; Mulitlayer perceptron; Support vector machine; Random forest
	Cross-validation [N]
	AUC = 0.81
	–
	–

	Jin, Wu, Vidyanti, et al (2015) [139]
	USA
	Diabetic patients within clinical trial (53.3)
	Major depression at 6-month follow-up (Depression)
	Prognostic (onset)
	853 (n.a.)
	–
	Univariable analyses; backward selection
	Poisson regression
	Random split sample [N]
	AUC = 0.88
	–
	–

	
	
	“
	Major depression at 12-month follow-up (Depression)
	Prognostic (onset)
	“
	–
	“
	“
	“
	AUC = 0.91
	–
	–

	
	
	“
	Major depression at 18-month follow-up (Depression)
	Prognostic (onset)
	“
	–
	“
	“
	“
	AUC = 0.89
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Jing et al (2020) [140]
	USA
	Children of men with lifetime substance use disorder diagnosis or non-SUD psychiatric disorder within longitudinal study (30)
	Substance use disorder diagnosis at age 30 (SUDs)
	Prognostic (onset)
	694 (n.a.)
	–
	Inbuilt variable selection (variable importance)
	Logistic regression; Random forest; Adaptive boosting; Naïve Bayes; Support vector machine; K-nearest neighbour; Deep neural network
	Cross-validation [N]
	AUC = 0.86
	–
	–

	Kajiwara et al (2016) [141]
	Japan
	Hospital outpatients (53.3)
	Current presence of anxiety and/or depressive symptoms (Mixed Affective)
	Diagnostic
	358 (169)
	33.8
	Theory-driven (previous research); forward selection
	Logistic regression
	Bootstrapping [N]
	c = 0.63
	Hosmer-Lemeshow
	–

	Karstoft, Galatzer-Levy et al (2015) [142]
	Israel
	Adults admitted to emergency department following potentially traumatic event (18-70)
	Membership of non-remitting PTSD trajectory over 5-month follow-up (PTSD)
	Prognostic (course)
	957 (163)
	–
	Inbuilt variable selection (Markov Boundary)
	Support vector machine
	Cross-validation [N]
	AUC = 0.75
	–
	–

	Karstoft, Statnikov et al (2015) [143]
	Denmark
	Longitudinal study of soldiers deployed to Afghanistan (26.2)
	Membership of symptomatic vs resilient trajectory group 2.5 years post-deployment, based on pre-deployment factors only (PTSD)
	Prognostic (onset)
	561 (n.a.)
	–
	Inbuilt variable selection (Markov Boundary); univariable analyses
	Support vector machine
	Cross-validation [N]
	AUC = 0.84
	–
	–

	
	
	“
	Membership of symptomatic vs resilient group 2.5 years post-deployment, based on pre- and post-deployment factors (PTSD)
	Prognostic (onset)
	“
	–
	“
	“
	“
	AUC = 0.88
	–
	–

	Kautzky et al (2017) [144]
	Austria, Belgium, France, Greece, Israel, Italy
	Adult patients diagnosed with major depressive disorder (49.4)
	Treatment resistance following at least two adequate antidepressant trials (Depression)
	Predictive
	480 (183)
	3.81
	Inbuilt variable selection (variable importance)
	Random forest
	Random split sample [N]
	Acc. = 0.74
Sen. = 0.63
Spe. = 0.80
PPV = 0.66
NPV = 0.78

	–
	–

	
	
	“
	Symptom remission (Depression)





	Predictive
	480 (140)
	2.92
	“
	“
	“
	Acc. = 0.85
Sen. = 0.64
Spe. = 0.93
PPV = 0.78
NPV = 0.87

	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Kautzky et al (2018) [145]
	Austria, Belgium, France, Germany, Greece Israel, Italy, Switzerland
	Adult patients diagnosed with major depressive disorder (51.7)
	Treatment resistance following at least two adequate antidepressant trials (Depression)
	Predictive
	552 (362)
	7.7
	Inbuilt variable selection (variable importance)
	Random forest
	Cross-validation [N]
	Acc. = 0.75
Sen. = 0.82
Spe. = 0.63
PPV = 0.80
NPV = 0.68

	–
	–

	Kautzky et al (2019) [146]
	Austria; Belgium; 
France; Germany; Greece; Israel; Italy;
Switzerland
	Adult patients with major depressive disorder (52.6)
	Treatment resistance following at least two adequate antidepressant trials (Depression)
	Predictive
	602 (309)
	17.17
	Theory-driven (previous research); inbuilt variable selection
	Elastic net logistic regression
	Cross-validation [N]
	Acc. = 0.87
Sen. = 0.95
Spe. = 0.78
	–
	Geographic validation in independent patient sample (n = 314; Acc. = 0.87; Sen. = 0.86; Spe. = 0.88)

	Kendler et al (2019) [147]
	Sweden
	Patients with substance-induced psychotic disorder (32.1)
	Conversion to schizophrenia (Psychosis)
	Prognostic (course)
	7,606 (445)
	44.5
	Available data
	Cox proportional hazards regression
	Random split sample [N]
	AUC = 0.74
	–
	–

	Kessler et al (2014) [148]
	Australia, Belgium, Brazil, Bulgaria, China, Colombia, France, Germany, Israel, Italy, Japan, Lebanon, Mexico, Netherlands, New Zealand, Nigeria, Peru, Portugal, Romania, South Africa, Spain, Ukraine,
UK, USA
	Individuals within community survey retrospectively reporting lifetime trauma exposure (n.a.)
	Current PTSD diagnosis (PTSD)
	Diagnostic
	47,466 (1,899)
	–
	Inbuilt variable selection
	Super Learner ensemble
	Cross-validation [N]
	AUC = 0.98
	–
	–

	Kessler et al (2015) [149]
	USA
	Active duty soldiers hospitalised with a psychiatric disorder (n.a.)
	Suicide in the 12 months following hospital discharge (Transdiagnostic)
	Prognostic (course)
	40,820 (68)
	0.16
	Theory-driven (previous research); univariable analyses; regression trees; penalised regression
	Elastic net logistic regression
	Cross-validation [N]
	AUC = 0.85
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Kessler et al (2016) [150]
	USA
	Adults with major depressive disorder within longitudinal household survey (15-54)
	High persistence, or depressive episode lasting 2+ weeks, at 10-12-year follow-up (Depression)
	Prognostic (course)
	1,056 (102)
	–
	Theory-driven (previous model); inbuilt variable selection (LASSO)
	Ensemble (regression trees; LASSO regression)
	Cross-validation [N]
	AUC = 0.71
	–
	–

	
	
	“
	High chronicity, or depressive episode lasting most days throughout previous year (Depression)
	Prognostic (course)
	1,056 (89)
	–
	“
	“
	“
	AUC = 0.63
	–
	–

	
	
	“
	Hospitalisation since baseline (Depression)
	Prognostic (course)
	1,056 (61)
	–
	“
	“
	“
	AUC = 0.73
	–
	–

	
	
	“
	Disability, or ≥50% limitation in ability to perform paid work (Depression)
	Prognostic (course)
	1,056 (48)
	–
	“
	“
	“
	AUC = 0.74
	–
	–

	
	
	“
	Attempted suicide since baseline (Depression)
	Prognostic (course)
	1,056 (34)
	–
	“
	“
	“
	AUC = 0.76
	–
	–

	Kim et al (2015) [151]
	South Korea
	ADHD youth within 8-week open-label methylphenidate trial (9.6)
	Good vs poor response to methylphenidate treatment  (ADHD)
	Prognostic (course)
	78 (48)
	1.41
	Wrapper subset evaluation
	Support vector machine; Decision trees; Random forest; Ridge regression
	Cross-validation [N]
	AUC = 0.84
	–
	–

	Kim et al (2019) [152]
	South Korea
	Community sample of older adults within ecological momentary assessment trial (78)
	Probable vs no depression at 2-week follow-up (Depression)
	Prognostic (onset)
	47 (18)
	–
	Stepwise selection
	Logistic regression
	Random split sample, repeated [N]
	AUC = 0.96
	–
	–

	King et al (2008) [153]
	Chile, Estonia, Portugal, Netherlands, Slovenia, Spain, UK
	Non-depressed adult primary care patients within prospective study (48.9)
	Onset of major depression during 12-month follow-up (Depression)













	Prognostic (onset)
	5,216 (402)
	10.31
	Stepwise selection
	Logistic regression with shrinkage factor
	–
	c = 0.79
	–
	Geographic validation in (i) Chilean sample (n = 1,732; c = 0.71), (ii) using 12-24-month follow-up data (King et al, 2013: n = 2,440; c = 0.73), and (iii) US general population (Nigatu et al, 2016: n = 24,311; c = 0.71)









	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	King, Bottomley, et al (2011) [154]
	Chile, Estonia, Portugal, Netherlands, Slovenia, Spain, UK
	Prospective study of adult primary care patients without generalized anxiety disorder at baseline (18-75)
	Onset of generalized anxiety or panic syndrome at 6-month follow-up (Anxiety)
	Prognostic (onset)
	4,905 (270)
	7.1
	Backward selection
	Logistic regression with shrinkage factor
	–
	c = 0.78
	–
	Geographic validation (at 6-month follow-up) in (i) external samples from Chile (n = 2,825; c = 0.71), Estonia (n = 1,094; c = 0.73), and The Netherlands (n = 1,221; c = 0.81), and (ii) the US general population (Nigatu and Wang, 2019: n = 24,626; c = 0.62)

	
	
	“
	Onset of generalized anxiety or panic syndrome at 24-month follow-up (Anxiety)
	Prognostic (onset)
	4,905 (n.a.)
	–
	“
	“
	–
	c = 0.73
	–
	–

	
	
	“
	Onset of generalized anxiety or panic syndrome at 6- and/or 24-month follow-up (Anxiety)
	Prognostic (onset)
	4,905 (525)
	13.82
	“
	“
	–
	c = 0.75
	–
	–

	King, Marston, et al (2011) [155]
	Estonia; Netherlands; Portugal; Slovenia; Spain; UK
	Adult primary care patients within prospective study (49)
	Hazardous drinking at 6-month follow-up (SUDs)
	Prognostic (onset)
	6,193 (175)
	4.61
	Univariable analyses; stepwise selection
	Logistic regression with shrinkage factor
	–
	c = 0.84
	–
	Geographic validation in Chilean sample (n = 2,462; c = 0.78)

	Kirchebner et al (2020) [156]
	Switzerland
	Offenders in forensic psychiatric hospital with schizophrenia spectrum disorder (34.7)
	Prolonged length of stay; >220 weeks (Psychosis)
	Prognostic (course)
	143 (71)
	0.79
	Theory-driven (previous research); forward selection
	Boosted trees; K-nearest neighbour; support vector machine; logistic regression
	Cross-validation [N]
	AUC = 0.67
	–
	–

	
	
	“
	Prolonged length of stay; >278 weeks (Psychosis)
	Prognostic (course)
	143 (n.a.)
	–
	“
	Boosted trees; K-nearest neighbour; Support vector machine; Logistic regression
	“
	AUC = 0.71
	–
	–

	Klein et al (2018) [157]
	Netherlands
	Adult patients within randomised control trial for cognitive therapy (46.8)
	Recurrence during 2-year follow-up (Depression)
	Predictive
	235 (104)
	13
	Theory-driven (previous research; EPV); backward selection
	Cox proportional hazards regression
	Bootstrapping [N]
	c = 0.56
	Calibration plot; calibration slope
	Geographic validation using independent RCT 
(n = 205; c = 0.59)

	Kotlicka-Antczak et al (2019) [158]
	Poland
	Prospective study of CHR individuals referred to secondary care programme (18.8)
	Conversion to psychosis during follow-up period (Psychosis)

	Prognostic (onset)
	105 (n.a.)
	–
	Theory-driven (previous research)
	Cox proportional hazards regression
	Bootstrapping [Y]
	c = 0.78
	Calibration plot
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Koutsouleris et al (2012) [159]
	Germany
	Individuals at risk for psychosis within matched prospective study (24.7)
	Conversion to psychosis during 4-year follow-up (Psychosis)
	Prognostic (onset)
	35 (15)
	–
	Inbuilt variable selection (recursive feature elimination)
	Support vector machine
	Cross-validation [Y]
	BAC = 0.87
Sen. = 0.80
Spe. = 0.93
PPV = 0.88
NPV = 0.89
	–
	–

	Koutsouleris et al (2016) [160]
	Austria, Belgium, Bulgaria, Czech Republic, France, Germany, Israel, Italy, Netherlands, Poland, Romania, Spain, Sweden, Switzerland
	Adult patients with schizophrenic, schizophreniform, or schizoaffective disorder within clinical trial with five treatment groups (26.1)
	Poor vs good global functioning at 4-week follow-up (Psychosis)
	Predictive
	334 (224)
	1.19
	Inbuilt variable selection (forward selection)
	Support vector machine
	Cross-validation [Y]
	BAC = 0.75
Sen. = 0.74
Spe. = 0.76
PPV = 0.86
NPV = 0.59
	–
	Validated in independent test set of patients with 4-week follow-up data (n = 108; BAC = 0.72)

	
	
	“
	Poor vs good global functioning at 52-week follow-up (Psychosis)
	Predictive
	334 (78)
	0.41
	“
	“
	“
	BAC = 0.74
Sen. = 0.67
Spe. = 0.81
PPV = 0.52
NPV = 0.89
	–
	–

	Koutsouleris et al (2018) [161]
	Finland, Germany, Italy, Switzerland, UK
	CHR individuals within prospective study
(24.1)
	Impaired social functioning during 1-year follow-up (Psychosis)
	Prognostic (course)
	116 (66)
	–
	Inbuilt variable selection (backward elimination)
	NeuroMiner
	Cross-validation [Y]
	AUC = 0.86
	–
	–

	
	
	CHR individuals within prospective study
(24.1)
	Impaired role functioning during 1-year follow-up (Psychosis)
	Prognostic (course)
	116 (69)
	–
	“
	“
	“
	AUC = 0.73
	–
	–

	
	
	Individuals with recent-onset depression within prospective study (26.3)
	Impaired social functioning during 1-year follow-up (Depression)
	Prognostic (course)
	120 (65)
	–
	“
	“
	“
	AUC = 0.77
	–
	–

	
	
	Individuals with recent-onset depression within prospective study (26.3)
	Impaired role functioning during 1-year follow-up (Depression)






	Prognostic (course)
	120 (64)
	–
	“
	“
	“
	AUC = 0.67
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Kwakernaak et al (2020) [162]
	Netherlands
	Patients diagnosed with psychotic spectrum disorder within longitudinal study (32)
	Intensive mental healthcare consumption (sheltered housing, inpatient or legal mandatory care) within same data wave (Psychosis)
	Diagnostic
	1067 (488)
	–
	Inbuilt variable selection (information gain)
	Logistic regression; Classification tree; Random forest
	Random split sample [N]
	AUC = 0.74
	–
	–

	
	
	“
	Intensive mental healthcare consumption (sheltered housing, inpatient or legal mandatory care) at 3-year follow-up (Psychosis)
	Prognostic (course)
	350 (n.a.)
	–
	“
	“
	“
	AUC = 0.71
	–
	–

	Leightley et al (2019) [163]
	UK
	Longitudinal cohort of armed forces personnel (n.a.)
	Probable PTSD diagnosis (PTSD)
	Diagnostic
	13,690 (541)
	13.87
	Inbuilt variable selection (various)
	Support vector machine; Random forest; Artificial neural networks; Bagging
	Random split sample, repeated [N]
	Acc. = 0.89-0.91
Sen. = 0.60-0.70
Spe. = 0.92-0.98

	–
	–

	Leighton, Krishnadas, et al (2019) [164]
	UK
	Patients with first episode psychosis in secondary care (25.2)
	Employment, Education or Training status at 1-year follow-up (Psychosis)
	Prognostic (course)
	75 (32)
	1
	Inbuilt variable selection (elastic net)
	Elastic net logistic regression
	Cross-validation [N]
	–
	–
	Validated in independent cohort of first-episode psychosis patients recruited to earlier study (n = 79; AUC = 0.88)

	
	
	“
	Point remission at 1-year follow-up (Psychosis)
	Prognostic (course)
	71 (40)
	1.25
	“
	“
	“
	–
	–
	Validated in independent cohort of first-episode psychosis patients recruited to earlier study (n = 79; AUC = 0.65)

	
	
	“
	Period remission at 1-year follow-up (Psychosis)











	Prognostic (course)
	67 (33)
	1.03
	“
	“
	“
	–
	–
	Validated in independent cohort of first-episode psychosis patients recruited to earlier study (n = 79; AUC = 0.63)









	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Leighton, Upthegrove, et al (2019) [165]
	UK
	Patients with first-episode psychosis in early intervention services (21.3)
	Symptom remission at 1-year follow-up
(Psychosis)
	Prognostic (course)
	673 (320)
	1.96
	Inbuilt variable selection (elastic net)
	Elastic net logistic regression
	Cross-validation [Y]
	AUC = 0.70
	–
	Geographic validation in combined data from two Scottish longitudinal studies (n = 131; AUC = 0.68) and RCT trial data (n = 338; AUC = 0.62)

	
	
	“
	Social recovery (based on global functioning) at 1-year follow-up (Psychosis)
	Prognostic (course)
	829 (388)
	2.38
	“
	“
	“
	AUC = 0.73
	–
	Validated using RCT trial data (n = 518; AUC = 0.57)

	
	
	“
	Vocational recovery (in employment, education, or training) at 1-year follow-up (Psychosis)
	Prognostic (course)
	807 (436)
	2.68
	“
	“
	“
	AUC = 0.74
	–
	Geographic validation in combined data from two Scottish longitudinal studies (n = 142; AUC = 0.87) and RCT trial data (n = 553; AUC = 0.66)

	
	
	“
	Quality of life at 1-year follow-up (Psychosis)
	Prognostic (course)
	729 (328)
	2.01
	“
	“
	“
	AUC = 0.70
	–
	Geographic validation in data from two Scottish longitudinal studies (n = 47; AUC = 0.68) and RCT trial (n = 226; AUC = 0.56)

	Lencz et al (2006) [166]
	USA
	CHR patients within early recognition programme (16.5)
	Conversion to psychosis during follow-up (Psychosis)
	Diagnostic
	33 (12)
	–
	Univariable analyses; stepwise selection
	Cox proportional hazards regression
	–
	Acc. = 0.80
Sen. = 0.82
Spe. = 0.79
PPV = 0.69
NPV = 0.88
	–
	–

	Lenhard et al (2018) [167]
	Sweden
	Adolescents receiving internet-delivered cognitive behaviour therapy within randomised control trial (14.4)
	Treatment response (>35% symptom reduction) at 3-month follow-up (OCD)
	Prognostic (course)
	61 (25)
	0.54
	Univariable analyses
	Linear model with best subset predictor selection; Elastic net logistic regression; Random forest; Support vector machine
	Random split sample [N]
	Acc. = 0.83
	–
	–

	Lerthattasilp et al (2020) [168]
	Thailand
	Child outpatients suspected of having autism spectrum disorder (3.7)
	ASD diagnosis (ASD)
	Diagnostic
	139 (104)
	1.22
	Theory-driven (previous research); univariable analyses; backward selection
	Logistic regression
	Bootstrapping [N]
	AUC = 0.83 
	Hosmer-Lemeshow
	–

	Levin et al (2005) [169]
	USA
	Patients with mild traumatic brain injury (31.5)
	Onset of major depression 3 months post-injury (Depression)

	Prognostic (onset)
	129 (15)
	1.67
	Backward selection
	Logistic regression
	Bootstrapping [N]
	AUC = 0.86
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Lewis et al (2019) [170]
	UK
	Trauma-exposed young people within longitudinal study (18)
	Lifetime PTSD diagnosis at age 18 years (PTSD)
	Prognostic (onset)
	605 (149)
	12.42
	Theory-driven (previous research)
	Logistic regression
	Bootstrapping [Y]
	AUC = 0.74
	Calibration plot; calibration statistics (intercept, slope)
	–

	Librenza-Garcia et al (2020) [171]
	Brazil
	Adults within longitudinal study of Brazilian civil servants (51.8)
	Presence of depression at either baseline or follow-up (Depression)
	Diagnostic
	13,922 (1,085)
	68.82
	Theory-driven (practical utility or relevance); inbuilt variable selection (elastic net)
	Elastic net logistic regression
	Random split sample [N]
	AUC = 0.79
	–
	–

	
	
	“
	New depressive episode at follow-up study wave (Depression)
	Prognostic (onset)
	13,922 (499)
	29.35
	“
	“
	“
	AUC = 0.71
	–
	–

	
	
	“
	Persistent depression at both study waves (Depression)
	Prognostic (course)
	13,922 (160)
	9.41
	“
	“
	“
	AUC = 0.90
	–
	–

	Lin et al (2007) [172]
	Taiwan
	Hospitalised patients with schizophrenia receiving zotepine treatment (38)
	Clinical response at 4-week follow-up (Psychosis)
	Prognostic (course)
	100 (78)
	6.5
	Univariable analyses; forward selection
	Logistic regression
	–
	AUC = 0.90
	–
	–

	Lin et al (2011) [173]
	Taiwan
	Hospitalised patients with major depressive disorder receiving fluoxetine treatment (45.6)
	Stable clinical response (>50% symptom reduction) at 6-week follow-up (Depression)
	Prognostic (course)
	112 (58)
	14.5
	Univariable analyses
	Chi-square and t-tests
	–
	AUC = 0.93
	–
	–

	Lin et al (2012) [174]
	Taiwan
	Hospitalised patients with schizophrenia receiving zotepine treatment (36.9)
	Symptom remission at 4-week follow-up (Psychosis)
	Prognostic (course)
	100 (21)
	1.9
	Univariable analyses; backward selection
	Logistic regression
	–
	AUC = 0.82
	–
	–

	Lin et al (2018) [175]
	Taiwan
	Patients with major depressive disorder treated with antidepressants (43.7)
	Treatment response at 8-week follow-up (Depression)
	Prognostic (course)
	421 (257)
	–
	Univariable analyses
	Multilayer feedforward neural network
	Cross-validation [N]
	AUC = 0.82
	–
	–

	
	
	“
	Symptom remission at 8-week follow-up (Depression)
	Prognostic (course)
	421 (139)
	–
	“
	“
	“
	AUC  = 0.81
	–
	–

	Liu et al (2015) [176]
	USA
	Adults reporting lifetime panic disorder within longitudinal survey (45.6)
	Recurrence of panic disorder after 2+ months without an attack (Anxiety)
	Prognostic (course)
	949 (171)
	–
	Forward and backward selection
	Logistic regression with shrinkage factor
	–
	c = 0.79
	Hosmer-Lemeshow
	Geographic validation in two independent US census regions (n = 732; c = 0.73)

	Liu et al (2017) [177]
	China
	Stroke patients (64.3)
	Presence of depression one month after stroke (Depression)

	Prognostic (onset)
	562 (226)
	8.07
	Backward selection
	Logistic regression; Decision trees
	Random split sample [N]
	AUC = 0.85
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Lorenzo-Luaces et al (2017) [178]
	Netherlands
	Patients with MDD within RCT comprising brief therapy, CBT or TAU conditions (36.4)
	Absence of MDD at 18-24 follow-up
(Depression)
	Predictive
	622 (450)
	34.6
	Theory-driven (previous research); inbuilt variable selection (LASSO)
	LASSO logistic regression
	Bootstrapping [Y]
	c = 0.73
	–
	–

	Lorimer et al (2021) [179]
	UK
	Patients who completed low-intensity cognitive behavioural therapy for depression or anxiety (43)
	Relapse during 12-month follow-up (Mixed Affective)
	Prognostic (course)
	317 (223)
	1.58
	Leave-one-variable-out loops
	Extreme gradient boosting
	Cross-validation [N]
	AUC = 0.84
	–
	–

	Maarsingh et al (2011) [180]
	Netherlands
	Older patients consulting primary care physician for persistent dizziness (78.5)
	Current presence of anxiety and/or depressive disorder (Mixed Affective)
	Diagnostic
	415 (90)
	3.46
	Univariable analyses; backward selection
	Logistic regression
	Bootstrapping [N]
	AUC = 0.82
	Calibration plot; Hosmer-Lemeshow
	–

	Maarsingh et al (2018) [181]
	Netherlands
	Older adults with current or lifetime depressive disorder (70.4)
	Presence of major depressive disorder at 2-year follow-up (Depression)
	Prognostic (course)
	270 (111)
	4.63
	Theory-driven (previous research; EPV); univariable analyses
	Logistic regression
	Bootstrapping [N]
	AUC = 0.75
	Calibration plot; Hosmer-Lemeshow
	Temporal validation using data from earlier data collection period (n = 197; AUC = 0.70)

	Mak et al (2011) [182]
	Singapore
	Patients with systemic lupus erythematosus (40.5)
	Clinically-significant anxiety symptoms (Anxiety)
	Diagnostic
	60 (23)
	1.21
	Univariable analyses
	Logistic regression
	–
	AUC = 0.90
	–
	–

	Mason et al (2004) [183]
	Australia
	Help-seeking youth at risk for psychosis (17.3)
	Conversion to psychosis during follow-up (Psychosis)
	Prognostic (onset)
	74 (37)
	–
	Theory-driven (previous research); forward selection
	Logistic regression
	–
	Sen. = 0.84
Spe. = 0.86
	–
	–

	Mechelli et al (2017) [184]
	Australia
	Matched sample of CHR individuals in specialist clinic who did and did not make transition to psychosis (19.5)
	Conversion to psychosis during follow-up (Psychosis)
	Prognostic (onset)
	198 (99)
	6.19
	Inbuilt variable selection
	Support vector machine
	Cross-validation [Y]
	Acc. = 0.65
Sen. = 0.69
Spe. = 0.61

	–
	–

	
	
	Matched sample of CHR individuals in specialist clinic with poor vs good functioning (19.7)
	Poor social and occupational functioning at last follow-up (Psychosis)
	Prognostic (course)
	96 (48)
	3
	“
	“
	“
	Acc. = 0.63
Sen. = 0.63
Spe. = 0.63

	–
	–

	Meehan et al (2020) [185]
	UK
	Youth within longitudinal birth cohort exposed to severe childhood victimisation (18)
	Psychiatric disorder diagnosis at age 18 (Transdiagnostic)
	Prognostic (onset)
	505 (308)
	11.4
	Theory-driven (previous research); inbuilt variable selection (LASSO)
	LASSO logistic regression
	Cross-validation [Y]
	AUC = 0.69
	Calibration plot
	–

	
	
	“
	Internalizing disorder diagnosis at age 18 (Transdiagnostic)
	Prognostic (onset)
	504 (194)
	7.19
	“
	“
	“
	AUC = 0.66
	“
	–

	
	
	“
	Externalizing disorder diagnosis at age 18 (Transdiagnostic)
	Prognostic (onset)
	505 (217)
	8.1
	“
	“
	“
	AUC = 0.73
	“
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Morel et al (2020) [186]
	USA
	Patients admitted to hospital with mental or substance use disorder diagnosis within insurance claims database (11-64)
	Readmission within 30 days from index hospital discharge (Transdiagnostic)
	Prognostic (course)
	97,688 (15,974)
	261.87
	Ranking-based method (feature importance)
	Extreme gradient boosting; Elastic net logistic regression
	Random split sample [N]
	AUC = 0.74
	–
	–

	Morrow et al (2020) [187]
	USA
	Youth in multi-wave household survey with parent-reported ADHD diagnosis (12.4)
	Receipt of psychosocial treatment for ADHD during past 12 months (ADHD)
	Diagnostic
	6,630 (2,757)
	4.13
	Available data; feature importance
	Classification and regression tree; Ensemble method; Neural network; Logistic regression
	Cross-validation [N]
	AUC = 0.78
	–
	Temporal validation using data from later study wave (n = 2,013; AUC = 0.72)

	Na, Cho, et al (2020) [188]
	South Korea
	Community dwelling adults within national longitudinal survey (46.6)
	Significant depressive symptoms for two consecutive years (Depression)
	Prognostic (onset)
	6,588 (209)
	8.70
	–
	Random forest
	Random split sample [N]
	AUC = 0.87
	–
	–

	Na, Geem, et al (2020) [189]
	South Korea
	Children within longitudinal cohort study (4.3)
	Persistent oppositionality over 4 consecutive years (ODD)
	Prognostic (course)
	1,323 (13)
	1.44
	–
	Random forest
	Random split sample [N]
	AUC = 0.98
	–
	–

	Nelson et al (2012) [190]
	Bulgaria, Croatia, Hungary, Poland, Romania, Russia, Slovakia, USA
	Placebo-treated patients with MDD drawn from eight duloxetine RCTs (45)
	Remission of depressive symptoms 7-8 weeks after randomisation (Depression)
	Prognostic (course)
	1,017 (282)
	–
	Forward selection; ranking-based method
	Logistic regression; Classification and regression trees
	Random split sample [N]
	AUC = 0.63
	–
	–

	Nelson et al (2013) [191]
	Australia
	CHR patients within specialist clinic (18.9)
	Transition to psychosis during 15-year follow-up (Psychosis)
	Prognostic (onset)
	311 (114)
	2.92
	Univariable analyses; forward and backward selection
	Cox proportional hazards regression
	–
	Sen. = 0.44-0.48
Spe. = 0.83-0.88
PPV = 0.39-0.72
NPV = 0.69-0.88
	–
	–

	Nichols et al (2018) [192]
	UK
	Matched sample of depressed males in primary care vs controls (age 15-18) 
	First recorded depression diagnosis (Depression)
	Prognostic (onset)
	18,776  (4,702)


	97.96
	Backward selection
	Logistic regression
	Random split sample [N]
	AUC = 0.71
	–
	–

	
	
	Matched sample of depressed males in primary care vs controls (age 19-24)
	First recorded depression diagnosis (Depression)
	Prognostic (onset)
	69,433 (17,526)
	365.13
	“
	“
	“
	AUC = 0.72
	–
	–

	
	
	Matched sample of depressed females in primary care vs controls (age 15-18)
	First recorded depression diagnosis (Depression)
	Prognostic (onset)
	46,172 (11,857)
	247.02
	“
	“
	“
	AUC = 0.72
	–
	–

	
	
	Matched sample of depressed females in primary care vs controls (age 19-24)
	First recorded depression diagnosis (Depression)
	Prognostic (onset)
	125,075 (33,236)
	692.42
	“
	“
	“
	AUC = 0.70
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Nie et al (2018) [193]
	USA
	Outpatients with MDD within antidepressant effectiveness study (n.a.)
	Treatment resistance, or failure to reach remission following two adequate trials (Depression)
	Predictive
	2,454 (642)
	0.92
	Inbuilt variable selection (variable importance; elastic net)
	Ridge logistic regression; Elastic net logistic regression; Random forest; Gradient boosting decision trees; Extreme gradient boosting
	Random split sample [N]
	AUC = 0.78
	–
	Overlapping features validated in hold-out test set from independent regional centres (n = 490; optimal AUC = 0.78), and data from independent clinical trial (n = 225; optimal AUC = 0.73)

	Nieman et al (2014) [194]
	Netherlands
	Help-seeking CHR individuals (19.9)
	Conversion to psychosis during 3-year follow-up (Psychosis)
	Prognostic (onset)
	58 (18)
	0.9
	Theory-driven (previous research); stepwise selection
	Cox proportional hazards regression
	Bootstrapping [N]
	AUC = 0.86
	–
	–

	Niemann et al (2020) [195]
	Germany
	Adult tinnitus patients treated at specialist centre (49.8)
	Clinical depression symptoms after 7-day outpatient treatment (Depression)
	Prognostic (onset)
	1,490 (777)
	4.2
	Feature selection wrapper
	LASSO logistic regression; Ridge logistic regression; K-nearest neighbour; Naïve Bayes; Support vector machine; Neural network; Generalized partial least squares; Classification and regression trees; Random forest; Gradient boosted trees
	Cross-validation [N]
	AUC = 0.87
	–
	–

	Nyberg et al (2016) [196]
	Sweden
	Parents of individuals who died by suicide between 15-30 years of age, identified using national records (n.a.)
	Moderate-to-severe depression 2-6 years after child’s death (Depression)
	Diagnostic
	665 (167)
	3.98
	Univariable and multivariable analyses
	Logistic regression
	Cross-validation [N]
	AUC = 0.72
	Calibration plot
	–

	Oh et al (2017) [197]
	South Korea
	Outpatients with depressive or anxiety disorder diagnosis (35.6)
	Past-month suicide attempt (Mixed Affective)
	Diagnostic
	573 (39)
	0.95
	Theory-driven (previous research; practical utility and relevance)
	Artificial neural network
	Random split sample [N]
	AUC = 0.93
	–
	–

	
	
	“
	Past-year suicide attempt (Mixed Affective)
	Diagnostic
	573 (68)
	1.66
	“
	“
	“
	AUC = 0.87
	–
	–

	
	
	“
	Lifetime history of suicide attempts (Mixed Affective)


	Diagnostic
	573 (163)
	3.98
	“
	“
	“
	AUC = 0.89
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Oh et al (2019) [198]
	USA
	Adults within US general-population health survey (n.a.)
	Above screening threshold for depression diagnosis (Depression)
	Diagnostic
	28,280 (2,242)
	14.28
	Inbuilt variable selection
	Deep learning; Support vector machine; Logistic regression; K-nearest neighbour; Decision trees
	Cross-validation [N]
	AUC = 0.91
	–
	US-based model validated (i) temporally using later survey waves (optimal AUC = 0.92), and (ii) cross-nationally in South Korean sample using 40 common predictors (n = 4,949; optimal AUC = 0.77)

	
	South Korea
	Adults within South Korean general-population health survey (n.a.)
	Above screening threshold for depression diagnosis (Depression)
	Diagnostic
	4,949 (344)
	1.09
	“
	“
	“
	AUC = 0.89
	–
	–

	Okamoto and Harasawa (2011) [199]
	Japan
	Community-dwelling older adults (59.8)
	Classification as depressed vs non-depressed based on median symptom score (Depression)
	Diagnostic
	690 (192)
	17.45
	Univariable analyses
	Discriminant function analysis
	–
	Acc. = 0.78
Sen. = 0.78
Spe. = 0.80

	–
	Geographic validation in later study (Cattelani et al, 2019) using independent samples from Ireland (n = 3,124; AUC = 0.68) and the UK (n = 7,920; AUC = 0.67)

	Papini et al (2018) [200]
	USA
	Adults admitted to Level I Trauma Center (46.7)
	PTSD status at 3-month follow-up (PTSD)
	Prognostic (onset)
	271 (110)
	2.68
	Inbuilt variable selection
	Extreme gradient boosting
	Cross-validation [Y]
	AUC = 0.85
	–
	–

	Parikh et al (2019) [201]
	Belgium; Germany; Ireland; Netherlands; USA
	Patients diagnosed with ASD and healthy controls (16.8)
	ASD diagnosis (ASD)
	Diagnostic
	851 (421)
	70.17
	A priori based on available data
	K-nearest neighbour; Support vector machine; Decision tree; Logistic regression Neural network; Random forest; Ensemble method
	Cross-validation [Y]
	AUC = 0.65
	–
	–

	Passos et al (2016) [202]
	USA
	Patients with bipolar or major depressive disorder (36.4)
	Historical suicide attempt (Mixed Affective)
	Diagnostic
	144 (43)
	2.87
	Theory-driven (previous research)
	LASSO logistic regression; Support vector machine; Relevance vector machine
	Cross-validation [N]
	AUC = 0.77
	–
	–

	Perez Arribas et al (2018) [203]
	UK
	Adults with bipolar disorder and healthy controls within longitudinal study (37.5)
	Classification of bipolar disorder patients vs healthy controls (Bipolar)
	Diagnostic 
	99 (48)
	–
	Available data
	Random forest
	Random split sample [N]
	AUC = 0.91
	–
	–

	
	
	Adults with borderline personality disorder and healthy controls within longitudinal study (35.5)
	Classification of borderline personality disorder patients vs healthy controls (BPD)


	Diagnostic
	82 (31)
	–
	
	“
	“
	AUC = 0.98
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Perlis (2013) [204]
	USA
	Outpatients with MDD within antidepressant effectiveness study 
(41.3)
	Treatment resistance, or failure to reach remission following two adequate trials
(Depression)
	Predictive
	2,094 (737)
	15.35
	Theory-driven (practical utility or relevance); Wrapper subset evaluation
	Logistic regression; Naïve Bayes; Random forest; Support vector machine
	Random split sample [N]
	AUC = 0.72
	Calibration plot; Hosmer-Lemeshow
	–

	Pradier et al (2021) [205]
	USA
	Adult outpatients prescribed with antidepressant (48)
	Conversion to bipolar diagnosis within 3 months of antidepressant prescription (Bipolar)
	Prognostic (onset)
	42,547 (636)
	0.07
	Inbuilt variable selection
	LASSO logistic regression; Random forest
	Random split sample [N]
	AUC = 0.80
	Calibration plot
	Geographic validation in hold-out independent site (n = 25,260; AUC = 0.70)

	Rabelo-da-Ponte et al (2020) [206]
	Brazil
	Adults within prospective birth cohort (22)
	Bipolar disorder diagnosis at age 22 follow-up (Bipolar)
	Prognostic (onset)
	3,778 (255)
	4.81
	Theory-driven (previous research); inbuilt variable selection (elastic net)
	Elastic net logistic regression
	Random split sample [N]
	AUC = 0.82
	–
	–

	Raket et al (2020) [207]
	USA
	Matched sample of first-episode psychosis patients and random non-psychotic controls within electronic health record (43.5)
	1-year risk of first-episode psychosis (Psychosis)
	Prognostic (onset)
	145,720 (72,860)

	14.87
	Available data
	Recurrent neural network
	Random split sample [N]
	AUC = 0.86
	–
	Geographic validation in patient subset whose healthcare encounters took place at external providers (n = 4,770; AUC = 0.80)

	Reps et al (2020) [208]
	USA
	Patients with first-time opioid dispensing, drawn from claims database (48.5)
	Opioid use disorder during 1-year follow-up (SUDs)
	Prognostic (onset)
	2,897,134 (4,262)
	0.05
	Inbuilt feature selection (LASSO); a priori based on subjective evaluation
	LASSO logistic regression
	Random split sample [N]
	AUC = 0.72
	Calibration plot
	Geographic validation in three independent claims databases (n = 4,540,979, AUC = 0.77; n = 579,563, AUC = 0.83; n = 630,022, AUC = 0.75)

	Rezaii et al (2019) [209]
	USA
	Matched sample of CHR individuals within longitudinal study (21)
	Conversion to psychosis during 2-year follow-up (Psychosis)
	Prognostic (onset)
	30 (7)
	–
	Inbuilt variable selection
	Latent content analysis
	–
	Acc. = 0.93
Sen. = 0.86
Spe.= 0.96

	–
	Temporal validation using holdout sample from later wave (n = 10; Acc. = 0.90)

	Riecher-Rössler et al (2009) [210]
	Switzerland
	Outpatients at risk for psychosis within specialised clinic (26.3)
	Conversion to psychosis during 7-year follow-up (Psychosis)
	Prognostic (onset)
	53 (21)
	–
	Backward selection
	Logistic regression
	Cross-validation [N]
	AUC = 0.87
	–
	–

	Rocha et al (2021) [211]
	Brazil
	Children in prospective cohort study (18)
	Major depressive disorder diagnosis at age 18-19 years (Depression)

	Prognostic (onset)
	2,192 (69)
	1.73
	Theory-driven (previous research; data availability)
	Logistic regression with penalised maximum likelihood estimation
	Bootstrapping [Y]
	AUC = 0.78
	Calibration plot; calibration-in-the-large; calibration slope
	Geographic validation using samples from (i) New Zealand (n = 739; c = 0.63), (ii) the UK (n = 1,144 ; c = 0.59), and (iii) in a separate publication, Nepal (Brathwaite et al, 2020: n = 126; c = 0.73)




	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Roglio et al (2020) [212]
	Brazil
	Male inpatients with cocaine use disorder (34.3)
	Lifetime suicide attempt (SUDs)
	Diagnostic
	247 (84)
	1.47
	Theory-driven (previous research); inbuilt variable selection (recursive feature elimination)
	Random forest
	Random split sample [N]
	AUC = 0.68
	–
	–

	
	
	Female inpatients with cocaine use disorder (31.4)
	Lifetime suicide attempt (SUDs)
	Diagnostic
	422 (211)
	3.70
	“
	“
	“
	AUC = 0.73
	–
	–

	Rosellini, Dussaillant, et al (2018) [213]
	Chile
	Household survey of individuals living in Chile during 2010 earthquake (50.3)
	Probable PTSD diagnosis at follow-up (PTSD)
	Prognostic (onset)
	23,907 (3,182)
	47.49
	Theory-driven (previous research); inbuilt variable selection
	Super Learner ensemble
	Bootstrapping [N]
	AUC = 0.79
	–
	–

	Rosellini, Stein, et al (2018) [214]
	USA
	Four-wave panel survey of soldiers deployed to Afghanistan (n.a.)
	Major depressive episode criteria reported for at least 3 months of deployment (Depression)
	Prognostic (onset)
	7,081 (395)
	1.45
	Univariable analyses; inbuilt variable selection (LASSO)
	Super Learner ensemble
	Cross-validation [N]
	AUC = 0.88
	–
	–

	
	
	“
	Generalized anxiety disorder criteria reported for at least 3 months of deployment (Anxiety)
	Prognostic (onset)
	7,081 (400)
	1.47
	“
	“
	“
	AUC = 0.85
	–
	–

	Rosellini et al (2020) [215]
	USA
	Adults within longitudinal household survey (46)
	Incident occurrence of generalized anxiety disorder since baseline (Anxiety)
	Prognostic (onset)
	33,018 (1,126)
	5.29
	Univariable analyses; inbuilt variable selection (LASSO)
	Super Learner ensemble
	Cross-validation [N]
	AUC = 0.80
	Calibration statistics (slope)
	–

	
	
	Adults within longitudinal household survey (46.1)
	Incident occurrence of social phobia since baseline (Anxiety)
	Prognostic (onset)
	32,714 (648)
	3.04
	“
	“
	“
	AUC = 0.78
	“
	–

	
	
	Adults within longitudinal household survey (46.1)
	Incident occurrence of  panic disorder since baseline (Anxiety)
	Prognostic (onset)
	32,902 (559)
	2.62
	“
	“
	“
	AUC = 0.79
	“
	–

	
	
	Adults within longitudinal household survey (46.5)
	Incident occurrence of major depressive disorder since baseline (Depression)
	Prognostic (onset)
	27,769 (1,708)
	8.02
	“
	“
	“
	AUC = 0.76
	“
	–

	
	
	Adults within longitudinal household survey (46.5)
	Incident occurrence of manic or hypomanic episode since baseline (Bipolar)
	Prognostic (onset)
	32,496 (972)
	4.56
	“
	“
	“
	AUC = 0.83
	“
	–

	Ruhrmann et al (2010) [216]
	Finland, Germany, Netherlands, UK
	Help-seeking CHR individuals within longitudinal study (23.6)
	Conversion to psychosis during 18-month follow-up (Psychosis)
	Prognostic (onset)
	183 (37)
	0.42
	Univariable analyses; backward selection
	Cox proportional hazards regression
	–
	AUC = 0.81
	–
	Geographic validation in later publication (Haidl et al, 2018: n = 235; AUC = 0.77)

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Russo et al (2013) [217]
	USA
	Hospitalised adult trauma survivors (38.2)
	High PTSD symptom levels (PTSD)
	Diagnostic
	878 (350)
	4.38
	Univariable analyses
	Logistic regression
	–
	AUC = 0.72
	–
	Validated in independent sample of injured inpatients in same centre (n = 142; AUC = 0.66)

	
	
	Longitudinal patient subsample comprising intervention vs usual care conditions (n.a.)
	PTSD diagnosis 1 month post-injury (PTSD)
	Prognostic (onset)
	207 (n.a.)
	–
	“
	“
	–
	AUC = 0.60
	–
	–

	
	
	Longitudinal patient subsample comprising intervention vs usual care conditions (n.a.)
	PTSD diagnosis 6 months post-injury (PTSD)
	Prognostic (onset)
	207 (n.a.)
	–
	“
	“
	–
	AUC = 0.65
	–
	–

	
	
	Longitudinal patient subsample comprising intervention vs usual care conditions (n.a.)
	PTSD diagnosis 12 months post-injury (PTSD)
	Prognostic (onset)
	207 (n.a.)
	–
	“
	“
	–
	AUC = 0.67
	–
	–

	Sau and Bhakta (2017a) [218]
	India
	Older adult outpatients (66.6)
	Current presence of depression (Depression)
	Diagnostic
	105 (48)
	4
	Available data
	Artificial neural network
	Random split sample [N]
	AUC = 0.99
	–
	–

	Sau and Bhakta (2017b) [219]
	India
	Older adult outpatients (68.5)
	Current presence of anxiety or depression (Mixed Affective)
	Diagnostic
	510 (246)
	12.3
	Correlation-based subset evaluation
	Bayesian network; Multilayer perceptron; Naïve Bayes; Random forest; Random tree; J48, sequential minimal optimisation; random sub-space; K Star
	Cross-validation [N]
	AUC = 0.94
	–
	Geographic validation using independent outpatient sample (n = 110; Acc. = 0.91)

	Saxe et al (2017) [220]
	USA
	Hospitalised youth (7-18)
	High levels of PTSD symptoms 3 months after discharge (PTSD)
	Prognostic (onset)
	163 (11)
	0.19
	Inbuilt variable selection
	Support vector machine; Random forest; LASSO logistic regression
	Cross-validation [Y]
	AUC = 0.79
	–
	–

	Schepers et al (2009) [221]
	Netherlands
	Stroke patients admitted for  rehabilitation (56.3)
	Depressive symptoms 1 year post-stroke (Depression)
	Prognostic (onset)
	131 (33)
	2.54
	Stepwise selection
	Logistic regression
	–
	AUC = 0.83
	–
	–

	
	
	“
	Depressive symptoms 3 years post-stroke (Depression)






	Prognostic (onset)
	131 (21)
	1.62
	“
	“
	–
	AUC = 0.96
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Schultebraucks, Qian, et al (2020) [222]
	USA
	Active-duty army personnel deployed to Afghanistan (26.4)
	Membership of increasing vs resilient PTSD symptom trajectory 90-180 days post-deployment (PTSD)
	Prognostic (course)
	473 (43)
	0.38
	Theory-driven (previous research); inbuilt variable selection (variable importance)
	Random forest; Support vector machine
	Random split sample [N]
	AUC = 0.87
	–
	–

	
	
	“
	Provisional PTSD diagnosis 90-180 days post-deployment (PTSD)
	Prognostic (onset)
	473 (36)
	0.32
	“
	“
	“
	AUC = 0.88
	–
	–

	Schultebraucks, Shalev, et al (2020) [223]
	USA
	Longitudinal study of adult emergency department patients reporting traumatic event (36.1)
	Membership of non-remitting vs resilient PTSD symptom trajectory (PTSD)
	Prognostic (course)
	253 (41)

	0.49
	Theory-driven (previous research; data availability)
	Ensemble method (Super Learner)
	Random split sample [N]
	AUC = 0.69
	Calibration plot
	Geographic validation using independent prospective cohort of emergency department patients (n = 93; AUC = 0.86)

	
	
	“
	Provisional PTSD diagnosis at 12-month follow-up (PTSD)
	Prognostic (onset)
	258 (40)
	0.48



	“
	“
	“
	–
	“
	Geographic validation using independent prospective cohort of emergency department patients (n = 75; AUC = 0.87)

	Serretti et al (2007) [224]
	Italy
	Inpatients with major depressive episode within open-label trial (51)
	Treatment response following 6-week trial (Mixed Affective)
	Prognostic (course)
	116 (87)
	5.8
	Available data
	Logistic regression; Artificial neural network
	Random split sample [N]
	AUC = 0.77
	–
	–

	Setyawan et al (2015) [225]
	Belgium, France, Germany, Hungary, Italy, Netherlands, Poland, Spain, Sweden, UK
	Patients receiving one of two medication treatments for ADHD within RCT (10.7)
	Treatment failure (<25% symptom improvement) at 7-week follow-up (ADHD)
	Predictive
	101 (76)
	–
	Inbuilt variable selection (LASSO)
	LASSO logistic regression
	–
	AUC = 0.86
	Hosmer-Lemeshow
	–

	Shalev et al (2019) [226]
	Australia, Israel, Japan, Netherlands Switzerland, USA
	Recent trauma survivors within acute care settings (39)
	PTSD diagnosis at 4-15-month follow-up (PTSD)
	Prognostic (onset)
	2,473 (291)
	29.1
	Theory-driven (practical utility or relevance); multivariate significance
	Logistic regression
	Bootstrapping [N]
	AUC = 0.85
	Calibration statistics (slope)
	–

	Silveira Jr et al (2020) [227]
	Brazil
	Outpatients with anxiety disorder, OCD, PTSD, MDD, bipolar, schizoaffective disorders or schizophrenia (44.1)
	High vs low levels of rumination (Transdiagnostic)
	Diagnostic
	200 (n.a.)
	–
	Inbuilt variable selection (recursive feature elimination)
	Support vector machine; Artificial neural network; Random forest
	Cross-validation [N]
	AUC = 0.83
	–
	–

	Silverstein et al (2016) [228]
	USA
	Youth from primary care clinic (8.7)
	Current ADHD diagnosis (ADHD)



	Diagnostic
	156 (64)
	9.14
	Forward selection
	Logistic regression
	Bootstrapping [N]
	AUC = 0.84
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Simon et al (2018) [229]
	USA
	Outpatients recording mental health diagnosis in speciality mental health clinic visit (n.a.)
	Probable suicide attempt within 90 days of visit (Transdiagnostic)
	Prognostic (course)
	10,275,853 (63,799)
	203.83
	Inbuilt variable selection (LASSO)
	LASSO logistic regression
	Random split sample [N]
	c = 0.85
	Predicted vs observed outcome probabilities
	–

	
	
	Outpatients recording mental health diagnosis in speciality mental health clinic visit (n.a.)
	Suicide death within 90 days of visit (Transdiagnostic)
	Prognostic (course)
	10,275,853 (2,383)
	7.61
	“
	“
	“
	c = 0.86
	“
	–

	
	
	Outpatients recording mental health diagnosis in speciality primary clinic visit (n.a.)
	Probable suicide attempt within 90 days of visit (Transdiagnostic)
	Prognostic (course)
	9,685,206 (24,990)
	79.84
	“
	“
	“
	c = 0.85
	“
	–

	
	
	Outpatients recording mental health diagnosis in speciality primary clinic visit (n.a.)
	Suicide death within 90 days of visit (Transdiagnostic)
	Prognostic (course)
	9,685,206 (1,301)
	4.16
	“
	“
	“
	c = 0.83
	“
	–

	Slobodin et al (2020) [230]
	Israel
	Child outpatients and control subjects who were administered continuous performance test (8.7)
	Classification of ADHD group vs typically developing peers (ADHD)
	Diagnostic
	458 (213)
	26.63
	Available data
	Random forest; Neural network
	Random split sample, repeated [N]
	Acc. = 0.87
Sen. = 0.89
Spe. = 0.84
	–
	–

	Studerus et al (2020) [231]
	Switzerland
	CHR patients within longitudinal study (25)
	Conversion to psychosis during 5-year follow-up (Psychosis)
	Prognostic (onset)
	196 (42)
	4.67
	Theory-driven (previous research); Inbuilt variable selection (LASSO)
	Bayesian joint modelling
	Cross-validation [N]
	AUC = 0.71
	Integrated prediction error
	–

	Thompson et al (2011) [232]
	Australia
	CHR patients within longitudinal study (19.3)
	Conversion to psychosis during 1-year follow-up (Psychosis)
	Prognostic (onset)
	104 (41)
	8.2
	Theory-driven (previous research); backward selection
	Cox proportional hazards regression
	–
	Sen. = 0.37
Spe. = 0.87
PPV = 0.65
NPV = 0.68
	–
	–

	Tondo et al (2014) [233]
	Italy
	Adult mood-disorder patients with presenting first episode of major depression (44.7)
	Bipolar disorder diagnostic criteria met during 13-year follow-up (Depression)
	Prognostic (course)
	2,146 (642) 
	42.8
	Univariable analyses; forward selection
	Bayesian analysis
	–
	AUC = 0.72
	–
	–

	Tulloch et al (2016) [234]
	UK
	Patients discharged from secondary mental health services (39.1)
	90-day readmission following hospital discharge (Transdiagnostic)
	Prognostic (course)
	7,891 (1,156)
	33
	Multivariate significance; backward selection
	Logistic regression
	–
	AUC = 0.65
	Hosmer-Lemeshow
	–

	Usta et al (2019) [235]
	Turkey
	Children diagnosed with ASD within longitudinal study (6)
	Improvement in ASD symptoms at 36-month follow-up (ASD)


	Prognostic (course)
	185 (144)
	0.57
	Principal component analysis
	Naïve Bayes; Generalized linear model; Logistic regression; Decision tree 
	Cross-validation [N]
	AUC = 0.71
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	van Breda et al (2018) [236]
	France, Germany, Netherlands, Poland, Spain, Sweden, Switzerland, UK
	Patients receiving treatment-as-usual within effectiveness study (n.a.)
	Therapy success (significant symptom improvement) at 3-month follow-up (Depression)
	Predictive
	276 (45)

	0.15
	Feature similarity; recursive feature elimination
	Random forest; K-nearest neighbour; General linear model
	Random split sample, repeated
[N]
	AUC = 0.76
	–
	–

	
	
	Patients receiving blended treatment within effectiveness study (n.a.)
	Therapy success (significant symptom improvement) at 3-month follow-up (Depression)
	Predictive
	227 (58)

	0.21
	“
	Random forest; K-nearest neighbour; General linear model
	“
	AUC = 0.78
	–
	–

	van der Aa et al (2016) [237]
	Australia Belgium,
Netherlands,
	Visually impaired outpatients from rehabilitation centre (n.a.)
	Subthreshold depressive symptoms (Depression)
	Diagnostic
	873
	–
	Multivariate significance
	Logistic regression
	Cross-validation [N]
	AUC = 0.80
	Calibration plot; Hosmer-Lemeshow
	Geographic validation using Australian patient sample (n = 124; AUC = 0.88)

	van Heumen et al (2018) [238]
	Netherlands
	Adult women retrospectively reporting a traumatic birth experience (n.a.)
	Postpartum PTSD diagnosis (PTSD)
	Diagnostic
	1,599 (278)
	9.27
	Univariable analyses; backward selection
	Logistic regression
	–
	AUC = 0.80
	–
	–

	van Loo et al (2015) [239]
	USA
	Female twins reporting major depressive episode in previous year (30.7)
	Recurrence of major depression during follow-up (Depression)
	Prognostic (course)
	194 (101)
	1.25
	Inbuilt variable selection (elastic net)
	Elastic net logistic regression
	Cross-validation [N]
	AUC = 0.79
	Other (Kaplan Meier survival curve)
	Geographic validation using independent sample (n = 133; AUC = 0.61)

	van Loo et al (2018) [240]
	USA
	Twins reporting a past-year major depressive episode (35.3)
	Recurrence of major depression during 5-year follow-up (Depression)
	Prognostic (course)
	653 (405)
	5.79
	Inbuilt variable selection (elastic net)
	Elastic net cox regression
	–
	AUC = 0.75
	Other (Kaplan Meier survival curve)
	–

	
	
	Male twins reporting a past-year major depressive episode (34.9)
	Recurrence of major depression during 5-year follow-up (Depression)
	Prognostic(course)
	427 (n.a.)
	–
	Inbuilt variable selection (elastic net)
	“
	Random split sample [N]
	AUC = 0.71
	Other (Kaplan Meier survival curve)
	Validated in opposite-sex (female) test sample (n = 226; AUC = 0.69)

	
	
	Female twins reporting a past-year major depressive episode (35.9)
	Recurrence of major depression during 5-year follow-up (Depression)
	Prognostic (course)
	226 (n.a.)
	–
	Inbuilt variable selection (elastic net)
	“
	–
	AUC = 0.78
	Other (Kaplan Meier survival curve)
	Validated in opposite-sex (male) test sample (n = 427; AUC = 0.68)

	van Voorhees et al (2008) [241]
	USA
	Adolescents within longitudinal study (15.6)
	Onset of depressive episode at 1-year follow-up (Depression)
	Prognostic (onset)
	4,373 (122)
	2.35
	Inbuilt variable selection (variable importance)
	Classification and regression trees
	Random split sample [N]
	AUC = 0.78
	–
	–

	Vöhringer et al (2013) [242]
	Chile
	Adult primary care patients  (48.5)
	Current (past month) presence of major depressive or manic/hypomanic episode (Mixed Affective)
	Diagnostic
	197 (72)
	2
	Theory-driven (prev. research); univariable analyses; backward selection
	Logistic regression with shrinkage factor
	Cross-validation [N]
	AUC = 0.80
	Hosmer-Lemeshow
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Vöhringer et al (2016) [243]
	Chile
	Adult patients from tertiary mood disorder clinic (41)
	Bipolar illness triad classification using triad model (Bipolar)
	Diagnostic
	260 (118)
	7.38
	Univariable analyses; backward selection
	Logistic regression
	–
	AUC = 0.91
	–
	–

	
	
	“
	Bipolar illness classification using full model (Bipolar)
	Diagnostic
	260 (118)
	7.38
	“
	“
	–
	AUC = 0.95
	–
	–

	
	
	“
	BPD classification (BPD)

	Diagnostic
	260 (52)
	3.25
	“
	“
	–
	AUC = 0.67
	–
	–

	Wang et al (2013) [244]
	Canada
	Male adults within longitudinal survey (46.3)
	4-year risk of major depressive episode (Depression)
	Prognostic (onset)
	4,737 (249)
	–
	Univariable analyses; forward selection
	Logistic regression
	–
	c = 0.80
	Calibration plot; Hosmer-Lemeshow test
	Temporal validation using participants eligible for inclusion during later study waves (n = 3,484; c = 0.77)

	
	
	Female adults within longitudinal survey (48.9)
	4-year risk of major depressive episode (Depression)
	Prognostic (onset)
	5,864 (485)
	–
	“
	“
	–
	c = 0.77
	“
	Temporal validation using participants eligible for inclusion during later study waves (n = 4,418; c = 0.74)

	Wang, Patten, et al (2014) [245]
	USA
	Adults within longitudinal study with current or lifetime MDE (45.4)
	Recurrence of major depression at ~3-year follow-up (Depression)
	Prognostic (course)
	1,518 (382)
	–
	Forward and backward selection
	Logistic regression with shrinkage factor
	–
	c = 0.75
	Hosmer-Lemeshow 
	Geographic validation using subjects from independent regional centres (n = 1,195; c = 0.72)

	Wang, Sareen, et al (2014) [246]
	USA
	Adults within longitudinal study (45.8)
	Onset of major depression at ~3-year follow-up (Depression)
	Prognostic (onset)
	21,813 (1,363)
	–
	Univariable analyses; forward and backward selection
	Logistic regression with shrinkage factor
	–
	c = 0.75
	Calibration plot; Hosmer-Lemeshow
	Geographic validation using participants from an independent census region (n = 6,246; c = 0.73)

	Wang et al (2019) [247]
	USA
	Clinical registry of pregnant women (34.1)
	Postpartum depression diagnosis within 12 months of childbirth (Depression)
	Prognostic (onset)
	9,980 (769)
	3
	Univariable analyses
	Support vector machine; Ridge logistic regression; Random forest; Naïve Bayes; Extreme gradient boosting; Decision trees
	Cross-validation [N]
	AUC = 0.79
	–
	–

	Wang et al (2020) [248]
	Canada
	Adult patients with schizophrenia spectrum disorder (41.7)
	History of physical violence (Psychosis)
	Diagnostic
	275 (103)
	3.68 
	Theory-driven (previous research)
	LASSO logistic regression; Elastic net logistic regression; Random forest; Gradient boosted regression trees; Support vector machine; Radial basis function kernels
	Cross-validation [N]
	AUC = 0.63
	–
	–

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Wolf et al (2018) [249]
	Sweden
	Individuals discharged from secure psychiatric hospitals (36)
	Violent offending within 12 months of discharge (Transdiagnostic)
	Prognostic (course)
	1,817 (159)
	7.95
	Theory-driven (previous research); backward selection
	Cox proportional hazards regression
	Bootstrapping [N]
	c = 0.77
	Calibration plot
	–

	
	
	“
	Violent offending within 24 months of discharge (Transdiagnostic)

	Prognostic (course)
	1,583 (249)
	12.45
	“
	“
	“
	c = 0.77
	“
	–

	Wshah et al (2019) [250]
	USA
	Patients in Level 1 trauma centre who experienced traumatic event (35)
	Likely PTSD diagnosis during 45-day follow-up (PTSD)
	Prognostic (onset)
	90
	–
	Inbuilt variable selection
	Ensemble classifier; logistic regression; Naïve Bayes; Support vector machine; Random forest 
	Cross-validation [N]
	AUC = 0.85
	–
	–

	Wu et al (2016) [251]
	USA
	Euthymic bipolar disorder patients and matched controls (35.6)
	Current euthymic bipolar disorder diagnosis (Bipolar)
	Diagnostic
	42 (21)
	0.57
	Theory-driven (previous research); inbuilt variable selection (LASSO)
	LASSO logistic regression
	Cross-validation [N]
	AUC = 0.71
	–
	–

	Xu et al (2019) [252]
	USA
	Elderly adults within longitudinal household survey (n.a.)
	Onset of depressive disorder during 2-year follow-up (Depression)
	Prognostic (onset)
	5,686 (2,843)
	–
	Inbuilt variable selection
	Recurrent neural network; Dynamic Bayesian network;
Multilayer perceptron; Support vector machine
	Temporal internal validation [Y]
	c = 0.87
	–
	–

	Yung et al (2003) [253]
	Australia
	CHR subjects within specialist clinic (19.1)
	Conversion to psychosis during 1-year follow-up (Psychosis)
	Prognostic (onset)
	49 (20)
	1.82
	Univariable analyses
	Cox proportional hazards regression
	–
	Sen. = 0.65-0.90
Spe. = 0.84-0.93
PPV = 0.60-0.87
NPV = 0.77-0.97
	–
	–

	Yung et al (2004) [254]
	Australia
	CHR subjects within specialist clinic (19.4)
	Conversion to psychosis during 1-year follow-up (Psychosis)
	Prognostic (onset)
	104 (36)
	1.8
	Univariable analyses
	Cox proportional hazards regression
	–
	Sen. = 0.60
Spe. = 0.93
PPV = 0.81
NPV = 0.82
	–
	–

	Zhang, Xu, Tang, et al (2019) [255]
	China
	CHR patients (20.5)
	Conversion to psychosis during follow-up (Psychosis)







	Prognostic (onset)
	349 (83)
	3.45
	Univariable analyses
	Logistic regression
	–
	AUC = 0.74
	–
	Validated in independent CHR subjects (i) within the same study (n = 91; AUC = 0.80) and (ii) in a separate publication (Osborne & Mittal, 2019: n = 62; AUC = 0.65)



	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Zhang, Xu, Li, et al (2019) [256] 
	China
	CHR individuals (19.1)
	Conversion to psychosis during 2-year follow-up (Psychosis)
	Prognostic (onset)
	196 (51)
	3.64
	Factor analysis
	Cox proportional hazards regression
	Bootstrapping [N]
	AUC = 0.78
	Hosmer-Lemeshow
	Temporal validation using independent CHR subjects from later study phase (n = 93; AUC = 0.80)

	Zhang et al (2020) [257]
	China
	Pregnant women drawn from maternity and child care centres (28.6)
	Depression at 6 weeks postpartum (Depression)
	Prognostic (onset)
	508 (173)
	3.33
	Theory-driven (clinical utility or relevance); random forest feature selection
	Random forest; Support vector machine
	Random split sample [N]
	AUC = 0.78
	–
	–

	Ziermans et al (2014) [258]
	Netherlands
	Help-seeking CHR adolescents (15.2)
	Conversion to psychosis during 6-year follow-up (Psychosis)
	Prognostic (onset)
	43 (10)
	–
	Backward selection
	Logistic regression
	–
	AUC = 0.82
	–
	–

	Zuithoff et al (2009) [259]
	Netherlands
	Adult primary care patients (44.7)
	Presence of major depressive disorder at baseline (Depression)
	Diagnostic
	1,046 (157)
	9.81
	Theory-driven (previous research; clinical reasoning); backward selection
	Logistic regression
	Bootstrapping [N]
	c = 0.80
	Calibration plot
	–

	External validation only

	Brathwaite et al (2020) [260]
	Nepal
	Former child soldiers and matched civilian adolescents (11-18)
	Clinically relevant depressive symptoms at follow-up when aged 18 or older (Depression)
	Prognostic (onset)
	126 (25)
	<100
	
	
	
	AUC = 0.73
	Calibration plot; calibration statistics (intercept, slope
	

	Carrión et al (2016) [261]
	USA
	CHR youth from multi-site clinical trial (16.6)
	Conversion to psychosis during 2-year follow-up (Psychosis)
	Prognostic (onset)
	176 (12)
	<100
	
	
	
	AUC = 0.79
	–
	

	Fusar-Poli, Werbeloff, et al (2019) [262]
	UK
	Clinical registry of non-psychotic patients (40.9)
	6-year risk of developing psychosis (Psychosis)
	Prognostic (onset)
	13,702 (490)
	>100
	
	
	
	c = 0.73
	Calibration statistics (slope)
	

	King et al (2013) [263]
	Portugal, Slovenia, Spain, UK
	Primary care patients in prospective study without major depressive episode during first 12 months (18-75)
	Onset of major depression between 12- and 24-month follow-up (Depression)
	Prognostic (onset)
	2,440 (78)
	<100
	
	
	
	c = 0.73
	Calibration plot
	

	Negatsch et al (2019) [264]
	Germany
	Patients in prison hospital diagnoses with schizophrenia-spectrum or bipolar disorder (32)
	Violent behaviour during treatment episode (Psychosis/Bipolar)
	Diagnostic
	474 (191)
	>100
	
	
	
	AUC = 0.72
	Hosmer-Lemeshow
	

	Nigatu, Liu, and Wang (2016) [265]
	USA
	Adults within general-population longitudinal study (43.8)
	New onset of major depressive episode during 3-year follow-up (Depression)
	Prognostic (onset)
	24,311 (1,945)
	>100
	
	
	
	c = 0.71
	Calibration plot; Hosmer-Lemeshow
	

	Author (Year)
	Country
	Study setting (mean age or age range, years)
	Outcome (Psychiatric domain)
	Model type
	Sample size
(N events)
	EPV1
	Predictor selection
	Prediction modelling method2
	Internal validation
[Valid: Y/N]
	Discrimination3
	Calibration
	External validation

	Nigatu and Wang (2019) [266]
	USA
	Adults within general-population longitudinal study (18-75)
	New onset of generalized anxiety or panic syndrome during 2-year follow-up (Anxiety)
	Prognostic (onset)
	24,626 (1,379)
	>100
	
	
	
	c = 0.62
	Calibration plot; Hosmer-Lemeshow 
	

	Osborne and Mittal (2019) [267]
	USA
	CHR youth within longitudinal study (18.6)
	Conversion to psychosis during 2-year follow-up (Psychosis)
	Prognostic (onset)
	62 (7)
	<100
	
	
	
	AUC = 0.71 (NAPLS-2); 0.65 (SIPS-RC)
	–
	


Abbreviations: Acc., accuracy; ADHD, attention-deficit/hyperactivity disorder; ASD, autism spectrum disorder; AUC, area-under-the-[ROC]curve; BAC, balanced accuracy; BPD, borderline personality disorder; BPSD, bipolar spectrum disorder; c, concordance index; CHR, clinical high-risk; EPV, events per variable; ID, intellectual disability; LASSO, least absolute shrinkage and selection operator; MDD, major depressive disorder; n.a., not available; NPV, negative predictive value; OCD, obsessive-compulsive disorder; PPV, positive predictive value; PTSD, post-traumatic stress disorder; RCT, randomised control trial; Sen., sensitivity; Spe., specificity; SUDs, substance use disorders.

1 All values are approximate EPV estimates, calculated using the best available information for the number of events and candidate predictors provided within each study. Additionally, for external validation studies, we report whether or not there were at least 100 events in the validation sample, as this is the recommended criterion for evaluating EPV in these studies

2 Where several statistical methods were used to develop prediction models in a single study, the modelling method associated with the strongest performance estimates, or specified by the study authors as the preferred modelling approach, is reported in italics

3 Where both an apparent and internally-validated c-index or AUC was reported within a single study, the internally-validated estimate is recorded here (these can be identified by cross-referencing the ‘Internal validation technique’ column)

4 As this study sample combined both psychotic and bipolar I symptoms, the final diagnostic classification (Psychosis) was based on the symptoms with the highest prevalence in the sample.

5 The model first developed by Fusar-Poli et al. [107] was also subject to decision-curve analysis to estimate net benefit, as well as two feasibility implementation studies that have since been published [268,269]. 

Supplementary Table S3. Quality assessment (risk of bias) ratings for reviewed studies
	Study
	Domain

	
	Participants
	Predictors
	Outcome
	Analysis
	Overall

	MODEL DEVELOPMENT ANALYSES

	Abdullah-Koolmees et al (2018) [40]
	Low
	High
	Low
	High
	High

	Acion et al (2017) [41]
	High
	Low
	Low
	High
	High

	Addington et al (2010) [42] {1}
	Low
	Low
	Low
	High
	High

	Addington et al (2010) [42] {2}
	Low
	Low
	Low
	High
	High

	Addington et al (2010) [42] {3}
	Low
	Low
	Low
	High
	High

	Addington et al (2017) [43]
	Low
	Low
	Low
	High
	High

	Agne et al (2020) [44]
	Low
	High
	High
	High
	High

	Ahn et al (2016) [45]
	Low
	Unclear
	Unclear
	High
	High

	Ahn and Vassileva (2016) [46] {1}
	Low
	Unclear
	Unclear
	High
	High

	Ahn and Vassileva (2016) [46] {2}
	Low
	Unclear
	Unclear
	High
	High

	Amminger et al (2015) [47] {1}
	Low
	Low
	Low
	High
	High

	Amminger et al (2015) [47] {2}
	Low
	Low
	Low
	High
	High

	Andrews et al (2017) [48]
	Low
	Low
	Low
	High
	High

	Askland et al (2015) [49]
	Low
	Low
	Low
	High
	High

	Bares et al (2017) [50]
	Low
	High
	Low
	High
	High

	Barnes et al (2019) [51]
	Low
	Low
	Low
	High
	High

	Barros et al (2017) [52]
	Low
	Unclear
	Unclear
	High
	High

	Bauer et al (2019) [53] {1}
	High
	Unclear
	Unclear
	High
	High

	Bauer et al (2019) [53] {2}
	High
	Unclear
	Unclear
	High
	High

	Bellón et al (2011) [54]
	Low
	Low
	Low
	High
	High

	Birmaher et al (2018) [55]
	Low
	Low
	Low
	High
	High

	Birmaher et al (2020) [56]
	Low
	Low
	Low
	High
	High

	Birnbaum et al (2019) [57]
	Low
	High
	Low
	High
	High

	Birnbaum et al (2020) [58] {1}
	Low
	Low
	Low
	High
	High

	Birnbaum et al (2020) [58] {2}
	Low
	Low
	Low
	High
	High

	Bishop-Fitzpatrick et al (2018) [59]
	Low
	Low
	Low
	High
	High

	Bledsoe et al (2016) [60]
	Low
	High
	Low
	High
	High

	Boer et al (2019) [61] {1}
	Low
	Low
	Low
	High
	High

	Boer et al (2019) [61] {2}
	Low
	Low
	Low
	High
	High

	Bokma et al (2020) [62]
	Low
	Low
	Low
	High
	High

	Boscarino et al (2011) [63]
	Low
	Low
	Low
	High
	High

	Breen et al (2019) [64]
	High
	High
	High
	High
	High

	Browning et al (2019) [65]
	Low
	Low
	Low
	High
	High

	Bussu et al (2018) [66]
	Low
	Low
	Low
	High
	High

	Cannon et al (2008) [67]
	Low
	High
	Low
	High
	High

	Cannon et al (2016) [68]
	Low
	Low
	Low
	Low
	Low

	Carrión et al (2013) [69] {1}
	Low
	Low
	Low
	High
	High

	Carrión et al (2013) [69] {2}
	Low
	Low
	Low
	High
	High

	Carter et al (2002) [70]
	High
	Low
	Low
	High
	High

	Cattelani et al (2019) [71] {1}
	Low
	Low
	Low
	Unclear
	Unclear

	Cattelani et al (2019) [71] {2}
	Low
	Low
	Low
	Unclear
	Unclear

	Cattelani et al (2019) [71] {3}
	Low
	Low
	Low
	Unclear
	Unclear

	Caye et al (2020) [72]
	Low
	Low
	Low
	Low
	Low

	Cearns et al (2019) [73]
	Low
	Low
	Low
	High
	High

	Cepeda et al (2018) [74]
	Low
	Low
	Low
	High
	High

	Chang et al (2006) [75] {1}
	Low
	Low
	Low
	High
	High

	Chang et al (2006) [75] {2}
	Low
	Low
	Low
	High
	High

	Chekroud et al (2016) [76]
	Low
	Low
	Low
	High
	High

	Chekroud et al (2018) [77]
	Low
	High
	High
	Unclear
	High

	Cho et al (2019) [78] {1}
	Low
	Unclear
	High
	High
	High

	Cho et al (2019) [78] {2}
	Low
	Unclear
	High
	High
	High

	Cho et al (2019) [78] {3}
	Low
	Unclear
	High
	High
	High

	Cho et al (2019) [78] {4}
	Low
	Unclear
	High
	High
	High

	Choi et al (2018) [79]
	Low
	Unclear
	Unclear
	Unclear
	Unclear

	Chondros et al (2018) [80]
	Low
	Low
	Low
	High
	High

	Christensen et al (2009) [81]
	Low
	Low
	Low
	High
	High

	Chua et al (2019) [82]
	High
	Unclear
	Low
	High
	High

	Chung et al (2019) [83]
	Low
	Low
	Low
	High
	High

	Ciarleglio et al (2019) [84]
	Low
	Low
	Low
	High
	High

	Clark et al (2016) [85]
	Low
	Low
	Low
	High
	High

	Connor et al (2007) [86] {1}
	Low
	Low
	Low
	High
	High

	Connor et al (2007) [86] {2}
	Low
	Low
	Low
	High
	High

	Corcoran et al (2018) [87]
	Low
	Unclear
	Low
	High
	High

	Cornblatt et al (2015) [88]
	High
	Low
	Low
	High
	High

	Crippa et al (2017) [89]
	High
	Unclear
	Low
	High
	High

	Davidson et al (1999) [90]
	Low
	Low
	Low
	High
	High

	Study
	Domain

	
	Participants
	Predictors
	Outcome
	Analysis
	Overall

	de Man-van Ginkel et al (2013) [91]
	Low
	Low
	Low
	High
	High

	Delgadillo et al (2017) [92] {1}
	Low
	Low
	Low
	High
	High

	Delgadillo et al (2017) [92] {2}
	Low
	Low
	Low
	High
	High

	Delgadillo et al (2020) [93] {1}
	Low
	Low
	Low
	Unclear
	Unclear

	Delgadillo et al (2020) [93] {2}
	Low
	Low
	Low
	High
	High

	Demetriou et al (2020) [94] {1}
	High
	Unclear
	Unclear
	High
	High

	Demetriou et al (2020) [94] {2}
	High
	Unclear
	Unclear
	High
	High

	Demetriou et al (2020) [94] {3}
	High
	Unclear
	Unclear
	High
	High

	Demetriou et al (2020) [94] {4}
	High
	Unclear
	Unclear
	High
	High

	Dennis et al (2004) [95]
	Low
	Low
	Low
	High
	High

	Denys et al (2003) [96]
	Low
	Low
	Low
	High
	High

	Dinga et al (2018) [97]
	Low
	Low
	Low
	High
	High

	Dipnall et al (2017) [98]
	Low
	Low
	Low
	High
	High

	Edgcomb et al (2019) [99]
	Low
	Low
	Low
	High
	High

	Fazel et al (2017) [100]
	Low
	Low
	Low
	Low
	Low

	Fazel et al (2019) [101]
	Low
	Low
	Low
	Low
	Low

	Flygare et al (2020) [102] {1}
	Low
	Low
	Low
	High
	High

	Flygare et al (2020) [102] {2}
	Low
	Low
	Low
	High
	High

	Flygare et al (2020) [102] {3}
	Low
	Low
	Low
	High
	High

	Flygare et al (2020) [102] {4}
	Low
	Low
	Low
	High
	High

	Fond et al (2019) [103]
	Low
	Low
	Low
	High
	High

	Francesconi et al (2017) [104]
	Low
	Low
	Low
	High
	High

	Furukawa et al (2019) [105] {1}
	Low
	Low
	Low
	High
	High

	Furukawa et al (2019) [105] {2}
	Low
	Low
	Low
	High
	High

	Fusar-Poli et al (2016) [106]
	Low
	Low
	Low
	High
	High

	Fusar-Poli et al (2017) [107]
	Low
	Low
	Low
	Unclear
	Unclear

	Fusar-Poli, Davies, et al (2019) [108]
	Low
	Low
	Low
	Unclear
	Unclear

	Galatzer-Levy et al (2014) [109]
	Low
	Low
	Low
	High
	High

	Galatzer-Levy et al (2017) [110]
	Low
	Low
	Low
	High
	High

	Gan et al (2011) [111] {1}
	Low
	Low
	Low
	High
	High

	Gan et al (2011) [111] {2}
	Low
	Low
	Low
	High
	High

	Gan et al (2011) [111] {3}
	Low
	Low
	Low
	High
	High

	Ge, Jiang, et al (2020) [112]
	Low
	Low
	Low
	High
	High

	Ge, Li, et al (2020) [113]
	Low
	Low
	Low
	High
	High

	Gilman et al (2012) [114]
	Low
	Low
	Low
	High
	High

	Gonzalez-Gutierrez et al (2016) [115]
	Low
	Low
	Low
	High
	High

	Gu et al (2020) [116]
	Low
	High
	Low
	High
	High

	Hafeman et al (2017) [117]
	Low
	Low
	Low
	High
	High

	Haidl et al (2018) [118]
	Low
	Low
	Low
	High
	High

	Han, Fang, et al (2020) [119]
	High
	Unclear
	Unclear
	High
	High

	Han, Lee, et al (2020)[120]
	Low
	Low
	Unclear
	High
	High

	Han, Tomasik, et al (2020) [121]
	High
	High
	Unclear
	High
	High

	Hariman et al (2020) [122]
	Low
	Low
	Low
	High
	High

	Harrington et al (2019) [123]
	Low
	Low
	Low
	High
	High

	Hatton et al (2019) [124]
	Low
	Low
	Low
	High
	High

	Haynos et al (2020) [125] {1}
	Low
	Low
	Low
	High
	High

	Haynos et al (2020) [125] {2}
	Low
	Low
	Low
	High
	High

	Hengartner et al (2017) [126]
	High
	Low
	Low
	High
	High

	Hettige et al (2017) [127]
	High
	Low
	Low
	High
	High

	Higginson and Priest (1996) [128]
	Low
	Low
	Unclear
	High
	High

	Hilbert et al (2020) [129]
	Low
	High
	Low
	High
	High

	Hirschfeld et al (1998) [130]
	Low
	Low
	Low
	High
	High

	Hoogendoorn et al (2017) [131]
	Low
	High
	Low
	High
	High

	Huang et al (2010) [132]
	Low
	High
	Low
	High
	High

	Huang et al (2014) [133] {1}
	Low
	Low
	Low
	High
	High

	Huang et al (2014) [133] {2}
	Low
	Low
	Low
	High
	High

	Huang et al (2014) [133] {3}
	Low
	Low
	Low
	High
	High

	Huang et al (2014) [133] {4}
	Low
	Low
	Low
	High
	High

	Hughes et al (2020)[134] 
	Low
	Low
	Unclear
	High
	High

	Iniesta et al (2016) [135] {1}
	Low
	Low
	Low
	High
	High

	Iniesta et al (2016) [135] {2}
	Low
	Low
	Low
	High
	High

	Iniesta et al (2016) [135] {3}
	Low
	Low
	Low
	High
	High

	Ising et al (2016) [136]
	Low
	Low
	Low
	High
	High

	Jimenez-Serrano et al (2015) [137]
	Low
	Low
	Low
	High
	High

	Jin, Wu, and Di Capua (2015) [138]
	Low
	Low
	Unclear
	High
	High

	Jin, Wu, Vidyanti, et al (2015) [139] {1}
	Low
	Low
	Low
	High
	High

	Jin, Wu, Vidyanti, et al (2015) [139] {2}
	Low
	Low
	Low
	High
	High

	Jin, Wu, Vidyanti, et al (2015) [139] {3}
	Low
	Low
	Low
	High
	High

	Jing et al (2020) [140]
	Low
	Low
	Low
	High
	High

	Study
	Domain

	
	Participants
	Predictors
	Outcome
	Analysis
	Overall

	Kajiwara et al (2016) [141]
	Low
	Low
	Low
	High
	High

	Karstoft, Galatzer-Levy et al (2015) [142]
	Low
	Low
	High
	Unclear
	High

	Karstoft, Statnikov et al (2015) [143] {1}
	Low
	Low
	High
	High
	High

	Karstoft, Statnikov et al (2015) [143] {2}
	Low
	Unclear
	High
	High 
	High

	Kautzky et al (2017) [144] {1}
	Low
	Low
	Low
	High
	High

	Kautzky et al (2017) [144] {2}
	Low
	Low
	Low
	High
	High

	Kautzky et al (2018) [145]
	Low
	High
	Low
	High
	High

	Kautzky et al (2019) [146]
	Low
	Low
	Low
	High
	High

	Kendler et al (2019) [147]
	Low
	Low
	Low
	High
	High

	Kessler et al (2014) [148]
	Low
	High
	Low
	Unclear
	High

	Kessler et al (2015) [149]
	Low
	Low
	Low
	High
	High

	Kessler et al (2016) [150] {1}
	Low
	High
	High
	High
	High

	Kessler et al (2016) [150] {2}
	Low
	High
	High
	High
	High

	Kessler et al (2016) [150] {3}
	Low
	High
	High
	High
	High

	Kessler et al (2016) [150] {4}
	Low
	High
	High
	High
	High

	Kessler et al (2016) [150] {5}
	Low
	High
	High
	High
	High

	Kim et al (2015) [151]
	Low
	Low
	Low
	High
	High

	Kim et al (2019) [152]
	High
	Low
	Low
	High
	High

	King et al (2008) [153]
	Low
	Low
	Low
	High
	High

	King, Bottomley, et al (2011) [154] {1}
	Low
	Low
	Low
	High
	High

	King, Bottomley, et al (2011) [154] {2}
	Low
	Low
	Low
	High
	High

	King, Bottomley, et al (2011) [154] {3}
	Low
	Low
	Low
	High
	High

	King, Marston, et al (2011) [155]
	Low
	Low
	Low
	High
	High

	Kirchebner et al (2020) [156] {1}
	Low
	Low
	Low
	High
	High

	Kirchebner et al (2020) [156] {2}
	Low
	Low
	Low
	High
	High

	Klein et al (2018) [157]
	Low
	Low
	Low
	High
	High

	Kotlicka-Antczak et al (2019) [158]
	Low
	Low
	Low
	Low
	Low

	Koutsouleris et al (2012) [159]
	High
	Low
	Low
	High
	High

	Koutsouleris et al (2016) [160] {1}
	Low
	Low
	Low
	High
	High

	Koutsouleris et al (2016) [160] {2}
	Low
	Low
	Low
	High
	High

	Koutsouleris et al (2018) [161] {1}
	High
	Low
	Low
	Unclear
	High

	Koutsouleris et al (2018) [161] {2}
	High
	Low
	Low
	Unclear
	High

	Koutsouleris et al (2018) [161] {3}
	High
	Low
	Low
	Unclear
	High

	Koutsouleris et al (2018) [161] {4}
	High
	Low
	Low
	Unclear
	High

	Kwakernaak et al (2020) [162] {1}
	Low
	Low
	Low
	High
	High

	Kwakernaak et al (2020) [162] {2}
	Low
	Low
	Low
	High
	High

	Leightley et al (2019) [163]
	Low
	Low
	Low
	High
	High

	Leighton, Krishnadas, et al (2019) [164] {1}
	Low
	Low
	Low
	High
	High

	Leighton, Krishnadas, et al (2019) [164] {2}
	Low
	Low
	Low
	High
	High

	Leighton, Krishnadas, et al (2019) [164] {3}
	Low
	Low
	Low
	High
	High

	Leighton, Upthegrove, et al (2019) [165] {1}
	Low
	Low
	Low
	High
	High

	Leighton, Upthegrove, et al (2019) [165] {2}
	Low
	Low
	Low
	High
	High

	Leighton, Upthegrove, et al (2019) [165] {3}
	Low
	Low
	Low
	High
	High

	Leighton, Upthegrove, et al (2019) [165] {4}
	Low
	Low
	Low
	High
	High

	Lencz et al (2006) [166]
	Low
	Low
	Low
	High
	High

	Lenhard et al (2018) [167]
	Low
	Low
	Low
	High
	High

	Lerthattasilp et al (2020) [168]
	High
	Low
	Low
	High
	High

	Levin et al (2005) [169]
	Low
	Low
	Low
	High
	High

	Lewis et al (2019) [170]
	Low
	Low
	Low
	High
	High

	Librenza-Garcia et al (2020) [171] {1}
	Low
	Low
	Low
	High
	High

	Librenza-Garcia et al (2020) [171] {2}
	Low
	Low
	Low
	High
	High

	Librenza-Garcia et al (2020) [171] {3}
	Low
	Low
	Low
	High
	High

	Lin et al (2007) [172]
	Low
	Low
	Low
	High
	High

	Lin et al (2011) [173]
	Low
	Low
	Low
	High
	High

	Lin et al (2012) [174]
	Low
	Low
	Low
	High
	High

	Lin et al (2018) [175] {1}
	Low
	Unclear
	Low
	High
	High

	Lin et al (2018) [175] {2}
	Low
	Unclear
	Low
	High
	High

	Liu et al (2015) [176]
	Low
	Low
	Low
	High
	High

	Liu et al (2017) [177]
	Low
	Low
	Low
	High
	High

	Lorenzo-Luaces et al (2017) [178]
	Low
	Low
	Low
	Unclear
	Unclear

	Lorimer et al (2021) [179]
	Low
	Low
	Low
	High
	High

	Maarsingh et al (2011) [180]
	Low
	Low
	Low
	High
	High

	Maarsingh et al (2018) [181]
	Low
	Low
	Low
	High
	High

	Mak et al (2011) [182]
	High
	High
	Low
	High
	High

	Mason et al (2004) [183]
	Low
	Low
	Low
	High
	High

	Mechelli et al (2017) [184] {1}
	Low
	Low
	Low
	High
	High

	Mechelli et al (2017) [184] {2}
	Low
	Low
	Low
	High
	High

	Meehan et al (2020) [185] {1}
	Low
	Low
	Low
	High
	High

	Meehan et al (2020) [185] {2}
	Low
	Low
	Low
	High
	High

	Study
	Domain

	
	Participants
	Predictors
	Outcome
	Analysis
	Overall

	Meehan et al (2020) [185] {3}
	Low
	Low
	Low
	High
	High

	Morel et al (2020) [186]
	Low
	Low
	Low
	High
	High

	Morrow et al (2020) [187]
	Low
	Unclear
	Unclear
	High
	High

	Na, Cho, et al (2020) [188]
	Low
	Low
	Low
	High
	High

	Na, Geem, et al (2020) [189]
	Low
	Low
	High
	High
	High

	Nelson et al (2012) [190]
	Low
	High
	Low
	High
	High

	Nelson et al (2013) [191]
	Low
	Low
	Low
	High
	High

	Nichols et al (2018) [192] {1}
	Low
	Low
	Low
	High
	High

	Nichols et al (2018) [192] {2}
	Low
	Low
	Low
	High
	High

	Nichols et al (2018) [192] {3}
	Low
	Low
	Low
	High
	High

	Nichols et al (2018) [192] {4}
	Low
	Low
	Low
	High
	High

	Nie et al (2018) [193]
	Low
	Low
	Low
	High
	High

	Nieman et al (2014) [194]
	Low
	Low
	Low
	High
	High

	Niemann et al (2020) [195]
	Low
	Low
	Low
	High
	High

	Nyberg et al (2016) [196]
	Low
	Low
	Low
	High
	High

	Oh et al (2017) [197] {1}
	Low
	High
	Unclear
	High
	High

	Oh et al (2017) [197] {2}
	Low
	High
	Unclear
	High
	High

	Oh et al (2017) [197] {3}
	Low
	High
	Unclear
	High
	High

	Oh et al (2019) [198] {1}
	Low
	Unclear
	Low
	High
	High

	Oh et al (2019) [198] {2}
	Low
	Unclear
	Low
	High
	High

	Okamoto and Harasawa (2011) [199]
	Low
	Low
	Low
	High
	High

	Papini et al (2018) [200]
	Low
	Low
	Low
	High
	High

	Parikh et al (2019) [201]
	High
	Unclear
	Unclear
	High
	High

	Passos et al (2016) [202]
	Low
	High
	High
	High
	High

	Perez Arribas et al (2018) [203] {1}
	High
	Low
	Low
	High
	High

	Perez Arribas et al (2018) [203] {2}
	High
	Low
	Low
	High
	High

	Perlis (2013) [204]
	Low
	Low
	Low
	High
	High

	Pradier et al (2021) [205]
	Low
	Low
	Low
	High
	High

	Rabelo-da-Ponte et al (2020) [206]
	Low
	Low
	Low
	High
	High

	Raket et al (2020) [207]
	High
	Low
	Low
	High
	High

	Reps et al (2020) [208]
	Low
	Low
	Low
	High
	High

	Rezaii et al (2019) [209]
	Low
	High
	Low
	High
	High

	Riecher-Rössler et al (2009) [210]
	Low
	Low
	Low
	Unclear
	Unclear

	Rocha et al (2021) [211]
	Low
	Low
	Low
	High
	High

	Roglio et al (2020) [212] {1}
	Low
	Low
	High
	High
	High

	Roglio et al (2020) [212] {2}
	Low
	Low
	High
	High
	High

	Rosellini, Dussaillant, et al (2018) [213]
	Low
	Low
	Low
	Unclear
	Unclear

	Rosellini, Stein, et al (2018) [214] {1}
	Low
	Low
	Low
	High
	High

	Rosellini, Stein, et al (2018) [214] {2}
	Low
	Low
	Low
	High
	High

	Rosellini et al (2020) [215] {1}
	Low
	Low
	Low
	High
	High

	Rosellini et al (2020) [215] {2}
	Low
	Low
	Low
	High
	High

	Rosellini et al (2020) [215] {3}
	Low
	Low
	Low
	High
	High

	Rosellini et al (2020) [215] {4}
	Low
	Low
	Low
	High
	High

	Rosellini et al (2020) [215] {5}
	Low
	Low
	Low
	High
	High

	Ruhrmann et al (2010) [216]
	Low
	Low
	Low
	High
	High

	Russo et al (2013) [217] {1}
	Low
	Low
	Low
	High
	High

	Russo et al (2013) [217] {2}
	Low
	Low
	Low
	High
	High

	Russo et al (2013) [217] {3}
	Low
	Low
	Low
	High
	High

	Russo et al (2013) [217] {4}
	Low
	Low
	Low
	High
	High

	Sau and Bhakta (2017a) [218]
	Low
	Low
	Low
	High
	High

	Sau and Bhakta (2017b) [219]
	Low
	Unclear
	Low
	High
	High

	Saxe et al (2017) [220]
	Low
	Low
	Low
	High
	High

	Schepers et al (2009) [221] {1}
	Low
	Low
	Low
	High
	High

	Schepers et al (2009) [221] {2}
	Low
	Low
	Low
	High
	High

	Schultebraucks, Qian, et al (2020) [222] {1}
	Low
	High
	Low
	High
	High

	Schultebraucks, Qian, et al (2020) [222] {2}
	Low
	High
	Low
	High
	High

	Schultebraucks, Shalev, et al (2020) [223] {1}
	Low
	Low
	Low
	High
	High

	Schultebraucks, Shalev, et al (2020) [223] {2}
	Low
	Low
	Low
	High
	High

	Serretti et al (2007) [224]
	Low
	Low
	Low
	High
	High

	Setyawan et al (2015) [225]
	Low
	Low
	Low
	High
	High

	Shalev et al (2019) [226]
	Low
	Low
	Low
	High
	High

	Silveira Jr et al (2020) [227]
	High
	High
	Unclear
	High
	High

	Silverstein et al (2016) [228]
	Low
	Low
	High
	High
	High

	Simon et al (2018) [229] {1}
	Low
	Low
	Low
	High
	High

	Simon et al (2018) [229] {2}
	Low
	Low
	Low
	High
	High

	Simon et al (2018) [229] {3}
	Low
	Low
	Low
	High
	High

	Simon et al (2018) [229] {4}
	Low
	Low
	Low
	High
	High

	Slobodin et al (2020) [230]
	Low
	Unclear
	Low
	High
	High

	Studerus et al (2020) [231]
	Low
	Low
	Low
	High
	High

	Study
	Domain

	
	Participants
	Predictors
	Outcome
	Analysis
	Overall

	Thompson et al (2011) [232]
	Low
	Low
	Low
	High
	High

	Tondo et al (2014) [233]
	Low
	Low
	Low
	High
	High

	Tulloch et al (2016) [234]
	Low
	Low
	Low
	High
	High

	Usta et al (2019) [235]
	Low
	Low
	Low
	High
	High

	van Breda et al (2018) [236] {1}
	Low
	Low
	Low
	High
	High

	van Breda et al (2018) [236] {2}
	Low
	Low
	Low
	High
	High

	van der Aa et al (2016) [237]
	Low
	Unclear
	Low
	Unclear
	Unclear

	van Heumen et al (2018) [238]
	Low
	Low
	Low
	High
	High

	van Loo et al (2015) [239] 
	Low
	Low
	Low
	High
	High

	van Loo et al (2018) [240] {1}
	Low
	Low
	Low
	High
	High

	van Loo et al (2018) [240] {2}
	Low
	Low
	Low
	High
	High

	van Loo et al (2018) [240] {3}
	Low
	Low
	Low
	High
	High

	van Voorhees et al (2008) [241]
	Low
	Low
	Low
	High
	High

	Vöhringer et al (2013) [242]
	Low
	Low
	High
	High
	High

	Vöhringer et al (2016) [243] {1}
	Low
	Low
	Low
	High
	High

	Vöhringer et al (2016) [243] {2}
	Low
	Low
	Low
	High
	High

	Vöhringer et al (2016) [243] {3}
	Low
	Low
	Low
	High
	High

	Wang et al (2013) [244] {1}
	Low
	Low
	Low
	High
	High

	Wang et al (2013) [244] {2}
	Low
	Low
	Low
	High
	High

	Wang, Patten, et al (2014) [245]
	Low
	Low
	Low
	High
	High

	Wang, Sareen, et al (2014) [246]
	Low
	Low
	Low
	High
	High

	Wang et al (2019) [247]
	Low
	Low
	Low
	High
	High

	Wang et al (2020) [248]
	Low
	Low
	High
	High
	High

	Wolf et al (2018) [249] {1}
	Low
	Low
	Low
	High
	High

	Wolf et al (2018) [249] {2}
	Low
	Low
	Low
	High
	High

	Wshah et al (2019) [250]
	Low
	Low
	Low
	Unclear
	Unclear

	Wu et al (2016) [251]
	High
	Unclear
	Low
	High
	High

	Xu et al (2019) [252]
	High
	Low
	Low
	Unclear
	High

	Yung et al (2003) [253]
	Low
	Low
	Low
	High
	High

	Yung et al (2004) [254]
	Low
	Low
	Low
	High
	High

	Zhang, Xu, Tang, et al (2019) [255]
	High
	Low
	Low
	High
	High

	Zhang, Xu, Li, et al (2019) [256] 
	High
	Low
	Low
	High
	High

	Zhang et al (2020) [257]
	Low
	Low
	Low
	High
	High

	Ziermans et al (2014) [258]
	Low
	Low
	Low
	High
	High

	Zuithoff et al (2009) [259]
	Low
	Low
	Low
	High
	High

	MODEL VALIDATION ANALYSES

	Addington et al (2010) [42] {1}
	Low
	Low
	Low
	High
	High

	Addington et al (2010) [42] {2} 
	Low
	Low
	Low
	High
	High

	Addington et al (2010) [42] {3}
	Low
	Low
	Low
	High
	High

	Bares et al (2017) [50]
	Unclear
	Unclear
	Unclear
	High
	High

	Bellón et al (2011) [54]
	Low
	Low
	Low
	High
	High

	Birmaher et al (2018) [55]
	Low
	Low
	Low
	High
	High

	Boscarino et al (2011) [63]
	Low
	Unclear
	Unclear
	High
	High

	Brathwaite et al (2020) [260]
(note: validation of Rocha et al, 2021 [211])
	High
	High
	Low
	High
	High

	Browning et al (2019) [65]
	Low
	Low
	Low
	High
	High

	Carrión et al (2016) [261]
(note: validation of Cannon et al, 2008 [68])
	Low
	Low
	Low
	High
	High

	Cattelani et al (2018) [71]
(note: validation of Okamato & Harasawa, 2011 [199])
	Low
	Low
	Low
	Unclear
	Unclear

	Caye et al (2020) [72]
	Low
	Low
	Low
	Low
	Low

	Cepeda et al (2018) [74]
	Low
	Low
	Low
	Unclear
	Unclear

	Chekroud et al (2016) [76]
	Low
	Low
	Low
	High
	High

	Chekroud et al (2018) [77]
	Low
	High
	High
	Unclear
	High

	Corcoran et al (2018) [87]
	Low
	Unclear
	Low
	High
	High

	Fazel et al (2017) [100]
	Low
	Low
	Low
	Low
	Low

	Fazel et al (2019) [101]
	Low
	Low
	Low
	Unclear
	Unclear

	Furukawa et al (2019) [105] {1}
	Low
	Low
	Low
	Low
	Low

	Furukawa et al (2019) [105] {2}
	Low
	Low
	Low
	Low
	Low

	Fusar-Poli et al (2016) [106]
	Low
	Low
	Low
	High
	High

	Fusar-Poli et al (2017) [107]
	Low
	Low
	Low
	Unclear
	Unclear

	Fusar-Poli, Davies, et al (2019) [108]
	Low
	Low
	Low
	Unclear
	Unclear

	Fusar-Poli, Werbeloff, et al (2019) [262]
(note: validation of Fusar-Poli et al, 2017 [107])
	Low
	Low
	Low
	Unclear
	Unclear

	Haidl et al (2018) [118]
(note: validation of Ruhrmann et al, 2010 [216])
	Low
	Low
	Low
	High
	High

	Hughes et al (2020) [134]
	Low
	Low
	Unclear
	High
	High

	Kautzky et al (2019) [146]
	Low
	Low
	Low
	High
	High

	King et al (2008) [153]
	Low
	Low
	Low
	High
	High

	King, Bottomley, et al (2011) [154] {1}
	Low
	Low
	Low
	High
	High

	Study
	Domain

	
	Participants
	Predictors
	Outcome
	Analysis
	Overall

	King, Marston, et al (2011) [155])
	Low
	Low
	Low
	High
	High

	King et al (2013) [263]
(note: validation of King et al, 2008 [153])
	Low
	Low
	Low
	High
	High

	Klein et al (2018) [157]
	Low
	Low
	Low
	Unclear
	Unclear

	Koutsouleris et al (2016) [160] {1}
	Low
	Low
	Low
	High
	High

	Leighton, Krishnadas, et al (2019) [164] {1}
	Low
	Low
	Low
	High
	High

	Leighton, Krishnadas, et al (2019) [164] {2}
	Low
	Low
	Low
	High
	High

	Leighton, Krishnadas, et al (2019) [164] {3}
	Low
	Low
	Low
	High
	High

	Leighton, Upthegrove, et al (2019) [165] {1}
	Low
	Low
	Low
	High
	High

	Leighton, Upthegrove, et al (2019) [165] {2}
	Low
	Low
	Low
	High
	High

	Leighton, Upthegrove, et al (2019) [165] {3}
	Low
	Low
	Low
	High
	High

	Leighton, Upthegrove, et al (2019) [165] {4}
	Low
	Low
	Low
	High
	High

	Liu et al (2015) [176]
	Low
	Low
	Low
	Unclear
	Unclear

	Maarsingh et al (2018) [181]
	Low
	Low
	Low
	High
	High

	Morrow et al (2020) [187]
	Low
	Low
	Low
	Unclear
	Unclear

	Negatsch et al (2019) [264]
(note: validation of Fazel et al, 2017 [100])
	Low
	High
	Unclear
	High
	High

	Nie et al (2018) [193]
	Low
	Low
	Low
	High
	High

	Nigatu, Liu, and Wang (2016) [265]
(note: validation of King et al, 2008 [153])
	Low
	Low
	Low
	High
	High

	Nigatu and Wang (2019) [266]
(note: validation of King et al, 2011 [154] {1})
	Low
	Low
	Low
	High
	High

	Oh et al (2019) [198] {1}
	Low
	Unclear
	Low
	High
	High

	Osborne and Mittal (2019) [267]
(note: validation of Cannon et al, 2008 [68])
	High
	Low
	Low
	High
	High

	Osborne and Mittal (2019) [267]
(note: validation of Zhang, Xu, Tiang et al, 2019 [255])
	High
	Low
	Low
	High
	High

	Pradier et al (2021) [205]
	Low
	Low
	Low
	Unclear
	Unclear

	Raket et al (2020) [207]
	Low
	Low
	Low
	Unclear
	Unclear

	Reps et al (2020) [208]
	Low
	Low
	Low
	High
	High

	Rezaii et al (2019) [209]
	Low
	High
	Low
	High
	High

	Rocha et al (2021) [211]
	Low
	Low
	Low
	Low
	Low

	Russo et al (2013) [217]
	Low
	Low
	Low
	High
	High

	Sau and Bhakta (2017b) [219]
	Low
	Unclear
	Unclear
	High
	High

	Schultebraucks, Shalev, et al (2020) [223] {1}
	Low
	Low
	Low
	High
	High

	Schultebraucks, Shalev, et al (2020) [223] {2}
	Low
	Low
	Low
	High
	High

	Thompson et al (2011) [232]
(note: validation of Cannon et al, 2008 [68])
	Low
	Low
	Low
	High
	High

	van der Aa et al (2016) [237]
	Low
	Low
	Low
	High
	High

	van Loo et al (2015) [239]
	Low
	Low
	Low
	High
	High

	van Loo et al (2018) [240] {2}
	Low
	Low
	Low
	Unclear
	Unclear

	van Loo et al (2018) [240] {3}
	Low
	Low
	Low
	Unclear
	Unclear

	Wang et al (2013) [244] {1}
	Low
	Low
	Low
	Unclear
	Unclear

	Wang et al (2013) [244] {2}
	Low
	Low
	Low
	Unclear
	Unclear

	Wang, Patten, et al (2014) [245]
	Low
	Low
	Low
	Unclear
	Unclear

	Wang, Sareen, et al (2014) [246]
	Low
	Low
	Low
	Unclear
	Unclear

	Zhang, Xu, Tang, et al (2019) [255]
	High
	Low
	Low
	High
	High

	Zhang, Xu, Li, et al (2019) [256]
	High
	Low
	Low
	High
	High



Low = low risk of bias; Unclear = unclear risk of bias; High = high risk of bias.

PROBAST items presented in Appendix 4. In brief, a domain was only considered ‘low risk’ when all constituent items were rated accordingly, while the presence of at least one item indicating bias risk resulted in a high risk of bias rating for the entire domain. Similarly, a low risk of bias rating for the study as a whole was only ascribed where all four domain (participants, predictors, outcomes, analysis) were rated low risk, with a high rating on any one domain dictating a high overall risk of bias rating. Full item descriptions and rating guidelines are available elsewhere [36,37].
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